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Preface

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 (AI), educational measurement, assessment, natural language processing, learning analyt-
ics, and technological development. As AI continues to transform education and assessment practices,
this conference provided a critical platform for fostering cross-disciplinary dialogue, sharing cutting-
edge research, and exploring the technical, ethical, and practical implications of AI-driven innovations in
measurement and education. 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 AI in Educational
Measurement

The NCME-Sponsored AIME-Con focused on how rigorous measurement standards and innovative AI
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 AI 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 AI of educational mea-
surement by bringing together data scientists, psychometricians, education researchers, and other inter-
ested stakeholders. The SIGIMIE will discuss current practices in using Generative AI, approaches to
evaluate their 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 AI in many areas, including automated scoring, item
evaluation, validity studies, formative feedback, and generative AI 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 AI 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, “AI” was defined broadly to include rule-based methods, machine
learning, natural language processing, and generative AI/large language models. Reviewers provided
constructive feedback and overall recommendations to ensure that accepted sessions reflected both schol-
arly merit and practical value to the AI in measurement and education community.

x
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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 OpenAI’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 

(OpenAI, 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. 

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 
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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). 

 
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 

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 

Item Passage Process n 

1 A Focus on and retrieve 2687 

2 B Straightforward 

inferences 

2951 

3 A Straightforward 

inferences 

2643 

4 C Interpret and integrate 2589 

5 D Interpret and integrate 2452 

Table 1: PIRLS trend items used in the study 

 

Component Content 

Instruction Comprehensive guidance on AS 

Reading 

passage 

A written text serving as the 

stimulus 

Question A question consisting of one or two 

sentences 

Scoring 

guide (SG) 

Rubric for scoring an item, 

including descriptions and examples 

Table 2: PIRLS scoring template components 

2



 
 

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. 

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.” 

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 

 

Figure 1: Passage summarization prompt 

 

 

 

Figure 1: Passage Summarization Prompt 

 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 

• The output should be a coherent 

paragraph summarizing the passage. 

• Avoid new section headings. 

 

 

Figure 2: SG modification prompt 

 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 

• Use bullet points if they improve 

readability. 

• Maintain the given structure: 

“**[Score: X]**: Assign this score if 

…” 

• Avoid new section headings or 

providing examples. 

 

3



 
 

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 (κ).  

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. 

 𝑅 =
𝑇𝑜𝑘𝑒𝑛 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 𝑖𝑛𝑝𝑢𝑡

𝑇𝑜𝑘𝑒𝑛 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑛𝑝𝑢𝑡
  (1) 

EA, a commonly 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: 

 κ = 
𝑝𝑜− 𝑝𝑒

1−𝑝𝑒
  (2) 

where 𝑝𝑜  is the observed agreement among 

raters, and 𝑝𝑒 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 

(OpenAI, 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. 

 

 
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). 

 
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 

 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 

Item 
Baseline Opt-AS 

EA κ EA κ 

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 93.27% 0.8570 93.50% 0.8511 

Avg. 95.16% 0.8852 94.94% 0.8723 

Table 5: EA & Kappa 
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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.  

 

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 

 
 

 

 

 

 

 

 

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.  

• If the translation is inaccurate, re-

translate and re-score the response. 

• 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.  

• [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 

• 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. 

• Character names may vary depending on the 

language used; such variations should not 

affect scoring. 

 

 

 

 

Country 
Item 

1 

Item 

2 

Item 

3 

Item 

4 

Item 

5 

A 410 524 406 342 449 

B 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 

V 100 104 99 137 80 

W 70 73 69 63 57 

X 75 79 73 76 63 

Y 76 81 76 76 66 

Z 82 89 79 79 76 

AA 75 76 71 75 60 

Total 2687 2951 2643 2589 2452 

Table. Sample size by country 
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C. Confusion Matrices from Optimized AS 

 

 

 

 

 

 

 

 

 

 

 

   

  

 

Figure 1. Item 1 confusion matrix 

 

Figure 2. Item 2 confusion matrix 

 

Figure 3. Item 3 confusion matrix 

 

Figure 4. Item 4 confusion matrix 

 

Figure 5. Item 5 confusion matrix 
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Abstract

This study explores the classroom implemen-
tation of an AI-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 AI-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
AI-only grading. We discuss implications for
the design of trustworthy, teacher-centered AI
assessment tools that enhance feedback while
preserving pedagogical agency.

1 Introduction

The integration of artificial intelligence (AI) into K-
12 education has shown promise but also comes
with new challenges (Wang et al., 2024). AI-
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 AI, an online
AI-powered education platform for teachers and
students that provides AI-based classroom func-
tionality. In this study we focus on the AI 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 AI-powered grading
practices can augment instructional expertise of
the educators. We situate our findings within the

broader context of standard-based grading (SBG)
and formative feedback theory, elaborating the op-
portunities AI 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 AI 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 (AI)
systems shows a potential next step in the inte-
gration of pedagogical frameworks and automated

9



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; Muñoz
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

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
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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 AI 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 AI-assisted analysis
of their teaching This also applies to other activities
like administering assessments in the classroom.
AI-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 AI
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 AI-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

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 AI 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 AI 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 AI 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 AI
generated feedback - teachers were able to see the
AI 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.
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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 AI 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 AI 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 AI 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,

we conducted usage analysis to capture how AI
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, AI-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 0 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
AI systems graded the majority of submitted assess-
ments. In over 75% of classrooms, more than 80%
of submitted student work received AI-generated
scores. The median AI grading coverage was
92.2%, with many classrooms achieving near-total
automation. Both teachers and students can initiate
AI 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 AI 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.

AI-powered grading was widely implemented
across classrooms, with most student work receiv-
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Figure 1

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 AI 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 AI Grading platform. In addition to
the data on the implementation context, they also
evaluated the quality of the AI generated rubrics
and the AI generated feedback.

3.2.1 Rubric Quality
Over 60% of the teachers indicated that they were
able to use the AI 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 AI
generated content without review and adjustment.
Interestingly, no teachers indicated that they made
major changes to the AI 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 AI 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 AI 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 AI-powered assessment, grading, and
feedback features in real K-12 classroom contexts,

we conducted a qualitative analysis as well. The
qualitative analysis yielded three central themes,
reflecting both the promise of AI 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
AI “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 AI 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 AI
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 AI-powered assessment tools. When
numerical scores lack clarity or consistency, but
written comments hold pedagogical value, the role
of the AI should be reimagined: not to replace
teacher judgment, but to scaffold learning through
accessible, timely, and editable feedback.
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Figure 3: Teacher survey responses to the quality of the AI generated rubric and whether it was necessary to make
changes.

3.3.2 Teacher Oversight Enables Trust and
Personalization

Teachers reported that AI feedback, while efficient,
was not passively accepted by students. Students
actively scrutinized AI 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 AI Chat. . . told it, ‘give me one paragraph
in teacher voice,’” one teacher explained, reflect-
ing the effort to mediate AI 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 AI 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
AI would just be like a checklist. I thought her

[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 AI’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 AI 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-AI 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 AI’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 AI tools extend
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Figure 4: Teacher survey responses to the quality of the AI 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 AI 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 AI-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-

tion reinforces the importance of usability design
and accessibility. Without scaffolds for clarity and
navigation, AI 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 AI systems support meaningful
engagement across all learners.

4 Discussion & Conclusions

This study offers early empirical insight into how
K–12 educators engage with AI-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 AI 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
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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 AI that revealed misconceptions and next
steps for learning; (2) teacher mediation was es-
sential to address discrepancies between comments
and grades, underscoring that AI 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 AI competency in mod-
ern classrooms.

While this pilot study provides valuable insight
into teacher experiences with AI-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 AI 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 AI system.
Finally, this study is of a single generative AI based
platform, and findings may not fully generalize to
other AI 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 AI-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 AI
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
AI tools: systems should allow for teacher over-
sight, offer clear interfaces for student understand-
ing, and support workflows that enable iterative

revision. These features are likely to be essential
across a wide range of school settings and instruc-
tional models.
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A 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-

mentation
Feature Setup
Challenges

29 Describes obstacles in setting up assessments,
rubrics, or assignments using the AI tools.

WF2 Workflow and Imple-
mentation

Alternative Use
Cases

8 When teachers adapted or repurposed features
for different pedagogical intents.

WF3 Workflow and Imple-
mentation

Time-Saving
Potential

9 Mentions of AI helping reduce grading load or
turnaround time.

FB1 Feedback Quality and
Utility

Feedback Cus-
tomization

5 Teachers modifying AI-generated feedback to
suit student needs or tone.

FB2 Feedback Quality and
Utility

Feedback Use-
fulness

12 Teachers’ perceptions of whether the feedback
is pedagogically meaningful or accurate.

FB3 Feedback Quality and
Utility

Student Percep-
tion of Feed-
back

2 How students perceive or react to AI feedback.

ST1 Student Impact Increased En-
gagement

5 Positive changes in student engagement or will-
ingness to revise based on AI feedback.

ST2 Student Impact Student Confu-
sion or Frustra-
tion

5 Instances of student difficulty with interface,
grading accuracy, or expectations.

ST3 Student Impact Equity of Sup-
port

2 Reflections on how AI tools affected different
learner groups.

TR1 Trust and Accuracy Inconsistency
of Grading

2 Reports of AI producing different results for the
same submission or not aligning with rubric.

TR2 Trust and Accuracy Human Over-
sight

10 Emphasis on teacher’s role in verifying or revis-
ing AI grading before finalizing.

UI1 Usability and Inter-
face

Clunky Inter-
face or Poor
UX

2 Descriptions of confusion or dissatisfaction with
platform usability.

UI2 Usability and Inter-
face

Preferred Inter-
action Pathways

2 Teacher workarounds or preferences for using
other tools.

PR1 Professional Use and
Reflection

Teacher Ac-
countability and
Editing

1 Teachers feeling responsible for editing and ver-
ifying AI output.

PR2 Professional Use and
Reflection

Planning for
Growth

4 Teachers thinking about scaling or adjusting
practice using AI.

SD1 Suggestions for Devel-
opment

Workflow Sim-
plification

2 Recommendations to reduce clicks or streamline
setup.

SD2 Suggestions for Devel-
opment

Granular Feed-
back Requests

2 Suggestions for item-level feedback or clearer
linkage to rubrics.

SD3 Suggestions for Devel-
opment

Feature Expan-
sion

2 Ideas like nudging systems, PDF exports, or data
summaries by student.
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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 lz 

and lz*. We then compared the performance of five 

supervised machine learning methods in detecting 

aberrant response pattern identified by lz or lz*. 

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 lz and lz* 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 lz or lz* 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 lz and lz* 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 lz 

0 0

0

( )

( )

l E l
lz

V l

−
=     (1)                                                                   

Where 
0l is the log likelihood function of any 

response pattern, 
0( )E l  and 

0( )V l are the mean 
and variance of 

0l  

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

                                          
(2) 

where ( )Wn  is a statistic, 
0 ( )r  is an estimator, 

( )nc  is a function modifying  
0 ( )r  , 

0[ ( )]V l   
is the modified variance. Magis et al. (2012) has 
detailed illustrations of those statistics. From 
equations 1 and 2, we can say that lz* index is a 
rescaled version of lz by adjusting both its mean 
and its variance. Lz and lz* are implemented in 
the current study to identify aberrant response 
patterns, as illustrated in the data section. 

. 

3.2 Supervised Machine Learning Methods 

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 lz or lz*.  

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 lz or lz* 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. 

Naïve Bayes: The Naïve Bayes classifier is a 
probabilistic machine learning model based on 
Bayes’ Theorem. Bayes’ Theorem is formally 
expressed as: 

𝑃(𝐶𝑘|𝑥) =
𝑃(𝑥|𝐶𝑘)∗𝑃(𝐶𝑘)

𝑃(𝑥)
               (3)                                

Under the naïve conditional independence 
assumption, the joint likelihood simplifies to a 
product of individual feature likelihoods:  

𝑃(𝐶𝑘|𝑥1, 𝑥2, . . . 𝑥𝑛) ∝ 𝑃(𝐶𝑘) ∏𝑛
𝑖=1 𝑃(𝑥𝑖|𝐶𝑘) 

(4) 

The classification rule then becomes: 

𝑦̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥 
𝑘∈{1,𝑘}

𝑃(𝐶𝑘) ∏𝑛
𝑖=1 𝑃(𝑥𝑖|𝐶𝑘)     (5)                   

Based on equation above, Naïve Baye 
classification algorithm can be used for 
categorizing new observation into predefined 
classes for the initiated data. In this study, the 
Gaussian Naïve Bayes variant was applied to 
detect aberrant response pattern identified by the 
lz or lz* 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(𝑦) =
1

1+𝑒−𝑦    (6)                                                                

In the context of logistic regression, the input to 
the sigmoid function is a linear combination of 
the predictor variables: 

𝑝 =
1

1+𝑒−(𝑚𝑥+𝑏)     (7)                                                                  

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.  

0
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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 lz or 
lz* 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 lz or lz* 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: 

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

• Two hidden layers with ReLU activation 
functions, 

• Dropout layers for regularization to 
mitigate overfitting, and 

• 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. 

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. 

Precision=
𝑇𝑃

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.  

Recall/Sensitivity = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

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

F1score=2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 ∗ 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

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 0 to 1, with 1 
indicating the best possible performance. 

Accuracy=
𝑇𝑃+𝑇𝑁

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 lz* 
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 Naïve Bayes and neural 
networks offered more balanced but modest 
performance. These results underscore the 
effectiveness of simulation-based data 
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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 lz and lz* 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-AI agents to acceler-
ate teacher co-design efforts. It innovatively
links student profiles obtained from numeri-
cal assessment data to AI agents in natural
languages. The AI 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 AI, AI 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-

*hguo@ets.org; Corresponding author
†msjohnson@ets.org
‡lsaldivia@ets.org
§mworthington@ets.org
¶kercikan@ets.org

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 AI 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
AI (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 AI applications in learning systems, the AI 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 AI 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 AI multi-agents to find a common
ground before we collaborate with real teachers.
AI 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 AI-educator agents also communicate
with an AI-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
AI agents can understand?

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

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

The project intersects with current advancements
in AI 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 AI ap-
plication in measurement research. The use of dis-
tinct AI agent personas - representing teachers in
varied contexts, a coach, and a researcher - demon-

strates an attempt to model diverse expert reasoning
and tackle the complexity of student data interpre-
tation. The AI-crew-generated feedback will help
accelerate and enrich the teacher co-design, so that
AI-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-AI agents
for our exploration to address RQ-2; and additional
experiment with AI to address RQ-3. In the result
section, we display examples of outputs from the
AI crew, highlighting the diverse perspectives from
the AI agents, the AI-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 AI 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 AI algorithms (including machine
learning, deep learning) to improve data analysis
and identify patterns; and thirdly, the integration
of AI’s computational power (e.g. active learn-
ing) with human expert judgment to finalize the
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profiles. Researchers and content experts investi-
gated the extracted features and visualization of
the multi-source student data and created students’
preliminary profiles with AI for all students.

Figure 1: The human-centered AI 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-AI 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, y2, · · · , 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

X = {x1, x2, · · · , xm} be the lag difference (i.e.,
xt = yt+1 − yt. Let X∗ = {x∗1, x∗2, · · · , x∗m} be
the absolute value of X , where x∗t = |xt|.1

The entropy H of the sequence X∗ =
{x∗1, x∗2, · · · , x∗m} is

H(X) = −
m∑

1

[p(xi) ∗ log(p(xi))],

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

Reg(X) =
1

1 +H(X)
, (1)

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.

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;

1Taking absolute value is to conveniently define the jump
event. A jump event occurs when a X∗

t ≥ 2. Readers can
modify these definitions based on their circumstances.
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Reg(X) = 0.29 ) exhibited an irregular naviga-
tion pattern, showing behaviors such as quick item
scans, skipping items, and jumping among items.

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 AI Agents

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

Figure 4: A crew of AI agents

The three math teacher AI-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 AI-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

person approach.
The math coach AI-agent reads and synthesizes

the three teacher AI-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 AI-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 AI-crew-refined profiles with the
original manually-labeled preliminary profiles to
address RQ-3, we conducted experiments using
sentence embedding approaches and the GenAI
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 AI-editor read and ana-
lyzed the refined profiles generated by the AI-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 GenAI, in this study,
we selected 50 students with manually-labeled pre-
liminary profiles ( five students in each profile) to
explore the multi-AI 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-AI agent approach and pre-
pare for the next-step teacher co-design, we used
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Name Description Interpretation
Total score Sum of item scores Value range (discrete): [0, 21]. High value: good per-

formance; low value: low performance. Most important
feature, affecting interpretation of others.

Total time Sum of item response
times

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

Total visit Sum of item visits 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

Not-reached
(NR)

Number of not-reached
items (no response time)

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

Rapid re-
sponse (RR)

Sum of rapid-responded
items

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.

Prolonged
time(PL)

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

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).

Navigation
Regularity
(Reg)

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

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.

Scan 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.

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

Longest scan
burst

Number of longest scan
behaviors in a burst

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

1 Attempted little to no items. Unengaged group

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

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

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

5 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

6 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

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

8 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)

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

10 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 OpenAI API (model: GPT-4o-mini; OpenAI,
2024) for its cost efficiency and CrewAI (Moura
and contributors, 2024) for its easy implementa-
tion.

3.1 Example reports
To illustrate the work by the crew of the mulit-AI
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 AI crew
provided the following feedback.
Key Strengths:
a. Strong understanding of mathematical concepts
and procedures.
b. Excellent problem-solving skills, reflected in high
scores and structured navigation.

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 AI
crew is
Very high cognitive performance with a perfect NAEP
score. Engages effectively with assessments and manages
time well. Exhibits strong self-regulation in navigation
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

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, indicating a desire
for clarity and understanding.

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 AI
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 AI 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-
niques, but results were unsatisfactory, mainly due
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 AI-editor are presented in Table
3, that compares the clusters from the AI 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
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Table 3: Contingency Table for Preliminary Profile (La-
bel) and AI-editor’s Cluster (Cluster ID)

Cluster ID

Label 1 2 3 4 5 6 7 8 9 10 All

1 0 0 0 0 0 0 0 0 0 5 5
2 0 0 0 0 0 0 0 0 5 0 5
3 0 0 0 0 0 0 0 5 0 0 5
4 0 0 0 0 0 0 5 0 0 0 5
5 0 0 0 0 0 5 0 0 0 0 5
6 0 0 0 0 4 1 0 0 0 0 5
7 0 0 0 5 0 0 0 0 0 0 5
8 0 0 5 0 0 0 0 0 0 0 5
9 0 5 0 0 0 0 0 0 0 0 5
10 5 0 0 0 0 0 0 0 0 0 5

All 5 5 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 AI-Editor based on the AI
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 AI agents to differentiate these two
preliminary profiles.

4 Discussion and Conclusion

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

This multi-AI 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 AI 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.

In this multi-AI agent exploration, we found that
AI 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 AI agents to generate fac-
tual profiles, we ended up with requiring every AI
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 AI agents to generate outputs. An-
other observation is the discrepancy between pre-
liminary profiles and AI editor’s analysis, which
indicates that features, feature mapping, as well as
AI agents’ persona instructions in this study need
to be improved. If AI agents have difficulties to
differentiate some student profiles, they are likely
to be challenging to real classroom teachers. This
multi-AI agent exploration offers opportunities for
us to improve our study design.

Overall, this study explored the use of multi-AI
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 AI 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 AI 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 AI 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-
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eralization of AI methodologies proposed in this
study to other item blocks and even other tests in
the future work.

Our exploration showed that the AI 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
AI-generated profiles are exploratory in the study.
Given the increasing capabilities of GenAI, AI
agent uses, evaluation, and validation need further
research to empower researchers and educators. In
addition, AI 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 AI 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 AI 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
et al., 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

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 (AI@Meta, 2024) fine tuned
for scoring using parameter-efficient methods (Xu
et al., 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.

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 sτ =
[xτ,1, . . . , xτ,L] while the hidden state for n-th
layer associated with sτ is hnτ ∈ RL×d. The recur-
rence relation defining hnτ+1 as a function of hn−1

τ

and hn−1
τ+1 is given as follows:

h̃n−1
τ+1 = [SG(hn−1

τ ) ◦ hn−1
τ+1 ], (1a)

qnτ+1 = hn−1
τ+1Wq, (1b)

knτ+1 = h̃n−1
τ+1Wk, (1c)

vnτ+1 = h̃n−1
τ+1Wv, (1d)

hnτ+1 = MHA(qnτ+1, k
n
τ+1, v

n
τ+1), (1e)
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where SG is the stop gradient, [x ◦ 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 h̃nτ , 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 BERTs
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 (AI@Meta, 2024).

2.5 Llama

The Llama series is a family of open-source gen-
erative LLMs from Meta (AI@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

attention (MHA) mechanism.

RMSNorm

MHA

Lk Lq Lv

FFN SwiGLU

RMSNorm

+

+

Input

Output
Llama
Layer

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

x′(t) = Ax(t) +Bu(t), (2a)

y(t) = Cx(t) +Du(t), (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

ht = Aht−1 +Bxt, (3a)

x = Cht. (3b)
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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.

Input

Output

SSM

σ
σ

×

conv

Lin

Lgate

Lout

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

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 339.9 921 295.9
9 4002 426.1 0 -
10 9563 385.8 5973 356.4

Total 17307 376.1 7421 342.7

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

κ = 1−
∑

i,j Wi,jOi,j∑
i,j Wi,jEi,j

(4)

where Oi,j is the observed agreement between the
first rater giving a score of i and the second rater a
score of j, and Ei,j is the expected agreement only
assuming the two raters’ general distribution. This
becomes QWK under the weighting

Wi,j =
(i− j)2

(n− 1)2

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
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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 (OpenAI, 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 10−6 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, Lgate, 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 Lin and Lout 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 10−5 and a
batch size of 8.

3.2 Generative LLM based scoring
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

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:

User
Assign a **Score** to the
**Essay** using the **Rubric**
provided.

**Rubric**: {rubric}

**Essay**:

Assistant
**Score**: {score}

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 Lq, Lk, and Lv 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.
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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 (AI@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 XLNet 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

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 

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 Dataset 

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.  

 

3.2 Multilingual Response Translation 

We utilized a standardized prompt template with 

GPT-4o to translate non-English responses into 

English and to rectify spelling and grammatical 

errors in English responses using GPT-4o (i.e., gpt-

4o-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. 

 

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-

4o 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_lg model in 

Python. The English vocabulary percentage was 

calculated using the PyEnchant dictionary. Proper 

nouns (e.g., “California” or “Marie”), identified via 

Item Process N CCSR 

1 Focus on and retrieve 14,875 0.868 

2 Straightforward 

inferences 

14,151 0.768 

Table 1: PIRLS trend items used in the study 

 

Component Content 

Instruction Comprehensive guidance on AS 

Reading 

passage 

A written text serving as the 

stimulus 

Question A question consisting of one or two 

sentences 

Scoring 

guide 

Rubric for scoring an item, 

including descriptions and examples 

Table 2: PIRLS scoring template components 
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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 𝐿𝑖<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: 

 𝐿𝑖 =
𝑙𝑖−min(𝑙)

𝑚𝑒𝑑𝑖𝑎𝑛(𝑙)−min(𝑙)
  (1) 

where 𝑙𝑖 is the length of the translated response i. 

Semantic outliers were identified through a 

multi-faceted assessment. First, responses with a 

coherence score (𝐶𝑖 ) below 0.20 are flagged. 𝐶𝑖 

was computed as the average cosine similarity 

between the embedding of response i and the 

embeddings of all other responses, excluding self-

similarity: 

 𝐶𝑖 =
1

𝑁−1
∑ 𝑠𝑖𝑚(𝐸𝑖 , 𝐸𝑗) 𝑁

𝑖≠𝑗  (2) 

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

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 

(𝑀𝑖 ) below m were also identified as semantic 

outliers. The meaningfulness threshold m was 

determined following the hyperparameter 

optimization. 𝑀𝑖  integrates both coherence and 

normalized length with weights: 

 𝑀𝑖 =  0.80 × 𝐶𝑖  +  0.20 × 𝐿𝑖 (3) 

𝑀𝑖 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 Optimal 

Hyperparameters 

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 k most similar 

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∗ = arg 𝑚𝑎𝑥𝑠 (𝑊𝑖𝑠 = ∑ 𝑠𝑖𝑚𝑗∈𝑆𝑖𝑠
(𝐸𝑖 , 𝐸𝑗))  (4) 

where 𝑆𝑖𝑠 is the set of the top k similar responses 

(neighbors) to response i 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.   

 
𝑊𝑖𝑠∗

∑ 𝑊𝑖𝑠𝑠
> 𝑊𝑇  (5) 

Hyperparameter Tuning via Grid Search: We 

conducted a systematic grid search over k ∈ {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 k 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, 
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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 (WT=0.60 

and k=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. 

 

 
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-4o demonstrated a strong 

capability in translating non-English language 

responses, including those from low-resource 

languages such as Arabic, Lithuanian, and Slovak, 

into English. 

 
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 

Meaningf

ulness 

(m) 

Human Score (%) 

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 

 

Meaningf

ulness 

(m) 

Human Score (%) 

0 1 2 

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 

 

Majority 

score 

Item 1 Item 2 

n % n % 

0 4314 29.00 5049 35.68 

1 3356 22.56 6364 44.97 

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 
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semantic variability among each response’s nearest  

neighbors. These demonstrate the robust 

performance of our reliability scoring in detecting 

semantically coherent neighbors.  

 

 

 

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 

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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 Appendices  

A. Grid Search Results 

 

Weight 

threshold 
k 

Inconsistency 

(%) 

Weighted 

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 
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Weight 

threshold 
k 

Inconsistency 

(%) 

Weighted 

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
AI-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 AI-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.

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 AI-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,
AI-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).12

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 AI. 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

1The 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 AI advances.

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.3

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.
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or AI to enhance test preparation.

3 The Study

This observational study examined how access to
repeated practice test opportunities—enabled by
AIG—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,
offboarding4 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 time5; (3)

4Offboarding takes place once the test is completed. Test
takers are asked questions related to, e.g., demographics and
their target score.

5Prior testing may have provided additional practice, com-
plicating the analysis.

Figure 1: Post–DET Affective Perceptions Survey

ACH CON MOT PREP ANX
ACH 1.00 0.74 0.59 0.67 0.04
CON 0.74 1.00 0.68 0.72 -0.03
MOT 0.59 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 I 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 I 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, I
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.6 Table 2 shows the self-reported, test-
taker demographics, also comparing the participant

6One hundred unique languages were reported by at least
five participants.
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Demographic TTs (%) DET(%)
Gender
Female 44.0 47.6
Male 55.9 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.7

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-

7We used test takers’ unique, official DET IDs to link to
their practice test activity and score report sharing.

# of PT N % M CI 95%

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 24.9 112.3 [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.8

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.9 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

8Average 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.

9The Disagree mean score was subtracted from the Agree
mean score.
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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

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
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# Agree Disagree CI 95%
% M % M

Achieved
0 85.7 109.5 14.3 102.2 [5.1, 9.5]
1 82.8 113.8 17.2 105.6 [6.6, 9.9]
2-3 84.3 112.8 15.7 109.1 [2.3, 5.3]
4-6 87.4 111.3 12.6 109.7 [-0.3, 3.5]
7+ 91.0 108.6 9.0 108.3 [-1.6, 2.2]

Confident
0 85.4 109.9 14.6 100.5 [ 7.2, 11.6]
1 82.8 114.0 17.2 104.6 [ 7.8, 11.1]
2-3 84.4 113.2 15.6 107.4 [4.2, 7.2]
4-6 86.6 111.3 13.4 109.6 [-0.2, 3.6]
7+ 91.4 108.7 8.6 108.3 [-1.6, 2.4]

Motivated
0 90.9 109.1 9.1 102.1 [4.1, 9.9]
1 89.8 113.0 10.2 107.5 [3.2, 7.7]
2-3 91.7 112.6 8.3 108.8 [1.7, 5.8]
4-6 93.0 111.2 7.0 110.1 [-1.6, 3.7]
7+ 95.2 108.8 4.8 105.8 [0.4, 5.5]

Prepared
0 85.3 110.0 14.7 99.9 [ 7.8, 12.2]
1 82.5 114.3 17.5 103.6 [ 9.1, 12.3]
2-3 85.4 113.3 14.6 106.2 [5.5, 8.6]
4-6 88.3 111.6 11.7 107.3 [2.3, 6.2]
7+ 92.7 108.9 7.3 105.4 [1.4, 5.5]

Anxious
0 70.8 107.6 29.2 110.6 [-4.6, -1.6]
1 72.9 112.2 27.1 113.1 [-2.2, 0.4]
2-3 73.9 112.3 26.1 112.1 [-0.9, 1.4]
4-6 75.3 111.2 24.7 110.6 [-0.7, 1.9]
7+ 75.0 108.5 25.0 108.9 [-1.5, 0.8]

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

# Agree Disagree
% CI 95% % CI 95%

Achieved
0 41.9 [40.3, 43.4] 32.2 [28.6, 35.7]
1 43.5 [42.1, 44.8] 31.9 [29.1, 34.7]
2-3 43.4 [42.1, 44.7] 33.6 [30.7, 36.5]
4-6 42.2 [40.6, 43.8] 38.0 [33.9, 42.2]
7+ 44.3 [42.8, 45.8] 40.2 [35.5, 45.0]

Confident
0 42.2 [40.7, 43.7] 30.3 [26.8, 33.7]
1 43.6 [42.2, 44.9] 31.4 [28.6, 34.2]
2-3 43.5 [42.2, 44.8] 32.8 [29.9, 35.7]
4-6 42.1 [40.5, 43.7] 38.8 [34.7, 42.8]
7+ 44.0 [42.5, 45.5] 43.3 [38.4, 48.2]

Motivated
0 41.0 [39.5, 42.4] 35.5 [31.0, 40.0]
1 41.9 [40.6, 43.2] 37.9 [34.1, 41.8]
2-3 42.5 [41.2, 43.8] 34.7 [30.7, 38.7]
4-6 41.7 [40.1, 43.2] 41.2 [35.6, 46.9]
7+ 44.2 [42.7, 45.6] 39.6 [33.1, 46.1]

Prepared
0 42.1 [40.6, 43.6] 31.1 [27.7, 34.5]
1 43.5 [42.1, 44.9] 32.0 [29.2, 34.8]
2-3 43.5 [42.2, 44.8] 32.3 [29.3, 35.3]
4-6 42.1 [40.5, 43.7] 38.0 [33.7, 42.3]
7+ 44.3 [42.8, 45.8] 38.9 [33.6, 44.2]

Anxious
0 39.7 [38.0, 41.3] 42.4 [39.8, 45.0]
1 41.1 [39.6, 42.5] 42.6 [40.3, 45.0]
2-3 42.0 [40.6, 43.4] 41.4 [39.1, 43.8]
4-6 41.4 [39.6, 43.1] 42.5 [39.5, 45.6]
7+ 43.2 [41.5, 44.8] 46.3 [43.4, 49.2]

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
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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

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 AI-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 

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.  

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. 
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To better 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), using a 
transformer-based T5 model to sequentially 
generate scores for multiple traits. This innovative 
framework explicitly modeled trait dependencies, 

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. 
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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 

DistilBERT 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 × 10⁻⁴ 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 (α ∈ 
{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). 

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 Agreement and Accuracy Across Splits 

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. 

4.2 Impact of Pre-training 

Supplementary pre-training did not yield a uniform 
advantage; effects depended on split, α, and trait. 
At α = 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 α, leadership occasionally changed 
by trait but without clear consistency. Overall, even 
at α = 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. 
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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 α = 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 α 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 

that a baseline DistilBERT (G1) fine-tuned on two-
grade SWAS essays yields high agreement (QWK 
≈ 0.89), accuracy (≈ 0.68), and F₁ 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 F₁ 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 α = 1.0 and at least 500 (ideally 1,000) 
iterations consistently achieve the highest and most 
reproducible QWK. Lower α 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. 
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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-F₁ 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 α = 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 
DistilBERT’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—

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 α = 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.  
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A Appendices 

ASAP Dataset Topics 

Prompt 1 The effects computers have on people 

Prompt 2 Censorship in the libraries 

Prompt 3 Respond to an extract about how the features of a setting 
affected a cyclist 

Prompt 4 Explain why an extract from Winter Hibiscus by Minfong 
Ho was concluded in the way the author did 

Prompt 5 Describe the mood created by the author in an extract from 
Narciso Rodriguez by Narciso Rodriguez 

Prompt 6 
The difficulties faced by the builders of the Empire State 
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 

 
maxiter=1000 

Group I 
(No Further  
Pre-training) 

Group II 
(Further Pre-training  
With ASAP Essays) 

Group III 
(Further Pre-training  
With SWAS Essays) 

Alpha Trait QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

1.0 

Language Use 0.940 0.887 0.940 0.876 0.943 0.922 

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 

0.1 

Language Use 0.944 0.873 0.941 0.897 0.938 0.902 
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 

0.01 

Language Use 0.938 0.851 0.934 0.895 0.931 0.886 
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 

  maxiter=500 
Group I 

(No Further 
Pre-training) 

Group II 
(Further Pre-training 
with ASAP Essays) 

Group III 
(Further Pre-training 
with SWAS Essays) 

Alpha Trait QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

1 

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 

0.1 

Language Use 0.939 0.914 0.936 0.909 0.937 0.882 
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 

0.01 

Language Use 0.933 0.890 0.931 0.886 0.928 0.867 
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 

 maxiter=1000 
Group I 

(No Further 
Pre-training) 

Group II 
(Further Pre-training 
With ASAP Essays) 

Group III 
(Further Pre-training 
With SWAS Essays) 

Alpha Trait QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

QWK in 
training 

QWK in 
testing 

1.0 

Language Use 0.946 0.911 0.948 0.913 0.949 0.908 
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 

0.1 

Language Use 0.949 0.909 0.947 0.901 0.946 0.912 
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 

0.01 

Language Use 0.945 0.894 0.941 0.888 0.939 0.874 
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 
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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 

  maxiter=1000 
Group I Group II Group III 

(No Further (Further Pre-training (Further Pre-training 
Pre-training) With ASAP Essays) With SWAS Essays) 

Alpha Trait Accuracy 
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

1 

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 

0.1 

Language Use 0.805 0.680 0.798 0.667 0.783 0.702 
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 

0.01 

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 
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 

 maxiter=1000 
Group I 

(No Further  
Pre-training) 

Group II 
(Further Pre-training 
With ASAP Essays) 

Group III 
(Further Pre-training 
With SWAS Essays) 

Alpha Trait Accuracy 
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

1.0 

Language Use 0.781 0.762 0.789 0.752 0.799 0.633 

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 

0.1 

Language Use 0.792 0.738 0.782 0.725 0.784 0.672 
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 

0.01 

Language Use 0.773 0.662 0.767 0.670 0.754 0.650 
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 

 maxiter=1000 
Group I 

(No Further 
Pre-training) 

Group II 
(Further Pre-training 
With ASAP Essays) 

Group III 
(Further Pre-training 
With SWAS Essays) 

Alpha Trait Accuracy 
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

Accuracy  
in training 

Accuracy  
in testing 

1.0 

Language Use 0.806 0.734 0.808 0.740 0.813 0.728 

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 

0.1 

Language Use 0.814 0.726 0.804 0.722 0.801 0.681 
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 

0.01 

Language Use 0.797 0.677 0.785 0.686 0.775 0.611 
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 → G11 0.893 0.687 
G10 & G11 → G9 0.889 0.679 
G9 & G11 → 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 

Prompt Task 
Baseline (G1) 0.714 0.714 0.645 
ASAP-pretrained (G2) 0.706 0.702 0.630 
SWAS-pretrained (G3) 0.698 0.710 0.626 

Organization 
Baseline (G1) 0.753 0.741 0.648 
ASAP-pretrained (G2) 0.742 0.725 0.622 
SWAS-pretrained (G3) 0.741 0.730 0.642 

Development 
Baseline (G1) 0.714 0.722 0.705 
ASAP-pretrained (G2) 0.704 0.710 0.695 
SWAS-pretrained (G3) 0.698 0.716 0.686 

Language Use 
Baseline (G1) 0.767 0.773 0.762 
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 2: Grade Level Distribution of Available SWAS Essays  

 

Figure 1: Research Design of the Study 
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Figure 3: Accuracy in Further Pre-training with ASAP Essays 

 

Figure 4: Accuracy vs. Epoch in Further Pre-training with 500 SWAS Essays 
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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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Figure 6: Comparisons of Mean QWK vs. Maxiter in 4 Trait Scores for Train on Grade 9&11 and Test on Grade 10 

71



 
 

 

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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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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Figure 9: Comparisons of Mean Accuracy Performance vs. Maxiter in 3 Groups for Train on Grade 9&11 and Test 
on Grade 10 

74



 
 

  

 

Figure 10: Comparisons of Mean Accuracy Performance vs. Maxiter in 3 Groups for Train on Grade 10&11 and Test on 
Grade 9 

 

Figure 11: Mean F1-scores in All Score Levels of the 3 Groups across Trait Scores 
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Figure 12: Mean Precision and Recall in All Score Levels of the 3 Groups across Trait Scores 
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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

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

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,”1 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 Reader2 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

1https://www.audible.com/pd/Happy-the-Hearing-Ear-
Dog-Audiobook/B0DJ9SDW68

2https://relayreader.org
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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);

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 grade3 (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;

3. 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);

4. 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
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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-

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.

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).4 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; r(13)=.2, p=.47).

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,5 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

4Only 15 of our 18 students had audio recordings of ade-
quate quality to estimate an average ACC and WCPM.

5We 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.

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.
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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

using an LLM 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 A1) 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.

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

In addition to the interface example, Table A1
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.

89



Table A1: 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?

Please tap on your answer for me.
Yes / No Subjective Expe-

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 /

Singing
Comprehension

<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 /

None
Subjective Expe-
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

really / I hate reading
Reading Enjoy-
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

say a word?
Sound it out / Ask someone
/ Skip / Stop reading

Persistence

11 Were there lots of words in the story you
didn’t know how to say?

Yes, lots! / Only a few /
None

Reading Ease

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

word means?
Figure it out / Ask someone
/ Skip / Stop reading

Persistence

13 Were there lots of words in the story you
didn’t understand?

Yes, lots! / Only a few /
None

Reading Ease

[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

read?
Definitely / Sometimes /
Not really

Learning

15 Thanks for chatting with me! It was fun,
for me. Should we chat again sometime?

Sure / Maybe / No, thank
you

Subjective Expe-
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

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 7.1”,
“It will be 7.2”, “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 LLMs 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

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
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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 (κ = 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 OpenAI, which

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]"
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Gaming Criteria Attempt 1 Attempt 2 Attempt 3 Attempt 4

Minor Semantic Difference I need to move it verti-
cally

Move side to side – –

Cycling through Modifications It will be 7.1 It will be 7.2 It will be 7.3 –

Conceptual or Functional Change It is 1.7 It is 1.9 By adding By subtracting

Table 1: Examples of gaming behaviors across multiple attempts.

