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Purpose:  The purpose of this study is to investigate how an AI model compares to an educator in 
assessing short essay responses in terms of consistency. The study further explores 
whether the AI model can provide students with useful feedback on their submissions. 
Additionally, it aims to examine the perceptions of educators and students regarding the 
use of an AI model for these tasks in the context of higher education. 
 

Theory: This study utilises a sociocultural theoretical framework to analyse how cultural and 
social interactions influence educational processes, particularly in the context of AI 
integration in assessments. Emphasising the interplay between individual cognitive 
development and the sociocultural environment, the theory posits that learning is not 
only a personal cognitive process but also deeply embedded in social contexts and 
mediated through cultural tools. This perspective is crucial for understanding how 
students and educators perceive and interact with AI as a new educational tool, 
considering the historical, cultural, and individual factors that shape these perceptions. 
 

Method: The study utilised a mixed-methods approach to investigate AI-based versus traditional 
human grading. Quantitative analysis was conducted using data from short essay 
answers of students from three Business Administration courses, focusing on objective 
measures like the consistency and accuracy of AI assessments, as well as the usefulness 
and specificity of feedback provided by the AI-model. Qualitative insights were gathered 
through nine semi-structured interviews, comprising four students and five educators, to 
explore perceptions and experiences regarding AI grading and feedback. The 
quantitative assessment employed statistical methods to analyse the grading outcomes 
and compare the AI's performance to that of human educators. The qualitative 
component involved thematic analysis of the interview data to identify underlying 
themes about perceptions and experiences with AI assessment and feedback. This dual-
method approach ensured a comprehensive evaluation of both empirical data and 
subjective insights. 
 

Results: The results of the study indicate that AI grading varied in consistency across different 
courses, aligning more closely with educator assessments in less complex questions but 
struggling with multifaceted questions. AI provided students with specific, useful, and 
appreciated feedback. Both educators and students had mixed feelings about AI grading: 
educators were concerned about losing qualitative insights and maintaining control over 
the grading process, while students appreciated the objectivity of AI but were sceptical 
about its reliability and missed human interaction. Overall, the study suggests that while 
AI can support certain aspects of grading and feedback, it cannot yet replace human 
judgment, advocating for a hybrid approach that combines AI and human assessments to 
enhance both efficiency and educational integrity. The study offers valuable insights into 
the perceptions and usefulness of AI-models in higher education assessment and 
feedback. 
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Introduction 
In the realm of higher education, the evaluation of assessment techniques, from traditional exams to 
dynamic digital platforms, significantly reflects shifts in educational philosophy and the increasing 
integration of digital technology. These changes are pivotal, as they enhance the efficiency of 
educators’ pedagogical strategies and indirectly improve student learning experiences (Ewell & 
Cumming, 2017). Historically, traditional paper-based assessments such as multiple-choice questions, 
short answers, and essays required substantial time for creation, administration, and grading. These 
formats effectively tested students’ abilities to apply learned concepts to new situations and synthesise 
ideas from various disciplines (Harris, 2017). Despite their effectiveness, these methods imposed a 
heavy administrative burden on educators, constraining their time for personalised instruction and 
engagement, crucial elements in nurturing students.  

The introduction of digital technologies in educational assessment has transformed the landscape by 
offering a variety of interactive assessment methods like quizzes, online discussions, and multimedia 
projects. These tools not only provide immediate feedback but also significantly reduce the time 
educators spend on grading, thus freeing them to develop pedagogical approaches and foster a more 
engaging learning environment conducive to complex education (Harris, 2017). Moreover, the 
integration of digital assessment tools into educational systems, especially within higher education, 
has underscored their potential to streamline the teaching process. By automating aspects of 
assessment and feedback, these tools can relieve the administrative load, enabling educators to focus 
more on personalised instruction and direct engagement with students. This shift towards enhanced 
digital technology in teaching processes underscores a broader change in educational values, 
emphasising the importance of inclusive, interactive, and student-centered learning experiences 
(Harris, 2017).  

Traditionally, essays are assessed based on content and structure, often using an assessment rubric to 
achieve objectivity (Malouff & Thorsteinsson, 2016). However, when multiple educators are involved 
in grading, ensuring fair and consistent assessment becomes challenging due to individual differences 
in grading approaches (Bergqvist, 2015). Despite shared assessment criteria, considerable variation in 
grading can persist, which may lead to perceived unfairness (Bouwer, Koster, & van den Bergh, 
2023). Achieving reliability in educational assessment is crucial for ensuring fairness in assessment. 
Reliability focuses on whether different educators, when assessing the same student work, arrive at 
similar conclusions. Even when a single educator is grading many students, consistency can be 
compromised over time, leading to variations in assessments from the first to the last student. While 
using clear, explicit assessment criteria and rubrics has been shown to help reduce variability in these 
judgements, achieving a completely fair assessment remains difficult, particularly when several 
educators are involved. Although this approach improves assessment quality by focusing on specific, 
relevant evidence rather than personal opinions, the complexity of human judgement can still 
introduce inconsistencies (Van der Schaaf, Baartman, & Prins, 2012).  

The challenge of ensuring fair and consistent assessment intensifies in large classes, such as those in 
the Business Administration department1 where I work. Moreover, in these courses, it is common for 
students to respond to exam questions with short essay answers.2 Assessing a high volume of short 
essay answers is time-consuming and complicates the maintenance of consistency and fairness. 
Research has shown that “noise”, unrelated influences such as mood, hunger, or weather, can 
significantly impact grading decisions, introducing unpredictability and variability in assessment 

 
1 class sizes often approach 200 students. 
2 A short essay answer typically refers to a concise written response that focuses on addressing a specific 
question or topic. It is more structured and detailed than a simple answer, yet shorter than a full-length essay. For 
more information, see Methodology chapter. 
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quality (Kahneman, Rosenfield, Gandhi, & Blaser, 2016). Further studies highlight that these 
inconsistencies include not only external influences but also inherent inconsistencies in how 
information is processed by different assessors, even under identical conditions (Kahneman, Sibony, 
& Sunstein, 2021). Feedback is another crucial component in the educational setting, strongly 
influencing student learning (Panadero, 2023). However, providing meaningful and timely feedback 
becomes challenging in large classes due to time constraints (Nieminen & Carless, 2023).  

Addressing these challenges, rapid advancements in machine learning offer promising solutions. 
Machine learning, a core subset of artificial intelligence (AI), is believed to be able to provide more 
consistent and objective assessments, handle large volumes of work efficiently, and offer personalised 
feedback by identifying students’ strengths and weaknesses (Beseiso, Alzubi, & Rashaideh, 2021; 
Conijn, Kahr, & Snijders, 2023; Hussein, Hassan, & Nassef, 2019; Zhai, Yin, Pellegrino, Haudek, & 
Shi, 2020). However, a significant gap remains in directly comparing the quality of educator 
assessments with AI assessments, highlighting an area for future research to ensure fair and consistent 
assessment methods. 

As AI technologies rapidly evolve, it is vital to approach their integration with optimism balanced by 
caution. The spectrum of opinions ranges from enthusiastic endorsement of AI’s potential to transform 
education to scepticism about the speed of its development and implications. This diversity calls for a 
thorough evaluation of AI technologies, weighing their benefits against ethical considerations and 
potential risks. By engaging critically with AI, we can ensure that it serves as a supportive tool in 
education, enhancing learning experiences without compromising the values that define quality 
education. 

Aim and Research Questions 
Considering these challenges identified above, this study adopts a mixed methods approach to 
investigate the potential of AI in the grading process. Specifically, the purpose of the study is to 
explore AI’s effectiveness in grading short essay answers, where effectiveness refers to the degree to 
which AI successfully produces desired results, achieving grading outcomes that are the same as or 
similar to those of an educator. The study focuses on enhancing qualitative grading and consistency. It 
also examines whether the AI model can provide students with useful feedback on their submissions. 
Furthermore, the study aims to assess the perceptions of educators and students regarding the use of 
AI for these tasks. The following research questions are addressed: 

1. How effective is AI-based grading of short essay answers compared to traditional educator 
assessments in terms of qualitative grading and consistency?  

2. How can the AI model provide students with useful feedback on their submissions?  
3. What are the perceptions and attitudes of both students and educators towards AI-based 

grading systems?  
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Literature Review 
Artificial Intelligence in Higher Education 
Artificial Intelligence (AI) is increasingly becoming a pivotal element in various sectors, including 
higher education. It is easy to refer to generative AI as “OpenAI or ChatGPT”, but studies show that it 
includes much more. In the context of higher education, studies suggest AI offers a blend of 
opportunities and challenges. According to scholarly findings, it includes technologies that perform 
tasks requiring human intelligence, such as learning, decision-making, and language comprehension. 
Research indicates that the integration of AI into higher education settings is transforming teaching 
methodologies, enabling personalised learning, and increasing administrative efficiency (Lee, 2024; 
Selwyn, Hillman, Bergviken Rensfeldt, & Perrotta, 2023; Tahiru, 2021).  

Building on this foundation, further research demonstrates that in the sector of higher education, AI 
applications range from personalising learning experiences to suit diverse student needs to automating 
administrative tasks like grading. Studies confirm that AI adapts instructional materials to individual 
learning styles and capabilities (Nurtayeva, Salim, Taha, & Khalilov, 2023), enhancing engagement 
and effectiveness.  

Empirical research reveals that AI-driven tools offer insights into student progress, enabling educators 
in higher education to address potential learning barriers through targeted interventions (Lee, 2024; 
Nurtayeva et al., 2023) These tools, as noted in multiple studies, include adaptive learning systems 
that modify content based on student responses and early warning systems that track indicators such as 
attendance and grades to help identify students at risk of underperforming (Lee, 2024; Nurtayeva et 
al., 2023). 

Moreover, findings from recent studies illustrate that AI extends to the assessment of student work 
through Automatic Scoring (AS) systems3. These systems, which assess linguistic attributes like 
grammar and style through natural language processing, are increasingly capable of assessing 
argumentative structure and coherence in student essays (Beseiso & Alzahrani, 2020; Mizumoto & 
Eguchi, 2023). However, assessing the factual accuracy and depth of content remains challenging and 
is an area of ongoing development (Yan, Rupp, & Folz, 2020). Looking ahead, advancements in AI 
hold the promise of more comprehensively evaluating essay responses, potentially incorporating more 
nuanced aspects of writing such as critical analysis, originality, and contextual relevance, thereby 
offering a more holistic assessment of student work (Mizumoto & Eguchi, 2023). 

Despite the potential demonstrated by current studies, the deployment of AI in higher education is not 
without risks, including ethical concerns such as data privacy and the potential for algorithm bias, 
which could undermine critical thinking and problem-solving skills (Feuerriegel, Hartmann, Janiesch, 
& Zschech, 2024). Moreover, while there is potential for increased standardisation and control, 
alongside improvements in decision-making and administrative efficiency (Selwyn et al., 2023), the 
challenges and risks associated with AI, including ethical dilemmas and over-reliance on digital 
technology, are also significant (Feuerriegel et al., 2024). Research advocates for the importance of 
developing equitable and transparent AI tools, and experts suggest involving stakeholders in a 
participatory approach to ensure these technologies meet diverse educational needs and adhere to 
ethical standards (Bond et al., 2024).  

Looking to the future, the academic and technological landscapes continue to evolve, with research 
focusing on sustainable, ethical, and inclusive AI applications that promote educational equity (Chiu, 
2024; Sabzalieva & Valentini, 2023). These studies are critical as educators and policymakers work to 

 
3 Some examples of scoring engines: the E-rater®, the Intelligent Essay Assessor, the Intellimetric™ Engine, c-
rater™, and LightSIDE. 
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harness AI’s potential while addressing its challenges. They emphasise the need for a responsible and 
innovative approach to leverage AI in higher education (Sabzalieva & Valentini, 2023).  

Overall, recent scholarly research suggest that, AI holds significant promise for transforming higher 
education by enhancing personalisation, efficiency, and accessibility (Selwyn et al., 2023), but 
realising its full potential requires careful consideration of its ethical, practical, and pedagogical 
implications. 

 

Assessment in Higher Education 

The landscape of assessment in higher education is continually shaped by the interplay between 
educational theories, technological advances, and different student needs, making it a complex and 
dynamic field. This area is critically explored through various studies that reveal the importance of 
valid, reliable, and effective assessments. These studies emphasise that the assessment process in 
higher education requires nuanced interpretation beyond the mechanical application of criteria, 
involving a balance between guideline adherence and professional judgment. This interpretation 
reflects the assessor’s values and the educational context, with assessors often grappling with vague or 
contradictory guidelines (Baume, Yorke, & Coffey, 2004). This aligns with the identified challenge of 
ensuring consistency and fairness in grading, especially when multiple educators are involved or when 
a single educator is responsible for assessing a large number of students. The significance of clear, 
coherent, and contextually appropriate criteria, as highlighted by Baume et al. (2004), ensures fair and 
meaningful evaluations in higher education settings. 

Furthermore, research shows that assessments in higher education serve multiple functions beyond 
mere grading. According to Earl (2013), they align teaching with essential learning outcomes and help 
educators understand students’ strengths and weaknesses, enabling tailored teaching methods (Earl, 
2013). Additionally, assessments are complex, reasoned decision-making processes that involve 
explicit criteria and standards, and the need to address any underlying personal and professional biases 
(Taras, 2005, 2012; Taras, Molina, Gallardo, & Morales-Piñero, 2023). The necessity for transparency 
and inclusivity in assessment methods highlights the importance of shared understanding among all 
participants (Davies & Taras, 2018). These points underscore the need for reliable and fair assessment 
methods. 

