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Abstract

The rise of Artificial Intelligence (Al) and Generative Artificial
Intelligence (GenAl) in higher education necessitates assessment
reform. This study addresses a critical gap by exploring student and
academic staff experiences with Al and GenAl tools, focusing on their
familiarity and comfort with current and potential future applications in
learning and assessment. An online survey collected data from 35
academic staff and 282 students across two universities in Vietnam and
one in Singapore, examining GenAl familiarity, perceptions of its use in
assessment marking and feedback, knowledge checking and
participation, and experiences of GenAl text detection. Descriptive
statistics and reflexive thematic analysis revealed a generally low
familiarity with GenAl among both groups. GenAl feedback was
viewed negatively; however, it was viewed more positively when
combined with instructor feedback. Academic staff were more accepting
of GenAl text detection tools and grade adjustments based on detection
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results compared to students. Qualitative analysis identified three themes: unclear understanding of text
detection tools, variability in experiences with GenAl detectors, and mixed feelings about GenAl’s future
impact on educational assessment. These findings have major implications regarding the development of
policies and practices for GenAl-enabled assessment and feedback in higher education.
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Introduction

Generative Al (GenAl) refers to an Artificial Intelligence (Al) technique which can produce novel
multimodal content, encompassing text, video, images, and more (Luo, 2024). The numerous
releases of publicly, and often freely accessible GenAl applications has resulted in their
widespread adoption in both work and study environments, with OpenAI’s ChatGPT having
become the most rapidly expanding consumer application in history (Abdaljaleel et al., 2024).

In the educational domain, one of the most well-documented properties of GenAl is its potential
to impact the academic integrity of assessments by enabling users to misrepresent authorship of
written work, and this concern has been raised by multiple authors (Cotton et al., 2023; Perkins,
2023). Studies have identified how GenAl tools may tackle multiple forms of assessment with
minimal human intervention. OpenAl's GPT-4 model (used in ChatGPT) performs comparably to
human test-takers on MCQ formats across disciplines (Newton & Xiromeriti, 2024), and in a large-
scale study across seven Australian universities, Nikolic et al. (2023) found that even slightly
altered ChatGPT responses were sufficient to pass various assessments in multiple disciplines.
Furthermore, research suggests that usage of these tools is prevalent; Chan (2023)’s findings
demonstrate that up to a third of college students use GenAl in their assessed work, even despite
believing that such use constitutes cheating or a violation of academic integrity rules. Further
compounding this issue is the fact that at present, Al-created output cannot be accurately detected
and common detection tools have highly variable efficacy (Chaka, 2024; Perkins et al., 2023;
Weber-Wulff et al., 2023; Perkins, Roe, et al., 2024).

With the above in mind, assessment reform has come to the fore as a potential strategy for dealing
with these risks while encouraging potentially legitimate and beneficial use cases of a new
technology. Such reform strategies include directing student attention toward the skill of evaluative
judgement (Bearman et al., 2024), focusing on open-ended assessments (Cotton et al., 2023), and
using scalar approaches which enable the inclusion of GenAl where appropriate (Furze et al., 2024;
Perkins, Furze, et al., 2024). GenAl applications may also be used to develop assessments and
provide feedback. It has been suggested that teachers can use tools like ChatGPT to generate
prompts for open-ended questions and develop rubrics (Baidoo-Anu & Owusu Ansah, 2023), and
for scoring student work (Swiecki et al., 2022), providing feedback (Crawford et al., 2023; Dai et
al., 2023), or wholly automating the marking process (Mizumoto & Eguchi, 2023; Ramesh &
Sanampudi, 2022). However, critics of these approaches point to privacy and data risks (Nguyen
et al., 2023) and the shifting of assessment responsibility to the developers of GenAl tools rather
than the educator (Swiecki et al., 2022).

To make such assessment changes, and address both the potential risks and benefits of GenAl to
assessment and feedback, it is necessary to understand and explore the views and experiences of
students and academic staff. Yet there remains a gap in empirical studies addressing this topic, and
focus has primarily been on the theoretical applications of GenAl, rather than on user experience
and acceptance. This study aims to fill this gap by exploring how familiar students and academic
staff are with Al and GenAl, and their comfort with the technology’s use in both assessment and



feedback, as well as understand their current experiences with this new technology. We choose to
focus on three key areas which we feel reflect current and potential future uses of Al systems in
assessment.

The first area is familiarity — in other words, what is the current level of knowledge and awareness
of these tools. Secondly, we assess how comfortable participants are with commonly posited use-
cases of GenAl in assessment. In this area, we focus on feedback and marking on assessment items
by Al alone and as an adjunct to traditional human feedback. We also explore the uses of Al
systems in formative assessment including knowledge and participation checking. Finally, we
focus on GenAl text detection, which represents one of the most recent GenAl-related technologies
to become rapidly embedded in many Higher Education Institutions’ (HEIs) assessment practice.
A unique aspect of this study is the Southeast Asian context, as the research takes place across
Singaporean and Vietnamese universities — a geographical location which is understudied in this
topic. The results of this research contribute to the theoretical understanding of GenAl adoption in
education while also providing insights that can inform policy and practice, ensuring that the
implementation of new technologies incorporates voices from students and academic staff alike.

