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Abstract

Written assignments for large classes pose a far more significant challenge in the age of the GenAl revolution. Sugges-
tions such as oral exams and formative assessments are not always feasible with many students in a class. Therefore, we
conducted a study in South Africa and involved 280 Honors students to explore the usefulness of Turnitin's Al detector
in conjunction with student self-reflection. Using a Mixed Methods Research (MMR) approach, we analysed data gen-
erated from the Turnitin Al reports, our grading rubrics, and qualitative student self-reflection. The findings show that
incorporating self-reflection into assessments supports ethical GenAl use and improves the transparency lecturers need
for decision-making. A declaration form allowed the students to be upfront about using Generative Artificial Intelligence
tools. We found that students who can reflect on their learning relied less on generated content. However, students
with high Al detected scores (>20%) did not adequately reflect on how the tools supported their learning and could
not give credible explanations of use. We contribute to the body of knowledge by providing students and academics
with examples of responsibly handling Al-detected scores in large-class settings. We present a guided self-reflection and
declaration with an Al detector to support students and help lecturers make decisions when grading. We also present a
decision tree that lecturers and graders can use when evaluating Al use in assessments.

Keywords Student self-reflection - Turnitin Al detection tool - Large class assessment - Mixed methods research (MMR) -
Generative Artificial Intelligence (GenAl or GAI) - Higher education

1 Introduction

The release of ChatGPT, a Large Language Model (LLM) with an accompanying chatbot, introduced new and significant
opportunities and challenges for assessment in Higher Education (HE) [1-3]. Research on integrating Generative Al
(GenAl) tools in teaching, learning, assessment and policy is still emerging [4, 5]. However, comprehensive guidelines
on assessing the originality of students’ work in the context of GenAl are limited [6, 7]. Developing GenAl detectors like
Turnitin’s Al report [8] can assist educators in identifying Al-generated text, but interpreting these reports can be chal-
lenging. Reviews of policies on academic misconduct have also revealed several grey areas, especially regarding language
and writing support [6, 9]. Universities tend to leave the responsibility of deciding when GenAl use is plagiarism with
the lecturers, as found by Algahtani and Wafula [10]. Assessing the ethical use of GenAl is a complex task, necessitating
tools that can accurately differentiate between accepted and unethical uses.
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Turnitin’s Al score detector is designed to help educators identify Al-generated content. However, as Boud and Soler
[11] and Turnitin [12] point out, the effectiveness of such tools depends on the lecturers’ ability to interpret the results
accurately and contextually. False positives can undermine trust in these technologies, but it should be noted that Tur-
nitin reports a false positive rate of 1% or less for documents with 20% or more Al-generated content [13, 14]. Detecting
Al, knowing how to assist students in understanding the tool’s fair use and developing fair grading practices is difficult,
as stated by Hayes, Jandri¢ [15]. Embedding self-reflection into assessments is an innovative approach to support ethi-
cal Al use, as suggested in our study [16, 17]. Self-reflections encourage students to report and critically evaluate their
Al use, promoting a deeper understanding of ethical considerations. Self-reflection can be a powerful tool in fostering
academic integrity, as it engages students in a dialogue about their learning processes and the moral implications of
their actions [18, 19]. Rubrics that include criteria for ethical Al use can further support this approach, which is our aim
with the current study. Rubrics can guide students in understanding the expectations and standards for responsible Al
use while providing graders with more precise guidelines on assessing GenAl use. Lecturers can help students navigate
the complexities of integrating Al into their academic work by clearly articulating the criteria for ethical use. We devel-
oped an Al declaration form and a student self-reflection in response to the need for lecturer interpretation tools. The
declaration form and self-reflection practice could support students’ ethical and responsible integration of GenAl into
assessments while providing educators with supplementary tools to evaluate the appropriate use.

1.1 Research questions

The overarching goal of the current study was to promote students’ ethical use of GenAl in assessment and provide
lecturers with supplementary decision-making tools in large classes. Therefore, our study was guided by the following
research questions:

1. How do student reflections on Generative Al (GenAl) usage correlate with their Turnitin Al scores, and what does this
reveal about their ethical engagement with Al tools?
2. How do student reflections, Turnitin Al detected scores, and the declaration guide grading decisions?

2 Background

The impact of recent GenAl advancements on HE assessment has been well established [20, 21]. The changing tech-
nological landscape necessitates exploring the latest tools to support collaboration between students and lecturers
while promoting inquiry [22]. Generative Al (GenAl), which includes technologies such as GPT-40, has demonstrated
significant potential to enhance educational processes while creating concerns about the potential challenges [23]. The
need for research on the educational implications of using GenAl to learn and to replace learning, the impact on human
development and the need for strategies and guidance becomes increasingly evident, as reported by Bukar, Sayeed [24].
The current study focuses on assessment tools in the era of GenAl for large classes, which are incredibly challenging in
educational massification [25]. Current suggestions for dealing with GenAl involve more personalised assessments and
individualised feedback [26], such as oral exams and increased formative assessment [27]. However, when class sizes
include over 500 students, this becomes too time-consuming and expensive. Therefore, self-reflection and declaration
of use is presented as alternatives to be included in the assessment process. Technology could play a role in dealing with
massification by employing GenAl to provide feedback, but that discussion is beyond the scope of the current paper.

