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Abstract: The emergence of generative Al has caused a major dilemma—as higher edu-
cation institutions prepare students for the workforce, the development of digital skills
must become a normative aim, while simultaneously preserving academic integrity and
credibility. The challenge they face is not simply a matter of using Al responsibly but
typically of reconciling two opposing duties: (A) preparing students for the future of work,
and (B) maintaining the traditional role of developing personal academic skills, such as crit-
ical thinking, the ability to acquire knowledge, and the capacity to produce original work.
Higher education institutions must typically balance these objectives while addressing
financial considerations, creating value for students and employers, and meeting accredita-
tion requirements. Against this need, this multiple-case study of fifty universities across
eight countries examined institutional response to generative Al The content analysis
revealed apparent confusion and a lack of established best practices, as proposed actions
varied widely, from complete bans on generated content to the development of custom
Al assistants for students and faculty. Oftentimes, the onus fell on individual faculty to
exercise discretion in the use of Al, suggesting an inconsistent application of academic
policy. We conclude by recognizing that time and innovation will be required for the
apparent confusion of higher education institutions in responding to this challenge to be
resolved and suggest some possible approaches to that. Our results, however, suggest that
their top concern now is the potential for irresponsible use of Al by students to cheat on
assessments. We, therefore, recommend that, in the short term, and likely in the long term,
the credibility of awards is urgently safeguarded and argue that this could be achieved by
ensuring at least some human-proctored assessments are integrated into courses, e.g., in
the form of real-location examinations and viva voces.

Keywords: generative Al; academic integrity; plagiarism; academic quality; ChatGPT;
student assessment; learning technology

1. Introduction

The question of the responsible use of artificial intelligence (Al) in education has
become a flashpoint following the public release of chatbots in 2022 and their subsequent
adoption [1-4] by students, instructors, and academic administrators. While one might
intuitively, and perhaps naively, agree that using technology responsibly is preferable to
using it irresponsibly, this question is not easily answered. In the absence of a clearly
defined notion of responsibility, it becomes a question of value rather than a question of
fact. The generative Al revolution caught academia by surprise. A recent UNESCO [4]
survey of over 450 schools and universities describes it as the “[f]astest spreading digital
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application of all time” and underscores a gap by noting that “[l]ess than 10% of schools
and universities have formal guidance on Al”, further stressing that “[w]hile schools and
universities appear to be taking their time to make recommendations and lay down rules,
students and teachers are not waiting”.

The results of a recent survey of n = 224 chief business officers [5] and n = 380 presidents [6]
at U.S. colleges and universities, conducted by Inside Higher Ed and Hanover Research,
paint a similar picture. The report notes that while “relatively few presidents” institutions
(18 percent) have published or adopted a policy or policies governing the use of Al,
including in teaching and research” [5] (p. 6), the technology is being widely used, with
33% of business officers using Al to make job-related decisions, and 45% of presidents
reporting using Al virtual chat assistants and chatbots. The number of academic leaders
who felt optimistic about the emerging technology was much higher than those who were
concerned, where over half—55% of business officers and 50% of presidents—“describe
themselves as somewhat or very optimistic”. In contrast, fewer respondents—6% of
presidents and 4% of business officers—expressed concern about Al’s impact on higher
education. And, while only 13% of officers have confidence in the higher education sector’s
preparedness to manage the rise of Al, 24% of officers and 17% of presidents are confident
that their own institution has a grip on the situation.

In this paper, as instructors in Western universities, we focus on generative artificial
intelligence, defined here as a set of computer algorithms that simulate intelligent human
behaviors [7], and examine its impact on the academic processes.

One may argue that generative Al is just another technological tool—a more advanced
learning and teaching aid [8]; if we find the latter useful and allow its use in the classroom,
there is no reason we should deny the use of the former. This technology has tremendous
potential to improve the learning environment; it can fillin the gaps in student and faculty
support, providing a personalized learning experience, on-demand tutoring, and immedi-
ate feedback, as well as automating assignment grading and streamlining course creation
and research activities [9-11].

However, this argument leads to a conundrum. On the one hand, information technolo-
gies have long played a vital role in supporting teaching, learning, and research in education.
On the other hand, the gold standard of learning is akin to Plato’s dialogues—pondering
minds testing each other’s assumptions about reality; technology has no place in this.
Critical thinking skills and the ability to produce original work have largely been the
hallmark—and obsession—of academia. Communication and computational devices are
often banned, with the focus placed on individual achievement, and collaboration may be
misconstrued as collusion [12]. Examinations have been conducted in strictly controlled
environments, as if the subjects were tested in a lab where exposure to contaminants could
skew the results. The technological space where learning takes place differs from the
realities outside the classroom.

