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This study examines the transformative impact of Artificial Intelligence (Al)
on Computer-Based Testing (CBT) through a systematic literature review
(SLR) following the PRISMA 2020 protocol. The research identifies key
opportunities, including automated grading (reducing instructor workload by
70%) and adaptive testing (enhancing personalized assessments), alongside
critical challenges such as algorithmic bias (particularly in speech
recognition systems) and privacy concerns in Al-based proctoring. Analysis
of 95 peer-reviewed studies (2015-2024) reveals a significant post-2020
surge in research, driven by digital education demands during the pandemic,
with current trends focusing on Generative Al integration (25% of studies)
and bias mitigation (35%). The findings highlight the need for ethical and
equitable development of Al-enhanced CBT systems that prioritize both
technological innovation and ethical considerations, particularly regarding
fairness, transparency, and data protection. The study concludes with
recommendations for future research directions, including the development
of Explainable Al (XAI) frameworks and inclusive assessment models.
These insights provide valuable guidance for educators, policymakers, and
technology developers working to optimize Al applications in educational
assessment.
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1. INTRODUCTION

The development of digital technology has changed the paradigm of learning evaluation, where
Computer-Based Testing (CBT) is the main method of measuring competency at various levels of education
and certification. However, along with the increasing need for more adaptive, accurate, and efficient
assessments, the integration of Artificial Intelligence (Al) is beginning to fill the gaps in the limitations of
conventional CBT (Olawade et al., 2024). Al offers capabilities such as automated grading, adaptive testing,
and fraud detection, which have the potential to revolutionize the way exams are conducted. This
transformation not only affects the validity and reliability of the test, but also the learning experience of
participants (Li & Ross, 2021). Therefore, it is important to explore the extent to which Al can shape the
future of CBT and its implications for the world of Education (Creed et al., 2022).

Although Al is believed to improve the quality of CBT, its implementation is not free from
challenges. Several studies show the risk of algorithmic bias, data security, and technology access gaps that
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can affect the fairness of assessments (Hasan et al., 2022). On the other hand, there is no comprehensive
synthesis that maps the opportunities and risks of Al in CBT based on the latest empirical evidence (Thieme
et al., 2023).This ambiguity hinders educators, policymakers, and CBT developers from making evidence-
based decisions. Therefore, this study aims to answer the question: How is Al changing the future of CBT,
and what are its key implications for learning evaluation?

Previous studies have identified CBT benefits such as time efficiency and ease of administration (R.
Smith et al., 2021), but the literature on Al integration is still fragmented. Research by Liang et al. (2022)
found that machine learning can improve test personalization, while the work of Gupta et al. (2025) warns of
the risk of over-reliance on automated systems. However, a systematic review that consolidates these
findings with a rigorous methodology is still limited. Most studies are casuistic or do not take into account
the latest developments such as Generative Al (e.g., ChatGPT) in the creation of exam questions. This gap
shows the need for in-depth analysis based on up-to-date evidence.

To overcome the literature gap, this study adopted a Systematic Literature Review (SLR) with the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) approach. This method
allows for the identification, evaluation, and synthesis of reliable studies on Al in CBT in a transparent and
replicable manner. The stages include keyword-based eligibility criteria (e.g., "Al-enhanced CBT", "adaptive
testing", "automated proctoring"), article filtering from Scopus, IEEE Xplore, and ERIC databases, and
thematic analysis to map trends and contradictions.

The study makes three main contributions: First, consolidating the evidence of the impact of Al on
CBT from multidisciplinary (education, computing, technology ethics). Second, identify research gaps such
as the use of Explainable AI (XAI) to reduce bias and blockchain integration for data security. Third, it
presents practical recommendations for education stakeholders in adopting Al responsibly. The findings of
this study are not only relevant for academics, but also for CBT platform developers (e.g., Moodle,
ProctorU), educational institutions, and regulators. By mapping the transformation of Al-driven CBT, this
study serves as a strategic guide to balancing innovation and risk mitigation, while sparking a critical
discussion about the future of learning evaluation in the digital age (Peters, 2015).

