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ABSTRACT

The integration of Artificial Intelligence (Al) in
student performance evaluation has become a
pivotal advancement in tertiary education. This
systematic review examined the feasibility and
effectiveness of Al-based assessment tools,
analysing their impact on grading accuracy, student
engagement, and institutional adoption. A
systematic search across multiple academic
databases identified studies that evaluated Al
technologies such as machine learning algorithms,
automated grading systems, and intelligent tutoring
platforms. The findings revealed that Al-driven
systems significantly improved grading accuracy,
provided real-time feedback, and personalized
learning experiences. However, concerns regarding
data privacy, algorithmic bias, and infrastructure
constraints posed challenges to widespread
adoption.  Despite  these limitations, Al
demonstrated its potential to optimize academic
assessments, enhance efficiency, and ensure
consistency. The study concludes that while Al can
effectively complement traditional evaluation
methods, addressing ethical, logistical, and
technical barriers is crucial for its sustainable
integration in tertiary institutions.

Keywords: Artificial Intelligence, Academic
Performance, Machine Learning, Automated
Grading, Personalized Learning, Higher Education,
Systematic Review.

l. INTRODUCTION
Artificial Intelligence (Al) is significantly
transforming educational evaluations through
various innovative technologies. Automated
Grading Systems provide immediate feedback,
enhancing self-assessment and reducing grading
biases, which promotes equitable evaluations

Intelligent Tutoring Systems (ITS) personalize
learning by identifying knowledge gaps, thereby
improving traditional assessment methods. Al-
driven Learning Analytics analyze extensive
datasets to predict student outcomes, allowing for
tailored interventions (Jacobs-Basadien and Pather,
2024) Adaptive Assessments adjust in real-time to
student performance, ensuring accurate
measurement of knowledge and skills (Jacobs-
Basadien and Pather, 2024) Furthermore, Al-based
Student Modelling creates detailed learner profiles,
facilitating targeted support and personalized
experiences.Collectively, these Al applications not
only streamline evaluations but also enhance
educational outcomes by fostering a more
individualized approach to learning.

The evolution of Al in education has
introduced transformative tools such as automated
grading systems, adaptive learning platforms, and
predictive analytics, significantly enhancing
teaching and learning experiences. Automated
grading systems streamline assessment processes,
providing immediate feedback to students, which
fosters self-assessment and real-time understanding
of their strengths and weaknesses (Hamdi, 2024).
Adaptive learning platforms, like those integrated
into Coursera, personalize educational content to
meet individual learning styles, thereby improving
engagement and retention (Dharamshi & Kakde,
2024). Predictive analytics further enhances this
landscape by analysing student data to forecast
learning outcomes and tailor interventions,
ensuring that educational strategies are effectively
aligned with student needs (Holmes & Tuomi,
2022). Automated grading tools improve the speed
and quality of feedback, allowing educators to
focus on curriculum refinement (Dharamshi &
Kakde, 2024). The Immediate Feedback systems
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provide students with timely assessments,
promoting a culture of self-improvement (Hamdi,
2024). Personalization Platforms adjust content
based on individual learning styles, enhancing
student  engagement  and comprehension
(Dharamshi & Kakde, 2024). Intelligent Tutoring
systems support problem-solving skills and
retention through tailored instructional methods
(Sagin et al., 2023). The Predictive analytics utilize
student data to inform instructional strategies and
improve learning outcomes (Holmes & Tuomi,
2022). By identifying at-risk students, educators
can implement timely interventions to support their
learning journey (Hamdi, 2024).

The integration of Artificial Intelligence
(Al) in academic performance assessment presents
several challenges, particularly concerning bias,
inefficiency, and scalability. Traditional evaluation
methods often struggle with these issues, which Al
aims to address through innovative solutions.
However, the transition to Al-driven assessments is
not without its own set of complications. Al
systems can inadvertently perpetuate existing
biases present in training data, leading to unfair
evaluations of student performance. Concerns
about algorithmic prejudice highlight the need for
careful design and monitoring of Al tools to ensure
equitable outcomes (Lyanda et al., 2024; Mohamad
&Nazlan, 2024). Traditional assessments often lack
adaptability, failing to provide personalized
feedback tailored to individual learning
needs(Mahamuni et al., 2024; Yuldashev et al.,
2024).Al can enhance efficiency through
automated grading and real-time feedback, yet the
implementation process can be resource-intensive
and complex(Mahamuni et al., 2024).While Al has
the potential to scale assessments across diverse
educational settings, challenges remain in ensuring
consistent quality and reliability of Al
tools(Mohamad &Nazlan, 2024; Kadel et al.,
2024).The digital divide may exacerbate scalability
issues, as not all institutions have equal access to
Al technologies(Mahamuni et al., 2024).Despite
these challenges, the potential for Al to
revolutionize educational assessments remains
significant, necessitating ongoing research and
ethical considerations to maximize its benefits
while mitigating risks not required.

The purpose of this review is to evaluate
the feasibility and effectiveness of Al-based tools in
tertiary institutions, focusing on their potential to
revolutionize academic performance evaluation.

The review aims to explore current Al technologies
such as automated grading systems, adaptive
learning platforms, and predictive analytics tools
that are employed to assess student performance. It
further seeks to assess the effectiveness of these
technologies in enhancing learning outcomes by
improving grading accuracy, personalizing learning
experiences, and identifying struggling students
early. Additionally, it analyzes potential challenges
and limitations, including ethical issues like data
privacy, technical constraints such as algorithm
bias, and resistance to adoption among educators
and students, to provide a comprehensive
understanding of Al's transformative impact on
education

1. METHODOLOGY
Study Design

A systematic review was conducted to
evaluate the feasibility and effectiveness of
Artificial Intelligence (Al) in assessing students'
academic performance in tertiary institutions. This
review adhered to PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses)
guidelines to  ensure  transparency  and
reproducibility of results. Studies published
between 2010 and 2024 were considered to assess
the most current applications and outcomes of Al in
academic evaluation (Samaila and Tampul, 2021).

Search Strategy

A thorough literature search was
conducted in multiple academic databases,
including Google Scholar, PubMed, Scopus, and
IEEE Xplore. Keywords such as "Artificial
Intelligence,” "Al in education,” "academic
performance,” "Al evaluation,” and "tertiary
institutions" were used to identify relevant studies.
The search was limited to peer-reviewed articles,
conference papers, and reports published in English
between 2010 and 2024 to ensure the inclusion of
the most up-to-date research.

