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Introduction 

Grading has traditionally been understood as a human responsibility. The University of 
Southampton states that “academic judgement will always be necessary in order to arrive at a 
suitable grade” (University of Southampton, n.d.-b), while its feedback policy describes students 
as “partners in the process” (University of Southampton, 2023). This reflects the belief that 
assessment depends on trust, interpretation, and human understanding rather than mechanical 
calculation. Yet the assumption that human grading is naturally fair or consistent is difficult to 
defend. Markers experience fatigue, workload pressure, and implicit bias, all of which shape 
decision making. Southampton’s moderation policy itself refers to situations involving staff 
sickness and reduced working capacity (University of Southampton, 2020), raising concerns 
about whether the current system achieves the consistency universities claim it does. 

At the same time, AI grading introduces its own ethical problems. Sartor and Lagioia (2020) 
argue that a biased algorithm may still be fairer than an even more biased human decision maker, 
but this does not remove concerns about reliability and accountability. Large language models 
(LLMs) have been criticised for producing outputs without concern for truth (Hicks, Humphries 
and Slater, 2024), while Santos and Radanliev (2024) describe them as opaque systems where 
accountability becomes unclear. Without proper governance and stakeholder involvement 
(Miller, 2022), AI grading risks replacing one flawed system with another. This essay argues that 
AI grading at Southampton may only be ethically acceptable within a tightly governed hybrid 
model where meaningful human oversight remains central. 

 



Why Human-Only Grading Appears Ethically Preferable 

On the surface, keeping grading entirely in human hands seems ethically preferable. Assessment 
involves more than mechanically applying a rubric. It requires interpretation, contextual 
understanding, and judgement that cannot easily be reduced to fixed rules. Southampton’s 
assessment framework recognises this directly, stating that students do not fit into “neat boxes” 
and that academic judgement is always necessary (University of Southampton, n.d.-a). A grade is 
therefore not simply a measurement but an interpretation of a student’s understanding and 
argument. 

Education also depends on relationships. Southampton’s feedback policy frames students as 
“partners in the process” (University of Southampton, 2023), implying empathy, communication, 
and discretion. Students expect that if circumstances affect their work or something goes wrong, 
another human being will recognise the context and respond fairly. An algorithm cannot 
genuinely empathise or understand intent in the same way a person can. 

Accountability is another major concern. Sparrow and Flenady (2025) argue that machines 
cannot function as moral agents and therefore cannot truly justify or take responsibility for their 
decisions. If an AI system awards an unfair grade, responsibility becomes difficult to locate. This 
issue is intensified by what Burrell (2016) describes as algorithmic opacity, where even 
developers struggle to explain how outputs are produced. Hicks, Humphries and Slater (2024) 
extend this criticism to LLMs specifically, arguing that they generate convincing language 
without any real concern for truth. Santos and Radanliev (2024) warn that these systems may 
create false authority by producing confident but inaccurate feedback. 

The fear is therefore not simply that AI makes mistakes, but that universities may gradually 
replace meaningful educational judgement with automation because it is cheaper and more 
efficient. If assessment becomes primarily machine driven, education risks losing the human 
understanding that gives academic evaluation legitimacy. 

However, this defence of human grading depends on the assumption that human markers 
themselves are objective and reliable, which becomes much harder to maintain under closer 
examination. 

Questioning the Assumption of Human Objectivity 

The argument for human-only grading often assumes that people are naturally fair and 
consistent. Yet human judgement is deeply affected by fatigue, stress, workload, and unconscious 
bias. Southampton’s moderation policy refers to periods where staff are unable to work at normal 
capacity due to illness or pressure (University of Southampton, 2020). Under such conditions, 
consistency becomes uncertain rather than guaranteed. 



Human grading is also shaped by implicit bias and subjective interpretation. Markers may 
unconsciously favour certain writing styles, cultural norms, or argument structures while 
penalising unfamiliar approaches. These influences are rarely visible or systematically audited. 
Unlike algorithms, human reasoning cannot easily be examined line by line to identify patterns 
of bias or inconsistency. Moderation procedures exist precisely because universities recognise 
that individual judgement alone is unreliable. 

