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The rise of generative artificial intelligence (GenAI) raises critical concerns about academic 

integrity and the authenticity of student learning. This paper draws on academic integrity 

records from the South Australian Institute of Business and Technology to explore trends 

in GenAI use, detection, and institutional response following the public release of ChatGPT. 

Using a quantitative data analysis approach, we examined patterns across multiple study 

periods and disciplines to highlight key differences in how GenAI is being addressed in 

STEM and non-STEM courses. The findings reveal a rising number of misconduct cases, 

especially in essay-style and computer programming assessments. These shifts raise 

concerns about the effectiveness of current assessment models, and the long-term 

credibility of STEM qualifications. The paper argues for a proactive and pedagogically 

informed response, emphasising authentic in-class assessments, policy reform, and 

inclusive learning environments, to ensure STEM graduates are equipped not only with 

technical skills but also with the ethical and analytical capacities required for work in 

industry. 
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Introduction 

The public availability of generative artificial intelligence (GenAI) technologies has disrupted 

the higher education sector (Hutson et al., 2022). GenAI is changing the ways in which 

students interact with their learning resources and assessment tasks (Borah et al., 2024). 

GenAI tools are now being used by students to generate essays, computer programs, 

diagrams, or even multimedia content (Zhai & Krajcik, 2024). While there are numerous 

advantages associated with the educational use of GenAI, it is important to understand that 

the availability of GenAI poses a serious threat to academic integrity (Yusuf et al., 2024; 

Zawacki-Richter et al., 2019). Students who use GenAI may avoid engaging with the 

fundamental problem-solving tasks required to form critical thinking, ethical reasoning, and 

reflection skills (Andrae, 2025). There is growing concern that students may graduate without 

demonstrating meaningful engagement with the core learning outcomes of their programs, 

raising questions about their readiness for industry or further academic study (Karacan-

https://doi.org/10.20851/ll.v6.57
http://creativecommons.org/licenses/by-nd/4.0/
mailto:Michael.Ulpen@adelaide.edu.au
https://doi.org/10.20851/ll.v6.57


ULPEN ET AL. 

2 

Ozdemir et al., 2024). Therefore, this study aims to examine how the introduction of GenAI 

has influenced academic integrity behaviours within higher education, with particular attention 

to the ways in which these trends emerge across STEM disciplines. 

GenAI technologies make it increasingly difficult for educators to distinguish between unethical 

use and appropriate academic support (Ayub et al., 2024; Lancaster et al., 2019). Various 

institutions have adopted Turnitin text-matching software to detect content generated by AI 

(Artificial Intelligence), but its use has raised some serious concerns (Kaktiņš, 2019). 

Widespread use of translation and grammar correction software complicates the ability of 

educators to determine if writing is AI generated, which raises questions about equity and 

inclusion for international students (Roe et al., 2023). Meanwhile, AI “humanisers” have been 

expressly developed to prevent AI-generated text from being detected by Turnitin and other 

AI detection software (Ayub et al., 2024). Given these challenges, it is incumbent upon higher 

education institutions to understand how they are interacting with the shifting GenAI landscape 

and adapt their policies and practices accordingly. 

This paper will specifically consider a case study of academic integrity investigation records 

at the South Australian Institute of Business and Technology (SAIBT) across 13 study periods. 

The study will draw upon all academic integrity records associated with formal student 

submissions before and after the public launch of ChatGPT. The intention of this paper is to 

understand emerging trends in academic integrity and the use of GenAI. The findings are 

contextualised for STEM courses, where there is a growing need to adapt learning spaces 

and assessments to ensure genuine academic integrity and provide authentic learning 

outcomes.  

This study identifies emerging patterns in GenAI-related integrity cases and examines 

differences between STEM and non-STEM courses in terms of case characteristics, detection, 

and outcomes. By providing empirical evidence of how GenAI-enabled misconduct is evolving, 

this study contributes practical insights for academic integrity officers, course coordinators, 

and policy leaders. The findings support informed decision-making regarding assessment 

redesign, academic integrity education, and institution-wide strategies for promoting authentic 

learning in a GenAI-enabled environment. 

Methods 

This study uses a quantitative research approach structured around a longitudinal, 

comparative analysis of academic integrity cases across 13 study periods from 2021 to 2025. 

The goal is to identify discipline-specific trends in the use of AI detection technologies and to 

understand how GenAI and assessment practices may influence the frequency and handling 

of academic integrity concerns. 