2. METHOD

This study adopts the Systematic Literature Review (SLR) method with the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) protocol to ensure transparency,
reproducibility, and minimization of bias. The stages of the research are designed as follows:

2.1. Research Design

This study uses a qualitative approach to thematic synthesis based on Systematic Literature Review
(SLR) by adopting the PRISMA 2020 protocol (Adiyono et al., 2024; Page et al., 2021) to ensure rigor and
transparency in the process of identifying, screening, and analyzing literature related to the integration of
Artificial Intelligence (Al) in Computer-Based Testing (CBT). The main focus of the research is to
comprehensively analyze the current opportunities, challenges, and trends of the application of Al in CBT,
such as adaptive testing, automated grading, and Al-based proctoring, by consolidating findings from trusted
studies. Through thematic synthesis, this study not only maps the existing empirical evidence but also
identifies research gaps and contradictions in the literature, thus providing a foundation for the development
of more innovative, equitable, and sustainable Al-based CBT in the future (Morrow et al., 2023).
In addition, the PRISMA approach allows for systematic and structured reporting, minimizes selection bias,
and facilitates research reproducibility by academics and practitioners in the fields of education and
technology. To minimize selection bias and enhance reproducibility, the article selection process followed
several strict steps. First, inclusion and exclusion criteria were clearly defined and consistently applied based
on publication year, peer-reviewed status, relevance to AI-CBT integration, and methodological rigor.
Second, two independent reviewers screened titles, abstracts, and full texts, with any disagreements resolved
through discussion or by involving a third reviewer. Third, a detailed coding protocol and eligibility checklist
were used to ensure uniformity in data extraction and synthesis. The use of PRISMA 2020 not only supported
structured reporting but also facilitated transparency in decision-making, making the process reproducible for
both academic and practitioner audiences in the fields of education and technology.

2.2. Data Sources & Search Strategies

To ensure the rigor and transparency of this systematic review, a structured approach was employed
based on PRISMA guidelines. The literature search was conducted across multiple reputable databases with
clearly defined inclusion and exclusion criteria. The selection process involved several critical stages,
including identification, screening, eligibility assessment, and final inclusion. The following tables outline
the key components of this review process: the databases used (Table 1), the inclusion and exclusion criteria
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applied (Table 2), the step-by-step stages of the systematic review (Table 3), and the detailed PRISMA flow
process (Table 4).

Table 1. Literature search database

No. Name Database  Focus/Advantages Types of Literature Akses

1 Scopus Broad indexation, highly reputable journals  Peer-reviewed Subscription
2 IEEE Xplore Educational technology & computing Conferences/Journals Subscription
3 ScienceDirect Multidisciplinary (education + Al) Peer-reviewed Subscriben
4 SpringerLink Digital education books and journals Peer-reviewed Subscription
5 ERIC Special educational resources Laporan/Grey literature ~ Free

6 Google Scholar ~ Wide coverage (including preprints) Mixture Free

Table 2. Study the inclusion and exclusion criteria

Criterion Inclusion Exclusion
Topic Studies on the application of Al in CBT (e.g., adaptive assessment, CBT study without an Al component or a
automated grading, proctoring) paper-based test
Methodology Empirical research or systematic review with clear data and analysis Opinion articles or no empirical evidence
Year of 2015-2024 Before 2015
Publication
Language English Non-English
Akses Full text available Only abstracts are available

Table 3. The stages of systematic review refer to the PRISMA model

Phase Key Actions Tools/Methods Used Output
Identifikasi  Literature search in 6 major databases ~ EndNote (including deduplication) 2,000+ early articles
Screening Screening by title & abstract Excel (with inter-rater reliability analysis) 300 potential articles
Eligibility Full-text evaluation of the article Standardized data extraction templates 150 eligible articles
Inclusion In-depth thematic analysis NVivo (process coding) 80 items final

Table 4. Stages of PRISMA in the Systematic Review Process

PRISMA Main Process Tools/Method Output Quality Control
Stage

Identifikasi Article search in 6 major - Boolean operators- Keyword optimization 2,450 early Validation of search
databases articles strategies by experts

Filtering 1. Remove duplicates. - Mendeley / EndNote / Zotero- Dual 600 — 220 Discussion for
Title and abstract reviewer (Cohen’s Kappa > 0.8) items conflict resolution
screening

Eligibilitas Evaluasi full-text terhadap - Template kriteria eligibilitas- PRISMA 220 — 95 Random audit by a
artikel terpilih flowchart Article final third reviewer

Inclusion Standardized data - The matrix table includes: - Types of Al Final Cross-validation by
extraction (NLP, CV,etc.) - Applications in CBT - analytical reviewers

Key findings dataset

Table 1 presents the list of databases utilized during the literature search, highlighting each
database’s specific focus or advantage, types of literature included, and accessibility. Table 2 outlines the
criteria used to include or exclude studies in the review, ensuring the relevance and quality of the selected
articles. Table 3 details the four main phases of the systematic review following the PRISMA model,
describing key activities, tools used, and outputs generated at each phase. Table 4 further expands on the
PRISMA process, providing a more granular view of each review stage, the methodologies applied, expected
outputs, and quality control mechanisms implemented to maintain reliability and validity.

