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ABSTRACT

This paper explores the role of Artificial Intelligence (Al) in enhancing the efficiency and validity of test item generation within English as a Foreign Language
(EFL) assessment design. As the demand for high-quality, scalable, and adaptable language assessments grows, Al-driven technologies offer innovative solutions
to traditional challenges in test development. The study examines the theoretical foundations of language assessment, the principles of effective test item design,
and how Al applications, such as natural language processing and machine learning, contribute to automating and optimizing these processes. Key benefits include
increased efficiency in item production, improved consistency, and the potential to reduce human bias, thereby strengthening the validity of assessments. However,
the paper also addresses the limitations of Al, such as algorithmic biases and the need for human oversight to ensure contextual and cultural relevance. Through a
comprehensive review of current literature and practical applications, this paper highlights the transformative potential of Al in EFL assessment while identifying
areas for future research and development.
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1. Introduction

In recent years, the integration of Artificial Intelligence (Al) into various sectors of education has revolutionized traditional teaching and assessment
practices. One of the most promising applications of Al in the field of language education is in the generation of test items, particularly within English as
a Foreign Language (EFL) contexts. As language proficiency assessment plays a pivotal role in measuring students' linguistic capabilities, ensuring the
efficiency and validity of test items is critical. Traditional methods of test item generation often demand considerable time, expertise, and resources,
posing challenges in maintaining consistency and minimizing biases.

Al-driven technologies, such as natural language processing (NLP) and machine learning algorithms, have the potential to address these challenges by
automating item creation, optimizing test formats, and enhancing the overall quality of language assessments. These technologies enable the rapid
production of diverse and adaptive test items, tailored to specific learning outcomes and student needs. Moreover, Al can support the development of
assessments that are not only efficient but also valid, by systematically analyzing linguistic data and reducing the influence of subjective biases.

The purpose of this paper is to explore how Al-driven test item generation can enhance both the efficiency and validity of EFL assessments. It examines
the theoretical underpinnings of language assessment design, the role of Al in transforming assessment practices, and the practical implications for
educators and test developers. Additionally, the paper discusses the benefits and limitations of Al in assessment contexts, offering insights into its current
applications and future potential. By reviewing existing literature and analyzing case studies, this study aims to contribute to a deeper understanding of
the transformative role of Al in EFL assessment design.

2. Theoretical Framework

The theoretical framework for this paper is grounded in key principles of language assessment and the integration of Al in educational contexts. This
section explores the foundational theories of language assessment, the principles of test item generation, and the role of Al technologies in enhancing
assessment practices.

2.1 Theories of Language Assessment

Language assessment theory is rooted in the concepts of validity, reliability, and fairness, which are essential for developing effective language tests
(Bachman & Palmer, 1996). Validity refers to the extent to which an assessment measures what it is intended to measure, while reliability concerns the
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consistency of test results across different contexts and administrations (Messick, 1989). In the EFL context, these principles are critical as they ensure
that assessments accurately reflect students' language proficiency.

Bachman’s (1990) Communicative Language Ability (CLA) Model emphasizes the importance of assessing both linguistic competence and the ability to
use language effectively in real-world situations. This model highlights the need for diverse test items that can evaluate multiple language skills, including
reading, writing, listening, and speaking. Al-driven test item generation can support this by creating varied and adaptive assessment tasks that align with
communicative competence goals.

2.2 Principles of Test Item Generation

Effective test item generation relies on principles such as content representativeness, cognitive complexity, and authenticity (Haladyna, Downing, &
Rodriguez, 2002). Content representativeness ensures that test items cover the full range of learning objectives, while cognitive complexity addresses
different levels of thinking skills, from recall to higher-order analysis (Bloom, 1956). Authenticity refers to the relevance of test tasks to real-life language
use.

Traditional item generation methods often struggle to maintain these principles consistently due to human limitations, such as biases and resource
constraints. Al technologies, however, can enhance the efficiency and quality of item generation by automating the process while maintaining alignment
with assessment standards (Gierl & Lai, 2013).

2.3 The Role of Al in Assessment Design

AT’s application in assessment design is supported by theories from the fields of machine learning and natural language processing (NLP). Machine
learning algorithms can analyze large datasets to identify patterns in student responses, enabling the creation of adaptive tests that adjust to individual
proficiency levels (Chen et al., 2020). NLP technologies allow Al systems to generate grammatically correct and contextually appropriate language tasks,
improving both the authenticity and validity of assessments (Zou, Wang, & Xing, 2019).

The Automatic Item Generation (AIG) Model proposed by Gierl and Haladyna (2013) is particularly relevant. This model outlines a systematic approach
to Al-driven item creation, including the development of cognitive models, item templates, and automated algorithms. AIG can significantly reduce the
time and effort required for item development while ensuring that test items are psychometrically sound.

In summary, the theoretical framework of this study integrates language assessment theories, principles of test item generation, and Al technologies. This
combination provides a comprehensive foundation for understanding how Al can enhance the efficiency and validity of EFL assessments.

3. Artificial Intelligence in Language Assessment

The integration of Al in language assessment has transformed traditional evaluation methods, offering innovative solutions to enhance the efficiency,
accuracy, and adaptability of assessment practices. Al technologies, such as machine learning (ML), natural language processing (NLP), and automated
scoring systems, have enabled the development of dynamic and personalized assessment tools that cater to diverse learner needs, particularly in EFL
contexts (Chen et al., 2020).

3.1 Defining Al in Language Assessment

Al in language assessment refers to the use of computer systems capable of performing tasks that typically require human intelligence, such as
understanding, generating, and evaluating language (Heffernan & Otoshi, 2018). This includes automated essay scoring, speech recognition for oral
assessments, and intelligent tutoring systems that provide real-time feedback to learners (Lu, Zhang, & Hasegawa, 2021). These Al-driven systems rely
on large datasets and sophisticated algorithms to analyze linguistic input, assess language proficiency, and adapt to learners' performance levels.

3.2 Historical Development and Evolution of Al in Assessment

The evolution of Al in language assessment can be traced back to the development of early computer-based testing systems, which primarily focused on
multiple-choice items (Gierl & Lai, 2013). With advancements in Al technologies, assessment tools have evolved to include complex language tasks,
such as essay writing and spoken interactions, which were previously challenging to evaluate automatically. The introduction of NLP has been particularly
transformative, enabling machines to process and understand natural language in ways that mimic human comprehension (Zou et al., 2019).

Modern Al-driven assessment platforms, such as e-rater by Educational Testing Service (ETS) and SpeechRater for speaking assessments, exemplify
how Al can provide accurate, consistent, and scalable language evaluations (Attali & Burstein, 2006). These systems use algorithms trained on large
corpora of language data to evaluate grammar, vocabulary, coherence, pronunciation, and fluency, offering immediate feedback to learners and educators.
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3.3 Current Trends in Al-Based Language Assessment Tools

Contemporary Al-based assessment tools are characterized by their adaptability, interactivity, and ability to provide real-time feedback. Adaptive testing
systems, powered by Al, adjust the difficulty level of questions based on the test-taker’s performance, ensuring that assessments are tailored to individual
proficiency levels (Chen et al., 2020). This approach not only enhances the accuracy of language proficiency measurement but also improves test-taker
engagement by providing appropriately challenging tasks.

Automated scoring systems are another significant development, allowing for the rapid evaluation of written and spoken language tasks. These systems
analyze linguistic features such as syntax, semantics, and discourse structure to generate scores that align with human ratings (Lu et al., 2021).
Additionally, intelligent tutoring systems (ITS), which integrate Al with language assessment, offer personalized learning pathways by identifying
students' strengths and weaknesses and recommending targeted practice activities (Zou et al., 2019).

3.4 Advantages and Challenges of Al in Language Assessment

Al-driven language assessments offer several advantages, including increased efficiency, consistency in scoring, and the ability to handle large-scale
assessments with minimal human intervention (Gierl & Lai, 2013). Al can reduce human biases in scoring, ensure standardized evaluation criteria, and
provide immediate feedback, which is beneficial for both formative and summative assessments (Attali & Burstein, 2006).