2.1 Al and assessment in higher education

GenAl can facilitate personalised learning experiences [28], automate administrative and assessment tasks [29], and sup-
port creative and critical thinking for students in the class and outside [30, 31]. However, the benefits are countered by
concerns about academic dishonesty and the pedagogical implications of using GenAl for learning and assessment [32].
The primary challenge is ensuring that students use GenAl to enhance learning and to support lecturers dealing with
GenAl during assessments [33]. Detecting Al-generated content copied from a primary LLM is relatively easy [34]. When
spinning has been applied by putting Al content through "humanising" Al, such as Quilbot, the detection becomes more
difficult. Turnitin created an Al detection tool we used in our study [8]. Al detection tools are expensive, and universities
need to learn how to use them well to make the cost worthwhile and, at the same time, support student learning in
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this new technological area [35]. Studies by Baron [34] and Halaweh and El Refae [36] found that Al detection is likely to
become more complex and that running text through Al spinners multiple times can result in 0% being detected. Future
assessments will have to occur with GenAl, and the Al will be part of understanding how much learning has occurred.

Additionally, we suspect that the role of written assessment will have to be re-evaluated. Al detection tools adapt
each time the users find ways to beat the detector, resulting in a continuous cycle of adapting and counter-adapting.
Luo [6] notes that distinguishing between students’intellectual contributions and Al-generated work is challenging. The
current study offers tools that can be combined with human insight and Al detectors. Assessment practices will have to
evolve to accommodate writing and learning in conjunction with Al [37, 38], and we suspect that this may change the
assessment landscape considerably.

2.2 Distinguishing between plagiarism, originality and authenticity

Many higher education policies have noted plagiarism and concerns about academic integrity when Al is used [7, 37]. Luo
[6] notes that several HE policies overlook students’efforts and contributions when working with GenAl, while Ardito [39]
and Fredheim and Pamment [40] note that LLMs allow users to conduct extensive, iterative conversations with complex
prompts. Therefore, we concur with Luo [6] that plagiarism, originality and authenticity should be re-examined in the
context of Al. The Turnitin [41] plagiarism spectrum identifies ten types of plagiarism based on research and findings
from secondary and higher education institutions. On this spectrum, submitting text from a source verbatim, using
significant portions of work from a single source, retaining the essential content of a source, and changing keywords
or phrases are considered some of the most severe types of plagiarism. Similarly, if a student deliberately uses GenAl to
complete an assessment, it may be considered plagiarism and academic dishonesty [7].

In their review of HE policies on GenAl, Moorhouse, Yeo [7] reported that highly ranked universities view copying and
pasting from GenAl, spinning or humanising Al-generated text to avoid detection and not documenting GenAl use in
assessment as forms of plagiarism. Many higher education institutions require students to acknowledge and report their
GenAl use in assessment [42]. Ardito [39] and Luo [6] agree that reporting GenAl use might need to be more practical, as
work sections have been co-created with Al. Furthermore, looking at guidelines on how instructors should respond when
they suspect GenAl plagiarism, it seems that instructors are given the discretion to decide if a violation has occurred [7].
However, it is unclear what guidelines instructors should use to determine whether students are guilty of plagiarism with
Al [43]. In light of the conversational and collaborative abilities of LLMs and Al chatbots, it is challenging to distinguish
between the originality and authenticity of a student’s work [44]. Luo [6] notes that there needs to be more understanding
of what constitutes originality of a student’s work in HE policies. The author highlights that originality is often assessed
based on a declaration of authorship and originality score [6]. In this paper, we define authenticity as the student has
completed the work on their own (it is their work mainly with sources only being used for scaffolding understanding)
and as originality as reflecting a student’s understanding of the sources, materials and content in question.

The definitions adopted in the current study are shown below:

e Authenticity—the text was written by the author in their own words, and ideas from other sources have appropriate
citations.

e Originality—the ideas presented in the work are new, novel and original to the author.

e Humanising Al—Work written by generative artificial intelligence is rephrased in multiple ways by GenAl to make it
sound more "human" and natural.

