JOURNAL OF EDUCATIONAL
TECHNOLOGY AND
INNOVATION

Al-assisted Assessment in Higher Education:
A Systematic Review

Chunyi Zhao'

("Higher Education Development Center, University of Otago, New Zealand)

Abstract: Al tools are increasingly used in education, impacting teaching and learning
across various disciplines. However, previous review articles and empirical studies have not
systematically discussed the application of Al in higher education assessment, the impact
on user acceptance during its application, and the future opportunities and challenges. This
systematic review aims to understand the application of Al tools in assessment, factors that
influence students' and educators' perceptions, and related challenges and opportunities.
Analyzing 81 empirical studies through matrix coding and content analysis, the results show
that Al tools are used in intelligent tutoring and personalized learning, giving automated
assessment and feedback, virtual classroom and online collaboration, learning analytics and
prediction, knowledge management and resource recommendation, and educational chat
assistants. Al tools offer high-quality, real-time, personalized feedback, improving cognitive
and metacognitive skills and fostering positive emotions. Despite the benefits, challenges
such as security and privacy concerns, algorithmic bias, unreliable feedback, negative
attitudes, insufficient abilities, academic integrity issues, and lack of proper guidance persist.
To advance our understanding of Al as an assessment tool, we call for studies that explore
ways to enhance teachers’ and students’ perceptions and refine guidelines to prevent academic
dishonesty and ensure responsible Al use.
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1. Introduction
1.1 Artificial intelligence (A1) in higher education

Artificial Intelligence (Al) generally refers to the application of a range of technologies,
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methods and algorithms to perform cognitive tasks
that are typical of human intelligence, such as learning
and problem-solving (Zawacki-Richter et al., 2019).
It has been increasingly adopted by higher education,
with various Al solutions being made available
to facilitate learning, teaching, and administrative
tasks. With the increase in the adoption of Al, many
literature reviews have been conducted to help
researchers and educators understand the role of Al
and its impact on higher education. Some reviews
sought to describe the nature of the activities that
Al performs (e.g. Ouyang et al., 2022; Zawacki-
Richter et al., 2019). They show that Al has been
commonly used to (a) profile students and predict their
performances, (b) develop intelligent tutoring systems
or adaptive learning systems that perform teaching
activities with enhanced personalization and learning
experiences, and (c) enable Al-based assessment
of student learning and automated feedback. Other
reviews have chosen to explore the influence of Al
on higher education, showing the potential high-level
changes within formal education arrangements and
beyond classroom settings (Roll & Wylie, 2016) and
structural alternations in relationships between staff,
students, technology, and institutions (Bearman et al.,
2023). Another group of reviews has sought to focus
exclusively on the ‘micro-level’ pedagogical activities
supported by the application of Al. The review by Xu
& Ouyang Fan (2022), for example, identified three
pedagogical roles of Al. These include Al serving
(a) as a new subject expert replacing the roles of
teachers or tutors, (b) as a direct mediator that bridges
the interaction between students, educators, and
learning artefacts, and (c) as a supplementary assistant
that indirectly facilitates a better understanding of
teaching and learning patterns as well as subsequent
improvements. Celik et al. (2022) further mapped out
how Al can facilitate the planning, implementation,
and evaluation of teaching activities, and identified the

role of teachers in the educational application of Al.
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While the above reviews have contributed
substantially to our understanding of the scope of Al
application in higher education, authors of the reviews
consider current research to have limited insights into
the pedagogical implications brought about by Al (e.g.
Zawacki-Richter et al., 2019). Even for the reviews
on Al-mediated pedagogical activities (e.g. Celik et
al., 2022; Xu & Ouyang Fan, 2022), much has been
on using Al to help educators design learning. Student
cognitive outcomes and attitudinal acceptance have
been used as proxy measures of the impact of Al on
pedagogy, but the process by which students engage
with assessment, which is a core aspect of learning
and teaching—especially Al-assisted assessment
during learning—remains unclear.

1.2 Al-assisted assessment in higher education

Al-assisted assessment involves using artificial
intelligence technologies to design, administer, score,
and analyze evaluations (Holmes & Luckin, 2016).
Utilizing machine learning and natural language
processing (NLP), AI tools analyze vast amounts
of student data to predict academic performance
and course completion rates based on previous
performance (Gamage et al., 2023; Talebinamvar &
Zarrabi, 2022). By monitoring students' interactions
and behaviors in online courses, Al provides early
warnings for those at risk of failing, enabling timely
interventions (Guerrero-Roldan et al., 2021; Huang
et al., 2022). Al is also used in sentiment analysis
to assess students' emotional and cognitive states
through their written feedback, offering insights for
personalized learning experiences (Liu et al., 2017;
Yu, 2021). In MOOC:s, Al predicts learner behavior
and goal achievement, informing course design
and instructional strategies (Zhang, 2024). Across
various disciplines, Al enhances efficiency and
academic support, promoting personalized learning
and improved educational outcomes (Holmes et al.,
2018; Kumar et al., 2024). These approach enhances

the assessment process by providing automated
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grading, personalized feedback, and insightful data
analysis, thereby improving accuracy and efficiency in
measuring student performance.

1.3A4ims of the present systematic review

As empirical studies on the use of Al tools for
assessment in higher education increase, synthesizing
existing evidence is essential to map the research
landscape and identify knowledge gaps. A systematic
literature review could offer direction for future
research and support the integration of Al tools in
higher education assessment.