Literature

There is a growing body of research exploring attitudes toward Al and GenAl among stakeholders
in Higher Education (HE), and research has shown a pattern of optimism among HE students.
Polyportis and Pahos (2024) studied 355 students in the Netherlands, and Vo and Nguyen (2024)
surveyed 369 students in Central Vietnam, finding that Dutch students believed ChatGPT could
improve academic performance, and Vietnamese students held a positive attitude towards the
technology. Zhou et al. (2024) found that 28 entrepreneurship students reported that GenAl tools
enhanced the learning experience and productivity. Additionally, Zhang et al. (2024) reported that
over 80% of 850 Chinese university students were cautiously optimistic about using ChatGPT in
education, and Wang et al.(2022) similarly found optimism in the possibilities of GenAl to support
international students who often struggle with linguistic and stylistic challenges in written
assessments. Among educators, results have been more mixed. Chan and Lee (2023) and
Sevnarayan and Potter (2024) found that teachers tended to be more sceptical of GenAl's
capabilities compared to students and are more concerned about its impact on academic integrity
in assessments.

In terms of willingness to use GenAl in learning, there are mixed findings. Chan and Zhou (2023)
found a positive correlation between perceived value and intention to use GenAl among 405
students, with a weak negative correlation between perceived cost and intention to use. Kim et al.
(2020) examined perceptions of Al among higher education teaching assistants, finding stronger
support for their adoption than academic staff. Smolansky et al. (2023) found that educators were
more concerned about the impact of GenAl in assessments than students, with greater vulnerability
in written text assignments (essays, case studies, reports), computer code, and quiz questions
(multiple choice, short answer). Interestingly, they found that students’ reactions to GenAl in



education were more optimistic, particularly in the boosts of productivity that GenAl offers,
despite some concerns about potential losses of creativity and personalized feedback.

Regarding attitudes toward assessment practices and academic integrity, Firat (2023) interviewed
seven academics and 14 PhD students from multiple countries, with a consensus that GenAl stands
to significantly transform assessment practices. Lee et al. (2024) surveyed 30 teaching staff at an
Australian university, noting a lack of coherent views on GenAl in higher education, though nearly
half were already using GenAl in their roles, primarily related to assessment practices. The study
also highlighted the inadequacy of Al-text detection tools in assessments, aligning with the
findings of Perkins et al. (2024) and Weber-Wulff et al. (2023), both of which discuss the
inadequacy of detection tools to accurately determine whether academic integrity violations have
occurred. Ghimiere et al.(2024) found a consensus among 116 educators that GenAl tools will
become integral to education, with benefits seemingly outweighing the negatives, but concerns
from both educators and students about the impact of GenAl on assessment and academic integrity
are a recurring theme.

Xia et al. (2024) conducted a scoping review of research on GenAl in assessment, developing
recommendations to transform assessment practice, highlighting opportunities for building digital
literacy among teaching staff and encouraging innovation in assessment and teaching practices.
Challenges related to academic integrity and distrust of detection tools remain, with Luo (2024)
conducting an in-depth study with 11 education students, revealing that high Al scores from
Turnitin led to significant adverse consequences and that the trust in professors was linked to Al
use and declarations. Al text detection in assessed work as a method of safeguarding academic
integrity has received significant attention and a consensus is emerging that these tools do not
demonstrate enough accuracy to be used as a standalone method for identifying GenAl-produced
text (Perkins et al., 2023; Perkins, Roe, et al., 2024; Weber-Wulff et al., 2023). Furthermore, they
may demonstrate biases against certain student groups, threatening equity of assessment (Liang et
al., 2023).

Research Questions

Based on the gaps in the present literature, our aim for this research is to understand familiarity
and comfort of students and academic staff with GenAl in assessment practices, as well as to
explore current experiences with a recent technology — GenAl text detection tools. Our research
questions for this study are as follows:

1. How familiar are academic staff and students with GenAl tools?

2. How comfortable are academic staff and students with GenAl tools in assessment
practices?

3. How comfortable are academic staff and students with GenAl text detection?

4. What are academic staff and student’s experiences of GenAl text detection?



Method

After receiving ethical approval from an internal review board, we developed a questionnaire to
be delivered to academic staff and students studying at three university campuses across Southeast
Asia (two in Vietnam, one in Singapore) combining both quantitative Likert-type scale questions
with open-ended text entry questions.

Participants and Sampling Strategy

We employed a multi-channel convenience sampling approach to maximize reach and
representation across our target population while acknowledging that this non-probability
sampling method may limit generalizability beyond our sample. The survey was distributed
through institutional newsletters, email lists, in-class promotions, and campus posters, aimed at
capturing a cross-section of students and academic staff across all disciplines and study levels. All
participants were above 18 years old and included students from multiple study levels, including
pre-university pathway programs, undergraduate and postgraduate study. As an exploratory study,
we chose not to distinguish between demographics, study types or disciplines, but instead draw on
a broad range of responses from students as a whole, although this limited the opportunity for more
fine-grained analysis.

Data Collection

Like Spooren et al. (2007), we adopted the Likert-type scale for its ease of use and straightforward
nature, making it applicable to this form of educational research. However, we note that such scales
are highly variable (Roszkowski & Soven, 2010) which means that comparison of results across
studies is challenging. In this survey, our initial question used a 5-point scale to determine degrees
of familiarity (ranging from very familiar to unfamiliar), which represents a common approach.
Subsequent questions used a standard 7-point scale ranging from strongly disagree to strongly
agree, (1 — 7) and included neutral options. We decided to include neutral options as Al
technologies are new and complex in nature, thus we expected a significant degree of uncertainty
among respondents and consider this important to understand. At the same time, we captured
qualitative data using an open-ended question, in order to give participants control over the
thoughts they were able to share and the language used to share them (Scotland, 2016). Data
collection took place over a four-month period, with two reminder emails sent to potential
participants during this time. The survey was hosted on the Qualtrics platform which allowed for
advanced question branching.

