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Abstract

Generative AI (GenAI) has attracted a surge of attention from higher education constituents
after OpenAI released ChatGPT in November 2022. While numerous articles discuss ap-
plications and perceptions of GenAI in higher education, no comprehensive review has
considered commonalities and differences among various educational stakeholder groups
and contexts. In this review, we synthesize the applications, capabilities, and perceptions of
GenAI in higher education to provide stakeholders (i.e., students, instructors, researchers,
staff, and administrators) with insights into this topic to facilitate GenAI integration in
higher education. We reviewed 50 relevant empirical articles published from January 2023
to April 2025 on GenAI in higher education. Our findings demonstrate how GenAI has
already been applied and present its potential for implementation across teaching and
learning, research, and student affairs in higher education. Among various stakeholders in
higher education, students hold a more open and positive attitude toward this rising tech-
nology, while instructors and researchers hold mixed attitudes toward GenAI usage, and
administrators tend to hold an open but cautious attitude toward GenAI implementation.
Addressing common stakeholder concerns and needs, we outline institutional strategies
for responsible GenAI integration, including launching GenAI learning hubs, formalizing
license agreements, redefining academic originality, and implementing pilot programs.

Keywords: generative AI; higher education; university student; college students; university
administrators; university instructors

1. Introduction
Generative AI (GenAI) is a subset of artificial intelligence that can generate new

content, such as texts, images, and videos, based on users’ prompts (Cao et al., 2023; Luo,
2024b; Rasul et al., 2024). It has attracted a surge of global attention in industries and daily
lives after OpenAI released ChatGPT in November 2022 (Choe et al., 2025; Na et al., 2025).
In higher education (HE), GenAI’s influence has been significant (Mulford, 2025). A recent
global survey across 15 countries reported that 80% of undergraduate students have used
GenAI, and 50% of students expressed a desire for AI tools that are specifically designed for
educational purposes (Chegg, 2025). Another global survey across 28 countries reported
that 61% of faculty have used GenAI in their teaching (Digital Education Council, 2025). In
addition, over 93% of faculty and administrators across more than 330 institutions in North
America plan to expand their AI use for work-related purposes within the following two
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years, and 80% of administrators are willing to integrate AI in HE to enhance institutional
efficiency and productivity (Ellucian, 2024). As GenAI is becoming embedded in academic
and professional life, understanding its role within HE has become an increasingly urgent
area of inquiry.

Existing studies related to GenAI in HE have often discussed GenAI usage and the
perceptions toward it. Exploring GenAI usage brings more possibilities in practice to
support pedagogical innovation, research processes, and student learning experiences
(Andersen et al., 2025; Baek et al., 2024; Schei et al., 2024). Investigating different stakehold-
ers’ perceptions of GenAI usage is helpful in the identification of benefits and concerns
of using GenAI, which suggests strategies for better serving stakeholders with GenAI or
bridging potential gaps in GenAI usage (Baek et al., 2024). A thorough understanding of
GenAI usage and perceptions is essential for promoting responsible and effective GenAI
integration in HE to better serve students, instructors, staff, researchers, and institutions.

Existing studies offer various perspectives on the usage and perceptions of GenAI in
HE. However, to date, for GenAI usage, there is no comprehensive review summarizing the
various GenAI applications and capabilities within different HE contexts, such as teaching
and learning, student affairs, and research. For the perceptions of GenAI usage, existing
reviews typically examine only a single stakeholder group, such as students (Dube et al.,
2024), instructors (Nikolic et al., 2024), or researchers (Agbo et al., 2025). However, no re-
view has yet conducted comparative analyses to explore the commonalities and differences
in perceptions across multiple groups and for multiple purposes, which could lead to a
fragmented understanding of GenAI. Therefore, this review aims to synthesize the usage
and perceptions of GenAI in HE. It provides stakeholders (i.e., students, instructors, re-
searchers, staff, and administrators) with comprehensive knowledge and understanding of
the state of the literature on GenAI integration into HE. Three questions guided this review:

1. How is GenAI currently used in different HE contexts?
2. What are GenAI’s capabilities in different HE contexts?
3. What commonalities and differences exist among stakeholders (i.e., students, instruc-

tors, researchers, staff, and administrators) in their perceptions of GenAI usage?

2. Definition, Rationale, and Method
This review relies almost exclusively on empirical studies, because they are data-driven

and practical, making their findings more persuasive. Studies without empirical data, such
as commentary or opinion-oriented articles, are excluded. In one thematic area for which
no empirical studies were available, relevant university documents (e.g., institutional
webpages, reports, or announcements) were used to provide contextual information. This
review applies a broad definition of instructors, including professors who are tenured
or in the tenure track, teaching fellows, lecturers, and other academic staff in teaching-
focused roles, since authors in different countries or regions define instructors differently.
In addition, some people certainly serve as both instructors and researchers within their
HE professional roles. In this review, the role of instructors emphasizes teaching-related
contexts, whereas the role of researchers refers to research-related contexts. Thus, even if
individuals hold overlapping roles, the distinction in this review reflects the specific context
in which GenAI is being discussed.

GenAI’s current usage is defined as the actual practice of using GenAI as a tool in
different HE contexts. This information is collected and summarized only from stakeholder
participants’ self-reported data in the literature. GenAI’s capabilities are primarily exam-
ined from experimental, comparative, or evaluative studies through their effectiveness
and performance. Stakeholders’ perceptions toward GenAI usage are mostly collected and
summarized from stakeholder participants’ self-reports in the literature; the article authors’
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interpretive perspectives are not classified as stakeholder perceptions to avoid conflating
the authors’ viewpoints with participants’ perceptions. Responsible integration refers to
the adoption of GenAI in ways that align with ethical principles, institutional contexts, and
stakeholder concerns and needs. It involves recognizing potential risks (e.g., academic
misconduct and inequity), promoting appropriate use, and developing institutional policies
and practices that shape how GenAI is implemented in HE settings. The analyses of appli-
cations, capabilities, and stakeholder perceptions in this review provide the foundation for
responsible integration, while the proposed institutional strategies represent structured
responses to the issues, concerns, and needs identified throughout the review.

Additionally, given the lack of existing empirical studies on student affairs staff’s
perceptions toward GenAI use in HE, this review undertakes a comparative analysis of the
remaining four stakeholders’ perceptions of GenAI use, examining their commonalities
and differences. By doing so, we seek to understand how these diverse stakeholders
view the responsible use of GenAI, which includes their perceptions of (un)ethical and
(in)appropriate behaviors.

To identify the relevant literature, a structured search was conducted in Google Scholar,
which also indexed relevant preprints hosted on platforms such as ArXiv and OSF. Previ-
ous research has shown that Google Scholar provides near-complete coverage of studies
indexed in major bibliographic databases, including Web of Science and Scopus (Martín-
Martín et al., 2018), and that Google Scholar contained all of the 738 studies included in
a variety of systematic reviews (Gehanno et al., 2013). These findings support the use of
Google Scholar as a primary search source when a structured protocol is applied. Search
strings were developed based on the review’s guiding questions and included phrases
were “GenAI use in higher education”, “perceptions toward GenAI (in higher education)”,
“GenAI’s potential in higher education”, “students’ use of GenAI”, “GenAI’s usage in
college”, “(specific stakeholders’) perceptions of GenAI”, and “GenAI policies in higher
education”. Supplementary searches included a manual review of reference lists and cita-
tion tracking to identify additional relevant studies; this approach could help identify any
studies that were somehow not available within Google Scholar. These literature searches
were conducted between January 2025 and May 2025, focusing on studies published after
late 2022, since the launch of ChatGPT raised the public awareness of GenAI. Titles and
abstracts were screened to determine the relevance of each paper to the review’s focus.
Inclusion and exclusion criteria are shown in Table 1. A flow diagram summarizing the
search and screening process is provided in Figure 1.

Table 1. Inclusion and exclusion criteria.

Inclusion Exclusion

Study Type Empirical studies Non-empirical studies

Publication Type
Peer-reviewed journal articles,
conference papers/proceedings,
preprints

Other types of publications:
books, reviews, grey literature

Publication Date Studies published from
January 2023 to April 2025 Studies outside the period

Language English Non-English
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Records identified through Google
Scholar searching

(n = 126)

Duplicate reords removed
(n = 16)

Records screened by titles and
abstracts 
(n = 110)

Full-text articles assessed for
eligibility
(n = 71)

Full-text articles excluded based
on inclusion and exclusion criteria

(n = 32)

Studies included in the review
(n = 50)

Records excluded by screening
titles and abstracts

(n = 39)
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Identification of studies via databases and registers Identification of studies via other methods

Full-text articles assessed for
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(n = 27)

Records identified through manual
review of reference lists and

citation tracking 
(n = 27)

Full-text articles excluded based
on inclusion and exclusion criteria

(n = 16)

Records screened by titles and
abstracts
(n = 27)

Figure 1. Flow diagram of the literature search and screening process.