However, the use of Al in language assessment also presents challenges. Algorithmic bias remains a concern, as Al systems may inadvertently reflect
biases present in the training data, potentially affecting the fairness of assessments (Lu et al., 2021). Moreover, Al systems may struggle to accurately
evaluate complex language constructs such as creativity, cultural nuances, and pragmatic competence, which are critical components of communicative
language ability (Heffernan & Otoshi, 2018).

In conclusion, Al has significantly advanced the field of language assessment, offering innovative tools that enhance the efficiency, accuracy, and
adaptability of EFL assessments. While Al-driven systems provide numerous benefits, it is essential to address their limitations to ensure fair and
comprehensive language evaluation.

4, Test Item Generation in EFL Contexts

Test item generation is a critical component of language assessment, as it directly influences the reliability, validity, and overall effectiveness of language
tests. In EFL contexts, where learners have diverse linguistic backgrounds and proficiency levels, the process of creating high-quality test items requires
careful consideration of pedagogical goals, cognitive demands, and linguistic authenticity (Bachman & Palmer, 1996). This section explores the types of
test items used in EFL assessment, the challenges associated with traditional item generation methods, and the need for efficiency and validity in the
development of language assessment tools (Klella, 2020).

4.1 Types of Test Items in EFL Assessment
EFL assessments employ a variety of test item formats to evaluate different language skills, including reading, writing, listening, and speaking. The most

common types of test items include:

1. Multiple-Choice Questions (MCQs): Widely used due to their ease of scoring and objective nature, MCQs assess vocabulary, grammar, reading
comprehension, and listening skills (Haladyna et al., 2002).

2. Cloze Tests: These tasks require students to fill in missing words within a passage, testing their understanding of context, grammar, and vocabulary
(Oller, 1979).

3. Short-Answer and Essay Questions: These items assess productive language skills, such as writing and critical thinking, allowing for more open-ended
responses (Weigle, 2002).

4. Listening and Speaking Tasks: These items include audio recordings, role-plays, or oral interviews to evaluate listening comprehension and spoken
fluency (Luoma, 2004).

Each of these item types requires careful design to ensure that they are aligned with learning objectives and effectively measure language proficiency.
4.2 Challenges in Traditional Test Item Generation

Traditional test item generation in EFL contexts often faces several challenges:

1. Time-Consuming Processes: Developing high-quality test items manually requires significant time and effort from language assessment experts,
particularly when ensuring content validity and cognitive diversity (Gierl & Lai, 2013).

2. Inconsistency and Human Bias: Human-generated items may vary in quality, and unconscious biases can influence item difficulty, cultural relevance,
and fairness (Messick, 1989).
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3. Limited Adaptability: Traditional methods struggle to create adaptive assessments that respond to individual learner needs, which can limit the accuracy
of proficiency measurement (Chen et al., 2020).

4. Resource Constraints: In many educational settings, especially in developing countries, there may be a lack of trained personnel and resources for
large-scale, high-quality item development (Kunnan, 2018).

These challenges highlight the need for innovative approaches that can streamline the item generation process while maintaining assessment quality.
4.3 The Need for Efficiency and Validity in EFL Assessments

Efficiency and validity are paramount in EFL assessment design. Efficiency refers to the ability to produce a large number of high-quality items quickly
and cost-effectively, while validity ensures that the items accurately measure the intended language constructs (Bachman & Palmer, 1996).

Al-driven test item generation offers promising solutions to these challenges. By automating the creation of test items, Al technologies can significantly
reduce the time and effort required for item development. Machine learning algorithms can analyze large datasets to identify patterns in language use,
enabling the generation of items that are both linguistically authentic and pedagogically relevant (Gierl & Lai, 2013).

Furthermore, Al can enhance content validity by systematically covering a wide range of language skills and learning objectives. It can also improve
construct validity by minimizing human biases and ensuring that assessment items are culturally neutral and appropriate for diverse learner populations
(Chen et al., 2020).

In conclusion, test item generation in EFL contexts is a complex process that requires careful attention to pedagogical goals, linguistic authenticity, and
assessment principles. While traditional methods have served language educators well, the integration of Al technologies offers new opportunities to
enhance the efficiency, consistency, and validity of EFL assessments.

5. Enhancing Efficiency with Al

The integration of Artificial Intelligence (Al) into educational assessment systems has significantly improved the efficiency of test item generation,
especially in English as a Foreign Language (EFL) contexts. Efficiency in this regard refers to the ability to rapidly produce high-quality, diverse, and
pedagogically sound test items with minimal human intervention. Al technologies, such as machine learning (ML), natural language processing (NLP),
and automated item generation (AIG), have revolutionized traditional assessment practices, addressing many of the limitations associated with manual
item creation (Gierl & Lai, 2013).

5.1 Automated Item Generation Techniques

One of the most transformative applications of Al in assessment is Automated Item Generation (AIG). AIG utilizes algorithms to create large pools of
test items based on predefined templates and cognitive models (Gierl & Haladyna, 2013). These templates contain variables that can be systematically
manipulated to generate multiple unique items, ensuring content variety while maintaining consistency in difficulty and format.

The AIG process typically involves three key stages:

1. Modeling: Defining the cognitive processes and knowledge domains that the items aim to assess.

2. Template Creation: Developing item templates with variable components that can be altered algorithmically.

3. Item Generation: Using Al algorithms to produce new items by modifying the variables within the templates (Gierl & Lai, 2013).

This approach dramatically reduces the time and effort required for item development while maintaining alignment with learning objectives and
assessment standards.

5.2 Reduction in Time and Resources

Traditional item generation is a labor-intensive process that often requires collaboration among subject matter experts, instructional designers, and
psychometricians. Al significantly reduces the time and resources needed by automating repetitive tasks and allowing for the rapid creation of large item
banks (Chen et al., 2020). For instance, Al can generate hundreds of multiple-choice questions or reading comprehension tasks in a fraction of the time
it would take a human team.

Additionally, Al can assist in automated item review, identifying potential issues such as ambiguous wording, grammatical errors, or cultural biases,
thereby streamlining the quality assurance process (Attali & Burstein, 2006). This not only enhances efficiency but also ensures that test items meet high
standards of clarity and fairness.
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5.3 Scalability and Adaptability in Assessment Design

Al technologies enable assessments to be highly scalable, making it feasible to develop large-scale testing programs without compromising item quality.
This is particularly beneficial in contexts where there is a need to assess large populations of EFL learners, such as national language proficiency exams
or international standardized tests (Lu et al., 2021).

Moreover, Al-driven assessment systems are adaptable, allowing for the creation of personalized learning experiences. Adaptive testing platforms,
powered by Al, adjust the difficulty level of test items in real-time based on the test-taker’s performance. This ensures that each student is presented with
tasks that are appropriately challenging, enhancing the accuracy and efficiency of proficiency measurement (Chen et al., 2020).

5.4 Real-Time Feedback and Continuous Improvement

Another key efficiency gain from Al is the ability to provide real-time feedback to both learners and educators. Al algorithms can analyze student
responses instantly, offering immediate insights into performance, areas of strength, and areas needing improvement (Zou et al., 2019). This continuous
feedback loop supports formative assessment practices, enabling teachers to adjust instruction based on timely data.

Furthermore. Al systems are capable of continuous learning and improvement (Attali & Burstein, 2006). As more data is collected from student
interactions, Al algorithms can refine their item generation processes, improving the accuracy of difficulty predictions and the effectiveness of distractors
in multiple-choice questions (Lu et al., 2021).

Al technologies have transformed the landscape of EFL assessment by enhancing the efficiency of test item generation (Lu et al., 2021). Through
automated item generation, real-time feedback, adaptive testing, and continuous learning, Al not only reduces the time and resources required for
assessment development but also improves the quality and personalization of language assessments. While Al-driven systems offer significant benefits,
ongoing research is needed to address challenges related to algorithmic bias and the need for human oversight to ensure contextual and cultural relevance.