Data Analysis

Similar studies focused on an exploratory approach to an assessment phenomenon have used a
combination of descriptive statistics with in-depth qualitative analysis fruitfully (Stanci¢ 2021),
and so we followed a similar method. Our quantitative questions were analysed using descriptive
statistics while we employed reflexive thematic analysis (TA) (Braun et al., 2022; Braun & Clarke,
2006, 2019) for the qualitative data. In this case, the reflexive element means that we interpreted



the data through our own lens of experience as educators, centrally recognising our own
subjectivity and seeking to develop a sense of meaning from our responses, rather than search for
a positivistic sense of ‘truth’ in answering our research questions. As a result, our reflexive analysis
of the data led the output of codes, subthemes, and overarching themes; these outputs were arrived
at through the creative labour of the coding process (Braun & Clarke, 2019) and thus represent the
reflexive TA approach, as opposed to the more common topic summaries which may also be
labelled as TA (Braun et al., 2022). This method was structured around the common six-step
process for thematic analysis as described by Braun and Clarke (2006), including data
familiarization, generation of initial codes, searching for themes, reviewing themes iteratively, and
then defining and naming themes, prior to producing a final report. The questions used in this
survey can be seen in Table 1.

Table 1

Survey Questions

#

Question List (Academic staff)

Question List (Student)

Generative Al is defined as artificial
intelligence capable of generating text,
images, or other media. How familiar are
you with Generative Al (GenAl)?

I believe that an Al system marking student
essays or examinations
students fairly.

would grade

I would feel comfortable with an Al system
giving students immediate feedback on
their written work, without any other
feedback from a teacher.

I would feel comfortable with an Al system
giving students feedback on their written
work, as long as they had feedback from a
teacher later.

I would feel comfortable with my
university using an Al system to check
whether students have understood their
course material and suggest additional

resources if they do not.

Generative Al is defined as artificial
intelligence capable of generating text,
images, or other media.
How familiar are you with Generative Al
(GenAl)?

I believe that an Al system marking student
essays or examinations would grade students
fairly.

I would feel comfortable with an Al system
giving me immediate feedback on my written
work, without any other feedback from a
teacher.

I would feel comfortable with an Al system
giving me feedback on my written work, as
long as I had feedback from a teacher later.

I would feel comfortable with my university
using an Al system to check whether students
have understood their course material and
suggest additional resources if they do not.



I would feel comfortable with an Al system 1 would feel comfortable with an Al system
6  analysing how much students participate in analysing how much students participate in
online classes. online classes.

Al Detection Questions

I would feel comfortable with using a I would feel comfortable with teachers using
7  GenAl detector to see if students have used a GenAl detector to see if students have used
Al in their written work. Al in their written work.

It is fair for a teacher to lower students' It is fair for a teacher to lower students' grades
8  grades based on what an Al text detector based on what an Al text detector says
says.

Open Ended Questions

Have you ever used an Al text detector on Have you ever had a teacher use an Al text
9  student work? Please tell us about your detector on your work? Please tell us about
experience. your experience.

Do you have any other information you Do you have any other information you
would like to share regarding your would like to share regarding your

10 ) i
experiences of GenAl and/or Al text experiences of GenAl and/or Al text
detection in the classroom? detection in the classroom?

Results

Descriptive statistics

Our questionnaire received 35 responses from university academic staff and 282 responses from
students, resulting in 317 total responses, split approximately equal across the three institutions.
However, 48 students did not complete questions 3 — 8 while 1 academic staff respondent did not
complete questions 4 — 8. These partial responses were included in the analysis for questions 1 - 2
but were excluded from descriptive statistics calculations for questions 3 — 8 and 4 — 8 respectively.
The descriptive results for both student and academic staff responses are shown in Table 2.



Table 2
Descriptive statistics

Question Group n M  Median Mode SD
. . Academic Staff 35 1.914 2.0 2.0 0.887
. Familiarity with
GenAl Students 282 1.826 2.0 2.0 0.770
Academic Staff 35 3.429 3.0 2.0 1.539
- Al marks Fairly Students 282 3309 30 30 1505
A ic Staff 2. 2. 2. 1.4
. Al can give feedback cademic Sta 35 857 0 0 98
independently Students 235 3.179 3.0 20 1.623
Academic Staff 34 4.912 6.0 6.0 1.832
. Al can give feedback cademic Sta
with teacher feedback Students 234 5316 6.0 6.0 1.640
AT can check student Academic Staff 34 5.324 5.0 5.0 1.121
understanding Students 234 4.987 5.0 6.0 1.587
6. Comfort with Al Academic Staff 34 5.971 6.0 6.0 1.314
participation analysis Students 235 4.740 5.0 6.0 1.676
7 Comfort with the use Academic Staff 34 5.382 6.0 6.0 1.907
of GenAl text Students 235 4885 50 60 1722
detectors
8 Comfort with the use Academic Staff 34 3.882 4.5 5.0 1.822
of Al detection results Students 235 3191 3.0 20 1612

to lower grades

Our analysis of survey responses reveals varying perceptions of GenAl across four key areas in
educational assessment. The following sections present descriptive statistics for each category,
highlighting differences between academic staff and student views.

Familiarity

Both academic staff and student respondents demonstrated low familiarity with GenAl, as
evidenced by low means (academic staff: 1.914, students: 1.826) and low standard deviations
(academic staff: 0.887, students: 0.770), indicating a relatively uniform lack of familiarity.

Assessment Marking and Feedback

There were varied opinions on using GenAl for marking assessments. Academic staff had a mean
of 3.429 and median of 3, with a high standard deviation of 1.539, indicating diverse opinions.
Students were moderately sceptical, with a mean of 3.309 and median of 3. When considering
GenAl's capability to provide independent feedback, students were slightly more comfortable
(mean 3.179, median 3, SD 1.623) compared to academic staff (mean 2.857, median 2, SD 1.498).