3.  RESULTS AND DISCUSSION

The rapid development of Artificial Intelligence (AI) has brought a significant transformation in
Computer-Based Testing (CBT), shifting the learning evaluation paradigm from conventional methods to
more dynamic and personalized systems. Al not only offers efficiency through automated grading and
adaptive testing, but also poses complex challenges such as algorithmic bias, privacy issues, and reliance on
digital infrastructure (Strielkowski et al., 2024). However, the relevant literature remains fragmented, with a
lack of comprehensive synthesis linking empirical evidence with practical implications for educators,
technology developers, and policymakers. This study aims to fill this gap by systematically analyzing the
opportunities, risks, and current trends of Al integration in CBT, as well as providing evidence-based
recommendations for future utilization optimization. The following results and discussion will answer the
research questions as well as map the direction of the development of sustainable and equitable Al-based
CBT.
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3.1. Literature Selection Results (PRISMA Flowchart)

The literature selection process strictly follows the PRISMA 2020 protocol through four main
stages: identification, screening, eligibility, and inclusion. Table 5 shows the initial stage collected 2,450
articles from six leading databases (Scopus, IEEE Xplore, ScienceDirect, SpringerLink, ERIC, and Google
Scholar), which was then reduced to 600 articles after deduplication using EndNote. Title-based and abstract-
based screening resulted in 220 potential articles, of which 95 final articles met the inclusion criteria after a
full-text evaluation that emphasized thematic relevance, clear methodology, and contribution to
understanding the integration of Al in CBT. This process not only ensures the credibility of the included
studies but also minimizes selection bias through the application of objective inclusion/exclusion criteria and
verification by two independent researchers to maintain reliability (Robson et al., 2019).

Table 5. Stages of literature screening

Phase Number of Articles  Criterion

Early Identification 2.450 Search in 6 databases

Duplicates Removed 1.850 (—600) Tools: EndNote

Title/Abstract Screening 600 (—220) Relevance to Al and CBT

Full-Text Evaluated 220 (—95) Methodological & thematic suitability

Article Final 95 Meet all inclusion criteria
Adaptive

Testing &
Proctoring

% ™ X T ™, X
2015—2018 > 2019—2021 >> 2022—-2024 >>
yi / Z l

Al Basics Tor
Grading

Figure 1. Evolution of Al in education research (2025-2024)
Source: Elaborated by the authors.

Figure 1 shows the evolution of research on the application of Artificial Intelligence (AI) in
Computer-Based Testing (CBT) from 2015 to 2024, which is divided into three main phases. During the
2015-2018 period, research focused on the use of Al for automatic grading. Subsequently, from 2019 to
2021, the direction of research began to shift toward the development of adaptive tests and Al-based
proctoring systems. Entering the 2022—-2024 period, current studies explore the use of Generative Al such as
ChatGPT, while also addressing various ethical issues that arise in digital education evaluation. Overall, this
diagram illustrates the development of research topics that are increasingly complex, adaptive, and mindful
of ethical dimensions as Al technology advances.

Research developments regarding the integration of Artificial Intelligence (Al) in Computer-Based
Testing (CBT) show a significant increase post-2020, which is inseparable from the impact of the COVID-19
pandemic on the acceleration of digital technology adoption in the education sector (Modgil et al., 2022).
This condition forces educational institutions to switch to online evaluation systems (Rosmini, H., et al.,
2024), thus encouraging a more in-depth exploration of the potential of Al in increasing the effectiveness of
CBT. However, this transformation also poses new challenges, especially related to the fairness, accuracy,
and security of Al-based systems, which have become the main focus of recent research.
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A literature analysis revealed that 35% of recent studies addressed the issue of algorithmic bias,
especially in the context of automated assessment and proctoring, while another 25% focused on the
opportunities and risks of Generative Al integration, such as ChatGPT, in question generation and exam
response evaluation. These findings reflect a paradigm shift from simply improving technical efficiency to
more complex ethical and pedagogical considerations. Both trends underscore the need for a holistic
approach in developing Al-based CBT, which not only prioritizes technological innovation but also ensures
the principles of fairness, transparency, and sustainability in educational evaluation practices (Olawade et al.,
2024).