One might further argue that generative Al is not just another technological tool
because it represents a notable leap forward. While earlier algorithms were primarily
used to analyze human-produced data, the new class of algorithms is capable of log-
ical reasoning and generating its own data [13,14]; it can take the human out of the
loop—generate bespoke essays, conference papers, course outlines, and computer code,
allowing students, instructors, and researchers to delegate much of their work to Al as-
sistants. Ifenthaler et al. [15] stressed that “Al is omnipresent in education” and noted
that “new roles and profiles are emerging beyond traditional ones”. The public release
of generative Al tools such as ChatGPT was met with excitement. Within the first few
months, it attracted millions of users [2]. According to a recent survey conducted by Tyton
partners and sponsored by Turnitin of 1600 students and 1000 faculty members across



World 2025, 6, 81

30f18

more than 600 institutions, the use of generative Al is growing, and many students would
continue using the tools even if they were banned [1]. This may be viewed as alarming and
a reason for concern. A recent study demonstrated that Al can be “the brightest student
in the class” who scores higher on assignments than human counterparts [16]. Another, a
study of UK Open University assessment by Richards et al. [17], concluded the following:
“[plerhaps the most significant finding. . .is not that ChatGPT behaves as an outstanding
student across some of the undergraduate modules, but that it performs consistently as
an ‘adequate undergraduate student’—able to pass assessment without drawing undue
attention to itself” (p. 15).

A further study also using blind marking of Al-produced examination scripts at a
British university [18] concluded that “the grades awarded to our Al submissions were
on average half a grade higher than that achieved by real students”. Also, it concluded
that “across modules there was an 83.4% chance that the Al submissions would outper-
form a random selection of the same number of real student submissions”. Worryingly,
they found that 94% of their Al submissions were undetected. Similarly, a study by
Fleckenstein at al. [19] found that “. . .with relatively little prompting, current Al can gen-
erate texts that are not detectable for teachers, which poses a challenge to schools and
universities in grading student essays”. This evidence should not be ignored by higher
education institutions.

A further challenge that generative Al poses to the academic process is that, while
the originality requirement can be satisfied with little effort [20,21], algorithms are biased
toward linguistic diversity [22], which may lead to false accusations [23]. This opens a door
to a whole new array of issues relating to authenticity and ownership [24]. For instance,
admission portfolios, grant and patent applications, among other works expected to be
produced by humans, can be generated in-part by machines and presented as original
works created by humans. This leads to a peculiar situation where human-produced
artifacts are compared and ranked against the machine-generated content. Considering
that generative models can be trained on award-winning artifacts, there are implications for
justice, as some may gain an unfair advantage by using the machine, thereby skewing the
outcome. In this case, the winners are likely to be those with technology skills, rather than
those with the ability to produce original work. This raises the questions of whether using
Al to achieve a desired outcome is morally justifiable and whether academia’s obsession
with the originality of one’s work has, in the light of technological advancements, been
rendered obsolete.

The literature and media debates indicate that generative Al has sown seeds of distrust
among teaching staff, who are on the lookout for machine-assisted plagiarism, and in the
absence of adequate means of detection, may falsely accuse students of using ChatGPT [23].
A growing body of literature raises concerns about the potential misuse of Al and about
the gaps in the traditional checks and balances [20,21,25,26]. In one interview, when asked
about ChatGPT, Dr. Noam Chomsky described the technology as “high-tech plagiarism”
and a “way of avoiding learning” [27]. The opinion of New York City’s Department of
Education tallies with that of Chomsky, as it “announced a ban on the wildly popular
chatbot ChatGPT-which some have warned could inspire more student cheating —from
its schools” devices and networks” [28]. Moreover, technology that provides on-demand
answers promotes overreliance on technological aid, whereby one deprives oneself of
an opportunity to learn from their own mistakes, to find one’s own style, and to think
critically. These threats will likely be exacerbated in the future as wearable Al devices
become more ubiquitous.

All this has implications for academic processes including teaching, learning and
research, and therefore, it prompts a revision of the concepts of learning, integrity, au-
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thenticity, and originality and raises questions about the future of the teaching profession
and the value higher education is expected to provide. It is ironic that the absence of
policies governing the use of Al does not prevent some academic leaders from using the
technology to make decisions pertaining to academic processes [5,6]. This highlights that
while academia as an institution may adhere to traditional values, academia as an indus-
try, driven by the need for efficiency and economic viability, may adopt a more flexible,
technology-driven approach.

However, it could be argued that if Al tools are good enough for academic leaders to
keep courses and research programs running, they should also be considered acceptable
for students to use in completing assignments. Similarly, it could be argued that the former
have no moral right to punish the latter for practices they themselves partake in if, after all,
one role of institutions of higher education is viewed as being to prepare students for the
future of work, which is becoming predominantly technological.

In the next section, we explicate the research aims and questions and then provide
an overview of the related literature, describe the study methodology, present the results,
discuss the findings, and conclude with discussing future research directions.

Research Aims and Questions

The overarching objective of this study is to examine how higher education institutions
are confronting the new reality of generative Al It is motivated by the gap in the literature
on institutional responses and their commitment to doing the proverbial “right thing”.

This research is important and timely for several reasons. First, there is some evidence
to suggest a disparity between the adoption rates of Al and the policies governing its
use [6], which is a cause for concern. Moreover, the novelty of the issue, coupled with
its growing adoption rates, makes the matter even more urgent. For instance, ChatGPT
alone reached 100 million monthly active users in the two months after its launch [2]. The
impact of generative Al on academic processes is largely unknown and therefore warrants
examination. To this end, we posed one research question: what can academic guidelines
tell us about the responsible use of Al in higher education?

