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Abstract
This study compares how the generative AI (GenAI) 
large language model (LLM) ChatGPT performs in 
grading university exams compared to human teach-
ers. Aspects investigated include consistency, large 
discrepancies and length of answer. Implications 
for higher education, including the role of teachers 
and ethics, are also discussed. Three Master's-level 
exams were scored using ChatGPT 3.5, and the re-
sults were compared with the teachers' scoring and 
the grading teachers were interviewed. In total, 463 
exam responses were graded. With each response 
being graded at least three times, a total of 1389 grad-
ings were conducted. For the final exam scores, 70% 
of ChatGPT's gradings were within 10% of the teach-
ers' gradings and 31% within 5%. ChatGPT tended 
to give marginally higher scores. The agreement on 
grades is 30%, but 45% of the exams received an 
adjacent grade. On individual questions, ChatGPT is 
more inclined to avoid very high or very low scores. 
ChatGPT struggles to correctly score questions 
closely related to the course lectures but performs 
better on more general questions. The AI can gen-
erate plausible scores on university exams that, at 
first glance, look similar to a human grader. There 
are differences but it is not unlikely that two different 
human graders could result in similar discrepancies. 
During the interviews, teachers expressed their sur-
prise at how well ChatGPT's grading matched their 
own. Increased use of AI can lead to ethical chal-
lenges as exams are entrusted to a machine whose 
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INTRODUCTION

Artificial intelligence (AI) is rapidly making an impact on the higher education sector. Many 
potential applications have been suggested for artificial intelligence in education (AIEd), 
ranging from AI-assisted student training to assessment and tutoring (Bond et al.,  2024; 
Crompton & Burke, 2023; Holmes & Tuomi, 2022; Miao et al., 2021), but until late 2022 the 
application of AI technology was not widespread. However, the release of the generative 
AI (GenAI) chat robot ChatGPT-3 in December 2022 changed this situation entirely and 
shocked the education sector. Multiple examples were made public of students submitting 
their assignments to ChatGPT and receiving high marks (Farazouli et al., 2023). Studies 
showed that ChatGPT was able to pass exams in, for example, physics (Yeadon et al., 2023), 
medicine (Kung et al., 2023), law (Choi et al., 2023), surgery (Gencer & Aydin, 2023) and op-
erations research (Terwiesch, 2023). As the AI generated a unique text each time, existing 
plagiarism software was unable to detect it (Yeadon et al., 2023) and teachers had difficulty 
separating a ChatGPT-written answer from a real student answer (Farazouli et al., 2023).

Just as ChatGPT is able to generate answers to exam questions, it can also be asked 
to grade exams. Grading is a high-stakes task as an incorrect grading decision might have 
severely negative effects for students or for the general public, who might get people work-
ing in jobs they are not qualified for. The assessment must be fair and accountability high, 
as the consequences of an incorrect assessment are high (Stobart & Eggen, 2012). From 
both an ethical and a legal perspective, students have the right to be given a fair evaluation 
(Russell & Airasian, 2012). It is therefore necessary that exam grading be performed fairly. 
At the same time, grading is often considered a boring, tedious and time-consuming task 
by teachers. Just as students will be tempted to use ChatGPT to write their assignments, 

decision-making criteria are not fully understood, es-
pecially concerning potential bias in training data.

K E Y W O R D S
AI, exam, grading, higher education

Key insights

What is the main issue that the paper addresses?

The introduction of artificial intelligence (AI) and large language models (LLMs) al-
lows exams to be scored automatically without prior training of the model. This paper 
addresses the question of how the automatic scoring performs in comparison with 
human teachers in higher education.

What are the main insights that the paper provides?

Without detailed grading instructions, the model can generate scores on university 
exams that, at first glance, look similar to those of a human grader. However, it tends 
to produce more medium scores and fewer extreme ones compared to humans, 
resulting in grade differences in 70% of cases.
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teachers will be tempted to use ChatGPT for grading. Similarly, given the rapid development 
in the AI field, we are likely to be seeing new AI tools emerging designed for grading. It is 
therefore of high importance to establish the extent to which AI gradings are trustworthy.

A remarkable aspect of large language models (LLMs), such as ChatGPT, is that they do 
not require any specific training or instructions to be able to perform grading. LLMs allow 
for a zero-shot strategy (Kojima et al., 2022) in which a user can just ask them to grade any 
question in any subject, without providing any instructions for how the grading should be 
done and what criteria should be considered. Previous systems for automated scoring have 
required extensive training on already scored exam questions to create a scoring model 
(Burrows et al., 2015; Zupanc & Bosnić, 2015). Although it is possible to provide more de-
tailed instructions and grading rubrics to ChatGPT as well, it is likely that many users will 
be tempted by the ease of use and employ ChatGPT as a zero-shot grader. This raises the 
question of how good the scoring is compared to a human grader when used as a zero-shot 
grader. The purpose of this study was to investigate if the scoring by ChatGPT as a zero-
shot grader on exams in higher education was comparable to the scoring of a human grader 
and, if not, to determine the ways in which they differ.

This paper investigates this point by comparing the scoring of 463 ChatGPT 3.5-scored 
exam questions with the score from human graders. Further, explorative interviews were 
performed with the grading teachers. The paper discusses how much agreement there was 
on exam grades and scoring. In particular, exam questions with a sizable discrepancy were 
investigated. It also studies AI's grading consistency, impact of length of answer and spread 
of scoring.

The paper is structured as follows. The following section provides a literature overview of 
assessment using AI, followed by a description of the methods used. The results are then 
presented, followed by a discussion and conclusions.