Of the 50 empirical studies reviewed in this study, 16 were published in 2023, 28
in 2024, and six in early 2025 (see Figure 2). Across the reviewed studies, ChatGPT or
GPT-based models are relatively frequently referenced, particularly in research examining
GenAI’s capabilities in HE. This pattern aligns with the broader GenAI landscape of
2023 and 2024, during which OpenAI’s models and tools were among the most widely
visited and used (Liu & Wang, 2026). Meanwhile, a substantial portion of application-
and perception-focused studies in this review refer more broadly to “generative AI” as a
category without limiting the discussion to a specific GenAI tool. It is worth noting that the
reviewed studies span a period of rapid technological evolution (2023–2025), during which
the capabilities of GenAI technology and users’ familiarity with GenAI developed quickly.
Given that the publication year does not strictly reflect data collection timing and GenAI
adoption varies within and across countries, this review focuses primarily on context and
stakeholder-based analysis, while acknowledging the dynamic evolution of the field.

Figure 2. Number of reviewed articles from 2023 to 2025.
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3. Current GenAI Usage in Different HE Contexts
3.1. Teaching and Learning Context
3.1.1. Students’ GenAI Use

There are three main functions that students seek in GenAI: language-related sup-
port, self-learning support, and academic performance support. Students who sought
language-related support employed GenAI (e.g., Grammarly) for enhancing or editing
their writing; some students also used GenAI to translate course materials into their native
languages to better understanding the course content (Freeman, 2025; Gasaymeh et al.,
2025; Johnston et al., 2024; Luo, 2024b; Sousa & Cardoso, 2025; K. D. Wang et al., 2025). To
obtain self-learning support, students applied GenAI (e.g., ChatGPT, Gemini, or Copilot)
to explore certain topics and obtain a clearer and more accurate understanding based
on alternative explanations; to summarize or take notes on textbooks, articles, or other
complex reading materials; and to generate extracurricular practice questions (Almassaad
et al., 2024; Freeman, 2025; Johnston et al., 2024; K. D. Wang et al., 2025). With GenAI,
students received diverse support in their academic performance. Students used GenAI
to (1) brainstorm ideas and structure thoughts for course assignments; (2) help structure
or create outlines of essays, reports, or presentations; (3) generate attractive visualizations
for projects; (4) assist with data analysis; and (5) scaffold computer programing (Freeman,
2025; Gasaymeh et al., 2025; Johnston et al., 2024; Sousa & Cardoso, 2025; K. D. Wang et al.,
2025). Additionally, to avoid potential mistaken accusations in the assessment process (e.g.,
by Turnitin), some students employed open-source AI detection technologies to verify their
work before submitting (Luo, 2024b).

However, not all of the students’ self-reported use is proper. A study by K. D. Wang
et al. (2025) reflected students’ misconduct, such as cheating and plagiarism. In the study, a
small but notable proportion of students self-reported that they used GenAI for drafting
written projects and helping with exams.

3.1.2. Instructors’ GenAI Use

Instructors’ application of GenAI relates to pedagogy, course design, and assessment.
With respect to teaching pedagogy, instructors used GenAI to gather new information and
diverse perspectives, deepening their knowledge and understanding of teaching topics.
Meanwhile, they used GenAI to brainstorm and summarize ideas, which informed their
pedagogical practices and guided the overall organization of the curriculum (Chan &
Tsi, 2024; Firaina & Sulisworo, 2023). Regarding specific course design, some instructors
attempted to collaborate with GenAI to make their course content more engaging and
attractive (Chan & Tsi, 2024). Faculty in the Chan and Tsi (2024) study shared that they
used GenAI to generate major-related scenarios, engaging students to solve real-world
problems that might arise in their discipline areas. Instructors also used GenAI to create
topic-related questions for class interactive games, such as Kahoot (Chan & Tsi, 2024).
Except for the above applications, instructors attempted to design new assessment methods
and assessment tasks with GenAI, and the most common innovation was to evaluate GenAI
capabilities for completing their assignments (Chan & Tsi, 2024; Lee et al., 2024). Faculty
interviewees in the Lee et al. (2024) study shared that they allowed students to complete
assignments with ChatGPT or provided students with a draft of assignment answers
generated by ChatGPT, and then they required students to evaluate the AI-generated
answers and share critiques. After the evaluation, students needed to create their final
assignment answers based on the AI-generated draft and their own critiques (Lee et al.,
2024). Some other instructors also used GenAI to provide students with assignment
feedback as a supplement to human feedback in assessment (Lyu et al., 2025; Smolansky
et al., 2023).
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3.2. Research Context

Researchers in HE used GenAI in the whole process of academic research: idea
generation, literature synthesis, methodology design, data collection, data analysis, and
writing or reporting (Andersen et al., 2025; Nicholas et al., 2024; Salman et al., 2024).
Researchers mostly preferred to apply GenAI as an editor in the writing or reporting stage
to obtain language-related support, such as editing or polishing their research proposals
and articles (Andersen et al., 2025; Salman et al., 2024). They also frequently used GenAI in
the literature synthesis stage to help themselves summarize the existing literature, extract
key information, and generate or check citations and references (Andersen et al., 2025;
Nicholas et al., 2024; Salman et al., 2024).

Compared to the above two stages, researchers use GenAI less in the other research
stages (Andersen et al., 2025). The followings are concrete applications: in the idea genera-
tion, researchers used GenAI to help identify research gaps or propose new hypotheses;
in methodology design, researchers applied GenAI to create specific study designs (e.g.,
experiments); in data collection, researchers employed GenAI to draft interview or survey
questions, transcribe recordings, or generate collected data sets; and in data analysis, re-
searchers harnessed GenAI to support their software coding, statistical data analysis, or
result visualization (Andersen et al., 2025; Nicholas et al., 2024).

3.3. Student Affairs Context

To date, little is known about the use of GenAI among student affairs practitioners
based on empirical studies. However, a review of the official websites of several universities
across different countries reveals one primary GenAI application in the student affairs
context: the GenAI chatbot. According to the websites of the University of California,
Berkeley (2025), the Pennsylvania State University (2024), and the University of Edinburgh
(2024), GenAI chatbots can offer an around-the-clock online consulting service in diverse
student affairs functional areas, which helps to enhance students’ college experience and
allows staff to handle more complex and personalized interactions.

Currently, GenAI chatbots have been primarily used in financial aid, admissions,
registration, and enrollment. Through this technology, students could interact with the
chatbot to ask questions about billing, payment, scholarship, degree planning, admission
process, transcript, dates or deadlines, and more (Pennsylvania State University, 2024;
Stanford University, n.d.; University of California, Berkeley, 2025; University of Edinburgh,
2024; University of Georgia, n.d.). Some universities also provide GenAI chatbots to answer
questions about recreational sports, IT support, library services, or general student on-
campus needs (Tsinghua University, 2025; University of Auckland, n.d.; University of
California, Berkeley, 2025; University of Edinburgh, 2024). In addition to general question-
and-answer functions, some universities’ chatbots provide extra features. For example, the
chatbots of Stanford University (n.d.) and University of California, Berkeley (2025) support
multilingual languages (e.g., Spanish and Chinese), conversation transcription download,
and content erasure for protecting privacy.

4. GenAI’s Capabilities in Different HE Contexts
4.1. Learning Context

Existing studies primarily reflect the potential use of GenAI as a learning tool, par-
ticularly for students in the STEM and social science disciplines. Yilmaz and Karaoglan
Yilmaz (2023) investigated the effect of using GenAI tools in programming education with
an experimental design. They recruited 45 computer science students who enrolled in an
institutional-level programming course and randomly assigned them to experimental and
control groups. Both groups completed a pretest and posttest to evaluate their compu-
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tational thinking skills, programming self-efficacy, and learning motivation. During the
five-week experiment, the experimental group students were allowed to use ChatGPT in
their laboratory assignments, while the control group students did not have this support.
The findings revealed that two groups of students scored similarly on the three pretest
measures, whereas the experimental group students scored significantly higher on all three
posttest measures than the control group.

Gilson et al. (2023) and Kung et al. (2023) examined ChatGPT as a supplemental support
for students’ learning in medical education in the very early stage after the launch of ChatGPT.
Both studies conducted performance evaluations to assess the effectiveness of ChatGPT in
completing the United States Medical Licensing Examination (USMLE). Authors from both
studies required ChatGPT to answer questions that they collected from the open-access
question bank of USMLE and then compared ChatGPT’s responses with the corresponding
reference answers. Gilson et al. (2023) claimed that ChatGPT performed comparably to the
third-year medical student on USMLE-style questions, and Kung et al. (2023) indicated that
ChatGPT achieved or was near the passing level on these questions without any specialized
training. Both studies identified ChatGPT’s reasoning competence, solid comprehension
of the question contexts, and clear explanations of responses. Although ChatGPT’s exam
performance was insufficient to prove its genuine medical competence, both Gilson et al.
(2023) and Kung et al. (2023) emphasized that its reasoning coherence and explanatory ability
suggest educational potential, particularly in supporting students’ reasoning and thinking
processes and understanding of medical concepts and diagnoses.