In this review, we define Al tools as an
assessment tool applied in higher education settings
to evaluate students’ academic performance in
various disciplines. We regard assessment as the
process of making judgments about students' work or
performance at any given time, which can come from
educators, students, oneself, or machines, and may
result in grades or insights into the work (Bearman
et al., 2023). We do not narrow down the Al-assisted
assessment to updated Al tools like ChatGPT but
include computer-based assessments equipped
with automated feedback and evaluation. We have
collected as many Al tools used for assessment in
higher education as mentioned in current research,
categorized them based on their purposes and
performance, and conducted further exploration on
this basis.

The primary aim of this systematic review is to
explore the factors that influence perceptions of Al-
assisted assessment from educators and students in the
higher education field and analyze the opportunities
and challenges in teaching and learning.

2. Method

2.1 Literature search procedure

The systematic review is conducted through
five steps (Arksey & O’Malley, 2005) including
identifying the research questions, identifying relevant
studies, selecting studies to be included, charting the

data and collating, summarizing and reporting the

results. The PRISMA flowchart is adopted to record
the screening process (Page et al., 2021).

Step 1: Identifying the research questions

Recent scholarship indicates that Al tools
have been extensively adopted in higher education;
however, research examining the impact of Al tools
used as assessment aids on teachers and students is
scarce, particularly regarding how achievements in
Al-assisted assessments are reported. This systematic
review therefore addresses the following research
questions:

RQ 1: How is artificial intelligence employed in
the assessment processes within higher education?

RQ 2: What factors influence teachers' and
students' perceptions of Al in assessments?

RQ 3: What are the challenges and opportunities
associated with Al-assisted assessment in higher
education?

Step 2: Identifying relevant studies

The literature search, depicted in Figure 1,
adhered to the PRISMA guidelines outlined by Page
et al. (2021). In collaboration with an experienced
librarian, a search query was developed for database
exploration: ((higher education OR higher learning
OR tertiary education OR post-secondary education
OR university OR college) AND (AI OR artificial
intelligence OR machine learning OR ChatGPT)
AND (assess™ OR self-evalua*)). On April 26, 2024,
this query was applied across four databases: Web
of Science, ERIC, Scopus, and PsycINFO (Ovid),
restricted to peer-reviewed articles in English relevant
to higher education, yielding 1178 records initially,
reduced to 1121 after eliminating duplicates.

Despite adhering to PRISMA guidelines,
the literature search had several limitations.
Restricting the search to English, peer-reviewed
articles introduced language and publication biases,
potentially overlooking non-English research
and gray literature such as conference papers and

dissertations. Additionally, variations in terminology
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might have caused some relevant studies to be
missed, and the April 26, 2024 cutoff excluded
recent publications, affecting the review’s timeliness.
Publication bias towards positive findings can also
distort the understanding of AI’s effectiveness in
higher education. Furthermore, removing duplicates
might have inadvertently excluded studies available
in multiple formats. Future research might address
these limitations by expanding the range of databases,
including multilingual and gray literature, refining
search terms, and regularly updating the review to
incorporate the latest studies.

Step 3: Selecting studies to be included

The initial screening involved examining
titles and abstracts, followed by a full-text review.
Studies were selected based on their empirical
nature, relevance to higher education, and focus
on online assessments. Exclusions were made for
review articles, theoretical or opinion pieces, studies
outside the higher education scope, or those unrelated
to online technologies. During the study selection
process, several exclusion criteria ensured that only
relevant and high-quality research was included.
Review articles, theoretical or opinion pieces were
omitted to focus on primary empirical data. Studies
outside the higher education context, such as those
related to K-12 or vocational training, were excluded
to maintain relevance. Additionally, research
not specifically addressing online or Al-assisted
assessment technologies was removed to ensure the
focus remained on digital evaluation methods. Only
empirical studies with quantitative, qualitative, or
mixed-method approaches written in English were
considered, excluding non-empirical works and
those in other languages. During full-text and quality
evaluations, studies with methodological weaknesses,
such as inadequate sample sizes or flawed designs,
as well as those inaccessible due to paywalls, were
further excluded. Furthermore, studies that did not

thoroughly explore technology-enhanced assessments
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or were conducted in vastly different geographical or
cultural contexts were omitted to ensure contextual
relevance. This rigorous screening initially retained
164 articles, with 81 meeting all inclusion criteria for
the final analysis, ensuring the selection was pertinent,
methodologically robust, and aligned with the
focus on Al-assisted or technology-enhanced online
assessments in higher education.

Data from these articles were compiled into
a spreadsheet, detailing authors, publication years,
journals, research objectives, methodologies, results,
and conclusions. These articles spanned 61 peer-
reviewed journals covering educational science,
educational technology, assessment practices, artificial
intelligence in education, and other relevant fields.
The 81 studies represented 28 distinct countries and
regions, including the Mainland China (n=16), USA
(n=14), Australia (n=8), the UK (n=7), Taiwan (n=5),
Turkey (n=4), Germany (n=3), Japan (n=3), Hong
Kong (n=3). Three studies was conducted in mixed
regions: Vietnam & Singapore (n=1); India, Bahrain,
Saudi Arabia, UAE, Oman, Qatar, and Sri Lanka (n=1);

Taiwan and Japan (n=1).

‘ Identification of studies via databases and registers J

H Records removed before
i Records identified from*: screening:
Databases (n =4 ) » Duplicate records removed
% Registers (n = 1178) (n=57)
!
—
Records screened | Records excluded**
(n=1121) (n=961)

I

Reports sought for retrieval »| Reports not retrieved
(n=164) Tl 0=7)

l

Reports assessed for eligibility Reports excluded:

(n=157) | Reason 1 Context not related to
higher education (n = 13)
Reason 2 Views have not been
substantiated through empirical
research (n = 34)

Reason 3 Al does not play the
role of an assessment tool in the
y research content (n = 29)

Screening

Studies included in review
(n=81)

=3

Figure 1. PRISMA Flow Diagram for Database Research, Records
Screening, and Inclusion.
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2.2 Method of analysis

Step 4: Charting the data

Inductive thematic analysis was conducted on
the included 81 articles. Thematic analysis (TA)
can be used across different ranges of theoretical
frameworks and indeed research paradigms (Clarke
& Braun, 2017). The analysis in this review consisted
of three stages: coding, category forming, and theme
development. Firstly, the included articles are coded
to distract the information which can answer the
research questions. The selected 81 articles were
analyzed to extract information on the definitions
of Al and assessment, the research objectives and
questions, the methodologies employed, the Al tools
used in the studies, and the impact of these Al tools on
educational assessment.

