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ABSTRACT 

 
Recent advances in artificial intelligence, especially generative large language 

models (LLMs), have transformed the higher education sector, raising concerns 

with academic integrity. The current literature lacks direct comparative analyses 
between LLMs. In the current study, we evaluated and compared the performance 

of ChatGPT, Gemini and Copilot (free versions) in 2024 and 2026, following 

prompts related to coursework essay assessments in computer science education 

or biomedical science. Our results indicate that LLMs struggle to abide by the 
word count beyond 1000 words, with Gemini presenting greater deviations. 

Copilot presented the lowest frequency of reference hallucinations. Overall 

performance of the 3 LLMs did not reveal any statistically significant differences. 
Quality assessments of the outputs revealed issues with content and criticality for 

all the LLMs. Similar performances were observed in 2024 and 2026.  
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INTRODUCTION 

  

The first use of artificial intelligence (AI) was developed in the 20th century 

by Alan Turing (1912-1954), with Minsky (1927-2016) originally coining the 

term. In 2017, the transformer architecture (Vaswani et al., 2017) allowed language 

models to be created, which were stepping stones to the generative language 

processes. In fact, the earliest language processors, based on transformers, were 
not able to generate content. These tools were named “pre-trained transformers”, 

since they were machine learning processes which were trained through large 

datasets and could be subsequently fine-tuned. Generative pre-trained tools were 
available a year later, in 2018, with the first generative pre-trained transformer 

(GPT) system developed by OpenAI (Radford & Narasimhan, 2018). This system 

included question answering, language inference, semantic classification and 

sentence similarity. The specific type of AI used to create text is known as 
generative “large language models”, abbreviated as LLMs. Apart from OpenAI, 

Google (Devlin et al., 2019) and Microsoft (Peng et al., 2023) also developed 

LLMs. Many other LLMs exist, with the potential to transform learning and 
teaching methods (Xing et al., 2024). 

 

LITERATURE REVIEW 

 

Many ethical questions have arisen as regards the use of AI in education 

(Lund et al., 2026; Strzelecki, 2024). In fact, both the secondary and higher 

education sectors are increasingly concerned about such usage, especially with 
regards to coursework assessments. As recently summarized, generative text can 

pose a threat in terms of academic integrity (Eke, 2023), as students may receive a 

grade for work that they did not produce. Furthermore, detecting auto-generated 
text remains a challenge (Farrelly & Baker, 2023), due to the question of the 

reliability of software detecting AI-generated text. Furthermore, the evidence 

suggests that LLM detectors place non-native English speakers at a disadvantage 
(Liang et al., 2023).  Rightly or wrongly accusing students of using generative text 

tools can also have drastic consequences, for both institutions and individuals 

(Cotton et al., 2023; Stone, 2022). In a study conducted on 399 university students 

in Hong Kong (Chan & Hu, 2023), more than 60% of surveyed individuals 
reported using generative technologies, but not specifically for academic purposes. 
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Furthermore, the students were acutely aware of potential limitations and biases, 
demonstrating a very good overall understanding of the flaws of LLMs in higher 

education (Chan & Hu, 2023). In this study, the majority of the students 

nevertheless envisioned using these tools to support or enhance their learning. 

However, a lower score was obtained when students were asked whether they 
would agree with the statement on how AI use could undermine university 

education (Chan & Hu, 2023), highlighting the need for improvement in students’ 

perception.  
A systematic review of 41 studies demonstrates that generative AI and LLMs 

present both significant pedagogical opportunities and substantial risks to 

academic integrity in higher education (Bittle & El-Gayar, 2025). While these 
technologies can enhance accessibility and learning support, the literature 

consistently highlights concerns regarding plagiarism (Khalil & Er, 2023; Susnjak 

& McIntosh, 2024), ghost-writing, overreliance, and the limited reliability of 

current detection tools (Deep et al., 2025; Hadra et al., 2026). Consequently, the 
higher education sector currently emphasises the need for clear institutional 

policies, ethical AI literacy, expert assessment, and redesigned curricula that 

prioritise higher-order cognitive tasks to preserve academic integrity. Previous 
research has established potential drawbacks to using LLMs in academia. These 

include fabrication of references (Aljamaan et al., 2024; Bhattacharyya et al., 2023; 

Gravel et al., 2023; Walters & Wilder, 2023) and the generation of poor quality 
papers and figures (Haider et al., 2024), which can lead to articles being 

withdrawn.  

