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Preface

AIME-CON
2025 A

H 1
Pittsburgh, PA, USA ([yNCME

Introduction

The inaugural 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 (Al), educational measurement, assessment, natural language processing, learning analyt-
ics, and technological development. As Al 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 Al-driven innovations in
measurement and education. By bringing together experts from varied domains, the conference fostered

a rich exchange of knowledge to enhance the collective understanding of AI’s impact on educational
measurement and evaluation.

Conference Theme - Innovation and Evidence: Shaping the Future of Al in Educational
Measurement

The NCME-Sponsored AIME-Con focused on how rigorous measurement standards and innovative Al
applications can work together to transform education. With sessions spanning summative large-scale
assessment, formative classroom assessment, automated feedback, and informal learning tools, this con-
ference fostered both the advancement and evaluation of Al technologies that are effective, reliable, and
fair.

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.

NCME Special Interest Group on Artificial Intelligence in Measurement and Education

The AIME SIGIMIE seeks to advance the theoretical and applied research into Al 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 Al, approaches to
evaluate their precisionaccuracy, 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 Al in many areas, including automated scoring, item
evaluation, validity studies, formative feedback, and generative Al for automated item generation.

iX
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Proposal Requirements and Review Process for Full Papers

AIME-Con invited submission of “Full Papers”, which were submissions of up to six pages (exclud-
ing references, tables, and figures), prepared using the ACL LaTeX or Word templates. These papers
presented completed research or theoretical work intended for inclusion in the published conference pro-
ceedings. Submissions included a title (< 12 words), a brief abstract (< 50 words), a designated topic
of interest, and the full paper. 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 Al in measurement and education commu-
nity, and potential contribution to current discussions and challenges in the field

* Significance and value: 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

* Quality of expected outcomes: whether the proposed analysis and interpretation methods are
appropriate, and the potential contribution to knowledge in the field

* Feasibility and timeline: the realistic likelihood that the proposed work can be completed by the
conference date

For the purposes of this conference, “Al” was defined broadly to include rule-based methods, machine
learning, natural language processing, and generative Al/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 Al in measurement and education community.
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Input Optimization for Automated Scoring in Reading Assessment

Ji Yoon Jung Ummugul Bezirhan

Matthias von Davier

TIMSS & PIRLS International Study Center at Boston College
{jiyoon.jung, bezirhan, vondavim}@bc.edu

Abstract

This study examines input optimization for
enhanced efficiency in automated scoring
(AS) of reading assessments, which
typically involve lengthy passages and
complex scoring guides. We propose
optimizing input size using question-
specific summaries and simplified scoring
guides. Findings indicate that input
optimization via compression is achievable
while maintaining AS performance.

1 Introduction

Automated scoring (AS) has a rich history in
educational measurement (Lottridge et al., 2023),
dating back to the 1960s when the primary focus
was on scoring multiple-choice responses or
implementing machine-supported scoring based on
pattern matching or manual feature selection. The
rapid advances in natural language processing
(NLP), machine learning, and computational
power have led to significant developments in large
language models (LLMs). Integrating LLMs, such
as OpenAl’s GPT models or META’s Llama, into
AS expands the applicability and scalability of AS
in educational assessment.

However, applying LLMs to the AS of reading
assessments presents unique challenges in
processing long inputs, including extended reading
passages and complex scoring guides (SGs). Given
that the cost of using LLMs through APIs depends
on the number of input, cached, and output tokens
(OpenAl, 2025), extensively long prompts can lead
to inflated costs for each API call. Moreover,
previous study indicated that long prompts can
cause a “lost in the middle” effect, where LLMs
struggle to appropriately use the most relevant
context embedded within the extensive input (Liu
et al., 2023). This limitation persists, particularly
for smaller models operated locally.

1

To address the challenge of processing long
inputs, we propose input optimization to improve
the scalability and efficiency of AS in international
large-scale assessments (ILSAs).

2 Background

Very long inputs can slow LLMs’ inference
processes and increase energy use due to the
increased the number of tokens that need to be
processed. Prior research showed that LLMs do not
robustly utilize information in long input contexts
and may ignore parts of the given context,
generating incorrect outputs (Liu et al., 2023).
Crucially, extended input lengths lead to a linear
increase in both computational costs and energy
demands (Poddar et al., 2025).

Text compression shrinks textual data while
preserving crucial information, improving storage
and computational efficiency, and enhancing the
performance of LLMs (Rahman et al., 2024; Wang
et al., 2024). Compression can be achieved through
either soft or hard prompts. Soft prompts are
continuous vectors, enabling LLMs to address long
and complex input by distilling critical information
into a smaller number of special tokens (Li et al.,
2024; Wang et al., 2024). Yet, soft prompts are less
interpretable by humans and are often highly
customized to specific tasks. Their reusability or
transferability across different tasks can be
constrained (Su et al., 2022).

In contrast, hard prompts comprise discrete
words and tokens, making them easily
understandable by humans. This readability and
transparency allow humans to review, debug, and
modify prompts by facilitating effective human-
machine interaction (Chang et al., 2024; Wen et al.,
2023). Hard prompts can be especially powerful
when prompts need human interpretation or are
integrated into a text-based interface (Wen et al.,
2023; Jiang et al., 2023). Zhang et al. (2024) found
that hard prompts yield superior performance for

Proceedings of the Artificial Intelligence in Measurement and Education Conference (AIME-Con) — Volume 1: Full Papers, pages 1-8
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summarization compared to soft prompts in human
evaluations.

Despite the demonstrated usefulness of text
compression techniques, they have not been widely
integrated into AS for reading assessments in
ILSAs, such as the Progress in International
Reading Literacy Study (PIRLS). Optimizing long
input through compression in reading assessments
can contribute to improving AS scalability and
cost- and computational efficiency in ILSAs. This
paper examines how advances in hard prompt-
based input optimization can be integrated into AS
in PIRLS, which involves a substantial volume of
multilingual responses.

3 Method

3.1 Dataset

The PIRLS, administered every five years since
2001, assesses the reading comprehension skills of
fourth-grade students across 50-60 countries
worldwide. In PIRLS 2021, approximately 50% of
countries (27 countries) used computer-based
assessments. The  assessment  framework
categorizes reading comprehension into four
cognitive processes: focus on and retrieve;
straightforward inferences; interpret and integrate;
and evaluate and critique (Mullis & Martin, 2019).
For this study, we selected five one-point
constructed response (CR) items from the PRILS
2021 digital assessment (digital PIRLS). The
selected items represent three cognitive processes:
one from focus on and retrieve, two from
straightforward inferences, and two from interpret
and integrate.

These items are “trend” items, kept secure for
their reuse in future assessment cycles (Fishbein et
al., 2024). We provide general descriptions of these
items (Table 1) as this research is part of the
preparatory work for AS in PIRLS 2026, where
these items will be used. We selected four reading
passages with varying difficulty levels: easy
(passages B and D), medium (passage A), and
difficult (passage C).

Item  Passage Process n

1 A Focus on and retrieve 2687

2 B Straightforward 2951
inferences

3 A Straightforward 2643
inferences

4 C Interpret and integrate 2589

5 D Interpret and integrate 2452

Table 1: PIRLS trend items used in the study

The dataset included multilingual responses
from the 27 participating countries in digital PIRLS
2021, covering 29 languages. While approximately
50% of participating countries used computer-
based assessments in PIRLS 2021, the data still
contained on average, 2,664 multilingual responses
per item (see Appendix A). We used a randomly
selected 20% subset for each country given the
scope, computational and budgetary limitations.

3.2 PIRLS Scoring Template

We proposed a generalized PIRLS scoring
template for AS (see Appendix B), comprising four
key elements: (1) instruction, (2) reading passage,
(3) question, and (4) SG, as detailed in Table 2. We
used GPT-4.1 (i.e., gpt-4.1-2025-04-14) for our AS

Component  Content

Instruction Comprehensive guidance on AS

Reading A written text serving as the

passage stimulus

Question A question consisting of one or two
sentences

Scoring Rubric for scoring an item,

guide (SG) including descriptions and examples

Table 2: PIRLS scoring template components

implementation, applying parallel processing for
efficiency. This template used zero-shot chain-of-
thought (CoT), a technique that enhances LLM
performance through step-by-step reasoning
without requiring specific examples (Kojima et al.,
2022; Yuan et al., 2024). Zero-shot COT offers the
advantage of easy generalization to other items due
to its independence from specific examples.

Instruction: The instruction component offers
comprehensive guidance on translating student
responses, applying the SG, validating scores, and
constructing output.

Reading Passage: The second component, a
reading passage, could be presented as either the
original passage or a question-specific summary.
Original passages provide the complete



information as presented to students, whereas
summaries include question-relevant details while
preserving overall context.

Question: The third component, the item’s
question, was directly input into the scoring
template.

Scoring Guide (SG): The SG could be either
the original SG or a simplified version. Simplified
SGs were designed to mitigate challenges arising
from ambiguous structure or meaning in the
original SGs, which may lead to less accurate
output from LLMs. Prior studies (Keluskar &
Bhattacharjee, 2024; Kamath et al., 2024) indicate
that rephrasing or clarifying sentences in prompts
can significantly improve LLM output quality.

3.3 Input Optimization

Question-specific Summary: The passage
summarization prompt shown in Figure 1 was used
to generate question-specific summaries that retain
all essential information needed to answer the
question while maintaining the overall flow.
Query-based text summarization aids users in
accessing specific information within lengthy texts,
enabling LLMs to provide efficient access to
relevant content (Yu & Han, 2022; Zhang et al.,
2025). This zero-shot CoT prompt can be applied
across various items, requiring only the
[[question]] input to be modified.

Summarize the passage for a fourth-grade
student, including the overall flow and all
necessary information to correctly answer the
question: [[question]]

1. Read the Passage: Carefully read the
passage to understand the main events and
details.

2. Summarize: Create a summary that
includes the overall flow, and the
necessary information related to the
question.

3. Final Output

e The output should be a coherent
paragraph summarizing the passage.
e Avoid new section headings.

Figure 1: Passage summarization prompt

Simplified SG: Original SGs for one-point
items in PIRLS 2021 consist of two parts: a
description with examples of acceptable responses,
and a description with examples of unacceptable
responses. For the simplified SG, we utilized GPT-

4.1 to improve the readability of acceptable
response descriptions from the original SGs. This
involved rephrasing or reconstructing sentences
and removing examples, guided by the SG
modification prompt (Figure 2). For unacceptable
response descriptions, we adopted a standard
description: “Assign this score if the response does
not explicitly include the key content described in
the [Score: 1] criteria.” Replacing the original item-
specific descriptions.

Additionally, we incorporated notes reflecting
the general guidelines of the PIRLS Scoring
Guides: “(1) Minor irrelevant details are
permissible only if the response explicitly includes
the key content required for [Score: 1] and the
details do not contradict the [Score: 1] criteria. (2)
Character names may vary depending on the
language used; such variations should not affect
scoring.”

Improve the language in the current scoring
guide.

# Steps

1. Review the Scoring Guide: Carefully read
the existing scoring guide to grasp its
content and scoring criteria.

2. Refine Language: Enhance the language
for clarity while keeping the intended
meaning of the original scoring guide.

3. Final Output: Produce the final output in
plain text.

# Output Format
e  Use bullet points if they improve
readability.
e  Maintain the given structure:
“*F*[Score: X]**: Assign this score if
e Avoid new section headings or
providing examples.

Figure 2: SG modification prompt

3.4 AS with PIRLS Scoring Template

We ran two separate AS models using the PIRLS
scoring template: a baseline model and an
optimized AS model with compression (Opt-AS).
The baseline model used the original reading
passages and SGs, while the Opt-AS model
integrated question-specific summaries and
simplified SGs. For each item, a single summary
and simplified SG were created and consistently
applied to all responses. Following the Opt-AS,
custom Python scripts were utilized to



automatically identify and correct mis-formatted
outputs to ensure a consistent format.

3.5 Evaluation Metrics

We evaluated AS performance using four metrics:
compression ratio, exact agreement (EA), and
Cohen’s Kappa (k).

Compression ratio quantifies the efficiency of
our input optimization by comparing the token
count of optimized inputs to that of original inputs.
We specifically focused on the token reduction in
reading passages and SGs, where lower values
indicate higher compression. For SGs, notes
reflecting the general guidelines of the PIRLS
Scoring Guides were excluded from the
compression ratio calculation.

__ Token count of optimized input

R = (1)

Token count of original input

EA, acommonly used metric in AS, is calculated
as the percentage of exact matches between human
and machine scores.

Cohen’s Kappa (Cohen, 1960) measures inter-
rater reliability by considering chance agreement,
and is calculated as follows:

Po— Pe
T 1, )
where p, is the observed agreement among
raters, and p, denotes the expected probability of
chance agreement. The Kappa ranges from 0
(agreement due to chance) to 1 (perfect agreement).
We computed processing time and estimated
costs for Opt-AS using Python scripts. Cost
estimates were based on the number of input and
output tokens, following the GPT-4.1 API pricing
(OpenAl, n.d.): $2.00 per million input tokens and
$0.80 per million output tokens. One million
tokens are approximately equivalent to 750,000
words.

4 Results

Compression Ratio: Tables 3 and 4 present token
counts and compression ratios. On average,
passages were compressed to 20.22% of the
original length, while SGs were reduced to 46.47%
of their original size.

Baseline Opt-AS
Item  Passage SG Passage SG
1 724 112 168 67
2 581 119 117 93
3 724 152 155 65
4 1045 163 168 79
5 640 261 143 71
Avg. 743 161 150 75

Table 3: Token count for passage and SG

Item Passage SG
1 23.20% 59.82%
2 20.14% 78.15%
3 21.41% 42.76%
4 16.08% 48.47%
5 22.34% 27.20%
Avg. 20.22% 46.47%

Table 4: Compression ratio

EA & Kappa: Our Opt-AS model demonstrated
comparable performance to the baseline model,
achieving an average EA of 95.16% and kappa of
0.8852. Notably, for Item 1, the Opt-AS model
yielded a lower kappa of 0.8482 compared to the
baseline (0.9308). This discrepancy can be
attributed to Item 1 being a very easy item,
resulting in highly imbalanced data where 91.9%
of responses received a human score of 1. Despite
this, Opt-AS maintained strong precision and recall
values of 98.55% and 98.34%, respectively (see
confusion matrices in Appendix C).

Baseline Opt-AS
Item
EA K EA K
1 98.78%  0.9308 97.18%  0.8482
2 96.13%  0.9203 96.35%  0.9231
3 94.35%  0.8609 94.47%  0.8750
4 93.64%  0.8706 93.48%  0.8768
5 9327%  0.8570 93.50%  0.8511
Avg. 95.16%  0.8852 94.94%  0.8723

Table 5: EA & Kappa

Processing Time & Cost: The average
processing time and cost per item using Opt-AS
were approximately 6 minutes and $3.09,
respectively (see Table 6). In contrast to the
extensive resources required for human rater
training and scoring (Ward & Bennett, 2012), this



reflects a highly efficient use of time and cost.
Moreover, our Opt-AS reduced costs by nearly
50% relative to the baseline model, which incurred
approximately $6 per item and required around 7
minutes of processing time.

Item Processing Time Cost ($)
1 00:06:05 3.170
2 00:07:17 3.390
3 00:05:59 2.755
4 00:06:32 3.210
5 00:06:19 2.907

Avg. 00:06:26 3.087

Table 6: Processing time & cost

5 Discussion

Our findings indicate that input optimization
significantly reduces the complexity of AS in
reading assessments. Aligned with prior research
(Jiang et al., 2023; Xu & Lapata, 2022), Opt-AS
leverages compression techniques to optimize
input size, substantially shortening text length
while preserving critical information. This
optimization effectively lowers computational
costs without compromising AS performance, even
on low-resource languages such as Arabic,
Croatian, and Maltese. Given the considerable cost
and time involved in scoring over 12,000
multilingual written responses per CR item in
PIRLS, and the shift to fully digital assessment for
all participating countries in PIRLS 2026 (von
Davier & Kennedy, 2024), Opt-AS offers a cost-
effective, energy-efficient, and scalable scoring
solution in a computer-based assessment context.
Despite these promising results, this study has
limitations. First, due to its exploratory nature, the
analysis was conducted on a randomly selected
20% sample. While this sample was representative,
future research should assess the generalizability of
our approach using the full PIRLS dataset across a
broader range of CR items. Next, further
investigation into AS consistency is necessary.
Although GPT-4.1’s temperature was set to 0 to
minimize variability, validating the consistency of
both AS and human scoring remains important.
One potential method is to use sentence embedding
techniques to cluster semantically similar
responses, allowing for a systematic evaluation of
scoring consistency across both scoring methods.

6 Conclusion

This study provides compelling evidence for the
effectiveness of input optimization for AS in
multilingual reading assessments. Our Opt-AS
approach maintained robust performance within
the PIRLS framework, concurrently saving time,
cost, and computational burden. The streamlined
AS enhances operational efficiency and scalability
across a multitude of assessment items and
countries. Ultimately, well-implemented AS
systems promise to deliver timely, accurate, and
reliable reporting to participating countries,
supporting more informed educational policy
decisions.
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A Appendices

A. Sample Size by Country

Country Item Item Item Item Item
1 2 3 4 5

A 410 524 406 342 449
76 82 77 73 68

C 226 252 219 230 212

D 111 119 107 104 100
E 69 70 67 n/a 56
F 72 74 69 64 58

G 126 138 121 127 120
H 102 112 100 142 82
I 60 58 61 60 47
J 80 89 79 79 75
K 85 90 84 69 77

L 107 118 107 99 100
M 67 67 67 63 52
N 46 46 45 43 45
o 80 88 79 79 72
P 83 90 82 76 77
Q 93 92 90 90 79
R 78 87 79 76 70
S 86 91 86 119 77
T 77 82 77 109 70
U 75 80 74 39 64
\% 100 104 99 137 80
W 70 73 69 63 57
X 75 79 73 76 63
Y 76 81 76 76 66
V4 82 89 79 79 76
AA 75 76 71 75 60

Total 2687 2951 2643 2589 2452

Table. Sample size by country

B. PIRLS Scoring Template

Evaluate multilingual responses from an

international reading assessment for fourth-grade

students.

# Steps

1. Translation: Translate the student's response
into English.

2. Scoring: Score the response according to the
given scoring guide.

3. Validation: Determine if the translation could
be "hallucinated" where the text appears
linguistically correct but fails to capture the
intended meaning.

e If the translation is inaccurate, re-
translate and re-score the response.

e If the original text is untranslatable
and nonsensical, keep the original text
and assign a score of 0.

4. Output Construction: Compile the result into a
JSON object, with either the translated text or
the original text (if untranslatable) and the
assigned score.

# Output Format

The output should be formatted in JSON as follows:
{"[English translation or original text]": "Score:
[score]"}

Passage: [[Original reading passage or question-
specific summary]]

Question: [[Item’s question]]

Scoring Guide:

Evaluate responses based on the following criteria.

e [Score: 1]: Assign this score if [[description]]
[Score: 0]: Assign this score if the response
does not explicitly include the key content
described in the [Score: 1] criteria.

# Notes

e  Minor irrelevant details are permissible only if
the response explicitly includes the key content
required for [Score: 1] and the details do not
contradict the [Score: 1] criteria.

e Character names may vary depending on the
language used; such variations should not
affect scoring.



C. Confusion Matrices from Optimized AS
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Abstract

This study explores the classroom implemen-
tation of an Al-powered grading platform in
K-12 settings through a co-design pilot with 19
teachers. We combine platform usage logs, sur-
veys, and qualitative interviews to examine how
teachers use Al-generated rubrics and grading
feedback. Findings reveal that while teachers
valued the AI’s rapid narrative feedback for
formative purposes, they distrusted automated
scoring and emphasized the need for human
oversight. Students welcomed fast, revision-
oriented feedback but remained skeptical of
Al-only grading. We discuss implications for
the design of trustworthy, teacher-centered Al
assessment tools that enhance feedback while
preserving pedagogical agency.

1 Introduction

The integration of artificial intelligence (Al) into K-
12 education has shown promise but also comes
with new challenges (Wang et al., 2024). Al-
powered educational platforms can offer tools to
create instructional materials as well as to provide
grading and feedback for assessments. Such tools
purport to streamline workflows and provide rapid,
individualized feedback. However, concerns arise
regarding the alignment with pedagogical goals, the
preservation of teacher agency, and mixed impacts
on learners. This study engaged 19 teachers in a
co-design pilot study for Colleague Al, an online
Al-powered education platform for teachers and
students that provides Al-based classroom func-
tionality. In this study we focus on the Al grading
and feedback functionality and provide generaliz-
able information about how teachers envision the
successful implementation of such a tool. By com-
bining quantitative usage data with thematic analy-
ses of teacher interviews and surveys, we examine
the conditions under which Al-powered grading
practices can augment instructional expertise of
the educators. We situate our findings within the
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broader context of standard-based grading (SBG)
and formative feedback theory, elaborating the op-
portunities Al tools can offer with actionable in-
sights for developers, educators, school leaders and
other stakeholders who are committed to empower-
ing education through the assistance of Al without
compromising instructional integrity.

1.1 Historical Development of Automated
Grading Systems

Automated grading systems have a rich history
spanning over nearly a century. In the 1940s, IBM
introduced tabulating and test-scoring machines
to accelerate scoring, reporting, and computing of
assessments (Lorge, 1942). This system was con-
sidered to be helpful in saving teachers time and
processing student data more efficiently (Benham,
1962), and marks a significant early step toward au-
tomated grading. In the 1990s and entering into the
21st century, the introduction of learning manage-
ment systems (LMS) brought automated grading
into the spotlight, together with other functionali-
ties around managing and distributing assessments.
With education practices shifting to the digital
realm, automated grading systems were driven to
improve and adapt. Advanced technological inno-
vations like natural language processing (NLP) and
computer vision also assisted in the development
of automated grading (Jocovic et al., 2024; Ramesh
and Sanampudi, 2022). However, as K-12 educa-
tion adopts standard-based grading (SBG), assess-
ments, especially formative assessments, require
more complicated and comprehensive grading prac-
tices. Adding on to that, automated grading primar-
ily focused on handling multiple choice questions
while scoring open-ended questions like essays
still remains a challenge (Ramesh and Sanampudi,
2022). In this context, the emergence of Large Lan-
guage Model (LLM) Artificial Intelligence (Al)
systems shows a potential next step in the inte-
gration of pedagogical frameworks and automated
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grading systems, and enables the automated grad-
ing process to be adopted on various assessment
forms (Chu et al., 2025; Li et al., 2025; Liew and
Tan, 2025).

1.2 The Value of Formative Assessment and
Feedback in K-12 Education

Effective assessment in K-12 education measures
student learning while catalyzing continued growth.
However, translating these principles into class-
room practice faces practical challenges. This sec-
tion examines theoretical foundations and empir-
ical evidence supporting formative assessment in
K-12 settings, while acknowledging systemic barri-
ers that prevent educators from implementing these
practices at scale.

1.2.1 Rubric and standard-based grading in
K-12

K-12 education has increasingly adopted standards-
based grading (SBG) systems that align with state
learning standards, shifting the focus from accumu-
lating points to demonstrating mastery of specific
competencies (Guskey and Bailey, 2001; Mufioz
and Guskey, 2015). By reporting student per-
formance in terms of proficiency levels—such as
“emerging,” “developing,” “proficient,” and “ad-
vanced”—SBG provides educators and families
with a clearer picture of where learners stand rela-
tive to defined objectives (O’Connor, 2007). SBG
rubrics feature criteria appropriate to an assess-
ment’s purpose and describe these criteria across
a continuum of performance levels, ensuring that
each standard is assessed with both clarity and pre-
cision (Brookhart, 2018). When rubrics are crafted
in alignment with state or district standards, they
serve as the bridge between curricular goals and
day-to-day classroom tasks (McTighe and Wiggins,
2013). In K-12 settings, rubrics serve multiple pur-
poses. First, they clarify expectations for students
by defining what knowledge and skills constitute
“proficient” and “exemplary” work; knowing these
distinctions helps students set concrete targets and
engage in self-assessment (Andrade, 2005; Chowd-
hury, 2018). Second, rubrics provide consistent
grading criteria for teachers, reducing subjectivity
and inter-rater variability. Rubric-based scoring
enhances reliability across different instructors and
class sections (Jonsson and Svingby, 2007). Fi-
nally, rubrics facilitate communication with par-
ents about student progress: when teachers share
rubric scores or performance descriptors, families
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gain concrete insight into their child’s strengths
and areas for growth, enabling more focused con-
versations about how to support learning at home
(Chowdhury, 2018; Popham, 2011).

1.2.2 Timing and effectiveness for young
learners

Research shows that feedback timing critically af-
fects K-12 learning (Ruiz-Primo and Li, 2013). A
meta-analysis reports: “feedback is one of the most
powerful influences on learning and achievement”
(Hattie and Timperley, 2007). Immediate feed-
back prevents misconceptions from becoming rein-
forced, which is particularly important for young
learners building foundational skills. Students who
receive immediate feedback during tasks retain in-
formation better and correct errors faster than those
given delayed feedback (Ajogbeje, 2023). These
effects are evident across subjects like math and
science, where rapid corrective guidance maintains
motivation and supports mastery (Dihoff et al.,
2004; Mandouit and Hattie, 2023). However, in
many K—12 classrooms, practical constraints make
providing immediate feedback difficult to sustain.
Providing formative feedback to an entire class re-
quires teachers to collect, analyze, and respond
to each student’s work—a process that research
shows is hard to implement at scale and sustain over
time (Hopfenbeck et al., 2023). Moreover, a 2024
RAND survey of K-12 educators found that incon-
sistent access to formative-assessment tools—such
as LMS-integrated grading, handheld response
devices, or classroom response systems—forces
many teachers to rely on paper-based workflows
and delay feedback until weekly or biweekly grad-
ing cycles (Doan et al., 2024). A 2025 survey of
254 K-12 teachers found that although most value
immediacy, workload and inconsistent access to
digital tools prevent real-time feedback delivery.
Without embedded systems (e.g., response-clickers
or automated grading), teachers default to batch
feedback, reducing impact (Jin et al., 2025). As
a result, feedback often arrives days after submis-
sion, by which point students have moved on to
new material, weakening the corrective value and
allowing misconceptions to persist until the next
evaluation cycle.

1.2.3 Separating Formative Feedback from
Evaluative Grades in K-12

Separating formative feedback from evaluative
grades is essential in K—12 education to prioritize



learning and development over ranking. In a classic
experimental study, the result showed that sixth-
grade students who received detailed comments
without grades demonstrated higher intrinsic moti-
vation and better task performance than peers who
received grades or grades paired with comments
(Butler and Nisan, 1986). Another study found that
when grades accompany comments, students tend
to focus on the grade itself and disregard substan-
tive feedback (Black and Wiliam, 1998). When
feedback is decoupled from grades, teachers can
devote attention to describing specific strengths,
identifying misconceptions, and suggesting cor-
rective steps without students fixating on scores
(Brookhart and Oakley, 2022; Wiliam, 2011).

1.2.4 Recent Research on Automated Graders
and Real-Time Feedback in K-12

Recent Al advancements have begun to extend as-
sessment capabilities in K—12 contexts, but imple-
mentation in K-12 schools has typically lagged be-
hind higher education. For example, M-Powering
Teachers is an automated feedback tool that utilizes
natural language processing to analyze verbal class-
room interactions and subsequently provides for-
mative feedback to teachers. In a randomized con-
trolled trial with over 1,100 instructors in an online
computer science course, the tool increased instruc-
tors’ use of “uptake” practices (i.e., acknowledging
and building on student ideas) by 13 percent (Dem-
szky et al., 2024). This result suggests promise for
providing feedback to K-12 teachers to improve
their classroom practices with Al-assisted analysis
of their teaching This also applies to other activities
like administering assessments in the classroom.
Al-assisted grading systems are being developed
to analyze assessments and provide standard-based
rubric (Tian et al., 2025), which then will be used
to generate grades and feedback aligned with the
standards. These tools recognize the unique needs
of K-12 education, including age-appropriate feed-
back and alignment with Common Core and state
standards. However, limitations persist in K-12
contexts. Systematic scoping reviews note that Al
tools often assume mature organizational structures
and language conventions, which younger learners
have not yet mastered (Lindsay et al., 2023; Yan
et al., 2024). Moreover, K-12 educators express
concerns that Al-mediated feedback may not suffi-
ciently address younger students’ socio-emotional
needs or align with grade-level curricula—barriers
that slow adoption in elementary schools (Castro
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et al., 2025; Lin and Van Brummelen, 2021).

2 Sample & Methods

For this study, we ran a seven week co-design pilot
study with twenty-one teachers from four public
school districts and one independent school in the
Puget Sound region of Washington state to test the
use of an Al powered learning platform’s student
facing classroom features. Nineteen teachers partic-
ipated in implementing and testing the assessment
feature with their classrooms. Teachers participated
in weekly discussion sessions where they received
guidance about the platform, discussed how they
might use the platform in their classrooms, and
provided feedback about how they used the plat-
form. Teachers completed weekly surveys about
their platform usage. Two weeks of the pilot study
focused on assessment grading. For this study we
focus on the usage of the assessment grading func-
tionality. In the pilot study, we interacted directly
with teachers as they tested the platform in their
classrooms. Students were not the subject of the
study, and researchers did not directly interact with
students. The study was approved by the University
of Washington Institutional Review Board.

During this phase of the study teachers were
asked to implement two assessments in their class-
room using the platform. Implementation of an
assessment comprised several steps. First, teach-
ers defined the purpose, type, and content of the
assessment that they would give to their students.
Teachers were instructed to only give assessments
that fit with their classroom goals and that fit with
their regular teaching practice. Then, teachers were
given the option to use the Al platform to design a
rubric to accompany their assessment and assist in
providing feedback to their students. Once students
completed the assessment, teachers had the option
to allow students to view Al generated feedback
and resubmit their assignment (i.e. a formative use)
or to allow students only a single submission (i.e. a
summative use). Finally, teachers reviewed the Al
generated feedback - teachers were able to see the
Al generated feedback whether or not they chose
to allow students to view it - and returned their own
feedback and grades to their students.

Teachers submitted surveys on how the imple-
mentation went. Of the 19 teachers who partici-
pated in the assessment tool portion of the study,
13 submitted feedback survey forms detailing how
they used the platform to implement assessments.



The implementations covered a range of class sub-
ject areas including programming/science courses
(30%), Math classes (25%), Spanish language
classes (15%) and ELA classes (30%). Classes
were divided between grades 8 through 12. See
Figure 1 for the full breakdown. Some teachers
reported trying the tool in multiple class sections,
because individual teachers are the focal unit of
the study, we have weighted the responses such
that each teacher counts equally (e.g. if teacher A
reported a single math class and teacher B reported
2 English classes, we would report that study com-
prised half math and half English classes).

Figure 2 summarizes the type and purpose of the
assessments given. Over half (56%) of teachers
who repsonded to the survey used the Al platform
to administer an in-class formative assessment, and
almost half (49%) had ‘short-answer’ type ques-
tions in the assessment. Although only 13 teachers
completed the survey, 19 teachers did implement at
least one assessment in their classrooms. In total,
assessments were created in 33 unique classrooms
with 936 student works submitted.

In addition to requesting structured feedback in
surveys on the implementation of the Al Grad-
ing tool, we applied thematic analysis to quali-
tative data sources including open-ended survey
responses, group discussions, and individual inter-
views. We employed ground theory to thematic
coding (Braun and Clarke, 2006) and identified
recurring experiences, affordances, barriers, and
recommendations from teachers’ perspectives. The
established codebook (Appendix A) contains 7 par-
ent code and 18 child code illustrating teachers’
and students’ user experiences from pilot teachers’
perspectives.

We also examined platform log data to under-
stand the scope of the classroom implementation
of the Al Grading tool, recording the number of
assignments created, the number of student sub-
missions made, whether students resubmitted their
assignment and whether the teacher used the plat-
form to return feedback to students.

3 Results

3.1 Platform Log Data Analysis

The platform log dataset includes assessment logs
from 33 unique classrooms created by 19 teach-
ers. On average, each classroom implemented ap-
proximately 1.76 assessments. From the platform-
generated assessment logs from 58 assessments,
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we conducted usage analysis to capture how Al
grading and feedback features were implemented
across subjects and school sites. The logs included
information on total student enrollment in the class-
room, number of submissions, Al-graded assess-
ments, and resubmission counts.

3.1.1 Submission Patterns and Engagement

Submission rates varied widely, with a mean sub-
mission rate of 54.8% (SD = 27.9%). While
some classrooms achieved full participation, others
showed near O submission rates, indicating vari-
ability in how assessment activities were adopted
across contexts. This variation reflects both instruc-
tional choice and logistical constraints (e.g., class
type, student access, timing).

3.1.2 AI Grading Coverage and Automation

Al systems graded the majority of submitted assess-
ments. In over 75% of classrooms, more than 80%
of submitted student work received Al-generated
scores. The median Al grading coverage was
92.2%, with many classrooms achieving near-total
automation. Both teachers and students can initiate
Al grading to generate feedback and evaluation.
This high rate of automated grading illustrates the
system’s capacity to streamline evaluation work-
flows at scale.

3.1.3 Student Resubmission Behavior

Resubmissions, which may indicate iterative learn-
ing or clarification efforts, were relatively infre-
quent but nontrivial. On average, 8.7% of students
submitted work more than once, with a maximum
observed rate of 66.7% in one classroom. While
not ubiquitous, this behavior suggests some teach-
ers and students leveraged the platform’s capacity
for revision and feedback loops.

Metric Value
Unique Classrooms 33
Average Assessments per Classroom 1.76
Mean Submission Rate 54.8%
Median Al Grading Coverage

on Submitted Works 92:2%
Average Resubmission Rate 8.7%

Table 1: Summary of Assessment Metrics.

Note: Metrics are based on platform logs from 58
classroom-level assessment records across middle and
high school implementations.

Al-powered grading was widely implemented
across classrooms, with most student work receiv-



Subjects and Grade Levels
13 teacher responses collected. Weights normalized to 1 for teachers who reported multiple classes
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Figure 1

How Teacher's Used Assessment in the Pilot Study
13 teacher responses collected. Weights normalized to 1 for teachers who reported multiple assessment uses.
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Figure 2
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ing automated scores. Yet the variability in student
engagement, along with uneven resubmission activ-
ity, reinforces a central finding from our qualitative
analysis: teacher mediation remains essential to in-
terpreting and contextualizing Al output. Teachers
did not simply deploy automation, instead they in-
tegrated it into their classroom practices to balance
speed with pedagogical intent.

3.2 Teacher Survey Data

13 out of 19 teachers returned survey forms about
their use of the Al Grading platform. In addition to
the data on the implementation context, they also
evaluated the quality of the Al generated rubrics
and the Al generated feedback.

3.2.1 Rubric Quality

Over 60% of the teachers indicated that they were
able to use the Al generated rubrics in their class-
room assignments. The majority indicated that
they made minor changes to the rubric, indicating
that they were not willing to fully accept the Al
generated content without review and adjustment.
Interestingly, no teachers indicated that they made
major changes to the Al generated rubric. Only
7% of teachers indicated that the rubrics could not
be used in their classroom - either because they
needed major revisions or were simply not appli-
cable. Roughly a quarter of teachers reported that
they did not attempt to use the Al generated rubrics
at all. Note that some teachers submitted multiple
response forms for their different classrooms, the
overall results are weighted so that each teacher
has equal weight.

3.2.2 Al Generated Feedback Quality

57% of teachers indicated that the AI feedback
provided clear, actionable feedback for teachers or
students, with 41% indicating that the feedback was
useful for both teachers and students, 14% indicat-
ing that the feedback was only useful for students,
and 3% indicating that it was only useful for teach-
ers. 42% of teachers indicated that the feedback
was not useful, with 24% indicating that the feed-
back was vague or unhelpful and 18% indicating
that it was incorrect or misleading.

3.3 Discussion Transcript & Interview
Qualitative Analysis

To deepen our understanding of how teachers expe-
rienced the Al-powered assessment, grading, and
feedback features in real K-12 classroom contexts,
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we conducted a qualitative analysis as well. The
qualitative analysis yielded three central themes,
reflecting both the promise of Al to enhance feed-
back workflows and the structural and pedagogical
tensions that emerge in educational contexts.

3.3.1 AI Grading: Feedback as Formative
Scaffold over Numerical Scores

Across classroom contexts, teachers consistently
emphasized the pedagogical value of narrative feed-
back over numerical grades. While the platform
offered a mechanism for scoring, many teachers
found the AI’s application of point values to be
inconsistent or misaligned with their rubrics. One
teacher shared, “The tool scored some students
out of 20 points and others out of 10, when I had
specified the assessment was worth 10 points” (Ma-
rine Biology, Grades 10-12). Others noted the
Al “took points off for things not in the rubric’
or used standards “outside of the students’ cur-
rent skill level” (Engineering, Grades 9-12). By
contrast, the system’s narrative feedback was fre-
quently praised for its specificity, clarity, and align-
ment with formative goals. Teachers described it
as a useful “first draft” that helped identify student
misconceptions and suggest improvement strate-
gies. “While I found the feedback from the Al to
be fairly accurate, it seemed inconsistent in terms
of how it attached numbers to that feedback,” stated
by the same grades 10—12 marine biology teacher.
This tension between qualitative and quantitative
outputs suggests that current LLM-based assess-
ment systems may be best positioned as formative
tools, generating scalable, revisable feedback that
scaffolds learning, rather than reliable summative
graders. Teachers expressed interest in treating Al
grading as a fast first-pass diagnostic, followed by
human adjustment. “[Students] loved the prospect
of getting a grade and feedback with such a quick
turnaround, rather than waiting the 2-3 weeks that
it usually takes me to grade their writing” (English,
Grade 11).

This orientation toward feedback-first design re-
inforces the importance of transparency and ex-
plainability in Al-powered assessment tools. When
numerical scores lack clarity or consistency, but
written comments hold pedagogical value, the role
of the Al should be reimagined: not to replace
teacher judgment, but to scaffold learning through
accessible, timely, and editable feedback.

bl



Quality and Changes to Generated Rubrics

Yes: the rubrics cover
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30% 40%

Did Not Use

Figure 3: Teacher survey responses to the quality of the Al generated rubric and whether it was necessary to make

changes.

3.3.2 Teacher Oversight Enables Trust and
Personalization

Teachers reported that Al feedback, while efficient,
was not passively accepted by students. Students
actively scrutinized Al generated evaluations’ fair-
ness, clarity, and alignment with their work. This
dynamic created new expectations for teachers to
engage in the grading and feedback process, not
just as overseers, but as collaborators who could
validate, revise, or clarify the AI’s output. One
educator noted, “My students were confused why
some feedback was so positive, yet the score was
low. They came to me asking if the grade was accu-
rate and what it really meant” (English, Grade 11).
Far from seeing this as a burden, many teachers
described this supervising and collaborative role
as essential and empowering. It allowed them to
reinforce instructional goals, personalize commu-
nication with students, and restore fairness to the
grading process. “I took the feedback and put it
in the Al Chat... told it, ‘give me one paragraph
in teacher voice,”” one teacher explained, reflect-
ing the effort to mediate Al output in a way that
aligned with their teaching persona and classroom
discourse (ELA, Grade 10). Another explained, “I
asked if [students] would be ok if the Al graded
all their work and they all said no! They want
to know I'm reading their work. They want me
to see their jokes and emotions. They feared that
Al would just be like a checklist. I thought her
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[the AI assistants] feedback was better than mine
though. (But they thought it’d be great as a pre-
submission self check grade)” (Science, Grade 11).
These moments highlight that personalization is
not merely the product of generative automation, it
is co-produced through educator framing and stu-
dent trust. Even among those critical of the Al’s
limitations, teachers valued the system’s ability
to streamline initial feedback, reduce turnaround
time, and make space for higher-order instructional
moves. “I see Al grading tools as a kind of new TA:
it gives fast, helpful first-pass feedback that enables
students to make improvements right away, but I
still review and make final grading decisions.” (En-
gineering, Grade 9-12). Even teachers who were
critical of the AI’s limitations noted its utility for
surfacing initial insights that they could refine or
expand. In this human-AlI collaborative process,
automation enhances efficiency, but teacher over-
sight ensures that outputs align with pedagogical
goals and relational norms. Teachers stressed that
speed alone was insufficient: the AD’s utility de-
pended on whether its feedback meaningfully re-
flected classroom expectations. “The time-saving
is great. But only if the comments represent how I
would actually respond to student work. Otherwise
I have to re-do it anyway.” (Math, Grades 7-8).
This convergence of student demand and teacher
professional judgment highlights a collaborative
model of assessment: one where Al tools extend
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Figure 4: Teacher survey responses to the quality of the Al generated assessment feedback

instructional reach, but teachers retain interpretive
authority. Personalization, in this view, is not the
result of automation alone, it is made meaningful
when filtered through pedagogical expertise and
enacted in response to learner needs.

3.3.3 Student Engagement is Mediated by
Interface Design and Accessibility
Considerations

Teacher noted that student responses to Al evalua-
tions varied significantly, shaped not only by con-
tent quality but also by interface design and prior
technology exposure. On one hand, Several teach-
ers reported strong engagement among struggling
or anxious learners, who appreciated the opportu-
nity to receive feedback before submitting to peers.
For example, a grade 11 IB English teacher shares,
“some of my struggling students. .. liked having
someone to give feedback before sharing. It made
them more confident.” On the other hand, some
students were overwhelmed by the volume or com-
plexity of the comments. One teacher noted, “They
thought it was a lot of feedback... It might have
been better to let me limit it to just a few things”
(World Language, Grades 9-11). Technical usabil-
ity also posed barriers: some students had trouble
uploading assignments, locating relevant sections
of the Al-generated feedback, or were put off by
first impressions of the interface, which “looked
old,” all of which may have led them to abandon
the tool after initial attempts. The mixed recep-
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tion reinforces the importance of usability design
and accessibility. Without scaffolds for clarity and
navigation, Al systems may inadvertently heighten
disparities in experience and learning outcomes
among students with different levels of digital flu-
ency. To avoid these pitfalls, developers must pri-
oritize transparency, explanation, and accessibil-
ity in system design. Features such as adjustable
feedback volume, simpler and fashionable inter-
faces, and teacher-led onboarding may be critical
to ensuring that Al systems support meaningful
engagement across all learners.

4 Discussion & Conclusions

This study offers early empirical insight into how
K-12 educators engage with Al-powered grading
systems in real classroom contexts. Through a co-
design pilot with 20 teachers, we observed that
while automated scoring tools are increasingly ca-
pable of streamlining feedback and assessment
workflows, their successful classroom implementa-
tion hinges on how well they align with formative
goals, support teacher expertise, and align with stu-
dent expectations for fairness. Teachers used the
platform to generate rubrics, assign assessments,
deliver formative feedback, and manage revision
cycles, but they did not treat Al output as final. In-
stead, they exercised discretion, editing feedback,
clarifying grades, and recontextualizing comments
to maintain pedagogical coherence. This model
where automation accelerates routine processes but



teachers retain interpretive control emerged as a
key condition for productive use.

Throughout the study, three themes emerged:
(1) teachers emphasized narrative feedback over
numeric scores, valuing elaborated comments gen-
erated by Al that revealed misconceptions and next
steps for learning; (2) teacher mediation was es-
sential to address discrepancies between comments
and grades, underscoring that Al should augment
rather than replace educator judgment; and (3) stu-
dent responses varied—some benefited from low-
stakes feedback with a quick turnaround, while
others experienced cognitive overload or usability
challenges, revealing heterogeneity considerations
tied to digital literacy and Al competency in mod-
ern classrooms.

While this pilot study provides valuable insight
into teacher experiences with Al-powered grad-
ing tools, several limitations warrant consideration.
First, the sample was geographically limited to the
Puget Sound region and comprised volunteers who
may be more open to Al technology use than the
broader teaching population, potentially introduc-
ing selection bias. Second, not all participating
teachers completed post-implementation surveys,
which may skew those findings toward those with
stronger opinions or more successful experiences.
Third, the study relied on teacher self-reported data
and platform logs rather than direct observation of
classroom implementation, limiting our ability to
assess actual student interaction with the Al system.
Finally, this study is of a single generative Al based
platform, and findings may not fully generalize to
other Al grading and feedback systems.

Despite its exploratory scope, this study yields
several insights that are likely to generalize beyond
the immediate implementation context. Most no-
tably, teachers consistently valued Al-generated
narrative feedback as a formative tool, even when
they questioned the reliability of automated scor-
ing. This suggests that LLM-based grading sys-
tems may be best positioned not as replacements
for teacher judgment, but as scaffolds for feedback-
rich instruction. Additionally, the finding that stu-
dents desired teacher involvement—even when Al
feedback was accurate—underscores the impor-
tance of maintaining human connection and inter-
pretive authority in automated systems. Finally, the
study highlights design considerations for future
Al tools: systems should allow for teacher over-
sight, offer clear interfaces for student understand-
ing, and support workflows that enable iterative
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revision. These features are likely to be essential
across a wide range of school settings and instruc-
tional models.
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Codebook of Educator Feedback on AI-Powered Assessment

Table 2: Qualitative Coding Scheme with Frequencies

Code | Parent Code Child Code Frequency| Child Code Description
WF1 Workflow and Imple- | Feature Setup | 29 Describes obstacles in setting up assessments,
mentation Challenges rubrics, or assignments using the Al tools.
WE2 Workflow and Imple- | Alternative Use | 8 When teachers adapted or repurposed features
mentation Cases for different pedagogical intents.
WF3 Workflow and Imple- | Time-Saving 9 Mentions of Al helping reduce grading load or
mentation Potential turnaround time.
FB1 Feedback Quality and | Feedback Cus- | 5 Teachers modifying Al-generated feedback to
Utility tomization suit student needs or tone.
FB2 Feedback Quality and | Feedback Use- | 12 Teachers’ perceptions of whether the feedback
Utility fulness is pedagogically meaningful or accurate.
FB3 Feedback Quality and | Student Percep- | 2 How students perceive or react to Al feedback.
Utility tion of Feed-
back
ST1 Student Impact Increased En- | 5 Positive changes in student engagement or will-
gagement ingness to revise based on Al feedback.
ST2 Student Impact Student Confu- | 5 Instances of student difficulty with interface,
sion or Frustra- grading accuracy, or expectations.
tion
ST3 Student Impact Equity of Sup- | 2 Reflections on how Al tools affected different
port learner groups.
TR1 Trust and Accuracy Inconsistency 2 Reports of Al producing different results for the
of Grading same submission or not aligning with rubric.
TR2 Trust and Accuracy Human Over- | 10 Emphasis on teacher’s role in verifying or revis-
sight ing Al grading before finalizing.
ull Usability and Inter- | Clunky Inter- | 2 Descriptions of confusion or dissatisfaction with
face face or Poor platform usability.
UX
UI2 Usability and Inter- | Preferred Inter- | 2 Teacher workarounds or preferences for using
face action Pathways other tools.
PR1 Professional Use and | Teacher  Ac- | 1 Teachers feeling responsible for editing and ver-
Reflection countability and ifying Al output.
Editing
PR2 Professional Use and | Planning for | 4 Teachers thinking about scaling or adjusting
Reflection Growth practice using Al
SD1 Suggestions for Devel- | Workflow Sim- | 2 Recommendations to reduce clicks or streamline
opment plification setup.
SD2 Suggestions for Devel- | Granular Feed- | 2 Suggestions for item-level feedback or clearer
opment back Requests linkage to rubrics.
SD3 Suggestions for Devel- | Feature Expan- | 2 Ideas like nudging systems, PDF exports, or data

opment

sion

summaries by student.
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Compare Several Supervised Machine Learning Methods in Detecting Aberrant

Response Pattern
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Abstract

An aberrant response pattern, e.g., a test taker is able
to answer difficult questions correctly, but is unable to
answer easy questions correctly, are first identified 1z
and 1z*. We then compared the performance of five
supervised machine learning methods in detecting
aberrant response pattern identified by 1z or 1z*.

1 Introduction

Investigating fraudulent testing behavior,
especially for high-stakes assessments, has been
a common practice for maintaining test score
validity. In practical assessment, one of the
important problems is to ensure that the test
taker’s response pattern is consistent with the
expected item score pattern. When the difference
between the observed and the expected pattern is
large, it is classified as an aberrant response
pattern (Magis, Raiche, & Beland, 2012; Meijer
& Tendeiro, 2014). One example is test taker is
able to answer difficult questions correctly, but is
unable to answer easy questions correctly. Lz
and its modification Lz*, two well-known
person-fit statistics are applied in the study to
detect aberrant response pattern specified above.

The rapid advancement of machine learning
(ML) techniques has led to their widespread
application across various domains. In recent
years, several studies have conducted
comprehensive comparisons of machine learning
models to understand their relative strengths and
limitations across diverse tasks (e.g., Caruana
and Niculescu-Mizil, 2006; Neagu et al., 2007;
Raschka, 2018). Collectively, these studies
provide a foundational basis for applying and
evaluating machine learning algorithms in the
present study, which focuses on detecting
aberrant response patterns using indices such as
the 1z and 1z* statistics. In the field of
educational science, several studies explored
machine learning to detect exam cheating (e.g.,

Man et al., 2019; Pan et al., 2022; Zopluoglu,
2019). There are relatively few studies
implementing machine learning methods to
investigate aberrant response pattern as specified
in the current study.

2 Data

Data used for this study was selected from a
licensure exam that is administered multiple
times each year. We selected one test form that
was administered twice in one year for this
study. We used item responses from 2561
examinees who took this form in April as
training data. We used item responses from 492
examinees who took the same form in October as
test data. There were 200 scored items in this
form. Item response for these 200 items was
taken as input features. The target variable for
each examinee is either flagged as an aberrant
response pattern or not based on Iz or 1z* person
fit statistics. In literature, the cutoff value of -4 is
used to flag examinees of aberrant response
patterns (Tendeiro, Meijer, & Niessen, 2016). In
our operational analysis, we used the criteria
listed in Table 1 on page 7 to flag aberrant
response pattern. Using flagging criteria in Table
1, “flagged #” column in Table 2 on page 7 lists
the number of flagged cases in training and test
data based on 1z and 1z* indices, respectively.
For our data, the examinees with aberrant
response pattern are the minority. A much
smaller number of positive cases (aberrant
response pattern examinees) can lead to bias in
model prediction. To handle the issue of data
imbalance, we then conducted data simulation.
That is, based on the response pattern of the
flagged cases, we simulated one time and two
times of examinees that have very similar
responses as the flagged aberrant response
pattern. The last two columns in Table 2 present
the simulated number of aberrant response
pattern. Those simulated cases were then
randomly inserted and replaced normal response
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pattern in the original data. In this way, the total
number of examinees in training and test data
remain the same.

3 Methods

3.1 Lz and Lz* Person-fit Statistics

Drasgow, Levine, & Williams (1985) proposed a
standardized version of 1z

IZZIO_E(IO) (1)

)
Where [, is the log likelihood function of any
response pattern, E(/;) and V'(/,) are the mean
and variance of /;

Snijder (2001), proposed 1z*, in which true
ability estimates were replaced by sample ability
estimates. Magis et al (2012) illustrated 1z* as

_ Wn(0)—c,(0)*r,(0)
Vi, (01"
where Wn(0)is a statistic, 7,(6)is an estimator,
¢,(0)is a function modifying 7,(0), V[,(0)]
is the modified variance. Magis et al. (2012) has
detailed illustrations of those statistics. From
equations 1 and 2, we can say that Iz* index is a
rescaled version of 1z by adjusting both its mean
and its variance. Lz and 1z* are implemented in
the current study to identify aberrant response
patterns, as illustrated in the data section.

Iz* (2)

3.2

Machine learning is broadly categorized into four
main types: supervised learning, unsupervised
learning, semi-supervised learning, and
reinforcement learning. As stated below, five
supervised learning methods are implemented in
the current study to flag aberrant response
pattern identified by 1z or 1z*.

K-Nearest Neighbor (KNN): KNN is a learning
algorithm that attempts to classify new samples
by allocating them to the class of the most
similar labeled cases. In this study, the KNN
algorithm was employed to classify examinee
response vectors flagged by the 1z or 1z* indices
as either aberrant or normal. The algorithm does
not make assumptions about the underlying data
distribution, making it particularly suitable for
exploratory and diagnostic contexts. The
simplicity and interpretability of KNN provide a
valuable benchmark against which more
complex models—such as neural networks or
Support Vector Machines—can be compared.

Supervised Machine Learning Methods
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Naive Bayes: The Naive Bayes classifier is a
probabilistic machine learning model based on
Bayes’ Theorem. Bayes’ Theorem is formally
expressed as:

_ P(x|Cr)*P(Ck)
P(Celx) = =5 3)
Under the naive conditional independence
assumption, the joint likelihood simplifies to a
product of individual feature likelihoods:

P(Cilxqy, x5, %) * P(C) [Ti=1 P (xi]Cy)
4

The classification rule then becomes:
y=argmax P(C)Ilz; P(xlC) (5)

ke{1,k}
Based on equation above, Naive Baye
classification algorithm can be used for
categorizing new observation into predefined
classes for the initiated data. In this study, the
Gaussian Naive Bayes variant was applied to
detect aberrant response pattern identified by the
1z or 1z* indices. The model was implemented
using the GaussianNB class from the
sklearn.naive bayes module in Python.

Logistic regression: Logistic regression models
the probability that a given input belongs to a
specific class. It does this by applying the
sigmoid (logistic) function to a linear
combination of the input features (Hosmer,
Lemeshow, & Sturdivant, 2013).

The sigmoid function is defined as:

S@) =—— (6)

1+e™Y
In the context of logistic regression, the input to
the sigmoid function is a linear combination of
the predictor variables:

: (7

P = Tye-tmxsb)

Where p is the estimated probability that the
instance belongs to class 1 (e.g., exhibiting
aberrant response pattern), m represents the
weight coefficients (slopes), X is the feature
vector (e.g., item responses), and b is the
intercept (bias).

Logistic regression learns these parameters
during model training by maximizing the
likelihood of the observed data. In binary
classification, a threshold (typically 0.5) is
applied to the predicted probability to assign
class labels. The model was implementedusing
the LogisticRegression class from the
sklearn.linear model module in Python.



Support Vector Machine (SVM): The central
idea behind SVM is to find the optimal
hyperplane that best separates data points from
different classes in a high-dimensional space. For
binary classification, as in the current study, the
goal is to maximize the margin between the two
classes—the distance between the hyperplane
and the nearest data points from each class,
known as support vectors.

In this study, a Support Vector Machine (SVM)
classifier was employed to detect examinees with
aberrant response patterns, as flagged by the 1z or
1z* indices. The SVM model was implemented
using the SVC class from the scikit-learn library
in Python. The default SVM configuration with a
radial basis function (RBF) kernel was used,
which allows the model to capture non-linear
relationships in the data.

Neural networks (NNs): NNs are a class of
machine learning models inspired by the
structure and function of the human brain. They
consist of layers of interconnected processing
nodes (neurons), where each neuron applies a
transformation to the input and passes the result
to subsequent layers. Each connection between
neurons is associated with a weight that is
learned during training through optimization
algorithms such as stochastic gradient descent
and backpropagation. To classify examinees
based on aberrant response pattern identified by
the Iz or 1z* indices, a feedforward neural
network was implemented using TensorFlow and
Keras.

In the current study, the architecture of the neural
network included the following items:

e An input layer with 200 features
(corresponding to the number of items),

e Two hidden layers with ReLU activation
functions,

e Dropout layers for regularization to
mitigate overfitting, and

e A final output layer with a sigmoid
activation function for binary
classification.

4. Software for Estimation

In this experimental stage, we used Google
Colab for estimation. Oversample method was
applied in Colab to make sure all aberrant
response patterns have been sampled when
training the model.
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5. Results

One essential tool to evaluate the performance of
machine learning models is confusion matrix. A
confusion matrix is a simple table that shows
how well a classification model is performed by
comparing its predictions to the actual results. A
confusion matrix adapted to the context of the
current study is presented in Table 3 on page 7.
Below is a brief explanation on evaluation
metrics that applied in the study to evaluate the
performance of these supervised machine
learning mothods.

.. T
Precision=
TP+FP

Precision focuses on the accuracy of the model’s
positive predictions. It tells us how many of the
instances predicted as positive are actually
positive.

TP
TP+FN

Recall/Sensitivity =

Recall measures the proportion of correctly
predicted positive instances among all actual
positive instances.

Precison * Sensitivity

Flscore=2 * — —
Precision + Sensitivity

F1 score combines precision and recall into a
single metric to balance their trade-off. It
provides a better sense of a model’s overall
performance, particularly for imbalanced
datasets. F1 score ranges from O to 1, with 1
indicating the best possible performance.

Accuracy= TP+TN
Y TP+TN+FN+FP

Accuracy measures how often the model’s
predictions are correct overall. It gives a general
idea of how well the model is performing.

In the current study, under different conditions
on the number of aberrant response pattern, the
resulting classification performance was
compared among five supervised machine
learning models. Tables 4 and 5 on pages 8 and 9
summarize the classification performance of five
machine learning models in detecting aberrant
response patterns as identified by the Lz and 1z*
index, respectively.

Results in these two tables show that, under the
condition of the real number of flagged cases,
most models—particularly KNN and SVM—
struggled to detect aberrant responses, often
yielding near-zero F1-scores. Logistic regression
consistently achieved high precision but suffered
from low recall, while Naive Bayes and neural
networks offered more balanced but modest
performance. These results underscore the
effectiveness of simulation-based data



augmentation for enhancing model sensitivity
and suggest that sample size and class balance
are critical factors in building reliable aberrant
response detectors.

6. Conclusion

In this study, we implemented five supervised
machine learning models in detecting aberrant
response pattern identified by 1z and 1z* indices.
Across both the Lz and Lz* indices, machine
learning models demonstrated consistently high
accuracy in identifying normal response patterns.
However, performance in detecting aberrant
response patterns varied considerably and was
highly sensitive to class imbalance. As the
number of aberrant responses increased through
simulation (1x and 2x the original cases), all
models showed marked improvement in
identifying aberrant patterns, with F1-scores for
class 1 increasing by 2—3 times or more.

In our research, the primary goal of this study
has been to compare and choose the best
machine learning models. Based on the
evaluation metrics—including precision, recall,
and F1 score—logistic regression and neural
network models demonstrated the strongest
performance in detecting aberrant response
patterns (in the condition of a real number of
aberrant response pattern). However, it is
important to note that training the neural network
required substantially longer computation time
compared to logistic regression. While both
models show promise, their effectiveness should
be further validated using independent datasets to
ensure generalizability. Future research may also
explore the potential of alternative machine
learning models to enhance detection accuracy
and efficiency in various operational contexts.
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Abstract

This study uses multi-Al agents to acceler-
ate teacher co-design efforts. It innovatively
links student profiles obtained from numeri-
cal assessment data to Al agents in natural
languages. The Al agents simulate human in-
quiry, enrich feedback and ground it in teachers’
knowledge and practice, showing significant
potential for transforming assessment practice
and research.

Keywords: Human-centered Al, Al agents,
large-scale assessment, response and process
data, feedback

1 Background

1.1 Literature review

The existing work in learning analytics and edu-
cational data mining has provided a strong foun-
dation for understanding student learning through
data. Researchers have been seminal in leveraging
fine-grained log data from digital learning environ-
ments to offer deep insights into complex learn-
ing processes (e.g., Baker and Yacef, 2009; Baker,
2021; Thomas et al., 2025; Darvishi et al., 2024
). Work in these learning areas also demonstrates
the practical application of learning process data in
refining intelligent tutoring systems and prediction
of student learning outcomes (e.g., Khan Academy,
2025; Ritter et al., 2013; Zheng et al., 2019).
While learning analytics leverages diverse stu-
dent interaction data (e.g., from learning manage-
ment systems) to provide feedback and improve
instructional design, assessment analytics applies
similar data mining and statistical techniques to
interpret student performance on tests, evaluate
item quality, ensure assessment validity and fair-
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ness, and develop measurement innovation (Er-
cikan et al., 2023; Ercikan and Pellegrino, 2017).
Recently, process data collected from log data in
large-scale assessments (LSAs) has been gaining
momentum in educational measurement, largely
due to data availability from NAEP, PISA, TIMSS,
etc. (National Assessment Governing Board, 2020;
Organisation for Economic Co-operation and De-
velopment, 2020; International Association for the
Evaluation of Educational Achievement, 2020).
Studies using process data in LSAs and other as-
sessments can be found in areas such as test-taking
strategies, score validity on the assessments, its re-
lationship with performance (Ercikan et al., 2020;
Guo and Ercikan, 2021; Pools and Monseur, 2021),
and problem-solving patterns (Greiff et al., 2016;
Zoanetti and Griffin, 2017).

Process/log data, as exhibited in the above stud-
ies, contain nuanced information about how stu-
dents engaged with tasks and assessments. Such
large and complex data from LSAs may pose chal-
lenges to traditional psychometric analysis but of-
fer opportunities for using Al to discover data in-
sights. Recent studies (e.g., Guo et al., 2024a,b)
attempted to use NAEP multi-source data (i.e., re-
sponse data and process data) and human-centered
Al (HAI) frameworks to generate preliminary stu-
dent profiles, which show promises in contextual-
izing a performance score and providing meaning-
ful and actionable feedback to classroom teachers.
These preliminary student profiles were created
based on multi-source data when students inter-
acted with LSAs digital platforms. The HAI ap-
proach helped to identify near a dozen preliminary
profiles, many associated with low-performing stu-
dents. For teaching, such profiles are intended to
provide educators with rich, meaningful feedback,
helping them understand how students engaged
with the assessment beyond a performance score,
which can shed light on students’ learning skills
to inform classroom teaching practices. Similar
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to Al applications in learning systems, the Al ap-
plications on LSAs can help to drive significant
innovation in LSA practice and research, inform-
ing both teaching and learning practices.

However, for such preliminary student profiles
generated from LSA research to make a real impact
on teaching, they need to be refined and improved
and grounded in classroom practice with a teacher
co-design.

1.2 Aims

As a stepping stone toward transforming LSA re-
search to teaching practice, the primary goal of the
current study is to leverage multiple Al agents and
their reasoning capabilities to facilitate an effec-
tive teacher co-design for transforming assessment
research into teaching professional development.
More specifically, in the current study, we pro-

pose to use Al multi-agents to find a common
ground before we collaborate with real teachers.
Al agents will act as experienced educators to un-
derstand the multi-source data, refine the prelimi-
nary student profiles, generate highlights of student
strengths and needs, and suggest possible interven-
tion. These Al-educator agents also communicate
with an Al-researcher agent, so that these jointly-
created feedback/narratives about a student will be
better grounded in both teachers’ classroom prac-
tice and assessment data for the later teacher co-
design. This study addresses the following research
questions:

RQ-1: How to extract explainable features that
can be mapped into natural languages, so that
Al agents can understand?

RQ-2: How to create a coherent crew of Al agents
that produce feedback based on empirical
data?

RQ-3: How to evaluate whether Al agents’ out-
puts are consistent with research findings?

The project intersects with current advancements
in Al and education technologies to give back more
data insights to educators to bridge assessment
outcomes and learning needs. Deep data insights
from LSAs provide indicators of broader student
attributes (time management, test navigation regu-
lation, engagement, learning needs) beyond a per-
formance score, which offers rich information for
teachers to prepare for personalized intervention.

The current study exemplifies an innovative Al ap-

plication in measurement research. The use of dis-

tinct Al agent personas - representing teachers in
varied contexts, a coach, and a researcher - demon-
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strates an attempt to model diverse expert reasoning
and tackle the complexity of student data interpre-
tation. The Al-crew-generated feedback will help
accelerate and enrich the teacher co-design, so that
Al-agents’ results can be better communicated to
and understood by real teachers, allowing them to
endorse, reject, or revise the results to support their
students.

In the following method section, we briefly intro-
duce the data and insights produced from previous
research, describe explainable feature creation to
address RQ-1; describe a crew of multi-Al agents
for our exploration to address RQ-2; and additional
experiment with Al to address RQ-3. In the result
section, we display examples of outputs from the
Al crew, highlighting the diverse perspectives from
the Al agents, the Al-refined student profiles, and
other useful feedback to educators. In the result
section, we also show the evaluation of outputs
from AI crew. In the last section, we discuss the
contributions of this study, its limitations, and the
future directions.

2 Methods

2.1 Data

In this study, we used a subset of data that con-
tained manually labeled preliminary student pro-
files produced from Guo et al.’s (2024b) using
the National Assessment of Educational Progress
(NAEP) Grade 8 Mathematics assessment. The
NAEP multi-source data contain a student’s item
responses, item response times, number of item
visits, digital tools uses, as well as the sequences of
item navigation (i.e., how much time was spent on
an item and in what order). For details, please refer
to National Assessment Governing Board’s (2020)
for NAEP process data released for secondary anal-
ysis.

A human-centered AI (HAI) architecture was
proposed for human experts and Al collaboration
to produce preliminary profiles for over ten thou-
sand students who took one NAEP math block.
The proposed HAI framework (refer to Figure 1)
is built on a three-step architecture. This structure
underscores: firstly, the critical input of human
knowledge in the data preprocessing; secondly, the
application of Al algorithms (including machine
learning, deep learning) to improve data analysis
and identify patterns; and thirdly, the integration
of Al’s computational power (e.g. active learn-
ing) with human expert judgment to finalize the



profiles. Researchers and content experts investi-
gated the extracted features and visualization of
the multi-source student data and created students’
preliminary profiles with Al for all students.