Eligibility Criteria

The inclusion criteria for the review
consisted of peer-reviewed articles, conference
proceedings, and academic reports that focused on
the application of Al tools or systems for
evaluating students' academic performance at
tertiary institutions (Samaila et al., 2020). Here is
the tabulated form of the eligibility criteria:
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Inclusion Criteria

Exclusion Criteria

Peer-reviewed articles,
proceedings, and academic reports

conference | Non-peer-reviewed articles, opinion pieces, and
studies unrelated to Al applications in academic
evaluation

intelligent tutoring systems, adaptive
learning  platforms)  for  academic
performance evaluation

Focus on the application of Al | Studies that do not focus on Al applications for
technologies (e.g., machine learning, | academic performance evaluation

outcomes regarding Al’s impact on
student performance, motivation, or
academic feedback

Empirical studies with  measurable | Studies not available in English

Studies addressing

considerations of Al in educational
assessment

feasibility, | Articles discussing Al applications outside the context
effectiveness, challenges, and ethical | of academic performance evaluation

settings (e.g., universities, colleges)

Studies conducted in tertiary educational | Studies conducted outside tertiary educational settings

Published between 2010 and 2024

Studies with no available full-text versions

Data extraction and Analysis
Data were extracted from the included
studies using a standardized data extraction form.

The following information was collected from each
study. Here is the tabulated form of the data
extraction process:

Data Category

Details Extracted

Title The title of the paper included in the study

Obijective(s) of the Study

The main aim or objective of the study (e.g., impact of Al on
academic performance)

Methodologies/ Al Technologies | Methods used to evaluate student performance (e.g.,
Used performance metrics, data collection techniques) and Type of
Al technologies used

Key Findings Key outcomes related to the feasibility and effectiveness of
Al in evaluating academic performance
Conclusion Summary of findings and implications

Study Details

Authors, year of publication

The above data were synthesized and reported narratively based on subheadings.

1. RESULT AND DISCUSSION

The feasibility of Al-based student
evaluation was analysed through various
implementation factors, including infrastructure,
computational power, faculty acceptance, and
institutional policies. Several studies emphasized
the importance of Al-driven grading systems,
intelligent tutoring, and adaptive learning platforms
in automating assessments while reducing faculty
workload (Hamdi, 2024; Milad & Ghazal, 2024).
However, the review highlighted disparities in
institutional readiness, particularly in developing
regions where resource constraints hinder full Al
integration (Kartik, 2024). The cost-effectiveness
of Al adoption varied significantly, with some
institutions benefiting from open-source Al models,

while others required substantial investment in
proprietary software and training programs. Ethical
considerations, including data privacy and
algorithmic  transparency, emerged as key
determinants of  feasibility (Arkabaev &
Murzakmatova, 2024).

The table 1 presents an overview of
various studies on the integration and impact of
Artificial  Intelligence  (Al) in  education,
highlighting its  transformative potential,
methodologies, and associated challenges. Hamdi
(2024) and Sarabjo et al. (2024) emphasize the role
of Al in personalizing learning experiences and
providing immediate feedback to students through
intelligent tutoring systems and adaptive learning
platforms. They underscore the need for balancing
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Al with human instruction to ensure meaningful
interactions and reduce biases in education.
Similarly, Milad & Ghazal (2024) identify the
potential of Al-powered learning platforms to track
student progress and adjust content dynamically,
though they caution against the ethical and
implementation challenges posed by such systems.
These studies collectively suggest that Al, when
responsibly integrated, can optimize education
practices and support equitable learning
opportunities.

Other studies delve deeper into specific
aspects of Al's role in education.Leovigildo (2024)
explores how Al enhances academic performance
by providing personalized interventions, boosting
motivation, and addressing individual learning
needs. Kartik (2024) investigates the opportunities
and challenges associated with Al in Education,
emphasizing the importance of addressing risks like
data privacy, algorithmic bias, and the need for
improved digital infrastructure. Additionally,
Arkabaev and Murzakmatova (2024) examine Al’s

role in educational assessment, proposing that
ethical considerations must be prioritized to ensure
equity and inclusivity in Al applications. These
findings collectively point to the importance of a
balanced and ethical approach in leveraging Al for
educational advancements.

Lastly, the studies by Cota-Rivera et al.
(2024) and Milad & Ghazal (2024) highlight Al's
capacity to transform education by enhancing
personalized support and enabling targeted
feedback mechanisms for both students and
educators. Through methods like automated
assessment, natural language processing, and data-
driven insights, Al-driven systems foster improved
engagement and retention while addressing gaps in
knowledge. However, the studies also emphasize
the need for thoughtful implementation strategies to
mitigate challenges and ensure the ethical
integration of Al. Overall, the reviewed works
collectively demonstrate Al's transformative impact
on education while calling for a cautious and
responsible approach to its adoption.