Integrating LLMs as pedagogical tools in STEM education appears crucial 

(Bewersdorff et al., 2025), as it can allow students to better understand complex 
scientific concepts (El Fathi et al., 2025), highlighting how these tools can be used 

as supporting resources. For example, generative AI can be used to improve 

problem-solving skills, increase engagement, and help students with content 
creation (Redmond-Sanogo et al., 2026), whilst also increasing perceived 

productivity in students (Poudel et al., 2026). In computer science, students 

regularly use LLMs (Erez & Hazzan, 2025), and these models can enhance 

computational thinking skills (Huang & Qiao, 2024; Tian, 2024). However, several 
studies have highlighted that LLM use by students can have serious implications 

for academic integrity (Lund et al., 2026; Petingola et al., 2025; Strzelecki, 2024), 

especially when assessments are at stake (Mao et al., 2024). Furthermore, STEM 
educators also highlight concerns with ethics surrounding AI use (Coen & 

Cuddapah, 2026).  

In this study, we aim to assess the performance of three LLMs in an 
educational setting. Using both quantitative and qualitative measurements, we 

directly compared the outputs generated by three different freely available LLMs 

(ChatGPT, Copilot, and Gemini) following prompts based on typical coursework 

essay instructions. In addition, we have measured the quality and appropriateness 
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of the reference list generated in these outputs. These aims will allow us to suggest 
improvements in coursework assessment designs while informing policies within 

the STEM higher education sector, which have proven to be inconsistent between 

higher education providers (Azevedo et al., 2024). 

  

RESEARCH METHOD 

 

Pilot Study 

 

A pilot study was conducted in March 2024. These experiments were 

performed in ChatGPT version 3.5 (OpenAI, 2022) and aimed to establish the 
appropriate terminology to be used when prompting ChatGPT. The human 

prompts and ChatGPT-generated outputs are presented in the Supplementary 

Materials (section 1). During this phase, ChatGPT was given prompts related to a 

specific in-text citation format (Harvard) to check for the accuracy of the outputs. 
Next, the prompts were designed to assess whether ChatGPT could detect 

fabricated references. The final stage of the pilot study was designed to assess the 

reproducibility of the outputs produced by ChatGPT using the same prompt. This 
step allowed experimenters to design a reproducible prompt which could be used 

for all LLMs. 

 

Coursework Experiments 

 

Following the pilot study, a blank scoring sheet was designed to quantify the 

quality of the outputs produced by three freely available LLMs: ChatGPT 
(OpenAI, 2022), Gemini (Google AI, 2024), and Copilot (Microsoft Corporation, 

2024a). Each prompt was designed to specify word count in the output, minimum 

number of citations, the field of the topic (computer science education or 
biomedical sciences), and a typical coursework essay instruction. Experimenters 

designed the prompts according to their expertise, as detailed in Supplementary 

Materials (section 2). First, we quantified how many words were generated 

(excluding references) after asking for a specific word count (Supplementary 
Materials (section 3)) using triplicate prompts. Experimenters used the same 

prompt for each LLM, and outputs were scored. In total, 6 outputs were generated 

by each LLM. To avoid experimental bias, the same identical prompt was given to 
each LLM on the same day. The experimenters marked the outputs on a scale 

ranging from 0 to 100%, with a calibration at 40% for the minimum threshold for 

a pass mark, 50% for a 2:2 performance (lower second classification), 60% for a 
2:1 performance (upper second classification), and 70% for a top performance (1st 

class attainment). In addition, the experimenters were also encouraged to provide 

a summary text justifying the scoring, whilst also being able to provide additional 

comments on any aspect of the output produced by the 3 LLMs. These qualitative 
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comments were then grouped according to themes: content, criticality, format, 
referencing, dates, quantitative or qualitative arguments. 