6. Ensuring Validity through Al-Driven Assessments

Validity is a cornerstone of educational assessment, referring to the extent to which an assessment accurately measures what it is intended to measure
(Messick, 1989). In English as a Foreign Language (EFL) contexts, ensuring the validity of test items is critical, as it affects the fairness, reliability, and
interpretability of assessment results. The integration of Artificial Intelligence (Al) in assessment design introduces new opportunities and challenges for
maintaining and enhancing validity. This section explores the key components of validity, how Al-driven systems can support valid assessments, and the
potential risks associated with relying on Al for high-stakes language testing.

6.1 Understanding Validity in Language Assessment

Messick’s (1989) comprehensive framework for validity identifies several key types of validity relevant to language assessment:

1. Content Validity: Refers to the degree to which test items represent the entire range of content they are intended to assess. In EFL assessments, this
includes vocabulary, grammar, reading comprehension, speaking, and writing skills.

2. Construct Validity: Involves the extent to which an assessment accurately measures the theoretical construct it claims to measure, such as language
proficiency or communicative competence (Bachman, 1990).

3. Criterion-Related Validity: Refers to the correlation between assessment results and external criteria, such as other standardized tests or real-world
language performance (Brown, 2004).

4. Face Validity: Although not technically a psychometric property, face validity concerns the perceived relevance and fairness of the test from the
perspective of test-takers and stakeholders.

Ensuring these forms of validity is essential for the credibility and effectiveness of EFL assessments.
6.2 How Al Algorithms Maintain Assessment Validity

Al-driven assessment systems can enhance validity through several mechanisms:

1. Systematic Content Coverage: Al algorithms can be programmed to generate test items that systematically cover a broad range of language skills and
learning objectives. This approach minimizes the risk of content gaps and ensures that assessments are representative of the curriculum (Gierl & Lai,
2013).

2. Data-Driven Construct Validation: Machine learning models can analyze large datasets to identify patterns in language performance, supporting the
development of items that align with theoretical constructs of language proficiency (Lu et al., 2021). Al can also detect anomalies or inconsistencies in
test items that may undermine construct validity.
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3. Reduction of Human Bias: Human biases in item writing and scoring can compromise assessment validity. Al algorithms, when properly designed and
trained on diverse datasets, can reduce these biases by applying consistent evaluation criteria across all test-takers (Chen et al., 2020). This contributes to
fairness and impartiality, particularly in subjective tasks like essay scoring and speaking assessments.

4. Adaptive Testing for Criterion Validity: Al-powered adaptive testing systems adjust the difficulty of items in real-time based on the test-taker’s
responses. This dynamic approach ensures that the assessment accurately reflects the individual’s proficiency level, enhancing criterion-related validity
by producing more precise measurements (Zou et al., 2019).

6.3 Challenges in Ensuring Validity with Al-Driven Assessments

Despite its potential, Al also introduces new challenges related to assessment validity:

1. Algorithmic Bias: Al models are only as unbiased as the data they are trained on. If training data contain cultural, linguistic, or demographic biases,
these biases can be perpetuated in the assessment process (Heffernan & Otoshi, 2018). This can negatively impact the fairness and validity of language
tests, particularly for minority groups.

2. Over-Reliance on Surface Features: Some Al-based scoring systems may focus on surface-level linguistic features (e.g., word count, sentence length)
rather than deeper cognitive or communicative competencies. This can undermine construct validity if the system fails to capture the complexity of
language proficiency (Lu et al., 2021).

3. Lack of Transparency: Al algorithms, especially those based on deep learning, can function as "black boxes," making it difficult to understand how
specific scoring decisions are made. This lack of transparency poses challenges for validating the assessment process and ensuring accountability (Chen
et al., 2020).

6.4 Strategies for Enhancing Validity in Al-Driven Assessments

To address these challenges, several strategies can be employed:

1. Human-Al Collaboration: Combining Al-driven assessments with human oversight can enhance validity. Human experts can review Al-generated
items and scoring outputs to ensure alignment with assessment goals and cultural appropriateness (Gierl & Haladyna, 2013).

2. Bias Audits and Data Diversity: Regular bias audits of Al algorithms and the use of diverse, representative datasets for model training can mitigate the
risk of algorithmic bias. This approach helps ensure that assessments are fair and valid for all test-takers (Zou et al., 2019).

3. Transparent Algorithm Design: Developing transparent Al models with clear documentation of scoring criteria and decision-making processes
enhances trust and facilitates the validation of assessment outcomes (Lu et al., 2021).

4. Continuous Validation Studies: Ongoing research and validation studies are essential to evaluate the effectiveness of Al-driven assessments in different
contexts. This includes comparing Al-generated scores with human ratings and examining the relationship between test performance and real-world
language use (Chen et al., 2020).

5. Al-driven assessments hold great promise for enhancing the validity of EFL language testing (Attali & Burstein, 2006). By leveraging data-driven
approaches, reducing human biases, and supporting adaptive testing, Al can contribute to more accurate, fair, and reliable assessments (Lu et al., 2021).
However, ensuring validity in Al-based systems requires careful attention to algorithm design, continuous validation efforts, and the integration of human
expertise to address potential biases and maintain the integrity of the assessment process.

7. Benefits and Limitations of Al-Driven Test Item Generation

The application of Artificial Intelligence (Al) in test item generation has significantly transformed educational assessment practices, particularly in the
context of English as a Foreign Language (EFL). Al-driven test item generation offers numerous benefits, such as enhanced efficiency, consistency, and
scalability. However, it also presents certain limitations related to fairness, interpretability, and the need for human oversight. This section explores the
key benefits and limitations of Al-driven test item generation in EFL assessment contexts.

7.1 Benefits of Al-Driven Test Item Generation

a. Enhanced Efficiency and Productivity

One of the most significant advantages of Al-driven test item generation is the improvement in efficiency. Al algorithms can rapidly generate large
volumes of high-quality test items, significantly reducing the time and effort required compared to traditional manual methods (Gierl & Lai, 2013). This
efficiency is especially beneficial in large-scale testing environments, where quick item production is essential to meet assessment demands.

b. Consistency and Standardization
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Al algorithms apply consistent rules and procedures when generating test items, leading to greater standardization in item quality. Unlike human item
writers, who may introduce variability due to subjective biases, Al ensures that all items adhere to predefined criteria, enhancing the reliability of
assessments (Attali & Burstein, 2006).

c. Scalability and Adaptability

Al-driven systems are highly scalable, making it possible to create extensive item banks that can support various assessment formats, including adaptive
testing. Al can also generate items tailored to different proficiency levels, learning objectives, and student needs, increasing the adaptability of assessments
(Chen et al., 2020).

d. Reduction of Human Bias

While Al systems are not immune to bias, they can help reduce certain types of human bias in test item development. For example, Al can minimize
subjective influences related to cultural stereotypes or personal preferences that may affect item content and fairness in traditional assessment design
(Heffernan & Otoshi, 2018).

e. Real-Time Feedback and Continuous Improvement

Al systems can provide real-time feedback to learners and educators, enhancing formative assessment practices. Additionally, Al algorithms can learn
from user data to continuously improve item generation processes, optimizing the quality and relevance of test items over time (Zou et al., 2019).

f. Cost-Effectiveness in the Long Run

Although the initial development of Al-driven assessment systems may require substantial investment, they can become cost-effective in the long run.
Once the system is operational, it can generate items with minimal additional resources, reducing the need for large teams of human item writers (Lu et
al., 2021).

7.2 Limitations of Al-Driven Test Item Generation

a. Algorithmic Bias and Fairness Concerns

Despite efforts to reduce bias, Al systems can inadvertently perpetuate biases present in their training data. This can lead to unfair advantages or
disadvantages for certain groups of test-takers, particularly when cultural, linguistic, or demographic factors are not adequately considered (Chen et al.,
2020). Bias in Al-generated items can affect both the validity and fairness of assessments.

b. Lack of Human Judgment and Contextual Sensitivity

Al lacks the ability to fully replicate human judgment, especially when it comes to evaluating nuanced language features, cultural references, or creative
responses. While Al can efficiently generate grammatically correct items, it may struggle with contextual appropriateness, such as idiomatic expressions
or culturally sensitive content (Heffernan & Otoshi, 2018).