AUTOMATED SCORING USING AI

The assessment of student performance is a natural part of higher education. This assess-
ment can take many forms (Russell & Airasian, 2012), with one of the most common forms of 
evaluation being the traditional written exam. The idea of using technology to grade exams is 
not new. Multiple-choice questions have long been subjected to automated scoring, for ex-
ample, especially in large national exams such as SATs in the United States. However, it re-
mains more challenging to automatically grade open essay-style questions, which have been 
identified as one possible application of AI in higher education (Celik et al., 2022; Gardner 
et al., 2021; Xu & Ouyang, 2022). Several AI approaches have been suggested. See, for ex-
ample, Borade and Netak (2021), Uto (2021) and Bai and Stede (2022) for reviews. Ramesh 
and Sanampudi (2022) have conducted a comprehensive review of essay-scoring systems, 
identifying 62 previously studied and concluding that significant challenges still remain, with 
similar results being found in a review by Ifenthaler (2022). Burrows et al. (2015), in an ear-
lier review, identified 35 systems for short-answer scoring, while attempts were made as 
early as 1966 (Page, 1966) to create automated scoring systems. Most approaches have 
been research projects not available to the general public and requiring technical skills to 
operate, although commercial systems do exist (see Zupanc and Bosnić, 2015 for an over-
view). However, the use of these earlier systems has been limited (Holmes & Tuomi, 2022). 
A general issue is that they have difficulties giving the depth and accuracy of analysis in 
their feedback that a teacher is capable of (Holmes & Tuomi, 2022). Instead, they focus 
more on surface features of the writing, linguistics and text production skills (Deane, 2013). 
Ke and Ng (2019) suggest that existing automated scoring systems to a great extent have 
managed to address dimensions such as grammar, word use and sentence structure, but 
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that challenges still remain with dimensions such as coherence, clarity and persuasive-
ness of arguments. Early systems, such as Project Easy Grader (PEG), developed by Page 
in 1966, used statistics and correlations to predict the quality of the text. These systems 
were criticised for focusing on superficial text features, such as length and word order, that 
could be correlated with a human grader (Dikli, 2006; Landauer et al., 2000). Later systems, 
such as Intelligent Essay Assessor (IEA), developed in the late 1990s, utilised machine 
learning and more advanced statistical methods to compare student texts with high-quality 
texts. Although these systems were able to consider the semantic content and understand-
ing of the text to a greater extent, they were also criticised for focusing on surface features 
(Dikli, 2006). With the further development of AI, natural language processing (NLP) started 
to be applied in systems such as E-rater. This allowed a broader range of features to be as-
sessed and provided more detailed feedback on the texts. Ramesh and Sanampudi (2022) 
provide an overview of machine learning and NLP models concluding that, despite numer-
ous techniques evaluated, challenges still remain with regard to considering cohesion, co-
herence, completeness and feedback.

Studies of previous automated grading systems showed that such systems could provide 
scoring comparable to that of human graders from a numerical perspective (Ifenthaler, 2022; 
Powers et al., 2000; Zawacki-Richter et al., 2019; Zupanc & Bosnić, 2015). However, scoring 
validity also implies an understanding of the scope and purpose of the exam. Williamson 
et al.  (2012) suggest a framework for using automated scoring that underlines the impor-
tance of a good conceptual fit between the scoring system and the task at hand, to ensure 
that the system measures the intended construct and that the appropriate data are used to 
train the model. Other studies further highlight the need to consider that the scores can be 
explained by the construct, that the answer aligns with other independent performance mea-
sures and shows a similarity in scoring between different tasks (Elliot & Williamson, 2013; 
Huawei & Aryadoust, 2023). The demands on an automated system should also be higher 
if it is used for a high-stakes decision, such as a final grade, than if it is used for low-stakes 
decisions, such as pre-screening (Williamson et  al.,  2012). It has also been argued that 
a machine cannot truly understand a text (Attali, 2013) and that a good text should show 
aspects such as curiosity, creativity and flexibility, aspects which pose a challenge for auto-
mated scoring systems (Gardner et al., 2021).

Previous systems have required graded sample answers and training material to develop 
a scoring model (Burrows et al., 2015; Zupanc & Bosnić, 2015), often requiring several hun-
dred graded texts (Dikli, 2006). This constitutes a barrier, making these systems more ap-
propriate for larger classes (Alam & Mohanty, 2022; Zawacki-Richter et al., 2019). However, 
the development of LLMs, such as ChatGPT, has provided teachers with a general tool 
that has already been trained on very large and general datasets. A significant advantage 
of LLMs is the ability to use zero-shot or few-shot learning strategies (Kojima et al., 2022). 
These strategies imply that the LLM is not given any, or few, instructions or rubrics for how 
the questions should be scored. Due to its wide training, LLMs are capable of understanding 
texts and interacting on essentially any topic, which opens up the possibility for grading texts 
without the need for specific training. Further, LLMs focus on understanding and generating 
natural text and are thereby also able to provide more elaborate written feedback. From the 
perspective of teachers and students, what separates ChatGPT from previous approaches 
is its ease of use and wide availability, where anyone can ask it to score an exam in essen-
tially any subject and the AI will return a score and feedback in a matter of seconds, without 
the need for course-specific training.

However, ChatGPT has also been trained, and key issues in any AI system are the data 
it has been trained in and the potential bias in the data. An obvious bias in the case of 
ChatGPT is that the version used in this study does not include data published after 2021. 
When training an AI, it is subjected to a large amount of input data from which it learns. 
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The datasets ChatGPT has trained on are not publicly circulated but are known to contain 
books, Wikipedia articles and internet homepages, with a focus on texts in English (Brown 
et al., 2020; Roberts, 2022), which potentially introduces a bias towards views, facts and 
norms reflected in the data. Several studies have also indicated biases (Ray, 2023; Singh 
& Ramakrishnan, 2023). For example, Hartmann et al. (2023) subjected ChatGPT to 630 
political statements and concluded that the answers were politically biased, while similar 
results were found by McGee  (2023). In grading exams, this also implies that biases in 
the dataset could impact the grading. The study by Hartmann et  al.  (2023) showed that 
ChatGPT preferred a pro-environmental political orientation, potentially impacting grading of 
related exam questions. The bias has been shown to be higher in controversial subjects and 
areas with conflicting evidence (Cousins, 2023), which potentially could make grading these 
questions more challenging. Compared to, for example, primary schools and high schools, 
higher education is more likely to expose students to these areas and to expect students to 
successfully manage conflicting evidence.