Step5: Collating, summarizing and reporting the
results

The summarizing process is conducted in three
steps. The first step is to systematically organize the
collected data to ensure all information can address
the research questions posed. For example, extracting
Al tools studied from the included literature and
categorizing them according to their applications

helps understand the role of Al as an assessment tool

Educational
Robots and Chat
Assistants

23%
KEnowledge
Management
and Resource
Recommendatio
n
1%

Learning
Analytics and
Prediction
19%

in higher education. Subsequently, a comprehensive
analysis of the data is conducted to distil the main
findings and conclusions. Finally, the results are
presented in a clear and structured report format,
enabling readers to fully comprehend the research
outcomes.

3. Result

3.1 Al Tools and their applications in higher
education

In the included 81 articles, 69 distinct
artificial intelligence (Al) tools were mentioned,
including ChatGPT, Grammarly, Pigai, Explainable
Al, XG Boost, BERT, RoBERTa, AES system,
and Anthropic Claude 1.0. These tools cover
various aspects of education, such as Intelligent
Tutoring and Personalized Learning, Automated
Assessment and Feedback, Virtual Classrooms
and Online Collaboration, Learning Analytics and
Prediction, Knowledge Management and Resource
Recommendation, and Educational Robots and Chat
Assistant. This distribution highlights the emphasis
on automated assessment and learning analytics,
reflecting the growing need for personalized and data-
driven educational solutions.

Intelligent tutoring and personalized learning:

Intelligent
Tutaring amd
ersonalized

Automated

N Assessment and
Feedback

23%

irtual
Classrooms and
Online
Collaboration
5%

Figure 2. Aspects of Al-assessment’s application
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These tools aim to provide customized educational
experiences based on students' individual needs and
learning pace. Utilizing artificial intelligence, these
systems can analyze students' learning behaviors and
provide personalized tutoring and feedback to help
students improve their learning outcomes. Examples
include Artificial Intelligent Tutoring Systems (AITSs)
and Individual Digital Study Assistants (IDSA). These
Al tools enhance assessments by generating diverse
and adaptive quizzes, providing immediate feedback,
and delivering customized content based on learners'
strengths and weaknesses (Karrenbauer et al., 2023;
S.-C. Liu & Hung, 2016; McNamara et al., 2013;
Miranty & Widiati, 2021; Xiao & Park, 2021). Al-
generated cloze items and personalized tests improve
reading skills, engagement, and comprehension
(Yang et al., 2021). Al offers personalized learning
experiences, automates test generation, and positively
impacts learning outcomes.

Automated assessment and feedback: These
tools automatically assess students' assignments
and exams and provide instant feedback. They can
reduce teachers' workload and improve the efficiency
and accuracy of assessments. Examples include
Grammarly, Automated Writing Evaluation (AWE)
tools, and Versant English Test (VET). These systems
analyze text features at lexical, syntactic, semantic,
and discourse levels, offering feedback on grammar,
spelling, sentence diversity, structure, organization,
coherence, and conclusions (Dizon & Gayed, 2021;
M. Liu et al., 2017; Lu et al., 2021; McNamara et
al., 2013; Nicula et al., 2023; Y. Zhang, 2024). Al-
driven AES and AWE tools enable efficient, accurate,
and scalable assessments using advanced algorithms
like support vector machines and particle swarm
optimization. Moreover, Al-generated feedback
encourages students to engage more deeply in
the revision process, fostering improved learning
outcomes.

Virtual classrooms and online collaboration:

44 2024.12 Volume 6, Issue 4

These tools provide virtual learning environments
supporting real-time interaction and collaboration
between teachers and students online. Virtual
classrooms can simulate the experience of a physical
classroom, while online collaboration tools help
students with group projects and discussions.
Examples include Skill Simulator, Intelligent Cloud
Teaching Platform and Attention Aware System (AAS).
AAS significantly enhances student performance
assessment in e-learning by identifying and managing
learners' attentional states in real-time based on
brainwave signal. AAS can recognize high or low
attention levels and integrate with video tagging
systems to detect low-attention periods. Automated
approaches using machine learning and computer
vision further assess engagement by analyzing
visible indicators, reducing the need for manual
video inspection (Goldberg et al., 2021). This allows
for the evaluation of more individuals and longer
lessons, offering valuable feedback for curriculum
development.

Learning analytics and prediction: In higher
education, researchers utilize machine learning and
natural language processing (NLP) techniques for
sentiment analysis, as well as fuzzy logic techniques to
detect inaccuracies between numerical and sentiment
scores, and to calculate assessment scores. These
technologies and algorithms are applied to predict
student performance and evaluate their achievements
in Massive Open Online Courses (MOOCs) (Maguire
et al., 2017; Pinargote-Ortega et al., 2023). Al tools
can achieve the goal of predicting students' learning
trends, including their academic performance levels,
course pass rates, and other related outcomes (Huang
et al., 2022). These tools have had a significant impact
in the field of education, for example, leading to
common design changes in assessment methods (Lee
et al., 2024).