In co-teaching scenarios in higher education, assessments can lead to student confusion and anxiety 
due to perceived inconsistencies in grading and expectations, particularly in summative assessments 
like final exams (López-Hernández, Buckingham, & Strotmann, 2023). This situation emphasises the 
need for clear communication and collaboration in the planning stages of co-teaching to enhance the 
teaching and learning experience, addressing the identified gap related to variability in assessment 
quality. The subjective nature of assessment in higher education requires ongoing dialogue and 
reflection among educators to refine assessment methods and ensure they effectively serve both 
evaluative and developmental purposes (Baidoo-Anu et al., 2023). Moreover, ensuring fairness and 
consistency is vital, as emphasised by Nijveldt et al. (2009), who argue that validity and reliability are 
crucial and advocate training programs to help assessors recognise and address biases (Nijveldt, 
Beijaard, Brekelmans, Wubbels, & Verloop, 2009).  

Researchers like Kahneman et al. have identified various sources of noise, such as personal biases and 
external conditions (e.g., mood or environmental factors), that can significantly affect assessment 
results. Strategies like conducting noise audits and establishing standardised criteria are suggested to 
reduce variations and maintain assessment integrity (Kahneman et al., 2016; Kahneman et al., 2021). 
These strategies are crucial in addressing the inconsistencies and variability in grading. 
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Finally, as studies have shown, assessing large4 classes in higher education presents significant 
challenges, risking the quality of assessment due to stress and the high volume of work. Innovative 
solutions and educational technologies are crucial for effectively managing these challenges and 
maintaining the integrity of assessment in large classes (Greyling, Kara, Makka, & van Niekerk, 
2008). This directly relates to the identified need for efficient grading methods in large educational 
settings, such as those addressed by AI technologies. 

 

Feedback 
Feedback significantly influences student learning and performance in higher education, impacting 
engagement, self-regulation, and academic achievement (Hattie & Timperley, 2007). It serves as a 
crucial mechanism, guiding students from their current level to desired goals, not merely correcting 
errors but fostering deeper understanding and improvements (Narciss, 2013; Wisniewski, Zierer, & 
Hattie, 2020). Building on this concept, feedback literacy, students’ ability to seek, understand, and 
utilise feedback, enhances learning and personal development, emphasising the role of students as 
active participants in the feedback process (Nieminen & Carless, 2023). Advanced feedback 
approaches address not only the linguistic form of student writing but also the content, supporting 
iterative writing processes and increasing language awareness (Sofkova Hashemi, 2013).  

Recent research highlights the importance of self-regulation and self-compassion in feedback 
reception. Models incorporating self-regulated learning theories suggest that fostering self-compassion 
and internal feedback can shift perceptions towards viewing feedback as constructive, enhancing 
motivation and engagement (Laudel & Narciss, 2023; Panadero, 2023). Moreover, feedback can be 
corrective, directly addressing errors, or elaborative, offering hints and explanations. Its effectiveness 
depends on content, timing, and delivery, with high-information feedback being particularly impactful 
(Wisniewski et al., 2020).  

Feedback also plays a critical role in enhancing teaching and learning outcomes, effectively engaging 
students and fostering self-efficacy and self-regulation. However, its impact varies based on the 
learner’s confidence, goal specificity, and task complexity (Hattie & Timperley, 2007). The interaction 
and continuous engagement with feedback over time are crucial for students to fully benefit from it 
(Esterhazy & Damşa, 2019). In professional learning settings, student-centred feedback models in 
professional learning settings can transform the learning experience, promoting active engagement and 
self-regulation (Brooks et al., 2021). Interactive feedback in digital learning environments aids in 
navigating complex problem-solving, enhancing understanding (Barana, Marchisio, & Sacchet, 2021). 

Highlighting the practical implications, the immediacy and informativeness of feedback delivery are 
vital. Prompt feedback helps students identify and correct misconceptions, improving performance 
(Wengrowicz, Lavi, Kohen, & Dori, 2022). Feedback should also promote self-regulation and 
personal development, aligning with students’ needs (Mandouit & Hattie, 2023). Recent advancements 
in AI and machine learning have introduced personalised and timely feedback, showing promise for 
adapting to individual student needs and transforming feedback practices (Nieminen & Carless, 2023; 
Panadero, 2023). By adopting a holistic, student-centred approach, feedback in higher education can 
empower students to engage actively with their learning, develop self-regulatory skills, and achieve 
academic success. 

  

 
4 typically defined as those with 80 students or more students 
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Summary of Literature Review 
The literature review explores the increasing integration of AI in education, specifically highlighting 
its capacity to enhance personalised learning and administrative efficiency, as evidenced by recent 
studies. Current research demonstrates that AI applications, such as adaptive learning systems and 
intelligent tutoring, provide tailored educational experiences and feedback on student progress. 
Furthermore, studies show that automatic scoring systems have made significant progress in assessing 
linguistic attributes and essay structures, albeit with ongoing challenges in accurately assessing 
content depth. The literature review synthesises findings that underscore the potential and limitations 
of AI tools in transforming educational practices and outcomes. 

In the realm of assessment in higher education, the review discusses the dynamic and complex nature 
of this field, emphasising the importance of nuanced interpretations that balance guideline adherence 
with professional judgement. Research findings indicate that assessment strategies are integral to 
aligning teaching with learning outcomes and addressing personal and professional biases, with a call 
for transparent and inclusive assessment methods. The review highlights the need for reliable and fair 
assessment methods, particularly in large classes, where assessing a high volume of work poses 
significant challenges. 

The role of feedback in education is also critically examined. Effective feedback is crucial for guiding 
student learning and is depicted as a mechanism that not only corrects errors but also fosters deeper 
understanding and improvement. Research generally suggests that feedback should be timely, 
informative, and aligned with students’ needs, enhancing engagement and self-regulation. Recent 
advancements in AI and machine learning have introduced personalized and timely feedback, showing 
promise for adapting to individual student needs and transforming feedback practices. 

The research questions of the study are particularly relevant considering this literature review. By 
investigating how AI-based grading compares to traditional methods in terms of consistency and 
feedback quality, the study addresses critical gaps in understanding AI's effectiveness in educational 
assessments. Additionally, exploring the perceptions and attitudes of students and educators towards 
AI grading systems offers valuable insights into the acceptance and practical implementation of these 
technologies. Together, these inquiries align with the literature's call for responsible and effective 
integration of AI in education, aiming to enhance both pedagogical outcomes and ethical standards. 
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Theoretical Framework  
This thesis adopts a sociocultural perspective on learning, offering a framework for understanding the 
complex interplay between human cognition and the social environment. Central to this theory is the 
premise that cognitive development is shaped not only by individual capabilities but also profoundly 
influenced by interactions within specific cultural and social contexts (Vygotsky, 1978). This 
perspective is particularly relevant in the current era, where AI is becoming a significant part of 
educational landscapes, traditionally dominated by human interactions. 

 

Sociocultural Perspectives on Educational Practices 
The sociocultural theory describes how cultural and social interactions shape and influence 
educational processes and cognitive development. It highlights the role of cultural tools such as 
language and symbols, the impact of sociocultural contexts on academic literacy, and the ways 
artefacts meld into education (Rogoff, 2003).  

For the purpose of this study, the theoretical framework has been structured around four core 
elements: Environment, Individual, Cultural, and Historical Development (see Figure 1). This model, 
a simplification previously applied to learning in different contexts (Kelly, 2007), is adapted in this 
study as a lens to better understand the dynamics of assessment in a sociocultural context. Each 
element is essential for understanding these dynamics. Using this adapted framework, the study will 
comprehensively analyse how sociocultural factors shape perceptions and practices within educational 
settings, particularly in relation to the integration of technology.  

 

Figure 1  
Adapted Sociocultural Framework for Educational Assessment  

 
Note. From “The interrelationships between adult museum visitors’ learning identities and their museum 
experiences”, by Kelly, 2007, p. 56 
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Environment 
In sociocultural theory, the concept of environment refers to both the physical and social contexts that 
influence learning. This includes the tangible artefacts and tools available, as well as the social 
dynamics within groups and communities of practice. Within an educational setting, these 
communities are formed through interactions between the mediation offered in the university setting, 
such as educational resources,5 and the involvement of individuals in social structures like classes or 
study groups. In these interactions, where individuals engage with both artefacts and each other, 
learning is constructed and meaning is derived (Rogoff, 2003; Säljö, 2022; Vygotsky, 1978). 

Central to the sociocultural theory is the concept that learning predominantly occurs through social 
interactions. It posits that cognitive development is largely influenced by engagement with more 
knowledgeable others, including educators, peers, or family members (Vygotsky, 1978). Through 
these interactions, individuals internalise cultural norms, values, and behaviours, shaping their 
cognitive frameworks and learning processes. Säljö (2022) underlines the importance of 
communication and situated interaction between the learner and the educator, suggesting that such 
dynamics offer a rich pedagogical platform grounded in the lived experiences of both parties.  

Säljö (2022) further emphasises that learning, and knowledge development extend beyond the 
individual, occurring primarily through interaction within various social contexts. The active role of 
cultural identities within educational settings influences academic literacy practices that students 
engage in, illustrating how culture profoundly influences learning processes (Eybers & Paulet, 2022). 

Building on the sociocultural foundations laid by Vygotsky, (1978), recent educational frameworks 
like innovation pedagogy emphasise collaborative and network-based learning environments. 
According to Konst and Scheinin (2018), innovation pedagogy integrates the socio-cultural and 
constructivist views, fostering an educational environment where learners actively engage in dialogue 
and collaboration, enhancing their innovation competences alongside traditional academic skills. 

Connecting the environment perspective to a sociocultural understanding of how students might 
perceive assessment and feedback involves recognising AI models as digital artefacts. These systems 
might shape learning processes and outcomes through their design and function. Investigating the 
integration of AI as a tool in educational practices can reveal significant insights into students’ 
acceptance of AI as a legitimate and effective educational tool (Keinänen & Karisto-Mertanen, 2019). 
Moreover, in environments where specific learning methods are favoured, such as direct feedback 
from educators, AI tools may be viewed with more uncertainty compared to traditional feedback 
methods. This aspect highlights the broader cultural dynamics at play. 

 

Individual 
In the sociocultural theory, emphasis is often placed on the interplay between external social 
interactions and environmental factors, but individual characteristics such as interest, motivation, prior 
experiences, cognitive and emotional capacities, and even personality traits, are equally fundamental. 
These attributes significantly shape how individuals engage with their social surroundings and the 
extent to which they benefit from these interactions. 

Motivation, a driver in the learning process, enhances active engagement and willingness to seek and 
utilise support in challenging situations. This intrinsic motivation is essential in navigating the zone of 
proximal development (ZDP), a key concept that identifies the difference between what learners can 
achieve independently and with help (Vygotsky, 1978). Well-motivated individuals are more likely to 

 
5 E.g. traditional resources such as textbooks, worksheets, and instructions; technological tools like computers, 
tablets, and specialised software; and digital content including e-books, online articles, and educational videos. 
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make effective use of scaffolding, a vital element of inclusive educational strategies that adapt to 
diverse student backgrounds, learning styles, and needs (Paguyo, Sponsler, & Iturbe-LaGrave, 2022; 
Säljö, 2022).  

Implementing the ZPD concept in educational settings requires recognising and nurturing the potential 
within each learner. Educators must adopt flexible teaching strategies that align with students’ ZDP 
and offer tailored support to bridge the gap between their current understanding and potential learning 
outcomes. This approach fosters a deeper engagement with content and concepts, enhancing learners’ 
autonomy and competence as educational supports are gradually adjusted and removed (Paguyo et al., 
2022). 

Furthermore, an individual’s background and prior experiences play a significant role in shaping their 
cognitive and social development (Vygotsky, 1978). These experiences influence their perceptions and 
interactions, impacting how they interpret and utilise the cultural and social tools available to them. By 
tailoring learning environments to reflect these diverse experiences, educators can ensure that their 
pedagogies and assessments value each learner’s unique contributions (Paguyo et al., 2022). 

Connecting the individual perspective to a sociocultural understanding, the introduction of AI in 
higher education assessment could influence students’ motivation and engagement. Students may 
perceive AI assessments differently from traditional educator-led assessments, impacting their 
willingness to participate and seek help. Educators’ perceptions of AI also play a significant role, as 
they may view it as a tool to augment their teaching strategies, offering additional support and 
feedback. 

 

Culture 
In the sociocultural context, culture can be understood as a system of shared beliefs, values, customs, 
behaviours, and artefacts that members of society utilise to interact with their world and each other. 
This framework acts as a lens through which individuals view their world, providing structured ways 
to behave and interact. Cultural symbols and language, encompassing both verbal and non-verbal 
forms such as gestures and body language, play pivotal roles in this system. They serve as tools for 
preserving cultural knowledge, thus shaping how individuals navigate and perceive their social worlds 
(Rogoff, 2003; Zion & Kozleski, 2005). 

The sociocultural theory, as elaborated by Säljö (2022), emphasises the significant interplay between 
social interaction, cultural context, and the use of tools in learning. It shifts the focus from individual 
cognitive processes to collaborative endeavours that are deeply embedded within the cultural and 
social frames of the individual’s environment. According to Säljö (2022), culture provides the “tools 
of the mind” such as language, symbols, and concepts, which mediate understanding of the world. 
These tools enable individuals to participate actively in their communities and contribute to the 
transmission of cultural knowledge across generations. 

Additionally, tools, both physical and symbolic, are highlighted as crucial in mediating learning 
processes. They extend cognitive capabilities and allow for the transformation of the learning 
environment. These tools, ranging from writing instruments to digital technologies, are not merely aids 
but actively shape the ways in which knowledge is constructed and understood. The importance of 
dialogue as a vehicle for cultural transmission within educational contexts is also emphasised, 
fostering innovation competencies among learners (Konst & Scheinin, 2018). 

Mediated learning experiences involve the use of cultural tools, symbols, and interactions to facilitate 
the learning process (Säljö, 2022). Vygotsky’s notion of mediation asserts that learning is inherently 
social and culturally situated, where tools such as language and technology play a crucial role in the 
development of cognitive functions (Paguyo et al., 2022; Säljö, 2022). This perspective stresses the 
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active role of the educator in guiding the learner through these tools, bridging the gap between the 
learner’s current understanding and potential development. 

