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Preface

Introduction

The second NCME-sponsored Artificial Intelligence in Measurement and Education Conference (AIME-
Con) brought together an interdisciplinary community of experts working at the intersection of artificial
intelligence (AI), educational measurement, assessment, natural language processing, learning analytics,
and technological development. As AI continues to transform education and assessment practices, this
conference provided a critical platform for fostering cross-disciplinary dialogue, sharing cutting-edge
research, and exploring the technical, ethical, and practical implications of AI-driven innovations in
measurement and education.

Conference Theme - Measurement Science in AI-Integrated Assessment and Pedagogy

The second NCME-sponsored Artificial Intelligence in Measurement and Education Conference (AIME-
Con) focused on illustrating ways that artificial intelligence is reshaping assessment, feedback, and ped-
agogy, while underscoring that these innovations must be anchored in rigorous measurement science. As
AI systems expand the possibilities for scoring, item generation, adaptive tasks, and personalized instruc-
tional support, they simultaneously create new demands for evidence about what these systems measure,
how well they measure it, and how they affect learning. The conference theme “Measurement Science in
AI-Integrated Assessment and Pedagogy” frames psychometric principles—validity, reliability, fairness,
and instructional effectiveness—as the foundation for responsible AI design and evaluation. It highlights
the necessity of integrating measurement theory, data science, and learning research to guide the devel-
opment and use of AI tools. The theme signals a commitment to advancing not only the capabilities of
AI but also the evidentiary standards required to ensure these technologies enhance education.

The National Council on Measurement in Education

The National Council on Measurement in Education is a community of measurement scientists and prac-
titioners who work together to advance theory and applications of educational measurement to benefit
society. A professional organization for individuals involved in assessment, evaluation, testing, and other
aspects of educational measurement, our members are involved in the construction and use of standard-
ized tests; new forms of assessment, including performance-based assessment; program design; and pro-
gram evaluation. Learn more about NCME, including our goals and our leadership, at www.ncme.org.
We are grateful to the NCME.
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NCME Special Interest Group on Artificial Intelligence in Measurement and Education

The AIME SIGIMIE seeks to advance the theoretical and applied research into AI of educational mea-
surement by bringing together data scientists, psychometricians, education researchers, and other inter-
ested stakeholders. The SIGIMIE will discuss current practices in using Generative AI, approaches to
evaluate their precision, accuracy, and areas where more foundational research is required into the way
we test and measure educational outcomes. This group seeks to create a strong professional identity and
intellectual home for those interested in the use of AI in many areas, including automated scoring, item
evaluation, validity studies, formative feedback, and generative AI for automated item generation.

Proposal Requirements and Review Process for Work-in-Progress Papers

AIME-Con invited submissions of Working Papers, which were submissions of up to 1,000 words in the
form of a structured summary. This format was designed for work-in-progress or pilot studies. Working
Papers required a title, short abstract, and followed a structured format with the following headings:

• Background

• Aims

• Sample(s)

• Methods

• Results (or Anticipated Results)

• Conclusions (or Anticipated Contributions)

• References, tables, and figures included as needed

Submissions were blinded for peer review.

Submissions were evaluated by members of the review committee using a rubric that evaluated the fol-
lowing dimensions:

• Relevance and community impact: pertinence to the conference theme and AI in measurement
and education community broadly, and potential contribution to current discussions and challenges
in the field.

• Scholarly or Practical Significance: scholarly merit or practical importance of the work, and
potential impact on theory, practice, or policy.

• Methodological rigor: coherence and appropriateness of the proposed methods, techniques, and
approaches; and soundness of the overall research design.

• Strength and trustworthiness of the results and conclusions: whether the proposed analysis
and interpretation methods yielded trustworthy results and conclusions that contribute valuable
knowledge to the field.

For the purposes of this conference, “AI” was defined broadly to include rule-based methods, machine
learning, natural language processing, and generative AI/large language models. Reviewers provided
constructive feedback and overall recommendations to ensure that accepted sessions reflected both schol-
arly merit and practical value to the AI in measurement and education community.
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