Human-centered Al architecture

Log Data

Step 1. Data
Preprocessing

Literature &

Step 2. Knowledge Step 3. Scaling up
Discovery

Human Expertise: Human-in-the-loop
Human Profile creation and annotation for
Knowledge definition challenging instances

Human Expert

K ¥ v

* Data visualization * Autoencoder

* Feature creation - dimension reduction

* Data manipulation - sequential information
- discretization * Clustering
- navigation state * Typical instances
- padding, etc.

* Active learning:
- Query
- Model updates
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Algorithm

=

Figure 1: The human-centered Al architecture with
three key steps from data preprocessing to scaling up to
produce student profiles (Guo et al., 2024a,b).

2.2 Feature Creation and Mapping

In previous multi-source data studies (Guo et al.,
2024a,b), deep learning models (i.e., autoencoders)
were used to compress sequential data to produce
latent features for profile prediction. Because of
well-known challenges in latent feature interpre-
tation, in the current study, we extracted features
that were explainable from the multi-source data
(refer to Table 1 for main features) to address RQ-
1. These explainable features enabled mapping
numerical values into natural languages for explo-
ration of multi-Al agents. Features, not presented,
also include mean and standard deviation of item
visits and item scan, locations of longest bursts and
longest jump, etc.

Among the explainable features, the new fea-
tures, including navigation regularity, scan, scan
burst, and jump, were created to address the chal-
lenge in describing a student’s sequential naviga-
tion behaviors. Definitions of some of the new
features are straightforward, as described in Ta-
ble 1. Below we focus on the definition of the
navigation regularity (Reg) feature which uses the
concept of entropy to quantify and measure the
unpredictability or randomness of a student’s navi-
gation behaviors when interacting with the test as
a whole.

More specifically, let Y = {y1,92, ", Ym+1}
be the sequence of item numbers a student visited
from the beginning of the test session to the end,
where m + 1 is the total number of item visits; let
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X = {x1,x9, -,z } be the lag difference (i.e.,

Tt = Yt+1 — Yt- Let X* = {Zﬁ,m;, T 7‘7;;1} be

the absolute value of X , where x} = |z|.!
The entropy H of the sequence X*

{JIT, 'T;v e 7‘7::71} is
H(X) == [p(w:) * log(p(:))],

1

where p(x;) is the probability of ;. The navigation
regularity (or simply, Regularity) is defined as:

1

Reg(X) = T+ HX)'

ey

so that the upper bound of Reg(X) is 1. That is, for
students to have the value of Reg(X) = 1 on the
test, they have to navigate the test very orderly (i.e.,
moving between adjacent items only). A value of
Reg(X) close to zero indicates unregulated navi-
gation behaviors.
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Figure 2: Navigation plots of student A. In the plot,
the x-axis stands for the testing time, the y-axis on
the left stands for the item state (i.e., what item the
student was working on) and other navigation states,
and the y-axis on the right stands for the item score the
student obtained. Each colored rectangle shows the time
spent on an individual navigation item state (Guo et al.,

2024b). The plot shows Student A with Reg(X) = 1.

A navigation plot is the visualization of three
sequences (navigation item state, time on the state,
and score received (Guo et al., 2024b). Refer to
two examples in Figures 2 and 3, respectively,
which shows two students’ navigation patterns.
One student (Student A; Reg(X) = 1) worked
linearly one item at a time following the item pre-
sentation order on the test; the other (Student B;

!Taking absolute value is to conveniently define the jump
event. A jump event occurs when a X;” > 2. Readers can
modify these definitions based on their circumstances.



Reg(X) = 0.29 ) exhibited an irregular naviga-
tion pattern, showing behaviors such as quick item
scans, skipping items, and jumping among items.
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Figure 3: Navigation plots of Student B. In the plot,
the x-axis stands for the testing time, the y-axis on
the left stands for the item state (i.e., what item the
student was working on) and other navigation states,
and the y-axis on the right stands for the item score
the student obtained. Each colored rectangle shows
the time spent on an individual navigation item state
(Guo et al., 2024b). The plot shows Student B with
Reg(X) = 0.29.

2.3 Al Agents

In this exploration, to address RQ-2, we created a
crew of five Al agents embodying "teacher", "pro-
fessional coach", and "researcher" personas (refer
to Figure 4). Their roles logically build upon each

other sequentially.
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\ / recommetnigd
/ interventi -
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Teacher \\ / _ /,
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Figure 4: A crew of Al agents

The three math teacher Al-agents represent ex-
perienced teachers working in the urban, suburban,
and rural settings, respectively, who help to pre-
test concepts, provide diverse contextual lenses,
and react to an assessment idea from research re-
sults, flagging potential misunderstandings or con-
cerns early on. Each teacher Al-agent is required to
read the student data (i.e., features and preliminary
profiles), reflect on their knowledge, and provide
factual feedback to improve the preliminary pro-
file, highlight students’ strength and growth areas,
and recommend potential intervention in a whole
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person approach.

The math coach Al-agent reads and synthesizes
the three teacher Al-agents’ results, including con-
vergence and divergence in teachers’ reports. The
math coach’s report may help to identify hypothet-
ical points of friction or alignment in how each
persona views data insights and practicalities from
the assessment.

The scientist Al-agent reads the math coach’s
report, checks against the preliminary student pro-
file, to ensure alignment and conciseness of the
refined profiles, student’s strength and needs, and
recommended intervention.

This workflow (from multiple initial teacher
analyses to coach synthesis, and then to research-
informed summary), as shown in Figure 4, mimics
a rigorous, collaborative human inquiry process,
moving from divergent thinking to convergent, to
provide meaningful collaboration in the teacher
co-design.

2.4 Evaluation

To compare the Al-crew-refined profiles with the
original manually-labeled preliminary profiles to
address RQ-3, we conducted experiments using
sentence embedding approaches and the GenAl
agent approach. In the first approach, we clus-
ter the sentence embedding results into ten clus-
ters, and then evaluate the consistency between
the embedding-generated clusters and preliminary
profiles. In the second approach, we created an
independent editing agent (with the persona of a
meticulous editor and data analyst specializing in
educational data). This Al-editor read and ana-
lyzed the refined profiles generated by the Al-crew,
and then put them into ten clusters. Evaluation
is carried out again on the consistency between
the AI-Editor-generated clusters and preliminary
profiles.

3 Results

Given the computation load of GenAl, in this study,
we selected 50 students with manually-labeled pre-
liminary profiles ( five students in each profile) to
explore the multi-Al agent application. Refer to
Table 2 for the descriptions of the preliminary pro-
files, modified from those in (Guo et al., 2024b)
based on explainable features introduced in this
study.

To explore the multi-Al agent approach and pre-
pare for the next-step teacher co-design, we used



Name

Description

Interpretation

Total score

Total time

Total visit

Not-reached
(NR)

Rapid re-
sponse (RR)

Prolonged
time(PL)

Navigation
Regularity
(Reg)

Scan

Longest scan
burst

Sum of item scores

Sum of item response
times

Sum of item visits

Number of not-reached
items (no response time)

Sum of rapid-responded
items

Sum of items with pro-
longed times (over 95 per-
centile)

A measure to show
whether a student mostly
followed the order of item
presentation on the test

Number of quick item
scan behaviors in the en-
tire session. Five seconds
or less spent on an item is
flagged as a scan behavior.
Number of longest scan
behaviors in a burst

Value range (discrete): [0, 21]. High value: good per-
formance; low value: low performance. Most important
feature, affecting interpretation of others.

Value range (continuous): (0, 1800]. Low value: less en-
gaged; high value: issues in time management. Important
feature, affecting interpretation of others

Value range (discrete): [1, 113]. A student visiting all items
just once has a value of 14. Low value: few item visits/less
engaged; high value: issues in behavior regulation. Impor-
tant feature, affecting interpretation of others

Value range (discrete): [0, 13]. High value: worked on
few items; low value: worked on many items. Speeded: if
non-zero NR & high time.

Value range (discrete): [0, 114]. Low value: less engaged;
high value: issues in time management. RR: likely not spent
adequate time to understand/work the item and associated
with low effort.

Value range (discrete): [0, 4]. High value: likely struggling
on high number of items. Non-zero value may indicate
struggling, mostly due to lack of knowledge and skills to
solve the problem(s), and subsequently likely led to NR
items (i.e., test is speeded).

Value range (continuous): [0.29, 1]. High value: orderly
navigation through items (value of 1 indicates always mov-
ing forward or backward one item a time; no skipping
around); low value: irregularly navigated through items.
Also refer to Burst, scan, and jump related features for con-
text.

Value range (discrete): [0, 72]. High value: unregulated
scan behaviors; low value: engaged with items (i.e, slow
and steady win the race).

Value range (discrete): [0, 20]. High value may indicate
global review, especially when its location is high; low
value may indicate local review.

Table 1: Main features created and their interpretation.
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Label

Description & Preliminary Profile

10

Attempted little to no items. Unengaged group

Very Low score, low/regular time, and regular visit behavior. Low engagement with very
low performance, navigated through most items with low time

Low score, low/regular time, and regular visit behavior. Low engagement with low perfor-
mance, navigated through most items with low time.

Low score, full/regular mixed time, and regular visit behavior. Engaged with low perfor-
mance, navigated through most items, used mixed strategies

Low or very low score, unregulated and/or speeded, with high visit behavior. Engaged
with low performance, navigated through the items with high revisit rates, in some cases
seemingly unpredictably, irregular navigation patterns with without speededness

Low score, full/regular time with some prolonged item response times. Engaged with low
performance, navigated through most items, spent a large amount of time on a small number
of items, with or without speededness

Medium score, regular time and visit behavior, Medium performing group in all dimensions

Medium score, full/regular time with some prolonged item response times, and regular visit
behavior. Medium performing, show strategic engagement behaviors (such as strategical
response times)

High score, regular time and visit behavior. High performing group, expected navigation
patterns.

Very high score, regular time and visit behavior. Highest performing group, expected
navigation patterns

Table 2: The ten preliminary profiles, modified from (Guo et al., 2024b).
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Azure OpenAl API (model: GPT-40-mini; OpenAl,
2024) for its cost efficiency and CrewAl (Moura
and contributors, 2024) for its easy implementa-
tion.

3.1 Example reports

To illustrate the work by the crew of the mulit-Al
agents, we show the final outputs for two students
(Student A and Student B).

Student A obtained a perfect score of 21 points,
spent a total of 1029 seconds on the test, and vis-
ited all the 14 items linearly without any revisits,
scan behaviors, or prolonged response times. The
navigation regularity index is 1 (refer to the navi-
gation plot in Figure 2). Student A’s preliminary
profile is 10 (i.e., Very high score, regular time and
visit behavior. Highest performing group, expected

navigation patterns).
Based on these facts of Student A, the Al crew
provided the following feedback.

Key Strengths:

a. Strong understanding of mathematical concepts
and procedures.

b. Excellent problem-solving skills,
scores and structured navigation.

reflected in high

Primary Growth Areas:

a. Continued exploration of advanced mathematical
concepts to prepare for high school.

b. Addressing potential gaps in resources or technology
access that may limit enrichment opportunities.

Critical Recommended Interventions:

a. Cognitive Support:

1. Implement differentiated instruction featuring
advanced math challenges to sustain engagement and
deepen understanding.

2. Introduce project-based learning opportunities that
integrate real-world applications of math.

b. Holistic Support (engagement, learning skills):

1. Establish mentorship programs connecting students
with advanced peers or professionals in STEM fields.
2. Organize community workshops focused on resilience,
stress management, and healthy coping strategies.

For Student A, the refined profile from the Al
Crew is

Very high cognitive performance with a perfect NAEP
score. Engages effectively with assessments and manages

high revisit rates, in some cases seemingly unpre-
dictably, irregular navigation patterns with/without

speededness).
Based on these facts of Student B, the crew pro-
vided the following feedback .

Key Strengths:

a. Demonstrated persistence and commitment to
engaging with all test items.

b. Ability to revisit questions,
for clarity and understanding.

indicating a desire

Primary Growth Areas:

a. Need for strengthening foundational math skills
and conceptual understanding.

b. Development of effective time management

and test-taking strategies.

Critical Recommended Interventions:

a. Cognitive Support:

1. Implement targeted small group instruction focusing
on foundational math skills through real-world
applications.

2. Introduce structured practice sessions with timed
quizzes to improve pacing and time management skills.

b. Holistic Support (engagement, learning skills):
1. Foster a growth mindset by framing mistakes as
learning opportunities and encouraging reflective
discussions.

2. Create mentorship or peer tutoring programs to
provide emotional support and academic guidance.

For this student, the refined profile from the Al
crew is

Very low cognitive performance in math,

high engagement with all test items, challenges in
time management and self-regulation, potential
struggles with anxiety, demonstrated resilience in
facing academic tasks, requires targeted support for
foundational skill development and emotional
resilience.

As shown in these examples, the outputs from
the Al crew greatly enriched the interpretation of
the student preliminary profile with depth, nuance,
and the whole person learning perspective. These
outputs will serve as a starting point for us to com-
municate with real teachers to collaborate on cre-
ating meaningful and actionable data insights for
professional training.

3.2 Evaluation

We experimented several sentence embedding tech-

time well. Exhibits strong self-regulation in navigationniques, but results were unsatisfactory, mainly due

behaviors. Resilient, supported by community influences.
Prepared for advanced mathematical challenges and
enrichment opportunities.

Student B obtained a total score of 2 out of the
maximum 21 points, spent maximum total time al-
lowed on the test; visited all 14 items but with 74 to-
tal visits. This student had one prolonged response
time without any rapid responses. The longest scan
burst is 39, and the largest jump is 10, with a nav-
igation regularity of 0.29 (refer to the navigation
plot in Figure 3). Student B’s preliminary profile is
5 (i.e., Low or very low score, unregulated and/or
speeded, with high visit behavior. Engaged with
low performance, navigated through the items with
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to the fact that the available sentence embedding
models in NLTK, without additional manipulations,
did not differentiate the degree of importance for
different features (e.g., Total Score has the upmost
importance in profiling). Because of the space
limit, results from the embedding approach are not
presented.

Results from the Al-editor are presented in Table
3, that compares the clusters from the Al agent’s
analysis and the preliminary profile labels.

From Table 3, we observed that only one stu-
dent’s cluster was not consistent with the prelim-
inary profile. That is, this student’s preliminary



Table 3: Contingency Table for Preliminary Profile (La-
bel) and Al-editor’s Cluster (Cluster ID)

Cluster ID
Label 1 2 3 4 5 6 7 8 9 10 Al
1 o 0 0 0O O O O o0 o 5 5
2 o 0 0 0 0 O O 0 5 0 5
3 0O 0 0 0 0 O O 5 0 0 5
4 0O 0 0 0 0 O 5 0 O 0 5
5 0O 0 0 0 0 5 0 0 O 0 5
6 0O 0 0 0 4 1 0 0 O 0 5
7 0O 0 0 5 0 O O 0 O 0 5
8 0O 0 5 0 0 0 0 0 O 0 5
9 0O 5 0 0 0 0O 0 0 O 0 5
10 50 0 0 0 O O O O 0 5
All 55 5 5 4 6 5 5 5 5 50

profile (6: Engaged with low performance, navi-
gated through most items, spent a large amount
of time on a small number of items, with or with-
out speededness) was classified into the adjacent
preliminary profile by Al-Editor based on the Al
Crew description (i.e. 5: Low or very low score,
unregulated and/or speeded, with high visit behav-
ior. Engaged with low performance, navigated
through the items with high revisit rates, in some
cases seemingly unpredictably, irregular naviga-
tion patterns with without speededness). The major
difference between these two preliminary profiles
resides in navigation regularity, while students in
Preliminary Profile 6 showed slightly better nav-
igation behaviors (e.g., a higher value of Naviga-
tion Regularity Index). This discrepancy of one
student’s profile in Table 3 may indicate that it is
challenging for Al agents to differentiate these two
preliminary profiles.

4 Discussion and Conclusion

As Al continues to transform education and as-
sessment practices, the current study explores the
opportunity of using multi-Al agents to enhance,
accelerate, and innovate measurement research to
support education.

This multi-Al agents approach allows for rapid,
low-cost exploration of diverse viewpoints, fa-
cilitating the identification of areas for deeper,
evidence-based discussion with classroom teachers,
as well as potential shortcomings in the research
design. The outputs from the Al crew helps to de-
velop a better teacher co-design study that aims at
providing meaningful and actionable feedback to
teachers from the big and rich LSAs’ multi-source
data.
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In this multi-AI agent exploration, we found that
Al crew (agents of teachers, math coach, and re-
searcher) were able to enrich feedback, and their
narratives were likely to be more grounded in teach-
ers’ knowledge and classroom practice than those
preliminary profiles from research findings. This
would help us to move one step closer to the teacher
co-design to bridge the gap between assessment re-
search and teacher practice.

There are a few observations worth mentioning
in this exploration. First, even though we asked
teacher agents in the crew to consider student data
(features and preliminary profiles), we observed
that final outputs still contain speculation, without
data evidence, on why certain behaviors occurred
on the assessment. For Al agents to generate fac-
tual profiles, we ended up with requiring every Al
agent to refer back to student data, to ensure the
final narratives were anchored in empirical data.
That is, we used the empirical student data as a
guardrail for Al agents to generate outputs. An-
other observation is the discrepancy between pre-
liminary profiles and Al editor’s analysis, which
indicates that features, feature mapping, as well as
Al agents’ persona instructions in this study need
to be improved. If Al agents have difficulties to
differentiate some student profiles, they are likely
to be challenging to real classroom teachers. This
multi-Al agent exploration offers opportunities for
us to improve our study design.

Overall, this study explored the use of multi-Al
agents to prepare and accelerate the process of a
teacher co-design for transforming research find-
ings from LSAs to teaching practice. Based on data-
driven student profiles obtained from NAEP multi-
source data, we assembled a crew of Al agents that
mimicked a rigorous human inquiry process to pre-
pare for the teacher co-design. Built on previous
studies, we proposed a few innovative approaches
to link assessment-data-driven research that uses
numerical features to Al agents that use natural
languages. Among these innovations explored in
this study, explainable feature creation is one of the
key steps, which enables the mapping of numeri-
cal features into natural languages, and providing
empirical data bases for Al agents to reason and
produce factual feedback. Features associated with
the visual navigation plot, particularly the naviga-
tion regularity index, will find wider applications
in capturing a behavior process in assessment an-
alytics, learning analytics, and other areas. Most
importantly, this set of features will enable gen-



eralization of Al methodologies proposed in this
study to other item blocks and even other tests in
the future work.

Our exploration showed that the Al crew could
enrich feedback and ground it in teachers’ knowl-
edge and practice, better preparing researchers
for the real teacher co-design. Note that these
Al-generated profiles are exploratory in the study.
Given the increasing capabilities of GenAl, Al
agent uses, evaluation, and validation need further
research to empower researchers and educators. In
addition, Al outputs in the current study need to
be improved further by human experts and teach-
ers. Meaningful understanding and valid insight
still require direct engagement with actual teach-
ers and researchers to capture genuine experiences
and build trust for impactful assessment research
and practice. Such Al systems, built on rich LSA
data, research, and teacher co-designs, will be able
to promote a more consistent and thorough ini-
tial analysis for all students’ data, ensuring that
feedback includes key factors (cognitive, engage-
ment, learning skills) meaningful to guide teaching
professional development with the evolving educa-
tional technologies. Collaboration between Al and
human experts provides deeper analytical support
at a larger scale than might be possible with human
expertise alone for education innovation.
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Abstract

Transformer-based language models are archi-
tecturally constrained to process text of a fixed
maximum length. Essays written by higher-
grade students frequently exceed the maxi-
mum allowed length for many popular open-
source models. A common approach to ad-
dressing this issue when using these models
for Automated Essay Scoring is to truncate the
input text. This raises serious validity con-
cerns as it undermines the model’s ability to
fully capture and evaluate organizational el-
ements of the scoring rubric, which requires
long contexts to assess. In this study, we eval-
uate several models that incorporate architec-
tural modifications of the standard transformer
architecture to overcome these length limita-
tions using the Kaggle ASAP 2.0 dataset. The
models considered in this study include fine-
tuned versions of XLNet, Longformer, Mod-
ernBERT, Mamba, and Llama models.

1 Introduction

Automated Essay Scoring (AES) is the application
of statistical models to approximate the grading of
essays by a human using a rubric. The initial mod-
els employed for AES were based on word fre-
quencies and hand-crafted features (Page, 2003).
The methods and models applied to AES have
closely followed those used in more general Natu-
ral Language Processing (NLP) applications. The
models employed in AES include recurrent and
convolutional neural networks (Taghipour and Ng,
2016), models with attention mechanisms (Dong
etal., 2017), and transformer-based large language
models (LLM) (Rodriguez et al., 2019). Currently,
LLMs are readily used to perform AES in research
and large-scale assessment (Lottridge et al., 2023).

The first transformer-based LLM to be ap-
plied to AES was the Bidirectional Encoder-based
Representations by Transformers (BERT) (Devlin
et al., 2018). Since BERT arrived on the scene,
the BERT model and its derivatives have readily
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provided state-of-the-art results in a wide range of
downstream NLP tasks (Wang et al., 2019). The
key to the success of these LLMs has been due to
the transformer architecture (Vaswani et al., 2017)
and to the ability to pretrain the model weights on
a large corpus of unlabeled data on a semisuper-
vised task such as next-token prediction (Radford
et al., 2018) or masked-word prediction (Devlin
et al., 2018). While we often say that the pretrain-
ing provides the model with some limited “under-
standing”, the model weights are simply encoding
enough information to encode the necessary word-
probability functions.

Transformer-based models are deep feed-
forward networks utilizing residual connections
between layers that help stabilize training and pre-
vent vanishing gradients (Vaswani et al., 2017).
Each layer uses a multiheaded attention mecha-
nism, similar to those used in recurrent networks
(Graves et al., 2013). The input is defined by the
addition of a positional embedding and a word em-
bedding, which also defines the fixed length of
the feedforward network. Since the computing
power required by the attention mechanism scales
quadratically with length, the length chosen for
BERT was 512 (Devlin et al., 2018). This length
became something of a standard for the most pop-
ular transformer-based LLMs.

The need for models that could overcome the
limitations imposed by the transformer architec-
ture became an active area of research shortly
after BERT’s release. We selected five differ-
ent models that employ distinct approaches to ad-
dressing this challenge. These include versions
of XLNet (Yang et al., 2019), Longformer (Belt-
agy et al.,, 2020), ModernBERT (Warner et al.,
2024), Mamba (Gu and Dao, 2024), and a gen-
erative Llama model (Al@Meta, 2024) fine tuned
for scoring using parameter-efficient methods (Xu
etal., 2023). We give a brief explanation as to how
each of these models addresses this limitation in
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§2. The most novel of these approaches is applied
in the Mamba model, which is the only pretrained
language model in this study that uses the state-
space model (SSM) (Gu et al., 2021). For SSMs,
the computing power required scales linearly with
the length of the input.

To understand the limitations of AES, re-
searchers introduced the Automated Student As-
sessment Prize (ASAP) Dataset using the Kag-
gle platform (Shermis and Hamner, 2013). This
Dataset consists of essay responses to eight
prompts, some of which were assessed using trait
scoring and some of which were assessed using a
simpler holistic rubric. While this dataset became
the definitive benchmark for AES methods, most
essay responses possessed fewer than 512 tokens.
This meant that, while LLMs showed superior per-
formance with respect to traditional AES criteria
(Williamson et al., 2012), the dataset did not ade-
quately test the length issues that are often critical
in the application of LLMs in large-scale assess-
ment (Lottridge et al., 2023).

A second dataset, known as the Persuasive
Essays for Rating, Selecting, and Understand-
ing Argumentative and Discourse Elements (PER-
SUADE) corpus (Crossley et al., 2022), which
was originally designed to evaluate the perfor-
mance of models that annotate the argumentative
components of essays, was later extended to the
Automated Student Assessment Prize v2 (ASAP
2.0) (Crossley et al., 2025). We will describe the
dataset in more detail below, but many responses
in the ASAP 2.0 dataset are too long for most lan-
guage models.

This article is organized as follows: We use
§2 to highlight the characteristically different ap-
proaches of the models chosen for this study. This
is followed by §3 in which we describe the data
used and the training methods. We have two dif-
ferent training regimes: one regime for classifica-
tion models, such as those obtained by appending
a classification, and another regime for generative
LLMs. This is followed by the results in §4 and a
discussion in §5.

2 Models

In this section, we discuss each model used in this
study and why we chose to include it. We have
attempted to illustrate if and how these models
circumvent the architecturally imposed length re-
strictions of the standard transformer architecture.
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2.1 DeBERTa

The DeBERTa model has a context length of 512.
It has been chosen for this study to provide a
strong benchmark for models typically used for
AES. It is widely regarded as one of the best-
performing models in a range of tasks. The
model was trained as a discriminator, similarly
to the ELECTRA models (Clark et al., 2020).
The DeBERTa models also deviate from the stan-
dard BERT model by disentangling the word-
embedding from the positional embedding (He
et al., 2021).

2.2 Longformer

The Longformer model attempts to reconcile the
need for local attention with a selective form of
global attention. The local attention is applied in
the form of a sliding window, similar to atten-
tion using convolutional units (Wu et al., 2019)
coupled with a form of global attention only ap-
plied to special tokens (Beltagy et al., 2020), such
as the beginning, ending, and mask tokens. This
model still possesses a length limitation, however,
by only using attention selectively, the computa-
tional burden is mitigated, allowing for pretraining
over larger context lengths.

2.3 XLNet

The XLNet model uses the recurrent definition
of attention introduced by the Transformer-XL
model (Dai et al., 2019). These models have re-
cently been discussed for essays, where the long
context was useful in accurately annotating the
argumentative components of essays (Ormerod
et al., 2023). Almost all masked-language mod-
els are encoder-only models; however, the XLNet
model is also distinguished as one of the few de-
coder models that was autoregressively pretrained
as a masked-language model (Yang et al., 2019).
To demonstrate the recurrence, suppose any
input sequence of length L is denoted s;
[r1,...,27] while the hidden state for n-th
layer associated with s, is h” € RE*4, The recur-
rence relation defining h?_; as a function of A~

and h?;% is given as follows:
Al = [SG(RETY) o AL, (1a)
G = W, (1b)
Kl = W, (1o)
viyo= hIIW, (1d)
hivi = MHA(q7 1, k74, v74), (le)



where SG is the stop gradient, [x o y] is the con-
catenation operation of two sequences, and MHA
is an abbreviation for the typical multiheaded at-
tention mechanism for the transformer layer. The
recurrence is built into the definition of BZ, affect-
ing the keys and values. Digging deeper into (1)
tells us that while the definition allows for infinite
input lengths, there is a functional limitation of the
architecture in which the output of any token is
only a function of at most LD of the previous to-
kens where D is the depth of the network. The
base and large pretrained models released with
(Yang et al., 2019) has L = 512 and D = 12
and D = 24 respectively. This effectively caps
the practical length to 6, 000 and 12, 000 for these
models, respectively.

2.4 ModernBERT

The ModernBERT model is an encoder-based
masked language model benefiting from much of
the research that has been conducted since BERT's
release (Warner et al., 2024). In particular, appli-
cations of generative LLMs have pushed the con-
text length limitations in ways that the previous
models stated above have not. The key to the con-
text length of 8196 has been the Rotational Posi-
tion Embedding (RoPE) (Su et al., 2024). There
is a pretraining step in which the model is trained
at short lengths with a large rotational component,
then further trained on a model that interleaves ro-
tational embedding with small and large rotational
values to capture contributions from close and dis-
tant tokens. This method, developed in (Fu et al.,
2024), was key to extending the context length
for a range of popular models such as the herd of
Llama models (Al@Meta, 2024).

2.5 Llama

The Llama series is a family of open-source gen-
erative LLMs from Meta (Al@Meta, 2024). The
models have become as ubiquitously associated
with open-source generative models as BERT was
to masked language models. These generative
models use RoPE (Su et al., 2024) in combination
with the methods used to extend context lengths
to 128k (Fu et al.,, 2024). In terms of archi-
tecture, the Llama models are a variant of the
decoder-only transformer-based models, utilizing
RMSNorm layers and a particular activated fully
connected layer. We present this architecture in
Figure 1, paying particular attention to the linear
layers normalizing the input into the multi-headed
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attention (MHA) mechanism.

Llama
Layer

~

-

FFN SwiGLU

RMSNorm

RMSNorm

Figure 1: A layer of the Llama decoder-only architec-
ture.

-

As a generative model, it was trained to pre-
dict the next token (Radford et al., 2018), followed
by instruction tuning (Chung et al., 2022), fol-
lowed by a reinforcement learning phase to make
the models more useful (Kaufmann et al., 2024).
These models come in a variety of sizes. The latest
models include multi-modal capabilities; however,
the models employed in this article are limited to
text.

2.6 State-Space Models

This novel architecture completely replaces the
transformer layer and attention with a simpler sys-
tem based on discretizations of the state-space
model (SSM). The SSM is a family of differential
equations specified by the matrix equations

a'(t)
y(t)

Ax(t) + Bu(t),
Cz(t) + Du(t),

(2a)
(2b)

where x, u, and y are vectors and A, B, C, and
D are matrices. This is a class of models broadly
used in control theory. A standard discretization
of (2) provides us with the recurrence relation of
the form

h

X

Ahi_1 + Bay,
Chy.

(3a)
(3b)



A Mamba Layer, in contrast with the Transformer
Layer, uses (3) as one component in addition to
linear projections, a convolutional layer, and acti-
vation functions, as shown in Figure 2.

[

Mamba
Layer

\

Figure 2: A single layer of the Mamba model.

The Mamba blocks can be computed with lin-
ear complexity, making them well-suited for long
context tasks (Gu et al., 2021). This claim has
been validated empirically by the superior per-
formance of the Jamba models, which is an en-
semble of transformer and Mamba layers (Lieber
et al., 2024), on RULER benchmarks (Hsieh et al.,
2024). As we seek longer and longer context
lengths, models with linear complexity may be fa-
vorable from an efficiency standpoint.

2.7 Data

The reason we chose the ASAP 2.0 dataset (Cross-
ley et al., 2025) is that this dataset provides a
much-needed update of the original ASAP dataset
(Shermis and Hamner, 2013), which could be con-
sidered to be saturated at this point. This dataset,
derived as an extension of the PERSUADE corpus
(Crossley et al., 2022), consists of essays written
by students from grades 6 to 10 on a wide range of
prompts.

Since a key feature of this study is our ability to
handle long contexts, it is important to consider
the length and grade level characteristics of the
data. Because we are using a variety of LLMs,
each of which has adopted different subword tok-
enizations (Kudo and Richardson, 2018), we have
no unified notion of what defines a token. In lieu
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of a uniform tokenization, we will report the word
count reported in the dataset. These length char-
acteristics have been presented in Table 1.

Train Test

Avg. Avg.
Grade | Count Words | Count Words
6 2094  292.2 527 268.3
8 1648 339.9 921 2959
9 4002  426.1 0 -
10 9563 3858 | 5973 3564
Total 17307 376.1 7421 3427

Table 1: The size and length characteristics of the
ASAP 2.0 dataset.

To evaluate the data, we use the standard met-
rics specified for AES (Williamson et al., 2012).
The main metric used is the agreement statistic
known as quadratic weighted kappa (QWK). Gen-
erally, the weighted kappa is specified by the equa-

tion
- 2 Wi j0i
22 WiiEij
where O; ; is the observed agreement between the
first rater giving a score of ¢ and the second rater a
score of j, and I; ; is the expected agreement only

assuming the two raters’ general distribution. This
becomes QWK under the weighting

)

k=1

where n is the number of scores. It is generally
understood that this is a measure of agreement
above random chance, where a QWK of 1 is per-
fect agreement and -1 is perfect disagreement. In
practical terms, lower scores represent the level
of reliability between raters (McHugh, 2012), and
our models should be compared against human-
human agreements (Williamson et al., 2012). The
QWK between the raters is reported to be 0.745

3 Methods

In order to perform essay scoring using LLMs, we
distinguish two different cases. We call the first
case traditional LLM-based scoring, where the un-
derlying LLM is a masked-language model, such
as BERT (Devlin et al., 2018), or a next word
predictor such as the Generative Pretrained Trans-
former (GPT) (Radford et al., 2018). The second



class of models considered was generative, which
are distinguished by typically possessing an order
of magnitude more parameters, and being trained
in three phases: pretaining, instruction tuning, and
reinforcement (OpenAl, 2023).

3.1 Traditional LLM based scoring

The typical procedure for traditional scoring is to
convert a next word or masked word prediction
model into a classifier by removing the linear head
that would otherwise predict a token and append,
in its place, a classification head with as many tar-
gets as there are scores (Rodriguez et al., 2019).
The classification head is randomly initialized.

To train each of these models, 10% of the
training set was designated as a development
set. The models were trained by applying the
Adam optimizer with a weight decay mechanism
(Loshchilov and Hutter, 2019) to the cross-entropy
loss function. An initial learning rate of 10~% and
a linear learning rate scheduler that reduces the
learning rate to 0 over 10 epochs was used with
a batch size of either 4 or 1 due to the length of
some essays. The QWK was optimized on the de-
velopment set using an early stopping mechanism.

To fine-tune our Mamba models for classifica-
tion, we appended a learnable classification head,
however, we were required to effectively freeze
the weights associated with the SSM, L4, and
the convolutional layer (See Figure 2). Full model
training seemed to readily lead to model col-
lapse, perhaps due to the requirement that certain
weights take a particular form (Gu et al., 2021).
Hence, we fine-tuned the embedding layer and the
associated L;, and L,,; weights of every layer.
This is a memory-efficient way to fine-tune that
provides excellent results. We used the Adam op-
timizer above with a learning rate of 10™° and a
batch size of 8.

3.2

Many attempts in the literature seek to optimize
the prompting of closed-source generative mod-
els to yield higher agreement rates (Xiao et al.,
2024). While this is an interesting approach, we
believe fine-tuning is necessary to obtain reason-
able success. Due to the large size of the mod-
els, in order to do this with reasonable computa-
tional resources, we need to employ parameter-
efficient methods (Xu et al., 2023). These methods
can be applied without reference to an API and,
hence, can be effectively employed securely, and

Generative LLLM based scoring
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privately, generating a fraction of the carbon emis-
sions (Bulut et al., 2024).

In the case of fine-tuning generative models, the
dataset used mimics an instruction set the model
has been trained on. This means that any element
of the training set appears to be a user prompting
the model to score an essay to a rubric (Ormerod
and Kwako, 2024). To do this, we used the follow-
ing prompt template:

e N

User

Assign a xxScore*x* to the
**Essayxx using the **Rubric**
provided.

**Rubricx*x: {rubric}

**xESsayx*:

. J

4 \

Assistant

*xScorex*: {score}

(. J

This template highlights the important aspects
by using markdown, due to the formatting of the
corpus the model was trained on. Given that vari-
ations in prompting can have a significant bear-
ing on the results, we exploit this by allowing the
model to summarize and rephrase the rubric in 20
different ways. We optimized the variation of the
rubric by evaluating the QWK of the model before
fine-tuning on a development set that consisted of
10% of the training set.

We apply the method of low-rank adapters
(Hu et al., 2021) and quantization (QLoRA) by
(Dettmers et al., 2023). To apply QLoRA to a
model, we must specify which linear layers to ap-
ply the adapter to, the rank of the adapter, scal-
ing factors, the usual learning rate, and batch size.
Concerning Figure 1, we seek to apply low-rank
adapters to Ly, Ly, and L, in the Llama model.

4 Results

The study evaluated various long-context lan-
guage models on the ASAP 2.0 dataset to as-
sess their effectiveness in automated essay scor-
ing (AES). Models tested included traditional
encoder-only architectures like DeBERTa-Base
and XLNet-Base, extended-context models such
as Longformer and ModernBERT, a state-space
model (Mamba-130m), and generative decoder-
based models like Llama-3.2-8B.



Grade

Model Reference L Model Size | Overall 6 8 10
Human (Crossley et al., 2025)  inf 0.745

DeBERTa-Base | (He et al., 2021) 512 183M 0.790 | 0.696 0.659 0.800
XLNet-Base (Yang et al., 2019) 8k* 110M 0.784 | 0.654 0.640 0.798
Longformer (Beltagy et al., 2020) 4k 149M 0.798 | 0.698 0.658 0.811
ModernBERT (Warner et al., 2024) 8k 149M 0.790 | 0.639 0.658 0.804
Mamba-130m (Gu and Dao, 2024) 8k* 130M 0.797 | 0.674 0.640 0.812
Llama-3.2-8B (Al@Meta, 2024) 8k 8B 0.792 | 0.667 0.672 0.803

Table 2: The performance of each model in terms of QWK, given by (4). These context lengths for XLLNet models
and Mamba models are not specified. The value of 8k was implemented as a mechanism to bound the memory

required for training.

Human-human rater agreement stood at 0.745,
serving as the baseline for comparison. All models
surpassed this baseline, with Longformer achiev-
ing the highest overall QWK of 0.798. Notably,
Mamba-130m performed competitively despite its
smaller parameter size, demonstrating that linear-
complexity models can rival attention-based trans-
formers in AES tasks. Key findings revealed
that long-context models, particularly those us-
ing advanced architectural innovations like RoPE-
based positional embeddings and selective state
spaces, are well-suited for handling lengthy stu-
dent essays. Traditional models like DeBERTa
and XLNet showed strong performance but lagged
slightly behind Longformer and Mamba. De-
spite their large parameter counts and sophisti-
cated training methods — such as instruction tuning
and reinforcement learning —- generative mod-
els did not significantly outperform encoder-based
models. However, they do offer the promising
capability of providing feedback (Ormerod and
Kwako, 2024).

5 Discussion

Overall, the results affirm the viability of long-
context models in automated scoring systems, es-
pecially when dealing with complex, lengthy texts
where global coherence and argument structure
are crucial. Using long context models should not
be about getting higher agreement, but rather ad-
dressing a glaring flaw from a modeling perspec-
tive; it is difficult to argue that traditional lan-
guage models are faithfully modeling aspects of
the rubric, such as organization, when essays are
being truncated at 512 tokens.

Our modeling results indicate that both the se-
lective attention mechanism and Mamba’s linear
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complexity architecture deliver robust AES per-
formance on lengthy texts. The study’s most no-
table finding is Mamba’s exceptional performance
despite its simplified architecture. These differ-
ences between these models also suggest a po-
tential for ensemble approaches. Several fac-
tors position Mamba and related architectures like
Jamba (Lieber et al., 2024) as compelling alterna-
tives for large-scale assessment applications. The
linear scaling relationship between computational
complexity and sequence length offers significant
advantages over traditional transformer architec-
tures. Additionally, optimized implementations
may achieve 2-8x speed improvements compared
to transformer-based models. These efficiency
gains, combined with demonstrated effectiveness
on long-context tasks, make state space models
like Mamba practical solutions for automated as-
sessment and similar applications requiring effi-
cient processing of extended sequences.
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Abstract

This study proposes an innovative method

for evaluating cross-country scoring
reliability (CCSR) in  multilingual
assessments, using hyperparameter
optimization and a similarity-based

weighted majority scoring within a single
human scoring framework. Results show
that this approach provides a cost-effective
and comprehensive assessment of CCSR
without the need for additional raters.

1 Introduction

Constructed response (CR) items are valued for
their ability to assess students’ higher order
thinking skills, offering deeper insights into student
performance compared to multiple choice items
(Livingston, 2009; Scully, 2017). However, their
widespread use in large-scale assessments has been
constrained by concerns about human scoring
reliability. While extensive rater training and
structured scoring protocols can enhance inter-rater
reliability, rater effects such as leniency, severity,
and the halo effect often persist (Myford & Wolfe,
2003; Yamamoto et al., 2017).

These scoring challenges are particularly
pronounced in  international  large-scale
assessments (ILSAs). In multilingual contexts,
achieving high consistency among human raters
from diverse cultural and linguistic backgrounds is
difficult, even with centralized scoring guides
(Wang & Li, 2020). The substantial time, effort,
and resources required for global human rater
training, scoring vast numbers of responses, and
monitoring scoring procedures across multiple
countries further complicate the process.

Cross-country scoring reliability (CCSR),
designed to measure international scoring
consistency (von Davier et al., 2023) in the
Progress in International Reading Literacy Study
(PIRLS), exemplifies these challenges. This
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valuable measure operates as a separate, additional
burden alongside the main scoring process and
encounters significant logistical hurdles. It
evaluates scoring consistency using a common set
of 200 English language responses for specific
PIRLS reading items, but its scope is critically
limited to human raters who are either native
English speakers or proficient in English.
Consequently, the conventional CCSR approach
assesses a narrow subset of responses and relies on
an underrepresented rater pool. This restricts its
ability to provide a comprehensive assessment of
scoring consistency across the full range of CR
items and participating countries.

To address these logistical and methodological
limitations, we recently proposed a novel reliability
scoring framework that combines similarity-based
majority voting (Jung et al., under review).

The current study focuses on the systematic
optimization of that framework through
hyperparameter tuning while also providing a
transparent step-by step implementation of the full
pipeline. This method aims to offer a more efficient
and reliable measure of cross-country scoring
consistency, reducing dependency on extensive
human rater resources.

2 Background

Human scoring in multilingual assessments
presents significant challenges, primarily due to
difficulties in maintaining consistency across
different human raters, languages, and countries
(Jung et al., 2025; Okubo et al., 2023). The inherent
linguistic and sociocultural diversity among raters
may influence the interpretation of student
responses and the application of scoring guides,
introducing systematic variance in scoring
outcomes (Ercikan & Por, 2020; Wang & Li, 2020).

Double or multiple scoring by independent
raters is a foundational practice in educational
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measurement for ensuring scoring consistency.
However, this approach is costly and time-
intensive, requiring the recruitment and training of
multiple raters for every item and response (Fliss et
al., 1981; Gwet, 2014; Wiggins, 1990).

Alternative cost-saving strategies have emerged
to alleviate these resource constraints. One
common approach is to double score only a
randomly selected subset of responses, though this
strategy may be suboptimal when the precise
classification of students into performance levels is
critical (Finkelman et al., 2009). Alternatively,
targeted double scoring (TDS) focuses on
responses falling near the critical score range (e.g.,
pass/fail cutoff), aiming to improve scoring
accuracy and reliability (Finkelman et al., 2009;
Miao et al., 2023; Sinharay et al., 2022). However,
the effectiveness of TDS depends on the accurate
identification of the critical score range. Xu and
Wind (2025) also found no notable psychometric
advantage for TDS over random double-scoring
approaches.

Importantly, double or multiple scoring, whether
applied to all responses or a subset, substantially
increases costs and time compared to single human
scoring, creating a persistent tension between
scoring quality and practical feasibility. This study
explores a novel strategy to optimize reliability
scoring within a single human scoring framework,
achieving cost-effective and comprehensive
measurement without the need for additional
human scoring.

3 Method

3.1

The PIRLS assesses fourth-grade students’ reading
comprehension in more than 50 countries globally
on a five-year cycle since 2001. In PIRLS 2021,
approximately half of the participating countries
(n=27) transitioned to computer-based testing
(digital PIRLS). From the 18 items with reported
CCSR values in PIRLS 2021, we selected 2 two-
point CR items, using data from all countries
participating in digital PIRLS (see Table 1). These
two-point items were selected as they are the only
two-point “trend” items that will be reused for
PIRLS 2026, and this study supports PIRLS 2026
scoring preparation. Notably, one item exhibited
the most problematic CCSR of 0.768, making it a
challenging yet ideal candidate for validating our
new reliability scoring approach.

Dataset
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Item Process N CCSR

1 Focus on and retrieve 14,875 0.868

2 Straightforward 14,151 0.768
inferences

Table 1: PIRLS trend items used in the study

3.2 Multilingual Response Translation

We utilized a standardized prompt template with
GPT-40 to translate non-English responses into
English and to rectify spelling and grammatical
errors in English responses using GPT-4o (i.e., gpt-
40-2024-08-06). The prompt template incorporated
four key components, as detailed in Table 2 (Jung
et al., under review). This Zero-Shot-Chain-of-
Thought (Zero-Shot-CoT) is task-agnostic (Kojima
et al., 2022), enabling its application across diverse

items to generate contextually appropriate
translations.

Component  Content

Instruction Comprehensive guidance on AS

Reading A written text serving as the

passage stimulus

Question A question consisting of one or two

sentences
Scoring Rubric for scoring an item,
guide including descriptions and examples

Table 2: PIRLS scoring template components

3.3 Response Flagging and Auto-Scoring

Following translation, we implemented a two-stage
data flagging process. First, untranslated responses
were flagged as ‘missing’ and excluded from
subsequent analysis. Second, semantically
meaningless responses were flagged as
‘meaningless’, assigned a score of 0, and retained
as valid responses for analysis (included in the
weighted majority scoring). Detailed criteria for
each flagging stage are provided below.

Missing Flagging: Responses were classified as
‘missing’ if they met either of two criteria: (1) GPT-
40 explicitly marked them as ‘untranslatable’
during translation, or (2) their English vocabulary
was less than 75% of tokenized words. This
missing flag was only applied to responses
exceeding 8 characters. Linguistic preprocessing
included lower-casing, lemmatization, and
tokenization by spaCy’s en_core_web_Ig model in
Python. The English vocabulary percentage was
calculated using the PyEnchant dictionary. Proper
nouns (e.g., “California” or “Marie”), identified via



spaCy’s Named Entity Recognition, counted as
valid English vocabulary.

Meaningless Flagging: After excluding
missing responses, we flagged ‘meaningless’
responses if they were: (1) extremely short or (2)
semantic outliers. These responses were assigned a
score of 0 but retained in the dataset. Very short
responses were defined as those with a normalized
translation length L;<0.03, representing the bottom
3% of the length distribution. Translation length
was normalized using min-median normalization
to mitigate the impact of extreme outliers:

1;—min(l)

i= median(l)-min(l) (1)

where [; is the length of the translated response i.
Semantic outliers were identified through a
multi-faceted assessment. First, responses with a
coherence score (C;) below 0.20 are flagged. C;
was computed as the average cosine similarity
between the embedding of response i and the
embeddings of all other responses, excluding self-
similarity:
C; = )

where sim(Ej, Ej) is the cosine similarity between

1 .
~— Ziwj Sim(E;, Ey)

embeddings of response i and j. Response
embeddings were generated using the Sentence

Transformer model (all-MiniLM-L6-v2) in Python.

Second, responses with a meaningfulness score
(M;) below m were also identified as semantic
outliers. The meaningfulness threshold m was
determined  following the hyperparameter
optimization. M; integrates both coherence and
normalized length with weights:

M, = 080 X C, + 0.20 X L, 3)

M; was examined when responses were deemed
semantic outliers if the average cosine similarity of
their top k£ most similar responses (as determined
during the hyperparameter optimization phase) fell
below 0.80.

3.4 Reliability Scoring with

Hyperparameters

Optimal

Our reliability scoring approach scored responses
using a weighted majority scoring algorithm based
on cosine similarity between response embeddings.

Similarity Measurement: Response
embeddings were generated using the all-MiniLM-
L6-v2 model, and cosine similarities were
calculated between all response pairs. For each
response i, we identified the top & most similar
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responses based on the highest cosine similarities,
where k is a hyperparameter optimized through
grid search.

Weighted Majority Scoring: For each response
i, the majority score s*€{0, 1, 2} was determined
as:

s* = argmax;, (Wis = Yjes;, Sim (El,]i])) 4)

where S;; is the set of the top & similar responses
(neighbors) to response ¢ with human score s. The
score s* was assigned only if its proportion of the
total weighted score exceeds the weight threshold
WT, which was optimized via grid search.
Otherwise, the response was flagged as
‘inconsistent’ if the proportion fell below WT,
indicating that human scores among similar
responses varied too widely to assign a reliable

majority score.
Wi

> WT
YsWis

)

Hyperparameter Tuning via Grid Search: We
conducted a systematic grid search over £ € {1, 2,
3,4,5,10, 15} (number of similar responses) and
WT € {0.60, 0.65,0.70, 0.75} (weight threshold) to
optimize the reliability scoring. All 28 unique
hyperparameter combinations were examined
using Python’s itertools.product.

3.5 Evaluation

The grid search evaluated each hyperparameter
combination based on two criteria: (1) minimizing
the proportion of responses labeled as
‘inconsistent’, and (2) maximizing weighted exact
agreement (Weighted EA).

Weighted EA quantifies the agreement between
human and majority scores, assigning more weight
to matches (where human score equals majority
score) that exhibit higher cosine similarity. It was
calculated as the ratio of the sum of average cosine
similarities for responses with matching to the sum
of average cosine similarities for all responses.
After determining optimal values for & and WT,
several meaningfulness thresholds (m) were tested
to identify the optimal threshold for detecting
semantic outliers. The appropriateness of each
threshold was evaluated by analyzing human score
distributions, with accurate flagging confirmed by
human scores of 0.

Following the hyperparameter optimization, the
optimized reliability scoring was analyzed in detail,



focusing on the majority score (s*) distribution and
cosine similarity statistics.

4 Results

Hyperparameter Optimization: The grid search
results identified the optimal hyperparameter
setting as WT=0.60 and k=3, which minimized the
inconsistency proportion and maximized the
weighted EA, as detailed in the Appendix. Under
this configuration, the inconsistency proportions
were very low (0.80% for Item 1 and 2.02% for
Item 2), and the weighted EAs (0.881 for Item 1
and 0.755 for Item 2) closely aligned with their
corresponding CCSR values (0.868 for Item 1 and
0.768 for Item 2).

Using the optimal hyperparameters (W7=0.60
and £=3) along with m = 0.30, we achieved highly
accurate detection of semantic outlier responses, as
shown in Tables 3 and 4. For Item 1, 99.40% of
responses flagged as ‘meaningless’ received a
human score of 0, compared to 87.08% for Item 2.
The reduced detection accuracy for Item 2 was
anticipated, as it showed the most significant
CCSR issues in PIRLS 2021 (CCSR = 0.768),
suggesting inconsistent cross-country scoring, or a
higher prevalence of borderline responses
susceptible to scoring variations across countries
and languages. Given the more reliable
performance of Item 1, we adopted m = 0.30 for our
optimized reliability scoring.

Meaningf Human Score (%)

ulness

(m) 0 1 2
0.25 99.02 0.98 0.00
0.26 99.14 0.86 0.00
0.27 99.23 0.77 0.00
0.28 99.30 0.70 0.00
0.29 99.36 0.64 0.00
0.30 99.40 0.60 0.00

Table 3. Human score distribution for
‘meaningless’ responses to Item 1
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Meaningf Human Score (%)
ulness 0 ’ 5

(m)
0.25 93.94 4.94 1.12
0.26 91.86 6.86 1.29
0.27 91.10 7.57 1.33
0.28 90.69 8.10 1.21
0.29 88.13 10.16 1.71
0.30 87.08 10.83 2.09

Table 4. Human score distribution for

‘meaningless’ responses to Item 2

Reliability Scoring Assessment: First, we

examined the majority score distribution (s*), as
presented in Table 5. The average proportions of
inconsistent and missing responses were 1.41%
(n=203) and 1.51% (n=218), respectively. This
indicates that our reliability scoring approach
effectively assigned scores to most responses
(97.69% for Item 1 and 96.48% for Item 2) by
leveraging their top three most similar neighbors.
As expected, Item 2 exhibited a slightly higher
inconsistency proportion of 2.02%, consistent with
its problematic CCSR. The proportion of missing
responses was also low across both items,
suggesting that GPT-40 demonstrated a strong
capability in translating non-English language
responses, including those from low-resource
languages such as Arabic, Lithuanian, and Slovak,
into English.

Majority Item 1 Item 2
score n % n %
0 4314 29.00 5049 35.68
1 3356 22.56 6364 4497
2 6862 46.13 2240 15.83
Inconsistent 119 0.80 286 2.02
Missing 224 1.51 212 1.50

Table 5. Majority score distribution

Next, we analyzed cosine similarity statistics to
assess the effectiveness of our reliability scoring in
capturing semantically similar responses, both
across all responses and within each response’s top
three similar neighbors (see Table 6). The mean of
average cosine similarities was high, at 0.932 for
Item 1 and 0.891 for Item 2, with standard
deviations below 0.1, indicating very low
variability across responses (see Figures 1 and 2).
Additionally, the top three cosine similarities per
response tend to be tightly clustered, with very low
standard deviation reflecting minimal internal



semantic variability among each response’s nearest
neighbors. These demonstrate the robust
performance of our reliability scoring in detecting
semantically coherent neighbors.

Mean avg  SD of avg Avg SD of
Item . . top 3 cos
oS sim cos sim ;
sim
1 0.932 0.098 0.007
2 0.891 0.095 0.012

Table 6. Statistics on average cosine similarity
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Figure 1. Average cosine similarity for Item 1
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Figure 2. Average cosine similarity for Item 2

5 Discussion

Our findings demonstrate that optimized reliability
scoring can effectively evaluate CCSR in
multilingual contexts without requiring additional
human raters. Although double or multiple scoring
has traditionally been the gold standard for
achieving consistency (Williamson et al., 2012),
prior research (Sinharay et al., 2023; Song & Lee,
2022; Wiggins, 1990) highlights its resource-
intensive nature and associated practical and
methodological challenges. Our method provides a
resource-efficient alternative, utilizing initial
human scoring with all responses (over 14,000
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responses per item) to achieve results comparable
to established CCSR practices. Moreover, this
approach enables a comprehensive assessment of
individual countries’ scoring practices on a global
scale using weighted EA or kappa statistics
disaggregated by country and language. This
facilitates the detection of possible scoring
inconsistencies in specific countries or languages
and the identification of problematic items (Jung et
al., under review).

Despite these promising results, this study has
limitations. First, we examined only two two-point
“trend” items with available CCSR values, selected
for the PIRLS 2026 scoring preparation. Future
studies should examine the scalability of this
approach across a wider range of item types,
including both one- and two-point items. Second,
while our approach successfully identified the three
most similar neighbors for all responses, responses
with low average cosine similarity require further
scrutiny. Specifically, responses assigned an initial
human score of 2 but exhibiting very low average
cosine similarity scores may indicate initial human
scoring errors, limitations in our reliability scoring,
or both. These cases warrant review by content
experts to better understand the sources of scoring
discrepancies.

6 Conclusion

This study highlights the effectiveness of
optimizing reliability scoring through key
hyperparameter optimization and a similarity-
aided weighted majority scoring method. This
approach  robustly —measures cross-country
consistency by leveraging initial human scoring
alongside all responses, offering a more inclusive
and cost-effective alternative to existing CCSR.
Our novel approach provides a valuable measure
for evaluating scoring consistency on a global scale,
enabling more accurate and reliable reporting to
participating countries.
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A. Grid Search Results

Weight k Inconsistency ~ Weighted
threshold (%) EA

1 13.18 0.867

2 13.14 0.800
0.60 3 0.80 0.881
0.65 3 6.70 0.880
0.70 3 5.27 0.753
0.75 3 5.55 0.753
0.60 4 6.06 0.851
0.65 4 0.97 0.851
0.70 4 6.70 0.851
0.75 4 10.66 0.805
0.60 5 8.70 0.861
0.65 5 8.75 0.825
0.70 5 19.70 0.825
0.75 5 6.70 0.825
0.60 10 10.66 0.861
0.65 10 11.33 0.837
0.70 10 12.76 0.820
0.75 10 19.70 0.788
0.60 15 13.23 0.853
0.65 15 10.66 0.833
0.70 15 15.43 0.806
0.75 15 17.64 0.772

Table 1. Grid search results on Item 1


https://pirls2021.org/methods

Weight k Inconsistency ~ Weighted
threshold (%) EA

1 25.43 0.738

2 26.92 0.604
0.60 3 2.02 0.755
0.65 3 2.54 0.753
0.70 3 40.85 0.509
0.75 3 40.88 0.509
0.60 4 18.18 0.670
0.65 4 18.18 0.670
0.70 4 18.19 0.670
0.75 4 30.73 0.584
0.60 5 15.10 0.690
0.65 5 28.49 0.605
0.70 5 28.50 0.605
0.75 5 28.50 0.605
0.60 10 20.01 0.661
0.65 10 28.29 0.604
0.70 10 33.91 0.569
0.75 10 42.51 0.502
0.60 15 22.61 0.643
0.65 15 29.35 0.595
0.70 15 39.31 0.524
0.75 15 48.88 0.451

Table 2. Grid search results on Item 2
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Abstract

Practice tests for high-stakes assessment are
intended to build test familiarity, and reduce
construct-irrelevant variance which can inter-
fere with valid score interpretation. Generative
Al-driven, automated item generation (AIG)
scales the creation of large item banks and
multiple practice tests, enabling repeated prac-
tice opportunities. We conducted a large-scale
observational study (N = 25,969) using the
Duolingo English Test (DET)—a digital, high-
stakes, computer-adaptive English language
proficiency test to examine how increased ac-
cess to repeated test practice relates to official
DETscores, test-taker affect (e.g., confidence),
and score-sharing for university admissions. To
our knowledge, this is the first large-scale study
exploring the use of AIG-enabled practice tests
in high-stakes language assessment. Results
showed that taking 1-3 practice tests was as-
sociated with better performance (scores), pos-
itive affect (e.g., confidence) toward the offi-
cial DET, and increased likelihood of sharing
scores for university admissions for those who
also expressed positive affect. Taking more
than 3 practice tests was related to lower perfor-
mance, potentially reflecting washback — i.e.,
using the practice test for purposes other than
test familiarity, such as language learning or
developing test-taking strategies. Findings can
inform best practices regarding Al-supported
test readiness. Study findings also raise new
questions about test-taker preparation behav-
iors and relationships to test-taker performance,
affect, and behaviorial outcomes.

1 Introduction

For millions of international test takers, scores on
high-stakes English language proficiency (ELP) as-
sessments can profoundly impact their educational
and professional goals. As a result, they engage
in various test preparation strategies. For example,

*Authors are listed alphabetically to reflect equal contribu-
tions.
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practice tests aim to build familiarity for a spe-
cific test; reading books and articles can improve
English language reading skills; and, deliberate
engagement in conversations with peers and in-
structors can strengthen English language speaking
and listening skills.

This paper focuses on practice tests. Practice
tests aim to build test familiarity to reduce test-
design-related construct-irrelevant variance (CIV).
CIV is associated with the introduction of factors
unrelated to the skills a test is intended to mea-
sure (the target construct) (Messick, 1982; Powers,
1985). For instance, CIV can stem from unfamil-
iar technical features (e.g., drag-and-drop), lack
of familiarity with the device required for taking a
test (e.g., test requirements to use a laptop for test
takers who have limited laptop experience (Koné
et al. (2024)), or anxiety triggered by an unfamiliar
format (Winke and Lim, 2017).

Conventional practice tests, often developed by
testing organizations, aim to reduce CIV. How-
ever, they typically contain a limited number of
fixed forms, restricting opportunities for repeated
test practice. Modern generative Al-powered auto-
mated item generation (henceforth, AIG) alleviates
this constraint by enabling the creation of large
item pools for digital practice tests. As a result,
practice test generation can be scaled to support
repeated practice test opportunities for test takers.

The Duolingo English Test (DET)is a digital,
Al-driven, high-stakes, computer-adaptive ELP as-
sessment used for international student university
admissions. The DET is taken by hundreds of thou-
sands of test takers each year.

To help test takers become familiar with the test,
the DET offers a free practice test that simulates the
official DET. As such, the practice test provides ex-
posure to the DET task types, mirroring the official
test in both appearance and administration order. It
also provides an estimated score range, giving test
takers a sense of how they are likely to perform on
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the official test. Like the official DET, the practice
test is also computer-adaptive, but drawing from a
separate item pool than the official test. The large
practice-test item pool, enabled by AIG, is used
to dynamically generate versions of the practice
test with different item sets, offering test takers re-
peated opportunities for practice (Naismith et al.,
2025)."2

The study presented in this paper examines how
access to repeated test practice (i.e., the number
of tests taken)—enabled by AIG— relates to test-
takers’ official DET scores, test-taker affect (e.g.,
confidence), and test-takers’ decision to share their
official DET scores for university admissions.

2 Background

Language assessment research has examined vari-
ous aspects of test preparation, including test-taker
preparation preferences (O’Sullivan et al., 2021),
the relationship between preparation and affect
(such as anxiety) (Chang and Read, 2008; Pow-
ers and Alderman, 1983; Winke and Lim, 2017),
and the link between preparation and test perfor-
mance (Green, 2007; Knoch et al., 2020; Liu, 2014;
Powers, 1985; Xie, 2013). These studies suggest
that test preparation can reduce anxiety (Chang and
Read, 2008; Powers and Alderman, 1983), increase
confidence (Powers and Alderman, 1983), and im-
prove test scores (Green, 2007; Knoch et al., 2020;
Xie, 2013). Knoch et al. (2020) investigated repeat
test takers, showing how they changed their test
preparation strategies over time to try to improve
their test score. Xie (2013) demonstrated how test
takers use test preparation to develop strategies for
score improvement. Green (2007) examined the
comparative impact of test preparation courses for a
high-stakes language assessment. These three stud-
ies highlight washback effect with regard to test
preparation, whereby a test influences language
teaching and learning (Messick, 1996).
Automated item generation research related
to assessment and instruction is extensive, but
much predates modern generative Al. For exam-
ple, Mitkov et al. (2006) showed that NLP-assisted
item generation with human review can be more
time-efficient than manual creation. Heilman and
Smith (2010) proposed a framework for automat-
ically generating and evaluating questions from

'The practice test items are created using the same AIG
methods as the official DET.

2Successive versions of OpenAI’s GPT models were used
to develop the practice test, reflecting generative Al advances.
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text, demonstrating the feasibility of transform-
ing declarative sentences into fact-based questions.
Similarly, Madnani et al. (2016) discussed the Lan-
guage Muse system, which used NLP to generate
reading comprehension exercises for U.S. middle
school texts for English learners. More recent re-
search has shifted toward evaluating item quality
and comparing system performance using large
language models. For instance, Laverghetta Jr and
Licato (2023) investigated GPT-4 for test item gen-
eration, demonstrating its potential to create psy-
chometrically valid items.?

AIG is now integrated into the development of
digital, high-stakes language assessments. Specific
to this paper, the official DET and its practice test
are dynamically assembled using AIG-created item
banks with human review (Attali et al., 2022). Af-
ter generating items with prompts used to fine-tune
the AIG, human experts conduct a review. To en-
sure item quality and appropriateness, a multistage
process for human review is implemented. This
process begins with automated checks for linguis-
tic accuracy and social appropriateness, followed
by human expert review focused on copyediting,
fact-checking, and identifying potential fairness
and bias issues that could disadvantage certain test-
taker groups (Church et al., 2025).

An internally-developed review platform is used
to coordinate item reviews, track reviewer perfor-
mance, and ensure inter-rater consistency. The fi-
nal items are used to automatically create the DET
practice and official DET tests.

As mentioned earlier, prior research about test
preparation for high-stakes assessment has stud-
ied test-taker preferences, and established links
between test preparation, test-taker affect, and per-
formance outcomes. However, we are unaware
of research examining how test takers’ access to
repeated practice tests—now enabled by AIG—
relates to these factors. This likely stems from the
limited scalability of conventional practice tests,
which rely on human test developers who cannot
generate test items at the same scale as AIG. He
et al. (2024) conducted an extensive literature re-
view, including 66 studies about research for sec-
ond language test preparation. No themes emerged
demonstrating research that examined technology

3Also see Flor (2025) for a comprehension discussion of
automated item generation.



or Al to enhance test preparation.

3 The Study

This observational study examined how access to
repeated practice test opportunities—enabled by
AlG—related to test takers’ official DET perfor-
mance, test-taker affect, and test-taker decisions
to share their official DET scores for university
admissions. The study addressed the research ques-
tion: What are the observed relationships between
the number of practice tests taken and test-takers’
official DET performance, test-taker affect, and
test-taker score sharing decisions?

3.1 Methods
3.1.1 Survey instrument

To measure test takers’ affect, we developed a brief
survey instrument (henceforth, survey) that elicited
perceptions of achievement, confidence, motivation,
preparedness, and anxiety in relation to the offi-
cial DET. The survey items reflect affective factors
commonly used in prior research on assessment
(e.g., Winke and Lim, 2017) and instructional con-
texts (e.g., Ling et al., 2021). We acknowledge that
typical affective surveys include more items per
construct. However, because the DET is an opera-
tional, high-stakes assessment, there are required
constraints: we had to limit the number of post-test,
offboarding* questions to avoid overburdening test
takers. Consequently, the survey consisted of five
items, each rated on a six-point Likert-style scale.
The survey was presented to all test takers as shown
in Figure 1.

3.1.2 Data Collection

The survey was administered during September
2023. Upon completion of the DET, test takers
were presented with the survey during the DET
offboarding process.

Of the original 32,599 test-taker participants
(henceforth, test takers) who took the survey, re-
sponses were retained from 25,969 test-takers for
the analysis. Responses were retained only for par-
ticipants who: (1) responded to all survey items; (2)
were taking the official DET for the first time’; (3)

*Offboarding takes place once the test is completed. Test
takers are asked questions related to, e.g., demographics and
their target score.

SPrior testing may have provided additional practice, com-
plicating the analysis.

52

Uploading 0%

Rate how much you agree or disagree with the following statements.

isagree  Somewhat Somewhat  Agree  Strongly
disagree  agree agree

I felt confident about taking the Duolingo
English Test

I felt motivated about taking the
Duolingo English Test

I felt prepared to take the Duolingo
English Test

1 felt anxious taking the Duolingo English
Test

Figure 1: Post-DET Affective Perceptions Survey

ACH CON MOT PREP ANX

ACH 1.00 074 0.59 0.67 0.04
CON 0.74 1.00 0.68 0.72  -0.03
MOT 059 0.68 1.00 0.64  0.07
PREP 0.67 0.72 0.64 1.00  0.06
ANX 0.04 -0.03 0.07 0.06 1.00

Table 1: Spearman Correlations Between Responses
to Survey Items; ACH=Achieved; CON=Confident;
MOT=Motivated; PREP=Prepared; ANX=Anxious

received an official DET score that was validated
by human proctors; and, (4) had taken the practice
tests within 60 days prior to taking the official DET.