2.3 The need for ethical use guidelines and educational policy

Integrating ethical considerations into Al usage is crucial for maintaining the integrity of academic work [45]. Floridi
and Cowls [46] argue that the ethical use of Al in education should be guided by principles such as transparency,
accountability, and fairness. These principles can help develop policies that delineate acceptable uses of GenAl, prevent
misuse, and allow students to use the tool correctly [47]. Recent studies emphasise the role of institutional guidelines
in promoting ethical Al use; for example, Chan [48] offers a comprehensive framework that includes the dimensions of
pedagogical, governance, and operational aspects to guide educators in judging the use of Al in student work. Yusuf,
Pervin [49] found that clear, well-communicated policies significantly reduce instances of academic dishonesty related
to Al. They advocate for including Al use guidelines in academic integrity policies, which can provide students with a
framework for ethical Al use.
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On the other hand, McDonald, Johri [50] point out that extensive revisions of pedagogical policies can burden
academic staff and that such changes require careful thought. The responsible use of Generative Al (GenAl) in higher
education requires a balanced approach that fosters innovation while maintaining academic integrity. Recent studies
underscore the importance of clear policies, practical assessment tools, and reflective practices in achieving this balance
[51-53].

3 Methods

Mixed Methods Research (MMR) is a relevant methodology for this study as it explores multiple dimensions inherent
in the motivation and the result of using Al in assessment practices [54-56]. Our study investigated the usefulness of a
GenAl declaration and reflection in combination with the Turnitin Al score in honours assignments. The current study
investigated how reliable and valid the reflections are for gauging the fair and responsible use of Generative Artificial
Intelligence. Students had to agree to our declaration, and when they used GenAl, they had to reflect on how learning
took place and provide their prompts and outputs. The reflection was graded as part of their assignments, creating
qualitative data. The Al score provided by the Turnitin platform was quantitively analysed.

3.1 Sample

Two hundred eighty honours students in the Faculty of Education at the University of Pretoria in South Africa partici-
pated in our study. The students are enrolled in distance education modules. We drew a stratified, random sample of
participants’ assignments for the qualitative analysis, sampling 25 texts (assignments). Stratification for the qualitative
sampling was done on the variable Turnitin Al scores (coded as above 20% and below 20%), and we aimed to have half
the sample comprised of each. The Turnitin report highlights where Al-generated texts could be found in the writing
and the percentage detected.

3.2 Point of departure

The current paper is theoretical, with data to support our claims. We designed the study and the analysis to be inductive
and contribute to the development of theory within the arena of Al in assessment.

3.3 Instruments
Our data collection utilised three instruments: the student declaration, the self-reflection item and the Turnitin Al score.
3.4 Student declaration

Table 1 shows the declaration participants must complete before submitting the assessment. The declaration was pre-
sented as a form they had to click through before the assignment submission link would be available.

Our university made guidelines available to students outlining the proposed and acceptable use of GenAl. Further-
more, only lecturers and graders can see the Turnitin Al score, and we wanted participants to be fully aware. The form
also explicitly indicates to participants the expectations by agreeing.

3.4.1 Prompt and reflection items

Table 2 shows the two items included and graded in the student assignment, along with their rubric and examples of
poor, good and excellent responses.

For the reflection section, participants had to write a brief paragraph explaining how they used Al in their assignment,
ideally highlighting how learning was supported and enhanced. Our rubric required the allocation of 3 out of 3 marks
only if the reflection showed personal growth and rich references to one’s learning, and graders used the examples as
a guideline to make judgements.
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Table 1 Generative artificial intelligence declaration of use

Statement Response options

1. Have you used any artificial intelligence/chatbots in your assignment? (Please note this is allowed if you rework 1.1 have used Al/Chat-

and reword as required) bots or will be using
them

2.1 have not used any

artificial intelligence

2.1 avoided copying and pasting text directly from Generative Al (GenAl) 1. Agree

0. Disagree
3.If lused GenAl, | only did so to scaffold my learning 1. Agree

0. Disagree
4.1f/When using Generative artificial intelligence, | made sure it aligns with university policies 1. Agree

0. Disagree
5.1f l used any GenAl tools, | declared and explained it in the assignment 1. Agree

0. Disagree
6.1 acknowledge that graders can see my Al score, even though it won’t show on my side 1. Agree

0. Disagree

3.5 Administration and data collection

In the declaration form, participants gave consent for their assessment answers to be used for research purposes.
Participation was voluntary; 32% of students declined consent, and their data was removed from the analysis. The
data analysis and interpretation are illustrated in Table 3.

