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Abstract

This editorial infroduces the IEJEE's Special Issue on Large
Scale Assessment: Challenges and Innovations, highlighting
emerging themes and methodological advancements in
educational measurement. The selected studies focus on
process data ufilization to examine test-taker behavior,
innovations in psychometric modeling for assessment,
classification, and the influence of social-emotional
learning on academic achievement. This editorial discusses
the confributions of the included studies, their implications
for future research, and the evolving role of Al, machine
learning, and digital assessment technologies in shaping
the future of large-scale assessments.

Intfroduction

ducational testing is fransforming dramatically as

digital platforms, data analytics, and machine learning
reshape assessment practices. These advancements
provide deeper insights info test-faker behavior, enhance
psychometric modeling techniques, and expand our
understanding of the cognitive and non-cognitive factors
influencing student achievement. As educational systems
worldwide embrace digital festing and artificial intelligence
(Al)-driven methodologies, researchers must navigate both
the opporfunities and challenges presenfed by these
innovations.

One of the most profound shifts in large-scale assessment
researchistheincreasingreliance on process datato capture
real-time student interactions during festing. Process data
allows researchers to analyze patterns of engagement, test-
taking strategies, and response modifications, providing a
richer picture of student performance (e.g., Bezirhan, 2021;
Goldhammer et al,, 2014; Ulitzsch et al.,, 2020; Wise 2017),
insights that were largely inaccessible in paper-based
assessment environments (Kane & Mislevy, 2017). Additionally,
well established methodologies such as latent class analysis
(LCA) and latent profile analysis (LPA), offer powerful tools for
identifying unolbserved subgroups of test-takers, allowing
researchers to refine student classifications (Williams &
Kibowski, 2016). LCA has been explored as a data-driven
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alternative for setting proficiency classifications
in assessments (e.g., Templin & Jiao, 2012; Binici &
Cuhadar, 2022). Similarly, recent applications of LPA
in educational measurement have been particularly
effective in analyzing test-taking engagement (e.g.,
Anghel et al., 2025) and variations in student problem
solving strategies (e.g, Teig, 2024) across different
populations utilizing process data.

Beyond the fechnical innovations, the role of non-
cognitive factors in student achievement has
garnered attention as well. Traditional assessments
have long focused on cognitive abilities and content
knowledge, but emerging research highlights the
importance of social-emotional learning (SEL), test-
taking motivation, and engagement as key predictors
of achievement (OECD, 2021). These factors not only
shape student performance but also raise important
considerations for fairness and equity in assessment
design. This holistic approach acknowledges that
academic achievement is shaped by complex
interactions between content knowledge, fest
taking strategies, and non-cognitive factors such as
perseverance, self-regulation, and social awareness
(Farrington et al., 2012).

This special issue brings together a collection of studies
balancing established methodologies with emerging
advancements to address challenges faced in large-
scale assessments. The included arficles explore the
intersection of process data, psychometric innovation,
and non-cognitive influences on learning oufcomes.
By addressing both theoretical and practical
implications, this issue offers fresh perspectives on how
assessment research can evolve fo meet the demands
of contemporary education.

Overview of the Special Issue

As large-scale assessments contfinue tfo evolve,
researchers explore novel approaches fo address
fundamental challengesin educational measurement.
The studies featured in this special issue confribufe
to this growing body of research by examining
innovations in process data, psychometric modelling,
and non-cognitive measurement. The research
presented here spans a diverse range of assessment
contexts, including international assessments such as
the Programme for International Student Assessment
(PISA) and the Progress in International Reading Literacy
Study (PIRLS), national assessments like the National
Assessment of Educational Progress (NAEP), and
state-level assessments such as the lowa Assessments
and the Cognitive Abilities Test (CogAT). While these
studies employ distinct analytical frameworks, they
collectively enhance our understanding of how
large-scale assessments can be designed, analyzed,
and inferpreted fo better support diverse student
populations.
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A key area of innovation in this issue is process data
and student behavior analysis. The study by Ogut
et al. (in this issue) examines extended fime (ET)
accommodations in the NAEP Grade 8 Mathematics
assessment, utilizihg a machine learning model
(XGBoost) to identify students who may benefit
from additional time. Their findings indicate that
while a majority of students granted ET do not
fully utilize it, nearly a quarter of students without
accommodations remain actively engaged when
their time expires. This study highlights the potential
for predictive models to guide more equitable ET
allocation policies, confirming that students with
actual needs receive appropriate support. Ni et al.
(in this issue) investigate response change behaviors
in NAEP constfructed response items, developing a
novel framework that integrates automated scoring
with dimensional response analysis. Their study finds
that students who make substantive changes to their
responses, particularly those involving conceptual
modifications, are more likely o improve their scores.
This research underscores the value of process data
in understanding student engagement and response
strategies, paving the way for more adaptive scoring
and feedback mechanisms in digital assessments.
Kara (in this issue) explores test-taking disesngagement
in PISA 2022, using LPA to classify students based on
response time, number of actions, and self-reported
effort. The findings reveal that disengagement is
associated with lower test performance and that
process data-based measures such as response fime
and number of actions are more reliable indicators
of engagement than self-reported effort. Gender
disparities in disengagement further highlight the
need for targeted interventions to improve test-taking
motivation across diverse student populations.

Beyond test-taking behavior, two studies focus on
improving measurement methodology. Yin et al. (in
this issue) infroduce an LCA-based approach fo setting
cut scores for context scales addressing challenges
posed by skewed response distributions. By applying
their method to PIRLS 2021 data, they demonstrate
its potential fo enhance the inferpretability of
contfext scales and provide a more statistically robust
alternative to conventional judgment-based cut-score
definitions. Demirkaya et al. (in this issue) examine
latent profiles of mathematical skills by comparing
student classifications derived from achievement and
ability assessments using widely administered state
assessments in the United States. Their study reveals
substantial differences in the profiles emerging from
these two classification approaches, highlighting the
importance of using multiple measures to identify
students with distinct insfructional needs. These
findings have direct implications for gifted education,
as they suggest that relying on a single measure may
overlook students who demonstrate strong cognitive
potential despite lower achievement scores.
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The final study in this special issue, by Altiner Sert and
Arikan (in this issue) explores the relationship between
social-emotional learning (SEL) and mathematics
achievement, using dafa from the OECD’s 2019
Survey on Social and Emotional Skills. Their findings
suggest that emotional regulation and open-
mindedness positively predict math performance,
while high social engagement is negatively
associated with achievement. Notably, SEL skills
have a stronger predictive impact on students from
lower socioeconomic backgrounds, reinforcing the
importance of SEL programs in mitigating educational
inequities.

Concluding Thoughts

The studies featured in this special issue demonstrate
the evolving landscape of large-scale assessments,
drivenbyadvancementsindatascience, psychometric
tfechnigues, and a deeper understanding of student
behavior. The findings highlight the increasing role
of process data in improving assessment validity and
fairness, the need for refined measurement models
that accommodate diverse student populations, and
the growing recognition of non-cognitive factors in
shaping academic performance.

Future research should confinue fo explore Al-driven
models for personalizing tfest accommodations,
enhancing test development process and refine
process data methodologies to improve engagement
detection and response behavior analysis, and further
examine the role of non-cognitive skills in educational
assessments. As educational systems continue fo
embrace computer-based assessment practices
and Al-driven methodologies, the infersection
of assessment technology, psychometrics, and
behavioral insights will remain a critical area of
research. This special issue aims to inspire further
innovafion and inferdisciplinary  collaboration,
ultimately confributing to more equitable and
insightful large-scale assessments.
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