Knowledge management and resource

recommendation: These tools help organizations and
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students effectively manage knowledge and learning
resources and recommend relevant resources based on
users' interests and needs (Nicula et al., 2023; Yang
et al., 2021). Utilizing natural language processing
and machine learning technologies, these tools can
enhance learning and research efficiency (Dizon
& Gayed, 2021; Lu et al., 2021; Maguire et al.,
2017). Examples include Tencent Translator, Natural
Language Processing (NLP) techniques, and Research
Rabbit.

Educational robots and chat assistants:
Educational robots and chat assistants, such as
ChatGPT, GenAl, and Midjourney, are revolutionizing
education by enhancing accessibility and convenience.
These Al tools provide instant interaction and support,
answering a wide range of questions and offering
personalized learning suggestions (Bearman et
al., 2023; Kavadella et al., 2024; Mohamed, 2024;
Perkins, 2023). They create a more dynamic and
interactive learning environment, maintaining student
engagement and motivation. Al chat assistants can
adapt to different learning styles and paces, breaking
down complex concepts and providing practice
exercises and quizzes to reinforce learning (Chiu,
2024; Moorhouse et al., 2023; Ogunleye et al., 2024).
They also offer emotional support, helping students

manage stress and improve well-being. For educators,

these tools handle routine queries and administrative
tasks, allowing teachers to focus on complex
instructional activities and personalized student
interactions (Bower et al., 2024; Hmoud et al., 2024;
Jafari & Keykha, 2023). Additionally, data collected
by Al chat assistants provide insights into student
performance and learning patterns, enabling teachers
to identify areas needing additional support and adjust
their teaching methods accordingly (Crawford et al.,
2023; Kolade et al., 2024; Mahapatra, 2024).

3.2 Factors influence educators' and students'
perceptions of Al in assessments

3.2.1 Factors influence educators’ perceptions of
Al in assessments

Educators, including teachers and course
designers, are influenced by various factors when
deciding whether to use Al tools or computer-
assisted teaching platforms for assessment. Previous
research indicates that educators' willingness to
adopt Al for assessment is mainly affected by four
factors: workload and time-consuming (Maguire et
al., 2017; Pinargote-Ortega et al., 2023; Tsai, 2017),
personal computer proficiency (Zhang, 2024), the
performance of the Al tools on teaching evaluation
(Hayashi et al., 2024; Knight et al., 2018; Liu et al.,
2017; Miranty & Widiati, 2021; Saleem et al., 2024;
Telinavir & Zarrabi, 2022), and student demographics

Large capacity of clxses  Prediction of soadens’ pesformmanze. Heberogensity of studencs TRACK ability Guality of essesemens  Algosithmic bias
Winrikload and Thre-corsuming student cemographics Personal compinies peolicency Ferfommanoe of & fook
.-"'-
; .
Al-assisted
assessment
y
Leanng siyle Leaming vaue 2 DET =
Feld-dependent  Asid-independent  Wothadon and engapement  Truet of & pericemance ooemitort kel

Figure 3. Educators' and students' perceptions of Al in assessments
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(Karrenbauer et al., 2023).

Using Al tools in higher education assessment is
considered effective in reducing teachers' workload
and, to some extent, decreasing the time spent on
grading assignments and tests (Shen et al., 2023).
Many studies have shown that Al can achieve
assessment levels comparable to human evaluators
(Ulum, 2020). Therefore, when class sizes are large,
teachers are more likely to use Al tools to alleviate the
pressure of repetitive grading tasks. However, due to
Al's inability to replicate human interaction, teachers
prefer to minimize Al use in assessments for smaller
class sizes (Cakmak, 2022; Perin & Lauterbach, 2018;
Salinas-Navarro et al., 2024). Additionally, Al tools
are widely used to predict students' future academic
performance based on their daily academic activities
(Chiu, 2024; Guerrero-Roldan et al., 2021; Huang et
al., 2022; Uzun, 2020). This technology is commonly
applied to forecast the future performance of first-year
university students. With a large number of students,
teachers prefer to use Al tools because of their ability
to cover different departments comprehensively and
assist administrators and teachers in providing timely
support to students facing academic challenges.

In the meantime, as university student numbers
increase, the diversity among students also rises,
heightening the demand for personalized and
individualized student counseling and support
(Karrenbauer et al., 2023). Al tools, such as Intelligent
Digital Learning Assistants (IDSA), address the
challenges of increasing student heterogeneity
by providing context-specific personalized
recommendations that support students' self-regulation
and self-organization skills. IDSA does not directly
engage in all aspects of learning but supports self-
organization and goal-oriented learning by offering
course-specific suggestions and identifying individual
learning strategies that align with students' strengths
and weaknesses. Therefore, educators are more

inclined to use Al tools to provide personalized

46 2024.12 Volume 6, Issue 4

learning support to a larger number of students in
specific disciplines.

Besides, teachers with strong TPACK ability
are more confident in their ability to use Al tools
effectively, understanding the pedagogical benefits
and aligning these tools with their content and
teaching methods (Zhang, 2024). They are more
likely to perceive Al tools as valuable resources
that can enhance assessment practices by providing
personalized feedback, streamlining grading, and
offering insights into student learning patterns (Jain et
al., 2014; Liu et al., 2017; Perin & Lauterbach, 2018).
Consequently, these teachers are more likely to adopt
Al tools in their assessment practices, navigating and
troubleshooting them more effectively, which leads to
smoother integration into their teaching and assessing
routines (Bosman et al., 2023; Jafari & Keykha, 2023;
Kavadella et al., 2024; Shen et al., 2023).