Table 1: An overview of Al in education

Study Objective Conclusions Results Methods Used | Authors
How Al is | Explore  Al's | Al enhances enhances | Machine Hamdi (2024)
Transforming | impact on | personalized personalized learning, data
and Shaping | education and | learning learning analytics. Web-
the Future of | emphasize experiences and | experiences based chatbots,
Education ethical student tailored to | intelligent
implications engagement. students' needs. | tutoring
and challenges | Balancing Al | Automated systems
of Al-based | with human | grading systems
education instruction  is | provide
crucial for | immediate
meaningful feedback  for
interactions. student
improvement.
Leveraging Improve Al enhances | Al improves | Intelligent Sarabjo et al.,
Artificial education education by | learning tutoring 2024
Intelligence in | practices personalizing processes and | systems,
Education through Al | learning optimizes adaptive
integration and. | experiences and | student results. | learning
Ensure  equal | providing Responsible Al | platforms,
opportunities feedback. use reduces | natural
and reduce | Responsible Al | biases and | language
biases in | use crucial for | ensures equal | processing
education. reducing biases | opportunities. tools. Tailoring
and  ensuring educational
equal pathways,
opportunities. providing
prompt
feedback,
engaging
students
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Application of | Overview of Al | Al tools | Al tools | Al-powered Milad &
Al Tools in | tools in | enhance enhance learning Ghazal, (2024)
Education- A | education and | personalized personalized platforms. Al
Conceptual Impact and | learning learning algorithms  for
Framework effectiveness of | experiences for | experiences for | personalized
Al-powered students. students. learning
learning Ethical Al algorithms
platforms considerations track progress
and challenges | and adjust
exist in | material to meet
implementing objectives.
Al tools.
Artificial Evaluate Al | Al enhances | Al targets | Mixed-methods | Leovigildo,
Intelligence impact on | student specific approach (2024).
(Al) Towards | students' academic learning needs, | incorporating
Students’ academic performance enhancing focus group
Academic performance through academic discussions
Performance and Analyse | personalized performance. (FGD)
how Al | interventions Al boosts | Random
enhances and support. Al | motivation, sampling to
student boosts students' | attitudes, and | select a sample
academic motivation and | learning size  of 100
outcomes. provides mechanisms for | respondents
valuable students.
feedback  for
learning.
The role of | Analyze Al role | Al in Education | Al enhances | Qualitative Kartik, (2024).
artificial in Education | 5.0 offers | personalized analysis of
intelligence in | 5.0. Explore | opportunities learning, existing
education 5.0: | opportunities and challenges. | student literature over
opportunities | and challenges | Balanced engagement, five years.
and challenges | in Al | approach and tailored | Review of case
integration  in | needed for | feedback. studies,
education maximizing Challenges industry
benefits and | include data | reports, and
mitigating risks. | privacy, empirical
algorithmic evidence.
bias, and digital
infrastructure.
The Explore  Al's | Al can | Al can | Automated Arkabaev and
application of | role in | transform transform assessment and | Murzakmatova,
artificial measuring education with | educational educational 2024
intelligence student responsible assessment and | data analysis.
for measuring | performance. implementation. | feedback. Personalized
student Address ethical | Balanced Ethical feedback and
performance considerations approach considerations integration into
and educational | needed for | are crucial for | educational
equity benefits and | responsible Al | platforms.
implications. ethical implementation.
concerns.
Artificial Explore Al | Al has a | Al in education | Library Milad &
Intelligence in | applications, profound improves method. Study | Ghazal, (2024)
education: A | benefits, impact on | learning and review of
comprehensive | challenges, and | education. outcomes various
study future Thoughtful through documents
implications in | implementation | targeted
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education. strategies feedback. Al
Show how Al | prioritize technologies
helps educators | equity, offer
identify gaps in | inclusivity, and | personalized
student ethics. support and
knowledge data-driven
insights for
educators.
Transforming | Personalize Al personalizes | Personalized Personalized Cota-Rivera et
Education learning learning learning learning al., 204
with the Power | experiences experiences experiences for | experiences
of  Artificial | through Al- | based on | students based | through Al-
Intelligence driven adaptive | individual on Al analysis. | driven adaptive
systems. needs. Al | Enhanced systems.
Enhance enhances engagement, Creation of
university audiovisual comprehension, | audiovisual
education with | materials, and  retention | materials,
Al technologies | mentoring, and | through Al- | mentoring, and
for various | information driven adaptive | information
applications. dissemination systems dissemination
in education. using Al
Avrtificial Intelligence and Academic forecasting academic success through machine
Performance learning algorithms and quantitative models.
The table 2 presents a diverse range of While Al offers transformative
studies exploring the impact of artificial opportunities in education, ethical concerns and

intelligence (Al) on academic performance, student
learning, and educational assessment. Several
studies, such as Wecks et al. (2024) and Yesmin
(2024), highlight concerns regarding Al's negative
influence on learning potential and academic
integrity, emphasizing the challenges posed by Al-
generated content in student assessments.
Conversely, research by Abbas et al. (2023) and
Chang et al. (2024) underscores the positive role of
Al tools in enhancing educational performance and
learning experiences. The predictive capabilities of
Al-based models, as demonstrated by Pacheco-

implementation strategies remain crucial, as noted
in Lyanda et al. (2024) and Arkabaev &
Murzakmatova (2024). The development of Al-
specific assessment tools, such as Capinding’s
(2024) validated instrument, highlights the growing
need for structured frameworks to evaluate Al’s
educational impact. The inability of current Al-text
classifiers to reliably detect Al-generated content,
as reported by Ibrahim et al. (2023), further
complicates academic integrity  discussions.
Overall, these studies collectively suggest that
while Al holds significant promise for enhancing