There were 2 scorers for each output. Each experimenter scored LLM outputs 

in a blind manner to limit bias. The blind process ensured that no scoring bias could 

be introduced by disclosing previous scoring results. After experimenters finished 
scoring all outputs, the results were un-blinded for compiling (Supplementary 

Data). Finally, the reference lists generated were checked for accuracy and 

appropriateness. Each reference given by the LLMs was scrutinized for its Harvard 
style format (12th edition) by colour-coding the entire reference: names of authors 

(initials and surnames) and order, publication date, article title, journal title, issues 

and volumes, and pages. These analyses allowed the experimenters to assess the 
number of entirely fabricated references, the number of references with incorrect 

titles, incorrect names, incorrect author positions, incorrect dates, incorrect journal 

names, or incorrect volume/page numbers, as detailed in Supplementary Materials 

(section 4). In addition, markers assessed the appropriateness of each reference by 
determining whether the sentence(s) containing the corresponding in-text 

citation(s) accurately reflected the content of the cited source, when the cited 

reference could be retrieved. Experiments were performed in April 2024 and 
February 2026 using the online interfaces of the 3 LLMs and on the free versions. 

 

Data Analysis 

 

The data were analysed using RStudio version 4.0.3 (R Core Team, 2021). 

The required packages were fmsb and ltm, both available at the Comprehensive R 

Archive Network1 (CRAN). Data normality was assessed using Shapiro-Wilk tests 
(Shapiro & Wilk, 1965). To compare 2 groups, normally-distributed data were 

analysed with Welch’s t-tests (Welch, 1951), whilst Mann-Whitney U tests were 

used when data was not normally-distributed (Mann & Whitney, 1947).  
To directly compare the performance of LLMs, one-, two- or three-way 

ANOVAs were used, as appropriate, followed by Šidák’s (Šidák, 1967) or Tukey’s 

(Tukey, 1949) post-hoc tests, as appropriate. To measure inter-rater scoring 

reliability between experimenters, intra-class correlation coefficients were 
computed, as the scores are measured on a 0-100% scale (equivalent to Cohen’s 

kappa but for continuous data). For all statistical tests, p was set at 0.05 (a 

significant result when p<0.05).  
All the data generated during the current study are available in the 

Supplementary Data (provided as a spreadsheet via an online repository2) or in the 

Supplementary Materials (also provided via an online repository3). 

 
1 https://cran.r-project.org/ 
2 https://doi.org/10.6084/m9.figshare.27930330 
3 https://doi.org/10.6084/m9.figshare.32513574 
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RESULTS 

 

Inter-Rater Reliability in Scoring 

 

Two experimenters scored each LLM output following different essay-like 
coursework prompts (on the free versions). Reliability between scorers was 

assessed by computing intra-class correlation coefficients, which yielded 0.76 for 

scores in 2024 and 0.76 for 2026, indicating that internal reliability between 
markers was good. 

 

Accuracy of the Word Count in the Outputs 

 

To assess the capacity of LLMs to produce outputs matching specific word 

count instructions from the prompts, we then generated triplicate outputs in each 

of the 3 LLMs using a fixed prompt approach (Supplementary Materials, section 
3). The word count prompt specified from 100 to 2,000 words needed in the output, 

whilst keeping the rest of the instructions unchanged. Our results revealed that 

LLM output struggled to keep to the word count specifications in 2024 and 2026 
(Figure 1A). In addition, we observed great variation in the length of the outputs 

produced by LLMs, with Gemini presenting greater deviations in 2024 than 

ChatGPT and Copilot, while results in 2026 show that all three LLMs struggle to 
produce longer essays (Figure 1B). When comparing the performance in 2024 