Lastly, connecting the sociocultural understanding of culture to students’ perceptions about 
assessment, different cultural backgrounds may lead to varying expectations about the role of 
educators and technology in education. For instance, in cultures where educators are viewed as the 
ultimate authority, AI-based assessments might be met with scepticism or unease. Conversely, 
students from cultures that value technological advancement may be more receptive to AI-driven 
assessments. 

 

Historical Development 
Sociocultural theory emphasises the profound impact of historical development on learning, 
highlighting how the accumulation and transmission of cultural practices and lived histories shape 
educational approaches. Past experiences and the knowledge gained from them are crucial in moulding 
attitudes, values, and educational strategies. These historical elements influence how individuals 
approach learning and engage with different educational environments (Rogoff, 2003; Vygotsky, 
1978). 

Educators can enhance the effectiveness of educational interventions by designing strategies that 
acknowledge and leverage these diverse historical and cultural backgrounds, thereby promoting deeper 
engagement with learning content. This approach ensures that education is responsive to present needs 
while rooted in historical and cultural contexts. 

Understanding historical development in sociocultural theory also helps explain students’ perceptions 
of AI assessment in higher education. Students’ responses to AI are shaped by their past experiences 
with technology. Those accustomed to technology as a supportive tool may embrace AI assessments, 
while those from less technologically integrated backgrounds may view AI with suspicion. 
Furthermore, students who value emotional support and personalised feedback from traditional 
educator-led assessments might prefer them over AI, emphasising the importance of the human 
element in educational assessments. 
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Methodology 
Overview of Research Design 
In the study, a mixed-methods approach was used, combining quantitative and qualitative methods. 
Using a mixed-methods approach allows for the benefit of the strengths of both quantitative and 
qualitative methods. Quantitative analysis provided statistical evidence, while qualitative data offered 
rich contextual insights and helped to understand the human perspective. This combination provided a 
holistic view of the accuracy and consistency of AI-based assessment compared to human assessment 
and explored the perception and attitudes of students and educators towards AI assessment. This 
approach allowed for a thorough exploration of the research questions and the integration of findings 
to improve the trustworthiness and dependability of the results. 

Quantitative Method 
The study initially utilised quantitative methods for their ability to produce objective, generalisable 
findings. Statistical analysis was used to explore and confirm potential relationships between educator 
and AI assessments. Statistical tests such as correlation analysis were employed to measure the 
agreement or discrepancy between AI and educator assessments. This approach aligned with the 
principles of quantitative research, which focus on obtaining objective measures and often involve 
statistical analysis to understand phenomena (Daniel & Harland, 2017).  

Sample Selection 
Data collection involved examining exam responses, in the form of short essay answers, from students 
enrolled in three separate single-subject courses in Business Administration (see Table 1). The first 
data collection occurred with the Financial Accounting6 course in January 2024, where 122 out of the 
124 students opted to participate and 115 responded7 to the question studied. The second occurred in 
February 2024 with the Organization and Leadership 8 course where all 170 students enrolled chose to 
participate, and 148 responded to the question studied. The third collection was another Financial 
Accounting9 course in April 2024, where 118 students participated, and 112 responded to the question 
studied. Participation was voluntary, students were informed about the study’s purpose and assured of 
their anonymity and confidentiality of their responses. All participants who did not respond to the 
question studied were excluded from the sample to ensure the relevance and integrity of the data 
analysis. 

Table 1  
Participating students in the grading study 

 Financial 
Accounting 
Jan 2024 

Organization and 
Leadership  
Feb 2024 

Financial 
Accounting 
April 2024 

Number of students who took the exam 124 170 118 
Number of students who opted to participate 122 170 118 
Number of participating students responded to 
the question studied 

115 148 112 

 
6 FEK103 Externredovisning 
7 In this study, we focused on analysing responses to a specific examination question. Importantly, participants 
who chose not to answer this question were excluded from the study. 
8 FEK101 Organisation och ledarskap 
9 FEK103 Externredovisning 
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Tools and Materials 
Below is a detailed description of the tools and materials used in the quantitative part of the study, 
specifically focusing on the data utilised. 

Essay Questions and Short Essay Answers 
Initially, the essay questions used in the study were structured in the typical style of the course, 
multipart and comprising subsections labelled a, b, and c. However, as the study progressed, 
adjustments were made to the questions to ensure they focused specifically on a narrow topic. “One 
question – one answer”, not “a, b, c” as was commonly used. This was necessary to clarify for the AI 
exactly what needed to be assessed.  

Student responses to these questions should be structured as short essay answers. These answers are 
more detailed than a simple response but shorter than a full-length essay, typically ranging from a few 
sentences to one or two paragraphs and consisting of several hundred words. Despite their brevity, 
short essay answers should develop an argument or explore a topic, supported by evidence or 
examples, and include a concise conclusion. The focus in the assessing is how students demonstrate 
understanding, analytical ability, and the capacity to express thoughts clearly and efficiently. 

The Role of the Rubric in Assessment 
In the assessment of short essay answers, a rubric aligned with the course’s learning outcomes and 
core themes was used as a grading template from which students were assessed. The rubric10 was 
created by the educator, derived from course literature, and linked to the learning outcomes. The rubric 
ensures assessments are based on concrete goals rather than subjective judgment.  

Furthermore, the rubric is essential for assessment by both educators and AI models, ensuring uniform 
standards of judgement regardless of the assessment method. This uniformity is crucial for 
maintaining the validity and reliability of the assessment process. By applying the same criteria to all 
assessments, human and AI alike, the goal is that consistency and objectivity are upheld across the 
board. 

Utilisation of Language Models in Assessment 
The integration of language models for assessing student short essay answers began with the 
deployment of a basic Generative Pre-Trained Transformer (GPT) model within a closed and secure 
environment on Bitlab.11 This initial phase allowed for fine-tuning the AI to meet specific grading 
requirements through prompt adjustment and calibration, aiming to create a stable and functional 
model capable of reliably interpreting and assessing student responses. After achieving a satisfactory 
level of stability, we used the model to analyse the short essay answers, applying the established rubric 
as the standard for assessment.  

Data Collection Procedures 
Data collection procedures involved a structured process, (see Figure 2) initiated after the educator 
assessed the exams using the DISA12 system. A JSON13 file containing anonymous student codes, the 
essay question, student answers, and the educator’s assessments was generated. This file, together with 
the assessment rubric and the prompts, was used as input for the AI assessment of student short essay 

 
10 each question is accompanied by its own distinct rubric, meticulously crafted to delineate precise criteria for 
assessment. 
11 Bitlab, (Business IT Lab) is a part of Business Administration which supports education about digitalisation. 
Bitlab is also running an advanced server farm that functions as a technical hub for education. 
https://www.gu.se/en/school-business-economics-law/business-administration/about-us/bitlab  
12 The University of Gothenburg's system for digital examination DIgital SAlstententamen (DISA) 
13 A JSON file is a type of file used for storing simple data structures and objects in JavaScript Object Notation 
(JSON) format. JSON files provide a straightforward, text-based way to store and transport structured data. 

https://www.gu.se/en/school-business-economics-law/business-administration/about-us/bitlab
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answers. The AI’s output included the student’s anonymous code, both the educator’s and AI’s points, 
the AI’s grading rationale, and feedback to the student.  

Figure 2  
Data Collecting Procedure, Quantitative Data  

 

AI Grading: Test and Calibration of the Model 
Initially, the language model was programmed with the assessment rubric and grading matrix from the 
educator, which guided the AI’s assessment and grading. Each short essay answer was scored based 
on students’ understanding, depth, and content. The calibration process began with an initial grading 
of ten short essay answers by the AI. Subsequently, the educator reviewed the outcomes against the 
matrix and rubric and provided feedback, incorporating new restrictions or explanations into the 
prompts used for assessment. This iterative process continued until the AI had sufficiently learned to 
assess responses accurately. This calibration was vital to align the AI’s grading with the educator’s 
standards and to teach the model to distinguish between varying quality responses. Following 
calibration, all student responses for the specific exam were processed through the language model.  

Assessment of the Students’ Answers 
Each student’s response to a selected exam question was independently assessed by two distinct 
assessors: the course educator and an advanced language model designed specifically for educational 
assessment. The course educator conducted a traditional “human-based” assessment, which involves a 
comprehensive assessment by a human expert, in this case, the educator themselves. This traditional 
approach considers not only the accuracy of content, but also the quality of argumentation and 
adherence to academic standards, utilising the educator’s expertise, experience, and subjective 
judgement. This assessment was grounded in a rubric that reflected the learning outcomes, course 
content, and anticipated answers to the posed question, ensuring a balanced and thorough assessment. 
Similarly, the language model was “fed” with the same criteria for assessment as those used by the 
educator, thereby assessing the responses based on the same premises. Through this method, the 
model mimics the human assessment process in terms of content relevance and logical coherence. 
Both methods of grading were uniformly applied to all responses to ensure their comparability. 

Data Analysis 
The primary objective of the analysis was to evaluate the consistency of grading between human 
assessors and an AI language model. Several statistical methods were implemented, tailored to the 
nature of the data and the specific questions that were aimed to be addressed.  

Descriptive statistics were employed to summarise the grading outcomes from both the educators and 
the AI language model. These included the calculation of mean and median points, standard 
deviations, and the range of points for each assessment (course). These metrics provide a foundational 
understanding of the central tendencies and variability within the points assigned by each grader. 
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A correlation analysis was conducted to explore the relationship between the points awarded by the 
two assessors. The correlation coefficient helped quantify the degree to which the AI language 
model’s grading aligned with that of human educators. This analysis was critical in determining how 
closely the language model could mimic traditional grading practices. 

Given the absence of significant differences in initial tests comparing identical assessments graded by 
both humans and the AI (as indicated by non-significant results in paired t-tests and Wilcoxon signed-
rank tests), further direct comparative tests were not pursued. Instead, focus was placed on a 
comparative analysis of the differences in scoring tendencies between educators and the AI. 
Histograms were employed to visually represent and examine the distribution of differences in points, 
aiding in the identification of any systematic biases or deviations in the grading scales. This analysis 
was crucial in highlighting areas where the AI model may diverge from human judgment. 

The decision to exclude further parametric or non-parametric tests comparing identical datasets 
stemmed from the preliminary findings indicating no statistically significant differences. The 
reframing of the approach to include descriptive and correlational metrics, along with a focused 
comparative analysis of different datasets, allowed for a more targeted investigation into the practical 
application and reliability of AI in educational assessments. 

 

Qualitative Method 
Instruments and Materials 
In the qualitative part of this study, interviews were used due to their ability to generate rich, 
contextualised data that can contribute to a deeper understanding of the research topic (Daniel & 
Harland, 2017). Interviews provide an opportunity to uncover and comprehend the multifaceted 
aspects of a phenomenon, potentially leading to insights that do not emerge from quantitative studies 
alone. They are particularly effective for examining complex topics such as artificial intelligence (AI) 
and assessment. Quantitative data alone may often be insufficient to fully grasp the nuances and 
underlying factors in such intricate areas. Through interviews, researchers captured personal 
experiences, attitudes, and motivations that might be challenging to identify through surveys or other 
quantitative methods. 

Semi-structured interviews were employed in this study due to their significant flexibility. This 
flexibility allows for in-depth conversations where both the interviewer and the interviewee can delve 
deeper into topics, leading to new ideas and insights. Semi-structured interviews are especially 
suitable for exploring complex issues (Daniel & Harland, 2017), as they allow for a dynamic and 
interactive exchange of information. By asking follow-up questions, the interviewer can explore the 
underlying causes and processes behind the respondents' answers. 

Furthermore, in studies involving rapidly advancing technologies such as AI, interviews can capture 
the dynamic and ever-changing nature of these technologies. The personal narratives and experiences 
of the interviewees can offer valuable perspectives on how AI impacts assessment processes, as well 
as the ethical and practical challenges that arise. 

Sample Selection 
Following the completion of their exams in the Organization and Leadership course,14 a random 
selection of four students, each having received grades ranging from F to A to ensure a diverse 

 
14 To make students eligible for selection for interviews, it was required that they had participated in one of the 
courses included in the study, answered the question analysed, and furthermore could be easily reached for an 
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understanding of and perspective on the subject matter at hand, were invited to participate in an 
interview (see Table 2). 

Similarly, six educators from the department who teach single subject courses, were invited for 
interviews. This group included both educators directly engaged in the courses being studied (one) as 
well as educators from other courses. This diverse selection ensured a broad range of viewpoints, 
offering insights into the use of digital tools for assessment and various perspectives on AI grading 
student work. 

Throughout this process, confidentiality measures were implemented to protect the anonymity of both 
student and educator information, ensuring a respectful and ethical evaluation.  

Table 2  
Participants in Interviews 

Code Datapoint Method Duration Role 
S1 I5 Semi-structured interview 30 min Student 
S2 I7 Semi-structured interview 25 min Student 
S3 I8 Semi-structured interview 20 min Student 
S4 I9 Semi-structured interview 25 min Student 
E1 I1 Semi-structured interview 45 min Educator 
E2 I2 Semi-structured interview 50 min Educator 
E3 I3 Semi-structured interview 50 min Educator 
E4 I4 Semi-structured interview 35 min in English Educator 
E5 I6 Semi-structured interview 20 min Educator 

Data Collection Procedures 
Qualitative semi-structured interviews were conducted one-to one with both students and educators to 
gather their perceptions about AI assessment. All participants were granted informed consent before 
participating in the interviews (see Appendix 2). Each interview was recorded and subsequently 
transcribed. Prior to the interviews, all participants were informed about the purpose of the study and 
how their contributions would be handled. An interview guide was used to support the interviews, 
available in the Appendix 1. For more information about the interviews and discussed subjects see 
Table 3. 

Students were provided with the questions to be discussed, their AI grading rationale, points from both 
AI and the educator, individual feedback from AI, and the general feedback the educator had posted 
on the course portal. The interviews with students, lasting between 20-30 minutes, allowed them to 
share their attitudes toward being assessed by AI rather than an educator, as well as their experiences 
with both AI generated and educator provided feedback. The semi-structured format allowed for a 
flexible exploration of how students perceived AI grading compared to traditional methods and their 
satisfaction with the feedback. This approach enabled students to reflect on the utility of AI feedback 
and its potential contribution to their educational experience. 