Expect teachers’ abilities, the quality of
assessment feedback provided by Al also significantly
impacts university teachers' attitudes toward using Al.
High-quality feedback, such as accuracy, timeliness,
and personalization, can enhance teachers' trust and
recognition of Al tools, increasing their willingness
to use Al for assessments. Conversely, if the feedback
quality is low, teachers may question the effectiveness
and reliability of Al tools, reducing their willingness
to use them (Abendschein et al., 2024; Bearman et al.,
2023; Ulum, 2020; Y. Zhang, 2024). Therefore, the
quality of Al assessment feedback directly influences
university teachers' acceptance and attitudes toward
Al tools.

3.2.2 Factors influence students’ perceptions of
Al in assessments

Students' perception of Al-assisted assessment
is shaped by its potential to provide personalized,
adaptive, and effective learning experiences,
alongside its influence on academic achievement
and engagement (Hooda et al., 2022). Students

had an overwhelmingly positive view of Al tools,
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appreciating their ability to generate ideas, provide
focused information, and offer instant, tailored
feedback. They found it helpful for staying focused,
organizing content, and improving grammatical
accuracy (Mahapatra, 2024; Wilken, 2018). Previous
research investigated students’ perceptions in three
directions: learners’ learning styles, learning value,
and practical experience (Tossell et al., 2024; Wu et
al., 2021).

Students’ learning strategies can be identified
and categorized into phases of surface learning, deep
learning, and transfer learning to optimize skill,
will, and thrill in education (Hattie & Donoghue,
2016). Students' learning strategies significantly
influence their perceptions of Al-assisted assessment
tools. Students who employ surface learning
strategies (such as summarization, note-taking,
and memorization) may value the convenience and
memory aids provided by these tools, believing that
they can enhance learning efficiency and reduce the
cognitive load of memorization (Wu et al., 2021).
In contrast, students inclined towards deep learning
strategies (such as elaboration, organization, and
metacognitive strategies) are likely to expect Al tools
to offer in-depth analysis and personalized feedback,
aiding in the understanding and mastery of complex
concepts while enhancing self-regulation. Students
using transfer learning strategies (such as detecting
similarities and differences, and problem-solving
techniques) will focus on the application of these tools
in knowledge transfer and problem-solving, perceiving
them as effective in promoting the application of
knowledge and improving the ability to solve real-
world problems. Therefore, students' expectations
and evaluations of Al-assisted assessment tools vary
according to their learning strategies.

Furthermore, the perceived learning value of
Al tools significantly impacts students' perspectives
(Tossell et al., 2024). When students recognize a

high learning value in using Al tools, they are more

motivated and engaged in their educational activities,
viewing the technology as a beneficial addition to their
learning process rather than a distraction (Chrysafiad
et al., 2023; Heet al., 2023). High learning value leads
to a positive attitude towards Al tools, with students
more likely to appreciate and accept the technology.
If students perceive that Al tools provide meaningful
learning outcomes, such as personalized feedback and
improved understanding, their trust in the technology
increases, which is crucial for effective integration
into educational settings (Chai et al., 2024; Lee et
al., 2024; Yu et al., 2021). Additionally, perceived
learning value can enhance students' academic
performance, as they are more likely to use these
tools effectively, resulting in better academic results
(Maguire et al., 2017; Nicula et al., 2023; Salinas-
Navarro et al., 2024; Striepe et al., 2023). Overall, the
high learning value of Al tools can improve students'
motivation, engagement, attitude, trust, performance,
and acceptance of the technology.

Moreover, students' practical experience can
significantly affect their perceptions of Al tools
like ChatGPT in educational settings. Students who
actively engaged with ChatGPT during an assignment
experienced a shift in their views, recognizing both
its potential benefits and challenges (Tossell et al.,
2024). While some students appreciated the exposure
to cutting-edge technology and found it valuable
for future learning, others expressed discomfort and
concerns about the Al's capabilities and its role in
grading (Bower et al., 2024; Lacey & Smith, 2023;
Ogunleye et al., 2024; Salinas-Navarro et al., 2024).
This varied experience influenced their overall trust
and comfort levels with the tool, highlighting the
importance of practical engagement in shaping student
perception.

3.3 Challenges and opportunities associated with
Al-assisted assessment

3.3.1 Opportunities for students and teachers

3.3.1.1 Opportunities for students
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Improvement on students’ cognitive abilities

Cognitive skills, including memory, procedural,
language, and thinking skills, are crucial for learning
(M. Liu, 2003). Recent studies indicate that Al
assessment tools significantly enhance students'
cognitive abilities in areas such as attention, memory,
perception, reasoning, and language. These tools
provide continuous, personalized feedback that
reinforces learning and aids retention, while also
offering instant, constructive feedback to refine
students' understanding of concepts. Additionally, Al
tools promote active participation and engagement,
maintaining student motivation and making learning
more dynamic. By providing immersive learning
experiences and making complex concepts accessible,
Al tools support creativity and innovation (Divekar
et al., 2022; Nikolic et al., 2023; Ouatik et al., 2021).
These comprehensive benefits lead to improved
educational outcomes, demonstrating Al's multifaceted
role in enhancing cognitive abilities (Wei, 2023).

Al tools enhance various cognitive skills by
engaging students more effectively than traditional
methods, incorporating gamified elements and real-
time feedback to maintain attention and motivation
(Kavadella et al., 2024; Y. Zhang, 2024). They provide
continuous, personalized feedback, which reinforces
learning and aids memory retention, as evidenced by
improved performance and grammatical accuracy in
oral skills practice (Cakmak, 2022b; Guerrero-Roldan
et al., 2021). This repetitive practice helps students
encode and recall information more effectively.
Furthermore, Al tools offer instant, constructive
feedback that refines students' understanding of
language and concepts, promoting autonomy in
learning and sharper perceptions of academic
materials (Slimi, 2023). By providing continuous
feedback and tailored guidance, Al tools enhance
reasoning and critical thinking, helping students
develop logical reasoning and problem-solving
skills (Hooda et al., 2022; Mahapatra, 2024). In
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language learning, Al chatbots facilitate safe practice
environments, improving fluency and grammatical
accuracy, while personalized learning plans tailor
experiences to individual needs, supporting language
skill development for future careers (Perkins, 2023;
Shu & Xu, 2022; Yang et al., 2021).