versus 2026 (Figure 1B), ChatGPT produced significantly shorter outputs 

(p<0.0001) in 2026 (75.0 ± 16.5%) compared to 2024 (97.0% ± 15.5). Similarly, 

Copilot produced significantly shorter outputs (p<0.0001, Figure 1B) in 2026 (76.8 
± 11.4) than in 2024 (101.3 ± 13.9%). However, Gemini produced significantly 

longer (p=0.04) outputs in 2026 (93.0 ± 13.7%) compared to 2024 (74.6 ± 18.6%). 

Deviation from the word count specification was the greatest for Gemini (Figure 
1B), achieving 39.7% of the required word count in 2024. When directly 

comparing the performance of the three LLMs in 2024 and 2026, we observed a 

significant impact of year (F(1,174)=31.99, p<0.0001) and LLM (F(2,174)=7.26, 

p<0.0001), with a significant interaction between LLM and year (F(2,174)=22.02, 
p<0.0001). Altogether, these results indicate that freely-available LLMs struggle 

to generate outputs beyond 500 words. 
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Figure 1 

LLMs Struggle to Keep to the Word Count Specifications.  

 

 

Reference Hallucination 

 

Next, we investigated reference hallucination (Supplementary Materials, 

section 4). Out of the references displayed in the reference list for all outputs, 

several issues were identified, both in 2024 and 2026, which are summarized in 
Table 1. Common referencing mistakes for all three LLMs were reference 

fabrication and/or issues with retrieving the correct publication date, list of authors, 

journals, and volume/page numbers (Table 1). In 2024, reference retrieval by 
Gemini was poor for outputs related to biomedical sciences, whilst Copilot had 

almost faultless references. Reference hallucination was the highest for Gemini. In 

2026, Copilot was the most accurate for reference transcription across both 
computer science education and biomedical sciences, whilst Gemini presented 

high proportions of reference fabrication. Overall, reference accuracy was the best 

for Copilot in both 2024 and 2026 (Figure 2), followed by ChatGPT and Gemini 

(both performing equally). These results suggest that reference retrieval by freely-
available LLMs remains a significant issue, at least in the two fields investigated 

in the current study. 
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Figure 2 

Reference Hallucination by LLMs.  

 

 
 

Table 1 

Reference Hallucination Details.  
 

Items April 2024 

Number of … 
Computer Science Biomedical Science 

ChatGPT Gemini Copilot ChatGPT Gemini Copilot 

generated 

references 

10 9 8 17 25 11 

of which with 

errors 

4 (40) 5 (56) 4 (50) 7 (41) 24 (96) 4 (36) 

in titles 4 (40) 3 (33) 3 (38) 4 (24) 23 (92) 0 (0) 

in journal 

names 

0 (0) 2 (22) 1 (13) 1 (6) 0 (0) 0 (0) 

in dates 2 (20) 2 (22) 2 (25) 4 (24) 6 (24) 4 (36) 

in volumes/ 

pages 

4 (40) 3 (33) 0 (0) 6 (36) 20 (80) 0 (0) 

of which 

likely 

fabricated 

4 (40) 3 (33) 3 (37) 3 (18) 22 (88) 0 (0) 

 

Items February 2026 

Number of … 
Computer Science Biomedical Science 

ChatGPT Gemini Copilot ChatGPT Gemini Copilot 

generated 

references 

13 10 10 27 20 23 

of which with 

errors 

6 (46) 3 (30) 0 (0) 17 (63) 20 

(100) 

10 (43) 

in titles 4 (31) 3 (30) 0 (0) 10 (37) 12 (60) 9 (13) 

in journal 

names 

0 (0) 1 (10) 0 (0) 7 (26) 6 (30) 2 (9) 
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in dates 2 (15) 2 (20) 0 (0) 2 (7) 17 (85) 1 (4) 

in volumes/ 

pages 

5 (38) 0 (0) 0 (0) 9 (33) 15 (75) 6 (26) 

of which 

likely 

fabricated 

2 (15) 3 (30) 0 (0) 7 (26) 13 (65) 5 (22) 