The actual workings of ChatGPT are very complex, and the interested reader is referred 
to Ray (2023) or Kalyan (2024) for more details. However, a very short and simplified ex-
planation is that it bases its answers on predicting the next word in a sentence based on 
the context of the previous words. An AI is thus not directly programmed how to answer 
specific questions but learns from the data provided and generates a new answer each 
time. Although the answers may often be similar, they will not be identical. Consequently, 
anti-plagiarism programs cannot currently identify AI-generated text with a high degree of 
certainty (Weber-Wulff et al., 2023), which risks increasing the incentives for plagiarism as 
a perceived opportunity arises (Albluwi, 2019). ChatGPT has also been found to provide 
incorrect answers or made-up facts (Verma & Oremus, 2023), even including references 
to non-existent scientific publications (Moran, 2023; Msravi, 2022). The answers which AI 
generates are also dependent on the prompt used. The prompt refers to how the question is 
phrased and what instructions are given to the AI. A study by Zuccon and Koopman (2023) 
on medical advice given by ChatGPT showed that 80% of the answers were correct with 
neutral prompts, but this could be reduced to 63% depending on how a patient's medical 
data were presented in the prompts. Similarly, early versions of ChatGPT refused to answer 
questions on illegal activities, such as how to hotwire a car, but could be “tricked” by asking 
it to write the instructions as a poem (Moran, 2022).

But can ChatGPT actually grade exams? A start to answering this question would be to 
ask it, and apparently the AI is willing to assist:

I can certainly assist with grading exams, depending on the format and content 
of the exam … The quality of my grading is highly dependent on the quality of the 
data I have been trained on, and on the instructions given by the person using 
me. It's best to use me as an additional tool to support human graders and not 
as a replacement, as there are many nuances and factors that a human grader 
can take into account that I may not be able to consider.

When asked about what it cannot consider, it lists four items that are well in line with 
previous research: (1) context, it does not have the context in which the exam was taken; (2) 
creativity, it may not be able to recognise and appreciate creativity and originality; (3) tone, 
it may not fully understand the tone and attitude of the text; (4) cultural setting, it may not be 
able to take into account the cultural background of the student or the exam.

Some studies have investigated the use of ChatGPT for grading in higher education and 
found that it has the potential to assist in grading. Morjaria et al. (2024) allowed ChatGPT to 
grade six students' answers to 10 patient case-style questions in medical education, con-
cluding that ChatGPT performs comparably to a single human grader. Scoring differences 
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occurred in 65–80% of cases, although these were considered to fall within an acceptable 
range. ChatGPT generally assigned higher scores than the human grader. Alers et al. (2024) 
investigated 105 exams where students were asked to comment on a given research case-
study text, finding differences in 70.5% of scores between ChatGPT and a human grader. 
However, there was a correlation in the scoring trend. Pinto et al. (2023) applied ChatGPT 
to correct and score answers from in-house training in a software company, concluding 
that company experts agreed with the corrections and feedback generated. Other studies 
have used the image-processing capabilities of GPT to assess student-drawn models (Lee 
& Zhai, 2024) and ChatGPT has also been shown to be able to provide readable and con-
sistent feedback to student project proposals in data science (Dai et al., 2023) and person-
alised feedback to lab protocols similar to human feedback (Bewersdorff et al., 2023).

METHOD

Three complete exams from the Master's programme in Logistics and Transport Management 
at the School of Business, Economics and Law at the University of Gothenburg, Sweden, 
were selected. The exams were ordinary exams given during autumn 2022. All exams were 
given in an exam hall and written in English in a digital exam system. No books or notes 
were allowed at the exam. All teacher gradings were performed by the ordinary teachers in 
the courses and completed before the release of ChatGPT. In January 2023, the student 
answers were also scored by ChatGPT 3.5. The Master's programme is taught in English, 
and students constitute a mix of nationalities. Courses represent general logistics courses 
at 7.5 ECTS points each (see Table 1). Exams are graded on a scale of A–F (A: 85–100%, 
B: 75–84%, C: 68–74%, D: 60–67%, E: 50–59%, F: <50%).

All student exams were scored by ChatGPT 3.5 using zero-shot learning with the role 
prompt: ‘I want you to act as a university professor grading a written exam. Please score 
the following answer on a scale of 0 to X. Question: QQQ. Answer: AAA.’ A typical answer 
given by ChatGPT is:i

I would give the answer a score of 7. The answer provides a good overview 
of the main advantages and disadvantages of the different modes of transport 
mentioned. However, it could be more detailed and thorough in its explanation. 
For example, the advantages and disadvantages of each mode could be elab-
orated upon further, and other factors such as environmental impact, capacity 
and infrastructure requirements could also be considered.

A new chat was started for each scoring, to prevent ChatGPT from being influenced by 
previous scorings. ChatGPT was asked to score each answer three times, as the AI gener-
ates a new answer each time, which could result in a different score. The average AI score 

TA B L E  1   Courses, topics and numerical data.

Topic
Number of 
students

Questions 
per exam

Maximum 
points

Total number of 
student answers

Course 1 Basic logistics 25 5 60 125

Course 2 Logistics 
information systems

22 8 60 176

Course 3 Intermodal 
transport

27 6 60 162

Total 463
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was used, rounded to the nearest integer, to correspond to the praxis among teachers to 
score in integers, as 96.3% of the teachers' scores were given as integers. A total of 463 
exam questions were scored. As each question was scored several times, this study in-
cludes 1389 scorings made using ChatGTP.