2. Background

In November 2021, the United Nations Educational, Scientific and Cultural Organiza-
tion (UNESCO) issued its first global standard on Al ethics, titled the Recommendation
on the Ethics of Artificial Intelligence [29]. This document may serve as the foundation
for the responsible use of Al It argues that the role of Al technologies in the academic
context should be to “support the learning process without reducing cognitive abilities”,
and highlights the importance of “research initiatives on the responsible and ethical use of
Al technologies in teaching, teacher training and e-learning, among other issues” [29] (p. 34).
The document further calls on member states to promote the acquisition of “media and
information literacy skills to strengthen critical thinking and competencies needed to
understand the use and implication of Al systems, in order to mitigate and counter dis-
information, misinformation and hate speech” [29] (p. 35),and stresses the importance of
developing ““prerequisite skills” for Al education. . .as well as critical and creative thinking,
teamwork, communication, socio-emotional and Al ethics skills” (p. 33). It also noted that
a system of checks and balances is needed “to effectively report on the benefits and harms
of Al systems” [29] (p. 35).

At the 2024 World Economic Forum Annual Meeting, Partovi and Yongpradit [3] dis-
cussed seven principles for the responsible use of Al in education. These include explicitly
connecting the use of Al to educational goals, affirming adherence to existing policies,
promoting Al literacy, realizing the benefits of Al while addressing the associated risks,
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promoting academic integrity, maintaining human decision-making, and continuously
assessing the impact of Al

Decades before generative algorithms became a staple of everyday life, academic
institutions were exploring the possibilities of using intelligent systems for student support,
improving learning and teaching outcomes, and mitigating cheating, among other use cases.
This is evidenced in a study by Bozkurt et al. [30], which reviews the application of artificial
intelligence (Al) technologies in education over a span of 50 years, from 1970 to 2020.

What constitutes responsible use of Al depends on the presuppositions about the
role of education as a societal institution. For instance, consider the argument made by
Ferguson et al. [31], who noted that the role of education is to “train people for employment,
to develop good citizens, to socialize people within a community, and to develop happy,
rounded individuals” (p. 6). If one accepts these premises as the raison d’étre, or ultimate
goals, of the educational process, then the responsible and ethical use of Al would be
any action taken to achieve these objectives. Studies of the response of higher education
institutions to Generative Al include Dabis, and Cséki [32], who concluded that “[r]egarding
human oversight, the typical response identified by the study involves a blend of preventive
measures (e.g., course assessment modifications) and soft, dialogue-based sanctioning
procedures”. Also, a study by Chan and Hu [33] focused on students’ perceptions of
generative Al technologies in higher education and included the recommendation that
.. higher education institutions should consider rethinking their policy, curricula and
teaching approaches to better prepare students for a future where GenAl technologies are
prevalent”. A novel “thing ethnography approach” by Michel-Villarreal et al. [34] asked
ChatGPT to explain the challenges and opportunities of Generative Al for higher education
and found “. .. the urgent need for clear policies, guidelines, and frameworks to responsibly
integrate ChatGPT in higher education” (p. 1). A study by Chan [35] proposed a six-point
policy framework to manage the use of Al in higher education, as follows: (1) provide
training to all stakeholders, (2) developing ethical use and risk management guidelines,
(3) complement human work with Al rather than replace it, (4) use Al to teach new skills,
(5) ensure the transparency of the Al environment, and (6) ensure data privacy and security.

The issue of bias in generative Al is well explored in the literature and ranges from
historical biases [36,37] to toxic or harmful language [38,39] and from medical diagnostic
errors [40,41] to gender bias [42]. When machine-generated content is integrated into
student essays, course syllabi, and research papers, the inherent bias in data will be
perpetuated as a result. Townson [43] proposed a three-stop approach to managing bias by
(1) deciding on data and design, (2) checking the model outputs, and (3) monitoring for
problems. However, one may dismiss such a proposal as impractical due to the sheer scale
of the data that need to be processed and updated with every societal change.

The full scope of risks related to machines that can imitate human artifacts remains
unknown, and thus, the concerns are well-warranted. Technology that relies on big data
suffers from what Lazer et al. [44] described as “big data hubris”. Typically, the process of
model creation is not transparent, and once created it remains a black box. Large datasets,
particularly of public discourse scraped from the Internet, may contain incomplete or
inaccurate information. Big data entails significant effort in preparing and monitoring
a model’s performance to ensure that it will not carry out what it was not designed to
carry out. Even when the scope of data is narrowed to scientific information, there is no
guarantee that the model will be reliable or produce a valid output every time. A case in
point is Meta’s scientific LLM, Galactica, which was taken down three days after its release.
Although the model produced a human-readable output, it failed in its core objective—to
provide factual information [45]. One should not accept a model’s output at face value.
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This, in turn, limits the useful scope of the application of generative Al in education, where
the pursuit of truth is the core objective.

3. Method

This qualitative study employs a multiple-case study design to examine the institu-
tional response to generative Al and its impact on their respective stakeholders as indicated
in their publicly available written sources. Our aim was to provide a high-level overview
of the institutional response to emergent generative Al through a content analysis of
these sources. Halkias et al. [46] noted that “the multiple case study design is a valuable
qualitative research tool in studying the links between the personal, social, behavioral,
psychological, organizational, cultural, and environmental factors that guide organizational
and leadership development”. This method is often applied in educational research to
examine the inner workings of academic institutions, as it allows researchers to draw
comparisons and identify common denominators, not only across different institutional
environments but also organizational functions and actions, as well as their policies and
initiatives [47-49]. This method provides a structured framework to achieve the study’s
objectives and identify patterns in institutional responses to the emergence of generative AL

The data collection and analysis process, depicted in Figure 1, was divided into five
phases. We began data collection with purposive sampling, using the QS World University
Rankings [50] as a primary data source. The rationale for using the QS World University
Rankings was its extensive use in previous research [51,52]. The 2024 list was composed of
1498 institutions across 104 countries. Data collection and analysis were conducted between
February and April 2024.