Both groups were more comfortable with GenAl providing feedback when combined with
instructor feedback (academic staff mean 4.912, median 6, SD 1.832; students mean 5.316, median
6, SD 1.640).

Knowledge Checking and Participation

Academic staff expressed comfort with GenAl systems checking student understanding (mean
5.324, median 5, SD 1.121) and analysing online participation (mean 5.971, median 6, SD 1.314).
Students also showed reasonable comfort with GenAl for these tasks (checking understanding:
mean 4.987, median 5, SD 1.587; analysing participation: mean 4.740, median 5, SD 1.676).

GenAl Text Detection

Academic staff were relatively comfortable with using GenAl detectors (mean 5.382, median 6,
SD 1.907), but were more divided on lowering grades based on detection results (mean 3.882,
median 4.5, SD 1.822). Students showed a slightly lower level of comfort with GenAl detection
(mean 4.885, median 5, SD 1.722) and were generally opposed to lowering grades based on
detection results (mean 3.191, median 3, SD 1.612).

Thematic Analysis

We collected a combined 33 responses to Question 9 & 10 from academic staff, and 121 responses
from students. To build a holistic picture of GenAl and text detection in learning and assessment,
we decided to group the data together for analysis (i.e. not analysing separately by category of
academic staff or student). We developed three overall themes from the data, visible in Table 3.

Table 3
Identified themes, sub-themes and codes

Themes Sub-Themes Initial Codes
Unclear Detection focuses on ideas not words.
understanding of Belief that detection is used but unsure of
Qualified how Al text details. .
) detection tools Belief detection is used for screening only.
understanding Conflati lagiari i A
o ork onflating plagiarism detection wit I
of policies and ~ WOTX- detection.
technologies. |
Unclear ) Belief that any use of GenAl is prohibited.
un'derst?mdmg' qf Belief that GenAl is not allowed for teaching.
university policies. Unsure/unclear if Al detection is used.
False pos1t¥ves, Frustrating experiences of false positives.
Variable false negatlv‘es and Unfair thresholds for detection.
Detection false accusations. Inaccurate results returned.
Results.

Semi-accurate
usage.

Tool clunky and hard to use.
Used as a starting point for discussion.



e Usually accurate but with occasional false

positives.
Perceived benefits e Al as a helper with writing.
Mixed of Al use. e Al as aresource for qufastions and answers.
) e Students need to be trained.
Feelings for
the Future. e Role of teachers and students will change.

Fears over impact. e Loss of authenticity of content.

e Homogeneity of knowledge.

Qualified Understanding of Policies and Technologies

While many respondents indicated their comfort with the use of detection technology, a recurring
element was a lack of certainty on exactly what part of an assessment was being examined by
GenAl detection technologies and why. Most often, this theme was reflected in simple answers of
‘unsure’ or ‘not sure’ when responding to Question 9. However, in Question 10, several narratives
elaborated on instances of text detection which seemed to misinterpret what detection tools are
capable of. One such example is below:

“The result came back was 0% because the ideas are original. However, I admit that
1 used ChatGPT to improve my writing and correct my grammar.”

This response to Q10 suggests that the respondent (a student) believed that it is the originality of
the idea rather than the structure of the response which would lead to a positive detection result
for an Al detection tool when GenAl text detection in reality relies on linguistic and structural
features. A qualified understanding therefore describes a limited awareness of not only whether
detection technologies are used, but how they operate and their abilities. Further to this, responses
also commonly indicated a degree of confusion on institutional policies. In some specific cases,
students provided views that GenAl was completely disallowed by an institution, which runs
counter to the actual publicly available institutional policies. Overall, this suggests that confusion
and a lack of clarity over Al and its capabilities and permissibility does not just relate to the
technology, but also to the understanding of policy in higher education.

Variable Detection Results

This theme captures the range of different experiences relating to the use of Al and Al text
detection. Many respondents shared narratives in which they have been falsely accused of using
Al, or have known others who have experienced accusations, while academic staff also relayed
cases in which they had attempted to use GenAl text detection and encountered false positives. No
responses completely endorsed the use of Al text detectors, although some academic staff gave a
nuanced account of their validity and need to develop into the future:

“I believe the current Al detection software(s) being utilized at my university does a
"fair' job of detecting blatant plagiarism or Al usage for student assignments, but it
clearly is not a catch-all solution with 100% detection rates. As students become



increasingly familiar with Al and ways to circumvent Al detection models, | feel the
complexity of Al detectors will need to improve in order to remain relevant.”

In contrast, other responses from students gave detailed accounts of the inadequacies of Al text
detection software, leading to perceived major negative impacts. One respondent phrases an
encounter as follows:

“It was terrible. I am a student with consistently above average to good grades, and [
also actively participate in classes. Despite this, when an assignment of mine was
flagged as "highly likely to have used Al", the subject coordinator against the advice
of BOTH my lecturer and tutor had me REDO a 2000-word assignment, which 1
dedicated a lot of time to complete. It is true that Al was used in the writing of my
assignment, however it does not equate to it being written by Al. | specifically used it
for advice and structural purposes; not in the composition of unique and critical ideas.
As a first language speaker and a decent student, this experience was a huge stain on
my academic life. It was terrible and | hope nobody else would have to experience
what I did.”