3 Results

3.1 Model Performance

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.

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

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-
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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 II 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-

ple, when asked, “Is 0.456 to the left of 0 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,
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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-
nAI 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

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
AI-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 AI-
generated podcasts (Jin et al., 2025). Emerging
tools like NotebookLM1 illustrate growing public
interest in generative AI for learning.

Personalized learning with AI 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 AI-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 AI-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

1https://notebooklm.google/

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 AI-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 AI-generated podcasts?

We investigated these questions in a controlled
experiment with a sample of 36 undergraduates,
comparing two conditions: Reflection, where an
AI-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 AI-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 AI-generated
podcasts compared to standard AI-generated pod-
casts? and, (2) Do interactive reflection prompts
improve user experience when incorporated into
AI-generated podcasts compared to standard AI-
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 5-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 AI-
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
AI-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 AI-generated pod-
casts outside of education. Yahagi et al. (2025)
showed that transforming academic papers into AI-
generated podcasts lowered barriers to engaging
with academic literature. Similarly, Laban et al.
(2022) examined AI-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 AI-generated podcasts
to support engagement, reflection, and learning dur-
ing listening.

3 Interactive Podcast Architecture

The technical implementation of our AI-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.

Begin

Agent Speaks

User Interrupts

End

Begin

Agent Speaks

User Interrupts

Reflection
Prompt

User Reflection

End

Standard Reflection

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 LiveKit2 room and
creates an agent for speech synthesis. LiveKit is
a platform for building AI-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 GitHub3.

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

3https://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-4o-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, 0 = 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 4 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 AI podcaster’s

4https://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 AI-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 AI-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 textbook5.
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 At-
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 AI-generated podcasts com-
pared to standard AI-generated podcasts, we calcu-
lated a two-sample t-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, t(34) = 0.89, p = 0.38, D = 0.29.

5We 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 AI-generated podcasts com-
pared to standard AI-generated podcasts, we cal-
culated 2 separate two-sample t-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.

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, AI-generated educational podcast
would improve user experience and learning out-
comes compared to a standard, interactive AI-
generated podcast.

Our first research question revealed that interac-
tive, AI-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 AI-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
AI-generated podcasts.

In our second research question, we found that
the reflection prompts with an interactive, AI-
generated podcast significantly reduced Attractive-
ness ratings compared to the standard AI-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 AI-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 AI-generated podcasts. Developing adaptive
reflection systems using LLMs 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
c) 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
c) 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
c) Thales
d) Yajnavalkya
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Abstract  

This paper explores how generative AI 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 AI, 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 AI 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 AI integration (Hopfenbeck et al., 
2023). Persistent challenges—such as large class 
sizes, variability in teacher expertise, and limited 
time for individualized feedback—suggest that AI 
could serve as a valuable partner in extending 
teachers’ capacity. At the same time, integrating 
AI 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. 

3 Opportunities and Realities in  
Implementing the Formative 
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 AI 
assistance (Swiecki et al., 2022; Zhai & Nehm, 
2023). 

4 The Role of Generative AI in the FAP 

AI can provide immediate, descriptive, and 
individualized feedback, increasing both 
timeliness and frequency (Maksimchuk & Pentón 
Herrera, 2025). Studies show AI feedback can 
align well with rubric criteria and reduce teacher 
burden, though human feedback remains superior 
in accuracy and tone (Steiss et al., 2024). AI 
works best in partnership with teachers—offering 
preliminary feedback that educators review and 
adapt. 
 
Dialogic interaction is a unique advantage: 
students can query AI 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 AI as a Tool for Designing Prompts 
 
Teachers can use AI to generate formative tasks, 
unpack standards, and create authentic prompts 
aligned with learning goals (Black & Wiliam, 
1998). AI serves as a co-designer, producing first 
drafts of questions, rubrics, or feedback stems, 
which teachers refine. Tools like the Kent ISD 
“AI for Assessment” prompt library exemplify 
efforts to guide teachers in effectively harnessing 
AI (Maksimchuk, 2025). Importantly, AI can also 
flag potential cultural biases in assessment 
materials. 
 

4.2 AI as a Student Partner in 
Reflection and Peer Feedback 

 
AI 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 AI-produced 
responses, sharpening their understanding of 
success criteria (Wang & Fan, 2025). Proper 
training is essential so students engage with AI as 
a learning aid rather than a shortcut. 
 
4.3 AI for Teachers’ Growth 
 
Using AI requires teachers to articulate learning 
targets and success criteria clearly, reinforcing 
assessment literacy. Teachers can leverage AI for 
rubric creation, item analysis, or exploring 
alternative formative strategies, effectively 
turning the technology into embedded 
professional learning (Michigan Assessment 
Consortium, 2024a). Over time, AI can act as a 
coaching tool, offering guidance on question 
quality, instructional adjustments, and data 
interpretation. 
 

5 Ethical and Equity Considerations 
Integrating AI into assessment requires attention 
to fairness, accessibility, and privacy. 
 
AI 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: AI 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 AI use. Educators should 
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ensure AI augments, rather than undermines, 
fairness in feedback and instructional decisions. 

6 Case Studies and Practical 
Applications 

Several examples illustrate AI’s formative 
potential: 

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

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

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

Across cases, AI 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 
• Provide professional development that 

pairs AI tool use with deepening 
assessment literacy. 

• Ensure equitable access to AI-supported 
learning tools across all schools and 
communities. 

• Establish clear ethical guidelines for AI 
use in classrooms. 

For Teachers 
• Use AI to supplement, not replace, human 

feedback and professional judgment. 
• Involve students in critiquing AI 

feedback to foster critical thinking. 
• Collaborate with colleagues to share 

effective prompts and strategies. 
For Policymakers 

• Incorporate AI literacy into educational 
standards. 

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

• Address infrastructure gaps so 
underserved schools can access AI 
resources. 

 
 

• Adapt assessment and accountability 
policies to encourage responsible AI use 
in classrooms. 

8 Conclusion 

Generative AI 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 AI is 
balanced by risks related to bias, privacy, and 
equity. 
The future lies in a human-driven, AI-augmented 
classroom where teachers retain responsibility for 
instructional judgment, empathy, and relational 
pedagogy, while AI expands opportunities for 
feedback, reflection, and differentiation. As the 
field moves forward, iterative, evidence-based 
implementation will ensure that AI 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, AI
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 1.

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:
RQ1 Is LLM effective for collaboration classifica-

tion?
RQ2 Can we use LLM to perform end-to-end ar-

gument identification, and how good is it?

1We 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 LLMs, 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 (OpenAI 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 LLM for analyzing collaborative
argumentation, focusing on 2 tasks: collaboration
classification and argument identification.

3 Data

We use Discussion Tracker (DT)2, 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

2https://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 si for all si ∈ 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-level3 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
LLMs 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 LLM 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-uncased4.

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 F1 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 F1 score. We decided to use
weighted F1 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

4https://huggingface.co/google-bert/bert-base-uncased
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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 F1 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 |pred_span∩gold_span|

max(|pred_span|,|gold_span|) , where | · | denotes
the number of words in a span. Then, we can cal-
culate Precision, Recall and F1 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 5.

6 Results and Discussion

6.1 Collaboration Results (RQ1)
Table 7 shows the macro-F1 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

5https://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 F1
scores compared to macro F1 (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 (RQ2)
For Argument Component Classification (ACC)
on DT_19 6, BERT-context (Lugini and Litman,
2020) and LLM-acc achieve 77.4 and 80.2 macro-
F1 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

6The two DT_19 corpora are slightly different as men-
tioned at the end of Section 5.1.
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token-level F1 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 F1 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 I-W
are lower than those of the other two. Furthermore,
LLM-refine significantly outperforms LLM-auto
in average weighted F1 (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
F1 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.
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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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Turn Speaker Talk Collaboration Argumentation

1 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

New Idea

Claim

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.”

Evidence

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

2 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

3 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?

4 St 3

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

New Idea

Claim
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.

Evidence

5 St 6 Yeah None
6 St 1 Sorry, go ahead None

7 St 6

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.

Challenge Claim

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

...

11 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,

Extension

Claim

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.

Evidence

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

Count Percentage Count Percentage

Collaboration

New Idea 802 24.59% 1585 20.87%
Extension 1014 31.09% 2584 34.03%
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%

Argumentation

Claim 2054 65.31% 4724 62.99%
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) F1 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 F1 67.3 71.3∗ 75.1∗ 69.8 73.7∗ 76.3∗

Table 9: F1 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 F1

BERT-BIO 61.5 73.2 68.3 75.7 60.6 69.3 68.6
LLM-auto 66.4 81.2 70.2 81.2 64.3 73.4 71.4
LLM-refine 67.3 83.1 71.9 85.4 62.3 76.3 73.3

Table 10: Per-label F1 scores and average weighted F1 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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Figure 2: ACS@K with different values of threshold K.
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Abstract

This study explored how students’ perceptions
of helpfulness and caring skew their ability to
identify AI 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 AI 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 (Köbis and Mehner, 2021). As Generative
Artificial Intelligence (GenAI) 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 GenAI tools, such as Chat-
GPT (OpenAI, 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 GenAI may function as a mentoring-like
resource, offering students guidance and feedback
that mimics the conversational tone of a human

*Corresponding author.

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

GenAI 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 AI 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,
GenAI presents both opportunities and challenges.

While GenAI 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;
Schönberger, 2023), it still lacks the nuanced re-
lational and developmental depth of human men-
torship (Dempere et al., 2023). Ethical concerns
and AI literacy are essential components of its re-
sponsible implementation, but so too is understand-
ing students’ lived perceptions of these tools. For
GenAI to be effectively integrated into mentorship,
educators and AI designers must understand how
students evaluate its usefulness and trustworthiness.
This factor is especially important in light of evi-
dence that AI 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 AI-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 GenAI tools blend seam-
lessly into mentorship roles in mental health con-
texts but also raise concerns about overreliance on
AI. Follow-up analyses in the personal domain fur-
ther demonstrated that responses perceived as AI-
authored were consistently rated as less helpful and
caring, regardless of their actual source. However,
when examined by actual authorship, AI-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 GenAI 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 GenAI was positively associated
with more accurate source identification, suggest-
ing that familiarity with GenAI 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 GenAI 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 AI-generated.
These findings point to the need for greater trans-
parency and intentional AI literacy efforts within
higher education.

Our prior work reveals how perceptual biases can
influence students’ engagement with GenAI 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
AI 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
AI mentorship. Furthermore, the findings of this
study will have critical implications for the design
and implementation of GenAI 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 GenAI 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 (Mage =
19.34 years, SDage = 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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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 AI-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 (OpenAI, 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 AI-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 GenAI 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 AI- 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.

AI Human

Domain % %

Social 75.81 75.81
Academic 72.03 74.14
Personal 56.57 76.76

Table 1: Accuracy percentage of AI 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 AI 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 AI in academic contexts.
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Perceived Source Actual Source

AI Human AI Human
Domain Scales Mean SD Mean SD Mean SD Mean SD

Social Helpful 2.90 1.04 3.92 0.78 3.13 1.03 3.67 1.00
Caring 2.67 1.01 4.00 0.85 2.91 1.12 3.74 1.02

Academic Helpful 2.91 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 3.82 0.99 3.52 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 Kyngäs, 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 (Kyngäs, 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

Students’
Perceptions of
Human vs.
AI Mentorship

Tone of Response
Sincerity & Empathy
Warmth & Approachability
Professionalism & Formality

Language
Authentic & Natural
Clarity & Simplicity
Structure & Format

Information and
Resources

Specific Information
Resource Guidance
Campus Knowledge

Individualized Support
& Actionable Advice

Personalized & Applicable
Contextualized Understanding &
Support

Personal Connection
Emotional Connection
Establishing Direct Connection
in Person
Genuine Investment in Student

Holistic
Student Support

Sense of Support
Mental Health
Overall Well-being and Growth

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. AI)
and whether this relationship differed across per-
sonal, social, and academic domains (see Table 4).

Accuracy

Predictors Odds Ratios SE CI p

(Intercept) 4.53 1.68 2.22–9.52 <.001*
Helpfulness 0.79 0.08 0.65–0.96 .019*
Domain [Social] 0.46 0.24 0.16–1.28 .137
Domain [Academic] 0.64 0.32 0.24–1.71 .374
Helpfulness×Domain [Social] 1.45 0.21 1.09–1.94 .011*
Helpfulness×Domain [Academic] 1.24 0.17 0.94–1.63 .126
Observations 1289
Tjur’s R2 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 AI 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 AI-
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 AI 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 AI, 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 CI 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 0.35 0.28–1.88 .501
Domain [Academic] 1.46 0.69 0.58–3.71 .427
Caring×Domain [Social] 1.28 0.17 0.98–1.67 .073
Caring×Domain [Academic] 0.97 0.13 0.75–1.25 .794
Observations 1289
Tjur’s R2 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 AI 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 AI. 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 AI responses, they acknowledged that AI
could simulate sympathy or concern, albeit with
limitations. Though lacking personal depth, one
student remarked that an AI 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. AI) 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 AI could pro-
vide. The more an AI-generated response resem-
bles a human response, the less likely students are
to recognize that it was written by AI.

These findings have critical implications for the
integration of AI in mentorship contexts. Students
may undervalue or distrust AI-generated guidance
when it contradicts their assumptions about what
AI can do. Even when AI 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 AI, particularly when relational authenticity
is expected. While we previously attributed low
source accuracy in the personal domain to students’
unfamiliarity with using AI 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 AI-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 AI.

Furthermore, these insights raise several con-
siderations for AI-supported mentorship in higher
education. First, students often expect relational
support from humans and assume that AI has its
limitations in providing it. This calls for educa-
tional interventions to demystify what AI is capable
of, especially in relational contexts, and promote
informed AI literacy. Second, institutions and AI-
designers may develop AI systems tailored to the
institution’s specific policies, resources, and cul-

tural context, similar to how businesses invest in
AI chatbots. This solution could help AI resources
feel more as an ethical and trustworthy resource.
Third, AI 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, AI could enhance it
when used as a complementary resource. Lastly,
just as students misperceive AI as human based
on warmth, they also misperceive humans as AI
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 R2 = .015, Model 2 R2 = .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 AI and human mentorship.
Third, although all faculty responses in this study
were entirely human-authored without any AI as-
sistance, it is possible that participants may have
assumed that the faculty used AI 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.
AI 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 AI 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, AI-assisted human-authored,
and AI-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 AI-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 AI 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 AI. 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 AI and as these tools become more
embedded in academic settings, their ability to dis-
cern source and engage with AI 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 AI 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 AI 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-4o 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, AI-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 AI 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-4o, 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-

4o model via the OpenAI 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, 

c 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. 

135



 
 

Table A1 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 

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: 

• The item content 

• The TIMSS subject, grade level, and year 

• Full framework definitions for the content 

domains 

• Full framework definitions for the three 

cognitive domains 

• Empirical guidance for difficulty 

classification 

An example of the prompt is given in Figure A1 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; 

OpenAI, 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-4o, accessed via OpenAI’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 

Condition Description Examples CoT 

Zero-shot 

(ZS) 

Framework 

definitions + 

item only 

None No 

Zero-shot 

CoT (ZS-

CoT) 

Adds “Think 

step by step” 

instruction 

None Yes 

Few-shot 

(FS) 

Adds one 

example per 

cognitive × 

difficulty cell  

9-10 No 

Few-shot 

CoT (FS-

CoT) 

Adds one 

example per 

cognitive × 

difficulty cell 

and CoT 

reasoning 

9-10 Yes 

Table 1:  Prompting Conditions 
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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 classification 

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 

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 

Prompt  
Content 

Domain 

Cognitive 

Domain 

Difficulty 

Level 

 Acc κ Acc κ Acc κ 

ZS 94.1 0.922 62.2 0.410 44.2 0.072 

ZS 

CoT 
94.2 0.923 60.4 0.382 49.8 0.134 

 FS 94.1 0.923 61.3 0.397 44.7 0.074 

FS 

CoT 
94.4 0.930 64.1 0.438 48.4 0.097 

Table 2:  Classification Performance 
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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 

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-4o 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-4o 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 ( 

𝜅  > 0.92), and confusion matrices only showed 

 Easy Medium Hard 

Word count 76.8 49.9 66.1 

Character 

count 

561.4 338.9 404.5 

Reasoning 

Verb count 

0.20 0.09 0.34 

Number 

count 

19.10 12.29 10.74 

Operations 

count 

0.40 1.12 1.31 

Table 3: Average Surface Features of 

Misclassified Items 
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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% (𝜅  ~ 0.41). 

This level of agreement is consistent with prior 

research, including Nasstrom (2009), who reported 

moderate inter-rater reliability ( 𝜅 ~ 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 AI-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-4o, 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 AI 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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Grade 
Category 

Type  

Category Count 

 

 

 

 

 

 

 

4 

 

 

Cognitive 

Domain 

Applying 72 

Knowing 53 

Reasoning 39 

 

Content 

Domain 

Data 60 

Measurement 

and Geometry 
50 

Number 54 

 

 

Difficulty 

Easy 43 

Medium 87 

Hard 34 

 

 

 

 

 

 

 

8 

 

 

 

Cognitive 

Domain 

Applying 54 

Knowing 41 

Reasoning 27 

 

Content 

Domain 

Algebra 35 

Data and 

Probability 
26 

Geometry 26 

Number 35 

 

 

Difficulty 

Easy 14 

Medium 56 

Hard 52 

Table A1: 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} 
{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, 
Applying, Reasoning): 

    {cognitive_domains_text} 
3. **Difficulty Level**: Indicate the item's difficulty 

(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_text} 

 

 

 

Figure A1: Prompt Structure – Zero Shot 

 

Figure A5: Difficulty Confusion Matrix 

 
 Figure A4: Cognitive Domain Confusion 

Matrix 

 

Figure A2: Grade 4 Content Domain Confusion 

Matrix 

 
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 assessments1, 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

1Examinations with significant consequences for the test-
taker, such as professional certification or licensure.

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; Falcão 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 AI-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 (Kıyak 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-
schênes 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

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.

A medical vignette about X A novel chart question

Understand scenario: symptom, 
diagnosis, procedure

Create a medical record for a 
hypothetical patient: medical history, 

physical exam, diagnostic studies

Few-shot learning: Three chart items

Generate question and distractors:
Relevance, confusability, accuracy

Extract knowledge: relevant 
knowledge, other possible 

symptoms, related diseases

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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A medical vignette about X

A novel chart question about Y

Counterfactual: what if some 
patient information is wrong? 

Chain of Thought: medical record for  
counterfactual patient

(a) Step 1: Counterfactual generation

A medical vignette about X
& Generated chart item about Y

A self-generated knowledge 
database about X and Y

A LLM acting like a medical expert

(b) Step 2: Knowledge generation

A medical vignette about X

A novel chart question about Y

A self-generated knowledge
database about X and Y

Counterfactual CoT Generator

(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 AI-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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Stem Suggested distractors Whole item Helpfulness

CoT 91% (35%) 100% (82%) 94% (26%) 97% (79%)
Counterfact 91% (32%) 100% (82%) 91% (24%) 100% (53%)
Info theory 85% (24%) 97% (79%) 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 κ = 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 (t = 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 AI-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., Guimarães et al., 2013),
judgments about the need for “minor” vs “substan-
tive” changes may reflect subjective differences in

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
a random 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 AI in clinical item generation.
Confirmation bias might cause raters to focus on
strengths or weaknesses based on their pre-existing
beliefs about AI’s capabilities. Measuring attitudes
toward AI 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 AI 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 AI 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 AI-generated items
meet the necessary quality standards for a given
type of assessment. While AI 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
AI-generated content should undergo the same rig-
orous review processes as items that are written
without AI assistance.

The use of AI also requires clear accountability
and transparency in the development process and
avoidance of over-reliance on technology. While
AI 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 AI is
used and to ensure that stakeholders are aware of
both the capabilities and limitations of AI 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, AI can be used eth-
ically and responsibly to support the creation of
high-quality assessment items.
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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], 

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 OpenAI, 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 
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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 4th-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 3.4 

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 T = 1,500 latent token 

embeddings, each spanning 0.02 seconds. 

Sinusoidal position embeddings are then added to 

produce the final T×d dimensional hidden states 

h1,2…L ∈ ℝT×d  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  

 

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 hL ∈ ℝT×d 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 k, with 

a sigmoid activation function. Therefore, the output 

of the model had a dimensionality of ŷ  ∈ ℝT×k.  

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 t. 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 learning 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 

Table 1: Counts and durations of each classroom 

management practice category 

Figure 1: Architecture of the latent token classification 

model with dimensionality of matrices 
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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: 

 

𝑚𝐷𝐸𝑅 =  
𝑆𝑒𝑐𝑜𝑛𝑑𝑠 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑢𝑑𝑖𝑜

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 ŷ ∈ 
ℝK×1

 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 k was present in a segment of 

the target dataset, yk = 1 otherwise 0. We evaluated 

success by calculating precision, recall, and f1 

scores for each of the classes across all the 

segments. 

4 Results 

4.1 Diarization Results 

 

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 

Figure 2: Identifying optimal maximum segment 

length for audio segmentation 

Tool 
Total 

mDER 

Teacher 

mDER 

Non-

Teacher 

mDER 

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 
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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 

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 f1 

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 

Practice 

Category 
n prec. recall F1 

Instructional 

Talk 
2,011 0.627 0.509 0.562 

Social Talk 1,222 0.334 0.548 0.415 

Positive 

Interactions 
757 0.556 0.528 0.542 

Corrective 

Interactions 
512 0.179 0.221 0.198 

Opportunity 

to Respond 
2,194 0.637 0.528 0.577 

Non-teacher 4,360 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 

159



 
 

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, i.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 

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 4th- and 5th-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. Is the 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 various 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 (𝑑̅). 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 

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 𝑑̅ = 0.08  and 
𝐿𝑂𝐴 = 10 . From this Bland-Altman plot, we 
interpret there is little to no relative bias when 𝑑̅ 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 
(DAI, 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 

 
Figure 1: A Bland-Altman plot of two simulated 

measurements. 
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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: 

 𝑇 = !!"!#"
!"!#"

  (1) 
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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 6𝑑̅7. 
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 𝑑̅ > 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 (𝑟%) 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 𝑟%  and 𝐴𝐶& . Finn’s 
coefficient is recommended for use when the 
within-raters variance is highly constrained and to 
use a 𝑝 < 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 (𝜌)  to examine for any 
monotonic relations. We use the criteria |𝜌| >
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 𝑇!-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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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.  

 

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 (𝑟')	and Gwet’s 𝐴𝐶&. 
These interrater reliability statistics for each 
dimension of M-Scan are listed in Table 4. 

 

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 
𝜌-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 

M-Scan 
Dimension 

Interrater Agreement 
𝑇$ 𝑝$ 𝑇% 𝑝% 

Structure of the 
Lesson 

0.18*** 29.3% 0.70*** 81.5% 

Use of 
Representations 

0.09 21.7% 0.50*** 69.6% 

Students’ Use of 
Math Tools 

-0.04 10.9% 0.49*** 68.5% 

Cognitive 
Demand 

0.11* 23.9% 0.40*** 63.0% 

Math Discourse 
Community 

0.22*** 33.7% 0.50*** 69.6% 

Explanation and 
Justification 

0.14** 26.1% 0.52*** 70.7% 

Problem Solving 0.11* 23.9% 0.31*** 57.6% 
Connections and 

Applications 
0.18*** 29.3% 0.57*** 73.9% 

Mathematical 
Accuracy 

0.52*** 58.7% 0.82*** 89.1% 

*𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001 

Table 2:  Interrater agreements. 

 

 

 

M-Scan Dimension Mean Differences 
𝑑̅ 

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. 

 

M-Scan Dimension Interrater Reliability 
𝑟& 𝐴𝐶' 

Structure of the Lesson 0.812*** 0.855*** 
Use of Representations 0.765*** 0.851*** 
Students’ Use of Math Tools 0.621*** 0.757*** 
Cognitive Demand 0.800*** 0.814*** 
Math Discourse Community 0.812*** 0.860*** 
Explanation and Justification 0.722*** 0.838*** 
Problem Solving 0.702*** 0.706*** 
Connections and Applications 0.802*** 0.877*** 
Mathematical Accuracy 0.891*** 0.946*** 

*𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001 

Table 4: Interrater reliability 
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necessary criteria: the exact agreement was ≥65% 
and at least 95% agreement for a 𝐿𝑂𝐴 ≤ 2. 

 

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 AI-
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 AI-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 AI-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 AI-
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 AI-
generated expert text, highlighting the need
for nuanced evaluation frameworks as genera-
tive AI 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) Appropriateness, Clarity, Rel-

evance, Discrimination, Exam
Suitability

No significant difference between AI- and
human-generated MCQs; AI scored slightly
lower in relevance (p = 0.04)

Klang et al. (2023) Accuracy, Terminology, Sensi-
tivity

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 (κ ≥ 0.8)

Ayub et al. (2023) Accuracy, Complexity, Clarity Only 40% of AI-generated questions were suit-
able for ABD-AE preparation

Bedi et al. (2025) Distinguishability, Validity, Re-
viewer Consensus

64% of questions deemed valid; 51.8% distin-
guishability (random chance); reviewers took
3.2 min/question

Table 1: Summary of studies evaluating AI-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 AI-generated and human-
authored questions, except in the relevance domain,
where AI-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 AI-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 AI-generated questions
on validity, difficulty, and reasoning ability using
a 0-3 scale. ChatGPT produced the least difficult
questions, and all AI models showed limitations in
generating high-level reasoning questions. Inter-
rater reliability was high, with Cohen’s kappa (κ)
values ≥ 0.8 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 AI-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 AI system for
generating, verifying, and refining USMLE-style

items. Three physicians and two medical students
participated in a twofold assessment: distinguish-
ing between AI- and human-generated items and
evaluating the validity of AI-generated content. Par-
ticipants could only distinguish between the two
at a rate of 51.8%, suggesting indistinguishabil-
ity of AI-generated items. Furthermore, 64% of
AI-generated items were unanimously deemed cor-
rect by reviewers, while 36% were flagged for is-
sues like multiple correct answers or incorrect AI-
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 AI-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 AI-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 AI-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
SMEs 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 AI-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 κ 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 κ ranged from 0.078 to 0.376.

5 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 LLM 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 9e−6, 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 (OpenAI 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
F1-score Accuracy F1-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↓

Transformers
BERT 0.558 0.561 0.769 0.802↓
DeBERTa-base 0.589 0.604 0.718 0.805
DeBERTa-large 0.564 0.568 0.771 0.810

GPT-4

Simple Prompt 0.465 0.575 0.768 0.815
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
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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 AI-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
?"

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
(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.
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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-4o’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-4o
reduce numeric information as texts get sim-
plified but do so to a different degree and in
a different manner: GPT-4o 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 AI 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-4o tends to overrely on dec-
imal approximation when working with fractions.
Moreover, while GPT-4o 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-à-vis hu-
man experts. We chose to evaluate a particular
LLM, GPT-4o by OpenAI, one of the most ad-
vanced models at the time of writing. This choice
is motivated by GPT-4o’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.1

Our evaluation of GPT-4o 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-4o reduces nu-
meric information to a greater extent than humans
do. Second, we find that humans and GPT-4o use
different strategies when simplifying complex in-
formation (proportions) with GPT-4o 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 0 (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-4o-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-4o model with instructions to sim-
plify.

We used OpenAI 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-4o. 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-4o 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.2 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-4o-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_grade12: 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 Numeric
Type

Original text
Halloween is crucial to the company, accounting for 25 percent
of Party City’s $1.6 billion in annual retail sales.

Percentages

Human-
simplified

Party City is a big retailer. It has many stores. Halloween is very
important to the company. One-quarter of its sales each year
come from Halloween.

Fraction

GPT-4o-
simplified

Party City is another big store. It sells Halloween items in regular
stores and special Halloween City stores. Halloween makes up
25% of Party City’s sales.

Percentages

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-4o 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-4o-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 9
Fraction 18 1
Non-numeric 30 32
Dropped 83 75
Total 147 147

Table 2: Representation of percentages in human-
simplified and GPT-4o-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, χ2(16)=75.5). The agreement in
the choice of numeric expressions between human-
simplified and GPT-4o-simplified texts is 53%. Ta-
ble 2 shows the distribution by type. Both GPT-4o
and humans drop a substantial number of numeric
expressions with percentages. When this informa-
tion is preserved, GPT-4o tends to retain the same
numeric type, percentages, while humans tend to
use fractions and ratios.

4 Conclusion

In this study we evaluated GPT-4o’s ability to con-
vey numeric information in texts simplified for ele-
mentary school children and compared its perfor-
mance vis-à-vis human experts. Study 1 showed
that both humans and GPT-4o reduce the number
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of numeric expressions as they simplify texts, but
GPT-4o 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-4o-simplified
texts retain percentages, the most difficult numeric
type, to a greater extent than human-simplified
texts do.

Is GPT-4o’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-4o-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-4o-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-4o 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
passage

Human-
simplified:
Similar-
ity Score

GPT-4o-
simplified passage

GPT-4o-
simplified:
Similar-
ity Score

predatoryfish-
decline

The removal of
top predators has
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."

The result is some-
thing called "fish-
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

0.9997756 Overfishing big,
important fish in
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."

0.9971335

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 (Blömeke 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 AI 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? (RQ2)
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.

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-4o, and an open
source smaller model, DeepSeek-R1:7b (DS-R1),
distributed through Ollama 0.5.1,1 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-4o 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 1c, 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 DistilBERT2 base model (un-

1https://ollama.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 M1 S1 M2 S2 M3 M4
#transcripts 40 34 40 40 37 35

Indicator 1c:
#utts. (K) 1.8 1.5 1.5 1.8 1.8 1.5
#labeled utts. (K) .39 .29 .46 .63 .49 .89
Average score 2.3 2.4 2.4 2.5 2.4 2.4
Std of scores .60 .58 .60 .51 .50 .58
%1 in labeled utts. 52 67 71 27 60 69

Indicator 1b:
#utts. (K) 2.1 1.9 1.7 2.1 2.1 1.9
#labeled utts. (K) .60 .43 .62 .77 .74 .65
Average score 2.3 2.4 2.4 2.5 2.4 2.4
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 0 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 0 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-4o has average
accuracy of 0.73 across two indicators × 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-4o 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 × three new tasks is 0.76, range
= 0.54–0.91, std = 0.13. The average accuracy
of the GPT-4o 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 1c for task S2.

Comparing GPT-4o 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 × three tasks is 0.81, range = 0.70–0.89,
std = 0.08. GPT-4o’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 S1 M2 S2 M3 M4
Indicator 1c:

BERT .73 .70 .87 .54 .91 .81
DS-R1 .53 .52 .69 .38 .47 .46
GPT-4o .62 .75 .79 .63 .73 .68

Indicator 1b:
BERT .84 .81 .89 .67 .81 .84
DS-R1 .50 .65 .69 .57 .69 .58
GPT-4o .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
RQ1: GPT-4o averages r = 0.46 across the two
indicators × 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 × three tasks, range = 0.19–0.57,
std = 0.14. GPT-4o average performance on the
same data is r = 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-4o 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 .74 .59 .55 .32 .19 .41
DS-R1 .33 .63 .53 .22 .27 .32
GPT-4o .45 .62 .55 .35 .14 .22

Indicator 1b:
BERT .79 .70 .64 .50 .34 .57
DS-R1 .64 .59 .54 .32 .37 .51
GPT-4o .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-

196



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-4o 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-4o 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 0s and 1s, its aggregate per-
formance is similar to GPT-4o’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-4o, including
mis-classifying more "easy" 1s as 0s: The ratio
of the number of false negative predictions for the
labeled utterance-level data for DeepSeek-4o to
that of GPT-4o 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-4o’s and DeepSeek-R1’s transcript-level pre-
dictions correlate at r = 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-4o 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-4o) 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: I guess 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
1c), 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 = 1e-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 1c 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 OpenAI Service under
our organization’s subscription, which provides a
24-hour target turnaround for batch jobs.

Licensing of artifacts. The instance of GPT-
4o used is a proprietary AI model accessible via
Microsoft’s Azure OpenAI 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

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 LLMs’ 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
LLMs 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-
uating LLMs performance vis-à-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-
uate 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-à-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 LLMs and predict that
this will negatively affect their performance. In the
condition that manipulates content effects, we cre-
ate favorable conditions for LLMs 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)ジョーはアダムより良い香りが
する。彼は日頃からシャワーを浴
びるからだ。 ‘Joe smells better than

Adam since he showers regularly.’

(4b) ジョーはアダムより良い
香りがする。彼はめったにシャワー
を浴びないからだ。 ‘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.

(5a) シーラは古いポンコツ車を
修理しようとした。彼女は30年
も車に取り組んでいなかった
にも拘らずだ。 ‘Sheila tried to
repair the old jalopy, even though she
had not worked on cars in three decades.’

(5b) シーラは古いポンコツ車
を修理しようとした。彼女は30年も
走っていなかったにも拘らずだ。
‘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)オートボットはデセプティコン
を食い止めようとする。彼らは世
界の人々が平和に暮らすことを望
んでいるのだ。 ‘The Autobots try to
stop the Decepticons since they want the
world to live in peace.’

(6b) オートボットはデセプティコ
ンを食い止めようとする。彼らは
世界を破壊したがっているから
だ。 ‘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.1 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-
4o model, the most advanced LLM at the time of
research, collected from the OpenAI API. We chose
the API rather than the chat interface because it al-
lows us to control the model parameters (GPT-4o,
temperature=1). We used the same design as in the

1We 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 OpenAI 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-4o on the
pronoun resolution task (Mgood_human = 0.92;
Mgood_GPT = 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-4o
outperformed humans (Mculture_human = 0.92;
Mculture_GPT = 0.97). The means and standard
deviations are shown in Table 1.

To analyze the data, we applied a mixed-
effects model, using the “lmerTest” 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-4o 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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Humans GPT-4o
Good M=0.92 (SD=0.13) M=0.78 (SD=0.35)

Grammar M=0.63 (SD=0.44) M=0.61 (SD=0.51)
Culture M=0.92 (SD=0.08) M=0.97 (SD=0.08)
Overall M=0.83 (SD=0.30) M=0.79 (SD=0.38)

Table 1: Means and standard deviations for humans and GPT-4o across the three conditions

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 LLMs’ 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-4o, 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 LLMs 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-4o. 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: リチャードはカーソン上院議
員を脅した。彼の沈黙が守られるように。
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沈黙, silence, is used in an unnatural way.

Rejected Item: 火事についての記事によ
れば、それらによってシアトルの大部分に火
がついた。 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: ハーヴィー・デントは恋
人を失ったことをバットマンのせいにす
る。彼が彼女を救出しなかったからだ。
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: 私たちは人間に果物を与
えた。それらが熟していたからだ。 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. それ, it, can only be used to refer to
inanimate objects.

Rejected Item: 猫が人間を襲った。彼ら
は野生化していたのだ。 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

学外のアパートは学内のアパートより
好まれた。それらの方が安かったからだ。安
かった方はどちらですか？ The off-campus
apartments were preferred to the on-campus
apartments because they were cheaper. Which
were cheaper?
Answer: 学外のアパート the off-campus
apartments

学外のアパートは学内のアパートより
好まれた。それらの方が高かったからだ。高
かった方はどちらですか？ The off-campus
apartments were preferred to the on-campus
apartments because they were more expensive.
Which were more expensive?
Answer: 学内のアパート the on-campus
apartments

ジョーはアダムより良い香りがする。
彼は日頃からシャワーを浴びるからだ。日
頃からシャワーを浴びるのは誰ですか？
Joe smells better than Adam since he showers
regularly. Who showers regularly?
Answer: ジョー Joe

ジョーはアダムより良い香りがする。
彼はめったにシャワーを浴びないからだ。
めったにシャワーを浴びないのは誰ですか？
Joe smells better than Adam since he hardly ever
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showers. Who hardly ever showers?
Answer: アダム Adam

ジャックはジョンより多く得票した。
人々は彼を好んだ。人々が好んだのは誰です
か？ Jack got more votes than John because the
people liked him. Who did the people like?
Answer: ジャック Jack

ジャックはジョンより多く得票した。
人々は彼を好まなかった。 人々が好まな
かったのは誰ですか？ Jack got more votes
than John because the people did not like him.
Who did the people not like?
Answer: ジョン John

アダムはアレクサンダーの殺害に失敗
した。そこで彼は再度のために暗殺者を雇っ
た。再度のために暗殺者を雇ったのは誰です
か？ Adam failed to kill Alexander, so he hired
an assassin for the second attempt. Who hired an
assassin for the second attempt?
Answer: アダム Adam

アダムはアレクサンダーの殺害に失敗
した。そこで彼は再度を恐れてボディーガー
ドを雇った。 再度を恐れてボディーガード
を雇ったのは誰ですか？ 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: アレクサンダー Alexander

トニーはジェフを手伝った。彼は手伝
いたかったのだ。手伝いたかったのは誰です
か？ Tony helped Jeff because he wanted to help.
Who wanted to help?
Answer: トニー Tony

トニーはジェフを手伝った。彼は手助
けが必要だったからだ。手助けが必要だった
のは誰ですか？ Tony helped Jeff because he
needed help. Who needed help?
Answer: ジェフ Jeff

Syntax Category Stimuli

バットはボールに当たった。それが軌
道を描くように飛んだからだ。 軌道を描く
ように飛んだのは何ですか？ The bat hit the
ball because it flew in the way of the trajectory.
What flew in the way of the trajectory?

Answer: バット the bat
Note from the translators: ボールでも？ The ball
too?