Improvement on students’ metacognitive abilities

Metacognitive skills, which involve planning,
monitoring, and evaluating one's own learning
processes, are crucial for enhancing understanding
and problem-solving abilities (Kim et al., 2022; E.
Yu, 2023; Z. Zhang & Xu, 2022). Recent research
indicates that Al tools used in assessment significantly
improve these metacognitive skills.

In the realm of planning, Al facilitates goal
setting and strategy development, helping students
build metacognitive frameworks for improvement
(Kim et al., 2022). For monitoring, Al provides
personalized, self-directed, and adaptive learning
experiences, enhancing students' ability to oversee
their learning processes (Salinas-Navarro et al., 2024).
Al's capacity to foster self-directed learning, enabling
students to develop autonomy without external
assistance (Maguire et al., 2017). Additionally, Al
positively impacts self-assessment and higher-order
thinking skills, such as judgment and critical thinking
(Hmoud et al., 2024). Its integration into education
enhances self-regulation and promotes deeper learning
through adaptive assessment methods (Chang et al.,
2023). Furthermore, Al strengthens self-organization
and self-regulation skills, positively influencing
learning success and soft skills (Karrenbauer et al.,
2023). In terms of evaluating, Al provides learners
with opportunities to reflect, evaluate, and refine their
work, ultimately improving group performance (Zheng
et al., 2023). Collectively, these studies demonstrate
the multifaceted benefits of Al in enhancing students'
metacognitive skills, leading to improved educational
outcomes.

Positive impacts on emotions
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Cognitive and Metacognitive skills fostered by Al-

assessment

Cognitive skills

Metacognitive skills

Attention: The ability to focus and concentrate
on specific information or tasks.

Memory: The capacity to store, retain, and
recall information.

Perception: The ability to interpret and make
sense of sensory information.

Reasoning: The ability to analyze information,
make decisions.

Language: The ability to understand and use
language effectively for communication.

Planning: Deciding how to approach a task,
setting goals, and determining the necessary
steps to achieve those goals.

Monitoring: Keeping track of one's own
understanding and performance during a task
This involves self-guestioning and self-testing
to ensure comprehension and progress.

Evaluating: Assessing the effectiveness of the
learning strategies used and making
adjustments as needed. This involves reflecting
on what worked, what didn't, and why.

Figure 4. Cognitive and Metacognitive skills fostered by Al-assessment

The use of Al as an assessment tool positively
impacts students' emotions by enhancing learning
motivation and improving self-monitoring and
self-evaluation skills (Mahapatra, 2024). Al tools
effectively enhance students' learning attitudes
and academic emotions, promoting autonomous
learning and collaboration (Hmoud et al., 2024). The
personalized feedback and support provided by Al
assessment tools also improve student engagement
and positive emotion.

3.3.1.2 Opportunities for Educator

The integration of Al as an assessment tool
in education offers several significant benefits
for educators. Firstly, Al facilitates efficiency by
increasing teachers’ self-efficacy and knowledge
about Al-assisted teaching (Zhang, 2024), providing
individualized feedback in large classes, and
reducing workload ). Automated systems streamline
evaluation processes, offering efficient, structured,
and personalized assessment methods (Jain et al.,
2014; Kavadella et al., 2024; A. V. Y. Lee et al., 2023;
M. Liu et al., 2017; Perin & Lauterbach, 2018; Shen
et al., 2023; Tsai, 2017; Xiao & Park, 2021; Yunjiu
et al., 2022). Additionally, Al improves teaching

methodologies by enabling innovative assessment

strategies, multidimensional evaluation models, and
enhancing teaching quality (Barrett & Pack, 2023;
Bosman et al., 2023; He et al., 2023; Rudolph et al.,
2023). It also enhances teachers' TPACK abilities
(Zhang, 2024) and supports timely feedback and
monitoring of student performance (Chai et al.,
2024; Guerrero-Roldan et al., 2021; Hayashi et al.,
2024; Hooda et al., 2022; Huang et al., 2022; Jafari
& Keykha, 2023; Miranty & Widiati, 2021; Perin &
Lauterbach, 2018). Moreover, Al fosters a positive
psychological atmosphere by boosting teachers’
confidence (Zhang, 2024) and aids in detecting
academic dishonesty (Gamage et al., 2023).

3.3.2 Challenges of Al-assisted assessment

The application of Al tools in higher education
presents numerous challenges for educators and
learners, encompassing security, privacy, bias,
reliability, feedback, attitudes, skills, and academic
integrity.

Firstly, security, privacy, and algorithmic bias
are significant concerns in Al-assisted assessments.
At Turkish State University, students argued that
the immature design of the Versant English Test
(VET), an automated language test, led to repeated

questions, allowing memorization and high scores,
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thus compromising reliability and fairness (Ulum,
2020). Privacy concerns arise as Al tools process vast
amounts of personal data, necessitating transparency
and responsible use to address ethical implications
(Escalante et al., 2023; Salinas-Navarro et al., 2024).
Algorithmic bias, stemming from statistical methods,
can mislead educators about Al tools' objectivity. For
instance, Al essay scoring systems have produced
inaccurate scores across different ethnic groups,
raising fairness concerns and impacting students'
perceptions of equity (Bridgeman et al., 2012; Chai et
al., 2024). These issues underscore the need for critical
evaluation and responsible use of Al in education.

