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Abstract
Background  The use of generative artificial intelligence (GenAI) is rapidly expanding across medical and allied health 
education. However, structured and curriculum-integrated training to prepare future healthcare professionals remains 
limited. This study examined the adoption, self-reported knowledge, and perceptions of GenAI among faculty and 
students in a U.S. higher education institution.

Methods  We conducted a cross-sectional study using a self-administered online questionnaire to assess GenAI 
knowledge, adoption, use, benefits, and challenges among faculty and students in a public Minority Serving 
Institution in California. Using a convenience sampling technique, data were collected with Qualtrics from January – 
March 2025 and analysed with IBM SPSS Statistics version 31.

Results  A total of 559 complete responses were analysed (faculty: 19.3%; students: 78.5%). Overall, 83.2% of 
respondents reported having used GenAI, including 91.1% of faculty and 81.4% of students, with no statistically 
significant difference by role (p = .12). Only 7.9% had received formal training in GenAI, while 29.1% reported having 
conducted substantial independent research on GenAI (faculty: 48.5%; students: 24.3%). Nearly half of participants 
(48.7%) perceived GenAI as beneficial for learning, teaching, and research (p = .002). Additionally, 47.4% believed 
GenAI is currently essential, and 70.8% anticipated it will become essential in the future, with significant more faculty 
respondents asserting the importance of AI (p < .001 and p = .009, respectively). Most respondents relied on free 
GenAI tools (90.6%), and among users of paid tools, 66.3% paid out of pocket. Participants primarily sourced GenAI 
information from the internet (77.3%), reported substantial concerns (70.3%), and experienced multiple challenges in 
GenAI use (84.7%).

Conclusions  GenAI use among faculty and students is widespread, but formal training and institutional support 
remain limited. These findings underscore the need for coordinated, campus-wide GenAI training, governance, and 

Generative artificial intelligence adoption 
and use in teaching and training healthcare 
professionals in higher education in the 
United States: a cross-sectional study
Obinna O. Oleribe1,2* , Parichart Sabado1, Kazi T. Begum3, Matt G. Mutchler1, Benedetto Piccoli3,  
Andrew W. Taylor-Robinson4,5,6 , Christopher Denaro3, Ricardo Izurieta1  and Simon D. Taylor-Robinson7*

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s12909-026-09291-8
http://orcid.org/0000-0002-9017-894X
http://orcid.org/0000-0001-7342-8348
http://orcid.org/0000-0003-1256-5896
http://orcid.org/0000-0002-8811-1834
http://crossmark.crossref.org/dialog/?doi=10.1186/s12909-026-09291-8&domain=pdf&date_stamp=2026-4-24


Page 2 of 13Oleribe et al. BMC Medical Education          (2026) 26:932 

Background
Generative artificial intelligence (GenAI) is rapidly trans-
forming healthcare delivery, administration, and edu-
cation, offering substantial opportunities to improve 
clinical outcomes, optimize operational efficiency, and 
personalize learning and care experiences. Across the 
healthcare continuum, from the education and training 
of future health professionals to patient management, 
clinical decision support, and health data analysis, GenAI 
tools and technologies are reshaping how knowledge is 
generated, applied, and disseminated. Within higher edu-
cation, GenAI is increasingly being integrated to enhance 
student learning, accelerate research workflows, stream-
line administrative processes, and deliver personalized 
academic support to faculty and students [1, 2]. As adop-
tion expands, GenAI is redefining how educators, insti-
tutional leaders, and learners engage with information, 
support decision-making, and deliver educational and 
health-related services, underscoring its growing influ-
ence on academic practice and healthcare workforce 
development [3–8].

GenAI is supporting university students and faculty in 
(1) analysing individual learning patterns to tailor educa-
tional content, ensuring that students receive instruction 
suited to their unique needs and pace of learning [3]; (2) 
evaluating assignments and provides immediate, con-
structive feedback allowing educators to focus more on 
interactive teaching [4]; (3) scheduling, resource alloca-
tion, and monitoring student progress, thereby reducing 
the administrative burden on educational institutions [5]; 
(4) providing enhanced support for students with disabil-
ities and multilingual learners [6]; (5) promoting inclu-
sivity in education making learning more engaging while 
fostering a deeper connection between students and their 
study materials [7]; and (6) supporting students learning, 
brainstorming, idea generation, research, feedback, time 
management, and report development [8–11].