This case highlights the potentially severe consequences of a false accusation. Regardless of the
veracity of the response, it becomes clear that to avoid situations in which an assessor and student
have different perspectives on the acceptability of Al, clear, mutual guidelines need to be
established. At times, the justification for lowering assessment grades can be made based on
questionable outputs, as in the following:

“Yes, a TA lowered our grade by saying that it was created by Al, we were surprised
and made an appeal. It actually turned out that he based on 16% likelihood to be
created by Al and failed our questions without even reading the content. It was
extremely annoying. Eventually, after further analysis with us, he agreed to give us
our deserved marks.”

Of these responses, a recurring subtheme was frustration and inequity — learners reported feeling
that their assessors had not taken a nuanced view of the perceived use of Al, and rather had enacted

consequences that felt out of proportion to the work that they had submitted. At times, even
accusations without ‘judgement’ led to disruptions for students:

“I think a teacher used an Al text detector on an essay I wrote and suspected it was
written by Al, which it wasn’t, causing the grading of the assignment to be delayed.
This was quite frustrating, especially since the teacher gave no other input on the
matter.”

Among academic staff respondents, similar cases of false positives and false negatives were
reported, even among those who indicated positive inclinations towards the use of such tools:

“Al detection is usually accurate, but it did generate some misleading results and we
had to call the student in for a viva, and the student passed it.”

Other academic staff responses discussed cases of testing out detectors using Al generated content,
and identifying false negatives:



“I tried <Name of Al detector> and it did not work well. Multiple examples of
ChatGPT content I fed it were returned as having no Al input.”

Overall, these findings contrast with the results of the descriptive statistics, in which most
respondents agreed with the use of GenAl text detectors, and many also agreed that they could be
used to justify the lowering of grades.

Mixed Feelings for the Future
A final theme that emerged from the data relates to the qualitative data was that of a range of views
on how the development of Al will affect assessment and education in the future.

In some student responses, there was a noted desire to use GenAl autonomously for structural
improvements to writing assessments, broadly in line with current policies surrounding ethical use
of GenAl tools (Perkins & Roe, 2023a, 2023b).

“As long as the ideas are mine, structure of answers are mine, the usage of AI will be
beneficial. Al will be extremely helpful in correcting your grammars, rewriting your
answers more clearly (still based on your understanding).”

“I could ask Bard (google) questions with my literature review or how I have phrased
it wrongly and it could give me immediate corrections, especially in detail. Which 1
may not be comfortable asking lecturers at times, in case it is a stupid question. Or
need explanations at length.”

Academic staff responses equally conceptualised Al as a morally neutral tool, in which teachers
played an important role in providing critical Al literacy education:

“GenAl functions as a tool, both presently and in the future. The crucial factor lies in

how we wield this tool. Teachers play a pivotal role in instructing students on utilizing

GenAl to accomplish tasks effectively, while also fostering the ability to discern and

addpress its limitations.”
In contrast to these hopeful and beneficial implications of GenAl on assessment, learning, and
teaching, other responses highlighted potential risks and impacts on the educational process. This
at times related to the ideas of a monoculture of knowledge, an implication of Al development
outlined by Messeri & Crockett (2024). Under this scenario, the respondent considers whether
using GenAl will eventually result in unwanted lack of distinctiveness in programs of higher
education:

“There is a risk of homegeneity in content, from both teachers and students, with
GenAl, even with well written and curated prompts. What's the USP of a course once
it is heavily tooled with GenAI?”
While similarly, for one academic staff respondent, this potentially leads to forms of educational
assessment in which Al evaluates Al, thus removing any ‘human’ component from the task:

“I have felt Al usage is killing the critical thinking abilities of students. Also, by
allowing Al usage, I have felt me as a human evaluating an Al generated content.”



Discussion

The study revealed both academic staff and student scepticism towards using GenAl systems to
mark assessments, with significant variation in acceptability. However, both groups appeared more
comfortable with Al generated feedback when it supplemented traditional, teacher-delivered
feedback. This aligns with findings from Chan and Lee (2023) and Sevnarayan and Potter (2024),
who noted that teachers tend to be more sceptical of GenAl's capabilities compared to students.
The implication of these results is that educational institutions could consider piloting such hybrid
models to enhance assessment practices. However, we did not specify what such an Al system
would entail, indicating a need for further research into different methods of generating and
integrating Al feedback across various assessment types. Future studies could explore specific Al
integration models and their effectiveness in different educational contexts.

Both academic staff and students generally accepted the use of Al systems for checking knowledge
and monitoring student participation. This acceptance aligns with the findings of Kim et al. (2020),
who found stronger support for Al adoption among teaching assistants compared to academic staff.
This highlights an area for further exploration, particularly given that current educational
technologies, like Virtual Learning Environments (VLES), already use analytics data for these
purposes. However, the variability in responses suggests that any implementation of these systems
must involve clear communication about the degree of surveillance and the nature of the data
collected. Consequently, future research could examine the ethical implications of Al surveillance
in education and develop guidelines to ensure transparency and student consent, addressing
concerns raised by Nguyen et al. (2023) regarding privacy and data risks.

Despite the overall comfort with GenAl text detectors, qualitative responses revealed several
concerns. Students and academic staff recounted instances of false positives and misinterpretations
of Al detection results, sometimes leading to severe consequences for students and causing
confusion for academic staff. These narratives highlight ethical and equity issues related to the use
of Al detection tools, echoing the findings of Perkins et al. (2023) and Weber-Wulff et al. (2023)
regarding the inadequacy of detection tools. This suggests that while these tools are broadly
acceptable, their application requires careful consideration and refinement. As a result, developers
of Al detection tools need to improve their accuracy and provide clearer guidelines for their use.
Future research could focus on refining Al algorithms to reduce false positives and on developing
comprehensive training programs for users.