3.6 Data analysis

A quantitative data analysis of the markings done on the student reflections was conducted. The statistical data
analysis was used to gauge the relationship between the Turnitin Al Detection Score and grader perceptions of
participants’ fair use (graded item). The Gamma Correlation Coefficient was deemed appropriate for calculating
the relationship between Al scores and reflection marks due to the graded reflection’s categorical nature and the
Al score’s limited variability and non-normality [57, 58]. From a mixed-methods perspective, the Gamma coef-
ficient complements the qualitative analysis by quantifying patterns observed in students’ reflective responses.
Integrating statistical correlation measures with qualitative coding allowed a more nuanced interpretation of how
the reflection correlates with the Al-detected score. This approach strengthens the study’s findings by ensuring
robust quantitative associations support insights drawn from qualitative reflections. The Statistical Package for
the Social Sciences (SPSS) was used for the quantitative analysis [59], and Winsteps software for the reliability and
validity calculations [60]. To interpret the Gamma correlation, we consulted Cohen’s recommendations and used
these guidelines [61, 62]:

<0.10=Very weak or no association

+0.10 to £ 0.30 =Weak association

+0.30 to £ 0.50 = Moderate association

+0.50 to £ 1.00 =Strong or very strong association

We conducted a reflexive thematic (TA) content analysis to evaluate participants’understanding of GenAl in their
textual reflections [63, 64]. During our qualitative analysis, we focused on assigning codes to the reflections and
prompts students used regarding how ethical the use was, the level of thinking in prompt design and exploring
participants’reasons for relying on GenAl to complete the assessment. The coding and themes were done in Excel,
our preferred way to handle our QUAL data. The quantitative and qualitative data were integrated so that findings
aligned with the concurrent mixed methods approach. The first step of our MMR analysis was to prepare the QUAL
and QUANT analyses separately [65]. Next, we compared and contrasted our findings [66], synthesised the data,
addressed the divergent findings, and concluded the analysis by creating a convergence table [67].
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3.7 Methodological integrity (norms)

The trustworthiness of the qualitative data analysis was enabled by using two coders; both authors coded separately
and then reached a consensus to produce the final themes and write-ups. The reliability and validity of the quantita-
tive instruments were checked by looking at the overall reliability coefficient of the assignment (all items), which was
0.863, indicating that the underlying construct of the research methodology was consistently measured, including the
reflection item. We also ran a Rasch Partial Credit Model [68] and found that the reflection item did not misfit the meas-
urement model (Outfit MNSQ = 1.42), which we consider further evidence that the item aligns with the construct being
measured (construct validity) [69]. We checked the normality of the distribution and other assumptions of correlations
and chose the Gamma as the best suited for the analysis. To mix the results, we used triangulation to help us ensure that
the interpretation of the combined QUAL and QUANT was credible and supported by our data.

3.8 Ethical considerations

Permission was requested from the Dean of our Education Faculty. He agreed to allow the study if proper ethical proce-
dures were followed. Further permission was granted by the Faculty of Education Ethics Committee and our University’s
Survey Committee. Participants were asked for consent to use their data for the research purposes described in this paper.
On the consent form, we clearly explained that participation in the study is voluntary and that if they prefer not to share
their assessments for research purposes, we will not use the answers and results. There were no adverse consequences
if a student declined to participate in the study.

3.9 Aluse declaration

During this research and writing up our findings, we used ChatGPT 4.0 [70] to ask for suggested headings for the literature
review based on our research questions, talked to ChatGPT about our findings and what it could mean, and solicited
advice from the bot on how to present our findings best [71]. We also used ChatGPT 4.0 with Canva to receive feedback
on our writing and suggestions on improving this article. We were careful not to use anything from the Chad (ChatGPT)
verbatim, and when we disagreed with it, we chose our own insight as superior.

4 Results
4.1 Qualitative findings

Table 4 summarises the GenAl use in participants’ assignments, showing the split between those with detected and
undetected Al scores.

Al scores were deemed non-problematic when the percentage was between 0 and 20%. This range was guided by
Turnitin's assertion that there is a higher possibility of false positives below this range [14]. While there are guidelines
for acceptable similarity percentages, we could not find similar guidelines for GenAl-detected reports. Therefore, assign-
ments that had Al scores above 20% required further investigation. Participant reflections were used to assess whether
their reported and detected use was problematic and to what degree. Six of the 17 participants with high Al scores used
GenAl to create their reflections. Next, participants’ reflections were coded and analysed to understand better how
the participants used GenAl to support them in completing their assignments. The themes derived from our codes are
presented in the next section.