Upon graduation, individuals may work in health-
care settings that leverage GenAI to improve patient 
outcomes, influence how clinicians accurately interpret 
images and make diagnoses, enhance workflow and staff 
scheduling, and reduce medical errors in healthcare sys-
tems, while also enabling patients to access and process 
their data to promote health [1, 12]. Despite the benefits 
of GenAI, its adoption and use in learning, teaching, and 
research face multiple challenges. These include halluci-
nations, transparency, data ownership, and the appropri-
ate and responsible use of GenAI, as well as resistance 

to its adoption from some faculty and students [13, 14]. 
Additionally, there are disparities in access to quality 
GenAI products, concerns about job loss, issues with 
data privacy and security, data quality and preprocess-
ing, model interpretability, bias in data/algorithms, user 
interface, acceptability, user engagement, and fear of 
obsolescence [13–15]. Although several types of GenAI 
are already in use at various levels, educators and stu-
dents face challenges in adopting GenAI due to limited 
access, inadequate technical training, and multiple infra-
structure constraints [16–18]. To facilitate AI adoption 
and use by students post-college, there is a need to intro-
duce them to AI early and educate them on responsible 
and appropriate use of AI in school and outside college. 
This is why it is important to investigate its adoption and 
integration into education.

This study examined levels of GenAI adoption and use, 
and self-reported knowledge among faculty and students 
at a large urban minority-serving institution, as cur-
rent evidence is beginning to highlight the expanding AI 
divide between the haves and the have-nots and multiple 
user groups [19]. We intentionally studied an institution 
with a Hispanic, Black, and Minority-serving status that 
provided a diverse demographic frequently overlooked 
in innovation diffusion research to see if they would have 
widely different perspectives towards GenAI, as well as 
provide tailored evidence for AI policy development and 
implementation. By centering our study on this popula-
tion, we sought to address the systemic underrepresen-
tation of minority-serving environments in the existing 
literature.

Methods
Study design
We conducted an online cross-sectional study in accor-
dance with the Strengthening the Reporting of Obser-
vational Studies in Epidemiology (STROBE) guidelines 
for cross-sectional studies to examine knowledge, adop-
tion, and use of generative artificial intelligence (GenAI) 
among faculty and students in higher education [20, 21].

Setting and study population
The study was conducted within a Minority, Black, His-
panic Serving Institution in California. We targeted fac-
ulty members and enrolled students. Eligible participants 
were individuals aged 18 years or older who were actively 
engaged in teaching, learning, or academic activities 

policy frameworks to promote ethical, effective, and equitable integration of GenAI into healthcare education and 
workforce preparation.
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during the study period. Participation was voluntary, and 
no restrictions were placed on academic discipline or 
level.

California State University, Dominguez Hills (CSUDH) 
is a minority-serving public institution (MSI) with a 
68.2% Hispanic/Latino and 12.2% Black/African Ameri-
can population [22]. Over 80% of the students at CSUDH 
are from underserved communities, 44.5% are first-gen-
eration scholars, and 60.3% are eligible for the US Federal 
Pell Grant, a program that is designed to assist students 
from low-income households. In addition, 40.7% are 
both first generation and underserved, while 52.8% of all 
students are both underserved and eligible for Pell and 
other sources of financial aid to support their college 
attendance.

Participants were drawn from six academic colleges 
within the institution to reflect a broad cross-section of 
educational programs. Most respondents were affiliated 
with the College of Health, Human Services, and Nurs-
ing, which houses healthcare and allied health training 
programs, including disciplines directly involved in clini-
cal practice, public health, and health services delivery. 
The remaining participants were distributed across non-
health colleges, providing contextual breadth while pre-
serving the primary healthcare orientation of the study 
population. College-level affiliation was used for descrip-
tive purposes only to contextualize the sample and was 
not employed as an analytic variable to avoid divisive 
comparisons and maintain institutional neutrality.

Sample size determination and sampling strategy
Sample size was calculated using an assumed popula-
tion prevalence of 50%, a 95% confidence level, and a 5% 
margin of error, resulting in a minimum required sample 
size of 402 participants [23]. A convenience sampling 
approach was employed. Personalized email invitations 
containing unique survey links were distributed to faculty 
members and students. Faculty were encouraged to share 
the survey with their students to increase participation. 
Up to three reminder emails were sent throughout the 
data collection period to improve response rates. To min-
imize duplicate responses, the survey platform restricted 
participation to one submission per unique email link.

Data collection tool
Data were collected using a structured, self-adminis-
tered online questionnaire via Qualtrics, developed by 
the authors [24]. The instrument included sections on 
sociodemographic characteristics, GenAI knowledge and 
awareness, patterns of adoption and use, and perceived 
benefits and barriers to GenAI integration in academic 
settings. Survey development was informed by a review 
of the literature and best practices in web-based survey 
design. The survey incorporated adaptive (skip-logic) 

functionality, such that participants were automatically 
directed to subsequent questions based on their prior 
responses, ensuring relevance and minimizing respon-
dent burden. Response options included selections such 
as “Other” and “Prefer not to respond” to accommodate 
participants whose experiences were not fully captured 
by predefined categories or who chose not to disclose 
specific information. The full survey instrument is pro-
vided as Supplementary Material.