¢. Over-Reliance on Surface-Level Features

Many Al algorithms rely heavily on surface-level linguistic features, such as word frequency, sentence length, or grammatical structure, rather than
deeper cognitive or communicative competencies. This can undermine the construct validity of assessments, as language proficiency encompasses more
than just structural correctness (Lu et al., 2021).

d. Limited Creativity and Innovation

Al systems operate based on predefined algorithms and data patterns, which can limit their creativity in generating novel or complex test items. Human
item writers are often better at designing assessment tasks that require critical thinking, problem-solving, or creative language use, skills that are difficult
for Al to replicate (Gierl & Haladyna, 2013).

e. Technical Challenges and Resource Requirements

Implementing Al-driven item generation systems involves technical complexities related to software development, data management, and system
integration. Additionally, maintaining these systems requires continuous updates, monitoring, and specialized expertise, which may not be readily
available in all educational settings (Zou et al., 2019).

f. Transparency and Interpretability Issues

Al algorithms, particularly those based on deep learning, often function as "black boxes", meaning their decision-making processes are not easily
interpretable. This lack of transparency can raise concerns about accountability and trust, especially in high-stakes assessment contexts where clear
justification for item content and scoring decisions is required (Chen et al., 2020).
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7.3 Balancing the Benefits and Limitations

While Al-driven test item generation offers transformative potential for EFL assessment, it is crucial to strike a balance between leveraging its benefits
and addressing its limitations. Some key strategies include ffective implementation of Al-driven assessment systems relies on a combination of
technological innovation and human expertise to ensure fairness, validity, and educational relevance. Human-Al collaboration is essential, as combining
Al-generated items with human review and oversight helps maintain contextual relevance, cultural sensitivity, and pedagogical soundness (Gierl & Lai,
2013). While Al can efficiently generate large volumes of test items, educators play a critical role in refining these items to align with specific learning
objectives and cultural contexts.

To address concerns around fairness, bias mitigation strategies are crucial. This involves regularly conducting bias audits and using diverse, representative
datasets during Al training to reduce the risk of algorithmic bias (Chen et al., 2020). By identifying and correcting potential biases, educators and
developers can ensure that assessments are equitable for all learners, regardless of their background.

Moreover, fostering transparency in Al-driven assessments is vital for building trust among educators, students, and stakeholders. Implementing
transparency measures, such as enhancing the explainability of Al algorithms through clear documentation, model interpretability techniques, and
validation studies, can improve accountability in assessment practices (Lu et al., 2021). These practices ensure that assessment decisions are
understandable, justifiable, and aligned with ethical educational standards.

Al-driven test item generation offers numerous benefits, including enhanced efficiency, consistency, scalability, and real-time feedback, making it a
valuable tool in EFL assessment. However, it also presents limitations related to algorithmic bias, lack of human judgment, and transparency issues. To
maximize the potential of Al in assessment design, it is essential to adopt a hybrid approach that combines the strengths of Al with the critical thinking
and contextual understanding provided by human experts. Continuous research, validation, and ethical oversight are key to ensuring that Al-driven
assessments are both effective and equitable.

8. Case Studies and Practical Applications of Al-Driven Test Item Generation

The practical application of Artificial Intelligence (Al) in test item generation has shown promising results in enhancing the efficiency, validity, and
adaptability of language assessments. Various educational institutions and organizations have integrated Al technologies into their assessment
frameworks, demonstrating both the potential and challenges of these innovations. This section presents notable case studies and practical applications
that illustrate how Al-driven test item generation has been implemented in real-world educational settings, particularly within English as a Foreign
Language (EFL) contexts.

8.1 Case Study 1: ETS’s e-rater® and SpeechRater® Systems

The Educational Testing Service (ETS) has been at the forefront of integrating Al in language assessment. Two of its most prominent Al-driven tools are
e-rater®, used for automated essay scoring, and SpeechRater®, designed for evaluating speaking proficiency (Attali & Burstein, 2006).

Application:

e  e-rater® uses Natural Language Processing (NLP) algorithms to analyze written responses, evaluating features such as grammar, vocabulary
usage, organization, and coherence. The system provides immediate feedback, which is particularly useful for formative assessments and
large-scale standardized tests like the TOEFL.

e  SpeechRater® assesses spoken language by analyzing fluency, pronunciation, vocabulary richness, and grammatical accuracy. It can handle
large volumes of speaking tasks efficiently, making it suitable for both classrooms use and standardized testing environments.

Outcomes:

These tools have improved assessment efficiency by reducing the time required for scoring and increasing consistency across evaluations. However, they
have faced criticism regarding their ability to fully capture the depth of human language use, particularly in areas like creativity and nuanced expression
(Luetal., 2021).

8.2 Case Study 2: Duolingo English Test (DET)

The Duolingo English Test (DET) is an innovative, Al-driven language proficiency assessment designed for convenience, accessibility, and accuracy.
Unlike traditional language tests, DET is fully online, adaptive, and utilizes Al for both test item generation and scoring (Lu et al., 2021).

Application:

®  The test employs Al-powered adaptive algorithms that adjust the difficulty of questions in real-time based on the test-taker’s performance.
This ensures that each candidate receives a personalized assessment tailored to their proficiency level.

® Alis also used to generate test items dynamically, creating new and unique content for each test session, which helps prevent security
breaches and reduces the chances of memorization.
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Outcomes:

DET has been widely accepted by academic institutions globally due to its cost-effectiveness, scalability, and rapid result processing. The adaptive nature
of the test has enhanced the precision of language proficiency measurement. However, concerns about test security and the transparency of Al scoring
mechanisms have been raised, prompting continuous updates and validation efforts (Zou et al., 2019).

8.3 Case Study 3: Pearson’s Versant English Test

Pearson’s Versant English Test is another example of Al-driven language assessment, focusing on spoken and written English proficiency. The test is
designed for both academic and professional settings, with a strong emphasis on automated scoring.

Application:

®  The test uses speech recognition technology and NLP to evaluate speaking skills, analyzing aspects such as fluency, pronunciation, and
intonation.

e Al algorithms also support automated item generation, particularly for listening comprehension and vocabulary tasks, ensuring consistency
and efficiency in assessment design.

Outcomes:

Versant has demonstrated high reliability in scoring and the ability to process large volumes of assessments quickly. It is particularly valued in corporate
environments for employee language screening. However, similar to other Al-driven assessments, it has faced challenges in accurately assessing
spontaneous, natural speech, and contextual language use (Gierl & Lai, 2013).

8.4 Practical Application in Classroom Settings: Al-Powered Intelligent Tutoring System

Al-driven Intelligent Tutoring Systems (ITS) have been integrated into EFL classrooms to support both teaching and assessment. These systems combine
Al with adaptive learning technologies to provide personalized feedback and generate customized test items based on individual learning progress.

Application:

e |TS platforms like Write & Improve (developed by Cambridge English) use Al to provide instant feedback on student writing, suggesting
grammar corrections, vocabulary improvements, and stylistic adjustments (Heffernan & Otoshi, 2018).

e  Alalgorithms analyze student performance data to generate practice tests that target specific language weaknesses, enhancing the effectiveness
of both formative and summative assessments.

Outcomes:

These systems have been shown to improve student engagement and learning outcomes by providing immediate, personalized feedback. Teachers benefit
from reduced grading workloads and access to detailed analytics on student performance. However, the effectiveness of ITS depends heavily on the
quality of the Al algorithms and the extent to which they are integrated into broader pedagogical practices (Chen et al., 2020).

8.5 Emerging Application: Al-Driven Assessment in Massive Open Online Courses (MOOCs)

In the context of Massive Open Online Courses (MOOCs), Al has been employed to manage large-scale assessments efficiently. Given the vast number
of learners in MOOC:s, traditional assessment methods are often impractical.

Application:

e  Platforms like Coursera and edX use Al to automatically generate quizzes, multiple-choice questions, and short-answer tasks based on course
content.

e  Al-driven grading systems provide real-time feedback, helping learners track their progress without the need for constant instructor
intervention.