Saini et al. (2024) explored the potential of GenAI to provide feedback in education
through a comparative evaluation. For three consecutive academic semesters, 295 students
in education coursework evaluated peer and AI-generated feedback on their course assign-
ments. Survey results showed that peer review was rated slightly higher than AI review in
terms of feedback quality and usefulness. Peer review was valued for its contextual, multi-
faceted, and personalized insights, but was sometimes perceived as subjective or unclear. In
contrast, GenAI review provided clear, objective, and immediate feedback, but sometimes
lacked personalization or contextual nuances. Therefore, Saini et al. (2024) suggest applying
GenAI reviews as an auxiliary to peer reviews to enhance students’ learning outcomes.

However, existing studies also exhibit GenAI’s potential for use in academic mis-
conduct. Chaudhry et al. (2023) tested the AI-generated responses with AI detectors.
They assigned three popular AI detectors (i.e., Turnitin, GPTZero, and Copyleaks) to in-
dependently assess the academic integrity of one ChatGPT-completed course assignment
response. The AI response passed the test from all three detectors: Turnitin determined
all answers as 0% plagiarism, and GPTZero and Copyleaks only flagged one question
answer as AI-generated. This result supports the authors’ concerns about the reliability of
AI detectors and the potential for users to engage in undetected academic misconduct.

4.2. Teaching Context

Existing studies reveal that GenAI has potential as an auxiliary teaching tool for
instructors, especially in giving feedback and preparing the course design. W. Dai et al.
(2023), Escalante et al. (2023), and Popovici (2024) have demonstrated GenAI’s capability for
providing valid feedback across various educational tasks. Escalante et al. (2023), as very
early research in 2023, focused on AI-generated feedback in writing and English language
learning. A total of 48 university students were assigned to either an experimental group
(i.e., with AI-generated feedback) or a control group (i.e., with human feedback) after a
writing pretest. Then, they solely received preassigned feedback on writing assignments
for six weeks and took a posttest. The results revealed that there were no significant
differences between the two groups at pretest and posttest for writing proficiency, and
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both groups of students made similar progress in their academic writing over the six-week
experiment. Therefore, Escalante et al. (2023) recommend a hybrid feedback approach
that saves time and effort for instructors while maintaining the high quality of linguistic
feedback for students.

W. Dai et al. (2023) concentrated on GenAI’s feedback performance in textual assign-
ments. They requested ChatGPT and human instructors to review the same 103 students’
project reports and compared their feedback quality. The findings indicated that most
AI-generated feedback scored higher for its readability than human reviews, with clearer
and more consistent feedback. Moreover, like human instructors, ChatGPT not only pro-
vided feedback on project accuracy and completeness but also on strategies or approaches
students used in projects. W. Dai et al. (2023) argue that GenAI can be an assistant, helping
students revise work-in-progress and develop learning skills while completing assignments,
and further note that human oversight is needed to ensure accurate and reliable feedback.

Popovici (2024) indicated the capability of GenAI in code review for computer science
students. The researcher assigned ChatGPT to review the code segments of 67 homework
assignment reports from students enrolled in a programming course. The findings indicated
that approximately 85% of ChatGPT’s code reviews were correct, with 77% of all reviews
being both accurate and accompanied by clear and reasoned explanations, while about 8%
of all reviews contained some valid points but also errors. With this relatively high code-
review accuracy, Popovici (2024) suggested that ChatGPT can play a role as a preliminary
code reviewer, providing initial feedback before human review to save instructors’ time and
energy.

In addition, Tupper et al. (2023) explored GenAI’s efficacy in designing and planning
courses. Researchers asked ChatGPT to prepare two field course designs. One ChatGPT
prompt was deliberately vague without a specified subject or location, whereas the other
specified both. The results demonstrated that ChatGPT was capable of both designing an
original course without detailed instructions and meeting predefined curricular require-
ments, suggesting its potential to enhance instructors’ efficiency in course design.

4.3. Research Context

Existing studies have considered potential GenAI usage in the research context for
conducting qualitative research coding and drafting research proposals with suggested ref-
erences. Lockwood (2024) and Zhang et al. (2024) have explored GenAI’s qualitative coding
capability through comparative analysis. Lockwood (2024) compared novice qualitative
researchers and GPT-4 in analyzing the same text data. The results showed that (1) human
researchers and GPT-4 identified some common broad themes from the text; (2) human
coding was full of details and contextual nuances, while AI coding was more structured
and organized but lacked a deep understanding of context and rich interpretation; and
(3) human coding was time-consuming (over three hours for 135 codes), while AI coding
was time-saving (seven minutes for 101 codes). Zhang et al. (2024) developed QualiGPT,
a qualitative analysis software underpinned by GPT-3. QualiGPT possessed a flexible
prompt generation design and purpose-focused workflow, enabling users to code and
analyze qualitative data efficiently. They compared human researchers and QualiGPT in
analyzing both simulated and real datasets. The results showed that GenAI coding was
moderately consistent with human coding in inductive coding and substantially consistent
in deductive coding. Moreover, the coding speed of QualiGPT significantly surpassed man-
ual coding. Combining the suggestions of Lockwood (2024) and Zhang et al. (2024), GenAI
can potentially be used as an auxiliary tool for rapid coding while retaining human reviews
for results verification. It can also be used as a collaborative AI researcher, conducting
independent coding and bringing new insights into the analysis process.
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Athaluri et al. (2023) explored the reliability of references generated by ChatGPT
through an analytical design. The authors requested ChatGPT to generate 50 research
proposals for 50 prepared research topics and verified the authenticity and validity of the AI-
generated references. The findings demonstrated that 109 references (out of 178 references)
possessed valid digital object identifiers (DOI) and were retrievable on Google. Of the
remaining 69 references, 41 were accessible via Google but without DOIs, and 28 lacked
both DOIs and internet searchability. Athaluri et al. (2023) acknowledged the potential of
GenAI in proposal writing and reference generation for research. Meanwhile, due to the AI
hallucination (i.e., AI creates non-existent information), they cautioned researchers not to
over-rely on GenAI but to implement human oversight.

4.4. Student Affairs Context

Existing studies reveal that GenAI technology can be potentially applied in academic
advising and career services as an AI agent under the student affairs context in HE. To
explore the potential of GenAI in academic advising, Aguila et al. (2024) and Lekan and
Pardos (2024) have evaluated the accuracy and effectiveness of GenAI in question answer-
ing and academic recommendations. Aguila et al. (2024) fine-tuned a large language model
(LLM), Llama 2, using an institution-specific dataset of 182 student questions and the corre-
sponding official answers as training data to help Llama 2 conduct academic advising tasks.
Then, these researchers used another 78 question–answer pairs as testing data to evaluate
the performance of the fine-tuned model. This study found that the fine-tuned Llama 2 can
provide relevant and accurate answers to academic advising, achieving over 85% semantic
accuracy (i.e., the degree to which the meaning of the Llama 2-generated responses aligns
with the reference answers). Lekan and Pardos (2024) employed an expert-based evaluation
to assess the performance of GPT-4 in the academic advising process, particularly major
selection, in which 25 expert academic advisors reviewed and rated the AI-generated
recommendations and answers to students’ specific questions related to major selection.
Advisors affirmed the high quality of GenAI responses in its major recommendations and
explanations (Mean = 4.0 out of 5) and question answering (Mean = 3.8 out of 5) with high
rates. These results exemplify the impressive capability of GenAI in processing information
and outputting valid responses in academic advising. Therefore, Aguila et al. (2024) and
Lekan and Pardos (2024) suggest integrating GenAI technology into academic advising as
a supportive assistant to enhance students’ academic advising experience with immediate
and helpful responses and reduce advisors’ workload with higher efficiency.

Abdelhamid et al. (2025) conducted a user-based performance evaluation of their
chatbot, Advisely (embedded GPT-4 model), to assess GenAI’s capabilities in an authen-
tic academic advising scenario. The authors built their university’s knowledge base on
Advisely and invited 47 first-year students from their university to interact with it for
30 min. In the post-interaction survey, most students reported the satisfactory accuracy
and helpfulness of Advisely with high rates. Although students noticed some robotic
and less nuanced responses, they recognized the chatbot’s easy-to-use and high-quality
performance for providing quick and content-pertinent responses. Abdelhamid et al. (2025)
encourage the application of Advisely to facilitate academic advising with tailored support
and improved accessibility.