For educators, the semi-structured interviews started with explorations on the potential for broadly 
implementing AI support in examinations. This then delved into the specific aspects of AI integration 
and its implications for assessing exams. Each interview lasted between 20 to 50 minutes, also 
included a talk about feedback mechanisms, to understand the educator’s experiences and viewpoints. 
Even in cases where the feedback at hand was not directly related to the educator’s own subject area, it 

interview. Another limitation was that the interview needed to be feasible to conduct within a reasonable time 
before the completion of the deadline for the submission of the thesis. The students from course 1 were no longer 
enrolled at the school, and the short essay answer for the students in course 3 were neither analysed nor provided 
with feedback until May 8th. These constraints resulted in only students from the Organization and Leadership 
course being included in the sample.  
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was presumed that educators held opinions on the quality and utility of feedback. Unlike the students, 
educators were not provided with the assessment materials beforehand because their interviews were 
conducted before the AI grading tests. Therefore, there was no material available to share with them at 
the time of their interviews. 

Table 3  
Interview Details  

Sample Details 
Students studying Organisation 
and Leadership course (n=4) 

Face-to-face interview (20-30 minutes) 
• Experiences of AI-based assessment. 
• Confidence in AI-based assessment 
• Understanding and usefulness of feedback 
• Preferences for AI or educator 
• Time aspects of assessment and feedback 

Educators at Department of 
Business Administration (n=5) 

Face-to-face interview (20-50 minutes) 
• Current experiences of assessment 
• Perspectives of AI support in examinations 
• Experiences of AI-based assessment 
• Technical opportunities and challenges with AI assessment 
• Impact on the role of educator and legal certainty 
• Other opportunities, challenges or consequences  

Data Analysis 
The qualitative data from interviews with students and educators were analysed using thematic 
analysis to uncover underlying themes about their perceptions of AI assessment. Thematic analysis, a 
prevalent qualitative research technique, was employed to systematically organise and interpret data 
by discovering and discussing prevalent themes (Braun & Clarke, 2006). Initially, following the six-
step framework of Braun and Clarke (2006), the procedure began with a detailed examination of 
interview transcripts to intimately know the data and to identify response patterns. Early coding helped 
pinpoint significant text segments and preliminary themes. As the analysis advanced, these codes 
merged into broader themes relevant to the research questions, continuously refined through a rigorous 
review process. The data were systematically coded to categorise responses under these themes, 
refining the process iteratively to ensure they accurately reflected participants’ views. Relationships 
between themes were then examined to build a comprehensive understanding of sentiments towards 
AI grading and the usefulness of AI feedback.  

The sociocultural theoretical framework guided the thematic analysis by focusing on how social 
interactions and cultural contexts influence perceptions of AI assessment. This framework helped 
interpret themes related to the environment, individual motivations, cultural attitudes, and historical 
experiences, ensuring the analysis captured the nuanced ways participants interact with and perceive 
AI tools in educational settings. In the findings and analysis, quotes from the interviews were 
translated from Swedish to English by the author. 

 

Integration of Data (Triangulation) 
In this study, methodological triangulation was used to deepen the findings by employing multiple 
research methods. This approach combines the breadth of quantitative data with the depth of 
qualitative insights for a more comprehensive understanding, thereby increasing credibility across 
different methods (Daniel & Harland, 2017; Tight, 2018). By integrating quantitative and qualitative 
approaches, the study strengthens its reliability and validity. This dual-method strategy not only 
measures the extent of the phenomenon but also explores the underlying reasons and mechanisms, 
ensuring well-founded conclusions that reflect both broad patterns and individual experiences. 
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The triangulation process began with separate analyses of quantitative and qualitative data, followed 
by a comparison to identify similarities and differences between the two, particularly in areas such as 
statistical trends and discrepancies between human and machine assessments. This comparison helps 
determine whether qualitative narratives support, contradict, or add depth to quantitative results. 
Subsequently, the findings from both analyses are integrated to form a comprehensive understanding 
of the assessment process. This synthesis allows qualitative insights to contextualise quantitative 
patterns, including discrepancies observed between human and machine assessments. Such integration 
is crucial for developing a nuanced view that encompasses both measurable aspects and personal 
experiences. 

 

Ethical Considerations 
When conducting a study that involved participants, it was crucial that all participants were fully 
informed and gave their voluntary consent. This meant they had to have a clear understanding of the 
study’s purpose, the methods that were employed, and the potential impacts, both positive and 
negative, that the study might have on them. This ensured that participants made an informed decision 
to participate, fully aware of what it entailed. Furthermore, the confidentiality of participants’ 
identities and their responses was of utmost importance. This was especially true when the study 
involved personal insights that could potentially expose sensitive information.  

When it came to the AI assessment, it was solely a test. Consequently, the assessment did not serve as 
the basis for the students’ grades. This trial phase allowed for a thorough investigation into the 
effectiveness15 and consistency of the AI model without impacting the actual academic outcomes of 
the students. 

Studying my own practice introduced several challenges and ethical dilemmas. As one of the 
educators involved in the assessment of exams, I was also responsible for conducting interviews with 
my colleagues, some of whom I oversee in my role as the educational coordinator at the institution. 
This dual role could lead to potential biases and conflicts of interest. Colleagues might feel pressured 
to participate or to respond in a certain way due to my position of authority. Additionally, my insights 
and assumptions as an insider might influence the interpretation of data, as certain aspects of the 
practice could be taken for granted. 

To address these ethical dilemmas, several steps were taken to ensure the integrity of the study. First, 
transparency about my dual role was maintained throughout the study, clearly communicating this to 
all participants (Daniel & Harland, 2017). Second, voluntary participation was emphasized, assuring 
colleagues that their participation or responses would not impact their professional standing (Daniel & 
Harland, 2017). Third, anonymizing the data helped protect the identity of the participants, ensuring 
that their responses were confidential (Daniel & Harland, 2017). Lastly, employing a reflective 
practice and seeking external perspectives in the analysis phase helped mitigate potential biases, 
ensuring a more balanced and objective interpretation of the findings (Daniel & Harland, 2017). By 
taking these measures, the study aimed to uphold ethical standards and maintain the trust and integrity 
of all involved. 

  

 
15 “Effectiveness” refers to the degree to which AI achieves its intended outcome or goal. It's about how well the 
task of assessment is accomplished and the success in producing a desired or intended result. The desired or 
intended result is to achieve the same or almost the same grading as the educator. 
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Findings and Analysis 
Assessment of Short Essay Answers 
Course 1, Financial Accounting 2023 
The initial set of short essay questions tested for the examination were typical of the type used in the 
course’s assessment. They were multipart, comprising subsections labelled a, b, and c, and 
additionally required students to relate their answers to two distinct examples, and could receive a 
maximum of 15 points (see Appendix 3). This multifaceted structure meant that each question 
contained several layers of inquiry, which in turn increased the complexity of grading. 

The intricacy of these questions posed a significant challenge for the AI grading tool. Its algorithm, 
designed to assess singular, focused responses, encountered difficulties when attempting to assess the 
multilayered answers that these questions necessitated. This was evident in the statistical analysis of 
the grading outcome, which reflected the AI tool’s struggle with the nuanced assessment required for 
these comprehensive questions. 

Table 4  
Descriptive Statistics of Course 1 
  Educator Points AI Points 
Mean  6.74  8.17 
Median 6 9 
Std. Deviation  4.79  2.73 
Minimum  0  1 
Maximum  15  13 
N= 115 
 
The analysis of the points awarded by educators and AI to students in Course 1 revealed notable 
differences in grading patterns (see Table 4). The average points awarded by the educator were 6.74, 
compared to a higher average of 8.17 awarded by the AI. This suggests that the AI model tended to be 
more generous in assigning points. The median points, representing the middle value in the data, were 
6 for the educator and 9 for the AI. This further supports the observation that the AI generally awards 
more points than the educator. 

The standard deviation, which measures the spread of the points around the mean, was 4.79 for the 
educator and 2.73 for the AI. This indicates a wider variability in the points awarded by the educator, 
suggesting less consistency compared to the more uniform grading by the AI. The minimum points 
recorded were 0 for the educator, indicating that at least one student did not receive any points. In 
contrast, the AI’s minimum was 1, ensuring that every student received some points. The maximum 
points awarded were 15 by the educator and 13 by the AI, showing the highest and lowest possible 
achievements recognised by each grader. 

This wider variability in the educator's grading may reflect the teacher's ability to tailor assessments to 
individual student performances, capturing a broader range of achievement levels. Conversely, the 
AI's more consistent grading pattern suggests a uniform application of its algorithm, treating student 
performances more similarly. This might indicate that the AI lacks the nuanced understanding of 
individual differences that a human educator possesses. 

These statistics highlight different grading behaviours, with the AI showing a tendency towards more 
consistent and generally higher point awards. Understanding these differences is crucial for assessing 
the fairness and effectiveness of AI-driven grading systems compared to traditional methods. 
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Figure 3  
Distribution of Differences in Points Between Educator and AI for Course 1 

 

The histogram in Figure 3, illustrates the scoring discrepancy between the educator and the AI model, 
providing insight into their differing grading approaches for Course 1. The differences are calculated 
as Educator −AI model (E – AI). The mean difference of -1.435 indicates that the AI model, on 
average, awarded points that are about 1.435 points higher than those of the educator. The standard 
deviation of 4.6545 reflects a broad variability in these differences, highlighting a substantial 
divergence in point patterns across the dataset of 115 students, with the AI generally assigning higher 
points than the educator across a range of student performances. 

Table 5  
Correlation Coefficients Between Educator and AI Points in Course 1 
 Educator Points AI Points 
Educator Points Pearson Correlation 1 .333** 

Sig. (2-tailed)  <,001 
N 115 115 

AI Points Pearson Correlation .333** 1 
Sig. (2-tailed) <,001  
N 115 115 

**. Correlation is significant at the 0.01 level (2-tailed). 

The Pearson correlation coefficient between educator points and AI points was 0.333, which indicates 
a statistically significant but weak positive correlation (see Table 5). The significance level of less than 
0.001 implies a very low probability that this correlation is due to random chance, affirming a true 
relationship between these variables. Despite being statistically significant, the correlation suggests 
that while there is some level of agreement between the points, it is not strong, highlighting potential 
differences in grading criteria or interpretation between human educator and the AI model. 

Course 2, Organization and Leadership 2024 
In the second test of examination, the essay questions were less complex than in the first test and now 
focused on testing a single dimension (see Appendix 4). This adjustment, as explained in the 
methodology chapter, aimed to address the challenges encountered with the AI grading tool during the 
initial testing, where the multifaceted nature of the questions had hindered consistent assessment. By 
refining the questions to concentrate on one clear concept, the intention was to enhance the AI’s 
ability to assess student responses more effectively and provide a more precise measurement of their 
understanding in relation to the course’s learning outcomes. This refinement was anticipated to lead to 
a more accurate statistical analysis of the AI’s grading performance. 
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Table 6  
Descriptive Statistics of Course 2 
 Educator Points AI Points 
Mean  5.68  6.43 
Median 6 7 
Std. Deviation  2.1  1.71 
Minimum  0  1 
Maximum  9  9 
N = 148 

The statistical analysis of the points awarded by the educator and AI in Course 2 indicated notable 
differences in grading patterns among 148 students (see Table 6). The table includes several key 
statistical measures: mean, median, standard deviation, minimum, and maximum points awarded by 
both the educator and the AI.  

The average points awarded by the educator were 5.68, while the AI assigned a higher average of 
6.43. This difference suggests that the AI model tends to award more generous points compared to the 
educator. The median value, which represents the midpoint of the data, was 6 for the educator and 7 
for the AI. This also supports the trend of the AI awarding higher points on average, indicating a 
general upward shift in AI-assigned grades. 

The standard deviation for the educator’s points was 2.1, indicating a broader spread of points around 
the mean, suggesting a greater diversity in grading decisions. In contrast, the AI’s standard deviation 
was 1.71, showing tighter grading consistency and less variability in the points it awarded. The 
minimum number of points recorded was 0 for the educator, indicating that at least one student did not 
receive any points. In contrast, the AI’s minimum was 1, ensuring that every student received some 
points. Both the educator and the AI had a maximum of 9 points, demonstrating a shared upper limit 
for student performance in this course. 

This analysis highlights the differences in grading behaviours between the educator and the AI, with 
the AI showing not only a tendency to award higher points but also a consistency in grading. 
However, the wider variability in the educator’s grading may indicate a more nuanced assessment that 
better reflects individual student performances. Understanding these differences is essential for 
assessing the fairness and effectiveness of AI-driven grading systems compared to traditional methods 
and their impact on student assessments.  
 
Figure 4  
Distribution of Differences in points Between Educator and AI for Course 2 

 

The histogram in Figure 4 illustrates the differences in scoring between the educator and the AI, with 
the difference in points calculated as E−AI. The mean difference of -0.75 indicates that, on average, 
the AI's points were 0.75 points higher than the educator's. The spread of the differences, as shown by 
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the standard deviation of 1.38, indicates a moderate range of disagreement between the two scoring 
methods. The shape of the distribution, as approximated by the overlaid normal curve, suggests that 
most differences in points cluster around the mean, with fewer occurrences of extreme differences. 

Table 7  
Correlation Coefficients Between Educator and AI Points in Course 2 
 Educator Points AI Points 

Educator Points Pearson Correlation 1 .755** 
Sig. (2-tailed)  <,001 
N 148 148 

AI Points Pearson Correlation .755** 1 
Sig. (2-tailed) <,001  
N 148 148 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 7 presents the correlation between educator and AI points in Course 2. The Pearson correlation 
coefficient of 0.755 indicates a strong, positive, and statistically significant relationship between the 
variables. The significance level of less than 0.001 suggests a very low probability that this correlation 
is due to random chance, affirming a robust association. This level of correlation implies that increases 
in one variable are likely to be associated with increases in the other, showcasing a substantial 
predictive relationship between the points awarded by the educator and the AI model.  