Mendoza et al. (2023) and Agarwal & Agarwal education, careful regulatory measures and
(2024), further reinforce AI’s potential in pedagogical strategies are essential for its
responsible and effective integration.
Table 2: Overview of Artificial Intelligence and Academic Performance
Study Objectives Methods Used Results Conclusions Ref
Generative Al | Evaluate impact | Multivariate GenAl users | GenAl tool | Wecks et al.,
Usage and | of GenAl usage | regression score 6.71 | usage 2024
Academic on academic | analysis points lower on | negatively
Performance performance. Analysis of | exams. impacts exam
Investigate student essays | GenAl hampers | scores.
implications of | using  GenAl | performance GenAl hinders
GenAl for | detection improvement in | learning
different  user | systems students  with | potential,
groups. high potential. especially  for
high-achieving
students.
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Rethinking Evaluate Al | Mixed-methods | Al integration | Al integration | Lyanda et
Higher impact on | design in online | in online | al., 2024
Education student Meta-analysis learning needs | learning
Teaching and | engagement and | combining resolution  of | requires
Assessment In- | learning results from | ethical issues. | addressing data
Line with Al | outcomes multiple studies | Al can enhance | privacy
Innovations: A | online. teaching concerns.
Systematic Analyze Al- methods  and | Pedagogical
Review and | driven assessment strategies
Meta-Analysis assessment strategies in | leveraging Al
tools' impact on education. enhance
evaluating teaching
student effectiveness
performance and student
online. performance.
Predicting Analyzing Neural ANN achieves | ANN achieves | Agarwal &
Student impact of | Networks with | 98% accuracy | 98% accuracy | Agarwal,
Academic transfer specific in  predicting | in  predicting | 2024
Performance functions, configurations student student
Using  Neural | momentum, achieve  98% | performance.A | performance.
Networks: learning rate accuracy. NN ANN
Analyzing the | Comparative Comparative outperforms outperforms
Impact of | analysis of | analysis of | other machine | other machine
Transfer machine Machine learning learning
Functions, learning Learning algorithms with | algorithms with
Momentum and | algorithms, Algorithms 97% accuracy. 97% accuracy.
Learning Rate focusing on | shows ANN
International ANN outperforms
journal of others.
experimental
research and
review
Development Develop and | Exploratory Developed and | Developed and | Capinding,
and Validation | validate Factor validated a 48- | validated a 48- | 2024
of Instruments | assessment Analysis, item assessment | item assessment
for  Assessing | instrument for | Confirmatory instrument for | instrument for
the Impact of | Al impact in | Factor Al impact. Al impact.
Artificial education. Analysis, Rasch | Covered Instrument
Intelligence on | Assess Al | Analysis constructs like | categorized into
Students in | effects on | Lawshe method | learning seven
Higher higher for content | experiences, constructs ~ for
Education education, validity academic higher
Andie especially assessment performance, education
Tangonan among college and social | assessment.
Capinding students. interactions.
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The application | Explore Al's | Automated Al can | Al can | Arkabaev &
of artificial | role in | assessment and | transform transform Murzakmato
intelligence for | measuring educational educational education with | va, 2024
measuring student data analysis. assessment and | responsible
student performance. Personalized feedback. implementation
performance Address ethical | feedback and | Ethical Balanced
considerations integration into | considerations approach
and educational | educational are crucial for | needed for
equity platforms. responsible Al | benefits and
implications. implementation | ethical
: concerns.
Artificial Design and | Quantitative, Predictive Implement Pacheco-
Intelligence in | implement a | non- model fit: MSE | predictive Mendoza et
Higher predictive experimental, 0.26, MAE | model based on | al., 2023
Education: A | model for | projective, and | 0.16, R72 | artificial
Predictive academic predictive 0.9075 intelligence for
Model for | performance.An | approachQuesti | Significant academic
Academic ticipate student | onnaire factors:  Age, | performance.Al
Performance performance development, hours, days, Al | tools have
using artificial | expert tools impact | significant
intelligence. judgment academic direct effect on
validation, data | performance. students’
collection via academic
Google Forms performance.
Redesigning Measure LIS | Mixed method | Difficult to rank | Difficulty in | Yesmin,
Tertiary students’ approach  for | students based | ranking 2024
Educational academic evaluation. on  ChatGPT | students based
Evaluation with | performance Task-based tasks. on ChatGPT
Al: A Task- | and integrity. analysis of | Similarity tasks.
Based Analysis | Analyse impact | academic indices reached | High similarity
of LIS Students’ | of ChatGPT on | performance. 89%, violating | indices raise
Assessment on | assessment academic academic
Written  Tests | methods. integrity. integrity
and  Utilizing concerns.
ChatGPT at
NSTU
Role of | Explore Al | Al applications: | Al tools | Al tools | Abbas et al.,
Artificial tools' impact on | personalized enhance enhance 2023
Intelligence students' learning, educational educational
Tools in | educational intelligent performance at | performance at
Enhancing performance. tutoring, higher levels. higher levels.
Students' Investigate automated Need for | Effective
Educational benefits, assessment. effective implementation
Performance at | challenges, and | Literature implementation | strategies and
Higher Levels implementation | review and | strategies and | ethical
strategies of Al | empirical teacher training | considerations
in education. research emphasized. are crucial.
analysis.
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A Study on the | Evaluate  Al's | Optimized High reliability | Al  positively | Chang et al.,
Evaluation  of | impact on | evaluation and correlation | impacts college | 2024
Al's Impact on | college students' | algorithms and | in students' | students'
University learning. survey analysis. | attitudes learning.
Students' Construct an | Fisher towards Al | Evaluation
Learning Based | evaluation algorithm tools. Al | system
on Data | system based on | model and | influences identifies  key
Analysis  and | data  analysis | LightGBM learning factors for
Machine and machine | quantitative through factors | enhancing
Learning learning. model like purposes, | learning
safety, abilities.
motivation, and
satisfaction.
Perception, Compare Comparison of | ChatGPT's ChatGPT's Ibrahim et
performance, ChatGPT ChatGPT's performance is | performance is | al., 2023
and detectability | performance performance comparable, if | comparable, if
of with students in | against students | not superior, to | not superior, to
conversational 32 university | on 32 | that of students | that of students
artificial courses university-level | in many | in many
intelligence AsSess courses. university-level | courses.
across 32 | detectability of | Assessment of | courses. Current Al-text
university ChatGPT- the detectability | Current Al-text | classifiers
courses generated text in | of ChatGPT's | classifiers cannot reliably
school work use in school | cannot reliably | detect
Save to | work. detect ChatGPT's use
Notebook ChatGPT's use | inschool work.
in school work.

Feasibility of Al in Grading System

The feasibility of Artificial Intelligence
(Al) in grading systems within tertiary institutions
depends on several key factors, including
scalability, cost-effectiveness, accuracy, and ethical
considerations. Al-powered grading systems have
demonstrated significant advantages in automating
assessment processes, reducing grading biases, and
providing real-time feedback to students. However,
their implementation requires adequate
technological infrastructure, faculty training, and
regulatory compliance to ensure fairness and
efficiency.

Scalability of Al systems in large institutions.
Scalability of Al systems in large
institutions is essential for their effective
deployment and long-term functionality. As
organizations grow in size and complexity, Al
systems must adapt to handle increased data
volumes, user demands, and operational challenges.
According to Zhou et al. (2023), scalability
involves the ability of Al models and infrastructure
to expand seamlessly without compromising
efficiency or performance. For example,
institutions with large databases and diverse users
require Al systems capable of processing massive

datasets, managing simultaneous requests, and
delivering personalized outputs. Techniques such
as cloud-based solutions, distributed computing,
and optimized algorithms are often employed to
ensure scalability while maintaining low latency
and high availability (Shruti et al., 2024).In
addition, large institutions demand scalable Al
systems that can support diverse applications across
various departments, such as administration,
teaching, healthcare, and research. A scalable
system should integrate with existing platforms,
support multilingual and multimodal interactions,
and adapt to different use cases with minimal
reconfiguration.  For  instance,  universities
deploying Al for student performance analytics,
administrative  decision-making, and campus
management need flexible, scalable models that
handle varied workflows efficiently (Isha et al.,
2024). Moreover, as these systems expand,
ensuring reliability and security becomes crucial to
prevent vulnerabilities in high-demand
environments (Baten et al., 2022).