The dataset was segmented into two major disciplinary cohorts: 

• STEM: Information technology, engineering, and health science courses 

• Non-STEM: Arts and business courses 

This division was based on differences in assessment types. STEM courses typically involve 

tests/exams or practical tasks such as coding, problem-solving, and mathematics, where file 

formats and task design may not align with Turnitin’s detection capabilities. Conversely, non-

STEM study predominantly involves essay-style assessments, which are more likely to be 

submitted through Turnitin for originality and AI content checks. 

Academic integrity records (n=1291) were collected from Pipefy, SAIBT’s academic integrity 

case management system. All submitted Turnitin Similarity Reports (n=365) were extracted 

from these records for further analysis.  
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Metrics and data analysis 

The following metrics were calculated per study period: 

• Total student enrolments 

• Number of academic integrity investigations 

• Number of penalised academic integrity cases (excluding minor warnings and non-

issues) 

• Number of Turnitin Similarity Reports submitted 

• Unique student offences compared to total offences 

• Investigation and penalty rates relative to cohort size to account for cohort size 

fluctuations 

Statistical analysis 

Descriptive statistical analysis was conducted to identify trends in academic integrity cases 

over time. Comparisons were drawn between disciplinary cohorts to assess variations in 

reporting behavior, reliance on detection tools, and potential influence of assessment design 

on investigation rates. Turnitin Similarity Reports were examined to calculate the average 

percentage of text flagged as AI-generated in each study period. 

Linear regression analyses were performed using Microsoft Excel and Minitab to identify 

trends and calculate coefficients. Residual plots in Minitab were reviewed to ensure that the 

conditions for linear regression were satisfied. 

The dataset was further filtered to determine unique student offences compared to total 

student offences per study period. Investigation rates and penalty rates were calculated as a 

percentage relative to cohort size in each discipline in each study period. This was done to 

normalise the rate of academic integrity cases regardless of cohort size. 

Findings 

Detector use 

The Turnitin Similarity reports submitted between study periods 202301 and 202501 were 

analysed to calculate the average proportion of text that was detected as GenAI within each 

submission. The analysis revealed a consistent downward trend (Figure 1). From the Turnitin 

Similarity reports submitted in study period 202301, Turnitin indicated an average of 71.25% 

of text was likely AI-generated. By study period 202501, this average had decreased to 

47.73% (Figure 1). During this period, various AI humanisers have been released and Turnitin 

has gone through several updates so this may not be an accurate measure of how much 

submitted text was actually AI generated.   
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Figure 1: Average percentage of text detected as GenAI across all Turnitin artificial intelligence reports 

submitted for academic integrity investigations each trimester. 

 

 

Separating into IT/engineering, health science, and non-STEM cohorts revealed that teachers 

in IT and engineering rarely use Turnitin to detect GenAI (Figure 2). Despite this, the academic 

integrity officers listed the reason for the offence as “Use of artificial intelligence software” in 

37.76% of the IT/engineering cases (54 cases out of 143). 

 

Figure 2: Number of Turnitin artificial intelligence reports submitted as additional evidence for academic 

integrity concerns measured relative to cohort size. 
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Rates and denominators 

The scale of academic integrity issues was examined by dividing the total number of academic 

integrity cases and penalties by the number of students enrolled in each study period (Figure 

3). The graph showed an upward trend in both the number of AI investigations and the number 

of penalties issued over time. It appears that the difference between percent investigated and 

percent penalised was narrower and more consistent prior to the release of ChatGPT in 

November 2022. The difference between investigations and penalties appears to become 

wider and more erratic thereafter. In 202501 the number of AI cases investigated was 

approximately 33%, and the number of AI cases penalised was approximately 22.5% relative 

to total enrolments.  

 
Figure 3: Percentage of academic integrity concerns and penalisations relative to total enrolments each 

trimester. 

 

According to simple linear regression, the number of AI cases appears to be increasing over 

time (Figure 3). The trendline for AI cases investigated showed a linear increase of around 

2%, and the trendline for AI cases penalised showed a linear increase of around 1.5%. We 

did not witness any statistically significant curvature in the graph. 

According to Figure 4, both STEM and non-STEM courses have seen increases in 

investigation and penalty rates over time. The figure demonstrates that there were stronger 

investigation and penalty growth rates in non-STEM courses compared to STEM courses (see 

Appendix A for full regression outputs).  