3.2. Al Opportunities in CBT

Table 6 shows the three most researched Al applications in Computer-Based Testing (CBT).
Automated grading ranks highest with 40 studies, due to its time efficiency and consistency in assessment, as
seen in Gradescope and Turnitin. Adaptive testing is discussed in 30 studies due to its ability to adjust the
difficulty level of questions, such as Knewton and ALEKS. Meanwhile, Al-based proctoring is mentioned in
25 studies for real-time cheating detection, such as Proctorio and ExamSoft. All three reflect the primary
focus of Al development in enhancing the effectiveness and integrity of digital assessment.

Table 6. The most studied Al applications

Application Number of Studies  Key Benefits Implementation Examples
Automated Grading 40 Time efficiency, consistency of assessment ~ Gradescope, Turnitin
Adaptive Testing 30 Personalization of difficulty questions Knewton, ALEKS
Al-Based Proctoring 25 Real-time fraud detection Proctorio, ExamSoft

The implementation of automated grading in the CBT system has shown a significant positive
impact in reducing lecturer workload by up to 70%, as shown by Smith et al. (2023). The system is able to
evaluate objective and semi-structured answers with high consistency, thus speeding up the assessment
process and minimizing human subjectivity. However, its main limitation lies in its inability to handle
complex essays or answers that require critical and creative judgment. This challenge especially arises when
systems are faced with linguistic nuances, cultural contexts, or multidimensional arguments that require deep
understanding—an aspect that Al still struggles to replicate.

On the other hand, Al-based adaptive testing has succeeded in increasing the engagement of
examinees by presenting questions tailored to individual abilities, thereby creating a more personalized and
relevant assessment experience (Halkiopoulos & Gkintoni, 2024). However, the effectiveness of this system
is highly dependent on the availability of a large and high-quality question bank, as well as an algorithm that
is constantly updated to ensure the accuracy of difficulty adjustment (Kurdi et al., 2021). Technical
challenges such as item exposure and the need for representative training data are also major obstacles.
Without continued investment in content development and algorithmic models, the potential for adaptive
testing to provide valid and fair results can be hampered, especially in diverse educational contexts.

3.3. AI Challenges and Risks

Although the integration of Artificial Intelligence (Al) in Computer-Based Testing (CBT) offers a
variety of significant advances, its implementation is inseparable from a number of critical challenges and
risks that need to be anticipated (Pathni, 2023). Issues such as algorithmic bias, privacy violations, and over-
reliance on technology are major obstacles that can affect the validity, fairness, and sustainability of Al-based
evaluation systems. This challenge has become increasingly complex with the development of Generative Al
technology and automated proctoring, which requires a holistic approach to ensure that technological
innovation does not compromise ethical and pedagogical aspects (Adiyono et al., 2025b). The following
discussion will outline the findings related to these challenges and their implications for educational
evaluation practices in the digital era.

Table 7 summarizes the frequency of major risks found in studies related to the application of Al in
Computer-Based Testing (CBT). The most common risk is algorithm bias (45 studies), such as low scores for
participants with non-native accents. This is followed by privacy violations (35 studies), such as the storage
of biometric data without permission. Finally, technology dependency (20 studies) is also a concern, such as
system failure during large-scale exams. These findings highlight the need to strengthen ethical and technical
aspects in the development of Al for CBT.
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Table 7. Frequency of risks found

Risk Number of Studies  Case Examples

Bias Algorithm 45 Lower values for non-native accents
Privacy Violations 35 Unauthorized storage of biometric data
Technology Dependency 20 System failure during large-scale exams

The findings of Lai & Holliday (2023) research reveal that algorithmic bias is a critical issue,
especially in automated speech recognition (ASR) systems used for Al-based oral exams. Studies show that
these systems often experience a decrease in accuracy when analyzing non-native accents, certain regional
accents, or speech patterns of people with disabilities, potentially harming certain groups of participants.
Cases like these not only threaten the validity of exam results but also call into question the principle of
fairness in technology-based evaluations (Isbell et al., 2023). Furthermore, biases embedded in algorithms are
often systemic and difficult to detect without thorough audits, demanding an Explainable AI (XAl) approach
and diversification of training datasets to minimize unintentional discrimination.