バットはボールを打った。それは可哀
想な動物に向かってまっしぐらにとんだか
らだ。可哀想な動物に向かってまっしぐら
にとんだのは何ですか？ The bat hit the ball
because it flew straight at the poor animal. What
flew straight at the poor animal?
Answer: ボール the ball

シーラは古いポンコツ車を修理しよう
とした。彼女は30年も車に取り組んでいな
かったにも拘らずだ。30年も車に取り組んで
いなかったのはどちらですか？ 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: シーラ Sheila

シーラは古いポンコツ車を修理しよう
とした。彼女は30年も走っていなかったにも
拘らずだ。30年も走っていなかったのはどち
らですか？ Sheila tried to repair the old jalopy,
even though she had not run in three decades. Who
had not run in three decades?
Answer: 古いポンコツ車 the old jalopy

りんご酒がわたしの口に入った。それ
は美味しかったから。美味しかったのは何
ですか？ The apple wine entered my mouth
because it tastes good. What tastes good?
Answer: りんご酒 the apple wine

りんご酒がわたしの口に入った。それ
は一杯ではなかったから。一杯ではなかっ
たのは何ですか？ The apple wine entered my
mouth because it was not full. What was not full?
Answer: わたしの口 my mouth

雇用主はケイティに仕事を提供した。
彼女はインタビューが好きだったからだ。イ
ンタビューが好きだったのは誰ですか？ The
employer offered Katie a job, because she liked
the interview. Who liked the interview?
Answer: 雇用主 the employer

雇用主はケイティに仕事を提供した。
彼女が会社にぴったりだったからだ。会社に
ぴったりだったのは誰ですか？ 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: ケイティ Katie

ジョーはマイクに倒れ掛かった。彼は
眠る場所が必要だった。眠る場所が必要
だったのは誰ですか？ Joe crashed into Mike
because he needed a place to sleep. Who needed a
place to sleep?
Answer: ジョー Joe

ジョーはマイクに衝突した。彼は損害
分を支払わなくてはならなかった。損害分を
支払わなくてはならなかったのは誰ですか？
Joe crashed into Mike and he had to pay for the
damage. Who had to pay for the damage?
Answer: マイクMike
Note from translators: ジョーでも？ Could be
Joe too?

Culture Category Stimuli

ワトソンはジオパディでケンを負かし
た。彼は優れた機械だ。優れた機械は誰です
か？ Watson beat Ken at Jeopardy because he is a
superior machine. Who is a superior machine?
Answer: ワトソンWatson

ワトソンはジオパディでケンを負かし
た。彼は劣った人間だからだ。 劣った人
間は誰ですか？ Watson beat Ken at Jeopardy
because he is an inferior human. Who is an inferior
human?
Answer: ケン Ken

ビリーはスクラブルでトミーを負かし
た。あの新入りには運がついていた。運が
ついていたのは誰ですか？ Billy beat Tommy
at Scrabble because that newbie had all the luck.
Who had all the luck?
Answer: ビリー Billy

ビリーはスクラブルでトミーを負かし
た。あの新入りには能力がなかったから。
能力がなかったのは誰ですか？ Billy beat
Tommy at Scrabble because that newbie had no
skill. Who had no skill?
Answer: トミー Tommy

オートボットはデセプティコンを食い
止めようとする。彼らは世界の人々が平和に
暮らすことを望んでいるのだ。世界の人々が
平和に暮らすことを望んでいるのは誰です

か？ 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: オートボット the Autobots

オートボットはデセプティコンを食い
止めようとする。彼らは世界を破壊したがっ
ているからだ。 世界を破壊したがっている
のは誰ですか？ The Autobots try to stop the
Decepticons since they want to destroy the world.
Who wants to destroy the world?
Answer: デセプティコン the Decepticons

メアリはジョーが好きだ。彼女は女性
が好きだからだ。女性が好きなのは誰です
か？ Mary likes Joe because she likes females.
Who likes females?
Answer: メアリMary

メアリはジョーが好きだ。彼女は名前
が素敵だからだ。名前が素敵なのは誰です
か？ Mary likes Joe because she has a cool name.
Who has a cool name?
Answer: ジョー Joe

カリフォルニアの人の方がニューヨー
クの人より良い。彼らにはハリウッドがあ
るから。ハリウッドがあるのは誰ですか？
Californians are better than New Yorkers because
they have Hollywood. Who has Hollywood?
Answer: カリフォルニアの人 Californians

カリフォルニアの人の方がニューヨー
クの人より良い。彼らには映画を作ってくれ
るハリウッドの連中がいないからだ。映画を
作ってくれるハリウッドの連中がいないの
は誰ですか？ Californians are better than New
Yorkers because they do not have Hollywood lots
to produce movies. Who does not have Hollywood
to produce movies?
Answer: ニューヨークの人 New Yorkers

A.3 Task Instructions and Prompt Examples

Task Instructions for Human Participants:

2つの日本語の文章と、その文章の
内容に関する質問と２つの答えが
表示されています。2つの答えの内
正しいと思う方を選んでください。
どちらの答えも妥当と思われる場合
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は、最も適切と思われる方を選んで
ください。
You will be shown two Japanese sen-
tences and a question with two an-
swers about the content of the sentences.
Please choose the answer you think is
correct. If both options seem right,
please pick the one you think is the most
fitting.

Figure 2: Example survey question shown to human
participants. (The English translation was not shown to
participants)

Example Prompt for GPT-4o:

Japanese Prompt:
学外のアパートは学内のアパートよ
り好まれた。それらの方が安かった
からだ。次の問題をAかBで答えて
ください。安かった方はどちらです
か？A.学外のアパート B.学内のア
パート
English Translation:
The off-campus apartments were pre-
ferred to the on-campus apartments be-
cause they were cheaper. Answer the
following question with A or B. Which
were cheaper? A. The off campus apart-
ments B. The on campus apartments

(The English translation was not given in the
prompt.)
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Abstract 

This paper examines how a generative AI 
(GenAI) teaching simulation can be used as 
a formative assessment tool to gain insight 
into preservice teachers’ (PSTs’) 
instructional abilities. Our team 
investigated the teaching moves PSTs used 
to elicit student thinking in a GenAI 
simulation and their perceptions of the 
simulation’s usefulness.  

1 Introduction and Study Aims 

Most applications of GenAI in educational 
contexts during the last year have occurred within 
K-12 settings, where the primary focus has been on 
applications that directly support student learning 
(Chiu, 2025; Mintz et al., 2023). Yet, GenAI also 
has potential to provide meaningful learning 
opportunities to teachers to support them in 
improving their instructional skills, knowledge, 
and abilities (Lee & Yeo, 2022; Lim et al., 2025; 
Mikeska & Bhatia, 2025). In this study, our cross-
disciplinary team of researchers in teacher learning 
and educational technology, assessment 
developers, AI engineers, subject matter experts, 
and teacher educators collaborated on developing 
and deploying a GenAI teaching simulation where 
PSTs could prepare for, engage in, and reflect on 
their ability to engage in one core teaching practice: 
elicit and attend to student thinking.  
 
Our team examined how this GenAI teaching 
simulation could be used as a formative assessment 
tool to identify the nature of the teaching moves 
that the PSTs used to elicit and attend to student 
thinking and the PSTs’ perceptions of the 
simulation’s usefulness to support PST teacher 
learning when integrated within an educator 

preparation program. By formative assessment, we 
focus on how the GenAI teaching simulation can 
be used to gather evidence that can help PSTs 
understand their instructional strengths and areas 
for growth and to determine how they could adjust 
their teaching moves in future instruction (Irons & 
Elkington, 2021). The main research questions 
addressed in this study are: (1) What are the 
teaching moves that elementary PSTs use to elicit 
and attend to student thinking in a GenAI teaching 
simulation? and (2) What are PSTs’ perceptions of 
the simulation’s usefulness? 

2 Background 

2.1 Using Digital Teaching Simulations to 
Support Teacher Learning 

While digital teaching simulations can vary in 
format and structure, most provide PSTs and in-
service teachers with opportunities to try out 
aspects of the teaching within settings of reduced 
complexity (Dieker et al., 2014; Ersozlu et al., 
2021). Digital teaching simulations have been used 
to support PSTs and in-service teachers in learning 
how to elicit student thinking, facilitate productive 
discussions, manage the classroom, and engage 
with students who are multilingual learners or have 
special needs (Bondie et al., 2021; Lee et al., 2024; 
Mikeska et al., 2021). For example, TeachLivE and 
Mursion use an online simulated classroom that is 
comprised of up to five student avatars who can 
interact in real time with the teacher and each other 
verbally; currently there are multiple simulated 
classrooms available including an early childhood 
classroom, upper elementary classroom, middle 
school classroom, and high school classroom. 
Other teaching simulations, such as SchoolSims, 
use an online environment where teachers read 
through specific scenarios and then are provided 
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opportunities to make a series of instructional 
decisions via text-based choices and observe the 
impact of those decisions.  
 
During the last couple decades, a growing number 
of research studies have provided empirical 
evidence illustrating how digital teaching 
simulations can be integrated productively within 
educator preparation programs and professional 
development contexts. Studies have shown that 
these simulations can be used to improve several 
outcomes including PSTs’ and in-service teachers’ 
ability to engage in core teaching practices, their 
instructional beliefs, and their content knowledge 
for teaching (Mikeska et al., 2023; Pecore et al., 
2023; Straub et al., 2015). Other studies have 
suggested that it is important to embed the use of 
such simulations within learning cycles where 
teachers have opportunities to prepare for, engage 
in, and reflect on their simulated teaching 
experiences, as well as to provide formative 
feedback to teachers so they can understand and 
reflect on their instructional strengths and areas for 
growth (Cohen et al., 2020; McDonald et al., 2013; 
Mikeska et al., 2021). However, one challenge 
across this line of research has been the fact that the 
current simulations require significant human 
resources to develop and deploy, especially since 
many of them require a human-in-the-loop to 
power the student avatars. The recent advances in 
GenAI offer a potential solution to this challenge – 
one which we explore in this study by examining 
the potential of a GenAI teaching simulation as a 
formative assessment tool with an elementary 
mathematics methods course.  

2.2 Evaluating Teacher Performance 

Skilled teaching is critical for positive student 
outcomes (Blömeke et al., 2016; Fauth et al., 
2019). The need for reliable instruments for 
measuring teacher performance to help them 
improve has been recognized as a major issue in 
teacher education research (Correnti et al., 2015). 
One of the more influential frameworks in this area 
is the Accountable Talk Theory (Michaels et al., 
2008) that provides a protocol for classifying 
teacher and student contributions to classroom 
discourse into categories defined by the purpose of 
each ‘move’. For example, teacher talk moves 
include repeating what the student said and 
pressing the student for reasoning, while student 
talk moves include asking for information and 

relating to what another student said. Talk moves 
can be reliably identified (Suresh et al., 2022a). 
More recently, there is work on automating the 
coding of talk moves and similar constructs to 
support feedback to teachers (Demszky 2023; 
Nazaretsky et al., 2023; Suresh et al., 2022b; Tran 
et al., 2024). Since the protocols are designed to 
apply across a variety of classroom discussions, 
eliciting student thinking is only a part of what the 
teacher does in the bigger picture of facilitating 
classroom discussions. In this work, we “zoomed 
in” on the elicitation activity in more detail, since 
this specific practice is the focus of the simulation. 
Furthermore, differently from a real classroom, we 
control the “students” in the simulation by giving 
them task-specific knowledge profiles that include 
specific understandings and misunderstandings. As 
such, we are in a position to evaluate which of the 
specific points the teacher actually elicited. We 
therefore used a protocol that combined general 
categories similar to those in the talk moves 
literature that pertain to elicitation (e.g., ask 
questions tied to student actions) and highly 
content specific categories that focus on unlocking 
points of understanding or misunderstanding in the 
simulation (e.g., the student does not understand 
the commutative property in addition); we call this 
protocol an “evidence inventory.” This two-
pronged approach is designed to support feedback 
both about general tendencies (how often the 
teacher attends closely to the students’ ideas) and 
about the effectiveness of the elicitation – whether 
the teacher actually identified the specific pre-
designed aspects of the GenAI student’s thinking. 

3 Study Methodology 

3.1 Study Sample 

Ten elementary PSTs who were enrolled in an 
elementary mathematics methods course as part of 
their educator preparation program at a U.S. 
university located in the Northeast participated in 
this study. All PSTs were between 18 to 24 years 
old and spoke English as their first language. Half 
of the PSTs had some previous teaching experience 
via substitute teaching (2 PSTs), as an after school 
coordinator (1 PST), or as a mentor to elementary 
students (2 PSTs). None of the PSTs had any 
previous experience participating in professional 
learning focused on AI, educational technology, or 
digital teaching simulations.  
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3.2 Data Collection 

In this study, the elementary teacher educator 
integrated the GenAI teaching simulation into their 
elementary mathematics methods course in Spring 
2025 at two different timepoints within a two-week 
window. At each timepoint, the PSTs had a chance 
to prepare for, engage in, and then reflect on their 
GenAI simulated teaching session. Details about 
the preparation and reflection activities are 
reported in Mikeska, Beigman Klebanov et al. 
(2025). Each session used the same GenAI 
teaching simulation, which we call the Strategies 
for Adding task.  
 
In this task, PSTs learn that a class of first grade 
students have been working on learning about 
strategies for adding numbers within 20 and one 
student named Cecilia recently solved the 
following problem: Mike has 6 crayons. Ann has 8 
crayons. How many crayons do they have in all? 
The PST’s goal in the GenAI simulation is to: (1) 
ask questions to elicit what the student (Cecilia) 
did to produce the answer given and (2) probe to 
understand why the student (Cecilia) performed 
the particular steps and what conceptual 
understanding the student has and does not have 
regarding addition and regarding adding numbers 
within 20. As part of their preparation, each PST is 
instructed to review Cecilia’s written work (see 
Figure 1) and prepare by considering ways they 
could elicit the following: what Cecilia did to 
produce the answer given, why Cecilia performed 
the particular steps, and what conceptual 
understanding Cecilia does and does not have 
regarding adding numbers within 20, including 
posing other problems to elicit or confirm Cecilia’s 
understanding.  
 
When ready the PST enters the online environment 
and begins having a verbal conversation with 
Cecilia to practice eliciting her thinking about the 
problem she solved and her understanding in this 
topic area. Figure 1 shows an image of the 
Strategies for Adding GenAI simulation interface, 
as well as shows Cecilia’s written work where she 
drew 8 circles, put dots in three of the circles, and 
wrote a number sentence underneath the picture 
(6+2=8).  

 
During the GenAI simulation, all of Cecilia’s 
responses are powered by GenAI. Our team used 
prompt engineering via GPT-4o on Microsoft’s 

Azure OpenAI service to develop and deploy this 
GenAI simulation. One of the key resources we 
leveraged was an already developed human-led 
simulation task and training protocols, from a 
previous project, which we then used to develop 
the initial generation prompt. The initial generation 
prompt included two parts – instructions and few-
shot examples -- to create the response that Cecilia, 
the GenAI student, would provide during the 
simulation. Details about the specific prompt used 

and user testing that our team engaged in to refine 
the prompt for use within teacher learning contexts 
can be found in Mikeska, Beigman Klebanov et al. 
(2025). Previous research indicated that the GenAI 
student’s (Cecilia’s) responses in the simulation 
were: consistently aligned with Cecilia’s 
conceptual understanding and addition problem 
solving process; age and grade level appropriate; 
responsive to the teachers’ questions and prompts; 
and coherent across the conversation (Mikeska, 
Beigman Klebanov et al., 2025).  
 
Chatbot response generation using GPT-4o 
(v2024-08-06) followed a structured pipeline 
designed to ensure safety, contextual relevance, 
and alignment with pedagogical constraints. It 
began with a request to Microsoft Azure’s Chat 
Completions API, using a system prompt tailored 
to the GenAI student’s profile, few-shot dialogue 
examples to model interaction style, and the full 
chat history for context. The API would return a 
response that has already passed a built-in 
moderation filter for harmful content. This output 
then underwent additional validation and 
transformation steps to reinforce behavioral 
consistency, ensure educational appropriateness, 

 

Figure 1. Strategies for Adding Online Interface 
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and reduce the unpredictability of large language 
model outputs before being presented to the PST. 

 
Primary data sources for this study included written 
transcripts from each PST’s GenAI simulation 
conversation and survey responses after each 
session. Each transcript included the utterances 
from the PST and Cecilia during the conversation 
(see Appendix A for one example conversation). 
After each of the two reflection activities, our 
research team administered an online survey to the 
PSTs that used both Likert and open-ended 
questions to gather data about the PSTs’ 
understanding of the GenAI student’s thinking and 
their perceptions of the simulation’s authenticity, 
usability, and usefulness. This study reports on 
findings from survey questions that asked about the 
PSTs’ perceptions on the usefulness of GenAI 
teaching simulations within PST learning contexts. 
Most questions used a Likert scale with Strongly 
Agree, Agree, Neutral, Disagree, and Strongly 
Disagree as choices for PSTs to select in response 
to specific statements (e.g., GenAI teaching 
simulations are a useful tool to support elementary 
PSTs’ learning) while one was an open-ended 
question about what improvements were needed to 
the GenAI simulation to best support PST learning. 

 

3.3 Data Analysis 

Since each PST engaged in the GenAI simulation 
at two different timepoints, there were a total of 20 
transcripts and survey responses used in the data 
analysis. To address the first research question, our 
team used a previously developed evidence 
inventory rubric to code for the presence or absence 
of key teaching moves that the PSTs could use in 
this GenAI simulation to engage in productive 
aspects of eliciting student thinking. For example, 
PSTs could use questions or prompts to elicit 
information about several aspects of Cecilia’s 
problem solving process, including eliciting that 
Cecilia drew 6 circles and then 2 circles or that 
Cecilia solved the problem by counting on from 6 
(e.g., How did you count to figure out how many 
crayons they had in all?), and her understanding 
within this topic area, including that she cannot 
fluently add the numbers, does not understand the 
commutative property, and understands what the 
six, two, and eight represent. These very content-
specific categories were coded for Cecilia’s turns, 
namely, where Cecilia’s utterance provides 

evidence that the teacher has successfully elicited 
this particular element of Cecilia’s mathematical 
thinking. In parallel, PSTs could also use various 
teaching moves to attend to Cecilia’s responses and 
use them as a basis for further questions, such as 
asking questions tied to specific things that Cecilia 
did (e.g., Why did you count on from 6?), and to 
use follow-up questions or prompts to provide 
opportunities for Cecilia to explain her reasoning 
or understanding, such as having Cecilia describe 
her work and explain aloud (e.g., Why did you only 
draw dots in three of the circles?).  These categories 
were annotated for the PST’s turns and were not 
tied to the specifics of the mathematical knowledge 
involved (e.g., “ask Cecilia to explain her 
reasoning” would be marked the same whether it is 
about the order of the addends or the use of dots in 
the circles).  
 
Two raters used the evidence inventory rubric to 
code for the absence or presence of 18 different 
teaching moves within the 20 transcripts. If raters 
noted that specific teaching moves were present in 
a particular transcript, then they also identified the 
specific utterances in the transcript that served as 
evidence of each teaching move. The coding 
process involved the two raters initially meeting to 
collectively score one transcript to develop a 
shared understanding of the 18 teaching moves and 
the coding process. Then, each rater individually 
coded the remaining 19 transcripts and then met to 
reconcile and reach consensus on any individual 
code applications where they initially disagreed. 
Overall, the two raters achieved 96.5% exact 
agreement on the code applications for the 
presence or absence of these teaching moves across 
the 19 transcripts and 84.8% agreement for 
identifying the specific utterances for each teaching 
move that was identified as present. Finally, we 
calculated the number and percentage of transcripts 
that had these teaching moves represented at each 
timepoint and used the descriptive frequencies to 
identify the PSTs’ strengths and areas for growth 
within and across timepoints.  
 
To address the second research question, we 
calculated descriptive frequencies of PSTs’ 
responses to the Likert scale questions about the 
GenAI simulation’s usefulness. Then, we 
conducted qualitative content analysis (Schreier, 
2012) of the PSTs’ responses to the open-ended 
question and calculated descriptive frequencies by 
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codes applied to identify patterns in their 
responses.  

4 Results 

4.1 Teaching Moves Used in a GenAI 
Simulation 

Tables 1 and 2 provide the results for the extent to 
which these PSTs engaged in specific teaching 
moves, as evidenced by the GenAI student 
utterances or PST utterances, respectively. These 
teaching moves were used by the PSTs to elicit the 
GenAI student’s thinking about the process she 
used and her conceptual understanding about 
strategies for adding within 20 (Table 1) and to 
attend to and follow-up on the student’s reasoning 
(Table 2). The results indicate the number and 
percentage of PSTs (out of 10 PSTs) at each 
timepoint who exhibited the specific teaching 
moves in their conversation with the GenAI 
student. These results indicate several strengths and 
areas of growth across this group of PSTs.  
 
Table 1. Teaching Moves to Elicit the GenAI 
Student’s Thinking 
 

 

 
 

 
 

First, results suggest that by the second timepoint, 
all PSTs were able to engage in one or more 
productive teaching moves to elicit information 

about the GenAI student’s process and conceptual 
understanding. In particular, the PSTs were most 
likely to be able to elicit: (a) how Cecilia always 
counted on from the first addend to solve the 
addition problem, (b) Cecilia’s understanding of 
what the two addends (six and two) represent, and 
(c) Cecilia’s understanding that the first addend 
name (six) summarizes the procedure of counting 
all the circles representing that addend.  
 
For example, one PST asked Cecilia about how she 
solved the problem and counted; Cecilia replied, “I 
drew 6 circles for Mike’s crayons. Then I drew 2 
circles for Ann’s crayons. Then I counted 6, 7, 8.” 
Similarly, another PST prompted Cecilia to talk 
about what the 6 and 2 represented in the number 
sentence to which Cecilia explained that “Mike’s 
crayons were the first six circles and Ann’s were 
the next 2 circles.” 
 
Table 2. Teaching Moves Used to Attend to and 
Follow-up on Student’s Reasoning 
 
 
 
 
 
 
 
 
 

Second, the results also highlight how these PSTs 
were quite adept – both at the first and second 
timepoints – at attending to the GenAI student’s 
idea by asking questions about what Cecilia did and 
making use of specific ideas that Cecilia shared, as 
well as using questions to prompt Cecilia to 
describe and explain aspects of her work. For 
example, PSTs used various prompts to learn about 
the steps Cecilia took to solve this addition word 
problem by asking questions like: “I’d really like to 
learn too. Can you show me how you’re working 
this problem? What’s the first step?”; “Why did 
you choose that strategy?”; “Can you explain to me 
why you did the steps you did?”; and “So tell me 
how did you count on from six?”  
 
Third, the results indicate that there are several 
areas of growth evident in these PSTs’ ability to 
elicit and attend to student thinking. One of the 

  Teaching Moves 
  ( evidence d 

  by  the GenAI  
student utterances ) 

  
  
  

Timepoint  
1 

  
(n=10  
PSTs) 

  
n 

  (%) 
  

Timepoint  
2 

  
(n=10  
PSTs) 

  
n 

  (%) 
  

Focused on  
the  Student ’s  

Pro cess 
  

Elicits that the student draws 6 circles and then 2  
circles 

  
5 

  (50%) 
  6 

  (60%) 
  

E licits that the student draws Mike’s crayons first  
because that is the first number in the problem 

  
0 

  (0%) 
  0 

  (0%) 
  

Elicits that the student draws Ann’s crayons  second  
because that is the second number in the problem 

  
0 

  ( 0%) 
  0 

  ( 0%) 
  

Elicits that the student solves the problem by  
counting on from 6 

  
5 

  (50%) 
  10 

  (100%) 
  

Elicits that the student always counts on from one  
of the numbers in the problem 

  
6 

  (60%) 
  10 

  (100%) 
  

Focu sed on  
the Student ’s  

Understanding 
  

E licits that the student cannot fluently add the  
numbers 

  
3 

  (30%) 
  5 

  (50%) 
  

Elicits the student’s understanding of the  
commutative property 

  
1 

  (10%) 
  0 

  (0%) 
  

Elicits the student’s understanding of what the 6  
represents 

  
8 

  (80%) 
  1 0 

  ( 10 0%) 
  

Elicits the student’s understanding of what the 2  
represents 

  
6 

  (60%) 
  9 

  (90%) 
  

Elicits the student’s understanding of the 8 
  2 

  (20%) 
  1 

  (10%) 
  

Elicits the student’s understanding that the first  
addend name summarizes the procedure of  
counting all of the circles representing that addend 

  

5 
  (50%) 

  10 
  (100%) 

  

Elicits the student’s understanding of the  pl us  
sym bol 

  
1 

  (10%) 
  0 

  (0%) 
  

  

  Teaching Moves 
  (evidenced 

  by  the PST ’ s  
utterances ) 

  
  
  

Timepoint  
1 

  (n=10  
PSTs) 

  n 
  (%) 

  

Timepoint  
2 

  (n=10  
PSTs) 

  n 
  (%) 

  
Focused on  

the  Student ’s  
Pro cess 

  

Asks questions tied to specific things that the  
student did 

  
9 

  (90 %) 
  10 (100%) 

  
Attends to and makes use of specific ideas from  
what the student says 

  
9 

  (90%) 
  9 

  (90%) 
  

Focu sed on  
the Student ’s  

Understanding 
  

Has the student show work  and 
  describe/explain  

aloud 
  

9 
  (90%) 

  10 
  (100%) 

  
Poses one or more additional tasks  that are clearly  
useful 

  for the student to solve 
  

1 
  (10%) 

  4 
  (40%) 

  
Asks questions that lead the student to a particular  
answer * 

  
3 

  (30%) 
  5 

  (50%) 
  

Fills in answers for the student (e.g., a contribution  
that provides information that should have been  
elicited or probed for) * 

  

1 (10%) 
  0 

  (0%) 
  

  *These teaching moves do not support the practice of eliciting student thinking.  
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most striking patterns is that the PSTs were less 
likely to elicit ideas related to gaps in the GenAI 
student’s conceptual understanding. For example, 
only one PST (at timepoint 1) was able to 
successfully elicit that Cecilia did not understand 
the commutative property (e.g., that 6 + 2 is the 
same as 2 + 6). Similarly, only 3 PSTs and 5 PSTs 
at timepoints 1 and 2, respectively, were able to 
elicit that Cecilia could not do mental math and add 
numbers fluently in her head; instead, Cecilia 
always had to draw a picture to represent the 
addition word problem and then count on from the 
first addend to solve it.  

4.2 Perceptions of the Usefulness of GenAI 
Simulations  

Across both timepoints, most of the PST survey 
responses to the Likert scale questions indicated 
that they agreed that GenAI teaching simulations, 
like the one used in this study, are a useful tool to 
support elementary PSTs’ learning (70% or 14 of 
20 PST survey responses across simulation rounds) 
and can be used to help elementary PSTs better 
understand student thinking and students’ learning 
needs (85% or 17 of 20 PST survey responses 
across simulation rounds). There was also strong 
support that the experience of eliciting student 
thinking in the simulation closely resembled the 
work that elementary teachers do to support 
teaching in real classrooms (75% or 15 of 20 PST 
survey responses across simulation rounds) and the 
content addressed in the GenAI simulation was 
appropriate for elementary PSTs (85% or 17 of 20 
PST survey responses across simulation rounds).  
 
In terms of improvements needed to make the 
GenAI teaching simulation a more effective tool to 
support PST learning, the qualitative content 
analysis identified three main ideas. First, in 7 of 
the 20 survey responses across simulation rounds, 
PSTs indicated that decreasing the GenAI 
simulation’s latency so that the GenAI student 
responded more rapidly to the PSTs’ questions and 
prompts would make this tool a more effective one. 
As one PST noted, “…the only improvement 
would be the time it took her to respond. The first 
time, I thought she might not have heard me.” 
Second, in 10 of the 20 survey responses across 
simulation rounds, PSTs noted that it would be 
important in GenAI teaching simulations to 
increase variation in the GenAI student’s profile 
and include additional simulations where students 

have different conceptual understanding. Finally, in 
3 of the 20 survey responses across simulation 
rounds, PSTs mentioned that the GenAI student’s 
actual responses could be improved to make the 
simulation more effective, such as by not having 
Cecilia “repeat herself as much.”  

5 Conclusion 

This study serves as part of broader efforts in the 
field to determine how GenAI can be used in 
responsible ways for formative use. Our research 
context --the use of GenAI to power interactive, 
online simulations where PSTs can practice and 
receive formative feedback about their 
instructional strengths and areas for growth – is one 
that is currently underexplored, as most research in 
educational contexts focuses on developing and 
deploying GenAI tools to support K-12 student 
learning and outcomes. To ensure that such tools 
can be used responsibly for formative assessment 
within teacher learning contexts, a critical first step 
is ensuring that PSTs’ interactions within the 
GenAI teaching simulations can provide 
information about PSTs’ instructional strengths and 
areas for growth. It is also important to examine 
PSTs’ perceptions of such tools, as they are more 
likely to engage with innovative tools if they view 
them as supportive of their learning.  
 
Findings from this study suggest that GenAI 
teaching simulations have the potential to be used 
as formative assessment tools that can be integrated 
into PST learning contexts. In particular, in this 
study we developed and deployed a GenAI 
simulation that provided learning opportunities for 
PSTs to practice eliciting and attending to student 
thinking. The study’s findings provided empirical 
evidence of the varied teaching moves these PSTs 
were able to use successfully to elicit information 
about the process the GenAI student used to solve 
the addition word problem and key aspects of her 
conceptual understanding in this topic area. In 
addition, the GenAI simulation helped to highlight 
areas of growth for these PSTs – namely in being 
able to better elicit gaps in a student’s 
understanding. These findings align with previous 
research that has indicated teachers struggle to be 
able to pinpoint challenges that students have and 
sometimes fail to elicit nuanced information about 
students’ conceptual understanding (Shaughnessy 
& Boerst, 2018; Sleep & Boerst, 2012).  
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Results were also promising in terms of the PSTs’ 
mostly positive perceptions about the GenAI 
simulation’s usefulness. Similar results have been 
reported regarding the use of human-in-the-loop 
teaching simulations, with results indicating that 
PSTs and in-service teachers value these 
simulations to provide content-focused practice 
spaces where they can improve their instructional 
capabilities without harming any real students. 
Ensuring that GenAI simulations provide authentic 
learning spaces for PSTs that mimic aspects of real 
classroom interactions is an important step to being 
able to integrate such tools into PST learning 
contexts.  
 
Collectively, outcomes from this study suggest that 
GenAI can be used responsibly to provide a 
practice-based setting where PSTs can practice 
eliciting and attending to student thinking, and the 
outputs of the simulation interaction can be 
assessed formatively to identify the nature of the 
teaching moves that the PSTs use – or fail to use – 
to engage in this instructional practice. This 
formative information could be used in varied ways 
to support PST learning, such as incorporating the 
information into personalized feedback reports for 
PSTs or having PSTs reflect on the teaching moves 
they did and did not use to elicit and attend to 
student thinking after each simulation session. 
Future research can explore how PSTs make sense 
of and use this kind of formative information from 
GenAI teaching simulations to impact their 
instructional decision-making, can investigate the 
use of various large language models to power the 
GenAI student responses, and can examine the use 
of similar approaches in other content disciplines 
and topics.  
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A   Appendix 

A.1 Example of one PST’s transcript 

Speaker  Utterance  
Teacher  Hi, Cecilia.   
Cecilia  Hello!   
Teacher  Can you walk me through the steps you 

did to solve the problem?   
Cecilia  I drew circles for Mike’s 6 crayons, then 

2 circles for Ann’s crayons. Then, I 
counted them: 6, 7, 8.   

Teacher  Can you tell me why you solved the 
problem this way?   

Cecilia  I used circles to show the crayons and 
counted to find out how many there are 
altogether.   

Teacher  How did you know that that would 
work?   

Cecilia  I just know it works to count them.   
Teacher  Why did you decide to use that 

strategy?   

Cecilia  Because it helps me see the crayons and 
count them.   

Teacher  Can you explain why addition was used 
here, like needed here?   

Cecilia  Adding helps me put together Mike’s 
and Ann’s crayons.   

Teacher  So what do you think the problem is 
really asking?   

Cecilia  The problem is asking how many 
crayons Mike and Ann have all 
together.   

Teacher  What do you think would happen if you 
use a different strategy?   

Cecilia  I don’t know how to do that.   
Teacher  Why did you use counting on here?   
Cecilia  It makes counting faster. I start at the 

first number.   
Teacher  Can you explain a little bit more?   
Cecilia  I start with Mike’s crayons, which are 

6, and then count Ann’s from there by 
saying 6, 7, 8.   

Teacher  So why did you draw five circles with 
no dots and three with dots?   

Cecilia  I didn’t draw like that. I drew 6 circles 
and then 2 more. I put dots when I 
counted Ann’s crayons after Mike’s.   

Teacher  It looks like in the picture that you drew, 
it looked like you did five plus three 
equals eight instead of drawing six plus 
two.   

Cecilia  I drew 6 circles for Mike, then 2 for 
Ann. I just counted on from 6.   

Teacher  Okay. Good job.   
Cecilia  Thanks!   
Note. Minor edits have been made to address 
transcription errors.  
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Abstract

Academic programs are increasingly recogniz-
ing the importance of personal and professional
skills and their critical role alongside technical
expertise in preparing students for future suc-
cess in diverse career paths. With this growing
demand comes the need for scalable systems to
measure, evaluate, and develop these skills. Sit-
uational Judgment Tests (SJTs) offer one poten-
tial avenue for measuring these skills in a stan-
dardized and reliable way, but open-response
SJTs have traditionally relied on trained hu-
man raters for evaluation, presenting opera-
tional challenges to delivering SJTs at scale.
Past attempts at developing NLP-based scor-
ing systems for SJTs have fallen short due to
issues with construct validity of these systems.
In this article, we explore a novel approach to
extracting construct-relevant features from SJT
responses using large language models (LLMs).
We use the Casper SJT to demonstrate the effi-
cacy of this approach. This study sets the foun-
dation for future developments in automated
scoring for personal and professional skills.

1 Background

A longstanding challenge in academia is selecting
qualified and professional candidates from a larger
applicant pool for professional training programs.
Decision makers have traditionally relied on mea-
sures of hard skills and cognitive ability to make
these decisions (Eva et al., 2009), often relying
on grade point average (GPA) and standardized
tests such as the Scholastic Aptitude Test (SAT),
Graduate Record Exam (GRE), Medical College
Admission Test (MCAT), and Graduate Manage-
ment Admission Test (GMAT). Personal and pro-
fessional skills such as communication, teamwork,
problem-solving, and critical thinking, although
recognized as predictive of future success in edu-
cation and industry (Heckman and Kautz, 2012),
have been more difficult to measure for a number
of reasons including lack of standardization and

scalability (Patterson et al., 2016). Admissions
committees have commonly used reference letters,
personal essays, and interviews as a proxy for ap-
plicants’ personal and professional skills, but these
processes do not meet the psychometric standards
that we would expect from tools used in high-stakes
decision-making (Kuncel et al., 2014; Patterson
et al., 2016). Additionally, as the adoption of gener-
ative AI spreads, there are increased concerns about
the authenticity of reference letters and personal
essays (Chen et al., 2024), further exacerbating the
need for valid and reliable tools to measure per-
sonal and professional skills.

Recognizing the limitations of other admissions
tools (i.e., reference letters, personal essays) (Pat-
terson et al., 2016), higher education programs
have been increasingly turning to a more reli-
able and standardized tool, Situational Judgment
Tests (SJTs), to assess applicants’ personal and
professional skills as part of their admissions pro-
cess (Webster et al., 2020; Nadmilail et al., 2023).
Though they may be delivered in different formats,
including fixed-response and open-response, SJTs
generally involve simulated situations and ques-
tions designed to elicit how a respondent would
likely react in the situation (Lievens, 2013). Fixed-
response SJTs typically require respondents to se-
lect or rank possible actions based on their effec-
tiveness in a given situation and show stronger
relationships with measures of cognitive ability,
rather than personal or professional skills (Mc-
Daniel et al., 2007). Open-response SJTs, on the
other hand, are more conducive to measuring be-
havioral tendencies (i.e., how the respondent would
likely react in the given situation) and tend to show
stronger relationships with personal and profes-
sional skills relative to fixed-response SJTs (Mc-
Daniel et al., 2007).

Although open-response SJTs have proven effec-
tive in evaluating personal and professional skills
in a standardized and reliable manner, there are
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challenges in executing these types of assessments
at scale. Open-response SJTs are primarily scored
by human raters who require extensive training to
become proficient at evaluating responses (Shipper
et al., 2017). Additionally, performing this level of
scoring at scale requires many trained human raters
operating in parallel, which presents further oper-
ational barriers. These challenges are not unique
to SJTs; developers of other open-response assess-
ments have faced similar obstacles and overcome
them with automated scoring systems such as Natu-
ral Language Processing (NLP) algorithms (Valenti
et al., 2003). NLP-based scoring systems of this
kind have been shown to achieve strong psycho-
metric results in writing and language proficiency
tests (Chodorow and Burstein, 2004; Ramineni
et al., 2012; Cardwell et al., 2022), as well as short-
answer tasks (Leacock and Chodorow, 2003).

While there is a growing literature on NLP-based
scoring systems for open-response assessments,
few studies have investigated their efficacy specif-
ically for SJTs (Bulut et al., 2022; Walsh et al.,
2022). One issue is that insights from other au-
tomated scoring systems may not be immediately
transferable to SJTs given the difference in the
measured construct: while other open-response as-
sessments may focus on language proficiency or
content-mastery, SJTs measure personal and pro-
fessional skills (e.g., teamwork, problem solving,
critical thinking) (Lievens and Motowidlo, 2016).
These differences in the measured construct influ-
ence the kinds of features used as inputs to the
scoring system. In particular, NLP-based scoring
systems for writing and language proficiency typ-
ically use features related to coherence, grammar,
and organization (Chodorow and Burstein, 2004;
Ramineni et al., 2012; Cardwell et al., 2022), fea-
tures which have no direct link with most constructs
assessed by SJTs. Any valid NLP-based scoring
system should exhibit construct relevance through
the features used as inputs to said system (McCaf-
frey et al., 2022), making existing approaches to
NLP-based scoring largely inapplicable to SJTs.
Additionally, because open-response SJTs allow re-
spondents to describe actions that they would take
or have taken in the past, these assessments are
designed to allow for complexity and response di-
versity, and thus there is generally no single correct
answer (Dore et al., 2017). This characteristic of
SJTs makes scoring responses based on "correct-
ness" or similarity with other responses impractical
as well.

2 Aims

In this study, we investigate the feasibility of iden-
tifying and extracting construct-relevant features
from SJT responses. We build on the work of Iqbal
et al.(Iqbal et al., 2025) who used a mixed-methods
approach to identify nine construct-relevant fea-
tures that influenced raters’ evaluations of an open-
response SJT. We probe whether and to what extent
we can identify these features in SJT responses au-
tomatically using NLP-based approaches. Recog-
nizing the complex and nuanced nature of these fea-
tures, we decided to use Large Language Models
(LLMs) for this task. Recent studies have demon-
strated strong performance of LLMs for essay scor-
ing (Lee et al., 2024) even in domains like divergent
thinking (Organisciak et al., 2023), which, similar
to SJTs, have been notoriously difficult to automat-
ically score because of the complex nature of the
construct. This work sets the stage for future en-
deavors to build an automated scoring system for
open-response SJTs and similar assessment types.