Table 1 shows the Spearman rank-order corre-
lations between the survey items. The pairwise
correlations between [ believed I achieved the DET
score I wanted (Achieved), I felt confident about
taking the DET (Confident), I felt motivated about
taking the DET (Motivated), and [ felt prepared to
take the DET (Prepared) are moderately high. This
suggests that these positive affective statements
may be related to a similar construct. By contrast, /
felt anxious taking the DET (Anxious) is effectively
uncorrelated with the other items.

3.1.3 Participant Demographics

Test taker demographic information is collected
from test takers during the official DET’s offboard-
ing process. Offboarding items ask test takers
about their gender, age, testing intent (i.e., obtain-
ing an undergraduate or graduate degree), and first
language.® Table 2 shows the self-reported, test-
taker demographics, also comparing the participant

®0ne hundred unique languages were reported by at least
five participants.



Demographic TTs (%) DET(%)

Gender

Female 44.0 47.6
Male 559 52.3
Age Group

16-20 years 19.0 32.7
21-25 years 36.6 34.1
26-30 years 18.8 14.8
Testing Intent

Undergraduate 43.0 47.1
Graduate 43.7 37.0
First Language

English 13.7 9.5

Mandarin 10.8 17.8
Telugu 10.3 5.8

Spanish 8.8 10.0
Arabic 5.9 5.1

Table 2: Test-Taker Demographics; TTs=Test takers
from this study; DET=DET population

sample to the DET test-taker population (Naismith
et al., 2025). The sample includes all demographic
subgroups from the DET population, though with
some variation in proportions. This may be be-
cause the study included only first-time test takers,
while the DET test-taker population includes both
first-time and repeat test takers.

3.2 Analyses

This section discusses relationships that emerged
between test takers’ DET practice test engagement
(i.e, number of practice tests taken), and their of-
ficial DET scores, their affect (as self-reported in
the survey), and their score-sharing decisions.’

Table 3 shows official DET scores by number of
practice tests taken. Test takers were grouped into
six bins (count groups) by number of practice tests
completed (0, 1, 2-3, 4-6, 7+). We chose these
categories to distinguish between 0, 1, and multiple
practice test-taking sessions. Multiple practice test
counts were grouped to balance the bin sample
sizes.

Table 3 suggests a relationship between practice
tests taken and official DET scores. For each prac-
tice test count group, we included 95% confidence
intervals of the mean test score. The highest aver-
age scores were observed among those who took
1-3 practice tests (in bold rows). Confidence inter-

"We used test takers’ unique, official DET IDs to link to
their practice test activity and score report sharing.
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# of PT N % M CI95%

0 4,742 18.3 108.5 [107.8,109.2]
1 6,128 23.6 112.4 [111.8,113.0]
2-3 6,469 249 112.3 [111.8,112.8]
4-6 4,142 16.0 111.1 [110.5,111.7]
7+ 4,488 17.3 108.6 [108.1,109.1]
Total 25,969

Table 3: Mean (M) Overall DET Score by Number of
Practice Tests Taken (# of PT)

vals of the mean test score for these rows did not
overlap with those for 0, or 4 or more practice tests,
showing significant differences. Those who took 0,
or 4 or more practice tests scored slightly lower.®

The finding that scores do not continue to in-
crease with 4 or more practice tests aligns with
expectations: practice tests are intended to build
test familiarity, which on its own, should not facili-
tate large jumps in language proficiency.

Table 4 illustrates the relationship between num-
ber of practice tests taken, test-taker affect, and test
takers’ official DET score. As no clear differences
emerged across the original Likert-scale categories
(Figure 1), the six Likert-scale categories were col-
lapsed into two. Agree contained: Strongly Agree,
Agree, and Somewhat Agree. and Disagree con-
tained: Strongly Disagree, Disagree, and Some-
what Disagree.

We included 95% confidence intervals of the dif-
ference between the mean scores for those who
Agree and Disagree.” Rows in bold indicate that
the confidence interval did not include 0, showing
significant differences. Table 4 consistently shows
that among test takers who took 0-3 practice tests,
those who Agreed with positively-oriented items
(Achieved, Confident, Motivated, Prepared) per-
formed significantly better on the official DET than
those who Disagreed. For those who Agreed they
were Motivated and Prepared, better performance
was also observed for 7+, and 4-6 and 7+ groupings,
respectively.

Test takers who took 0 or 1 practice test showed
a significant score difference between those who

8 Average scores across all groups hovered around the B2
CEFR level—a benchmark for independent language users
and a common minimum for admission to English-medium
universities (Council of Europe, 2020). However, it is impor-
tant to note that where the test taker sits in the B2 CEFR range
(lower vs. higher in the range) can impact their acceptance to
a university.

The Disagree mean score was subtracted from the Agree
mean score.



Agreed and Disagreed across all positive state-
ments. As well, test takers who practiced 2-3 times
also showed significant differences between those
who Agreed and Disagreed with the positive state-
ments. This finding suggests that for some test
takers, access to repeated test practice was related
to positive affect and higher test scores.

Across the large proportion of test takers who
indicated they felt Anxious (70.8%-75.3%), there
was no signficant relationship found based on the
number of practice tests taken. A possible expla-
nation is the high-stakes nature of the DET. In re-
cent work in classroom settings, Deho et al. (2025)
found relationships between test anxiety and demo-
graphic factors. This is something that could be
explored in future research.

Table 5 indicates a relationship between number
of practice tests taken, likelihood of score sharing
for university admissions, and test-taker affect.

We used 95% confidence intervals for the share
rates (proportions) of those who Agreed or Dis-
agreed with each of the statements. Rows in bold
indicate that the corresponding Agree and Dis-
agree confidence intervals did not overlap, which
showed significant differences. Test takers who
took 0, 1, or 2-3 practice tests and Agreed with
the Achieved, Confident, and Prepared statements
had non-overlapping confidence intervals with test
takers who took 0, 1, or 2-3 practice tests and
Disagreed with those statements. For those who
Agreed with the Motivated statement, only those
who took 2-3 practice tests had share rate confi-
dence intervals that did not overlap with the cor-
responding confidence intervals with those who
Disagreed. Note that test takers were always more
likely to share their scores if they Agreed with pos-
itive statements.

As expected, further analysis showed that test
takers who shared their scores tended to have
higher mean scores. Scores typically aligned with
a mid- to high B2 CEFR level. This is an expected
outcome, as test takers are more likely to share
scores that meet university requirements. Scores
were highest among those who took 0-3 practice
tests and Agreed with positive sentiment statements.
For example, those who Agreed with the Achieved
category had mean scores of 119.1, 120.9, and
119.0 for 0, 1, and 2-3 tests taken, respectively.
This trend held across all positive sentiment cate-
gories. Scores declined slightly for those who took
4-6 tests (about 1 point lower) and more noticeably
for those with 7+ tests (about 3 points lower). A
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similar pattern emerged for the Anxious category.

4 Discussion

Integrated into the DET pipeline, AIG generates
large item pools. This scales the creation of DET
practice tests, which increases test takers’ access
to repeated practice opportunities. To our knowl-
edge, this is the first study to examine how AIG can
contribute to increased practice opportunities and
how, in turn, access to more practice is related to
test-taker affect and outcomes. The study explored
relationships between (1) practice test engagement
and test score. (Table 3), (2) test-taker affect and
official DET scores (Table 4), and (3) affect and
score-sharing decisions for university admissions
(Table 5).

Three key findings emerged from the analysis
to address our research question: What are the ob-
served relationships between the number of prac-
tice tests taken, and official DET performance, test-
taker affect, and score-report sharing decisions?

First, repeated test practice was related to
higher test scores to an extent. (Table 3). Those
who took 1, or 2-3 practice tests had comparatively
higher scores than those who took 0, or more than
3. As taking 2-3 practice tests was related to higher
test scores, this suggests a potential benefit of ac-
cess to repeated practice for some test takers. These
test takers may have come to the practice test with
higher proficiency and were using the practice test
for its intended purpose—i.e., test familiarity.

By contrast, taking more than 2-3 practice tests
was associated with lower performance. This may
be related to washback effect (mentioned earlier).
Specifically, test takers may have used the prac-
tice test for reasons beyond test familiarity, such
as building English language skills (i.e., positive
washback that supports language learning), or test-
taking strategies, such as trying to game the test
(i.e., negative washback that does not support lan-
guage learning) (Knoch et al., 2020; Xie, 2013).
In this scenario, test takers’ repeated practice test-
ing may be an example of wheel spinning, where
learners repeated attempts to master a skill are un-
successful (Beck and Gong, 2013; Mu et al., 2020).

Second, test takers who took more practice
tests reported feeling more positively (Table 4).
Based on the number of practice tests taken, higher
proportions of test takers reported positive affect
toward the official DET regarding their beliefs that



# Agree Disagree CI 95% # Agree Disagree
% M %0 M %0 CI 95% %0 CI 95%
Achieved Achieved
0 857 109.5 143 1022 [5.1,9.5] 0 419 [40.3,434] 32.2 [28.6,35.7]
1 82.8 113.8 17.2 105.6 [6.6,9.9] 1 435 [42.1,44.8] 319 [29.1,34.7]
2-3 843 1128 157 109.1 [2.3,5.3] 2-3 434 [42.1,44.7] 33.6 [30.7,36.5]
4-6 874 111.3 12.6 109.7 [-0.3,3.5] 4-6 422 [40.6,43.8] 38.0 [33.9,42.2]
7+ 91.0 108.6 9.0 1083 [-1.6,2.2] 7+ 443 [42.8,45.8] 40.2 [35.5,45.0]
Confident Confident
0 854 1099 14.6 100.5 [7.2,11.6] 0 42.2 [40.7,43.7] 30.3 [26.8,33.7]
1 82.8 114.0 172 1046 [7.8,11.1] 1 43.6 [42.2,44.9] 314 [28.6,34.2]
2-3 844 1132 156 1074 [4.2,7.2] 2-3 435 [42.2,44.8] 32.8 [29.9,35.7]
4-6 86.6 111.3 134 109.6 [-0.2,3.6] 4-6 42.1 [40.5,43.7] 38.8 [34.7,42.8]
7+ 914 1087 8.6 1083 [-1.6,2.4] 7+ 44.0 [42.5,45.5] 433 [38.4,48.2]
Motivated Motivated
0 909 109.1 9.1 1021 [4.1,9.9] 0 41.0 [39.5,424] 355 [31.0,40.0]
1 89.8 113.0 10.2 1075 [3.2,7.7] 1 41.9 [40.6,43.2] 379 [34.1,41.8]
2-3 917 1126 83 1088 [1.7,5.8] 2-3 425 [41.2,43.8] 34.7 [30.7,38.7]
4-6 930 1112 7.0 110.1 [-1.6,3.7] 4-6 41.7 [40.1,43.2] 41.2 [35.6,46.9]
7+ 952 1088 4.8 1058 [0.4,5.5] 7+ 442 [42.7,45.6] 39.6 [33.1,46.1]
Prepared Prepared
0 853 110.0 147 999 [7.8,12.2] 0 42.1 [40.6,43.6] 31.1 [27.7,34.5]
1 82.5 1143 175 103.6 [9.1,12.3] 1 43.5 [42.1,44.9] 32.0 [29.2,34.8]
2-3 854 1133 14.6 106.2 [5.5,8.6] 2-3 435 [42.2,44.8] 323 [29.3,35.3]
4-6 88.3 111.6 11.7 107.3 [2.3,6.2] 4-6 42.1 [40.5,43.7] 38.0 [33.7,42.3]
7+ 927 1089 7.3 1054 [1.4,5.5] 7+ 443 [42.8,45.8] 389 [33.6,44.2]
Anxious Anxious
0 70.8 107.6 29.2 110.6 [-4.6,-1.6] 0 39.7 [38.0,41.3] 42.4 [39.8,45.0]
1 729 1122 27.1 113.1 [-2.2,04] 1 41.1 [39.6,42.5] 42.6 [40.3,45.0]
2-3 739 1123 26.1 112.1 [-09,1.4] 2-3 42,0 [40.6,43.4] 414 [39.1,43.8]
4-6 753 111.2 247 1106 [-0.7,1.9] 4-6 414 [39.6,43.1] 425 [39.5,45.6]
7+ 750 108.5 25.0 1089 [-1.5,0.8] 7+ 432 [41.5,44.8] 46.3 [43.4,49.2]

Table 4: Mean (M) Overall DET Score by Practice Tests
Taken (#) and Affective Perceptions

they achieved the score they wanted, and their con-
fidence, motivation, and preparedness. As such, the
7+ group consistently had the highest proportion of
test takers reporting positive affect. Reported feel-
ings of anxiety were similar across the number of
practice tests taken (Table 4). While not surprising
in a high-stakes context, the finding is novel com-
pared to prior work suggesting that test preparation
could reduce anxiety (Chang and Read, 2008; Pow-
ers and Alderman, 1983; Winke and Lim, 2017).
However, previous work was conducted in no- or
low-stakes experimental settings.

Regarding DET performance, test takers who
agreed with the positive statements had higher of-
ficial DET scores, on average, than those who
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Table 5: Proportion of Test Takers who Shared Their
DET Score by Number of Practice Tests Taken and
Affective Perceptions

disagreed; this finding was significant (Table 4).
Those who took 1-3 practice tests had the highest
scores, on average. Test scores trended lower after
taking more than 3 practice tests.

Third, test takers who reported positive per-
ceptions were more likely to share their offi-
cial DET score report for university admissions
(Table 5). This finding was consistent across the
number of practice tests taken with comparatively
higher proportions for those who Agreed than Dis-
agreed with the positive survey items. Share rates
were significantly higher for those who took 0-3
practice tests and Agreed with the Achieved, Con-
fident and Prepared statements, and for those who



took 2-3 practice tests and Agreed with the Moti-
vation statement, as compared to those who Dis-
agreed. Like other outcomes we investigated, Anx-
iety did not show significant differences in share
rates by agreement status.

5 Limitations

This section notes two study limitations.

First, as an observational study, our findings
are not causal. Independent of practice test use,
higher English proficiency may underlie positive
perceptions, higher scores, and share rates.

Second, the number of survey items was neces-
sarily limited to reduce the burden test takers after
taking a high-stakes test. Given this real-world
constraint, we prioritized items related to test-taker
affect, and did not include an item eliciting infor-
mation about alternative test strategies. As a result,
we lacked data on test takers’ use of alternative
preparation methods. Related, we do not have infor-
mation about what motivated test takers’ repeated
practice. As we continue with this research, we are
exploring ways to address this limitation.

6 Conclusions

The DET’s practice test simulates the official DET.
As a computer-adaptive test, the practice test aims
to familiarize test takers with the official DET’s
item types, its adaptive administration, and the of-
ficial DET score scale (by providing an estimated
test score range). Integrating AIG into the test de-
velopment pipeline enables scalable production of
DET practice tests. This facilitates the creation of
multiple practice test versions, offering test takers
repeated opportunities to build test familiarity.

The study analysis showed that test takers who
took 1-3 practice tests tended to have higher of-
ficial DET scores. Higher test scores were also
related to positive affect (i.e., agreeing with the
positive survey items). Higher share rates were
also linked to positive affect. This may be related
to those test takers having higher underlying En-
glish proficiency. Therefore, test takers may have
used the practice test for its intended purpose—test
familiarization, whereby 1-3 practice test repeti-
tions may have been sufficient. This also suggests
that for some test takers—those who took 2-3 prac-
tice tests— that limited repeated practice may have
provided extra needed support to sufficiently build
their test familiarity.

By contrast, test takers who took more than 3
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practice tests had lower performance, on average.
It is possible that these test takers may have come
to the test with lower proficiency. Their additional
test practice may be related to washback, whereby
test takers used the practice test for reasons be-
sides building test familiarity (e.g., English lan-
guage learning or building test-taking strategies).
However, we lack data about test takers’ prepara-
tion strategies, beyond the DET practice test, as
well as test-taker goals for taking the practice test.
Therefore, this limits interpretation. At the same
time, it raises interesting questions with regard to
appropriate guidance about test preparation, espe-
cially with regard to mitigating negative washback
effects, such as using test practice to develop test
gaming strategies.

AIG for high-stakes assessment is still in its early
stages. The study examines how repeated prac-
tice—enabled by AIG—may relate to test-taker
performance, affect, and behavioral outcomes (i.e.,
score sharing). It also raises important questions
about test preparation practices when test-takers
have access to repeated test practice. Our find-
ings—and future research—could be useful in help-
ing to inform best practices for Al-enhanced test
readiness in high-stakes contexts.
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Abstract

This study examines whether NLP transfer
learning techniques, specifically BERT, can
be used to develop prompt-generic AES
models for practice writing tests. Findings
reveal that fine-tuned DistilBERT, without

further  pre-training, achieves high
agreement (QWK ~ 0.89), enabling
scalable, robust AES models in statewide
K-12  assessments  without  costly

supplementary pre-training.

1 Introduction

Currently, Automated Essay Scoring (AES) is
widely utilized in large-scale standardized tests
with writing assessments in the US. However, there
are some notable limitations in the current major
AES engines that are used for many high-stakes
writing assessments, such as the annual statewide
assessments in K-12 education. These limitations
prevent the provision of instantaneous online essay
scoring services in writing practice tests of those
statewide assessments for students’ daily exercise.

One major limitation of AES algorithms trained
with traditional machine learning (ML) approaches
is the substantial sample size required for training
sets with essays scored by human raters. The
random assignment of prompts in practice tests
results in some prompts having too few essay
samples to effectively train a scoring model using
traditional ML methods. For instance, Intelligent
Essay Assessor (IEA), a major AES engine
developed by Pearson which is used in many
operational tests, including several statewide
assessments, requires a sample of approximately
500 student responses evaluated by human raters to
score essays on a specific prompt in high-stakes
assessments (Foltz et al., 2013). While it also
scores essays in MyLab Writing online services

58

instantly with immediate overall evaluations, it still
needs hundreds of submissions scored by human
raters to build scoring models for each prompt
(Pearson Inc., 2010).

A precursor area with this frequent lack of
“labelled” data quandary in ML is the image
classification problem through computer vision.
The traditional ML model needs to be trained for a
specific task of image classification with the target
data from scratch, making no use of the knowledge
previously learned from similar tasks. To deal with
this predicament, transfer learning is applied
because it is able to build accurate models even
without enough labeled data from the target
domain (Rawat & Wang, 2017). With transfer
learning, the model-building process starts from
the “knowledge” that has been learned previously
instead of zero, when solving relevant problems in
the past.

Thus, the purpose of the study is to develop a
generic essay scorer generalizable to essays on any
prompts in the target domain with Google’s BERT
(Bidirectional Encoder Representations from
Transformers), one of state-of-the-art NLP transfer
learning techniques, for low-stakes online writing
practice tests of those statewide student
assessments, even if there is not enough essay
sample to train scoring algorithms with traditional
ML approaches. With such a generic essay scorer,
students’ routine practice essays can be scored
similarly to those assessment essays even outside
the annual test windows, providing students with
timely and meaningful feedback during their
preparation.

Transfer learning using Google’s BERT
revolutionizes traditional ML approaches by
leveraging pre-trained models on extensive
datasets to improve performance on specific
downstream tasks. BERT is pre-trained on a large
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corpus of human language text materials, including
the entirety of Wikipedia (comprising roughly 2.5
billion words) and the BookCorpus dataset
(comprising approximately 800 million words).
This pre-training method is particularly
advantageous as it allows BERT to generate deep
contextualized word embeddings that capture
nuanced relationships within the text and be fine-
tuned with minimal labeled target data to develop
high-performing models in target domains. Thus,
this study seeks to investigate how BERT can be
utilized to help develop generic AES models and
examine how different treatments of BERT’s pre-
training affect the models’ scoring performances in
an AES research experiment designed to answer
these research questions. Moreover, an analytic
essay scoring method focusing on specific writing
traits has been selected in this research. The four
traits to be scored are development, organization,
language use, and prompt task, based on the ELA
Common Score Standards of writing, and the
scoring rubrics of the SWAS essays used as the
target data in the study.

In this research, the following research questions
are expected to be answered:

1) How many hyperparameter settings of the
original BERT model, when fine-tuned on target
data, achieve a Quadratic Weighted Kappa (QWK)
value greater than 0.7 for each writing trait
(development, organization, prompt task, language
use) without additional pre-training?

2) How many hyperparameter settings result in
QWK values greater than 0.7 when a pre-trained
BERT model undergoes further pre-training on
either “within-task” or “in-domain” materials,
followed by fine-tuning? Additionally, do these
settings outperform the original BERT model in
terms of performance?

3) What is the performance rank orders of fine-
tuned scoring models for various writing traits
when using the same hyperparameter settings, and
what are the implications?

The target domain consists of essays written by
high school students, while the scoring results
produced by the AES engine, IEA, for the available
SWAS essays in the study serve as the reference
against which the study’s scoring results are
compared. The flowchart in Figure 1 illustrates the
research design and the experimental procedures of
the study.
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2 Related Work

Automated Essay Scoring (AES) systems have
historically depended on handcrafted linguistic
features coupled with traditional machine-learning
methods. Early influential systems like Project
Essay Grade (PEG) used simple textual proxies—
such as sentence length or vocabulary—to
approximate human grades (Page, 1966). Later,
more sophisticated AES engines, notably
IntelliMetric and E-rater, employed extensive
feature engineering, including grammar accuracy,
lexical diversity, and structural coherence (Attali &
Burstein, 2006; Shermis & Burstein, 2013). These
approaches established AES as a viable alternative
for essay scoring, yet their accuracy and
adaptability heavily depended on the quality and
quantity of manually crafted features and extensive
prompt-specific training data.

The release of the Automated Student Assessment
Prize (ASAP) dataset (Shermis & Burstein, 2013)
significantly advanced AES research by offering a
standardized evaluation benchmark. With this
dataset, neural network methods emerged, notably
recurrent neural networks (RNNs) and
convolutional neural networks (CNNs), which
automatically learned textual representations rather
than relying solely on manual features. Taghipour
and Ng (2016) demonstrated that simple CNN-
RNN hybrids could surpass traditional AES
baselines by directly learning meaningful text
patterns from essays. Still, these early neural
models struggled to effectively represent complex,
long-range discourse structures characteristic of
persuasive and argumentative essays.

The advent of pretrained transformer-based
language models, particularly BERT (Devlin et al.,
2019) and RoBERTa (Liu et al, 2019),
dramatically shifted the AES paradigm. These
models, pretrained on massive textual corpora,
offered deep contextualized embeddings capable of
capturing semantic and syntactic nuances beyond
the reach of simpler neural architectures (Devlin et
al., 2019). Mayfield and Black (2020) provided an
influential early evaluation of fine-tuning BERT
for AES, showing that transformer models could
achieve accuracy comparable to highly-engineered
feature-based systems, although computational
demands were notably higher. Their work
demonstrated transformers' potential for AES,
while also highlighting practical trade-offs in
model deployment.



To  Dbetter exploit transformers’ strengths,
researchers developed specialized fine-tuning
methods. Yang et al. (2019) proposed combining a
traditional regression loss with a ranking loss,
guiding transformer models toward learning not
only accurate score predictions but also correct
relative ordering of essay quality. This dual-
objective approach improved Quadratic Weighted
Kappa (QWK)—a standard AES performance
metric—by approximately 2—3 percentage points
over standard fine-tuning, demonstrating that
carefully crafted training objectives can
significantly enhance transformer-based AES.

AES research has also addressed the perennial
challenge of data scarcity through domain
adaptation and multi-task learning. Typically, each
essay prompt has limited training data, posing
significant risks of overfitting. Cao et al. (2020)
presented a  domain-adaptive  framework
combining adversarial training and auxiliary self-
supervised tasks (e.g., sentence-order prediction) to
learn prompt-invariant essay representations. Their
approach not only improved performance on
previously unseen prompts but also established a
practical methodology for mitigating prompt-
specific data shortages through domain transfer.
Similarly, Muangkammuen and Fukumoto (2020)
employed multi-task learning by integrating an
auxiliary sentence-level sentiment analysis task
alongside AES. This hierarchical joint training
improved QWK scores, illustrating that
complementary learning tasks could enrich the
representation learned by AES models, enhancing
their generalizability.

Holistic essay scoring, while common, limits the
detailed feedback educators desire. Thus, recent
AES research emphasizes analytic scoring,
separately evaluating distinct writing traits (e.g.,
organization, content, grammar). Historically,
separate models were developed independently for
each trait, ignoring the natural correlations among
writing dimensions. For example, early analytic
scoring models, like those by Persing and Ng
(2015, 2016), modeled traits like argument strength
or organization independently with trait-specific
features and classifiers. More recently, Do et al.
(2024) proposed Autoregressive Score Generation
for Multi-trait Scoring (ArTS), wusing a
transformer-based TS5 model to sequentially
generate scores for multiple traits. This innovative
framework explicitly modeled trait dependencies,

60

significantly ~ improving  trait-level =~ AES
performance and marking a notable advancement
in providing nuanced formative feedback to
students.

Evaluation methods have also become
standardized with AES advancements. Quadratic
Weighted Kappa (QWK) remains a widely adopted
metric, penalizing larger scoring errors more
heavily and thus closely aligning automated
evaluations with human judgments. Current
transformer-based AES models routinely achieve
QWK scores around 0.75 to 0.80 on standard
benchmarks like ASAP, nearing human inter-rater
agreement levels (~0.80-0.85; Mayfield & Black,
2020; Yang et al, 2019). This demonstrates
substantial progress in AES technology toward
human-level reliability.

Overall, AES research has evolved significantly—
from feature-engineered regressors to sophisticated
transformer-based methods—driven by
transformer architectures, specialized training
strategies, multi-task learning, and domain
adaptation. These advances collectively address
critical challenges such as data scarcity and trait-
specific feedback, facilitating robust, reliable, and
informative automated scoring systems. This
literature provides a robust foundation for the
current study’s exploration of developing prompt-
generic AES models for statewide educational
assessments, emphasizing transformer-based
methods’ potential to improve scoring quality,
reduce data requirements, and enhance educational
feedback.

3 Method

A distilled version of BERT (DistilBERT) was
employed to develop prompt-generic essay scoring
models. Three variants were compared:

Group 1 (Baseline): DistilBERT fine-tuned
directly on SWAS essays.

Group 2 (ASAP-pretrained): DistilBERT further
pre-trained on the ASAP corpus, then fine-tuned on
SWAS.

Group 3 (SWAS-pretrained): DistilBERT further
pre-trained on a 500-essay “within-task” SWAS
subset, then fine-tuned on SWAS.



3.1 Data Preparation

Two corpora were used. The SWAS corpus
originally contained 4,500 essays (1,500 per grade
for grades 9-11). Handwritten submissions (n =
1,203) were excluded, leaving 3,297 typed essays
(Figure 2). A random sample of 500 typed essays
was reserved for within-task pre-training. The
ASAP corpus, comprising 12,970 essays across
eight prompts and two genres (Table 1), was used
for in-domain pre-training.

To mitigate score-level imbalance from
handwritten-essay removal, RandomOverSampler
was applied separately to each analytic trait. The
balance improvements were confirmed via
stacked-bar plots and annotated tables (Figures 3
and 4), though downstream benefits were minimal.
Oversampled sets were used only for diagnostics.

3.2 Model Pre-training and Fine-tuning

DistiIBERT weights (66 M parameters) were
loaded from the Hugging Face “distilbert-base-
uncased” checkpoint. In Groups 2 and 3,
intermediate pre-training was performed using a
learning rate of 5 x 10~ and batch sizes of 16 and
32. All pre-training ran for a uniform number of
epochs, ensuring each variant saw equal exposure
to its respective corpora.

Subsequently, each variant was fine-tuned on
SWAS essays using an Ordinal Logistic Regression
(OLR) classifier built on DistilBERT embeddings.
Hyper-parameters for fine-tuning were selected via
grid search over three regularization strengths (o €
{0.01, 0.10, 1.00}) and three maximum-iteration
ceilings ({100, 500, 1000}), yielding nine distinct
configurations.

3.3 Evaluation Protocol

Model evaluation employed a leave-one-grade-out
design: in three rounds, essays from two grades
were used for training and the remaining grade
served as the test set (Tables 2—4). Within each
round, five-fold cross-validation was executed, and
the entire process was repeated with three random
seeds to assess stability. Aggregate statistics across
folds and seeds were computed for: Quadratic
Weighted Kappa (QWK), Mean Absolute Error
(MAE), Exact Accuracy, Adjacent Accuracy
(predictions within £1 score point), Precision,
recall, and F1 were calculated per score point (1—
5) (see Figures 8—10 for accuracy, Figures 11-12
for precision, recall, and F1).
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By systematically comparing baseline and pre-
trained variants under consistent optimization
settings and a robust leave-one-grade-out protocol,
this method section demonstrates how prompt-
generic essay scoring can be realized with minimal
reliance on prompt-specific labeled data. The
design ensures fairness across groups, repeatability
via multiple seeds, and comprehensive trait-level
analysis through detailed metric computation and
visualization.

4 Results

4.1

Table 2—4 report mean Quadratic Weighted Kappa
(QWK) results for each leave-one-grade-out split.
When trained on grades 9 & 10 and tested on grade
11 (Table 2), mean QWK ranged from 0.889 to
0.893 across the best hyper-parameter settings.
Similar stability was observed for the other splits:
training on grades 9 & 11 (Table 3) yielded QWK
near 0.892, and training on grades 10 & 11 (Table
4) yielded QWK near 0.893. Exact accuracy,
summarized in Tables 5-7, consistently hovered
around 0.68-0.69 for all splits. Aggregating across
splits (Table 8) confirms mean QWK ~ 0.89 and
mean accuracy =~ 0.68, demonstrating that two-
grade training provides robust linguistic coverage
for scoring the held-out grade.

Agreement and Accuracy Across Splits

4.2 Impact of Pre-training

Supplementary pre-training did not yield a uniform
advantage; effects depended on split, o, and trait.
At o= 1.0, with the strongest regularization, the no-
pretraining baseline (Group I) achieved the highest
QWK across all traits in the train 9&11 — test 10
design (Table 3). In other splits, leadership shifted:
for train 9&10 — test 11 (Table 2), Group II
(ASAP-pretrained) led Organization, Prompt Task,
and Development, while Group III (SWAS-
pretrained) led Language Use; for train 10&11 —
test 9 (Table 4), Group II dominated most traits,
with all groups performing similarly on Prompt
Task. At lower a, leadership occasionally changed
by trait but without clear consistency. Overall, even
at o = 1.0, where performance was most stable,
relative rankings fluctuated across splits, showing
that train—test design substantially shaped
outcomes and prevented conclusive judgments of
model performance.



4.3 Trait-Level Performance

Figures 5-7 plot QWK trajectories across max_iter
for each trait in the three splits. Organization
consistently scored highest (peak QWK =~ 0.93),
followed by Language Use and Development (=
0.90), with Prompt Task trailing (= 0.86). Even the
most challenging trait, Prompt Task, exceeded the
operational QWK threshold of 0.70 in every
configuration (Figures 5-7). These rankings held
irrespective of pre-training group, confirming a
stable hierarchy of trait difficulty. Macro-average
F1 scores per trait across splits are summarized in
Table 9.

4.4 Precision, Recall, and F1 by Score Point

Figures 11-12 show per-score precision, recall, and
F1 for the 9+10—11 split (and supplementary
figures for the other splits). All groups peak at the
extreme scores (1 & 5) and dip in the mid-range (2—
4) for precision and recall, reflecting both data
imbalance and inherent scoring difficulty. No
group gains a systematic edge from extra pre-
training.

4.5 Hyper-parameter Fine-tuning

Hyper-parameter sweeps confirm that
regularization strength o = 1.0 combined with at
least 500 training iterations produces the most
stable and highest-performing models. Early
stopping at 100 iterations dropped QWK by
roughly 0.005-0.006 (see Tables 2-4), and
increasing beyond 1,000 iterations yielded
diminishing returns. Lower o values (0.01, 0.10)
led to mild over-fitting, indicated by higher training
QWK but lower test QWK and increased variance
across seeds.

4.6 Oversampling Correction

Although  RandomOverSampler  successfully
equalized class frequencies (supplemental bar
plots), oversampling did not materially improve
modeling outcomes. Precision and recall at rare
score points improved slightly in some
configurations, but aggregate QWK and accuracy
remained unchanged or marginally worse when
oversampled sets were used for training.

4.7 Macro-Average F1 Summary

To condense all per-score results, Table 9 reports
the macro-averaged F1 (mean over score points 1—
5) for each trait, group, and leave-one-grade-out
split. Together, Tables 2-9 and Figures 5-12 show
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that a baseline DistilBERT (G1) fine-tuned on two-
grade SWAS essays yields high agreement (QWK
~ 0.89), accuracy (= 0.68), and F: across traits,
without the need for extra pre-training or
oversampling.

Overall, these results demonstrate that a baseline
DistilBERT model—fine-tuned exclusively on
two-grade SWAS data—achieves high agreement
(QWK = 0.89) and accuracy (= 0.68) across grade
splits and analytic traits without requiring
additional pre-training or extensive oversampling
(Tables 2-9, Figures 5-12).

5 Discussion

The stability of model performance across all three
leave-one-grade-out  splits  suggests  that
DistilBERT’s pre-trained language representations
are highly adaptable to essay scoring—even
without extensive prompt-specific data. Training
on any two adjacent grades yielded nearly identical
agreement (QWK = 0.89), exact accuracy (~ 0.68),
and Adjacent Accuracy (> 98 %), confirming that
essays from two grades supply sufficient linguistic
and rhetorical variety to generalize to a held-out
grade.

Perhaps most surprisingly, neither large-scale in-
domain pre-training on ASAP nor “within-task”
pre-training on a SWAS subset produced consistent
gains. As Table 9’s macro-average F1 summary
shows, the baseline model (Group 1) ties or
outperforms both ASAP-pretrained (Group 2) and
SWAS-pretrained (Group 3) variants in every trait
and split. For instance, Prompt Task F: on
9+10—11 is 0.714 for Group 1 versus 0.706
(Group 2) and 0.698 (Group 3). This counter-
intuitive result implies that when the BERT’s
original pretraining corpus is already massive and
representative enough, further pre-training can
introduce stylistic noise or domain drift instead of
strengthening task alignment.

Hyper-parameter analysis reinforces the need for
careful regularization and adequate training steps.
Models with o= 1.0 and at least 500 (ideally 1,000)
iterations consistently achieve the highest and most
reproducible QWK. Lower o values permit mild
over-fitting—evident in higher training QWK but
lower test QWK—while very short runs (100
iterations) leave a nontrivial 0.005-0.006 QWK
gap compared to longer runs.



Trait-level performance reveals a stable hierarchy
of difficulty. Organization is most easily predicted
(peak QWK = 0.93), followed by Development and
Language Use (= 0.90), with Prompt Task trailing
(= 0.86). Crucially, even the most challenging trait
exceeds the operational QWK threshold of 0.70,
indicating that all four analytic dimensions can be
scored with confidence.

Finally, oversampling to correct class imbalance
offered minimal benefit. Although frequency
distributions were equalized, aggregate QWK,
accuracy, and micro-F: remained flat or dipped
slightly, suggesting that model capacity and the
breadth of cross-grade coverage outweigh precise
score-level balance when fine-tuning transformer
embeddings.

Taken together, these findings validate a
lightweight, prompt-agnostic AES pipeline: fine-
tune a standard DistilBERT checkpoint on a
representative two-grade corpus with o = 1.0 and
500-1,000 iterations, and skip costly intermediate
pre-training or complex oversampling. This
approach simplifies system development, reduces
computational overhead, and still delivers robust,
reproducible scoring across multiple writing traits
and grade levels.

6 Conclusion

This study has demonstrated that prompt-generic
automated essay scoring (AES) can be achieved
efficiently by fine-tuning DistilBERT on
representative two-grade essay sets, without the
need for extensive prompt-specific pre-training or
elaborate data balancing. Across three leave-one-
grade-out splits and nine hyper-parameter
configurations, baseline DistilBERT models
consistently achieved strong agreement (QWK =
0.89), exact accuracy (~0.68), and adjacent

accuracy (> 98%). These results challenge
conventional ~ assumptions,  showing that
DistiIBERT’s  general-domain  representations

suffice for robust scoring when paired with
straightforward fine-tuning.

A particularly striking finding was the observation
of “knowledge collapse”: applying supplementary
pre-training  settings to overwrite existing
parameters paradoxically diminished downstream
scoring performance. This counter-intuitive
effect—where newly acquired “knowledge”
impaired rather than enhanced task ability—
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underscores the critical need to avoid equating
machine learning processes with human learning,
and suggests that care must be taken to preserve
previously learned representations during transfer
learning.

From a practical standpoint, clear hyper-parameter
guidelines have emerged: a regularization strength
of a = 1.0 and a training horizon of 500-1 000
iterations reliably maximize performance and
model stability. This simple recipe offers a low-
overhead path to deploying AES in educational
contexts, minimizing both computational cost and
engineering complexity.

Nonetheless, certain limitations temper the
generalizability of these conclusions. The within-
task pre-training set was limited to 500 essays
covering a single prompt per grade, which may
have constrained the potential benefits of task-
specific  pre-training.  Exclusion of 1203
handwritten  essays—due to transcription
challenges—introduced moderate  score-level
imbalance and restricted the training corpus’s
representativeness. Finally, employing a single
scoring rubric across all prompts may have
simplified the generalization challenge.

To address these gaps, future work should explore
larger, more diverse essay collections spanning
multiple prompts, genres, and rubrics to assess how
prompt variety and score distribution affect
adaptability. Alternative machine-learning
frameworks beyond ordinal logistic regression—
such as ensemble methods or neural classifiers—
should be evaluated for further performance gains.
It will also be important to develop transfer-
learning strategies that explicitly guard against
“knowledge collapse,”  preserving core
representations while incorporating new domain
information. Integrating advanced handwriting
recognition technologies remains essential for
inclusive AES that covers all response formats.

In closing, this research provides compelling
evidence that a lightly fine-tuned DistilBERT
model can serve as a scalable, reliable AES engine
for formative writing practice, dramatically
reducing the data and computational burdens. By
recommending concrete hyper-parameter settings
and highlighting the nuanced effects of further pre-
training, this work lays a pragmatic foundation for
the next generation of accessible, robust AES tools
in K-12 education.



A Appendices

ASAP Dataset Topics
Prompt 1 The effects computers have on people
Prompt 2 Censorship in the libraries
Respond to an extract about how the features of a setting
Prompt 3 .
affected a cyclist
Prompt 4 Explain why an extract from Winter Hibiscus by Minfong
p Ho was concluded in the way the author did
Prompt 5 Describe the mood created by the author in an extract from
p Narciso Rodriguez by Narciso Rodriguez
The difficulties faced by the builders of the Empire State
Prompt 6 Building in allowing
dirigibles to dock there
Prompt 7 Write a story about patience
Prompt 8 The benefits of laughter

Table 1: Topics of Eight Prompts in ASAP Dataset

Fine-tuning Parameter:

Alpha is set to be the same across three groups
No. of essays for training=2251

No. of essays for test=1046

Group I Group II Group III
maxiter=1000  (No Further (Further Pre-training (Further Pre-training
Pre-training) With ASAP Essays) With SWAS Essays)
Apha Tt it Sewing  inng  tating  dmining esting.

Language Use 0.940 0.887 0.940 0.876 0.943 0.922
1.0 Organization 0.938 0.851 0.944 0.920 0.946 0.908
Prompt Task 0.939 0.914 0.940 0.922 0.942 0.917
Development 0.935 0.897 0.938 0.925 0.940 0.903
Language Use 0.944 0.873 0.941 0.897 0.938 0.902
0.1 Organization 0.945 0.930 0.942 0.928 0.944 0.893
Prompt Task 0.937 0.895 0.930 0.896 0.940 0.847
Development 0.938 0.884 0.939 0.923 0.938 0.876
Language Use 0.938 0.851 0.934 0.895 0.931 0.886
0.01 Organization 0.940 0.915 0.935 0.912 0.936 0.884
Prompt Task 0.931 0.863 0.930 0.896 0.925 0.881
Development 0.933 0.867 0.933 0.904 0.931 0.839

Table 2: Mean QWK Results vs. Alpha for Train on Grade 9&10 and Test on Grade 11
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Fine-tuning Hyperparameter:

Alpha is set to be the same across three groups
No. of essays for training=2170
No. of essays for test=1127

Group | Group 11 Group III
maxiter=500 (No Further (Further Pre-training (Further Pre-training
Pre-training) with ASAP Essays) with SWAS Essays)
Alpha Trait QWK n QWK n QWK n QWK n QWK n QWK n
training testing training testing training testing
Language Use 0.935 0.922 0.938 0.918 0.941 0.871
| Organization 0.939 0.935 0.944 0.879 0.941 0.853
Prompt Task 0.941 0.921 0.946 0.911 0.948 0.871
Development 0.934 0.926 0.940 0.903 0.937 0.871
Language Use 0.939 0.914 0.936 0.909 0.937 0.882
0.1 Organization 0.941 0.932 0.944 0.827 0.941 0.865
’ Prompt Task 0.944 0.919 0.945 0.899 0.945 0.879
Development 0.936 0.923 0.941 0.895 0.936 0.893
Language Use 0.933 0.890 0.931 0.886 0.928 0.867
0.01 Organization 0.938 0.924 0.938 0.789 0.935 0.855
' Prompt Task 0.940 0.907 0.939 0.887 0.938 0.858
Development 0.935 0.902 0.936 0.869 0.929 0.877
Table 3: Mean QWK Results vs. Alpha for Train on Grade 9&11 and Test on Grade 10
Fine-tuning Hyperparameter:
Alpha is set to be the same across three groups
No. of essays for training=2173
No. of essays for test=1124
Group 1 Group 11 Group III
maxiter=1000 (No Further (Further Pre-training (Further Pre-training
Pre-training) With ASAP Essays) With SWAS Essays)
Apw Tar QWK QWK QWK QWK QWKW QWKin
training testing training testing training testing
Language Use 0.946 0.911 0.948 0.913 0.949 0.908
10 Organization 0.949 0.922 0.948 0.927 0.949 0.925
' Prompt Task 0.936 0.890 0.940 0.891 0.939 0.892
Development 0.938 0.903 0.941 0.917 0.940 0.888
Language Use 0.949 0.909 0.947 0.901 0.946 0.912
0.1 Organization 0.949 0.920 0.945 0.914 0.946 0.900
' Prompt Task 0.936 0.824 0.938 0.858 0.933 0.854
Development 0.941 0.900 0.940 0.902 0.938 0.870
Language Use 0.945 0.894 0.941 0.888 0.939 0.874
0.01 Organization 0.944 0.910 0.938 0.881 0.936 0.872
' Prompt Task 0.926 0.815 0.928 0.852 0.924 0.840
Development 0.936 0.872 0.937 0.881 0.927 0.834

Table 4: Mean QWK Results vs. Alpha for Train on Grade 10 & 11 and Test on Grade 9

65



Fine-tuning Hyperparameter:
Alpha is set to be the same across three groups

No. of essays for training=2251

No. of essays for test=1046

Group | Group 11 Group III
maxiter=1000 (No Further (Further Pre-training (Further Pre-training
Pre-training) With ASAP Essays) With SWAS Essays)
Alpha Trait .Accqrgcy Accurgcy 'Accu'rapy Accurgcy 'Accu'ra‘cy Accurgey
in training _ intesting  in training  intesting  in training  in testing
Language Use 0.793 0.722 0.792 0.575 0.799 0.760
| Organization 0.791 0.760 0.795 0.697 0.795 0.722
Prompt Task 0.766 0.718 0.769 0.699 0.776 0.718
Development 0.762 0.722 0.773 0.738 0.775 0.722
Language Use 0.805 0.680 0.798 0.667 0.783 0.702
o1 Organization 0.793 0.702 0.789 0.741 0.789 0.680
Prompt Task 0.761 0.682 0.761 0.701 0.764 0.682
Development 0.774 0.675 0.776 0.746 0.771 0.675
Language Use 0.786 0.658 0.773 0.681 0.755 0.663
Organization 0.779 0.663 0.763 0.707 0.765 0.658
001 Prompt Task 0.744 0.627 0.731 0.659 0.725 0.627
Development 0.762 0.633 0.765 0.705 0.758 0.633

Table 5: Mean Accuracy Results vs. Alpha Configurations for Train on Grade 9&10 and Test on Grade 11

Fine-tuning Hyperparameter:
Alpha is set to be the same across three groups
No. of essays for training=2170
No. of essays for test=1127

Group | Group 11 Group I1I
maxiter=1000 (No Further (Further Pre-training (Further Pre-training
Pre-training) With ASAP Essays) With SWAS Essays)
Alpha Trait .Accqrqcy Accurgcy .Accqral.cy Accur?:lcy .Accqrqcy Accurgcy
in training _ intesting  in training  intesting  in training in testing
Language Use 0.781 0.762 0.789 0.752 0.799 0.633
10 Organization 0.793 0.760 0.805 0.627 0.795 0.595
Prompt Task 0.781 0.704 0.796 0.684 0.803 0.603
Development 0.769 0.736 0.788 0.697 0.778 0.643
Language Use 0.792 0.738 0.782 0.725 0.784 0.672
0.1 Organization 0.794 0.755 0.802 0.547 0.791 0.621
Prompt Task 0.790 0.702 0.794 0.659 0.791 0.630
Development 0.774 0.732 0.794 0.683 0.781 0.684
Language Use 0.773 0.662 0.767 0.670 0.754 0.650
0.01 Organization 0.785 0.732 0.786 0.517 0.775 0.606
Prompt Task 0.776 0.674 0.771 0.637 0.791 0.630
Development 0.783 0.675 0.788 0.640 0.778 0.659

Table 6: Mean Accuracy Results vs. Alpha Configurations for Train on Grade 9&11 and Test on Grade 10
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Fine-tuning Hyperparameter:

Alpha is set to be the same across three groups
No. of essays for training=2173

No. of essays for test=1124

Group | Group 11 Group 11
maxiter=1000 (No Further (Further Pre-training (Further Pre-training
Pre-training) With ASAP Essays) With SWAS Essays)
. Accuracy  Accuracy  Accuracy  Accuracy  Accuracy Accuracy
Alpha Trait . . . . | . . . . . . .
in training  intesting  in training  intesting  in training in testing
Language Use 0.806 0.734 0.808 0.740 0.813 0.728
L0 Organization 0.800 0.739 0.794 0.759 0.801 0.750
- Prompt Task 0.760 0.698 0.768 0.673 0.768 0.691
Development 0.767 0.678 0.776 0.740 0.773 0.631
Language Use 0.814 0.726 0.804 0.722 0.801 0.681
0.1 Organization 0.797 0.736 0.783 0.735 0.791 0.699
' Prompt Task 0.758 0.576 0.760 0.612 0.751 0.627
Development 0.776 0.687 0.770 0.725 0.765 0.609
Language Use 0.797 0.677 0.785 0.686 0.775 0.611
0.01 Organization 0.797 0.736 0.756 0.669 0.760 0.588
) Prompt Task 0.729 0.570 0.730 0.618 0.718 0.594
Development 0.767 0.625 0.761 0.701 0.739 0.563

Table 7: Mean Accuracy Results vs. Alpha Configurations for Train on Grade 10&11 and Test on Grade 9

Train — Test Mean QWK Mean Accuracy

G9 & G10 — Gl11 0.893 0.687
GlI0& GI1 —-G9  0.889 0.679
G9 & Gl1l - G10  0.892 0.673

Table 8: Average Performance by Leave-One-
Grade-Out Split

Trait Model Group 9+10 — 11 9+11 —> 10 10+11 -9
Baseline (G1) 0.714 0.714 0.645
Prompt Task ASAP-pretrained (G2) 0.706 0.702 0.630
SWAS-pretrained (G3) 0.698 0.710 0.626
Baseline (G1) 0.753 0.741 0.648
Organization ASAP-pretrained (G2) 0.742 0.725 0.622
SWAS-pretrained (G3) 0.741 0.730 0.642
Baseline (G1) 0.714 0.722 0.705
Development ~ ASAP-pretrained (G2) 0.704 0.710 0.695
SWAS-pretrained (G3) 0.698 0.716 0.686
Baseline (G1) 0.767 0.773 0.762
Language Use ASAP-pretrained (G2) 0.758 0.764 0.752
SWAS-pretrained (G3) 0.753 0.760 0.740

Table 9: Macro-Average F1 by Trait, Model Group, and Leave-One-Grade-Out Split
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Figure 1: Research Design of the Study
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Figure 2: Grade Level Distribution of Available SWAS Essays
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Figure 3: Accuracy in Further Pre-training with ASAP Essays
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Figure 4: Accuracy vs. Epoch in Further Pre-training with 500 SWAS Essays
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Comparisions of QWK Performance vs. Maximum Iterations (Train on G9 & G10)

QWK vs. Iteration
(Group 1: No Pretraining)

QWK vs. Iteration
(Group 2: ASAP)

QWK vs. Iteration
(Group 3: SWAS)
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Figure 5: Comparisons of Mean QWK vs. Maxiter in 4 Trait Scores for Train on Grade 9&10 and Test on Grade 11
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Comparisions of QWK Performance vs.
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Figure 6: Comparisons of Mean QWK vs. Maxiter in 4 Trait Scores for Train on Grade 9&11 and Test on Grade 10
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Comparisions of QWK Performance vs. Maximum Iterations (Train
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Figure 7: Comparisons of Mean QWK vs. Maxiter in 4 Trait Scores for Train on Grade 10&11 and Test on Grade 9
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Comparisions of Accuracy Performance vs. Maximum Iterations (Train on G9 & G10)

Accuracy vs. Iteration
(Group 1: No Pretraining)

Accuracy vs. Iteration
(Group 2: ASAP)

Accuracy vs. Iteration
(Group 3: SWAS)
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Figure 8: Comparisons of Mean Accuracy Performance vs. Maxiter in 3 Groups for Train on Grade 9&10 and Test on

Grade 11
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Comparisions of Accuracy Performance vs. Maximum Iterations (Train on G9 & G11)

Accuracy vs. Iteration
(Group 1: No Pretraining)

Accuracy vs. Iteration
(Group 2: ASAP)

Accuracy vs. Iteration
(Group 3: SWAS)

0.80 -
S;ﬂi 0.362 0.760
0751 0752 0752
0.751 {7E— —%
0.736 036 036
>
§ 0.70 4 & o o 0696 0.697 0.697
a=1057% 0865 2.0 o
<
0.65 0637 0.643 0643
o:iz__’—' 5 &
e Language Use 0626 0.627 0.627
o g i
0.601 o Development —
0.80 -
056 0756 0755
0.75 %
o ; 835 | oz
& o 0725
0.698 0.702 0702 0.693
> 0.70 - Tos70 0.682 o0683| 1 ofbo— 0.685 uea;
® — oBrr— e
a=01 5 "'.\ovsso 0.659 ad
g
< 0.65 q
81 82 s
0.60 -
0555 0550 osi
0.55 by
0.80 -
0.75 g,
g 0731 0732
% 0723
0701 0gsn 1088
3 y
g o g8 671 0670 0.658 0.659
a=001 0549 0641 = ©
3 0.65 - 8:649 | 4 o
£ >
NS 0.606
0.60
0.549
0.55 q
0514 0517
100 500 1000 100 500 1000 100 500 1000

Max Iteration

Max Iteration

Max Iteration

Figure 9: Comparisons of Mean Accuracy Performance vs. Maxiter in 3 Groups for Train on Grade 9&11 and Test

on Grade 10
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Comparisions of Accuracy Performance vs. Maximum lIterations (Train on G10 & G11)

Accuracy vs. Iteration Accuracy vs. Iteration Accuracy vs. Iteration
(Group 1: No Pretraining) (Group 2: ASAP) (Group 3: SWAS)
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Figure 10: Comparisons of Mean Accuracy Performance vs. Maxiter in 3 Groups for Train on Grade 10&11 and Test on
Grade 9
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Figure 11: Mean F1-scores in All Score Levels of the 3 Groups across Trait Scores
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Group 1: None: Precision vs. Score Point by Trait (Train9&10)

Group 3: SWAS: Precision vs. Score Point by Trait (Train9&10)
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Abstract

This pilot study investigated the use of a peda-
gogical agent to administer a conversational sur-
vey to second graders following a digital read-
ing activity, measuring comprehension, persis-
tence, and enjoyment. Analysis of survey re-
sponses and behavioral log data provide evi-
dence for recommendations for the design of
agent-mediated assessment in early literacy.

1 Introduction

Understanding how young learners respond to read-
ing difficulties is important for supporting early
literacy development. This paper presents a pre-
liminary effort to use a pedagogical agent to elicit
self-reflections during reading and examine how
these reflections align with behavioral patterns dur-
ing reading captured through process data.

2 Literature Review

2.1 Persistence and Reading

Persistence is generally defined as a student’s sus-
tained effort toward academic goals despite diffi-
culty, confusion, or failure (Skinner et al., 2022;
Wang et al., 2020). It is a key predictor of learning
and long-term achievement, particularly in com-
plex problem-solving tasks (Dweck et al., 2014;
Farrington et al., 2012). In K-12 settings, per-
sistence is often supported through instructional
strategies such as productive failure (Kapur, 2008),
erroneous examples (Richey et al., 2019), and mo-
tivational framing (Cook et al., 2019). Persistence
is measured in various ways, including behavioral
indicators (e.g., time on task, number of attempts)
and self-report instruments (e.g., grit scales, mind-
set surveys) (Shute et al., 2013). For instance, Goh
(2025) measured persistence by log-transformed
time on task and found it was associated with im-
proved performance.

In the reading context, persistence is a critical
factor in reading achievement. A meta-analysis
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by Toste et al. (2020) reviewed 60 studies of K-12
students and found that motivational factors like
self-efficacy, task value, and goal orientation posi-
tively relate to reading outcomes, especially when
they foster sustained effort and engagement. This
effect was even stronger in elementary schools,
suggesting motivation is especially important in
early literacy. Another study defined persistence
in reading as sustained cognitive effort and behav-
ioral engagement in the face of challenges, assessed
through self-reports in middle and high school stu-
dents (Reschly and Christenson, 2022). Maegi et al.
(2018) found that effortful control and task persis-
tence, rated by teachers and parents, predicted read-
ing fluency and comprehension in sixth graders.
These findings suggest that persistence enables stu-
dents to stay focused and overcome reading chal-
lenges.

This prior research highlights the important role
of persistence in reading achievement and outlines
diverse ways it has been conceptualized and mea-
sured. However, most existing studies focus on up-
per elementary or older students, leaving a gap in
understanding how persistence develops in younger
learners. This may stem partly from a reliance on
self-report measures to assess persistence, whose
validity is limited with younger children who are
still developing the metacognitive skills needed
for accurate self-reflection (Craig et al., 2020).
In response to these challenges, researchers have
recommended age-appropriate adaptations to self-
reports and combining evidence from surveys and
observed behaviors (Gascoine et al., 2017; Desoete,
2008). That said, few studies in the reading con-
text explicitly examine how persistence is being
measured using process data (e.g., behavior logs,
transcript) compared to traditional methods, such
as self-report or teacher rating. This limited use of
multimodal approaches limits our understanding
of the behavioral and cognitive dimensions of per-
sistence, especially in early literacy development.
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The current pilot study begins to address this gap
by pairing age-appropriate self-reports with behav-
ioral data in young learner’s reading activities.

2.2 Pedagogical Agents

One approach to administer a survey or gain in-
sights into a student’s experience is through the use
of virtual characters. Frequently called pedagogical
agents when used in learning settings (Schroeder
et al., 2025; Siegle et al., 2023), virtual characters
have been widely used in K-12 settings to help
students learn (Zhang et al., 2024a,b). However,
pedagogical agents can play a wide variety of roles
in a learning environment (Clarebout et al., 2002).
Research has shown that it is very common to use
pedagogical agents as an information source or for
coaching and scaffolding, but is rare to use them
to administer self report surveys (Schroeder and
Gotch, 2015; Zhang et al., 2024a). While many
critical questions must ultimately be addressed to
validate agent-administered assessments, a foun-
dational concern is whether students will engage
meaningfully with the pedagogical agents in a test-
ing setting. In this proof-of-concept study, we
designed and piloted a pedagogical agent to ad-
minister a conversational survey to young learners.
Given the complexity of surveying students at this
age, our goal was to explore the feasibility and po-
tential of integrating agent-mediated assessment
within the learning process in an engaging manner.

2.3 Research Questions

We address the following research questions:

» To what extent can a pedagogical agent elicit
a broad range of responses (i.e., responses are
distributed across response options)?

* How do the behavioral data relate to the data
collected via the pedagogical agent survey?

3 Methods

3.1 Participants

Participants were drawn from a second-grade class-
room in a charter school in the Northeastern U.S.;
the study was reviewed and approved by the Institu-
tional Review Board and all participating students
had documented parental consent. The students
engaged in a reading activity with the App in six
sessions for about 15 minutes each. In each ses-
sion, the class read one story. The stories were
grade-appropriate fictional narratives licensed from
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Cricket Media, which publishes literary magazines
for young readers. After the 3rd reading session
during which the students read the story titled
“Happy, The Hearing Ear Dog,”! the students inter-
acted with Adam, the virtual agent that delivered
the survey. The activities took place as part of
normal school programming during the first two
weeks of April 2025 and were led by the teacher,
with technical assistance from a member of the
research team during the first reading session and
during the survey activity.

Of the 25 students in the class, 20 had parental
consent for their reading data to be used for re-
search. Of these, 18 completed the survey. The pri-
mary analyses reported below focus on the 18 stu-
dents who participated in both components. Infor-
mation about student gender was provided by the
school. Our final sample consisted of 7 female and
11 male students. Additional demographic informa-
tion came from an optional demographic question-
naire completed by the students’ parent or guardian.
The average age was 7.5 years (SD=0.51). Eleven
students’ parents reported English as their child’s
first language, while five indicated English was
not their child’s first language (2 did not respond).
Ten students were identified by parents as Hispanic
or Latino and 6 as Black or African American; 2
parents did not respond to this item.

3.2 Instruments
3.2.1 Reading Application

Relay Reader? is a reading and listening app devel-
oped to support readers as they transition into fluent
reading (Madnani et al., 2019). Readers take turns
reading stories out loud with a pre-recorded model
human narrator (audiobook). The target length of
reading and listening turns can be configured by
the reader; for this study both were set up at 70
words as default. None of the students changed
the default settings. The transition between narra-
tor and student turns occurs on paragraph breaks.
The allocation of a passage into narrator or student
turn happens dynamically, where paragraphs are
added to the turn as long as adding the paragraph
made the passage closer to the target length (from
above or from below) than not adding it. After
every other student turn, before the next narrator
turn starts, the student is asked two multiple choice
comprehension questions. Questions were created
"https://www.audible.com/pd/Happy-the-Hearing-Ear-

Dog-Audiobook/BODJ9SDW68
Zhttps://relayreader.org



for approximately every 100 words of running text
by researchers and research assistants experienced
with developing such items, and reviewed by the
senior members of the team as well as by the re-
search institution’s fairness review committee. The
questions focus on the salient aspects of the plot,
settings, and characters, and are surface-level, not
requiring inferential reasoning. Thus, the two ques-
tions a reader would be presented with would refer
to something that was mentioned within 200 words
preceding the current bookmark.

As readers interact with the app, the app collects
timestamped log data of the various activities (in-
cluding the focal activities of reading, listening,
answering questions, as well as other activities in
the app such as looking at the reading history or
changing the fonts or other settings). The audio
recording of every student turn is processed using
an in-house speech analysis system validated for
this use case using data predominantly from stu-
dents in grades 3-5 (Beigman Klebanov and Louk-
ina, 2021; Loukina et al., 2019, 2017). The system
produces estimates of reading accuracy and fluency
for all scorable recordings. The app has been pre-
viously used with students in grades 2-8 in the US
in school and summer camp contexts. Depending
on the grade and the study goals, the app library —
how many and which books each student has ac-
cess to at any given time — is flexibly managed by
the researchers. For this study, one story was put
in the library for all participants for each of the six
reading sessions. For sessions 1-5, all students got
the same story; on day 6, we assigned a new story
to students who read all five and assigned one of
the stories they missed for students who missed
some of the first five reading sessions. All 18 stu-
dents were present during the 3rd reading session
in which they engaged with the pedagogical agent
and all read the same story about a dog. Students
read on Kindle Fire HD 8 (12th generation) tablets
provided by the researchers.

3.3 Reading Data

During the reading activity, the app collected data
related to students’ reading performance. We fo-
cused on four measures for analysis:

1. RCQ: Percent correct in the multiple choice
reading comprehension questions embedded
in the app (see previous section), both for the
Dog story specifically and across all the six
stories);
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2. SKT: proportion of skipped turns, defined as
the share of reading turns completed faster
than the 90th percentile of oral reading fluency
norm for the Spring of second grade® (148
words per minute) adjusted for text-based vari-
ation in fluency estimates using the method in
Beigman Klebanov et al. (2019), resulting in
the cut rate of 178 words per minute;

. ACC: reading accuracy, calculated as the pro-
portion of words in the passage assigned to
the reading in the current turn that were recog-
nized as pronounced correctly by the in-house
speech analysis engine (see previous section);

WCPM: words read correctly per minute, a
fluency measure calculated based on the auto-
mated recognition and scaled to account for
systematic error in the automated measure-
ment (Beigman Klebanov and Loukina, 2021).
Following prior research, we restricted anal-
ysis of accuracy and WCPM to recordings
with accuracy > 0.7 (Liceralde et al., 2022),
as lower scores often reflect issues with au-
dio recording rather than students’ bona-fide
performance.

3.3.1 Pedagogical Agent Design

The pedagogical agent’s role was positioned as that
of a proof-of-concept conversational assessment.
Specifically, the pedagogical agent delivered a se-
ries of questions in a conversational style that the
learner replied to by answering a multiple-choice
question. Questions were presented as on-screen
text and simultaneously narrated by the agent. The
agent was designed to appear as a teenager, with
narration provided by a teenage male speaking En-
glish. The system was built using Unity and de-
ployed on the same Kindle Fire tablets that the stu-
dents used for the reading app. Student responses
to the agent were stored locally on the device.

3.3.2 Survey

To assess students’ reading attitudes and experi-
ence with the reading app, the pedagogical agent
administered a brief conversational survey after
the 3rd reading session. The survey was designed
for second-grade students and emphasized simple
language, limited response options, and concrete
behavioral prompts. With a total of 14 items, the
survey included a mix of comprehension checks,

3https://www.readingrockets.org/topics/fluency/articles/fluency-

norms-chart-2017-update



attitudinal measures, and behavioral self-reports
(see Appendix A for more detail).

We assessed basic reading comprehension and
memory of the story using four multiple-choice
items based on the story they just read (Happy, The
Hearing Ear Dog). These items differed from the
in-app RCQ items and asked students what char-
acters the story was about and about a key char-
acteristic of one of the characters. Our reading
self-reflection items measured students’ perception
of reading ease, interest, and learning. These items
used simple, developmentally appropriate 3 or 4-
point Likert scales (such as ‘not really’, ‘some-
times’, ‘definitely’).

We measured reading persistence, the focal con-
struct of this study, through two items that asked
students how they typically respond when con-
fronting challenges when reading, specifically un-
familiar written words or unknown word meanings.
Response options reflected specific behaviors asso-
ciated with persistence or quitting. Students could
respond that they used effortful strategies such as
‘sounding it out’ or ‘figuring it out’ to indicate per-
sistence or avoidance behaviors such as skipping or
stopping which may suggest lower persistence. We
deliberately framed these as concrete, first-person
behavior reports (e.g., “What do you do if you don’t
know what a word means?’) rather than abstract or
hypothetical self-assessments typical of measures
designed for older students (e.g., “I leave things
unfinished"; Chernyshenko et al. 2018; Sparks and
Lehman 2025).

To gauge the students’ reaction to the reading
and agent activities, we asked 3 subjective ques-
tions. This included two questions about their pref-
erences related to the stories and a final item which
asked the students if they wanted to interact with
the agent again.

4 Results

This study reflects an early-stage pilot investigation,
and the small sample size (n = 18) limits our use of
formal statistical tests or validation procedures.

4.1 Survey

In Figure 1, we present a heat map showing stu-
dent response patterns across the multiple reading
and persistence constructs assessed in our survey.
Responses are grouped by construct and scaled
such that higher values (and darker colors) reflect
greater expression of the underlying construct. Ba-
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sic reading comprehension and story recall were
high, with 72% of students answering all four ques-
tions correctly. This is consistent with all of the
students reporting that reading aloud was ‘OK’ or
‘easy’, with no one saying that it was ‘hard’ (Item
9); however, 27.7% responded that there were ‘lots’
of words they did not know how to say (Item 11)
or did not know the meaning of (Item 13) on our
two follow-up questions about reading ease. While
no students reported that they hated reading, 27.8%
reported they didn’t enjoy reading and 16.7% re-
ported the did not feel they learned much from
reading.

P by Item ( by Construct)
Reading Construct:
Ease Enjoyment Learning
13 8 14

p

Item: 3 4 5 6 " 9

Figure 1: Heatmap of student responses to survey. Rows
represent students; columns represent individual items
grouped by construct. Darker colors indicate stronger
expression of targeted construct. Comprehension and
persistence items are coded as correct/incorrect or per-
sistent/not persistent; reading self-reflection constructs
use a Likert scale.