Determining what constitutes an equivalent grading is complex (Falchikov & 
Goldfinch, 2000; Sadler & Good, 2006). Looking only at grades is susceptible to having 
two scores that are numerically very close resulting in a different grade. Grading was 
therefore also compared using the numerical values where two scores within less than 
5% and 10% of the maximum points of the exam were considered equal. Agreement on 
the grade is presented as a percentage agreement, Cohen's kappa and Cohen's linear 
weighted kappa, which are measures commonly recommended in the interrater reliability 
literature (Gwet, 2014; Jakobsson & Westergren, 2005; McHugh, 2012). Cohen's kappa 
(Cohen, 1960) calculates the agreement between two raters while considering the possi-
bility of a chance agreement. Cohen's weighted kappa is an extension of Cohen's kappa 
that also weighs in the size of disagreement (Cohen, 1968). The value for Cohen's kappa 
is between 0 and 1, where below 0.20 is slight agreement, 0.21–0.40 is fair, 0.41–0.60 is 
moderate, 0.61–0.80 is substantial and above 0.81 is almost perfect agreement (Viera & 
Garrett, 2005).

Interviews were conducted with the teachers originally grading the exams in the study. 
The teachers were presented with the results of the AI grading and a comparison with 
their own grading and asked to comment on the grading. They were further asked about 
how they approached grading of these questions and their perception of the use of AI in 
grading them.

RESULTS

Agreement on exam grade and score

The results showed that overall, the agreement on the grading was low, although much 
depended on how far apart two scores can be to be considered equal. The percentage 
of agreement on the grades showed that only 30% of the exams got the same grade (see 
Table 2). However, extending this look at exams scored with a difference of ±10% or less 
showed that around 70% of the exams were scored in this range.

The actual numerical difference in total score between AI and the human grader is rather 
small. The AI scores were slightly higher, with an average score of 63.6% versus 60.4% of 
maximum points at the exam, and with a smaller standard deviation, 13.2 compared to 16.3 
(see Figure 1). The average difference is −3.1% (SD 11.4). Negative values indicate a higher 
score given by the AI. Looking at the absolute difference (not considering if the difference is 
positive or negative) gives an average difference of 9.3% (SD 7.2).

TA B L E  2   Percentage agreement on grade and on score within 5% and 10% of maximum points at exam. 
Data showing on the final exam score for each student.

Course 1 Course 2 Course 3 Total

Agreement on grade (A–F) 12.0% 31.8% 44.4% 29.7%

Agreement on total exam score 0.0% 4.5% 7.4% 4.1%

Score within ±5% 16.0% 40.9% 40.7% 32.4%

Score within ±10% 60.0% 81.8% 70.4% 70.3%
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The distribution of grades is different, with the teachers' most common grade being a fail-
ing grade, while the most common AI grade is the medium grade D (see Figure 2). Cohen's 
kappa shows a slight agreement (0.139) between the AI and the human grader. However, 
the difference in grade is not big, as 45% of exams are given an adjacent grade. This be-
comes evident when looking at Cohen's weighted kappa showing a borderline fair/moderate 
agreement (0.409) Looking at the exact exam score, Cohen's kappa not surprisingly shows 
a very poor agreement (0.003). However, the weighted kappa shows a moderate agreement 
(0.439), indicating that the difference is not large.

F I G U R E  1   Difference in scoring between AI and human teacher as a percentage of maximum points at the 
exam. Negative values indicate a higher score given by the AI. Data show the final exam score for each student.

F I G U R E  2   Grades on exams. [Colour figure can be viewed at wileyonlinelibrary.com]
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Agreement on individual questions

Looking at the scores awarded for each individual question, the variation between the AI 
grading and teacher grading becomes larger, as can be seen in Figure 3. The average is 
similar when comparing the total exam score, with AI 63.5% and teacher 60.7%, although 
the standard deviation has increased to 18.1 and 27.2, respectively. The average difference 
is −2.8%, SD 24.7 (on absolute difference 19%, SD 16.3). Cohen's kappa on individual 
scores in the percentage of maximum points on the question shows slight to fair agreement 
(kappa: 0.135, linear weighted kappa: 0.253).

It is noticeable that the AI on several occasions scored an answer high when the teacher 
had given a very low score. The opposite is not as common. The AI also scores fewer low 
and high scores compared to the teachers. Of the AI scores, 73% range between 50% and 
84% (grades B–E), while only 54% of the teachers' scores are in that range. For example, 
only one student received a maximum score from the AI on a question and none received 
zero. This is further highlighted by Figure 4, where grades have been assigned for each 
answer.

Large discrepancies

A qualitative analysis was made of all the answers with a large discrepancy between the AI 
and the teacher grading. All answers with a discrepancy larger than 40% of maximum points 
were selected (48 answers; 10.4% of all answers). The student answers were categorised 
as to whether they were factually correct and if they were within the scope of the question. 
An answer was considered factually correct if the statements made were correct, not con-
sidering the depth of knowledge displayed or level of analysis. An answer was considered 
within the scope if it provided a direct and relevant answer to the question, although it did not 
necessarily have to be a high-scoring answer. An answer was considered out of scope if it 

F I G U R E  3   Differences in scoring between AI and a human teacher as a percentage of maximum points for 
the question. Negative values indicate a higher score given by the AI.
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did not provide a relevant answer to the question. This could be, for example, being asked to 
explain a specific concept, but then answering by explaining a different concept. An answer 
can be factually correct but still be out of scope. An answer was considered partly in scope 
if it largely covered the correct area but also contained irrelevant areas or did not have a 
clear focus. We also evaluated whether the AI's or the teacher's score was more correct. 
This did not consider the exact score, but only which of the two very disparate scores could 
be considered more correct.

All answers except one were considered factually correct, while 21% were considered in 
scope, 29% partly in scope and 50% out of scope. The AI had the highest score for 79% of 
the answers, but in only 10% was the AI's scoring rated more correct. The most common 
reason for the discrepancy was that the AI did not recognise that the answer was out of 
scope. One question in particular stood out, with 14 of the 24 out of scope answers. In this 
question, the teacher asked a general question but expected the students to answer by ap-
plying a specific concept discussed in class. Students answering with a general discussion 
were scored high by the AI but very low by the teacher (Table 3).