PHASE 1-Collect Data PHASE 3-Optimize Search Terms

PHASE 2-Test Sampling Strategy

|
| [ | | |
| |
: Run Query | : Create Se(cur;_j:l)’y Dataset : H Code Data ‘ |
L n=
| 2022105 World University | ™ ofunmeasities located i countries wiere | l |
| Rankings | I English cns an offcial or commondy used | | | |
| ¢ | | language | | | Conduct Peer Debriefing | |
| Create Primary Dataset | | ¥ : | 4 |
| (n=1498) | | Identify Common | |
| | | Keywords I | | Code Data | |
7777777777777 ‘A", “policy”, “guide”. and “Chat GPT |
| | i |
| |
| |
| |
| |

Create Test Subset
Draw 10 random university names

PHASE 4-Prepare Final Dataset

Create Subset (n=50)
Draw 50 random university names

Compute Inter-Rater Agreement ‘

¥

Search University Websites
Using The Following Keywords:
“Al". “poliey”. “guide” and “Chat GPT

y

|
|
|
|
T
|
|
Search University Websites |
|
|
|
|
|
|

Using The Following
Keywords: “drfificial Tntelligence™. “Al”

“gemerative Al”. “policy ", ~guidelines”.
“statemient” ~ChatGPT" “Bing chat
“Bard”, “Geniind”. ~Clande”, ~Mistral”. [ Employ Snowhall sampling |

DALL-E”. ~Stable Diffusion”. aid
Midjourney

Create Final Dataset
n=169 documents |

Figure 1. The data collection and analysis process.

Second, as a pilot, to assess the viability of the sampling strategy, a random subset of
10 university names was drawn from the primary data source and their respective website
search conducted. The preliminary list of search terms included the following: “Artificial
Intelligence”, “Al”, “generative Al”, “policy”, “guidelines”, “statement”, “ChatGPT”,
“Bing chat”, “Bard”, “Gemini”, “Claude”, “Mistral”, “DALL-E”, “Stable Diffusion”, and
“Midjourney”. The preliminary analysis revealed that while all landing pages of universities
in the subsample were in English or had an English translation, some documents containing
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these terms were only available in the languages of the countries or territories where the
universities are located.

Third, to optimize search terms, the primary dataset (n = 1498) was limited to univer-
sities located in countries where English was an official or commonly used language. This
included Australia, Canada, Ireland, the United States, the United Kingdom, New Zealand,
Nigeria, India, the Philippines, South Africa, Hong Kong, and Singapore, which yielded
a list of 448 institutions, hereafter referred to as the secondary dataset. Furthermore, we
restricted the search terms to “Al”, “policy”, “guide”, and “ChatGPT” since these terms
were more commonly present in the documents of interest.

Fourth, a random subsample of n = 50 universities was drawn from the secondary
dataset. To avoid duplication, as may occur with universities having multiple campuses
(e.g., University of California, Los Angeles, and University of California, Berkeley), only
the first campus location that appeared on the list was included in the analysis. Cana-
dian universities whose guidelines were only available in French were excluded from
the analysis. To compensate for these exclusions, the random drawing continued until
50 universities were reached. University websites were then searched using keywords
identified in phase 3, to locate information relevant to institutional response to generative
Al The inclusion criteria for the documents were as follows: institutional guidelines were
publicly accessible, written in English, and at least one implication related to generative Al
was discussed. Snowball sampling was employed to obtain additional relevant information,
because some documents contained links to others. For example, some teaching guidelines
included a link to an academic integrity policy. A total of n = 169 documents were collected
for final analysis, hereafter referred to as the final dataset. The geographic distribution of
the universities in the sample was as follows: Australia (6), Canada (1), Hong Kong (1),
Ireland (3), India (5), Nigeria (1), the United Kingdom (8), and the United States (25).

Fifth, an inductive coding approach was employed, starting with identifying and
labeling recurring ideas, followed by identifying relationships among the labels, and
integrating them into categories. The sources were analyzed for manifest content, where
the meaning was explicit. The units of content analysis were phrases (see examples in
Table 1) which were labeled and subsequently organized into overarching categories
(e.g., academic integrity).

Table 1. Results summary.

Category Implication Reason Proposed Action Example
“instructors need to
Academic . clearly and intentially (sic)
. . Communicate, engage . .
integrity communicate their
expectations”
. Disincentivize Al use, “design assignments that
Academic . . "
inteerit ] redesign assessments, require critical and
Threat/ sty May undermine provide training creative thinking”
Irresponsible use academic integrity ; ;
“cite a generative Al tool
Academic Cite and acknowledge =~ whenever you paraphrase,
integrity Al-generated content quote, or incorporate into
your own work”
Academic “there are no assurances
) . Detect misuse that iThenticate screening
integrity

will be fool proof”
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Table 1. Cont.