In response to the subjective questions about the
activities, all students responded that they liked
the story and when asked to recommend a story
for the agent to read next, 4 students chose to not
recommend any of the stories. At the end of the
survey, the agent asked students if they wanted to
interact again in the future. Only one student chose
‘no’, with 6 responding ‘maybe’ and 11 agreeing to
a future interaction (‘sure’).

Student responses on our items measuring per-
sistence showed limited variability. In response to
‘What do you do if you don’t know how to say a
word?” 17 out of 18 students selected ‘sounding
it out’, a behavior we would associate with persis-
tence. Only one student selected ‘I skip it and con-
tinue’ while no students chose ‘I ask someone’ or
‘I stop reading’. Similarly, the second item, ‘What
do you do if you don’t know what a word means?’,
13 students selected ‘I figure it out’ with the re-
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maining 5 responses divided between asking for
help or skipping the word. While these responses
suggest high levels of self-reported persistence, the
strong skew towards a single response option on
each item limits our ability to differentiate students’
behavior using these measures alone.

4.2 App Use

We first examined the pairwise correlations be-
tween students’ RCQ scores and behavioral mea-
sures extracted from the logs of the app (Fig-
ure 2).* RCQ accuracy was positively correlated
with reading accuracy (ACC; r(13)= .56, p=0.019)
and negatively correlated with the proportion of
skipped reading turns (SKT; r(16)=-.66, p=.003),
but was not significantly associated with fluency
(WCPM; 1(13)=.2, p=.47).
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Figure 2: Pairwise correlations between RCQ scores and
Relay Reader behavioral measures. Pearson r values
shown above the diagonal; p<.05 (*), p <.005 (**).

4.3 Relating Survey Response to In-App
Behaviors

We examined whether students’ self-reported sur-
vey responses reflected the behavioral data col-
lected about those same students during their read-
ing activity. First, we tested whether comprehen-
sion scores on the survey related to performance
on the RCQ questions presented during the read-
ing activity for the same story. Using a Wilcoxon
rank-sum test to compare students with perfect vs.
non-perfect scores on the survey,’ we found no sig-
nificant difference in app RCQ scores (W =23, p
=.36). Next, we assessed whether students’ rat-
ings of reading ease related to measured WCPM or

*Only 15 of our 18 students had audio recordings of ade-
quate quality to estimate an average ACC and WCPM.

SWe chose to collapse scores into two categories because
the items assessed basic recall and understanding. Given the

simplicity of the questions, incorrect responses likely reflected
substantial comprehension difficulties or inattention.
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ACC. We found no association with fluency (R(16)
=.15, p = .6)) and a marginally significant nega-
tive correlation with accuracy (R(16) =-45, p =
.089). Finally, we examined whether self-reported
reading persistence was related to the proportion
of skipped reading turns. A Wilcoxon rank-sum
test revealed no significant difference in skipping
behaviors between students who responded with
‘sound it out’ or ‘figure it out’ to both items versus
those who did not (W =16, p=.11).

5 Discussion

5.1 Relations Between Variables

For the reading data, we found that oral reading
accuracy (ACC) and comprehension (RCQ) were
positively correlated, while proportion of skipped
reading turns and comprehension (RCQs) were neg-
atively correlated. These relationships make sense:
Reading what is on the page is necessary to an-
swer questions based on the story, as the questions
were designed so that one cannot consistently an-
swer them correctly based on general knowledge,
without actually reading the story. The negative
correlation between the proportion of skipped turns
and comprehension is consistent with findings with
the app with older students (Beigman Klebanov
et al., 2019).

While higher comprehension typically does cor-
relate with higher fluency in the same readers in
assessment data (Wise et al., 2010), it is in principle
possible to read slowly but with good comprehen-
sion. This is likely in our case since students are not
reading for a test and are not being urged to read
fast. The scatterplot of RCQ and WCPM scores in
Figure 2 shows some low fluency readers who nev-
ertheless showed strong comprehension — there are
three students with comprehension > .80 who read
with fluency around 60-75 WCPM (72 WCPM is
the 25th percentile in fluency, according to norms).
Further analysis of these individuals revealed that
while one of these readers had near perfect reading
accuracy, the other two struggled, with an average
reading accuracy between 72-76% and all three
very rarely skipped their turn (< 8% turns skipped).
All three reported using persistent reading strate-
gies in the survey. Though a small sample, these
students illustrate our hypothesis about persistent
reading behavior; despite low fluency, they consis-
tently complete their turns (low skip proportion),
suggesting they may be encountering and overcom-
ing difficulties reading.



In terms of the relationship between the reading
data and the survey data, there are some discrep-
ancies. In particular, 17 out of 18 students said
they would sound out a word they didn’t know
and most admitted that there were some or lots of
words they didn’t know. However, the process data
suggests that there were 3 students who did not
spend enough time on most of their turns to read to
any substantive degree (SKT>0.5), let alone sound
out difficult words. However, the interpretation
may not be straightforward. First, students may
have responded to the survey question as if it asked
about a general habit rather than about reading in
the app specifically; they may be sounding words
out in other contexts but not in this reading context,
which they may have perceived as more informal.
Second, the teacher told us she explicitly instructs
them to sound out unfamiliar words as they read,
so their response to the survey may have reflected
what they thought they should be doing rather than
what they actually did.

5.2 Limitations and Future Research

The study was carried out in a single classroom
with only 18 students who had parental consent
and participated in all activities. The small sample
size limited our ability to detect significant relation-
ships between variables. Furthermore, adapting the
surveys to this young population limited the num-
ber of questions and response options that we could
include within a single survey administration.
Students generally reacted positively to the ped-
agogical agent-based activity, based on observa-
tions of the research team member who assisted
the teacher, conversations with the teacher, and
on the students’ responses where they expressed
readiness or tentative readiness to chat with the ped-
agogical agent again. We are thus encouraged to
continue exploring the utility of the agent through
co-design with teachers for expanding the agent’s
role beyond the self-report-based assessment func-
tion. In a preliminary focus group we conducted
with three elementary school teachers to start ad-
dressing this issue, the clearest message was that
the agent should try and encourage the students in
their reading endeavor. In addition, we intend to im-
plement a more flexible conversation with students,
using automated speech recognition and an LLM
that would help generate a larger variety of agent
responses, with the caveat that strong guardrails
would need to be implemented to ensure that the
agent’s conversation is appropriate. We envision
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using an LLLM to create a diverse set of responses
that would be vetted and placed into a database
for the agent to choose from rather than allowing
students to interact with the LLM directly.

Weak correlations between self-reports and be-
havioral indicators for constructs such as persis-
tence, metacognition, and self-regulation are well
documented in the literature (e.g., Craig et al.,
2020). These discrepancies can point to limitations
in the survey design (Desoete, 2008), but they may
also yield meaningful insights into students’ de-
velopmental trajectory in their own self-awareness
(Andrade, 2019). Reflecting on our own findings,
a fruitful direction for future research would be to
explore when and how we prompt young learners
to self-report, such as asking why they skipped
some of their reading turns when those behaviors
occur. That would require better personalization
of the survey so that the question is only posed
to students who did skip their turns as a matter of
course. A conversational agent that is connected to
the process data will be able to deliver such person-
alization. Embedding surveying within the activity
would also support capturing students’ motivations
and metacognitive awareness in context, providing
insight into how their behaviors and beliefs relate
to their reading experience as it unfolds. This type
of survey administration would help support future
efforts to better understand how student persistence
varies over time and across learning contexts. Stu-
dents’ overall positive response and receptivity to
the agent-delivered survey suggest this is a promis-
ing approach for integrating surveys into the activ-
ity without disrupting engagement. However, these
findings stem from a small proof-of-concept study
and should not be interpreted as validation of the
approach itself.

6 Conclusion

We investigated the extent to which a pedagogical
agent can function appropriately in an assessment
or surveying role with young learners in a class-
room environment. The results of our study showed
that pedagogical agents hold promise for engag-
ing students in conversational surveys following a
tablet-based reading task. However, our study was
limited to one classroom, and thus more research
is needed to understand in what learning scenar-
ios and for what learners pedagogical agents are
appropriately positioned in a testing or surveying
role.
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A Appendix: Survey Interface and Script

To provide further detail on the pedagogical agent’s
role in survey administration, we include a screen-
shot (Figure Al) of the agent interface as it ap-
peared during the survey session with students. The
image depicts the agent presenting a question with
response options rendered as on-screen buttons, de-
signed to scaffold independent interaction for early
elementary learners.

Let's see. Which story
was that? Hmmm...
About a frog and a dog?

Figure A1: Screenshot of the pedagogical agent deliver-
ing a survey question.

In addition to the interface example, Table Al
provides the full conversational script used by the
agent during survey delivery. This includes all ad-
ministered items as well as transitional dialogue
interludes designed to maintain a conversational
tone and scaffold student engagement. The script
also includes conditional statements (e.g., varied
follow-up prompts) based on students’ prior re-
sponses. This structure reflects our effort to posi-
tion the survey as an interactive, child-appropriate
experience rather than a traditional assessment.

See Table A1 (next page) for the complete set of
agent interactions, response options, and associated
constructs.



Table Al: Conversational Agent Survey Script

Q# | Agent Prompt | Student Response Options | Construct

Hi, I am Adam. Let’s chat about the reading you’ve done on the Kindle. I'm curious how
that went.

1 Ready to begin? Let’s go! -

2 Did you like the story you read today? | Yes/No Subjective Expe-
Please tap on your answer for me. rience

Let’s see. Which story was that? Hmmm. . .

3 About a frog and a dog? Yes / No Comprehension

4 About a cat and a dog? Yes / No Comprehension

5 About a grandma and a dog? Yes / No Comprehension

6 What sort of grandma was she? Very tired / Deaf / Upset / | Comprehension

Singing

<TEACHER> told me you read stories about Willie the Donkey, Chippy’s Birthday, and
Grandma and the Dog.

7 Which of these should I read next? Willie / Chippy / Grandma / | Subjective Expe-
None rience

Ok, thank you! I was thinking about reading about Chippy’s Birthday, because my friend’s
birthday is next week, you know? [If the student selected Willie or Grandma above: “But
now I think I’ll read the <X> story first.” ]

8 Do you like reading? Very much / It’s OK / Not | Reading Enjoy-
really / I hate reading ment

<TEACHER> said you read out loud today.

9 \ How did reading out loud feel? \ Easy / OK / Hard \ Reading Ease

I see. [If response to Q9 = Easy: “Easy-peasy!”; if Hard: “Tough going.” ]

10 What do you do if you don’t know how to | Sound it out / Ask someone | Persistence
say a word? / Skip / Stop reading

11 Were there lots of words in the story you | Yes, lots! / Only a few / | Reading Ease
didn’t know how to say? None

Sounds like reading out loud was [insert: “pretty hard” / “not too hard” / “a breeze”
based on Q11].

12 What do you do if you don’t know what a | Figure it out / Ask someone | Persistence
word means? / Skip / Stop reading

13 Were there lots of words in the story you | Yes, lots! / Only a few / | Reading Ease
didn’t understand? None

[If Q13 =lots or few: “You’ll figure it out!”’; if Q13 = none: “You got it!”’]

14 Do you feel like you learn a lot when you | Definitely / Sometimes / | Learning
read? Not really

15 Thanks for chatting with me! It was fun, | Sure / Maybe / No, thank | Subjective Expe-
for me. Should we chat again sometime? | you rience

Bye-bye!
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Abstract

Self-explanation supports deeper learning by
prompting students to articulate their reasoning
and connect new concepts with prior knowl-
edge. Open-ended self-explanation questions
promote elaborative processing and help ad-
dress knowledge gaps. However, these bene-
fits may be undermined when students game
the system — a maladaptive learning strategy
where students exploit the learning environ-
ment rather than engaging in meaningful learn-
ing. While previous studies have successfully
detected this behavior in students’ interactions
with learning activities, this study focuses on
identifying such behavior in students’ open-
ended responses within a math digital learn-
ing game. We evaluated two large language
model (LLM)-based approaches: one using sen-
tence embeddings and another using a prompt-
based method. Both showed acceptable per-
formance, but the embedding-based model out-
performed the prompt-based one. Error anal-
ysis revealed the prompt-based model strug-
gled with short, low-context responses and pro-
duced false positives when students referenced
using hints. Consistent with earlier findings, we
showed that higher rates of gaming behavior
in open-ended responses negatively correlated
with learning gains.

1 Introduction

Self-explanation, an important pedagogical strat-
egy, has been frequently used in classrooms to
facilitate learning. During this process, students
articulate their reasoning, connect new informa-
tion with prior knowledge, and identify gaps in
their understanding (Fonseca and Chi, 2011; Wylie
and Chi, 2014). Self-explanation can be self-
initiated or externally prompted. Previous stud-
ies have shown that self-explanation leads to im-
proved performance, deeper conceptual understand-
ing, and better long-term retention (Bisra et al.,
2018; VanLehn et al., 1992). In mathematics learn-
ing, students who engage in self-explanation are
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more likely to develop a more robust understanding
of problems and improve their ability to transfer
knowledge to novel situations (McEldoon et al.,
2013; Rittle-Johnson, 2006).

Given these benefits, self-explanation questions
have been increasingly integrated into digital learn-
ing platforms. However, due to the limitations of
digital learning systems—which, until recently, had
a limited ability to process natural language and
provide feedback—self-explanation questions have
often been designed in a closed-ended format, such
as multiple-choice, fill-in-the-blank questions, or
sentence builders (McLaren et al., 2022). Nonethe-
less, open-ended self-explanation questions “may
invite elaborative processing better adapted to each
learner’s unique gaps in knowledge” (Bisra et al.,
2018) and encourage deeper cognitive processing
(Kwon et al., 2011). A recent study comparing
three self-explanation formats (multiple-choice, fill-
in-the-blank, and open-ended) found that students
who answered open-ended self-explanation ques-
tions achieved the greatest learning gains (McLaren
et al., 2022).

However, failing to engage meaningfully with
these self-explanation questions can potentially di-
minish the positive effects. In gaming the system, a
disengaged behavior and maladaptive learning strat-
egy, students attempt to succeed by exploiting sys-
tem properties rather than engaging in meaningful
learning, resorting to behaviors such as systematic
guessing or abusing hints (Baker et al., 2008). Gam-
ing the system has been observed across platforms
and is consistently associated with lower learning
gains and long-term negative outcomes (e.g., Baker
et al. (2006b); Cocea et al. (2009)). In a previ-
ous study, the negative effects of gaming have also
been demonstrated within (non-open-ended) self-
explanation questions, in which students who had
a higher rate of gaming were associated with lower
learning gain. Furthermore, the rate of gaming
in the self-explanation moderated the differences
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in learning between boys and girls (Baker et al.,
2024).

As such, to support interventions, gaming de-
tectors have been developed in the past to identify
instances when students game the system (Li et al.,
2022; Xia et al., 2020). However, most of these
detectors are designed for close-ended questions,
which identify gaming based on interaction patterns
with learning activities. A few gaming detectors
for text-based open-ended responses have primarily
focused on response patterns (e.g., detecting repeti-
tion in open-ended responses) rather than analyzing
the semantic content of the inputs (Darvishi et al.,
2022). For example, identifying instances where
students game the system by cycling through an-
swers, entering responses such as “It will be 7.17,
“It will be 7.27, “It will be 7.3”. As a result, a sig-
nificant gap remains in detecting gaming behaviors
in the open-ended responses.

The advancement of large language models
(LLMs) presents an opportunity for this use case.
Trained on vast amounts of text data, these mod-
els have demonstrated capabilities in processing,
understanding, and generating natural language
with high accuracy (Brown et al., 2020). As a
result, LLMs have been increasingly used to an-
alyze and categorize textual data, presenting an
opportunity to perform classification tasks such
as assessing the correctness or relevance of self-
explanations (Nguyen et al., 2023) or identifying
the presence or absence of gaming in open-ended
responses. One common approach to leveraging
LLMs for classification tasks is through sentence
embeddings, where text inputs are transformed
into high-dimensional vectors that capture seman-
tic meaning. These embeddings can then be in-
put into machine learning models to categorize re-
sponses. Alternatively, prompt-based methods (e.g.
Generative Pre-trained Transformer; GPT) frame
classification tasks as text-generation problems, al-
lowing pre-trained LL.Ms to infer labels based on
contextual prompts. Several studies have found that
classifying embeddings outperforms prompt-based
approaches in various classification tasks (Liu et al.,
in press; Hutt et al., 2024). Recent studies have
explored prompt engineering, examining how one-
shot (providing one example), few-shot (providing
a few examples), adding context (Xiao et al., 2023),
modifying prompt structure (White et al., 2023),
and defining roles influence model performance
(Hou et al., 2024). However, less research has ex-
plored where the two approaches diverge and under
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what conditions or context one approach is more
effective than the other, evaluating and comparing
the validity and reliability of the two approaches
for classification tasks.

In this study, we explored the use of large lan-
guage models (LLMs) to detect gaming the system
in open-ended responses to self-explanation ques-
tions within a math digital learning game. We iden-
tified gaming behavior using both an embedding-
based and a prompt-based approach and compared
their performance. To understand where the two
approaches diverge, we conducted an error analy-
sis examining the types of errors each approach is
prone to, highlighting the context under which one
approach might be more efficient than the other.
Lastly, we applied the best-performing model to
the full dataset and conducted analyses to exam-
ine the relationships between gaming during the
self-explanation step and learning gains within this
learning system. By detecting gaming the system
in this additional context, we enhance our under-
standing of how broadly this phenomenon occurs
and enable learning technologies to intervene in a
wider range of contexts. Additionally, the compari-
son between the two approaches contributes to the
growing body of research on leveraging LLMs for
text classification.

2 Methods

2.1 Learning Platform and Data

Student log data were collected from Decimal
Point, a single-player web game designed to moti-
vate middle-school students to learn decimal con-
cepts (McLaren, 2024; McLaren et al., 2017). Stu-
dents wander through a virtual amusement park
and play a variety of mini-games that incorporate
decimal challenges, such as sorting decimals. In
the version of the game where the data was col-
lected, students were first asked to solve a problem
(problem-solving step) and then prompted to reflect
on how they solve the problem and explain their rea-
soning with an open-ended self-explanation ques-
tion (self-explanation step) (McLaren et al., 2022).
To assure that students expend at least minimal ef-
fort in answering the self-explanation questions,
the response needed to contain at least four words
with at least one of the words from a relevant list
(including common misspellings) that would legiti-
mately be found in a correct explanation. Students
could make multiple attempts and could only move
to the next question once the response meets these



criteria.

To investigate LLM’s ability at detecting gaming
in open-ended responses, we collected the text-
based responses submitted by 212 students and
delineated them into clips, with each clip contain-
ing all the attempts (responses) a student submitted
at answering a self-explanation question. In to-
tal, 2553 clips were extracted. We also collected
students’ pre-test, post-test, and delayed post-test
scores.

2.2 Coding Gaming the System

Text replay coding was conducted to establish
ground truth. In text replays, human coders ex-
amine each clip and determine the presence or
absence of gaming the system using a codebook
(Baker et al., 2006a). The codebook was developed
through an iterative process to ensure that the be-
haviors classified as gaming aligned with previous
conceptualizations (e.g. as defined in Baker et al.
(2008)) and were salient in the dataset. Through
this process, we developed a codebook consisting
of three criteria: (1) a low degree of semantic differ-
ence between consecutive responses — e.g. chang-
ing between highly related alternatives, (2) system-
atically cycling through modifications to responses
or potential multiple answers, and (3) making a
conceptual or functional change between responses
(e.g., identifying a concept versus suggesting an ac-
tion, trying to figure out what category of response
is needed without thinking through the question)
in conjunction with the previous two criteria. The
gaming criteria and examples are presented in Ta-
ble 1.

Using the codebook, two coders first indepen-
dently coded the same set of data to establish inter-
rater reliability (x = 0.8). Once consensus was
reached, the coders proceeded to code a total of
1,465 clips from 116 students, of which 8.9% were
positive (gaming) clips.

2.3 Approach 1: Detecting Gaming with
Sentence Embeddings

To train models that automatically detect gaming,
we first con-catenated textual responses from all
attempts within a clip, separating each attempt
with a period. We then vectorized the text using
two sentence embedding models: the Universal
Sentence Encoder Large v5 (USE) developed by
Google, which generates a 512-dimensional vec-
tor for each entry (Cer et al., 2018), and sentence-
embedding-3-short developed by OpenAl, which
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produces a 1,536-dimensional vector (Neelakantan
et al., 2022).

For each set of embeddings, we trained a neural
network model with one hidden layer to predict
the presence or absence of gaming. The models
were evaluated using 5-fold student-level cross-
validation. Model performance was evaluated us-
ing the average Area Under the Receiver Operating
Characteristic Curve (AUC) and Kappa.

2.4 Approach 2: Detecting Gaming using
Prompt-Based Model

For prompt-based methods, we leveraged both zero-
shot and one-shot prompting techniques, provid-
ing the GPT-4-turbo model with the definition of
gaming the system and the three criteria from the
codebook for zero-shot prompting, and the cor-
responding examples (as listed in the codebook)
for one-shot prompting. The exact prompt used
for zero-shot prompting is presented below. For
one-shot prompting, examples were added to the
prompt. The temperature was set to 0 to minimize
randomness. To account for the stochastic nature of
GPT, we ran the prompt three times to assess con-
sistency across iterations. The final prediction was
determined using majority voting across the three
outputs. The predictions were evaluated against the
ground truth using AUC and Kappa.

“Review the provided text and code it
based on the construct: gaming the sys-
tem. The definition of this construct is:
a maladaptive learning strategy where
students attempt to succeed by exploit-
ing properties of a learning environment.
Some criteria of gaming the system in
open-ended responses include: 1) a low
degree of semantic difference between re-
sponses, 2) cycling through multiple an-
swers/ modifications to their responses,
or 3) conceptual or functional change be-
tween responses (e.g., identifying a con-
cept versus suggesting an action) accom-
panied by the previous two criteria. After
reviewing the text, assign a code of °1’ if
you believe the text exemplifies gaming
the system, or a ’0’ if it does not. Your re-
sponse should only be °1” or ’0’. TEXT
TO BE REVIEWED: [TEXT]"



Gaming Criteria Attempt 1

Attempt 2 Attempt 3 Attempt 4

Minor Semantic Difference

I need to move it verti-

Move side to side

cally
Cycling through Modifications It will be 7.1 It will be 7.2 It will be 7.3 -
Conceptual or Functional Change Itis 1.7 Itis 1.9 By adding By subtracting

Table 1: Examples of gaming behaviors across multiple attempts.

3 Results

3.1

As shown in Table 2, with 5-fold student-level
cross-validation, the neural network model built
using sentence embeddings from the Universal
Sentence Encoder achieved an average AUC of
0.902 and a Kappa of 0.535. The neural net-
work model using sentence-embedding-3-short as
the encoder performed better, reaching an average
AUC of 0.935 and a Kappa of 0.564. In contrast,
the prompt-based model with zero-shot prompting
achieved an AUC of 0.699 and a Kappa of 0.345,
and an AUC of 0.754 and a Kappa of 0.358 with
one-shot prompting. We also recorded the number
of false positive and false negative cases for each
model, which is discussed in the next section.

Model Performance

3.2 Error Analysis

To examine differences in prediction accuracy
across the models, we conducted an error analy-
sis using both quantitative and qualitative methods,
counting the number of type I and type II errors
as well as reviewing the responses the models mis-
classified.

As shown in Table 2, both sentence embedding
models were more likely to make Type II errors
(false negatives) than Type I errors (false positives),
meaning they incorrectly assessed the student as
not gaming when the response actually demon-
strated gaming behaviors. In contrast, the prompt-
based models were more prone to Type I errors
(false positives) than Type II errors (false nega-
tives), predicting gaming when the student was not
actually gaming. Additionally, Type I errors were
twice as frequent for the prompt-based models com-
pared to the sentence embedding models.

To better understand where the models failed to
make accurate predictions, we examined the mis-
classified cases, analyzing responses in which there
was a discrepancy between the sentence embedding
approach and the prompt-based approach. Of the
1,465 responses, 178 were correctly classified by
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both sentence embedding models (Universal Sen-
tence Encoder and sentence-embedding-3-short)
but misclassified by at least one of the prompt-
based approaches. Among these, 25 had a true
label of gaming, and 153 had a true label of not
gaming.

Upon examining these cases, we identified sev-
eral patterns. One common pattern among false
positives for the prompt-based models was re-
sponses that are not considered gaming in this
particular dataset but could be considered gaming
if gaming were defined more broadly. For exam-
ple, some responses mentioned the use of hints.
In one instance where the prompt-based model
falsely classified the behavior as gaming, the stu-
dent (somewhat oddly) stated "Always remember
to use the hint button. It gives you the answer if you
click until it doesn’t say "next,” and you should get
the answer correct if you follow what it says." An-
other false positive example is when a student said,
"22.0. You have to add. 22.0. You can look at the
hints to find the answer. You can find this answer
by adding 17.6 + 4.4." In these cases, the prompt-
based model flagged the responses as gaming likely
due to mentions of hints, but they may not strictly
align with the definition of gaming behavior in this
specific context.

Comparing between zero-shot and one-shot
prompting for the false positive cases, we noticed
that the majority of cases misclassified by the one-
shot model were responses that repeated them-
selves without any semantic changes. For example,
when asked, "Is 0.2 bigger or smaller than 0.22?
How do you know?", a student responded, “It is
smaller. It is smaller.” The model with one-shot
prompting misclassified this as gaming, whereas
the zero-shot model correctly classified it as not
gaming, as there was no semantic difference be-
tween the two entries, and it didn’t imply a cycling
behavior.

A common pattern among false negatives for
the prompt-based model with zero-shot prompting
was that shorter responses lacked sufficient con-



Model AUC (stdev)  Kappa (stdev) False Positive  False Negative
Universal sentence encoder 0.902 (0.038) 0.535(0.087) 52 73
sentence-embedding-3-short  0.935 (0.026)  0.564 (0.088) 44 70
Prompt-based zero-shot 0.699 0.345 112 68
Prompt-based one-shot 0.754 0.358 169 48

Table 2: Classification results and total errors.

text for the model to accurately interpret gaming
behavior. For example, when asked the same ques-
tion, "Is 0.2 bigger or smaller than 0.22? How do
you know?" a student responded, "Smaller. Big-
ger. Bigger. Bigger. Smaller. Smaller because
0.22 has an extra digit than 0.2." Due to the brevity
of the response, the model may have struggled to
contextualize it properly, leading to a misclassifica-
tion. However, this is less frequent with one-shot
prompting, possibly because of the brevity in the
examples provided.

Altogether, these patterns suggest that the
prompt-based model may struggle with nuanced
cases where gaming behaviors depend on context,
leading to predictions that are not context-specific.
Specifically, it tends to misclassify responses that
mention hints or shortcuts as gaming, even when
they might not strictly fit the definition based on
the current operationalization. Compared to zero-
shot, one-shot prompting is also more prone to
Type 1I errors, misclassifying cases where students
repeat responses as gaming rather than as recycling
responses with minimal semantic changes. Con-
versely, prompt-based approach struggles to detect
gaming in shorter responses that lack sufficient con-
text, especially when examples are not provided.

The same qualitative approach was conducted
to evaluate the predictions of the embedding-based
models, focusing on responses that were correctly
classified by both prompt-based models but mis-
classified by at least one of the embedding-based
models. Of the 1,465 responses, 84 were correctly
classified by both prompt-based models (zero-shot
and one-shot) but misclassified by at least one of
the embedding-based models. Among these, 32
had a true label of gaming, and 52 had a true label
of not gaming.

By analyzing the false negative cases, we found
that, similar to zero-shot prompting, sentence-
embedding models are prone to Type II errors when
responses are brief and seemingly disjointed. This
issue is especially apparent when key explanatory
words (such as “because”) are missing. For exam-
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ple, when asked, “Is 0.456 to the left of O or to the
right of 0 on the number line? How do you know?”,
one student responded, “Right. 0.5. Left. 0.45.
0.45 to the right.” Another example comes from
the question, “Is 6.5 bigger or smaller than 6.41?
How do you know?”, to which a student responded,
“6.5 is smaller. 6.41 is smaller. 6.41 is bigger.”
These responses clearly reflect cycling behavior,
even though they lack explanatory words (such as
“because”) that directly address the question’s ex-
planatory prompt. Sentence-embedding models
failed to detect gaming in such cases possibly be-
cause they rely on overall semantic similarity to
the example cases (e.g., frequent usage of explana-
tory terms) and lack the contextual understanding
needed to recognize patterns like repetitive guess-
ing or cycling.

3.3 Gaming the System and Learning Gains

After applying the best model (the model trained us-
ing embeddings derived from sentence-embedding-
3-short) to the full dataset (2,553 clips), we
found that students’ detected frequency of gam-
ing was negatively correlated with the pre-test
(r = —0.233, p = 0.058), post-test (r = —0.312,
p = 0.010), and delayed post-test (r = —0.355,
p = 0.003). We found that gaming frequency
was not correlated with normalized learning gains
between the pre-test and post-test (r = —0.121,
p = 0.329), but was negatively and significantly
correlated with normalized learning gains between
the pre-test and delayed post-test (r —0.247,
p = 0.044).

4 Discussion and Conclusion

4.1 Main Findings

Self-explanation promotes deeper learning by help-
ing students articulate their reasoning and connect
new information with prior knowledge. Open-
ended self-explanation questions, in particular, fos-
ter more elaborative processing, allowing students
to address their unique knowledge gaps. However,



these benefits can be undermined when students
disengage and attempt to game the system. This
study addresses this challenge by introducing an au-
tomated approach to detect gaming in open-ended
responses using large language models (LLMs).
Specifically, we compare a sentence embedding-
based method with a prompt-based approach. By
identifying gaming behavior in real time, this
method can support targeted interventions, such
as adaptive feedback, to help students re-engage
and maximize the benefits of self-explanation.

Our results show that while all models
demonstrate reliable performance in detecting
gaming in open-ended responses, the sentence
embedding-based approach, particularly the Ope-
nAl sentence-embedding-3-short model, outper-
formed the prompt-based method, achieving an
AUC of 0.935 and a Kappa of 0.564. While the
prompt-based model was easier to implement, it
was more prone to false positives, frequently mis-
classifying responses that mentioned hints or re-
peated responses as gaming. These results high-
light the challenges of using prompt-based mod-
els for nuanced classification tasks, particularly
when the definition of the target behavior is context-
dependent

Additionally, both prompt-based and sentence-
embedding-based models struggled with shorter,
context-poor responses, leading to false negatives.
However, this issue can be attenuated with one-shot
prompting.

Overall, the comparison between the two ap-
proaches suggests that sentence-embedding is more
conservative in detecting gaming, making it more
prone to Type II than Type I errors, at least for this
application. On the other hand, the prompt-based
approach—possibly due to access to additional con-
textual information provided in the prompt is more
liberal and less context-specific, making it more
prone to Type I than Type II errors. These findings
may suggest a direction for future study to explore
the possibility of combining the two approaches
and leveraging them for their strengths. It is also
possible to adapt the model selection based on the
data as well as the desired outcomes.

Furthermore, we found that the frequency of de-
tected gaming behavior was negatively correlated
with students’ pre-test, post-test, delayed post-test
scores, and delayed learning gains, suggesting that
gaming the system in this context is also associated
with lower learning outcomes. This aligns with pre-
vious research that has consistently linked gaming
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behavior with reduced learning gains (Baker et al.,
2008; Cocea et al., 2009).

4.2 Future Work

We acknowledge the following limitations. First, it
is possible that the prompt-based model’s perfor-
mance may have been constrained by the limited
prompt engineering employed in this study, for
instance, not providing more specific context infor-
mation for self-explanations. Future work could ex-
plore more sophisticated prompting strategies, such
as few-shot learning, where the model is provided
with more than one labeled example to improve its
performance. Additionally, fine-tuning the LLM
on a domain-specific dataset could further enhance
its ability to detect gaming especially in contexts
where nuanced semantic understanding is critical.

Second, the generalizability of our findings may
be limited by the specific context in which gam-
ing is being operationalized. Future studies should
validate these approaches in other learning environ-
ments and with more diverse datasets. This would
help determine whether the observed patterns hold
across different digital learning contexts and stu-
dent populations.

Finally, while our study focused on detecting
gaming behavior, future research could explore the
possibility of distinguishing specific gaming behav-
iors (e.g., minor semantic differences or cycling
through modifications) and examine whether they
impact learning outcomes differentially.

4.3 Conclusion

In contrast to previous gaming detectors based on
interaction data, this study demonstrates the poten-
tial of using LLMs to detect gaming behavior in
open-ended self-explanation responses by identi-
fying gaming based on the semantic meaning of
text-based responses. Our findings suggest that
sentence embedding-based approaches are more
effective than prompt-based methods for this task,
possibly because the definition of gaming the sys-
tem is context-dependent. Consistent with prior
research, we found that gaming in open-ended self-
explanation questions is also negatively correlated
with learning gains, emphasizing its detrimental
impact and the need for intervention. The ability to
detect gaming in open-ended responses opens new
possibilities for intervention and support in digital
learning environments, helping ensure that students
engage meaningfully with self-explanation tasks
and achieve better learning outcomes.
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Abstract

This study examined whether embedding LLM-
guided reflection prompts in an interactive
Al-generated podcast improved learning and
user experience compared to a version with-
out prompts. Thirty-six undergraduates par-
ticipated, and while learning outcomes were
similar across conditions, reflection prompts re-
duced perceived attractiveness, highlighting a
call for more research on reflective interactivity
design.

1 Introduction

What if educational content could not only speak
to learners, but listen, adapt, interact, and assess
learning processes — like reflection — in real-time?
As learners increasingly disengage from traditional
materials like textbooks (Baron and Mangen, 2021),
large language models (LLMs) offer new oppor-
tunities to deliver content in more engaging, in-
teractive, and personalized formats, such as Al-
generated podcasts (Jin et al., 2025). Emerging
tools like NotebookLLM! illustrate growing public
interest in generative Al for learning.
Personalized learning with Al has been shown
to support self-regulated learning by encourag-
ing learners to plan, monitor, and evaluate their
progress (Shemshack and Spector, 2020; Molenaar
et al., 2023). Prior work demonstrates that person-
alized Al-generated podcasts based on college text-
books (tailored to learners’ majors, interests, and
instructional preferences) can enhance learning and
enjoyment compared to both textbooks and non-
personalized content (Do et al., 2025). However,
most Al-generated podcasts remain passive: learn-
ers can ask questions, but the system does not ini-
tiate interaction or assess learning to guide deeper
engagement. This represents a missed opportu-
nity, as structured interactivity has been shown to

"https://notebooklm.google/
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enhance engagement and active learning in other
domains (Laban et al., 2022).

More importantly, reflection is a critical compo-
nent of learning — it helps learners draw meaning-
ful and construct understanding in connection with
learning goals. Embedding structured, reflection
prompts into Al-generated podcasts could enhance
engagement and learning, but may also disrupt
learners’ concentration and flow, possibly reduc-
ing their effectiveness. Design trade-offs remain
unclear: when should reflection be prompted, and
how can learners’ responses be assessed in real-
time with Al-generated podcasts?

We investigated these questions in a controlled
experiment with a sample of 36 undergraduates,
comparing two conditions: Reflection, where an
Al-generated podcast periodically prompted learn-
ers to reflect and responded based on their input,
and Standard, where no reflection prompts were
prompted by the system. This study specifically
investigates an Al-generated podcast featuring a
single host, using two research questions: (1) Do
interactive—in this case, meaning a model that can
be freely interrupted, conversed with and asked
questions—reflection prompts improve learning
outcomes when incorporated into Al-generated
podcasts compared to standard Al-generated pod-
casts? and, (2) Do interactive reflection prompts
improve user experience when incorporated into
Al-generated podcasts compared to standard Al-
generated podcasts?

2 Related Work

Reflection is a key self-regulatory process that sup-
ports deeper learning and metacognitive awareness
by promoting learners to contemplate their under-
standing and connect it with previous learning ex-
periences. McAlpine et al. (1999) conceptualize
reflection as a goal-driven process in which learn-
ers continuously integrate knowledge and action.
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Building on this, recent work has explored whether
digital learning environments can scaffold reflec-
tion to improve learning outcomes. (Cloude et al.,
2021) examined the impact of reflective prompts in
a game-based learning environment with 120 ado-
lescents. Learners received one of three types of
reflection prompts during learning: progress plan-
ning, solution strategy, and different problem ap-
proaches. Findings showed that the quantity and
quality of reflections influenced learning, but their
effects varied depending on the learner’s goals.
Carpenter et al. (2021) further investigated re-
flection quality in middle-school students, using
a rubric to assess written responses on a S-point
scale ranging from non-reflective to highly reflec-
tive. Higher-quality reflections — those including
hypotheses, planning, and reasoning — were more
predictive of learning gains. However, these re-
flections were scored post hoc, underscoring a key
limitation in current research: the inability to eval-
uate and respond to reflection in real time. Cloude
et al. (2021) highlight the lack of theoretical clarity
around when and how to prompt reflection dur-
ing learning, a gap this work aims to address by
embedding structured, interactive prompts into Al-
generated podcasts. In our system, an LLM-driven
agent prompts learners to reflect and evaluates their
spoken responses to guide real-time support.
While prior studies have explored personalized
Al-generated podcasts for education, they have not
addressed reflection. Do et al. (2025) compared
generalized and personalized podcasts — generated
from textbook chapters using LLMs — to traditional
textbook reading on learning outcomes. Person-
alized podcasts, tailored to learners’ majors and
interests, improved enjoyment and learning out-
comes. Their systems used a multi-stage generation
pipeline with Gemini 1.5 Pro to convert textbook
content into conversational podcast scripts, which
were then synthesized using text-to-speech models.
Other work has explored Al-generated pod-
casts outside of education. Yahagi et al. (2025)
showed that transforming academic papers into Al-
generated podcasts lowered barriers to engaging
with academic literature. Similarly, Laban et al.
(2022) examined Al-generated podcasts for news
delivery and found that it enhanced enjoyment.
However, unlike our system, these podcasts lacked
interactive, reflective components and were not de-
signed for structured learning contexts. Together,
these lines of research inform our approach: we
integrate structured reflection prompts — adapted in

real-time by an LLM — into Al-generated podcasts
to support engagement, reflection, and learning dur-
ing listening.

3 Interactive Podcast Architecture

The technical implementation of our Al-generated
podcast system involves ingesting textbook content
and delivering an interactive podcast on demand.
The system supports two modes of interaction (Fig-
ure 1):

* Standard: The system delivers audio content
continuously from the textbook and allows
learners to interrupt at any time with questions
or comments. This interaction style is similar
to existing consumer podcast systems, such as
NotebookLM’s Interactive mode.

* Reflection: The system delivers audio content
and incorporates structured reflection prompts,
periodically pausing after key concepts are in-
troduced, and requiring the learner to demon-
strate understanding of the content before con-
tinuing in their spoken reflection.

Standard Reflection
Begin Begin
2

Agent Speaks €

v
Agent Speaks

A

User Reflection

End

Figure 1: Standard vs Reflection Interaction Modes.

The system architecture is shown in Figure 2.
The system consists of a Python backend for con-
tent generation, which hosts a LiveKit? room and
creates an agent for speech synthesis. LiveKit is
a platform for building Al-voice applications that
can interact with users over the web.

The frontend is built with React, Next.js, and
TailwindCSS, and connects to the backend to en-
able real-time communication with the system.

2https://livekit.io/
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Figure 2: A diagram of our system, adapted from LiveKit’s Agents Overview.

Based on these components, our system achieves
an average response latency of 300ms (d’Sa, 2024),
closely matching the pace of natural human con-
versation (Stivers et al., 2009). This low-latency
architecture, which we further detail below, enables
controlled comparisons between the two interac-
tion paradigms. To support reproducibility, we
have open-sourced the system; the code repository
is available on GitHub?.

3.1 Structured Summary

The system first ingests Chapter 1, Section 1.1
of OpenStax’s textbook Introduction to Philoso-
phy (Smith, 2022). Then, using GPT-4 Turbo, it
converts academic text into a structural and sum-
marized skeleton for the podcast, following the
summarization procedure outlined by Laban et al.
(2022). We found that using Laban et al.’s struc-
tured summarization approach to generate pod-
casts addressed several challenges, such as mate-
rial omission. When generating podcasts directly
from source text, we found that the model often
omitted important material and produced outputs
constrained by its context window, regardless of
input length. This created an artificial ceiling on
content length and limited scalability for longer
educational materials. By using a structured sum-
mary, where each section corresponds to a para-
graph from the original source, we were able to

*https://github.com/DU-DIVALab/tutorflow

generate each segment independently, ensuring
content coverage and improving quality, similar
to skeleton-of-thought (Ning et al., 2023). The
structured summary also improves interpretability,
providing transparency into the generation process
and facilitating easier debugging. It serves as a ref-
erence to track content coverage during the learner-
facing conversation.

3.2 Podcast Generation

The structured summary is first divided into seg-
ments according to its outline and then processed
by GPT-40-mini. Each segment is used to generate
corresponding portions of the podcast. Using Ope-
nAI’s GPT-4o text-to-speech (TTS) model with the
Alloy voice, the podcast is synthesized as natural-
sounding speech, incorporating appropriate pacing
and intonation based on the skeleton structure.

3.3 User Interaction and Reflection

We serve the content to the learner differently
depending on their current interaction context,
tracked via state machine. In the Reflection mode,
it monitors learner responses to assess their knowl-
edge of the topic and prompt reflections by ask-
ing: “So, what is the most important thing you’ve
learned so far?” at the end of each section, follow-
ing similar prompts by (Cloude et al., 2021). After
the learner responds to the reflection prompt, we
use a one-shot evaluation to determine whether the
response is suitable using a binary assessment (1 =
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demonstrates understanding, O = does not demon-
strate understanding). The learner’s answer is con-
sidered satisfactory if the prompt “demonstrates
awareness of their own knowledge” This is to en-
sure the learner cannot proceed with the audio ses-
sion simply by restating a keyword the model used
back to it, as previous work showed that domain-
specific words in reflections were not indicative of
the quality of reflection, but rather reflective depth
(Cloude et al., 2021).

We employed in-context learning (Dong et al.,
2022) using examples in the prompt to guide the
agent’s judgment. An example was if a learner
is listening to content about Confucius, and they
respond to a reflection prompt as “Confucius” to
the model, this—while technically not incorrect,
we guided learners to provide a more, detailed re-
sponse to demonstrate synthesis of their knowledge
to demonstrate a suitable reflection. For example,
a response to a prompt with “Confucius’ teachings
would be considered patriarchal by modern stan-
dards” demonstrates a learner’s understanding by
combining a facet of what the content learned with
how they contextualize the subject to present day.

It is important to note that the reflection prompts
are different from quizzes. The learner does not
need to mention everything they learned about the
topic, only by demonstrating their ability to syn-
thesize new understanding, the model deems their
engagement and reflection on the material. The bi-
nary satisfactory/unsatisfactory classification acts
as an elegant gate to guiding learner’s progress in
real-time to capture reflective depth, as opposed to
relying on keyword matching, while avoiding the
complexity of multi-dimensional rubrics. In the
Standard mode, our system continuously listens
for interruptions but otherwise continues speaking
until one occurs, and does not prompt the learner
to reflect. During learner interactions, the system
uses Deepgram for learner speech transcription,
and Silero VAD # to detect when learners were
speaking. Additionally, a fine-tuned SmolLM v2
model (Allal et al., 2025) predicts speech bound-
aries to support smooth turn-taking.

3.4 Podcast Interface

As shown in Figure 2, the web application displays
a decorative wave, an abstract animated visualiza-
tion of the generated speech that animates based
on the volume and cadence of the Al podcaster’s

*https://github.com/snakers4/silero-vad

voice. When the podcaster is silent, the wave ap-
pears as a flat line of dots. Learners begin the
session with their microphone automatically turned
on after granting permission through their browser.

4 Methods

4.1 Sample

To build on the methods used by Do et al. (2025),
we designed our study as an extension of their work
and used the same source material and measure-
ments. This study was approved by an Institutional
Review Board and a total of 36 (n=36; 42% fe-
male) college students enrolled at universities in the
United States were recruited through the Prolific
online marketplace. Participants were pre-screened
for English fluency and minimal prior knowledge
of the subject (Introductory Philosophy). We also
screened participants for technical requirements to
ensure they had a working microphone and speaker
for audio. One participant was excluded from our
analysis due to adversarial responses to reflection
prompts (e.g., “I hate bots and I hate them in the
work place [sic]”). Due to the added length intro-
duced by the interaction in the Reflection condition,
we limited the scope to a single textbook, Introduc-
tion to Philosophy (Chapter 1) (Smith, 2022), and
focused only on one subsection (Chapter 1.1), to
ensure a manageable session duration while main-
taining consistency with the original study design.

4.2 Procedure

The study consisted of a single 40-minute remote
session. Before the session, participants were ran-
domly assigned to the 1) Reflection or 2) Standard
condition. Next, participants completed a brief de-
mographic survey and were informed they would
interact with an Al-generated podcast to learn about
philosophy, after which we collected informed con-
sent. Participants were then directed to a web appli-
cation (described in Section 3) and guided through
an interactive Al-generated podcast lasting approx-
imately 15 minutes. Upon completion, the agent
provided a verbal code and displayed a popup in
the browser, enabling participants to proceed. They
were redirected to a survey, where they completed
the learning outcomes test and the User Experience
Questionnaire (UEQ). Participants were compen-
sated with $10 USD after finishing the study.
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4.3 Dependent Variables
4.3.1 Learning Outcomes

Learning was assessed using items from the post-
chapter test bank from the OpenStax textbook”.
The assessment items included seven multiple-
choice questions from the Section 1.1 test bank.
Due to the small number of multiple-choice ques-
tions for the single subsection, we included adapted
three open-response items into multiple-choice
questions, known as “Review Questions” (Smith,
2022), resulting in a total of 10 questions (see
adapted items in Appendix B). Statistical analysis
revealed no significant score differences between
the original and supplemental items (ps > .05).

4.3.2 User Experience

User experience was measured using the User Ex-
perience Questionnaire (UEQ) (Laugwitz et al.,
2008) immediately after the audio session, specifi-
cally the Attractiveness and Stimulation subscales
(see Appendix A). These subscales gauge the over-
all appeal and engagement of user’s experience
during the interaction, respectively. The UEQ em-
ploys a 7-point anchored Likert scale using adjec-
tive pairs such as “Annoying—Enjoyable” for Az-
tractiveness and “Demotivating—Motivating” for
Stimulation. We measured Attractiveness and Stim-
ulation by averaging item scores within each sub-
scale.

5 Results

Before conducting statistical analysis, we assessed
whether our data adhered to a normal distribution
using histograms and the D’ Agostino-Pearson test,
which suggested that our data were normally dis-
tributed across all variables (K2 = 2.56, p = .28).

5.1 Research Question 1

To address our first research question, do interac-
tive reflection prompts improve learning outcomes
when incorporated into Al-generated podcasts com-
pared to standard Al-generated podcasts, we calcu-
lated a two-sample ?-test to compare whether there
were differences in learning outcomes between Re-
flection and Standard conditions. The results sug-
gested that there were no differences in learning
outcomes between Reflection and Standard condi-
tions, £(34) = 0.89,p = 0.38, D = 0.29.

SWe do not provide the questions and answers for the
knowledge retention questionnaires due to OpenStax policy.

Verified educators from academic institutions may access test
banks directly through OpenStax.

5.2 Research Question 2

To address our second research question, do inter-
active reflection prompts improve user experience
when incorporated into Al-generated podcasts com-
pared to standard Al-generated podcasts, we cal-
culated 2 separate two-sample ¢-tests to compare
whether there were differences in user experience
subscales: attractiveness and simulation. The re-
sults suggested there was a significant difference in
Attractiveness, t(34) = 2.26,p = 0.03, D = 0.75,
where the Standard condition rated the experience
more favorably than the Reflection condition (Fig-
ure 3). Conversely, there were no significant differ-
ences in Stimulation, t(34) = 1.31,p = 0.20, D =
0.44, between the Standard and Reflection condi-
tions. Descriptive statistics are in Table 1.

Table 1: Dependent variable descriptive statistics by
condition.

Learning  Attractiveness Stimulation
Reflection 5.89 (1.94) 26.22 (4.58) 21.22 (3.68)
Standard  6.50 (2.06) 29.56 (4.00) 23.17 (4.87)

Note. Means and (standard deviations) are provided.

Attractiveness by Condition

Attractiveness
N N
o w

-
w

10

Reflection Standard

Condition

Figure 3: Attractiveness ratings across conditions.

6 Discussion

Personalized learning via interactions and reflec-
tion prompts are both recognized as valuable
tools to enhance engagement and active learning
(Sahronih et al., 2019) (Zhai et al., 2023). We im-
plemented reflection prompts guided by (McAlpine
et al., 1999)’s model of reflection and empiri-
cal literature suggesting that deeper reflection en-
hances learning, as supported by prior research
that included no evaluation of responses in real-
time (Cloude et al., 2021; Carpenter et al., 2021).
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To build on this, our system applied a one-shot eval-
uation to judge learners’ understanding based on
their spoken reflections. Our study sought to ex-
plore whether integrating reflection prompts within
an interactive, Al-generated educational podcast
would improve user experience and learning out-
comes compared to a standard, interactive Al-
generated podcast.

Our first research question revealed that interac-
tive, Al-generated podcasts with reflection prompts
did not significantly improve learning outcomes
compared to those without reflection prompts. This
result contrasts with previous research, which
found that reflection enhanced learning outcomes
in game-based environments (Cloude et al., 2021;
Carpenter et al., 2021). One explanation could be
the nature of the prompt, which asked learners to
recall factually relevant information rather than pro-
moting reflection in relation to learning goals or
planning, which encourages more thorough reflec-
tion and which is required by a game-based environ-
ment. Another possibility is that while reflection
may be a useful tool for Al-generated podcasts,
simply relying on the LLM to guide the reflection
process without accounting for the learning goals
or knowledge state of the learner may not be ef-
fective for promoting reflection with interactive
Al-generated podcasts.

In our second research question, we found that
the reflection prompts with an interactive, Al-
generated podcast significantly reduced Attractive-
ness ratings compared to the standard Al-generated
podcast condition. This indicated that the interac-
tive elements in the Reflection condition may have
disrupted the learners’ flow and enjoyment during
audio-based learning. This is different than previ-
ous research (Wang et al., 2025), which found that
perceived interactivity and reflection boosted en-
joyment and facilitated more active learning. The
lack of significant differences for Stimulation sug-
gests that the reflection intervention, despite its the-
oretical foundation in enhancing learning through
reflective scaffolding (McAlpine et al., 1999), did
not measurably improve user experience or learn-
ing outcomes in our study. Effective podcast-based
reflections with LLMs likely require more detailed
scaffolding, such as fine-tuning the model to pro-
vide automatic, tailored feedback that is based on
learners’ individual goals and current knowledge
state. Future work should focus on developing
stronger guidance methods to support reflection.
This addresses a limitation identified by Do et al.,

who reported that participants desired "opportuni-
ties for active engagement" with Al-generated pod-
casts (2025), and suggests that while the specific
implementation of reflection prompts may have
detracted from the user experience, the general con-
cept of interactive learning remains appealing to
learners. The challenge appears to be finding the
right balance between maintaining content flow and
providing meaningful opportunities for reflection
that effectively support learning.

6.1 Limitations

This study has important limitations to consider.
First, our sample size of 36, which may limit the
statistical power and generalizability of our results.
Moreover, the focused scope of the content being
taught (one section of a chapter) may not fully
represent how reflection impacts learning across
different subjects. Furthermore, our reflection re-
sponses were evaluated using a binary metric (un-
derstood/not understood) rather than evaluating the
depth of reflection. This methodological constraint,
though appropriate for our specific learning con-
text, may have reduced the potential effectiveness
of the reflection intervention compared to more
elaborate implementations with different types of
prompts. There are likely degrees to understanding
which learning tools often fail to capture. Perhaps
a human learner may feel more inclined to skip
content they aren not understanding only to return
to it later. Finally, the learner was exposed to the
content for only 15 minutes, which may have re-
duced their learning and reflection due to the short
nature of that task.

6.2 Future Work

Future research should explore alternative ap-
proaches for incorporating reflection and interac-
tion in Al-generated podcasts. Developing adaptive
reflection systems using LL.Ms that dynamically
adjust based on learner engagement and metacog-
nition would be a promising direction. Future
work should investigate the use of LLMs for more
fine-grained grading approaches for reflection qual-
ity, moving beyond binary assessments to evaluate
responses with greater nuance. Additionally, in-
vestigating whether multi-modal data could better
inform interaction and how to prompt reflections
(e.g., eye movements, physiology, facial expres-
sions, prior reflection quality, etc.) to enhance un-
derstanding.
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A User Experience Questionnaire

All items were assessed on a 7-point scale, with the
terms as anchors, adapted from (Laugwitz et al.,
2008).

Attractiveness

Annoying — Enjoyable

Bad — Good

Unlikeable — Pleasing

Unpleasant — Pleasant

Unattractive — Attractive

Unfriendly — Friendly

Stimulation

Inferior — Valuable

Boring — Exciting

Not interesting — Interesting

Demotivating — Motivating

B Review Questions

We adapted three additional questions from the
free-response items in (Smith, 2022) into multiple-
choice format, alongside the chapter questions.

1. What characteristics are essential for being
identified as a “‘sage’?

a) Upholding social norms and exercising political
power

b) Seeking profound understanding through
critical inquiry and providing foundational insights
¢) Mastering persuasive rhetoric and accumulating
significant wealth

d) Adhering to religious doctrines and conducting
spiritual rituals

2. What does it mean for philosophy to ‘have
an eye on the whole””?

a) Rejection of traditional narratives through
empirical investigation

b) Fusion of mystical beliefs with systematic
logical analysis

¢) Skeptical inquiry into established wisdom and
foundational explanations of reality

d) Emphasis on practical skills for societal and
technological advancement

3. Which philosopher held that moral behavior
and social harmony were linked to the natural
order?

a) Confucius

b) Pythagoras

¢) Thales

d) Yajnavalkya
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Abstract

This paper explores how generative Al can enhance
formative assessment practices in K—12 education. It
examines emerging tools, ethical considerations, and
practical applications to support student learning, while
emphasizing the continued importance of teacher
judgment and balanced assessment systems.

1 Introduction

The rapid evolution of generative artificial
intelligence (AI) tools, such as ChatGPT,
Microsoft Copilot, and Perplexity Al, has
catalyzed significant opportunities in education.
While student adoption of these tools has grown
swiftly, many educators remain inexperienced in
their use (University of Illinois, Urbana-
Champaign, 2024). This disparity underscores the
urgency of examining how Al can responsibly
enhance teaching and learning.

Formative assessment, understood as an
ongoing process of gathering and using evidence
to inform instruction, presents a promising
domain for Al integration (Hopfenbeck et al.,
2023). Persistent challenges—such as large class
sizes, variability in teacher expertise, and limited
time for individualized feedback—suggest that Al
could serve as a valuable partner in extending
teachers’ capacity. At the same time, integrating
Al raises issues of bias, equity, accessibility, and
privacy.

2 Defining the Formative Assessment
Process

Formative assessment is not a product or event but
a planned, ongoing process in which teachers and
students collaboratively use evidence of learning
to improve understanding and guide instruction
(Michigan Assessment Consortium, 2017;

Renaissance, 2021). Distinct from summative
assessment, which evaluates learning at the end of
instruction, formative  assessment  occurs
continuously during instruction, is low-stakes,
and prioritizes descriptive feedback to support
improvement (Michigan Assessment Consortium,
2017, 2018, 2024a).

Key elements include clarifying learning
goals and success criteria, eliciting and analyzing
evidence of student thinking, providing actionable
feedback, engaging students in peer and self-
assessment, and adjusting instruction based on
emerging evidence (Michigan Assessment
Consortium, 2021).

This process-orientation positions students
as active agents of their own learning, co-
constructing goals, monitoring progress, and
making decisions about next steps.

Realities in
Formative

3 Opportunities and
Implementing the
Assessment Process (FAP)

Despite broad support in the literature (Black &
Wiliam, 1998; Hattie & Timperley, 2007), several
barriers exist in the widespread and effective use
of formative assessment. These include:

Time and Workload: Providing high-
quality, individualized feedback for large classes
is often untenable (Gamlem & Vattoy, 2023).
Teachers resort to general or delayed comments,
undermining formative intent.

Variability in Teacher Assessment
Literacy: Many educators lack adequate training
in assessment design and data interpretation
(Wylie & Lyon, 2015). Misunderstandings
persist, with some equating formative assessment
only to ungraded quizzes.

Equity and Contextual Barriers: In some
settings, cultural norms, oversized classes, or
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limited resources inhibit practices such as peer
feedback and student-centered dialogue (Halai et
al., 2023).

Sustainability: Designing rigorous tasks,
interpreting evidence, and maintaining feedback
cycles require expertise and planning time that
teachers often lack (Schmoker, 2011).

Without adequate support, formative assessment
struggles to scale beyond isolated classrooms.
These challenges create fertile ground for Al
assistance (Swiecki et al., 2022; Zhai & Nehm,
2023).

4 The Role of Generative Al in the FAP

Al can provide immediate, descriptive, and
individualized  feedback, increasing both
timeliness and frequency (Maksimchuk & Penton
Herrera, 2025). Studies show Al feedback can
align well with rubric criteria and reduce teacher
burden, though human feedback remains superior
in accuracy and tone (Steiss et al., 2024). Al
works best in partnership with teachers—offering
preliminary feedback that educators review and
adapt.

Dialogic interaction is a unique advantage:
students can query Al for clarification, examples,
or alternative explanations, fostering self-
regulation and deeper learning (Mahapatra, 2024).
Yet concerns persist about accuracy, tone, and
potential bias, underscoring the importance of a
“human-in-the-loop” approach (Mollick, 2024).

4.1 Al as a Tool for Designing Prompts

Teachers can use Al to generate formative tasks,
unpack standards, and create authentic prompts
aligned with learning goals (Black & Wiliam,
1998). Al serves as a co-designer, producing first
drafts of questions, rubrics, or feedback stems,
which teachers refine. Tools like the Kent ISD
“Al for Assessment” prompt library exemplify
efforts to guide teachers in effectively harnessing
Al (Maksimchuk, 2025). Importantly, Al can also
flag potential cultural biases in assessment
materials.

4.2 Al as a Student Partner in
Reflection and Peer Feedback

Al can support student self-regulation by
prompting metacognitive reflection and providing
personalized explanations. It may also function as
a “peer” in giving feedback or serve as material
for critique—students assess Al-produced
responses, sharpening their understanding of
success criteria (Wang & Fan, 2025). Proper
training is essential so students engage with Al as
a learning aid rather than a shortcut.

4.3 Al for Teachers’ Growth

Using Al requires teachers to articulate learning
targets and success criteria clearly, reinforcing
assessment literacy. Teachers can leverage Al for
rubric creation, item analysis, or exploring

alternative formative strategies, effectively
turning the technology into embedded
professional learning (Michigan Assessment

Consortium, 2024a). Over time, Al can act as a
coaching tool, offering guidance on question
quality, instructional adjustments, and data
interpretation.

5 Ethical and Equity Considerations
Integrating Al into assessment requires attention
to fairness, accessibility, and privacy.

Al outputs may privilege dominant cultural or
linguistic norms, disadvantaging English
language learners or misinterpreting diverse
perspectives (University of Illinois, Urbana-
Champaign, 2024; University of Texas at Austin,
2025). Teachers must review outputs critically
and guide students in recognizing potential bias.

Accessibility: Al must be inclusive for students
with disabilities and multilingual learners,
ensuring equitable participation.

Data Privacy: Compliance with FERPA and
ethical data practices is essential. Student work
and learning data must be safeguarded.

Equity Lens: The Michigan Assessment
Consortium’s ~ Components  of  Equitable
Assessment Systems (2024b) framework stresses
centering equity in Al use. Educators should
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ensure Al augments, rather than undermines,
fairness in feedback and instructional decisions.

6 Case Studies and Practical
Applications

Several examples illustrate Al’s formative

potential:

e High School English: Al-generated
feedback on student writing increased
revision cycles and student engagement,
though teacher review was still critical.

e Mathematics: Teachers co-designed
assessments with Al, generating varied
question types aligned with learning
targets and identifying misconceptions.

e Science Inquiry: Students engaged Al as
a partner in developing and refining
hypotheses, receiving iterative feedback
during investigations.

Across cases, Al supported timely feedback,
diversified assessment strategies, and fostered
greater student ownership of learning. Teachers
emphasized the importance of guidance, critical
evaluation, and contextual adaptation.

7 Recommendations

For School Leaders

e Provide professional development that
pairs Al tool use with deepening
assessment literacy.

e Ensure equitable access to Al-supported
learning tools across all schools and
communities.

o Establish clear ethical guidelines for Al
use in classrooms.

For Teachers

e Use Al to supplement, not replace, human
feedback and professional judgment.

e Involve students in critiquing Al
feedback to foster critical thinking.

e Collaborate with colleagues to share
effective prompts and strategies.

For Policymakers

e Incorporate Al literacy into educational
standards.

e Fund research and pilot programs
evaluating AI’s impact on formative
assessment and equity.

e Address infrastructure  gaps  so
underserved schools can access Al
resources.

e Adapt assessment and accountability
policies to encourage responsible Al use
in classrooms.

8 Conclusion

Generative Al offers a powerful means to
strengthen formative assessment by making
feedback more immediate, personal, and
interactive; supporting teachers in prompt and
rubric design; and building assessment literacy
among educators. Yet, the promise of Al is
balanced by risks related to bias, privacy, and
equity.

The future lies in a human-driven, Al-augmented
classroom where teachers retain responsibility for
instructional judgment, empathy, and relational
pedagogy, while Al expands opportunities for
feedback, reflection, and differentiation. As the
field moves forward, iterative, evidence-based
implementation will ensure that Al in formative
assessment fulfills its potential to inform and
improve learning for every student.
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Abstract

Collaborative argumentation enables students
to build disciplinary knowledge and to think
in disciplinary ways. We use Large Language
Models (LLMs) to improve existing methods
for collaboration classification and argument
identification. Results suggest that LLMs are
effective for both tasks and should be consid-
ered as a strong baseline for future research.

1 Introduction

Collaborative argumentation is a key mechanism
through which students engage in critical thinking
and co-construct knowledge during classroom dis-
cussions (Larson, 2000; Reznitskaya and Gregory,
2013). Because well-facilitated discussions are a
cornerstone of effective instruction, they are fre-
quently a target of measurement (Matsumura et al.,
2008; Hill et al., 2008; Reznitskaya and Wilkin-
son, 2021; Bouton and Asterhan, 2023). However,
large-scale human evaluation is costly and chal-
lenging due to the complexity of collaboration and
argumentation in multi-party dialogue. Thus, Al
methods — across a range of measurement frame-
works — are being developed to automatically as-
sess classroom dialogue quality (Wang and Dem-
szky, 2023; Xu et al., 2024; Kelly et al., 2018), and
to develop tools for improving dialogic teaching
aimed at teachers (Lugini et al., 2020; Suresh et al.,
2021), coaches (Wang and Demszky, 2023), and
learning scientists (Tran et al., 2024b).

The tasks of computationally analyzing students’
collaboration and argumentation in a classroom
discussion are challenging (Olshefski et al., 2020;
Lugini and Litman, 2020; Wang and Chen, 2024;
Shiota and Shimada, 2022). For our dataset (ex-
ample in Table 3 and details in Section 3), col-
laboration analysis involves classifying every stu-
dent turn as relevant to collaborative argumentation
(e.g., initiating a new idea or challenging another

student’s claim) or not (non-argumentative). Ar-
gumentation analysis can be further divided into a
pipeline of two subtasks. The first involves identify-
ing spans of text consisting of argument discourse
units (ADUs), i.e., argument component detection
(ACD). The next subtask, argument component
classification (ACC), focuses on assigning a label
(Claim, Evidence, Warrant) to each ADU .

While computational argument mining is an ac-
tive research area (Stede and Schneider, 2019;
Lawrence and Reed, 2020), relatively little work
has been done on collaborative discussions. Also,
prior work often omits ACD and takes already iden-
tified argument components as input, and thus fo-
cuses on only argument component classification
(ACC) rather than on end-to-end argument mining
(Deguchi and Yamaguchi, 2019; Tran and Litman,
2021). Finally, argument component classification
is often treated as a sequence labeling task, but it
needs extensive finetuning and offers limited con-
trol over the output, especially when capturing rela-
tionships between components (Schulz et al., 2019;
Alhindi and Ghosh, 2021).

To address these challenges, we leverage Large
Language Models (LLMs) for two key tasks in as-
sessing collaborative argumentation in classroom
discussions. LLMs offer strong generative capabil-
ities, enabling effective classification and sequence
labeling with minimal annotated data. For collab-
oration classification, we replace traditional clas-
sifiers with LLMs and compare multi-class versus
binary prompting strategies. For end-to-end argu-
mentation identification, we use LLMs to jointly
segment and classify argument components. Our
study aims to answer the following questions:
RQ; Is LLM effective for collaboration classifica-

tion?
R@Q, Can we use LLM to perform end-to-end ar-
gument identification, and how good is it?

'We use ADU and argument component interchangeably.
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Our contributions are two-fold. First, we show
that few-shot prompting enables LLMs to outper-
form a BERT-based collaboration classifier trained
on significantly more annotated data, with binary
prompting proving more effective than multi-class
classification. Second, we show that LLMs can
perform end-to-end argument identification, with
our structure-focused evaluation highlighting their
effectiveness under a simplified argument scheme
(i.e., at most one Claim, Evidence, or Warrant).