Regarding career services, Chang et al. (2024) have explored the effectiveness of
Google Gemini’s integration into myIDP, a commonly used web-based platform for the
Individual Development Plan (IDP) for career planning and development tool in STEM,
as an AI mentor. A total of 18 recruited students reported that the AI mentor enhanced
their mentoring experience with immediate responses and up-to-date career information.
It also increased students’ confidence and ownership in career development and facilitated
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their communication preparation with human mentors (e.g., the AI mentor could help
students formulate questions to bring to their human mentors). Considering GenAI’s
inherent limitations, Chang et al. (2024) suggest a hybrid human–AI mentoring that uses
AI for general and foundational information sharing as well as immediate assistance, while
human experts introduce detailed or nuanced information and provide more personalized
support. See Appendix A for a summary of all the studies discussed in this section.

5. Stakeholders’ Perceptions of GenAI Usage
5.1. Students’ Perceptions

Existing studies reveal that students generally have a positive attitude and high readi-
ness toward incorporating GenAI into their learning experience, with greater endorsement
of GenAI’s positive features (e.g., improving learning outcomes) than negative aspects (e.g.,
potential misuse) in questionnaire responses (Chan & Hu, 2023; Chan & Tsi, 2024; Liu et al.,
2024; Shoufan, 2023; Zafar et al., 2024).

5.1.1. Students’ Perceived Benefits

The most obvious benefit students perceived was immediate and personalized learning
support through GenAI (Chan & Hu, 2023; Chan & Tsi, 2024; Fuller & Barnes, 2024; Liu
et al., 2024). Students strongly perceived the usefulness of GenAI tools, because they were
available around the clock, allowing them to ask questions or gain information immediately
when they could not find anyone else with whom to discuss (Chan & Hu, 2023; Fuller &
Barnes, 2024). Moreover, students benefited from GenAI’s personalized feedback tailored
to their specific needs, such as asking ChatGPT to provide the best assignment solution for
self-review after completing an assignment (Chan & Hu, 2023).

Many students, particularly non-English speakers, regarded GenAI as a language
assistant that facilitated the development of their language skills (Chan & Hu, 2023; Chan
& Tsi, 2024; Liu et al., 2024). Some students self-reported that GenAI offered them richer
grammatical and lexical knowledge, along with understandable feedback, which enhanced
their writing proficiency (Chan & Hu, 2023; Chan & Tsi, 2024). Several students mentioned
that ChatGPT could help them efficiently summarize the main points of papers, making it
easier for them to understand the readings, thereby improving their reading comprehension
(Liu et al., 2024).

From some students’ perspectives, GenAI supported them in fostering their critical
thinking and creativity through assistance in brainstorming, elaboration, and explanation
(Chan & Hu, 2023; Chan & Tsi, 2024; Habib et al., 2024; Liu et al., 2024; Shoufan, 2023; Zafar
et al., 2024). Specifically, students shared that GenAI aided their brainstorming by enriching
their ideas with unique insights that they might not be able to come up with on their own
and by broadening their scope through diverse responses (Chan & Tsi, 2024; Habib et al.,
2024). Moreover, students noted that GenAI provided them with clear, understandable,
and well-structured elaborations and explanations for various concepts or topics, which
fostered the foundation of their creativity and critiques (Habib et al., 2024; Liu et al., 2024;
Shoufan, 2023).

Other notable perceived benefits include students’ overall positive user experience in
learning, which can be grouped into user-friendly interaction and emotional encourage-
ment. Students reported engaging in easy-to-use, time-saving, human-like conversations
with GenAI (Chan & Hu, 2023; Liu et al., 2024; Shoufan, 2023). The emotional benefits
that students reported included feeling comfortable and interested while using GenAI
for learning, as well as boosting their confidence and motivation to learn (Liu et al., 2024;
Shoufan, 2023).
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5.1.2. Students’ Perceived Concerns

Students’ perceived concerns about using GenAI in HE consist of academic-, ethical-,
and societal-impact concerns. For the academic-impact concerns, many students worried
about their overreliance on GenAI as an outsourced thinking agent, leading to less moti-
vation to learn or less effort in learning, and then eventually hindering their intellectual
and skill development, such as critical thinking, creativity, and teamwork (Baek et al.,
2024; Chan & Hu, 2023; Fuller & Barnes, 2024; Habib et al., 2024; Liu et al., 2024; Zafar
et al., 2024). Students were also concerned about their learning due to GenAI’s sometimes
inaccurate output, such as factually incorrect information, irrelevant content, a deficiency of
conceptual nuance or contextual details, fabricated information, and biased responses (Baek
et al., 2024; Chan & Hu, 2023; Fuller & Barnes, 2024; Liu et al., 2024; Shoufan, 2023; Zafar
et al., 2024). Another academic-impact concern pertains to student–faculty trust in GenAI
use (Luo, 2024b). For instance, some students expressed significant anxiety that teachers
would distrust their declaration of appropriate GenAI use, and some others worried that
their faculty would trust the AI detectors (e.g., Turnitin) more than their explanations when
mistaken accusations happened (Luo, 2024b).

Students’ ethical-impact concerns relate to academic integrity, data privacy, and equal-
ity of access. For academic integrity, students expressed anxiety not only about uninten-
tional plagiarism and associated consequences, but also about the unfairness if their peers
deliberately engaged in academic misconduct using GenAI and remained undetected (Baek
et al., 2024; Luo, 2024b). Students, especially those in non-STEM fields, also raised concerns
about data privacy, as they worried that their private data could be stored or shared by
GenAI software without their acknowledgment (Baek et al., 2024; Chan & Hu, 2023; Liu
et al., 2024; Shoufan, 2023). For the equality of GenAI access, some students considered
using GenAI as a privilege, because not all students could access it, for example, due to
regional policy restrictions or internet unavailability (Baek et al., 2024; Liu et al., 2024). This
would lead to inequality in learning for students who were unable to access GenAI, falling
behind those who had easy access (Liu et al., 2024). In terms of societal-impact concerns,
students shared their apprehension about the devaluation of postsecondary education
and job replacements due to the rapid development of GenAI (Chan & Hu, 2023; Fuller &
Barnes, 2024).

5.1.3. Students’ Perceived Needs

To improve their learning, students expressed their need to gain sufficient GenAI
background knowledge to benefit from it (Shoufan, 2023). Meanwhile, they shared the
learning expectations of instructors. Students expected (1) instructors with AI literacy
to share with them GenAI knowledge and explain GenAI complexities in diverse cases,
(2) instructors to be capable of identifying GenAI misuse from students’ assignments, (3)
instructors to be role models of GenAI ethical use and adhere consistently to the same
GenAI usage rules they set for students, and (4) instructors to create new assessment
designs with the consideration of GenAI integration in learning (Luo, 2024b).

5.2. Instructors’ Perceptions

Existing studies indicate a mixed attitude toward GenAI integration in teaching and
learning among instructors: either more positive or more negative (Cabellos et al., 2024;
Johnson, 2024; Lee et al., 2024). Several factors influenced the instructors’ attitudes toward
GenAI, including the instructors’ interest in GenAI use, use frequency, pedagogical beliefs,
race or ethnicity, tenure status, and disciplinary background (Cabellos et al., 2024; Johnson,
2024; Petricini et al., 2023).
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Existing studies also exhibit an inconsistent perception of the faculty’s familiarity
with GenAI. Some instructors were confident about their GenAI knowledge and skills,
havingreceiving relevant professional training, while some others believed they had high
familiarity with GenAI, despite having limited experience with its use (Lee et al., 2024;
Petricini et al., 2023).

5.2.1. Instructors’ Perceived Benefits

Instructors’ perceived benefits of using GenAI in HE can be categorized into two
groups: benefits for the faculty themselves and benefits for students. Instructors generally
identified three sets of benefits for themselves. First, they believed that GenAI was useful
for their class preparation; it could assist them in creating more interesting and engaging
teaching materials, preparing engaging class activities tailored to students’ abilities and
interests, proofreading materials, or evaluating rubric design (Cabellos et al., 2024; Chan &
Tsi, 2024; Johnson, 2024; Lee et al., 2024). Second, several instructors noticed that GenAI
could benefit them in assessment, particularly for providing feedback (Guo & Wang, 2024).
These instructors shared that GenAI tools had a high capability for assessing students’
written assignments, providing flexible comments without predetermined templates, and
specific and encouraging feedback for students’ learning motivation (Guo & Wang, 2024).
These instructors felt that GenAI should be used as an auxiliary tool for their feedback,
helping teachers identify the missing pieces while assessing students’ assignments (Guo
& Wang, 2024). Third, many instructors perceived GenAI as a tool to improve their time
and energy efficiency for routine tasks (e.g., replying to students’ emails), thereby partially
lessening their burden from their heavy workload (Chan & Tsi, 2024; Firaina & Sulisworo,
2023; Guo & Wang, 2024; Lee et al., 2024).

The instructors’ perceived benefits for students are mainly related to students’ learning
and development. A large number of instructors believed that GenAI was a good learning
tool for students. Specifically, it could provide students with immediate and personalized
feedback, help students improve writing proficiency, enrich knowledge reserves with clear
explanations, cultivate thinking ability, and enhance digital capabilities that would be
crucial in the job market (Chan & Lee, 2023; Chan & Tsi, 2024; Lee et al., 2024).