Category Implication Reason Proposed Action Example
Learning May disrupt the Ban, selectively allow, may dlscou.rage critical
process . . thinking and independent
; . learning process provide support . "
disruption learning among students
Mav infrinee on “generative Al may create
Intellectual Zo " %t content that infringes on
property tra dlgl}l;afk ,0 . Ban, use with caution others’ intellectual
infringement ¢ property (IP) or copyright-
patent laws
protected works”.
Threat/ Privacy May infringe on Limit use cases, run “Do not share sensitive
Irresponsible use infringement privacy rights Al locally information”

Bias/quality =~ May generate biased

Review, do not run

“may include fake but

concerns or inaccurate results  generated computer code realistic article titles”
“there is an emerging
. . . lity i
Inequality Ma'y exace.rbate Provide training equality issue
inequality surrounding the use of
generative Al”
May potentially “Universities using Al to
Job security replace academic Raise awareness reduce numbers of
staff full-time faculty and staff”

Opportunity/
responsible use

Learning aid

May serve as a

Learning aid learning aid

Learning aid

Provide training,
engage, implement

“review grammar and
spelling of your
completed essays”

Provide an opportunity to
learn ethics through
practical examples

“discussing
machine ethics”

Provide training

“promote digital literacy
in general, and Al literacy
in particular”

Teaching
automation

May automate tasks
Research

automation

Experiment, employ

“create a well-structured
lesson plan”

Experiment, employ

“narrowing your topic
ideas for a
research paper”

Furthermore, drawing on the literature, the data were classified along the threat—

opportunity binary, serving as a proxy for responsible and irresponsible use of Al Cor-

responding reasons and proposed actions to each implication of generative Al were also

identified and recorded. Implications that appeared across multiple documents (e.g., pri-

vacy concerns appeared in the teaching guide, privacy policy, and academic integrity

policy) were counted once per institution. Implications were included if they appeared in

at least two documents from different institutions. The data were independently coded

by two coders. The inter-rater agreement was measured by Krippendorft’s alpha coeffi-

cient [53], yielding a reliability score of 0.81. Peer debriefing [54] was employed to enhance

the credibility and trustworthiness of the data analysis by verifying the researchers’ in-

terpretations [55]. To this end, three colleagues, each with over ten years of experience

in both teaching and research, participated in iterative discussions to refine the codes

and categories.
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Implications

Limitations

The limitations of this study include the modest sample size, the limited and variable
public availability of documents which suited our enquiry, our restriction to English
language documents, and the dynamic nature of the current response of universities to AL

4. Results

The documents varied in scope and breadth; among them were Al-specific guidelines
and statements, as well as academic integrity policies, library resources, research guides,
study guides, workshop outlines, presentations, and teaching resources. Some documents
provided a broad overview of Al technology, while others provided specific use cases.

4.1. Identifying Universities” Concerns About Al (And Academic Integrity)

The results summary is presented in Table 1, and Figure 2 depicts the frequency of each
implication, also expressed as a percentage of the total mentions in the document corpus.
Proposed actions ranged widely from observing the situation to banning it outright to fully
embracing the technology. The general trend, however, was toward threat mitigation, to
curb the irresponsible use of generative Al, with a less frequent emphasis on opportunities
and benefits.

Job Security .1-0% (22)

Inequality _4-1% (88)
Teaching automation —5-5% (121)
Research automation _6-1% (132)
Learning process disruption _6-6% (143)
Intellectual property infringement _7-1% (154)
acacemic incer - - % (517)

Percentage(Frequency)

Figure 2. Ranked order of mentions and percentage for each implication.

The top concern was the impact of large language models (LLMs) on academic in-
tegrity, due to their potential for irresponsible use by students to cheat on assignments. To
address the problem, four overlapping strategies were discussed, including communication,
the detection of Al misuse, referencing and acknowledgment of Al-generated content, and
disincentivizing Al use. Teaching staff were advised to update their syllabi, communicate
expectations, redesign assignments, familiarize themselves with students” writing styles,
and remain vigilant about the potential misuse of Al tools. Some library guides provided
examples and links to detection tools and resources explaining how to acknowledge the
use of and cite ChatGPT [56]. Teaching staff were also advised to Al-proof assessments
by requesting rough drafts to track work progress, replacing essays with authentic assess-
ments, and incorporating in-class writing exercises and group activities. A related concern
stemmed from depriving students of opportunities to practice their critical thinking skills.
In response, instructors were advised to engage with and support students, and to ban
the use of Al when necessary. Moreover, students and instructors were warned about the
limitations of generative models and advised to approach an LLM’s output with caution
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as algorithms are known to generate biased and inaccurate responses, and in the case of
computer code, bugs and security vulnerabilities. Al's potential to undermine equality, as
not everyone has access to these tools, was mentioned, although it was not a top concern.
The level of concern about Al was higher among universities in Western countries.

Privacy was the fourth-highest concern; sharing confidential information with Al
platforms was considered irresponsible due to the potential to undermine privacy and
violate intellectual property rights. The results suggest that privacy concerns came in
the way of academic integrity because submitting students” work to plagiarism detection
services without permission could constitute an infringement of privacy or intellectual
property, thereby creating a unique dilemma. Instructors have a duty to uphold the values
of academic integrity and a duty to use Al responsibly; however, the guidelines were
not explicit about which duty or concern claims priority or how the dilemma should
be resolved. Having discretionary powers to assign relative importance when making
decisions about responsible use in an ad hoc fashion is likely to result in confusion or,
worse, inconsistent policy application.

