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Abstract

Artificial intelligence (AI) has made substantial impacts
in numerous fields, including education. Within education,
learning and assessment are two key areas. Although many AI
techniques have been applied to improve teaching and learn-
ing, their potential in educational assessment remains under-
explored. This paper explores the intersection of AI and ed-
ucational assessment and presents a rich landscape of chal-
lenges and opportunities, especially in the context of trust-
worthy AI, including fairness, transparency, accountability,
explainability, and robustness. We will begin by outlining the
foundations of trustworthy AI and educational assessment.
Next, we will delve into the application of trustworthy AI for
various assessment tasks, such as test item generation, test
design, and automated scoring. In addition, the talk will also
discuss how insights from educational measurement theory,
such as item response theory (IRT) and validity frameworks,
can inform the development and evaluation of trustworthy AI
models. These frameworks help ensure that AI systems in ed-
ucation are not only accurate, but also equitable and aligned
with educational goals. Finally, we will highlight future re-
search directions, focusing on the integration of ethical AI
principles into educational technology and the need for inter-
disciplinary collaboration to tackle the emerging challenges
in this field. The aim is to foster a new generation of AI-
powered educational tools that are both innovative and trust-
worthy, ultimately contributing to a more equitable and more
effective educational landscape.

Introduction
The rapid advancement of artificial intelligence (AI) has
revolutionized numerous domains, including education. For
example, AI technologies have been used to improve tra-
ditional teaching methods by enabling personalized learn-
ing experiences and providing real-time feedback to stu-
dents (Luckin and Holmes 2016; Berendt, Littlejohn, and
Blakemore 2020; Fitria 2021; Holmes and Tuomi 2022;
Jiao, He, and Yao 2023; Harry and Sayudin 2023; Hao
et al. 2024). From adaptive learning platforms that tailor
instructions to individual student needs (Kabudi, Pappas,
and Olsen 2021; Minn 2022), to intelligent tutoring sys-
tems (Lin, Huang, and Lu 2023; Mousavinasab et al. 2021)
and automated scoring tools (Yan, Rupp, and Foltz 2020;
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Ercikan and McCaffrey 2022), AI is reshaping education in
very diverse ways. These innovations not only improve effi-
ciency and accessibility but also open up new possibilities to
create more engaging and effective learning environments.
By far, AI techniques have been mainly applied to improve
the teaching and learning process in the education realm,
and their potential in educational assessment remains under-
explored.

Educational assessment and measurement focuses on as-
sessing and quantifying a student’s knowledge, skills, learn-
ing, and performance (Newton 2007; Bennett 2015; Bren-
nan 2023; Kubiszyn and Borich 2024). It encompasses var-
ious methods, from traditional exams to more dynamic
approaches such as project-based and formative assess-
ments. However, educational assessment faces many chal-
lenges (Jiao and Lissitz 2020; Bulut et al. 2024), including
ensuring fairness, maintaining validity and reliability across
diverse student populations, and adapting to different learn-
ing styles. Additionally, the need for scalable, efficient, and
personalized assessments has become more pressing in to-
day’s educational landscape, making it crucial to address
these issues while maintaining the integrity of the assess-
ment process.

These challenges motivate us to consider the possibil-
ity of integrating trustworthy AI to educational assessment.
Several key elements of trustworthiness, including fairness,
transparency, accountability, explainability, and robustness,
are essential in this context (Li 2023; Li et al. 2023; Zhu
et al. 2024). We believe that incorporating trustworthy AI
will further expedite the adoption of AI technologies and en-
sure the safe use of AI in educational assessment and mea-
surement. Additionally, insights from the educational mea-
surement theory, such as item response theory (IRT) (Em-
bretson and Reise 2013) and validity frameworks (Moss
1992), would help guide the development and evaluation of
trustworthy AI and generative AI models, such as large foun-
dation models. The recognition of these mutual benefits will
encourage researchers from both fields to collaborate more
extensively and create innovative solutions.

The major contributions of this vision paper are summa-
rized as follows:

• We review the core concepts in trustworthy AI and edu-
cational assessment, and discuss the rationality and po-
tential impacts of bridging these two fields.
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• We review existing work on using AI to assist educa-
tional assessment, such as test item generation, test de-
sign, automated scoring, and test security.

• We discuss how to leverage the theory and statistical
tools from educational assessment to assist the develop-
ment of trustworthy AI models, such as creating theory-
guided benchmarks.