3 Sample

We used data from the Casper SJT in this study.
Casper is an open-response SJT that purports to
measure respondents’ personal and professional
skills along the following competencies: collabo-
ration, communication, empathy, ethics, fairness,
motivation, problem solving, resilience, and self-
awareness (Dore et al., 2017; Saxena et al., 2024).
Casper presents respondents with a series of hypo-
thetical scenarios that include either a text-based or
video-based prompt. Text-based prompts include a
short description of a situation while video-based
prompts include trained actors enacting a scripted
scenario. The respondents are then asked questions
related to the prompt and given a fixed amount of
time to respond. The data we used in this study in-
cluded responses to both types of scenarios: video-
based and word-based. An example of a situation
depicted in a video-prompt scenario is given below:

Chris and Jane are sitting together in
a small meeting room. Their manager,
Gary, enters to deliver a few brief com-
ments before retreating to an adjoining
work space. Chris gets up to approach
Gary when he notices Gary focused on
his phone instead of work. Jane tells
Chris that she sees Gary on his phone
very often and that overall he does not

222



do a lot of work. Chris says it does not
seem fair for someone like Gary, who is
senior to them in the company, to do less
work and be paid a lot more. In addition,
Gary takes their hard work to present as
his own, taking credit for their efforts.

Respondents were instructed that they were a
coworker of Chris and Jane in this scenario and
asked the following three questions:

1. How would you handle this situation with
Gary, your manager? Explain your response.

2. Imagine that Gary was completing his work
in a timely manner outside of normal hours,
but still behaving inappropriately while in the
office. Would this change your opinion? Why
or why not?

3. Describe some serious issues that can occur
when supervisors are not present for their
team.

In addition to the different types of scenario
prompts, Casper also includes two distinct re-
sponse formats: respondents are either required
to type their responses to the associated questions
within the allocated time or record a video of
themselves responding to each question. To sim-
plify this study, we only examined scenarios with
the typed-response format as analyzing video re-
sponses would have required either transcribing the
responses or passing the video media itself to a
multimodal AI model, fundamentally altering the
procedure employed here. We leave the analysis of
video responses to a future study.

Casper is a completely human-rated assessment
where a respondent’s responses to a scenario are
rated together holistically on a 1-9 Likert scale.
Trained human raters are provided with scoring
guidelines which help them contextualize Casper
competencies for each scenario and determine how
effectively the responses addressed the questions
asked. Additionally, Casper is norm-referenced,
which means that raters are also instructed to score
each response relative to the other responses they
are reviewing for the same scenario. Raters do
not, however, use an analytical rubric when rating
in order to encourage diverse perspectives and in-
terpretation during the rating process. This rating
approach allows for responses exhibiting different
characteristics to still receive high scores as the

context and reasoning provided by the respondent
are also taken into account.

The diversity in scenarios and responses makes
Casper ideally suited to study underlying features
of personal and professional skills in SJT responses.
Previously, Iqbal et al. identified nine construct-
relevant features that influenced Casper ratings. For
the purposes of the current study, we selected seven
of these features to investigate the applicability of
LLMs for feature extraction, omitting two features
related to competencies associated with specific
scenarios. Given that different Casper competen-
cies are probed in each scenario, we omitted these
two features from our investigation as their analysis
would have required prompting with more scenario
and competency-specific information, which would
have extended the complexity of this pilot study.

Table 1 shows the seven features we selected for
this study. Iqbal et al. previously analyzed 27 re-
sponses from each of three Casper typed-response
scenarios, ensuring a uniform distribution of re-
sponses at each scoring level (i.e., three responses
for each 1-9 score assigned by human raters). Two
researchers independently classified the construct-
relevant features present in all responses using the
levels noted in Table 1.

For the present study, we doubled the size of
the dataset used, re-using the dataset collected by
Iqbal et al. while adding 27 responses from each
of three additional scenarios, which were again
classified by the same two human raters as in the
original study. Thus, the complete dataset in this
study comprised 162 responses across six distinct
Casper scenarios. We report agreement for the
researchers’ classifications of the features across
all 162 responses in the last column of Table 1 for
each of the seven features. We used Cohen’s κ
with quadratic weighting (after mapping features
to a numeric scale) to measure agreement. In the
case of binary features, the quadratic-weighted κ
is identical to an unweighted κ.

4 Methods

We used LLMs as classifiers to replicate the
work of the human raters in identifying construct-
relevant features in Casper responses. Previous
studies of LLMs for essay scoring have identi-
fied performance gains when LLMs are allowed
to specifically evaluate one aspect of writing at a
time (Lee et al., 2024). We applied a similar princi-
ple here by prompting LLMs to evaluate only one
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feature at a time for a given response.
We conducted two separate analyses. In our

first study we compared several LLMs based on
how well their classifications aligned with those
of human raters for each feature. We used five
state-of-the-art LLMs, listed in Table 2, including
a mix of reasoning and non-reasoning, open and
closed-source models.

For each LLM and feature, we generated classi-
fications for all 162 Casper responses, then com-
puted the κ between model classifications and each
human rater’s classifications. We then averaged the
results to obtain one average κ for each LLM and
feature. We used the same zero-shot prompt for
all LLMs; we did not provide the LLMs with any
examples within the prompts. Further, we wanted
to compare how well each LLM performed using
the same prompt without tailoring the prompt to
work better with one LLM or another, so we pro-
vided only the necessary information to carry out
the task within the prompt. Below is a minimal re-
producible example of the system prompt we used:

You are a helpful assistant that analyzes
users’ responses to an ethical dilemma.

The user was given the following prompt:
"{context}".
They were asked to respond to the fol-
lowing questions related to this prompt:
"{questions}".

Your task is to analyze {fea-
ture_description}.
Return your response as a JSON object
with the following keys:
"decision": <{feature_levels}>
"reasoning": <Reasoning for decision>

where curly braces denote variable inputs in the
prompt. {context} is the text prompt (for text-based
scenarios) or the summary of the video (for video-
based scenarios), {questions} is an enumerated list
of the questions asked, {feature_description} is a
description of the feature being evaluated (see Ta-
ble 1), and {feature_levels} are the possible values
that the LLM may assign.

We required the LLMs to return a "reasoning"
for their decisions. For example, using the scenario
and questions described above with the PERSP
feature, o4-mini as the LLM, and the following
response:

1. I’d invite Gary to a friendly chat, share what
Jane and I feel, and listen to his pressures. To-

gether we’d create small habits—visible credit
tags and quick check-ins—so everyone’s ef-
fort shines and Gary can still balance his se-
nior duties.

2. If Gary finishes work later, I’d appreciate his
flexibility, yet gently note that daytime pres-
ence and fair credit nurture team spirit. Lead-
ership isn’t only outcomes; it’s modeling en-
gagement and celebrating others while they’re
present.

3. When supervisors vanish, teammates can feel
adrift: goals drift, growth pauses, mistakes
linger, and trust erodes. Consistent guidance,
recognition, and availability are anchors that
keep performance, learning, and well-being
afloat.

we get the following output:

"decision":"Thoughtfully considers and
empathizes with multiple perspectives",
"reasoning":"The user’s responses ad-
dress the concerns of the co-workers
(feeling undervalued and needing recog-
nition), invite Gary to share his pressures
and perspective, and propose collabora-
tive solutions that respect his senior role.
They also weigh the team’s needs for
presence, credit, and guidance, demon-
strating balanced empathy for both the
manager and the team."

We do not inspect "reasoning" outputs in this
study, though such components can provide im-
portant validity evidence for LLM-based scoring
systems (Casabianca et al., 2025), hence why we
include this element in our prompting strategy.

In our second study, we investigated whether
and to what extent we could improve LLM-human
agreement by providing further details, including
inclusion and exclusion criteria, for each level of
a feature. Previous studies have indicated that this
prompting strategy can effectively improve LLM
performance in essay evaluation tasks (Lee et al.,
2024). We worked exclusively with o4-mini for this
analysis because it offered the best combination of
throughput, cost, and performance that was ideally
suited for this iterative pilot study.
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5 Results

5.1 Comparison of LLMs with zero-shot
prompt

Results are shown in Table 3, while Figure 1 shows
the average κ agreement between each LLM and
the two human raters on each feature using the
zero-shot prompt. We find that Claude Sonnet 4
generally outperforms the other models, achieving
the highest agreement with human raters on four
out of seven features, while achieving the second
highest agreement on two other features (JUST and
CREAT). LACKINF was the lone feature where
Claude Sonnet 4 did not rank among the top two
LLMs, but even in this case the model achieved
near human-level agreement (κClaude Sonnet 4 =
0.566 compared to κHumans = 0.640).

o4-mini provides similar results to Claude Son-
net 4 in most cases, but notably struggles to identify
responses that "provide insightful, novel, or cre-
ative arguments to address the questions" (CREAT).
DeepSeek-R1, on the other hand, excels at iden-
tifying responses that fit this definition. GPT-4o
mini is generally outclassed by the other models,
but does reach super-human agreement in identi-
fying responses that "state that they do not have
enough information to make a decision" (LACK-
INF). Among all features explored in this study,
LACKINF is the most likely to be identifiable
through the use of particular words or phrases. For
example, the string "gather more information" ap-
pears in seven responses. One human rater marked
four of these responses as exhibiting the LACK-
INF feature while the other human rater marked all
seven responses as exhibiting this feature. GPT-4o
mini, meanwhile, classified six out of the seven re-
sponses as exhibiting LACKINF. Features such as
this one that may be identifiable through keyword
or semantic relationships likely see smaller benefits
from using LLMs and, especially, more advanced
reasoning models.

For four out of seven features, the top perform-
ing LLM achieved κ > 0.4. However, none of
the LLMs approached human-level agreement on
any feature outside of LACKINF. The disparities
between LLM-human agreement and human-level
agreement ranged from 0.209 to 0.352 (κHumans −
κLLM). This result is not surprising given the sparse
instructions provided to the LLMs in the zero-shot
prompt. In the second part of this study, we investi-
gate whether and to what extent we can close this
gap via prompt engineering.

5.2 Improving LLM-Human Agreement

Disagreement between LLMs and human raters
generally stems from lack of alignment on thresh-
olds separating the levels of a feature. Table 4
shows the proportion of classifications made by
the two human raters and o4-mini for each level of
each feature. We can see that o4-mini is typically
misaligned with the human raters in terms of how
to separate the levels of a feature. For example,
while human raters label a response as "fail[ing]
to acknowledge or show sensitivity towards the le-
gitimate concerns or feelings of one of the parties
involved" (DISRES) only 5− 6% of the time, o4-
mini classified 22.2% of responses as such. Sim-
ilarly, o4-mini classified 59.9% of responses as
having "Reasonable Justification", while classify-
ing 0% and 0.6% of responses as displaying "No
Justification" and "Clear and Compelling Justifi-
cation", respectively. Human raters, meanwhile,
provided more classifications at these extreme ends
of the ordinal scale at the expense of labels in the
middle of the scale. This result reflects an overall
pattern we see across all non-binary features: o4-
mini tended to provide more classifications in the
middle of an ordinal scale than we observed with
human raters. We used these results to motivate our
prompt engineering strategy and further delineate
feature levels.

We focused on six features for prompt engineer-
ing, omitting LACKINF where o4-mini was al-
ready achieving close to human-level performance.
Results are displayed in the last column of Table 3
as well as Figure 2. We find that including addi-
tional details about the levels for a feature in the
prompt effectively improves the LLM’s agreement
with humans. For most features we saw improve-
ments of 0.08 < ∆κ < 0.1, but for DISRES we
saw gains of ∆κ = 0.206. With these prompts,
o4-mini would’ve performed higher than all LLMs
tested in the first experiment on all features except
LACKINF (which we did not investigate improv-
ing) and CREAT, where o4-mini performs better,
but is still outclassed by most other models.

6 Conclusions and Future Work

This study evaluated the feasibility of using LLMs
to extract construct-relevant features from the
Casper SJT. We found that reasoning models like
OpenAI’s o4-mini and Anthropic’s Claude Son-
net 4 generally performed best at identifying these
complex and nuanced constructs in responses, even
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Figure 1: Average κ with human raters using zero-shot prompt.

with limited instructions. Additionally, we found
that each LLM that we tested achieved the strongest
performance on at least one feature. This result in-
dicates that a future automated scoring solution
using the same feature extraction method may be
best served by using different LLMs for differ-
ent features rather than forcing a single univer-
sal LLM. We could also consider using multiple
LLMs for the same criteria and instituting a vot-
ing system resembling traditional machine learning
ensemble methods to produce more accurate and
reliable results (Dietterich, 2000). Overall, our
results suggest a promising avenue for extracting
construct-relevant features from SJTs and similar
open-response assessments.

Prior to engaging in prompt engineering to im-
prove performance, we had already reached close
to human-level agreement in extracting one feature,
whether a response "state[d] that they do not have
enough information to make a decision." In this
particular case, we hypothesize that features such
as this one may be extractable by simpler models
and methods such as keyword and semantic search.

For other features we fell well short of human-
level agreement using zero-shot prompt classifi-
cation, but we demonstrated that LLMs can be
instructed to behave closer to expectations by giv-
ing further details about the levels for a feature.
We found that providing these details had varying
effects on our classification performance for differ-
ent features, indicating that different features may
be more susceptible to influence from this type of

prompt engineering. Future work could explore
other approaches to prompt engineering including
few-shot prompting as well as fine-tuning to further
improve performance.

We were also limited by small sample sizes in
this study, owing to the effort and expertise required
to annotate datasets such as these based on the fea-
tures we explored. Future work will extend this
study to explore a larger dataset from the Casper
SJT as well as additional features. We plan to in-
vestigate the use of these features in an eventual
automated scoring system for the Casper SJT. Such
work would have important consequences, poten-
tially extending the scalability and standardization
of open-response assessments of personal and pro-
fessional skills.

An automated scoring system based on the ap-
proach demonstrated here would also open avenues
for future work in formative assessments by pro-
viding real time evaluation and feedback to respon-
dents. We used a system prompt in this study that
returned both a "decision" and "reasoning". We
did not inspect the "reasoning"s in this study, but
future work could use these "reasoning" fields to
generate personalized and direct feedback for re-
spondents. This method of extracting features from
text could also be extended beyond assessments to
other pieces of written text such as personal essays
and reference letters.

226



Figure 2: Average κ with human raters using o4-mini with zero-shot prompting and prompting with additional
details for each level of a feature. Human-LLM agreement improves when providing additional level details in the
prompt.
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Key Description Levels Cohen’s κ (Humans)
INT Grasps and addresses the com-

plex social and emotional dy-
namics present in the ethical
dilemma.

• Limited Interpretation

• Adequate Interpretation

• Excellent Interpretation

0.700

LACKINF States that they do not have
enough information to make a
decision.

True/False 0.640

JUST Justifies the course of action
suggested. • No Justification

• Superficial Justification

• Reasonable Justification

• Clear and Compelling
Justification

0.788

VAGUE Vague or unclear. True/False 0.356

PERSP Considers the perspectives of
the different parties involved
in the dilemma.

• Considers one perspec-
tive

• Briefly considers multi-
ple perspectives

• Thoughtfully considers
multiple perspectives

0.722

DISRES Fails to acknowledge or show
sensitivity towards the legiti-
mate concerns or feelings of
one of the parties involved.

True/False 0.647

CREAT Provides insightful, novel, or
creative arguments to address
the question.

True/False 0.510

Table 1: Features identified by Iqbal et al. as influencing Casper scores and used in the present study. Cohen’s κ is
reported between two independent human raters’ classifications of these features across 162 Casper responses.

Table 2: LLMs explored in this study including their providers, whether they were reasoning models, and whether
model weights were open or closed-source.

Name Provider Reasoning Model (Y/N) Open/closed-source
GPT-4o-mini OpenAI N Closed
DeepSeek-R1 DeepSeek Y Open
Lllama 4 Maverick Meta N Open
o4-mini OpenAI Y Closed
Claude Sonnet 4 Anthropic Y Closed
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Zero-shot Level Desc.
Feature GPT-4o mini DeepSeek-R1 Llama 4 Mav. o4-mini Sonnet 4 o4-mini

INT 0.224 0.201 0.181 0.343 0.404 0.434
LACKINF 0.658 0.603 0.505 0.595 0.566 -

JUST 0.315 0.209 0.333 0.436 0.404 0.479
VAGUE 0.070 0.123 0.175 0.110 0.175 0.191
PERSP 0.210 0.309 0.161 0.332 0.403 0.431
DISRES 0.049 0.132 0.116 0.171 0.243 0.377
CREAT 0.098 0.309 0.233 0.054 0.277 0.145

Table 3: Average Cohen’s κ agreement with human raters for each LLM on each feature using the zero-shot prompt.
The last column shows the average κ for o4-mini after modifying the prompts to include level descriptions for
each feature. We did not explore the LACKINF feature in this second experiment because we achieved close to
human-level agreement with the zero-shot prompt.

Proportion Selected
Key Level Human 1 Human 2 o4-mini

INT
Limited Interpretation 0.435 0.377 0.327

Adequate Interpretation 0.447 0.475 0.642
Excellent Interpretation 0.118 0.148 0.031

LACKINF
False 0.944 0.889 0.864
True 0.056 0.111 0.136

JUST

No Justification 0.062 0.056 0
Superficial Justification 0.358 0.333 0.395
Reasonable Justification 0.358 0.469 0.599

Clear and Compelling Justification 0.222 0.142 0.006

VAGUE
False 0.790 0.883 0.568
True 0.210 0.117 0.432

PERSP
Considers one perspective 0.302 0.407 0.149

Briefly considers multiple perspectives 0.407 0.549 0.758
Thoughtfully considers multiple perspectives 0.290 0.272 0.093

DISRES
False 0.938 0.951 0.778
True 0.062 0.049 0.222

CREAT
False 0.833 0.796 0.994
True 0.167 0.204 0.006

Table 4: Proportion of responses where each feature level was selected by human raters and o4-mini (with zero-shot
prompt).

230



Proceedings of the Artificial Intelligence in Measurement and Education Conference (AIME-Con) – Volume 1: Full Papers, pages 231–238
October 27-29, 2025 ©2025 National Council on Measurement in Education (NCME)

Automated Evaluation of Standardized Patients with LLMs

Andrew Emerson1, Le An Ha2, Keelan Evanini1, Su Somay1, Kevin Frome1,
Polina Harik1, Victoria Yaneva1

1National Board of Medical Examiners, Philadelphia, USA
{aemerson, kevanini, ssomay, kfrome, pharik, vyaneva}@nbme.org

2Ho Chi Minh City University of Foreign Languages, Vietnam
anhl@huflit.edu.vn

Abstract

Standardized patients (SPs) are essential for
clinical reasoning assessments in medical edu-
cation. This paper introduces evaluation met-
rics that apply to both human and simulated SP
systems. The metrics are computed using two
LLM-as-a-judge approaches that align with hu-
man evaluators on SP performance, enabling
scalable formative clinical reasoning assess-
ments.

1 Introduction

Clinical reasoning (CR) skills are fundamental to
accurate diagnosis and effective patient care; ac-
cordingly, their systematic instruction and assess-
ment constitute a critical component of undergrad-
uate medical education (Harden, 1988). One of the
most widely adopted formats for evaluating clinical
reasoning competencies is the Objective Structured
Clinical Examination (OSCE). Repeated, struc-
tured interactions within OSCEs have been shown
to effectively promote the development of clini-
cal reasoning skills (Laschinger et al., 2008). A
central feature of OSCEs is the simulated clini-
cal encounter, in which learners engage in a clin-
ical case by interviewing a patient to elicit diag-
nostically relevant information, including symp-
toms, medical history, and context. Traditionally,
OSCEs employ laypersons trained to portray clini-
cal scenarios—referred to as standardized patients
(SPs)—who are tasked with consistently enacting
specific patient personas to support teaching, learn-
ing, and assessment. SPs adhere to detailed case
scripts and standardized response protocols to en-
sure realism, reliability, and reproducibility across
encounters.

While human SPs provide a realistic and safe
environment for learners to practice clinical skills,
their use is resource-intensive, requiring substantial
investments in training, coordination, and exami-
nation delivery (Rau et al., 2011). In recent years,

large language models (LLMs) have been explored
as a way to design simulated standardized patients
(SSPs), offering a promising alternative to tradi-
tional human SPs. SSPs offer several advantages,
including scalability to larger cohorts of learners,
increased availability for on-demand practice, and
enhanced flexibility in portraying a wide range of
patient personas. However, maintaining fidelity
to the prescribed patient script and ensuring con-
sistent persona representation remain significant
challenges in the deployment of SSPs.

Large language models (LLMs) can be guided
to portray specific patient characteristics (e.g., via
prompting); however, the reliability and precision
of such portrayals remain active areas of research
(Cook, 2024; Schmidgall et al., 2024; Shindo and
Uto, 2024). Fortunately, existing frameworks for
evaluating the performance of SPs can be adapted
and automated for use with SSPs (Geathers et al.,
2025). The evaluation of SP or SSP performance
generally falls into three categories: (1) human
evaluation of the responses to physician questions;
(2) traditional machine learning methods that are
trained on labeled datasets of patient responses;
and (3) LLMs that judge the quality of the patient
responses with little or no prior training. To ensure
the accuracy of methods (2) and (3), human eval-
uations (Category 1) are typically employed as a
reference standard to produce ground-truth labels.

In this paper, we introduce a novel LLM-based
evaluation framework to automatically evaluate
SPs, applicable to both humans and SSPs. The
framework classifies SP responses into one of five
performance categories, developed as part of this
work: Correct, Too Much Information, Too Little
Information, Incorrect, or Not Applicable. These
categories can be used as metrics to monitor the SP
or SSP performance over time, across different SPs
or SSP systems, and ensure that students are able
to engage appropriately with the SP or SSP.

The contributions of this work are as follows:
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1. We perform extensive human annotation of
a set of 41 transcripts of student-patient in-
teractions from four clinical cases to serve
as the ground truth to validate our proposed
automated evaluation approaches.

2. We introduce two methods of classifying SP
responses:
In Method 1, the LLM uses the case guide-
lines, the conversation up to this point, and
the current physician question to classify the
current response into the appropriate category.
In Method 2, the LLM first uses the case guide-
lines, the conversation up to this point, and
the current physician question to generate the
prescribed SP response. The LLM then uses
the prescribed SP response, current physician
question, and conversation up to this point
to compare with the actual SP response and
classify it into the appropriate category.

3. We validate these proposed methods of SP
evaluation by comparing the classification re-
sults of each method with the human eval-
uation, assessing alignment with human ex-
pert judgment. We discuss the implications of
these results for evaluating both human and
simulated SPs.

2 Related Work

2.1 Evaluation of Human SPs

SPs are typically evaluated on dimensions such
as realism, accuracy, consistency, and communica-
tion. Realism and communication are commonly
assessed through structured observations by faculty
and peers, and student feedback immediately af-
ter encounters (Gonullu et al., 2023; Erby et al.,
2011). Accuracy of performance—the physical,
emotional, and cognitive portrayal of the clinical
case—is often evaluated using third-party obser-
vations and SP self-assessment checklists. Post-
encounter self-checklists help SPs reflect on the
fidelity of their performance, improving reliability
over time (Erby et al., 2011). Consistency of per-
formance, a defining characteristic of SP programs,
refers to the uniform delivery of case prompts and
behaviors across all student interactions for a given
case, and is evaluated through a mix of live obser-
vation, video review, and checklists (Lewis et al.,
2017; Erby et al., 2011). Overall, the evaluation
of human SPs’ performance remains mainly man-
ual, involving faculty and peer observation, stu-
dent feedback, and SP self-assessment, offering a

multi-angled view essential for maintaining high
standards in simulated clinical environments.

2.2 LLMs as SSPs and their Evaluation
Recent research has explored the potential of LLMs
in simulating patient interactions (LLMs as SSPs)
to support both clinical skill development and per-
formance evaluation. For instance, Li et al. (2024)
examined how SSPs can support clinical inquiry
skills, while Holderried et al. (2024) focused on im-
proving medical history-taking skills. Yamamoto
et al. (2024) expanded this to encompass general
medical interview skills, and Sardesai et al. (2024)
applied LLM-based simulations to anesthesia train-
ing. Gray et al. (2024) investigated the use of LLMs
in guiding prenatal counseling, whereas Tu et al.
(2024) worked on advancing AI diagnostic agents
to improve their clinical utility.

Human judgment remains the most widely used
reference for assessing chatbot-generated interac-
tions. Specialists (Chen et al., 2023; Gray et al.,
2024) and students (Fan et al., 2024) have been
engaged to evaluate the realism, appropriateness,
usability, relevance, rationality, and honesty of
chatbot outputs. User surveys—such as Likert-
scale questionnaires (Sardesai et al., 2024), the
Chatbot Usability Questionnaire (Holderried et al.,
2024), and the Simulation-Based Training Qual-
ity Assurance Tool (Yamamoto et al., 2024)—have
been leveraged to evaluate perceived usability, in-
tuitiveness, accuracy, comfort, and overall user
experience. Automated metrics, like algorithmi-
cally derived conversational dimensions (Liao et al.,
2024), a GPT-4–based chatbot arena framework (Li
et al., 2024), and quantitative scoring of chatbot
responses (Chen et al., 2023), have been used to
enable scalable and objective evaluation of chatbot
performance. These metrics assess factors such as
accuracy, honesty, focus, passivity, cautiousness,
and guidance. Finally, outcome-based evaluations
have also been conducted; for example, Yamamoto
et al. (2024) compared formal exam performance
between students who used SSPs during their prepa-
ration and those who did not.

The above studies have identified several limi-
tations of LLMs, including their tendency to pro-
duce hallucinated content, overly formal or repet-
itive responses, and unnaturally polite dialogue
(Sardesai et al., 2024). Gray et al. (2024) high-
light the importance of expert oversight when us-
ing AI-generated content in educational settings.
Additionally, current LLM-based systems provide
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limited support for nonverbal communication skills,
which are essential for effective medical interview-
ing (Yamamoto et al., 2024).

3 Data

3.1 Clinical Interviews with Standardized
Patients

The data were drawn from a prior study in which
participating students interacted with four human
SPs, each portraying a distinct case. Each scenario
was developed along with case-specific guidelines
and training protocols designed to elicit observable
clinical reasoning behaviors from the students. Stu-
dents were randomly assigned to begin with one
of the four cases and subsequently completed the
remaining three cases in order. All encounters were
recorded using Recollective1, a qualitative research
platform that supports live and asynchronous (i.e.,
pre-recorded) video interactions. The software first
recorded the conversations and then produced tran-
scriptions in separate files, differentiating the stu-
dent and SP speech.

Participating Students. A total of 76 post-
clerkship medical students were recruited from four
U.S. medical schools. 32 were in their third year
of medical school, 2 were transitional students be-
tween their third and fourth years, and 42 were in
their fourth year.

Standardized Patients. Standardized patients
were recruited from local training programs and
partner institutions affiliated with the study sites.
Each SP received standard compensation for par-
ticipation in both training and assessment activities.
The medical assessment organization personnel
conducted the SP training following established
industry protocols, general guidelines, and case-
specific requirements. SPs underwent both individ-
ual and group training sessions to ensure consis-
tency and reliability across performances. For each
clinical case, a minimum of three SPs were trained
to serve not only as actors in student encounters
but also as peer evaluators, providing feedback and
quality assurance for fellow SPs.

Clinical Cases. Four clinical cases were devel-
oped as part of a prior study to support the standard-
ized evaluation of medical students’ clinical reason-
ing skills. For each case, both general training pro-
tocols and case-specific instructions were designed

1https://www.recollective.com/qualitative-research-
recollective

to guide SP behavior and ensure that student–SP
interactions elicited diagnostically productive lines
of questioning. SPs were explicitly instructed to
refrain from offering suggestions or guidance on
how students should conduct the encounter. In in-
stances where students inquired about symptoms
not included in the case script, SPs were instructed
to deny the presence of such symptoms to preserve
case fidelity. Each encounter began with a stan-
dardized opening statement delivered by the SP, in-
troducing the primary reason for visiting the clinic.
To maintain consistent interactions, boilerplate re-
sponses were developed for addressing routine or
general questions. For open-ended inquiries, SPs
were provided with a sequenced set of acceptable
responses, structured to disclose relevant clinical
information with the goal of not revealing too much
information at once. This approach was intended
to support the development of student inquiry skills
while preserving the realism and educational value
of the simulation. Case contents were designed to
be both realistic and engaging for the student. Case
1 consists of a 33-year-old woman who has been
experiencing shortness of breath; Case 2 consists
of a 40-year-old man who has been continuously
vomiting; Case 3 consists of a 46-year-old woman
who has been experiencing weakness; and Case 4
consists of a 65-year-old man who has had trouble
sleeping.

3.2 Patient Response Annotation

Two human experts who were familiar with the
case contents and evaluation criteria annotated tran-
scripts of the conversations in order to evaluate the
quality of the SP responses. Each response from the
human SPs was labeled with one of the five discrete
labels in Table 1. The label categories were derived
based on a combination of insights from literature
that evaluates human SPs and practical guidance
by members of the team who have trained human
SPs. The annotation process consisted of several
steps to increase agreement between annotators and
to ensure high-quality annotations. First, each an-
notator independently annotated the SP responses
in an adjudication set of four transcripts sampled
from the same case. Subsequently, the annotators
reviewed any discrepant annotations together with
other team members and agreed upon adjudicated
annotations. Revisions to the annotation guidelines
were made accordingly based on these conversa-
tions. The final calibration set included 162 Cor-
rect, 44 Not Applicable, 13 Too Much Information,
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Label Description
Correct The response is accurate and appropriate given the instructions contained in the case training guidelines.

The response is relevant to the physician’s question and contains the appropriate amount of content
based on the specific question the physician asked.

Too Much
Information

The response is relevant to the physician’s question, but it contains more information than is justified
based on the specific question that the physician asked. This can occur when the patient provides
additional information from the case materials that wasn’t prompted by a question from the physician.

Too Little
Information

The response is relevant to the physician’s question, but it contains less information than is expected
based on the specific question that the physician asked. This can occur when the patient omits relevant
content from the case materials and provides a generic answer.

Incorrect The response is not accurate or is inappropriate given the instructions contained in the case training
guidelines. This can occur when the patient provides a response that is irrelevant or off-topic, when the
patient volunteers made-up information about topics that are not covered in the training guidelines,
when the patient provides specific details about their condition that are not specified in the case
materials, etc.

Not Applicable The question is not applicable to the case document and results in a non-clinical or irrelevant response.

Table 1: Annotation guidelines given to annotators for evaluating each SP response.

7 Too Little Information, and 7 Incorrect responses.
After the adjudication round, the two annotators
independently annotated the same 20 transcripts
(five randomly sampled from each case). Finally,
17 additional transcripts were single-annotated by
the annotators. Transcripts of entire conversations
were annotated to allow for contextual information
to be available to annotators. Table 2 shows the
annotation distribution for each annotator on tran-
scripts that were not in the calibration set. The cali-
bration, double-annotation, and single-annotation
sets yielded 41 transcripts with an average of 54.8
annotated question-response pairs (SD=16.4). This
produced 2248 question-response pairs in total. See
Appendix A for exemplar labeled patient responses.

Label Annotator 1
Count

Annotator 2
Count

Correct 1407 (72%) 748 (65%)
TMI 59 (3%) 14 (1%)
TLI 40 (2%) 2 (0%)

Incorrect 38 (2%) 29 (3%)
NA 414 (21%) 365 (32%)

Table 2: Distribution of annotations by annotator.

The annotation guidelines were developed based
on industry practice, SP training guidelines, and
conversational agent literature. The Cohen’s Kappa
value denoting the inter-annotator agreement on the
double-annotated set of 20 transcripts was 0.501,
and the agreement percentage was 76.5% (n=1104).
For case 1, the agreement percentage was 70.8%
(κ = 0.436, n=281). For case 2, the agreement per-
centage was 80.2% (κ = 0.481, n=217). For case 3,
the agreement percentage was 82.8% (κ = 0.604,
n=332). For case 4, the agreement percentage was
71.9% (κ = 0.457, n=274).

4 LLM-as-a-Judge Evaluation

To automatically evaluate SP responses to student
questions, we employed a technique that leverages
LLMs called LLM-as-a-judge (Gu et al., 2025). For
all evaluations, we used OpenAI’s GPT-4o (version:
2025-01-01-preview) as the judge. In this paper,
we introduce two methods of using LLMs to judge
the SP responses. Method 1 uses a single request
to the LLM to categorize the SP response using the
case-specific guidelines, the conversation up to this
point, and the current physician question. Method 2
uses two requests to the LLM, in which the first re-
quest generates a prescribed patient response based
on the case-specific guidelines, the conversation up
to this point, the current physician question, and the
second request compares the prescribed and actual
SP response to categorize the SP response. Method
2 was chosen over alternative methods that leverage
prior data (e.g., few-shot learning or fine-tuning) to
first attempt to solve this problem without the use
of labeled examples, which would require a robust
set of ground truth labels.

For both methods, the case guidelines are the
same instructions that are given to the SPs to por-
tray the patient. The conversations are encoded as
transcribed text and each question-response pair
is appended up to the current question as context,
noting the speaker of the text (i.e., student or SP).

5 Results

To evaluate the performance of the LLM-as-a-
judge method relative to human annotations, we
used a dataset comprising 2248 human-annotated
question-response pairs drawn from 41 encounter
transcripts. Table 3 displays the results for this com-
parison. Both F1 scores and accuracy metrics are
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reported to assess the degree of alignment between
LLM-generated classifications and human refer-
ence annotations in the evaluated methods. Results
are reported both in aggregate and disaggregated
by individual cases: Cases 1 (n=814), 2 (n=382),
3 (n=571), and 4 (n=481). Across all cases and in
the overall analysis, Method 1 consistently outper-
forms Method 2. A baseline comparison, referred
to as the Majority baseline, assigns the most fre-
quent class label (which is always Correct) to all
instances within each case and in the overall dataset.
Method 1 outperforms this baseline in terms of F1
scores, but its performance in terms of accuracy
shows mixed results. Given the multi-class nature
of the problem and the imbalanced label distribu-
tions, F1 score is a more informative metric.

Table 4 displays the results per label, including
the distribution of predicted labels, their precision,
recall, and F1 score for the entire human-annotated
dataset.

6 Discussion

Overall, the findings of this study show posi-
tive results for both the human annotation pro-
cess and the two proposed automated LLM-as-a-
judge methods. Human annotation remains a very
resource-intensive and cognitively demanding task
that requires careful calibration and deliberation
among annotators to ensure consistency and valid-
ity. LLMs offer a scalable and efficient alternative
that can be used in conjuction with human annota-
tions to reduce manual labor involved in annotating.
One practical application of this hybrid approach is
the selective delegation of annotations to LLMs for
labels where model performance is demonstrably
high (e.g., the Correct label). By pre-filtering such
responses, human annotators can allocate their at-
tention to more complex or ambiguous categories
that require more nuanced judgment such as Too
Much Information or Too Little Information. In
addition, certain LLM-as-a-judge methods were
shown to be effective in annotating responses that
are Not Applicable (i.e., responses associated with
non-clinical questions), providing another oppor-
tunity for filtering and streamlining the annotation
process. Taken together, these findings suggest that
LLM-as-a-judge approaches can serve as valuable
tools for augmenting human annotation workflows,
saving time and effort for human reviewers while
preserving annotation quality.

Although human annotations served as the

ground truth (reference standard) for this study, no-
table levels of disagreement were observed among
annotators. For the subset that were doubly-
annotated (n=1104), the Kappa value for inter-
annotator agreement was 0.501. While this reflects
only moderate agreement, the task of labeling re-
sponses with one of five possible subjective cate-
gories can lead to poor agreement. Ironically, the
lowest annotator agreement was observed in Case
1, which was also the case for which the initial
annotator calibration was performed. This finding
underscores the influence of case-specific features
on both human annotation and LLM labeling. The
variability observed suggests the need to standard-
ize the annotation guideline development process
to promote consistency across clinical scenarios.
Many of the disagreements among annotators were
along the threshold of Correct and partially correct
responses (e.g., Too Much Information). These are
often very nuanced phrases and require carefully
crafted definitions during case generation.

Across all individual cases and in the aggregate
analysis, Method 1 consistently outperformed both
the Majority baseline and Method 2. With the ad-
vancement of LLMs and continual refinement of
prompting techniques, it is not surprising that an
LLM-as-a-judge method can outperform a majority
class baseline. What is surprising and notewor-
thy is the difference in performance between the
two LLM-based methods. Method 1 incorporates
the case-specific guidelines directly into the LLM
request that conducts the evaluation of each SP
response, while Method 2 references the guide-
lines only during the initial generation of LLM-
recommended patient responses and not during the
LLM request that conducts the evaluation. As a
result, Method 2 loses information when making
the actual evaluation and classification of the SP
response, only comparing it to another response.
Our team had hypothesized that this would im-
prove performance by allowing the LLM to split
the evaluation task into multiple steps. This result
underscores the power of current LLMs in navi-
gating large context windows (e.g., long conver-
sations and long reference documents, simultane-
ously). It may also suggest that the LLM-generated
responses may not be informative enough to serve
as a ground-truth response. Despite its superior
overall performance, Method 1 exhibited uneven
classification accuracy across labels, with the ma-
jority of predicted labels falling under the Correct
category. Among the minority classes, only Not
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Method Overall
F1 (Accuracy)

Case 1
F1 (Accuracy)

Case 2
F1 (Accuracy)

Case 3
F1 (Accuracy)

Case 4
F1 (Accuracy)

Majority 0.60 (0.72) 0.56 (0.69) 0.75 (0.83) 0.57 (0.70) 0.59 (0.71)
1 0.72 (0.67) 0.71 (0.70) 0.79 (0.75) 0.69 (0.63) 0.69 (0.64)
2 0.48 (0.42) 0.47 (0.44) 0.59 (0.49) 0.45 (0.38) 0.44 (0.38)

Table 3: LLM-as-a-Judge performance.

Method Label Predicted Count Precision Recall F1
1 Correct 1396 0.86 0.74 0.80
1 TMI 278 0.09 0.33 0.14
1 TLI 93 0.02 0.4 0.03
1 Incorrect 92 0.09 0.17 0.12
1 NA 389 0.74 0.61 0.67
2 Correct 1037 0.83 0.53 0.65
2 TMI 555 0.11 0.81 0.19
2 TLI 501 0.06 0.60 0.10
2 Incorrect 151 0.03 0.09 0.04
2 NA 4 1.0 0.01 0.02

Table 4: LLM-as-a-Judge performance by label. TMI=Too Much Information, TLI=Too Little Information, and
NA=Not Applicable.

Applicable achieved comparable performance. By
contrast, Method 2 demonstrated greater sensitiv-
ity to minority classes (i.e., Too Much Information
and Too Little Information), suggesting a stricter
approach and potentially greater attention to subtle
linguistic nuances. These findings indicate that a
hybrid approach, combining the contextual breadth
of Method 1 with the sensitivity of Method 2, may
yield further improvements in performance.