Figure 5 represents the number of AI cases penalised and the proportion of unique student 

offenders, each relative to cohort size for both STEM and non-STEM courses. Some students 

were involved in multiple investigations or received more than one penalty within a single study 

period. Notably, the non-STEM cohort shows a more pronounced gap between penalised 

cases and unique offenders from 202303 to 202501.  
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Figure 4: Percentage of academic integrity investigations compared to percentage of confirmed 

academic integrity breaches relative to cohort size each trimester and their associated linear average 

trends. 

 

 

Figure 5: Unique AI offenders compared to all AI offences in each study period 
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Assessment differences 

Academic integrity cases from each discipline were separated into assessment types: essay, 

multimedia, programming, math, presentation, and exam/test (refer to Appendix C for full 

breakdown). In IT and engineering, the highest number of academic integrity cases were 

raised in relation to programming assessments, and these cases were raised more 

consistently each study period than other assessment types. In health science, business, and 

arts, most academic integrity offences were related to essay style assessments. Additionally, 

exam/test assessments in health science appear to be less resilient to academic misconduct 

compared to exams/tests in other disciplines. Notably, the number of cases in the arts was 

93.75% relative to the cohort size in 202501, which far exceeds the highest recorded AI cases 

in a study period for other disciplines, 35.25%.  

Discussion 

While the number of academic integrity investigations is increasing across all disciplines, the 

rise is more pronounced in courses with essay-style assessments. Furthermore, AI 

humanisers, such as aiundetect.com and quillbot.com, have been developed to avoid 

detection by Turnitin and other GenAI detection algorithms (Kar et al., 2024). The widespread 

availability of these technologies may be a contributing factor to the downward trend seen in 

the percentage of text determined as GenAI by Turnitin Similarity reports (Figure 1).  

These concurrent trends raise critical concerns about the reliability of detection tools and the 

growing administrative burden of academic integrity investigations. As Dawson (2020) argues, 

overreliance on technological solutions risks giving institutions a “false sense of security”. The 

downward trend in Turnitin Similarity reports reinforces Dawson’s call to shift the focus from 

detection alone and towards assessment practices that are resistant to the use of GenAI. 

Turnitin is unable to detect GenAI in the filetypes commonly submitted for programming 

assessments. Despite this, 49.48% of academic integrity cases in programming assessments 

between 202301 and 202501 were penalised for “use of artificial intelligence software” (48 

cases out of 97). Non-programming assessments in IT and engineering had a much lower 

proportion of GenAI offences and fewer cases overall (19 GenAI offences out of 77 cases, 

24.68%). This was far below the average of the other disciplines (327 GenAI offences out of 

634, 51.58%). This suggests that non-programming assessments in STEM may be more 

resilient to the misuse of GenAI compared to essay style assessments in other disciplines. 

Limitations and future research 

The release of ChatGPT had a major impact on academic integrity, but it was not the only 

factor. The fluctuations in the rate of investigations and penalties seen in Figures 3 and 4 have 

been caused by a combination of changes to technology, policy, assessments, students, 

teachers and attitudes. Future research could conduct a historical analysis to reveal the 

reasons for these fluctuations with more precision. 

Future research could measure academic integrity concerns and penalties made for 

assessments where Turnitin is enabled compared to similar assessments where Turnitin is 

disabled. This analysis could investigate to what extent evidence from Turnitin is responsible 

for revealing AI offences that human assessors could not otherwise identify or to what extent 

evidence from Turnitin is being used for initiating unreasonable AI investigations. 

This study was focused on revealing emerging trends in academic integrity, however it was 

only able to analyse records from one dataset, so the trends may be specific to SAIBT. 

Performing a meta-analysis that includes other higher education institutions could improve the 

reliability of the trendlines. 
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Recommendations 

To uphold academic integrity in the age of GenAI, educational institutions must shift from a 

reactive detection-based model to a proactive, pedagogically driven approach. Several 

methods have emerged from STEM courses at SAIBT that attempt to protect against the 

misuse of GenAI. The most effective include the use of multimedia, dispersed or scaffolded 

assessment instructions; assessing the output of specialised software; compulsory face-to-

face assessments; and paper examinations. Requiring the student to write with reference to 

their personal context or with reference to in-class activities also seem to be effective 

deterrents to the use of GenAI. We recommend maximising the use of these strategies across 

all courses. 