 
Reference Appropriateness 

 

Out of all references generated by the three LLMs, not all could be retrieved 
(Table 1). However, amongst those which could be retrieved, major issues with 

accurate reflection of the content of the reference were detected (Table 2). Indeed, 

some references placed in the reference list did not have any associated in-text 
citation, others did not match the content of the source cited. The results for 

reference appropriateness exhibited substantial variability across LLMs, year of 

study and discipline areas. 

 
Table 2 

Reference appropriateness.  

 
Items April 2024 

Number of … 
Computer Science Biomedical Science 

ChatGPT Gemini Copilot ChatGPT Gemini Copilot 

retrievable 

references 

6 6 5 14 3 11 

of which with 

errors 

2 4 1 4 0 10 

 no in-text 

citation 

1 0 1 0 0 0 

inappropriate 

content 

1 4 0 4 0 10 

 

Items February 2026 

Number of … 
Computer Science Biomedical Science 
ChatGPT Gemini Copilot ChatGPT Gemini Copilot 

retrievable 

references 

11 7 10 20 7 17 

which with 

errors 

5 2 1 6 7 2 

no in-text 

citation 

0 1 0 3 7# 0 

inappropriate 

content 

5 1 1 3 n/d 2 
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Performance of LLMs in Essay-Type Prompts 
 

ChatGPT, Gemini and Copilot (free versions) all performed similarly when 

scores given by markers were aggregated together (Figure 3A), with no differences 

between the performance of the LLMs (F(2, 66)=0.86, p=0.43) and no differences 
between 2024 and 2026 (F(1, 66)=2.85, p=0.10). However, a significant interaction 

between LLM and year was observed (F(2, 66)=5.27, p=0.008), likely reflecting the 

wide range of performance across the LLMs. When differentiating output in 
computer science education to those in biomedical sciences (Figure 3B), we did 

not find differences in performance (non-significant three-way ANOVA). 

However, when taking outputs from computer science education only (Figure 3B), 
significantly greater scores were achieved in 2026 compared to 2024 (F(1, 

18)=23.60, p=0.0001), indicating that LLMs have significantly improved from 2024 

to 2026. This improvement in the performance of the three LLMs was not observed 

for outputs in biomedical sciences (F(1,42)=0.21, p=0.64). 
 

Figure 3 

Scores Achieved for Outputs by LLM in 2024 and 2026. Overall (A) and Subject-
specific (B) Outputs Were Scored.  

 

 
 

Our qualitative analysis (Supplementary Materials, section 5) of the outputs 

produced by the three LLMs revealed 5 common themes: content, criticality, 
format, quantitative analysis and references (Figure 4). Whilst the quality of the 

content was generally praised, it could also be identified as a major pitfall of LLMs 

in both 2024 and 2026 (Figure 4). Furthermore, the absence of criticality was a 
major issue in 2024, but seem to have improved in 2026. For example, “lacking 

criticality”, “lacks specificity”, “vague/superficial” and “limited 
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analysis/explanations” were often cited by the markers as justifications for low 
scores given to outputs. These results suggest that the three LLMs tested in the 

present study can produce outputs with good elements, which are also 

accompanied by substantial issues, such as a lack of quantitative and critical 

analyses. We thus recommend markers to focus on critical analysis of evidence 
and the accuracy of the reference list when marking coursework essays. 

 

Figure 4 

Qualitative Assessments for LLM Outputs.  

 

 
 

Altogether, the results of the present study demonstrate that ChatGPT, Gemini 

and Copilot present variable compliance with word count constraints, reflecting 

differences in instruction-following precision and output control. These disparities 

extend to output quality, where some outputs consistently contain good content, 
while others lack analytical depth. Notably, improved performance in meeting 

formal assessment instructions is often accompanied by a trade-off in reference 

reliability, as models generating more sophisticated text tend to exhibit increased 
citation fabrication. 