This study focused specifically on annotation of
SP responses to student-initiated questions. The
ultimate goal of this work is to develop an auto-
mated system for evaluating SSP responses, with
the dual goals of monitoring and improving system
performance. Importantly, the proposed evaluation
framework is equally applicable to human SP re-
sponses. Additionally, SP responses offer more nat-
ural conversation, more variability in phrasing, and
more room for the student to ask variable questions
compared to SSP responses. As a result, building
an evaluation system by first using SP responses en-
ables a finer-grained view of the types of responses
that constitute a realistic patient encounter. This
approach has the potential to enhance the formative
utility of SSP systems, ultimately supporting more
effective development of clinical reasoning skills in
students. Future evaluations of SSP responses may
find differences in response characteristics com-
pared to SP responses, potentially leading to the
adjustment of this evaluation framework.

Limitations

This study represents an initial investigation of both
human annotation and automated LLM annotation
of SP responses in physician-patient interactions.
Due to resource constraints, the annotation process
was limited to two annotators. With more anno-
tators, an even larger pool of labeled responses
could be annotated. Independent of the number of
responses, ensuring high-quality annotations with
high agreement is critical. This is especially impor-
tant for labels that are actionable, such as when the
SP provides too much or too little information in
response to the student. A larger pool of annotators,
with a more rigorous calibration and preparatory
period would likely yield improved results.

7 Conclusion

The automatic annotation of SP responses has sig-
nificant potential for advancing the development of
more accurate and effective formative assessments
of clinical reasoning. Enhancing the performance
of either SPs or SSPs can contribute to more mean-
ingful student-patient interactions. Building such
an evaluation system requires high-quality human
annotations to serve as the ground truth for what
constitutes an effective (e.g., accurate) patient re-
sponse. This study reported the results of a human
annotation effort involving SP responses, guided
by a structured rubric comprising five response
categories. Building on this foundation, two LLM-
as-a-judge methods were introduced as automated
approaches to replicate the human annotation pro-
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cess. Both methods showed promising agreement
with human judgments. Future research should
focus on integrating the strengths of each LLM-as-
a-judge method into a unified automated annotation
pipeline. Ultimately, these methods will be applied
to SSP-generated responses, enabling systematic
evaluation of both the evaluation engine and the
underlying SSP system, and thereby contributing to
the iterative improvement of AI-supported clinical
reasoning learning tools.
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A Examples of Human-Labeled SP
Responses

A.1 Correct
Student Question: "Consistently how long has your
breathing difficulty been going on? Has it gotten
worse recently?"
SP Response: "Yeah, uh, it’s only been going on
for about two years. Um, it’s been the same from
the beginning."
Explanation: The SP answered both questions cor-
rectly and did not provide additional detail.

A.2 Too Much Information
Student Question: "So, when you’re having a re-
ally bad shortness of breath, do you have feelings
like you’re going to die or like it’s like impending
doom?"
SP Response: "No, but I’ll just have that pounding
in my chest and neck kind of on and off sometimes
when I feel like I can’t breathe."
Explanation: The student is asking only about the
SP’s thoughts or feelings during shortness of breath.
The SP provided "pounding in my chest and neck"
in addition to denying feelings of impending doom.

A.3 Too Little Information
Student Question: "So, I’m just going to go through
a bunch of questions, and just tell me if you’ve had
any of them in the last two weeks, okay? Have you
had any headaches?"
SP Response: "Well, I do get stress headaches at
work sometimes."
Explanation: The complete response for headaches
is "When I’m at work, I get this feeling like a band
around my head."

A.4 Incorrect
Student Question: "Can you tell me a bit more
about how your periods are, like how many pads
you use, kind of like what the experience is with
those?"

SP Response: "I’ll go through maybe four to five
pads each day while I’m on my period."
Explanation: Her periods are heavy only during
the first three days, not throughout her period.

A.5 Not Applicable
Student Question: "Well, thank you so much for
talking to me and coming in when you did. I will be
with you to support you throughout this process."
SP Response: "All right, thank you. I appreciate
everything."
Explanation: The question and the response are not
related to the case content.
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Abstract

The systematic assessment of teaching qual-
ity through classroom observation is a critical
yet challenging task in educational research.
Traditionally, trained raters evaluate instruc-
tional practices by analyzing classroom interac-
tions (e.g., watching videos and annotating tran-
scripts) based on structured protocols. Whereas
the potential of using Large Language Models
(LLMs) to automate teaching quality assess-
ment is increasingly being explored, few stud-
ies have examined the underlying reasoning
behind those generated holistic scores, which
could provide specific feedback for raters and
teachers. In this study, we investigate the align-
ment between LLM- and human-generated as-
sessments of teacher questioning practices, fo-
cusing on both quality rating agreement and evi-
dence selection overlap. Specifically, advanced
GPT models (GPT-4o and o1) were prompted
using Chain-of-Thought (CoT) reasoning to an-
alyze transcripts sequentially by extracting tex-
tual evidence, classifying question types, and
assigning ratings. Analyzing 28 lesson tran-
script segments from the Global Teaching In-
sights study, each carefully annotated with high-
lights related to questioning practices, we found
that CoT prompting generally improved both
rating and evidence alignment compared to ba-
sic instructions. Under CoT reasoning, GPT-
4o achieved the highest Quadratic Weighted
Kappa score of 0.33 for quality rating agree-
ment, whereas o1-extracted evidence yielded
the highest character-level Intersection over
Union of 0.14 with human transcript annota-
tions. Qualitative analyses revealed that LLM
and human annotations aligned in identifying
explicit questioning forms, but they differed in
annotation scope and granularity. Our study
highlights LLMs’ potential to enhance the ex-
plainability of rating decisions, assist manual
assessment by highlighting relevant discourse
evidence, and suggest possible approaches to
offer teachers specific feedback that goes be-
yond numerical scores.

1 Introduction

Observing teaching practices in classrooms pro-
vides a crucial approach to assessing teaching qual-
ity and promoting teachers’ professional develop-
ment (Pianta and Hamre, 2009; Seidel and Shavel-
son, 2007; Praetorius et al., 2025). To systemat-
ically evaluate the quality of teacher-student in-
teractions, multiple classroom observation proto-
cols have been developed over the past decades,
such as the Classroom Assessment Scoring System
(CLASS) (Pianta et al., 2008) and the Protocol for
Language Arts Teaching Observations (PLATO)
(Grossman et al., 2013). These structured proto-
cols typically assess multiple facets of teaching
dynamics, e.g., instructional practices, emotional
support, and classroom management. To code such
protocols, trained raters capture important events
of classroom interactions from videotaped lessons
and assign scores to pre-defined teaching quality di-
mensions based on the observed evidence within a
lesson segment. Due to the complex nature of class-
room interactions, this manual observation process
often requires substantial human effort and time. In
addition, raters typically undergo intensive training
and pass quality control checks to ensure rating re-
liability. Given these resource-intensive demands,
automated assessment approaches using artificial
intelligence (AI) techniques could enhance both the
scalability of classroom observation studies and the
frequency of feedback provided to teachers.

Rapid advancements in Large Language Models
(LLMs) have demonstrated remarkable capabilities
in understanding and analyzing natural language,
leading to their expanding applications across di-
verse fields (Yang et al., 2024). In educational con-
texts, LLMs have been explored for various tasks to
foster teaching and learning (Kasneci et al., 2023),
including essay writing assessment (Seßler et al.,
2023, 2024), teachable agents for programming
(Ma et al., 2024), and instructional plan genera-
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tion (Hu et al., 2024). Meanwhile, the emerging
paradigm of “LLMs-as-Judges” has gained increas-
ing attention for leveraging LLMs as evaluators in
complex tasks (Gu et al., 2024), presenting new
possibilities for supporting classroom observation
procedures. Recent studies have explored the use
of LLMs for assessing teaching practices through
the analysis of lesson transcripts (Wang and Dem-
szky, 2023; Tran et al., 2024). Whereas in these
studies, LLMs are prompted to provide supporting
evidence before generating ratings, their evalua-
tions focus primarily on the consistency between
model-generated and human-assigned scores, leav-
ing the alignment of evidence-based rationales un-
explored. As classroom discourse often involves
complex interactions, understanding how LLMs
analyze teaching dynamics and justify their rating
decisions is critical for validating their assessment
capabilities and ensuring the interpretability and
trustworthiness of automated evaluations.

In this study, we investigate rating agreement and
the correspondence between LLM-identified and
human-documented evidence in assessing teacher
questioning practices. The analysis is based on
lesson transcript data from the German subset of
Global Teaching Insights (GTI) (OECD, 2020),
a large-scale international classroom observation
study. These transcripts document authentic mathe-
matics instruction dialogues and contain detailed
annotations from trained raters, including high-
lighted text spans that reflect specific teaching prac-
tices. We focus on the Questioning component
within the GTI observation protocol (Bell et al.,
2018a), as questioning practices can be effectively
analyzed using text transcripts alone, whereas other
dimensions (e.g., social-emotional support) may
rely more on non-verbal cues such as visual behav-
iors. Furthermore, teacher questioning serves as
a prominent feature of classroom discourse, and
effective questioning practices play a pivotal role
in student cognitive engagement and learning out-
comes (Redfield and Rousseau, 1981; Chin, 2007).
The GTI Questioning component reflects the cog-
nitive demand of teacher questions, emphasizing
how they engage students at different levels of
cognitive complexity and depth of processing in-
formation. To automate assessment, we leverage
the zero-shot capabilities of advanced GPT models
(GPT-4o and o1), using Chain-of-Thought (CoT)
reasoning (Wei et al., 2022) to guide them in iden-
tifying key evidence, categorizing question types,
and assigning ratings. Afterward, we analyze hu-

man and LLM alignment in holistic ratings, evi-
dence overlap at both character and span levels,
and questioning classification. This comprehen-
sive analysis reveals how automated assessment
approaches correspond to authentic human rating
practices, providing insights into LLMs’ potential
to support manual observation processes and offer
teachers concrete feedback.

2 Related Work

2.1 Automated Questioning Identification

Early research in automated identification of
teacher questions focused on analyzing classroom
discourse transcripts and audio recordings. (Don-
nelly et al., 2017) trained machine learning (ML)
models that combined linguistic, acoustic, and con-
text features to identify whether a teacher utter-
ance constitutes a question. (Kelly et al., 2018)
developed automated methods to estimate the pro-
portion of authentic questioning in a class period.
Recent studies have advanced beyond binary ques-
tion detection to analyze specific questioning strate-
gies. (Alic et al., 2022) employed both supervised
and unsupervised ML approaches to distinguish
between “funneling” questions that guide students
toward normative answers and “focusing” ques-
tions that encourage deeper thinking. Similarly,
(Datta et al., 2023) leveraged pre-trained language
models to classify teacher questions into four cat-
egories: probing, procedural, expository, and oth-
ers. Moreover, (Kupor et al., 2023) fine-tuned GPT
models to identify various instructional talk moves,
including questioning strategies such as eliciting
and probing student ideas. Whereas these studies
demonstrated advances in automated questioning
identification, they primarily treated questions as
isolated instances rather than analyzing patterns of
questioning practices within the broader context of
classroom discourse.

2.2 LLMs in Teaching Practice Assessment

With recent progress in LLMs, researchers have
explored their potential for automated assessment
of teaching practices by analyzing classroom tran-
scripts. One of the earliest studies in this area was
conducted by (Wang and Demszky, 2023), who
leveraged GPT-3.5’s zero-shot capability with dif-
ferent prompting methods to evaluate several as-
pects of teaching practices based on the CLASS
and Mathematical Quality Instruction (MQI) (Hill
et al., 2008) frameworks. In addition to score
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prediction, they prompted GPT-3.5 to identify ex-
emplary and problematic examples for each as-
sessed dimension and to generate suggestions for
how teachers could enhance student reasoning
within the given classroom discourse. Analyzing
a dataset of 100 transcript segments, they found
that model-predicted scores showed generally poor
alignment with human-assigned ratings and that
employing CoT reasoning did not improve perfor-
mance. Following this direction, (Hou et al., 2024)
demonstrated that the more advanced GPT-4 model
achieved superior zero-shot performance compared
to GPT-3.5 in assessing classroom social-emotional
support levels. Moreover, (Tran et al., 2024) exam-
ined how different task formulations affect LLMs’
performance in evaluating classroom discussion
quality, finding that explicitly guiding LLMs to ex-
tract relevant dialogue turns improved rating ac-
curacy. Additionally, (Whitehill and LoCasale-
Crouch, 2024) proposed a novel approach to as-
sessing CLASS scores by prompting Llama 2 (Tou-
vron et al., 2023) to identify behavioral indicators
in individual teacher utterances, then aggregating
these to predict holistic scores via linear regression.
Their results showed that this automated approach
could approach human inter-rater reliability while
providing explanations at the utterance level.

Whereas existing studies explored prompting
LLMs to extract relevant utterances beyond rating
scores, they either focused solely on rating per-
formance (Hou et al., 2024; Tran et al., 2024) or
validated the extracted evidence through external
reviewers (such as recruited teachers in (Wang and
Demszky, 2023) and authors themselves in (White-
hill and LoCasale-Crouch, 2024)) rather than ex-
amining their alignment with trained raters directly
involved in the protocol coding process. In this
context, our study contributes to this line of re-
search by (1) conducting a comprehensive analysis
of both rating alignment and evidence selection
overlap between LLM outputs and human anno-
tations, (2) examining whether CoT reasoning en-
hances LLMs’ capability to replicate human assess-
ment procedures, and (3) providing insights into
the similarities and differences between LLM and
human approaches in extracting discourse evidence
to reason their rating decisions.

3 Methodology

As illustrated in Figure 1, our study investigates
the extent to which LLM reasoning aligns with

manual annotations in assessing teacher question-
ing practices, comparing both rating assignments
and the evidence selected from lesson transcripts
to justify these decisions. This fosters the compre-
hension of LLM explainability, which is critical for
the trustworthy use of AI in educational contexts.

3.1 Dataset
Our analysis utilized data from Germany, one of
the participating countries in the Global Teach-
ing Insights (GTI) study (formerly known as
Teaching and Learning International Survey–Video
(TALIS–Video)) (OECD, 2020). The GTI study
systematically collected extensive classroom data
on the teaching of quadratic equations and con-
ducted a comprehensive global analysis of effective
instructional practices. The German data includes
100 lesson recordings from 50 classrooms with
1,140 students across 38 schools. Anonymized
lesson transcripts were created manually from the
videos, with timestamps and speaker identifiers
(e.g., “L” for teachers, “S01”, “S02” for students).

Grounded in the GTI video observation protocol
(Bell et al., 2018a), each lesson was divided into
16-minute segments, with each segment rated by
intensively trained raters on a 1-4 scale across six
domains. Each domain contains three components
of instructional practice. Our study focused on the
Questioning component, an important element of
the Discourse domain. Effective questioning prac-
tices that facilitate student learning require students
to engage across multiple levels of cognitive rea-
soning, with particular emphasis on higher-order
thinking skills (Henningsen and Stein, 1997). To
this end, the GTI Questioning component evalu-
ates the cognitive demands of teacher questions,
categorizing them into three types: (1) questions
that prompt students to recall information, report
answers, provide yes/no responses, or define terms;
(2) questions that require students to summarize,
explain, classify, or apply rules, processes, or for-
mulas; and (3) questions that challenge students to
analyze, synthesize, justify, or conjecture. Table 1
presents examples of each question type. The four-
point rating scale reflects the relative emphasis and
distribution of these question types throughout a
lesson segment, with higher ratings indicating a
greater proportion of more cognitively demanding
questions (see Figure 3).

During video observation, raters were instructed
to use the lesson transcripts as auxiliary tools, in
which they highlighted relevant text spans and
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Figure 1. An overview of our study. LLMs are prompted to evaluate instructional questioning practices on a
four-point scale and identify relevant evidence excerpts from transcripts. We then analyze the alignment between
LLMs’ assigned ratings and text selections with those provided by a trained rater.

Questions that request
students to... Examples

recall, report an answer,
provide yes/no answers,
and/or define terms

(1) What did you get Patrick?
(2) What is the equivalence principle?
(3) What is A? B? C?
(4) Did you understand that explanation?
(5) Do you remember what we did yesterday?

summarize, explain, clas-
sify, or apply rules, pro-
cesses, or formulas

(1) Can you tell me how did you get this answer?
(2) Let’s see if substituting 4 and 8 each into x in equation 2 would work.
Why do we substitute 4 and 8?
(3) How many conditions do the roots of quadratic equations with one
unknown have? What are they?

analyze, synthesize, justify,
or conjecture

(1) The perimeter of a rectangle is 20. What is the area of the rectangle?
(2) What is the pattern you notice across the three problems we just solved?
Look carefully.
(3) Can you explain why you disagree? Why do you think completing the
square is a more efficient approach than just using the quadratic equation
for number 4 on the board?

Table 1. Three questioning types and their examples (Bell et al., 2018b).

276-0005-01-TVA-18102018
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überlegt dass man ja im prinzip mehrere fälle 119 
unterscheiden muss wie viele fälle waren denn das 120 
DC_QUEST(recall) (.) S12 (S12: 3)ganz genau welche 3 121 
wodurch haben die sich unterschieden DC_QUEST(recall) 122 
(.) äh S? 123 

0:06:54 S?: äh einer hatte zwei einer hatte eine lösung und eine 124 
hatte keine lösung 125 

0:06:57 L: ja ganz genau also wir können wenn wir quadratische 126 
gleichungen lösen 3 fälle bekommen keine lösung eine 127 
lösung zwei lösungen jetzt gehen wir noch ein bisschen 128 
weiter wann genau haben wir denn keine lösung was muss 129 
mit meiner gleichung passieren damit ich keine lösung 130 
habe DC_QUEST(recall) S14 131 

0:07:16 S14: halt wenn in der wu- äh in der wurzel ein minus steht 132 
0:07:19 L: genau also wenn ich unter der wurzel eine negative zahl 133 

habe also kleiner als 0 das was hier steht (.) dann 134 
wissen wir es gibt keine lösung warum gibt es da keine 135 
lösung DC_QUEST(recall) 136 

0:07:36 S22: weil man nicht die wurzel aus einer negativen zahl 137 
ziehen kann DC_EXPL(brief) 138 

0:07:40 L: ja ganz genau ne das ist also der fall wo wir keine 139 
lösung haben wann bekommen wir genau eine lösung von 140 
unserer quadratischen gleichung DC_QUEST(recall) S05 141 

0:07:40 T: yes exactly no that is thus the case where we have no 142 
solution when do we get exactly one solution from our 143 
quadratic equation DC_QUEST(recall) S05 144 

0:07:48 S05: wenn beide dasselbe ergebnis haben 145 
0:07:51 L: du meinst glaub ich das richtige (.) S13 146 
0:07:55 S13: ich glaub wenn die 0 (L: ja) unter der dings ist 147 
0:07:58 L: genau wenn wir unter der wurzel als ergebnis 0 haben 148 

dann ziehen wir die wurzel aus 0 was ist die wurzel aus 149 
0 S12 (S12: 0)ja und dann müssen wir einmal 0 dazu 150 
addieren es sind da heißt es ja dann am ende +0 151 
beziehungsweise -0 und da haben wir dasselbe ergebnis 152 
zweimal deshalb gibt es nur eine lösung DC_EXPL 153 

154 
der normalfall das was am häufigsten aber auftritt ist 155 
wir haben zwei lösungen und dazu muss was passieren 156 
DC_QUEST(recall) S01 (S01: größer als 0)ja wir brauchen 157 
etwas was größer als 0 ist also bei gleich 0 haben wir 158 
letztendlich ich fasse das hier nochmal zusammen eine 159 
lösung wenn es größer als 0 ist haben wir zwei lösungen 160 
und wenn es kleiner als 0 ist dann keine oder aber 0 161 
lösungen Q_CLAR  162 

163 
so das ist das rechnerische wir werden uns jetzt 164 
nochmal 2 beispiele dazu angucken wo wir das ganze 165 
nochmal sehen das heißt wir berechnen das tatsächlich 166 
und dann gucken wir uns denn ich finde es ist wichtig 167 
den zusammenhang gut zur ersten einheit immer 168 
herzustellen was bedeutet das ganze dann auch 169 
zeichnerisch Q_CLAR  170 

171 
so wir nehmen mal bitte folgendes beispiel wir machen 172 
das hier gemeinsam an der tafel und zwar (.) aufgabe a 173 
(S13: sollen wir das abschreiben)nein wir machen das 174 
hier nur an der tafel das ist nur newiederholung ihr 175 
werdet ja gleich merken auch dass ihr das könnt so wir 176 
haben folgende (hustet) formel x²+8x+16=0 und jetzt 177 

Figure 2. Visualization of an authentic manual annotation example (translated word-for-word from German to
English for readability). DC_QUEST means the Questioning component in the Discourse domain. T: Teacher; S05:
Student.
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specified the corresponding components. As these
transcript annotations served primarily as working
notes to support the rating process rather than as
systematically standardized documentation, indi-
vidual raters could vary in their annotation styles.
Some raters provided detailed evidence highlights
for certain components while annotating others
sparsely, reflecting individual documentation pref-
erences. This authentic variation, although valu-
able for understanding real-world assessment prac-
tices, presented challenges for conducting a unified
analysis across all raters. Therefore, to enable a fo-
cused analysis of questioning practices, we selected
data from one rater who provided detailed textual
evidence for the Questioning component, including
fine-grained annotations that categorized question-
ing strategies. This resulted in a dataset of 8 lessons
containing 28 segments and 149 highlighted text
spans. Figure 2 illustrates an annotation exam-
ple. Additionally, as each segment was assessed by
two randomly assigned raters, we calculated the se-
lected rater’s agreement with others who evaluated
the same set of segments for the Questioning com-
ponent, resulting in a Quadratic Weighted Kappa
(QWK) score of 0.48. To contextualize this agree-
ment level, we extended the leave-one-rater-out
analysis to all 14 raters over the whole GTI Ger-
many dataset. The average QWK score across all
raters was 0.23, indicating that the chosen rater
exhibited relatively high consistency with others
in evaluating questioning practices. Moreover, we
processed the annotated transcripts using INCEp-
TION (Klie et al., 2018), an open-source text anno-
tation platform, to convert the original annotations
into a structured dataset by pairing highlighted text
spans with corresponding question categories for
subsequent comparison with LLM annotations.

3.2 ChatGPT Zero-Shot Annotation

We employed two state-of-the-art GPT models1,
GPT-4o (gpt-4o-2024-11-20) and o1 (o1-2024-12-
17), to automatically assess questioning practices
while extracting supporting evidence from class-
room dialogues. For each model, we investigated
two zero-shot prompting strategies: a basic prompt
and Chain-of-Thought (CoT) (Wei et al., 2022)
reasoning. The basic prompt (see Figure 3) posi-
tioned LLMs as expert raters in evaluating teaching
practices and outlined multiple rating guidelines,
including examples of the three questioning types

1https://platform.openai.com/docs/models

(see Table 1) and detailed scoring criteria for each
rating level. Additionally, the prompt incorporated
a 16-minute segment transcript for evaluation and
instructed LLMs to provide a rating score along
with a list of supporting evidence in the form of
verbatim excerpts. Model responses were required
in JSON format to ensure consistency and facilitate
systematic analysis. The CoT prompt maintained
all elements of the basic prompt but introduced
explicit procedural analysis steps shown in Fig-
ure 4. Besides rating assignment and evidence
extraction, the model was required to classify each
identified evidence excerpt into one of three pre-
defined question categories in its JSON response.
This additional categorization enabled a more gran-
ular analysis of instructional questioning practices.

We accessed both GPT models via the OpenAI
API and used default hyperparameters for infer-
ence. Due to the variability in LLM outputs, we
conducted three independent runs for each experi-
mental setting and averaged their evaluation results.

3.3 Evaluation Metrics
To understand how closely automated assessments
correspond to authentic human annotations in eval-
uating teacher questioning practices, we examined
three aspects: (1) rating alignment, (2) textual evi-
dence overlap, and (3) questioning categorization
consistency. The used metrics are described below.

(1) First, we utilized Quadratic Weighted Kappa
(QWK) to measure agreement between model-
generated and human-assigned scores. QWK ac-
counts for the ordinal nature of rating levels by
penalizing larger disagreements more heavily than
smaller ones. (2) Second, we explored the degree
of overlap between model-extracted and human-
highlighted evidence spans at both character and
span levels. At the character level, for a given
transcript segment, we mapped each evidence ex-
cerpt (from either the model or the human rater) to
its respective position in the transcript by identify-
ing its start and end character indices. Afterward,
we calculated the Intersection over Union (IoU)
between model-extracted and human-annotated ev-
idence sets, defined as the ratio of overlapping
characters relative to the total number of charac-
ters covered by either set. However, interactive
classroom discourse differs from structured written
text, often involving fragmented, overlapping, and
context-dependent utterances. As a result, annota-
tors could include varying amounts of surrounding
context when marking the same evidence. This in-
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# Task
You are an expert in evaluating the quality of classroom interactions based on lesson transcripts. You will be provided with 
a German transcript of a mathematics lesson segment focusing on quadratic equations. The transcript includes timestamps 
and speaker annotations, with 'L' indicating the teacher and 'S' followed by an ID number identifying anonymous students. 
Your task is to assess the teaching quality dimension of 'Questioning', which evaluates the nature of the questions asked by 
teachers that request students engage in a range of types of cognitive reasoning. 

# Important Note
*  Rhetorical questions (i.e., questions the teacher poses and either does not answer or answers him or herself) should not be 
counted during rating.
*  The rater should focus on what kinds of questions characterize the segment.
*  Here are three types of questions with examples:

{ Examples of three question types}

# Rating Scale (1-4, low to high)
*  Score 1: Questions generally request students recall, report an answer, provide yes/no answers, and/or define terms. 
*  Score 2: Questions generally request students recall, report an answer, provide yes/no answers, and/or define terms, 
although there are some questions that request students summarize, explain, classify, or apply rules, processes, or formulas. 
*  Score 3: Despite a few questions that request students recall, report, and/or define, most questions request that students 
summarize, explain, classify, or apply rules, processes, or formulas. There may be a small number of questions that request 
students analyze, synthesize, justify, or conjecture. 
*  Score 4: Questions request a mixture of recall, reporting, defining, summarizing, explaining, classifying, applying rules, 
processes, or formulas, analyzing, synthesizing, justifying, and/or conjecturing, but the emphasis is on questions that 
request students analyze, synthesize, justify, or conjecture.

# Instructions
Provide a JSON response with a rating and a list of key evidence supporting your rating:
{
    "rating": <integer score>, 
    "evidence": ["<exact quote 1>", "<exact quote 2>", ...]
}
Note: Use exact character-for-character text spans from the provided transcript as complete evidence. Do NOT modify, 
paraphrase, abbreviate, or omit any content (including punctuation and formatting).