• We summarize research challenges when bridging these
two areas and also point out several potential opportuni-
ties for future research.

Background
Educational Assessment and Measurement
Educational assessment and educational measurement are
foundational fields in education (Newton 2007; Bennett
2015; Brennan 2023; Kubiszyn and Borich 2024; Ackerman
et al. 2024)., focusing on evaluating and understanding stu-
dents’ learning, skills, and abilities. Educational assessment
involves the design, implementation, and analysis of various
tools and methods, such as tests and quizzes, to gather mean-
ingful insights into student learning outcomes. Educational
measurement, on the other hand, emphasizes the develop-
ment and application of quantitative approaches, especially
statistical and psychometric techniques, to ensure the relia-
bility and validity of assessments. Together, educational as-
sessment and measurement play a crucial role in informing
teaching practices, guiding policy decisions, and supporting
student growth in diverse learning environments.

Trustworthy AI (TAI)
Trustworthy AI (TAI) refers to the development and deploy-
ment of artificial intelligence systems that are ethical, reli-
able, and aligned with human values (Li et al. 2023; Zhu
et al. 2024). TAI involves multiple aspects, such as robust-
ness, transparency, fairness, explainability, accountability,
and privacy, with the goal of ensuring the safe and respon-
sible use of AI. Trustworthy AI has become a very active
research topic in the AI and machine learning communities.
Prior research efforts mainly focus on the design and evalua-
tion of generic trustworthy AI algorithms. The development
of trustworthy AI methods for educational assessment has
not been well studied yet.

Trustworthy AI for Educational Assessment
Trustworthy AI can be potentially used to improve many
tasks in educational assessment and measurement. In the fol-
lowing, we briefly discuss some recent efforts and new ideas
on TAI for test item generation, computerized adaptive test-
ing, automated scoring, and test security.

TAI for Test Item Generation
Test development has traditionally been a time-consuming
and costly process, requiring extensive resources and exper-
tise. However, the integration of AI, particularly generative
AI models, offers the potential to significantly streamline
and enhance the entire process. For instance, researchers are
already employing large language models to generate test

items for a variety of assessments (Hommel et al. 2022;
Säuberli 2023; Laverghetta Jr and Licato 2023; Mihalache,
Popovic, and Muni 2023), such as K-12 education, licensure
and certification, and language proficiency. Beyond stan-
dard item creation, AI can also be harnessed to produce
more innovative and engaging content, such as multimodal
items that incorporate multiple forms of media (e.g., images,
videos, and animations), and interactive items that require
dynamic responses. This transformation promises not only
to increase the efficiency but also to improve the quality
and variety of assessments, making them more aligned with
modern educational needs. In addition, considering trust-
worthy objectives such as fairness, AI models have the po-
tential to generate items in accessible formats that help stu-
dents with disabilities.

TAI for Computerized Adaptive Testing
Computerized adaptive testing (CAT) has become a widely
adopted method in many testing programs due to its abil-
ity to tailor assessments to the individual needs of exami-
nees (Wainer et al. 2000; Van der Linden, Glas et al. 2000).
In CAT, items are selected dynamically from a large item
pool, with each item being chosen based on the examinee’s
performance on previous questions. This personalized ap-
proach not only improves test efficiency but also enhances
the accuracy of ability estimates.

AI techniques present exciting opportunities to further ad-
vance CAT by creating more sophisticated adaptive algo-
rithms and optimizing the selection of test items (Pan et al.
2022; Zhuang et al. 2022; Yu et al. 2023; Liu et al. 2024;
Zhuang et al. 2024). For instance, AI can be used to enhance
item selection strategies by predicting which items will be
most informative for each test-taker, thereby improving both
the precision of assessments and the test-taking experience.
AI could also be leveraged to analyze the coverage and qual-
ity of the existing item pool, according to the test standards
or blueprints, and then assist in expanding the item pool.
By integrating AI into CAT, testing programs could achieve
even greater levels of adaptability, fairness, and test effi-
ciency, ultimately pushing the boundaries of what is possible
in personalized assessment.

TAI for Automated Scoring
Natural language processing (NLP) tools have been success-
fully implemented for automated essay scoring in language
assessments, demonstrating the potential of AI to evalu-
ate complex, open-ended responses (Dikli 2006; Madnani
and Cahill 2018; Ramesh and Sanampudi 2022; Mizumoto
and Eguchi 2023). However, the automated scoring of other
item types, such as short-answer questions, problem-solving
tasks, and performance-based assessments, remains under-
explored and represents a promising area for further research
and development.