Wecks et al. (2024) found that students who use GenAI performed on average 6.71 points out 

of 100 worse in exams than students who did not use GenAI during their studies. Therefore, 

it is imperative to ensure academic integrity and genuine engagement from students 

throughout their studies. Investment in academic integrity processes and assessment 

redesign could help higher education institutions to more effectively ensure genuine academic 

integrity without compromising student and industry trust. A balanced approach, integrating 

technology, policy and pedagogy, could help safeguard the institution’s credibility and ensure 

students graduate with the genuine competencies required for ethical and effective practice in 

STEM. 

Conclusion 

Unregulated access to GenAI is complicating the process of identifying and preventing 

academic misconduct while exposing critical gaps in assessment design and algorithmic 

detection (Troy, 2025). Employers need confidence that STEM graduates embody not only 

technical ability but also the ethical and analytical capacities to apply that expertise in industry 

(Rayner & Papakonstantinou, 2015). If higher education institutions are unable to ensure the 

genuine academic integrity of their graduates, then it raises dire concerns for public safety and 

for the long-term relevance of STEM degrees (Roy &  Edwards, 2023).  

Generative artificial intelligence poses a profound challenge for education. Our findings reveal 

that GenAI is contributing to an increase in academic integrity concerns and breaches, leading 

to an increased workload for teachers and academic integrity officers. Institutions that fail to 

adapt to the trends revealed in this report risk awarding qualifications to students who have 

not met the required learning outcomes for their field, which in turn could undermine public 

trust in STEM education and in the relevance of their qualifications in industry. Therefore, it is 

essential that assessments and learning environments are adapted to mitigate this threat and 

to ensure the authentic academic integrity of our graduates. 
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Appendix A 

 

Table A1: Coefficients for linear regression on the average percentage of text detected as GenAI across 

all Turnitin artificial intelligence reports submitted for academic integrity investigations each trimester. 

Term Coef SE Coef T-Value P-Value VIF 

Constant 98.8 10.4 9.47 0.000   

Time -3.80 1.02 -3.71 0.014 1.00 

 

 

Table A2: Coefficients for linear regression on percentage of cohort investigated and penalised each 

trimester. 

   Coef SE Coef T-Value P-Value VIF 

All courses Percentage investigated Constant 7.12 2.69 2.65 0.023   

Time 2.046 0.339 6.03 0.000 1.00 

Percentage penalised Constant 6.12 2.96 2.07 0.063   

Time 1.547 0.373 4.14 0.002 1.00 

non-STEM Percentage investigated Constant 6.69 3.98 1.68 0.121   

Time 2.925 0.501 5.84 0.000 1.00 

Percentage penalised Constant 5.28 3.31 1.59 0.139   

Time 2.088 0.417 5.01 0.000 1.00 

STEM Percentage investigated Constant 7.58 3.05 2.49 0.030   

Time 1.291 0.384 3.36 0.006 1.00 

Percentage penalised Constant 6.86 3.31 2.07 0.062   

Time 1.084 0.417 2.60 0.025 1.00 
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Appendix B 

 

Table B1: Rates of academic integrity breaches, expressed as the number of investigations and 

penalties per 1,000 enrolments across STEM and non-STEM courses from trimester 202101 to 202501. 

 STEM non-STEM 

Trimester Investigated Penalised Investigated Penalised 

202101 96 83 143 107 

202102 99 95 117 90 

202103 88 84 120 99 

202201 84 72 157 153 

202202 231 231 212 165 

202203 167 152 197 127 

202301 67 32 305 124 

202302 183 112 285 190 

202303 266 221 424 352 

202401 223 199 454 336 

202402 211 199 248 218 

202403 251 230 371 335 

202501 195 169 500 292 

 

 

Table B2: Rates of academic integrity breaches, expressed as the number of penalised events and 

unique offenders per 1,000 enrolments, across STEM and non-STEM courses from Trimester 202101 

to 202501. 

 STEM non-STEM 

Trimester Penalised Unique offenders Penalised Unique offenders 

202101 83 61 107 83 

202102 95 68 90 85 

202103 84 67 99 83 

202201 72 68 153 125 

202202 231 171 165 141 

202203 152 114 127 98 

202301 32 28 124 86 

202302 112 104 190 158 

202303 221 179 352 229 

202401 199 159 336 229 

202402 199 156 218 146 

202403 230 191 335 274 

202501 169 138 292 196 
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Appendix C 

Figure C: Academic integrity investigations categorised into assessment types and reported as a 

percentage relative to cohort size in each discipline: (a) IT, (b) engineering, (c) health science, (d) 

business, (e) arts.  
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