Pilot testing
The questionnaire was piloted with three faculty mem-
bers and four students before full deployment. Pilot 
feedback was used to evaluate the instrument’s clarity, 
completeness, relevance, acceptability, and cultural sen-
sitivity. Revisions were made to improve item wording, 
response options, and overall survey flow before final 
administration.

Data collection procedures
Data were collected electronically over three months 
(January–March 2025). Participation was voluntary, 
and no direct incentives were tied to survey completion. 
However, to enhance engagement, participants were 
offered entry into a random draw for one of fifty US$30 
gift cards upon completion of the questionnaire.

Statistical analysis
Survey data were exported and analyzed using IBM SPSS 
Statistics version 31 and Microsoft Excel [25, 26]. Univar-
iate analyses were conducted to summarize participant 
characteristics and key study variables. Bivariate analyses 
were performed using Chi Square to assess associations 
between demographic variables and GenAI knowledge, 
adoption, and perceived benefits and barriers. Statistical 
significance was evaluated using a two-tailed alpha level 
of p < .05. Results are presented in tabular and narrative 
formats.

Ethical considerations
The study adhered to established guidelines for the design 
and administration of web-based surveys, including con-
fidentiality, voluntary participation, and data protection. 
Ethical approval was obtained from the California State 
University, Dominguez Hills Institutional Review Board 
(IRB-FY2025-66). All participants received an electronic 
information sheet describing the study objectives, pro-
cedures, potential risks and benefits, and their rights as 
participants. Informed consent was obtained from all of 
the participants and the study was performed in accor-
dance with relevant guidelines and regulations (such as 
the Declaration of Helsinki).
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Results
Of the 559 participants who completed the question-
naire, 78.5% were students and 19.3% were faculty, 62.5% 
were female, and 57.5% were Hispanic/Latino. Partici-
pants were drawn from six academic colleges within the 
institution to reflect a broad cross-section of educational 
programs. However, 83.6% of respondents were affiliated 

with the College of Health, Human Services, and Nurs-
ing, which houses healthcare and allied health training 
programs, including disciplines directly involved in clini-
cal practice, public health, and health services delivery 
(Table  1). The remaining participants were distributed 
across non-health colleges.

Approximately 33.2% of respondents reported being 
knowledgeable about their institution’s official use of 
GenAI applications, while 55.1% indicated that their 
institution or department uses GenAI as a learning sup-
port tool. Among the GenAI applications identified, 
learning assistants – most notably ChatGPT – were the 
most commonly used, reported by 84.2% of respondents 
(Table 2).

 Overall, 83.2% of respondents reported having used 
GenAI technologies, with 54.0% indicating use at 
least weekly. The most common applications included 
responding to assignments, quizzes, and assessments 
(40.4%) and designing or preparing lectures (24.1%). A 
large majority (81.2%) expressed satisfaction with GenAI 
use, and 42.3% perceived GenAI as very to extremely use-
ful in supporting their academic activities. Despite high 
uptake and favorable perceptions, 19.7% of respondents 
reported experiencing difficulties with GenAI during at 
least half of their usage, while only 7.9% indicated having 
received any formal training on GenAI (Table 3).

Common difficulties reported in the use of GenAI for 
learning or work included lack of formal training (45.3%), 
technological limitations (42.2%), and ethical or legal 
risks associated with GenAI use (34.6%). In addition, 
respondents expressed substantial concerns regarding 
the accuracy and reliability of GenAI-generated informa-
tion (78.7%), insufficient training opportunities (71.3%), 
personal data privacy (64.9%), and the potential impact of 
GenAI on academic and research integrity (58.9%). Lim-
ited access to diverse GenAI tools and software was also 
reported by 57.9% of participants (Table 4). Despite these 
identified needs, 72.1% of respondents reported that they 
found GenAI tools useful across learning, teaching, and 
research activities.

Most respondents indicated that they primarily 
obtained GenAI-related information from online sources 
(77.3%), and 72.8% reported that GenAI use saved them 
time in their academic or professional activities (Table 4).

To support the effective integration and use of GenAI 
in learning, teaching, and research, most participants 
indicated a need for formal training in GenAI (71.3%), 
improved access to a broader range of GenAI tools and 
software (57.9%), and enhanced technical and technolog-
ical support (51.7%).