Course 3, Financial Accounting 2024 
For the third test, the approach to essay question design was refined even further. Each essay question 
was carefully segmented into distinct parts, each part targeting a specific aspect of the topic at hand 
(see Appendix 5). This division was intended to filter the complexity of the concepts being tested and 
to provide a clear structure for both students to articulate their knowledge and for the AI to assess their 
responses. The divided format was anticipated to enhance the precision of the AI grading system by 
aligning it more closely with the nuanced criteria set out in the course’s learning outcomes. This 
careful calibration was expected to yield a more detailed picture of student understanding and the 
consistency of AI in academic assessment. 

Table 8  
Descriptive Statistics of Course 3 
 Educator Points AI Points 
Mean  3.73 3.58 
Median 4 4 
Std. Deviation  2.09 1.94 
Minimum  0 0 
Maximum  7.5 7.5 
N = 112 

The analysis of the points awarded by the educator and the AI model to students in Course 3, revealed 
a high degree of alignment in grading patterns for 112 students (see Table 8). The table includes 
several key statistical measures: mean, median, standard deviation, minimum, and maximum points 
awarded by both the educator and the AI. 

The educator’s mean points were 3.73, closely followed by the AI’s mean of 3.58. This small 
difference suggests a very similar average level of grading between the two. Both the educator and the 
AI assigned a median of 4, indicating a consistent central tendency in their grading practices. The 
median reflects the middle value of the dataset, showing that half the students received points below or 
equal to 4 and half received more. 
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The standard deviation, which measures the variability of points around the mean, was 2.09 for the 
educator and 1.94 for the AI. These values suggest a similar spread of points, indicating consistent 
grading variability between the educator and the AI. Both the educator and the AI recorded identical 
minimum and maximum points, ranging from 0 to 7.5. This perfect agreement on the extremes shows 
a complete alignment in the range of points assigned. 

This analysis underscores the similarity in grading behaviours between the educator and the AI, with 
both demonstrating comparable mean, median, and variability, along with identical minimum and 
maximum points. Such consistency is crucial for validating the effectiveness of AI-driven grading 
systems alongside traditional methods. 

Figure 5  
Distribution of Differences in Points Between Educator and AI for Course 3 

 

The histogram in Figure 5 offers a visual representation of the scoring discrepancies between the 
educator and the AI model for Course 3, with the differences in points, calculated as E – AI. This data 
visualization is crucial as it not only supports the statistical findings but also offers nuanced insights 
into the grading dynamics. The data clustering around zero suggests that most of the grades awarded 
by the AI are very close to those of the educator, indicating a high level of agreement. Analysing the 
standard deviation and the range of the scores provides additional insights. The narrow spread 
indicates less variability in the differences, suggesting that the AI model is consistently close to the 
educator’s grading across all submissions. 

Table 9  
Correlation Coefficients Between Educator and AI Points in Course 3 
 Educator Points AI Points 

Educator Points Pearson Correlation 1 .752** 
Sig. (2-tailed)  <,001 
N  112 112 

AI Points Pearson Correlation .752** 1 
Sig. (2-tailed) <,001  
N  112 112 

**. Correlation is significant at the 0.01 level (2-tailed). 

The Pearson correlation coefficient of 0.752 between educator points and AI points indicates a strong 
and statistically significant positive correlation (see Table 9). The significance level of less than 0.001 
demonstrates a very low probability that this correlation is due to random chance, confirming a robust 
alignment between the grading patterns of the educator and AI. This strong correlation underscores the 
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effectiveness of the AI in mirroring human grading practices in course 3, with only minor variations 
noted in their scoring approaches. 

Summary and Observations Across the Three Courses 
Throughout the assessment of short essay answers in three distinct courses, the analyses have revealed 
varied grading patterns between human educators and an AI grading model. Each course presented 
unique challenges and adjustments in question complexity, which were reflected in the AI grading 
outcomes. 

In the most complex setting with multifaceted questions, Course 1, the AI model demonstrated a 
tendency to assign higher points than the educator. Histogram and correlation analyses indicated a 
modest agreement between the two grading entities, with a correlation coefficient of 0.333, pointing to 
fundamental differences in grading criteria or interpretation. 

With simplified questions focusing on single dimensions in Course 2, the AI's grading alignment with 
the educator improved, as seen in the higher correlation coefficient. However, the AI still awarded 
higher points on average. The narrower standard deviation for AI points compared to the educator 
indicated a tighter grading consistency from the AI, and the histogram shows fewer extreme 
differences and a narrower spread, reflecting its enhanced performance with less complex assessments. 

The further refined essay questions in course 3 led to the highest alignment in grading patterns, with 
both the educator and AI recording nearly identical means, medians, and ranges of scores. The 
histogram for this course, if visualised, would likely show differences clustering very close to zero, 
reflecting the nearly identical grading outcomes. The correlation coefficient remained strong at 0.752, 
underscoring a substantial consistency and predictive reliability between the AI and educator 
assessments. 

It is important to note that while histograms provide valuable visual insights into the differences in 
grading between the educator and AI, direct comparisons across the courses are challenging due to the 
varying maximum points achievable (15, 10, and 7.5 respectively). These discrepancies in scoring 
potential mean that histogram scales and the spread of data may not be directly comparable, 
potentially influencing the perception of grading alignment or discrepancies. 
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Interviews 
The interviews with students and educators were analysed to understand their perceptions of AI-based 
grading and feedback. The analysis revealed three main themes that reflect the core aspects of the 
sociocultural theoretical framework: perceived fairness and transparency of grading, the utility of AI-
generated feedback, and the emotional impact of AI grading. These themes provide a comprehensive 
understanding of how social and cultural contexts shape the acceptance and effectiveness of AI tools 
in education. 

The first theme explores how both students and educators perceive the fairness and transparency of 
AI-based grading. For students, focusing on their views on consistency and impartiality. For 
educators, it highlights their concerns about maintaining quality and control over the grading process. 
The sociocultural theory helps frame these perceptions by emphasising the influence of social 
interactions and cultural norms on assessment practices. 

The second theme examines the effectiveness of AI in providing useful feedback to students. In the 
interviews, students reflect on the immediacy and specificity of AI feedback. In the educator 
interviews, focus is on how AI can enhance or hinder the educational experience. The sociocultural 
framework aids in understanding how feedback, as a cultural tool, mediates learning and interaction 
within the educational environment. 

The last theme delves into the emotional responses of students and educators towards AI grading. 
Capturing students’ feelings of trust, scepticism, and the desire for human interaction. For educators, it 
addresses concerns about the ethical implications and practical challenges of integrating AI in grading. 
The sociocultural perspective helps explain these emotional responses by considering the historical 
and cultural contexts that shape individuals’ attitudes towards new technologies in education. 

 

Interviews with Students 

Perceived Fairness and Transparency of AI Grading 
The students appreciate AI's objectivity in assessment, noting its potential to minimise human bias and 
apply consistent criteria across all students, which is crucial in large classes or courses with multiple 
assessments. One student expressed this as, “it matters if there are many exams to grade; if I'm student 
number 196 then I don't think the educator grades the same way as with the first student. AI is a 
machine that doesn't get tired.” (S4). This consistency is seen as a key to fair educational assessments. 
However, students also voice concerns about AI's limitations and potential for errors. “What I 
understand about AI, in general, is that sometimes AI generates completely strange things that don't 
make sense at all. If that happens in assessment, it causes errors, so it's not good if AI is the only one 
grading.” (S2). 

While AI grading is valued for its impartiality, many students are troubled by the opacity of its 
decision-making process, as one student expressed, “It’s hard to understand how to challenge AI 
decisions because the process isn’t as transparent as it should be.” (S2). This expresses a desire to 
understand the algorithms behind their grades and the factors considered in these assessments.  

When it comes to trust and confidence in grading, this varies among the students. Some are confident 
in the accuracy and fairness of AI, “I actually trust AI more than the Educator.” (S3), while others 
remain sceptical, especially when AI outcomes do not match their expectations or align with human 
assessments. “From AI, I received 6 points, and from the educator, 7. So, perhaps one cannot fully 
rely on the assessment, well, not entirely, really.” (S2). There was also a student who was dissatisfied 
with both the educator's and AI's assessment. “I think both AI and Educator grade correctly, but I feel 
that the points awarded are a bit low, meaning the assessment is somewhat weak overall.” (S1). 
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Confidence in academic results is strongly linked to perceptions of fairness, as one student expressed, 
“If the AI knows the course material and how to assess the exam, then it does make it a bit fairer and 
more reliable.” (S4). This indicates students are more likely to trust AI-graded results when they 
believe the system is fair and objective. 

Feedback Quality and Learning 
The interviews highlight the crucial role of feedback quality in enhancing student learning, especially 
with AI grading systems. Students discuss both the benefits and challenges of AI-generated feedback 
and its impact on their learning processes. Building on this, students first acknowledge the 
personalised nature of AI feedback, which addresses specific answers or mistakes more directly than 
traditional methods. In conventional settings, educators typically provide feedback either through short 
individual comments in the exam or by uploading generalised rubrics to course portals. 

“… With the feedback I received from the AI, I understand more about what I’ve done wrong than 
what I’ve done in other exams. Even though feedback was given in other exams, it has not been as 
clear. What the AI did was to connect to my own answer.” (S1) 

This tailored approach helps them understand their strengths and weaknesses more clearly, potentially 
leading to improved learning, better study habits, and academic performance. “Feedback helps my 
learning because I'm not just here to pass the exam but to learn, and in that case, you want to know as 
much as possible.” (S4). In contrast, feedback from educators often lacks this level of personalisation 
and transparency, as one student expressed, “The educator's feedback was more general for all 
students.... it's not really precise regarding what I need to know and develop.” (S1). Most students 
believe that AI feedback can directly improve their learning by providing clear guidelines on areas to 
focus on for future studies. They think this guidance is crucial for identifying improvement areas that 
might otherwise go unnoticed.  

However, some students’ express concerns about the reliability and completeness of AI feedback. 
They worry that it never reaches a state of satisfaction or deems an answer correct. “… it feels like, 
will it ever be satisfied with my response and consider it correct because there's always some 
additional feedback it can provide.” (S3). All students in the interview prefer a combination of AI and 
human feedback, valuing AI's objectivity but also appreciating the contextual understanding and 
emotional support that only humans can provide. 

While AI feedback offers the potential to significantly enhance learning by providing detailed and 
immediate insights into student performance, it is not without limitations. The consensus is that a mix 
of human and AI feedback is most wanted, “I would have liked to receive both—immediate feedback 
from AI and later, after the grading, feedback from the educator,” (S1), combining accuracy with the 
nuanced understanding necessary for comprehensive learning.  

The students also emphasised the potential of AI to provide immediate feedback. Rapid responses 
allow students to understand their mistakes and focus on specific areas for improvement, “which is 
particularly beneficial when preparing for re-examinations” (S4) or during continuous assessments. 
Students also reflects on that this immediacy could bridge the gap between learning and testing, 
thereby potentially enhancing educational outcomes. As one student expressed, “It would be really 
positive to receive feedback immediately so that there isn't such a large gap between the exam and the 
feedback. Usually, it's the case that you're about to start a new course, and then it takes 3 weeks 
before you receive feedback, making it harder to grasp.” (S2). “Quick feedback would have allowed 
me to understand immediately what I did wrong and what I did well, contributing to my learning.” 
(S3). 

Emotional Impact of AI Grading and Feedback on Students 
The emotional impact of AI grading on students varies significantly, reflecting both positive and 
negative experiences. Students value the specific feedback AI provides, which enhances their learning 



 

26 

and preparation for future assessments. Prompt feedback from AI can alleviate anxiety and boost 
confidence by helping students feel well-prepared and informed about their performance, “It brings a 
sense of calm, knowing what improvements to make for the next exam, if you receive feedback.” (S2).  

However, the impersonal nature of AI grading can lead to uncertainty and discomfort. Some miss the 
human interaction that is traditionally part of educational assessments. They fear that AI may not fully 
grasp the nuances or context of their answers, especially when these deviate from standard academic 
language but are still correct, “The content of my answer can still be relevant, even if it's not written or 
formulated correctly.” (S3). Additionally, the observed variability in AI assessments compared to 
human graders compounds these concerns, leading some students to question the reliability and 
fairness of AI assessment.  

Additionally, some students are wary of the depersonalisation of learning experiences. “It's actually 
important to have the human interaction between a student and an educator.” (S2). They fear that 
reliance on AI could diminish the crucial student-educator interactions that motivate and aid personal 
development. 

 

Interviews with Educators 

Challenges of AI in Grading and Assessment 
The integration of AI into educational assessment practices has been met with a mix of anticipation 
and apprehension among educators. The transition from traditional to digital examinations has 
highlighted several challenges that underscore the complexities of implementing AI in grading 
systems. One of the primary concerns expressed by educators revolves around the authenticity and 
fairness of AI-assisted grading. In traditional settings, educators are accustomed to directly assessing 
the nuances of student responses, one educator expressed concerns about using AI as a decision 
support system for grading, fearing the loss of rich insights gained through manual grading: 

“Exam questions are not just a test of their knowledge, but also a test of my knowledge. I can interpret 
so much from students' responses, which tells me about their experience of the course and what they 
find interesting. If I use AI as a decision support, I'm afraid I might just get a number, like 7, and miss 
all this rich information that I have in my head when I go through everything myself.” (E3) 

This statement highlights a significant potential drawback of AI in educational settings, the possibility 
of reducing rich qualitative insights to mere quantitative data, which might not capture the depth of 
students' understanding or their engagement with the course material. This uncertainty complicates the 
grading process, potentially affecting the fairness of assessments. Additionally, the reliability of AI 
digital tools in handling diverse types of examination questions, particularly those requiring qualitative 
responses, presents another significant challenge. The shift to digital exams was expected to enhance 
readability and reduce ambiguity in student responses; however, educators have noted that while 
digital submissions are easier to read, grading them accurately remains a challenge.  