Furthermore, Al as an assessment tool faces
reliability and effectiveness issues. It primarily
measures memory rather than language proficiency,
misaligning with course content (Ulum, 2020). Its
automatic correction systems struggle with complex
syntactic errors, limiting meaningful feedback
(Zhang, 2024). Al-generated test items are more
challenging than those by experts but less effective
in distinguishing student performance levels
(Yunjiu et al., 2022). While credible, Al graders
lack the reliability of human graders. Generative Al
technologies also raise concerns about output quality
and accuracy (Bearman et al., 2024), and feedback
accuracy is often questioned (Mohamed, 2024).
Al struggles with scoring open-ended questions
objectively, highlighting the need for substantial
improvements in Al assessment tools for fair
evaluation (Cinar et al., 2020).

Moreover, educators and learners often report
negative attitudes towards Al assessment tools,
including anxiety and decreased confidence. Knowing
that a machine, rather than a human, evaluates their
work can reduce students' motivation and engagement
(Perin & Lauterbach, 2018). The impersonal nature
of Al feedback may alienate students who need
personalized support (Salinas-Navarro et al., 2024). Al

feedback often fails to foster autonomy or effectively
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address content, disadvantaging those unfamiliar
with the technology (Miranty & Widiati, 2021).
Additionally, students practicing oral skills with Al
chatbots may experience increased anxiety due to the
lack of human interaction (Cakmak, 2022a). On top
of that, teachers' insufficient computer skills can lead
to operational issues, inaccurate evaluations, and an
over-reliance on technology, neglecting personalized
education. This skill gap also raises data privacy and
security concerns, emphasizing the need for improved
technical literacy and support (Bower et al., 2024).

Finally, Al-assisted assessments present
significant challenges to academic integrity. Al tools
can provide passing-level answers but struggle with
proper referencing and scholarly articles, raising
concerns about cheating and plagiarism (Lacey &
Smith, 2023; Lee et al., 2024; Moorhouse et al., 2023;
Nikolic et al., 2023). The difficulty in distinguishing
between human and Al-generated writing further
complicates fair assessment (Bower et al., 2024;
Ogunleye et al., 2024). Teachers and students
generally accept Al for generating ideas in the early
stages of writing but find using Al to complete tasks
unacceptable. There is also disagreement on disclosing
Al use in submitted work, with teachers more
concerned about academic dishonesty (Barrett & Pack,
2023). The lack of proper guidance for educators
and learners exacerbates these issues. Students
might accept Al feedback uncritically, leading to
inaccuracies and misconceptions (Escalante et al.,
2023). Overreliance on Al without critical evaluation
can hinder the development of essential analytical
skills (Crawford et al., 2023). Thus, structured
educational frameworks promoting critical thinking
and responsible Al use are urgently needed.

4.Discussion

This review encompassed 81 empirical studies
examining the employment of Al tools in higher
education assessment, exploring perceptions of these

tools from teachers and students, and highlighting the
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challenges and opportunities identified in previous
research. The findings indicate that Al-assisted
assessment tools are widely utilized for learning
assistance, evaluation and feedback, language
processing, teaching systems, and data analysis across
various disciplines. These applications underscore the
versatility and broad adoption of Al technologies in
diverse educational contexts.

The study reveals varied perceptions among
teachers and students regarding Al-assessment tools.
Educators are generally inclined to use Al tools due
to their potential to reduce workload and manage
heterogeneous student needs in large classes. However,
teachers with limited Technological Pedagogical
Content Knowledge (TPACK) and negative prior
experiences of unsatisfied feedback provided by Al are
less likely to prefer Al assessments, suggesting a need
for targeted professional development and support to
enhance teachers' confidence and competence in using
Al technologies effectively. Students' perceptions
are influenced by learning strategies, learning value,
and practical experience. While some students trust
Al technology for its potential to reduce human
bias and enhance fairness, others prefer face-to-face
interaction and are resistant to relying solely on Al
tools. This highlights the importance of understanding
and addressing individual student preferences and
concerns to ensure the successful integration of Al in
educational assessment.

However, the literature also points to several
challenges and concerns associated with the use of
Al chatbots in academic writing. One of the primary
concerns is the potential for over-reliance on these
tools, which could hinder the development of critical
thinking and independent writing skills among
students (Dillon et al., 2024). Furthermore, the
ethical implications of using Al chatbots in academic
writing are widely debated. Issues such as academic
integrity, plagiarism, and the authenticity of Al-

generated content have raised questions about the

appropriateness of using such tools in an educational
context (Shamim et al., 2024). Lastly, the reliability
of Al-generated content has also been questioned.
Students directly using Al-generated text and Al-
suggested references may result in the incorrect
dissemination and use of information, leading to
confusion in their knowledge system (Mugaanyi et
al., 2024). These concerns, coupled with the growing
prevalence of Al chatbots in academic writing, suggest
a need for clear guidelines and policies to ensure
responsible use (Baidoo-Anu et al., 2024).