Sartor and Lagioia (2020) make an important point here: even a biased algorithmic system may 
be fairer than a more biased human decision maker because algorithmic bias can at least be 
measured, identified, and corrected. This does not mean algorithms are neutral. Roselli, 
Matthews and Talagala (2019) show that AI systems frequently reproduce existing social 
prejudices if trained on biased data. However, they also explain that algorithmic bias can be 
monitored through validation, statistical testing, and controlled evaluation. 

Human bias is far more difficult to identify because it exists within personal experience, 
institutional culture, and unconscious assumptions. Markers often sincerely believe they are 
objective, which makes their biases less visible and less likely to be challenged. There is no 
equivalent of an audit log for human thought processes. 

This does not mean AI grading is automatically superior. Poorly designed systems can reproduce 
harmful patterns at scale and create feedback loops that disadvantage students. However, the 
ethical comparison is not between perfect humans and flawed machines. It is between two 
imperfect systems that fail in different ways. AI may reduce some forms of inconsistency, but 
only if strong oversight and governance remain in place. 

The ethical question therefore shifts from whether AI makes mistakes to whether its mistakes are 
more manageable, measurable, and correctable than those produced by existing human systems. 

 



Reliability, Hallucination, and Accountability 

A major criticism of AI grading is that LLMs are unreliable. These systems hallucinate, fabricate 
reasoning, and generate inaccurate feedback with apparent confidence. Hicks, Humphries and 
Slater (2024) argue that LLMs produce language based on patterns rather than truth, meaning 
their outputs may sound persuasive even when they are incorrect. Santos and Radanliev (2024) 
similarly note that AI systems often operate as opaque “black boxes” where even developers 
cannot clearly trace how a particular output was generated. Burrell (2016) describes this as a 
form of opacity that prevents ordinary human interpretation. 

In grading, this creates serious risks. An AI system may misunderstand a student’s argument, 
reward superficial features, or produce misleading feedback without anyone being able to 
explain why. If students cannot understand or challenge these decisions, trust in assessment 
weakens significantly. 

Yet unreliability is not unique to AI. Human markers also misread essays, overlook arguments, 
and apply standards inconsistently. Thaler and Sunstein (2008) demonstrate how human decision 
making is shaped by cognitive biases and mental shortcuts that people are often unaware of. 
Sartor and Lagioia (2020) similarly note that human decision makers carry their own forms of 
prejudice and inconsistency. 

The central ethical issue is therefore not imperfection itself but unaccountable imperfection. 
Decisions become ethically problematic when they cannot be explained, challenged, or 
corrected. Sparrow and Flenady (2025) argue that machines cannot bear moral responsibility for 
grading decisions. Responsibility must remain with human educators who can explain and 
defend outcomes. Kudina and van de Poel (2024) describe AI as part of a wider sociotechnical 
system where outcomes depend on interactions between humans, institutions, and technology 
rather than on the machine alone. 

For this reason, AI should only play a supporting role. It may help identify inconsistencies, draft 
preliminary evaluations, or assist with administrative tasks, but final grading authority must 
remain with human markers. Students should always be able to challenge grades and receive 
explanations from a person. Santos and Radanliev (2024) support this hybrid governance model 
where AI systems remain supervised rather than autonomous. 

 



Transparency, Explainability, and Justice 

If AI is involved in grading, students must be able to understand how decisions are made. Hayes, 
van de Poel and Steen (2023) distinguish between transparency of the system, meaning how the 
tool works technically, and transparency concerning the system, meaning how it is governed and 
monitored. Both forms are essential in educational assessment. 

A grading process that students cannot meaningfully question creates procedural injustice even if 
outcomes appear accurate. Sartor and Lagioia (2020), discussing GDPR and automated decision 
making, argue that individuals affected by algorithmic decisions should receive meaningful 
explanations and opportunities to contest outcomes. Applied to universities, this means students 
must be able to ask why they received a certain grade and receive a clear answer. 

However, human grading is often far from transparent as well. Feedback can be vague, 
inconsistent, or shaped by tacit expectations that markers themselves struggle to explain. 
Southampton’s assessment descriptors acknowledge that students do not fit into “neat boxes” 
(University of Southampton, n.d.-a), recognising the limits of rigid rubrics. Yet this flexibility 
can also leave students uncertain about why they received a particular mark. 