“Previously, handwritten submissions were hard to read, but now, while digital submissions are 
clearer, there are still difficulties, especially with students who struggle with the language. I find 
myself needing to pay more attention to these submissions, trying to understand what they are really 
trying to convey.” (E2) 

Furthermore, as reflected in the interviews, if educators find it challenging to assess, it can hardly be 
easier for AI. Some form of expectation of student responses likely needs to be presented to AI for 
accurate grading. If this doesn't match what the students deliver and “if it's an answer that I have 
difficulty understanding, I believe these systems [AI)] can be somewhat legally insecure because they 
definitely analyse data and interpret information that could lead to misinterpretation.” (E2). Thus, AI 
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may encounter even greater difficulties in assessment than educators, potentially leading to 
inaccuracies in grading. One educator reflected on the nuances that can be lost in transitioning to 
digital assessments, noting the diminishing opportunity for educators to directly observe students' 
responses with the rise of AI grading systems:  

“I see risks. I believe an AI grading system could be implemented, especially for straightforward 
questions of right and wrong. Such a system could indeed perform these assessments. However, I fear 
that, as an educator, I lose a bit of the nuance that these students express in their answers. Whether 
they are right or wrong, there is a risk that I, as an educator, would miss out on a lot of information, 
making it hard to capture. Moreover, I have not quite grasped what they find easy or what they find 
difficult, which I could use the next time I set exam questions, or during lectures, the essence of the 
message is lost, the feeling in the answer disappears.” (E3) 

Another key point raised was the ethical and professional implications of AI in grading. Educators are 
keenly aware of the need to maintain control over the grading process to ensure fairness and 
transparency, especially considering that assessments are a form of governmental authority exercise. 
“There's a question about whether AI introduces a new dimension of threats to accurately assessing 
students' understanding,” (E4), highlighting the potential risks associated with delegating too much 
responsibility to AI systems. This underscores the importance of educators’ ongoing discussions to 
address these concerns and establish safeguards while leveraging AI technology in education. 

The administrative burden associated with managing digital assessments was another concern. As 
educational institutions increasingly adopt AI and digital tools to enhance assessment practices, they 
encounter challenges that complicate the administrative aspects of their roles. Educators have found 
that while digital tools are designed to streamline grading processes, they often necessitate substantial 
changes in how exams are administered and assessed. These changes can lead to increased complexity 
in educators' work, shifting their roles in ways that may not necessarily reduce workload. Moreover, 
another difficulty arises from educators' ability to learn new systems.  

“It is also important to consider the learning time associated with another system being used when AI 
is involved. How much extra time will this require? There is a risk that, yet another system will tie 
educators even more to administrative work, and the main point of introducing computerised decision 
support is partly lost.” (E3)  

This concern highlights the potential for increased administrative demands rather than decreased ones. 

AI and impact on learning processes 
The integration of AI in educational settings has triggered a dialogue among educators about its 
implications for student learning processes. The interviews highlight AI’s dual role as both an 
enhancer of educational delivery and a potential disruptor of traditional learning dynamics. 

Educators recognise AI’s potential to personalise learning experiences, offering tailored feedback that 
could help students understand complex concepts more effectively. “AI can personalise how we assess 
students and analyse data, providing faster feedback, which is crucial in environments where an 
educator handles many students.” (E4). This reflects an optimism that AI could allow educators more 
time to engage deeply with students on challenging content. However, the educators are clear that AI 
should not replace the nuanced understanding required in assessments, it is a tool to aid educators, not 
to replace traditional methods. Building on this idea, if AI alleviates some of the educators' 
administrative burdens, it could foster a different kind of relationship with students. Such enriched 
interactions could make conversations more engaging and rewarding, focusing less on continual 
assessment and more on meaningful support. Educator 1 illustrates this potential shift:  
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“It’s incredibly rewarding, and if we could have such a relationship as university educators—sitting 
down having talks without worrying too much about scrutiny and assessment—I think that's where we 
should aim to be.” (E1) 

This example underscores the potential for AI to transform the educator-student relationship into one 
that is more mentorship-oriented, focusing on holistic development rather than mere academic 
performance. Such a transformation could enable educators to dedicate more time and energy towards 
fostering environments that nurture critical thinking and personal growth. While this shift reflects the 
aspirations voiced by educators in the interviews, they also maintain a cautious optimism, recognising 
the challenges such changes would require. 

Concerns remain about how AI might change the way students interact with learning materials. 
“There's a question about whether AI introduces a new dimension of threats to accurately assessing 
students' understanding.” (E2). This concern highlights the need for careful integration of AI to 
support rather than undermine critical thinking and problem-solving skills. 

Looking ahead, educators consider AI's potential beyond administrative tasks like grading, suggesting 
it could enhance instructional strategies. Educator 4 offers a key insight: “AI can provide students with 
initial guidance, but the real educational value comes from their ability to interpret and adapt this 
advice within the broader context of their studies and future careers.” This emphasises AI's role as a 
facilitator of deeper learning rather than as a standalone solution for assessment. 

Ethical and Practical Considerations of AI in Education 
The integration of AI into educational settings brings with it a host of ethical and practical 
considerations. The interviews highlight several concerns educators have regarding the deployment of 
AI technologies in grading and teaching. 

One of the primary practical concerns raised by educators is the challenge of learning new AI systems. 
The adoption of new technology often requires significant time investment to understand and 
effectively integrate these systems into existing pedagogical frameworks. There is a risk that a new 
system could bind educators even more to administrative work, potentially undermining the primary 
aim of reducing workload and improving pedagogical effectiveness. 

The main ethical concerns about using AI in education focus on the potential for making education 
less personal and reducing educators' professional roles. Educators are worried that although AI can be 
more efficient, it might reduce their control and influence over teaching. They fear that AI's 
involvement in areas where educators' personal judgment and expertise are essential could diminish 
their role. Specifically, there is a worry that if AI takes over tasks like assessments, educators might be 
relegated to just supporting roles, which could undermine their professional identity and the valuable 
experience and knowledge they contribute to teaching and grading. 

Educators also discuss the risk of AI systems misinterpreting student responses, particularly those 
from non-standard linguistic backgrounds: 

“I'm afraid that those who write in suburban Swedish might not make it through and be disqualified 
and fail if this [AI system] cannot pick up [the content of the answer]. I have read many strange 
answers, and it is with a lot of goodwill that I read and judge some responses sometimes.” (E2) 

This concern highlights the potential for AI systems to exacerbate existing educational inequalities by 
failing to adequately understand and assess responses that deviate from standard academic language. 
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AI Grading: Qualitative vs. Quantitative Insights 
Triangulating the findings from the qualitative interviews with students and educators and the 
quantitative assessment of AI and human grading patterns offers a nuanced understanding of the 
integration of AI in educational grading systems. Both the qualitative interviews and the quantitative 
results point out that AI has difficulties in accurately grading complex essay questions. Educators 
expressed concerns about AI’s ability to interpret nuanced student responses in qualitative insights. 
This aligns with the quantitative findings from Course 1, where AI graded higher than educators and 
showed a low correlation coefficient, indicating significant disparities in grading complex questions. 

Quantitatively, AI demonstrated a more consistent grading in simpler assessments (Courses 2 and 3), 
with higher correlation coefficients indicating better alignment with human grading. Despite these 
metrics suggesting near-equivalence in grading outcomes in simpler contexts. Feedback from students 
and educators raised significant concerns regarding AI's transparency and the potential for errors. 
These concerns reflect a discrepancy between AI’s perceived and actual performance, highlighting the 
variability in trust depending on the complexity of the assessment and individual experiences. While 
the quantitative results show that AI can match human grading in simpler tasks (as seen in Course 3), 
the qualitative insights reveal mixed feelings about the fairness and accuracy of AI grading, 
emphasising apprehensions about its decision-making process and error potential under varied 
conditions. 
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Discussion 
The use of artificial intelligence (AI) in educational assessments challenges traditional grading 
systems, introducing a new era of digital technology in higher education. As findings from both the 
quantitative study, comparing AI and human grading and the qualitative study, which includes 
interviews, suggest this transition raises critical questions about the consistency and fairness of AI-
based grading. Informed by a sociocultural framework, the following discussion delves into these 
issues, integrating insights from quantitative data and interviews with students and educators to 
explore the broader implications and perceptions of AI in educational settings. 

 

Reflecting Interview Insights through the Lens of Sociocultural Theory 
Application and Perception of AI in Grading 
The application of AI in grading marks a significant shift from traditional, often subjective assessment 
methods to a more standardised, seemingly objective approach. This transition, as revealed in the 
interviews, produces different reactions among educators and students.  

Educators express significant concerns regarding the potential loss of nuanced insights that manual 
grading provides—insights that are critical to personalised feedback and a deeper understanding of 
student needs. They emphasise the importance of retaining control over the assessment process, 
viewing it as an exercise of authority that should not be relinquished to a digital tool over which they 
may lack full control. Such control is particularly crucial if there is uncertainty about AI's ability to 
assess equitably, a challenge highlighted by the quantitative study, especially when the questions 
posed require complex answers. Moreover, research, including findings by Yan et al. (2020), has 
shown that assessing factual accuracy and depth of content remains a significant challenge for AI. This 
further underscores the ongoing need for careful consideration and potential oversight in the 
integration of AI into assessment practices that Feurriegel et al. 2024 also discuss. 

Students, on the other hand, demonstrate a mixed perception of AI grading. While some appreciate the 
consistency and objectivity that AI can bring, others are sceptical about its ability to fully understand 
and assess the nuances of their work. This scepticism is aligned with findings from previous studies, 
which suggest that while AI can assist in grading, it should ideally complement rather than replace 
human judgment (Beseiso et al., 2021; Zhai et al., 2020). Students also appreciate the increased 
anonymity that AI assessment might offer, as it prevents teachers from identifying individual students 
based on their work.  

From a sociocultural perspective, the introduction of AI tools in education represents the integration of 
new cultural artefacts into the learning environment. These artefacts not only modify the grading 
mechanism but also significantly alter the pedagogical dynamic between students and educators, 
challenging traditional roles and expectations. As Selwyn et al. (2023) highlight, the accumulation of 
automated technologies can transform educational settings, raising questions about control, power 
relations, and the diminishment of professional educational expertise. The sociocultural perspective 
also touches on how the integration of AI into educational assessment reshapes traditional dynamics, 
affecting both individual and social relationships. It prompts a reconsideration of how educational 
success is measured and the methods through which knowledge is imparted and assessed, emphasising 
the evolving interactions between educators and students. 

Furthermore, the ethical concerns and data privacy issues raised by the integration of AI in education 
cannot be overlooked (Tahiru, 2021). These challenges necessitate a thorough examination of AI’s 
role within educational frameworks and the establishment of guidelines to ensure its responsible use. 
Lee (2024) suggests that educators need to re-tune assessments, re-educate for AI literacy, and re-
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tweak frameworks and policies to stay ahead in a dynamic learning environment. In line with this, 
López-Hernández et al. (2023) emphasize the importance of ongoing professional development and 
collaboration among educators to effectively integrate AI tools while maintaining pedagogical 
integrity. 

Cultural and Historical Influence 
The impact of AI integration varies across diverse educational settings, influenced heavily by cultural 
norms and historical experiences with technology. Some educators, steeped in traditional methods, 
view AI with scepticism or outright concern, worried about losing the deep, nuanced understanding 
gleaned from direct student interactions—a perspective strongly supported by the qualitative data from 
interviews. This apprehension is further echoed by Selwyn et al. (2023), who emphasise the potential 
desocialisation effects of automation, where education risks becoming an individualistic and 
transactional process rather than a communal and relational activity. The authors call for greater 
transparency and accountability in implementing automated systems, suggesting that AI should 
complement rather than replace human expertise. 

Additionally, for students from backgrounds less integrated with technological advancements, AI 
systems might appear as foreign, possibly intimidating innovations. This not only potentially widens 
the gap between different student demographics but also challenges the adaptability to new learning 
tools, reflecting a significant sociocultural divide. Tahiru (2021) highlights that AI's adoption in 
education, particularly in developing contexts, faces barriers such as ethical concerns, data privacy 
issues, and the need for adequate infrastructure and training. These barriers can exacerbate existing 
educational inequalities if not properly addressed. 

Conversely, a positive history with educational technologies can shape more favourable attitudes 
towards AI in grading, as interviews with students showed. Those who have previously encountered 
beneficial tech solutions in education tend to welcome AI-integrated assessment systems, anticipating 
improvements in educational fairness and efficiency. This is supported by the findings of Bond et al. 
(2024), which indicate that AI applications in higher education can lead to personalised learning and 
improved learning outcomes, provided there is substantial financial and technical investment. The 
study underscores the need for ethics, collaboration, and rigorous application of AI in education. 

The literature further supports the notion that past positive experiences with technology can increase 
receptivity to AI. Tahiru (2021) notes that advancements in AI have paved the way for more 
personalised learning experiences and administrative efficiencies. This highlights the dual potential of 
AI to both challenge and enhance educational practices, emphasising the importance of understanding 
and leveraging historical interactions with technology. 

Not only do the interviews acknowledge the importance of historical experiences and community 
practices in shaping responses to AI, but they also highlight a cautious approach from those steeped in 
traditional educational methods. This dual perspective underscores the sociocultural argument that 
successful AI integration must consider both historical and current societal practices within 
educational settings to ensure adaptation and acceptance. As Chiu (2024) and López-Hernández et al. 
(2023) suggests, AI literacy and innovative pedagogies are essential for preparing students for a 
GenAI-powered future, reinforcing the need for educators to re-examine their competencies and 
frameworks to stay ahead in a dynamic learning environment. 