4.1.1 Theme 1: Al as a tool for creativity and active engagement
Five of the reflections had aspects of creativity, application and engagement. Participants said they used the GenAl

as a tutor and for enhanced learning. One participant also used the GenAl tool to get formative feedback on their
assignment by prompting: Does my answer cover all expectations for the question? Does my answer make sense?
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Table 4, Breakdgwn of .GerTAI Participant no. GenAl score (%) Al generated con-  GenAl paraphras- Al use
scores.mcluded in qualitative tent (%) ing (%) detected in
analysis reflection
Participant 1 0 0 0 None
Participant 2 0 0 0 None
Participant 3 0 0 0 None
Participant 4 0 0 0 None
Participant 5 0 0 0 None
Participant 6 0 0 0 None
Participant 7 0 0 0 None
Participant 8 0 0 0 None
Participant 9 0 0 0 None
Participant 10 <20 <20 <20 None
Participant 11 <20 <20 <20 None
Participant 13 21 21 0 None
Participant 15 26 0 26 None
Participant 16 37 0 37 None
Participant 17 41 0 41 None
Participant 20 70 70 0 None
Participant 21 70 70 0 None
Participant 24 85 85 0 None
Participant 14 22 22 0 Yes, Generated
Participant 12 20 0 20 Yes, Generated
Participant 19 67 50 17 Yes, Generated
Participant 22 72 72 0 Yes, Generated
Participant 23 78 78 0 Yes, Generated
Participant 18 57 20 37 Yes, Rephrased
Participant 25 100 16 84 Yes, Rephrased

(Participant 7). These prompts align with our institutional guidelines for acceptable use, our teaching goal for stu-
dents to utilise Al as a cognitive aid, and the general definition of mind tools [72]. Generative Al (GenAl) can be an
inspiration source, helping students explore and expand their ideas, perspectives and approaches. One participant
highlighted that the Al helped them improve their writing skills by providing critical feedback and said that:

It helped me to customise my work in collaboration with other learners. It also improved my learner engage-
ment by allowing me to be out there and academically learn how to receive critiques. It further developed
my writing skills, and | write like a pro (Participant 10).

Another student said it assisted them with more profound and independent work by helping them break down
their work into more understandable sections. Learning is supported and developed when students engage dynami-
cally with Al. The participants were aware and able to use the tool effectively, as shown by Participant 1, who said
in their reflection that:

To ensure | was learning, | carefully checked the Al's outputs against academic sources. | used Al suggestions
as a starting point for deeper exploration, which kept me actively involved in the research process.

Overall, the results support the idea that integrating GenAl into written assignments improves students’academic
writing and can reduce the time spent retrieving information [73]. Implications of the quick and convenient answers
students can receive from Al tools may lead to diminished critical thinking abilities. Reduced critical thinking would
happen if students do not independently research the topic and cannot thoroughly evaluate the Al outputs [73].
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4.1.2 Theme 2: Al for promoting skills and supporting knowledge construction

In seven reflections, participants reported using Al to supply examples, assist with understanding, and help them apply
what they had learned. For example, the assignment required students to interpret statistical outputs, which we know
from experience can be challenging. Participants with low Al scores said they used LLMs to help them understand con-
cepts, such as statistical significance. They also asked the bot to check their interpretations. For example, participant 13
said in their reflection that:

For the question about quantitative data interpretation, due to not understanding the value p <0.05, | used Al to
interpret. | interpreted the inferential statistics so that it draws the reader’s attention to the significant findings
with values.

The participant who could avoid misusing Al asked the bots for information and inputs but drew their own conclusions
and reworked materials accordingly. For example, participant 2 said in their reflection that:

| used GenAl as a study tool to remind me of the different types of research methodologies, why they are used and
what influences them. This gave me the framework to answer questions but since | didn't input specific questions
or details about the given scenarios, it forced me to apply the framework myself and put in effort to understand.

This theme reflects the potential of GenAl to foster development and encourage self-improvement when it supports
students in growing their insights. Conversely, without the necessary prior knowledge to identify incorrect information,
students risk becoming overly reliant on Al tools that have been found to give incorrect answers to content questions
[74,75].

4.1.3 Theme 3: Al for donkey work (mindless uses)

Three of the reflections drew attention to Al's uses for formatting, rephrasing and technical assistance. While participants
were strictly prohibited from using GenAl for language editing, the assessment guidelines were not explicit about allow-
ances for technical editing. Participants who avoided high Al scores could employ the LLM machine for mundane tasks
like formatting, as Participant 6 notes:

| used GenAl (ChatGPT) for various reasons, including assignment layout, literature review, generating of informa-
tion, summarising of text extracted from a textbook and for reference. | also used Microsoft Office and Grammarly
to check spelling and grammatical errors. | used the information generated by Al to develop ideas and could relate
my responses according to the assignment guidelines. | avoided copying and pasting information generated by
Al as | know the consequences of that conduct are dire. | have also improved my reading and creative writing skills
following the multiple sources | consulted for data on this assessment.

While not as exciting as knowledge construction or creativity, the use of GenAl for mundane tasks is encouraged in
our modules as it frees up time for thinking and engagement. These results support previous studies that have outlined
how GenAl tools can make the research process more efficient, improve academic writing, structure answers and improve
students’ self-confidence in large classes [76-78]. Students should be encouraged to continue engaging deeply with
learning materials to develop their own ideas and thought processes [73].