Beyond simply assigning scores, there is an even greater
opportunity to use AI for a more in-depth analysis during the
scoring process. Rather than just evaluating responses, AI
can be leveraged to automatically identify gaps in a student’s
knowledge or misunderstandings. This diagnostic approach
could generate personalized feedback reports for students,
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educators, and parents, providing targeted insights into areas
that require improvement. By offering detailed reports on
a student’s strengths and weaknesses, AI-powered scoring
systems could support more tailored learning pathways, en-
abling a more informed and data-driven approach to educa-
tion. This shift from traditional scoring to diagnostic evalua-
tion would not only enhance the assessment process but also
contribute to more effective learning outcomes by bridging
the gap between assessment and instruction.

TAI for Psychometrics
Trustworthy AI has significant potential in the analysis of
item properties, such as predicting item difficulty, discrimi-
nation parameters, and other psychometric attributes (Yeung
2019; Settles, T. LaFlair, and Hagiwara 2020). By leverag-
ing AI models, testing programs can automate and enhance
the precision of item parameter estimations, which tradition-
ally require extensive empirical data and human expertise.
These models can quickly analyze large datasets, enabling
more efficient calibration of test items while improving the
reliability and validity of assessments.

In addition to item-level analysis, AI can be applied to
better understand and characterize student proficiency from
multiple dimensions. This capability aligns with and ad-
vances the field of psychometrics, particularly in the context
of multi-dimensional item response theory (MIRT) (Reck-
ase 1997). AI-driven approaches can analyze student perfor-
mance across various cognitive and skill-based factors, of-
fering a more nuanced view of their abilities. For instance,
AI could provide insights into how students perform in dif-
ferent subject areas or cognitive domains, capturing their
strengths and weaknesses in a multi-faceted manner.

Furthermore, AI’s ability to handle complex, multi-
dimensional data, including both the student response data
and process data, paves the way for the development of more
sophisticated models in educational assessment (Jing and Li
2018; Cheng et al. 2019), allowing for deeper personaliza-
tion in assessments.

TAI for Test Security
AI plays a pivotal role in enhancing test security in educa-
tional assessment, by proactively identifying and mitigating
threats that compromise the integrity of exams (Zhou and
Jiao 2023; Hao and Fauss 2024). Advanced algorithms can
monitor the behavior of examinees during remote and in-
person exams to detect anomalies such as cheating attempts.
AI-driven systems can also analyze large-scale process data
to identify patterns of item preknowledge or content expo-
sure, safeguarding test items from being compromised. Ad-
ditionally, natural language processing (NLP) tools such as
large language models could be used to detect plagiarism or
unauthorized sharing of test materials online. By employing
AI for real-time monitoring, forensic analysis, and predic-
tive threat modeling, testing programs can ensure the valid-
ity of assessments and maintain fairness for all examinees.

Educational Assessment for Trustworthy AI
In this section, we briefly discuss how we can potentially
leverage the theory and statistical tools from educational as-

sessment to assist the development of trustworthy AI mod-
els, such as establishing theory-guided model assessment
and creating theory-guided benchmarks.

Assessment-in-the-Loop for TAI Model Training
In the traditional AI development pipeline, training and as-
sessment are typically viewed as two separate, consecutive
stages: first, models are trained, and then they are eval-
uated for performance. However, by drawing inspiration
from educational assessment theory, particularly the way hu-
mans gradually learn and master new concepts, we propose
a more integrated approach to AI development called the
“assessment-in-the-loop” framework.

In this framework, assessment is not just an afterthought
or a final step, but an ongoing, integral part of the training
process. Just as in human learning, where continuous feed-
back and evaluation help identify gaps in understanding and
guide further learning, this approach involves performing
formative assessments throughout the AI model’s develop-
ment. It is worthy noting that, unlike the commonly used
evaluations during training stage (e.g., loss and training ac-
curacy), the formative assessments we proposed would in-
volve a more comprehensive evaluation on model’s capabil-
ity. By continuously assessing the model’s performance on
some carefully designed internal tasks, we can detect knowl-
edge gaps or areas where the model is underperforming and
use this information to refine and adjust the training process
in real time.