2 Related Work

Much of the prior work on argument mining ad-
dressed the problems of argument segmentation
(i.e., identifying ADU boundaries), component
classification, and relation identification modeled
in a pipeline of subtasks (Potash et al., 2017; Nicu-
lae et al., 2017). However, many of them assume
the availability of segmented argumentative units
and do the subsequent tasks such as classification
of argumentative component types (Lugini and Lit-
man, 2018, 2020; Garcia-Gorrostieta et al., 2018),
and argument relation identification (Ghosh et al.,
2016; Gemechu et al., 2024; Contalbo et al., 2024).
We perform argument component segmentation and
classification simultaneously by utilizing LLMs.

Previous work on argument segmentation in-
cludes approaches that model the task at a sur-
face level by classifying sentences as argumen-
tative or non-argumentative (Ajjour et al., 2017;
Chakrabarty et al., 2019). At a more fine-grained
level, there are studies that use heuristics to identify
argumentative segment boundaries (Wachsmuth
et al., 2016). Prior work also treats the task as
a sequence labeling task by performing token-level
classification to directly identify the type of the ar-
gument component and achieves promising results
(Schulz et al., 2019; Alhindi and Ghosh, 2021).
Additionally, multi-task learning, which utilizes
other NLP tasks such as part-of-speech tagging
or datasets from other domains, is a widely used
tool to further boost performance of argument com-
ponent classification (Daxenberger et al., 2017;
Schulz et al., 2018; Mensonides et al., 2019). Un-
like these approaches, we do not formulate the argu-
ment identification task as a token-level sequence
labeling task. Instead, we consider it a text gener-
ation task by leveraging LL.Ms, which have been
shown to be effective at text span extraction (Tran
et al., 2024a; Wang et al., 2025).

Since LLMs such as GPT-4 (OpenAl et al.,

2024), Llama (Grattafiori et al., 2024), and Mistral
(Jiang et al., 2023) have outperformed pretrained
language models (PLMs) such as BERT (Devlin
et al., 2019) in many natural language processing
(NLP) tasks, there has been growing interest in
leveraging them for argument mining and text ex-
traction. Kashefi et al. (2023) uses GPT-3 for claim
and premise detection, but it is only a classifica-
tion task on the sentence level. Chen et al. (2024b)
explores the potential of LLMs in many argument
computation tasks, but does not cover joint tasks
such as end-to-end argument identification. Pichler
et al. (2025) and Lin and Koedinger (2024) demon-
strate that LLMs are effective in sequence labeling
if they are prompted appropriately, but they do not
test them in the context of argument mining. Our
work leverages LLLM for analyzing collaborative
argumentation, focusing on 2 tasks: collaboration
classification and argument identification.

3 Data

We use Discussion Tracker (DT)?, publicly accessi-
ble classroom discussion data annotated for collab-
orative argumentation (Olshefski et al., 2020), for
our experiments. The DT data comprises 90 tran-
scribed multi-party discussions conducted in Amer-
ican high school English Language Arts classes.
We use two subsets from the corpus. They were
collected in 2019 (29 transcripts) and 2022 (61 tran-
scripts) using the same annotation guidelines, so we
refer to them as DT_19 and DT_22, respectively.
We use the data for two tasks: collaboration
code classification and argumentation identifica-
tion. Students’ talk at the turn level was anno-
tated for collaboration, and talk at the argument
discourse unit (ADU) level was annotated for argu-
mentation. Specifically, argumentative turns were
annotated with one of four collaboration codes:
New Idea, Agreement, Extension, and Challenge;
turns that contained no substantive argumentation
were labeled with the collaboration code None. Ar-
gumentative turns were further segmented into ar-
gument discourse units (ADUs), which were la-
beled for argument types: Claim, Evidence, or War-
rant. Annotators were instructed not to segment
turns into multiple claims or multiple units of evi-
dence, and every word belongs to one ADU (i.e., no
gaps between ADUs). As a result, each segmented
ADU is considered an argument component.
Definitions of collaboration and argumentation

Zhttps://discussiontracker.cs.pitt.edu
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coding are in Tables 1 and 2. Table 3 shows an
annotated transcript, while statistics are in Table 4.

4 Method

We use few-shot prompting to instruct a LLM to
tackle the tasks, using the prompts in Tables 5 and
6. The few-shot examples are not from the test
set; they are either from the training set (cross-
validation) or from a different DT corpus (e.g., us-
ing examples from DT_19 to test on DT_22).

4.1 Collaboration Classification

The collaboration task involves classifying a stu-
dent’s turn into 1 of 5 classes: Non-Argumentative
(None), New Idea, Agreement, Extension, Chal-
lenge. We utilize LLMs in two approaches.

LLM-multi. We treat the task as standard multi-
class classification. Specifically, we ask the LLM
which of the 5 classes it thinks the turn belongs
to. The prompt includes the instruction, definitions
of the 5 classes, and 10 few-shot examples. Each
few-shot example consists of a turn and its correct
class. We have 2 examples for each of the 5 classes.

LLM-binary. Although not specifically fo-
cused on collaboration classification, prior work
has shown that utilizing LLM is more effective at
binary classification compared to multi-class clas-
sification on classroom discussion data (Tran et al.,
2024b). Thus, we perform 4 binary classification
tasks for each student’s turn. For an argumenta-
tive class X (New Idea, Agreement, Extension, and
Challenge), we ask the LLM a yes/no question
about whether the turn is considered X by provid-
ing it with X’s definition. We call the set of the
remaining argumentative classes except X as S. For
instance, if X is New Idea, S = { Agreement, Ex-
tension, Challenge}. For few-shot examples, we
provide 5 examples where a turn should be pre-
dicted as X (positive examples) and 5 examples
where it should not be (negative examples). In the
5 negative examples, we use 1 example where the
turn’s gold-standard class is s; for all s; € S and
2 examples where the turn’s class is None. For the
final turn-level prediction, if the LLM predicts ‘no’
for all of the 4 argumentative classes, it is a non-
argumentative turn (None). If there is more than
one class predicted as ‘yes’, we select one with the
highest probability, p(yes|X).

4.2 Argumentation Identification

This task is typically approached as a two-step
pipeline applied to argumentative student turns.

The first step, argument component detection
(ACD), involves identifying spans of text that con-
stitute argument discourse units (ADUs). The
second step, argument component classification
(ACC), assigns a label (Claim, Evidence, or War-
rant) to each identified ADU. One way to solve
two subtasks simultaneously is to treat them as a
sequence labeling task using the BIO scheme (Be-
ginning, Inside, or Outside) (Schulz et al., 2019;
Alhindi and Ghosh, 2021). Specifically, instead of
segmenting the text into ADUs first, we can con-
duct a token-level® classification task to identify
the type of the argument component (e.g., B/I to-
kens from claim, evidence, and warrant) directly
by joining the first and the second sub-tasks in a
single task (i.e., B-Claim, I-Claim, B-Evidence, ...).
See Figure 1 for an illustration of the BIO conver-
sion. However, since LLMs are potent tools for
following human instructions, prior work utilizing
LLM:s for sequence labeling employs generative
approaches instead of performing the traditional
token-level classification task (Lin and Koedinger,
2024; Wang et al., 2025). Also, due to the nature
of the dataset, every word in an argumentative turn
belongs to either Claim, Evidence, or Warrant (i.e.,
no O labels are present). Thus, we treat the task
as a text generation task for the LLMs to perform
both ACD and ACC tasks simultaneously.
LLM-auto. We let the LLM extract non-
overlapping text spans of the target turn into C,
E, and W. Because 95% of turns had a collabo-
rative relationship with turns within the previous
four turns (Olshefski et al., 2020), we provide four
previous turns for the dialogue context, along with
the definitions of C, E, and W for reference. The
output is formatted as Claim: {claim_span}, Evi-
dence: {evidence_span}, Warrant: {warrant_span}.
Because an argumentative turn does not necessar-
ily consist of all three segments (e.g., only C and
E), the output text spans can be empty. We also
ensure that all segmentation scenarios are covered
in the few-shot examples by including at least one
example for each class combination. Specifically,
if we consider a scenario as a combination of C, E,
and W, along with their order of appearance in the
text from left to right, there are 10 scenarios in the
dataset: (C), (E), (C, E), (E, ©C), (C, W), (E, W),
(C,E, W), (C,W, E), (E,C, W), and (E, W, C). We
provide one example for each of the scenarios.

LLM-refine. Previous studies show that (i)

3We use words as tokens.
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LLM is more effective with more detailed instruc-
tions (Tran et al., 2024b) and (ii) LLM is good
at judging LLM’s generated answers (Chen et al.,
2024a; Huang et al., 2025). We assume that LLM
is better at the task when the correct combination
of C, E, and W is provided. In other words, if
the LLLM knows that the turn only contains C and
E, it provides a better segmentation than it does
without that information. First, we use LLM to
generate multiple argument segmentations (LLM-
gen) given the combinations of C, E, and W (e.g.,
segment the text into Claim and Evidence). We
ignore the ordering of C, E, and W in the combi-
nation, but instead provide different orderings in
the few-shot examples. Therefore, each turn will
be segmented into one of the following six com-
binations: (C), (E), (C, E), (C, W), (E, W), (C, E,
W). Since (C) and (E) simply require marking the
entire turn as C or E, we do not need LLM to do so.
As a result, each turn will be segmented into four
different ways by the LLM. The prompt for the
first step consists of four previous turns as the dia-
logue context, the definitions of C, E, and W, and
a specific argument combination we want to split
the text into. The second step, the refinement step
(LLM-judge), involves selecting the most suitable
segmentation from the six generated options. To
do so, we consult another LLM to select the best
segmentation from the six options.

LLM-acc. Since prior work often only focused
on the argument component classification (ACC)
task (Lugini and Litman, 2020; Kashefi et al., 2023;
Garcia-Gorrostieta et al., 2018; Hidayaturrahman
et al., 2021) and assumed that the correct segmen-
tation is given, we additionally conduct an experi-
ment on using LLM specifically for argument com-
ponent classification. For an ADU, we prompt the
LLM to classify it as C, E, or W. Similar to other
LLM approaches, we provide the 4-turn dialogue
context, definitions of C, E, and W, along with 9
few-shot examples (3 of each type C, E, and W).

5 Experimental Setup

5.1 Baseline Models

Collaboration. We train a BERT model to predict
whether a turn is either a New Idea, Agreement,
Extension, Challenge, or Non-argumentative.

Argumentation. For the argument component
classification task in which the correct argument
component segmentation is provided, we compare
our LLM’s results (LLM-acc) with results from

a BERT-based model utilizing local context and
speaker context from Lugini and Litman (2020)
(BERT-context). For the downstream argument
identification task (argument segmentation + clas-
sification), we follow prior work and use BERT for
sequence labeling as a baseline (Schulz et al., 2018;
Kashefi et al., 2023). We call it BERT-BIO, which
employs a BIO classification scheme to identify
and classify argument components. We use BERT
as the base transformer model and train a token-
level classifier head on top. This baseline aims to
label each token as B-Claim, I-Claim, B-Evidence,
I-Evidence, B-Warrant, or I-Warrant.

We note that the BERT-context’s results are from
a publication using an older version of the DT_19
data (Lugini and Litman, 2020), which is no longer
available. Our DT_19 version, which is corrected
for better consistency, has 10 more ADUs (3145
versus 3135) compared to their version. However,
because the difference is small, we still use the pre-
viously published BERT-context results to compare
with our models’ performance on the DT_19 data.

All BERT models are bert-base-uncased*.

5.2 Experiment and Evaluation

We compare the performance of LLM and baseline
approaches to answer the two research questions.
mentioned in Section 1.

For collaboration prediction and argument com-
ponent classification, we use the F; score as our
evaluation metric since it is a standard multi-class
classification task. We also report results in predict-
ing Argumentative and Non-Argumentative turns.

For argument identification (segmentation + clas-
sification), due to our limited resources, we only
conduct experiments on the larger corpus DT_22.
After converting LLM’s outputs to the word-level
BIO format (see Figure 1 for an example), we can
treat the task as a word-level classification task and
compute the weighted F; score. We decided to use
weighted F; because finding the exact boundaries
of each segment is not essential empirically.

We also propose a new metric for argument iden-
tification on the component level. In a real-world
application of an automated argument identification
system (e.g., creating teacher dashboard analytics
such as how many student claims were supported
by evidence (Lugini et al., 2020)), it is more cru-
cial to capture the structure of argument compo-
nents within a single turn than to find the exact

*https://huggingface.co/google-bert/bert-base-uncased

114



splits. This is applicable to our data, as there are
at most three argument components that cover ev-
ery word in a turn. The word-level F; score does
not consider component-level matching, whereas
metrics like seqeval (Nakayama, 2018), which are
popular for sequence labeling tasks such as named
entity recognition, only consider strict matching
between boundaries. We want to know whether the
automated segmentation and classification have the
same argument components, while not too strict in
finding the boundaries between them (e.g., it is fine
to have the two last words from Evidence identified
as part of Warrant). To do so, we modify the metric
from SemEval-2013 (Segura-Bedmar et al., 2013).
Given a threshold K, a true positive (TP) is counted
when the predicted span (pred_span) has the same
label as the gold-standard span (gold_span) and
they overlap at least K %. The overlapping is calcu-
lated as maf(rl‘; (ig(sfi 2g2§3§0—1§ig[m‘), where | - | denotes
the number of words in a span. Then, we can cal-
culate Precision, Recall and F; normally.

The value of K controls how strictly we want the
spans to match. At K = 100, we require an exact
match between the two spans (i.e., same bound-
aries and same label) for a TP. At K =0, we only
compare predicted labels (C, E, W) with the gold-
standard ones for a given turn. For example, if we
predict a turn has one C and one E, as long as the
gold-standard consists of exactly one C and one E,
it is a correct prediction. We call this new metric
Argument Component Score at K (ACS@K).

All experiments, including the baselines, are con-
ducted using the same 10-fold cross-validation split
provided by the DT corpus. Due to our limited re-
sources, we utilize LLama3-8B (Grattafiori et al.,
2024) as our LLM for all tasks 7.

6 Results and Discussion

6.1 Collaboration Results (RQq)

Table 7 shows the macro-F; over 10-fold cross-
validation for the collaboration prediction task on
both DT_19 and DT_22. Both LLM approaches
significantly outperform the BERT baseline on both
datasets. Additionally, LLM-Binary is significantly
better than LLM-multi in all categories (p < 0.05),
suggesting that using multiple LLMs as binary clas-
sifiers is an effective approach (Tran et al., 2024b).
On the other hand, LLM approaches are not signif-
icantly better than BERT in classifying Argumen-
tative and Non-Argumentative turns (except for

>https://huggingface.co/meta-llama/Llama-3.1-8B

LLM-binary in DT_22). It implies that the BERT
model is not inferior in identifying argumentative
turns, but struggles to predict the correct labels
among the four collaboration codes. Using Cohen’s
kappa as the metric (Table 8), we get similar ob-
servations as the two LLM approaches constantly
outperform BERT, and LLM-binary consistently
achieves the best performance.

Looking into Table 9, the higher weighted F;
scores compared to macro F; (Table 7) indicate that
the models perform better on more frequent classes.
We observe that the LLM approaches significantly
outperform BERT in New Idea, Extension, and
Challenge. Among these three classes, New Idea
and Challenge are consistently the bottom 2 for all
models. We also witness opposite cases for the two
minority classes that take up less than 10 % of the
data on both datasets, Agreement and Challenge.
For Agreement, while LLM-binary is superior com-
pared to BERT, BERT is not significantly worse
than LLM-multi, and it even surpasses LLM-multi
on DT_22. We hypothesize there are lexical clues
(e.g., “I agree ...”) for Agreement, and the increase
in training data for Agreement in DT_22 (177 ver-
sus 38 instances) helps BERT learn to recognize
the pattern of this type of collaboration. On the
other hand, both BERT and LLM approaches strug-
gle with Challenge, suggesting that the difficulty
does not come from the scarcity of the class (i.e.,
LLM models need no training data). For Extension,
while LLM-multi and LLM-binary’s results sug-
gest that it is easier than Agreement, BERT finds
the opposite, and the largest performance gap be-
tween BERT and LLM approaches also falls in this
category. This implies that BERT is not as effective
in distilling knowledge to identify Extension after
training as an LLM with few-shot prompting.

6.2 Argumentation Results (RQ;)

For Argument Component Classification (ACC)
on DT_19 ¢, BERT-context (Lugini and Litman,
2020) and LLM-acc achieve 77.4 and 80.2 macro-
F; scores, respectively. This suggests that LLM is
not particularly better than BERT in classifying C,
E, and W when the correct ADUs are provided.
However, when we have to perform the full Ar-
gument Identification task from scratch, which in-
cludes ACD (segmentation) and ACC (classifica-
tion), we observe some performance gaps between
LLM and the BERT-BIO baseline. In terms of

®The two DT_19 corpora are slightly different as men-
tioned at the end of Section 5.1.
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token-level F; score (Table 10), both LLM ap-
proaches outperform BERT-BIO, suggesting that
utilizing the generative capability of LLM has ad-
vantages over sequence labeling with a transformer
like BERT. On one hand, it is not feasible to control
the tagging process of BERT-BIO at inference time.
As a result, there are cases in which it provides
more than one Claim, Evidence, or Warrant for a
turn, which violates the nature of the DT corpus
used for testing. On the other hand, we can restrict
the output of LLM approaches by giving the in-
structions in the prompts and few-shot examples,
which prevents them from violating the aforemen-
tioned data constraint. Thus, this can be one reason
for the inferior performance of BERT-BIO in terms
of word-level F; scores.

The score of the Beginning of a segment (B-
C/E/W) is always lower than the Inside counter-
parts (I-C/E/W), which implies that it is hard to
find the exact segmentation boundaries. However,
B-E has higher results compared to B-C and B-W,
demonstrating that the models are more effective at
finding the beginning of Evidence. We hypothesize
that certain words (e.g., ‘because’) can signal the
start of evidence, making it easier to detect when
students begin providing it. Among the C, E, and
W, W appears to be the most challenging class to
correctly identify, as the results of B-W and [-W
are lower than those of the other two. Furthermore,
LLM-refine significantly outperforms LLM-auto
in average weighted F; (p = 0.03), suggesting that
LLM is good at judging argument identification.

Figure 2 presents the proposed metric ACS@K
with various K. Similar to the average weighted
F; score (Table 10), LLM-refine beats LLM-auto
and BERT-BIO. While the results of LLM-auto and
LLM-refine are quite close, the BERT-BIO base-
line yields noticeably lower performance. The dis-
crepancies between BERT-BIO and the two LLM
models are also larger compared to Table 10. In
other words, LLM approaches are even more effec-
tive when evaluated on the argument component
level. When the argument is simplified (i.e., only
one C, E, and W), lacking control over the output
by treating the task as a sequence labeling task
(BERT-BIO) makes the argument identification re-
sults less desirable. In addition, LLM approaches
are more robust when the threshold K is varied.
We observe most increases in ACS@K score for
LLM approaches until about K = 40, after which
the curve remains more stable. Based on that obser-
vation, we hypothesize that LLMs might not be ef-

fective at finding exact segmentations, but are good
at identifying argument components in the correct
order. For example, assume the gold-standard la-
bels for the turn from left to right are C, E, and W.
If the model predicts a different order (e.g., E, C,
W), it is considered correct when K = 0. As we
increase K, that answer becomes incorrect because
the overlaps between text spans do not satisfy the
increased threshold. However, the graph shows
that there are no big differences between K = 40
and K = 0 for the LLM approaches. This implies
that the models get the argument components in the
correct order. Lowering K after 60 does not show
noticeably higher ACS@K scores, which further
implies that the predicted argument components
already have good overlap with the gold standard.

7 Conclusion

In this work, we experimented with LLMs in two
classroom discussion assessment tasks: turn-level
collaboration classification and end-to-end argu-
ment identification. The results show that LLMs
outperform the BERT baselines in both tasks. For
collaboration classification, we observe that dif-
ferent ways of formulating the task (binary versus
multi-class classification) have an impact on per-
formance, as the former yields better results. For
argument identification, instead of dividing the task
into two individual subtasks of ACD and ACC, we
utilize LLMs to perform text generation to solve
them simultaneously and achieve promising results.

Our results show that LLMs are robust under
ACS @K, indicating they capture the correct order
of argument components. Instruction following fur-
ther allows finer control over argument constraints
in LLMs, unlike sequence labeling with models
like BERT. Future work includes fine-tuning LLMs,
exploring diverse prompting strategies (e.g., Chain-
of-Thought (Wei et al., 2022), example-retrieval
(Wang et al., 2024), zero-shot methods), and apply-
ing these assessments downstream.

Acknowledgments

This material is based upon work supported by the
National Science Foundation (NSF) under Grant #
1917673. Any opinions, findings and conclusions
or recommendations expressed in this material are
those of the authors and do not necessarily reflect
the views of the NSF. The authors would like to
thank Yang Zhong and the anonymous reviewers
for their valuable feedback on this work.

116



Claim Evidence Warrant

De ye e

r N0 ANS N

Token :@ . [because] [Tolstoy]...[Christianity]. , .
E

BlOtag :B-C I-C I-C I-C -C I-C B-E I-E I I-E B-W I-W W W W W

Figure 1: Conversion to BIO format. Each token is tagged as X-Y, where X is either B (Beginning) or I (Inside),
and Y is either C (Claim), E (Evidence), or W (Warrant).

Code Definition
New Idea An initiating turn is the expression of a new idea in the discussion. This does not have to be a new topic, but
should be a new idea, concept, or perspective. It usually does not reference ideas in prior turns at talk, or it
does so only superficially. Turns that build on ideas in previous turns at talk are coded as “Extension”.
New student questions posed to the whole class that do not probe or question a previous answer are uncoded.
Extension A turn is an extension if it builds off another student’s ideas. Extension turns must extend one of the
preceding four codeable student turns unless a turn prior to those 4 is specifically referenced.
Extension turns include at least 2 key ideas or terms that were voiced by another student. Key ideas/terms
may be textual, topical or conceptual terms. Textual terms may include characters and places from a text
under discussion (like “Macbeth” or “Birnam Wood”), but do not include titles of texts. Topical terms may
include disciplinary topics (like theme, metaphor, symbol, etc.). Conceptual terms may include abstract
ideas (like “culture,” “domination,” “regret”).
Extensions sometimes (but not always) include terms like “also, another, too”; or indicators of agreemen-
t/alignment (such as, “like X said...”)
Extensions can also include a self extension which is a turn of talk that adds information to or re-words one’s
own idea that was shared without acknowledging the idea of other speakers in close proximity.
Challenge | Challenge turns challenge or question a prior idea. Challenges should reference another student’s turn in the
preceding four codeable student talk turns. Challenges to points made further back are considered “New
Ideas”.
A turn is considered a challenge if it includes both (1) keywords/concepts from previous turns (such as
“culture,” “domination,” or “regretful”) and (2) some indication of disagreement. Note that indications of
disagreement can be very subtle (such as “still” or “actually” or “he did tell his sister””) or more explicit (such
as “I disagree”, “No,” “but,” “however,” “though”).
A turn is considered a challenge if it challenges or requests more information, detail, elaboration, or
clarification/explanation in the form of a question (“Why do you think that?” “You really think Macbeth
wasn’t crazy?” or “What do you mean?”). Will often include second person pronoun or direct address. Does
not include procedural questions like “Wait what was his question?”.
Turns sometimes contain what may appear to be indications of disagreement (e.g., “however” “isn’t”) but are
actually referring to ideas within the turn—these would likely fall under the category of “Extension”.
Agreement | Turns that either express almost the exact thing in one of the preceding four coded student turns OR affirm
the previous statement with a short response like “yeah” or “I agree with what she said.”.
When a turn seems like it should be coded as an Extension but lacks two clear key terms or ideas, it is likely
to be coded as an Agreement.

Table 1: Definitions of the collaboration codes.

Code Definition
Claim An arguable statement that presents a particular interpretation of a text or topic.
DOES: often (but not always) precedes evidence and warrants. States something that can
more or less be contested—infers, predicts, hypothesizes, considers possibilities.
DOES NOT: simply recount details from text that are accessible to all readers (everyone
knows Macbeth became king)
Evidence | Talk used to support, justify, or back a claim.
DOES: includes facts, textual references, anecdotes. Often (but not always) follows a
claim. Always proximal to a claim (within 1 or 2 turns) .
DOES NOT: does not exist without a claim.
Warrant | Move that provides explanation for why evidence supports the claim.
DOES: Always proximal to evidence supporting a claim (almost always follows evidence).
DOES NOT: It rarely occurs before claim/ evidence that it is explaining.

Table 2: Definitions of the argumentation codes.
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Tarn

Speaker

Talk

Collaboration

Argumentation

St 22

I think it’s completely understandable, obviously because of
what happened on his father’s final day. But I feel like he
doesn’t deserve necessarily to feel guilty

because he was put through so much. Whenever you’re in
that situation, he’s been worn down so much and everything
has been taken from him. I feel like in that moment, he
couldn’t really think of anything he could do because he’s
already done so much, and so many people are telling him
like, “There’s nothing you can do.”

I don’t necessarily think he deserves to feel guilty, but I
understand why he would.

New Idea

Claim

Evidence

Warrant

St 20

I agree with St 22. He shouldn’t feel guilty because it’s not
his fault. But at the same time, you can’t control how you
feel. I guess, that’s it.

Agreement

Claim

Teacher

When he asked himself about, did he pass the test about Rabbi
Eliahu, do you guys think that he passed the test or he failed
the test, in your opinion?

St3

I can almost say he passed the test, in a sense.

But you have to consider that whatever his father thinks [...].
He never wanted to lose his father. He always tried to help
his father until the last moment. But then he was in shock. I
feel like in general, he passed the test.

New Idea

Claim

Evidence

W

St 6

Yeah

None

St 1

Sorry, go ahead

None

St6

Okay. I think a big difference between the rabbi and his son,
and Elie is that the rabbi’s son acted on it and he deliberately
did it. But Elie only had a subconscious thought about it and
he never really intended on acting on it. He still gave his
rations to him. He didn’t take him away. He still felt bad. He
tried to protect his father as best he could. He never really
wanted him to die. It was more something he thought in the
moment. Again, the cancer was getting to his head, too.

I think he passed his test. I don’t think it’s a big issue if you
just thought about it for a second.

Challenge

Claim

Warrant

St 1

Speaking on that note, someone mentioned talking about the
“Free at last” part. The way I interpret it personally was that I
thought that he felt his father was also free at last because he
didn’t have to deal with his suffering, which also shows that
he did pass the test.

New Idea

Claim

12

St 13

Yeah. I also think whenever Elie talks about his father being a
burden, it might not be he feels that his father coming around
with him, brings him down,

which I think it certainly does when he was thinking about
that on the run. But I think that going back to Robbie’s point,
I think that it also could mean burden of his father’s state and
how his father is probably going to die is probably a burden
on him mentally, as well as how his father is maybe making
his chance to death.

Extension

Claim

Evidence

Table 3: A sample transcript with annotations for students’ turns from DT_22 (T1.5.DT_2022.1.Night).
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DT_19 DT_22

Annotation
Count Percentage Count Percentage
New Idea 802 24.59% 1585 20.87%
Extension 1014 31.09% 2584 34.03%
Collaboration  Agreement 38 1.17% 177 2.33%
Challenge 271 8.31% 401 5.28%
None 1136 34.84% 2847 37.49%
Total 3261 100.00% 7594 100.00%
Claim 2054 6531% 4724 62.99%
Argumentation Evidence 764 24.29% 1922 25.63%
Warrant 327 10.40% 854 11.39%
Total 3145 100.00% 7500 100.00%

Table 4: Descriptive statistics of the two corpora: DT_19 and DT_22.

Approach Prompt
LLM-multi Below are the definitions of 4 collaboration classes: New Idea, Extension, Challenge, and Agreement.
# Definition of the 4 collaboration classes
New Idea: {Definition of New Idea}
Extension: {Definition of Extension}
Challenge: {Definition of Challenge}
Agreement: {Definition of Agreement}
You are given a 5-turn conversation in a multi-party classroom discussion. Using the provided definition,
your task is to classify the last turn into New Idea, Extension, Challenge, Agreement, or None if it does not
belong to the four mentioned classes.
# Example 1 {Example conversation 1}
Output (New Idea, Extension, Challenge, Agreement, or None): {gold standard answer}

# Example 10

{Example conversation 10}

Output (New Idea, Extension, Challenge, Agreement, or None): {gold standard answer}

# Your task

{5-turn conversation }

Output (New Idea, Extension, Challenge, Agreement, or None):

LLM-binary | Below are the definitions of 4 collaboration classes: New Idea, Extension, Challenge, and Agreement.

# Definition of the 4 collaboration classes

New Idea: {Definition of New Idea}

Extension: {Definition of Extension}

Challenge: {Definition of Challenge}

Agreement: {Definition of Agreement}

You are given a 5-turn conversation in a multi-party classroom discussion. Using the provided definitions,
your task is to identify if the last turn is { One targeted class (New Idea, Extension, Challenge, or Agreement)}.
Only answer yes or no.

# Example 1

{Example conversation 1}

Output (yes/no): {gold standard answer}

# Example 10

{Example conversation 10}

Output (yes/no): {gold standard answer}
# Your task

{5-turn conversation }

Output (yes/no):

Table 5: Prompts used for collaboration classification. {} is a placeholder. Definitions of collaboration classes are
from Table 1.
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Approach Prompt

All Below are the definitions of 3 argumentation classes: Claim, Evidence, and Warrant.

# Definition of the 3 argumentation classes

Claim: {Definition of Claim}

Evidence: {Definition of Evidence}

Warrant: {Definition of Warrant}

LLM-auto You are given a 5-turn conversation in a multi-party classroom discussion. Using the provided definitions,
your task is to segment the last turn into one or more of the following argumentation components: Claim,
Evidence, and Warrant. The segmentation must include at least one of these components, but it is not required
to include all three. Every word in the last turn must belong to one category. Format your output as follows:
Output

Claim: {}

Evidence: {}

Warrant: {}

# Example 1 (C)

{Example conversation 1}

Output

Claim: {gold standard claim}

Evidence: {gold standard evidence}

Warrant: {gold standard warrant}

# Example 10 (E, W, C)

{Example conversation 10 with gold standard output}

# Your task

{5-turn conversation }

Output

LLM-gen You are given a 5-turn conversation in a multi-party classroom discussion. Using the provided definitions,
your task is to segment the last turn into {one specific combination of Claim, Evidence, and Warrant}. Every
word in the last turn must belong to one category. Format your output as follows:

Output

(Optional) Claim: {}

(Optional) Evidence: {}

(Optional) Warrant: {}

# Example 1 {one specific combination of Claim, Evidence, and Warrant}

{Example conversation 1}

Output

(Optional) Claim: {gold standard claim}

(Optional) Evidence: {gold standard evidence}

(Optional) Warrant: {gold standard warrant}

# Example 10

{Example conversation 10 with gold standard output}

# Your task

{5-turn conversation}

Output

LLM-judge | You are given a 5-turn conversation in a multi-party classroom discussion and different ways to segment the
last turn to Claim, Evidence, and Warrant based on the provided definitions. Your task is to pick the most
reasonable segmentation. Answer only one number between 1 and 6.

Options:

1. {(C) segmentation}

2. {(E) segmentation}

6. {(C, E, W) segmentation }

The best option is (a number between 1 and 6):

LLM-acc You are given a 5-turn conversation in a multi-party classroom discussion. Using the provided definition,
your task is to classify the last turn into Claim, Evidence, or Warrant.
# Example 1

{Example conversation 1}

Output (Claim, Evidence, or Warrant): {gold standard answer}

... # Example 10

{Example conversation 10 with gold standard answer}

# Your task

{5-turn conversation }

Output (Claim, Evidence, or Warrant):

Table 6: Prompts used for argument identification. {} is a placeholder. Definitions of argumentation classes are
from Table 2. All approaches share the first row to provide the definitions of the classes to the LLM.
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Model DT_19 DT_22

Arg vs Non-arg | All 5 labels | Arg vs Non-arg | All 5 labels
BERT 79.6 65.9 79.1 66.8
LLM-multi 80.1 69.1% 80.5 69.9*
LLM-binary 84.1 73.7* 86.1* 73.5*

Table 7: Macro (unweighted) F; scores of the Collaboration classification task on the two DT corpora. Bold numbers
highlight the best results. * means the number is statistically significant compared to its counterpart in the BERT
baseline (p < 0.05) based on a Wilcoxon signed-rank test.

Model DT_19 | DT_22
BERT 62.3 62.8

LLM-multi 65.5* 68.2*
LLM-binary | 69.8* 70.2*

Table 8: Cohen’s kappa of the Collaboration classification task on the two DT corpora on all 5 labels. Bold numbers
highlight the best results. * means the number is statistically significant compared to its counterpart in the BERT
baseline (p < 0.05) based on a Wilcoxon signed-rank test.

Label DT_19 DT_22
BERT LLM-multi LLM-binary | BERT LLM-multi LLM-binary

New Idea 58.2 61.3* 65.8* 57.1 61.2* 64.2*
Extension 67.3 74.7* 79.1* 68.7 74.1* 79.9*
Challenge 60.5 62.4* 66.7* 57.3 60.7* 65.1*
Agreement 70.1 71.5 79.6* 73.0 72.3 78.3*
None 73.4 75.6 77.3* 78.1 81.3* 80.1
Weighted F; | 67.3 71.3* 75.1% 69.8 73.7* 76.3*

Table 9: F,; score for each collaboration class on DT_19 and DT_22 data. * means the number is statistically
significant compared to its counterpart in the BERT model based on a Wilcoxon signed-rank test. Bold numbers
highlight the best results for each label per dataset.

Model B-C I-C B-E I-E B-W I-W | Weighted F,
BERT-BIO | 61.5 732 683 757 606 693 68.6
LLM-auto | 664 812 702 812 643 734 71.4
LLM-refine | 67.3 83.1 719 854 623 763 73.3

Table 10: Per-label F; scores and average weighted F; scores of the argument identification task on DT_22. The
labels are B/I-Arg, where B/I represents Beginning/Inside and Arg represents one of the three classes: Claim
(C), Evidence (E), Warrant (W). Bold numbers show the best results for each label. All numbers are statistically
significant compared to their counterparts in the BERT-BIO (p < 0.05), as determined by a Wilcoxon signed-rank

test.
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Abstract

This study explored how students’ perceptions
of helpfulness and caring skew their ability to
identify Al versus human mentorship responses.
Emotionally resonant responses often lead to
misattributions, indicating perceptual biases
that shape mentorship judgments. The find-
ings inform ethical, relational, and effective
integration of Al in student support.

1 Introduction

Mentorship in higher education is widely recog-
nized as a developmental relationship in which
mentors offer academic, psychosocial, and emo-
tional guidance to support students’ success and
growth (Nuis et al., 2023). Through sharing exper-
tise and personal experience, mentors help students
expand their knowledge base and pursue individual
goals (Kobis and Mehner, 2021). As Generative
Artificial Intelligence (GenAl) tools become in-
creasingly integrated into academic settings, their
role is expanding beyond academic support and re-
search assistance to include potential contributions
to mentoring relationships.

Upon entering college, students often encounter
a combination of formal mentorship, typically
through faculty advisors, and informal mentor-
ing through peers or other institutional contacts
(Rhodes et al., 2000; Jacobi, 1991). Understand-
ing how these relationships form and function is
critical to fostering positive and developmental out-
comes. The rise of GenAl tools, such as Chat-
GPT (OpenAl, 2024a), prompts renewed reflection
on how students engage with mentoring and what
constitutes meaningful support in both human and
machine-mediated contexts. Early evidence sug-
gests that GenAl may function as a mentoring-like
resource, offering students guidance and feedback
that mimics the conversational tone of a human

*Corresponding author.
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tutor (Le et al., 2025; Javaid et al., 2023). This in-
sight highlights the need to examine how and why
students may turn to GenAl for informal support
and guidance.

GenAl tools can serve not only as tutors but
also as supportive companions, helping reduce feel-
ings of isolation and disconnection in academic
environments (Farrelly and Baker, 2023). This
growing interest in Al as a mentor-like resource
is also shaped by broader concerns about burnout
and mental health in higher education, which af-
fect not only students but also faculty mentors who
must balance teaching, research, and administrative
demands (Hammoudi Halat et al., 2023). As institu-
tions seek solutions to these overlapping pressures,
GenAl presents both opportunities and challenges.

While GenAl facilitates academic learning by
assisting with writing, problem-solving, and re-
search tasks (Baidoo-Anu and Owusu Ansah, 2023;
Le et al., 2025; Montenegro-Rueda et al., 2023;
Schonberger, 2023), it still lacks the nuanced re-
lational and developmental depth of human men-
torship (Dempere et al., 2023). Ethical concerns
and Al literacy are essential components of its re-
sponsible implementation, but so too is understand-
ing students’ lived perceptions of these tools. For
GenAl to be effectively integrated into mentorship,
educators and Al designers must understand how
students evaluate its usefulness and trustworthiness.
This factor is especially important in light of evi-
dence that Al systems can unintentionally amplify
human biases, especially in emotionally or socially
sensitive domains, and that users may not always
be aware of AI’s influence on their perceptions and
judgments (Glickman and Sharot, 2025).

Our prior work has explored these questions by
examining how students interpret and engage with
both Al-generated and human-authored responses
in simulated mentorship scenarios. Drawing on the
Perceptual Bias Activation (PBA) framework (Lee
and Esposito, 2025b), we investigated whether stu-
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dents’ evaluations of response quality and accuracy
of source identification were shaped by cognitive
biases when the authorship of response sources
differed across contexts, with the lowest accuracy
in personal, mental-health-related scenarios. This
finding may suggest that GenAl tools blend seam-
lessly into mentorship roles in mental health con-
texts but also raise concerns about overreliance on
Al Follow-up analyses in the personal domain fur-
ther demonstrated that responses perceived as Al-
authored were consistently rated as less helpful and
caring, regardless of their actual source. However,
when examined by actual authorship, Al-generated
responses were rated as more caring than human
responses. To further explore this discrepancy, we
conducted an Inductive Content Analysis (ICA) of
participants’ open-ended explanations (Lee et al.,
2025). The analysis revealed that source attribu-
tions were influenced by features such as tone, lan-
guage, and perceived emotional depth, highlighting
that students’ interpretations were guided more by
their perceptions and assumptions than by the in-
trinsic qualities of the response, which points to
a lack of familiarity with GenAl tools for mental
health support.

We also examined individual-level factors that
might influence source accuracy and evaluation in
all domains (Lee and Esposito, 2025a). Prior ex-
perience using GenAl was positively associated
with more accurate source identification, suggest-
ing that familiarity with GenAl tools may reduce
perceptual bias. On the other hand, students’ men-
torship background (e.g., having a faculty mentor,
peer mentor, or mental health counselor) did not
predict improved source recognition. Using the
Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT; (Venkatesh et al., 2003)), we found
that students who rated GenAl responses as more
useful, easier to use, and socially acceptable were
more likely to evaluate them favorably, but only
when they believed the response was Al-generated.
These findings point to the need for greater trans-
parency and intentional Al literacy efforts within
higher education.

Our prior work reveals how perceptual biases can
influence students’ engagement with GenAl tools,
often leading them to undervalue these resources,
including in situations where the information is
more readily available than from a human mentor.
This raises two key questions: To what extent do
perceptual biases limit the integration of Generative
Al as a mentorship resource? And what factors, if

any, mitigate this bias?

The current study seeks to address these two
questions by reversing the analytical lens. Instead
of examining how perceived or actual authorship
affects evaluations, we ask: Are students more
accurate in identifying the source of mentorship
responses when they find those responses more
helpful or caring? In other words, do positive eval-
uations enhance or cloud students’ source discern-
ment? We combine quantitative and qualitative
analyses to explore this question. Specifically, we
investigate whether students’ ratings of helpfulness
and caring predict their accuracy in identifying re-
sponse sources, and how these patterns differ across
personal, social, and academic mentorship contexts.
We also analyze open-ended explanations from stu-
dents to better understand the features that inform
their judgments. This mixed-methods approach
deepens our understanding of how perceptual bi-
ases shape students’ interactions with human and
Al mentorship. Furthermore, the findings of this
study will have critical implications for the design
and implementation of GenAl in higher education,
particularly as institutions seek to balance techno-
logical innovation with relational and developmen-
tal support for students.

2 Methods

2.1 Participants

Our dataset stems from a larger project (Lee and
Esposito, 2025a; Lee et al., 2025) that explored
students’ perceptions of GenAl and faculty men-
torship in higher education. The study received
approval from the college’s Institutional Review
Board (IRB Protocol #546). Although these data
have previously been analyzed and published, the
current study addresses new research questions and
employs extended analytical approaches.

A total of 147 undergraduate students (Mg, =
19.34 years, SDg,. = 1.33 years, 105 female, 37
male, 2 non-binary, and 3 prefer not to answer)
were recruited from a small liberal arts college in
the northeastern United States. The sample was
racially and ethnically diverse: 14. 97% Asian, 6.
80% Black, 67. 35% White, and 10. 88% Hispanic.
All participants were at least 18 years old and pro-
vided informed consent prior to participation.

2.2 Procedure

The secure Qualtrics survey, which took approx-
imately 30 minutes to complete, began with de-
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2. Grounding Discussions in
Literature

1. Discussions for Early Context

What are some
themes across
common emails

Domains Themes

Sense of Belonging
(Budwig et al., 2023; Dost &
Smith, 2022)

you receive from

Social
students?

Academic Improvement
(Asgari & Carter, 2016;
Jacobi, 1991)

Academic

Researcher Faculty

Members

Mental health related
concerns

(Mayo & Le, 2021; Wang et
al., 2020)

What are some Personal
reasons you email
your professors?

How do you

phrase your
concerns?

College
Students

Researcher

3. Create Simulated Student Inquiries
for each social, academic, and personal domains

4. Generate Mentor Responses
3 Faculty Members

Simulated Student
Inquiries

Repeat for all
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v Imagine receiving an email from a student outlining their concern and
formulating a response as you would in an email reply to address their
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sost,

5. Format Stimuli via
Gmail Interface

Figure 1: Contextualizing and creating stimuli.

mographic questions, followed by participant eval-
uations of mentorship interactions. Among the
scenarios, the personal domain focused on men-
tal health-related issues (Mayo and Le, 2021;
Wang et al., 2020), the social domain focused on
sense of belonging (Budwig et al., 2023; Dost and
Mazzoli Smith, 2023), and the academic domain
focused on academic improvement (Asgari and
Carter, 2016; Jacobi, 1991). These domains were
selected to reflect a realistic and broadly relevant
context in which students seek support from their
mentors (see Figure 1).

To explore perceptions of Al-generated versus
human responses, participants were presented with
three randomized and masked responses drawn
from a pool of 18 responses (nine from ChatGPT
version 3.5 (OpenAl, 2024b) and nine from human
faculty members from three different academic dis-
ciplines who had received institutional awards or
recognition for mentorship excellence within the
past five years). Both ChatGPT and human fac-
ulty received identical prompts simulating student
inquiries.

For the Al-generated responses, we regenerated
three responses for each domain to maintain par-
ity across conditions. Faculty members provided
their responses based on previous mentoring ex-
periences and did not use GenAl tools in drafting
their replies. All responses were then reformatted
to resemble the Gmail interface, reflecting the stan-

dard communication format used in many higher
education settings.

Participants were instructed to identify whether
each response was Al- or human-generated, with-
out receiving feedback on their accuracy (see Ta-
ble 1). This identification task was designed to ac-
tivate perceptual biases. Once participants formed
an impression of the source, this initial judgment
could influence their subsequent evaluation of the
response’s quality and characteristics.

Al Human
Domain % %
Social 75.81 75.81
Academic  72.03 74.14
Personal 56.57 76.76

Table 1: Accuracy percentage of Al and human re-
sponses by domain.

After each identification, participants rated the
response on a 5-point Likert scale (1= Not at all,
5= Extremely) across dimensions of helpfulness
and caring (see Table 2).

They also provided written explanations for why
they believed the response was from Al or a human,
and why they rated it as they did, which served as
our qualitative data. Following this evaluation task,
participants completed additional survey measures
assessing their broader perceptions of mentorship
and Al in academic contexts.
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Perceived Source

Actual Source

Al Human Al Human
Domain Scales Mean SD  Mean SD  Mean SD  Mean  SD
Social Helpful  2.90 1.04 392 078 3.13 1.03  3.67 1.00
Caring 2.67 1.01 4.00 085 291 1.12 3.74 1.02
Academic  Helpful 291 1.06  3.66 1.03  3.19 1.07  3.40 1.14
Caring 2.73 1.08 3.56 1.16  3.06 1.17  3.25 1.21
Personal Helpful  3.04 1.03 382 099 352 1.11 3.48 1.04
Caring 2.93 1.03  3.77 1.06 3.54 1.11 3.33 1.14

Table 2: Ratings of helpfulness and caring by domain for perceived and actual source. SD= standard deviation.

3 Method of Analysis

To address our research question, we used both
quantitative and qualitative measures. Quantita-
tive data were analyzed using R (R version 4.3.2,
R version 4.4.2) and RStudio (RStudio version
2024.09.1+394, RStudio version 2024.12.1+563)
(R Core Team, 2024). To examine whether the
helpfulness (Model 1) and care (Model 2) ratings
predict the accuracy of the source across domains,
we first performed binary logistic linear regression
analyses. The reference category for our domain
variable was set to Personal, where ratings were
consistently higher across all scales.

We then used Inductive Content Analysis (ICA),
a qualitative method used to identify patterns in
textual data and support exploratory findings. ICA
is particularly appropriate in contexts where prior
research is limited, as it allows researchers to derive
insights directly from the data through systematic
coding and theme identification (Vears and Gillam,
2022). Given its applicability to various forms of
written text, ICA was especially suitable for our
study’s purpose of exploring human perceptions
and experiences, independent of the specific mode
of data collection (Elo and Kyngés, 2008). The
final thematic structure consisted of six overarching
categories and 17 subthemes (Table 3).

Using the finalized codebook, we independently
coded the qualitative responses. We have previ-
ously presented partial results in the personal do-
main (Lee et al., 2025), but we extended the ICA
coding to include the social and academic domains
for this study. To ensure analytic consistency and
rigor, coding discrepancies were reviewed through
a collaborative resolution process (Kyngds, 2020).
When disagreements arose, we held structured
consensus-building sessions in which coders ex-
plained their rationale for coding decisions (For-
man and Damschroder, 2008). Final coding deci-
sions were reached through negotiated agreement.

Main Category Generic Categories  Sub-Categories

Sincerity & Empathy
Warmth & Approachability
Professionalism & Formality

Tone of Response

Authentic & Natural
Clarity & Simplicity
Structure & Format

Language

Students’
Perceptions of

Human vs.
Al Mentorship

Specific Information
Resource Guidance
Campus Knowledge

Information and
Resources

Personalized & Applicable
Contextualized Understanding &
Support

Individualized Support
& Actionable Advice

Emotional Connection
Establishing Direct Connection

in Person .
Genuine Investment in Student

Personal Connection

Sense of Support
Mental Health
Overall Well-being and Growth

Holistic
Student Support

Table 3: Codebook developed and used for inductive
content analysis.

4 Results

We investigated whether students’ ratings of Help-
fulness (Model 1) and Caring (Model 2) predict
their accuracy across the domains.

4.1 Helpfulness and Domain Predicting
Accuracy

A binary logistic regression was conducted to ex-
amine whether students’ ratings of helpfulness
predicted their ability to accurately identify the
source of mentorship responses (human vs. Al)
and whether this relationship differed across per-
sonal, social, and academic domains (see Table 4).

Accuracy
Predictors Odds Ratios SE CI P
(Intercept) 453 1.68 2.22-952 <.001*
Helpfulness 0.79  0.08 0.65-0.96 .019*
Domain [Social] 046 024 0.16-1.28  .137
Domain [Academic] 0.64 032 0.24-1.71 374
Helpfulness x Domain [Social] 1.45 0.21 1.09-1.94 .011%
Helpfulness x Domain [Academic] 1.24  0.17 0.94-1.63  .126
Observations 1289
Tjur’s R? 0.015

Table 4: Accuracy predicted by helpfulness and domain.
*Indicates p <.05; SE = standard error; CI = 95% confi-
dence interval.
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Model 1 revealed a significant main effect of
Helpfulness (OR= 0.79, p = 0.019, 95%CI [0.65,
0.96]), suggesting that higher helpfulness ratings
were associated with lower odds of correctly identi-
fying the response source. There was no significant
main effect of domain (Social: p =.137; Academic:
p =.374).

Qualitative responses indicated that when stu-
dents misattributed authorship, it was due to
tone, language, personalization, and informative-
ness. For example, a human-written response was
misidentified as Al because it felt “too formal and
robotic” (Tone of Response, P67), while another
participant described a different human-generated
response as “pretty basic without many specific de-
tails” (Information and Resource, P68). Several Al-
generated responses were perceived as human due
to emotionally resonant or personalized phrasing,
such as showing “genuine appreciation and under-
standing of students’ struggles” (Tone of Response,
P55). These patterns highlight how Al responses
can be anthropomorphized, while human mentors
may also provide rigid or impersonal responses that
fail to meet students’ relational expectations.

Furthermore, there was a significant interaction
between Helpfulness and the Social domain, indi-
cating that in contexts related to sense of belonging,
higher helpfulness ratings were positively associ-
ated with identification accuracy. Qualitative in-
sights help explain this result. In the Social domain,
participants were more likely to correctly identify
human responses when they involved personal out-
reach, such as “offers to talk with students person-
ally to give suggestions” (Personalized Guidance,
P32), or when the tone conveyed compassion while
respecting autonomy (“compassionate yet priori-
tizes the students’ autonomy, privacy, and space,”’
Language, P4). In contrast, responses perceived as
checklist-like or impersonal were correctly identi-
fied as Al, as in comments like “feels incredibly im-
personal and provides a checklist more than some-
one trying to communicate” (Language, P111) or
“the advice would work for any university” (Person-
alized Guidance, P135). The interaction between
Helpfulness and the Academic domain was not sta-
tistically significant (p = .126).

4.2 Caring and Domain Predicting Accuracy

A second logistic regression tested whether per-
ceived Caring ratings predicted source identifica-
tion accuracy, and whether this relationship varied
across domains (see Table 5).

Accuracy
Predictors Odds Ratios SE Cl p
(Intercept) 3.83 1.32 1.98-7.62 <.001*
Caring 0.83 0.08 0.69-0.99 .043*
Domain [Social] 0.72 035 0.28-1.88 .501
Domain [Academic] 1.46 0.69 0.58-3.71 427
Caring x Domain [Social] 1.28 0.17 0.98-1.67 .073
Caring x Domain [Academic] 0.97 0.13 0.75-1.25 794
Observations 1289
Tjur’s R? 0.017

Table 5: Accuracy predicted by caring and domain. *In-
dicates p <.05; SE = standard error; CI = 95% confi-
dence interval.

The results showed a significant main effect of
Caring, indicating that higher caring ratings were
also associated with lower odds of accurate source
identification. Though domain effects were not sig-
nificant (Social: p = .501; Academic: p = .427),
nor were the interactions between Caring and Do-
main (Social: p =.073; Academic: p =.794), our
qualitative data illustrate perceptual bias towards
responses.

Participants interpreted emotionally validating
or well-phrased Al responses as human-authored.
Participants reported “[the response] indicated the
importance of our well-being” (Holistic Student
Support, P58) and “used thoughtfully placed words
to show validation and support” (Language, P43).
These examples illustrate how AI’s capacity to
mimic affective tone can lead to over-attribution of
caring intent and misidentification. Conversely, hu-
man responses perceived as distant or overly formal
were misattributed as Al. One participant stated the
response “felt a bit cold” (Tone of Response, P64),
while another described it as a “scripted response”
(Language, P77). Even when human mentors in-
tended to convey care, lack of emotional language
or concrete support diminished perceived authen-
ticity: “appears to want to be supportive but does
not provide the support in any tangible way” (Per-
sonalized Guidance, P64).

Interestingly, when participants correctly iden-
tified Al responses, they acknowledged that Al
could simulate sympathy or concern, albeit with
limitations. Though lacking personal depth, one
student remarked that an Al response “did express
sympathy regardless of how lackluster it seemed”
(Personal Connection, P105), and another noted
that “it could have been more to act on, like meet-
ing up, but they did provide other options for help”
(Personal Connection, P97). In contrast, accurately
identified human responses were seen as invested
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in student success, but not necessarily emotionally
expressive: “polite and invested in the student’s
success but not super emotionally supportive” (Per-
sonal Connection, P4).

5 Discussion

Our study investigated whether students’ ratings
of helpfulness and caring predicted their accuracy
in identifying the source of mentorship responses
(human vs. Al) across different domains. We found
that higher ratings of both helpfulness and car-
ing were associated with lower accuracy in source
identification. This finding suggests that students
equate warmth and supportiveness with human au-
thorship, activating perceptual biases that limit their
recognition of the potential support Al could pro-
vide. The more an Al-generated response resem-
bles a human response, the less likely students are
to recognize that it was written by Al

These findings have critical implications for the
integration of Al in mentorship contexts. Students
may undervalue or distrust Al-generated guidance
when it contradicts their assumptions about what
Al can do. Even when Al performs well (e.g., offer-
ing emotional validation, supportive tone, or action-
able advice), it is often misattributed or dismissed
if its source is known. This bias may undermine
trust in Al, particularly when relational authenticity
is expected. While we previously attributed low
source accuracy in the personal domain to students’
unfamiliarity with using Al in such contexts, our
mixed-methods findings offer a more refined expla-
nation. Students appear to use emotional tone as
a heuristic for authorship, interpreting both overly
emotional and insufficiently emotional responses
as Al-generated. In contrast, they associate human-
authored responses with balanced, relationally cal-
ibrated communication. Thus, when a response
deviates from this midpoint, either too cold or too
warm, it violates expectations and is more likely to
be attributed to Al

Furthermore, these insights raise several con-
siderations for Al-supported mentorship in higher
education. First, students often expect relational
support from humans and assume that Al has its
limitations in providing it. This calls for educa-
tional interventions to demystify what Al is capable
of, especially in relational contexts, and promote
informed Al literacy. Second, institutions and Al-
designers may develop Al systems tailored to the
institution’s specific policies, resources, and cul-

tural context, similar to how businesses invest in
Al chatbots. This solution could help Al resources
feel more as an ethical and trustworthy resource.
Third, Al could handle surface-level information
requests or initial support, freeing human mentors
from trivial tasks or duties to provide deeper and
emotionally nuanced engagement. Rather than re-
placing human mentorship, Al could enhance it
when used as a complementary resource. Lastly,
just as students misperceive Al as human based
on warmth, they also misperceive humans as Al
when their tone is rigid, detached, or overly formal.
Institutions might consider providing training for
their faculty and staff members on relational com-
munication strategies, especially in email or digital
interactions, to ensure that students are supported,
even in brief exchanges.

Our study is not without limitations. First, the ex-
planatory power of our models was weak (Model 1
Tjur’s R> = .015, Model 2 R?> = .017). These values
suggest that, while the predictors were statistically
significant, they account for only a small proportion
of the variance in the accuracy of the source iden-
tification. Future research should replicate these
findings using a larger sample size, a greater variety
of stimuli, and more diverse educational contexts
to improve generalizability. Second, the partici-
pant pool was limited to undergraduate students
from a single liberal arts college in the northeastern
United States. As such, the findings may reflect
institution-specific dynamics and should be inter-
preted as exploratory or case-based. Expanding
this research to include participants from multi-
ple institutions and institutional types (e.g., com-
munity colleges, large public universities) would
provide a more comprehensive understanding of
students’ perceptions of Al and human mentorship.
Third, although all faculty responses in this study
were entirely human-authored without any Al as-
sistance, it is possible that participants may have
assumed that the faculty used Al tools to help craft
their replies. Furthermore, the format in which re-
sponses were presented, modeled after email-based
communication, may have influenced how partic-
ipants perceived both the content and the source.
Al responses framed as email replies may have
appeared more human-like than if they were de-
livered through a chatbot or system-generated in-
terface. This framing could have unintentionally
blurred distinctions between human and Al author-
ship. Future research should investigate how dif-
ferent presentation formats (e.g., email, chatbot,
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forum post) shape students’ assumptions about au-
thorship and credibility, and compare perceptions
of human-authored, Al-assisted human-authored,
and Al-authored mentorship responses across these
contexts. Lastly, future studies would benefit from
examining demographic variables such as race, eth-
nicity, and gender. Understanding how students
from diverse backgrounds interpret and engage
with Al-generated versus human mentorship may
yield important insights, particularly as institutions
strive to promote equity and culturally responsive
mentorship practices.

Perceptual bias is not simply a barrier to Al adop-
tion, but is a lens through which students interpret
support and relational intent. Our results show
that emotionally resonant, helpful responses are
often mistaken for humans regardless of author-
ship, while detached or impersonal responses are
perceived as Al. Emotional tone and personaliza-
tion appeared to be more influential than the ac-
tual source in shaping students’ evaluations. Yet,
these biases are not fixed. As students gain more
exposure to Al and as these tools become more
embedded in academic settings, their ability to dis-
cern source and engage with Al more responsibly
and meaningfully may improve. Our findings and
recommendations provide a reflection of deeper
sociocultural expectations about relational care, au-
thenticity, and the boundaries between human and
machine. The future of Al mentorship depends
not just on technical capability, but on thoughtful,
human-centered design that attends to the cogni-
tive and relational dynamics in higher education
settings.
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Abstract

Large-scale assessments rely on expert
panels to verify that test items align with
prescribed frameworks, a labor-intensive
process. This study evaluates the use of
GPT-4o to classify TIMSS items to content
domain, cognitive domain, and difficulty
categories. Findings highlight the potential
of language models to support scalable,
framework-aligned item verification.

1 Introduction

International large-scale assessments such as the
Trends in International Mathematics and Science
Study (TIMSS) play a critical role in monitoring
educational outcomes across diverse systems. The
validity argument of such assessments lies in the
rigorous alignment of test items with the
underlying assessment framework, which defines
key content and cognitive domains that the
assessment purports to measure. TIMSS
assessment development is guided by the
principles of Evidence-Centered Design (Mislevy
et al., 2003), ensuring that each item serves as
meaningful evidence for the targeted constructs.
This process involves multiple rounds of expert
review and collaboration with participating
countries to verify item alignment and maintain the
validity of measurement across contexts.

While effective, this expert-driven validation
process is labor-intensive and time-consuming,
particularly in the context of ongoing item
development and reuse. As Al technologies
continue to evolve, they offer new ways for
automating or supporting some of these processes.
One such approach is the use of large language
models (LLMs) for automated item classification.

If reliable, these tools could significantly reduce
the burden on subject matter experts, streamline
assessment development cycles, and enhance
scalability without compromising psychometric
quality.

This study explores the potential of GPT-40 to
perform classification of TIMSS 2019 mathematics
items. Specifically, we evaluate the model’s ability
to assign items to their appropriate content domain,
cognitive domain, and difficulty level, based on the
given TIMSS assessment framework. The items
have already been reviewed and validated by
expert panels and are used operationally, their

classifications can be considered reliable
benchmarks.
To assess alignment, Al-generated

classifications are compared against expert-coded
categories, analyzing agreement patterns and
identifying systematic divergences. For difficulty,
we define three difficulty regions using percent
correct values derived from empirical item
performance data and evaluate the model’s
capacity to approximate these classifications. The
findings of this study contribute to ongoing
discussions about the role of Al in assessment
development and offer preliminary evidence on the
feasibility of LLMs as tools to support item
verification ~ within  established assessment
frameworks.

2 Background

Construct validity has long been a central concern
in educational assessment, particularly in
international large-scale assessments such as
TIMSS. A key aspect of evidence for validity is the
alignment between test items and the assessment
framework, that is the extent to which each item’s
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content and cognitive demands reflect the intended
constructs of the study. Alignment in the context of
ILSAs supports meaningful score interpretation,
facilitates  cross-national comparability, and
provides assurance that assessment inferences are
based on systematically defined learning goals.
This also helps minimize the construct irrelevant
variances.

Foundational work on test design and validity, such
as Messick’s (1990) unified validity framework
and ECD of Mislevy et al. (2003), emphasizes that
the validity argument must include an explicit
evidentiary chain connecting item features to well-
articulated domain models. Alignment research is
one way to establish this chain by evaluating the
connection between testing, content standards, and
instruction. If these components work together to
deliver a consistent message about what should be
taught and assessed, students will have the
opportunity to learn and to truly demonstrate what
they have achieved (Martone & Sireci, 2009).
Systematic alignment studies therefore provide
critical priori evidence that the assessment
operationalizes its framework as intended, thereby
supporting the overall construct-validity argument.

In the context of TIMSS, alignment involves a
multistep process where items are reviewed,
refined, and approved by subject matter experts,
ensuring they adhere to content domains, cognitive
processes and intended difficulty levels. While this
process is foundational to the psychometric
integrity of the assessment, it is also resource-
intensive and difficult to scale given growing item
pools and evolving frameworks.

To address these challenges, researchers have
explored the use of computational methods to
support or automate parts of the alignment process.
Advances in natural language processing (NLP)
have opened new possibilities for supporting
alignment through semantic analysis of item texts.
Recent studies (e.g., Butterfuss & Doran, 2024;
Camilli, 2024; Camili & Suter, 2024) have
demonstrated that embedding-based similarity
metrics can successfully identify meaningful
relationships  between standards and item
specifications. Such methods have been used in
alignment studies involving the Common Core
State Standards and NAEP, showing that NLP
techniques can reproduce many  expert
classifications through clustering or regression
models. While promising, these approaches often
rely on static sentence embeddings and do not fully

capture the contextual reasoning that human
experts employ when classifying items.

Building on this prior work, the current study
investigates the use of a large language model,
GPT-40, to perform classification of TIMSS
mathematics items in alignment with the given
TIMSS framework. By incorporating the full
descriptive language of the framework into the
prompt through a structured prompt engineering
approach that dynamically loads framework
specifications from a framework focused database,
this method allows complete content domain
descriptions, cognitive skill definitions, and
difficulty level characteristics specific to each
TIMSS assessment year and grade level. Unlike
previous efforts that focus on pairwise similarity,
this dynamic framework-informed prompting
strategy offers a scalable, interpretable, and
multidimensional approach to item classification,
potentially streamlining alignment procedures
while preserving the integrity of the assessment
development process.

3 Methods

3.1 Data Source

This study uses a sample of mathematics items
from TIMSS 2019 for Grade 4 and Grade 8
assessments. All selected items were previously
reviewed and validated by expert panels convened
by TIMSS and PIRLS International Study Center
and successfully field tested. Each item includes a
final assigned content domain, cognitive domain,
and empirical difficulty estimate based on percent
correct values from operational test data.

The study includes all newly developed items
introduced in the TIMSS 2019 cycle. For items
containing images, diagrams, or graphs, the GPT-
40 model via the OpenAl API was used to generate
descriptive captions, allowing for the full item set
to be processed in text-based analyses. In each
TIMSS cycle items are selected to ensure coverage
across a range of content topics (e.g., number,
algebra, life science), cognitive domains (knowing,
applying, reasoning), and difficulty levels. The
complete dataset initially consisted of 286 items.
However, items split into multiple parts (e.g., a, b,
¢ sub-items) were excluded from the classification
analysis to avoid duplication and ensure
consistency in unit of analysis. After this filtering,
the final analytic sample comprised 217 items.
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Table Al shows the item distribution by each
category in Appendix A.

3.2 Framework Representation and Prompt
Design

To support classification by the language model,
we constructed structured prompts embedding full
descriptions of TIMSS framework dimensions.
TIMSS 2019 Assessment Framework (Mullis &
Martin, 2017) served as a primary source for
content domain definitions, cognitive domain
descriptions, and difficulty-level guidance.

A custom framework database was built utilizing

Condition Description Examples CoT
Framework
Zero-shot definitions + None No
zS) .
item only
Zero-shot Adds “Think
CoT (ZS- step by step” None Yes
CoT) instruction
Adds one
Few-shot example per
(FS) cognitive x 9-10 No
difficulty cell
Adds one
Few-shot iﬁgﬁﬁii 5 ir
C"CTO(TF)S' difficulty cell 9-10 Yes
and CoT
reasoning

Table 1: Prompting Conditions

PDF descriptions of the frameworks to
dynamically retrieve definitions relevant to the
grade level and subject of each item. Prompts
followed a template-based structure that presented:
e The item content
e The TIMSS subject, grade level, and year
e Full framework definitions for the content
domains
e Full framework definitions for the three
cognitive domains

e Empirical guidance for difficulty
classification
An example of the prompt is given in Figure A1l in
Appendix A.

In addition to aligning with the official TIMSS
framework, this study examined how prompt
design strategies influence the language model’s
classification performance across three target
dimensions: content domain, cognitive domain,
and difficulty level.

Recent advances in natural language prompting
have shown that model performance can be

improved by structuring reasoning and task
representation within the prompt itself. Two key
strategies examined in this study are Chain-of-
Thought (CoT) prompting and meta-prompting.
CoT prompting encourages the model to generate
step-by-step reasoning before producing a final
answer, supporting tasks that involve multi-step
inference or abstract judgment (Wei et al., 2022).
This approach is particularly relevant for
educational item classification tasks, where
judgments such as cognitive demand and difficulty
are often nuanced and require the model to simulate
student and/or expert thinking.