Some transparency concerns may become more manageable with properly governed AI systems. 
Santos and Radanliev (2024) propose Artificial Intelligence Bills of Materials (AI BOMs), which 
would document how systems were built, trained, and evaluated. Such documentation could 
improve traceability and create stronger foundations for accountability. If systems are reviewable 
and auditable, decisions become easier to challenge and correct. 

The debate therefore becomes less about rejecting technology entirely and more about 
institutional governance and responsibility. 

 



Stakeholder Responsibility and Institutional Motives 

A deeper issue behind AI grading concerns why universities want to adopt it in the first place. 
Public justifications usually focus on fairness and consistency, but financial and managerial 
pressures also play an important role. Universities face demands to reduce costs, manage 
growing student numbers, and process assessments more efficiently. Santos and Radanliev 
(2024) note that economic incentives often favour automation because it reduces labour costs 
and increases scalability. Sartor and Lagioia (2020) similarly argue that automation tends to 
reshape work in ways that gradually reduce human involvement. 

If the primary motivation behind AI grading is efficiency rather than educational quality, the 
ethical concerns become more serious. Assessment risks being shaped by institutional 
convenience instead of student learning. 

There are also concerns around surveillance and data use. AI grading systems may collect large 
amounts of information about students, including writing patterns, feedback histories, and 
behavioural data. Sartor and Lagioia (2020) warn that automated evaluation systems can create 
forms of persistent monitoring and behavioural profiling. Miller (2022) describes students in 
such systems as passive stakeholders because they are heavily affected by decisions while having 
little influence over how the systems are designed or used. 

Still, these risks are not inevitable consequences of AI itself. Kudina and van de Poel (2024) 
argue that ethical outcomes depend heavily on the institutional and governance structures 
surrounding technology. Problems often emerge from poor oversight, weak accountability, or 
misaligned incentives rather than from the existence of algorithms alone. 

Responsibility therefore belongs to multiple actors: universities, developers, regulators, and 
academic staff. Miller (2022) warns that when responsibility becomes too widely distributed, 
accountability weakens because each actor assumes someone else is responsible. This diffusion 
of responsibility may itself be one of the greatest ethical dangers. 

 



Toward Cognitive Augmentation, Not Replacement 

If the core issue is governance rather than technology itself, the most ethical approach may be 
neither full automation nor complete rejection. Nyholm (2024) describes a model of intellectual 
augmentation where AI supports human cognitive work rather than replacing it entirely. 

In practice, this could involve AI assisting with repetitive or administrative tasks such as 
checking rubric coverage, identifying inconsistencies across large groups of assessments, or 
flagging contradictory feedback. Sartor and Lagioia (2020) note that algorithmic tools may 
reduce certain human psychological biases, while Hayes, van de Poel and Steen (2023) argue 
that carefully designed systems can make grading patterns more visible to moderators. 

Importantly, this does not require handing final authority to machines. Instead, AI could reduce 
administrative burden and allow educators to focus more on genuinely human aspects of 
education: mentoring students, engaging critically with arguments, and providing meaningful 
feedback tailored to individuals. 

However, this approach only remains ethical if AI outputs are treated as provisional rather than 
authoritative. Durán and Jongsma (2021) warn against giving excessive epistemic trust to opaque 
systems whose reasoning cannot be fully understood. Santos and Radanliev (2024) similarly 
stress that humans must retain interpretive authority over final outcomes. The moment 
institutions begin treating AI generated grades as unquestionable, the safeguards collapse. 

 



Conclusion 

Concerns about AI grading are entirely justified. Hallucination, opacity, weak accountability, and 
the possible removal of human judgement from assessment all create serious ethical risks. These 
concerns should not be dismissed. 

At the same time, the analysis shows that human grading is not the perfectly fair alternative it is 
often assumed to be. Human markers are influenced by fatigue, workload pressure, 
inconsistency, and implicit bias. The real comparison is therefore not between flawless humans 
and flawed machines, but between two imperfect systems with different weaknesses. 

AI grading only becomes ethically defensible under strict conditions. Human educators must 
remain accountable for final decisions. Systems must be transparent, reviewable, and open to 
challenge. Fairness must be continuously monitored rather than assumed. Most importantly, 
students must retain the ability to question outcomes and receive explanations from people rather 
than algorithms. 