5.2.2. Instructors’ Perceived Concerns

The instructors’ perceived concerns toward GenAI usage in HE are separated into
three branches: concerns about instructors, students, and general GenAI techniques. While
discussing perceived GenAI concerns about the faculty, instructors mentioned that GenAI
could challenge the assessment authenticity (Chan & Lee, 2023; Johnson, 2024; Lee et al.,
2024). Instructors reported that students’ potential use of GenAI to complete assignments or
tests led to difficulty for instructors assessing students’ authentic knowledge mastery and
learning. They also perceived that the existing AI detectors (e.g., Turnitin) were ineffective
for tracking AI use in students’ assignments and could become outdated quickly due to
rapid technological progress (Lee et al., 2024). Additionally, some instructors worried that
the intervention of GenAI in HE would replace certain aspects of their roles as instructors
and undermine their value in teaching (Chan & Lee, 2023; Johnson, 2024; Lee et al., 2024).

When discussing how GenAI might negatively impact students, instructors focused
on the students’ intellectual improvement and skill development, misconduct, and inequity
among them. Referring to students’ intellectual improvement and skill development,
instructors first worried about students’ overreliance on GenAI during their learning
process, which could hinder students’ learning performance in areas such as motivation
and autonomy of learning, critical thinking, creativity, and focus (Chan & Lee, 2023; Chan &
Tsi, 2024; Johnson, 2024; Lee et al., 2024). Several instructors further expressed concern that
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the GenAI use might lead to a discrepancy between students’ demonstrated competence
and their genuine learning (Lee et al., 2024). Second, many instructors were concerned
that using GenAI would limit students’ opportunities to interact with their peers while
completing coursework, negatively affecting their skills development in speaking and
teamwork (Chan & Lee, 2023; Johnson, 2024). Furthermore, some instructors suspected
that current students were able to identify the accuracy and validity of AI-generated
information with enough associated knowledge (Chan & Lee, 2023; Chan & Tsi, 2024).
Apart from the above, instructors expressed concern that the use of GenAI might lead
to both unintentional (e.g., using AI-generated information that comes from unknown
sources) and intentional (e.g., using GenAI to complete assignments without approval)
misconduct among students during the learning process (Chan & Lee, 2023; Chan & Tsi,
2024; Petricini et al., 2023). Also, several instructors identified a potential inequity issue
that students who were unable to access GenAI or were hesitant to engage with it might
fall behind their peers in learning, compared to those who could access it and were ready
to try new technologies (Lee et al., 2024).

The concerns about the GenAI system itself that the instructors perceived included
data privacy and security, transparency of the GenAI system, copyright, ownership, and
authenticity of work (Chan & Lee, 2023; Lee et al., 2024). Their concerns about the accuracy
of GenAI outputs related to issues such as irrelevant information, factually incorrect
information, and other errors (Firaina & Sulisworo, 2023; Guo & Wang, 2024).

5.2.3. Instructors’ Perceived Needs

Given the current development of GenAI, instructors’ perceived needs are not only
based on their own needs but also on the needs of students. Instructors required clear
instructions and professional training, such as how to use GenAI appropriately and how
GenAI could support teaching (Johnson, 2024; Lee et al., 2024; Petricini et al., 2023). They
also needed institutional policies to address potential risks that might result from the
integration of GenAI in teaching and learning (Chan & Lee, 2023). Meanwhile, instructors
emphasized that college students needed to develop their AI literacy skills, including being
trained on how to use GenAI ethically and professionally, to be more competitive and
prepared for the future workplace (Chan & Tsi, 2024).

5.3. Researchers’ Perceptions

The literature has reported mixed perceptions of familiarity with GenAI tools, with
some researchers perceiving a high level of familiarity and others reporting only moderate
familiarity (Abdullah & Zaid, 2023; Marshall & Naff, 2024). Meanwhile, some researchers
expressed a high readiness to integrate GenAI into their research process, while others
doubted its benefits and did not recommend GenAI use in research (Abdullah & Zaid, 2023;
Marshall & Naff, 2024; Salman et al., 2024; Watermeyer et al., 2024).

5.3.1. Researchers’ Perceived Benefits

The first researchers’ perceived benefit was that GenAI could function as a research
process accelerator, boosting their publications and productivity (Abdullah & Zaid, 2023;
Nicholas et al., 2024; Watermeyer et al., 2024). Researchers perceived that GenAI could
support them in generating or brainstorming ideas, extracting or summarizing useful
information from the literature, speeding up data analysis, and facilitating drafting and re-
viewing manuscripts (Abdullah & Zaid, 2023; Nicholas et al., 2024). In qualitative research,
researchers perceived benefits in data analysis, including saving time from routine tasks
(e.g., transcription), providing preliminary coding of larger datasets, finding data patterns
that researchers missed, and bolstering coding consistency across the data (Marshall &
Naff, 2024).
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Some researchers believed GenAI helped them relieve their work burden from menial
tasks, allowing them to pursue what they identified as meaningful or valuable research
work (Watermeyer et al., 2024). Then, several researchers recognized the benefits of GenAI
for their academic communication. A body of early-career researchers shared that through-
out their academic networking, GenAI could provide engaging replies or suggestive texts
to make communications smooth and sustained. For non-English-speaking researchers,
GenAI could deliver authentic translations or wording modifications to make the conversa-
tion content more accessible for both parties (Nicholas et al., 2024).

5.3.2. Researchers’ Perceived Concerns

Researchers’ perceived concerns about using GenAI are divided into two categories:
concerns about the researchers themselves and concerns about the research. For concerns
related to the researchers themselves, many researchers worried about the overreliance on
GenAI, making them become lazy in thinking or developing adequate research skills, thus
leading to a decline in their research capabilities (Abdullah & Zaid, 2023; Marshall & Naff,
2024; Salman et al., 2024). Second, multiple researchers expressed their apprehension that
once part of their work was outsourced by GenAI, they would be assigned new tasks that
might further overwhelm them with increased research pressure; for example, they might
be expected to produce more output in even less time (Watermeyer et al., 2024).

Researchers’ concerns about GenAI’s impact on overall research include low-quality
publications, compatibility with specific research fields, and ethical issues. During the
discussion of low-quality publications, early-career researchers noted that the overall
quality of research was likely to decline if less experienced or lower-quality researchers
gained the ability to produce more research output with GenAI’s scaffolding (Nicholas
et al., 2024). Moreover, other researchers emphasized that it would also result in low-
quality publications if one fell into the trap of publication competition by solely considering
output quantity and overlooking research regulations and ethics (Nicholas et al., 2024;
Watermeyer et al., 2024). Furthermore, researchers posited that GenAI’s intrinsic functional
limits also led to low-quality publications, such as the sharing of inaccurate information,
misinterpretation of complex topics, oversimplified textual analysis, a lack of scientific
rigor, inadequate review, or without editorial oversight (Andersen et al., 2025; Marshall &
Naff, 2024; Nicholas et al., 2024; Salman et al., 2024).

Researchers pointed out the lack of compatibility of using GenAI in their specific research
field (Abdullah & Zaid, 2023; Marshall & Naff, 2024). Some of them underlined that qualitative
research was a human-centered and person-focused research methodology that relied on
qualitative researchers’ own perspectives to understand and interpret phenomena arising
from the collected data. Therefore, applying GenAI to conduct data analysis is opposed to the
entire qualitative paradigm with a loss of human elements (Marshall & Naff, 2024).

Regarding ethical issues, many researchers voiced concerns about access inequalities,
such that researchers with access to GenAI tools could accelerate their research process
and produce more outputs than their peers who did not utilize GenAI (Nicholas et al.,
2024). Other concerns among researchers included data breaches, inauthenticity of work,
copyright infringement, and plagiarism (Abdullah & Zaid, 2023; Andersen et al., 2025;
Nicholas et al., 2024).

5.3.3. Researchers’ Perceived Needs

Researchers suggested it was necessary to (1) provide training and resources to facili-
tate researchers’ effective and ethical use of GenAI and (2) to modify evaluation criteria
in research that focuses more on the quality rather than quantity of publications to ensure
research integrity (Abdullah & Zaid, 2023; Nicholas et al., 2024).
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5.4. Administrators’ Perceptions

Due to the limited empirical studies exploring administrators’ perceptions of GenAI
usage, the current review examined studies of institutional GenAI policies and guide-
lines to represent administrators’ perceptions. These policies can serve as a formal
expression of administrators’ intentions, thereby reflecting their attitudes, values, and
decision-making directions.