 

DISCUSSION 

 

The performance of LLMs in addressing prompts reported here are in line 

with previous studies in politics (Dilling & Owen, 2024), dentistry 

(Giannakopoulos et al., 2023), medicine (Gilson et al., 2023; Huang et al., 2023; 
Tarabanis et al., 2024), mathematics (Zhang, Da, et al., 2024) and biomedical 

sciences (Feng et al., 2024). Accuracy in the outputs can sometimes be low, as 

reported for mathematics in higher education (Meissner et al., 2024). However, in 
medicine, LLMs appear to have good clinical knowledge (Truhn et al., 2023), but 
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human clinicians were able to perform significantly better (Hager et al., 2024; 
Singhal et al., 2023). It was also found that LLMs have superior divergent thinking 

capabilities (Hubert et al., 2024). Interestingly, critical thinking by the LLMs in 

the current study was weak, but another study in the field of tourism has found the 

opposite (Ülkü, 2023), although this study only used qualitative measurements.  
We noted that LLMs could not adhere to the prompts when lengthier outputs 

were specified, which is similar to previous findings (Bai et al., 2024; Walters & 

Wilder, 2023), whilst also having decreased output quality when the word count 
requirement is increased (Choi et al., 2022). This aspect might be essential when 

designing assessment instructions in higher education, as LLMs struggle to comply 

with the word count. This is supported by another study in which the total word 
count increased with higher cognitive level demanded, with longer output 

produced by prompts requiring higher levels of explanations, although never going 

beyond 600 words, even for college-grade answers (Amin et al., 2024). The reason 

why LLMs cannot keep track of word counts in their output (McCoy et al., 2024) 
is simple: they operate on language prediction and probabilities. Generative LLMs, 

as their names suggest, generate new text based on prior text. The similarities, or 

differences, between LLMs and humans for word prediction have been observed 
in previous publications (Caucheteux & King, 2022; Contreras Kallens et al., 2023; 

Goldstein et al., 2022; Mitchell et al., 2008; Schrimpf et al., 2021). 

Another major issue with LLMs is reference hallucination and 
appropriateness. This was detected in many previous studies (Athaluri et al., 2023; 

Chelli et al., 2024; Mugaanyi et al., 2024; Shen et al., 2023; Walters & Wilder, 

2023). We report identical findings in the current study, with very frequent 

bibliographical errors in author names, article titles, journal volumes and/or page 
numbers, digital object identifiers and publication dates, in line with a previous 

report (Walters & Wilder, 2023). Perhaps the accuracy and suitability of 

bibliographical details could be used as frameworks for detecting LLM-generated 
outputs. We thus recommend that educators scrutinize the accuracy of the 

reference list in coursework submissions. Whilst this can be a time-consuming 

process, such a step is crucial to confirm human-generated text, as the current 

versions of the three LLMs tested in this study all present significant issues with 
reference hallucinations. In addition to reference hallucination, result hallucination 

has also been reported in outputs following oncological prompts (Huang et al., 

2023), thus raising concerns (Farquhar et al., 2024), especially in the medical field 
(Clusmann et al., 2023; Giuffrè et al., 2024), and, more widely, in scientific 

subjects. This problem was also recently underlined by others (Azamfirei et al., 

2023; Kobak et al., 2024). 
The use of LLM as a support for learning might be the way forward, with the 

democratisation of such tools (Trenker et al., 2023). A longitudinal study in the 

Netherlands observed a significant decrease of ChatGPT use by university students 

(Polyportis, 2023). In fact, a study previously reported that using LLMs during 
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preparation for assessments could enhance student performance, or change the way 
students approach assignments (Bernabei et al., 2023). In computer science, LLMs 

could be used to create, annotate, proofread, edit and assess code (Hellas et al., 