Finally, achieving scalability in Al
systems requires alignment with the institution's
long-term goals and available resources. Zhou et al.
(2021) emphasize cost-effective scaling strategies,
such as leveraging modular or containerized Al
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solutions for incremental upgrades. Challenges like
retraining models for larger datasets, addressing
biases in diverse data, and managing ethical
concerns—such as data privacy—intensify as
institutions grow (Mengdi& Jun, 2022). Therefore,
a strategic approach that combines technical
optimization, ethical considerations, and robust
governance frameworks is essential to ensure that
scalable Al systems remain effective, equitable,
and sustainable over time (Xiaoxiao et al., 2021).

Cost-effectiveness compared to  manual
evaluations.

The cost-effectiveness  of artificial
intelligence (Al) in evaluating students’ academic
performance in tertiary institutions is significantly
higher compared to traditional manual evaluations.
Al systems reduce the time and resources required
for assessment by automating repetitive and time-
consuming tasks such as grading and feedback
generation (Hamdi, 2024). Unlike manual
evaluations, which often require substantial human
effort, Al-powered tools can analyze large datasets,
identify trends, and provide personalized insights
with minimal operational costs. For example,
intelligent tutoring systems and automated grading
tools improve efficiency by delivering instant
feedback, allowing educators to focus on higher-
order tasks like mentoring and curriculum
development (Cota-Rivera et al., 2024).

Moreover, Al systems enhance
consistency and accuracy in evaluation, reducing
errors associated with human judgment. Manual
evaluations often suffer from biases and
inconsistencies, which can compromise fairness
and reliability. By leveraging Al techniques such as
natural language processing (NLP) and machine
learning algorithms, institutions can achieve
standardized assessments across diverse student
populations (Milad & Ghazal, 2024). These Al
systems are also scalable, capable of handling large
volumes of data, and adaptive to individual
learning needs, making them cost-effective
solutions for growing student populations without
requiring  proportional increases in  human
resources (Leovigildo, 2024).However, while Al
offers numerous advantages, its implementation in
tertiary institutions involves upfront costs for
infrastructure, training, and system integration.
Despite this, long-term benefits such as reduced
labor costs, improved assessment quality, and
enhanced learning outcomes justify the investment.
Kartik (2024) emphasizes the importance of
balancing technology and human input to maximize
the benefits of Al in education. Therefore, Al
emerges as a cost-effective and efficient alternative

to manual evaluations in tertiary institutions,
provided ethical considerations and equity are
prioritized during its deployment (Arkabaev &
Murzakmatova, 2024).

Effectiveness of Al in Improving grading
accuracy and fairness

Al-driven  grading  systems  have
demonstrated significant improvements in grading
accuracy and fairness, primarily by reducing
human error and subjectivity as shown in table 3.
For example, Alexandra et al. (2024) introduced an
automated short-answer grading system (ASAG)
that outperformed human graders in accuracy and
consistency, with a median absolute error 44%
smaller than human re-graders. Similarly, Amit et
al. (2024) explored an Al-based automated grading
system for open-book examinations, highlighting
its alignment with human expert assessments while
significantly reducing grading time. These findings
underscore Al's potential to standardize assessment
practices, ensuring consistent and unbiased
evaluations across large datasets.

In addition to enhancing accuracy, Al
systems are equipped to address algorithmic biases
and promote fairness in grading. Yan et al. (2021)
demonstrated that lossless de-biasing techniques,
such as oversampling underrepresented groups,
effectively mitigate biases and improve grading
accuracy. Similarly, Weijie and Zachary (2021)
employed adversarial learning with grade label
balancing, achieving fairer outcomes for
historically underserved student groups. These
methods illustrate how Al algorithms can be
designed to overcome systemic inequities, ensuring
equitable treatment of diverse student populations.
Additionally, Bateni et al. (2022) provided practical
guidelines for defining and preventing bias in Al
systems, emphasizing the importance of fairness
without compromising accuracy.