Outcomes:
Al has enabled MOOCs to offer scalable assessments without compromising the quality of feedback. However, limitations exist in the AI’s ability to
accurately evaluate complex, open-ended responses, necessitating hybrid models that combine automated and peer-reviewed grading (Lu et al., 2021).

8.6 Lessons Learned from Case Studies

Al-driven assessment systems offer several key advantages that enhance the overall quality and effectiveness of language testing. One of the most
significant benefits is efficiency gains, as Al significantly reduces the time and cost associated with test item generation and scoring. Automated processes
streamline the creation of assessment materials and enable rapid evaluation, allowing educators to focus more on instructional strategies. Additionally,
Al facilitates personalization through adaptive algorithms that enhance the accuracy of proficiency assessments by tailoring content to individual learners’
needs and performance levels. This individualized approach ensures that assessments are both challenging and relevant, fostering more meaningful
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learning experiences. Moreover, Al promotes consistency in assessment practices by ensuring standardized scoring criteria and reducing the influence of
human bias, particularly in high-stakes testing environments. This leads to more objective and fair evaluations, contributing to the reliability and validity
of language assessments.

However, despite the numerous advantages of Al-driven assessment systems, several challenges need to be addressed to ensure their effective and ethical
implementation. One major concern is bias and fairness, as algorithmic bias can inadvertently influence assessment outcomes, potentially disadvantaging
certain groups of learners. This highlights the critical need for diverse training data and regular validation processes to identify and mitigate any biases
embedded within Al models. Additionally, issues related to transparency pose significant challenges, particularly in high-stakes testing environments.
The often opaque, “black box” nature of Al algorithms makes it difficult to understand how decisions are made, raising concerns about trust,
accountability, and the ability to justify assessment outcomes. To address these challenges, fostering human-Al collaboration is essential. Successful
applications typically combine the efficiency and scalability of Al with human expertise to ensure the validity, fairness, and cultural relevance of
assessments. This collaborative approach helps maintain a balance between technological innovation and the nuanced judgment that educators bring to
the assessment process.

The case studies and practical applications discussed illustrate the transformative potential of Al in EFL assessment, particularly in the areas of test item
generation, adaptive testing, and automated scoring. While Al-driven systems offer numerous benefits, including efficiency, scalability, and
personalization, they also present challenges related to bias, transparency, and the need for human oversight. Moving forward, a balanced approach that
leverages the strengths of both Al and human expertise will be essential for developing fair, valid, and effective language assessments.

9. Implications for EFL Educators and Assessment Designers

The integration of Avrtificial Intelligence (Al) in test item generation and language assessment has profound implications for EFL (English as a Foreign
Language) educators and assessment designers. While Al-driven technologies offer significant opportunities to enhance assessment efficiency, validity,
and personalization, they also pose new challenges related to pedagogy, fairness, and professional development. This section discusses the key
implications of Al-driven assessment systems for educators and assessment designers, focusing on instructional practices, assessment strategies, and the
evolving roles of language professionals.

9.1 Redefining the Role of EFL Educators

a. From Test Creators to Test Curators

Traditionally, EFL educators have been responsible for designing, developing, and administering assessments. With Al automating much of the test item
generation process, educators' roles are shifting towards curation and evaluation of Al-generated content (Gierl & Lai, 2013). Teachers need to ensure
the effectiveness and fairness of Al-driven assessment systems, it is important to implement robust review processes. Educators and assessment designers
should actively review and validate Al-generated test items to confirm their alignment with specific learning objectives, cultural appropriateness, and
pedagogical relevance. This process helps maintain the educational integrity of assessments, ensuring that the content supports meaningful learning
outcomes. Additionally, it is essential to identify potential biases or content issues that Al algorithms may overlook, particularly concerning socio-cultural
contexts. Since Al systems can inadvertently perpetuate biases present in their training data, human oversight plays a vital role in detecting and addressing
these issues, thereby promoting fairness, inclusivity, and equity in language assessments.

b. Emphasis on Higher-Order Skills

Since Al can efficiently handle lower-order tasks like grammar and vocabulary assessments, educators can focus more on developing and assessing
higher-order language skills, such as critical thinking, creativity, intercultural communication, and pragmatic competence (Lu et al., 2021). Teachers will
play a key role in designing assessments that evaluate these complex skills, which Al may not yet fully capture.

9.2 Professional Development and Digital Literacy

a. Need for Al Literacy

As Al becomes an integral part of language assessment, EFL educators and assessment designers must develop Al literacy, an understanding of how Al
algorithms work, their capabilities, and their limitations (Chen et al., 2020). This includes knowledge of a comprehensive understanding of Al-driven
assessment systems requires familiarity with several key areas. First, educators and assessment designers should grasp basic Al principles, including
fundamental concepts in machine learning and natural language processing (NLP), which underpin the generation and evaluation of test items. This
foundational knowledge enables educators to better understand how Al algorithms function and make decisions. Additionally, the ability to interpret Al-
generated data for informed decision-making is critical. Educators must be able to analyze assessment data effectively to draw meaningful insights about
student performance, identify learning gaps, and adjust instructional strategies accordingly. Equally important are the ethical considerations associated
with the use of Al in education. Issues such as data privacy, algorithmic bias, and fairness in assessment must be carefully addressed to ensure that Al
technologies are implemented responsibly. This includes safeguarding sensitive student information, regularly auditing algorithms for bias, and promoting
equitable assessment practices that support all learners.
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b. Ongoing Training and Capacity Building

Professional development programs should incorporate Al-related training to equip educators with the skills needed to effectively integrate Al tools into
their teaching and assessment practices. This training should cover: The use of Al-powered assessment platforms (e.g., automated scoring tools, adaptive
tests); Data-driven assessment practices, including how to analyze Al-generated feedback for instructional improvement; and ethical use of Al in
classroom and large-scale assessment settings.

9.3 Pedagogical Implications for EFL Classrooms

a. Personalized Learning and Formative Assessment

Al enables personalized learning experiences by generating assessments tailored to individual students' needs and proficiency levels. For educators, this
means Al-driven assessment systems offer powerful tools to enhance teaching and learning processes, particularly through diagnostic and formative
assessments. One key application is using Al-generated diagnostic assessments to identify students' strengths and weaknesses early in the learning process
(Zou et al., 2019). These assessments can analyze student performance data to provide detailed insights into specific areas where learners excel or struggle,
enabling educators to tailor instruction to meet individual needs effectively. Additionally, educators can incorporate real-time feedback from Al systems
into formative assessment practices to support continuous learning and improvement. By providing immediate, personalized feedback, Al helps students
understand their progress, address knowledge gaps promptly, and engage more actively in their learning journey. This real-time feedback loop fosters a
dynamic learning environment where assessment becomes an integral part of the instructional process, promoting ongoing development rather than merely
evaluating final outcomes.

b. Shift Towards Continuous Assessment

The ability of Al to provide real-time, continuous feedback encourages a move away from traditional high-stakes, summative assessments towards more
formative, ongoing assessments. Educators can leverage Al to: Implement frequent low-stakes quizzes that adapt to student performance and design
progress monitoring systems that track language development over time.

9.4 Assessment Design Considerations

a. Ensuring Validity and Fairness

While Al can improve assessment efficiency, educators must ensure that assessments remain valid, reliable, and fair. This requires ensuring the validity
and fairness of Al-driven assessments requires deliberate and informed practices by educators and assessment designers. A crucial step in this process is
the critical evaluation of Al-generated test items to confirm that they accurately measure the intended language constructs (Bachman & Palmer, 1996).
This involves reviewing items for their alignment with learning objectives, linguistic appropriateness, and the cognitive demands placed on learners.
Without this rigorous evaluation, there is a risk that Al-generated items may not fully capture the complexity of language proficiency, potentially
undermining assessment validity.