2023; Nam et al., 2024). This is also applicable to research in the field of ecology 

and evolution, although the quality of the code generated needs to be checked 
(Cooper et al., 2024). Some authors also suggested that LLMs could not only be 

used for code generation (Jiang et al., 2024), but also for data analysis (Nejjar et 

al., 2024). Thus, it was suggested to include LLMs as support tools in computer 
science education (Campbell et al., 2024), with some researchers even suggesting 

incorporating such educational tools in academic curricula (Mammides & 

Papadopoulos, 2024). Others also suggested a framework for designing good 
prompts in ChatGPT, especially applicable to computational biology (Lubiana et 

al., 2023).  

We also report good marker homogeneity. Marking consistency in higher 

education essays is a challenge that directly impacts fairness, reliability, and the 
validity of summative grades. Previous research has shown that subjective scoring 

can lead to substantial variability among markers, with inter-marker reliability 

often compromised when criteria are ambiguous or when markers rely on general 
impressions rather than structured frameworks. Indeed, differences between 

experts and non-experts were reported in marking first year undergraduate biology 

reports (Bird & Yucel, 2013) and teacher candidates (Lyness et al., 2021). 
Timetabling specific sessions for students to engage with the marking criteria was 

also recommended, as this will enhance student engagement for upcoming 

assessments (Graham et al., 2022) whilst also decreasing anxiety (Taylor et al., 

2024). The use of detailed marking criteria (Brookhart, 2018), also called rubrics, 
has been shown to improve consistency and agreement between markers, 

enhancing the reliability of grades and reducing bias (Jonsson & Svingby, 2007), 

though the degree of reliability achieved varies with rubric quality (Chakraborty et 
al., 2021) and marker training or experience (Benton, 2019). Consequently, 

developing clear assessment criteria and incorporating moderation processes are 

crucial for equitable and consistent essay marking practices in higher education.  

 

CONCLUSIONS & IMPLICATIONS 

 

Our study reports on the performance of LLMs in producing essay-type 
responses across 2 different disciplines. The results have revealed notable 

differences between subjects and years. Despite these differences, scoring 

consistency between the two markers was high. In addition, LLMs demonstrated 
variability in adhering to specified word counts, struggling with longer answers. 

Performance analysis across LLMs showed overall similar capabilities. Issues with 

reference hallucination were less pronounced in Copilot compared to the other two 

models. Our qualitative assessments further underlined the challenges in content 
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accuracy, criticality, and reference integrity, pointing to areas for future 
improvement in LLMs. This study emphasises the potential and limitations of 

LLMs in educational settings, highlighting the need for continuous policy 

refinement in academia. 

Based on the current and previous studies, coursework design should 
prioritise longer-form outputs, expert marking and rigorous evaluation of the 

quality and authenticity of the literature cited. We thus list 4 recommendations for 

colleagues to consider (Table 3), designed surrounding results obtained in the 
current study. Staff training should be designed on assessment design 

methodologies whilst marker training could focus on scrutinising reference 

hallucination. Coursework instructions with knowledge integration and data 
analysis might limit the capabilities of LLMs, although future updates may 

improve current performance. On an institutional level, the policies on generative 

AI should be made transparent to staff and students, whilst also allowing the said 

policies to evolve in accordance with the rapidly-changing technological landscape 
(Tsao, 2025). 

Educators should thus focus on the following points when giving essay-style 

questions to students: A) are students allowed to use LLM, and are they aware of 
potential limitations to such use? B) Prioritise longer essay instructions in an 

attempt to limit LLM capabilities. C) Scrutinise the accuracy and suitability of the 

reference list. D) Evaluate critical analysis in the marking scheme. 
 

Table 3 

Summary of Recommendations for Educators when Designing Coursework 

Assessments. 
 

Item Finding Evidence Implications Design 

1 

Significant 

deviations from 

word count 

prompt. 

Figure 2: LLMs 

struggle beyond 

1,000 words. 

Longer essays may 

limit LLM 

capabilities. 