Existing studies indicate that institutional-level policies reflect administrators’ general
open but cautious attitude to GenAI integration in HE. According to recent evidence, none
of the top 100 U.S. universities had completely banned GenAI tools; however, the use of
GenAI was allowed with conditions (H. Wang et al., 2024). Approximately 63% of the 116
R1 universities in the U.S have encouraged the use of GenAI in teaching and learning, with
many institutions providing detailed guidance and sample syllabi to support its appro-
priate implementation (McDonald et al., 2024). Among the top 500 universities globally,
132 universities implemented GenAI policies. Nearly 70% of these universities permitted
GenAI use, more than twice the number that banned it. Moreover, many universities that
prohibited GenAI use allowed instructors to determine the extent to which it could be
used in their courses and assessments (Xiao et al., 2023). One noteworthy situation was
that administrators’ attitudes toward GenAI usage were dynamic, from more hesitation or
prohibition in late 2022 and early 2023 to more acceptance after mid-2023 (Cheng & Yim,
2024; Driessens & Pischetola, 2024).

5.4.1. Administrators’ Perceived Benefits

Existing university policies imply that administrators’ perceived benefits of GenAI
usage in HE are predominantly associated with teaching and learning. The wording in
these policies suggests that administrators regard GenAI as a useful tool for students’
self-learning (Y. Dai et al., 2024). Many universities’ guidance recommends that students
use GenAI tools to facilitate brainstorming or drafting, access language support (e.g.,
proofreading), explore certain concepts (e.g., explaining concepts and clarifying confusion),
and receive immediate feedback (Y. Dai et al., 2024; McDonald et al., 2024).

Furthermore, the policies frame GenAI as advantageous in the teaching process,
particularly in terms of class design and planning, assessment, and tailored learning
for students (Y. Dai et al., 2024; McDonald et al., 2024). Some universities’ guidance
encourages instructors to apply GenAI for assisting in generating teaching materials (e.g.,
PowerPoint slides and class handouts) and in constructing lesson plans, such as creating
more engaging class activities and generating examples related to class content (Y. Dai et al.,
2024; McDonald et al., 2024). For assessment, universities’ guidelines suggest instructors’
utilization of GenAI in facilitating the design of traditional assessment methods, such as
quizzes and projects (McDonald et al., 2024). A few universities’ policies recommend the
utilization of GenAI in teaching to achieve tailored learning for students. For instance,
the University of Hawaii mentions that “AI algorithms can analyze student preferences,
past performance, and learning patterns to recommend relevant resources, supplementary
materials, or additional learning opportunities” (McDonald et al., 2024, p. 13).

In addition, the guidelines of some universities also express administrators’ encouragement
for researchers to engage with GenAI critically, regarding it as an assistant in their research work
rather than relying on it as the primary means of producing research (Y. Dai et al., 2024).

5.4.2. Administrators’ Perceived Concerns

The existing policies suggest that, under the teaching and learning context, administra-
tors have apprehensions about academic misconduct or plagiarism, ineffective AI detection,
and data privacy leakage (Y. Dai et al., 2024; Driessens & Pischetola, 2024; H. Wang et al.,
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2024). Specifically, many universities implement rules to ensure academic integrity, requir-
ing students to consult with instructors to obtain permission before using GenAI and to
declare their GenAI use in assignments (Y. Dai et al., 2024). Asking GenAI to complete
assignments (e.g., an exam) or directly submitting a GenAI response in assignments is
regarded as misconduct (Y. Dai et al., 2024; Driessens & Pischetola, 2024). Referring to detect-
ing AI-generated content in student assignments, some universities are using guidelines to
caution instructors that AI detection tools are unreliable (McDonald et al., 2024). McDonald
et al. (2024) quote Carnegie Mellon University: “Although companies such as Turnitin are
beginning to offer AI detection services, none have been established as accurate” (p. 12).
Moreover, numerous universities express in their policies and guidelines that users’ private
information may be retained for the training of AI models; students and instructors need to
avoid disclosing any confidential information when utilizing GenAI tools (Y. Dai et al., 2024;
Driessens & Pischetola, 2024; McDonald et al., 2024; H. Wang et al., 2024).

Institutional policies reveal administrators’ concerns in the research context, partic-
ularly data privacy and protection, authenticity, originality, and copyright (Y. Dai et al.,
2024; McDonald et al., 2024). Universities’ policies prohibit researchers from entering
proprietary data, personal information, or confidential information into GenAI platforms
without consent, and they emphasize the importance of producing research ethically and
appropriately (Y. Dai et al., 2024; McDonald et al., 2024). For instance, McDonald et al.
(2024) quote the University of Central Florida: “cautious, if not outright paranoid, about
privacy, legality, ethics, and many related concerns, when thinking about exposing your
primary research to any AI platform” (p. 18).

Existing policies demonstrate administrators’ concerns about GenAI’s inherent limita-
tions, particularly its inaccuracy and bias, as well as equality issues (Driessens & Pischetola,
2024; McDonald et al., 2024; H. Wang et al., 2024). Guidance from various universities
advises on-campus stakeholders to exercise caution when using AI-generated responses,
because they can produce misleading information, fabricated information, content that
lacks in-depth knowledge in specific academic fields, unreliable references, and biased
responses (Driessens & Pischetola, 2024; H. Wang et al., 2024). Moreover, a range of univer-
sities, such as the University of Nevada and Carnegie Mellon University, remind instructors
that access to GenAI is unequal; not all students have access to these tools, and some choose
not to use them (McDonald et al., 2024).

5.4.3. Administrators’ Perceived Needs

According to Y. Dai et al. (2024) and H. Wang et al. (2024), existing institutional policies
and guidelines always include the policy framework (i.e., fundamental statement, usage
guidelines, dos and don’ts) and practical support (i.e., GenAI knowledge sharing, GenAI
learning resources sharing, template of GenAI use). This mainly represents administrators’
perceived needs for HE stakeholders, particularly students, faculty, and researchers, to
acquire and develop AI literacy, including general GenAI knowledge, pros and cons of
GenAI, critical thinking, and appropriate use (Y. Dai et al., 2024). See Appendix B for a
summary of all studies discussed in this section.

6. Discussion of Commonalities and Differences Among Stakeholders
6.1. Commonalities

Across the literature, the perceived benefits identified by students, instructors, re-
searchers, and administrators converge on several aspects. One prominent alignment is
that all four groups of stakeholders agree on the usefulness of GenAI in language support,
such as enhancing writing proficiency, facilitating drafting, proofreading, or providing
translation (Chan & Hu, 2023; Y. Dai et al., 2024; Lee et al., 2024; Liu et al., 2024; Nicholas
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et al., 2024). A further consensus among the four groups of stakeholders is that GenAI aids
in brainstorming and thinking, particularly in the contexts of teaching and learning and of
research (Abdullah & Zaid, 2023; Chan & Lee, 2023; Chan & Tsi, 2024; Y. Dai et al., 2024;
Habib et al., 2024). They all likewise concur that GenAI is an efficient tool, helping save
time and energy in completing tasks (Firaina & Sulisworo, 2023; Lee et al., 2024; Liu et al.,
2024; Marshall & Naff, 2024).

Beyond the areas of unanimous agreement, stakeholders also align on several other
aspects. Students, instructors, and administrators believe that GenAI is a beneficial learning
tool for students, because it can provide immediate and personalized feedback, as well as
offer clear explanations of content that students do not understand (Chan & Hu, 2023; Chan
& Tsi, 2024; Y. Dai et al., 2024; Fuller & Barnes, 2024). Instructors and administrators agree
that GenAI can better assist teachers in their class preparation (e.g., planning engaging
activities) and assessment (e.g., creating assessment methods; Cabellos et al., 2024; Chan &
Tsi, 2024; Y. Dai et al., 2024; Guo & Wang, 2024; Johnson, 2024). In both student assignment
evaluation and the research process, instructors and researchers treat GenAI as a checking
or reviewing tool, catching any omissions they may not be able to identify on their own
(Guo & Wang, 2024; Marshall & Naff, 2024).

Across the literature, the perceived concerns identified by students, instructors, re-
searchers, and administrators are mainly centered on three areas. All four groups of
stakeholders worry about GenAI’s inherent limitations, particularly potential data privacy
leakage and inaccuracy of AI-generated responses (Abdullah & Zaid, 2023; Baek et al.,
2024; Guo & Wang, 2024; Lee et al., 2024; McDonald et al., 2024; Shoufan, 2023). These
stakeholders also find common ground on access inequality: not all stakeholders have
equal access to GenAI tools that support their learning or research (Lee et al., 2024; Liu
et al., 2024; McDonald et al., 2024; Nicholas et al., 2024). Another consensus among the four
groups of stakeholders is their apprehension about academic or research misconduct, such
as plagiarism (Chan & Tsi, 2024; Y. Dai et al., 2024; Luo, 2024b; Nicholas et al., 2024).