F I G U R E  4   Grades on each question. Note that A–F grades are normally not assigned to individual 
questions. [Colour figure can be viewed at wileyonlinelibrary.com]

0%
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15%

20%
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30%

Teacher AI

A B C D E F

TA B L E  3   Answers with large discrepancies in grading, number of answers.

In scope Partly in scope Out of scope

AI scored higher

AI more correct 0 1 0

Teacher more correct 6 7 24

Teacher scored higher

AI more correct 0 4 0

Teacher more correct 4 2 0
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Scoring consistency

If the same question is asked several times, the AI will generate a new answer each time and 
possibly a different score for the answer. Each question was therefore scored three times 
(1389 scorings) and the resulting exam grades were compared. Fleiss's kappa (Fleiss, 1971) 
showed moderate agreement (0.485) on the grades, although the average score was similar 
(see Table 4). Similarly, in a comparison with the teachers' scoring, the three scorings pro-
duced similar results.

The percentage of agreement showed that 41% received the same grade in all three 
cases (see Table 5). Looking at individual answers, Fleiss's kappa showed fair agreement 
(0.365) on the score, with an agreement percentage of 27% receiving the same score in all 
scorings.

Although the average score and percentage agreements with the teachers' scorings 
are similar, Fleiss's kappa and the share of exams receiving the same grade in several 
gradings show that there are differences for individual exams. Between gradings 1 and 
2, 45% of the exams got different grades. Between gradings 1 and 3, and between grad-
ings 2 and 3, 42% and 38%, respectively, got different grades. This further highlights the 
moderate agreement as about 40–45% of the students were given different grades in a 
repeated grading.

Length of answer

ChatGPT itself states that its accuracy in the answers decreases with the length of the 
input and that very long inputs are not fully considered. It recommends its user to keep 
the input short. It is therefore interesting to look at the length of the students' answers 
and compare its impact on AI and teacher scoring. The difference in scoring between 
AI and teacher in percentage of total points for each question was calculated and com-
pared to the length of the student answer in terms of the number of words. Pearson's 
correlation shows a low positive correlation (r = 0.239, p < 0.001). However, looking to 
see if there is a difference between AI and teacher scores, but not considering the size 
of the difference, shows that the average length of the answers scored more positively 
by the teacher is longer than for answers scored more positively by the AI (see Table 6). 
Analysis of variance (ANOVA) with the Tukey post-hoc test showed that the difference be-
tween the teacher and AI and the teacher and the same score was significant (p < 0.001 
and p = 0.009) but not between AI and the same score (p = 0.497), indicating that answers 
scored more positively by the teacher are longer.

TA B L E  4   Agreement on grade and score in the three scorings.

Scoring 1 Scoring 2 Scoring 3

Combination 
of three 
scorings

Agreement on grade (A–F) 31.1% 29.7% 35.1% 29.7%

Agreement on total exam score 1.4% 5.4% 2.7% 4.1%

Average score 63.6% 63.5% 63.9% 63.6%

Score within ±5% 31.1% 35.1% 31.1% 32.4%

Score within ±10% 66.2% 66.2% 62.2% 70.3%

Cohen's kappa on grade 0.156 0.141 0.205 0.139

Cohen's linear kappa on grade 0.419 0.405 0.444 0.439

 14693518, 2025, 1, D
ow

nloaded from
 https://bera-journals.onlinelibrary.w

iley.com
/doi/10.1002/berj.4069 by T

urkey C
ochrane E

vidence A
id, W

iley O
nline L

ibrary on [03/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



212  |      FLODÉN

Figure 5 further indicates that longer answers are more positively scored by the teacher, 
while shorter answers are more positively scored by the AI, although it should be noted that 
there were few very long answers.

Interview with teachers

The teachers involved in the grading of the studied exams were interviewed about the AI's 
grading results. The four teachers were first presented with a comparison of their own grad-
ing and the AI's grading and asked to comment on any differences. This was followed by a 

TA B L E  5   Agreement on grade and score after being graded by AI three times.

Three the same Two the same Three different

Agreement on grade (74 
exams)

41% 54% 5%

Agreement on score (463 
answers)

27% 51% 22%

TA B L E  6   Average length of answers. Ten blank answers have been excluded.

Average length (words) Standard deviation Number of answers

Teacher higher score 423 231 181

AI higher score 313 184 192

Same score 343 159 80

F I G U R E  5   Share of answers scored higher by a teacher and by AI in relation to the length of answer in 
number of words and number of answers. [Colour figure can be viewed at wileyonlinelibrary.com]
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discussion about their grading practices, the exam questions used and their view of AI as a 
grading tool.

The teachers were very impressed by the AI's grading and, at first glance, thought it 
looked good. Overall, the AI's grading was considered consistent, the differences in grading 
small and the distribution of scores reasonable. They were impressed by how close the av-
erage scores were. They did not think either other teachers or the students would notice if 
a teacher presented the AI's grading as their own. A few questions stood out with larger dif-
ferences, but the teachers did not consider this to be enough for anyone to notice that it had 
been graded by AI. A recurring theme in the discussions was what should be considered 
a similar score, given that two human teachers might also not have given identical scores. 
Most considered a score within a point or two for a question, or within the same total A–F 
grade, as similar.

All teachers used some kind of grading rubric they had developed themselves, but it var-
ied from just looking for keywords to setting more detailed model answers. The teachers felt 
confident that their scoring was correct and fair, based on their requirements, although they 
recognised that another teacher might look for other things in the answers. They assumed 
that an AI would be better at scoring more factual and deterministic answers, such as cal-
culations and definitions, but less good at giving a fair score on discussion-type answers. 
It was suspected that the AI would be susceptible to grading very word-rich and talkative 
answers with little actual content more favourably than a human teacher. At the same time, 
it was argued that a teacher can have deeper and more specific knowledge in a specific 
field, while an AI can have much wider and general knowledge. Thus, the AI would be able 
to score very general questions better than more deep and narrow questions.