Gender-based differences were observed across several 
GenAI-related perceptions and experiences. Male partic-
ipants were significantly more likely to report knowledge 
of emerging technologies (p = .003), prior engagement in 

Table 1  Demographic profile of survey participants
Description Number (%)
Role in School (N = 559)

  Faculty 108 (19.3)

  Student 439 (78.5)

  Administration or Management Staff 1 (0.2)

  Other 11 (2.0%)

Sex at Birth (N = 558)

  Male 199 (35.7)

  Female 349 (62.5)

  I prefer not to say 10 (1.8)

Current affiliations (N = 557)

  Professional/Graduate Degree Programs 97 (17.4)

  Undergraduate Degree Programs 438 (78.6)

  I am not sure 22 (4.0)

Length of time in Current Unit (N = 557)

  Less than 5 years 451 (81.0)

  5–9 years 68 (12.1)

  10–14 years 18 (3.2)

  15 and above 20 (3.6)

Race (N = 553)

  Hispanic/Latino 318 (57.5)

  Not Hispanic/Latino 235 (42.5)

Ethnicity (N = 549)

  Black/African American 61 (11.1)

  White/Caucasian 150 (27.3)

  Native Hawaiian or Other Pacific Islander 2 (0.4)

  Asian 86 (15.7)

  Native American/Alaska Native 8 (1.5)

  Mixed or Multiracial 56 (10.2)

  Other 101 (18.4)

  I prefer not to say 85 (15.5)

Highest Educational Qualification (N = 555)

  High School Diploma/GED 255 (46.0)

  Associate degree 125 (22.5)

  Bachelors 62 (11.2)

  Masters 28 (5.1)

  Doctorate 79 (14.2)

  Other 6 (1.1)

College (N = 512)

  Arts and Humanities 11 (2.1)

  Business Administration and Public Policy 14 (2.7)

  Education 8 (1.6)

  Continuing and Professional Education 1 (0.2)

  Natural and Behavioral Sciences 15 (2.9)

  Health, Human Services and Nursing 428 (83.6)

  Others (Please Specify) 35 (6.8)
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GenAI-related research (p = .013), and to perceive GenAI 
as an essential tool for learning, teaching, and research (p 
= .03). Males were also more likely to believe that GenAI 
has the potential to significantly influence users’ career 
trajectories (p < .001). In contrast, female participants 
were significantly more likely to indicate that GenAI 
training is necessary for healthcare education (p = .003) 
and to report greater overall concerns regarding GenAI 
use (p = .003). Additionally, a higher proportion of female 
respondents expressed concern that GenAI may replace 
healthcare professionals in the future, although this asso-
ciation did not reach conventional levels of statistical sig-
nificance (p = .083) (Table 5).

Ethnicity-based differences were observed across mul-
tiple GenAI-related domains. Non-Hispanic/Latino par-
ticipants were significantly more likely to report prior 
use of emerging technologies (p = .006), awareness of 
their institution’s use of GenAI (p < .001), and interest 
in learning more about GenAI (p < .001). They were also 
more likely to agree that GenAI is beneficial for learn-
ing, teaching, and research (p = .047), to report concerns 
regarding GenAI use in academic contexts (p = .002), and 
to believe that GenAI is necessary for healthcare train-
ing (p < .001). In contrast, Hispanic/Latino participants 
were significantly more likely to report having researched 
GenAI at a moderate or high level (p = .001).

Role-based differences between faculty and students 
were also statistically significant. Faculty members 
were more likely to report having received formal train-
ing in GenAI (p = .004) and to have researched GenAI 
more extensively than students (p < .001). Faculty dem-
onstrated greater knowledge of institutional GenAI use 
(p = .003) and reported more frequent use of GenAI for 
work-related activities (p = .005). Additionally, faculty 
expressed significantly higher interest in learning more 
about GenAI (p < .001) and were more likely to perceive 
GenAI as beneficial for learning, teaching, and research 
(p = .002).

Faculty also reported greater concerns regarding 
GenAI use in learning and research, were more likely 
to believe that GenAI is necessary for healthcare train-
ing (p < .001), and to view GenAI as an essential tool in 
learning, teaching, and research (p < .001). Furthermore, 
faculty were significantly more likely to recognize that 
the importance of GenAI will increase in the future (p = 
.009), to believe that GenAI training is advantageous for 
career development (p = .002), to perceive that GenAI 
has the potential to substantially influence career trajec-
tories (p = .002), and to agree that all faculty members 
should receive GenAI training (p = .005).