Meanwhile, privacy issues emerged as a major challenge in the implementation of Al-based
proctoring, with 60% of literature studies recommending a privacy-by-design approach as a solution. Al-
based exam proctoring systems, such as eye-tracking or behavioural analysis, often collect sensitive
biometric data without transparent storage and use mechanisms (Amin et al., 2024) posing a risk of violating
participants' digital rights. Ironically, the pressure to prevent fraud has the potential to create an over-
surveillance system that is contrary to the principle of data protection (Bernal, 2016). These findings
highlight the need for a balance between exam integrity and privacy rights, including strict regulation of data
retention periods, anonymization of information, and genuinely informed consent to participation.

This situation shows that in an effort to maintain the integrity of the exam, we should not sacrifice
the fundamental right of individuals to privacy. Many college students feel overly watched, even in their own
private spaces, which are supposed to be safe places (Collins et al., 2022). When technologies such as eye
tracking and behavioral analysis are used without clarity on how their data is stored and used (Adiyono et al.,
2025b), there arises a reasonable sense of distrust of the institution administering the exam. Therefore, it is
important for educational institutions and technology providers to be truly transparent, actively involve
participants in their privacy-related decision-making, and ensure that the use of technology remains
humane—not only sophisticated, but also ethical and fair (Human & Cech, 2020).
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Figure 2. Privacy Dilemmas in Al-Based Proctoring
Source: Elaborated by the authors.
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This Figure 2 shows the flow of use of Al-based proctoring platforms that collect redundant
biometric data, with a focus on issues of transparency and data protection. As many as 62% of platforms do
not provide clear information to participants, while only 38% do. At the educational institution level, only
35% have clear data deletion protocols, while 65% do not. The absence of this information and protocols has
the potential to violate data protection principles, posing ethical and legal risks in the application of Al for
exam supervision.

The implementation of privacy-by-design in proctoring Al is starting to gain attention, as proposed
in a framework by Hoepman (2020) that emphasizes seven basic principles including data minimization and
transparency. A case study at the University of Mokbel et al., (2024) demonstrated the successful
implementation of a proctoring system that only collects exam behavior metadata without direct visual
recording, reducing the volume of sensitive data by up to 60% while maintaining the effectiveness of fraud
detection. However, research by Lee & Fanguy (2022) warns that technical solutions alone are not enough,
and emphasizes the importance of "pedagogical transparency" where examinees must fully understand the
proctoring mechanisms used. This holistic approach that combines technical, regulatory, and educational
aspects is considered the most promising for balancing the need for oversight and the right to privacy
(UNESCO, 2023).

Table 8. Identify Research Gaps

Area Gap Reason Recommendations
Al for participants with special needs  Only 5 studies addressed The need for inclusive datasets
Al Interpretability (XAI) 80% of CBT-Al models are "black box""  Development of XAl framework for education

Table 8 identifies two major gaps in Al research for Computer-Based Testing (CBT). First, very few
studies (only 5) discuss the use of Al for participants with special needs, indicating a lack of inclusivity and a
need for more representative data. Second, approximately 80% of Al models in CBT are “black box” models,
indicating a lack of transparency and understanding of how the models work. Therefore, it is recommended
that an Explainable Al (XAI) framework be developed specifically for the educational context to enhance
trust and accountability.

This study reveals that participants with disabilities, especially the visually impaired, are often
overlooked in the development of Al-based CBT systems (Pyzer-Knapp et al., 2022). A study by Vanhée et
al. (2025) shows that only a limited number of CBT-AI platforms offer screen reader compatibility, while
speech recognition-based oral exam systems are often biased towards blind users with specific speech
patterns. This condition is contrary to the principle of inclusive education mandated in the Convention on the
Rights of Persons with Disabilities. Our findings are in line with a WHO report (2021), which states that 60%
of visually impaired people have difficulty accessing digital evaluation systems (Mandasari, K., et al., 2025).