Teachers agree that most students would not accept having their exams graded by an 
AI, although some students would likely perceive the AI to be more impartial. Similarly, the 
AI was not considered mature enough by the teachers to be used for grading. The teachers 
had no plans to use an AI for grading as they would not trust the result. However, all teachers 
felt that they would like to be able to use an AI for grading in the future, as grading was con-
sidered boring. Potentially, the AI could be used for some types of questions, although it was 
highlighted that the questions would have to be adapted to the AI's strengths and that not 
all questions would be appropriate to grade with AI. It was also highlighted that the students 
would also likely adapt their behaviour and write answers in line with the AI's expectations. 
Student acceptance would also be affected by how the type of grading was communicated 
to the students. They would be more likely to accept an AI grader if it led to more resources 
being made available for other course activities, such as lectures and tutoring.

DISCUSSION

This study has found that although differences exist between AI and human scoring of 
exams, the AI scoring does not stand out as either unreasonable or obviously artificial. At 
a quick glance, the AI scoring can be mistaken for human scoring. Statistical differences 
can be found between AI and human grading, but this assumes that the human grader is 
the benchmark. However, we already know that the difference between human graders can 
also be significant. For example, Cannings et al. (2005) found linear and weighted Cohen's 
kappa between two human graders for an essay assignment to range between 0.15 and 
0.21 and 0.42 and 0.61, respectively, thus being similar to the results found in this study 
between AI and human grading. Human scoring is always subject to some degree of subjec-
tive judgement. A text will be perceived differently by different teachers, depending on their 
background, experience, preferences and knowledge of the topic. Even the same teacher 
grading the same question on two different occasions is not certain to give the same score 
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both times (Brooks, 2004; Meadows & Billington, 2005; Tisi et al., 2013). Similar effects are 
also found with the AI, as repeated grading of the same exam resulted in a different grade 
for about 40–45% of the students, showing that the AI is not fully consistent in its scoring.

Interviews with the teachers suggested that no one is likely to notice if the scoring were 
to be done by an AI. This raises the question of whether AI scoring is invalid, as the differ-
ence in its scoring is not greater than that between two human graders and it is difficult to 
identify the AI scoring. The Turing test (Turing, 1950) is a well-known measure of artificial 
intelligence, where an interrogator is tasked with determining which of two respondents is 
human and which is an AI. If the interrogator cannot identify the AI, then the AI is said to 
have passed the test. Extending this, a Turing test for grading would be that an independent 
observer cannot determine which grading is done by an AI and which is done by a human. 
ChatGPT in general has been making significant progress on the Turing test, but so far it 
has not inconclusively passed the test (Jannai et al., 2023; Nov et al., 2023). It is too early to 
say if AI has passed the Turing test for grading, but, just like ChatGPT in general, it appears 
able to convince an observer at first impression. If an AI were to pass the Turing test for 
scoring, it would not necessarily imply that the scoring is valid, but rather that it is no more 
or less valid than a human grader. However, an AI has the potential to reduce the subjective 
judgement and, at some point, the tables might be turned and human teachers might be 
evaluated on how well they perform in comparison with the AI. However, an AI is dependent 
on proper training and the behaviour of an AI, when subjected to new data, is also not always 
predictable.

Interviewed teachers expressed the feeling that ChatGPT is not mature enough to be 
used for grading yet, but they were very much looking forward to a time when AI could assist 
with or even take over entirely the tedious grading process. This study has shown that the 
AI in general gives higher scores than humans, is more likely to give a factually correct but 
out of scope answer a high score and has difficulty correctly assessing questions closely 
linked to lectures or course textbooks. Similarly, concerns were raised among the inter-
viewed teachers that students might pass an AI-graded exam by answering with lengthy 
discussions based on common knowledge, without attending classes or reading textbooks. 
Although this study shows that incorrect answers are mostly scored zero, it remains that the 
AI is able to consider a much wider and more general pool of knowledge than any human 
and include this in its assessment.

However, it is important to recognise that AI, just like any IT system, is just a tool. Teachers 
would have to be able to understand the strength and weakness of the AI tools and have 
the necessary digital competence in using it effectively. To make the most efficient use of 
AI support, teachers would have to adapt their exam practices to the AI tool by selecting 
questions, topics and phrasings that align with the AI's strengths, which was also suggested 
by the interviewed teachers. The AI scoring is a result not only of the students' answers, but 
also of how the question is phrased and the prompt given to the AI. The prompt refers to 
how questions are phrased when given to the AI, and it is suggested that effective prompts 
be clear and precise, provide a context, specify the answer format and structure, and set 
boundaries for the response (Ray, 2023). However, the prompt, the wording of the question 
and the student's answer are all evaluated together by the AI, implying that all three parts 
need to be considered together when designing an appropriate exam question. The accu-
racy of the scoring can be increased by evaluating different combinations of prompts, ques-
tion wordings and potential student answers. Lee et al. (2024) investigate different prompting 
strategies, suggesting that a chain-of-thought approach (Wei et al., 2022) has the potential 
to increase transparency and accuracy in LLMs as it requires the model to include natural 
language reasoning leading up to its response (Kojima et al., 2022).

In the future, we are likely to see AI systems specifically developed for grading. Doing so 
would reduce the subjective judgement inherent in human grading but would require careful 
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training and calibration to ensure valid scoring. A question like “What is the sun?” could be 
applicable anywhere from kindergarten to university but would require different answers. 
Similarly, an exam question could also expect the student to utilise a specific theoretical 
framework, a model taught in the course or related to the course textbook. If this is not 
explicitly stated in the question or a grading rubric, the AI would not be able to consider it. 
Attempts in this study to provide examples of good answers to the questions did not prove 
successful, although a structured grading rubric could not be tested as it was not used by 
the teachers. The current study employs a zero-shot learning strategy with role prompting, 
where the model has not received specific instructions on how to grade the question other 
than that it should assume the role of a university professor grading a written exam. A one-
shot or few-shot strategy, where the model is provided with one or a few examples of grad-
ings, could improve accuracy (Lee et al., 2024). In this study, we attempted to provide the 
AI with examples of excellent answers to each question and ask it to use them as a bench-
mark.ii However, this proved insufficient. When asked to score the excellent answers already 
provided as examples, the AI did not consistently score them high. Similarly, the impact on 
the average score of students' answers was small. Ten students' answers were scored five 
times each with and without an excellent answer provided, resulting in a difference in aver-
age score of only 1.8%.