The theme of Qualified Understanding and Confusion reflects a lack of clarity about how detection
technologies work and their applications. This confusion extends to both students and academic
staff, emphasizing the need for clear, coherent frameworks to guide the use of Al in higher
education. Consequently, educational institutions should invest in training programs that enhance
understanding and confidence in Al tools in assessment. Future studies could investigate the
impact of such training programs on the acceptance and effectiveness of Al in education.



Overall, our findings suggest mixed feelings about the role of Al in assessments and higher
education, echoing the varied perspectives found by Ghimiere et al. (2024). The variability in
responses indicates strong opinions both for and against Al use. Some view Al as a valuable aid
in learning and assessment, useful for providing answers, improving writing, and handling routine
tasks. However, there are concerns about the potential for knowledge loss, content
homogenization, and the loss of unique educational experiences. Academic staff expressed these
fears more frequently, while students showed more enthusiasm for engaging with Al tools,
aligning with the findings of Zhang et al. (2024). The implication is that any implementation of Al
in educational assessment must balance these concerns by ensuring that Al complements rather
than replaces traditional educational methods. Future research could explore strategies for
integrating Al in a way that preserves the unique aspects of educational experiences while
leveraging the benefits of technology.

Conclusion

This study offers critical insights into the perceptions of academic staff and students regarding
GenAl in assessment in higher education. Our research questions focused on familiarity with
GenAl tools, comfort with their use in assessment practices, attitudes towards GenAl text
detection, and experiences with these detection tools. Regarding familiarity (RQ1), we found that
both academic staff and students generally demonstrated low familiarity with GenAl tools. In
terms of comfort with GenAl in assessment practices (RQ2), there was scepticism towards Al-
only marking but greater acceptance of Al-assisted feedback when combined with traditional
teacher input. Both groups showed acceptance of Al for knowledge checking and participation
monitoring. For GenAl text detection (RQ3), we observed a general comfort with its use, though
this was tempered by concerns about accuracy and fairness. Experiences with GenAl text detection
(RQ4) varied widely, with reports of both false positives and negatives, highlighting the need for
careful implementation and clear communication about these tools.

Although we draw on a small sample size and do not differentiate by institution, academic
discipline or stage of study, a holistic interpretation of results reveals relevant patterns and trends
regarding Al and assessment. These findings provide a foundation for developing policies and
strategies for the effective use of GenAl in educational assessment and feedback. Consequently,
greater research across geographies and cultural contexts is necessary to complement our findings.
These findings offer a preliminary insight into an important topic in the future of assessment of
learning in an Al-enabled higher education context.

Al Usage Disclaimer

This study used Generative Al tools for revision and editorial purposes throughout the production
of the manuscript. Models used were Claude 3 (Opus) and Claude 3.5 (Sonnet). The authors
reviewed, edited, and take responsibility for all outputs of the tools used in this study

CRediT Statement:



Jasper Roe: Conceptualization, Methodology, Formal analysis, Investigation, Writing - Original
Draft, Writing - Review & Editing. Mike Perkins: Conceptualization, Methodology, Formal
analysis, Investigation, Writing - Original Draft, Writing - Review & Editing. Daniel Ruelle:
Methodology, Formal analysis, Investigation, Writing - Original Draft, Writing - Review &
Editing.

References

Abdaljaleel, M., Barakat, M., Alsanafi, M., Salim, N. A., Abazid, H., Malaeb, D., Mohammed, A.
H., Hassan, B. A. R., Wayyes, A. M., Farhan, S. S., Khatib, S. E., Rahal, M., Sahban, A.,
Abdelaziz, D. H., Mansour, N. O., AlZayer, R., Khalil, R., Fekih-Romdhane, F., Hallit, R.,
... Sallam, M. (2024). A multinational study on the factors influencing university students’
attitudes and usage of ChatGPT. Scientific  Reports, 14(1), 1983.
https://doi.org/10.1038/s41598-024-52549-8

Baidoo-Anu, D., & Owusu Ansah, L. (2023). Education in the Era of Generative Artificial
Intelligence (Al): Understanding the Potential Benefits of ChatGPT in Promoting
Teaching and Learning (SSRN Scholarly Paper 4337484).
https://doi.org/10.2139/ssrn.4337484

Bearman, M., Tai, J.,, Dawson, P., Boud, D., & Ajjawi, R. (2024). Developing evaluative
judgement for a time of generative artificial intelligence. Assessment & Evaluation in
Higher Education, 0(0), 1-13. https://doi.org/10.1080/02602938.2024.2335321

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in
Psychology, 3(2), 77-101. https://doi.org/10.1191/1478088706qp0630a

Braun, V., & Clarke, V. (2019). Reflecting on reflexive thematic analysis. Qualitative Research
in Sport, Exercise and Health, 11(4), 589-597.
https://doi.org/10.1080/2159676X.2019.1628806

Braun, V., Clarke, V., & Hayfield, N. (2022). ‘A starting point for your journey, not a map’: Nikki
Hayfield in conversation with Virginia Braun and Victoria Clarke about thematic analysis.
Qualitative Research in Psychology, 19(2), 424-445,
https://doi.org/10.1080/14780887.2019.1670765

Chaka, C. (2024). Accuracy pecking order — How 30 Al detectors stack up in detecting generative
artificial intelligence content in university English L1 and English L2 student essays.
Journal of  Applied Learning and  Teaching, 7(2), Article 1.
https://doi.org/10.37074/jalt.2024.7.1.33

Chan, C. K. Y. (2023). A comprehensive Al policy education framework for university teaching
and learning. International Journal of Educational Technology in Higher Education, 20(1),
38. https://doi.org/10.1186/s41239-023-00408-3