Building on this, meta-prompting involves
instructing the model on how to perform the task
itself by embedding structured guidelines directly
into the prompt (Reynolds & McDonell, 2021;
OpenAl, 2024). In more advanced forms, meta-
prompts may enable models to critique or revise
their own instructions or those provided by users
(Ye et al., 2023). Recent work has further enhanced
this approach by labeling individual reasoning
steps and implementing step-aware verifiers,
which assess each step’s contribution to the final
decision (Li et al., 2023).

To evaluate the influence of prompt structure on
classification performance, the study implemented
four prompt conditions shown in Table 1.

3.3 Model and Classification Procedure

We used GPT-40, accessed via OpenAl’s API, as
the large language model for classification. Each
item prompt was submitted independently, and the
model’s textual response was parsed to extract
predicted content domain, cognitive domain, and
difficulty level. A post-processing script was
applied to standardize terminology and correct
minor inconsistencies such as the content domain
in grade 4 is ‘Measurement and Geometry’ but the
model specified the items as ‘Geometry’ or
‘Measurement’, those were counted as
‘Measurement and Geometry’.

The classification process was fully
unsupervised; no labeled training data or fine-
tuning was used. All responses were generated
using temperature = 0 to maximize determinism
and reproducibility.

Model performance was evaluated by
comparing model’s predicted content and cognitive
domain classifications to expert-assigned labels.
Content and cognitive domain accuracies reflect
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the proportion of exact matches between the
model’s predictions and the official domain labels.
Difficulty classification was evaluated against
empirical difficulty levels derived from operational
data. Specifically, items were categorized as Easy,
Medium, or Hard based on their percent-correct
values, using Easy (>60%), Medium (30-60%),
and Hard (<30%). The model’s predicted difficulty
level was considered correct if it matched the
empirically derived category for each item.
Cohen’s kappa coefficients were also calculated to
account for chance agreement. Additionally,
misclassifications were analyzed qualitatively to
identify systematic patterns of divergence.

4 Results

Classification Performance

Classification performance across prompting
conditions is summarized in Table 2. Content
domain classification demonstrated consistently
high performance, with all prompting conditions
exceeding 94% accuracy and kappa values above
0.92, indicating substantial agreement beyond
chance. FS-CoT achieved the highest accuracy
(94.9%) and kappa (0.933), reflecting the model’s
strong ability to differentiate TIMSS content
domains. In contrast, classification accuracy for the
cognitive domain showed more variation, ranging
from 60.4% to 64.1% and kappa values between
0.382 and 0.438. The FS-CoT condition yielded the
highest accuracy, followed by ZS baseline and FS.
Kappa values across these conditions suggest fair
to moderate agreement with expert labels,
indicating that while the model captures
meaningful cognitive distinctions, it does so with
less precision than in the content domain.

Difficulty classification, while the most
challenging of the three dimensions, showed
improvement over previous iterations. Accuracy
scores ranged from 44.2% to 49.8%, and all
conditions resulted in positive kappa values,
indicating better-than-chance agreement. ZS-CoT
led in both accuracy and agreement, though overall
performance remained modest, highlighting the
inherent complexity of predicting empirically
derived difficulty levels. Grade level analysis
revealed consistently stronger model performance
for Grade 4 items across all Cclassification
dimensions. For content domain -classification,
Grade 4 items achieved exceptional accuracy
scores ranging from 96.9% to 97.7%. Grade 8
content domain performance, while lower,

remained strong with accuracy scores from 91.0%
to 92.3%. A similar pattern was also observed in
cognitive domain classification. Grade 4 accuracy
ranged from 62.6% to 65.0%, while grade 8
performance varied from 57.4% to 62.8%. Notably,
the FS-CoT condition achieved the smallest grade-
level gap in cognitive domain performance (65.0%
vs. 62.8%). For difficulty classification, Grade 4
items consistently outperformed Grade 8 items
across all conditions. Grade 4 difficulty accuracy
ranged from 50.4% to 57.7%, with ZS-CoT
achieving the highest Grade 4 performance
(57.7%). Grade 8 difficulty classification proved

Prompt Content Cognitive Difficulty
p Domain Domain Level
Acc K Acc  « Acc  «
ZS 94.1 0922 622 0410 442 0.072
zS
942 0923 604 0.382 498 0.134
CoT
FS 94.1 0923 61.3 0.397 447 0.074
FS
944 0930 64.1 0438 484 0.097
CoT

Table 2: Classification Performance

more challenging, with accuracy scores ranging
from 33.0% to 40.4%, with FS-CoT achieving the
best Grade 8 performance (40.4%).

Classification Patterns and Systematic Errors

Given its overall better performance across all
three classification dimensions, the FS-CoT
condition was selected for detailed confusion
matrix  analysis to understand  specific
classification patterns and systematic errors.

For the content domain classification, the model
achieved near perfect classifications, but specific
patterns emerged when analyzed by grade level
(Appendix A Figures A2-A3). For Grade 4
mathematics, the model achieved perfect
classification for Data and Number domains but
showed some boundary confusion with
Measurement and Geometry items. Specifically,
12% of Measurement and Geometry items were
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misclassified as both Data and Number domains,
suggesting overlapping conceptual features in
items involving spatial reasoning and numerical
computation. For Grade 8, content domain
classification revealed different boundary
challenges. While Algebra, Data and Probability,
and Geometry domains were classified perfectly,
Number domain items showed notable confusion
(75%). The primary misclassification pattern
involved 21% of these items being classified as
Algebra, with an additional 4% classified as
Geometry. This pattern suggests that model
struggles with the increasing integration of
algebraic thinking into numerical context in the
higher grades.

As shown in Figure A4, the FS-CoT model
exhibited a strong bias toward predicting the
Applying domain. While Applying items were
accurately classified 84% of the time, it also
attracted most misclassifications receiving 45% of
Knowing and 44% of Reasoning items. Reasoning
accuracy was moderate (53%) but showed
substantial confusion with Applying. Very few
items were confused between Knowing and
Reasoning, indicating the model can generally
distinguish between higher-order and basic
cognitive demands but struggles to differentiate
between applying procedures and engaging in
mathematical reasoning.

Difficulty classification remained the most
challenging task for the model, with a strong
tendency toward underestimation (Figure A5 in
Appendix A). Easy items were correctly classified
64% of the time and no easy items were
misclassified as Hard, indicating a cautious
estimation pattern. Medium items had 71%
accuracy, with 26% underestimated as Easy and
only 3% overestimated as Hard. This suggests the
model treats difficulty as a binary decision Easy
versus Not Easy rather than -effectively
distinguishing all three levels. If we collapse the
difficulty to this more pragmatic Easy vs. not Easy
decision, the accuracy jumped to 0.78. Hard items
were the most frequently misclassified. This
reflects a consistent failure to recognize complex
mathematical or cognitive demands, particularly
when such items are concise or lack surface-level
cues of difficulty.

Linguistic Features of Misclassified Items
To better understand the systematic errors in
difficulty classification, we examined surface

Easy  Medium Hard
Word count  76.8 49.9 66.1
Character 561.4 338.9 404.5
count
Reasoning 0.20 0.09 0.34
Verb count
Number 19.10 12.29 10.74
count
Operations 0.40 1.12 1.31
count

Table 3: Average Surface Features of
Misclassified Items

features of misclassified items as shown in Table 3.
We focused on textual length, numerical content,
and mathematical language.

Misclassified Easy items had the highest
average word count (76.8) and character length
(561.4) substantially longer than misclassified
Medium (50.0 words, 338.9 characters) and Hard
items (66.1 words, 404.5 characters). This suggests
the model tends to get confused by textual
elaboration with cognitive difficulty,
overestimating the challenge of otherwise
straightforward tasks. Conversely, Hard items,
though shorter, were rich in mathematical content.
They contained the highest density of
mathematical operations (1.31 per item) and
reasoning verbs (0.34 per item) yet were
overwhelmingly misclassified as Medium. This
indicates that while GPT-40 detects complexity, it
fails to properly weight them in difficulty
estimation, especially when such cues are
embedded in concise text.

5 Conclusion

This study evaluated the potential of GPT-40 to
perform automated classification of TIMSS
mathematics items. Using a dynamic, framework-
aware prompting strategy, we challenged the model
to assign Grade 4 and Grade 8 mathematics items
to their official content domain, cognitive domain,
and difficulty categories without any fine-tuning or
labeled training data.

Across all prompting conditions, model
consistently provided high agreement with content-
domain classifications with about 95% accuracy (
k > 0.92), and confusion matrices only showed
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minimal boundary issues. These results suggest
that content domain classification is one area where
the model can be deployed with confidence.

Model accuracy for cognitive domain
classifications clustered around 62% (x ~ 0.41).
This level of agreement is consistent with prior
research, including Nasstrom (2009), who reported
moderate inter-rater reliability (x ~ 0.41-0.47)
among experts classifying items according to
Bloom’s taxonomy. Similarly, Karpen and Welch
(2016) found only 46% agreement among faculty
when categorizing exam questions by cognitive
demand. While performance improved modestly
under the FS-CoT prompting condition, error
analysis revealed a systematic tendency to
overclassify items into the Applying category, a
middle category bias. This highlights a clear
opportunity for targeted prompt engineering or
probability calibration strategies.

Model performance was weakest for the three-
level difficulty classification task, with accuracy
around 49%. However, reframing the task as a
binary classification, Easy versus Not Easy, yielded
78% accuracy. This is particularly notable given
that prior research demonstrated limited alignment
between expert predictions of item difficulty and
examinee performance (e.g., Bejar, 1983; Mansoor,
2024; Wonde, 2024) with accuracy rates hovering
around 50-55% even after targeted expert training
(Sayin & Bulut, 2024). Moreover, Clauser et al.
(2009) demonstrated that physicians involved in
Angoff standard setting frequently revised their
difficulty estimates to align with whichever
performance statistics were presented to them,
regardless of their accuracy, highlighting the
inherent instability of human judgements. Taken
together, these findings show that unsupervised
binary screening already matches or in some cases
exceeds typical human baselines.

Given this, the model could serve as a first-pass
filter content tagging and binary difficulty
screening could reduce the number of items
requiring full panel review, freeing experts time to
focus on distractor quality, fairness checks, and
cross-cultural comparability. In addition, because
framework definitions are pulled dynamically the
same pipeline can be applied to other TIMSS
cycles or entirely different frameworks (e.g.,
NAEP, PISA) with minimal revision.

This study has potential limitations. First, the
study focused exclusively on mathematics items
from the 2019 TIMSS cycle; generalizability to

science items, earlier cycles, or Al-generated
content remains to be investigated. Second, all
analyses were conducted using text-only
representations of items thus visual components
such as graphs or diagrams were reduced to
captions, which may have affected the model’s
judgments.  Future  studies  incorporating
multimodal inputs may offer a more accurate
reflection of the item’s full content and complexity.
Third, item difficulty levels were defined based on
fixed percent-correct thresholds. Future research
can consider using IRT-based difficulty estimates
or continuous difficulty prediction using fine-tuned
LLMs.

Overall, this study shows that GPT-40, when
directed with a targeted prompting strategy, can act
as a reliable co-reviewer in the early stages of test
development. While current results are strongest
for content classification, meaningful performance
in cognitive and difficulty domains, with
interpretable error patterns, suggests a promising
role for Al in supporting expert workflows. Rather
than aiming to replace human expertise, these tools
are best positioned to augment it by reducing
workload and improving the speed and consistency
of assessment development.
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A Appendix

Grade Category Category Count
Type
Applying 72
Cognitive .
Domain Knowing 53
Reasoning 39
Data 60
ggiﬁ;ﬁ Measurement 50
4 and Geometry
Number 54
Easy 43
Difficulty Medium 87
Hard 34
Applying 54
Cognitive .
Domain Knowing 41
Reasoning 27
Algebra 35
gonte?t Data and 26
8 omain Probability
Geometry 26
Number 35
Easy 14
Difficulty Medium 56
Hard 52

Table Al: Item Distribution Across Categories
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Act as an expert specializing in the TIMSS
assessment framework. Your task is to simulate how
students interact with a {subject_name} item, diagnose
its cognitive demand, and judge its difficulty level from
both an expert and a student perspective.

Analyze the given TIMSS Grade {grade}
{subject_name} assessment item.

Classify this item according to the TIMSS {year} e
{subject name} Framework. Use these three
categories:

1. **Content Domain**: Select the main content
domain from this list (use the exact name):

{content_domains_text}

2. **Cognitive Domain**: Identify the main

cognitive domain (choose exactly one: Knowing,

Cognitive Domain Classification Accuracy

applying knoving reasaning

Applying, Reasoning): Jasid
{cognitive_domains_text} Figure A4: Cognitive Domain Confusion
3. **Difficulty Level**: Indicate the item's difficulty Matrix

(Easy / Medium / Hard), based not only on typical
student success rates but also on complexity, required
reasoning, potential misconceptions, distractor
strength, and student accessibility: Difficulty Classification Accuracy

{difficulty_text}

Figure Al: Prompt Structure — Zero Shot
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Figure AS: Difficulty Confusion Matrix
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Figure A2: Grade 4 Content Domain Confusion
Matrix
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Figure A3: Grade 8 Content Domain Confusion
Matrix
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Abstract

Educational assessment organizations continu-
ously need new test items. This paper presents
an exploratory study on the use of large lan-
guage models (LLMs) for generating item
drafts in medical education, focusing specif-
ically on patient chart items. Using GPT-4,
we developed and compared three prompting
strategies—Chain-of-Thought, counterfactual
reasoning, and information-theoretic sample se-
lection—on the quality of the generated drafts.
Our prompts include clinical vignettes from ex-
isting multiple-choice questions. Evaluation
by two clinical experts showed that at least
a quarter of the items were free from major
flaws at first assessment, and half were con-
sidered useful starting points compared to cre-
ating items from scratch. We found our pro-
posed counterfactual framework could gener-
ate novel items while maintaining the overall
quality and accuracy of generated items. The
quality of generated items was sensitive to the
information-theoretic properties of examples
in few-shot learning settings, where example
questions with higher surprisal of the correct an-
swers enhanced the quality of generated items.
To the best of our knowledge, this is the first
study to explore the potential of LLMs for au-
tomatic generation of clinical chart items.

1 Introduction

To ensure the relevance and integrity of examina-
tions, educational assessment organizations must
continuously develop new, high-quality test items.
This is especially critical in the context of high-
stakes assessments!, where test items must not
only cover necessary subject material but also con-
form to rigorous psychometric standards to ensure
fairness, validity, and reliability. The process of
crafting such test items is inherently complex and
resource-intensive, requiring substantial expertise

'Examinations with significant consequences for the test-
taker, such as professional certification or licensure.

(srezayidemne,pbaldwin,pharik,vyaneva)@nbme.org

and time investment from subject matter experts.
This is particularly challenging for medical educa-
tion, where the test items need to accurately capture
complex real-world problems and reflect highly
specialized and rapidly changing knowledge.

Efforts to automate the full or partial creation of
test items have long been explored as a means to ad-
dress the need for scalable and efficient assessment
development. Rule-based approaches and cognitive
modeling have been widely applied in automated
item generation (AIG) (Gierl and Lai, 2016; Lai
et al., 2016a; Falcao et al., 2022; Circi et al., 2023).
For instance, rule-based methods have been used
to enhance distractor quality in MCQs through the
integration of knowledge graphs (Lai et al., 2016b).
More recently, LLMs have been profitably used
for item generation across a range of domains in-
cluding STEM education, cognitive assessments,
as well as language proficiency testing (Attali et al.,
2022; Prasetyo et al., 2020; Laverghetta Jr and Li-
cato, 2023; Lee et al., 2023; Chan et al., 2024;
Belzak et al., 2023). For example, LLMs in zero-
or few-shot learning settings have successfully gen-
erated items that have achieved acceptable validity
and reliability for various STEM subjects (Chan
et al., 2024).

LLMs have demonstrated impressive perfor-
mance with various medical tasks (Zhou et al.,
2023). These include discriminative tasks like
question answering (Jin et al., 2019; Yaneva et al.,
2023; Naseem et al., 2021; Romanov and Shivade,
2018) as well as generative tasks such as clinical re-
port generation (Johnson et al., 2016; Zhang et al.,
2024b). However, most medical LLMs involve
pretraining (Zhang et al., 2024a; Jin et al., 2023;
Luo et al., 2022; Gu et al., 2021) or fine-tuning
(Christophe et al., 2024; Gururajan et al., 2024;
Luo et al., 2023), which may require expensive
computation resources. The adoption of pretrained
LLMs for Al-assisted item creation in the medi-
cal domain remains a challenge (Karabacak et al.,
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2023). A systematic survey suggests that off-the-
shelf generative language models such as ChatGPT
struggle to generate high-quality multiple-choice
medical questions, even with advanced prompting
strategies (Kiyak and Emekli, 2024).

In this paper, we perform an initial investiga-
tion of the potential of LLMs to assist with creat-
ing comprehensive documents of patient’s medical
record (clinical charts) and multiple choice ques-
tions for medical education exams. We prompt
off-the-shelf pretrained language models with clin-
ical vignettes from a publicly available dataset
(MedQA; Jin et al., 2021) and develop three differ-
ent approaches for item generation in a few-shot
learning setting, including Chain-of-Thought Gen-
eration, Counterfactual Generation, and Princi-
pled few-shot learning sample selection. The gen-
erated items are evaluated by two licensed medi-
cal doctors who are medical school faculty. We
found that our proposed counterfactual genera-
tion framework produces items with greater lexical
and semantic distance from source material while
maintaining overall quality, and that information-
theoretic properties of samples in few-shot learning
settings influence the quality of generated items. To
the best of our knowledge, this is the first study to
explore the potential of a counterfactual genera-
tion framework with principled learning sample
selection for generating clinical chart items.

2 Method

2.1 Data

MedQA This study uses data from two distinct
sources. The first source is MedQA (Jin et al.,
2021), a publicly available dataset containing ~
60K clinical MCQs in English, simplified Chi-
nese, and traditional Chinese. These MCQs were
collected from various test preparation materials
available online. In our study, we use the English-
language subset, which contains 12,723 items.

Chart items The second source is a dataset of
35 chart items (see Fig. 1 for an example item).
These items were developed as part of a research
project on assessing clinical reasoning and the spe-
cific items used in this study are referred to as
SHARP items (SHort Answer, Rationale Provision;
see Runyon et al. (2023) for a full description of
the item format).

Clinical charts, also known as patient records,
are comprehensive documents that typically in-
clude a patient’s medical and social history, pre-

senting symptoms, chief complaints, physical ex-
amination findings, and test results. They may also
contain physician notes documenting patient visits,
differential diagnoses, and treatment plans. In med-
ical education, clinical charts serve as a structured
and effective tool for training future physicians (De-
schénes et al., 2025; Goulet et al., 2007), bridging
the gap between theoretical knowledge and real-
world medical practice (Al-Wassia et al., 2015).
One of the primary benefits of using patient
charts in medical education is the enhancement
of clinical reasoning and decision-making skills
(Daniel et al., 2019). By reviewing and analyzing
patient charts, medical students can practice priori-
tizing information, identifying key features, formu-
lating differential diagnoses, developing treatment
plans, and making informed clinical decisions.

2.2 Setup

Our primary goal is to develop a scalable pipeline
to generate chart items by prompting language mod-
els with detailed instruction and medical scenar-
ios. Each prompt comprises a medical vignette
presented as a multiple-choice medical question
from the MedQA dataset along with three exam-
ples of chart items from the SHARP dataset.

We implement three generation frameworks us-
ing GPT-4: Chain-of-Thought generation, which
transforms a medical vignette from MedQA into
a chart item by creating a medical record for
a hypothetical patient (Section 2.3); Counterfac-
tual Generation, which incorporates counterfac-
tual reasoning to explore alternative outcomes and
generate novel items while leveraging an agent-
based self-prompting strategy to create a knowl-
edge base for accuracy (Section 2.4); and an
information-theoretic framework where the sam-
ple items in few-shot learning settings are selected
based on information-theoretic properties, finding
that LLMs perform better with “difficult” examples
(Section 2.5). For each generation method, we pro-
duced 80 items that were evaluated by two licensed
medical experts (Section 3).

2.3 Experiment 1: Chain-of-Thought

The first experiment uses Chain-of-Thought (CoT)
prompting as a baseline. The approach was de-
signed to be a robust framework for systematically
generating high-quality medical assessment items
that works by dividing the creation process into a
sequence of cognitively manageable steps (Saparov
and He, 2022).
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Question: What is the most likely diagnosis?

| Answer: plantar fasciitis

Patient Information

Age: 32 yearsold
Gender: M, self-identified
Ethnicity: unspecified

Site of Care: office

Family History
« mother: alive with type 2 diabetes mellitus
« father: alive with hypertension
Psychosocial History
- avid runner

« does not smoke cigarettes, drink alcoholic beverages, or use other substances

Physical Examination

History
Reason for Visit [ Chief Complaint: “My right heel hurts”
Temp | Pulse
History of Present Illness 37°C
+ 3-week history of severe right heel pain (98.6°F)

65/min

Resp BP 0, Sat Ht Wt BMI
16/min | 120/75mmHg | 98% | 175cm | 70kg | 23 kg/m®
onRA | (5ft9in) | (155 b)

- pain worsens in the morning and after prolonged sitting
- pain is less severe after he completes 1 mile of running
« has not had redness, warmth, or swelling

« had had no history of recent trauma

« has not had pain in other joints or other areas
Past Medical History

« no serious illnesses
Medications

« Appearance: well developed; no apparent distress

« Skin: warm; well perfused

« HEENT: clear oropharnyx; no scleral injection or icterus

« Pulmonary: clear to auscultation

« Cardiac: regular rate and rhythm; no murmurs, rubs, or gallops

« Abdominal: soft; nontender; normal bowel sounds

« Genitourinary: testis descended; meatus clear with no discharge or erythema

« acetaminophen prn for heel pain
Vaccinations

- Musculoskeletal: mild tenderness to deep palpation of the right medial heel |

« received HPV vaccine 5 months ago
Allergies
+ no known drug allergies

« Neurological: fully oriented without focal motor or sensory deficits; muscle strength 5/5
on dorsiflexion and plantar flexion

Figure 1: An example chart-type item from Runyon et al. (2023). A chart item includes a chart with patient
information, medical history, chief complaint, and physical examination findings, as well as an associated question
and answer. Not all chart information is equally relevant for correctly diagnosing and test-takers must determine
relevancy as part of the task. The green boxes highlight the most relevant information for diagnosis in this example.

Understand scenario: symptom,
diagnosis, procedure

ﬂ A medical vignette about X
=9

Extract knowledge: relevant
knowledge, other possible
symptoms, related diseases

-

 —
A novel chart question ¢ 1
o0 0 o

Generate question and distractors:

Relevance, confusability, accuracy

%+

Few-shot learning: Three chart items

Create a medical record for a

hypothetical patient: medical history,
physical exam, diagnostic studies

Figure 2: An illustration of Chain-of-Thought generation for chart-type items. The model is instructed to transform
a simple medical scenario drawn from the MedQA dataset into a novel chart question step by step.

The CoT generator transforms a medical vignette
extracted from the MedQA dataset into a chart
question step by step (see Fig. 2). First, the model
is instructed to identify the symptoms, diagnosis,
and procedures described in the medical vignette to
ensure that the model captures the parent medical
scenario. Next, the model generates key knowledge
relevant to the parent medical scenario, including
key symptoms, potential differential diagnoses, and
related diseases. The model then creates a detailed
medical record for a hypothetical patient incorpo-
rating incorporating information from parent medi-
cal vignette and relevant information generated by
the model. The model is further guided by referenc-
ing three sample SHARP chart items as examples

of the desired chart-format output. The final output
includes a clinical chart, a question with a correct
answer and ten distractors. We instruct the model
to adhere some general principles for question and
distractor generation (see Appendix A).

2.4 Experiment 2: counterfactual generation

A counterfactual chart item is one whose key diag-
nostic findings intentionally contradict the parent
vignette’s findings such that the correct diagnosis
changes. It leverages a three-step process that in-
tegrates CoT prompting, counterfactual reasoning,
and self-generated knowledge infusion (see Fig.3).

The first step focuses on generating content that
differs from the source material by transforming
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m A medical vignette about X

Counterfactual: what if some
patient information is wrong?

A medical vignette about X
& Generated chart item about Y

'i| A medical vignette about X
A self-generated knowledge
database about X and Y

" & A LLM acting like a medical expert Counterfactual CoT Generator
o Chain of Thought: medical record for
- counterfactual patient

1 .
A novel chart question about Y

(a) Step 1: Counterfactual generation

(b) Step 2: Knowledge generation

* A novel chart question about Y
A self-generated knowledge
database about X and Y

(c) Multi-agent counterfactual generation
with self-generated knowledge

Figure 3: An illustration of three-step knowledge-infused counterfactual generation for chart items. In Step 1, a
chart item related to a novel medical scenario is generated by instructing the model to identify misinformation from
the parent vignette. In Step 2, a knowledge database is generated for the parent and generated medical scenarios. In
Step 3, the database is integrated with the counterfactual generator from Step 1 to regenerate the chart item.

the parent medical vignette into a different medical
scenario through counterfactual reasoning. Coun-
terfactual reasoning has been widely applied in
various settings to explore alternative scenarios
or causal inference in LLM performance (Qin
et al., 2019; Zellers et al., 2019; Mostafazadeh
et al., 2016; Meng et al., 2022; Rajani et al., 2019;
Saparov and He, 2022; Frohberg and Binder, 2022;
Elazar et al., 2021; Rudinger et al., 2020; Li et al.,
2023). The model is instructed to conduct coun-
terfactual reasoning in a Chain-of-Thought frame-
work. We set up a counterfactual premise where
the model is informed that certain elements of the
parent vignette are transcribed incorrectly. Based
on this counterfactual premise, the model needs to
creatively “recover” the clinical chart, leading to a
hypothetical patient record based on a new medical
scenario. The model reasons based on the gen-
erated counterfactual record to develop a clinical
assessment. The goal of this process is to generate
content that deviates from the parent vignette while
maintaining clinical plausibility.

The second step aims to improve the factual
grounding of generated items by creating a self-
generated knowledge base. This step addresses
LLMs’ tendency to hallucinate (Xu et al., 2024;
Zhang et al., 2023) and is accomplished by initi-
ating a new session in which the language model
assumes the role of a medical expert. Agent-based
prompting (Wu et al., 2024) enables the model to
adapt to this role for generating medical knowl-
edge. The correct answer from the parent vignette
(X) and the generated correct answer from the coun-
terfactual scenario (Y) are provided to the model.

The task is to synthesize a detailed knowledge base
about X and Y, including their symptoms, diag-
nostic criteria, and distinguishing features. This
approach attempts to ground the generated coun-
terfactual scenario in medical knowledge. In the
final step, the knowledge base from Step 2 is in-
tegrated back into the counterfactual generation
process. Combining the content variation from
Step 1 with the knowledge grounding from Step 2,
the model generates a refined chart item based on
the counterfactual scenario.

2.5 Experiment 3: sample selection

We explore whether the performance of the lan-
guage model is sensitive to the information-
theoretic properties of the few-shot learning sam-
ples. Language model performance has been
shown to depend on the quality of the samples in
few-shot learning (Rasheed and Zarkoosh, 2024).
Although all chart items used as examples were
judged to be of high quality by human medical
experts, certain information theoretic properties
might make some examples better suited for the
item generation task. In this experiment, we evalu-
ate whether the quality of automatic generation is
affected by the information content of the few-shot
learning examples.

We hypothesize that the information-theoretic
properties of example items are directly related to
how challenging they are for the LLM to solve.
Specifically, we use the surprisal of the correct
answer given the question stem as a metric to as-
sess an item’s difficulty for the LLM. Surprisal is
calculated as the negative logarithm of the proba-
bility that the LLM assigns to the correct answer
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given the question stem (— log p(answer | stem)),
thereby quantifying how unexpected the correct an-
swer is. Consequently, an item with relatively low
surprisal is considered relatively easy for the LLM
to answer correctly.

Sample selection is guided by two complemen-
tary hypotheses. The first posits that easier ques-
tions lead to better performance because they are
straightforward for LLMs to mimic and regenerate
(Easy Sample Hypothesis). Conversely, the second
hypothesis suggests that more challenging exam-
ples may compel LLMs to engage in deeper rea-
soning, improving their ability to generate complex
items (Hard Sample Hypothesis). By evaluating
the effect of the surprisal of selected examples, we
can maximize the quality of the generated items.

We calculate the surprisal of the correct answer
using GPT-2 (Radford et al., 2019), and select the
three sample items with the lowest surprisal. These
selected samples are used in the multi-agent coun-
terfactual generator with self-generated knowledge
(Fig. 3). We then compare the performance with
that of the counterfactual generator with randomly
selected examples described in Section 2.4. If the
items generated in Experiment 3 are considered of
higher quality than items in Experiment 2, Easy
Sample Hypothesis is supported.

3 Evaluation

While there is no consensus on the evaluation pro-
tocol of generated items (Circi et al., 2023), we aim
to evaluate various aspects related to their practi-
cal use in assessment. The generated items may
contain various flaws that affect their suitability
for assessment. These flaws include, but are not
limited to, clinical inaccuracies, contradictions, or
hallucinations; incorrect designation of the correct
answer; distractors (incorrect answers) that may
actually be correct; or content that is unsuitable for
assessment due to overly high or low complexity.
Evaluating these issues requires review by human
experts, as they cannot currently be assessed auto-
matically.

Since an exhaustive list of all potential flaws
could not be constructed a priori due to the un-
known nature of Al-generated items, we focused
our evaluation on the general suitability of these
items for use in high-stakes medical education as-
sessment as perceived by experts with both clinical
and educational backgrounds. We designed a rubric
that covered the following questions, with the full

list provided in Appendix B:

(1) Can the chart stem be used on a high-stakes
assessment?

(2) Please select up to 5 distractors that would, as
a group, constitute a partial or full option set.
Do not select any that would not be suitable
for this chart, or that are too similar to others
that have been selected as suitable.

(3) Can the chart item as a whole be used on a
high-stakes assessment as currently written?

(4) Is this draft a usable starting point for writing
or updating a chart item?

Two licensed medical doctors who also served as
faculty at accredited medical schools in the United
States were recruited. Each expert was assigned
the same set of 100 automatically generated items,
of which 33-34 were generated using each of the
three methods (see Appendix C).

The results from the expert evaluation are pre-
sented in Table 1. Responses to each of the four
rubric questions were dichotomized: (1) stem qual-
ity: minor changes / substantive changes; (2) dis-
tractor quality: substantive changes not required
/ substantive changes required; (3) chart quality:
minor changes / substantive changes; and (4) help-
fulness: helpful / not helpful. For each question,
we calculate two success metrics: strict, which re-
quires two favorable expert judgments and loose,
which only requires one favorable judgment.

Across the three methods, both experts agreed
that over 24% of generated stems required only
“minor changes.” In addition, the quality of the
generated disractors was perceived to be high, with
both raters agreeing that the distractors for at least
79% of the items required only minor changes.
Across three methods, at least 85% generated chart
items were considered usable with minor changes
by at least one annotator. Although the CoT frame-
work’s items were deemed usable most often, the
counterfactual framework performed similarly. The
information-theory-based framework using sample
items with lowest surprisal has a reduced perfor-
mance compared to other methods. This suggests
that language models’ generation performance ben-
efits more from examples with higher item sur-
prisal, supporting the Hard Sample Hypothesis.
Moreover, both experts agreed that over half of
the items (52%) were helpful starting points for
writing a new item. Here, items generated using
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Suggested distractors

Whole item  Helpfulness

Stem
CoT 91% (35%)
Counterfact 91% (32%)
Info theory 85% (24%)

100% (82%)
100% (82%)
97% (79%)

94% (26%) 97% (79%)
91% (24%) 100% (53 %)
85% (15%)  100% (52%)

Table 1: This table displays the proportion of items that were favorably judged for each of the four questions in the
annotation rubric. Two evaluation criteria were used: the loose criterion, where an item is considered favorably
judged if at least one of the two participating physicians judged it favorably; and the strict criterion, where an item
is favorably judged only if both physicians agreed. Proportions are presented in the format: loose (strict).

the CoT method significantly outperformed other
items on that criterion with 79% of the CoT items
judged to be helpful starting points by both experts.
Overall, the expert evaluation suggests that approx-
imately a quarter of the generated items were free
from major flaws at first assessment, and half were
regarded as useful starting points for item develop-
ment compared to creating items from scratch.

The variability in expert agreement underscores
the subjective nature of evaluating item quality, par-
ticularly for stems and charts, where the experts ex-
hibited the most disagreement. The two experts had
inter-annotator agreement of x = 0.1 on chart stem
quality. A qualitative inspection of the annotators’
comments suggests that the low inter-rater agree-
ment might be due to different conceptual under-
standing of the rubric. For example, both annota-
tors commented that one question “needs mother’s
prenatal history”, but one annotator considered this
critical and suggested substantial changes needed,
whereas the other considered it a minor modifica-
tion (see Appendix E and F for more discussion on
limitations and ethical considerations).

We also evaluated whether counterfactual gen-
eration produces items with greater semantic dis-
tance from their source material. To quantify se-
mantic distance, we computed cosine similarity
between word embeddings of each generated item
and its parent vignette, with lower similarity in-
dicating greater lexical/semantic divergence. Re-
sults showed that methods based on counterfactual
generation (Exp 2 & 3) produced items with sig-
nificantly lower cosine similarity to their parent
vignettes than CoT generation (Exp 1), suggest-
ing greater variation from the source material (see
Appendix D).

4 Discussion

This study demonstrated the potential of LLMs to
be used as automated assistive tools when writ-
ing items for medical assessments. The findings
highlight key insights into the quality of the items

generated across the three methods. Notably, over
24% of the generated stems were rated as requiring
“minor changes” by both experts, with 85% of the
items judged to require minor changes by at least
one expert. This suggests that a significant portion
of the generated items lack what could initially be
considered irreparable flaws, inaccuracies, or con-
tradictions. While this cannot yet be considered
evidence that the items can be profitably used on
an assessment without significant review and modi-
fications, it is an encouraging initial assessment.

The integration of counterfactual reasoning and
agent-based knowledge infusion showed effective-
ness in producing content that differs more from
source material. This suggests that tasking the
model with identifying misinformation and gen-
erating counterfactual scenarios helps prevent the
model from simply replicating existing data.

Of particular interest are the findings on
information-theoretic sample selection, which high-
light the nuanced role of item surprisal in few-shot
learning. The observed differences in item genera-
tion when challenging examples were used suggest
that example difficulty may influence LLM genera-
tion patterns. This insight underscores the impor-
tance of principled sample selection in optimizing
LLM performance for automated item generation.

Future research should focus on automating the
evaluation process, expanding applicability to other
domains, and reducing the computational over-
head of LLM-based pipelines. Integrating exter-
nal knowledge sources, such as medical databases,
could potentially improve the factual grounding of
generated chart items. Retrieval-Augmented Gen-
eration techniques could be explored to access and
incorporate external data during the item genera-
tion process. This approach might allow the model
to generate more contextually informed items and
better adapt to specialized knowledge domains.
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A General Principles

We instruct the model to adhere to the following
principles during generation: (a) Informativity: the
new item should contain all the necessary informa-
tion for a chart item; (b) Accuracy: the generated
answer should be consistent with all of the infor-
mation from the generated chart; (c) Novelty: the
generated chart item should be sufficiently different
from the parent item; and (d) Validity: the gener-
ated chart must include sufficient information to
unambiguously identify the correct answer.
According to the chart question stem and cor-
rect answer, the model then crafts ten distractors—
plausible but incorrect answer choices that are
meant to be attractive to examinees who do not

know the correct answer. We instruct the model
to focus on the following properties during the dis-
tractor generation process: (a) Relevance: the dis-
tractors should be relevant to the chart question
stem; (b) Dissimilarity: the distractors should not
be synonyms or very similar to the correct answer;
(c) Incorrectness: the distractors cannot be plausi-
ble correct answers for the generated chart ques-
tion. Distractors with these characteristics enhance
items’ discriminative power.

The model is instructed to use descriptive lan-
guage about any physical exam findings that fol-
lows patient chart documentation standards, such
as specifying warm, dry, or no rashes or lesions
instead of vague terms like normal.

B Evaluation Protocol

1) Evaluation of the Chart: Evaluate the Chart’s
suitability for use on a high stakes assessment. Mi-
nor changes are defined as the necessity to make mi-
nor changes to the chart including but not limited to:
the addition, modification, or deletion of three or
fewer minor history/physical exam details to make
the chart more correct, realistic, or at a more appro-
priate difficulty level. Substantive changes entail
an extensive rewrite of the chart and include but are
not limited to: the addition, modification, or dele-
tion of four or more substantive history/physical
exam details to make the chart more correct, realis-
tic, or at a more appropriate difficulty level.

Question: Can the chart be used on a high stakes
assessment?

i. Yes, with some minor changes

ii. Substantive changes required, or the chart is
too flawed to be useful

Note that if the expert selected “Substantive

changes required”, they would skip the next two
questions and go directly to the fourth question on
Helpfulness.
2) Selection of Appropriate Option Set: Please
select up to 5 distractors that would, as a group,
constitute a partial or full option set. Do not select
any that would not be suitable for this chart, or that
are too similar to others that have been selected
as suitable. The N/A option should be used if you
selected “Substantive changes required, or the chart
is too flawed to be useful” in response to the above
question about the associated chart.

i. N/A — Substantive changes required, or the
chart is too flawed to be useful
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ii. Distractor Suggestion 1

xi. Distractor Suggestion 10

3) Evaluation of the Chart Item as a whole (chart
plus the option Set): To what extent can the chart
item as a whole (i.e., chart plus the options set) be
used on a high stakes assessment? Minor changes
to the chart item as a whole is defined as the neces-
sity to make minor changes to EITHER the chart
(i.e., requires a minor rewrite of the chart including
but not limited to: the addition, modification, or
deletion of three or fewer minor history/physical
exam details to make the chart more correct, real-
istic, or at a more appropriate difficulty level OR
minor changes to the option set (i.e., the need to
create one additional option to complete a suffi-
cient option set of at least 4 options (preferably 5)
with appropriate difficulty for a high stakes assess-
ment). Substantive changes to the chart item as a
whole is defined as the necessity to make substan-
tive changes to EITHER the chart (i.e., requires an
extensive rewrite of the chart including but not lim-
ited to: the addition, modification, or deletion of
four or more substantive history/physical exam de-
tails to make the item more correct, realistic, or at
a more appropriate difficulty level (i.e., suitable for
high stakes assessment) OR substantive changes to
the option set (i.e., the need to create three or more
options to complete a sufficient option set of at
least 4 options (preferably 5) with appropriate diffi-
culty for a high stakes assessment). If EITHER the
chart OR the option set need substantive changes,
then this is considered as the need for substantive
changes to the chart item as a whole. If BOTH the
chart and the option set require minor changes, this
is considered as the need for minor changes to the
chart item as a whole.

Question: Can the chart item as a whole be used
on a high stakes assessment as currently written?

i. Yes, with some minor changes

ii. Substantive changes required, or the chart is
too flawed to be useful

4) Evaluation of helpfulness: Is this draft a usable
starting point for writing or updating a chart item?

i. Yes, this draft would be helpful

ii. No, it would be easier for me to write an item
from scratch

It is important to clarify that we do not consider
the “minor changes” category as suggesting an
item is ready for assessment without significant
additional work (see Section F for discussion on
ethical considerations). Instead, the distinction be-
tween minor and substantive changes serves as a
simple way to differentiate items with major flaws
from those with flaws that may be fixable.

C Recruitment

To perform this evaluation, two licensed medi-
cal doctors who also served as faculty at accred-
ited medical schools in the United States were
recruited. The recruitment was performed by
ANONYMIZED INSTITUTION’s Assessment Al-
liance, which engages with educators, learners, and
other members of the health profession’s education
community to identify how to best prepare medical
professionals to safely care for a diverse patient
population.

Once recruited, the human experts were invited
to a kickoff meeting, where they were briefed on
the purpose of the experiment and the evaluation
rubric, instructed on the use of the annotation plat-
form (items were displayed using the John Snow
Labs annotation system), and given an opportu-
nity to ask questions. Following this meeting, the
experts were given two weeks to complete their
annotations. Each expert was assigned the same set
of 100 automatically generated items, of which 33-
34 were generated using each of the three methods
described in Section 2.

D Automated evaluation of item variation

An important consideration for newly generated
items is the extent to which they differ from their
source material. Understanding these differences
can help identify which generation methods pro-
duce more varied content and potentially guide
selection of items for further development by hu-
man item writers. To this end, we explore the use
of cosine similarity between word embeddings of
generated items and their parent medical vignettes
as one measure of content variation.

Cosine similarity between word embeddings
quantifies lexical and semantic overlap between
generated and parent items, with lower values indi-
cating less overlap—i.e., greater textual divergence.
We define an experimental group where cosine sim-
ilarity is calculated between each generated item
and its corresponding parent vignette. This is com-
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pared against a baseline group, where cosine sim-
ilarity is computed between each generated item
and a random non-parent vignette from the same
set of parent vignettes. Figure 4 shows the aver-
age cosine similarity in experimental and baseline
groups across the three generation methods.

Paired t-tests between experimental and base-
line groups within each method did not reveal sta-
tistically significant results (all p > 0.25), possi-
bly due to high variability in similarity values or
limited sample size. Nevertheless, we observed
consistent trends across all conditions, where sim-
ilarities between generated items and their parent
vignettes were not significantly different from sim-
ilarities with unrelated vignettes. To quantify rel-
ative content variation across methods, we used
the difference in cosine similarity between experi-
mental and baseline groups as an index of textual
divergence. A second set of paired t-tests with Bon-
ferroni correction was conducted to compare this
divergence index across generation methods. The
results revealed that CoT generation produced sig-
nificantly smaller divergence from source material
than both counterfactual (¢ = 4.64, p < 0.001) and
information-theory-based generation (t = 4.41,
p < 0.001). No significant difference was found
between counterfactual and information-theory-
based methods (t = —0.1, p = 0.91).

These findings suggest that counterfactual and
information-theoretic approaches produce content
with greater lexical and semantic distance from
their source vignettes compared to CoT generation.
However, it is important to note that cosine similar-
ity captures only surface-level textual differences
and does not necessarily reflect clinically meaning-
ful variation or educational value of the generated
items.

E Limitations

A key limitation for this research is the fact that
the evaluation relied on only two human raters.
These raters had not undergone specific training
in item writing for high-stakes clinical exams, and
this was their first time evaluating Al-generated
items. These factors may have contributed to the
observed variability in their judgments while limit-
ing their generalizability. Additionally, given the
well-documented variability in how human experts
write clinical MCQs (e.g., Guimaraes et al., 2013),
judgments about the need for “minor” vs “substan-
tive” changes may reflect subjective differences in

9916 x10-1| HEM experimental
baseline

_@‘ 9,914 x 107! _
[
o
£
U 9.912x 107!
(]
c
)
o
O 991x10?

9.908 x 1071 1

CoT Counterfactual Info theory

Figure 4: Average cosine similarity in experimental
and baseline groups across three generation methods.
Blue bars represent cosine similarity between generated
item and its corresponding parent vignette. Red bars
represent cosine similarity between generated item and
arandom vignette from a set of parent vignette.

opinion rather than a definitive standard of quality.

Rater performance may have been further in-
fluenced by biases such as social desirability or
confirmation bias. Social desirability bias could
lead raters to align their evaluations with perceived
research goals or provide overly favorable feedback
due to the novelty of Al in clinical item generation.
Confirmation bias might cause raters to focus on
strengths or weaknesses based on their pre-existing
beliefs about Al’s capabilities. Measuring attitudes
toward Al as part of the recruitment process is an
area for improvement in future research.

In terms of evaluation design, the rubric was pur-
posefully broad given the stage of this research and
did not account for specific flaws that might arise in
clinical MCQs. Examples of such flaws include sus-
ceptibility to “testwiseness,” which refers to an ex-
aminee’s familiarity with general test-taking strate-
gies, and “construct-irrelevant difficulty,” which
refers to item features that increase an item’s dif-
ficulty for reasons unrelated to the trait that is the
intended target of the assessment (Case and Swan-
son, 1998). Future research should endeavor to
better understand and identify specific flaws that
may be prevalent within Al generated items, and
facilitate their evaluation through more granular
rubrics.

Similar to the human evaluation, the automated
evaluation also suffered limitations stemming from
the preliminary nature of this study. While a useful
approximation of the differences that exist between
items, cosine similarity focus only on relative item
variation and do not guarantee that items are suffi-
ciently novel for a given application.
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Last but not least, the performance of the gen-
erated items in practical settings is currently un-
known. Key metrics such as the extent to which
examinees find an item difficult, the power of an
item to discriminate between examinees of differ-
ent proficiency levels, and examinee perceptions of
clarity require pretesting with an examinee sample
and remain untested at this stage.

In summary, future research should not only fo-
cus on improving the technical components of item
generation, but also include larger-scale evalua-
tions, enhanced rubrics, qualitative analyses, the
utilization of raters trained in item writing, and the
collection of examinee response data in real-world
assessment settings.

F Ethical considerations

As Al continues to evolve and its application is ex-
tended to more domains, its integration into item de-
velopment raises important ethical considerations.
A key concern is ensuring that Al-generated items
meet the necessary quality standards for a given
type of assessment. While Al can generate item
drafts, these items must be thoroughly reviewed by
expert item writers to ensure that they are appro-
priate, clinically accurate, and meet the intended
learning or assessment objectives. Human over-
sight remains essential to finalize each item, and
Al-generated content should undergo the same rig-
orous review processes as items that are written
without Al assistance.

The use of Al also requires clear accountability
and transparency in the development process and
avoidance of over-reliance on technology. While
Al can assist in generating drafts, the final responsi-
bility for ensuring the quality, fairness, and ethical
use of any test item remains with human experts. It
is crucial to maintain transparency about how Al is
used and to ensure that stakeholders are aware of
both the capabilities and limitations of Al in this
context.

By ensuring that human expertise remains cen-
tral to the item development process, establishing
rigorous review procedures, and maintaining trans-
parency and accountability, Al can be used eth-
ically and responsibly to support the creation of
high-quality assessment items.
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Using Whisper Embeddings for Audio-Only Latent Token Classification of Classroom

Management Practices

Wesley Morris, Jessica Vitale, and Isabel Arvelo
Vanderbilt University

Abstract

In this study, we developed a textless NLP
system using a fine-tuned Whisper encoder
to identify classroom management practices
from noisy classroom recordings. The model
segments teacher speech from non-teacher
speech and performs multi-label
classification of classroom practices,
achieving acceptable accuracy without
requiring transcript generation.

1 Introduction

Positive and proactive classroom management
establishes a foundation for equitable and inclusive
environments where all students can learn.
Research demonstrates that effective classroom
management increases student engagement and
academic achievement, particularly for students
with learning and behavioral differences [1].
Despite identifying evidence-based classroom
management practices, a significant
implementation gap exists in their consistent
classroom application [25]. Teachers often report
feeling underprepared to support student behavior
and express a need for ongoing, job-embedded
professional development to implement practices
effectively. Coaching and observational feedback
improve teachers’ classroom management
practices and enhance their self-efficacy, reducing
stress and mitigating burnout [19, 30]. However,
these traditional approaches are resource-intensive
and difficult to scale, particularly in historically
marginalized communities. Advances in natural
language processing (NLP) and machine learning
present an innovative opportunity to address these
challenges. Automated feedback tools can deliver
frequent, timely, and actionable insights to teacher

practice, bridging the gap between evidence-based
practices and their real-world implementation,
providing accessible professional development at
scale.

Current automated feedback tools for teacher
classroom practices rely solely on transcripts
generated by Automatic Speech Recognition
(ASR) tools. However, teacher affect, including
tone and delivery, is critical in shaping positive
student-teacher interactions, fostering social-
emotional learning, and reinforcing classroom
expectations [15]. Research indicates that
transcription alone often fails to capture these
suprasegmental speech features, resulting in losing
vital information about prosody and intonation
[26]. To address this limitation, we are developing
a Multimodal Automatic System for the
Classification of Teacher Classroom Practices
(MASCoT-CP) to automatically detect classroom
management practices using both audio and text-
based data. This system aims to provide teachers
with actionable insights into their practices,
leveraging multi-modal inputs to enhance the
feedback they receive. Unlike current automated
feedback tools that rely exclusively on text-based
transcript analysis, MASCoT-CP incorporates
prosody, intonation, and affect, key elements of
spoken language essential for understanding the
nuances of classroom culture and teacher-student
interactions.

This study presents findings from the audio-
only component of the MASCoT-CP system. This
component, designed as part of a larger, multi-
modal system that will integrate audio and text
transcripts, serves two purposes: diarizing
classroom audio into teacher speech and non-
teacher speech segments, and generating
predictions about classroom management practices
present within those segments. Future research will
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integrate the output of the audio-only model with a
text classification model to create an ensemble
system that enhances classification accuracy. This
comprehensive approach will provide teachers
with fine-grained feedback on their classroom
practices, allowing them to focus on refining
specific elements of their practices, thereby
enhancing their students’ learning experiences.

2 Background

2.1 Classroom Management Practices

Classroom management includes the strategies and
practices teachers implement to establish and
maintain  structured,  supportive  learning
environments. Research consistently demonstrates
that effective classroom management is
fundamental to maximizing instructional time,
sustaining student engagement, and building
positive student-teacher relationships. Systematic
reviews identify several evidence-based practices
that contribute to successful classroom
management, particularly frequent opportunities
for active student engagement and feedback for
student behaviors [5, 8].

Central to effective classroom
management are opportunities to respond (OTRs),
questions or prompts that elicit student
participation. Research shows that high rates of
OTRs help sustain student engagement, increase
on-task behaviors, and improve accuracy in student
responses [7]. Complementing these engagement
strategies, teacher feedback further shapes student
behavior. Feedback typically falls into two
categories  within  classroom  management:
reinforcing appropriate behavior through positive
feedback (such as specific praise) and addressing
inappropriate behavior through redirections or
corrective responses. Evidence indicates that
delivering specific praise and maintaining a
positive ratio of positive to corrective interactions
strengthens  student-teacher relationships and
increases students’ on-task behaviors [2, 9].
Together, these practices create positive classroom
environments that establish a foundation necessary
for effective academic instruction.

Despite strong evidence supporting
classroom management’s impact on student
outcomes, many teachers face challenges in
consistently implementing these practices. Pre-
service teacher preparation programs often provide
limited training in classroom management [12],
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leading teachers to identify it as one of the most
challenging aspects of their job and a primary
factor contributing to teacher attrition [13, 28].
These implementation challenges underscore the
need for effective professional development.
Traditional approaches to supporting teacher
development, such as coaching and observational
feedback, have effectively improved practice
implementation. However, scaling these support
presents logistical and financial barriers due to time
and resource constraints. Recent advances in NLP
technologies offer promising solutions for
addressing these scalability challenges. NLP tools
capable of analyzing classroom discourse and
generating automated feedback represent an
emerging approach to supporting teaching
practices at scale [10, 15].

Multiple research teams have developed
text-based classification models using transformer
architectures to analyze classroom transcripts.
These studies demonstrate the feasibility of
automated classroom discourse analysis across
different instructional contexts and pedagogical
practices. Alic et al. [1] fine-tuned a RoBERTa-
based model with paired teacher-student utterances
for binary classification of focusing questions,
achieving an F1 score of 0.501. Suresh et al. [24,
25] trained a RoBERTa-base model to classify
teacher utterances into one of ten math talk moves,
incorporating surrounding transcript lines as
context, and achieved an average F1 score of 0.79.
Similarly, Jensen et al. [17] fine-tuned BERT to
classify seven discourse-related teaching practices,
obtaining an average area under the curve (AUC)
of 0.84 across classifications.

2.2 Audio Classification

The studies mentioned above analyzed transcripts
of teacher speech, rather than classifying directly
from audio. Unlike text data, which consists of
discrete words and subwords easily tokenized
through dictionary lookup, audio data presents as a
continuous information stream. While previous
research has used feature engineering approaches
to extract information from classroom audio [11,
16, 23], the current study uses a modified form of
token classification approach that converts raw
audio into latent token embeddings. Whisper [20],
developed by OpenAl, is a sequence-to-sequence
transformer model for automatic speech
recognition (ASR). In the original architecture, the
encoder’s final hidden state feeds into a decoder



block that recursively generates text conditioned on
both the encoder’s final hidden state and previously
generated tokens. The model was trained on
680,000 hours of speech with transcripts, including
117,000 hours in 96 non-English languages. As a
result, Whisper achieves strong results in ASR and
translation tasks [20].

Recent interest in textless NLP has focused
on directly extracting semantic information from
the audio without intermediate transcription [14].
Although designed for ASR and translation,
multimodal sequence-to-sequence models show
promise for audio classification tasks. Ma et al.
[19] fine-tuned Whisper to generate label tokens,
effectively performing zero-shot audio sound event
classification. Classification can also be performed
by separating the Whisper encoder block and using
the final hidden state embeddings directly, as
demonstrated in predicting speech disorders such
as dysarthria [21] and stuttering [3]. In this audio
classification approach, the encoder’s final hidden
states pass through a projection layer into a
classification head that generates sequence
predictions.

2.3 Current Study

In this study, we develop an audio-only tool that
identifies classroom management practices in
teacher speech segments. Our approach uses a
three-state process using a modified Whisper
architecture. First, we detach the Whisper encoder
from the decoder and fine-tune it for latent token
classification, similar to text-based NLP token
classification, to predict the most probable teaching
practice in each 0.02-second audio window.
Second, we use these predictions to differentiate
segments containing teacher speech from non-
teacher speech segments. Finally, we use the
predictions from the Whisper encoder to perform
multi-label classification on teacher speech
segments to identify which specific classroom
management practices are present. The study
addresses two primary research questions:

RQ1: Can an audio-only model accurately
distinguish between teacher and non-teacher
speech in elementary classroom recordings?

RQ2: Can an audio-only model accurately identify
classroom management practices present within
teacher speech segments from elementary
classroom recordings?

3 Methods

3.1 Dataset

The dataset used to train the classification model
included 29.91 hours of audio recordings from 131
classroom sessions. The recordings were collected
from 28 teachers (15 general education, 13 special
education) across kindergarten through 4™-grade
classrooms. The sample included 6 male and 22
were female teachers. Teachers self-identified as
White (n=16), Black (n=7), Latinx (n=4), and
Biracial (n=1). Their average teaching experience
was 11 years (range = 1-30). Each teacher
contributed 4 to 5 recordings to the dataset. The
recordings from special education teachers
primarily consisted of small-group interventions,
while general education teachers recorded
themselves conducting whole-group instruction
with an average of 21 students per class.
The audio recordings were annotated for
10 specific teaching practices and two non-teacher
talk labels, organized into 6 broader categories
related to classroom management. The six
categories include instructional talk, social talk,
positive teacher-student interactions (i.e., specific
praise, general praise, and affirming correct student
responses), negative teacher-student interactions
(i.e., reprimands, redirections, and correcting
incorrect student responses), opportunities to
respond (OTRs) (i.e., academic and social demands
and questions) and non-teacher speech (e.g.,
student talk and prolonged instances of silence).
Each audio file was annotated by trained
labelers using Audacity [4], where labelers listened
to the complete recording and noted each
segment’s start and end times. This approach
allowed us to establish ground-truth boundaries for
each segment, enabling us to compare multiple
diarization tools and align with methods used in
systematic directional observation of classrooms
[18,29]. Since spoken language in classrooms does
not follow traditional written sentence structures,
annotators applied two stop rules to determine
segment boundaries: a shift to a new practice
category (e.g., a teacher transitioning from
providing instructional talk to asking a question,
signaling an opportunity to respond) or silence
lasting at least two seconds (e.g., a teacher pausing
mid-instructional talk to think). Table 1 displays
the count of each classroom practice in the full
dataset as well as aggregate statistics about their
durations. To ensure reliability, each recording was
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annotated by two independent labelers, followed
by consensus coding meetings to resolve
discrepancies. Inter-rater agreement (IRA) was
calculated using the Multi-Option Observation
System for Experimental Studies (MOOSES) [26],
with agreement defined as both labelers identifying
the same practice within a two-second window.
The average IRA across the 131 recordings was
74%, with most disagreements occurring around
segment start and end times rather than label
assignment.

duration (s.)

count mean std
Instructional Talk 5318  6.65 9.2
Social Talk 2477  3.52 3.8
Positive Interactions 2270 2.76 2.2
Corrective Interactions 981 3.25 2.7
Opportunity to Respond 5749  2.99 2.1
Non-teacher 9102 2.78 34

Table 1: Counts and durations of each classroom
management practice category

3.2 Training

We used the encoder stack of Whisper base [20], as
the foundation for a custom audio latent token
classification model. Figure 1 illustrates the
architecture of our modified version of the Whisper
encoder stack with the shapes of embedding
matrices listed on the bottom. The Whisper
preprocessor first uses fast Fourier transforms that
generate 80-channel log-mel spectrograms from 30
second segments of raw audio using 16 kHz
sampling, 25ms window length, and 10ms stride.
These spectrograms serve as input to two
convolutional layers with a filter width of 3 and
GELU activation function. The first layer maps the
80 spectrogram channels to embedding dimension
d = 768. The second layer uses a stride of 2 to
reduce the 3,000 windows to 7= 1,500 latent token
embeddings, each spanning 0.02 seconds.
Sinusoidal position embeddings are then added to
produce the final Txd dimensional hidden states
hio. 1 € R™ that define each layer's embedding
dimensionality in the encoder.

We first removed all audio files from nine
(31%) of the teachers as a hold-out test set to ensure
that the model generalizes to speakers outside of its
training set. We then split each audio file into
thirty-second clips with a fifteen-second overlap so
that the model would be exposed to all audio twice
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Figure 1: Architecture of the latent token classification
model with dimensionality of matrices

per epoch except for the first and last fifteen
seconds of the audio file. We included this overlap
to ensure that each timestep had at least 15 seconds
of previous context to inform the classification.
Thus, the final hidden state of the Whisper encoder
had a dimensionality of h;, € R™ where T is the
total number of time steps (i.e. 1,500) and d is the
embedding dimensionality (i.e. 768). On top of the
Whisper encoder block, we applied linear layers for
token classification. The first, a projector, reduced
the dimensionality from 768 to 256 and applied a
ReLU activation function. Finally, our
classification head further reduced the
dimensionality to six, our number of labels &, with
a sigmoid activation function. Therefore, the output
of the model had a dimensionality of j € RT*.

We used the Whisper encoder's output to
create target labels for training. For each 30-second
audio clip, we generated 1,500 target labels by
mapping the original hand-annotated labels to each
of the 1,500 timesteps ¢. At each timestep, we
identified the predominant label from the
annotations. The model's predictions were then
compared against these labels using cross-entropy
loss. We fine-tuned the model for six epochs using
the AdamW  optimizer.  Following the
specifications from the original Whisper training
[20], we used a leaming rate of 3.75e-05 and a
weight decay of 0.1.

3.3 Diarization

Our first goal was to correctly distinguish segments
of audio where the teacher was speaking from
segments of audio where the teacher was not
speaking (e.g. student speech, silence). For
inference, we first split the audio in the test set into
thirty-second clips, overlapping with a step of
fifteen seconds, as during training. We then used
our model to generate logits for each 0.02-second
window. Because of our method of splitting the
audio files into overlapping clips, all audio in a file
aside from the first and last 15 seconds is analyzed
twice. We therefore calculate final logits for each
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0.02-second window as the mean of the two
predictions. Finally, we take the maximum logit for
each window to determine the predicted class. If
the class is predicted to be anything other than one
of the classroom management practices, then we
classify it as non-teacher speech. Any classroom
management practice was classified as teacher
speech. We evaluated our success using a modified
diarization error rate (mDER), defined as:

Seconds of misclassified audio

mDER =
Total seconds

Due to the “noisy” nature of elementary classroom
environments, we noticed occasional very short
segments. To address this, we implemented a
minimum speaker turn length, merging segments
shorter than a certain threshold with adjacent
speech. We empirically determined the optimal
threshold length, by assessing mDER at minimum
length thresholds between 0.1 and 0.8. This
threshold optimization was conducted exclusively
on the training set to prevent information leak into
the test set.

Finally, we tested our diarization method
on the withheld test set, comparing our results
against other open-source diarization tools
including Pyannote [6] and SpeechBrain [22].
Unlike traditional diarization models that precisely
mark the start and stop boundaries of speech and
silence, our labeling scheme captures higher level
speaker turns. For example, if a teacher pauses
briefly during a classroom practice and then
continues, our label extends across the entire
segment rather than breaking it at the silence. This
distinction is particularly important when
comparing our approach to diarization tools
designed to detect precise speech boundaries.
These models segment speech with frequent breaks
and allow for speaker overlap, which is not
possible in our framework. Because our evaluation
metric is based on non-overlapping, high-level
speaker turns, other diarization models may be
penalized under our modified DER, even when
they have correctly identified what occurred in the
audio. For our use case, where we aim to broadly
classify whether a given segment of audio
represents teacher speech or non-teacher speech,
diarization serves primarily as a necessary
preprocessing step rather than an end goal. Our
segmentation approach is well-suited for our
application because it reduces noise from minor

pauses, interruptions, or overlapping speech that
are not critical to our analysis.

3.4 Classification

After diarizing the audio into teacher speech and
non-teacher speech, we used the logits computed
by the classification tool to identify all teacher
classroom practices present in each segment of
audio. Each segment was assigned a vector § €
R*! where K is equal to the number of classes. If
the model predicted the label for any of the 0.02-
second windows within that segment, its value was
predicted as 1, otherwise it was predicted as 0.
Similarly, if a label £ was present in a segment of
the target dataset, yx = 1 otherwise 0. We evaluated
success by calculating precision, recall, and fl
scores for each of the classes across all the
segments.

4 Results

4.1 Diarization Results

Modified Diarization Error Rate (mDER) vs. Threshold

Modified Diarization Error Rate (mDER)

04 65
Threshold (seconds)

Figure 2: Identifying optimal maximum segment
length for audio segmentation

Total ~ Teacher Non-
Tool mDER  mDER Tnfia)cé‘g
MASCoT-CP 0.086 0.06 0.149
Pyannote 0.264 0.29 0.196
SpeechBrain 0.324 0.28 0.438

Table 2: Modified Diarization Error Rate for
MASCoT-CP vs. other diarization systems

We first attempted to determine the optimal
minimum segment size. As Figure 2 shows, we
found 0.3 seconds to be the optimal minimum
segment length, and used this parameter for all
further experiments. Using the minimum segment
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length on our test set, we found an mDER of 0.086,
indicating that 8.6% of all audio segments were
misclassified. This outperformed other open source
diarization tools such as Pyannote (mDER = 0.264)
and SpeechBrain (mDER = 0.324). However, it
should be noted that our study does not take other
elements of diarization into account, such as voice
overlap and speaker identification. Table 2 shows
results from the three diarization tools.

4.2 Classification Results

Practice

Category n prec. recall F1
Instructional
2,011 0.627 0.509 0.562

Talk
Social Talk 1,222 0.334 0.548 0.415
Positive

. 757 0.556 0.528 0.542
Interactions
Corrective 512 0179 0221 0.198
Interactions
Opportunity 104 637 0528 0577
to Respond
Non-teacher 4360 0.875 0.55 0.675

mean 1,843.7 0.535 0.481 0.495

Table 3: Counts in test set and metrics for each
classroom practice

Once we had separated each audio file into teacher-
speech and non-teacher-speech segments, we
generated labels for each segment according to
whether a classroom practice was predicted in each
segment. Table 3 shows precision, recall, and fl
scores for each classroom practice, as well as the
number of occurrences of each classroom practice
in the test set. The model’s classification F1 scores
were above 0.4 for all classroom practices aside
from corrective, which may be a result of the low
prevalence of this practice. However, while praise
had a similarly low prevalence, the model was
much more likely to identify this classroom
practice correctly (F1 =0.542).

5 Discussion

In this study, we developed an audio-only tool
which uses a fine-tuned version of the Whisper
base model’s encoder stack to segment and classify

teacher speech for the classroom management
practices. We fine-tuned the model on a dataset of
almost 30 hours of classroom audio annotated by
expert raters for the start and end times of
classroom management practices. Finally, we
process the output of the model to identify
segments of teacher speech and classify the
classroom management practices in those
segments. This study demonstrates that models can
be trained to identify classroom practices with
reasonably performance levels without access to
text transcripts.

Our model effectively distinguishes
between teacher speech and non-teacher speech,
achieving a low misclassification rate of 8.6% - a
significant improvement over other open-source
diarization models. However, it is important to note
that other diarization models are not specifically
tuned for this task or classroom contexts. Our
approach differs from traditional diarization
methods, which precisely segment speech
boundaries and capture overlapping speakers.
Regardless, our results suggest that our model is
well-suited for automatic identification of teacher
speech in classroom recordings without requiring
prior training on individual teacher voices, making
it a practical alternative to traditional diarization
tools when the goal is classification of classroom
discourse rather than precise speaker diarization.

For classification performance, our tool
attained F1 values between 0.4 and 0.7 for all but
one teaching practice. The lowest F1 score of 0.2
occurred for corrective interactions, likely due to
the limited representation of this class in the
training dataset. With only 981 instances (3.8% of
the training dataset), correctives were the least
frequent classroom practice we labeled, potentially
limiting the model’s ability to learn robust patterns
for this category. While our classification accuracy
was lower than that of previous studies, reporting
F1 scores between 0.79 and 0.84 for multi-class
classification of teacher discourse moves [17, 25],
it is important to note that prior work relied on
hand-transcribed textual data. In contrast, our study
uses raw, noisy, audio-only data.