However, grading in a higher education setting requires in-depth knowledge in rather 
narrow fields. It is likely that more narrow AI models will be specially developed for grad-
ing and for specific fields, not least to avoid the high cost of developing general models. 
Nevertheless, if the model becomes too narrow, it bears the risk of also losing sight of the 
wider picture. Granted there might not be a need to discuss the meaning of life with an AI 
designed to score exams in, for example, chemistry, but being able to spot differences, simi-
larities and make comparisons outside one's own field is important to advance research and 
should also be considered in grading.

No doubt some initial protests might surface from students when they learn they are being 
graded by an AI, but students have proven very able to quickly adapt to new conditions and 
find ways to benefit from them. We have already seen how students use anti-plagiarism soft-
ware as a tool to avoid being caught plagiarising by running their texts through the system 
and adjusting the wording to lower the plagiarism score. Similar behaviour is likely to occur 
with AI grading, where students during their exam preparation will try out different wordings 
to determine which will generate the highest score. Studies on older automated scoring sys-
tems have also shown that they can be tricked into giving a higher score (Ifenthaler, 2022; 
Powers et al., 2002) and that this has been exploited by students (Chin, 2020).

Biases in the AI training data have been shown to exist (Ray,  2023; Singh & 
Ramakrishnan, 2023), and any bias in the AI towards a certain line of argument or political 
orientation will likely impact the students' answers and thereby the knowledge the students 
take away after the course. In the long run, this will cause a reinforcing feedback loop. 
Teachers will adapt their questions to the biases in the AI, students will adapt their answers 
to the same biases and, in the long run, this will impact the data on which future AIs will be 
trained, further strengthening the bias. This feedback loop and confirmation bias has caused 
similar “vicious circles” in other applications, such as recommender systems that suggest 
books, articles or TV shows to users based on previous interactions (Chen et al., 2023) or 
“filter bubbles” in social media (Flodén, 2018; Nguyen et al., 2014).

How the system is presented to the students and their perception of it influences how it is 
perceived and used (Roscoe et al., 2017). An AI grading system that frees up time for more 
lectures and other teaching activities is likely to be more widely accepted than a system that 
is perceived to just benefit the teachers or universities by saving time and money. AI might 
give the teacher time to engage in more learning activities that require greater creativity and 
a higher order of thinking (Miao et al., 2021). In addition, AI will be used to provide feedback 
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to the students on their answers, which was perceived as an advantage by the interviewed 
teachers. However, feedback provided by a grading AI was not found to increase trust in the 
system by Conijn et al. (2023), as trust was more related to how well the scoring matched the 
student's self-estimated grade. In the interviews, concerns were raised that overly detailed 
feedback could lead to more objections and discussion with students about their grades, 
which was also found by Barker (2011).

An increased use of AI for scoring can also potentially impact the students' perception 
of the assessment and the role of the teacher. Several of the interviewed teachers jokingly 
suggested that the students will use ChatGPT to write their assignments and the teacher 
will use ChatGPT to grade them. No doubt, students will embrace tools like ChatGPT to help 
them study and explain course content, but where does that leave the teacher? Concerns 
have been raised in the literature that teachers' decision-making capabilities will be hollowed 
out as a gap appears between scorings provided by AI and the teachers' understanding of 
the score and what it is based on (Swiecki et al., 2022). In other words, teachers may no 
longer be able to explain to students why they have received a certain score. Studies in-
dicated that an explanation of how the AI reached the score helps increase teachers' trust 
in the system (Nazaretsky et al., 2022). For students, the results are mixed. Some stud-
ies show increased trust in AI, while other studies have shown no impact on trust (Conijn 
et al., 2023; Hsu et al., 2021). Other studies report that students are concerned about the 
accuracy, transparency and ethics of AI tools (Chan & Hu, 2023), while yet other studies 
found that almost half of the students fully trusted the AI (Ding et al., 2023). However, Conijn 
et al. (2023) argue that it is ethically necessary for an AI grading system to be able to explain 
how it came up with the grade. The ethical and legal accountability of the grading decision 
can be questioned if the decision is trusted to an anonymous AI whose reasoning we do not 
truly understand. This finding has been highlighted by the Organisation for Economic Co-
operation and Development and UNESCO (UNESCO, 2019; Vincent-Lancrin & Vlies, 2020), 
who underline that policymakers in education, educators and other stakeholders must be 
able to trust the AI and understand its wider impact.

Ethics is identified as key to the future use of AI. Bogina et al. (2022) and Bond et al. (2024) 
call for better understanding of AI algorithmic fairness, accountability, transparency and ethics 
among education stakeholders. However, a teacher using an AI tool for grading is not “cheat-
ing” in the same way as when a student hands in an AI-written assignment. The purpose of 
grading is not to evaluate the teacher, and using relevant tools for a job is a normal part of any 
occupation. Nonetheless, ethical considerations dictate that the teacher should be open about 
the use of AI and also ensure that the AI provides relevant and trustworthy results.

CONCLUSION

AI can generate plausible scores on university exams that, at first glance, look similar to 
those awarded by a human grader. There are differences in average scores and grades 
between the AI and human grader, although it is not unlikely that two human graders could 
result in similar discrepancies. However, the spread in scoring is greater among the human 
graders, with more very high and low scores, while the AI more often gives a medium score. 
Despite these differences, a noteworthy aspect is that the teachers themselves perceived 
the AI scores to be plausible and believed that its work could have passed for that of a 
human grader.