Moreover, Al enhances grading processes
by incorporating real-time feedback and
personalized assessment criteria. Sajeel et al.
(2024) highlighted the ability of Al to promote
equity and student-centered learning by tailoring
grading to individual needs, thereby fostering
engagement and  fairness. In  specialized
applications, Lei and Li (2024) demonstrated the
effectiveness of an improved Adaboost/CT
algorithm, achieving 95.33% accuracy in grading
English  compositions. These advancements
highlight the dual benefits of Al in improving
grading accuracy and providing valuable insights
for personalized student development. However, as
Sribala et al. (2024) noted, ethical considerations
and interdisciplinary collaboration remain essential
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to ensure fairness, transparency, and the responsible use of Al in educational assessments.
Table 3: Effectiveness of Al in Improving grading accuracy and fairness
Title Objectives Methods Used Results Conclusions Ref
Beyond Introduce a | ASAG  system | Model Al grading | Alexandra et
human novel based on fine- | outperforms system al., 2024
subjectivity | automatic tuned transformer | human graders | outperformed
and error: a | short-answer | model in accuracy and | human graders
novel Al | grading Performance consistency. in  consistency.
grading system comparison Median absolute | Al-based
system (ASAG). between Al | error 44% | grading
Evaluate model and human | smaller than | automation
ASAG's experts human re- | shows promise
performance graders. for fairer
against grading.
human
graders  for
consistency.
Al-Based Develop Al- | Al-based Automated Al-based Amit et al.,
Automated based automated grading aligns | grading system | 2024
Grading automated grading system well with human | aligns with
Systems for | grading  for | Machine learning | expert human
open  book | open book | algorithms  and | assessments. assessments.
examination | exams. natural language | Reduces grading | Automated
system: Evaluate processing time while | grading reduces
Implications | system's techniques maintaining time while
for accuracy and accuracy and | maintaining
Assessment | implications fairness. accuracy and
in Higher | for fairness.
Education educational
assessment.
Automated Explore Al's | Real-time Al enhances | Al enhances | Sajeel et al.,
Evaluation impact on | feedback assessment, assessment, 2024
Techniques assessment, mechanisms grading, and | grading, and
and Al- | grading, and | Personalized feedback feedback
Enhanced feedback grading  criteria | processes in | processes in
Methods processes. and student data | higher higher
Promote analysis education. education.
equitable, Promotes Promotes
student- student student
centered engagement, engagement,
learning fairness, equity, | fairness, and
through  Al- and personalized | equity through
driven grading criteria. | personalized
assessment grading.
methods.
Improving Mitigate bias | Information- Oversampling Lossless de- | Yan et al.,
Fairness of | in Al systems | lossless de- | underrepresented | biasing 2021
Al Systems | for fairness. | biasing technique | groups mitigates | technique
with Improve Oversampling algorithmic bias. | improves
Lossless De- | accuracy by | underrepresented | Oversampling fairness and
biasing. addressing groups improves overall | accuracy.
class accuracy by | Oversampling
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imbalance. mitigating class | underrepresented
imbalance. groups mitigates
algorithmic bias.
Towards Improve Adversarial Adversarial Adversarial Weijie, and
Equity and | grade learning with | learning with | learning with | Zachary,
Algorithmic | prediction grade label | label balancing | label balancing | 2021
Fairness in | fairness balancing achieved fairest | achieved fairest
Student regarding Sampling results. results.
Grade race. historically Sampling Sampling
Prediction Enhance underserved historically historically
predictive groups in inverse | underserved underserved
performance proportion for | groups improved | groups improved
for boosting predictive predictive
historically performance performance. performance.
underserved
student
groups.
Al Fairness: Evaluating bias in | Evaluates Evaluates Bateni et al.,
from Al systems. | approaches for | approaches for | 2022
Principles to Techniques  for | fairness in Al | pursuing fairness
Practice balancing fairness | systems in Al systems.
and accuracy Provides Provides
practical practical
guidelines  for | guidelines  for
defining and | defining and
preventing bias | preventing bias
in Al in Al
Research on | Improve Adaboost Adaboost/CT Adaboost/CT Lei and Li
the intelligent algorithm in | algorithm algorithm shows | 2024
Application grading machine learning. | achieves 95.33% | high
of Intelligent | methods in | Improved accuracy for | effectiveness in
Grading English Adaboost/CT high/low-quality | grading.
Method education. algorithm for | English. Improved
based on | Enhance intelligent Outperforms accuracy and
Improved accuracy and | grading. DFA method | practicality in
ML feedback in with 79.66% | English
Algorithm in | grading accuracy and | composition
Sustainable compositions. 94% proximity | evaluation.
English accuracy.
Education
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Improving Study Three in-process | Proposed Al algorithms in | Dana and
fairness  of | fairness of Al | and pre-process | methods data settings | Erez, 2021
artificial in Privileged | fairness improve fairness | with Privileged
intelligence Group mechanisms with minimal | Group Selection
algorithms in | Selection Supervised and | accuracy Bias (PGSB) can
Privileged- Bias settings. | semi-supervised compromise. lead to high
Group Propose learning Evaluation  on | algorithmic bias.
Selection methods  to | algorithms real-world Proposed
Bias data | overcome datasets shows | methods can
settings algorithmic significant improve fairness
bias in hiring. fairness with  minimal
improvement. compromise in
accuracy.
FairAIED: Evaluate Varied data | Identifies Emphasizes Sribala et al.,
Navigating literature on | gathering common biases | ethical 2024
Fairness, fairness, bias, | techniques for | undermining considerations
Bias, and | and ethics in | bias mitigation. fairness in | and legal
Ethics in | educational Algorithmic educational Al. frameworks for
Educational | Al. fairness Emphasizes fairness.
Al Identify interventions  to | need for ethical | Calls for
Applications | biases  and | address biases. considerations interdisciplinary
techniques and diverse | collaboration to
for mitigating datasets. ensure fair Al in
them in Al education
applications.

Consistency and Objectivity inAl
System

The integration of Artificial Intelligence
(Al) in grading systems has significantly improved
the consistency and objectivity of academic
assessments in tertiary institutions. Unlike human
grading, which is susceptible to subjectivity,
fatigue, and biases, Al-driven grading systems
provide uniform evaluations based on predefined
criteria. This ensures that students receive fair,

Grading

accurate, and repeatable assessments, thereby
improving  the  reliability = of  academic
evaluations.Al grading systems, such as the

automatic short answer grading (ASAG) model,
have demonstrated a median absolute error 44%
smaller than human graders, indicating superior
consistency (Gobrecht et al., 2024). The alignment
of Al grading results with human assessments in
open book examinations further supports the
reliability of Al systems (Dimari et al., 2024).Al
grading systems demonstrate higher consistency
compared to human evaluators. For instance, a
study found that an Al model's median absolute
error in grading was 44% smaller than that of
human re-graders (Gobrecht et al., 2024).
Automated systems can apply uniform criteria
across all assessments, ensuring that similar
responses receive similar grades, which is often

challenging for human graders due to personal
biases.

Al systems utilize advanced algorithms to
minimize biases, promoting equitable grading
across diverse student populations (Ahmed et al.,
2024). Techniques like adversarial learning and
label balancing have been effective in addressing
performance disparities related to race, enhancing
fairness in grade predictions (Jiang & Pardos,
2021). While Al grading systems offer substantial
benefits, concerns about algorithmic bias and the
need for careful implementation remain critical.
Ensuring that Al systems are designed to mitigate
biases is essential for maintaining fairness in
educational assessments (Zhou et al., 2021). Al
significantly contributes to reducing human
subjectivity in grading by automating the
assessment process, thereby enhancing consistency

and fairness. Various Al systems leverage
advanced algorithms and natural language
processing to evaluate student responses,

minimizing the variability often introduced by
human graders. The following sections outline key
contributions of Al in this context.

Al systems utilize machine learning and
natural language processing to assess subjective
answers against ideal responses, generating scores
based on similarity (Rangwala, 2023). By focusing
on critical elements of student responses, Al can
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provide interpretable grades that reflect the
content's quality rather than the grader's subjective
interpretation (Wang et al., 2018). While Al
grading systems offer substantial benefits in
reducing subjectivity, concerns about their
limitations, such as potential biases in training data
and the inability to fully capture nuanced student
responses, remain important considerations in the
ongoing development of these technologies.

Efficiency and Time Savings

Al systems significantly reduce the time
required for grading. For example, automated
grading for open book examinations has shown
promising results in aligning with human
assessments while saving considerable grading
time (Dimari et al., 2024). The implementation of
Al-assisted grading for math problems also
highlights efficiency, as it can quickly evaluate
complex equations and reasoning without extensive
teacher involvement (Yang & Zhu, 2022).