Ethical Considerations in AI Integration 
The study also raises ethical questions, particularly concerning fairness and transparency in 
educational assessments. The challenge here is to ensure that AI systems are not only consistent but 
also fair in their assessments that transcending cultural and linguistic barriers. This was something that 
educators particularly highlighted. This consideration aligns with the sociocultural emphasis on the 
environment and individual interaction within it, as AI systems must be sensitive to the diverse 
sociocultural backgrounds of students to prevent biases that could affect the grading outcomes. 
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Educators expressed concerns about the potential for AI to introduce or perpetuate biases, particularly 
when the AI systems are trained on data that does not adequately represent the diversity of student 
populations. As highlighted by Tahiru (2021), ethical concerns and data privacy issues are significant 
barriers to the adoption of AI in education. The need for robust ethical guidelines and transparent 
algorithms is crucial to ensure that AI systems do not inadvertently disadvantage certain groups of 
students. The issue of transparency is particularly critical. Feurriegel et al. (2024) emphasise the need 
for greater transparency in AI systems to build trust among users. They suggest that clear guidelines 
and open communication about how AI systems make decisions can help alleviate concerns about 
fairness. This transparency is essential in educational settings where the stakes are high, and the 
implications of biased assessments can be profound. 

Moreover, the potential biases in AI-driven assessments underscore the importance of involving 
diverse stakeholders in the development and implementation of these systems. Selwyn et al. (2023) 
call for greater accountability in the implementation of automated technologies in education, 
suggesting that AI should be designed and evaluated with input from educators, students, and other 
stakeholders to ensure it meets the needs of all users. 

From a sociocultural perspective, the fairness of AI assessments also hinges on the system's ability to 
account for the varied cultural and linguistic backgrounds of students. As highlighted in the 
interviews, educators are concerned that AI might not fully understand or appreciate the cultural 
nuances and contextual factors that influence student work. This is supported by Beseiso et al. (2020), 
who found that while AI can enhance grading consistency, it still struggles with assessing complex, 
context-dependent answers that require a deep understanding of the cultural and linguistic context. 

To address these concerns, it is essential to develop AI systems that are trained on diverse datasets and 
continuously monitored for bias. Lee (2024) proposes guidelines for re-tuning assessments and re-
educating for AI literacy to ensure that educators and students can effectively engage with AI 
technologies. López-Hernández et al. (2023) also highlight the importance of ongoing professional 
development and collaboration among educators to effectively integrate AI tools while maintaining 
pedagogical integrity. This includes developing AI systems that are adaptable and capable of 
recognising and mitigating their own biases, thereby promoting fairness and equity in educational 
assessments. 

AI-Generated Feedback: Enhancing Learning Environments and Individual 
Development  
As the literature review indicates, feedback can significantly impact student learning. In interviews, 
students expressed appreciation for the personalised feedback provided by AI. This AI-generated 
feedback highlights strengths and weaknesses in student essay responses and suggests improvements, 
contrasting with the more general feedback typically offered by educators. Students believe that such 
targeted feedback from AI positively influences their learning, a perspective supported by scholarly 
research. Research advocates for feedback that extends beyond mere correction, encouraging 
developmental insights that foster deeper understanding and intellectual growth (Laudel & Narciss, 
2023; Panadero, 2023). Thus, AI-generated feedback can transform the educational environment 
through its immediacy and clarity. Students particularly emphasise that prompt feedback reduces 
stress and enhances their ability to plan their studies, a point also highlighted by Brooks et al. (2021). 

Despite the potential of AI-generated feedback, it presents challenges. Educators are concerned about 
AI's limitations in understanding and addressing the rich, varied content of student submissions, thus 
questioning the adequacy of AI in these contexts. They also note that while the feedback is directed, it 
may lack the depth and personal touch necessary for extensive learning, as also indicated by Laudel & 
Narciss, (2023), and Panadero, (2023). Educators argue that AI should aid and support their work, not 
replace traditional methods. 
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From a sociocultural perspective, assessment extends beyond mere evaluation to include interaction, 
feedback, and adaptive responses based on student engagement. This theoretical framework 
emphasises the importance of social interactions in learning and development and advocates for AI 
integration that supports rather than replaces these dynamics. Ensuring that AI technology enhances 
rather than diminishes the educator-student relationship is crucial for maintaining the integrity and 
effectiveness of educational environments. In conclusion, while AI-generated feedback offers 
advantages in terms of efficiency and consistency, its integration into educational practices must be 
carefully managed to preserve the depth, personal relevance, and community-centered aspects of 
learning, as advocated by educators. Balancing these elements is essential to harnessing AI's full 
potential in education without compromising the foundational values of a rich, interactive, and 
inclusive learning experience. 

Sociocultural Dimensions of AI in Education  
Integrating AI into educational assessments introduces complex sociocultural dynamics. While AI 
offers the promise of efficiency and standardisation, it also raises critical questions about equity and 
bias, touching on the environmental and cultural perspectives of sociocultural dimensions. Vygotsky's 
(1978) theory of social development emphasises the importance of social interactions in cognitive 
development. According to Vygotsky, learning occurs within a social context, and the tools and 
symbols used within a culture shape cognitive processes. In the context of AI in education, this theory 
suggests that the tools (i.e., AI systems) we introduce into educational environments will significantly 
influence how students learn and interact. 

For instance, AI's interpretation of language and expressions can be heavily influenced by the data on 
which it is trained, potentially disadvantaging students from less represented backgrounds. This issue 
highlights the environmental inequalities in technological access and the cultural biases that may be 
embedded in AI systems. As Rogoff (2003) points out, learning is a process of participation in 
culturally organised activities. If AI systems are primarily trained on data from specific cultural 
contexts, they may not accurately reflect or support the diverse cultural practices of all students, 
thereby perpetuating existing inequalities. 

Furthermore, the shift from human grading to AI can alter traditional educational roles, challenging 
the cultural norms about the value of personal interaction between students and educators. Vygotsky 
(1978) emphasised the role of the "more knowledgeable other" in the learning process, where 
educators guide and support students through their Zone of Proximal Development (ZPD). The 
introduction of AI challenges this dynamic, as the interaction becomes mediated by technology rather 
than direct human engagement. As educators highlighted, this shift may not only affect the educator's 
role but also impact student engagement and motivation, highlighting the need for careful 
consideration of both the technological and individual aspects of education.  

From a historical development perspective, this evolution in grading practices reflects broader 
historical trends toward more technologically driven education, prompting a re-evaluation of how 
educational values and practices have evolved and how they continue to change in the digital age. 
Rogoff's (2003) concept of "guided participation" is particularly relevant here. As educational 
practices evolve, the role of educators and students in the learning process must also adapt. AI can 
serve as a tool that supports this guided participation, but it must be implemented in a way that 
respects and enhances the cultural and social contexts of learning. 
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Conclusion 
Reflecting on the findings, it is imperative to critically assess the rapid integration of AI in education. 
The study highlights the necessity of a cautious approach when adopting AI technologies. As AI 
continues to advance in educational settings, it is crucial to balance innovation enthusiasm with a 
rigorous evaluation of potential risks and ethical considerations. This includes addressing concerns 
about AI’s transparency, biases, and its impact on student learning experiences. The study advocates 
for the development of robust frameworks to assess and mitigate these risks, enabling educational 
institutions to serve as role models in the responsible and ethical use of AI technologies. This 
approach not only ensures the safety and consistency of AI applications in education but also helps 
build trust and acceptance among students and educators.  

The study underscores the importance of ongoing research and dialogue to navigate the complexities 
of AI integration in a manner that truly benefits the educational landscape. Considering sophisticated 
insights from interviews through the lenses provided by the sociocultural framework, and supported by 
a comprehensive literature review, it becomes evident that AI holds significant potential to enhance 
educational practices. However, integrating AI requires a deeply nuanced understanding of 
sociocultural, ethical, and practical dimensions. This synthesis suggests that a carefully considered, 
culturally informed approach to implementing AI in education can effectively bridge the gap between 
technological potential and practical educational needs, creating an environment where technology 
enhances educational equity and quality rather than diminishing it 

From a sociocultural perspective, the integration of AI into educational settings must consider the 
diverse cultural and linguistic backgrounds of students to prevent biases and ensure fairness. Theories 
by Vygotsky (1978) and Rogoff (2003) emphasise that learning is a social and cultural process, and AI 
systems should be designed to support these interactions rather than replace them. The qualitative data 
reveals that educators are particularly concerned about the potential loss of personal interaction and 
nuanced understanding that comes from traditional assessment methods. Therefore, it is crucial that AI 
technologies are developed and implemented in ways that enhance these human elements.  

The quantitative analysis shows that a progression across the courses from complex to more refined 
question formats has evidently supported the AI in achieving closer grading alignment with human 
educators. This journey highlights the potential of AI in academic assessments, particularly when the 
question design aligns well with its analytical capabilities. If AI assessments are to be used in the 
educational setting the results emphasise the importance of continuous monitoring and adjustment of 
AI grading algorithms to match the nuanced demands of different academic disciplines and assessment 
formats. 

And finally, while AI offers significant potential to transform educational assessment and feedback, its 
integration must be approached with careful consideration of sociocultural, ethical, and practical 
dimensions. Ensuring that AI enhances rather than undermines educational practices requires a 
collaborative effort among educators, technologists, and policymakers. By fostering an inclusive, 
transparent, and ethically sound approach to AI in education, we can create learning environments that 
are equitable, supportive, and conducive to the intellectual growth of all students. 
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Limitations  
While the chosen mixed-methods approach offers a balanced and comprehensive understanding, it's 
important to acknowledge its complexities and limitations. Alternative methodological approaches 
could be: 

Purely quantitative approach: This might provide a more straightforward, statistically robust 
comparison between AI and teacher assessments. While this approach might offer more precise 
measurement, it lacks the depth and context provided by qualitative insights, crucial for understanding 
the broader implications and reception of AI grading. 

Purely qualitative approach: This offers deep, nuanced insights into student and teacher perceptions 
and experiences with AI grading. While rich in detail, purely qualitative research might lack the 
broader generalisability and objective comparison that quantitative methods provide. 

Case study approach: This could provide an in-depth analysis of specific instances or settings where 
AI grading is implemented. This could reveal detailed insights and contextual factors influencing its 
effectiveness and reception. While providing deep contextual understanding, case studies might not 
offer the same level of generalisability as a mixed-methods approach. 

Recommendation for Future Studies  
Although the study showed that using AI for educational assessment can be complicated, there is 
generally a drive to implement AI in the educational setting. However, the expansion of generative AI 
technology is not without costs, both financially and environmentally. It is important to highlight the 
significant energy consumption associated with running AI models. Therefore, it is crucial to carry out 
studies to the energy consumption of different language models if we are to adapt to global energy 
saving targets. 

An essential aspect of ethical considerations is the critical assessment of AI’s rapid integration into 
education. It must ensure that the adoption of AI technologies is not only technically sound but also 
ethically responsible, considering the potential risks and impacts on students and educators. This 
involves a thorough evaluation of AI models for biases and ensuring transparency in their decision-
making processes. 

Further research should explore the modification of AI algorithms to enhance their interpretative 
capabilities, potentially incorporating advanced natural language processing techniques that could 
allow AIs to handle complex assessments more effectively. Additionally, investigating the consistency 
of AI grading across diverse academic disciplines could provide deeper insights into the strengths and 
limitations of AI in educational assessments.  

In this study, we have tested only one AI-model, although there are many different models available. 
Our findings suggest that the model we tested struggles with answering complex questions. It would 
be interesting to conduct a comparative test between models to potentially identify one that handles 
complex data more effectively, allowing for a consistent assessment. 
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Appendix 1 Interview guide 
Interview Questions for Students These questions are designed to delve into students' experiences 
and perceptions of AI-based assessment, as well as to gather opinions on its potential and challenges. 
It is important to tailor the questions to the interview context and to be open to exploring additional 
themes that may arise during the interviews. Students should have received the results of the 
assessment (educator's and AI's points to the task) as well as AI-based feedback on their exam answers 
before the interview. The AI-based feedback should be compared with the grading template that the 
educator publishes after the exam. 

1. Experiences of AI-based assessment: 
o How did you experience having your exam question assessed by AI compared to a 

educator? 
o What are the positives? 
o What ARE the negatives? 

2. Trust in AI-based assessment: 
o How much do you trust the assessment made by AI? Why? 
o Are there any aspects of AI-based assessment that you question or are uncertain 

about? 
o Do you perceive any risks with being assessed by AI instead of a educator? 

3. Understanding and usability of feedback: 
o In what ways did the feedback you received from AI differ from that you previously 

received from educators? 
o In what ways did the feedback from AI differ from the grading template published by 

educators after exams? 
o How well could you understand and use the feedback from AI to improve your work? 

Compare with ”feedback” through a general solution proposal. 
o In what ways can AI-based feedback help or hinder your learning process? 

4. Preferences and suggestions for improvement: 
o Would you prefer to continue having your exams graded by AI or a educator? Why? 
o Would you prefer to continue receiving feedback from AI or a educator? Why? 
o Do you have any suggestions on how AI-based assessment and feedback can be 

improved to better support your learning? 
5. Time aspect: 

o Educators grade within 15 working days 
o What do you think about AI (correct quickly and provide feedback directly)? 
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Interview Questions for Educators These questions are designed to give educators an opportunity to 
reflect on both the current situation and how future technological changes might affect their work, 
students' learning, and the overall educational environment. By exploring both the possibilities and 
challenges of a computerised decision support system, we can gain a more nuanced understanding of 
how these technologies can be implemented in a way that supports both educators and students while 
maintaining legal security and avoiding unwanted consequences. 

1. Current experiences with grading work: 
o How do you experience the grading work at examinations with digital in-hall exams 

and essay questions today? 
o What works well and what can be developed? 
o What are the challenges? 

2. Perspectives on computerised decision support: 
o Do you have any experiences using AI tools for assessment? Describe these. 
o Hypothetically, what would it mean if there was a computerised decision support 

during exam grading that provided educators with suggested grading points based on 
various criteria? 

o What general opportunities and challenges are there? 
o What are the advantages and disadvantages of AI-based assessment compared to 

traditional assessment? 
3. Technical opportunities and challenges: 

o What technical opportunities and challenges do you see with the introduction of a 
computerised decision support system at examinations? 