4.1.4 Theme 4: lack of reflection, denial and parroting

The reflections of participants with high Al scores were typically absent. Participants with Al scores above 20% also
tended to deny using generative artificial intelligence or parroted what was said during lectures in their reflections. Some
participants declared that they did not use GenAl in their assignments or did not respond to the reflection question on
GenAl usage, but they had Turnitin Al scores above 20%. Generated content was detected for three assignments out of the
randomly sampled 25, and the score was between 70 and 85%. GenAl paraphrasing was detected for another remaining
three, with scores ranging from 26 to 41%. Since paraphrasing can include spinning, we speculate that the participants did
not view this as unethical use. Only three of the 17 participants with high Al scores included their prompts. The prompts
used sections from the assignment in verbatim. Below, we show two of the three prompts:
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Write a detailed overview of the key challenges faced by teachers in South Africa, including factors such as workload,
resources, and working conditions (Participant 18).
What are some effective qualitative research questions focused on bullying among young children? (Participant 22).

Although these prompts align with our institutional guidelines, how outputs were directly taken from GenAl platforms
violates the rules. Concerns about the overreliance on GenAl to complete academic tasks include reduced decision-
making, critical thinking and analytical thinking abilities [73]. Without the proper evaluation of GenAl outputs, students
are at risk of LLMs being found to present misleading and incorrect information as factual. Li and Little [79] and Albus and
Seufert [74] point out that students with decreased content knowledge are particularly at risk of becoming over-reliant
on Al as they cannot distinguish between facts and Al hallucination.

4.2 Quantitative findings

First, we show the descriptive statistics in this section and the inferential correlations we calculated. Table 5 summarises
the total sample obtained (those who agreed to be included in the study) regarding their Al scores.

Our achieved sample contained 51 participants (18%) who had Al-detected scores above 20%. We calculated the
sampling power for the total sample in g*power [80, 81]. We concluded that a sample size of 280 achieved a power of
99.6%, far beyond the usual requirements of 80%. The Turnitin Al report shows a breakdown of Al-generated and Al-
paraphrased scores, which make up the overall Al score. We show this split along with the descriptive statistics in Table 6.

Of the 51 participants with Al scores above 20%, the average Al percentage was 46% (almost half of their content
was Al-sourced). There is a split between Al-generated content, where the average percentage was 24% and the Al
paraphrased score, where the average was 22%. The Al scores could go as high as 100%.

Table 5 Sample displayed by

Al score above or below 20% Al score Frequency Percent Valid percent
Valid Below 20% 211 754 80.5
Above 20% 51 18.2 19.5
Total 262 93.6 100.0
Missing System 18 6.4
Total 280 100.0
Table 6 Al scores breakdown Al score Al-generated score Al para-
into generated.and o phrased
ertai\g?cr:sed with descriptive score
Valid N—Al score present 51 51 51
Mean 46% 24% 22%
Median 41% 17% 21%
Std. deviation 19% 26% 22%
Range 80% 85% 84%
Minimum 20% 0% 0%
Maximum 100% 85% 84%
Table? Correlation between Value Asymptotic Approximate T® Approxi-
reflection grades and Al scores standard error mate signifi-
cance
Ordinal by ordinal Gamma —-0.364 0.226 —1.554 0.120
N of valid cases 27

?Not assuming the null hypothesis
bUsing the asymptotic standard error assuming the null hypothesis
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Table 7 shows the Gamma correlation coefficient between the reflection grade (out of 3) and the Al scores (between
20 and 100).

The correlation coefficient shows a negative, moderate relationship. Higher Al scores are associated with a lower
grade on the reflection. The correlation coefficient is not statistically significant (p=0.120), which may be due to the
non-parametric nature of the data. However, the detection of a negative, moderate relationship (r=— 0.364) shows there
is an association.

4.3 Concurrent MMR findings

Table 8 shows our comprehensive findings from combining the QUANT and QUAL data in the concurrent analysis.

We first analysed the quantitative data, including Al detection scores and reflection grades, establishing statistical
relationships using the Gamma Correlation Coefficient. Separately, a reflexive thematic analysis was conducted on the
self-reflections, categorising students'responses into themes based on their depth of engagement with Al tools. Thereaf-
ter, we conducted a triangulated synthesis by comparing individual students’ Al scores with their corresponding qualita-
tive reflections. We used a side-by-side joint display analysis to systematically integrate these findings, visually aligning
qualitative themes with quantitative scores (see Table 8). The concurrent analysis highlights that while Al detection tools
provide useful indicators, their effectiveness is enhanced when complemented with self-reflective assessments, offering
aricher understanding of students’ engagement with GenAl.