Expanding upon these findings, the implications
of Al-assisted assessment tools vary significantly
across different educational fields. In STEM (Science,
Technology, Engineering, and Mathematics) fields, Al
tools enhance data analysis and feedback by handling
complex datasets and providing immediate, detailed
responses to problem-solving processes, which is
crucial for subjects requiring precision and iterative
learning, such as mathematics and engineering (Xu
& Ouyang, 2022). Additionally, Al facilitates the
use of simulations and modeling in disciplines like
physics and computer science, allowing students to
experiment within virtual environments and receive
real-time assessments of their performance (Belland et
al., 2017). For computer science courses specifically,
Al can automatically grade code submissions, identify
common errors, and suggest improvements, thereby
streamlining the evaluation process and enabling
instructors to focus on more advanced teaching
activities (Wang et al., 2023)

In the Humanities and Social Sciences, Al tools
assist in grading essays by evaluating grammar,
coherence, and argument structure, and natural
language processing (NLP) can analyze large volumes
of textual data for research purposes (Lan et al., 2024).
However, while Al can support the assessment of
factual knowledge and basic analytical skills, there is
a greater emphasis on developing higher-order critical

thinking and interpretative skills in humanities, which
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may require more nuanced evaluation methods that
Al tools are still evolving to handle effectively (Civit
et al., 2024). Moreover, Al systems must be carefully
calibrated to account for cultural and contextual
nuances inherent in social sciences and humanities
to avoid biased assessments and ensure fairness
(Strielkowski et al., 2024).

Professional and Applied Fields such as Business,
Medicine, and Law benefit from Al by enabling
practical skills assessment through simulations
and scenario-based evaluations, providing students
with realistic practice environments and immediate
feedback on their performance. In fields like medicine
and law, where strict adherence to ethical standards
is paramount, Al tools must be designed to uphold
these standards, ensuring that assessments do not
compromise professional integrity or patient/client
confidentiality (Lakkimsetti et al., 2024).

Additionally, cross-Level Considerations include
the necessity for ethical training and awareness
across both undergraduate and graduate programs to
ensure that students understand the implications of
relying on Al for assessments, including issues related
to academic integrity and the responsible use of
technology (Lim et al., 2023). Educational institutions
should establish robust support structures, including
technical assistance and continuous professional
development for educators, to effectively integrate
Al tools across different levels of education and
disciplines (Lameras & Arnab, 2021). Additionally, as
Al technologies rapidly evolve, ongoing evaluation
and adaptation of assessment strategies are necessary
to ensure that Al tools remain aligned with educational
objectives and address the diverse needs of students
and educators across various fields and educational
stages (Khlaif et al., 2024).

In conclusion, the integration of Al-assisted
assessment tools presents multifaceted implications
that are contingent upon the specific educational fields

and the educational levels at which they are deployed.
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Tailoring Al applications to the unique demands
of different disciplines and educational stages can
enhance the effectiveness of assessments, support
diverse learning needs, and ultimately contribute to
the advancement of higher education.

S.Implication for higher education and future
research

The integration of Al into higher education
profoundly transforms various aspects of academic
institutions, enhancing teaching methodologies,
administrative efficiency, and research capabilities.
Al-driven tools enable personalized learning by
adapting content and assessments to individual
student needs, fostering a more student-centered
approach. This personalization helps identify and
address learning gaps, improving comprehension
and retention. Additionally, Al facilitates innovative
teaching models, such as flipped classrooms, where
students engage with material outside of class through
Al-enhanced modules, allowing in-person sessions
to focus on interactive and collaborative activities.
In professional fields like Business, Medicine, and
Law, Al enables realistic skills assessments through
simulations and scenario-based evaluations, providing
immediate feedback and better preparing students for
their careers. Furthermore, Al assists in curriculum
design by analyzing educational data to align programs
with industry demands and future job market trends,
ensuring that academic offerings remain relevant and
comprehensive.

However, the integration of Al also presents
significant ethical and equity challenges that higher
education institutions must address. Ensuring that Al
systems are unbiased and promote fairness is crucial
to prevent the reinforcement of existing inequalities.
There is also a risk of exacerbating the digital divide,
where students from disadvantaged backgrounds
may have limited access to Al-enhanced resources.
To mitigate these issues, institutions must prioritize

accessibility and inclusivity, ensuring that all students
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can benefit from Al advancements. Additionally, the
role of faculty evolves as educators become facilitators
who guide students in effectively and ethically
using Al tools. This shift requires comprehensive
professional development to equip educators with
the necessary skills and knowledge. Administrative
processes are streamlined through Al automation
of routine tasks, allowing staff to focus on strategic
initiatives and student support. Comprehensive
policies and governance frameworks are essential to
address data privacy, security, and ethical use of Al,
ensuring that its integration aligns with the institution’s
mission and values. By thoughtfully addressing
these implications, higher education institutions
can leverage Al to enhance teaching, learning, and
administrative operations while maintaining equity,
integrity, and a supportive educational environment.

6.Limitation

The database search for this review was
conducted in April 2024, just before the release
of ChatGPT-40 in May. GPT-40 brings significant
advancements over GPT-4, providing more intelligent,
efficient, and human-like interactions. Consequently,
this review may not fully reflect the latest Al
applications in higher education. The rapid pace
of Al development could resolve some challenges
mentioned here while simultaneously introducing new
ones. Additionally, this review did not explore the

varying perceptions and challenges faced by students

across different disciplines due to the lack of specific
information in the included articles. The perception
of Al-assisted assessment by students could lead to a
range of academic control and achievement emotions,
a topic that has not been thoroughly investigated in
higher education fields. This gap highlights the need
for future reviews and empirical research to delve
deeper into these aspects, considering the unique needs
and responses of students from diverse academic
backgrounds. Addressing these areas in future studies
will provide a more comprehensive understanding of
the impact of Al in education and help develop more
effective and inclusive Al-driven educational tools and
strategies.

7.Conclusion

In conclusion, while AI assessment tools hold
significant potential in higher education, addressing the
challenges related to applicability, fairness, educator
and student acceptance, feedback effectiveness,
privacy and security, and long-term sustainability
is essential. Comprehensive research, continuous
optimization, and adequate support are necessary to
fully realize the value of Al in educational assessment.
Future studies should focus on developing fair and
inclusive algorithms, enhancing technical training
for educators, and creating robust data protection
policies to build trust and ensure the ethical use of Al

technologies in education.
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