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ABSTRACT

Artificial intelligence (Al) technologies are increasingly integrated into educational
mManagement systems to support administrative decision-making, automate assessment
processes, and predict student outcomes. While these systems promise efficiency and data-
driven governance, they also introduce significant risks related to algorithmic bias.
Algorithmic bias occurs when Al systems produce systematic and unfair outcomes due to
biased training data, incomplete contextual information, or flawed algorithmic design. In
educational environments, such bias may influence decisions regarding grading, student
performance prediction, and institutional resource allocation. This article examines
algorithmic bias in Al-driven educational management systems and its implications for
decision-making in educational institutions.
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INTRODUCTION

Artificial intelligence is increasingly used in educational management for
predictive analytics, learning management, automated assessment, and institutional
decision-making. These technologies enable administrators to analyze large datasets
and support management decisions based on data patterns.However, the growing
use of Al in education raises important ethical and managerial concerns, particularly
regarding algorithmic bias. Algorithmic bias refers to systematic errors or unfair
outcomes that may occur when Al models are trained on datasets reflecting existing
social inequalities or incomplete information (Baker & Hawn, 2021).

Educational data often include disparities related to socio-economic
background, school resources, and access to opportunities. As a result, algorithms
trained on such data may reproduce or even amplify these inequalities (Holmes,
Bialik, & Fadel, 2019). As O'Neil (2016) argues, algorithmic systems may unintentionally
reinforce social disparities when complex human processes are simplified into
mathematical models. Because many Al systems rely on quantitative indicators such
as grades, attendance, and digital engagement, they may overlook contextual
human factors such as personal circumstances or emotional challenges.
Consequently, algorithmic systems may simplify complex educational realities
instead of fully reflecting the diverse experiences of students and teachers.
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Algorithmic Bias in Educational Decision-Making

Algorithmic bias in educational management systems can emerge from several
sources. The first source is biased historical data. Machine learning models learn
patterns from past data, and if these data contain inequalities or systemic
disadvantages, the algorithm may replicate those patterns in future predictions
(Baker & Hawn, 2021).

A second source of bias is limited contextual understanding. Al systems typically
rely on measurable indicators such as test scores, attendance records, and online
activity. While these metrics provide useful information, they do not capture many
important aspects of human learning, including motivation, emotional well-being, or
external life circumstances.Researchers have described this phenomenon as
algorithmic reductionism, where complex human processes are simplified into
numerical indicators that may not reflect the full educational experience (Selwyn,
2019).

A third concern involves the growing influence of algorithmic systems in
institutional governance. As educational institutions increasingly rely on predictive
analytics and management dashboards, decision-making processes may gradually
shift from human judgment toward algorithmic recommendations. Noble (2018)
argues that algorithmic systems often embed social and cultural biases present in
their training data, making it essential to critically evaluate algorithmic outputs
rather than treating them as objective truths.

Real Cases of Algorithmic Bias in Education

The UK Algorithmic Grading Controversy

One of the most widely discussed cases of algorithmic bias in education
occurred in the United Kingdom in 2020 during the COVID-19 pandemic. Because
national examinations were cancelled, the government introduced an algorithmic
system to estimate student grades.

The system calculated predicted grades based partly on the historical
performance of each school. As a result, students from historically lower-performing
schools—often located in disadvantaged communities—were systematically
downgraded. High-achieving students from these schools received lower predicted
grades despite strong academic records.

Following widespread criticism and public protests, the government
abandoned the algorithmic grading system and restored teacher-assessed grades.
This case illustrates how algorithmic systems may reproduce structural inequalities
when historical data are used without sufficient contextual analysis.

Bias in Automated Essay Scoring

Another example of algorithmic bias involves automated essay scoring
technologies. Some Al-based grading systems evaluate essays using machine
learning models that analyze structural features such as sentence complexity,
vocabulary patterns, and essay length.

Studies have shown that these systems may favor longer essays or certain
writing styles, even when the underlying argument quality is weak. Students who use
unconventional writing styles or who are non-native speakers of the language may
receive lower scores because the algorithm cannot fully interpret variations in
linguistic expression.This example demonstrates how algorithmic systems may
misinterpret human creativity and expression when evaluation relies solely on
computational features.
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Predictive Analytics and Student Risk Classification

Many universities use predictive analytics systems to identify students who may
be at risk of academic failure or dropout. These systems analyze variables such as
attendance records, assignment submissions, and engagement with online learning
platforms.

While predictive models can help institutions identify students who may
require additional support, they also introduce potential risks. Students labeled as
‘high risk” may be perceived differently by instructors or administrators. Such
classifications may influence expectations and opportunities, potentially creating a
self-fulfilling prophecy in which algorithmic predictions contribute to the outcomes
they predict.

Do Educational Institutions Fully Rely on Al for Grading?

Although Al technologies are increasingly used in educational assessment,
most educational institutions do not rely entirely on Al systems for grading. Instead,
Al tools typically function as support technologies that assist instructors and
administrators.

For example, the platform Gradescope, used by universities such as Stanford
and MIT, employs Al to group similar student answers and help instructors grade
assignments more efficiently. However, instructors still review and approve final
grades. Similarly, automated writing analysis systems such as Turnitin provide
feedback on writing structure and originality, but human instructors remain
responsible for final assessment decisions.

Fully automated grading systems remain controversial because education
involves qualitative dimensions such as reasoning, creativity, and contextual
understanding—areas where current Al technologies have significant limitations.

Strategies for Reducing Algorithmic Bias

To address the risks associated with algorithmic bias, educational institutions
must adopt responsible Al governance strategies.One key approach is the human-
in-the-loop Model, in which Al systems support decision-making but do not replace
human judgment. Educators and administrators should critically evaluate
algorithmic recommendations before making final decisions.

Another important strategy is algorithmic transparency. Institutions should
understand how Al systems function, what data they use, and how predictions are
generated. Transparent algorithms allow administrators to identify potential biases
and improve decision-making processes.

Regular bias auditing is also essential. Algorithms should be tested for potential
disparities across demographic groups such as gender, socio-economic background,
and disability status. These evaluations help institutions detect hidden biases and
improve algorithmic fairness.

Finally, integrating contextual human knowledge into decision-making
processes can help ensure that algorithmic predictions do not override the complex
realities of educational experiences.

CONCLUSION

Artificial intelligence has the potential to enhance efficiency and data-driven
decision-making in educational management systems. However, algorithmic
technologies also introduce significant risks related to bias, fairness, and
transparency. As demonstrated by real-world cases such as the UK algorithmic
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grading controversy and limitations in automated essay scoring systems, algorithmic
decision-making may produce unintended consequences when implemented
without adequate human oversight.

Educational institutions must therefore approach Al integration carefully.
Rather than replacing human judgment, Al systems should function as supportive
tools within educational decision-making processes. By implementing transparent
algorithms, bias auditing mechanisms, and human-centered governance
frameworks, educational institutions can harness the benefits of artificial intelligence
while minimizing the risks associated with algorithmic bias.
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