The deeper ethical issue is therefore not whether AI makes mistakes, but whether universities are 
willing to govern these systems responsibly and transparently. Ethical assessment is unlikely to 
be fully human or fully automated. It is more likely to depend on a carefully managed 
partnership between human judgement and artificial intelligence, where neither side operates 
without meaningful oversight. 
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Appendices 
 
Appendix A: Introduction Evidence  
 
A1 University of Southampton Academic Judgement Policy 
(University of Southampton, n.d.-b) 
 

 
 
A2 Southampton Feedback Policy 
(University of Southampton, 2023) 

 
 
 
A3 Southampton Moderation / Staffing Policy 
(University of Southampton, 2020) 
Used to infer workload strain affecting grading consistency.  

 
 
 
A4 Sartor and Lagioia (2020) 
 



 
 
A5 Hicks, Humphries and Slater (2024) 
 

 
 
A6 Santos and Radanliev (2024) 
 

 

 
 



A7 Miller (2022) 
 

 
 
 

 
 
Appendix B: Why Human-Only Grading Appears Ethically Preferable  
 
B1 Southampton Assessment Framework 

 

B2 Southampton “Partners in the Process” Policy 

 

B3 Sparrow and Flenady (2025) 

 



B4 Burrell (2016) 

 

 
 
B5 Hicks, Humphries and Slater (2024) 

 

B6 Santos and Radanliev (2024) 

 

 

 



Appendix C: Questioning the Assumption of Human Objectivity 

C1 Southampton Moderation Policy 

 

C2 Sartor and Lagioia (2020) 

 

 

 

 

 

 



C3 Roselli, Matthews and Talagala (2019) 

 

 

 



Appendix D: Reliability, Hallucination, and Accountability  

D1 Hicks, Humphries and Slater (2024) 

 

D2 Santos and Radanliev (2024) 

 

 
D3 Burrell (2016) 

 



 

D4 Thaler and Sunstein (2008) 

 

D5 Sartor and Lagioia (2020) 

 

 



D6 Sparrow and Flenady (2025) 

 

 

D7 Kudina and van de Poel (2024) 

 

 

Appendix E: Transparency, Explainability, and Justice 

E1 Hayes, van de Poel and Steen (2023) 
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E2 Sartor and Lagioia (2020) 

 

 

E3 Kudina and van de Poel (2024) 

 



E4 Santos and Radanliev (2024) 

 

 
 

 
Appendix F: Stakeholder Responsibility and Institutional Motives  

F1 Santos and Radanliev (2024) 

 

F2 Sartor and Lagioia (2020) 

 



 
F3 Miller (2022) 

 

 
F4 Kudina and van de Poel (2024) 

 
 

 
Appendix G: Toward Cognitive Augmentation, Not Replacement  
 
G1 Nyholm (2024) 

 



G2 Sartor and Lagioia (2020) 
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Appendix H: Recommendations and Concluding Position  
 
H1 Sparrow and Flenady (2025) 

 

H2 Santos and Radanliev (2024) 

 

 
 
H3 Sartor and Lagioia (2020) 



 

H4 Roselli, Matthews and Talagala (2019) 

 

 

Appendix I: Conclusion Synthesis 

Human grading is imperfect 

This conclusion was developed primarily in the section questioning human objectivity. Evidence included 
Southampton moderation policies discussing workload pressures and sources examining human cognitive bias and 
inconsistency, particularly Sartor and Lagioia (2020) and Thaler and Sunstein (2008). 

AI systems create accountability and opacity risks 

This conclusion emerged from the sections on reliability and transparency. Burrell (2016), Hicks, Humphries and 
Slater (2024), and Santos and Radanliev (2024) were used to support concerns about hallucination, black-box 
reasoning, and weak explainability. 

Accountability must remain human 

The argument that final grading responsibility should remain with educators was developed using Sparrow and 
Flenady (2025), particularly their discussion of machines lacking moral agency and genuine justificatory reasoning. 

Transparency and contestability are necessary 

The discussion of procedural justice and explainability drew mainly from Hayes, van de Poel and Steen (2023) and 
Sartor and Lagioia (2020), especially regarding meaningful explanation and the ability to challenge automated 
decisions. 

AI should assist rather than replace 

The recommendation for augmentation rather than replacement was informed by Nyholm (2024) alongside 
governance arguments from Santos and Radanliev (2024). 
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