Additionally, proactive efforts in bias detection and mitigation are essential, as Al algorithms can inadvertently perpetuate biases present in their training
data (Chen et al., 2020). These biases may relate to cultural, linguistic, gender, or socio-economic factors, leading to unfair assessment outcomes for
certain groups of learners. Regular audits, diverse datasets, and human oversight are key strategies to identify and correct such biases, ensuring that Al-
generated assessments promote equity and inclusivity in language learning environments.

b. Combining Al with Human Expertise

Al should be viewed as a complement to, not a replacement for, human expertise. Hybrid assessment models, where Al handles routine tasks and educators
focus on complex decision-making, are likely to be the most effective. In such models, In Al-driven assessment systems, there is a clear division of roles
that optimizes both technological efficiency and human expertise. Al generates and scores basic language tasks, such as those focused on grammar,
vocabulary, and reading comprehension. These tasks are well-suited for automation due to their objective nature and the ease with which Al algorithms
can apply consistent scoring criteria. This automation significantly reduces the workload for educators, allowing them to concentrate on more complex
aspects of language assessment.

Meanwhile, educators play a critical role in designing assessments for higher-order skills that require nuanced judgment, such as critical thinking,
problem-solving, and communicative competence (Gierl & Haladyna, 2013). These skills often involve subjective evaluation, where human insight is
essential to capture the depth of learners' responses. In addition to assessment design, educators are responsible for interpreting Al-generated data to
inform instructional decisions. By analyzing performance trends and diagnostic feedback provided by Al systems, teachers can identify learning gaps,
adjust teaching strategies, and provide targeted support to enhance student learning outcomes. This collaborative approach leverages the strengths of both
Al and human educators, creating a balanced and effective assessment ecosystem.

9.5 Ethical and Equity Considerations

a. Addressing Algorithmic Bias
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Al systems are susceptible to algorithmic bias, which can impact assessment fairness. Educators and assessment designers must be vigilant in ensuring
fairness and equity in Al-driven assessment systems requires a proactive approach to identifying and addressing potential biases. This involves reviewing
Al-generated content for biases related to language, culture, gender, or socio-economic factors, as these elements can inadvertently influence assessment
outcomes (Heffernan & Otoshi, 2018). Regular reviews by educators and assessment designers help to detect and correct biased content, ensuring that
test items are inclusive and culturally sensitive for diverse learner populations.

In addition to bias detection, it is essential to advocate for transparent Al practices, where assessment algorithms are subject to regular audits and
validation. This process involves continuously evaluating the performance of Al models to ensure they produce fair, reliable, and valid results. By
promoting transparency, educators and stakeholders can build trust in Al-driven assessment systems, fostering greater accountability and ensuring that
these technologies support ethical and equitable educational practices.

b. Promoting Equity in Access to Al Tools

Not all educational contexts have equal access to Al technologies. To promote equity, institutions and educators should promote equity in Al-driven
assessment systems, it is necessary to ensure that Al-based assessments are accessible to students from diverse backgrounds, including those with limited
technological resources. This involves designing assessments that can function effectively across various devices and internet connectivity levels, ensuring
that no student is disadvantaged due to a lack of access to advanced technology.

Additionally, educators and policymakers must consider the digital divide when implementing Al tools, providing targeted support for students who may
lack the necessary technical skills or equipment to engage fully with Al-based assessments (Zou et al., 2019). This support can include offering digital
literacy training, ensuring access to devices and reliable internet, and creating alternative assessment options where needed. By addressing these
disparities, educational institutions can create more inclusive assessment environments that support all learners, regardless of their socio-economic
background or technological access.

9.6 Practical Recommendations for EFL Educators and Assessment Designers

To maximize the potential of Al-driven assessment systems while ensuring fairness and effectiveness, educators and assessment designers should adopt
several key strategies. First, it is essential to develop Al literacy by engaging in professional development to understand Al's role in assessment. This
knowledge enables educators to effectively integrate Al tools into their teaching practices and make informed decisions based on Al-generated data.
Second, adopting a hybrid approach that combines AI’s efficiency with human oversight helps enhance assessment quality, ensuring that tests are both
technically sound and pedagogically relevant.

Additionally, educators should focus on higher-order skills by designing assessments that target critical thinking, creativity, and communication abilities,
areas where human judgment remains invaluable. To support continuous learning, it is also important to implement continuous assessment, leveraging
Al for formative assessments that provide real-time feedback and help track student progress over time.

Given the potential for algorithmic bias, educators must monitor for bias by regularly auditing Al systems to identify and mitigate any biases that could
affect assessment fairness. Finally, promoting digital equity is crucial to ensure that all learners, regardless of their socio-economic background or access
to technology, have equitable opportunities to benefit from Al-driven assessment tools. This comprehensive approach fosters an inclusive, ethical, and
effective assessment environment that supports diverse learning needs.

The rise of Al-driven test item generation presents both opportunities and challenges for EFL educators and assessment designers. While Al can enhance
efficiency, personalization, and data-driven decision-making, it also requires educators to adopt new roles as curators, analysts, and ethical stewards of
assessment practices. To maximize the benefits of Al while mitigating its risks, educators must develop Al literacy, engage in continuous professional
development, and advocate for ethical and equitable assessment practices. Ultimately, the successful integration of Al in language assessment depends
on a balanced partnership between technology and human expertise.

10. Future Directions and Research Gaps

As Al continues to transform the landscape of language assessment, particularly in the area of test item generation, it is essential to explore future
directions that can enhance the effectiveness, fairness, and adaptability of Al-driven assessments. Despite significant advancements, several research gaps
remain, highlighting the need for continuous inquiry and development. This section outlines key future directions and identifies research gaps that require
attention to ensure the responsible and effective use of Al in English as a Foreign Language (EFL) assessment contexts.

10.1 Future Directions in Al-Driven Test Item Generation

a. Development of More Sophisticated Al Algorithms

Future research should focus on developing more advanced Al algorithms capable of understanding and generating complex language structures. Current
Al systems excel at producing basic items for grammar, vocabulary, and reading comprehension but often struggle with enhancing the effectiveness of
Al-driven assessment systems, it is essential to focus on two critical areas: contextual understanding and the assessment of higher-order thinking skills.
Al should be capable of generating test items that accurately reflect real-world language use and cultural nuances, ensuring that assessments are not only
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linguistically accurate but also relevant and meaningful to diverse learner populations (Lu et al., 2021). This requires Al systems to consider socio-cultural
contexts, idiomatic expressions, and authentic language scenarios that mirror real-life communication.

In addition to contextual relevance, there is a growing need to design assessment tasks that evaluate higher-order thinking skills, such as critical thinking,
problem-solving, and creative language use. Unlike basic language tasks that focus on grammar or vocabulary, these complex skills require learners to
analyze, synthesize, and apply knowledge in innovative ways. While Al can assist in creating such tasks, human oversight remains crucial to ensure that
assessments truly challenge students to think critically and demonstrate deeper cognitive abilities. Combining AI’s efficiency with human expertise can
lead to more comprehensive and authentic language assessments.

Emerging technologies, such as deep learning and transformer-based models (e.g., BERT, GPT), offer promising avenues for enhancing the sophistication
of Al-generated items (Chen et al., 2020).

b. Integration of Multimodal Assessment

The future of language assessment is likely to involve multimodal assessment, where Al analyzes a combination of text, speech, images, and even videos
to evaluate language proficiency holistically. Al-driven assessment systems have the potential to revolutionize language evaluation by enabling the ability
to assess listening, speaking, reading, and writing skills simultaneously. This integrated approach allows for a more holistic evaluation of a learner’s
language proficiency, moving beyond isolated skill assessments to reflect how language is used in real-world contexts. By leveraging advanced
technologies, Al can design tasks that require students to engage in multiple language modes within a single assessment, such as listening to an audio
clip, reading a passage, and then responding through both written and spoken outputs.

This approach provides a more comprehensive understanding of communicative competence, capturing not only the individual language skills but also
how effectively learners can integrate these skills in meaningful, task-based contexts (Heffernan & Otoshi, 2018). Integrated task-based assessments are
particularly effective in evaluating real-life language use, as they mirror authentic communication scenarios where individuals must process information,
make decisions, and express themselves across different modalities. AI’s capability to manage and analyze such complex data streams enhances the depth
and accuracy of language proficiency assessments, offering richer insights into learners’ overall communicative abilities.