4.2. Universities” Efforts to Innovate Whilst Preserving the Status Quo: Some Examples

While it is reassuring that many institutions in our sample acknowledged the emer-
gence of Al as a unique challenge, efforts to address it, by reconciling the two seemingly
conflicting goals of innovation and preserving the status quo, inevitably create inconsis-
tencies in decision-making. Let us now turn to some examples of institutional guidelines
where this issue is particularly salient.

Concordia University’s Guidelines for teaching with generative artificial intelligence
stipulate that (1) “Material drawn from ChatGPT or other Al tools must be acknowledged;
representing as one’s own an idea, or expression of an idea, that was Al-generated will be
considered an academic offense. ..” and (2) that “Students may use artificial intelligence
tools for generating ideas, creating an outline for an assignment, or polishing language, but
the final submitted assignment must be the student’s own work” [57].

Australian National University’s Best Practice When Using Generative Al provides
the following advice regarding referencing Al-generated content: “Generative Al is not an
academic source, hence may be inappropriate to cite or use in an assignment”. However,
the guide warns that students should not “neglect to reference generative Al used in
research” [58].

The Generative Al Usage Guidance of The University of North Carolina at Chapel
Hill reads “Al should help you think. Not think for you. Use these tools to give you ideas,
perform research. . .and analyze problems. Do not use them to do your work for you, e.g.,
do not enter an assignment question into ChatGPT and copy & paste the response as your
answer” [59].

The question that arises is this: when a machine generates ideas that students are
allowed to integrate into their assignments and submit for credit, helps them compile
research literature, explains findings, and analyzes problems, how much thinking is left
for the students to perform on their own if the intelligent machine shoulders much of the
cognitive load? Considering that modern tools such as word processors and search engines
have Al at the back end, this becomes a question of degree rather than kind.

The term “help you think” is rather broad. When a policy is not specific enough to
define the concept of originality and avoids setting a hard limit on the level of assistance
a student can receive for the submitted work to be considered original, the irresponsible
use of Al becomes a gray area. While ChatGPT was the most common tool described
in the sample, other LLMs, such as Elicit for conducting research tasks [60], Dall-E and
Midjourney for generating images from text prompts [61], Google’s Bard and Microsoft’s
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Bing chat [62], GitHub Co-pilot, and Perplexity Al, among others, were also discussed.
Three universities in our sample (Arizona State University, Duke University, and the
University of Michigan) have announced the integration of their own Al assistants for
learning, teaching, or research.

Al has been proposed as a learning and teaching aid to help students improve the
quality of their writing, summarize text, provide on-demand feedback, answer questions,
and brainstorm ideas for course projects. Al image generators may prove useful in vi-
sualizing data and ideas. Likewise, instructors may use generative models to teach Al
ethics and discuss moral issues arising from the use of technology; they may also use Al
tools to automate teaching tasks, such as creating lesson plans, and research tasks, such as
extracting data from and summarizing research papers.

While Al can automate some academic tasks and provide personalized learning
experiences and on-demand support, it could also potentially displace teaching staff; tasks
such as assignment grading and tutoring might be delegated to machines, further making
academic careers more precarious. However, losing jobs to Al was the least concerning
issue discussed in our sample.

5. Discussion

In this section, we first discuss the findings and then proceed to answer the re-
search question of what can academic guidelines tell us about the responsible use of
Al in higher education.

5.1. Universities” Concerns About Al and Academic Integrity

While advancements in Al are a cause for celebration of human intellectual achieve-
ment and undoubtedly mark the dawn of true human—machine collaboration, they also
present both risks and opportunities, driving us into uncharted waters. Our analysis of in-
stitutional guidelines, and more specifically their corresponding proposed actions, suggests
that the line between responsible and irresponsible use of Al is blurry, due to the difficulty
in reconciling apparently conflicting commitments.

A ban on Al, even a partial one, would undermine a commitment to prepare stu-
dents for the future of work. As such, UNESCO’s and WEF’s recommendations—to
“empower students and teachers and enhance their experience”, “to improve access to
information and knowledge”, to “promote the acquisition of ‘prerequisite skills” for Al
education” [29], to “promote Al literacy”, and to “explicitly connect the use of Al to ed-
ucational goals” [3]—would likely not be met. By the same token, allowing the use of
Al without viable strategies to prevent misuse—exemplified by the limited efficacy of
detection methods [63,64] and concerns over user privacy and copyright laws—creates a
situation where academic integrity and learning quality could be compromised, while also
violating the stipulated principles of responsible use [3,35].

In our sample, academic integrity was identified as the largest single issue of concern,
and it is justified. Large language models can summarize, paraphrase, and generate text
passages, as well as perform reasoning tasks and answer assignment questions, thereby
offering personalized learner support on demand [13,14,16]. Considering that large lan-
guage models can produce new content, traditional plagiarism detection strategies are
rendered ineffective. LLMs can imitate writers” idiosyncratic patterns and speak in their
voice [65]. While instructors are encouraged to keep an extra eye on students, detecting
Al-generated content is a challenging endeavor. To ensure compliance with integrity policy,
some institutions advise their faculty to use stylometric detection tools and share lists of
detection services. While many institutions acknowledge the limitations of authorship
verification tools—citing their unreliability, potential violations of students’ privacy and
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intellectual property rights, and propensity for false accusations—these tools are often
permitted for use at the instructor’s discretion.