Comparison of Al grading systems with human
graders

The evidence supporting the claim that Al
grading systems are more consistent than human
graders is robust, stemming from various studies
that highlight the advantages of Al in reducing
subjectivity and error in grading. These systems
have demonstrated superior accuracy and reliability
when compared to human evaluators, particularly
in high-stakes assessments.A study introduced an
automatic short answer grading (ASAG) system
that showed a median absolute error 44% smaller
than that of human re-graders, indicating greater
consistency in grading outcomes (Gobrecht et al.,
2024).Another research highlighted an Al-based
automated grading system for open book
examinations, which aligned closely with human
expert assessments, showcasing its reliability and
objectivity (Dimari et al., 2024).Generative grading
methods achieved super-human accuracy in coding
tasks, improving grading accuracy by 50%
compared to previous systems, while also halving
grading time (Malik et al., 2019).An automated
essay grading system demonstrated a Pearson
Correlation of 0.93 with human graders, indicating
a high level of agreement and consistency (A. et al.,
2024).While Al grading systems show promise in
enhancing consistency and reducing human error,
concerns remain regarding their ability to fully
replicate the nuanced understanding of human
graders, particularly in complex assessments where
subjective interpretation is crucial(Wu et al., 2024

Techniques for enhancing fairness in Al grading
systems

Enhancing fairness in Al grading systems
involves addressing biases and ensuring that the
system provides equal opportunities for all
students. The table 4provides an insightful
overview of techniques aimed at enhancing fairness
in Al grading systems, highlighting diverse
methodologies, objectives, and outcomes. Zhou et
al. (2023) and Zhou et al. (2021) focus on
addressing algorithmic bias and class imbalances
through synthetic data generation and oversampling
techniques, such as the Synthetic Minority
Oversampling Technique (SMOTE) and lossless
de-biasing. Both studies demonstrate that these
approaches significantly improve fairness in Al
models by mitigating biases associated with
underrepresented groups. SMOTE, in particular, is
effective in enhancing fairness even when label and
selection biases are present, while the lossless de-
biasing technique also contributes to better
accuracy by addressing class imbalances.

Further contributions to fairness in Al
systems are explored by Isha et al. (2024), who
propose  fairness-aware ~ machine  learning
algorithms and emphasize the role of ethical
considerations and interdisciplinary perspectives in
mitigating  biases. Their holistic approach,
supported by empirical evaluations and case
studies, underscores the importance of using
diverse datasets and intelligent algorithms to
maintain fairness across demographic groups.
Similarly, Baten et al. (2022) focus on practical
aspects, offering guidelines for defining,
measuring, and preventing bias in Al systems.
Their work bridges the gap between theoretical
principles and practical applications, providing a
roadmap for balancing fairness and accuracy in Al
systems.

Innovative  strategies for  improving
fairness are further demonstrated by Shruti et al.
(2024) and Xiaoxiao et al. (2021). Shruti et al.
leverage a single-input, multi-output model tested
on the UTKFace dataset to enhance fairness in
facial recognition tasks, achieving reduced mean
absolute error and improved classification
accuracy. Xiaoxiao et al. take a different approach,
employing adversarial multi-task training strategies
and orthogonality regularization to mitigate bias,
particularly in medical image analysis. Their
method is validated on large-scale datasets,
showcasing its effectiveness in improving fairness
without sacrificing performance. Additionally,
Mengdi and Jun (2022) propose an adaptive
fairness improvement method based on causality
analysis, which identifies the optimal fairness
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technique  with

minimal

time

overhead.

Collectively, these studies illustrate the breadth of

Table 4: Overview of techniques for enhancing fairness in Al grading systems

innovative approaches and their critical role in
advancing fairness in Al systems.

Study Objectives Methods Used Results Conclusions Ref
On Improving | To establish | Synthetic Synthetic  data | Synthetic data | Zhou et
Fairness of Al | formal error | Minority generated by | generated by | al., 2023
Models with | and fairness | Oversampling oversampling oversampling
Synthetic bounds  for | Technique underrepresented | underrepresented
Minority SMOTE (SMOTE) was | groups can | groups can
Oversampling | technique. used. mitigate mitigate
Techniques Comparison with | algorithmic bias | algorithmic bias
state-of-the-art in Al models. in Al models.
fair Al techniques | The  approach | The SMOTE
was also done. effectively technique  can
improves effectively
fairness even | improve fairness
with label and | in Al models.
selection bias.
Improving Mitigate bias | Information- Oversampling Lossless de- | Zhou et
Fairness of Al | in Al systems | lossless de- | underrepresented | biasing al.,2021
Systems with | for fairness. biasing technique | groups mitigates | technique
Lossless De- | Improve Oversampling algorithmic bias. | improves
biasing. accuracy by | underrepresented | Oversampling fairness and
addressing groups improves overall | accuracy.
class accuracy by | Oversampling
imbalance. mitigating class | underrepresented
imbalance. groups mitigates
algorithmic bias.
Harmonizing | Develop Innovative Develops Develop Al | Isha et al.,
Intelligence: algorithms to | machine-learning | intelligent models reducing | 2024
A Holistic | identify and | techniques, algorithms  to | prejudice while
Approach to | prevent ethical identify and | maintaining
Bias biases in Al | considerations, prevent biases in | moral norms.
Mitigation in | systems. interdisciplinary Al. Empirical
Artificial Ensure perspectives Empirical evaluations and
Intelligence fairness Fairness-aware evaluations and | case studies
(Al across machine learning | case studies | demonstrate
diverse algorithms, demonstrate effectiveness of
demographic | diverse and | effectiveness of | approach.
groups in Al | representative bias reduction.
models. datasets
Responsible Enhance Single input | Enhanced Proposed model | Shruti et
Al in Action: | Fairness in | multi-output accuracy for | improves al., 2024
Enhancing Computer model with non- | gender and race | accuracy and
Fairness  in | Vision linearity. classification. fairness in facial
Computer through Tested on | Reduced mean | recognition.
Vision Model UTKFace dataset, | absolute  error | Achieves lowest
through Improvement | compared ~ with | for age | mean  absolute
Model Strategies existing  CNN | prediction. error for age
Improvement models. classification.
Strategies
Al  Fairness: | Evaluate Evaluating bias in | Evaluates Evaluates Baten et
al., 2022
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from approaches Al systems approaches for | approaches for
Principles to | for fairness in | Techniques  for | fairness in Al | pursuing fairness
Practice Al systems. balancing fairness | systems in Al systems
Propose and accuracy Provides Provides
guidelines for practical practical
measuring guidelines  for | guidelines  for
and defining and | defining and
preventing preventing bias | preventing bias
bias. in Al in Al
Adaptive Improve Pre-processing, Identifies the | Adaptive Mengdi,
fairness fairness  in | in-processing, and | best fairness | method and Jun,
improvement | neural post-processing improving effectively (2022).
based on | networks methods method improves
causality without proposed. effectively. fairness without
analysis sacrificing Adaptive method | Achieves accuracy loss.
accuracy. based on causality | average time | Causality
Adaptively analysis for | overhead of 5 | analysis  helps
select fairness minutes. identify best
fairness improvement. fairness
methods improvement
using method.
causality
analysis.
Estimating Mitigate and | Adversarial multi- | Proposed Adversarial Xiaoxiao
and detect bias in | task training | method multi-task et al.,
Improving Al models. strategy effectively training strategy | 2021
Fairness with | Improve Discrimination estimates  and | improves
Adversarial fairness in | module and | improves fairness.
Learning. medical critical  module | fairness. Proposed
image with orthogonality | Evaluated on a | method effective
analysis regularization large-scale skin | for  estimating
systems. lesion dataset. and improving
fairness.
Challenges of using Al in Evaluating Students Technical limitations, particularly