Our study was principally limited by the
relatively small sample size of only 30 hours from
28 teachers. We need to train our model on a larger
and more diverse labeled dataset to develop a tool
that generalizes effectively across diverse linguistic
environments. Additionally, while our results are
promising, given that they are derived directly from
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audio in naturally noisy classroom recordings, they
lag behind studies using clean text transcripts. One
potential solution is to integrate this audio model
into a larger multi-modal ensemble model that
leverages audio and transcripts to achieve higher
accuracy in identifying classroom practices.

6 Conclusion

In this study, we trained the encoder block of the
Whisper to predict classroom management
practices in small time windows of teacher speech.
We then used these predictions for two purposes:
segmenting audio into teacher speech and non-
teacher speech segments with high accuracy and
predicting which classroom management practices
were present in the segments with reasonably high
performance. These results demonstrate that it is
possible to classify classroom management
practices using textless NLP methods, even in
noisy classroom recordings.

While observation and feedback are
established methods for supporting teacher
development, their implementation is resource-
constrained, particularly in under-resourced
educational settings. Automatically identifying
teaching practices from authentically noisy audio
recordings can allow teachers to reflect and
improve their use of effective classroom
management practices. This can have significant
downstream effects on students' educational
experiences, particularly those with learning
differences and those in under-resourced settings.

This study contributes to advancements in
textless NLP and automated measurement of
classroom practices. Future research will build on
the audio-only model by integrating it with a text-
based classification approach using ASR-derived
transcripts, forming a multi-modal automatic
system for classifying classroom management
practices (MASCoT-CP). By combining transcript
analysis with prosodic and intonational features
from the audio-only model, we anticipate improved
accuracy in predicting teaching practices. This
potentially enhanced measurement capability
could be a foundation for developing automated
feedback tools that provide teachers with data-
driven insights into their classroom management
strengths and areas for reflection and growth.
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Abstract

The integration of automated scoring and
addressing whether it might meet the
extensive need for double scoring in
classroom observation systems is the focus
of this study. We outline an accessible
approach for determining the
interchangeability of automated systems
within comparative scoring design studies.

1 Introduction

Classroom observation instruments may be
deployed in different classroom observation
systems, 1.e., the collection of elements that work
together to produce instructional quality ratings
such as the observation instrument, raters, and
scoring design (Hill et al., 2012). Classroom
observation systems operating within education
research or large-scale operational use have
different goals and constraints than those operating
for practical judgements on instructional quality
(Liu et al., 2019). For instance, some classroom
observation systems embedded in educational
research may need calibration and monitor ratings,
double scoring of observations, and complete
multiple observations of teachers whereas
classroom observation systems embedded in a
large school district may not match all of these
elements. Recent research highlights the need for
extensive double scoring to determine whether
raters are scoring accurately and consistently
(White and Ronfeldt, 2024).

One potential approach to address the extensive
need for double scoring is to pair human raters with
an automated scoring system (Rotou and Rupp,
2020; Rupp, 2018). In recent years, a growing

james.drimalla@gordon.edu,

njapashov@albany.edu

number of machine learning techniques have been
used to identify features of instructional quality in
classrooms from videos and audio recordings, or
classroom transcripts. In one such study,
researchers explored the zero-shot performance of
ChatGPT (gpt-3.5-turbo) in scoring transcript
segments from 4" and 5™-grade mathematics
instruction by applying the Mathematical Quality
of Instruction (MQI) tool, a classroom observation
instrument (for more information about MQI, see
Hill et al., 2008). Results indicated the Spearman
correlation between human and machine ratings for
dimensions of MQI were low (Wang and Demszky,
2023). In another study, researchers applied a
multimodal model and ChatGPT (gpt-3.5-
turbo-1106 and gpt-4-1106-preview) to
video, audio, and transcripts to score
encouragement and warmth in classrooms, a key
component of the Global Teaching Insights (GTI)
study’s observation protocol (Hou et al., 2024).
They found pairing the multimodal model with
ChatGPT-4 yielded a moderate Pearson correlation
(r =0.513). Studies such as these illustrate the
opportunities for automated scoring systems in
classroom observation.

Current research investigating these automated
scoring systems for classroom observation have
primarily compared the performance of the
automated system to that of human ratings. In
terms of automated scoring systems, this focus is
one of several components in an argument-validity
framework (Rotou and Rupp, 2020; Williamson et
al., 2012). These systems depend on human scoring
for development. Yet, some scholars critique the
lack of theoretical attention to measurement and
reporting of inter-rater reliability for classroom
observations and question whether classroom
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observation systems that rely only on human raters
can even consistently and accurately measure
instructional quality (Liu et al., 2019; White and
Ronfeldt, 2024; Wilhelm et al., 2018). Rather than
shy away from these complexities with classroom
observation systems or call into question the
conclusions of some of the recent research on
automated scoring systems for classroom
observation, we propose an approach to guide
others in this area in reporting their results.

The purpose of this paper is to examine an
approach for illustrating the implications for
double scoring in classroom observation systems
when one of the raters is an automated scoring
system and the other is a human, especially in the
context of smaller datasets for initial system
development. We make use of a dataset from a
longitudinal study investigating the mathematics
instructional quality of early-career elementary
teachers in the United States. The automated
scoring system includes a random forest classifier
using the outputs of a deep neural network capable
of detecting instructional activities in videos to
score the mathematics instructional quality. Within
this context, we present an approach to reporting
the accuracy and consistency of double scoring
within a classroom observation system when one
set of scores was automated and the degree of
degradation observed. This study seeks to answer
the following key research questions:

1. What is the agreement between human
and machine scoring? Is there a
relative bias between the mean
differences of human and machine
scores?

2. How reliable is the machine scoring in
relation to the human scoring?

3. Isthe double scoring method by human
and machine interchangeable to that of
“gold standard” double scoring by
human raters?

2  Background

2.1 Activity Detection with Deep Learning
Neural Networks and Random Forests

Deep learning has become the state-of-the-art
choice for wvarious challenges including
recognizing human activities in video content
(Beddiar et al., 2020). A deep neural network is a
hierarchical learning structure that can learn

complex and abstract features of a given set of data.
It is feasible to train neural networks to classify
activities in videos of instruction such as the
activity structure (i.e., whole group instruction,
small group instruction, individual work, and
transitions; Ahuja et al., 2019; Foster et al., 2024a),
student and teacher behaviors (Foster et al., 2024a;
Patidar et al., 2024; Sharma et al., 2021; Sun et al.,
2021), and their location (Foster et al., 2024a;
Patidar et al., 2024).

In this study, a deep neural network was used
to detect instructional activities within video
content of elementary mathematics instruction.
From the output of the neural network, a random
forest classifier was then used to predict the
mathematics instructional quality. Random forests
are a supervised machine learning algorithm that
use many tree-like structures (i.e., decision trees) to
make predictions or classifications (James et al.,
2021). In the case of classification, a random forest
selects the majority vote from decision trees.

2.2 Classroom Observation Measures for
Ambitious Mathematics Instruction

There is no single conceptualization of quality
mathematics instructional, although there is a fair
amount of overlap in what should be regarded as
high-quality instruction in mathematics (Praetorius
and Charalambous, 2018; Schlesinger and Jentsch,
2016). We conceptualize high-quality mathematics
instruction as teaching practices aligned with
ambitious mathematics teaching (Franke et al.,
2007; Lampert et al., 2013; Newmann and
Associates, 1996; Thompson et al., 2013). The
Mathematics Scan (M-Scan) is a classroom
observation protocol for mathematics teaching
aligned with ambitious mathematics instruction
(Berry et al., 2013; Walkowiak et al., 2018). It is
operationalized at the lesson level and has been
empirically validated (Walkowiak et al., 2014). M-
Scan has nine dimensions organized under four
domains. For each dimension, there are indicators
with descriptions for low (1-2), medium (3-5), and
high (6-7) ratings.

2.3 Interrater Agreement and Reliability in
Classroom Observations

A concern within classroom observation systems is
whether raters can accurately and consistently
apply an observational instrument. There are
several approaches to reporting interrater
agreement and reliability and some literature lists
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these terms interchangeably (Tinsley and Weiss,
2000; White, 2018; White and Ronfeldt, 2024;
Wilhelm et al., 2018). However, interrater
agreement and interrater reliability are different
measures. Interrater agreement indicates the extent
to which different raters assign the exact same
rating to each observation. Interrater reliability
indicates the consistency of raters when scoring a
collection. It is possible to have high interrater
agreement and low interrater reliability and vice
versa (Cicchetti and Feinstein, 1990). Therefore, it
is important to consider the implications of both
measures and their magnitude (White, 2018;
Wilhelm et al., 2018).

Recent research has also brought attention to
monitoring rater quality in classroom observation
research (White and Ronfeldt, 2024). Typically,
only a small subset of videos (i.e., reliability set) is
ever double scored to monitor rater quality.
However, current recommendations advise more
than 20 observations to estimate rater error with
95% confidence (White and Ronfeldt, 2024). One
suggestion to help guide researchers’ decision
making about rater errors is to use simulations.
These simulations assume a level of rater error
(e.g., £1 or 2 points) and hypothesized distribution
of “true” or master scores and then examine the
implications of the number of observations needed
for suitable rater error rates.

2.4 Methods Comparison

This paper makes use of a technique for comparing
two methods for measurement that arose out of
clinical medical research (Altman and Bland, 1983,
Bland and Altman, 1999, 2003, 2010). The
technique is not widely used in education research,
but there have been recent calls for its use (Wilhelm
et al., 2018). The technique can compare one
established method to another indirect or less
costly alternative method. It assumes that neither
method can provide a true measure and so seeks to
determine how much the two methods agree and
whether they are interchangeable in practice. Both
methods are applied to the same observations.
Then, the difference between the measures for each
observation is calculated to compute the mean
difference (d). If the mean difference is non-zero,
then this indicates there is a relative bias.

A range, in which most differences between
measurements by the two methods will lie, is called
the limit of agreement (LOA). This LOA can be
determined using parametric and non-parametric

approaches (Bland and Altman, 1999). In this
study, we take a non-parametric approach as the
distribution of between-method differences (i.e.,
difference in human ratings) is not well-known.
First, we order the differences observed from least
to greatest. Then, we remove 5% of the observed

Bland-Altman Plot

Difference

1 2 3 4 5 6 7
Mean of Measures.

Figure 1: A Bland-Altman plot of two simulated
measurements.

differences beginning with the most extreme from
either end of the distribution. After removing those
extreme differences, we report the LOA by finding
the difference of the remaining two endpoints of
the observed differences.

There is a related graphical representation,
referred to as a Bland-Altman plot. It plots the
average of the two methods against the difference
of the two methods for each observation. Figure 1
shows a Bland-Altman plot of two simulated
measurements of 100 lesson observations. The first
and second measure observations range between 1
and 7. In Figure 1, we see that d = 0.08 and
LOA =10 . From this Bland-Altman plot, we
interpret there is little to no relative bias when d is
close to 0 and we could say that for 95% of
observations, a measurement by the first approach
would differ no more than +5 units from the
second approach. If LOA < 10 is negligible in
practice, then we may conclude the two methods
for measuring are interchangeable.

3 Current Study
3.1 Video Data

Videos of elementary instruction used in this study
were collected as part of a previous research study
known as the Developing Ambitious Instruction
(DAL Youngs et al., 2022). The DAI focused on 83
beginning elementary teachers who graduated
from teacher preparation programs at five
universities in the United States either in 2015-16
or 2016-17. After graduation, these individuals
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started teaching young children (ages 5 to 11) full-
time in grades K-5 in general education settings.
The DAI team observed each teacher as they taught
mathematics and English language arts (ELA) at
least six times each during their first two years of
full-time teaching (i.e., three times each for
mathematics and ELA per school year). Each
video-recorded lesson was about 45 minutes in
length and the current study used a total of 360
hours of video from over 400 lessons.

3.2 Scoring of Lesson Videos with M-Scan

As part of the DAI study, videos of mathematics
lessons were assigned scores with M-Scan by at
least one human rater. The following steps were
taken to train M-Scan raters and ensure high levels
of reliability. First, each rater watched three videos
of elementary mathematics lessons, assigned
scores for each M-Scan domain, and reviewed the
master ratings and justifications. Raters then met
with the master rater and watched video clips that
exemplified different scores on each of the M-Scan
dimensions and practiced rating two additional
lessons. To determine if raters met certification
requirements, raters independently coded a series
of lessons without conferring with the master rater;
then they met with the master rater to confer on
scores. The master rater computed agreement
scores (at least 80% exact or adjacent matches were
required), identified items that were sources of
systematic error, and looked at convergence of
ratings. If a rater did not meet the 80% threshold,
they were required to rate an additional two
lessons. On a regular basis, the master rater
conducted a meeting in which raters viewed,
coded, and discussed one or two lessons from the
reliability set. These meetings were used to monitor
raters’ ongoing performance.

3.3 Annotations of Videos

For the purpose of training a neural network, the
team developed a list of 24 instructional activities
for annotating the video dataset. For example, the
annotation label of Using or holding an
instructional tool was developed in reference to the
M-Scan dimension Students’ Use of Math Tools.
Prior to annotating the video dataset, annotators
went through training on how to apply the
classroom-based activity labels. At the end of the
training, annotators’ performance was periodically
monitored (Foster et al., 2024c¢).

3.4 Neural Network Model for Instructional
Activity Detection

From our prior investigation, we found The
Background Suppression network (BaS-Net, Lee et
al., 2020) was advantageous for detecting activities
in classroom videos (Foster et al., 2024b). The 268
hours of video recordings were used to train and
test a modified BaS-Net to detect the 24
instructional activity labels, which we call BaS-
Net+. In our experimental setup, training and
testing sets were split 80 and 20 percent
respectively. In comparison to previous reported
results (Foster et al., 2024a), we restructured the
testing set so that it did not feature any of the
teachers from the training set. Once the neural
network was trained and tested on 268 hours from
DAI dataset, we then used it to detect the 24
instructional activities in an evaluation set
featuring 92 additional math lessons.

3.5 Random Forest Classifiers for M-Scan
Scoring

Random forest classifiers were used to predict
scores for each M-Scan dimension. We developed
the random forest classifiers with the package
randomForest in R (Breiman, 2001). All 24
instructional activity labels generated by human
annotations were used as initial predictors for each
of the nine M-Scan dimensions scores. Each
random forest included 41 decision trees with the
mtry hyper-parameter set between 3 and 5 features
at each step of branching.

After building the random forest classifiers, we
applied them to the aggregated data in the
evaluation set that was generated by BaS-Net+. We
then compared the predicted score by the random
forest classifiers to human scores.

3.6 Measuring Interrater Agreement and
Reliability

We report agreements as ratings that agree exactly
or differ by no more than 1 point (Lawlis and Lu,
1972), which we denote as p, and p;. These levels
of agreement are often used in practice with human
raters for M-Scan (Walkowiak et al., 2018). For
interrater agreement, we also report a descriptive
index of agreement, developed by Tinsley and
Weiss (1975), called the T-index:

_ Ng—Npc
~ N-Np M
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where N, is the number of agreements, N is the
number of ratings, and p, is the probability of
chance agreement of an individual. If T is positive,
then the observed agreement is greater than
agreement that would occur by chance. If T is
negative, then the observed agreement is less than
chance agreement. When T is zero, then the
observed agreement is equal to the expected chance
agreement. There is also a nonparametric chi-
square test of significance for the T-index (Lawlis
and Lu, 1972; Tinsley and Weiss, 2000). We use T,
and T; to indicate the index that corresponds to
exact agreement and within one point agreement,
respectively.

To report any relative bias between machine and
human ratings, we report the mean difference (cf)
A positive mean difference indicates on average the
machine scored higher than the human raters while
a negative value indicates on average the human
scored relatively higher for a given dimension of
M-Scan. We use a threshold of d > 0.20 to
conclude a possible relative bias between machine
and human ratings.

When reporting interrater reliability for ordinal-
scaled ratings, we use Finn’s coefficient (7y) and
Gwet’s AC, for their respective advantages. Both
indices range between 0 and 1 with higher values
indicating higher levels of consistency between
raters. A nonparametric chi-square test for
significance is available for 1y and AC,. Finn’s
coefficient is recommended for use when the
within-raters variance is highly constrained and to
use ap < 0.01 for applied research (Tinsley and
Weiss, 2000). It does not require independent
subjects, which in our use case is important as some
of the lessons were taught by the same teacher.
Gwet’s AC, is a generalization of Gwet’s AC;
(Gwet, 2008) and it does not assume all raters will
be paired randomly for each observation.

3.7 Comparing Methods of Double Scoring

To determine two methods are interchangeable,
the Bland-Altman method requires specificity
beforehand as to how small the LOA should be to
conclude that either method is sufficient in
practice. This decision is a practical one, not a
statistical decision (Bland and Altman, 1999).
Practitioners should provide a strong rationale for
this decision. We decided to use what has been
observed in prior research with human raters as the
“gold standard,” although some could argue this

may not be sufficient evidence (White and
Ronfeldt, 2024). With expert human raters scoring
with M-Scan, it was found that they agreed exactly
66.7% and within one point 97.6% of the time
(Walkowiak et al., 2018). Thus, we decided to use
65% exact agreement and 95% agreement within
one point. We may conclude the two methods are
interchangeable if they met or exceeded each of
these levels of agreement if the LOA < 1.
However, before we may make such a conclusion,
we must check the assumption that there is no
relation between the difference between the ratings
and average ratings. We use Spearman’s rank
correlation coefficient (p) to examine for any
monotonic relations. We use the criteria |p| >
0.30 to conclude the possibility of any monotonic
relationship.

4 Results

4.1 Research Question 1: Agreement

The exact agreement between human and machine
scoring ranged between 10.9% to 58.7%. The
corresponding Ty-index values are listed in Table 2.
Most T, -index values indicated little to no
agreement between the scoring except for
Mathematical Accuracy, which indicated moderate
agreement (0.41 < T, < 0.60). Allowing for one
point difference, we found the extended percent
agreements of human and machine ratings between
57.6% and 89.1% agreement. The corresponding
T; -index values range between 0.31 and 0.82.
These are moderate to substantial (T; = 0.61)
levels of agreement between human and machine
ratings. Almost all agreements between human and
machine ratings for each dimension of M-Scan
were found to be statistically significant; thus, it is
highly unlikely these levels of agreement were the
result of chance.
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M-Scan Interrater Agreement

Dimension T, Do T, 121

Structure of the  0.18%** 29.3% 0.70*** 81.5%
Lesson

Use of 0.09 21.7% 0.50*%** 69.6%
Representations

Students’ Use of -0.04  10.9% 0.49%** 68.5%
Math Tools

Cognitive 0.11*  23.9% 0.40*** 63.0%
Demand

Math Discourse ~ 0.22*** 33.7% 0.50%** 69.6%
Community

Explanation and  0.14** 26.1% 0.52*** 70.7%
Justification

Problem Solving 0.11*  23.9% 0.31*** 57.6%

Connections and  0.18%** 29.3% 0.57*** 73.9%
Applications

Mathematical 0.52*** 58.7% 0.82*** 89.1%
Accuracy

*p < 0.05, **p < 0.01, ***p < 0.001

Table 2: Interrater agreements.

Next, we report if there were any relative bias
between the human and machine ratings.
Examining the mean differences between the
paired human and machine scores (see Table 3), we
found a relative bias for nearly all the M-Scan
dimensions. The human raters were, on average,
rating higher scores in comparison to the random
forest classifiers for some of the M-Scan
dimensions (e.g., Problem Solving). On other
dimensions, the random forest classifiers were, on
average, scoring higher than the human raters (e.g.,
Explanation and Justification). No systematic bias
was found for the dimensions of Use of
Representation when observing the mean
differences between the human and machine
ratings.

M-Scan Dimension Mean Differences
d
Structure of the Lesson 0.48
Use of Representations -0.03
Students’ Use of Math Tools -0.23
Cognitive Demand -0.82
Math Discourse Community -0.64
Explanation and Justification 0.73
Problem Solving -0.99
Connections and Applications -0.33
Mathematical Accuracy 0.30

Table 3: Mean differences between machine and
human ratings.
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4.2 Research Question 2: Reliability

For all dimensions of M-Scan, we found the
interrater reliability between human and machine
ratings to be more than substantial (> 0.600) and
statistically significant (p < 0.001) according to
Finn’s reliability coefficient (1) and Gwet’s AC,.
These interrater reliability statistics for each
dimension of M-Scan are listed in Table 4.

M-Scan Dimension Interrater Reliability
Tz AC,
Structure of the Lesson 0.812%** (). 855%**
Use of Representations 0.765%** (.851***
Students’ Use of Math Tools 0.621%*** (. 757***
Cognitive Demand 0.800%** (.814***
Math Discourse Community 0.812%** (.860***
Explanation and Justification =~ 0.722%** (.838***
Problem Solving 0.702%** (. 706%**
Connections and Applications ~ 0.802*** (.877***
Mathematical Accuracy 0.891*** (.946%**

*p < 0.05, ** p < 0.01, *** p < 0.001

Table 4: Interrater reliability

4.3 Research Question 3: Interchangeability

In this section, we report whether the double
scoring done by human and machine is
interchangeable to the “gold standard” between
human raters. For our purpose, we decided if we
observed at least 95% agreement within the LOA <
1 and at least 65% exact agreement between
human and machine ratings, then the double
scoring done by human and machine would be
interchangeable with the method of two human
raters. Meeting this condition would indicate that
the method of rating a lesson by a human rater and
machine rater agrees sufficiently in practice. Table
5 lists all the LOA for each dimension of M-Scan.
Before finding the LOAs using the Bland-Altman
method, we checked the assumption needed that
there is no relation between the difference between
the ratings and average ratings using Spearman’s
p-statistic. As shown in Table 5, all dimensions
except Problem Solving did not satisfy the needed
assumption; thus, these LOA should be interpreted
with caution. Nevertheless, we found no evidence
to suggest the method of pairing human raters with
any of the random forest classifiers is
interchangeable with the double scoring with two
human raters. This conclusion came from the two



necessary criteria: the exact agreement was >65%
and at least 95% agreement for a LOA < 2.

M-Scan Dimension Limitof = Spearman’s
Agreement Coefficient
LOA p

Structure of the 5% -0.37
Lesson

Use of 4* -0.99
Representations

Students’ Use of 6%* -0.80
Math Tools

Cognitive Demand 5% -0.81

Math Discourse 4% -0.77
Community

Explanation and 5% -0.82
Justification

Problem Solving 6 -0.24

Connections and 4* -1.0
Applications

Mathematical 3% -0.88
Accuracy

Note: (*) indicates these LOA interpretations should be
interpreted with caution as there is an association between
the mean score and scoring difference, as evidenced by
corresponding value of p, which does not satisfy one of the
criteria for use of the Bland-Altman method.

5 Discussion

Rater error is highly complex and so it is difficult
to claim that raters are not significantly altering a
measure such as instructional quality. Although
interrater agreement and reliability provide some
estimates of rater error, recent research suggests a
precise measure of rater error requires more
scoring occasions than what is typical (White and
Ronfeldt, 2024). As a result, this means there is a
significant need to double score a sizeable
collection to capture a robust measure of rater error.

One potential solution to meeting this size of
double scoring is to develop an automated rater. We
used our study as a context to illustrate an approach
for determining whether double scoring when one
of the raters is an automated scoring system is
interchangeable with the “gold-standard” of two
human raters. We drew on classroom observation
systems research and methods comparison studies.

In the context of this study, we found insufficient
evidence that the method of double scoring the
video by a human and machine was
interchangeable with the “gold-standard” method
of double scoring by two human raters. Although
we found some agreement and reliability between

the human and machine ratings, the current level of
performance did not provide evidence for the
ability to interchange the two methods as set by our
outset criteria from what had previously been
observed. We acknowledge decisions that we made
may not be appropriate for every scoring design.

However, this study goes beyond what is
typically reported in findings about the
performance of automated classroom observation
systems, which typically detail the association
between human and machine scores. This study
also examined potential impacts on scoring design
decisions as they relate to automated scoring such
as double scoring when one rater is an automated
system. This decision could have several
consequences for rater monitoring and associated
time and financial costs. There is a need for
evaluators of these automated systems to consider
methods and frameworks for addressing this issue
and others that are beyond calibration between
human and machine raters (c.f., Doewes et al.,
2023; Johnson et al., 2022; Rotou and Rupp, 2020;
Williamson et al., 2012).
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Abstract

This study examines the classification of Al-
generated clinical multiple-choice question
drafts as “helpful” or “non-helpful” starting
points. Expert judgments were analyzed, and
multiple classifiers were evaluated—including
feature-based models, fine-tuned transformers,
and few-shot prompting with GPT-4. Our find-
ings highlight the challenges and considera-
tions for evaluation methods of Al-generated
items in clinical test development.

1 Introduction

The development of high-quality standardized as-
sessments fundamentally depends on the availabil-
ity of well-crafted test items. As the demand
for more efficient and scalable item development
grows, many organizations are turning to large lan-
guage models (LLMs) to meet this need (LaFlair
et al., 2023; Song et al., 2025). LLMs offer the
promise of aiding the creation of items at scale
— increasing diversity and improving security by
eliminating item reuse. These benefits make LLMs
an attractive solution for organizations seeking to
streamline the assessment development process.

However, as LLMs become more widely used for
generating content across various domains, evaluat-
ing the quality of the generated output has become
increasingly critical to the usability of these mod-
els. Without a reliable and scalable method for
assessing quality, there is a risk of replacing one
bottleneck — manual content creation—with an-
other: sorting through a vast amount of content that
varies in quality. This issue is especially challeng-
ing in fields that require specialized expertise, such
as medical educational assessment, and in contexts
where there is no universal agreement among ex-
perts due to the nuanced and inherently subjective
nature of the criteria used to define high-quality
output. To fully harness the potential of LLMs in
generating exam items, it is essential to address
this evaluation bottleneck.

In this study, we present one of the first explo-
rations of automated evaluation of Al-generated
items in the clinical domain, using a dataset of 512
clinical multiple-choice questions (MCQs), each
rated by two experts. This work presents the fol-
lowing original contributions:

* We collect and analyze expert ratings of Al-
generated MCQs in the context of medical
education assessment.

* We evaluate a range of automated classifica-
tion metrics to determine how well they pre-
dict expert judgments, identifying which met-
rics align most closely with human assess-
ments; an error analysis aims to identify areas
where these automated metrics fall short.

* While primarily aimed at providing practi-
cal insights in assessment development, we
also discuss the implications of these findings
for the broader challenge of evaluating Al-
generated expert text, highlighting the need
for nuanced evaluation frameworks as genera-
tive Al becomes increasingly integrated into
professional workflows.

2 Related Work

Since the advent of LLMs, the medical community
has had a keen interest in exploring the medical
knowledge of LLMs (He et al., 2025; Singhal et al.,
2023; Tang et al., 2023; Yaneva et al., 2024; Zhou
et al., 2023) and generating MCQs that can be used
in medical education and assessments (Artsi et al.,
2024; Al Shuraiqi et al., 2024). The quality of
automatically generated MCQs has been evaluated
using a range of methods across multiple studies
(see Table 1 for a comparison).

Cheung et al. (2023) conducted a multinational
prospective study evaluating the quality of MCQs
produced by ChatGPT for graduate medical exami-
nations across Hong Kong, Singapore, Ireland, and
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Study Evaluation Dimensions

Findings

Cheung et al. (2023)

Suitability

Appropriateness, Clarity, Rel-
evance, Discrimination, Exam

No significant difference between Al- and
human-generated MCQs; Al scored slightly
lower in relevance (p = 0.04)

Klang et al. (2023)
tivity

Accuracy, Terminology, Sensi-

0.5% of questions were false; 15% required re-
visions due to various inaccuracies

Agarwal et al. (2023)

Validity, Difficulty, Reasoning

ChatGPT produced the least difficult questions;
strong inter-rater reliability (x > 0.8)

Ayub et al. (2023)

Accuracy, Complexity, Clarity

Only 40% of Al-generated questions were suit-
able for ABD-AE preparation

Bedi et al. (2025)
viewer Consensus

Distinguishability, Validity, Re-

64% of questions deemed valid; 51.8% distin-
guishability (random chance); reviewers took
3.2 min/question

Table 1: Summary of studies evaluating Al-generated medical MCQs

the United Kingdom. Five independent interna-
tional assessors evaluated questions based on five
domains: appropriateness, clarity and specificity,
relevance, discriminative power of alternatives, and
suitability for medical graduate examinations. The
study found no significant difference in overall
question quality between Al-generated and human-
authored questions, except in the relevance domain,
where Al-generated questions scored slightly lower
(AI: 7.56 £ 0.94 vs. human: 7.88 + 0.52; p = 0.04).

In Klang et al. (2023), GPT-4 was utilized to gen-
erate MCQs for medical examinations. Specialist
physicians, blinded to the source of the questions,
evaluated them for mistakes and inaccuracies. The
study reported that only 0.5% of Al-generated ques-
tions required replacement, while 15% required re-
visions due to issues like outdated terminology and
demographic sensitivities.

Agarwal et al. (2023) assessed the applicabil-
ity of ChatGPT, Bard, and Bing in generating
reasoning-based MCQs in medical physiology.
Two physiologists rated the Al-generated questions
on validity, difficulty, and reasoning ability using
a 0-3 scale. ChatGPT produced the least difficult
questions, and all Al models showed limitations in
generating high-level reasoning questions. Inter-
rater reliability was high, with Cohen’s kappa (k)
values > (.8 across all parameters.

In dermatology, Ayub et al. (2023) explored
ChatGPT’s potential in generating board-style ques-
tions. Two board-certified dermatologists con-
ducted a qualitative analysis of 40 Al-generated
questions, assessing accuracy, complexity, and clar-
ity. Only 40% of the questions were deemed accu-
rate and appropriate for American Board of Der-
matology Applied Exam (ABD-AE) preparation,
highlighting the need for expert oversight.

QUEST-AI (Bedi et al., 2025) is an Al system for
generating, verifying, and refining USMLE-style

items. Three physicians and two medical students
participated in a twofold assessment: distinguish-
ing between Al- and human-generated items and
evaluating the validity of Al-generated content. Par-
ticipants could only distinguish between the two
at a rate of 51.8%, suggesting indistinguishabil-
ity of Al-generated items. Furthermore, 64% of
Al-generated items were unanimously deemed cor-
rect by reviewers, while 36% were flagged for is-
sues like multiple correct answers or incorrect Al-
selected answers. The average review time per item
was 3.21 minutes, indicating efficiency advantages
over traditional question drafting.

Among these studies, only Bedi et al.’s (2025)
included automatic evaluation, in the form of an
ensemble of language models to automatically flag
flawed questions. None of the studies directly eval-
uated the Al-generated items in the context of op-
erational assessments.

The literature so far provides important insights
across a range of use cases, highlighting both the
promise and current challenges of Al-assisted item
development. However, the diversity in study de-
signs, evaluation rubrics, expert backgrounds, and
question types makes direct comparison across
studies difficult. Most studies rely on expert judg-
ment, while automated evaluation remains under-
explored, with only preliminary use by Bedi et al.
(2025). Our study is among the first to investigate
automated methods for evaluating Al-generated
medical questions, aiming to complement expert
review with scalable and consistent quality checks.

3 Data

The dataset used in this study comprises 512 clin-
ical MCQs generated by GPT-4-0314, aiming to
cover 26 topics across various clinical domains.
These include, but are not limited to, the respira-
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tory system, renal and urinary systems, obstetrics
and gynecology, behavioral disorders, and gastroen-
terology. The items were evaluated by ten subject
matter experts (SMEs), who were physicians with
extensive experience in writing clinical MCQs for
high-stakes standardized assessments. The evalua-
tion was organized such that each item was anno-
tated by two SMEs and each SME saw ~100 items.
Additionally, the annotation was organized so that
5 pairs of SMEs that each shared the same domain
of expertise annotated the same set of items that
were grouped by topic. This paired assignment of
SME:s to topics was necessary due to the highly
technical nature of the MCQ content and a need to
ensure, to the extent possible, that the SMEs had
the right background to evaluate the items.

The SMEs were first shown an item stem (the
clinical scenario that presents the problem to be
solved) along with the key (the correct answer).
They were then given up to 12 distractors (incor-
rect answer options) and asked to select those that,
collectively, could form a partial or complete op-
tion set for the item. Following this selection, the
SMEs evaluated several aspects of the item drafts,
including their usefulness as starting points for de-
veloping items for a high-stakes clinical assess-
ment. Each draft was rated as either a Helpful
starting point (requiring relatively minor changes)
or a Non-Helpful starting point (requiring substan-
tive revisions). Optionally, SMEs also provided
rationales for their selections.

When providing their ratings, SMEs were in-
structed to label drafts as Helpful starting points if
only minimal revisions were needed. This included
small edits to the stem—such as adding, modifying,
or removing up to three minor history or exam de-
tails for accuracy, realism, or appropriateness—or
minor changes to the answer options, like adding a
distractor to complete a 4-5 option set with appro-
priate difficulty. Drafts requiring more substantive
revisions to the stem or answer options were to be
labeled Non-Helpful starting points. These guide-
lines were intended as reference points, with SMEs
encouraged to use their judgment in assessing the
overall effort required to finalize a draft. The in-
structions were presented both in writing and ver-
bally during a training session, where SMEs also
rated three sample items together. The discussion
with the SMEs revealed the limitations of rigid cri-
teria based on a specific number of item edits, as
SMEs noted that a single change can sometimes
require significant effort, while multiple superficial

Data Helpful Non-Helpful
Set 1 280 232
Set 2 280 68

Table 2: Distribution of helpful and non-helpful items
with (Set 1) and without (Set 2) SME disagreements.

edits may be quick and easy to implement.

This study focuses on developing an automated
evaluation of the quality of Al-generated drafts by
using the draft item as input and predicting the
labels assigned by the SMEs. These labels are de-
fined as follows: if both SMEs agreed that a draft
was a helpful starting point, it is labeled Helpful.
If at least one of the SMEs rated the draft as not
helpful, it is labeled Non-Helpful, because the sys-
tem should preferably reject any item draft that
could be labeled as Non-Helpful by human annota-
tors in order to streamline the review process. The
data distribution following this labeling method is
shown in Table 2 as Set 1. In a follow-up analysis,
we refine the label distribution by removing the
cases where the SMEs disagreed and consider only
item drafts that were labeled by both annotators as
either Helpful or Non-Helpful (Set 2 in Table 2).
As shown in the following sections, this reduces
labeling noise caused by rater disagreement but in-
troduces class imbalance, making the classification
task more challenging.

4 Analysis of Human Annotations

Overall, 70.8% of the individual annotations pro-
vided by the SMEs characterized the item as Help-
ful. However, the distribution of Helpful vs. Non-
Helpful annotations varied substantially across
raters with 47.1% Helpful ratings for the most
rigorous annotator and 88.8% Helpful ratings for
the most lenient annotator. These results suggest
that the SMEs had different subjective interpreta-
tions of the definitions of Helpful and Non-Helpful
provided in the annotation guidelines. The inter-
annotator agreement statistics provide additional
evidence for the challenging nature of the annota-
tion task. The overall inter-annotator exact agree-
ment was 67.1% and Cohen’s  was 0.223. Across
the five pairs of raters that annotated the same sets
of items, exact agreement ranged from 52.0% to
73.3% and Cohen’s k ranged from 0.078 to 0.376.

S Automated Classification of Helpfulness

We conducted three types of automated classifica-
tion experiments to predict the helpfulness of gen-
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erated items based on the expert judgments. These
included: (1) a feature-based approach utilizing
interpretable features, (2) fine-tuned transformer
models, and (3) an LLLM judge utilizing few-shot
learning with a focus on prompt engineering to
explore creative prompting strategies.

5.1 Feature-Based Classification

In our experiment with hand-crafted interpretable
features, we conducted a 5-fold cross-validation
experiment utilizing a Random Forest (RF) clas-
sifier implemented via the scikit-learn Python
library (Pedregosa et al., 2011). The models were
trained on two types of manually engineered fea-
tures: word count-based features and readability
metrics. The word count features captured surface-
level textual patterns such as the total word count
in the item stem, the number of words in the
key, the average word count between distractors,
and the maximum word count between distractors.
Readability was assessed using the Flesch-Kincaid
Grade Level and Flesch Reading Ease scores (Kin-
caid et al., 1975), which estimate the linguistic
complexity of the item content. These features
serve as an interpretable baseline intended to quan-
tify the extent to which surface characteristics such
as item length are predictive of the two classes.

5.2 Transformer Models

We performed a 5-fold cross-validation experiment
and fine-tuned three models: BERT-base-uncased,
DeBERTa-v3-base, and DeBERTa-v3-large from
HuggingFace (Wolf et al., 2020). The following
parameters are used to fine-tune all models: batch
size of 16, learning rate of 9¢~%, 50 warmup steps,
and a weight decay of 0.01. The input to the models
consists of the stem, answer key, and distractor list,
each separated with a [SEP] token.

5.3 LLM as Judge with Few-shot Learning

We used GPT-4 (OpenAl et al., 2024) as a judge to
determine the helpfulness of the generated item
drafts. We employed few-shot prompting and
tested the following four distinct prompt designs
(refer to Appendix A for the complete prompts):
Simple Prompt: In this approach, we did not
provide detailed instructions to the LLM. We in-
structed the LLM to take the a role of a highly
knowledgeable medical educator, provided it with
two labeled examples (one Helpful item requiring
few edits and one Non-Helpful item requiring ma-
jor edits), and then asked it to classify a third item.

Criteria-Based Prompt: In this prompting strat-
egy, the LLM was prompted to act as a highly
knowledgeable medical educator and was given a
set of review criteria, including clarity, relevance,
validity, formatting, cognitive level, and statistical
usability. Similar to the simple prompt, two la-
beled examples were followed by a third item to
be classified. In this case, the model was explicitly
instructed not to provide an explanation.

Criteria-Based Prompt with Rationale: This
prompting strategy followed the structure of the
criteria-based prompt. In addition, the SME ratio-
nales for the example items in the prompt were
included, and the model was instructed to provide
a clear rationale for its decision.

Similarity-Based Prompt with Rationale:
Building on the third prompt, this version improved
the example selection process by choosing exam-
ples most similar to the target item. Similarity was
computed using cosine distance between sentence-
level vector embeddings of the items. The sen-
tence vectors were extracted from the sentence
transformer embedding model (Zhang et al., 2025).

6 Results

We evaluated all models using two metrics:
weighted F1-score and accuracy, with results pre-
sented in Table 3. For Set 1, which includes cases
that SMEs disagreed upon, the majority baseline
yielded an F1-score of 0.387 and an accuracy of
0.547. For Set 2, without SME disagreements, the
corresponding scores were (0.718 and 0.805.
Comparative analysis indicates that, while the
feature-based Random Forest classifier outper-
formed the baseline in terms of F1 score, it con-
sistently underperformed on the accuracy metric
across both sets. Notably, for all feature ablation
combinations, the classifier’s accuracy remained
below the majority baseline. Among the feature
sets, word count features achieved the best per-
formance, suggesting that item length provides a
predictive signal when modeling helpfulness. To
further investigate this relationship, we computed
the Pearson correlation between the helpfulness la-
bel and various hand-crafted features. Interestingly,
word count features did not exhibit a statistically
significant correlation with helpfulness. However,
the number of words in the item stem and the read-
ability measured via the Flesch Reading Ease score
showed a negative correlation (shown in Table 4).
The fine-tuned transformer models outperformed
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Set 1 Set 2

Fl-score Accuracy Fl-score Accuracy
Baseline Majority class 0.387 0.547 0.718 0.805
RF Word count features 0.505 0.506] 0.741 0.779)
Readability features 0.479 0.482] 0.709 0.747]
All features 0.486 0.492] 0.739 0.796)
BERT 0.558 0.561 0.769 0.802]
Transformers DeBERTa-base 0.589 0.604 0.718 0.805
DeBERTa-large 0.564 0.568 0.771 0.810
Simple Prompt 0.465 0.575 0.768 0.815
GPT-4 Criteria-Based Prompt 0.482 0.573 0.755 0.792]
Criteria-Based Prompt w/ Rationale 0.537 0.586 0.742 0.754]
Similarity-Based Prompt w/ Rationale 0.534 0.574 0.732 0.732)

Table 3: Comparison of model performance using weighted F1-score and accuracy. Models that did not improve
over the baseline are marked with the | symbol. The best performing models within each type are marked in bold.

Features Correlation P-val Range
Word Count
Stem -0.062 [0.093, 0.500]
Answer 0.015 [0.523, 0.798]
Avg. Distractor 0.022 [0.401, 0.974]
Max. Distractor 0.016 [0.481, 0.944]
Readability
Grade Level 0.053 [0.051, 0.813]
Reading Ease -0.062  [0.019*,0.910]

Table 4: Average magnitudes and p-value ranges for
correlations between the helpfulness label and hand-
crafted features over 5-fold cross validation. *p < 0.05

the majority baseline, with the exception of BERT-
base-uncased on the accuracy metric. DeBERTa-
v3-base consistently outperformed both BERT-
base-uncased and DeBERTa-v3-large on Set 1,
which includes item drafts with discrepant SME
ratings. In contrast, DeBERTa-v3-large achieved
the best performance on Set 2, where item drafts
with discrepant ratings were removed.

When using GPT-4 to assess helpfulness, we
evaluated its performance both with and without ra-
tionale explanations. On Set 1, which includes item
drafts with discrepant SME ratings, the Criteria-
Based Prompt with Rationale outperformed all
prompting strategies. While the Similarity-Based
Prompt with Rationale yielded competitive results,
it did not surpass the performance of the Criteria-
Based Prompt with Rationale. In contrast, for Set 2,
with no discrepant SME ratings, the Simple Prompt
achieved the highest performance. The other three
prompts did not exceed the baseline accuracy on
Set 2, suggesting that in the absence of discrepancy,
GPT-4 performs best with simple prompts.

7 Error Analysis

The experiments presented in Section 6 show that
modeling draft helpfulness is a challenging task for

various classifiers. Our findings identify DeBERTa-
base and the Criteria-Based Prompt with Rationale
as the most effective approaches, which is why we
focus on these two models to further understand
their error patterns.

The confusion matrices in Appendix B show
that both the DeBERTa-base and GPT-4 models are
effective at recalling Helpful items—correctly iden-
tifying many of them as Helpful. However, both
models also exhibit a tendency to incorrectly clas-
sify Non-Helpful items as Helpful. We suspect our
labeling choice of marking items with annotator dis-
agreement as Non-Helpful may have contributed to
the misidentification. To better understand this ef-
fect, we analyzed how the models handled the items
marked by disagreement. Of the 164 such items,
DeBERTa-base predicted 103 (63%) as Helpful
and 61 (37%) as Non-Helpful. The GPT-4 model
using the criteria-based prompt with rationale pre-
dicted 126 (77%) as Helpful and only 38 (23%) as
Non-Helpful. These findings suggest that, although
items with discrepant ratings were labeled as Non-
helpful, the models exhibit a consistent bias toward
predicting them as Helpful.

To better understand why a Non-Helpful item
might have been labeled as Helpful, we examined
the comments provided by both human annotators
and the rationales generated by GPT-4 as part of
the Criteria-Based Prompt with Rationale. On av-
erage, GPT-4’s rationales were 4.6 times longer
than those written by humans. A qualitative anal-
ysis reveals that human annotators tend to focus
more on issues related to the stem of the question,
whereas GPT-4 emphasizes aspects of the distrac-
tors and the correct answer. Additionally, GPT-4
often describes items as clear, concise, and easy to
understand. Human rationales also contain highly
technical medical knowledge about flaws in the

176



Human Rationale

GPT-4 Rationale

Draft item seems to hint at diagnosis (medication
known to cause acute kidney injury, AKI), and
yet answer relates to hematuria and proteinuria,
which may or may not be seen in AKI. Also,
shortness of breath is not further elaborated on in
history or physical exam. If this is fluid overload
in setting of AKI, would likely have crackles or
lung findings. Draft item lacks focus and is not
necessarily aligned with indicated answer.

The question stem is clear, concise, and relevant to the intended
learning objectives. The options are unambiguous and easy to
understand. However, the correct answer should be revised to
match the format of the other options. Instead of "Proteinuria
and/or hematuria," the correct answer should be written as "Pro-
tein and hematuria." This change will make the correct answer
consistent with the other options and maintain the clarity of the
question. Additionally, the question matches the cognitive level
required for the audience and is free of bias and stereotypes.

Table 5: Human annotator rationale vs. GPT-4 rationale for an example where the item draft was labeled as
Non-Helpful by the SMEs but predicted as Helpful by GPT-4 using the Criteria-Based Prompt with Rationale.

item draft that the GPT-4 may not pick up.

Given that the items were generated by GPT-4
and are also being evaluated by GPT-4, this may
partly explain its tendency to find the items easier
to understand. Table 5 presents an example where
the item was labeled as Non-Helpful by human an-
notators but predicted as Helpful by GPT-4, along
with their respective rationales.

8 Discussion and Conclusion

This study investigated human and automated eval-
uations of Al-generated item drafts, intended to
serve as starting points for item development. The
results indicate that this is a challenging task for
both experts and machines. Despite our efforts to
mitigate variability—through detailed guidelines,
topic-to-rater matching, and a group calibration
exercise—inter-rater agreement remained modest.

A likely explanation lies in the inherently sub-
jective nature of the task. A given draft may evoke
different ideas and interpretations depending on
the item writer’s experience, domain-specific pref-
erences, or approaches to the item development
process. Writers may also vary in their thresholds
for what they perceive as a “substantive” effort
required to revise a draft. While future research
should further refine rating criteria and protocols,
the subjective nature of evaluating helpfulness is
unlikely to be eliminated entirely.

Turning to the automated evaluation, classifica-
tion models exhibited modest success. Even when
analysis was limited to instances where both raters
agreed—a subset of examples with arguably clearer
ground truth—the performance of the classifiers
remained moderate. One contributing factor was
class imbalance within the dataset (while this skew
affects supervised models, the GPT-4-based few-
shot prompting approach used a balanced set of
examples, mitigating this issue during inference).
Notably, rationale-augmented prompts improved

GPT-4’s performance in Set 1, suggesting that struc-
tured reasoning can help guide the model’s deci-
sions in more complex cases. However, in Set 2,
with no disputed labels, the simple prompt outper-
formed more elaborate versions—highlighting that,
in low-ambiguity scenarios, additional reasoning
may introduce unnecessary "cognitive" load and
reduce accuracy.

Several limitations warrant consideration. First,
the relatively small sample size constrains the gen-
eralizability of our findings. Model performance
may differ across item formats or subject areas
not represented in our dataset. There could also
be potential misalignments between item content
and rater expertise. For example, an item involv-
ing pediatric trauma may have been assigned to a
general pediatrician, whereas the underlying clin-
ical focus would have been more suitable for an
emergency physician. In addition, the choice of
particular specialists in this study were limited by
the item writer’s availability and addressing these
limitations in future work is important for obtaining
a more robust evaluation.

The practical aim of this study was to explore
whether automated evaluation methods could help
streamline the human review process. The extent to
which this goal was achieved remains open to inter-
pretation. On the one hand, several of the classifiers
outperformed baseline models and demonstrated
reasonable recall for identifying helpful items (in
other words, there is lower risk of discarding help-
ful drafts). However, the relatively low precision in
identifying unhelpful drafts—when combined with
subjective preferences— limits the utility of such
methods in practice. Further precision refinement
is needed before automated triaging can be consid-
ered a dependable aid in clinical test development.
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A  LLM Prompts

Simple Prompt

System:

Here are 2 examples of medical MCQ
questions where the first example is
Non-helpful and the second example is
Helpful. Given a third example, your job is
to answer if it is Helpful or Non-helpful.

User:

Example 1: [example 1 question]
Answer: [example 1 answer]
Options: [example 1 options]
Label: Non-helpful

Example 2: [example 2 question]
Answer: [example 2 answer]
Options: [example 2 options]
Label: Helpful

Example 3: [test example question]
Answer: [test example answer]
Options: [test example options]

Is the third example Helpful or Non-helpful
?H

Criteria-Based Prompt

System:

You are a highly knowledgeable medical
educator and expert in medical exam
question design. Your task is to review a
set of Multiple Choice Questions (MCQs)
intended for a medical education platform.

Criteria:

- Clarity and Conciseness: Is the ques-
tion stem clear and concise, avoiding
unnecessary complexity? Are the options
unambiguous and easy to understand?

- Relevance and Focus: Does the question
align with the intended learning objec-
tives or topic? Is it free of irrelevant or
extraneous details that might confuse the
respondent?

Criteria-Based Prompt (Cont..)

- Answer Key Validity: Is the correct
answer clearly supported by the question
and defensible? Are distractors (incorrect
options) plausible but clearly incorrect?

- Formatting and Grammar: Is the question
grammatically correct, free of typos, and
formatted appropriately?

- Cognitive Level: Does the question match
the cognitive level (e.g., recall, application,
analysis) required for the audience or
context?

- Bias and Sensitivity: Is the question free
of bias, stereotypes, or language that might
disadvantage certain groups?

- Statistical Usability (Optional): Does the
question have characteristics likely to yield
good discrimination and difficulty levels if
data is available?

User:

Here are two examples of well-structured
MCQs where the first example is Non-
helpful and the second example is Helpful:

Example 1:

- Question: [example 1 question]

- Options: [example 1 options]

- Correct Answer: [example 1 answer]
- Label: Non-helpful

Example 2:

- Question: [example 2 question]

- Options: [example 2 options]

- Correct Answer: [example 2 answer]
- Label: Helpful

Now, classify the following question:
- Question: [test example question]

- Options: [test example options]
- Correct Answer: [test example answer]
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Criteria-Based Prompt (Cont..)

Instruction:

ONLY return one of the following labels:
- Non-helpful

- Helpful

Do **NOT** provide any additional
explanation.

Criteria-Based Prompt with Rationale

System:

You are a highly knowledgeable medical
educator and expert in medical exam
question design. Your task is to review a
set of Multiple Choice Questions (MCQs)
intended for a medical education platform.

Criteria:

- Clarity and Conciseness: Is the ques-
tion stem clear and concise, avoiding
unnecessary complexity? Are the options
unambiguous and easy to understand?

- Relevance and Focus: Does the question
align with the intended learning objec-
tives or topic? Is it free of irrelevant or
extraneous details that might confuse the
respondent?

- Answer Key Validity: Is the correct
answer clearly supported by the question
and defensible? Are distractors (incorrect
options) plausible but clearly incorrect?

- Formatting and Grammar: Is the question
grammatically correct, free of typos, and
formatted appropriately?

- Cognitive Level: Does the question match
the cognitive level (e.g., recall, application,
analysis) required for the audience or
context?

- Bias and Sensitivity: Is the question free
of bias, stereotypes, or language that might
disadvantage certain groups?

Criteria-Based Prompt with Rationale
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(Cont..)

- Statistical Usability (Optional): Does the
question have characteristics likely to yield
good discrimination and difficulty levels if
data is available?

User:

Here are two examples of well-structured
MCQs where the first example is Non-
helpful and the second example is Helpful:

Example 1:

- Question: [example 1 question]

- Options: [example 1 options]

- Correct Answer: [example 1 answer]
- Label: Non-helpful

- Rationale: [example 1 rationale]

Example 2:

- Question: [example 2 question]

- Options: [example 2 options]

- Correct Answer: [example 2 answer]
- Label: Helpful

- Rationale: [example 2 rationale]

Now, classify the following question:

- Question: [test example question]
- Options: [test example options]
- Correct Answer: [test example answer]

Instruction:

ONLY return one of the following labels:
- Non-helpful

- Helpful

Provide a clear Rationale for your as-
sessment, highlighting any issues related to
the system criteria.




B Error Analysis Confusion Matrices

Deberta-base: Set 1

non-helpful q 101 131
T
=1
C]
-
L
=
=
helpful q 72
non-helpful helpful
Predicted Label
Criteria-based Prompt with Rationale: Set 1
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non-helpful helpful
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Abstract

LLMs can address long-standing problems in
education, such as the lack of instructional ma-
terials, by generating grade-appropriate content.
We evaluate GPT-40’s ability to generate infor-
mational texts for elementary school children.
We specifically focus on the model’s ability
to represent numeric information in text, such
as fractions, ratios, and percentages, and as-
sess it with respect to the human baseline. The
analysis shows that both humans and GPT-40
reduce numeric information as texts get sim-
plified but do so to a different degree and in
a different manner: GPT-4o0 retains more per-
centages, while humans use more fractions and
ratios. We suggest that these strategies provide
different learning opportunities for students.

1 Introduction

Large Language Models (LLMs) have great po-
tential to improve the quality of education (Ab-
delghani et al., 2024; Han et al., 2024; Yan et al.,
2024). They can be used to address long-standing
issues in schools, such as shortage of teachers (Ed-
wards et al., 2024) or lack of good instructional
materials (Oakes and Saunders, 2004), by generat-
ing grade and age-appropriate educational content
for students (Scaria et al., 2024; Tan et al., 2025).
Diliberti et al. (2024) report that among teachers
who employ Al in the classroom, 48% use it to
adapt content to the appropriate grade level.

In this paper, we focus on LLMs’ ability to adapt
informational texts for elementary school children.
Informational texts contain quantitative informa-
tion and expose students to mathematical concepts
outside of the math curriculum. The introduction
of informational texts in schools in the US was
motivated by the demands of the technologically
advanced society and the need to develop quan-
titative literacy (numeracy) in general population

*Corresponding author

(Agnello and Agnello, 2019; Bookman et al., 2008;
Steen, 1997, 1999).

Informational texts contain different types of nu-
meric information, as the following passage about
paleontological research demonstrates.

Reumer and two colleagues looked in the col-
lections of the Natural History Museum and the
Naturalis Biodiversity Center in Leiden, both in
the Netherlands, and found 16 samples of mam-
moth vertebrae from the base of the neck. Seven of
the samples were missing the part that would have
clued the researchers in on whether a cervical rib
had been attached. Of the remaining nine, six were
normal and three once had a cervical rib. That
worked out to an incidence of 33.3 percent.

Of particular interest here are the last two sen-
tences that allow students to understand how pro-
portions and percentages work.

LLMs’ ability to adapt informational text for a
specific grade level depends on their mathemati-
cal proficiency, their ability to understand quan-
titative information in text, and to represent it in
the form that is appropriate for elementary school
children. Mathematical proficiency can be consid-
ered an emergent ability in LLMs. McCoy et al.
(2024) argue that as a consequence of their design
— LLMs were trained to predict next word in text —
their performance on tasks that require quantitative
skills is sensitive to input probabilities. Thus, GPT-
4 performs well on a standard, high-frequency task,
such as Celsius-to-Fahrenheit conversion: multiply
by 9/5 and add 32, but is likely to underperform on
a task that has similar complexity but lower input
probability: multiply by 7/5 and add 31.

Previous work on LLMs’ mathematical profi-
ciency returned mixed results. Patel et al. (2023)
assessed the ability of GPT-3 model to simplify
math word problems for elementary school chil-
dren. They showed that GPT-3-generated texts
are simpler, but noted problems with accuracy. In
one instance, GPT-3 inaccurately simplified she
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gives each student an eighth of a foot of ribbon as
she gives each student 1 inch of ribbon. More ad-
vanced models perform better — GPT-4 shows 35%
improvement in accuracy on math problems com-
pared to GPT-3 (Mishra et al., 2024) — but not
at the domain expert level. Mishra et al. (2024)
demonstrated that GPT-40 tends to overrely on dec-
imal approximation when working with fractions.
Moreover, while GPT-40 showed 90% accuracy on
fraction addition tasks, its performance dropped to
61% when instructed to recompute the task with
one of the original fractions changed. These re-
sults suggest that LLMs’ numeric competence is
different from human competence (Lee et al., 2024;
Lucy et al., 2024).

In what follows, we evaluate LLMs’ ability to
adapt numeric information in texts for elementary
school children. While LLMs’ numeric compe-
tence is usually assessed on benchmark math tests,
we focus on LLMs’ ability to convey numeric in-
formation in the context of text simplification. Text
simplification involves the reduction of structural
and lexical complexity of a text, while maintaining
its meaning (Shardlow, 2014; Siddharthan, 2014).
It is a promising technique for generating age- and
grade-appropriate materials with LLMs (Patel et al.,
2023).

Previous work on LLMs’ ability to generate
grade-appropriate content by means of text sim-
plification mostly focuses on the overall readability
metrics (Murgia et al., 2023; Patel et al., 2023) or
lexical features (Valentini et al., 2023). In these
studies, the complexity of a text is operationalized
in terms of average word and sentence lengths (shal-
low textual features), as well as lexical and syntac-
tic features. Simplified texts have shorter words
and sentences, more concrete, age-appropriate vo-
cabulary, and simple clauses. These measures, how-
ever, do not evaluate how numeric information is
conveyed. Similarly to linguistic information, nu-
meric information can be conveyed at different lev-
els of complexity. Proportions, for example, can
be represented as fractions, ratios, and percentages
(Power and Williams, 2011), and the choice of
representation has implications for comprehension
and understanding (Bautista et al., 2011). Since
numeric information is not included in the standard
text complexity measures, little is known about
how well LLMs can simplify numeric information
in texts.

Our study addresses this gap by evaluating
LLMs’ ability to convey numeric information in

texts and assessing their performance vis-a-vis hu-
man experts. We chose to evaluate a particular
LLM, GPT-40 by OpenAl, one of the most ad-
vanced models at the time of writing. This choice
is motivated by GPT-40’s superior performance on
math tasks in comparison to other models (Lucy
et al., 2024; Mishra et al., 2024) and its widespread
use in education.'

Our evaluation of GPT-40 and human experts
focuses on two questions:

1. How does the amount of numeric information
change as texts get simplified?

2. How is difficult mathematical information
(proportions) represented in simplified texts?

We report two main findings. First, as texts
get simplified, the amount of numeric information
is reduced in both human-simplified and GPT-4o-
simplified texts. Crucially, GPT-40 reduces nu-
meric information to a greater extent than humans
do. Second, we find that humans and GPT-40 use
different strategies when simplifying complex in-
formation (proportions) with GPT-40 preserving
more complex numeric representation (percent-
ages).

2 Study 1: Amount of Numeric
Information

Numeric information imposes additional cognitive
demands on readers, and thus increases text com-
plexity (Agnello, 2021). We expect that the amount
of numeric information will decrease as texts are
adapted for lower grade levels.

2.1 Data

Our texts come from Newsela, a provider of educa-
tional materials for K-12 curriculum. The Newsela
corpus (Xu et al., 2015) is a parallel corpus of infor-
mational texts, consisting of the original texts and
the corresponding human-simplified texts. There
are 5 levels of text complexity within the corpus,
from the most complex (level 0) to the least com-
plex texts (level 4). As Figure 1 shows, the distribu-
tion of texts by grade and complexity levels is not
uniform, with the two largest subsets being texts
for grade 12, level O (the most complex texts) and
texts for grade 4, level 4 (the most simplified texts).
These are the two grade levels that we choose to
analyze in our study.

1https://openai.com/index/
introducing-chatgpt-edu/
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Figure 1: Distribution of texts by grade and simplifica-
tion level in Newsela corpus.

2.2 Constructing Three Corpora

Our analysis is based on a subset of the Newsela
corpus (original and human-simplified texts) and
the corresponding GPT-40-generated texts. For the
original corpus, we randomly selected 100 Newsela
texts for grade 12, level 0. To construct the human-
simplified corpus, we matched these original texts
with the corresponding 100 simplified texts for
grade 4, level 4. We generated the corpus of GPT-
4o-simplified texts by submitting 100 original texts
as input to GPT-40 model with instructions to sim-
plify.

We used OpenAl API (model = GPT-4o, tem-
perature = 1) with zero-shot prompting strategy.
The prompt was designed to match the style (in-
formational texts), grade level (grade 4), and the
average length of texts in human-simplified cor-
pus. Thus, since the average number of words in
human-simplified texts for grade 4, level 4 was 680,
this length requirement was specified as part of the
prompt. The prompt was formulated as follows:
“In approximately 680 words, simplify the text be-
low for a fourth-grade reading level written in the
newspaper genre.”

We did not specifically instruct the model to sim-
plify numeric information. This choice is motivated
by the consideration to keep instructions for LLMs
and humans as similar as possible (Lampinen,
2024). Since human experts in Newsela use read-
ability scores (Lexile) to guide their simplification
process (Agnello, 2021), and since these scores
do not take numeric complexity into account, nu-
meric complexity was not referenced in the prompt
to GPT-40. Thus, neither human experts nor the
model are specifically instructed to simplify nu-
meric information.

We manually examined GPT-4o-simplified texts

for hallucinations and found none. Moreover, our
analyses showed that GPT-40 can adequately re-
duce textual complexity for a specific grade level
(Smirnova et al., 2025).

2.3 Extracting Numeric Expressions

Our definition of numeric expressions is based
on Agnello (2021). Numeric expressions include
counts and measures, arithmetic operations, frac-
tions, percentages, ranges, and others.? To extract
numeric expressions from texts, we designed a reg-
ular expression-based pipeline. Texts were lightly
preprocessed to normalize special characters and
whitespace, while pattern matching was performed
case-insensitively to maximize coverage. Regular
expressions were then applied to the preprocessed
texts, and sentences containing numeric matches
were extracted using rule-based splitting. The re-
sults were recorded in three output files for original,
human-simplified, and GPT-4o-simplified texts.

2.4 Results

We computed the average number of numeric
expressions in the three corpora. The original
texts (M=23.55, SD=14.42) contain more numeric
expressions compared to both human-simplified
(M=12.36, SD=7.15) and GPT-40-simplified texts
(M=9.45, SD=7.10) (see Figure 2). The differ-
ence in the distribution of numeric expressions in
original and human-simplified texts was statisti-
cally significant on a paired t-test (t(99)=9.042,
p<0.00001), and so was the difference between
original and GPT-4o-simplified texts (t(99)=11.698,
p < 0.00001). Importantly, the difference be-
tween GPT-4o-simplified and human-simplified
texts was also statistically significant (t(99)=4.097,
p=0.0001).

Fewer numeric expressions in GPT-4o-
simplified texts might suggest that these texts
are simpler compared to the corresponding
human-simplified texts. However, the number
of numeric expressions alone is not sufficient to
address this question. In Study 2 we analyze how
different numeric expression types are distributed
in simplified texts.

2See https://github.com/sub-mit/numeracy for the
full list of numeric expression types, the corresponding regular
expressions and the examples of sentences they match.
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Figure 2: Numeric expression means for original,
human-simplified, and GPT-4o-simplified texts. Error
bars are +/-1 standard error.

3 Study 2: Complexity of Numeric
Expressions

In this study we analyze how proportions are ex-
pressed in texts. Proportions can be represented
as percentages (25 percent), fractions (one-fourth),
and ratios (one in four) (Power and Williams, 2011).
The analyses of educational materials and stud-
ies with human participants showed that percent-
ages are the most complex numeric expression type
(Bautista et al., 2011; Power and Williams, 2011;
Wu, 2011). As texts become simplified, we ex-
pect that the percentages in the original text will
be replaced with other expressions that can convey
proportions.

3.1 Percentages in Original Texts

From the list of sentences with numeric expres-
sions in original texts (Study 1), we extracted all
sentences that mention "percent”. There was a total
of 120 unique sentences (types) from 47 texts. Sev-
eral sentences contained multiple numeric expres-
sions with "percent" in them. Each such expression
was treated as an independent token. As a result,
we ended up with a total of 147 token sentences
referencing percentages.

3.2 Passage Alignment

In order to analyze how percentages from the orig-
inal texts were represented in the corresponding
human-simplified and GPT-4o-simplified texts, we
implemented fine-tuned Neural Conditional Ran-
dom Field (CRF) passage alignment algorithm by
Jiang et al. (2020). The alignment is based on the
similarity score between passages.

The Neural CRF model is specifically designed
for sentence alignment tasks in text simplification
(Jiang et al., 2020). It employs a linear-chain CRF
integrated with neural network components to align
complex and simplified text pairs. The alignment
sequence is determined by combining semantic
similarity scores derived from fine-tuned BERT
embeddings with transition features that reflect sen-
tence order within parallel documents. We select
this model for aligning our Newsela corpora be-
cause it was trained on Newsela-style datasets, and
the authors have provided a version specifically
fine-tuned for Newsela sentence alignment.

Our alignment process consisted of two steps
described below, data preprocessing and the identi-
fication of the most similar passage.

3.2.1 Data Preprocessing

Newsela passages are smaller than para-
graphs; they contain one or more sentences.
To each Newsela passage we assigned a
unique passage_id, formatted as follows:
{corpus_type}__{slug}__{language}__
{n_passage}.

* corpus_type:

— source_files_gradel2: the corpus of orig-
inal source texts;

— human_simplified_grade4: human-

simplified texts for grade 4;
— llm_simplified_grade4: the corpus of
GPT-4o-simplified texts;

* slug: the slug of the article from which the
passage is extracted, e.g. afghan-taxidriver;

* language: the language of the passage;

* n_passage: if the passage_a is the nth passage
in the article, then n_passage of passage_a is
n.

3.2.2 Getting The Most Similar Passage

The program compares each passage in the origi-
nal text corpus with every candidate passage in the
simplified corpora using the passage-to-passage_id
map which provides information about the article.
We followed the notebook provided by Jiang et al.
(2020) to build our own passage alignment pipeline
and used their pre-trained fine-tuned Newsela sen-
tence alignment model for our tasks. For each
article within a simplified corpus, we identified and
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Text type Text passage rl;;fl;:erlc
Oricinal text Halloween is crucial to the company, accounting for 25 percent Percentages
£ of Party City’s $1.6 billion in annual retail sales. &
Party City is a big retailer. It has many stores. Halloween is very
Human- . . .
. important to the company. One-quarter of its sales each year | Fraction
simplified
come from Halloween.
Party City is another big store. It sells Halloween items in regular
GPT-4o- . .
. stores and special Halloween City stores. Halloween makes up | Percentages
simplified .
25% of Party City’s sales.