This iterative cycle of training and assessment fosters the
creation of more trustworthy AI models by ensuring that
weaknesses are addressed throughout development, rather
than being identified only at the end. It allows for a more
dynamic, adaptive process where the AI models can be im-
proved incrementally, learning from its mistakes in a way
that mirrors human cognitive development. This method has
the potential to produce more robust, fair, and reliable AI
systems, as it integrates the principles of formative assess-
ment directly into the learning loop of the model, foster-
ing continuous improvement and better alignment with real-
world performance needs.

Theory-Guided Model Assessment
AI models aim to simulate human behavior in various con-
texts, yet the methods currently available for evaluating the
performance and behavior of these models remain relatively
limited in scope. While AI models have made significant
strides in replicating human-like decision-making, language
use, and problem-solving, there is still a need for more
robust and comprehensive frameworks to assess how well
these models perform across different tasks and scenarios.

In contrast, psychometrics has developed a rich body
of theoretical work focused on evaluating human behav-
ior, cognition, and performance. These established theories,
such as those used to measure cognitive abilities, person-
ality traits, and learning outcomes, offer a suite of insights
that could be potentially adapted to assess the behavior of AI
models. We will leverage psychometric principles to evalu-
ate AI systems, which complement the existing evaluation
protocols and metrics.

28639



For instance, psychometric models that assess multi-
dimensional human traits could be adapted to evaluate how
AI systems balance various performance dimensions, such
as precision and generalization. This interdisciplinary ap-
proach could help establish new standards for AI evaluation,
providing a more rigorous understanding of how AI models
perform in real-world applications. Ultimately, integrating
psychometric theory into AI assessment could improve the
reliability and accountability of AI systems, guiding the de-
velopment of AI models that better mimic and complement
human decision-making.

New Benchmarks for TAI Evaluation

Building upon the principles of educational assessment the-
ory, we aim to develop innovative pipelines and strategies
for creating comprehensive benchmarks that can effectively
evaluate the trustworthiness of AI models, particularly large
foundation models. Traditional evaluation methods are often
restricted in capturing the complexity and multifaceted na-
ture of advanced AI systems. By integrating concepts from
assessment theory, we can establish new benchmarks that
better reflect the diverse capabilities and challenges associ-
ated with trustworthy AI.

Furthermore, these benchmarks will encompass a wide
range of scenarios and tasks designed to test the AI model’s
ability to generalize across different contexts, manage un-
certainty, and handle edge cases, much like how comprehen-
sive assessments are structured to measure human learning
across multiple domains. By employing these educational
assessment strategies, we can create benchmarks that not
only assess the technical capabilities of AI models but also
ensure they align with the ethical, social, and practical re-
quirements of real-world deployment. This approach will
push the boundaries of AI evaluation, fostering the devel-
opment of more reliable and human-centered AI systems.

Discussions and Future Opportunities
In this section, we briefly discuss the future research oppor-
tunities when bridging the fields of trustworthy AI and edu-
cational assessment.

AI Model Customization

Developing customized AI tools specifically designed for
educational assessment and measurement is a crucial step
forward, as most existing AI tools function in a broad, gen-
eral capacity without being finely tuned to the unique needs
of education. While these general-purpose models offer im-
pressive capabilities, they often lack the specific focus re-
quired to address the complexities in practical assessments.
To unlock the full potential of AI in this domain, it is essen-
tial to create tailored solutions that cater to the specific goals
of educational assessment, learning outcomes, and student
progress tracking. Also, customizing large language models
(LLMs) and other AI systems for educational assessment
and measurement requires a deep and collaborative effort
between AI researchers and experts in education.

Responsible Use of AI in Educational Assessment
Ensuring the responsible use of AI in education remains
a significant and complex challenge, as AI tools become
increasingly integrated into various educational processes
such as student learning, classroom instruction, and perfor-
mance measurement. While these technologies offer the po-
tential to enhance learning experiences and improve educa-
tional outcomes, they also bring critical concerns that must
be addressed to ensure they are used ethically and respon-
sibly. Theories, algorithms, and tools should be developed
to monitor the responsible use of AI technologies in educa-
tional assessment.

AI Policy and Governance
The use of AI tools in educational assessment and measure-
ment is rapidly gaining popularity, as these technologies of-
fer innovative ways to evaluate student performance, person-
alize learning, and streamline administrative tasks. However,
with this growing reliance on AI, it is essential to establish
clear guidelines and frameworks to ensure the responsible
and effective governance of AI tools in the education field.
Without such guidelines, there is a risk that AI could be mis-
applied, leading to unintended consequences such as bias,
data privacy concerns, or diminished educational quality.
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