4. Impact of the introduction on various roles: 
o What opportunities and challenges do you see with the introduction of a computerised 

decision support system from the role of a educator, student, and colleagues working 
with DISA? 

5. Legal security: 
o What opportunities and challenges do you see from the perspective of legal security 

with the introduction of a computerised decision support system? 
o How do you assess the reliability of AI-based assessments? 
o What challenges or concerns do you have regarding the integration of AI into the 

assessment process? 
6. Other opportunities, challenges, and unwanted consequences: 

o What other opportunities and challenges do you see in introducing a computerised 
decision support system? Are there any unwanted consequences you can imagine? 

o Considering the increasing use of AI for assessment tasks and other teaching-related 
activities, how do you view the future of the teaching role and job security within the 
education sector? 
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Appendix 2 Consent form 
Consent Form for Participation in the Study "Computerised Decision Support in Assessment of 
Examinations" 

We are at an exciting point in the history of education, where technological advancements can offer 
new opportunities to understand and change how learning takes place and how assessments can be 
conducted. By exploring the potential of AI in assessment processes, we hope to contribute to more 
fair, efficient, and objective methods of assessing students. 

By signing this consent form, you agree that your personal data will be processed within the 
framework of the described study. You can withdraw your consent at any time by contacting the 
person below. In such a case, your personal data will not be saved. 

The personal data that will be collected from you includes your first name and the audio recording 
from the interview. All collected data will be stored on a secure server space at the University of 
Gothenburg. Special care will be taken to ensure your identity remains confidential when results are 
reported. The data collected will be retained as long as it is relevant for the study, after which it will be 
deleted. 

Responsible for the Study 
The person responsible and contact for the study is Senior Lecturer Kristina Jonäll 
kristina.jonall@handels.gu.se 
031-786 1479 

I have received information about the study and have had the opportunity to ask questions. I get to 
keep the written information. 

I consent to participate in the study "Computerised Decision Support in Assessment of Examinations." 

I consent to my data being processed as described in the information letter. 

................................................ 
Place and Date 

................................................ 
Signature 

................................................ 
Name Clarification 
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Appendix 3 Learning outcomes / Question / Rubric/ Feedback 
Course 1, Financial Accounting 
Learning outcomes 
Apply the norms in specific situations and analyse their effect on the closing of accounts and 
preparation of annual reports. 

Question:  
When companies are required to report revenues, they sometimes face complex situations, some of 
which we have addressed during the course. Your task is to describe, explain, and analyse how 
revenues should be reported in at least two complex situations. Do not forget to discuss the specific 
principles and guidelines that apply to the accounting of revenues in these situations. Feel free to use 
your own examples to enhance your description and analysis. (15 points).  

Rubric 
To earn full points, the student should include the following in their analysis: 

1. Identify and Describe Two Complex Situations: Define what is meant by a complex situation 
in revenue accounting and provide examples of at least two such situations. Note that there must 
be an identified complex situation. 

Examples of complex situations in a revenue context: 

• Discount Cards and Advance Payments: An example of a complex situation is when 
companies sell discount cards, such as a bathhouse offering a multi-visit discount card. 
Revenue from such cards is reported based on the number of times the customer uses the card. 
Unused visits are considered a liability until it is reasonable to assume that the customer will 
not use them, after which they can be reported as revenue. This demonstrates the importance 
of matching revenues with the actual consumption of services. 

• Multiple Transactions as a Single Business Event: Sometimes two or more transactions 
must be reported together if they together constitute a business event whose economic 
substance cannot be understood separately (K3 p. 23.7). An example is the sale of goods with 
a repurchases agreement. In these cases, the original sale is not recorded as revenue, but 
instead, the difference between the repurchase value and the sales value should be reported. Or 
situations where a sale involves several different parts/transactions, such as a combination of 
both goods and services, both goods and installation, or is customised for specific needs. A 
central principle is that revenues should be reported when the performance is completed and 
not at the time of payment. Revenue is considered realised when the risks and benefits 
associated with the product or service have transferred from seller to buyer. 

• Revenue Valuation: Revenues must be valued at the fair value of what has been or will be 
received (K3 p. 23.3). This includes situations with offers like "buy 3, pay for 2" or "buy 9, 
get the tenth for free," where the company must calculate the real compensation for the goods 
or service. In offers involving payment at a later date, such as "buy now, pay later," the 
present value of future payments must be used to value the revenue (K3 p. 23.4). 

• Progressive Profit Realisation: For long-term fixed-price contracts that extend over several 
accounting periods, companies should use progressive profit realisation (K3 p. 23.18). This 
means that revenues, costs, and profits are reported as the work is performed, providing a 
more accurate view of the company's financial position. 

2. Explain and Analyse How Revenues Should Be Reported: Explain how the revenue should be 
divided and reported based on the described complex situation, especially for transactions that 
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involve both goods and services. The chosen situation should be thoroughly described in terms of 
how the revenue accounting should be handled. It is important to consider that performance is 
completed since this determines whether the revenue should be reported or not. Identify and 
discuss the challenges and assessments that companies face when accounting for revenues from 
the complex situations described by the student. Note that the flow of liquid assets is not related 
to the accounting of revenues. 

3. Principles for Accounting: Discuss the specific principles and guidelines that apply to revenue 
accounting in the specific situations chosen by the student. Show how these differ from general 
revenue accounting. Note that it is the situation described by the student that should be linked to 
the relevant principles, laws, and guidelines that apply. In addition to referencing various 
principles such as matching, prudence, etc., the student at some point in their comprehensive 
answer must refer to a specific section of the K3 regulations on revenue accounting, e.g., Chapter 
23, or the ÅRL. 

The response should be well-structured and approximately 400 words long. Arguments and examples 
should be clearly linked to the concepts and principles presented in the chapter. Students do not need 
to use headings in their text. Other frameworks than K3 or ÅRL should not be used. 

Grading Matrix 

Situation Identify and describe Explain how to report Specific principles 

First situation 2 points 4 points 1,5 points 

Second situation 2 points 4 points 1,5 points 

Feedback 

The student's answer is well-structured and provides clear explanations for both situations presented in 
the prompt. The use of examples helps to illustrate the concepts discussed, which adds value to the 
response. However, there are a few areas where the student could improve. 

For the first situation, the student correctly identifies that the construction project is an example of 
entrepreneurial work and explains how to calculate the degree of completion using the K3 23.22 
method. The explanation of intake calculation based on completed work is also accurate (K3 23.17). 
The student could have improved the answer by providing a more detailed explanation of how to 
record costs, revenues, and payments throughout the project's duration, as well as discussing how to 
manage accounts receivable and accounts payable in this context. 

In the second situation, the student correctly identifies that selling coupons or vouchers for multiple 
services at a discounted price is not considered immediate income. The example provided helps clarify 
the concept, and the explanation of how to recognise revenue as each service is redeemed is accurate 
(K3 23.17). However, the student could have improved the answer by discussing how to account for 
the initial payment from the customer when they purchase the coupon or voucher, as well as 
addressing any potential issues related to expiration dates and managing accounts receivable in this 
context. 

Overall, the student demonstrates a solid understanding of the concepts presented in the prompt, but 
there is room for improvement in terms of providing more detailed explanations and discussing 
additional aspects related to the situations presented.  
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Appendix 4 Learning outcomes / Question / Rubric Feedback 
Course 2, Management & Organisation 
Learning outcome 
Explain and illustrate the meaning of fundamental concepts and theories in the field of organisation 
and leadership and relate these to each other. 

Question 
The case description details the perceived risks of being in the union and how one is treated if an 
employee does not 'perform' well enough. This can be linked to Kanter's (1977) theory of minorities 
and tokens. 

Briefly describe and explain Kanter's (1977) theory of minorities and tokens. Relate Kanter's (1977) 
theory of minorities and tokens to the case description. (10 points) 

Rubric / Proposed Solution 
Kanter’s theory on minorities and tokens addresses how structural conditions affect behaviours in a 
group. Primarily, the theory relates to three effects of having minorities or tokens in relation to a 
homogeneous majority. 

The effects are: 1) Visibility (the majority notices the minority and the minority can become a 
stereotype for every one of their gender, origin, etc.) 2) Contrast (the majority catalyses its 
characteristic behaviours to highlight a contrast against the minority – for example, men becoming 
more 'macho' in a context where there are few women) 3) Assimilation/Distancing (this deals more 
with how the minority acts – that is, in a skewed context, the minority will over time try to assimilate 
and become more like the majority. If more minorities or tokens join the group, the original minority 
will distance themselves from these and try to maintain their previous assimilation). 

Employees are noticed if they do not perform and get 'fired'. Regarding contrast, the case description 
is not as clear – here students can discuss how a culture has been created where diversity does not fit – 
i.e., working at Tesla is only for high performers. Regarding assimilation and distancing, we see signs 
that one does not want to participate in the strike despite being a union member i.e., one assimilates to 
the others at Tesla but distances oneself from the union. 

Feedback 
The student's response attempts to apply Kanter's theory of minorities and tokens to understand the 
dynamics within Tesla, particularly focused on how minority groups can influence decision-making 
processes within organisations. The answer puts an interesting perspective on how these minorities can 
be seen as non-owners within the structure of the company.  

The student provides a general understanding of Kanter's theory, but the answer lacks specification 
and explanation of the three central effects of having minorities or tokens in relation to a homogeneous 
majority mentioned in the question: attention, contrast, and assimilation/distancing. It is important that 
these specific dynamics are addressed more fully in order to fully reflect on Kanter's theoretical 
framework.  

The response identifies employees as non-owners and therefore a minority, which is relevant. 
However, the answer would benefit from a deeper analysis of how this minority status affects their 
everyday life and relationships within the organisation, especially in light of the perceived risks of 
being in the union. Depth of Analysis and Contextualisation: The response would be stronger if it 
included specific examples from the document that support claims about the role and influence of the 
minority. This would demonstrate a deeper understanding of how the theory is practically applied to 
the case of Tesla. Feedback:  
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To improve the response: Deepen the understanding of Kanter's theory by developing a clearer 
explanation of the three effects (attention, contrast, and assimilation/distancing) and give examples of 
how these are manifested in Tesla's situation. Include specific details from the case by integrating 
more concrete details and quotes from the document to illustrate how minority status affects their 
actions and treatment within the organisation. Discuss in more detail how the power structure within 
Tesla affects both minorities and majorities, particularly in the context of union activity and how this 
affects decision-making processes and work culture.   
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Appendix 5 Learning outcomes / Question / Rubric/ Feedback 
Course 3, Financial Accounting 
Learning outcomes 
Apply the norms in specific situations and analyse their effect on the closing of 
accounts and preparation of annual reports.  

Question 
Revenue (7.5 points)  
The company FrihetsHjul AB sells motorhomes and offers services such as winter storage and engine 
care. The company has noticed a decline in motorhome sales over the past year and an increased 
demand for comprehensive service packages. To attract new customers, the company decides to 
package the sale of motorhomes with two years of winter storage and an engine and car care program 
that includes spring cleaning and an oil change before the start of the season for the next two seasons. 
In part 1 of the exam, you calculated how the revenues from the motorhome packages should be 
reported. In this question, you should explain, and justify how the revenues from the described 
package offer or other similar combined transactions should be managed when closing the accounts. 
Refer to appropriate regulations. 

Rubric / Proposed Solution  
Note that you should have a conceptual discussion based on the given example or another similar 
combined transaction, and no figures need to be mentioned. To correctly report revenues from the 
package that FrihetsHjul AB offers, where the purchase of motorhomes is combined with services 
such as winter storage and engine care, it is important to follow principles found in suitable accounting 
standards. Of course, it is equally valid to use a fictitious example of a combined transaction 
(agreement consisting of multiple parts) and base the answer on that. The accounting standards that 
can be used are primarily K3 Chapter 23:  

Identify the parts of the contract Here, the company must identify which goods or services constitute 
separate performance (K23.7). In FrihetsHjul AB's package, the sale of the motorhome and each part 
of the service (winter storage and engine care for each year) can be considered separate parts because 
the customer can benefit from each component individually, and each service is distinct within the 
framework of the agreement. In the comments to K3 23.7, a similar example is discussed as the one in 
the question (2.5 points).  

Determine the price The total price that the customer will pay for the package is established in the 
agreement. This includes all discounts or other price adjustments that are related to the agreement. (K3 
23.3) Allocate the price to the different parts The discounted price must be allocated proportionally to 
all parts of the contract based on their prices (the price each part would be sold for separately with a 
discount). (K3 23.3) (2.5 points)  

Record revenues when a performance is fulfilled For the motorhome, the revenue should be 
recognised at the time of delivery because control and the risk for the motorhome is transferred to the 
customer. For services such as winter storage and engine care, revenues should be recognised over 
time, as the services are performed. (K3 23.8) (2.5 points) Note that this is NOT a fixed price contract 
where the degree of completion must be calculated!! 

Feedback 
The student's answer partially addresses the question but lacks a clear and structured approach to 
explaining how revenue from the bundled offering should be recognised. 
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The student correctly mentions the importance of identifying separate performance obligations in the 
contract (K3 23.7) and recognises that the sale of the motorhome and each service component can be 
considered as separate parts. However, this is not explicitly linked to the concept of separate 
performance obligations. 

The student also touches on the idea of allocating the transaction price to the different components but 
does not provide a clear explanation of how this should be done proportionally based on their 
standalone prices (K3 23.3). 

Furthermore, the student's discussion of revenue recognition is largely focused on the concept of 
prudence and the idea that revenue can only be recognised when the job is complete. While this is 
related to the principle of recognising revenue when a performance obligation is satisfied (K3 23.8), it 
lacks clarity and specificity. 

Overall, the answer demonstrates some understanding of the relevant accounting principles, but 
requires more structure, clarity, and explicit linkage to the specific criteria outlined in K3. 
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