Besides the perceived concerns that receive full consensus, stakeholders converge
on several additional aspects. Students, instructors, and researchers are concerned about
overreliance on GenAI, which may hinder one’s critical thinking, creativity, autonomy, and
other learning or research capabilities (Abdullah & Zaid, 2023; Chan & Hu, 2023; Chan &
Lee, 2023; Marshall & Naff, 2024). While referring to the use of AI-generated information
in research or teaching and learning contexts, instructors, researchers, and administrators
express their anxieties about copyright, ownership, or authenticity of their work (Chan
& Lee, 2023; Y. Dai et al., 2024; Lee et al., 2024; Nicholas et al., 2024; Salman et al., 2024).
Additionally, students and instructors report that the educational value (e.g., the teacher’s
role in teaching) of HE may be weakened with GenAI’s integration in teaching and learning
(Chan & Hu, 2023; Lee et al., 2024).

Across the literature, students, instructors, researchers, and administrators consistently
emphasize the need to develop GenAI literacy through clear instructions, guidelines, or
targeted training, aimed at fostering relevant background knowledge and promoting the
responsible use of GenAI in academic and professional practice (Abdullah & Zaid, 2023;
Chan & Lee, 2023; Chan & Tsi, 2024; Y. Dai et al., 2024; Johnson, 2024; Lee et al., 2024; Luo,
2024b; Nicholas et al., 2024; Petricini et al., 2023; H. Wang et al., 2024).

6.2. Differences

The four groups of stakeholders’ perspectives on GenAI usage in HE vary in their over-
all attitude (e.g., readiness). Students hold a more positive and open attitude, embracing
GenAI in HE, while instructors and researchers keep a mixed attitude, hesitating to decide
whether the use of GenAI is more an opportunity or more a threat in HE; administrators
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hold an open but cautious attitude toward GenAI integration into HE (Abdullah & Zaid,
2023; Cabellos et al., 2024; Chan & Hu, 2023; Marshall & Naff, 2024; Petricini et al., 2023;
Xiao et al., 2023; Zafar et al., 2024). Furthermore, only administrators’ overall attitude
demonstrates a distinctly dynamic change over time, shifting gradually from waiting or
more banning to more embracing of GenAI; however, the other three stakeholder groups
do not show this notable fluctuation (Cheng & Yim, 2024; Driessens & Pischetola, 2024).

While discussing perceived benefits, students and researchers primarily concen-
trate on benefits tightly relevant to themselves, whereas instructors consider both self-
related and student-related benefits (Chan & Tsi, 2024; Guo & Wang, 2024; Liu et al.,
2024; Watermeyer et al., 2024). The policies created by administrators reflect a com-
prehensive perspective regarding perceived benefits, considering the advantages of
integrating GenAI in different HE contexts for students, instructors, and researchers
(Y. Dai et al., 2024; McDonald et al., 2024).

While discussing perceived concerns, researchers limit their focus to the disadvantages
of using GenAI in the research context, which is still closely related to their own interests
(Marshall & Naff, 2024; Nicholas et al., 2024; Salman et al., 2024). This may reflect the
scope of the questions asked in existing studies rather than researchers’ own preferences,
since many of them would also be considered instructors in a teaching context. Students
and instructors not only express their worries about the negative impact of GenAI on
themselves, but also express other concerns about using GenAI in teaching and learning
contexts, such as the trust between students and faculty in academic assessments (Baek
et al., 2024; Chan & Lee, 2023; Fuller & Barnes, 2024; Johnson, 2024). Again, administrators
seem to provide a holistic perspective on perceived concerns through institutional policies,
presenting the potential of GenAI to hinder the performance of students, instructors, and
researchers in HE (Y. Dai et al., 2024; Driessens & Pischetola, 2024; H. Wang et al., 2024). See
Appendix C for a list of commonalities and differences among stakeholders’ perceptions.

7. Limitations and Future Research Recommendations
This review primarily explored and synthesized the applications, capabilities, and

perceptions of GenAI across various HE contexts and stakeholder groups, but it did
not aim to provide a detailed temporal analysis of development between 2023 and 2025.
Given the rapid evolution of GenAI technology during this period, emerging capabilities
and features of GenAI could bring inspiring practical innovations and new insights into
GenAI’s integration in HE. Efforts to provide this type of synthesis across studies would be
complicated by the fact that data collection and publication timelines may not align, and the
evolution and incorporation of GenAI may vary considerably within and across countries.
Therefore, future research employing longitudinal designs would be quite valuable to
explore the changes in GenAI applications and stakeholders’ perceptions of GenAI. In
addition, although this review included studies conducted in various countries, it did
not undertake a comparative cross-national analysis. Because GenAI integration varies
across national contexts, future research could provide important insights by systematically
comparing patterns of integration and governance across countries, with attention toward
the factors that may influence these dynamics.

8. Conclusions and Implications for Institutional Practice
In this study, we reviewed 50 empirical articles on GenAI in HE. Across teaching

and learning, research, and student affairs contexts, the literature documented current
applications and potential capabilities of GenAI. The vast majority of reviewed studies
reported appropriate practice of GenAI, with only a limited number reflecting instances of
academic misconduct. Regarding the perceptions of GenAI among stakeholder groups in
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HE, we found that students often hold a more open and positive attitude toward GenAI,
while instructors and researchers hold mixed attitudes, and administrators tend to hold
open but cautious attitudes. Based on the findings from this review, it appears to be
feasible for GenAI to be used by various HE constituents in a manner that will provide
benefits while addressing some of the associated concerns. The following implications for
institutions can be considered to facilitate responsible GenAI integration into HE.

To respond to stakeholders’ concerns and needs in a comprehensive manner, institu-
tions may consider launching a dedicated GenAI learning hub to improve stakeholders’
AI literacy skills. This learning hub aims to support stakeholders in acquiring GenAI
knowledge, utilizing GenAI appropriately, and safeguarding their interests while using
GenAI. This learning hub’s possible sections may include fundamental knowledge of
GenAI (with content tailored for various stakeholders), regular topic-based GenAI train-
ing (e.g., prompt engineering: a skill of designing or refining prompts to guide GenAI
models toward outputting high-quality and purpose-aligned contents), learning about
resources linked to external platforms (e.g., Coursera), and an interactive discussion forum
for on-campus stakeholders.

To protect stakeholders’ data privacy and ensure confidentiality, it is recommended
that institutions may sign a license agreement with reputed AI vendors to allow stake-
holders with institutional accounts to use GenAI tools (e.g., Microsoft Copilot). Under
this license agreement, data will not be used for training future GenAI models, will not
be leaked, and will not be used for any inappropriate purpose (Driessens & Pischetola,
2024). Moreover, having GenAI tools as an add-on to existing institutional software (e.g.,
Microsoft 365) can provide all institutional stakeholders with equitable access to GenAI
technology, thereby reducing the current disparities among stakeholders.

In terms of institutional GenAI policy, institutions should include a clear description in
their code of conduct about which uses of GenAI are permitted and which are prohibited. This
will guide stakeholders to understand their rights and responsibilities, as well as create a sense
of security and reassurance when using GenAI. Considering the concerns about plagiarism
in the digital age, it may be beneficial for institutions to redefine the concept of originality
as well. The traditional definition of originality stresses independent and self-generated
work without external assistance, expecting a clear distinction between stakeholders’ original
thoughts and external resources (Luo, 2024a). Yet, as GenAI becomes deeply integrated into
common digital platforms, such as Google Search with its default AI mode, it is increasingly
impractical to assume that stakeholders in HE can fully abstain from GenAI usage. Moreover,
when stakeholders use GenAI to explore, brainstorm, refine, or structure their thoughts, the
line between human and GenAI authorship becomes blurry. As Luo (2024a, 2024b) pointed
out, with the continued advancement of GenAI, human creativity and problem-solving will
become intertwined with GenAI, as humans will continue to add their own thoughts and
modifications when utilizing GenAI. Building on this (Luo, 2024a) argument, this study
further suggests that, at the institutional level, the core of redefining originality in the digital
age lies in shifting the focus from whether individuals use GenAI to how individuals use
GenAI. In practice, stakeholders, particularly students, could be encouraged to share a GenAI-
use reflective statement that explains how they employed GenAI and what reflections they
have on this process. This not only demonstrates transparency and intellectual engagement in
academic assignments but also provides evidence of stakeholders’ active thinking, evaluation,
and decisions rather than simply following GenAI outputs. Based on the above, plagiarism,
particularly unintentional plagiarism, may be improved.

Finally, despite the absence of student affairs practitioners’ perspectives on GenAI
usage, institutions can still take measures to integrate GenAI into student affairs. Institu-
tions may run one or more pilot programs in selected functional areas (e.g., International

https://doi.org/10.3390/educsci16020323

https://doi.org/10.3390/educsci16020323


Educ. Sci. 2026, 16, 323 20 of 27

Programs). This piloting can help institutions collect feedback from stakeholders (e.g.,
students and staff) to evaluate the effectiveness of GenAI assistance and assess resource
utilization (e.g., human resources, budget, or technology) for future adjustments.
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Appendix A

Table A1. Studies in “GenAI’s Capabilities in Different HE Contexts”.