Research is needed to explore how Al can effectively integrate and analyze data from multiple modalities to support authentic language assessment.
c¢. Adaptive and Personalized Learning Pathways

AT’s potential to create adaptive learning and assessment environments is a promising area for future development. Al-driven assessment systems offer
powerful capabilities to enhance personalized learning through adaptive assessment techniques. One key feature is the ability to personalize test items
based on real-time performance data, dynamically adjusting the difficulty and content to match each learner’s proficiency level (Zou et al., 2019). This
adaptive approach ensures that assessments are appropriately challenging, providing a more accurate measurement of a student’s language abilities while
maintaining engagement and motivation.

In addition to personalized assessments, Klella and Mrghem (2024) stated that Al can provide targeted feedback and learning recommendations tailored
to individual learner needs. By analyzing performance patterns, Al systems can identify specific areas of strength and weakness, offering detailed feedback
that goes beyond simple scores. This feedback can include explanations of errors, suggestions for improvement, and customized learning activities
designed to address gaps in knowledge. Such continuous, data-driven support fosters an environment of ongoing language development, enabling learners
to progress at their own pace while receiving guidance that is both relevant and actionable.

Further research is required to optimize adaptive algorithms, ensuring they accurately reflect learners' abilities and learning trajectories without
introducing bias.

d. Explainable Al (XAl) for Transparent Assessment

One of the critical challenges with Al in assessment is the lack of transparency in decision-making processes, often referred to as the “black box” problem.
The emerging field of Explainable Al (XAl) aims to make Al systems more interpretable, ensuring transparency in Al-driven assessment systems is
crucial for building trust and accountability among educators, learners, and stakeholders. A key aspect of this transparency is clarifying how assessment
decisions are made, including the rationale behind item generation and scoring processes (Chen et al., 2020). This involves providing clear explanations
of the algorithms and criteria used to develop test items and evaluate responses, helping users understand the underlying logic of Al-driven assessments.

Additionally, it is important to communicate why certain responses are evaluated in specific ways, detailing the linguistic and cognitive factors that
influence scoring outcomes. This level of clarity enhances trust and accountability by ensuring that both students and educators can see the connections
between performance, feedback, and final scores. When assessment decisions are transparent and well-explained, learners are more likely to perceive the
process as fair, while educators can confidently rely on the data to inform instructional decisions and support student growth.

Future research should focus on developing XAI models tailored to language assessment, ensuring that AI’s decision-making processes are clear,
justifiable, and aligned with educational goals.

e. Ethical Al and Fairness in Assessment

Ensuring ethical Al practices in language assessment will be a critical area of focus. Ensuring fairness and ethical integrity in Al-driven assessment
systems requires a strong focus on bias detection and mitigation. This involves developing advanced techniques to identify and correct algorithmic biases
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that may arise from training data, particularly biases related to language, culture, gender, and socio-economic status (Gierl & Lai, 2013). Regular audits,
diverse datasets, and algorithmic transparency are essential strategies to minimize the risk of biased outcomes, ensuring that assessments are equitable
for all learners.

In parallel, safeguarding student information is paramount, making data privacy and security a critical concern. Robust measures must be implemented
to protect sensitive student data used in Al systems, including encryption protocols, secure data storage, and strict access controls. Additionally,
compliance with global data protection regulations ensures that students’ personal information is handled ethically and securely. By addressing both
algorithmic bias and data security, Al-driven assessment systems can foster trust, promote fairness, and uphold the highest standards of ethical practice
in education.

Research should investigate frameworks for ethical Al governance in educational settings, emphasizing fairness, inclusivity, and data protection.
f. Cross-Linguistic and Cross-Cultural Adaptation

Most Al-driven assessment systems are designed for English, but there is growing interest in applying these technologies to multilingual and cross-
cultural contexts. Future research should explore how Al-driven assessment systems face unique challenges when applied to diverse linguistic and cultural
contexts. One major challenge is addressing language-specific complexities in item generation, particularly in languages with rich morphological
structures like Arabic or agglutinative languages. These languages present intricate grammatical rules, including complex verb conjugations, case
markings, and word formation patterns, which can be difficult for Al algorithms to process accurately. Developing Al models capable of handling such
linguistic intricacies requires specialized training data and advanced natural language processing techniques to ensure that generated test items are
linguistically accurate and pedagogically sound.

Equally important is ensuring cultural sensitivity in test content to maintain fairness and relevance across different cultural backgrounds (Kunnan, 2018).
Al-generated assessments must avoid cultural biases that could disadvantage certain groups of learners. This involves careful consideration of cultural
references, contexts, and idiomatic expressions in test items to ensure they are universally accessible and do not favor learners from specific cultural or
socio-economic backgrounds. By addressing both linguistic complexity and cultural sensitivity, Al-driven assessment systems can provide more equitable
and effective evaluations for diverse learner populations worldwide.

Developing Al models that can adapt to diverse linguistic and cultural environments will expand the global applicability of Al-driven assessments.
10.2 Research Gaps in Al-Driven Test Item Generation

a. Limited Research on Longitudinal Impact

While many studies focus on the immediate effectiveness of Al-generated assessments, there is a lack of longitudinal research examining them. The long-
term impact of Al-driven assessments on language learning outcomes is an area that warrants further exploration. While Al-based tools can enhance
immediate feedback and provide personalized learning paths, understanding their lasting effects on students’ language proficiency, retention, and overall
academic success is crucial. Research needs to focus on how sustained use of Al-driven assessments influences students’ abilities to master language
skills over time and whether it leads to more significant improvements compared to traditional assessment methods.

Moreover, it is essential to examine how continuous exposure to Al-generated content influences students' language development, motivation, and test-
taking behaviors over time (Lu et al., 2021). Regular interaction with Al-driven assessments may foster a more adaptive learning environment, promoting
better engagement and self-directed learning. However, it is also necessary to study whether such exposure could lead to over-reliance on Al, affecting
students' intrinsic motivation or altering their approach to learning and assessments. Research should explore both the positive and negative outcomes of
this continuous exposure, considering factors like learner autonomy, test-taking anxiety, and the potential for Al to either enhance or hinder long-term
language development.

b. Insufficient Validation Studies

Despite the widespread adoption of Al-driven assessment tools, there is a need for more rigorous validation studies to ensure the reliability and validity
of these systems. To ensure the effectiveness and fairness of Al-driven assessments, comparative studies between Al-generated and human-generated test
items are essential. These studies can help assess differences in quality, difficulty, and fairness of items developed by Al systems versus those created by
human educators (Gierl & Haladyna, 2013). By comparing hoth types of items, researchers can identify potential weaknesses or biases in Al-generated
content, ensuring that the Al-driven assessments meet the same rigorous standards for accuracy, rigor, and fairness as human-designed assessments.

Furthermore, cross-context validation is crucial to determine how well Al-driven assessments perform across different educational settings and with
diverse learner populations. Since educational contexts and learner backgrounds can vary significantly, Al-driven assessments need to be tested in a range
of environments to understand how they adapt to different cultural, linguistic, and socio-economic contexts. This type of validation will provide insights
into how Al tools can be adjusted to meet the specific needs of various groups, ensuring that the assessments are equitable, effective, and relevant to all
students, regardless of their backgrounds.

¢. Underexplored Affective Factors
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Al-driven assessments often focus on cognitive and linguistic performance, but there is limited research on how these technologies affect affective factors.
As Al-driven assessments become more prevalent, it is important to examine their impact on student anxiety and motivation. One critical area of research
is test anxiety: specifically, whether Al-generated assessments help reduce or increase anxiety compared to traditional testing methods. Some studies
suggest that the real-time feedback and personalized nature of Al-driven assessments might alleviate anxiety by providing students with immediate
insights into their performance, fostering a more supportive learning environment. However, others raise concerns that the use of technology in testing
could create additional pressure for some students, particularly those who may not be as comfortable with digital platforms. Understanding how Al-driven
assessments influence test anxiety is crucial for ensuring that these tools promote a positive and low-stress testing experience.