Our quantitative and qualitative analyses found that the self-reflections were associated with improved GenAl ethical
and pedagogical use. However, here we acknowledge that students who are already equipped with the knowledge and
skills to achieve well academically may also know how to use such tools responsibly and can reflect on their own learn-
ing. Those who struggle with the module may need more introspection skills and fall back on the LLMs to substitute for
their lower academic abilities. Grading the self-reflections provides additional evidence of student intent and awareness
of using Generative Al (GenAl), but it does not necessarily provide insights to make decisions beyond what the Al score
already indicated.

5 Discussion

In this section, we answer questions about our results and build an argument for the usefulness of Al detectors and
self-reflection when dealing with GenAl in student assessments. We also propose a decision tree to help lecturers and
markers make fair and consequent decisions about students’ GenAl use in written assessments.

5.1 How do the student self-reflections add value to the assessment and Al judgement process?

The findings show a moderate relationship between the quality of the student self-reflection process and the Al
score detected. Our findings suggest that students with better academic performance and higher Al literacy require
less help from LLMS, are more able to reflect metacognitively and are better prepared to write good prompts for
responsible use. For the current study, we defined high academic performance and skills as mastery of theories and
frameworks, engagement and contribution to discourse, academic writing skills and application of knowledge to
practice. The importance of crafting and refining prompts for meaningful outputs has been well established [82].
Using GenAl in assessment requires students to design precise prompts to interact with the tools effectively and
critically evaluate and refine the outputs [74, 82]. Therefore, students who struggle scholastically may find it difficult
to reflect on the learning process. As a result, they seem prone to over-reliance on Al tools to complete both the
assignment tasks and the reflection. This finding aligns with the work of Albus and Seufert, who note that a student’s
prior knowledge plays a key part in their success in working with Al tools. Our findings from the reflection confirm
their notion that students with lower levels of prior knowledge may need more learning assistance but struggle to
use Al tools effectively. The student self-reflections are a valuable indicator of what the higher Al-detected scores
mean: Students with academic challenges need support for understanding content and broader insights into
their own learning. At this point in their learning, they may not yet be able to self-reflect. The self-reflections also
helped us interpret the Al-detected scores as they gave insight into what students thought when they used the
GenAl. These findings further highlight the importance of teaching students to design prompts rather than input
the assignment instructions [83]. Students who denied using LLMs for assistance could be flagged and asked for
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further explanation. We here note that once presented with the evidence of the Turnitin Al report, most students
admitted using the LLMs to generate content beyond what was allowable. These instances further highlight the
importance of promoting Al literacy in higher education institutions, including evaluating Al-generated content,
ethical consideration of using Al in assessments and Al policies [74, 84].

5.2 How does the Al detector fit into the decision-making process?

Students will continue looking for new ways to fool the Al detectors, which is possible with repeated spinning [85].
One study found that Turnitin’s Al detectors showed the most significant drop in accuracy compared to other models
when applying adversarial techniques to deceive the detector [85, 86]. While Turnitin and other Al detectors continue
to adapt to attacks, there are also several online networks dedicated to exposing the vulnerabilities of the detectors
[86]. The Turnitin Al detector helped us identify students who used Al more extensively than allowable in our module
(18% detected as having more than 20% generated text), and as students did not deny this when presented with the
evidence, we concluded that the scores were accurate and helped to quality assure the assessment process. To ensure
that assessments remain fair and inclusive, we propose combining Turnitin Al detection reports with additional aids like
student reflections to guide decisions regarding suspected misuse of GenAl.

5.3 To what extent were student declarations helpful in the grading process?

The Al declaration helped when high Al scores were found to see if students acknowledged that they would use gen-
erative artificial intelligence in their assignments. Those who denied using GenAl and did not declare they intended to
use the machines did not comply with the assignment and student guidelines for GenAl use. While it is not intended to
be punitive with this declaration, several factors may have contributed to non-compliance. A study by Gonsalves [87]
found that students experience fear regarding grade penalties and accusations of academic misconduct, and they feel
intimidated by Al declarations. We suspect confusion about what constitutes Al use might have impacted several stu-
dent declarations and self-reflections in this study, especially where paraphrased content was detected. Some students
may have used paraphrasing tools like Quilbot and did not declare this. Another possibility is that students copied their
work into ChatGPT to paraphrase and did not consider this Al use. Further research is needed into the reasons for non-
compliance with declaration requests. Therefore, it remains important that clear expectations regarding integrating GenAl
into teaching, learning, and assessment are communicated to students at the beginning of the module. Lecturers and
assessors are encouraged to be transparent with expectations and how the student use of GenAl is evaluated, as well as
how lecturers use GenAl to ensure that student-lecturer trust remains intact [88].