Finally, academic level–based differences were 
observed in several GenAI-related competencies and 
perceptions. Professional and graduate scholars dem-
onstrated significantly higher information technology 

Table 2  GenAI knowledge among participants
Description Number 

(%)
Knowledge of the institution’s official use of GenAI applications 
(N = 533)

  Definitely not 59 (11.1)

  Probably not 118 (22.1)

  Might or might not 197 (37.0)

  Probably yes 126 (23.6)

  Definitely yes 33 (6.2)

Knowledge of the department officially using any GenAI applications 
(N = 449)

  Definitely not 62 (13.8)

  Probably not 138 (39.7)

  Might or might not 175 (39.0)

  Probably yes 62 (13.8)

  Definitely yes 12 (2.7)

Knowledge of activities where GenAI is used in school (N = 356) *

  For learner support 196 (55.1)

  Virtual patients/simulation practice 67 (18.8)

  Personalized learning platforms (self-learning platform) 106 (29.8)

  Tools for psychological support /individual issues for 
learners

46 (12.9)

  Student management tools 114 (32.0)

  Assessment and evaluation tools 96 (27.0

  Research data analysis tools 133 (37.0)

  Assignments, Quizzes, and Assessments 113 (31.7)

  Report and Discussions 69 (19.4)

  Editing and writing assignments 144 (40.5)

  Scheduling and Calendaring 102 (28.7)

Knowledge of GenAI tools or applications (N = 506) *

  Learning Assistants (Chatbots: ChatGPT, Claude, CoPilot, 
Watson Assistant, etc.)

426 (84.2)

  Learning Data Analysis (Coursera for Campus) 87 (17,2)

  Learning Management Systems (Moodle with AI, Canvas 
with AI, etc.)

171 (33.8)

Fields where GenAI tools or applications are used currently (N = 506)

  I am not using any tools 170 (33.6)

  Learning Assistants (Chatbots: ChatGPT, Claude, CoPilot, 
Watson Assistant, etc.)

290 (57.3)

Versions of GenAI tools participants use (N = 341)

  Entirely free tools 233 
(68.3%)

  Mostly paid tools 21 (6.2%)

Sources of funding for paid versions of GenAI tools (N = 101)

  Personal funds 67 (66.3)

  University/College/Department 23 (22.8)

Understanding of GenAI tools or applications (N = 506)

  Learning Assistants 426 (84.2)

  Learning Management Systems 171 (33.8)

  Learning Data Analysis 87 (17.2)

  I have not heard of any tools 60 (11.9)
*Multiple options allowed
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Description Number (%)
Ever used GenAI technology (N = 547)

  No 50 (9.1)

  Maybe 42 (7.7)

  Yes 455 (83.2)

Frequency of use of GenAI tools and Applications (N = 331)

  Never 60 (18.1)

  Several days per month 134 (40.5)

  Several days per week 62 (18.7)

  Weekly 40 (12.1)

  Daily 35 (10.6)

Tasks where GenAI tools are used (N = 307)

  Responding to assignments, quizzes and assessments 124 (40.4)

  Designing and developing training programs 49 (16.0)

  Designing and preparing lectures 74 (24.1)

  Designing and creating assessment activities (e.g., writing exam questions/cases, creating scenarios/scripts for exams) 82 (26.7)

  Writing books and learning materials 46 (15.0)

Satisfaction with the GenAI tools or applications (N = 326)

  Extremely dissatisfied 7 (2.2)

  Somewhat dissatisfied 21 (6.4)

  Neither satisfied nor dissatisfied 66 (20.3)

  Somewhat satisfied 179 (54.9)

  Extremely satisfied 53 (16.3)

Skills improved by using GenAI in learning, teaching and research (N = 320) *

  Learning skills 196 (61.3)

  Research skills 195 (60.9)

  Collaboration skills 68 921.3)

  Teaching skills 56 (17.5)

  Curriculum design and development skills 59 (18.4)

  Student assessment/evaluation skills 69 (21.6)

  Technology utilization skills 83 (25.9)

  Management skills 62 (19.4)

Impact of using GenAI on the quality of work (learning or teaching/research) (N = 324)

  Not at all useful 8 (2.5)

  Slightly useful 56 (17.3)

  Moderately useful 123 (38.0)

  Very useful 99 (30.6)

  Extremely useful 38 (11.7)

How often participants encounter difficulties while using GenAI in their learning or work (N = 326)

  Never 50 (15.3)

  Sometimes 212 (65.0)

  About half to most of the time 56 (17.2)

  Always 8 (2.5)

Ever received training on the use of GenAI (N = 483)

  Yes, received training multiple times 13 (2.7)

  Yes, received training once 25 (5.2)

  No, never received training 429 (88.8)

  Not sure 15 (3.1)