Chan, C. K. Y., & Lee, K. K. W. (2023). The Al generation gap: Are Gen Z students more
interested in adopting generative Al such as ChatGPT in teaching and learning than their



Gen X and millennial generation teachers? Smart Learning Environments, 10(1), 60.
https://doi.org/10.1186/s40561-023-00269-3

Chan, C. K. Y., & Zhou, W. (2023). An expectancy value theory (EVT) based instrument for
measuring student perceptions of generative Al. Smart Learning Environments, 10(1), 64.
https://doi.org/10.1186/s40561-023-00284-4

Cotton, D. R. E., Cotton, P. A., & Shipway, J. R. (2023). Chatting and cheating: Ensuring academic
integrity in the era of ChatGPT. Innovations in Education and Teaching International, 0(0),
1-12. https://doi.org/10.1080/14703297.2023.2190148

Crawford, J., Cowling, M., Ashton-Hay, S., Kelder, J.-A., Middleton, R., & Wilson, G. (2023).
Artificial Intelligence and Authorship Editor Policy: ChatGPT, Bard Bing Al, and beyond.
Journal of University Teaching & Learning Practice, 20(5).
https://doi.org/10.53761/1.20.5.01

Dai, W., Lin, J., Jin, F., Li, T., Tsai, Y.-S., Gasevic, D., & Chen, G. (2023). Can Large Language
Models Provide Feedback to Students? A Case Study on ChatGPT. EdArXiv.
https://doi.org/10.35542/0sf.io/hcgzj

Firat, M. (2023). What ChatGPT means for universities: Perceptions of scholars and students.
Journal of Applied Learning and Teaching, 6(1), 57-63.

Furze, L., Perkins, M., Roe, J., & MacVaugh, J. (2024). The Al Assessment Scale (AIAS) in action:
A pilot implementation of GenAl supported assessment (arXiv:2403.14692). arXiv.
https://doi.org/10.48550/arXiv.2403.14692

Ghimire, A., Prather, J., & Edwards, J. (2024). Generative Al in Education: A Study of Educators’
Awareness, Sentiments, and Influencing Factors (arXiv:2403.15586). arXiv.
http://arxiv.org/abs/2403.15586

Ifelebuegu, A. (2023). Rethinking online assessment strategies: Authenticity versus Al chatbot
intervention. Journal of Applied Learning and Teaching, 6(2).

Kim, J., Merrill, K., Xu, K., & Sellnow, D. D. (2020). My Teacher Is a Machine: Understanding
Students’ Perceptions of Al Teaching Assistants in Online Education. International
Journal of Human-Computer Interaction, 36(20), 1902-1911.
https://doi.org/10.1080/10447318.2020.1801227

Lee, D., Arnold, M., Srivastava, A., Plastow, K., Strelan, P., Ploeckl, F., Lekkas, D., & Palmer, E.
(2024). The impact of generative Al on higher education learning and teaching: A study of
educators’ perspectives. Computers and Education: Artificial Intelligence, 6, 100221.
https://doi.org/10.1016/j.caeai.2024.100221

Liang, W., Yuksekgonul, M., Mao, Y., Wu, E., & Zou, J. (2023). GPT detectors are biased against
non-native English writers. arXiv Preprint arXiv:2304.02819.



Luo (Jess), J. (2024). How does GenAl affect trust in teacher-student relationships? Insights from
students’ assessment experiences. Teaching in Higher Education, 0(0), 1-16.
https://doi.org/10.1080/13562517.2024.2341005

Messeri, L., & Crockett, M. J. (2024). Artificial intelligence and illusions of understanding in
scientific research. Nature, 627(8002), 49-58. https://doi.org/10.1038/s41586-024-07146-
0

Mizumoto, A., & Eguchi, M. (2023). Exploring the potential of using an Al language model for
automated essay scoring. Research Methods in Applied Linguistics, 2(2), 100050.
https://doi.org/10.1016/j.rmal.2023.100050

Newton, P., & Xiromeriti, M. (2024). ChatGPT performance on multiple choice question
examinations in higher education. A pragmatic scoping review. Assessment & Evaluation
in Higher Education, 0(0), 1-18. https://doi.org/10.1080/02602938.2023.2299059

Nguyen, A., Ngo, H. N., Hong, Y., Dang, B., & Nguyen, B.-P. T. (2023). Ethical principles for
artificial intelligence in education. Education and Information Technologies, 28(4), 4221—
4241. https://doi.org/10.1007/s10639-022-11316-w

Nikolic, S., Daniel, S., Haque, R., Belkina, M., Hassan, G. M., Grundy, S., Lyden, S., Neal, P., &
Sandison, C. (2023). ChatGPT versus engineering education assessment. A
multidisciplinary and multi-institutional benchmarking and analysis of this generative
artificial intelligence tool to investigate assessment integrity. European Journal of
Engineering Education, 48(4), 559-614. https://doi.org/10.1080/03043797.2023.2213169

Perkins, M. (2023). Academic Integrity considerations of Al Large Language Models in the post-
pandemic era: ChatGPT and beyond. Journal of University Teaching & Learning Practice,
20(2). https://doi.org/10.53761/1.20.02.07

Perkins, M., Furze, L., Roe, J., & MacVaugh, J. (2024). The Atrtificial Intelligence Assessment
Scale (AIAS): A Framework for Ethical Integration of Generative Al in Educational
Assessment. Journal of University Teaching and Learning Practice, 21(06), Article 06.
https://doi.org/10.53761/93azde36

Perkins, M., & Roe, J. (2023a). Academic publisher guidelines on Al usage: A ChatGPT supported
thematic analysis. F1000Research, 12.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10844801/