Contexts Studies Use Field Capabilities Summary GenAI
Model/Software

Learning

(Chaudhry et al.,
2023)

Academic
plagiarism A tool to complete the course assignments ChatGPT

(Gilson et al., 2023) Medical education
Supplement for learning: provide answers for
professional questions with explanations,
personalized responses

ChatGPT

(Kung et al., 2023) Medical education Supplement for learning: share explanations
and provide new perspectives ChatGPT

(Saini et al., 2024) Education Supplement for peer review (provide
objective, clear, and immediate feedback) NA

(Yilmaz &
Karaoglan Yilmaz,
2023)

Programming
education

Learning tool for (enhancing) computational
thinking skills, programming self-efficacy,
and learning motivation

ChatGPT

Teaching

(W. Dai et al., 2023) Assessment,
feedback

Auxiliary tool for textual assignments
reviews (feedback on accuracy, completeness,
and strategies or approaches with human
oversight

GPT-4

(Escalante et al.,
2023)

Assessment,
feedback

Auxiliary tool for writing and linguistic
reviews with human oversight ChatGPT

(Popovici, 2024) Assessment,
feedback

Auxiliary tool for code reviews (with valid
and clear explanations) with human oversight ChatGPT

(Tupper et al., 2023) Class preparation
Auxiliary tool for course designs (preparing
original or pre-existing course plan) with
human instructions or guidance

ChatGPT
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Table A1. Cont.

Contexts Studies Use Field Capabilities Summary GenAI
Model/Software

Research

(Athaluri et al.,
2023)

General research
reporting Proposal writing and reference generation ChatGPT

(Lockwood, 2024) Qualitative
research

Auxiliary tool to combine rapid coding with
human expertise and insights GPT-4

(Zhang et al., 2024) Qualitative
research

Auxiliary tool for rapid coding and
collaborative AI researcher for independent
coding

GPT-3

Student
Affairs

(Abdelhamid et al.,
2025) Academic advising Provide quick and content-pertinent

responses GPT-4

(Aguila et al., 2024) Academic advising Bring students immediate response and
reduce advisors’ workload

Fine-tuned
Llama 2

(Chang et al., 2024) Career services
Provide immediate responses and up-to-date
information and bridge the mentorship
between students and human mentors

Gemini

(Lekan & Pardos,
2024) Academic advising Provide major recommendations and Q&A

for the major selection GPT-4

Appendix B

Table A2. Studies in “Stakeholders’ Perceptions of GenAI Usage”.

Studies Research
Methods Country of Participants Number of

Participants Data Collection

Students’ Perceptions

(Baek et al., 2024) Survey NA 1001 college
students

Prolific online
questionnaire

(Chan & Tsi, 2024) Survey

China (Hong Kong and
mainland China), Australia,
United Kingdom/Ireland. Other
regions: North America, East
Asia, and Not specified

399
undergraduates
and graduates; 184
teachers

Online questionnaire

(Chan & Hu, 2023) Survey China (Hong Kong)
399
undergraduates
and graduates

Online questionnaire

(Zafar et al., 2024) Survey NA 354 college
students Questionnaire

(Liu et al., 2024) Mixed China (Hong Kong and
mainland China)

232
undergraduates
and 243 graduates

Qualtrics questionnaire
and semi-structured
interview

(Habib et al., 2024) Mixed NA 100
undergraduates

Alternative Use Test and
reflections

(Shoufan, 2023) Mixed NA 56 senior students
One open-ended question
(Stage 1) and
questionnaire (Stage 2)

(Fuller & Barnes,
2024)

Mixed-method
Case Study NA 11 graduates

Online questionnaire and
semi-structured focus
group interview
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Table A2. Cont.

Studies Research
Methods Country of Participants Number of

Participants Data Collection

Students’ Perceptions

(Luo, 2024b) Interview NA 11 undergraduates
and graduates

Zoom interviews (with
concept mapping) and
follow-up interviews

Instructors’ Perceptions

(Cabellos et al.,
2024) Survey NA

321 Spain
university teachers
(public and private
universities)

Questionnaire

(Petricini et al.,
2023) Survey NA

276 faculty and 380
students, at a
public university in
the eastern United
States

Online questionnaire

(Chan & Lee, 2023) Survey

China (Hong Kong and
mainland China), Australia,
United Kingdom/Ireland. Other
regions: North America, East
Asia, and Not specified

184 teachers; 399
undergraduates
and graduates

Questionnaire

(Chan & Tsi, 2024) Survey

China (Hong Kong and
mainland China), Australia,
United Kingdom/Ireland. Other
regions: North America, East
Asia, and Not specified

184 teachers; 399
undergraduates
and graduates

Online questionnaire

(Johnson, 2024) Survey NA 124 Leeds Beckett
University teachers

Microsoft Forms
questionnaire

(Lee et al., 2024) Survey NA 30 University of
Adelaide faculty Qualtrics questionnaire

(Guo & Wang,
2024) Mixed China 5 Chinese

university teachers

Textual documents (e.g.,
student essay and teacher
feedback) & questionnaire

(Firaina &
Sulisworo, 2023) Interview NA 5 Indonesian

university lecturers
(No detailed information
about interviews)

Researchers’ Perceptions

(Andersen et al.,
2025) Survey Denmark 2,534 researchers Online questionnaire

(Watermeyer et al.,
2024) Survey United Kingdom 284 academics Qualtrics questionnaire

(Salman et al.,
2024) Survey Kingdom of Bahrain 173 researchers Google Form

questionnaire

(Marshall & Naff,
2024) Survey NA 101 researchers Qualtrics questionnaire

(Abdullah & Zaid,
2023)

Qualitative
Case Study NA 33 social science

researchers
Online survey and
semi-structured interview

(Nicholas et al.,
2024) Interview

China, Malaysia, Poland,
Portugal, Spain, United
Kingdom, and United States

91 early-career
researchers

Semi-structured,
free-flowing interview
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Table A2. Cont.

Studies Research
Methods Country of Participants Number of

Participants Data Collection

Administrators’ Perceptions (Policies)

(Xiao et al., 2023) Content
Analysis NA NA

AI polices and guidelines
of the top 500 universities
(2022 QS ranking)

(McDonald et al.,
2024)

Content
Analysis NA NA

AI policies and guidelines
of 116 R1 U.S. universities
(Carnegie classification)

(H. Wang et al.,
2024)

Content
Analysis NA NA

AI polices and guidelines
of the top 100 U.S.
universities (2024 U.S.
News ranking)

(Y. Dai et al., 2024) Content
Analysis NA NA

AI policies and guidelines
of 30 Asia universities in
the top 60 (2024 QS
ranking)

(Cheng & Yim,
2024)

Content
Analysis NA NA

31 new articles for 8 Hong
Kong universities’ AI
policies

(Driessens &
Pischetola, 2024)

Content
Analysis NA NA AI policies and guidelines

of 8 Danish universities

Appendix C

Table A3. Commonalities and differences among stakeholders’ perceptions of GenAI usage in HE.

Perceptions S I R A

Benefits

Language support: writing proficiency, reading comprehension, proofreading, refining,
or translation Y Y Y Y

Brainstorming and thinking support Y Y Y Y
Time-saving and energy/effort-saving Y Y Y Y
(To students) Providing immediate and personalized feedback, and clear explanations Y Y Y
(To instructors) Facilitating class preparation and assessment Y Y
Checking/reviewing for any omissions Y Y
Good user experiences: easy-to-use, human-like conversation, and learning confidence
and motivation boosting Y

(To students) Expanding horizons and enhancing digital capability Y
Research accelerator for more publications and higher productivity Y
Academic communication support Y
(To instructors) Supporting tailored learning for students Y

Concerns

Data privacy leakage and GenAI inaccuracy Y Y Y Y
GenAI access inequality Y Y Y Y
Academic or research misconduct (e.g., plagiarism) Y Y Y Y
Overreliance on GenAI: hindering critical thinking, creativity, autonomy, and capabilities Y Y Y
Issues related to copyright, ownership, or authenticity Y Y Y
Devaluation of postsecondary education Y Y
Student-faculty trust issues in the academic assessment Y
Job replacement Y
(To instructors) Challenge assessment accuracy for students’ learning Y
(To students) Lack of peer interaction Y
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Table A3. Cont.

Perceptions S I R A

Concerns

(To students) Limited AI literacy skills Y
Transparency of the GenAI system Y
More research workload Y
Low-quality research publications Y
Incompatibility in specific research fields Y
AI-detector inefficiency and unreliability Y

Needs Develop GenAI literacy skills Y Y Y Y
In this table, “S”, “I”, “R”, and “A” represent “Students”, “Instructors”, “Researchers”, and “Administrators”,
respectively. “Y” means “Yes”, indicating that a certain stakeholder group has mentioned certain perceptions.
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