Our results denote that instructors are often given discretion regarding how they
maintain the integrity of their assessments and discretion to encourage or discourage the
use of Al tools to foster digital skills. This approach is problematic for several reasons. First,
this creates a peculiar situation where the same course, taught by different instructors, may
promote and ban the use of Al, depending on who is teaching it. This creates unnecessary
inconsistency and confusion in the application of academic integrity policy. We have already
seen a similar situation arise in the case of student collaboration and collusion, where
the same help-seeking behavior is punished or rewarded depending on the instructor’s
stance [12,66].

Exemptions from a policy developed to ensure the responsible use of Al can undermine
the very policy by allowing its inconsistent application. However, having a policy alone
does not guarantee its effectiveness, and the examples in the Section 4 underscore just that.
Relying solely on instructors’ discretion without comprehensive, enforceable guidelines
for the use of Al in education is arguably insufficient. While this approach may be seen
as a quick and easy fix to reconcile conflicting goals, beliefs, and values, this strategy
fails to consider the full complexity of how technology affects students and the overall
quality of education.

It would be unreasonable to expect all faculty to have the necessary expertise to ad-
dress related legal, ethical, psychological, as well as privacy issues that technology creates.
This has been evident with remote proctoring technologies, which, once hailed as a vi-
able solution to the security of online assessments, failed to meet the legal threshold of
privacy [67]. But despite legal challenges, these technologies have not been completely
abandoned and are often used at the instructors’ discretion. To ensure consistency and
compliance with regulatory standards, it is important to invest in research and develop in-
stitutional or even national-level policies that explicitly stipulate how and when technology
can be used, thereby striving to protect the stakeholders.

Because bias is inherent in the model training process, all generated output should be
interpreted with caution [45,68]. A study by Liang et al. [22] examined the performance of
popular Al-generated text detectors, concluding that they are biased and flag the writings
of non-native English speakers as Al-generated. Moreover, OpenAl has taken its similarity
detector down due to accuracy concerns [69]. This unfortunate predicament is likely to lead
to the creation of another administrative process, thereby increasing the administrative
burden, to address false accusations [23,70,71]. Moreover, Al assistants are now available
not only on smartphones but also on wearable devices. Due to their growing ubiquity,
one would need to conduct all assessments securely to measure students’ knowledge
in its pure form, untainted by the technological environment, but this creates logistical
challenges [64,72].

The results suggest that many institutions are familiar with technological limitations
and are skeptical about the automatic detection of Al-generated content. For example, in
guidance on Al detection at Vanderbilt University, it is noted that, “there is a larger question
of how Turnitin detects Al writing and if that is even possible. To date, Turnitin gives no
detailed information as to how it determines if a piece of writing is Al-generated or not” [73].
The research guide of George Washington University maintains that “plagiarism tools feed
the beast: they create huge datasets of student writing that can be sold to help train Al
software. One reason that tools like ChatGPT are so good at generating plausible student
writing is that they have been trained on a large corpus of work from college students”.
Their solution is to rely on instructors to validate authorship veracity. “Advocating for
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smaller classes, better compensation, and other improved working conditions is part of
disincentivizing unwanted use of Al generators” [74].

Because the detection process aims to identify generated content in submitted assign-
ments by offering instructors a probability score that reflects the likelihood of machine
authorship, rather than assessing the stylistic consistency of a student’s writing or behav-
ioral patterns [75-77], this results in a limitation of the current approach.

However, maintaining a high level of integrity comes with a hefty price tag, and the
associated opportunity costs should also be taken into consideration. Smaller classes and
reduced teaching loads would require the hiring of more staff. The bigger question here is
about the ethical commitment of individual faculty members and the institutional barriers
that may hinder the effective implementation of academic integrity processes [72,78].
By ignoring Al’s potential to automate learning and teaching tasks such as assessments,
academic leaders would be neglecting their duty to exercise fiscal prudence. Conversely, the
automation of tutoring and assessment tasks, among others, would make many academic
professions precarious and assignments easier to cheat on. The proverbial Pandora’s box
has been left open; regardless of whether the use of Al is authorized by instructors or not,
there is an inherent possibility that Al technology will be used without permission. The
pace of adoption tends to outpace that of policy, setting in motion a game of proverbial
whack-a-mole, whereby unintended consequences must be perpetually addressed, adding
an additional burden on academic administrators and faculty.

Much of the literature argues that institutional credibility will be irreparably damaged
if students are allowed to claim credits for work they did not complete. However, the
scope of this argument is limited to ethical considerations, presenting a simple binary
of good versus evil—buying essays from essay mills is wrong, whereas doing your own
homework is the only right thing to do. When the use of generative Al is allowed in course-
work, under the banners of career readiness or digital literacy, one unwittingly extends
this argument to quality considerations, shifting the focus from individuals engaged in
questionable conduct that violates integrity policy to the institutional ability to foster an
effective learning experience.