Another key aspect is student motivation and engagement. It is important to investigate how learners perceive and respond to Al-driven assessment
environments. Al's personalized approach, which tailors content to a learner's proficiency level, may enhance motivation by offering appropriately
challenging tasks and providing students with a sense of progression. However, it is also essential to explore whether continuous exposure to Al-generated
assessments affects students' intrinsic motivation to learn or fosters over-reliance on technology. Examining how students engage with and feel about Al-
driven assessments will provide valuable insights into how these systems can be optimized to support active and engaged learning.

Understanding the emotional and psychological impact of Al-based assessments is crucial for creating learner-centered assessment practices (Chen et al.,
2020).

d. Inadequate Focus on Teacher Perceptions and Professional Development

While much attention has been given to Al’s technical capabilities, there is less focus on how teachers perceive Al-driven assessments and how they can
be supported in using these tools effectively. The successful integration of Al into assessment practices hinges on teacher readiness and their attitudes
towards adopting Al-based tools. It is important to assess whether educators feel prepared to incorporate Al technologies into their assessment strategies
and how they perceive the value of these tools in enhancing student learning. Teachers' attitudes towards Al can significantly influence the effectiveness
of its implementation, as a lack of confidence or resistance to technology can hinder adoption and integration. Understanding these factors can help
identify areas where additional support or encouragement is needed to facilitate Al adoption in educational settings.

In addition, there is a growing need for professional development to address teachers' Al literacy, ethical considerations, and the pedagogical integration
of Al tools in assessment practices (Heffernan & Otoshi, 2018). Teachers must be equipped with the necessary skills to understand how Al works, how
to interpret Al-generated data, and how to use these tools in a pedagogically sound way. Furthermore, ethical considerations, such as data privacy,
algorithmic bias, and fairness, must be integrated into professional development programs to ensure that educators are prepared to navigate the ethical
implications of using Al in the classroom. Developing Al literacy and fostering ethical awareness will enable teachers to harness the full potential of Al-
driven assessments while maintaining the integrity and fairness of the evaluation process.

e. Limited Exploration of Ethical and Legal Frameworks

As Al becomes more embedded in educational systems, there is a need for comprehensive research on the ethical and legal implications of Al-driven
assessments. The use of Al in assessment systems necessitates careful attention to data privacy regulations and compliance with international standards
such as the General Data Protection Regulation (GDPR). Al systems often require access to sensitive student data, which means that robust measures
must be in place to protect this data and ensure that it is handled in accordance with privacy laws. Compliance with GDPR and similar regulations is
essential to protect student privacy, guarantee informed consent, and ensure that data is used responsibly and securely. Failure to adhere to these
regulations could undermine trust in Al-driven assessments and lead to legal repercussions.

Furthermore, accountability mechanisms must be established to address potential Al-related errors or biases, particularly in high-stakes testing
environments (Kunnan, 2018). Al systems are not infallible, and errors or biases in their decision-making processes could have serious consequences for
students’ academic futures. To mitigate these risks, institutions must implement procedures for auditing Al models, identifying inaccuracies or biases,
and ensuring transparency in how Al-generated assessments and scores are handled. These mechanisms should also include processes for reviewing and
appealing Al-generated decisions to ensure that students are treated fairly and that the assessments are equitable and just.

10.3 Recommendations for Future Research

1. Expand Longitudinal Studies: There is a need for longitudinal research to investigate the long-term effects of Al-driven assessments on language
acquisition, motivation, and learning outcomes. These studies should track how continuous exposure to Al-based assessments impacts students' language
proficiency over time, how it influences their intrinsic motivation, and whether it leads to sustained learning improvements compared to traditional
assessment methods. Understanding the lasting impact of Al-driven tools will help shape future Al integration strategies in educational settings.

2. Enhance Validation Practices: To ensure the effectiveness and fairness of Al-generated assessments, it is crucial to conduct comparative studies between
Al-generated and human-generated items. These studies should evaluate the quality, difficulty, and fairness of Al-driven content across diverse contexts
and learning environments. Such research will provide insights into whether Al assessments are equally reliable and valid as traditional ones, especially
for learners from different cultural, linguistic, and socio-economic backgrounds.

3. Focus on Affective Dimensions: Exploring how Al-driven assessments influence students' emotional responses, engagement, and test-taking behaviors
is essential. Research should investigate whether Al systems help reduce test anxiety or increase motivation by providing personalized and adaptive
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learning experiences. Additionally, understanding how Al assessments shape students’ attitudes toward testing and learning will provide valuable
information on how to design Al tools that enhance both academic and emotional engagement.

4. Investigate Teacher Perspectives: Examining educators' experiences with Al-based assessments is vital for informing professional development
programs. Teachers’ insights into the effectiveness, challenges, and benefits of using Al in assessments will help refine the integration process and guide
the design of support strategies. Understanding teacher readiness, concerns, and attitudes towards Al will enable institutions to provide targeted training,
addressing the needs for Al literacy, technical proficiency, and ethical awareness.

5. Address Ethical Concerns: As Al becomes a central tool in educational assessment, it is important to develop ethical guidelines and legal frameworks
to ensure its responsible use. This includes addressing concerns around data privacy, algorithmic bias, and fairness in assessment practices. Establishing
clear ethical standards will ensure that Al tools are used in a way that is transparent, accountable, and equitable, fostering trust among educators, students,
and parents.

Al-driven test item generation represents a transformative advancement in EFL assessment, offering numerous benefits in terms of efficiency,
personalization, and scalability. However, to fully realize its potential, future research must address key gaps related to algorithmic fairness, longitudinal
impact, teacher readiness, and ethical considerations. By focusing on these areas, researchers and practitioners can develop Al-driven assessment systems
that are not only innovative but also valid, fair, and responsive to the diverse needs of learners worldwide.

11. Conclusion

The integration of Al into language assessment, particularly in the domain of test item generation, represents a transformative advancement in EFL
education. Al-driven technologies offer significant benefits, including enhanced efficiency, scalability, personalization, and the potential for real-time
feedback. These advancements not only streamline the item development process but also contribute to the creation of adaptive assessments that cater to
diverse learner needs, thus improving the overall learning experience.

Through the exploration of Al’s role in enhancing efficiency, this paper has highlighted how automated item generation reduces the time, effort, and
resources traditionally required for test development. AI’s ability to produce large volumes of high-quality, consistent, and adaptable test items supports
both formative and summative assessment practices, enabling educators to focus more on instructional strategies and learner support.

In terms of validity, Al-driven systems contribute to more accurate and fair assessments by minimizing human biases, ensuring systematic content
coverage, and facilitating data-driven evaluation processes. However, the challenges related to algorithmic bias, transparency, and the over-reliance on
surface-level linguistic features underscore the need for continuous validation, human oversight, and ethical considerations in Al-based assessments.

The case studies and practical applications discussed in this paper, such as ETS’s e-rater®, Duolingo English Test, and Pearson’s Versant English Test,
demonstrate the real-world impact of Al in assessment. These examples showcase the potential of Al to revolutionize language testing while also
highlighting areas that require careful monitoring, including fairness, cultural sensitivity, and the accurate assessment of complex language skills.

For EFL educators and assessment designers, the rise of Al necessitates a shift in roles—from traditional item creators to curators, data interpreters, and
ethical stewards of technology-enhanced assessments. Professional development focused on Al literacy, ethical practices, and adaptive assessment
strategies will be critical for educators to navigate this evolving landscape effectively.

Looking ahead, future research should address existing gaps related to the long-term impact of Al-driven assessments, cross-cultural adaptation, ethical
Al practices, and the development of explainable Al models. Longitudinal studies, validation research, and investigations into the affective dimensions
of Al assessments will be essential to ensure that these technologies support equitable, valid, and meaningful language learning outcomes.

In conclusion, while Al-driven test item generation offers transformative potential for EFL assessment, its successful implementation depends on a
balanced approach that integrates technological innovation with human expertise, ethical considerations, and continuous research. By embracing this
synergy, educators and researchers can harness the full potential of Al to create fair, effective, and future-ready language assessment systems.
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