  I prefer not to say 1 (0.2)

Researched regarding the application of GenAI (N = 484)

  None at all 174 (36.0)

  A little 169 (34.9)

  A moderate amount 101 (20.9)

Table 3  Participants’ use and exposure to GenAI
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proficiency (p = .007), were more likely to have used 
GenAI technologies (p = .002), and reported greater 
engagement in GenAI-related research (p = .049). This 
group also exhibited greater awareness of institutional 
GenAI use (p = .002), higher satisfaction with GenAI 
tools (p = .02), and greater concern regarding GenAI use 
in learning and research (p = .003). In contrast, under-
graduate scholars were significantly more likely to report 
reliance on free versions of GenAI tools and resources (p 
= .015) and to express concern that GenAI may replace 
faculty in the future (p = .049) (Table 5). No statistically 
significant differences were observed in overall GenAI 
use by gender (p = .53) or by institutional role (faculty 
versus student; p = .12).

Discussion
This study revealed high levels of use and perceived util-
ity alongside substantial gaps in training, institutional 
awareness, and equitable access within a minority-serv-
ing institution in California. While patterns of use were 
broadly similar across gender and institutional role, dif-
ferences emerged by ethnicity, academic level, and faculty 
status, suggesting uneven distribution of GenAI-related 
knowledge, exposure, and confidence. This finding aligns 
with previous research that also found differences in AI 
use between faculty and students, with these differences 
attributed to greater experience with technology among 
faculty [27]. AI use among students in our study exceeded 
that of a global study that reported that 86% of students 
regularly used AI for learning [28], but was lower than 
rates observed in a U.S. study, where 92% of students 
reported using AI in some form [29]. These findings posi-
tion our sample between previously reported global and 
U.S. estimates, highlighting potential contextual differ-
ences in AI adoption.

In our study, 91.4% of faculty used AI technology and 
resources, with 53.4% using it at least weekly, a find-
ing that is higher than those reported in prior stud-
ies [30, 31]. The most common uses for faculty in our 
study were to design course materials (22%), assist with 
administrative tasks like emails (16%), and create images 
(15%). The frequent use of AI among faculty contra-
dicts previous research that demonstrated low use of AI 
among this group, and among faculty who used AI, did 
so to better understand the tools their students might be 
using [31]. Faculty AI use in our study extended beyond 
understanding student engagement with AI and instead 
demonstrated proactive integration into teaching and 

administrative practices. This suggests a shift from cau-
tious observation to functional adoption.

A strong majority of participants in our study viewed 
GenAI as useful for learning, teaching, and research, 
with perceived benefits including time savings, enhanced 
learning, and improved research skills. These positive 
perceptions were particularly pronounced among fac-
ulty and male participants, who were also more likely 
to view GenAI as career-shaping. Positive perceptions 
of AI use among study participants was higher in our 
study compared to a previous study that documented 
19% of instructors agreeing or strongly agreeing that 
GenAI was beneficial to teaching in their fields, with 56% 
of the respondents undecided [32]. Positive perceptions 
observed in our sample may reflect the growing integra-
tion of AI tools in academic workflows, where repeated 
use can reduce uncertainty and foster more pragmatic 
reflections of their usefulness. This finding suggests that 
perceptions of GenAI are dynamic and may continue 
to evolve as practical applications become more clearly 
established.

While our study found high uptake and favorable 
perceptions among study participants, we also found 
that formal preparation lagged substantially behind 
use. Fewer than one in ten respondents reported hav-
ing received formal GenAI training, and fewer than 
one-third had engaged in sustained research on GenAI. 
Faculty and advanced scholars were more likely to have 
received training and to seek out GenAI knowledge inde-
pendently, suggesting that experience and institutional 
longevity may facilitate exposure. This finding is in line 
with the current role gradient, where faculty/advanced 
scholars are more likely to seek training and independent 
knowledge, which fits diffusion-of-innovation dynamics, 
where more experienced institutional actors tend to have 
greater access to professional networks, committees, and 
early policy discussions, even when the institution has 
not yet scaled training to everyone [33]. Furthermore, the 
disconnect we found in individual experimentation, when 
compared to organizational readiness and communica-
tion, aligns with sector-wide evidence that institutions 
are still building the operating model (policy, training, 
support) while end users are already experimenting with 
significant gaps in AI policies/guidelines and organiza-
tional readiness [34, 35].