academics performance

Ethical concerns, particularly around data
privacy, present a significant challenge in the
deployment of Al systems in education and large
institutions. The collection and processing of
sensitive student and institutional data raise critical
issues related to consent, data ownership, and the
risk of unauthorized access or misuse (Zhou et al.,
2023). Al systems, especially those using personal
data for personalized learning or predictive
analytics, must comply with data protection
regulations such as GDPR or HIPAA to mitigate
risks (Baten et al., 2022). As Al systems handle
increasingly complex datasets, ensuring the privacy
and security of personal information becomes even
more paramount. Without adequate safeguards,
institutions may face legal and reputational risks
that could undermine the effectiveness and trust in
Al applications (Mengdi& Jun, 2022).

algorithmic bias, also pose a challenge to the
successful implementation of Al systems. Al
models trained on biased or non-representative
datasets can perpetuate existing inequalities,
leading to unfair outcomes in grading, performance
prediction, and resource allocation (Isha et al.,
2024). For example, facial recognition algorithms
may exhibit racial or gender biases, undermining
the fairness of Al-driven evaluations (Shruti et al.,
2024). Addressing these biases requires employing
diverse and representative datasets, as well as using
fairness-aware machine learning techniques to
mitigate discrimination (Zhou et al., 2021). Failure
to adequately address these technical issues may
result in Al systems that exacerbate disparities
rather than promoting equity in educational
settings.

Resistance to adoption by educators and
students is another significant barrier to the
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widespread use of Al in educational institutions.
Many educators’ express concerns over Al systems
replacing human judgment, fearing that automation
may devalue their roles and reduce student-teacher
interaction (Xiaoxiao et al., 2021). Students may
also be skeptical of Al's ability to assess their
learning needs accurately and fairly, leading to a
reluctance to embrace Al-driven platforms.
Overcoming this resistance requires transparent
communication, addressing concerns about job
displacement, and demonstrating the value of Al in
enhancing learning experiences (Zhou et al., 2023).
Moreover, providing training and support for both
educators and students is essential to ensure that
they feel empowered to use Al tools effectively,
fostering a collaborative rather than adversarial
relationship with technology (Baten et al., 2022).

Information-Lossless De-biasing and Holistic
Bias Mitigation Strategies

This approach emphasizes the importance
of maintaining demographic information while
addressing bias. By oversampling underrepresented
groups, it not only mitigates bias but also enhances
overall accuracy in Al predictions (Zhou et al.,
2021). The technique has been validated through
theoretical and empirical studies, showcasing its
effectiveness in real-world datasets (Zhou et al.,
2021). A comprehensive strategy that combines
machine learning techniques with ethical
considerations can address bias at various stages,
including data collection and model training
(Mishra et al., 2024). This approach advocates for
diverse  datasets and the inclusion of
underrepresented groups, promoting fairness and
user trust in Al systems (Mishra et al., 2024).
While these techniques show promise in enhancing
fairness, there remains a concern regarding the
potential trade-offs between accuracy and fairness.
Some argue that overly focusing on fairness may
inadvertently ~ compromise  the  predictive
performance of Al systems, necessitating a
balanced approach (Bateni et al., 2022).

Future Prospects and
Recommendations for Al-Driven Assessments

Future advancements in Al-driven student
evaluation systems will require continuous
refinement of algorithms to ensure unbiased,
transparent, and adaptable assessment methods.
Studies recommended the incorporation of
explainable Al (XAl) models to enhance
interpretability and build trust among educators and
students (Dana & Erez, 2021). Additionally,
integrating Al with learning management systems
(LMS) could facilitate real-time performance
tracking, enabling personalized learning

interventions (Pacheco-Mendoza et al., 2023). Al-
human collaborative grading was proposed as an
optimal strategy, leveraging Al’s efficiency while
maintaining human oversight in  complex
evaluations (Yesmin, 2024). To ensure ethical Al
deployment, adherence to regulatory frameworks
such as GDPR and Al ethics guidelines was
recommended (Abbas et al., 2023). Ultimately,
while Al holds transformative potential in
academic assessments, achieving its full benefits
will require addressing infrastructural, ethical, and
pedagogical challenges.

V. CONCLUSION

The findings of this systematic review
highlight the growing significance of Al in
evaluating students' academic performance in
tertiary institutions. Al-based tools have shown
remarkable efficiency in grading, providing
immediate feedback, and offering personalized
learning experiences. The review established that
Al systems enhance grading accuracy and fairness
while reducing subjectivity, bias, and manual
workload for educators. Additionally, predictive
analytics and adaptive learning models contribute
to early identification of struggling students,
thereby improving overall academic outcomes.
However, the study also identified several
challenges associated with Al adoption, including
ethical concerns related to data privacy, biases
embedded in Al algorithms, and resistance from
educators and students. Infrastructure constraints in
resource-limited institutions further impede the
feasibility of large-scale Al implementation.
Addressing these challenges requires the
development of transparent Al models, ethical
oversight mechanisms, and adequate training for
educators and students. In conclusion, Al holds
significant promise for revolutionizing academic
performance evaluation in tertiary institutions.
While its effectiveness is evident, its full potential
can only be realized through responsible
implementation,  continuous  refinement  of
algorithms, and ensuring equitable access to Al-
driven educational tools. Future research should
focus on mitigating bias, improving interpretability,
and exploring cost-effective solutions for broader
Al integration in educational assessments.
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