Ensure a minimum 

word count (or 

number of pages) 

is included in the 

instructions. 

2 

Some 

heterogeneity in 

scores depending 

on markers’ 

expertise. 

Figure 1 & 2B-C: 

differences between 

scores given by 

expert versus non-

expert markers. 

Staff expertise is 

linked to the scores 

given by markers. 

Ensure marker 

training, 

standardisation and 

moderation 

processes are in 

place before/after 

marking. 

3 
Significant 
reference 

hallucinations 

Figure 3D-E & 
Tables 1-2: 

reference 

Reference 

hallucinations is an 

Markers are 
encouraged to 

scrutinise the 



293 

and unsuitable 

content. 

hallucinations vary 

between LLMs, 

with content 

mismatch. 

indicator of LLM 

use. 

accuracy and 

suitability of the 

reference lists. 

4 
Limited critical 

analysis. 

Figure 4: several 

outputs lack critical 

analysis. 

Critical analysis 

can be used as an 

indicator to human 

writing. 

The marking 

criteria should 

include assessing 

students’ critical 

analysis capacity. 

 

LIMITATIONS 

 

In the current study, only two scorers scrutinised the outputs produced by 
LLMs, which is one limitation of the current study, especially when compared to 

other studies in which the number of assessors was far greater (Feng et al., 2024). 

A few other studies have a similar number of assessors to the current study, all 

experts in their fields (Gilson et al., 2023; Hager et al., 2024; Meissner et al., 2024; 
Singhal et al., 2023; Truhn et al., 2023; Walters & Wilder, 2023). Interestingly, 

one study did not score outputs in a blind manner, which could have introduced a 

slight bias (Gilson et al., 2023). Another study only used one expert medical board-
certified physician assessor who was blind to which answers were generated by 

humans or LLMs (Tarabanis et al., 2024). We also noted that another study did not 

report the number of assessors (Zhang, Da, et al., 2024). Our results were obtained 

using prompts related to computer science education and biomedical sciences. 
Extrapolations of these results beyond these two disciplines need to be carried out 

with caution, as the training of these LLMs might have induced discipline-related 

bias. As noted above, generative LLMs may exhibit substantial performance 
differences between subjects. In addition, the present study only focused on 

coursework-related prompts, the current results are thus not applicable to other 

forms of coursework such as data analysis, graphic display, short answer questions 
or reflective pieces.  

The current study did not set specific temperatures for the LLMs on purpose, 

which are used to modulate the randomness of produced outputs. Our methodology 

was designed to reflect what students would do. Indeed, it is highly improbable 
that students would be aware that such a function is encoded in LLMs. In fact, it 

has been shown that ChatGPT produces hallucinations because its internal 

temperature is set between 0.7 (Beutel et al., 2023) and 1, the latter being the 
default mode of the Application Programming Interface (OpenAI, 2024). For 

Gemini, the default temperature value is also 1 (Google LLC, 2024a), whilst 

Copilot’s default temperature is 0 (Microsoft Corporation, 2024b). Since 
temperature directly influences the degree of creativity in the LLMs, one can 

wonder how replicable experiments really are. Similarly to not setting a specific 
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temperature, we did not clear the prompt history, which was mitigated by not 
providing feedback to LLMs on all outputs generated. Again, this would align 

more closely with what a typical user would do. 

Finally, one major limitation to the work presented here is how fast LLMs are 

evolving. Indeed, the experiments included in the current study were performed in 
April 2024 and February 2026. During that period, ChatGPT was upgraded to 

ChatGPT-4o, which was connected to the internet and had expanded capabilities 

(OpenAI, 2024). Similarly, Gemini and Copilot have also been upgraded (Google 
LLC, 2024b; Spataro, 2024). Thus, the results obtained in the current study might 

not remain fully applicable to LLMs in the future, due to their fast evolution (Tao 

et al., 2024), although an article emphasised that the technological architecture of 
LLMs remains the same (Wolfe, 2024).  
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