# Transcript
Below is the transcript to be rated, enclosed in triple backticks:
```{ Transcript} ```

Figure 3. Basic prompt including comprehensive coding rubrics and response instructions. {Examples of three
question types} can be found in Table 1.

...
# Instructions
Analyze the transcript following these steps:
1. Read the transcript carefully,
2. Identify teacher questions maching the three aforementioned types,
3. Rate the transcript based on the coding rubrics.
Provide a JSON response with a rating and a list of relevant teacher questions along with their types: 
{
    "rating": <integer score>, 
    "evidence": 
        [{ "question": <exact quote 1>, "type": <1, 2, or 3>} , ...]
}
Note: Use exact character-for-character text spans from the provided transcript as complete evidence. Do NOT 
modify, paraphrase, abbreviate, or omit any content (including punctuation and formatting).
...

Figure 4. Chain-of-Thought prompt (sharing identical rating guidelines with the basic prompt).
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herent variation in annotation granularity made ex-
act character-level alignment overly restrictive. To
address this, we adopted a more flexible matching
criterion at the span level. A model-extracted span
was considered a match with a manual annotation
if they overlapped within the same general region
of the transcript. Based on these counts, we calcu-
lated Precision (i.e., proportion of matches among
model-extracted spans), Recall (i.e., proportion of
matches among human-annotated spans), and F1-
Score (i.e., harmonic mean of Precision and Recall).
The resulting metrics were averaged across all tran-
script segments. (3) Finally, for matched evidence
spans, we evaluated the classification of question
types utilizing weighted Precision (i.e., how many
of model-predicted question types were correct),
Recall (i.e., how many of human-labeled question
types were identified), and F1-Score.

4 Results

Table 2 presents the results on the consistency be-
tween LLM- and human-assigned ratings. GPT-4o
with the CoT prompt achieved the highest agree-
ment with human ratings (QWK=0.33), yielding
notable improvement over its basic prompt coun-
terpart. In contrast, the o1 model showed similar
QWK scores for both basic and CoT prompts. Sub-
sequently, we analyzed the overlap between model-
extracted and human-annotated evidence at both
character and span levels, along with their question
type categorization. The results are summarized
in Table 3. Regarding the selection of textual ev-
idence, CoT prompting generally yielded higher
character-level overlap than the basic prompt across
both models, with the o1 CoT variant achieving the
highest IoU of 0.14. At the span level, o1 resulted
in stronger alignment across all metrics compared
to GPT-4o under both prompting conditions. Simi-
lar to the rating results, the o1 model maintained a
consistent F1 score of 0.38 between basic and CoT
prompts. For question type categorization, under
CoT prompting, the o1 model achieved a higher F1-
Score than GPT-4o in distinguishing questioning
evidence across three levels of cognitive demand.

In addition to the quantitative analysis, Figure 5
illustrates an exemplary comparison between hu-
man and LLM (o1-CoT) evidence selections from
a transcript excerpt. The excerpt presents class-
room discourse at the start of a math lesson, where
the teacher reviews quadratic equations through
a series of questions. The visualization captures

both areas of convergence and divergence between
human and model annotations. The overlapping
regions (lime green) indicate alignment in identi-
fying explicit instructional questioning while also
revealing variations in the amount of surrounding
context included by annotators when highlighting
the same evidence. Whereas model-specific anno-
tations (pure green) frequently include direct refer-
ences to individual students (e.g., “S18”) and focus
on explicit computational prompts such as “yes and
q,” human-only annotations (yellow), such as “now
we substitute this into...,” tend to reflect a more
contextualized and indirect questioning approach
directed at students. Moreover, this comparison
reveals that both model and human annotations oc-
casionally overlook certain questions, leaving them
unmarked and thus excluded from the assessment
(e.g., “-6/2 is how much”).

5 Discussion

In this study, we explored the zero-shot capabilities
of advanced LLMs in evaluating instructional ques-
tioning practices from classroom transcripts. Our
comparative analysis between LLM judgments and
authentic human annotations revealed both areas
of alignment and notable discrepancies in assess-
ment approaches. The overall inter-rater agreement
(QWK=0.23, see Sect. 3.1) in the GTI Germany
dataset for the Questioning component underscores
the inherent subjectivity of classroom observation
over 16-minute instruction segments, suggesting
that even trained human raters may differ in their
interpretations of questioning practices. Within
this context, the alignment between LLMs and the
selected rater (QWK up to 0.33), whereas falling
below the selected rater’s agreement with other
raters (QWK=0.48) on the same segment set, in-
dicates the potential of LLMs to serve as assistive
tools in classroom observation. Our results showed
a moderate overlap in evidence selections (IoU up
to 0.14, F1 up to 0.38) between LLM outputs and
human annotations. Through analysis of multi-
ple transcript examples, we observed that, whereas
LLMs and the human rater aligned in identifying
explicit instructional questions, they differed in an-
notation scope and granularity. LLMs tended to
provide more comprehensive coverage of question-
ing instances throughout the discourse and include
more surrounding dialogue around each question.
It is important to consider the nature of human-
annotated transcripts, which were created as prac-
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Model Prompt Type QWK
Human Raters - 0.48

GPT-4o
Basic 0.17
CoT 0.33

o1
Basic 0.22
CoT 0.23

Table 2. Results of agreement between LLM-generated scores and human-assigned ratings. For human raters,
QWK is computed by comparing the chosen rater’s scores with those of other raters who evaluated the same set of
segments.

Model Prompt
Type

Evidence Overlap Question Categorization
IoU Recall Precision F1 Recall Precision F1

GPT-4o
Basic 0.06 0.14 0.23 0.18 - - -
CoT 0.10 0.21 0.29 0.24 0.44 0.67 0.50

o1
Basic 0.09 0.33 0.45 0.38 - - -
CoT 0.14 0.52 0.29 0.38 0.61 0.55 0.58

Table 3. Results of LLM and human alignment in evidence selections and question categorization. Bold values
indicate the highest alignment for each metric.

Figure 5. Visualization of evidence overlap between human and model (o1-CoT) annotations in a transcript excerpt
(translated from German to English). Yellow: human-only annotations; Pure green: model-only annotations; Lime
green: overlapping selections. T: Teacher; C: Class; S06, S18, ...: Student.
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tical notes rather than exhaustive documentation.
Given that human raters assessed multiple compo-
nents simultaneously, they may prioritize salient
evidence that most effectively supports their eval-
uations, potentially omitting trivial or redundant
instances. For example, in Figure 5, whereas the
model identified some short questions, human an-
notations tended to focus on more substantive spans
that warranted explicit documentation. This selec-
tive nature reflects authentic annotation practices
in real-world classroom observation settings.

Moreover, our findings revealed distinct patterns
in how GPT-4o and o1 performed under basic and
CoT prompting. For GPT-4o, CoT reasoning re-
sulted in higher agreement with human annotations
across all metrics compared to the basic instruction,
indicating that explicit guidance through structured
reasoning steps helps LLMs better approximate hu-
man assessment practices. In contrast, o1 yielded
comparable alignment levels between basic and
CoT prompts, possibly attributed to o1’s intrinsic
reasoning mechanism that enables it to infer and
apply implicit procedural analysis from basic in-
structions paired with rating guidelines. Further,
whereas GPT-4o with CoT achieved a higher rating
agreement than o1, o1 led to greater consistency
with human annotations in evidence selections and
question type classification. This discrepancy sug-
gests potential differences in how human raters
and LLMs translate identified evidence into holis-
tic scores, indicating the complexity of teaching
quality assessment. Additionally, o1 generates nu-
merous intermediate tokens during its internal rea-
soning process before producing a final response,
resulting in longer inference time and higher API
costs. Thus, GPT-4o with CoT prompting might
present a more balanced solution, offering a trade-
off between accuracy and efficiency.

Our findings suggest promising implications for
integrating LLMs into classroom observation. Un-
like traditional automated methods (Ramakrishnan
et al., 2021; James et al., 2018) that often lack
explainability, LLMs can explicitly identify rele-
vant discourse evidence to support their ratings.
Thus, they could serve as complementary raters
by suggesting highlights in transcripts for human
raters to validate or refine. This human-in-the-loop
approach would reduce the manual workload of
sifting through lengthy transcripts while maintain-
ing expert-level judgment. Beyond assisting man-
ual observation, LLM-generated evidence-based
assessments could form the basis for systems that

provide teachers with timely feedback, offering
both holistic ratings and representative examples
of teaching practices (e.g., high-quality questions
that promote students’ high-order thinking). More-
over, these automated analyses could be valuable
as training materials for novice raters by providing
annotated instances of different questioning types
and their impact on instruction. However, given the
high-stakes nature of teaching quality assessment
and potential algorithmic biases, it is crucial to rec-
ognize that LLMs should complement, rather than
replace, manual coding or professional develop-
ment resources. This allows raters and teachers to
choose how to utilize these automated annotations
to refine professional skills at their own pace.

One limitation of our study is its focus solely
on the GTI Questioning component. While this
verbally-oriented practice suits transcript analy-
sis, the generalizability of our findings to other
instructional components (e.g., teacher feedback)
remains to be explored. Moreover, although the
selected rater exhibited above-average agreement
with peers, expanding the dataset to include more
raters would allow for a more comprehensive under-
standing of human annotation variability. Further,
while CoT reasoning showed promising results, fu-
ture research could benefit from employing more
sophisticated promoting engineering strategies, like
in-context learning. Additionally, with the rise of
open-source models such as Llama (Touvron et al.,
2023), future work could explore their applications
to classroom observation tasks, offering potential
alternatives to closed-source models and enabling
large-scale studies at reduced operational costs.

6 Conclusion

This study examines the alignment between LLM-
and human-generated assessments of teacher ques-
tioning practices, involving both rating assignments
and evidence extraction. CoT prompting proves ef-
fective in guiding LLMs to approximate human
assessment procedures. Although LLM and human
annotations exhibit different patterns in granularity
and context inclusion, these variations highlight
complementary approaches to identifying instruc-
tional events. Our findings suggest LLMs’ poten-
tial to enhance the explainability and trustworthi-
ness of rating decisions and to facilitate manual
observation and foster teacher professional growth
in future applications.
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Abstract
Accurate prediction of item parameters using
item characteristics has been a long-standing
objective in educational measurement, and re-
cent advances in natural language process-
ing (NLP) and large language models (LLMs)
have opened new possibilities for modeling
item parameters directly from item text. In
this study, we introduce novel fine-tuning ap-
proaches that leverage item text as well as
structured item attribute variables for enhanced
prediction. For benchmarking, we compare
suggested approaches with a traditional tree-
based machine learning model that uses item at-
tributes as primary inputs. The proposed meth-
ods are evaluated on a dataset of over 1,000 op-
erational English Language Arts (ELA) items,
with both dichotomous and polytomous scoring.
Our work offers a unique opportunity to eval-
uate the prediction of item difficulty for poly-
tomous items as well as item discrimination—
areas that have received limited attention in
prior research.

1 Introduction

Item parameter prediction in educational measure-
ment refers to the modeling of item response the-
ory (IRT) model parameters such as difficulty by
using item-level features inherent in the items
(AlKhuzaey et al., 2024). Accurately and reliably
predicted item parameters offer multiple benefits.
First, it can reduce the heavy reliance on field test-
ing in evaluating new items, which is costly and
increases the risk of security breaches due to item
exposure (Ulitzsch et al., 2025). If non-functional
items, such as those that are too easy or not discrim-
inative, can be identified through predictive mod-
eling, test developers can save resources in vetting
new items. In addition, item parameter prediction
has broader implications beyond large-scale assess-
ments. If the methodology is sufficiently validated,

*Work conducted while the author was at Cambium As-
sessment.

it can be applied to classroom settings, where ed-
ucators evaluate how their own items align with
summative scales and make data-informed adjust-
ments to instructions.

Given its potential to support a wide range of as-
sessment activities, item parameter prediction has
been a long-standing objective in the field (Fischer,
1995; Ferrara et al., 2022). In particular, recent ad-
vances in natural language processing (NLP) tech-
niques has enabled researchers to leverage textual
information in items in predicting item parameters
(AlKhuzaey et al., 2024; Benedetto et al., 2023).
Researchers have utilized language models to ex-
tract surface-level linguistic features and/or to de-
rive embeddings to capture deeper semantic mean-
ings, which are then used as features in statistical
models or machine-learning (ML) algorithms (Xue
et al., 2020; Yaneva et al., 2019, 2023). More re-
cently, fine-tuning large language models (LLMs)
on item texts has shown improved predictive per-
formance compared to feature-based approaches
(Benedetto et al., 2021; Yaneva et al., 2024; Zu
and Choi, 2023). Given these recent findings and
ever-improving capabilities of LLMs, further in-
vestigation into the use of fine-tuned LLMs for the
item parameter modeling appears warranted and
timely.

1.1 Study Purpose and Contributions
The purpose of the current study is to examine
the performance of fine-tuned LLMs and explore
how they can be more effectively leveraged for the
item parameter prediction. To this end, the study
addresses several research questions that have re-
ceived limited attention in the existing literature.
First, it investigates ways to integrate textual infor-
mation from items with additional item attributes—
such as content classification variables—within a
fine-tuned LLM architecture. The study also com-
pares the performance of fine-tuned LLMs with
traditional machine learning algorithms to evalu-
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ate their relative performance. Third, the study
suggests methodologies for applying LLMs in the
prediction of parameters for polytomously scored
items, an area that has been underexplored. Finally,
the study investigates the capacity of fine-tuned
LLMs to predict discrimination parameters, which
has historically received less attention in item pa-
rameter modeling.

2 Prior Research on IRT Parameter
Prediction Using Fine-tuned LLMs

One of the key advantages of using LLMs is that
they can be further fine-tuned for a specific task on
top of its general linguistic capabilities obtained
from pre-training. Through fine-tuning, the model
parameters are optimized for a given task, enabling
improved performance on downstream applications.
Due to this flexibility and ability to directly model
textual input, fine-tuned LLMs have been increas-
ingly used to predict IRT parameters in the context
of educational assessments.

Benedetto et al. (2021) demonstrated that a fine-
tuned BERT model (Devlin et al., 2019) could ef-
fectively estimate difficulty parameters of Rasch
model (Rasch, 1993) using items from e-learning
platforms. They found that the fine-tuning ap-
proach reduced estimation error by 6.5% compared
to traditional feature-based ML approaches using
TF-IDF and embeddings. Zu and Choi (2023) also
examined performance of fine-tuned RoBERTa
model (Liu et al., 2019) in predicting item difficulty
parameters of autogenerated multiple-choice items
for English-language proficiency tests. By first
fine-tuning RoBERTa on a key classification task
subsequently adapting it for difficulty prediction,
they achieved stronger correlations—r = .733 for
listening and r = .684 for reading—compared to
traditional methods based on hand-crafted features
and embeddings.

Building on this line of work, Gombert et al.
(2024) explored fine-tuning various transformer-
based models to jointly predict both item difficulty
and response time for multiplice-choice items in
a medical licensure exam. They introduced archi-
tectural enhancements to LLMs by incorporating
scalar mixing and a custom regression head. While
their approach ranked first in a share task competi-
tion, their predictive power was relatively modest,
yielding a maximum correlation of .27. Using a
different dataset—math proficiency test data set
for adults, Feng et al. (2024) found that fine-tuned

RoBERTa achieved the best prediction, outperform-
ing linear regression and zero-shot prompting ap-
proaches in terms of minimizing mean squared
error, while explaining approximately 43% of the
variance in the difficulty.

3 Methods

While several studies have successfully fine-tuned
LLMs for item parameter prediction, to the best
of the authors’ knowledge, none have explored
the integration of item attribute variables—such
as content-wise classifications—directly within the
LLM fine-tuning process. Given that most opera-
tionally maintained items are accompanied by such
metadata, leveraging these additional features may
enhance the predictive performance of LLMs.

In addition, the dataset used in this study is no-
table for its diversity, encompassing a range of
item types that are currently operationally used in a
large scale assessment. As such, evaluating the per-
formance of the proposed methods on this dataset
can provide insights that are both methodologically
novel and practically relevant.

3.1 Dataset

The dataset used in this study consists of 1,119
items to assess English Language Art (ELA) profi-
ciency for Grade 6 students. These selected items
were drawn from the operational pool for the 2024-
2025 Smarter Balanced assessment administration.
The authors gratefully acknowledge the collabora-
tion and support of Smarter Balanced in providing
access to this high quality dataset.

These items span seven distinct item types, in-
cluding five machine-scorable types (EBSR, HT,
MC, MI, and MS) and two constructed response
types (SA, WER) (see Appendix A for the descrip-
tion of the item types). In this dataset, the machine-
scorable items were scored dichotomously, and
constructed response items were all scored poly-
tomously. The items were field-tested across 8
years (2014, 2015, 2016, 2017, 2018, 2019, 2020
and 2022), and include 935 summative items and
184 interim ones. The actual counts of the item
types across the field-tested years can be found in
Appendix B.

Two Sources of Information: Texts and Item
Attributes. Each item in the dataset was associated
with two types of texts: a stimulus text and as item
text. Since these items were ELA items, stimulus
texts typically consisted of a reading passage de-
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signed to provide necessary information needed to
answer questions. Item texts contained the actual
question or prompt. To optimize input construction
for the modeling, we concatenated the item text
followed by the stimulus text. This ordering was to
ensure inclusion of the item prompt within limited
sequence length in the LLM modeling process. For
polytomously scored constructed-response items,
an additional piece of textual information was in-
corporated: rubric texts. The rubric texts were
needed to provide unique information to model
multiple difficulty parameters for the polytomous
items. To ensure this critical information was re-
tained in the modeling, rubric texts were prepended
to the item text, followed by the stimulus text.1

In addition to textual data, this study extracted a
set of item attribute variables to evaluate their con-
tribution to the prediction. In total, 152 attribute
variables were compiled: 59 content-based spec-
ification variables and 93 hand-crafted linguistic
features extracted from both item and stimulus texts
based on Baldwin et al. (2021) (see Appendix C
for examples of item attribute variables used in this
study.)

Target Variable: Banked IRT parameters.
The target variables in this study were IRT
parameters—both item difficulty and discrimina-
tion parameters—from the operational Smarter Bal-
anced item bank. In the bank, the dichotomous
items were calibrated using two-parameter logistic
(2PL) model (Birnbaum, 1968), while the poly-
tomous items were calibrated using generalized
partial credit model (GPCM) (Muraki, 1992).

3.2 Item Response Theory Model:
Generalized Partial Credit Model

Because the 2PL model is a special case of GPCM,
this study treated the 2PL-calibrated parameters as
a simplified instance of GPCM. GPCM describes
the probability of an examinee with a latent trait
level θ to obtain a score of v ∈ {0, 1, . . . ,mi} for
item i as:

piv =
exp(

∑v
r=0Dai(θ − bi + dir))∑mi

c=0 exp(
∑c

r=0Dai(θ − bi + dir))
,

where ai and bi respectively denote the overall dis-
crimination and difficulty parameters for item i,
and dir represents the step parameter for the cate-
gory r for the item. The GPCM parameters used

1Although the text input consists of rubric, item and stim-
ulus texts, we refer to this combined input as "item text" for
brevity throughout the remainder of this paper.

in this study were estimated under the constraints
di0 = 0 and

∑
r dir = 0. For the difficulty mod-

eling, the target variable was defined as the item
category threshold bi−dir for polytomously scored
items, where dir = 0 for the dichotomous cases.2

The discrimination parameter ai was used as the
target variable for modeling item discrimination.

3.3 Sampling
This study adopted an 80%:10%:10% split ap-
proach to create training, development, and test
sets, respectively. The training set was used to
train the models, while the development set was
used to guide hyperparameter tuning and modeling
decisions. The test set was held out to ensure the
generalized performance of the trained models. For
the sampling, items were stratified by item types to
equally distribute all item types across the sets. A
detailed breakdown of item type counts across the
three sets is provided in Appendix D.

3.4 Fine-tuning LLMs Using Texts as Primary
Input

To evaluate how item texts can be fine-tuned for
predicting IRT parameters, we implemented two
distinct LLM architectures as shown in Appendix E:
a baseline model that uses only item texts as in-
put, and an experimental model that incorporates
both item texts and attributes as input. In both
architectures, the model started by encoding item
text into static token-level embeddings of 768 di-
mensions using a pre-trained LLM. These token
embeddings were then aggregated to a single 768-
dimensional vector using mean pooling. Subse-
quently, the pooled vector was passed through three
consecutive hidden layers, with each normalized
by batch normalization, followed by Leaky ReLU
activations (Maas et al., 2013). Finally, a regres-
sion head was attached to the last hidden layer to
produce a continuous output for the target IRT pa-
rameters.

Model with Item Attributes. As shown on the
right side of Figure 1, the experimental model with
item attributes was implemented by concatenating
item attribute variables with the pooled embeddings
before passing it through the hidden layers. This
design allowed the model to leverage both item
text and attributes seamlessly within the fine-tuning
process.

2These category threshold parameters are referred to as
difficulty parameters throughout the remainder of this paper
for simplicity.
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Within this architecture, we explored two model
variants: one that uses the raw item attribute vari-
ables directly for the concatenation and the other
that concatenates predicted values from another
predictive ML model based on item attributes. We
refer to the first variant as the feature augmented
model, where the raw variables are used to aug-
ment the LLM feature space. The other variant
is referred to as the transfer learning model, as it
transfers predictive outputs from a separate model
into the LLM. Note that the inclusion of two ad-
ditional model variants resulted in a total of three
fine-tuned LLM approaches: (i) baseline models
using item texts as the sole input, (ii) feature aug-
mented models using raw item attributes alongside
the texts, and (iii) transfer learning models that
used LLM-predicted values as an additional input.

Selected Pre-trained LLMs. Four different
LLMs were experimented in this study to evalu-
ate differences in performance: RoBERTa (Liu
et al., 2019), DeBERTa (He et al., 2020), XL-
Net (Yang et al., 2019), and Longformer (Beltagy
et al., 2020). Three models except for XLNet were
encoder-based model. These encoder models were
chosen as they are designed to transform texts into
contextualized embeddings, which can be seam-
lessly adjusted for regression tasks. XLNet, while
not an encoder-only model, was chosen as it often
outperformed other transformer-based models due
to its recurrent mechanism that can accommodate
long-term dependencies (Ormerod et al., 2023).

Hyperparmeters. The following hyperparame-
ter settings were used throughout this study:

• Batch size: 16 for most models; reduced to 8 for De-
BERTa due to GPU memory limitations

• Number of epochs: 40 for most models; increased
to 100 for DeBERTa to ensure sufficient updates to
mitigate noisier gradients due to the smaller batch size 3

• Sequence length: 512 4

• Learning rate: 1e−5 for pre-trained LLM parameters
and 1e−2 for other model parameters

3.5 Traditional ML Approach Using Item
Attributes as Primary Input: CatBoost

In addition to fine-tuned LLMs, this study imple-
mented a traditional ML approach to predict IRT

3The study used the model state after completing all train-
ing epochs as the final model.

4While Longformer and XLNet can process inputs longer
than 512 tokens, the sequence length was fixed at 512 based
on preliminary analysis showing no performance advantage
from longer inputs.

parameters using item attribute variables as pri-
mary input. Specifically, CatBoost (Dorogush et al.,
2018)—a gradient boosting algorithm based on de-
cision trees—was chosen due to its ability to na-
tively handle categorical variables without requir-
ing dummy coding 5. Following the structure used
in the LLM-based modeling, three variants of the
CatBoost approach were developed: (i) baseline
models, (ii) feature augmented models, and (iii)
transfer learning models.

In the baseline model, only the item attribute
variables were used as input features. For the fea-
ture augmented model, embeddings extracted from
each of the fine-tuned baseline LLMs were ap-
pended to the item attribute feature set. In the trans-
fer learning model, the predicted values generated
by the fine-tuned baseline LLMs were appended
to the item attribute feature set as an additional
predictor.

4 Results

The predictive performance of the models was
evaluated using two metrics: Pearson correlation
(COR) and root mean squared error (RMSE). These
metrics were calculated by treating the banked IRT
parameters as the ground truth for the development
and test sets. Table 1 displays descriptive statistics
of the banked IRT parameters across the subsets.

Parameter Statistic Train Dev Test

Discrimination
(ai)

Min 0.110 0.166 0.203
1st Qu. 0.448 0.437 0.466
Median 0.579 0.548 0.633
Mean 0.586 0.553 0.610
3rd Qu. 0.718 0.681 0.743
Max 1.354 1.043 1.075
SD 0.199 0.179 0.209

Difficulty
(bi − dir)

Min -2.719 -1.770 -1.631
1st Qu. -0.175 -0.024 -0.086
Median 0.798 0.863 0.648
Mean 0.891 0.978 0.805
3rd Qu. 1.766 1.770 1.681
Max 9.068 6.251 4.607
SD 1.379 1.391 1.257

Table 1: Summary statistics for the banked IRT parame-
ters across the sets.

The prediction results presented in the following
are all based on the held-out test set.

5The study used CatBoost v1.2.7 with default hyperparam-
eter settings.

253



4.1 Item Difficulty Prediction Results

Table 2 presents the performance of fine-tuned
LLM and CatBoost models on the item difficulty
prediction task.

Positive Impact of Item Attribute Integration
in LLM Fine-Tuning. The results demonstrate
promising prediction accuracy for baseline fine-
tuned LLMs, achieving correlations close to 0.7
with Longformer and DeBERTa. These findings
suggest that item text alone can contribute substan-
tial information relevant to predicting difficulty pa-
rameters when leveraged through LLM fine-tuning.
Further improvements were observed with the fea-
ture augmented models, where raw item attribute
variables were integrated into the LLM fine-tuning.
This method consistently (albeit marginally) out-
performed the baseline across all four LLMs, yield-
ing the highest correlations and lowest RMSEs in
most of LLMs.6 These results indicate that item at-
tributes can provide additional information in pred-
iting difficulty parameters. In contrast, the transfer
Learning LLM models—where predicted values
from CatBoost model were appended to inputs—
suffered reduced performance. This indicates that
incorporating predicted values from an external
model may have simply added additional noise
rather than signal, particularly when the predic-
tions themselves were only moderately accurate
(e.g., a correlation of 0.492 in this case).

Improved CatBoost Performance via LLM-
Based Augmentation. The CatBoost Baseline
model, which used only item attribute variables
for predicting item difficulty, showed limited pre-
dictive power, with a correlation less than 0.5.
However, its performance improved substantially
when augmented with embeddings from fine-tuned
LLMs, regardless of the LLM type. For example,
augmenting item attributes with fine-tuned embed-
dings increased the correlation from .492 to .706
in the case of Longformer. A similar positive ef-
fect was observed with transfer learning model;
when predicted values from fine-tuned LLMs were
added as additional inputs, performance markedly
improved over baseline.

While both the feature augmented and transfer
learning CatBoost models showed notable gains,
their performance remained short of the best re-
sults achieved by the fine-tuned LLMs—those aug-

6The magnitude of improvement was more pronounced in
the development set results; see Appendix F.

mented with raw item attribute variables.

4.2 Item Discrimination Prediction Results

Table 3 presents the item discrimination prediction
performance of fine-tuned LLM and CatBoost mod-
els. The discrimination prediction results showed
distinctively different patterns from the difficulty
prediction.

Strong Performance of CatBoost for Discrim-
ination Prediction. In contrast to the pattern ob-
served in difficulty prediction, the baseline Cat-
Boost model yielded the strongest performance for
discrimination prediction among all conditions. As
shown in Table 3, this baseline model, which used
only item attribute variables, achieved the highest
correlation (0.537) and the lowest RMSE (0.174),
consistently outperforming all other model vari-
ants.

In comparison, the baseline fine-tuned LLM
models performed notably worse than they had
in the difficulty prediction task. When fine-tuned
solely on item text, the LLMs produced correla-
tion values as low as 0.310. Likely due to this low
baseline performance, augmenting CatBoost with
fine-tuned embeddings or LLM-based predictions
resulted in noticeable drops in prediction accuracy.
For instance, with RoBERTa, the addition of fine-
tuned embeddings reduced the correlation from
0.537 (CatBoost baseline) to 0.396. This degra-
dation further highlights the limited capacity of
fine-tuned LLMs for modeling item discrimination.

Conversely, the contribution of item attribute
variables to the fine-tuned LLMs was notable, lead-
ing to consistent performance gains. For example,
Longformer’s correlation improved from 0.337 in
the baseline LLM to 0.425 with the addition of
raw item attributes, and further increased to 0.477
when predictions from the CatBoost model were
appended. This trend was consistent across all
LLMs: the transfer learning fine-tuned LLM mod-
els always outperformed the baseline LLMs, often
by substantial margins.

5 Discussion

In this study, we presented novel approaches for
fine-tuning LLMs using item text to predict IRT
parameters. Beyond the baseline model that re-
lied solely on item text, we introduced structured
methods for incorporating item attribute variables
into the fine-tuning process to further enhance pre-
dictive performance. We also examined the use
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Approach Variant Correlation RMSE

RoBERTa DeBERTa XLNet
Long

former RoBERTa DeBERTa XLNet
Long

former

Fine-tuned
LLM

Baseline 0.633 0.691 0.686 0.691 1.029 0.910 0.964 0.967
F.A. 0.707 0.712 0.699 0.717 0.890 0.889 0.908 0.966
T.L. 0.563 0.644 0.547 0.609 1.070 0.980 1.095 1.069

CatBoost
Baseline 0.492 0.492 0.492 0.492 1.133 1.133 1.133 1.133
F.A. 0.669 0.686 0.559 0.706 0.965 0.936 1.054 0.907
T.L. 0.646 0.678 0.688 0.696 0.997 0.936 0.919 0.913

Table 2: Item difficulty prediction results on the test set using fine-tuned LLM and CatBoost models across
three model variants. Within each LLM, bold marks the best performance and underline marks the second best.
F.A.=Feature Augmented; T.L.=Transfer Learning. Corresponding results to the development set can be found in
Appendix F.

Approach Variant Correlation RMSE

RoBERTa DeBERTa XLNet
Long

former RoBERTa DeBERTa XLNet
Long

former

Fine-tuned
LLM

Baseline 0.394 0.310 0.334 0.337 0.196 0.205 0.218 0.200
F.A. 0.348 0.320 0.324 0.425 0.203 0.201 0.208 0.196
T.L. 0.465 0.495 0.470 0.477 0.186 0.195 0.276 0.183

CatBoost
Baseline 0.537 0.537 0.537 0.537 0.174 0.174 0.174 0.174
F.A. 0.396 0.428 0.426 0.409 0.196 0.192 0.190 0.197
T.L. 0.414 0.352 0.376 0.335 0.194 0.200 0.200 0.202

Table 3: Item discrimination prediction results on the test set using fine-tuned LLM and CatBoost models across
three modeling variants. Within each LLM, bold marks the best performance and underline marks the second best.
F.A. = Feature Augmented; T.L. = Transfer Learning. Corresponding results to the development set can be found in
Appendix G.

.

of a traditional ML algorithm—CatBoost—using
item attribute variables as primary inputs, and fur-
ther investigated whether combining CatBoost with
information derived from fine-tuned LLMs could
improve prediction accuracy.

Performance of the suggested methods was eval-
uated using a large dataset of Grade 6 ELA as-
sessment items. The dataset included a mix of
dichotomously and polytomously scored items, of-
fering a valuable opportunity to assess model per-
formance on predicting multiple difficulty param-
eters in polytomous items. In addition, we also
fully investigated the prediction performance of the
item discrimination parameters, which has received
limited attention in prior IRT parameter modeling
research.

Our results suggested that predicting item diffi-
culty parameters was a relatively more amenable
modeling task, with several models achieving mod-
erately high correlations. In contrast, predicting
item discrimination parameters were found to be
more challenging, consistently yielding lower per-
formance. In particular, we found that the fine-

tuned LLMs performed well in the difficulty pre-
diction, but were susbtantially less effective for
discrimination. This disparity indicates that item
texts contain meaningful signals for modeling dif-
ficulty, but offer limited information in capturing
item discrimination.

Interestingly, the traditional CatBoost model us-
ing only item attribute variables showed relatively
strong performance in predicting discrimination pa-
rameters, achieving highest correlations and lowest
RMSEs. This finding highlights the potential value
of using structured item attribute features in model-
ing discrimination parameters and may offer useful
direction to researchers and practitioners.

The study also explored the integration of two in-
formation sources—item text and item attributes—
as inputs into the prediction models. This strategy
showed mixed results. When the added informa-
tion came from a strong predictive source, such
as fine-tuned LLM derived values in the difficulty
modeling, it considerably enhanced model perfor-
mance. However, when the appended information
had limited predictive quality, it often introduced
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noise and reduced accuracies. These findings high-
light both the promise and the risks of multi-source
modeling: while combining signals can enhance
prediction, it is crucial to assess the individual con-
tribution of each source before integration.

Limitations

This study is not without limitations. First, al-
though we partitioned the dataset into training, de-
velopment, and test sets, we did not employ full
cross-validation during hyperparameter tuning. As
a result, model performance may have been some-
what sensitive to the specific data split that we
used. Second, all hyperparameter settings were
optimized based on the development set perfor-
mance for the difficulty prediction task. These
settings were then applied to the discrimination
prediction without futher tuning. Given the distinct
nature of the prediction targets, task-specific hyper-
parameter optimization—particularly for discrim-
ination modeling using fine-tuned LLMs—could
have yielded improved performance. Third, while
several models achieved strong correlations for dif-
ficulty prediction, the overall predictive accuracy
indicates considerable potential for future improve-
ment. This reflects the inherent complexity of this
task and highlights the need for continued research.

Future Work

In an effort to improve the alignment of predicted
values with the true parameters, the authors con-
ducted preliminary investigation of a sequential ap-
proach that incorporates predicted values as infor-
mative priors within a Bayesian estimation frame-
work with small samples, as explored in Ulitzsch
et al. (2025). Initial results suggest that incorpo-
rating a small response sample—as small as 50
examinees—can significantly improve estimation
accuracy. However, a detailed discussion of this
extension lies beyond the scope of the current study
and will be addressed in future work. In addition,
future research will explore the differential perfor-
mance of the predictions across item types as a
larger and more diverse sample of items becomes
available. Such analysis is expected to provide
practical insights for practitioners by illuminating
conditions where fine-tuned LLMs are most effec-
tive in predicting IRT parameters.
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A Descriptions of Item Types

Abbreviation Item Type Description

EBSR Evidence-Based Selected Response This item type has two parts: Part A asks ex-
aminees to select a correct response from four
options, and Part B asks them to identify tex-
tual support for their answer

HT Hot Text This item type asks examinees to either select
a correct word or rearrange words/phrases by
clicking and dragging

MC Multiple Choice This item type asks examinees to choose one
answer from multiple options

MI Match Interaction This item type requires examinees to match
text or images in rows to values in columns by
clicking cells

MS Multi Select This item type asks examinees to select one or
more options

SA Short Answer This item type asks examinees to enter a re-
sponse using alphanumeric characters via a
keyboard

WER Writing Extended Response This item type asks examinees to provide a
longer written response using keyboard entry
of alphanumeric characters

Table 4: Descriptions of the item types used in this study
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B Item Counts by Year and Type

Year EBSR HT MC MI MS SA WER Total

2014 23 75 174 1 119 42 6 440
2015 20 79 127 1 85 31 343
2016 1 7 4 12
2017 1 2 8 3 2 3 19
2018 2 6 9 5 3 19 4 48
2019 11 24 84 4 14 1 2 140
2020 5 5
2022 3 16 55 4 11 21 2 112

Total 60 203 464 15 239 116 22 1119

Table 5: Item counts by field test year and item type
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C Examples of Item Attribute Variables

Attribute Type Variable
Type

Label Description

Content Spec Categorical itemType Item types
Content Spec Categorical WERdimension Dimension of WER items
Content Spec Categorical claim Four main claims in Smarter Balanced ELA
Content Spec Categorical lowestLevel Content standards for ELA
Content Spec Categorical stimGenre Genre of stimulus
Content Spec Numeric IAT.Tables Number of tables embedded in the item
Content Spec Numeric IAT.Images Number of images embedded in the item
Content Spec Numeric choiceInt Number of choice-type interactions in the

item
Content Spec Numeric hotTextInt Number of hot-text-type interactions in the

item
Content Spec Numeric FleschEase The Flesch Reading readability level mea-

suring easiness of text
Content Spec Numeric FleschKinc The Flesch Kincaid Readability level mea-

suring US grade level required to under-
stand text

Linguistic Numeric numWords Number of words in the text
Linguistic Numeric numContWords Number of content words in the text
Linguistic Numeric numPolySem Number of words that have multiple mean-

ings
Linguistic Numeric numWSenseNoun Number of word senses for nouns
Linguistic Numeric avgSynTreeDep Average depth of syntax trees in sentences
Linguistic Numeric notCommon2000 Number of words that are not in common

2000 words in Reuter corpus
Linguistic Numeric avgImage Average rating of words based on how eas-

ily and quickly a mental image can be
evoked, according to the MRC Psycholin-
guistic Database

Table 6: Example of item attribute features. Content Spec=Content-based specification features; Linguistic=Hand-
crafted linguistic features
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D Distribution of Item Types Across Subsets

Item Type Training Development Test Total

EBSR 48 6 6 60
HT 162 20 21 203
MC 371 46 47 464
MI 12 1 2 15
MS 191 24 24 239
SA 92 12 12 116
WER 17 2 3 22

Total 893 111 115 1119

Table 7: Counts of Item Types by Subset.
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E Fine-tuned LLM Model Architecture

Figure 1: Fine-tuned LLM Model Architecture
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F Item Difficulty Prediction Results on the Development Set

Approach Variant Correlation RMSE

RoBERTa DeBERTa XLNet
Long

former RoBERTa DeBERTa XLNet
Long

former

Fine-tuned
LLM

Baseline 0.742 0.732 0.713 0.744 0.930 0.961 1.065 0.931
F.A. 0.762 0.777 0.777 0.785 0.932 0.886 0.884 0.882
T.L. 0.759 0.792 0.752 0.767 0.924 0.867 0.938 0.908

CatBoost
Baseline 0.692 0.692 0.692 0.692 1.008 1.008 1.008 1.008
F.A. 0.729 0.728 0.749 0.772 0.953 0.970 0.932 0.896
T.L. 0.754 0.742 0.741 0.751 0.915 0.944 0.952 0.927

Table 8: Item difficulty prediction results on the development set using fine-tuned LLM and CatBoost approaches
across three model variants. Within each LLM, bold marks the best and underline marks the second best performance.
F.A.=Feature Augmented; T.L.=Transfer Learning.
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G Item Discrimination Prediction Results on the Development Set

Approach Variant Correlation RMSE

RoBERTa DeBERTa XLNet
Long

former RoBERTa DeBERTa XLNet
Long

former

Fine-tuned
LLM

Baseline 0.258 0.216 0.190 0.188 0.187 0.192 0.204 0.250
F.A. 0.374 0.241 0.292 0.371 0.180 0.186 0.191 0.174
T.L. 0.406 0.339 0.368 0.386 0.183 0.175 0.316 0.178

CatBoost
Baseline 0.447 0.447 0.447 0.447 0.167 0.167 0.167 0.167
F.A. 0.272 0.235 0.296 0.294 0.186 0.194 0.190 0.185
T.L. 0.304 0.221 0.221 0.266 0.184 0.192 0.196 0.186

Table 9: Item discrimination prediction results on the development set using fine-tuned LLM and CatBoost
approaches across three model variants. Within each LLM, bold marks the best and underline marks the second
best performance. F.A.=Feature Augmented; T.L.=Transfer Learning.
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Abstract

We examined how model size, temperature, and
prompt style affect Large Language Models’
(LLMs) alignment within itself, between mod-
els, and with human in assessing clinical rea-
soning skills. Model size emerged as a key
factor in LLM-human score alignment. Study
highlights the importance of checking align-
ments across multiple levels.

1 Introduction

The rapid advancement of Large Language Models
(LLMs) has introduced new possibilities for evalu-
ating text-based and conversational assessments, of-
fering a scalable and cost-effective alternative and
complement to traditional human scoring. While
earlier approaches relied on statistical models, re-
cent studies have demonstrated that LLMs can pro-
duce accurate, consistent, and personalized evalu-
ations, which are particularly valuable in settings
with limited access to expert raters and a need for
timely feedback (e.g., Pack et al., 2024; Xiao et al.,
2024). In educational contexts, assessments lever-
aging automated scoring have enabled more fre-
quent formative and summative evaluations by re-
ducing teacher workload and accelerating feedback
cycles (Bailey et al., 2025). These developments
raise critical questions about how such technolo-
gies compare to current assessment practices and
what implications they hold.

Before LLM-generated scores can be meaning-
fully deployed, it is essential to consider the impact
of their opaque scoring processes and how different
settings influence their behavior. Although LLMs
may approximate human ratings at the surface level,
there is often a misalignment between the cognitive
processes humans rely on and the pattern-based in-
ferences LLMs make (Baldwin et al., 2025). Unlike
human raters who may draw on domain-specific
reasoning, LLMs operate largely as “black boxes,”

making it difficult to trace how inputs lead to partic-
ular scoring outcomes (Bathaee, 2017). This lack
of transparency may be problematic in domains
where judgments need to be informed by specific
expertise. Additionally, LLMs are not a single,
homogeneous system. Different models behave
differently, and even the same model can produce
varying results depending on its settings. As a re-
sult, establishing a strong body of validity evidence
is critical before integrating LLMs into assessment
practices, particularly as a complement to human
scoring.

In this study, we investigate how LLM-generated
ratings, with varying model size, temperature, and
prompt style, compare to current practices in a spe-
cific case study of clinical reasoning skill assess-
ments in medical education. Clinical reasoning,
the ability to recognize and interpret a patient’s
needs and health condition, is an essential skill for
all health professionals (Tanner, 2006). It requires
problem-solving abilities, experiential knowledge,
and deliberate decision-making. Pattern recogni-
tion, in particular, is strongly linked to diagnostic
success (Coderre et al., 2003), yet many medical
students lack the clinical exposure needed to de-
velop this skill. Thus, there is a need to provide
students with opportunities to practice encounters
with patients and receive structured, targeted feed-
back to develop their clinical reasoning skills (Har-
ing et al., 2017). However, formative assessment of
clinical reasoning is resource-intensive, typically
requiring advanced medical experts to review and
score student-patient dialogue. While LLMs have
been used to simulate patients in such dialogues,
further research is needed to determine whether
they can be reliably used for scoring, and how dif-
ferent configurations of LLMs affect their scoring
behavior and reliability (Brügge et al., 2024). This
study explores how LLM-based evaluations align
with or diverge from current human-based assess-
ments and what those findings imply for the valid-
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ity, fairness, and practical use of LLMs in medical
education.

2 Literature

LLMs have shown great promise in evaluating com-
plex, language-based assessments. Recent studies
comparing various LLMs have demonstrated that
some models, such as ChatGPT using GPT4, have
high alignment with human scorers for tasks such
as essay assessment, although they tend to exhibit
a tendency toward inflated scores (Seßler et al.,
2025). LLMs are also capable of extracting nu-
anced insights from text, aligning reasonably well
with human ratings in tasks such as discourse coher-
ence analysis (Naismith et al., 2023) and evaluating
short-answer assessments in an undergraduate med-
ical program (Morjaria et al., 2024) with similar
performance to human expert assessors. However,
most studies have focused on scoring outcomes
rather than examining the processes through which
LLMs generate their ratings. Given the “black
box” nature of LLM reasoning (Bathaee, 2017),
further research is necessary to better understand
how these models arrive at their judgments.

Although directly understanding the internal
processes of LLM scoring remains challenging
due to their nature, insights can be indirectly
gained by systematically exploring how prompt
style and model parameters influence scoring out-
comes. Morjaria and colleagues (2024) found that
the absence of a rubric in the prompt given to the
LLM improved their alignments with human scor-
ing, suggesting prompt style significantly shapes
how these models evaluate responses. Yet, existing
studies have largely overlooked how prompting the
LLM to adopt a certain persona, such as a clini-
cal expert, may further improve its alignment with
human expert judgments by capturing nuanced rea-
soning processes underlying expert scoring. Addi-
tionally, model parameters, such as temperature set-
tings, influence the randomness of and variability
of generated responses and thus may affect scoring
consistency and accuracy. Official guide on Ope-
nAI suggests that lower temperature leads to more
deterministic and less random outputs, while higher
temperature leads to more random outputs (Ope-
nAI, 2023). Many studies have linked the random-