What follows is that institutional credibility is now affected not only when students
are involved in cheating scandals [79,80] but also when students and researchers delegate
some of their work to Al assistants. One may argue that in the age of intelligent machines,
institutional credibility becomes commensurate with the level of automation. Imagine two
identical courses taught using the same learning materials; however, one allows students
to integrate the output of large language models in the assessments, and the other does
not. The issue here is not that students in both courses have completed assessments and
met learning objectives, which were identical in both courses, but that learning outcomes
completed with the help of Al assistants cannot be considered equivalent to learning
outcomes completed without any external assistance. There is a fundamental difference
between “I can solve this problem on my own” and “I cannot solve this problem on
my own”. Which of these is being assessed needs to be clear to both the student and
the assessor.

5.2. What Can Academic Guidelines Tell Us About the Responsible Use of Al in Higher Education?

The academic guidelines surveyed present a very variable and confusing response
to this new challenge. For the most part, they do not face up to the hugely increased
opportunities for academic misconduct even though they identify it as a main threat. This
is worrying because if students are unable to generate ideas on their own, instead relying
on Al to create an outline for an assignment and asking the Al to polish the language,
how much of it all is the actual student’s own work? Given that much of what is being
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submitted for course credit was performed by Al, how will the work be assessed, provided
it was designed by humans for humans? And the most important question to ask here
is whether feeding prompts to an algorithm and stitching its outputs together would be
considered learning.

By the same token, the academic guidelines do not generally address the issue of Al
tools being used to assist instructors with providing student feedback, generating course
materials, and evaluating student papers—while students use Al to generate ideas and
content—in which case the once-pure human dialogue between student and instructor
would be replaced by machine-to-machine communication. The temptation to reduce
the teaching load and automate student assessment may lead to a scenario where Al-
generated essays, submitted by students, are passed by instructors to the same Al systems
that generated them. This might sound ironic or outright absurd, but this scenario is not
far-fetched and should be clearly addressed by higher education institutions.

One cannot help but notice that the opportunities identified in our analysis revolve
around personal productivity. Al tools allow students and faculty to learn and work more
efficiently, automate menial tasks, and focus on more important ones, all to be successful in
their roles—whether that means obtaining better grades, marking assignments faster, or
publishing more papers. However, not a single document in our sample discussed how to
use Al to detect scientific fraud, which is nonetheless an important issue, despite some sig-
nificant work being carried out on that front [81-83]. These apparent shortcomings provide
good reason to support the recommendation of studies such as that by Richards et al. [17]
in respect of the UK Open University’s response to generative Al, i.e., that “in the short
term, a return to face-to-face examinations is a straightforward way of retaining credible
assessment, with a longer-term strategy requiring a rethink of the role of assessment as well
as how it is conducted, potentially including the greater use of viva-voce examinations, live
presentations, and increased reliance on personal portfolios of work” (p. 28). This seems to
be the only responsible response and should have been clearly addressed in the guidelines,
but, mostly, it was not.

6. Conclusions

This study examined how the emergence of generative Al prompted academic institu-
tions to confront a new reality by analyzing a modest sample of 50 institutional guidelines
and identifying issues related to teaching, learning, research, and academic administration.
The findings suggest that academic institutions are struggling to find the right balance
between mitigating risks and leveraging opportunities.

Most significantly, Al is seen as a threat to academic integrity and quality, challenging
established assessment and detection strategies while raising important ethical, social, and
pedagogical implications. For instance, reliance on Al tools may hinder students’ ability
to think critically, affecting their capacity for creative expression, independent problem-
solving, and decision-making. This blurs the line between responsible and irresponsible use;
even if the intent is good, the long-term effects are unknown and could be devastating. This
raises the question of whether the traditional academic values of integrity and originality
impede the relevance of education to workforce needs?

Future research should also examine the extent to which the established academic
processes need to be preserved and how. Or, put another way, how should the teaching,
learning, research, and administration practices be retrofitted to keep pace with techno-
logical change? Another topic for future research is to examine why academic institutions
responded to the issue of generative Al the way they did. The literature describes the lack
of formal guidance on Al, despite its widespread adoption [4,6], as a simple problem—ijust
write the policy and follow it. However, the absence of a policy may serve as a strategic
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compromise to avoid the pitfall of violating the very rules one has established. To this
end, a survey of key stakeholders in the policymaking process should be conducted to
explore why some concerns are prioritized over others and why certain opportunities are
forfeited. One may argue that the effort to fit Al use into the existing normative framework
focuses on the question of how to preserve the status quo and distracts from the question
of why. We conclude that the integration of generative Al into higher education will have
an impact that stretches beyond merely the need to prevent academic misconduct and
minimize privacy and copyright infringement.

In response to this apparent confusion, we argue that the considerable challenge
for higher education institutions is to ensure the responsible use of Al to “support the
learning process without reducing cognitive abilities” as recommended by the United
Nations Educational, Scientific and Cultural Organization [29]. Our study suggests that
whilst this could usefully be based on the foundations set by UNESCO [4,29], it will
require time and innovation. Our study, however, showed that the top concern now of
the 50 higher education institutions whose documents we surveyed is the impact of large
language models (LLMs) on academic integrity, due to their potential for irresponsible use
by students to cheat on assessments. In what is often viewed as an arms race between those
who would cheat and those who would seek to stop them, we therefore also recommend
that, in the short term (and probably still in the long term), the credibility of awards is
urgently safeguarded. This could be achieved by ensuring at least some human-proctored
assessments are integrated into courses, e.g., in the form of real-location examinations and
viva voces.
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