5.4 How are our findings related to the research questions in the current paper?

Our first research question was about the correlation between student self-reflections and the Turnitin Al detection scores.
Here, we found what we expected: a moderate negative relationship. The better students were at reflecting on their own
learning, the lower their corresponding Al score was to a moderate degree. The self-reflection item can be included for
students and graders as an additional indicator of metacognition and the ability to use Al ethically. The second research
question asked about the combination which could be used to judge students’ ethical use of Al and transparency in
assessments. Here, we found that the Al declaration questions, the self-reflections, and the Turnitin Al scores used in
combination worked best and helped us decide if a student had failed the assessment due to misuse of GenAl. We present
these tools for use by other researchers and academics to be adjusted to your specific purposes and context.

5.5 Contribution of the study

Based on the findings of this study, we designed the decision tree captured in Fig. 1 to assess GenAl use in written
assessments submitted in Turnitin. The purpose of the decision tree is primarily to train our graders to assign marks fairly
and only to fail students where Generative Al (GenAl) is problematic [35]. The decision tree shows how graders could
easily use the results from student self-reflection, Turnitin Al score, and student-declared use of GenAl to make fair and
accurate decisions.

The tree starts with reviewing the detected Al score report from Turnitin. While our institution has guidelines on the
allowable threshold for similarity, we did not have guidelines for acceptable Generative Al (GenAl) scores at the time
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Fig. 1 Decision tree for assess-
ing GenAl use in Turnitin

Does the assignment
@ have a GenAl score
above 20%7?

Did the student
declare
their GenAl use?

Does the student’s
GenAl use align with
the institution’s policy

on GenAl use?

Did the student copy
a GenAl response
verbatim?

Did the student
critically reflect about
GenAl use to
enhance learning?

Does the student's
work reflect
problematic use of

@ GenAl?

Fail student, no
resubmission

of this publication. Next, the student declaration is reviewed to see if they reported their use. If the student did not use
GenAl responses verbatim in their assessment, their reflection on reported use was assessed to establish to what extent
the use supported student learning. This process allowed the assessor to conclude. If the assessor establishes that GenAl
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use was aligned with the assessment requirements and institutional guidelines, the use was deemed appropriate, and
a grade was awarded for the assessment.

If GenAl use has been detected but not declared, the use does not align with institutional guidelines; the student failed
the assessment or would be granted a resubmission in line with the institutional assessment guidelines. If a student’s Al
use was deemed inappropriate, the student failed the assignment without the opportunity to resubmit. It is important to
note that the decision tree will be piloted in the module’s next examination cycle. We acknowledge that further research
is needed to determine the effectiveness of the decision tree in enhancing fair and consistent marking. Therefore, we do
not propose using the decision tree as is but rather adapt it to suit the educator’s context, assessment guidelines and
institutional guidelines on GenAl and assessment.

5.6 Significance of findings for international educators

We recommend combining quantitative measures, such as Al detectors, with qualitative reflections to promote GenAl's
fair and ethical use. Combining these measures will also support students using GenAl, as the judgements made can
be clarified with assessment rubrics for the reflections. The decision tree and declaration can be adapted to various
international educational systems. We also recommend emphasising reflective learning to foster critical thinking, self-
regulation and awareness of accountability for students. Our use of Al detection tools sees it as being employed in
conjunction with human insight and educational values across different learning spheres. Our final recommendation
is that technological changes and innovations be aligned with ethical and pedagogical priorities using resources like
those offered in our paper.

Our recommendations are based on the empirical data presented in the current paper. The recommendations are
given so lecturers and researchers can make informed decisions about assessment practices and GenAl.

1. Use Al detectors with care, but they do have a role to play. When students submit written work, especially for content-
heavy subjects, measures such as Al detectors help quality assure the writing. Writing with Al should be a goal, but
until such practices have been established, the emphasis should be on students writing in their own words.

2. Train graders and lecturers on how to deal with generated text. Students will use GenAl in their written assignments;
therefore, graders and lecturers must be equipped to respond. Here, the decision tree (Fig. 1) can be helpful.

3. Carefully consider the role and necessity of writing in assessment. The role of writing in assessment may be chang-
ing, and if software can write for us, this may not be the most accurate way to assess student understanding. Asking
students to make presentations, complete tests and conduct practical assessments may be the way forward.

4. Use reflective practices to help students in their GenAl use: As found in this paper, self-reflection can help students
use GenAl more responsibly and increase their reasoning skills about their own learning. Therefore, we recommend
including self-reflection tasks in written assignments to help students and lecturers decide about GenAl use.

5.7 Limitations of the current study

The current study is limited to a sample of honours students at a public university in South Africa (University of Pretoria).
The generalisability includes theoretical, but external generalisability may be limited [89]. The sample size was large
enough for adequate data analysis (see power reported in the sample section). Two more limitations to keep in mind
are the rapidly changing landscape of generative artificial intelligence and the limitations inherent in the Turnitin Al
detectors.
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