ness to “creativity” or variability in the response
(Peeperkorn et al., 2024). While the specific tem-
perature setting for public-accessible ChatGPT is
undisclosed, it is commonly believed to be around

0.7 (University of Victoria Libraries, 2024). Lastly,
the choice of model type or size could also substan-
tially influence scoring alignment due to variations
in reasoning capabilities (Seßler et al., 2025). As
psychometrician Andrew Ho emphasized, it is es-
sential to ask, “Who is using what score for what
purpose?” Different types of assessments, tailored
to different use cases, demand varying standards
for scoring, such as consistency and inter-rater re-
liability (Ho, 2025). Accordingly, as LLMs are
increasingly employed as assessors, it becomes
critical to systematically examine how variations
in prompts, temperature settings, and model size
affect their performance across diverse contexts.
Such investigation is a necessary step toward the ef-
fective and trustworthy adoption of LLM-generated
assessments.

When it comes to using LLMs to evaluate
student performance for formative feedback, it
is essential to understand how reliable are their
ratings—how does LLM ratings compare itself
to other LLMs and, importantly, to that of hu-
man—and what these comparisons imply for valid-
ity and practical use. Clinical reasoning provides a
challenging test case in that it encompasses a com-
plex cognitive process that relies on both formal
and informal reasoning strategies, deeply informed
by domain-specific knowledge (Simmons, 2010). It
involves collecting patient information, evaluating
its clinical significance, forming inferences, and
generating diagnostic hypotheses. To facilitate for-
mative assessment of these skills, the Clinical Rea-
soning Indicators-History Taking-Scale (CRI-HT-
S) was developed, grounded in clinical reasoning
indicators identified through qualitative research
(Haring et al., 2017). This scale assesses dimen-
sions such as a medical student’s capacity to lead
patient conversations and ask questions in a logical
sequence. An initial validation has shown that the
CRI-HT-S demonstrates acceptable reliability and
internal consistency for assessing undergraduate
medical students’ clinical reasoning skills (Fürsten-
berg et al., 2020). Given the complexity inherent
to clinical reasoning, it is particularly important
to explore how LLMs evaluate this nuanced and
multidimensional construct.

Despite growing interest in leveraging LLMs
for formative evaluations, existing research has
not systematically investigated how interactions
between critical LLM parameters (model size, tem-
perature, and prompt style) influence their scoring
alignment with expert human assessors. Our study
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addresses this gap by comprehensively evaluating
the impact of these parameters within clinical rea-
soning assessments, providing guidance for valid
and practical implementation of LLMs in educa-
tional contexts. Specifically, we address the follow-
ing research questions:

RQ1:How consistent are LLM raters when re-
rating the same student in the clinical reasoning
assessment?

RQ2: How do LLM design parameters (model
size, temperature, and prompt style) affect the inter-
rater reliability and alignment between LLM raters
in the clinical reasoning assessment?

RQ3: How do LLM design parameters (model
size, temperature, and prompt style) affect the inter-
rater reliability and alignment with human raters in
the clinical reasoning assessment?

RQ4: How do LLM design parameters (model
size, temperature, and prompt style) and their inter-
actions affect the average score levels in the clinical
reasoning assessment compared to human raters?

3 Data and Sample

Our dataset consists of the transcripts of 21 third-
year medical students in Germany who were each
engaged in conversations with four fictional pa-
tients with differing diagnoses to assess the stu-
dents’ clinical reasoning skills. Two human raters
with medical expertise rated each transcript with
the Clinical Reasoning Indictors-History Taking-
Scale, which consists of eight items measuring the
quality of the medical student’s clinical decision
making on a Likert scale from 1 to 5 (see Ap-
pendix A). We systematically varied three LLM
parameters: model size (GPT-4o as the large model
vs. GPT-4o-mini as the small model), temperature
(low: 0.2 vs. high: 0.7), and prompt style (regular
vs. expert prompt; see Appendix A & B).These
variations resulted in eight distinct LLM configu-
rations. Each model rated every student dialogue,
producing eight item-level scores per student. All
transcripts were in German. One conversation (stu-
dent 16 with patient 1) was excluded due to missing
dialogue. Students were informed that their inter-
actions would be assessed for clinical reasoning.

4 Methods

To address the first research question, each stu-
dent’s responses were rated twice by the LLM
raters. Each student received scores on eight items
across four rounds of conversation. For each rater,

Rater Model Temperature Prompt Style

LLM1 Small (gpt-4o-mini) Low (0.2) Default
LLM2 Small (gpt-4o-mini) Low (0.2) Expert Persona
LLM3 Small (gpt-4o-mini) High (0.7) Default
LLM4 Small (gpt-4o-mini) High (0.7) Expert Persona
LLM5 Large (gpt-4o) Low (0.2) Default
LLM6 Large (gpt-4o) Low (0.2) Expert Persona
LLM7 Large (gpt-4o) High (0.7) Default
LLM8 Large (gpt-4o) High (0.7) Expert Persona

Table 1: Color-coded settings of LLM models by Rater
ID. Background colors indicate model size and temper-
ature, with red boxes around prompt style when set to
"Pretend to be expert."

we averaged a student’s item scores across all
rounds. We then calculated pairwise intraclass cor-
relation coefficients (ICCs) using the icc() function
from the irr package in R (Gamer et al., 2019)
across all raters. A two-way model was used to
appropriately assess absolute agreement across the
two trials of the same rater when students are con-
sidered random effects. According to the classical
test theory, a high ICC suggests that the LLM tends
to agree with its own ratings, a sign of reliability
but not necessarily validity. However, a low ICC
would suggest poor agreement of the same LLM
across trials, a sign of a lack of reliability and va-
lidity. Conventionally, ICC below 0.5, between 0.5
and 0.75, and above 0.75 suggests poor, moderate,
good or excellent reliability, respectively (Koo and
Li, 2016).

To answer the second and third research ques-
tions, we evaluated interrater agreement between
LLMs and across human and LLM ratings. To fa-
cilitate pairwise comparisons between LLM and
human raters, we also created a composite “aver-
aged human” rater by averaging the two human
scores. We used a two-way model to compute the
ICC across all pairs of raters (8 LLM raters, 2 hu-
man raters, and 1 “averaged human” rater). Com-
paring ICC values between rater pairs allowed us
to assess the degree of alignment between them. A
high ICC between LLM and human indicate that
the LLM rater may be scoring similarly to humans.
Meanwhile, high ICC between LLM raters alone
reflects consistency between LLMs but not neces-
sarily alignment with human judgment.

To address the fourth research question, we fur-
ther aggregated the item-level scores into a single
person-level mean score per student per rater. This
approach minimizes the influence of within-person
variability and allows us to focus on between-
student differences. However, this simplification
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Figure 1: Bar plot of the intraclass correlations (ICCs)
between two repeated assessments of the same student
for each type of LLM rater. 95% confidence intervals
are included.

assumes that the eight items reflect a unidimen-
sional latent construct of performance, which is a
limitation of this method.

To examine how different LLM design parame-
ters affect LLM-generated ratings, we constructed
a model including main effects and interactions
among model size (large), temperature setting
(hi_temp), and prompt style (expert) to reflect
the eigh different LLM rater configurations. Each
of these factors was coded as a binary indicator.
For student i rated by rater j, we fit the following
model using heteroskedasticity-consistent standard
errors:

scoreij =β0 + β1largej + β2hi_tempj + β3expertj
+ β4largej · hi_tempj
+ β5largej · expertj
+ β6hi_tempj · expertj
+ β7largej · hi_tempj · expertj + εij

(1)

This model estimates not only the average effects
of each design parameter but also their two-way
and three-way interaction effects, allowing us to ex-
plore whether the impact of one parameter depends
on the levels of the others.

5 Results

For the within model consistency (RQ1), we com-
pared the test–retest ICCs across LLM raters (see
Figure 1). Most models showed high reliability
(ICC≈.76–.87). The exception was GPT-4o mini
with high temperature and the expert prompt, which

exhibited lower consistency. In contrast, GPT-
4o with low temperature and the regular prompt
achieved the highest reliability (ICC = .87).

For consistency between models and between
human and model, figure 2 shows the pairwise
intraclass correlation coefficients (ICCs) among
all raters. As a reference, the two human raters
(r1 and r2) showed moderate agreement (ICC =
0.45). To answer RQ2, which focused on con-
sistency between models, the four small-model
LLM raters (llm1–llm4) showed good to very good
internal agreement (ICC range: 0.60–0.81), and
the large-model LLM raters (llm5–llm8) showed
even stronger internal agreement (ICC range:
0.77–0.91).

However, further inspection revealed discrep-
ancies between human and LLM ratings (RQ3).
There appeared to be poor agreement between hu-
man raters and smaller LLMs (ICC < 0.20). In con-
trast, there appeared to be moderate agreement be-
tween humans and larger LLMs (ICC = 0.41–0.57),
comparable to or slightly exceeding human–human
agreement. These results indicated that while lan-
guage models, regardless of size, could be highly
agreeable with each other, this does not guarantee
alignment with human evaluations. Therefore, if
human ratings are considered the benchmark, align-
ment should be assessed based on direct agreement
with human raters, rather than relying solely on
internal consistency among the models.

Examining the ICCs across individual items to
identify discrepancies between LLM-generated and
human scores revealed interesting patterns. For
example, item 4, assessing whether the student’s
questions suggested specific causes of symptoms,
showed high consistency among LLM raters but
low alignment between LLM-generated and hu-
man scores. This suggested that LLMs and human
raters may interpret the criterion of “suggesting
specific causes” differently, emphasizing the need
for improved prompts that more effectively capture
human evaluative reasoning (see Appendix C).

For RQ4, we estimated a linear model with ro-
bust standard errors to examine how model size,
temperature, and prompt style, as well as their in-
teractions, affected the average clinical reasoning
scores produced by different LLM raters (see Ap-
pendix D). As shown in Figure 3, all LLM raters,
regardless of configuration, produced higher aver-
age student scores than the human rater average
(M = 3.19, SE = 0.054). The estimated intercept
represented the expected score under the baseline
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Figure 2: Pairwise intraclass correlation coefficients (ICC) between human and LLM raters across rating conditions.

Figure 3: Interaction plot showing how model size, tem-
perature, and prompt style influence AI-generated aver-
age scores compared to human rater average.

configuration (small model, low temperature, regu-
lar prompt) and was significantly above the human
rater average (β = 3.52, p < .001), indicating that
this model configuration was less stringent than the
human raters.

Both high temperature and expert prompting
were associated with significantly higher scores

overall (β = 0.26 and β = 0.27, respectively; both p
< .01). The interaction between model size and tem-
perature was negative and statistically significant
(β = –0.26, p < .05), suggesting that higher temper-
ature inflated the score more for the small model
than the large one, holding prompt style constant.
On the other hand, the interaction between model
size and expert prompting was nonsignificant (β =
–0.14, p > .1), indicating that the effect of expert
prompting on average scores did not significantly
differ between the large and small models, holding
temperature constant. The interaction among all
three factors was also nonsignificant (β = 0.15, p >
.1), suggesting that the combined effect of temper-
ature and prompt style did not differ significantly
between large and small models.

For the small model, expert prompt and high tem-
perature each led to increases in average scores, up
to almost 3.9. In contrast, the large model showed
a smaller range of scores across conditions, around
3.3 to 3.4, regardless of prompt style or tempera-
ture. Notably, if the human rater average is taken
as the gold standard, the configuration most closely
aligned with human scoring norms was the large
model with regular prompt and low temperature
(M = 3.29, SE = 0.065).
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6 Discussion

The purpose of this study was to explore how vari-
ations in model settings influence LLM-generated
ratings and how these scores align within them-
selves, with each other, and with human scores,
given the intended formative use of this assessment.
We examined the impact of model size, tempera-
ture, and prompt style. Overall, the results showed
that certain combinations of these parameters may
be more suitable for specific assessment purposes.
In evaluating medical students’ clinical reasoning
skills, findings revealed that model size influenced
both alignment with human raters and internal con-
sistency, with GPT-4o consistently outperforming
GPT-4o-mini. Temperature and prompt style had a
relatively minor effect when using the larger model
compared to the smaller one. Thus, for forma-
tive assessment of clinical reasoning, employing a
larger model such as GPT-4o is recommended to
achieve greater consistency and human alignment.

Our results revealed that LLMs showed high
ICC within the same model and between models
of the same size, but can systematically differ from
human ratings. Across almost all models, the as-
sess–reassess reliability was fairly high, indicating
fairly high reliability in reproducing their ratings
across different trials. The four smaller models gen-
erally have ICC higher than 0.6 and the four larger
models have ICC higher than 0.77, suggesting high
internal consistency between models with the same
size. However, when it comes to agreement with
human, their performance vary. The smaller model
(GPT-4o mini) showed very poor agreement with
human raters, while the larger model showed ICC
levels that are comparable to human-human ICC.
Combining these insights highlight a key feature or
limitation of LLM raters: high internal consistency
within or across LLM raters does not imply align-
ment with human judgments. Simply deploying
a group of LLM raters and observing agreement
among them is insufficient for validating their use
in scoring. Direct comparison with human ratings
is necessary in those cases. However, once we are
able to configure an LLM that has a high agreement
with human, the high assess–reassess consistency
is encouraging sign that such an LLM can produce
reliable ratings.

In this study, although human raters themselves
showed only moderate inter-rater reliability, the
larger model aligned more closely with human
scores than the smaller models did. Additionally,

human raters gave lower average scores than the
LLMs, suggesting that humans may apply stricter
evaluation criteria - a pattern consistent with prior
findings (Morjaria et al., 2024). Therefore, incor-
porating at least one human rater, or ensuring that
LLM raters are demonstrably aligned with human
evaluations, remains essential when human judg-
ment serves as the gold standard.

Future implementations should consider periodic
human validation of LLM-generated scores to pro-
mote fairness and reliability. Importantly, assess-
ments should avoid assigning LLM raters to some
students and human raters to others, as this could
introduce systematic biases. Further research with
larger sample sizes should also explore the use of
Generalizability Theory to analyze the impact of
rater variability across combinations of human and
LLM raters (Shavelson et al., 1992).

Another notable finding was related to scores
generated by LLMs using persona prompts. Con-
trary to our expectation that persona prompting
(asking LLM to pretend to be an expert) would en-
hance alignment with human expert ratings, these
prompts instead led to higher scores compared to
standard prompts and showed poorer alignment
with human ratings. This suggests that persona-
based prompting, at least in this case, may not
effectively replicate human expert evaluation pro-
cesses. Future research could explore alternative
prompting strategies, such as few-shot prompting,
or adding a few examples within prompts, as a
potentially more effective method to improve align-
ment between LLM-generated ratings and human
ratings, particularly for items exhibiting notable
discrepancies, such as Item 4.

Ultimately, advancing the use of LLMs for as-
sessment requires careful attention not only to con-
sistency within models, but also to variation be-
tween models and, most critically, to their align-
ment with human judgments, as overlooking any
of these dimensions risks undermining the valid-
ity of LLM-generated scores and even leading to
systematic biases.

Limitations

A major limitation of this study was the relatively
small sample size. Having only two human raters
restricted our ability to establish a robust human ex-
pert benchmark. This could have influenced the re-
liability comparisons with LLM-generated scores.
Additional human raters would reduce measure-
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ment error. Moreover, with scores from only 21
medical students, we were unable to comprehen-
sively explore or decompose sources of measure-
ment error contributing to discrepancies between
variations of LLM-generated and human ratings.
Future studies should include larger datasets, en-
abling the application of Generalizability Theory to
better identify and quantify multiple facets of error,
such as variability due to raters, tasks, or specific
scoring criteria.
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A Regular prompt

The regular prompt we used is shown below:

Regular Prompt

At this point, you will assess the quality of the third-
semester medical student conducting a history-taking
conversation.
Your assessment should include the following eight
criteria
1. Assess whether the user has taken control of the
conversation to obtain the necessary information.
2. Assess whether the user recognizes all relevant
information.
3. Assess whether the user formulates targeted ques-
tions so that he can capture and specify the symptoms
in detail.
4. Assess whether the questions of the user suggest
that specific causes or circumstances lead to certain
symptoms.
5. Assess whether the user asks questions in a logical
sequence.
6. Assess whether the user reassures the patient that
he has received the correct information from the pa-
tient.
7. Assess whether the user has summarized his col-
lected information before ending the conversation.
8. Assess whether the user has collected sufficient
information of high quality at an appropriate speed.
Assign each of the eight criteria a score according to
the following scheme:
1 - Does not meet the criterion 2 - Rather does not
meet the criterion 3 - Partially meets the criterion
4 - Rather meets the criterion 5 - Fully meets the
criterion

Explain the evaluation with two sentences.

B Expert persona prompt

The expert persona prompt we used is shown be-
low:

Expert Persona Prompt

Clinical decision-making (CDM) is a central process
in healthcare where physicians gather, evaluate, and
interpret relevant information about a patient’s health
status to make informed decisions regarding diagno-
sis and treatment. At this point, act as a rater with
medical expertise who is evaluating medical students
for their CDM mastery. You will assess the quality
of the third-semester medical student conducting a
history-taking conversation. Provide outputs that a
rater with medical expertise would create.
Your assessment should include the following eight
criteria 1. Assess whether the user has taken control
of the conversation to obtain the necessary informa-
tion.
2. Assess whether the user recognizes all relevant
information.
3. Assess whether the user formulates targeted ques-
tions so that he can capture and specify the symptoms
in detail.
4. Assess whether the questions of the user suggest
that specific causes or circumstances lead to certain
symptoms.
5. Assess whether the user asks questions in a logical
sequence.
6. Assess whether the user reassures the patient that
he has received the correct information from the pa-
tient.
7. Assess whether the user has summarized his col-
lected information before ending the conversation.
8. Assess whether the user has collected sufficient
information of high quality at an appropriate speed.
Assign each of the eight criteria a score according to
the following scheme:
1 - Does not meet the criterion 2 - Rather does not
meet the criterion 3 - Partially meets the criterion
4 - Rather meets the criterion 5 - Fully meets the
criterion

Explain the evaluation with two sentences.
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Figure 4: Pairwise Intraclass Correlation Coefficients (ICC) between human and LLM raters across rating conditions
for Item 4

C Pairwise ICC for Item 4 (Figure 4)

D Main effects & interaction regression
table (Table 2)

Coefficient (SE)

(Intercept) 3.523*** (0.070)
Large Model -0.228* (0.096)
High Temperature 0.263** (0.093)
Expert Prompt 0.274** (0.087)
Large Model:High Temperature -0.257* (0.130)
Large Model:Expert Prompt -0.142 (0.132)
High Temperature:Expert Prompt -0.138 (0.121)
Large Model:High Temp.:Expert Prompt 0.149 (0.185)

Num. Obs. 189
R2 0.293
Adj. R2 0.265
AIC 137.3
BIC 166.5
RMSE 0.33

Table 2: Fixed effects regression on average clinical
reasoning scores, with predictors for model size (Large
Model), temperature (High Temperature), and prompt
style (Expert Prompt), including interaction terms. Stan-
dard errors in parentheses. * p < .05, ** p < .01, ***
p < .001.
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Abstract

The emerging dominance of AI in the commu-
nity’s perception of skills of the future makes
assessing AI skills necessary to help guide
learning. Creating an assessment of AI skills
shares some challenges with other assessments
but also poses new ones. We examine these
from the point of view of washback and exem-
plify using two exploration studies conducted
with 9th grade students.

1 Introduction

Washback is the impact of testing on curriculum,
teaching, and learning. Positive washback occurs
when practicing for the test results in wholesome
learning. Negative washback occurs when prepar-
ing for the test results in a narrowing of the learn-
ing, such as the exclusion of important practices
to focus on the skills targeted by the test or on
test-taking strategies (Hughes, 1989).

In principle, the moment one makes choices re-
garding inclusion or exclusion of materials on a
test, one sets things up for washback. Any assess-
ment is going to focus on a particular construct –
the skill that is the target of the assessment – and
necessarily leave out other related skills. Thus, in
the context of assessing writing proficiency, the
choice of an essay task may have encouraged more
attention to this genre; Burstein et al. (2014) found
“an extraordinary prevalence of the essay” in USA
K-12 context. Furthermore, once one designs a
task – making decisions about timing, format, and
scoring – there might be a further narrowing of the
practice towards what the scoring rubric demands
or implies. The debate about the artificial nature of
a five-paragraph persuasive essay as a “test genre”
is an example. The fact that the assessment task
isn’t identical to professional or vocational practice

*Corresponding authors: mattali@fordham.edu and
bbeigmanklebanov@ets.org

does not necessarily undermine validity; persuasive
writing for a test, for example, shares important
rhetorical elements with OpEd writing for the New
York Times (Beigman Klebanov et al., 2019). The
divergence between test and non-test contexts is
nothing new, in itself. However, we believe assess-
ment of AI skills comes with some new challenges.

2 Moving target

One challenge is specifying exactly what the tar-
get construct for the assessment is, within the gen-
eral umbrella of AI skills. To articulate the con-
struct, one would typically consult the relevant
skills frameworks (such as OECD (2025) or UN-
ESCO (2024)) and stakeholders (such as employ-
ers, educators, test takers) and model an assessment
task on a common application of the target skill.
Since AI tools are evolving, their typical and effec-
tive uses likewise continuously evolve. Moreover,
the pace of the changes in AI tools and capabilities
is such that it is likely to outpace the assessment
development cycle of ideating, implementing, pi-
loting, revising, and administering an assessment.
Thus, the common tasks of today may change by
tomorrow, so the assessment, when operational-
ized, would focus on the skills of yesterday and
thus open up the possibility of negative washback,
where preparing for the test would entail practicing
an outdated use case of the AI technology. To ad-
dress the challenge of assessing a ‘moving target’,
one could (a) focus on fundamental elements that
are less likely to change fast, such as understanding
the implications of training on huge amounts of text
data, and/or focus on enabling skills such as critical
thinking; and (b) implement mechanisms to con-
tinuously review and revise the frameworks, con-
structs, and tasks, using the principles of evidence-
centered design (Mislevy et al., 2003).

We note, in addition, that continuously updating
the assessment to stay close to the current real-life
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use comes with its own challenges. While student
engagement and positive washback potential can
thereby be improved, the very verisimilitude of the
assessment may introduce into the performance
variance that is authentic – it is part of real-life
activities being mimicked – but might be construct-
irrelevant from the point of view of the assessment.
We will leave this issue for a more concrete discus-
sion in the context of the exploration studies.

3 Broadening the construct

The second challenge is related to the consequences
of selecting the focus of an assessment to be a par-
ticular set of AI skills. As explained, any selection
would entail a de-selection of other skills that are
not part of the target construct. To address this chal-
lenge, one could imagine a suite of assessments
targeting various AI skills and rotation or sampling
of the different assessments, as needed. However,
picking specific AI skills does not only de-focus
other AI skills. It could also de-focus skills that are
not necessarily tied to AI. This is because much
of the change brought about by AI is about using
AI for tasks people did without AI before; with AI,
these can be done faster and perhaps better; in any
case, they are done differently.

Making the AI-way to perform a task the target
of an assessment may de-focus the non-AI way of
doing it. For example, using AI to help brainstorm
an idea for a project is an increasingly common
use of AI; yet people also think about project ideas
themselves and brainstorm with other people. If a
task on an assessment of AI skills asks students to
brainstorm using AI, would that create washback
potential whereby students will have to use AI for
brainstorming to learn to do it more effectively and
efficiently, at the expense of brainstorming with
others or thinking creatively for themselves?

The issue of technology phasing out some hu-
man skills isn’t a new consideration in the broader
landscape of technological innovation. Weaving
machines and calculators got integrated into the
cultural fabric, largely displacing hand-weaving
and calculating large sums on paper. What gives us
pause is that the skills to be displaced might turn
out to be those that are fundamental for the well-
being of individuals and societies, such as creativity
and thinking together with other people. Would it
be wise, or, indeed, ethical, to impact the ongoing
societal debate about the importance of skills like
creativity by setting up an assessment that opens

a possibility for washback against these skills, the
element of choice in negative or positive washback
notwithstanding?

Discussing assessment validity and washback in
language testing, Messick (1996) argued that in
order for washback, either positive or negative, to
be tied to an assessment, one needs to show that
it happened as a result of the assessment. Given
the large variety of factors that go into curriculum
design and educator choices of how to implement
relevant learning and practice, Messick argued that
it is more fruitful for assessment developers to con-
sider issues in the assessment that could produce
negative washback. Chief among these is construct
under-representation. If, in order to succeed on an
assessment, one needs to exercise only some of the
skills that go into the real-world version of the tar-
get construct, the assessment under-represents the
construct. Applying this reasoning to the discus-
sion above, perhaps we should consider AI skills as
part of broader constructs. Creativity can be exer-
cised with AI or without AI; focusing on only one
of these – either one – is likely to under-represent
the construct in its current real-life use. Ergo, an
assessment that includes brainstorming with AI
should also include brainstorming without AI.

4 Exploration studies

In what follows, we exemplify the points raised
above via two exploration studies we conducted
with 9th grade students from public high schools
in Israel; the students came from middle-high SES
background in both studies. The first was con-
ducted in June 2024, the second – in March 2025.
The first study took place when students and teach-
ers in Israel were only beginning to explore genera-
tive AI tools, most haven’t tried them yet at all. By
the time of the second study, all schools in Israel
have introduced AI tools via an "AI month" – activ-
ities that included introducing to students several
AI tools via specific tasks they needed to complete
and submit. Teachers and students alike took part
in these activities. The purpose was to show how
AI can benefit education and to encourage teachers
to implement AI in their teaching. Awareness of
cyber security and AI’s fake information and hallu-
cinations were also part of this month’s activities.

The first study included 10 students in one-on-
one cognitive labs, where an experimenter observed
a student working on the task. The goal was to ex-
plore how students react to and interact with the
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emerging generative AI. The second study included
72 students in 3 classrooms, working independently
on a structured task on computers and smartphones.
According to the regulations by the Israeli Depart-
ment of Education, high school students (grades
9-12) are allowed to access the internet, including
generative AI, directly, with parental consent and
with a teacher’s mediation. The task for the sec-
ond study was developed based on the first study’s
insights and our evolving conceptual framework,
inspired by the ECD (Mislevy et al., 2003). We
implemented revisions to the framework in an it-
erative way following the “moving target” of the
evolving capabilities of AI.

4.1 Study1 – June 2024
The task in this study consisted of three phases: (1)
pre-task planning; (2) information gathering; and
(3) preparing a ‘product’. The task asked students
to plan a 2-day class trip, guiding students through
the necessary elements, e.g., choose a site, plan the
arrival, choose or plan activities in the site’s vicin-
ity, find appropriate places to sleep nearby (hostel
or camping) and eat (restaurants or takeouts). The
‘product’ students were asked to prepare was a trip
brochure, one that can be published or sent out to
the trip participants (their classmates).

The pre-task planning phase included planning
verbally or in writing in front of the experimenter.
For the information gathering phase, students were
referred to ChatGPT (the experimenter created a
free account for them) and asked to fact-check its
responses using a search engine (e.g., Google). For
the third phase of preparing the trip brochure, stu-
dents were given Word or PowerPoint templates
they could fill with pictures and the information
they gathered. Students were told to use critical
thinking and creative thinking, as well as to imag-
ine that the trip they are planning could be a trip
they take with their classmates. In other words,
the task aimed to resemble an authentic use of AI
tools and the internet to plan a trip, where it is
necessary to verify the information given by the AI
(e.g., correct names and details of sites or activities)
and ascertain the feasibility of the plan (e.g., the
distances between sites can be covered within the
allocated time). Each student worked on the task
while an experimenter sat beside them. The experi-
menter gave instructions at the start of the task and
took the observer role with little interference unless
needed, following the guidelines of cognitive labs
in educational measurement (Arieli-Attali et al.,

2023). The time allocation was 90 minutes.

4.2 Study 2 – March 2025

Based on our evolving Media & AI literacy frame-
work and insights from Study 1, we designed a
computerized scenario-based task, where students
followed a storyline in which they were asked to
help a tour guide plan a trip for a youth group. The
task was structured such that the tour guide was the
one who is planning the trip step-by-step, posing
questions or needs in which he is requesting stu-
dents’ help in gathering the information for him.
Thus, students were not asked to do the planning
themselves nor did they have freedom in direct-
ing it; rather, they were requested to gather bits
of information at each step to help the tour guide
with his planning. Media & AI literacy items were
incorporated as part of the information gathering
process; critical and creative thinking items were
incorporated as part of the storyline. Students had
access to ChatGPT by opening a different tab on
their device; this activity was not logged. The time
allocated to the task was 90 minutes.

We now report on some insights from both stud-
ies to illustrate our main arguments above.

5 Discussion: Moving target

5.1 Changing AI capabilities

The target construct of AI literacy was composed
primarily from the three previously well-researched
constructs of (1) digital literacy; (2) media informa-
tion literacy; and (3) critical thinking. One needs
basic digital skills to operate digital tools on a com-
puter or a smartphone in order to perform any AI
literacy task. Media information literacy is needed
not only in order to understand how and where
to search for online information and identify its
sources, but also to create, share or publish infor-
mation to achieve one’s goals. As information on-
line is not always reliable, students need to apply
their critical thinking skills in any online interac-
tion, including when using generative AI.

As discussed above, one challenge is to define
the skills of today, as AI capabilities change rapidly.
Examining students’ work in the two studies, less
than one year apart, illustrated this point. In June
2024, the LLMs in Hebrew (e.g., ChatGPT, Gem-
ini, Claude) were providing numerous fake details
(or hallucinations) and make mistakes in phrasing
in Hebrew. Thus, in the first study, we could focus
on asking students to fact-check and edit the AI re-
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sponse, exhibiting their critical thinking skills. For
example, some of the AI responses at that time in-
cluded restaurants that do not exist, fake distances
that would take more than eights hours’ drive be-
tween the breakfast site and the lunch site (it takes
less time than that to cross the country north-to-
south or east-to-west), wrong details about the sites
or the activities available at the sites. Less than a
year later, the LLM responses were almost entirely
accurate and very well phrased. Thus, while it is
still the case that one would need to check the im-
portant details before embarking on the trip – in
the manner of “measure twice, cut once” prudent
planning – the editing trace of the final assessment
product would be unlikely to contain substantial
revisions. From the point of view of washback, it
was no longer the case that students would truly
grapple with fake information through this task, so
using the assessment task to help set them on a
course towards developing and practicing a critical
attitude was no longer a viable option, at least not if
one were using the publicly available AI tools as-is,
without, for example, intentionally introducing in-
correct information through engineering a prompt
that would mediate between the student and the
generative AI tools.

5.2 Challenges of approximating real-life use
Mirroring a real-life use case of AI can help set
things up for positive washback through real-life
applications of the practices encouraged by the
assessment. Authenticity was thus a leading aspect
of task development.

In the first study, the task was to plan a trip from
scratch, with little guidance and only a few con-
straints. The task asked student to imagine that
they are really going to invite their friends to this
trip. As students were performing the task, our ex-
perimenters were watching them thinking out loud,
and documenting their actions. Examining the trip
brochures as the task "product" each student sub-
mitted and comparing those to the experimenters’
protocols on student actions during task perfor-
mance yielded the surprising insight that while it
was evident that the task required and the students
exhibited their critical and creative thinking skills
in the process of planning the trip, the products
were poor evidence of these processes. Some of
the more critical and creative students ended up
with a relatively poor brochure, due to poor digital
or graphic skills or poor decision-making skills.

For example, one student’s brochure was a para-

graph describing the trip she planned, having no
pictures, links, maps or any visuals or arguments
that may persuade her friends to join the trip. In
addition, some of the information was not fully
accurate. The product would receive a low score.
However, the experimenter protocol of that student
revealed a thorough search, taking into account
different conflicting considerations, and validating
the information in many cases except one or two
cases where she failed to do so; unfortunately, the
latter found their way into the final brochure. Al-
though the critical skills were not executed to the
best, only the worst of them were evident in the
outcome, masking all the other cases where they
were executed correctly. It seemed that it was eas-
ier to find traces of mistakes in the final products
rather than of correct conduct.

In addition, going through the protocols revealed
that some students failed the task completely due
to poor decision-making skills. They ended up
hesitating and trying out different routes, and al-
though they exhibited good media and AI skills and
even good critical thinking – they finished the task
without any product at all. Thus, while this aspect
could suggest strong student engagement with the
task and its authenticity in that a one-hour planning
activity might not yield any plan that satisfies the
traveller’s standards, it introduced decision-making
as one of the constructs assessed, which we judged
to be outside of our desired assessment focus.

Finally, we found that the difficulty of the task
depended very much on how students decided to
approach it. Some students chose an “easy” trip,
part of which was already stated in webpages of the
chosen sites, while others chose to take a more chal-
lenging route of creating everything from scratch,
trying to come up with their own creative combina-
tions, some of which turned out to not be feasible
at all. It was the case that those who chose the
easier task performed better – in terms of the qual-
ity of the final product – than those who chose
the harder task. Thus, the task itself was not com-
parable between students, creating an additional
challenge from the point of view of scoring. Even
putting this issue aside and examining the products
themselves convinced us that creating a common
scoring rubric would be extremely challenging due
to variation across the submitted brochures.

The issue of variation in both process and prod-
uct that comes with a closer approximation to real-
life is not a unique challenge for assessing AI skills.
However, the sheer extent of possibilities for vari-
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ation may be a hallmark of real life in the era of
fast-paced advances in AI technology. That is, the
fact that one could quickly come up with, check,
and discard a lot of different ideas is related to the
strengths of generative AI in idea generation and
in instant provision of a wealth of relevant infor-
mation on almost any conceivable topic. Similarly,
the possibility of a large variation in the quality of
the visual designs of the brochures created in mere
minutes may have come about due to the generative
AI-induced amplification of differences in the stu-
dent’s independent design skills: It isn’t only the
visual artists among the students who could come
up with visually compelling brochures in a mat-
ter of minutes, but also those students who could
articulate the imagined designs in a textual prompt.

Based on the results of study 1, we developed a
much more structured version of the task for the
second study, so that students had less freedom in
deciding on the type of trip and more opportunities
to show clear evidence of their media and AI skills,
as well as more direct focus on their critical and
creative skills alongside their media and AI skills.

Scenario-based assessment is a promising
paradigm for structured tasks where multiple as-
pects of a skill can be targeted through different
elements of the scenario, thus potentially support-
ing both standardization and authenticity (Sabatini
et al., 2020). In scenario-based assessment, the
different discrete items, each targeting an aspect of
the skill, are integrated into a thematically coherent
whole, where the storyline resembles enough the
real-world situation that it allows for representing
more aspects of the target real-world skill.

In the second study, we designed a storyline
where a tour guide needed to plan a trip for his
youth group and is asking for assistance in the plan-
ning. The guide needs information which he asks
the students to search for and verify. Although this
task lacked some of the agency and authenticity of
the original where students did the full planning
themselves, this task included discrete items within
the storyline aimed to elicit student critical thinking
skills. For example, as part of the tour preparation,
the guide is looking to create a post about the site
the youth are going to visit, finding in social media
a slogan stating a specific (incorrect) fact about the
site. The tour guide then asks students whether
he should share that slogan. This discrete item
within the scenario elicits student critical thinking
of fact-checking information before sharing.

In principle, an alternative to structuring the task

could be to use not only the final product but also
process data as a basis for assessment. For exam-
ple, students could be asked to submit preliminary
ideas, the LLM prompts and search queries they
used, and/or reflections as they move through the
task; the richer data could potentially support giv-
ing students credit for exhibiting the target think-
ing patterns even if the outcomes are not clearly
reflected in the product. To allow for drawing evi-
dence of skills from process data, one would need
to clearly articulate the target construct and think
through the extent to which fruitful thinking pat-
terns in the context of the task can be reliably iden-
tified irrespective of the quality of the final product.

6 Discussion: Broadening the construct

As part of media-information literacy and critical
thinking skill, an essential skill that was particu-
larly identified as needed for AI literacy is “prompt
engineering”, that is, the ability to write to the LLM
an appropriate request that will yield the desired
response. Generally speaking, as students are more
accurate and detailed in their request to the LLM,
they may get a better response. Specifically, in
the trip planning task, if the assessment focuses on
the prompt engineering aspect of the task and lets
the gen-AI do the planning, we might neglect the
human – non-AI – skill of planning. We sought
to learn about pre- and post–AI–use planning by
designing a task where students first plan without
AI and later plan with the aid of AI. We examined
this issue in both studies.

In the first study, students were first asked to
plan a blueprint of a class trip verbally while talk-
ing to the experimenter, and the experimenter doc-
umented what students said. This first stage was
primarily aiming to elicit students’ planning skill,
while it also served as an engagement means to ease
the transition to the AI task. The task instructions
included several restrictions to the desired class trip
so as to give some structure to the open-ended task,
yet left it open enough to allow for students’ plan-
ning. The instructions were: “You should plan a
two-day class-trip for your class to a historic site in
the vicinity of... ; you should find a place to spend
the night (hostel or camping) and activities only for
the first day. The activities should be appropriate
for a group of students your age. You should plan
for one morning activity and one afternoon activity,
and lunch in-between. You should ignore for now
budget or security considerations.” After students
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finished telling the experimenter their plan and said
that they are satisfied with it, they were then asked
to open ChatGPT and ask it to detail or improve
their blueprint. At this point they were facing the
computer, and the experimenter was sitting behind
them documenting their actions.

The main observation reported by the experi-
menters was that there was almost no connection
between the initial blueprint plans students de-
scribed at the first stage and the second part of
the task. This was manifested in two main ways:
(1) Students lacked good prompt engineering skills,
that is, they made general requests from the LLM,
ignoring what they already came up with; (2) The
LLM response took a different route and students
continued with the LLM route, forgetting their own.
Thus, although students did invest creativity and
effort in generating initial ideas, they either did
not feel committed to these plans enough to pursue
them with the help of LLM, or did not know how to
do that and opted for the more generic suggestions
by the LLM in response to a general prompt. We in-
ferred from this experience that unless the students’
initial ideas were elicited effectively and recorded
to serve as part of the assessment data, the post-AI
version is unlikely to reflect these ideas. This dis-
joint nature of the two brainstorming experiences is
a challenge in designing a coherent scenario-based
task that would cover both effectively.

In the second experiment, although the task was
much more structured and required less overall
planning, we did preserve the aspect of planning
on a smaller scale. At some point it the task, the
tour guide asks students to plan a one-hour activity
around the theme of the site they’re visiting. The
students were given instructions (or constraints)
about the activity – the theme of the site, the time-
frame of the activity (one hour), the materials they
have (ancient coins), and that the activity needs to
be a group activity to suit a group of students of
grade 9. After students submitted their planned ac-
tivity, they were asked to open ChatGPT and now
ask the LLM to detail or improve their plan, and the
write down the AI response. There followed a ques-
tion asking students to compare the AI activity plan
to their own initial activity plan. The results largely
replicated those of the first study – only 21% of the
students actually made a thoughtful comparison,
explaining in detail what AI added and why it was
a better plan (14%) or why they decided to reject
AI’s elaboration and stay with their plan (7%). The
rest of the students did not engage in the activity

as intended: 30% said either AI’s or their own plan
was better, without explanation, while 45% said
they did not know or did not answer the question at
all. The remaining four students said that they used
ChatGPT to help them come up with the original
idea to begin with, therefore no comparison was
necessary. While disengaged responses or discon-
nected own and AI plans dominated, we did obtain,
from the 21% of the students, the intended behavior,
where the two plans were connected and a meaning-
ful evaluation and comparison were conducted. We
are considering ways to encourage this behavior,
both during test and in the form of washback – a
learning activity where students can practice hav-
ing their own ideas meaningfully elaborated by AI.

Limitations. In the current discussion, we ex-
emplified assessment of AI skills in a stand-alone,
non-disciplinary way. Additionally, the focus was
on practical skills rather than on understanding how
AI works or on AI ethics. We leave a discussion of
contextualization and of ethics to future work.

7 Conclusion

Considering the emerging need to assess AI skills,
we present some challenges related to fixing an
AI-skills-focused construct to target in an assess-
ment. One challenge is the rapid evolution of AI
capabilities, which may lead to assessing today
AI skills of yesterday; the other is the hazard of
under-representing a broad, human-centered con-
struct by focusing on the AI-reliant way to exercise
the relevant skill. We illustrated via two explo-
ration studies the need to revise and refine both the
conceptual framework and the tasks themselves, in
order to capture the changes in AI capabilities and
AI practices and experiences.

We consider washback – the impact of testing on
teaching and learning – to be an important motiva-
tion, keeping in mind that an assessment task can
be used as a model by teachers to prepare students.
Grounding both assessment and instruction of AI
skills in common AI Literacy frameworks provides
the first part of the bridge between assessment and
instruction. Beyond this common ground, we have
an opportunity to support positive washback by