Table 1: Types of numeric information in aligned passages from original, human-simplified, and GPT-4o-simplified

texts.

selected the passage that had the highest similar-
ity score as the aligned passage. The results were
recorded as an aligned triplet of original — GPT-
4o-simplified — human-simplified passages with
similarity scores for subsequent analysis. See Ap-
pendix A for an example of aligned triplet with
similarity scores.

This implementation resulted in 147 aligned
triplets across three conditions (total of 441 pas-
sages, i.e. 147 x 3).

3.3 Qualitative Analysis and Coding

We manually examined all aligned triplets. This al-
lowed us to assess how accurately GPT-40 conveys
numeric information as well as alignment accuracy.
We did not find any numerical inaccuracies in GPT-
4o-generated texts, but we did find mismatches in
alignment. In cases of content mismatch within
a triplet, we consulted full texts side-by-side and
searched them for a better candidate to replace the
mismatched passage in either human-simplified or
GPT-4o0-simplified texts. We ended up replacing
53 passages (31 passage replacements in human-
simplified and 22 passage replacements in GPT-4o-
simplified texts).

We manually coded how numeric expressions
referencing percentages were represented in sim-
plified texts. Based on the previous literature (Ag-
nello, 2021; Bautista et al., 2011), we developed
a coding system consisting of 5 categories: Per-
centages, Ratio, Fraction, Non-numeric word, and
Dropped. Dropped means that the information was
absent in simplified texts. Non-numeric words,
such as quantifiers "few" and "many" convey in-
formation non-numerically. Of the remaining cate-
gories, fraction is the least difficult numeric expres-
sion. Ratio can be viewed as a complex fraction
(Wu, 2011) but it is less complex than percentages.

Num Type Humans GPT-4o
Percentages 4 30
Ratio 12

Fraction 18 1
Non-numeric 30 32
Dropped 83 75
Total 147 147

Table 2: Representation of percentages in human-
simplified and GPT-40-simplified texts.

Percentages are the most sophisticated way to rep-
resent proportions (Bautista et al., 2011). Table 1
presents an example of aligned passages and the
codes for numeric expressions.

3.4 Results: Complex Numeric Types

Chi-square test shows that there are statistically
significant differences between human-simplified
and GPT-4o-simplified texts in terms of the types
of numeric expressions used to represent percent-
ages (p < 0.00001, x2(16)=75.5). The agreement in
the choice of numeric expressions between human-
simplified and GPT-4o0-simplified texts is 53%. Ta-
ble 2 shows the distribution by type. Both GPT-40
and humans drop a substantial number of numeric
expressions with percentages. When this informa-
tion is preserved, GPT-4o0 tends to retain the same
numeric type, percentages, while humans tend to
use fractions and ratios.

4 Conclusion

In this study we evaluated GPT-40’s ability to con-
vey numeric information in texts simplified for ele-
mentary school children and compared its perfor-
mance vis-a-vis human experts. Study 1 showed
that both humans and GPT-40 reduce the number
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of numeric expressions as they simplify texts, but
GPT-40 does so to a greater extent. Since numeric
expressions increase text complexity, these results
might suggest that GPT-4o-simplified texts are less
complex. Study 2 showed that GPT-40-simplified
texts retain percentages, the most difficult numeric
type, to a greater extent than human-simplified
texts do.

Is GPT-40’s strategy less effective? While
linguistically and numerically difficult texts can
present a challenge for the reader, they can also
provide a unique learning opportunity.The analy-
sis of GPT-40-generated passages shows that per-
centages are presented in a way that is easy for a
child to understand. Specifically, these texts make
the relationship between numbers and percentages
transparent: Some samples were missing parts, but
of the nine they could study, three had a cervical
rib. This means around 33% of the mammoths had
these extra ribs. From this perspective, retention of
complex numeric expressions in GPT-40-generated
texts can be viewed as a learning opportunity, fos-
tering the development of numeracy in elementary
school children. At the same time, simplifications
that avoid difficult content might ultimately slow
down learners’ progress (Crossley et al., 2014).

5 Limitations

There are several limitations that arise from the
novelty and complexity of the phenomenon un-
der consideration. First, while our choice of
GPT-40 model is motivated by its capabilities and
widespread application in educational context, it is
not clear whether these results will generalize to
other LLMs.

Second, we analyzed representation of numeric
information in a context of a general text simpli-
fication task, but we did not discuss how numeric
complexity is related to linguistic complexity. Just
as numeric and linguistic features interact in word
problem tasks (Daroczy et al., 2015, 2025), lin-
guistic factors can affect representation of numeric
information in educational texts.

Finally, we operationalized numeric complexity
as (i) the amount of numeric information and (ii)
the type of numeric information in texts. While
these are standard measures of numeric complex-
ity (Agnello, 2021; Bautista et al., 2011), there are
limitations to the approach that is based solely on
the distributional frequency of numeric expressions
in text. Text comprehension by the intended end

users, elementary school children, can serve as ad-
ditional evaluation metrics for assessing the quality
of informational texts generated by LLMs. A com-
prehension study can directly compare different
numeric simplification strategies, contrasting texts
that retain complex numeric types (percentages)
with texts that represent the same information as
fractions or non-numeric words.
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A Appendix: Passage Alignment

The program compares each passage in the original
text corpus with every candidate passage in the
simplified corpora based on the similarity scores.
Table 3 presents an example of an aligned triplet
with similarity scores.
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Slug Original passage Human-simplified | Human- | GPT-4o- GPT-4o-
passage simplified:| simplified passage | simplified:
Similar- Similar-
ity Score ity Score
predatoryfish-| The removal of | The result is some- | 0.9997756 | Overfishing  big, | 0.9971335
decline top predators has | thing called "fish- important fish in

been called "hu-
mankind’s  most
pervasive influence
on nature," and it
is as detrimental in
the sea as it is on
land. Consumers
prefer  predatory
fish like grouper,
tuna, swordfish
and sharks to
species lower on
the food chain such
as anchovies and
sardines, providing
strong incentives
for fishermen to
catch the bigger
fish. Going after
the more valuable
predators first, fish-
ing them until there
aren’t enough left
to support a fishery
and then moving on
to species lower in
the food chain, a
pattern sometimes
observed in global
fisheries, has been

called "fishing
down the food
web."

ing down the food
web." Fishermen go
after the more valu-
able predators first.
They fish them until
there aren’t enough
left.  Then they
move on to smaller
fish that are lower
on the food chain.
The bigger fish start
to disappear

the sea is causing
trouble. People like
to eat big fish like
tuna, swordfish,
and sharks. These
are called predatory
fish because they
eat smaller fish.
Because  people
want to eat these
fish, fishermen
catch a lot of them.
Once there aren’t
many big fish left,
they move on to
catching  smaller
fish like anchovies
and sardines. This
is known as "fish-
ing down the food
web."

Table 3: Example of passage alignment and similarity scores.
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Abstract

Teaching quality is one of the determinants of
student outcomes. Teaching simulations with
feedback are one way to provide teachers with
practice opportunities to help improve their
skill. We investigated methods to build evalu-
ation models of teacher performance in lead-
ing a discussion in a simulated classroom with
the goal of providing feedback, particularly for
tasks with little performance data.

1 Introduction

Teaching quality is one of the determinants of stu-
dent outcomes (Blomeke et al., 2016; Fauth et al.,
2019). The theory of practice-based teacher edu-
cation (Ball and Cohen, 1999) argues that teachers
need opportunities to practice core teaching skills,
such as engaging students in the disciplinary dis-
course practices and leading classroom discussions,
in situations of reduced complexity (Grossman,
2021; Forzani, 2014). For such practice opportu-
nities to be successful and impactful, they need to
be flexible, target specific difficulties, and provide
learning support, in the form of timely feedback
(McDonald et al., 2013; Mikeska et al., 2024).
Simulated classrooms are one environment pro-
viding such opportunities. They allow for strate-
gic reduction in task complexity so that aspects of
teaching can be isolated and practiced separately.
Simulations are used in teacher education in var-
ious forms, including peers role-playing students
(Davis et al., 2017; Masters, 2020), mixed-reality
simulations where trained actors play the students
(Bondie et al., 2021; Dieker et al., 2019), as well as
emerging work where Al agents role-play students
to help train teachers or tutors (Lim et al., 2025;
Pan et al., 2025; Markel et al., 2023). Across all
these forms, feedback to the teacher on their perfor-
mance that would point out strengths and areas for
growth in a constructive and actionable manner is
critical (Cohen et al., 2020; Mikeska et al., 2023a).

Until recently, a bottleneck for creating auto-
mated feedback was acquiring a substantial amount
of data of learners performing the simulation. Such
data, with human scores, enabled the creation of
machine learning based evaluation models to power
automated feedback. With the advent of few-shot
learning with large language models, there is an
opportunity to mitigate the bottleneck, since only a
handful of examples might suffice for these models
to be able to evaluate a new learner’s performance.

The goal of this paper is to start exploring this op-
portunity through two research questions: (RQ1)
How accurately can a few-shot LLM evaluate a
teacher’s performance in a simulation? (RQ?2)
How do these results compare to an alternative
method — a generic model fine-tuned on data from
other tasks and used to evaluate performance in a
new task? The latter approach has been success-
ful in large-scale essay scoring, where a model
trained on essays responding to a variety of essay
prompts is used to evaluate essays from new, un-
seen prompts (Ramineni and Williamson, 2013).
However, results might depend on data representa-
tion. The relatively content-agnostic essay scoring
features may have been responsible for the success;
recent reports suggest that transformer-based fine-
tuned models do not generalize well across prompts
(Shermis, 2024). To our knowledge, this is the first
exploration of few-shot vs. generic fine-tuned mod-
els for evaluating teacher discourse in the absence
of fine-tuning data for a task-specific model.

2 Related work

2.1 Digital teaching simulations with feedback
as a learning opportunity for teachers

Using digital teaching simulations within teacher
education and professional development programs
can improve teachers’ instructional skills, beliefs,
and knowledge (Francis et al., 2018; Lee et al.,
2024). Simulations are typically integrated into
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these learning environments via cycles where teach-
ers prepare for, engage in, and reflect on their per-
formance, as well as receive formative feedback
on how well they have enacted specific aspects
of teaching (Mikeska et al., 2023b; Pecore et al.,
2023). Recent research has shown that timely, per-
sonalized feedback is important to propel teachers’
learning from digital teaching simulations (Cohen
et al., 2020; Garrett et al., 2020; Mikeska et al.,
2023a). Yet, such feedback is hard to scale, as
generating it relies on extensive human resources.

2.2 Automated evaluation of teacher discourse

Recent work on automated evaluation of classroom
discourse using pre-trained LLMs has explored
fine-tuning (Kupor et al., 2023; Nazaretsky et al.,
2023; Xu et al., 2024; Ilagan et al., 2024), zero/few-
shot learning (Wang and Demszky, 2023; White-
hill and LoCasale-Crouch, 2024; Hou et al., 2024;
Asano et al., 2025), or both (Chen, 2023; Tran et al.,
2024). Xu et al. (2024) noted that results are better
for aspects of teaching that require less pedagogi-
cal expertise. None of these studies systematically
investigated generalization across content domains,
topics of discussion, or other aspects of classroom
discourse.

3 Feedback in a teaching simulation

The context of this paper is ongoing work on de-
veloping new tasks for digital teaching simulations
focused on the core teaching competency of lead-
ing a math or science argumentation-based discus-
sion in an elementary classroom. After engaging in
a simulation, teachers receive an automated feed-
back report. The report was designed by teacher
education researchers and professionals to cover in-
dicators of teaching quality (Mikeska et al., 2024).
For each indicator, the report provides a compari-
son to a typical high-quality discussion and shows
utterances where the target behavior did and did not
occur; see Figure 1. The high-quality discussions
are those that received a high score on a holistic
rubric such as shown in Table 1. The comparison to
high-quality discussions shows whether the teacher
has engaged in the target behavior often enough.

4 Method
4.1 Data

We use data collected in multiple studies where a
simulation was used as part of pre-service teacher
coursework (Mikeska et al., 2023b, 2022). Before

the simulation, the teacher is shown the prior work
of two or three groups of simulated students; each
group is designed to have a specific knowledge
profile. For example, in task S1 students need to
identify the mystery powder — one of six known
powders — and the properties needed for the iden-
tification. The groups differ in what they think
the powder is and what properties are needed for
identification, as they explain in their prior work.
Teachers are given up to a week to prepare to lead a
20-min discussion with a specific learning goal. In
S1, the goal is to have the class reach consensus on
the mystery powder and the necessary properties to
identify it. In another task (M1), the goal is reach-
ing consensus on methods for ordering fractions
with different numerators and denominators.

Eliciting ingful Student Contril

)

g €0al. MCs often
theirideas i that

Some examples of contributions that are not meaningful

questions, basic fact questions with one correct answer

Number of student

Figure 1: A screenshot of a part of a feedback report for
indicator 1b — elicitng meaningful student contributions.

1 [Beginning] The teacher does not make any use of
student ideas during the lesson.

2 [Developing] The teacher makes use of some student
ideas in a limited way. This can mean: A missed
opportunity to move the lesson forward; Only occa-
siona use of students’ ideas when there were multiple
opportunities throughout the lesson; An attempt was
made to use the students’ideas, but the teacher did not
do so in a way that moved the lesson forward.

3 [Well-prepared] The teacher makes use of student
ideas to move the lesson forward.

Table 1: Holistic scoring rubric, indicator 1c.

Each discussion transcript was scored using a
multi-dimensional rubric (Mikeska et al., 2021).
Dimension 1 focused on the teacher’s skill in at-
tending to students’ ideas equitably. Dimension 1
covered three indicators: how well the teacher (1a)
incorporated all the key ideas that appear in the stu-
dents’ prior work into the discussion; (1b) elicited
meaningful contributions from all students; and
(1c¢) attended to and made use of each of the rele-
vant student ideas shared during the discussion. We
focus on 1b and 1c, for which raters scored teacher
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performance on the scale of 1-3 or 1-4 (allowing
scores like 1.3 or 2.7) and provided justifications
by selecting one or more specific teacher (1c) or
student (1b) utterances in the transcript where the
target behavior clearly did (label 1) or did not (la-
bel 0) occur. These justifications form the bulk of
the utterance-level annotations used in this study;
some additional selections were made by research
staff. Table 6 in the Appendix shows a snippet of
a discussion, with justifications. We collapsed the
top two levels on the 1-4 scale into score 3, as the
fourth level was originally added to separate out the
strongest performances. Table 1 shows the rubric
for indicator 1c. The inter-rater reliability was es-
timated on double-scored data from task S1: r =
0.52 for 1b and r = 0.53 for 1c, indicating moderate
agreement (Dancey and Reidy, 2007).

We use data from six discussion tasks, two in
science (S1, S2) and four in math (M1 through M4).
Table 2 shows short descriptions. For three tasks —
S1, M1, M2 — we have fine-tuning data. For S2,
M3, and M4 we have only data to evaluate models;
these three tasks will serve as the new tasks to
answer RQ2. Table 3 describes the test sets. Data
used to develop few-shot models and to fine-tune
the BERT model will be described with the models.

4.2 Models
4.2.1 Few-shot models

We implemented the model setup found to be the
best for assessing various aspects of classroom dis-
course in the literature: Tran et al. (2024) investi-
gated task formulations, zero vs few-shot, random
or selected examples, and length of context for
scoring models implemented using Mistral and La-
cuna LLMs. Across multiple constructs and both
LLMs, the authors found that an utterance-level
classifier with ten few-shot examples (4 positive, 3
negative, and 3 hard negative) and with four prior
utterances as context resulted in the best predic-
tion of human holistic scores when aggregated into
transcript-level scores. After sampling the test data
described in Table 3, we sampled 3 transcripts per
task to serve as sources of the ten examples for the
tasks S2, M3, and M4 for which we had little data
available. For tasks S1, M1, and M2, we sampled
one transcript at a time from a larger set until the
target 10 examples were identified. It took 8, 6,
and 5 transcripts for the three tasks, respectively.
Teacher education researchers and assessment de-
velopers selected the examples.

We use a state-of-art LLM, GPT-40, and an open
source smaller model, DeepSeek-R1:7b (DS-R1),
distributed through Ollama 0.5.1,' both with tem-
perature of 1.0 and default settings for all hyper-
parameters. Prediction is done on each utterance
three times; majority vote decides the final label.

The prompt is a template into which task-specific
information is put when the model is used to eval-
uate data from that task. The template elements
are the domain (math or science), task information
(e.g., identifying the mystery powder), learning
goal (see Section 4.1), and few-shot examples. Be-
low is the template of the GPT-40 prompt for 1c,
with few-shot examples appended as user and assis-
tant turns in the messages array sent to the model:
# Instructions
Answer yes or no to the following question:

Given the dialogue between a teacher and students in a {do-
main} classroom about {task_info}, in the last turn, did the
teacher attempt to make use of students’ ideas to move the
discussion towards the learning goal?

## Learning Goal

{learning_goal}

## Student names

Jayla, Will, Emily, Mina, Carlos

## Output structure

Output must be one of the following words:

yes

no

To take advantage of DeepSeek-R1’s "thinking",
the examples are included in the system prompt,
and the instructions for output structure state that
the answer should be on the last line of the output.

4.2.2 Fine-tuned models

We use the utterance-level binary classifiers for
indicators 1b and 1c originally developed for the
S1 task by Nazaretsky et al. (2023). For indica-
tor lc, the teacher’s utterance to be classified is
represented as an embeddings vector and enriched
by the embeddings vector of the preceding student
utterance as context. For indicator 1b, we are clas-
sifying the students’ utterances as providing or not
providing a meaningful contribution, as evidence
for the teacher’s success in eliciting such contribu-
tions. Therefore, for indicator 1b, the target utter-
ances are students’ and the context is the preceding
teacher or another student’s utterance. The models
use Hugging Face DistilBERT? base model (un-

1https: //0llama.com
2https: //huggingface.co/docs/transformers/
model_doc/distilbert
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M1 The teacher leads a discussion of three student-generated strategies for ordering the given fractions from least to greatest.

M2  The teacher leads a discussion with the students about an unconventional student-generated method for generating
fractions between two given fractions. The discussion is focused on the strengths and weaknesses of the strategy, and its

applicability to other situations.

M3 This discussion is grounded in students’ work on a story problem in which they have used fraction multiplication. Prior
to the discussion, the students individually critiqued one another’s work, making the critique aspect of argumentation

more clearly available to the teacher.

M4  This discussion focuses on students’ work to generate meaningful understandings and representations of division by a

fraction.

S1  The discussion focuses on reaching group consensus on the identity of an unknown powder based on its properties and
what is known about a set of common powders. In addition to identifying the mystery powder, students discuss which

properties are most useful and why.

S2  In this task, the teacher supports the students in discussion whether the amount of matter is conserved during a physical
change, in this case, the mixing of ingredients to produce lemonade.

Table 2: Task descriptions.

Task Ml S1 M2 S2 M3 M4

#transcripts 40 34 40 40 37 35
Indicator 1c:

#utts. (K) 1.8 15 15 1.8 1.8 15

#labeled utts. (K) 39 29 46 63 49 89

Average score 23 24 24 25 24 24

Std of scores .60 58 .60 51 50 .58

%1 in labeled utts. 52 67 71 27 60 69
Indicator 1b:

#utts. (K) 21 19 17 21 21 19
#labeled utts. (K) .60 43 62 77 74 65
Average score 23 24 24 25 24 24
Std of scores 65 57 65 45 57 .68

%1 in labeled utts. 36 59 72 53 60 45

Table 3: Description of the test data. For each indicator,
we show the number of teacher (1c¢) or student (1b)
utterances, overall and labeled. Next are average and
std of the holistic transcript scores. The last rows show
the percentage of labeled utterances that have the label
1 (where the target behavior occurs).

cased, 66M parameters) (Sanh et al., 2019) with
PyTorch 2.2.2 (Paszke et al., 2019). Details of the
fine-tuning process and licensing information can
be found in the Appendix (see Technical Details).
We fine-tuned the classifiers on data from 120 tran-
scripts — 40 from each of M1, S1, and M2 — that
were sampled after the test data was partitioned
out.

4.3 Model Evaluation

We evaluate the models in two ways. First, we
use the utterance level data classified as 1 or O us-
ing rater justifications to evaluate the accuracy of
utterance-level predictions. We think about these
as "easy" data, in the sense used in the NLP and
machine learning literature to refer to clear-cut, un-
controversial cases — as opposed to "hard" cases
where human annotators disagree or where the cor-
rect label might be genuinely unclear (Leonardelli
et al., 2021; Loukina et al., 2018; Jamison and

Gurevych, 2015; Beigman Klebanov and Beigman,
2014). Having just "easy" evaluation data does not
allow for a comprehensive evaluation of utterance-
level predictions, but being able to classify the easy
cases correctly can serve as a first-cut test, as a
model that can’t handle the easy cases would have
low face validity. This evaluation most directly sup-
ports the feedback component where example class
1 and class O utterances are shown (see Figure 1).
The second evaluation is at the level of the
transcript, where we derive a holistic score from
utterance-level predictions (number of utterances
classified as 1) and compare it to the holistic score
provided by human raters. In the easy-vs-hard
framework, this evaluation includes both easy and
hard instances, since predictions are made on all
utterances, some of which are expected to be harder
than others. In the NLP literature, there is evidence
that for some tasks, training a model on only the
easy data results in better performance on not just
the easy test cases but on the hard ones, too (Jami-
son and Gurevych, 2015), presumably because the
system isn’t getting confused by training exam-
ples that could be ambiguous or controversial. The
transcript-level evaluation supports the feedback
where the overall statistics of the target behavior
in the current teacher’s discussion are compared to
those in high-quality discussions (see Figure 1).

5 Results

5.1 Utterance-level

Table 4 shows the results for the utterance level
classification. To answer RQ1: GPT-40 has average
accuracy of 0.73 across two indicators X six tasks,
range = 0.62-0.81, std = 0.064. DeepSeek-R1 is
much less successful, with average accuracy of
only 0.56, range = 0.38-0.69, std = 0.10.

To answer RQ2, we compare the performance
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of GPT-40 on tasks S2, M3, and M4 to that of the
BERT model fine-tuned on data from tasks M1, S1,
and M2. The average accuracy of the BERT model
on two indicators x three new tasks is 0.76, range
= 0.54-0.91, std = 0.13. The average accuracy
of the GPT-40 model on the same data is 0.72,
range = 0.63-0.81, std = 0.07. While BERT has
a higher average, it is more volatile, with a poor
performance of 0.54 on indicator 1¢ for task S2.

Comparing GPT-40 and BERT on the three tasks
on which BERT was fine-tuned — M1, S1, and M2 —
we observe that BERT shows stronger performance,
as expected. BERT’s average accuracy on two in-
dicators x three tasks is 0.81, range = 0.70-0.89,
std = 0.08. GPT-40’s average accuracy on the same
data is 0.74, range = 0.62-0.79, std = 0.06. These
results indicate that it is worthwhile to fine-tune
a model on available data for scoring new perfor-
mances belonging to the tasks on which the model
was fine-tuned. For utterance-level scoring of data
from new tasks, one might want to go with GPT-
4o, as its performance is comparable to BERT’s on
average but more stable across tasks.

M1 S1I M2 S2 M3 M4

Indicator 1c:

BERT g3 70 87 54 91 81

DS-R1 .53 52 .69 .38 47 .46

GPT40 62 .75 79 .63 .73 .68
Indicator 1b:

BERT 84 81 89 .67 81 .84

DS-R1 50 .65 .69 .57 .69 .58

GPT-40 77 .75 .78 .69 .81 .79

Table 4: Accuracy of classifying teacher utterances as
making use of student ideas or not (Indicator c¢) and stu-
dent utterances as providing a meaningful contribution
or not (Indicator b), on labeled test data. Best perfor-
mance per indicator per task is boldfaced. Gray back-
ground marks BERT performance on tasks on which the
BERT model was fine-tuned.

5.2 Transcript-level

Table 5 shows the correlations between the human
holistic indicator score and the number of teacher
(1c) or student (1b) utterances that were classified
as 1 (exhibiting the target behavior). To answer
RQI1: GPT-40 averages r = 0.46 across the two
indicators x the six tasks, range = 0.14-0.73, std
= (0.18. DeepSeek-R1 averages r = 0.44 for the
same data, range = .22—-.64, std = 0.15. Thus, the
two few-shot models show comparable moderate

performance and substantial volatility across tasks.

To answer RQ2, we compare the few-shot mod-
els to BERT on the three new tasks — S2, M3, and
M4. BERT performs at r = 0.39 on average across
two indicators x three tasks, range = 0.19-0.57,
std = 0.14. GPT-40 average performance on the
same data is 7 = 0.32, range = 0.14-0.52, std =
0.13. DeepSeek-R1 averages r = 0.34, range =
0.22-0.51, std = 0.10. At the aggregate level of
the full transcripts, the generic fine tuned model
tends to show stronger performance than few-shot
models, although all the models achieve only low-
medium correlations with the human holistic scores
and are quite volatile.

Across the three tasks on which the BERT model
was fine-tuned (tasks M1, S2, M2), it outperforms
the few-shot models: BERT averages r = 0.67,
range = 0.55-0.79, std = 0.09. GPT-40 averages
r =0.59, range = 0.45-0.73, std = 0.09. DeepSeek-
R1 averages r = 0.54, range = 0.33-0.64, std = 0.11.
For the transcript level, the results suggest that the
fine-tuned generic model is the model of choice.

M1 S1 M2 S2 M3 M4

Indicator 1c:

BERT J4 59 55 32 19 41

DS-R1 33 .63 .53 22 .27 .32

GPT-40 45 62 55 35 .14 22
Indicator 1b:

BERT g9 70 .64 50 34 .57

DS-R1 64 59 54 32 37 .51

GPT-40 73 .62 59 36 31 .52

Table 5: Pearson’s correlation between the human holis-
tic indicator score and the number of teacher utterances
automatically labeled exhibiting the target behavior.
Best performance per indicator per task is boldfaced.
Gray background marks BERT performance on tasks on
which the BERT model was fine-tuned.

6 Discussion

Our results suggest that a fine-tuned generic model
is worth creating if only to score the data from the
tasks it was fine-tuned on, as it shows stronger per-
formance than few-shot models in these cases, both
at the uttereance and at the transcript level. How-
ever, for evaluating data from new tasks for which
it is not feasible to fine-tune a model due to lack
of data, the situation is less clear-cut. In particular,
at the utterance level, the generic fine-tuned model
shows more volatile performance across tasks than
the few-shot one, failing to capture the "easy" dis-
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tinctions between utterances in one of the six eval-
uated cases (accuracy = 0.54 on task S2).

It could be that the S2 data is particularly difficult
to classify; however, since GPT-40 shows much
stronger performance, it is likelier that the class
distribution difference between the fine-tuning data
and the S2 data is to blame for BERT’s failure
of generalization for S2. Indeed, Table 3 shows
that S2 data had an exceptionally low proportion
of 1s — only 27%. This occasional generalization
failure of a generic fine-tuned model illustrates its
weakness compared to a few-shot model, namely,
its dependence on class distribution in the fine-
tuning data, to which the few-shot models are more
robust.

Another interesting finding is that the wide gap
between GPT-40 and DeepSeek-R1 at the utterance
level (average accuracy of 0.73 vs 0.56, respec-
tively) is closed almost entirely at the transcript
level (average correlations of 0.46 and 0.44, re-
spectively). Thus, while DeepSeek-R1 has worse
face validity, as it isn’t able to consistently tell
apart clear-cut cases of Os and 1s, its aggregate per-
formance is similar to GPT-40’s. To gain further
insight into this result, we checked the proportion
of utterances classified as 1. GPT-4o classified 69%
of all teacher utterances as 1 (indicator 1c¢). The
number is 57% for DeepSeek-R1. DeepSeek-R1
predicts many fewer 1s than GPT-40, including
mis-classifying more "easy” 1s as Os: The ratio
of the number of false negative predictions for the
labeled utterance-level data for DeepSeek-40 to
that of GPT-40 is 3.5:1, while the ratio of false
positives is 1:1. Still, the two systems make sim-
ilar relative judgments of which transcripts have
more utterances with the target behavior. Indeed,
GPT-40’s and DeepSeek-R1’s transcript-level pre-
dictions correlate at » = 0.72 on average across
tasks for indicator 1c —a much stronger correlation
than either of them has with the human holistic
scores.

Finally, we observe that transcript-level perfor-
mance on M1, S1, and M2 is stronger than on S2,
M3, and M4, for both GPT-40 and BERT. It is not
the case at the utterance level, apart from S2. The
models were able to classify the "easy" utterance-
level labeled data, but that was not always sufficient
to be able to classify all cases — easy and hard — in
a reasonable way, that is, in alignment with the
tendency expected based on the holistic score. For
GPT-4o, limiting the number of transcripts to draw
the ten few-shot examples from to 3 may have re-

sulted in examples of lower quality — when we were
not limited by dataset size, we went through 5-8
transcripts to find good examples for S1, M1, and
M2. Going with fewer than 8-10 transcripts per
new task may not be advisable. For BERT, it is
apparently not enough to fine-tune on "easy" cases
to handle not only the "easy" cases for the new
tasks but the hard ones, too. In future work, we
will explore automated detection of harder exam-
ples. This should help focus the utterance-level
models on the easy ones (where the accuracy is
high) for picking examples for feedback. Identify-
ing harder cases in the unlabeled utterances from
the 120 fine-tuning transcripts, labeling them, and
adding to the fine-tuning data might help improve
BERT’s transcript-level performance on new tasks.
The current study has a number of limitations.
First, we experimented with a limited range of mod-
els; it is possible that results would change with
more effective prompts or different LLMs or more
sophisticated data representation for fine-tuning.
Second, we considered only two teaching quality
indicators; while it is encouraging that the results
are aligned between these two, further work is nec-
essary to evaluate robustness of the findings.

7 Conclusion

We investigated two approaches for evaluating
teacher performance in leading a discussion in a
simulated classroom in the context where no data
for fine-tuning on the specific discussion task is
available. One approach uses a few-shot LLM. The
other approach is a "generic" model fine-tuned on
data from other discussion tasks. We found that
the few shot model (GPT-40) may be preferable for
analyzing utterance-level data, due to its more sta-
ble performance across tasks, while the fine-tuned
BERT model performed better in the aggregate,
transcript-level evaluation. Our results thus point
towards a way to capitalize both on few-shot learn-
ing and on previously collected data in order to
supply the most effective learning opportunity —
the one with timely automated feedback — even
when little prior data is available for the current
performance task.
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A Appendix

A.1 Example of the data

T:  Mina and Will, why did you choose weight as
an important property?

M:  Because it falls under some of the things that
we can see and measure.

T: Carlos, do you want to explain to them about
why you thought that weight wasn’t important?

C:  Sure. Well, actually I don’t think weight is really
that important, because the weight of the object
doesn’t really change what the object is. If you
were to add more powder, it would change the

weight, but that doesn’t change what the powder is.

M: I guess I see what you mean by that, but I still
think that we found the correct thing.

T: Jayla and Emily, do have any other points to make
on the conversation of whether or not weight was
important?

E: Well, we did test the weight in ours because we
thought that testing all the properties would be
important, but now I’m starting to think about it.

I guess weight doesn’t really matter, since if we
were to add more or take away some of the powder
the weight would change, but it wouldn’t change
what the powder was, like Carlos was saying. So I
get that now.

T:  Right. Will, Jayla, do you have any other points
that you want to make?

W:  Iguess I'm starting to see what Carlos means

by that.
T:  Jayla?
J: Oh yeah, I can see where he was coming from.

Table 6: A snippet of a Mystery Powder (S1) discussion.
The blue-boldfaced teacher’s utterance was marked by
a human rater as an example of the teacher using a
student’s idea to move the discussion forward (indicator
1¢), whereas the black-boldfaced utterance from Carlos
was marked as an example of a meaningful student
contribution (indicator 1b). T: Teacher. M: Mina. C:
Carlos. J: Jayla. W: Will. E: Emily.

A.2 Technical Details of the Models

Fine-tuning. The BERT models were fine-tuned
(including all transformer layers, the pooling layer,
and the final dense output layer) with Adam op-
timizer (learning rate = le-5, learning warmup =

600) to minimize the binary cross-entropy loss. We
used a grid search across 15 epochs with batch sizes
1, 4, and 8 for indicator 1c and across 10 epochs
with batch sizes 1, 4 and 8 for indicator 1b. The pa-
rameters were tuned using 7-fold cross-validation
on the fine-tuning data. For indicator 1c, we used 7
epochs with batch size 4. For indicator 1b, we used
3 epochs with batch size 4.

GPU hours. For indicator 1c, DistilBERT fine-
tuning was run locally on a desktop PC with an
NVIDIA GeForce RTX 3050 GPU and 16gb physi-
cal memory. All fine-tuning, including grid search
for all models, took 5 hours and 14 minutes. For in-
dicator 1b, DistilBERT finetuning was run locally
on a MacBook Pro with an Apple M2 Pro chip
(integrated GPU) and 16gb physical memory, and
took 14 hours and 57 minutes.

For both indicators, DeepSeek-R1 test set predic-
tions were run on the same PC, taking on average
97 minutes per transcript for indicator 1¢ and 66
minutes for indicator 1b. Predictions for fine-tuned
models were run on the same MacBook Pro, taking
on average 20 seconds per transcript for indicator
1c and 66 seconds per transcript for indicator 1b.
GPT-4o predictions were generated using the Batch
API via the Microsoft Azure OpenAl Service under
our organization’s subscription, which provides a
24-hour target turnaround for batch jobs.

Licensing of artifacts. The instance of GPT-
40 used is a proprietary Al model accessible via
Microsoft’s Azure OpenAl Service, subject to Mi-
crosoft’s licensing terms. Ollama and DeepSeek-
R1 are licensed under the MIT License. Distil-
BERT is licensed under the Apache License, Ver-
sion 2.0. PyTorch is licensed under the BSD-3-
Clause.
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Abstract

We evaluate linguistic proficiency of humans
and LLMs on pronoun resolution in Japanese,
using the Winograd Schema Challenge dataset.
Our main research question is whether task de-
mands and content effects affect performance
in these two target groups. First, we found
that in the baseline condition, humans outper-
form LLMs. This finding is consistent with the
observation that the language of evaluation is
important and that humans perform better than
LLMs in lower-resourced languages. Second,
we find strong evidence for the effect of task
demands in both humans and LLMs. As task
demands increase due to syntactic incongruen-
cies in the input, accuracy rates fall for both
groups. Third, we found evidence for content
effects. In the relevant condition, the content
of the scenarios referenced US culture, a fa-
vorable condition for LLMs and an adversarial
condition for Japanese speakers. We found that
LLMs outperformed humans, providing strong
evidence for content effects.

1 Introduction

Large Language Models (LLMs) display an im-
pressive set of abilities that require proficiency
in human language. They perform well on text
summarization (van Schaik and Pugh, 2024), trans-
lation (Wang et al., 2023), and writing (Herbold
et al., 2023). On many of these tasks, LLMs per-
form better than humans. For example, Herbold
et al. (2023) asked professional evaluators to assess
argumentative essays generated by ChatGPT and
by humans. The results suggested that the GPT-
generated essays consistently achieved higher rank-
ings and were deemed by experts to be of higher
quality.

These results are encouraging. However, when
LLMs are evaluated on seemingly simpler tasks
targeting basic linguistic proficiency, such as the
ability to distinguish grammatical sentences from
ungrammatical, or meaningful expressions from
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nonsensical, the results are mixed. Dentella et al.
(2024) found that the ability of LLMs to decide
whether a sentence is grammatical is much worse
than that of humans. While GPT-4 achieved sig-
nificantly higher accuracy, LLMs performed at the
chance level when results were averaged across
all tested models. Moreover, LLM responses dis-
played errors that humans would never make. The
authors concluded that LLLMs’ understanding and
performance on tasks involving grammar is not
human-like (cf. also Katzir, 2023). In another
study, Riccardi et al. (2024) evaluated the ability
of LLMs to detect whether a two-word combina-
tion is meaningful (baby clothes) or nonsensical
(clothes baby). In humans, this judgement requires
knowledge of syntax and semantics. The right-
most word is the syntactic head, and it determines
the meaning of the construction: baby clothes are a
type of clothes. The same rule would make clothes
baby nonsensical. Riccardi et al. (2024) found that
even the most advanced models, such as GPT-4,
performed poorly compared to humans. One inter-
esting tendency was for LLMs to err on the side of
interpreting nonsensical phrases as meaningful.
The discrepancies between LLMs and humans
on basic linguistic tasks have implications for LLM
integration in everyday life. There are many ap-
plied contexts in which it is highly desirable for
LLM:s to behave similarly to humans with respect
to language understanding. For example, if LLMs’
abilities are leveraged in educational contexts to
provide feedback on children’s writing or on L2
learners’ essays, LLMs’ assessment of what is
grammatical and what is not should parallel the
assessment of human experts. Riccardi et al. (2024)
identified similar challenges for a workplace con-
text. If the task description or a request does not
make sense, be it due to human error or malicious
intent, LLMs should behave like a professional hu-
man expert would — by asking for clarification or
by denying the request, not by interpreting it as
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sensible across the board, a tendency that LLMs in
their study displayed.

Studies that found performance differences be-
tween LLMs and humans on basic linguistic tasks
were criticized for using evaluation methods that
disadvantage LLMs (Lampinen, 2024; Hu et al.,
2024). For example, Lampinen (2024) found
that when LLMs are provided with a sufficient
number of examples as part of the prompt, they
achieve human-like performance when distinguish-
ing grammatical sentences from ungrammatical
sentences. Another criticism pertained to the use of
metalinguistic prompts, which disadvantage LLMs
(Hu et al., 2024). These authors argue that subpar
performance should not be interpreted as lack of
competence. In fact, studies suggest that LLMs
and humans perform similarly on tasks that target
basic linguistic proficiency. Hu and Frank (2024)
argue that increasing the task demand can lead to
lower accuracy in LLMs, just like an increased cog-
nitive load leads to worse performance in humans.
Lampinen (2024), focusing on reasoning tasks, also
found that the content of the task can either facil-
itate or hinder performance, and that humans and
LLMs show similar content effects.

Our work continues the line of research eval-
vating LLMs performance vis-a-vis humans on
tasks requiring linguistic proficiency. To address
the most recent debate about the effect of task
demand and content on LLMs and humans, we
evaluate their performance as we manipulate these
conditions. Unlike previous studies, we focus on
Japanese.

2 Evaluating Linguistic Proficiency With
the Winograd Schema Challenge

2.1 The Winograd Schema Challenge as a
Test of Linguistic Proficiency

In this study we use the Winograd Schema Chal-
lenge (WSC). The WSC was originally designed
to evaluate machine intelligence as an alternative
to the Turing test (Levesque et al., 2012). However,
despite its promise and widespread application as a
benchmark for commonsense reasoning, it is now
generally acknowledged in the literature that the
test falls short of assessing machine intelligence
(Kocijan et al., 2023). At best, it is a test of linguis-
tic proficiency (Browning and LeCun, 2023), and
we use it as such.

The test consists of different scenarios, each of
which has a pair of sentences. The classic example

in (1) shows that each sentence introduces two enti-
ties, the city councilmen (A) and the demonstrators
(B), and includes an ambiguous pronoun they that
refers to one of the entities. The task is to estab-
lish the correct referent for the pronoun. We refer
to this task as pronoun resolution. The interpreta-
tion of the pronoun arises from the meaning of the
words fear/advocate. In the first sentence, the state
of fear is attributed to the city councilmen (they =
city councilmen), and in the second example, the
action of advocating violence is attributed to the
demonstrators (they = demonstrators).

(1a) The city councilmen (A) refused
the demonstrators (B) a permit because
they feared violence.

(1b) The city councilmen (A) refused
the demonstrators (B) a permit because
they advocated violence.

The authors of the WSC assumed that humans
would perform at an accuracy level close to 100%
(Levesque et al., 2012). Empirical studies revealed
a different picture. Bender (2015) showed that
human participants achieve 92% accuracy on well-
crafted WSC sentences in English. Participants
reported several difficulties, including unfamiliar-
ity with certain concepts, such as crop duster or
bassinet. Unfamiliar words and concepts can lead
to an increase in task demand and possibly lower ac-
curacy rates. Moreover, the content of the question
and whether it aligns with or contradicts partici-
pants’ expectations and personal experience can
also have an effect on accuracy. In one of the sce-
narios, oatmeal cookies were preferred to chocolate
cookies. Some participants found this unnatural
and chose chocolate cookies as the answer to the
pronoun resolution task, even though this incorrect
answer contradicted information in the scenario
(see Bender (2015) for discussion).

When LLMs were evaluated on the original
WSC datasets, they performed worse than humans.
However, training on larger datasets and fine-tuning
helped. Language models gradually reached an ac-
curacy of 90% (Sakaguchi et al., 2021). The most
recent LLMs perform at 94% accuracy levels when
evaluated in English (Artkaew, 2025).

2.2 The WSC in Other Languages: Human
and LLM Performance

As the use of the WSC for evaluation benchmarks
grew in popularity, the original WSC datasets de-
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veloped for English were translated into other lan-
guages. However, translations to typologically dif-
ferent languages proved to be challenging. One set
of difficulties pertained to typological and gram-
matical differences between the source language
(English) and other target languages. English does
not encode grammatical gender, animacy, or for-
mality levels, and this presents a translation chal-
lenge. Research teams approached these challenges
in varying ways. For example, when translating the
WSC to French, Amsili and Seminck (2017) made
changes to the original examples to achieve natu-
ralness. The same strategy is reported by Artkaew
(2025) for Thai. On the other hand, the authors of
the Japanese Winograd Schema Challenge, WSCR-
ja, noted that some translations resulted in ungram-
matical examples due to structural differences be-
tween English and Japanese, but they decided to
keep the examples in the dataset (Shibata et al.,
2015).

Another translation difficulty pertains to cultural
knowledge. Artkaew (2025) observed that an En-
glish scenario about playing cards uses the expres-
sion ‘run of good luck’, which is not natural in
Thai. Another example pertained to a game of tag
and how the chaser can be identified. In both cases,
Artkaew (2025) chose to modify the original sce-
narios to make them more culturally appropriate. In
their discussion of the Japanese WSC, Shibata et al.
(2015) also acknowledged culturally inappropriate
examples.

Comparison between human performance on the
translated sets and human performance on the com-
parable dataset in English reveals differences in
accuracy rates. Artkaew (2025) found that humans
achieve 88% accuracy on the Thai WSC, which is
lower than the 92% accuracy level reported for the
English WSC (cf. Bender, 2015). Artkaew (2025)
suggests that these differences should be attributed
to translation effects and the difficulty of adapting
scenarios from English to other languages.

There are also interesting differences in how lan-
guage models perform on translated datasets com-
pared to models evaluated on the original English
datasets. Hashimoto et al. (2023) use the WSCR-
ja by Shibata et al. (2015) to fine-tune BERT, a
language model. Model fine-tuning helps increase
accuracy on certain tasks, such as pronoun resolu-
tion. They found that the accuracy level increased
from 57% to 58%, a modest gain. In comparison,
fine-tuning the English model on the corresponding
dataset in English leads to more significant gains.

In the case of model evaluation, different factors
might affect performance, including model size and
architecture. Hashimoto et al. (2023) explicitly dis-
cuss the quality of the translated examples in the
WSCR-ja, including cases of mistranslation, unfa-
miliar words, and cultural concepts, as a possible
reason for smaller accuracy gains of their model af-
ter fine-tuning on the WSCR-ja. Results of evaluat-
ing more recent models on translated WSC datasets
also show that they underperform compared to the
base rate for English models. Artkaew (2025) re-
ports that the accuracy of the best performing LLM
on the Thai WSC is only 79.65% (Claude-3-Opus),
compared to 94% on the English WSC.

3 Study

In this study, we use the WSC in Japanese to eval-
uvate LLM and human performance on pronoun
resolution. We focus on three conditions: (i) the
baseline condition, (ii) a condition that manipulates
task demands and (iii) a condition that manipulates
content effects. The results on the baseline con-
dition allow us to establish how LLMs perform
vis-a-vis humans in the default setting. The null
hypothesis is that LLM performance will parallel
human performance. In the condition that manip-
ulates task demands, we create adversarial condi-
tions for both humans and LLLMs and predict that
this will negatively affect their performance. In the
condition that manipulates content effects, we cre-
ate favorable conditions for LLLMs but adversarial
conditions for humans, and we expect that it will
increase LLM accuracy rates.

3.1 Materials

Our stimuli are derived from the WSCR-ja set (Shi-
bata et al., 2015). This dataset is a translation of
the Definite Pronoun Resolution (DPR) set (Rah-
man and Ng, 2012). Unlike other WSC datasets,
the DPR set scenarios were crowdsourced from
undergraduate students in the US and many of the
original criteria of the test were relaxed. WSCR-ja
consists of 941 question pairs which are split into
a train set (659 pairs) and a test set (282 pairs).
We performed a qualitative analysis of the entire
WSCR-ja test set. Consistent with the observations
in the previous literature, we found that the data
was not homogeneous. In addition to grammatical
and well-formed sentences, there were ungrammat-
ical sentences and scenarios that reference cultural
concepts that might not be familiar to Japanese
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speakers with limited experience of US culture.
The US cultural references are a carry-over from
the original dataset and the translated dataset re-
flects the cultural background of the content cre-
ators. These different categories of data correspond
to the three conditions we define below. In ad-
dition, we noticed substantial variation between
stimuli. Some stimuli were syntactically complex,
or had multiple pronouns and/or referents with non-
core grammatical roles (indirect object or object
of preposition). Since all these factors can affect
performance on pronoun resolution (Kehler et al.,
2008), we excluded such items from consideration.
(See Appendix A.1 for examples of rejected stimuli
and explanations for rejection). Based on our qual-
itative analysis, we formulated specific criteria for
selecting stimuli for the three conditions and vali-
dated selected examples and their appropriateness
for each condition with a linguistic consultant, a
native speaker of Japanese. For each condition, we
selected five scenarios for a total of ten sentences
per condition. See Appendix A.2 for the full list of
stimuli.

3.1.1 The ‘Good’ Condition

The baseline condition measures the performance
on the pronoun resolution task in the absence of
any other interfering factors. The stimuli in this
condition adhered to the original considerations for
the WSC dataset (Levesque et al., 2012). Specif-
ically, subjects should not be able to induce cor-
rect answers based on selectional restrictions or
word co-occurrence statistics. The scenario in (2)
(from Kocijan et al., 2023) violates the selectional
criteria rule since only women can be pregnant
and only pills can be carcinogenic. The choice of
the correct referent becomes trivial in this context.
The scenario in (3) is ruled out based on statisti-
cal co-occurrence considerations (racecar and fast
frequently co-occur)(from Kocijan et al., 2023).

(2) The women stopped taking
the pills because they were [preg-
nant/carcinogenic].

(3) The racecar zoomed by the school
bus because it was going so [fast/slow].

(4) is an example scenario selected for this cate-
gory.
(4a) > 3 —ET7 VL KD RWEY H
T5, HIIHELS Y v 7 —Z %
U557, ‘Joe smells better than

Adam since he showers regularly.’

(4by > 3 —1IT7 IV L KRN
HEIT S, IOy v T —
TR\ 52, Joe smells
better than Adam since he hardly ever
showers.’

3.1.2 The ‘Grammar’ Condition

The stimuli in this condition are designed to mea-
sure the effect of task demand on performance.
There are different ways to manipulate task de-
mand, but here we focus on the effect of grammar.
Specifically, we hypothesized that syntactically in-
congruent stimuli will increase task demand and
reduce accuracy rates. Scenarios were selected for
the ‘grammar’ condition if at least one sentence in
the pair is grammatically unacceptable or has been
mistranslated so that the meaning is significantly
different. Sentences may also not adhere to the
original WSC constraints. (5) is an example set
from this scenario. While the pronoun she might
be an acceptable pronoun for a car in English, this
is not the case for Japanese, resulting in (5a) being
ungrammatical.

(Sa) > = FHWwWhR>avEz
B L &5 & L7z, 13304
HHEICIYMATHT S 2
2y 972,  “Sheila tried to
repair the old jalopy, even though she
had not worked on cars in three decades.’

Gb) > —JF TR VHEH
ZEML XD &Lz BIOdB306ED
T smicyhins 372,

‘Sheila tried to repair the old jalopy, even
though she had not run in three decades.’

3.1.3 The ‘Culture’ Condition

This condition is designed to test content effects on
performance. Familiarity with specific cultural con-
cepts as well as the lack thereof can affect accuracy
ratings. For this condition, we selected scenarios
that referenced US cultural concepts. We hypoth-
esized that such scenarios will align with LLMs’
competence, thus boosting their performance, but
would disadvantage Japanese speakers. (6) is an
example scenario selected for this category. In this
scenario, ‘Autobot’, ‘Decepticon’ and the world
of the Transformers movies are references from
US pop culture, which might not be familiar to
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speakers of Japanese. While an English speaker
unfamiliar with Transformers may be able to asso-
ciate ‘Decepticon’ with evil motives because of the
similarity to ‘deceive’, Japanese speakers may not
benefit from this clue.

(6a) F—hk Ry NITETT 13>
ZRVWIEH XD T 5, moldH
KON FHICES T e =dY
A TWBED]Z,  ‘The Autobots try to
stop the Decepticons since they want the
world to live in peace.’

(6b) A —h Ry P ITEL7T 13
vERAEVWIED XY ET S, EoIT
HRZWIEL 20> TV B 05
72.  ‘The Autobots try to stop the
Decepticons since they want to destroy
the world.’

3.2 Participants

23 native Japanese speakers participated in the
study. Participants were recruited via academic
snowballing in Japan with two starting nodes. The
average age was 29. Nine participants were male,
eight were female and six did not state their sex.

3.3 Design and Procedure

Human participants accessed the survey hosted
on Qualtrics via an anonymized link. They pro-
vided consent to participate in research and con-
firmed that they were of age and native speakers of
Japanese. The participants saw 30 questions that
tested their performance on the pronoun resolution
task.! Participants saw the stimuli presented in
random order and had to pick one of two answer
options. The answer options were also presented
in random order. There were no filler items, and
participants were not given any training examples
to maintain consistency with the LLMs’ evaluation
format. Task instructions and an example question
can be found in Appendix A.3.

3.3.1 Collecting Data From LLMs

Our LLM data came from the responses of the GPT-
40 model, the most advanced LLLM at the time of
research, collected from the OpenAl API. We chose
the API rather than the chat interface because it al-
lows us to control the model parameters (GPT-40,
temperature=1). We used the same design as in the

'We also collected naturalness judgements and recorded
reaction time, but these data are not the main focus of the

paper.

study with human participants. The same stimuli
were submitted to the OpenAl API. The order of
questions and order of answers were randomized.
We ran the code 30 times. Recent studies empha-
size the need for a ‘fair’ evaluation of humans and
machines with the emphasis on the same training
and conditions for both groups (Lampinen, 2024).
We follow this recommendation here. LLMs were
evaluated zero-shot, and humans did not receive
any prior training.

3.4 Results

We coded all correct answers as 1 and all incorrect
answers as 0 for both humans and LLMs. Com-
parison of the means showed that in the ‘good’
condition, humans outperformed GPT-40 on the
pronoun resolution task (Mgood_human = 0.92;
Mgooa_apr = 0.79). In the ‘grammar’ con-
dition, humans and LLMs performed similarly
(Mgrammar_human = 0.63; Mgrammar_GPT =
0.61), and in the ‘culture’ condition, GPT-40
outperformed humans (Mcyiture human = 0.92;
Mcuiture_apr = 0.97). The means and standard
deviations are shown in Table 1.

To analyze the data, we applied a mixed-
effects model, using the “ImerTest” package in R
(Kuznetsova et al., 2017). Subject id and question
were entered as random intercepts, while condition
(good, grammar, culture) and source (human, GPT)
were entered as fixed factors. The statistical anal-
ysis revealed a significant interaction between the
two fixed factors (z(1523) = 2.68, p<.01). Follow-
up tests showed that the statistical interaction was
coming from the better performance of humans in
the good condition (z(506) = 4.95, p<.001) and the
better performance of GPT-40 in the culture condi-
tion (z(511) = -2-53, p<.05). The results from the
study are presented in Figure 1.

3.5 Discussion

We observe that the overall accuracy (83%) dis-
played by human subjects in Japanese is lower than
that reported for humans in English (92%). While
this aligns with the lower accuracy levels reported
for Thai (88%), it is important to point out that hu-
man performance in our study varies significantly
depending on the condition. On well-formed gram-
matical examples in the baseline condition, the
accuracy rates are 92%, similar to what is reported
for English. Our study reveals that the translated
dataset is not homogeneous and that examples with
syntactic incongruencies can dramatically affect
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GPT-40

Humans
Good M=0.92 (SD=0.13)
Grammar M=0.63 (SD=0.44)
Culture  M=0.92 (SD=0.08)
Overall M=0.83 (SD=0.30)

M=0.78 (SD=0.35)
M=0.61 (SD=0.51)
M=0.97 (SD=0.08)
M=0.79 (SD=0.38)

Table 1: Means and standard deviations for humans and GPT-40 across the three conditions

Accuracy by Condition and Source
1.00 * %%

0.75

source

. gpt
. human

Accuracy
o
P
o

0.25

0.00

culture good
Conditions

grammar

Figure 1: Accuracy of human and GPT judgements as
a function of condition. Humans outperformed GPT
in the ‘good’ condition, while the pattern was reversed
for the ‘culture’ condition. No statistical difference
was observed in the ‘grammar’ condition, where both
sources performed poorly. The error bars represent +/-1
standard error. The significance tests are based on a
mixed-effect model: * p<0.05, *** p<.001.

accuracy rates. These factors should be taken into
account when evaluating either humans or LLMs
on translated datasets.

Another implication from our study pertains to
the potential applications of LLMs in contexts that
require proficiency in Japanese. Previous studies
have discussed leveraging LL.Ms’ knowledge of
Japanese in educational contexts for student writ-
ing assessment (Li and Liu, 2024, Takeuchi and
Okgetheng, 2024) or example sentence generation
(Benedetti et al., 2024). Our study demonstrates
that the most advanced language models, such as
GPT-40, perform similarly to humans on tasks
that require linguistic proficiency, which opens the
opportunity for their integration in everyday life.
However, the findings by Riccardi et al. (2024)
that LLLMs tend to interpret nonsensical input as
meaningful, suggest that we should be cautious
in applying them not only in language education

contexts, but also in other linguistic tasks, such as
text summarization (Gu et al., 2024) and annotation
(Nishikawa and Koshiba, 2024).

Finally, we note that more insights could be
gained from a systematic analysis of LLM mistakes.
While this is outside of the scope of this paper, fu-
ture work should look at these trends in more detail
and compare the capabilities of different models,
particularly those fine-tuned for Japanese.

4 Conclusions

In this study we compared the performance of
LLMs and humans on a pronoun resolution task.
We manipulated task demands and content effects
and compared how they affect LLMs and humans.
We found that in the baseline condition, humans
outperform GPT-40. These findings align with the
results in Reese and Smirnova (2024) for Japanese,
and with the results for Thai reported in Artkaew
(2025). They suggest that in lower-resourced lan-
guages, humans still perform better than LLMs,
even when competing with the most advanced mod-
els, such as GPT-4o.

Our results also provide evidence for task de-
mands and content effects. In the relevant con-
dition, task demands increased because of incon-
gruent syntax/bad grammar. This manipulation
negatively affected both human and LLM perfor-
mance. Our results align with the observation in Hu
and Frank (2024), who demonstrated that as task
demands increase, LLM performance suffers, by
analogy to how increased cognitive load in humans
leads to reduced accuracy.

We manipulated content effects through cultural
references. We selected scenarios with US cultural
references, thus creating favorable conditions for
LLMs, which were likely exposed to this informa-
tion during training, and adversarial conditions for
humans, as Japanese speakers might not be familiar
with these references. We found that the changes
in performance followed our predictions. In this
condition, LLMs outperformed humans, providing
evidence for content effects.
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A Appendices

A.1 Examples of Rejected Items

Rejected Item: ) F ¥ — R I 7 —/ > [Fiak
HZz# L7z, RoOWEPTFoNs X DI,
Richard blackmailed Senator Carson so that his
silence would be secured.

Reason for Rejection: This item was considered
for the good category, but rejected based on the in-
tuition of our Japanese native speaking consultant
that YLEX, silence, is used in an unnatural way.

Rejected Item: NZ |2 DWW T O FIC &
L. TNHICE>TE 7 Lo KREBMCK
h*D\y/z, The article about the fires said that
they torched most of Seattle.

Reason for Rejection: This item was considered
for the syntax category but was rejected because
while ‘the article’ has the syntactic function of
subject, ‘the fires’ is neither the subject nor the
object of the first clause.

Rejected Item: /" — "7 ¢ — -« T > b |38
NekolzlZzNy hvrognicd
5, IR zRE LT sznrs iz
Harvey Dent blames the Batman for losing his love
because he did not save her.

Reason for Rejection: This item was considered
for the culture category, but was rejected because
there are multiple pronouns in the second clause.

Rejected Item: £\ 7= 513 AR IC R Y = 5
27z, TNOMEL W =672, We gave
the fruit to the humans because they were ripe.
Reason for Rejection: This item was rejected
because in Japanese, it has a selectional clue to
the answer. < 11, it, can only be used to refer to
inanimate objects.

Rejected Item: i Az 88 5 /=, 5
IZFFE(EL TV /=72, The cats attacked the
humans because they were feral.

Reason for Rejection: This item was rejected
because it can be solved by co-occurrence statistics.
The adjective feral is more often associated with
cats than humans.

A.2 List of Stimuli
Good Category Stimuli

FEHROTN= M EIFEADOT N=F XY
HEN., TN sTzhoE, ®
o215 5T h? The off-campus
apartments were preferred to the on-campus
apartments because they were cheaper. Which
were cheaper?

Answer: “ZH8ho 7 o)X — |~ the off-campus
apartments

FEHDOTN= M IEFERNDOT N =K kD
HEN., TNOOENEP >TSS R, &
o723 EH S5 TT h Y The off-campus
apartments were preferred to the on-campus
apartments because they were more expensive.
Which were more expensive?

Answer: “Z [ ® 77 /X — | the on-campus
apartments

Pa—3EITILEVERVWEY TS,
ITHE? S Y v 7 =% 050572, H
HhroL v 7 =2 503 TT»?
Joe smells better than Adam since he showers
regularly. Who showers regularly?

Answer: > 3 — Joe

CI—W3TILEVRVWEYNT S,
IO 7ZICs ¥ T —ZIR BV H 2,
D-2IC ¥ T —ZRUBTVDITHETT I ?
Joe smells better than Adam since he hardly ever
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showers. Who hardly ever showers?
Answer: 7 ¥ 2\ Adam

Py sdyary e ELEEL L,
NI ZREATZ. N e DA ZOLEETT
h>?? Jack got more votes than John because the
people liked him. Who did the people like?
Answer: 2 ¥ v 7 Jack

Sy Y3y N ELEEL L.
Ne 3zt Ezan 7. NeblfEn
h > 72D 1LEETT 2 Jack got more votes
than John because the people did not like him.
Who did the people not like?

Answer: > 3 > John

TTLETL Y= REFICK
L7z, £ CTRIEHED=OICHEREZE -
oo BEDOICHEREZE > T=DILHMTT
h*? Adam failed to kill Alexander, so he hired
an assassin for the second attempt. Who hired an
assassin for the second attempt?

Answer: 7 ¥ .\ Adam

TYLIETL Y Y=o kFEICKN
L7z. T CTCRITHEZENTRT 4 — 47—
REE -7, BEERNTRET 4 —H—k
ZIE > 7=PIXETT H?  Adam failed to kill
Alexander, so he hired a bodygaurd in case of a
second attempt. Who hired a bodyguard in case of

a second attempt?
Answer: 7L 7 ¥ > ¥ — Alexander

h=—Wld z7ZFm-o7. BIIFMX
Wieh s 7272, Fnieh s ol Ty
h>*? Tony helped Jeff because he wanted to help.
Who wanted to help?

Answer: ~ =— Tony

h=—Eyz7Z2FMm-7k. I T
F NI TE o Fo B 72 TN B2 5 72
DL TT 2 Tony helped Jeff because he
needed help. Who needed help?

Answer: > = 7 Jeff

Syntax Category Stimuli

Ny IR = IZE s . 2N
Bz XOICRAZ»S 2. BuldZ i<
F I ICRA DL TFH? The bat hit the
ball because it flew in the way of the trajectory.
What flew in the way of the trajectory?

Answer: /Y | the bat
Note from the translators: ;K —/L 3% 7 The ball
too?

Ny PIEIR =L ZIT 520 TR
MLENICH P> TESLIHICEARED
572, sl RAREICHE P TESLCS
ICE A7ZDIXMTF H? The bat hit the ball
because it flew straight at the poor animal. What
flew straight at the poor animal?

Answer: 5K — L the ball

=St wARaVEZEML X O
L7z POII30FEBHICID A TV E
o 7zIcVfiy S 772, 30FEBHICIN A T
WS 2nIZEHHTT T Sheila tried
to repair the old jalopy, even though she had not
worked on cars in three decades. Who had not
worked on cars in three years?

Answer: > — 7 Sheila

PSRy avHEZEBRL LD
E L7z BAOIB0FEDE-> TR 5 72ICd
o F72, 303 ESs T s =nld s
5T h? Sheila tried to repair the old jalopy,
even though she had not run in three decades. Who
had not run in three decades?

Answer: VYR > 3 H the old jalopy

DAZHERDbDELOOICAST. Th
XEKL -T2 n. ERL D 5 213
T3 H? The apple wine entered my mouth
because it tastes good. What tastes good?
Answer: ) A ' the apple wine

DAZHENRDbELOOICASTZ. T
T ar-seznrs. —HTidahr-s
=PI T3 H? The apple wine entered my
mouth because it was not full. What was not full?
Answer: H 7z L @ 0 my mouth

BHEEIZ AT 1IcttEERML -
el d 4> e a =& RS n iz, A
2T E S =DdEETT 2 The
employer offered Katie a job, because she liked
the interview. Who liked the interview?

Answer: [ H T the employer

BHEXZ AT I FREML .

RIS S 2N Bz o 2, fthic
U7 725 201dEETTH> 2 The employer
offered Katie a job, because she was a fit for the
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company. Who was a fit for the company?
Answer: 7 4 T 1 Katie

S Bl = S A S 48 5 /RN I b
HR 2 B P he a2 72 5 720 HR % B A hen &
725 7=?13HETT h 2 Joe crashed into Mike
because he needed a place to sleep. Who needed a
place to sleep?

Answer: > 3 — Joe

Ya—l3d v A IcHmREL L ITEE
NP oul T nsnnr-. HENE
TP O I LB S DL TT 2
Joe crashed into Mike and he had to pay for the
damage. Who had to pay for the damage?
Answer: 7 4 7 Mike

Note from translators: 3* 3 —C3% ? Could be
Joe too?

Culture Category Stimuli

TRV R ANT 4T RAEML
S PASIEN RS (BRI T T
h>‘? Watson beat Ken at Jeopardy because he is a
superior machine. Who is a superior machine?
Answer: 7 b */ 2 Watson

TRV R CENTaTC T ENL
e RIIE - AMErSE. Bz A
MJ1ZEE T3 h 2 Watson beat Ken at Jeopardy
because he is an inferior human. Who is an inferior
human?

Answer: 7> Ken

B -3 A5 7L Th I —ZHEML
=, HOHT AN ICITIEI DWW T =, JH D
DWW W=D TT H 2 Billy beat Tommy

at Scrabble because that newbie had all the luck.

Who had all the luck?
Answer: £ ') — Billy

) -3 A5 7L I—%EML
2o HOFANICIEIRE I GRS 2o,
RE/Ihs % > 5 1= 13 T9 > 7 Billy beat
Tommy at Scrabble because that newbie had no
skill. Who had no skill?

Answer: b I — Tommy

F—hrRy FMIITELT T 2RV
EHEI T35, FozttEo A ¢ v Fric
ESTIERYUATWEDE, HED A v
FRICES T2 EZYHUATHADILEHTT

h>*? The Autobots try to stop the Decepticons
since they want the world to live in peace. Who
wants the world to live in peace?

Answer: +— 5K v | the Autobots

r—brRybPEITETT 13> Z2AN
Ed & ET5. oI MARZHIEL 72005
Twapenlz, HRZEHHEL P> TNHS
DILHETT H 2 The Autobots try to stop the
Decepticons since they want to destroy the world.
Who wants to destroy the world?

Answer: T 7 75 1 1 the Decepticons

AT E Y 3 =i E R Tk
WHEE RS, K E L3 TT
h>? Mary likes Joe because she likes females.
Who likes females?

Answer: #* 77 ') Mary

AT VY 3 = E 2. KT A
WMo 2. ARINFEMZOILEETT
h>‘? Mary likes Joe because she has a cool name.
Who has a cool name?

Answer: > 3 — Joe

7T AL =ZTDOANDHF =2 — 3 —
JHONEY R, FS5icidonywy R hidh
LHZhn. NIy RIBEDITHETTN?
Californians are better than New Yorkers because
they have Hollywood. Who has Hollywood?
Answer: 77') 7 + L =7 d A Californians

H) T AL ZTDODANDHF=Z 2 —F —
JONED R, HSICIIREZ (> T<h
BN Ty RO DS 2, R Z
fE>T<NBNY ™Dy ROEH VLD
1XiE T H*? Californians are better than New
Yorkers because they do not have Hollywood lot<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>