Perkins, M., & Roe, J. (2023b). Decoding Academic Integrity Policies: A Corpus Linguistics
Investigation of Al and Other Technological Threats. Higher Education Policy.
https://doi.org/10.1057/s41307-023-00323-2

Perkins, M., Roe, J., Postma, D., McGaughran, J., & Hickerson, D. (2023). Detection of GPT-4
Generated Text in Higher Education: Combining Academic Judgement and Software to
Identify  Generative Al  Tool Misuse. Journal of Academic Ethics.
https://doi.org/10.1007/s10805-023-09492-6



Perkins, M., Roe, J., Vu, B. H., Postma, D., Hickerson, D., McGaughran, J., & Khuat, H. Q. (2024).
Simple techniques to bypass GenAl text detectors: Implications for inclusive education.
International Journal of Educational Technology in Higher Education, 21, Article 53.
https://doi.org/10.1186/s41239-024-00487-w

Polyportis, A., & Pahos, N. (2024). Navigating the perils of artificial intelligence: A focused
review on ChatGPT and responsible research and innovation. Humanities and Social
Sciences Communications, 11(1), 1-10. https://doi.org/10.1057/s41599-023-02464-6

Ramesh, D., & Sanampudi, S. K. (2022). An automated essay scoring systems: A systematic
literature  review. Artificial Intelligence Review, 55(3), 2495-2527.
https://doi.org/10.1007/s10462-021-10068-2

Roe, J. (2022). Reconceptualizing academic dishonesty as a struggle for intersubjective
recognition: A new theoretical model. Humanities and Social Sciences
Communications, 9(1).

Roe, J., Renandya, W. A., & Jacobs, G. M. (2023). A review of Al-powered writing tools and their
implications for academic integrity in the language classroom. Journal of English and
Applied Linguistics, 2(1), 3.

Roe, J., & Perkins, M. (2022). What are Automated Paraphrasing Tools and how do we address
them? A review of a growing threat to academic integrity. International Journal for
Educational Integrity, 18(1), 15.

Roe, J., Perkins, M., Chonu, G. K., & Bhati, A. (2024). Student perceptions of peer cheating
behaviour during COVID-19 induced online teaching and assessment. Higher Education
Research & Development, 43(4), 966-980.

Roszkowski, M. J., & Soven, M. (2010). Shifting gears: Consequences of including two negatively
worded items in the middle of a positively worded questionnaire. Assessment & Evaluation
in Higher Education, 35(1), 113-130. https://doi.org/10.1080/02602930802618344

Rudolph, J., Tan, S., & Tan, S. (2023a). ChatGPT: Bullshit spewer or the end of traditional
assessments in higher education?. Journal of Applied Learning and Teaching, 6(1), 342-
363.

Rudolph, J., Tan, S., & Tan, S. (2023b). War of the chatbots: Bard, Bing Chat, ChatGPT, Ernie
and beyond. The new Al gold rush and its impact on higher education. Journal of Applied
Learning and Teaching, 6(1), 364-389.

Scotland, J. (2016). How the experience of assessed collaborative writing impacts on

undergraduate students’ perceptions of assessed group work. Assessment & Evaluation in
Higher Education, 41(1), 15-34. https://doi.org/10.1080/02602938.2014.977221

Sevnarayan, K., & Potter, M.-A. (2024). Generative Artificial Intelligence in distance education:
Transformations, challenges, and impact on academic integrity and student voice. Journal



of Applied Learning and Teaching, 7(1), Article 1.
https://doi.org/10.37074/jalt.2024.7.1.41

Smolansky, A., Cram, A., Raduescu, C., Zeivots, S., Huber, E., & Kizilcec, R. F. (2023). Educator
and Student Perspectives on the Impact of Generative Al on Assessments in Higher
Education. Proceedings of the Tenth ACM Conference on Learning @ Scale, 378-382.
https://doi.org/10.1145/3573051.3596191

Spooren, P., Mortelmans, D., & Denekens, J. (2007). Student evaluation of teaching quality in
higher education: Development of an instrument based on 10 Likert-scales. Assessment &
Evaluation in Higher Education, 32(6), 667-679.
https://doi.org/10.1080/02602930601117191

Stanci¢, M. (2021). Peer assessment as a learning and self-assessment tool: A look inside the black
box. Assessment & Evaluation in Higher Education, 46(6), 852-864.
https://doi.org/10.1080/02602938.2020.1828267

Swiecki, Z., Khosravi, H., Chen, G., Martinez-Maldonado, R., Lodge, J. M., Milligan, S., Selwyn,
N., & Gasevié, D. (2022). Assessment in the age of artificial intelligence. Computers and
Education: Artificial Intelligence, 3, 100075. https://doi.org/10.1016/j.caeai.2022.100075

Wang, X., Pang, H., Wallace, M. P., Wang, Q., & Chen, W. (2022). Learners’ perceived Al
presences in Al-supported language learning: A study of Al as a humanized agent from
community of inquiry. Computer Assisted Language Learning, 1-27.

Weber-Wulff, D., Anohina-Naumeca, A., Bjelobaba, S., Foltynek, T., Guerrero-Dib, J., Popoola,
0., Sigut, P., & Waddington, L. (2023). Testing of detection tools for AI-generated text.
International  Journal  for  Educational  Integrity,  19(1), Article 1.
https://doi.org/10.1007/s40979-023-00146-z

Xia, Q., Weng, X., Ouyang, F., Lin, T. J., & Chiu, T. K. F. (2024). A scoping review on how
generative artificial intelligence transforms assessment in higher education. International
Journal of Educational Technology in Higher Education, 21(1), 40.
https://doi.org/10.1186/s41239-024-00468-z