Satisfaction with GenAI tools was generally high, par-
ticularly among professional and graduate students, yet 
this satisfaction coexisted with widespread concerns and 

Description Number (%)
  A lot 24 (5.0)

  Quite a lot 16 (3.3)
*Multiple options allowed

Table 3  (continued) 
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reported challenges. The combination of being highly sat-
isfied while still reporting accuracy, privacy, integrity, and 
legal/ethical concerns from respondents aligns with the 
emerging literature that GenAI’s perceived productivity 
upside is real, but risk controls remain underdeveloped 
with policy ambiguity, assessment vulnerability, and the 
need for institution-level guardrails [36–38]. Most users 
in our study experienced difficulties related to a lack of 
training and technological limitations, and a large pro-
portion expressed concerns about accuracy, data pri-
vacy, academic integrity, and ethical or legal implications. 
These concerns were more pronounced among faculty, 
non-Hispanic/Latino participants, and female respon-
dents, indicating that higher engagement may coincide 
with greater critical awareness of GenAI risks.

Rapid developments in AI have intensified concerns 
about the potential displacement of human labor across 
multiple sectors [39]. We found that concerns about 
workforce displacement also existed among our study 
participants, but anxieties were specific to gender and 
roles within the university. Female respondents were 
more likely to express concern about GenAI replacing 
healthcare professionals, while undergraduate students 
were more likely to worry about GenAI replacing fac-
ulty. At the same time, a strong majority of participants 
believed GenAI would become essential to learning, 
teaching, and research over the next decade, and many 
expressed interest in additional training and institutional 
support. Our study underscores the need for professional 
development and clear guidelines to move AI adoption 
forward, as institutions need role-specific competencies, 
not generic awareness campaigns [40].

Taken together, the findings of this study point to an 
emerging GenAI divide within the institution by role, 
academic level, and ethnicity, characterized not by out-
right rejection of GenAI but by uneven access to training, 
tools, institutional guidance, and confidence. These find-
ings align with other studies that reported group-specific 
differences in awareness, benefits, and utilization, rein-
forcing the current GenAI divide as an access-to-capabil-
ity issue more than a pro and or anti-technology split [41, 
42]. While both faculty and students in our study actively 
use GenAI, this use is occurring largely in the absence 
of structured support, coordinated policy communica-
tion, or embedded curricular integration. The conver-
gence of high use, low training, strong perceived value, 
and persistent concern suggests that the institution is at 

Description Number 
(%)

Common difficulties encountered while using GenAI in your learning or 
work (N = 263)

  Time and workload pressure 51 (19.4)

  Insufficient funds and equipment 34 (12.9)

  Lack of training in GenAI 119 (45.3)

  Technological limitations 111 (42.2)

  Risks related to ethical/legal issues associated with GenAI 91 (34.6)

Common concerns participants have while using GenAI 
(N = 333)

  Personal data privacy 216 (64.9)

  Accuracy and reliability of information 262 (78.7)

  Loss of personalization in teaching 154 (46.3)

  Decreased connection with students 114 (34.2)

  Potential impact on academic and research integrity and 
honesty

196 (58.9)

  Lack of regulations on the use of GenAI in the medical 
field

124 (37.2)

  High costs for operation 65 (19.5)

  Lack of skills to use GenAI effectively 115 (34.5)

  Ethical or legal issues 187 (56.2)

  Lack of training in GenAI 298 (71.3)

  Poor access to various GenAI tools and software 242 (57.9)

  Technical and technological support 216 (51.7)

  Financial support 168 (40.2)

  Encouragement from the school and hospitals 155 (37.1)

Reasons people use GenAI (N = 337)

  I find GenAI tools useful for learning, teaching and 
research

243 (72.1)

  I enjoy exploring and using new technologies 154 (45.7)

  I need to use it to adapt to GenAI changes that affect my 
work.

92 (27.3)

  AI is a trendy topic, and I don’t want to lag behind 86 (25.5)

  I see my colleagues using it and want to try it too 80 (23.7)

  The school/work requires me to use it 57 (16.9)

Sources of GenAI information (N = 488)

  Traditional media (TV, newspapers, etc.) 127 (26.0)

  Internet 377 (77.3)

  Social media (e.g. Facebook, Instagram, TikTok, Zalo, 
Telegram, etc.)

272 (55.7)

  Family and friends 167 (34.2)

  Students/Colleagues 226 (46.3)

  The University 111 (22.6)

  Work partners 57 (11.7)

Benefits of applying GenAI to learning and research 
(N = 451)

  Improved teaching and research results 212 (47.0)

  Enhanced learning experiences for learners 236 (52.3)

  Timesaving 333 (72.8)

  Expanded expertise knowledge 177 (39.3)

  More opportunities to develop teaching, research, and 
professional skills

159 (35.3

  Broadened knowledge and skills in technology 171 (37.9)

Table 4  Attitude, sources, and benefits to GenAI tools and 
resources* Description Number 

(%)
  Better management of tasks and personal issues 141 (31.3)

  Better support for students 131 (29.1)
*Multiple options allowed

Table 4  (continued) 
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an inflection point. Participants overwhelmingly articu-
lated a need for formal training, broader access to GenAI 
tools, and technical support, indicating readiness for 
more deliberate, transparent, and equitable institutional 
engagement with GenAI. Without such action, exist-
ing disparities risk becoming institutionalized as GenAI 
adoption accelerates.