AI shows surprisingly good skills at understanding student answers and generating com-
prehensible feedback. Given that this is only the beginning of AI development, there is no 
doubt that AI eventually will be able to score exams in a trustworthy way. To reach this point, 
AI must improve its understanding of the course-specific context and be able to accept more 

 14693518, 2025, 1, D
ow

nloaded from
 https://bera-journals.onlinelibrary.w

iley.com
/doi/10.1002/berj.4069 by T

urkey C
ochrane E

vidence A
id, W

iley O
nline L

ibrary on [03/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



       |  217GRADING EXAMS USING LLMS

specific input in relation to how the grading should be performed. In the current study, the 
AI was not provided with detailed instructions on how to score, but still managed to produce 
credible results. Access to more information on the course content and a detailed grading 
rubric will probably improve accuracy.

This study has focused on the scoring aspect, but the use of AI-assisted grading brings 
the possibility of extended student feedback, more frequent and formative assessment and 
extended student interaction. Using advanced knowledge tracing (Piech et al., 2015), AI tools 
could follow the students' progress during a course and evaluate online exercises, activities 
on learning platforms and assignments, and estimate how well students have mastered 
the subject using a much wider range of data than just the traditional exams and hand-in 
assignments. Extended AI tools could also help analyse the students' answers to provide 
individualised feedback and training programs with tailored tutoring. Overall, AI will induce 
fundamental changes in the way we teach. Initially, the use of AI is not likely to replace 
human graders but rather complement them in situations where it is not practical or eco-
nomically possible to use a human grader. This could happen, for example, in scoring essay 
questions and providing individual feedback in massive open online courses (MOOCS), or 
providing repeated feedback on draft texts.

AI-assisted writing and grading is likely to stay with us in the future. Once the technology 
is introduced, it will not disappear. In the future, we will view AI in the same way as we view 
the pocket calculator today: as a tool that we use. Education in mathematics did not disap-
pear just because the calculator was invented; it merely adapted.
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E N D N OT ES
	i	Question: ‘Please explain the competitive interface between different modes of transport.’
	ii	Prompt 1: I want you to act as a university professor grading a written exam. I will provide you with the question 
and with the correct answer to the question. I want you to remember the correct answer and base your grading on 
that answer. The question is: ‘xxxx’. The correct answer is: ‘yyyy’.

Prompt 2: Grade the following answer on a scale of 0 to X, based on the correct answer. Answer: ‘zzzz’.
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APPENDIX 
Course 1

Student

Score % of total Grade

AI Teacher AI Teacher AI Teacher

1 34 22 57% 37% E F

2 33 39 55% 65% E D

3 41 23 68% 38% C F

4 43 39 72% 65% C D

5 40 50 67% 83% D B

6 39 44 65% 73% D C

7 37 18 62% 30% D F

8 20 19 33% 32% F F

9 46 42 77% 70% B C

10 41 37 68% 62% C D

11 39 31 65% 52% D E

12 48 30 80% 50% B E

13 37 21 62% 35% D F

14 39 31 65% 52% D E

15 38 35 63% 58% D E

16 16 10 27% 17% F F

17 44 49 73% 82% C B

18 47 53 78% 88% B A

19 48 53 80% 88% B A

20 39 43 65% 72% D C

21 39 36 65% 60% D D

22 31 27 52% 45% E F

23 51 40 85% 67% A D

24 51 49 85% 82% A B

25 52 43 87% 72% A C

Average 39.7 35.4 66.2% 58.9%

Standard 
deviation

8.64 11.87 14.4 19.8

Course 2

Student

Score % of total Grade

AI Teacher AI Teacher AI Teacher

1 45 41.5 75% 69% B C

2 43 29 72% 48% C F

3 37 45 62% 75% D B

4 30 25 50% 42% E F

5 44 41 73% 68% C C

6 36 35 60% 58% D E

7 33 43 55% 72% E C
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Course 2

Student

Score % of total Grade

AI Teacher AI Teacher AI Teacher

8 42 38 70% 63% C D

9 48 48.5 80% 81% B B

10 33 32 55% 53% E E

11 40 45.5 67% 76% D B

12 30 34 50% 57% E E

13 32 29 53% 48% E F

14 43 38 72% 63% C D

15 39 41 65% 68% D C

16 47 43 78% 72% B C

17 29 34.5 48% 58% F E

18 29 29 48% 48% F F

19 47 45.5 78% 76% B B

20 32 39 53% 65% E D

21 33 31 55% 52% E E

22 45 40.5 75% 68% B D

Average 38.0 37.6 63.4% 62.7%

Standard deviation 6.58 6.51 11.0 10.9

Course 3

Student

Score % of total Grade

AI Teacher AI Teacher AI Teacher

1 29 38 48% 63% F D

2 37 32.5 62% 54% D E

3 44 49.5 73% 83% C B

4 46 46 77% 77% B B

5 45 40.5 75% 68% B D

6 18 14 30% 23% F F

7 42 42.5 70% 71% C C

8 24 29 40% 48% F F

9 28 28 47% 47% F F

10 38 37.5 63% 63% D D

11 29 18 48% 30% F F

12 37 26 62% 43% D F

13 45 52 75% 87% B A

14 45 41 75% 68% B C

15 43 33 72% 55% C E

16 20 18.5 33% 31% F F

17 37 26.5 62% 44% D F

18 42 39 70% 65% C D

19 43 47.5 72% 79% C B
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Course 3

Student

Score % of total Grade

AI Teacher AI Teacher AI Teacher

20 34 36 57% 60% E D

21 40 47 67% 78% D B

22 26 28 43% 47% F F

23 33 34.5 55% 58% E E

24 41 47 68% 78% C B

25 48 45 80% 75% B B

26 37 39.5 62% 66% D D

27 42 35.5 70% 59% C E

Average 36.8 35.8 61.3% 59.7%

Standard deviation 8.29 10.22 13.8 17.0
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