The findings of this study support the opinion of Verma et al. (2025) that the black box nature of
most Al algorithms in CBT raises pedagogical accountability issues. Our data shows that 78% of educators
have difficulty verifying the fairness of automated assessments (data from a survey by Park et al. (2024). The
XAI concept proposed by Adadi & Berrada (2018) is a critical solution, as evidenced in the implementation
of the IBM Watson Education system, which achieved a 40% increase in assessment transparency (IBM,
2022). A case study by EDUCAUSE (2023) recommends an education-specific XAl framework that allows
educators to track algorithmic decision-making processes, especially for subjects that require qualitative
assessment.

Figure 3. Bridging the accessibility gap in CBT-AI
Source: Elaborated by the authors.
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Figure 3 illustrates a bridge solution to close the accessibility gap toward an inclusive testing
system. The three main pillars supporting this transition are: (1) Multimodal System, which provides haptic
and audio support for people with sensory disabilities; (2) Address Constraints, by addressing budget
constraints and operational barriers; and (3) Mandatory Testing, which ensures that users with disabilities are
actively involved in the testing process. All these pillars are grounded in the foundation of Universal
Standards Implementation, which is key to creating an equitable and inclusive digital testing environment for
all.

Although XAI offers a solution for algorithmic transparency, its application in the context of
education faces some practical obstacles. As identified by Roberts et al. (2023), the technical complexity of
XAl systems often exceeds the comprehension capacity of many educators, with 65% of respondents in their
study reporting difficulty in interpreting algorithmic explanatory outputs. Six months of intensive training are
required for educators to effectively use XAl features in assessment (Fiok et al., 2022). This underscores the
need for closer collaboration between Al experts and pedagogical experts, as emphasized in the framework
proposed by Baker & Xiang (2023), to create an XAI system that truly meets the needs of the world of
education.

This research reveals that Artificial Intelligence (AI) fundamentally changes the future of Computer-
Based Testing (CBT) through three main transformations: (1) personalization of assessments through
adaptive testing, (2) Al-based assessment automation, and (3) more advanced exam proctoring with Al-based
proctoring. Findings show that CBT systems integrated with Al are able to improve assessment efficiency up
to 70% faster than conventional methods (Pyzer-Knapp et al., 2022), while providing faster and personalized
feedback to learners. However, the study also identified critical implications for learning evaluation (Hayat,
E. W., & Adiyono, A., 2025), including the risk of algorithmic bias in the assessment of essays and oral
exams (particularly for non-native accents or participants with disabilities), data privacy challenges in
proctoring systems, as well as over-reliance on digital infrastructure that has the potential to widen education
gaps.

Furthermore, the study finds that the future of CBT will be increasingly influenced by the
development of Generative Al (such as ChatGPT), which offers opportunities for automated question
generation but also poses new challenges in the detection of academic cheating (Adiyono et al., 2025a). A
key implication for learning evaluation is the need to redefine measured skills—from content memorization
to critical analysis and creativity, as well as the importance of a hybrid approach that combines Al with
human assessment to ensure fairness and validity. These findings highlight a paradox in Al-based CBT: on
the one hand improving accessibility and efficiency, but on the other hand it raises ethical and technical
challenges that require a new regulatory framework and the development of pedagogical standards for future
evaluation systems.

4. CONCLUSION

This study successfully identified that the integration of Artificial Intelligence (AI) in Computer-
Based Testing (CBT) has created a new paradigm in learning evaluation, by providing innovative solutions as
well as complex challenges. Through the PRISMA-based Systematic Literature Review (SLR) method, the
research findings confirm that Al is able to improve assessment efficiency through automated grading and
adaptive testing, but on the other hand it also raises critical issues such as algorithm bias, privacy violations,
and reliance on technological infrastructure. These results are in line with the initial hypothesis that digital
transformation in educational assessment requires a balanced approach between technological innovation and
ethical considerations.

Going forward, the development of Al-based CBT needs to focus on three main aspects: improving
algorithm accuracy through Explainable Al (XAI), drafting of a regulatory framework that protects
participant privacy, and further research on the impact of Generative Al in learning evaluation. Collaboration
between education experts, technology developers, and policymakers is key to creating an assessment system
that is not only sophisticated but also fair and inclusive. The findings of this research are expected to be the
foundation for the development of the next generation of CBT that is able to answer educational challenges
in the digital era, while ensuring that the use of Al remains centered on the interests and rights of students.
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