As GenAI continues to reshape higher education and 
healthcare systems, institutions must act deliberately 
to close emerging gaps in access, skills, and prepared-
ness. By investing in inclusive training, infrastructure, 
and policy frameworks, higher education institutions 
can harness the transformative potential of GenAI while 
safeguarding equity, academic integrity, and long-term 
societal benefit. We recommend follow-on broader quan-
titative and qualitative studies to inform leadership deci-
sions, the training of faculty and students on GenAI, the 
development of AI policies that are consistent with col-
lege and departmental values, as well as the creation of 
GenAI supporting environments with privacy-protective 
defaults, and clear “allowed vs not allowed” use cases in 
teaching, learning, and research to reduce ad hoc risk-
taking and integrity confusion [36–36, 38, 42].

Limitations
This study is subject to limitations inherent to cross-sec-
tional, web-based survey designs. Selection bias is pos-
sible, as participation was restricted to individuals who 
voluntarily elected to respond. Additionally, because the 
total number of survey recipients could not be deter-
mined, a precise response rate could not be calculated. 
Data collection from a single institution further limits the 
generalizability of the findings to other higher education 
contexts.

The survey instrument did not include items assessing 
the acceptability of AI-focused training or coursework, 
which may have constrained the ability to fully evaluate 
readiness for formal GenAI integration into academic 
curricula. Inclusion of such measures in future stud-
ies would enable a more comprehensive assessment of 
attitudes toward AI education and provide actionable 
insights to inform curriculum design, particularly in 
health and professional training programs.

Although participants were recruited across six col-
leges to capture a broad range of academic disciplines, 
analyses were conducted at the institutional level. 
Departmental affiliation was deliberately excluded to pre-
serve participant confidentiality, avoid potentially divi-
sive comparisons, maintain institutional anonymity, and 
mitigate the risk of stigmatizing specific academic units. 
Moreover, the cross-sectional nature of the study pre-
cludes assessment of temporal trends or program-spe-
cific variation in GenAI adoption and perceptions.

Future research should adopt more systematic and 
purposive sampling strategies, coupled with deliberately 
proactive engagement approaches to enhance participa-
tion, representativeness, and internal validity. Building on 
the current findings, we plan to collaborate with multiple 
universities to conduct a multi-institutional study, lever-
aging this work as a baseline for longitudinal and com-
parative analyses that examine evolving GenAI adoption, 
training effectiveness, and equity implications across 
diverse academic settings.

Conclusions
This study provides timely empirical evidence on the 
knowledge, use, perceptions, and challenges associated 
with generative artificial intelligence (GenAI) among 
faculty and students in higher education during a criti-
cal period of institutional policy development. Find-
ings demonstrate widespread awareness and adoption 
of GenAI tools, accompanied by strong perceptions of 
their usefulness for learning, teaching, and research. At 
the same time, substantial gaps persist in formal train-
ing, institutional communication, and equitable access to 
GenAI resources.

Notably, disparities in GenAI engagement and pre-
paredness were observed across academic role, level, 
and ethnicity, signalling an emerging AI divide that risks 
reinforcing existing structural inequities within higher 
education if left unaddressed. Faculty and advanced 
scholars exhibited higher levels of GenAI use, confi-
dence, and institutional awareness, while undergradu-
ate students and some racial and ethnic groups reported 
greater reliance on free tools, lower exposure to training, 
and heightened concerns about workforce displacement. 
Despite these challenges, there was a broad consensus 
that GenAI will become increasingly essential to aca-
demic and professional practice, particularly in health-
care and research-intensive fields.

The convergence of high utilization, limited formal 
training, and significant ethical, privacy, and integrity 
concerns underscores the need for coordinated insti-
tutional strategies to support responsible GenAI inte-
gration. These strategies should include transparent 
governance, structured training for both faculty and 
students, curriculum-embedded GenAI education, and 
policies that promote ethical, equitable, and effective use. 
Importantly, stakeholder engagement must be prioritized 
to address apprehensions, build trust, and ensure that 
GenAI adoption enhances, rather than undermines, edu-
cational quality and workforce readiness.
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