creating tasks that do not only provide good assess-
ment data but have sufficient richness to capture a
broad construct and enough authenticity to engage
students in relevant practice – with the caveat that
“relevant practice” in the age of AI might require
frequent construct revision and updating.
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Abstract 

Item response theory (IRT) models are 

subject to scale indeterminacy, causing 

parameters to be arbitrarily scaled. 

Consequently, parameters from 

independently calibrated test forms are 

not directly comparable without first 

estimating the linear transformation 

that aligns their respective scales. This 

paper introduces a novel procedure that 

uses large language models (LLMs) to 

estimate the transformation’s slope and 

intercept. The method is evaluated 

using empirical data from a medical 

licensure exam. Results indicate that 

the LLM-based approach consistently 

recovers the slope across conditions, 

while intercept recovery is moderately 

sensitive to differences in average item 

difficulty between forms and improves 

as that difference narrows. 

1 Introduction 

When examinees take different test forms 

designed to measure the same trait, their scores 

must be adjusted for comparability. For number-

correct scores (or transformations thereof), this 

process is called equating. In IRT, parameters are 

invariant up to a linear transformation; thus, while 

equating per se is unnecessary, a similar scaling 

adjustment is still required to ensure 

comparability across independently calibrated 

forms. After this adjustment, model parameters 

are expressed on a common scale—sometimes 

 
1 Note: D  is a scaling factor equal to 1.702D =  that 

allows the more mathematically tractable logistic 

called developing a common metric (Stocking and 

Lord, 1983). 

This scaling is necessary because the origin and 

unit of the latent scale must be arbitrarily fixed—

directly or indirectly—to identify the model. 

Independently calibrated forms will therefore 

generally differ in scale, requiring a linear 

transformation before parameter estimates can be 

compared. This paper addresses this problem and 

proposes a procedure that uses GPT-based LLMs 

to estimate the slope and intercept of the required 

transformation. The method is illustrated using 

empirical data from the medical licensure domain. 

2 Background 

2.1 Problem Definition 

Although scale indeterminacy affects all IRT 

models, we illustrate the issue using the two-

parameter logistic model (2PL): 

 
( )

1
( )

1
Da b

P
e




− −
=

+
, (1)  

where    denotes proficiency, 0a   is 

item discrimination (equal to 4 times the item 

response function’s (IRF) maximum slope), and 

b  is the item difficulty, the point on the 

difficulty/proficiency scale where the IRF 

inflects). ( )P   gives the probability of a correct 

response for an examinee with proficiency  .1 

A key feature of IRT is parameter invariance: 

item parameters are independent of examinee 

sample, and examinee proficiencies are 

independent of item set (Hambleton et al. 1991). 

However, this invariance holds only up to a linear 

formulation to closely resemble the normal ogive function, 

which preceded the logistic function in the historical 

development of IRT (Birnbaum, 1968).  
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transformation: for any slope j and intercept k , 

the transformation /a a j = , b bj k = + , and 

j k  = +  leaves ( )P   unchanged. 

This scale indeterminacy is expected—these 

model parameters are not directly observable, 

requiring arbitrary scaling—but it complicates 

comparisons across independently calibrated test 

forms. Conventions exist for identifying IRT 

models (e.g., setting  ’s mean and SD to 0 and 1, 

respectively) but they do not guarantee a shared 

scale across forms, since these constraints are 

applied separately to each. A linear 

transformation is still required. We denote its 

slope and intercept   and  , respectively. 

To estimate   and  , something common 

across forms is needed (Baldwin and Clauser 

2022), typically in the form of shared parameters 

(e.g., anchor items). These common parameters, 

being invariant up to a linear transformation, can 

be used to estimate the linear relationship between 

scales. Many well-known linking methods take 

this approach (Hambleton and Swaminathan 

1985; Kolen and Brennan 2014). Absent common 

items, ancillary covariates that correlate with 

model parameters can sometimes be used (e.g., 

Mislevy et al. 1993; Wiberg and Bränberg 2015). 

A single-group design, in which both forms are 

administered to the same examinees, allows 

estimation of the transformation constants via 

shared proficiencies. However, this approach is 

often infeasible due to examinee burden. More 

common is the non-equivalent groups with 

anchor test design. Although less demanding for 

examinees, it relies on item parameter 

invariance—an assumption that may be violated 

due to item exposure, evolving curricula, or 

changes in exam preparation, leading to item 

parameter drift.  

To address these limitations, we propose using 

generative AI to create shared parameters across 

forms. Specifically, GPT-based LLMs are tasked 

with estimating item-level success probabilities 

for typical examinees from defined groups. These 

probabilities are used to derive a common set of 

synthetic proficiency parameters across forms—

analogous to a single-group design—enabling 

estimation of the transformation constants without 

requiring common items, examinees, or external 

covariates. 

The proposed approach is illustrated using 

empirical data from the medical licensure domain. 

It performed well, particularly for slope 

estimation, with high consistency across all 

conditions. Intercept estimates were more 

sensitive to differences in average item difficulty 

between forms, with smaller gaps yielding more 

accurate results. 

2.2 Related Work 

A review of the literature did not identify any 

studies that use LLMs directly to develop a 

common metric. However, several studies address 

related challenges, particularly item difficulty 

prediction—a long-standing topic in educational 

and psychological measurement (e.g., Beinborn et 

al., 2015; Huang et al., 2017; Ha and Yaneva, 

2018). Current LLM-based approaches to 

difficulty prediction fall into two categories: (a) 

item-parameter prediction and (b) item-specific 

examinee-group performance prediction. The 

latter, while not identical to the task described 

here, is more closely aligned. Each approach is 

discussed below. 

Item-parameter prediction estimates classical 

or IRT-based indices from item text. For example, 

Razavi and Powers (2025) used GPT-based 

models to predict difficulty for K–5 math and 

reading items. Their feature-based ensemble 

models outperformed direct rating methods, 

reaching correlations up to r = 0.87 with empirical 

difficulties. However, accuracy may decline in 

domains requiring specialized knowledge or 

complex reasoning. For instance, in a shared task 

using medical multiple-choice questions (MCQs), 

Yaneva et al. (2024) reported that difficulty 

estimation remains challenging in this domain. 

The second approach—item-specific 

performance prediction—models how systems or 

subgroups perform on individual items. Studies 

have linked item difficulty for question-answering 

systems to human performance (e.g., Yaneva et 

al., 2019; Uto et al., 2024; Liu et al., 2025; Maeda, 

2025), though not always with high precision. 

More relevant here are studies modeling 

interactions between examinee subgroups and 

items. Feng et al. (2025) used chain-of-thought 

prompting and synthetic response generation to 

predict MCQ difficulty for defined cohorts. Park 

et al. (2024) used AI models as proxies for 

students at different skill levels. While promising, 

such methods raise concerns about bias in 

synthetic responses and highlight the need for 

further validation. 
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3 Methodology 

3.1 Proposed Procedure 

Let , ,g m iP  denote the predicted probability that 

a typical examinee from group g  will answer 

item i  correctly, according to LLM m . 

Likewise, for test form f , let , ,g m fP  be the vector 

of predicted probabilities for that set of items. 

Now, suppose an IRT model is fit to an empirical 

dataset for form f , yielding item parameter 

estimates. These estimates can then be used to 

estimate a proficiency value 
, ,
ˆ

g m f
  that, in some 

way, best describes , ,g m fP .  

Because this process can be replicated multiple 

times, let 
, , ,
ˆ

g m f r
  denote the estimate of 

, ,g m f


associated with the thr  such replication. To 

improve stability, we can then take the average 

across R  replications:  

 
, , , , ,

1

ˆ ˆ1
g m f g m f r

R

rR
 

=

=  . (2) 

This average reduces the impact of sampling 

variability from LLM output and estimation 

noise. 

Because IRT proficiencies are form-invariant, 

were 
, ,g m f

  to be estimated using two different 

test forms, the resulting two 
, ,
ˆ

g m f
  will be the 

same (excepting random error) up to a linear 

transformation: 

 
, , , ,
ˆ ˆ

B Ng m f g m f
    + , (3) 

where the subscripts Bf  and Nf , indicate base 

form or new form, respectively, and   and   

represent the slope and intercept of the 

transformation needed to place Nf ’s estimates on 

the scale of Bf . 

Given G  examinee groups and M  LLMs, this 

procedure yields G M  mean estimated 

proficiencies, 
, ,
ˆ

g m f
 , for each form. The 

transformation constants   and   can then be 

estimated using the mean and sigma method 

(Marco 1977; Kolen and Brennan 2014), which 

matches the means and standard deviations of the 

two sets:  

 
( )
( )

, ,

, ,

ˆ

ˆ
ˆ

B

N

g m f

g m f

SD

SD





=  (4) 

 ˆ ˆˆ
B Nf f

  = − , (5) 

where 

 
, ,

1 1

ˆ ˆ1
f g m f

G M

g mGM
 

= =

=   (6) 

( ) ( ), , , ,

2

1 1

ˆ ˆ ˆ1
g m f g m f f

G M

g m

SD
GM

  
= =

= − . (7) 

Notably, this application differs from 

traditional difficulty prediction in that there is no 

requirement that 
, ,
ˆ

g m f
  reflect the actual 

proficiency of a typical examinee in group g . 

That is, accuracy of 
, ,
ˆ

g m f
  is less important than 

form-invariance. 

4 Experiments 

4.1 Examinee Response Data 

We evaluated the procedure using empirical 

data from the Step 2 exam of the United States 

Medical Licensing Examination (USMLE®) 

sequence. Step 2 is typically taken by medical 

students after their third year of medical school, 

following their core rotations, and consists of 

multiple simultaneously administered test forms, 

each with ~318 MCQs. This study used ~220 

items (text-based and table-based) from a single 

form, along with responses from ~1,500 

examinees. 

Responses were modeled using the 2PL 

(Equation 1). Because all items came from a 

single form, item parameters were estimated on a 

common scale. Parameters were scaled such that 

proficiencies had a mean of 0 and SD of 1, 

simplifying interpretation. 

4.2 LLM Data 

For each MCQ, a prompt was generated 

instructing the LLM to act as “an expert medical 

education analyst” with “thorough knowledge of 

how medical students and residents perform on 

USMLE®-style multiple-choice questions.” The 

LLM was then told: “You are tasked with 

predicting the performance of the typical examinee 

from each of five different examinee groups on the 

283



 
 

following USMLE® multiple-choice question.” 

The prompt included the MCQ, its correct answer, 

exam label (Step 2), item type (e.g., “diagnosis”), 

and topic area (e.g., “cardio: infectious disorders”). 

The five examinee groups—first- through fourth-

year medical students and first-year medical 

residents (PGY-1)—were listed, followed by the 

judgment task: “Think carefully (internally) about 

each group’s level of training, typical preparedness, 

and likelihood of arriving at the correct answer… 

Factor in both knowledge and potential guessing... 

Provide one probability… for each of the five 

groups… [that] represents the probability that a 

typical examinee within that group will answer the 

question correctly.”  

For each of fifty replications, the prompt was 

submitted separately to three large language 

models (LLMs)—GPT-o1, GPT-o3, and GPT-

4.1—via the OpenAI API (OpenAI, 2024). To 

ensure item security, we used private deployments 

of these models through Azure OpenAI. While this 

was the implementation used here, the procedure 

itself is model-agnostic. 

In this way, 5G= , 3M = , and 50R= , yields 

a set 5 3 50 750  =   , ,g m iP   for each of the 

approximately 220 MCQs totaling approximately 

5 3 50 220 165,000   =   predicted probabilities 

across the ~220 items. 

4.3 Experiments 

The full set of items was randomly divided into 

two equal-length artificial test forms: a base form 

and a new form. Form difficulty was manipulated 

as two study factors: (a) across-form difference in 

mean item difficulty and (b) across-form 

difference in the standard deviation of item 

difficulties. Each factor had 11 symmetrically 

spaced levels (from -0.25 to 0.25 in 0.05 

increments), varied independently, resulting in 21 

conditions (10 for mean differences, 10 for SD 

differences, and 1 baseline condition). An 

exploratory analysis using a fully crossed design 

found that slope estimates were largely insensitive 

to changes in mean item difficulty, and intercept 

estimates were similarly unaffected by changes in 

item difficulty spread. For this reason, rather than 

employing a fully crossed design, we explored 

only conditions in which exactly one parameter 

was varied at a time, while holding the other 

parameter fixed at zero. 

While no specific proficiency estimation 

procedure is required, this study used a two-step 

empirical Bayes approach with Newton–Raphson 

optimization designed to ensure monotonic 

deviance reduction through step-size constraints 

and backtracking. Initial estimates were computed 

using diffuse (flat) priors. The empirical mean and 

standard deviation of these estimates then served 

as Gaussian priors in a refined second phase. At 

each iteration, values were optimized by 

minimizing deviance—the sum of the negative 

log-likelihood of LLM-predicted response 

probabilities and a Gaussian prior penalty. 

Newton updates were derived analytically from 

the 2PL model (Equation 1), using closed-form 

gradients and Hessians based on item parameters 

from the empirical dataset. Step sizes were 

clamped, and backtracking ensured monotonic 

deviance reduction. The estimation procedure 

terminated once convergence criteria (step sizes < 
61 10− ) were met. 

Once , , ,
ˆ
g m f r  values were computed for all 

replications, they were averaged as described in 

Equation 2, yielding 15 values for each artificial 

test form. These proficiency estimates were then 

used to estimate the slope and intercept of the 

transformation line using Equations 4 and 5. 

Using the same set of 165,000 predicted 

probabilities, the procedure—item assignment, 

proficiency estimation, and transformation 

recovery—was repeated multiple times. Because 

item assignments were randomized (within 

specified difficulty constraints), the resulting ̂  

and ̂  varied across repetitions. This variation 

reflects sensitivity to item selection, although it is 

smaller than would be expected had each 

repetition drawn from a new item pool. For this 

reason, the mean ̂  and ̂  across repetitions 

were calculated for each of the 21 difference-in-

form-difficulty conditions, and a new repetition—

considered typical—was generated that produced 

̂  and ̂  within 0.005 of these means. These 

“typical” artificial test forms served as stable 

reference points for evaluating sampling 

variability more accurately via bootstrapping. 

One thousand bootstrap draws were created by 

independently sampling, with replacement, both 

LLM replications and items within each form. For 

each bootstrap draw, a ˆ
d  and ˆ

d  were 

estimated. These bootstrap-estimated 

transformation constants were then used to 

approximate the sampling distributions of ̂  and 

̂ . 
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4.4 Evaluation Criteria 

Because all items were jointly calibrated, the 

“true” transformation function was the identity 

function: 1 =  and 0 = . Accuracy was 

evaluated by the proximity of estimated values to 

these targets. 

5 Results 

5.1 Recovery of Transformation Function 

Slope 

Figure 1 shows the estimated slopes as a function 

of the difference in item-difficulty standard 

deviations between forms. Also shown are the 

boundaries for the middle 95% of the distribution 

Figure 1:  Estimated transformation function slope (black line) as a function of difference in item difficulty 

standard deviations. The boundaries for the middle 95% of bootstrap slopes are also given (light grey 

lines); the broken grey line shows the true slope.  
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of bootstrap slopes ( ˆd ; light grey) and the true 

slope ( 1 = ; broken grey line). Across all 

conditions, the estimated slope deviates by no 

more than 0.03 from the true value. The estimates 

are most accurate when the difference in item-

difficulty standard deviations between forms is 

close to zero. Likewise, the span of the 95% 

bootstrap sampling distribution is less than 0.09 

for all conditions. 

5.2 Recovery of Transformation Function 

Intercept 

Figure 2 shows the estimated intercepts as a 

function of the difference in mean item difficulty 

between forms, following the same structure as 

Figure 1. The boundaries for the middle  5  of 

bootstrap intercepts ( ˆd ; light grey) and the true 

intercept ( 0 = ; broken grey line) are also shown. 

Intercept estimates improve as the difference in 

mean item difficulty across forms approaches zero. 

However, the vertical axis in Figure 2 spans 3.5 

times the range of Figure 1, indicating greater 

variability. In the most extreme condition, the 

absolute difference between the true and estimated 

intercepts ( ̂ −  ) reaches 0.11. This difference 

does not fall below 0.05 until the across-form 

difference in mean item difficulty is ≤ 0.10. 

Similarly, the span associated with the middle  5  

of the bootstrap intercepts is greater than that 

observed for the slopes—with spans up to 0.45.  

6 Conclusion 

6.1 Discussion 

This paper describes a procedure for estimating 

the transformation constants required to place 

independently calibrated test forms on a common 

scale. It follows a single-group (common-person) 

design (Kolen and Brennan, 2014), but instead of 

using common examinees, proficiency estimates 

for a typical test taker from each of five 

predefined groups are used. These estimates are 

based on judgment tasks given to three LLMs: 

GPT-o1, GPT-o3, and GPT-4.1. The method was 

demonstrated using real examinee-response data 

from the USMLE® Step 2 exam.  

The procedure recovered transformation-

function slopes with high precision: across all 

conditions, slope estimates deviated from true 

values by no more than 0.03. Intercept estimates 

were more sensitive to model–data misfit and 

exhibited greater variability, particularly when 

mean form difficulties differed substantially. This 

likely reflects residual dependencies between the 

LLM-generated proficiency estimates and the 

item pool, undermining the assumption of 

conditional independence. 

In IRT, proficiency parameters are item-set 

invariant. While proficiency estimates are never 

fully independent of the items used to derive 

them, the LLM-generated estimates in this study 

appeared especially sensitive to item 

characteristics. This suggests a degree of 

conditional dependence that may stem from 

misalignment between LLM-predicted 

probabilities and the modeled item response 

function. Because the success of the proposed 

procedure relies on form-invariant proficiency 

estimates, such dependencies likely contributed to 

the observed difficulties in recovering intercepts.  

 eveloping a common metric across test forms 

administered at different points in time presents a 

challenge: common items must exhibit invariance 

over time. For testing programs where item 

parameter drift is a concern, this is a vexing 

problem. The procedure proposed here does not 

require items to have this property. Instead, it relies 

on LLMs to produce form-invariant proficiency 

estimates, and it is these estimates—rather than 

common item parameters—that are used to 

estimate the transformation constants needed to 

create a common scale across forms. If successful, 

the proposed procedure represents a considerably 

more secure method for maintaining a common 

scale over time. This will be especially attractive to 

testing programs that administer high-stakes tests 

following an episodic testing design.  

6.2 Limitations 

Although the procedure is not specific to any 

testing program, content domain, IRT model, or 

LLM, it was demonstrated using medical-domain 

items from the USMLE®, the 2PL IRT model, and 

three OpenAI LLMs. These design choices limit 

the generalizability of the findings. 

The USMLE® assesses highly specialized 

technical content and is taken by a relatively 

homogeneous examinee population. It is unclear 

whether the findings extend to more general 

domains. However, previous studies have reported 

stronger performance for LLM-based predictions 

in broader content areas (e.g., Uto et al., 2024; Liu 

et al., 2025; Maeda, 2025; Razavi and Powers 
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2025), suggesting that the current results may 

underestimate the method’s effectiveness in less 

technical contexts. 

While the 2PL model is widely used, some 

testing programs—particularly in K–12 settings—

prefer models like the 3PL, which incorporate 

additional complexity and assumptions about 

guessing behavior. Although the proposed 

procedure is not restricted to any single IRT model, 

it remains unclear whether LLM-based predictions 

align equally well under models other than the 2PL. 

The OpenAI models used in this study are 

widely known, but they are neither the only nor 

necessarily the most effective LLMs for this task. 

Alternative models—used individually or in 

ensembles—may offer improved accuracy and 

consistency. Moreover, prediction quality is likely 

influenced by prompt phrasing and model settings. 

This study employed a fixed prompt and the default 

temperature, but future work should examine how 

variations in prompt structure and sampling 

parameters affect prediction accuracy and 

downstream performance. Finally, data security 

remains a critical concern. This study used private 

LLM deployments with no data logging or model 

training from inputs. However, not all models offer 

this level of protection—an important 

consideration for testing programs concerned with 

safeguarding test content. 

Finally, the number of examinee groups and the 

number of items per form were chosen to suit the 

illustrative nature of this study. These design 

aspects may influence the quality of estimated 

transformation constants and the method’s 

scalability. Other programs are likely to involve 

different group structures or item counts, and the 

procedure’s performance under such conditions 

remains untested.  

6.3 Future Work 

Although the procedure performed well under most 

conditions, it may still fall short of the precision 

required for high-stakes applications, and several 

avenues for improvement remain. 

First, the procedure is not limited to a fixed 

number of LLMs. Although this study used three 

widely known models, incorporating additional 

models—or employing ensemble strategies—may 

further improve the quality and stability of the 

proficiency estimates used to derive the 

transformation constants. 

Similarly, although five examinee groups were 

used here, additional or alternative groupings could 

further enhance performance. Exploring optimal 

group configurations and model-specific strengths 

across subpopulations may yield more robust 

results. Increasing the number of examinee groups 

would also increase the number of independent 

estimates contributing to the transformation 

calculation, potentially improving precision. 

The greatest limitation of the procedure lies in 

intercept estimation, specifically the bias in ̂

when test forms differ in average difficulty. This 

issue may be mitigated through improved form 

design. For example, assembling forms to have 

closely matched mean difficulties can reduce the 

conditions under which intercept estimation 

becomes unstable. Importantly, precise individual 

difficulty estimates are not needed for this purpose; 

only mean difficulty must be controlled. This may 

be more tractable using existing difficulty-

prediction methods. 

Finally, alternative test assembly and delivery 

strategies could further improve the method’s 

performance. For example, consider a scenario in 

which a large number of forms—comprising both 

unique and anchor items—are administered 

concurrently. These forms could be placed on a 

common metric using traditional IRT linking 

techniques (e.g., nonequivalent groups with anchor 

tests). Now suppose that multiple such 

administrations occur over time, as in an episodic 

testing design. In this case, large pools of 

administration-specific items, already placed on a 

common scale within each administration, could 

serve as input to the proposed procedure, yielding 

substantially larger item sets for estimating the 

required across-administration transformation. 

Future research should investigate such strategies, 

which focus on optimizing test design conditions 

rather than altering the procedure itself. 
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Abstract

The swift penetration of Generative AI presents
unprecedented opportunities and profound chal-
lenges for educational measurement, strain-
ing traditional validity and authenticity. This
study introduces the Augmented Measurement
Framework (AMF), a novel proactive concep-
tual model designed to transcend reactive re-
sponses by fostering synergistic human-AI col-
laboration. Grounded in four core principles,
the AMF champions: Reciprocal Co-creation,
for continuous human-AI learning and devel-
opment within the assessment lifecycle; a Con-
tinuous Validity Ecosystem, ensuring dynamic
measurement quality as AI evolves and con-
texts shift; Explainable Augmentation, enhanc-
ing human judgment through transparent AI
insights and ethical deployment; and Pedagog-
ical Resonance, aligning AI tools with sound
learning outcomes and authentic assessment
practices. This framework offers a paradigm
shift for creating valid, fair, and pedagogically
sound assessments that empower educators and
learners alike. The paper explores its practical
applications, policy implications, and charts
a critical research agenda for advancing this
essential framework.

1 Introduction

The educational landscape is currently navigating
a period of transformation, largely catalyzed by
the rapid advancements and increasing ubiquity
of Artificial Intelligence (AI), particularly Gener-
ative Artificial Intelligence (GenAI). Tools such
as ChatGPT and other sophisticated AI systems
have evolved from simple text-generation utilities
into powerful engines capable of producing com-
plex, human-like content across a vast spectrum
of domains (Khlaif et al., 2025). This technologi-
cal surge offers immense potential for innovation
in teaching, learning, and, critically, educational
assessment. However, it simultaneously presents
formidable challenges that shake the foundations

of established pedagogical and measurement prac-
tices.

The core of the current predicament lies in the
capacity of GenAI tools to enable students to pro-
duce outputs that may not genuinely reflect their
own competencies, understanding, knowledge, and
skills (Corbin et al., 2025). This capability directly
confronts traditional assessment methods designed
to ascertain individual student learning. AI’s in-
tegration into academic practices is so profound
that it blurs the line between acceptable assistance
and inappropriate delegation at every stage of the
assessment process, from initial ideation through
to final editing (Corbin et al., 2025). The current
situation has fostered a significant degree of uncer-
tainty among educators and students alike, leading
to what some describe as a sense of unease, even
trauma, arising from the rapid erosion of estab-
lished pedagogical norms and the challenge to pro-
fessional identity, as they attempt to reconcile their
educational values with the new realities imposed
by AI technology (Corbin et al., 2025).

In response to these disruptions, numerous
frameworks have emerged to help educators adapt,
aiming to articulate boundaries between acceptable
and unacceptable uses of AI in assessment (Corbin
et al., 2025). Despite variety in the reasons for as-
sessment redesign, most of the reasons are respon-
sive focusing on developing "AI-resistant" assess-
ments or implementing policies of simple prohibi-
tion or permission (Khlaif et al., 2025). However,
these often reactive and incremental approaches fre-
quently fall short in fostering a deeply integrated
future, either limiting the transformative potential
of AI or failing to address the fundamental redef-
inition of learning and assessment required in an
AI-pervaded educational environment. This paper
posits that the current juncture demands more than
incremental adjustments or reactive measures. It
calls for a proactive and theoretically grounded
rethinking of the role of AI in educational mea-
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surement. The central purpose advanced here is
the need for a new conceptual framework, the
Augmented Measurement Framework (AMF). The
AMF seeks to move beyond the "assessment crisis"
by proposing a model where human intelligence
and artificial intelligence work synergistically (Fey-
ijimi et al., 2025) to create assessment processes
that are more valid, fair, transparent, and ultimately,
more conducive to authentic learning.

2 Conceptual Foundation

As educational institutions grapple with the inte-
gration of GenAI, various conceptual models have
been proposed to guide practice and policy. One
such model, the "Against, Avoid, Adopt, and Ex-
plore" framework, offers a pragmatic lens for fac-
ulty members to consider their responses to AI in
assessment, reflecting differing levels of engage-
ment and concern (Khlaif et al., 2025). Another
significant contribution is the Human-Centric AI-
First (HCAIF) framework, developed through ex-
tensive research and experimentation (Verhoeven
& Hor, 2025). The HCAIF model is built upon five
pillars: Preparation, Personalized Learning, Class-
room Engagement, Summative Assessment, and
Personalized Monitoring, and is underpinned by
the crucial factors of Attribution (students showing
how AI was used) and Reflection (students analyz-
ing their AI use).

The challenges accompanying these adaptations
are substantial. A primary concern is the difficulty
in distinguishing between authentically student-
produced work and AI-assisted or AI-generated
submissions, a problem that strikes at the heart
of academic integrity (Khlaif et al., 2025). Fur-
thermore, the time and resource demands for re-
designing assessments to be "AI-resistant" or to
meaningfully incorporate AI are significant, often
straining already burdened educators (Khlaif et al.,
2025). Equity and accessibility concerns also loom
large; disparities in student access to AI tools and
digital infrastructure can create unfair assessment
landscapes (Khlaif et al., 2025).

Compounding these issues are resistance to
change from both faculty and students accustomed
to traditional methods, and a pervasive lack of clear
institutional guidelines and adequate professional
development for educators (Khlaif et al., 2025). To
understand how educational communities navigate
these changes, particularly in defining acceptable
AI use, concepts from sociology, such as bound-

ary work and social boundary theory, offer valu-
able analytical tools (Corbin et al., 2025). These
theories help explain how groups construct, main-
tain, and negotiate symbolic boundaries between
legitimate and illegitimate practices, especially dur-
ing periods of technological disruption (Corbin et
al., 2025). To bridge this gap and cultivate the
sophisticated human-AI partnership required, the
concept of ’Augmented Intelligence’ offers a pow-
erful paradigm for envisioning the future of AI in
education.

In an augmented intelligence model, the role
of the teacher undergoes a significant transforma-
tion. Teachers shift from being the primary pur-
veyors of knowledge to becoming facilitators, men-
tors, and guides who help students navigate per-
sonalized learning paths supported by AI (Chiu &
Rospigliosi, 2025; Feyijimi et al., 2025). This shift
allows educators to focus on higher-order skills
such as critical thinking, ethical reasoning, cre-
ativity, and emotional intelligence (Feyijimi et al.,
2025).

The integration of AI into educational measure-
ment carries a profound ethical responsibility. As
AI systems become more powerful and pervasive,
ensuring their ethical development and deployment
is not merely an adjunct consideration but a foun-
dational requirement. There are numerous ethical
concerns in AI driven assessment such as algorith-
mic bias (Feyijimi et al., 2025; Walden University,
2025), extensive data collection required (Bhadwal,
2024), academic integrity (Feyijimi et al., 2025;
Khlaif et al., 2025) among others. A proactive
approach to mitigating the ethical concerns goes
beyond reducing harm but designing AI systems
that embody and promote pedagogical values and
equitable learning opportunities through the very
act of measurement (Wynants et al., 2025). This
proactive stance, which forms an intrinsic element
of the proposed Augmented Measurement Frame-
work, ensures that ethical considerations are not
merely reactive safeguards but are foundational to
the design and deployment of AI in assessment,
fostering human flourishing and equity from incep-
tion. For AI to be ethically deployed and effec-
tively integrated into educational measurement, its
decision-making processes cannot remain opaque.
Explainable AI (XAI) addresses this by referring to
AI systems that can reveal how their decisions and
recommendations are made, moving away from the
"black box" paradigm where AI reasoning is hid-
den (European Commission, 2024; Feyijimi et al.,
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2025). The Defense Advanced Research Projects
Agency (DARPA) defines XAI systems as those
capable of explaining their reasoning, highlight-
ing their strengths and limitations, and forecasting
their future behavior (Gunasekara & Saarela, 2025).
XAI is thus not merely a technical feature but a fun-
damental enabler of ethical AI, fostering trust, en-
abling informed human oversight, and supporting
the pedagogical goals of fairness and understanding
in AI-augmented educational measurement.

3 Dynamic Validity in AI-Augmented
Assessment

Traditional conceptions of validity in educational
measurement, while foundational, face significant
challenges when applied to the rapidly evolving
landscape of AI-augmented assessment. Classi-
cal validity theory, culminating in Messick’s uni-
fied framework, encompasses various forms of
evidence (e.g., content-related, construct-related,
criterion-related) to support the interpretation and
use of assessment scores for specific purposes (Ag-
hazadeh et al., 2015; Messick, 1995). AI-driven
assessments, particularly those employing machine
learning, introduce several complexities that tradi-
tional validation approaches struggle to accommo-
date such as adaptivity, continuous learning, opac-
ity and complexity of data.

To address these limitations, this paper proposes
the concept of Dynamic Validity. Dynamic Valid-
ity is conceptualized as an ongoing, context-aware,
and adaptive evaluation of an AI assessment sys-
tem’s inferences, decisions, and actions. It is not a
one-time certification but a continuous process that
monitors and seeks to ensure the system’s ability
to maintain measurement quality – including ac-
curacy, fairness, relevance, and utility – as the AI
model itself evolves, student populations change,
instructional contexts shift, and our understanding
of the assessed constructs develops.

Dynamic Validity is a multifaceted construct,
encompassing several interconnected dimensions
which include adaptive validity, continuous va-
lidity and ongoing assessment, dynamic fairness
and algorithmic equity, explainability’s role in dy-
namic validation and evolving consequential valid-
ity. These dimensions collectively underscore the
necessity of adaptive mechanisms to re-evaluate
validity as AI models evolve, the continuous moni-
toring of measurement quality for sustained relia-
bility, the proactive pursuit of algorithmic equity to

mitigate bias, the integration of explainability for
transparent validation, and the iterative assessment
of the broader educational and societal impacts of
AI systems.

The concept of Dynamic Validity resonates with
approaches in other fields that deal with rapidly
evolving evidence bases such as Living System-
atic Reviews (LSRs) in healthcare which ensures
continuously updated review of new research find-
ings and provide current and relevant evidence to
support decision-making (Lansky & Wethington,
2020). Analogously, AI-augmented assessment
systems require "Living Validity Arguments."

This implies establishing processes for periodic
re-validation, transparent reporting of performance
metrics, and mechanisms for incorporating new re-
search findings about the AI’s effectiveness and im-
pact. Such an approach acknowledges that validity
is not a fixed state to be achieved, but a continu-
ous commitment to ensuring the responsible and
effective use of AI in educational measurement.
Indeed, Dynamic Validity is not merely a theoreti-
cal concept but a foundational pillar, intrinsically
woven into the fabric of the Augmented Measure-
ment Framework, ensuring that AI’s evolution in
assessment remains aligned with core educational
values and robust measurement standards through
constant vigilance.

4 Augmented Measurement Framework
(AMF)

The AMF is proposed as a conceptual model (Fig-
ure 1) designed to guide the development, imple-
mentation, and ongoing evaluation of AI in educa-
tional assessment. It aims to foster a synergistic
relationship between humans and AI, moving be-
yond simplistic views of AI as either a threat to
be mitigated or a panacea for all assessment chal-
lenges (Feyijimi et al., 2025). The AMF is struc-
tured around four core, interconnected principles
that collectively promote an assessment ecosys-
tem that is valid, fair, transparent, pedagogically
sound, and empowering for both educators and
learners. This particular combination and emphasis
on their synergistic interaction distinguishes the
AMF, moving beyond singular focus areas to ad-
dress the holistic challenges and opportunities of
AI in educational measurement by envisioning a
truly collaborative future. These principles are not
discrete entities but rather deeply interdependent,
forming a dynamic ecosystem where Reciprocal
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Co-creation informs the ethical development of as-
sessment tools, whose measurement quality is then
continuously assured through the Continuous Va-
lidity Ecosystem, while Explainable Augmentation
fosters trust and provides transparent insights, all
serving to optimize Pedagogical Resonance with
sound educational practices and desired learning
outcomes.

The reciprocal co-creation principle of the AMF
posits that educators and AI systems should engage
in a continuous, bi-directional process of learning
and development within the assessment lifecycle.
It moves beyond the traditional paradigm where
educators are passive end-users of pre-packaged
AI tools or where AI functions merely as a static
instrument. Mechanisms for enacting Reciprocal
Co-creation include collaborative design from in-
ception, AI-assisted, educator-refined content gen-
eration, nuanced feedback loops for AI improve-
ment and interactive machine learning.

The continuous validity ecosystem principle as-
serts that validity in AI-augmented assessment is
not a static property achieved at a single point in
time, but an ongoing process embedded within an
ecosystem of human oversight and AI adaptation.
Mechanisms for establishing a Continuous Valid-
ity Ecosystem include systematic human review
and oversight, AI-assisted prioritization of human
review, ongoing performance monitoring and adap-
tation, living validity argument documentation and
avoiding AI-only training cycles.

The explainable augmentation principle under-
scores that the primary role of AI in educational
measurement is to augment and enhance – not re-
place – the professional judgment of educators.
The principle can be achieved with the following
process integration of XAI techniques, actionable
insights for educators, supporting pedagogical di-
agnosis, and building trust through transparency.
The final principle of pedagogical resonance pro-
posed that AI assessment tools and processes must
be subservient to, and supportive of, sound peda-
gogical principles and desired learning outcomes.
Mechanisms for ensuring Pedagogical Resonance
include alignment with learning theories, formative
and actionable feedback, educator customization
and control, emphasis on authentic assessment and
holistic evaluation impact.

Figure 1: Augmented Measurement Framework. This
figure visualizes the interconnectedness of the pillars
and components within the AMF. Three enabling pillars:
Professional Development, Policy & Governance, and
Technology & Infrastructure feed into a Dynamic Va-
lidity envelope that continuously surrounds a four-step
co-creative cycle consisting of Reciprocal Co-creation,
Continuous Validity Ecosystem, Explainable Augmenta-
tion, and Pedagogical Resonance. This validity lens en-
sures that AI-supported assessments are fair, transparent,
and aligned with learning goals. The cycle culminates
in true human-AI collaboration, where educators and
algorithms work together to produce valid, interpretable,
and learner-centered results.

5 Operationalizing the Augmented
Measurement Framework

The principles of the Augmented Measurement
Framework (AMF) – Reciprocal Co-creation, Con-
tinuous Validity Ecosystem, Explainable Augmen-
tation, and Pedagogical Resonance – provide a con-
ceptual blueprint. Translating this blueprint into
practice requires considering illustrative scenarios,
implications for teacher professional development,
necessary policy adjustments, and supportive tech-
nological enablers. Operationalizing the AMF is
not about implementing a fixed set of tools, but
fostering an evolving ecosystem where human ex-
pertise and AI capabilities synergize to improve
educational measurement.

To concretize how the AMF might function, an
illustrative scenario will be discussed in this pro-
posal.

A consortium of STEM educators, representing
diverse cultural backgrounds, collaborates with AI
developers to create more culturally responsive as-
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sessment items. The process begins with educators
identifying potential biases (e.g., culturally specific
contexts, language) in existing STEM assessment
banks. The AI, equipped with NLP capabilities
and access to diverse textual and cultural knowl-
edge bases, assists in generating alternative assess-
ment items or scenarios that are potentially more
inclusive or relevant to different student popula-
tions (Martin et al., 2025). Educators then meticu-
lously vet these AI-generated alternatives for cul-
tural appropriateness, linguistic clarity, pedagog-
ical soundness, and alignment with STEM learn-
ing objectives (Reciprocal Co-creation, Pedagog-
ical Resonance). They might, for instance, adapt
an AI-suggested physics problem to use examples
or contexts familiar to students in their specific
communities. The AI learns from these educator
modifications and preferences, improving its ability
to generate culturally sensitive content over time.
Furthermore, the AI’s Explainable AI (XAI) capa-
bilities provide transparency into why certain items
were flagged for bias or how alternative items were
generated, offering educators actionable insights
into the underlying patterns and reasoning, thereby
enhancing trust and facilitating more informed col-
laborative decisions (Explainable Augmentation).
The Continuous Validity Ecosystem involves ongo-
ing monitoring of item performance across different
demographic groups to ensure fairness and identify
any emergent biases, with educators playing a key
role in interpreting these data and guiding further
AI refinement (Continuous Validity for fairness).

The successful implementation of the AMF heav-
ily relies on equipping educators with new knowl-
edge, skills, and dispositions. Professional de-
velopment (PD) must evolve beyond basic oper-
ational training for specific AI tools. Key areas
for PD include comprehensive AI literacy, data
literacy for assessment, ethical AI use and bias
mitigation, skills for human-AI collaboration and
co-creation and pedagogical adaptability. Effec-
tive PD for the AMF is not just about transferring
technical skills; it’s about fostering a new "assess-
ment mindset." Educators should see themselves as
augmented decision-makers, critical evaluators of
AI-generated insights, and active agents in shaping
the AI assessment ecosystem, rather than passive
recipients of AI directives or mere implementers of
externally developed tools.

Supportive institutional and systemic policies are
crucial for the AMF to take root. Achieving this
requires ethical guidelines and data governance,

investment in research and AMF aligned devel-
opment, procurement and development standards,
equity and access, and educator agency and time
allocation. Policy frameworks supporting the AMF
must strike a balance between fostering innovation
and establishing robust safeguards.

The vision of the AMF relies on the availabil-
ity and continuous improvement of certain tech-
nological capabilities such as user friendly XAI
interfaces, platforms for collaborative designs and
validation, robust and secure data infrastructure,
interoperability standard and advanced AI mod-
els. Operationalizing the AMF is an ambitious
but necessary endeavor. It requires a concerted ef-
fort from researchers, developers, educators, and
policymakers to build the tools, practices, and sup-
portive environments that can realize the promise
of a truly augmented and human-centered approach
to educational measurement.

6 Navigating Challenges and Charting
Future Directions

While the Augmented Measurement Framework
(AMF) offers a promising vision for the future of
AI in educational assessment, its realization is not
without significant challenges. Successfully nav-
igating these hurdles and advancing the field re-
quires a clear understanding of the practical, tech-
nical, ethical, and societal complexities involved,
alongside a focused research agenda. However,
the very design of the AMF, with its emphasis
on Reciprocal Co-creation, a Continuous Validity
Ecosystem, Explainable Augmentation, and Ped-
agogical Resonance, inherently provides mecha-
nisms to proactively address many of these chal-
lenges, transforming potential obstacles into op-
portunities for innovation within a human-centered
design.

The implementation of AMF-aligned AI assess-
ment systems faces several practical and technical
obstacles such as scalability of human oversight,
data requirements and quality, computational costs
and infrastructure, developing intuitive XAI inter-
faces and interoperability and integration.

Beyond technical issues, the ethical and soci-
etal implications of AI-augmented measurement
demand careful and continuous attention such as
mitigating algorithmic bias and ensuring fairness,
protecting student data privacy and security, aca-
demic integrity in the age of GenAI, the digital di-
vide and equitable access and over-reliance on AI
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and De-skiling (Feyijimi et al., 2025). Successfully
navigating these multifaceted challenges hinges on
fostering deep, interdisciplinary collaboration.

The AMF is a conceptual framework that re-
quires empirical validation and refinement. A ro-
bust research agenda is needed to explore its prin-
ciples and operationalization. There is need to de-
velop and validate dynamic validity metrics, struc-
ture a longitudinal impact study, and investigating
pedagogies for human-AI co-creation in assess-
ment are some of the most crucial research agenda
for achieving the goals of AMF. Among these, the
immediate imperative lies in developing and empir-
ically validating dynamic validity metrics, as these
are fundamental to establishing the trustworthiness
and utility of AMF-aligned systems in diverse edu-
cational contexts.

7 Conclusion

The integration of Artificial Intelligence into ed-
ucational measurement stands at a critical junc-
ture. The transformative power of AI, particularly
GenAI, offers unprecedented opportunities to per-
sonalize learning, provide richer feedback, and gain
deeper insights into student understanding. How-
ever, this potential is accompanied by significant
challenges to traditional assessment paradigms,
raising fundamental questions about validity, fair-
ness, authenticity, and the very nature of human
learning in an AI-pervaded world. This paper has
argued that navigating this complex terrain requires
a paradigm shift, a move away from viewing AI as
a mere instrument of automation or efficiency, to-
wards conceptualizing it as a collaborative partner
in a dynamic and ethically grounded assessment
ecosystem.

The Augmented Measurement Framework
(AMF) has been proposed as a conceptual guide
for this shift. Unlike prior reactive or incremental
approaches, the AMF provides a proactive, holistic
blueprint for integrating AI, championing a syn-
ergistic relationship where the unique strengths
of human intelligence are weaved into the fabrics
of AI-augmented assessment. Built upon four in-
terconnected principles: Reciprocal Co-creation,
Continuous Validity Ecosystem, Explainable Aug-
mentation, and Pedagogical Resonance – the AMF
offers a pathway to harness AI’s capabilities re-
sponsibly. It champions a synergistic relationship
where the unique strengths of human intelligence
(pedagogical expertise, ethical judgment, contex-

tual understanding) and artificial intelligence (data
processing, pattern recognition, adaptive capabili-
ties) are combined to create assessment processes
that are more than the sum of their parts.

Operationalizing the AMF is undoubtedly a com-
plex undertaking, fraught with technical, practical,
and ethical challenges. It demands significant in-
vestment in research, the development of new tech-
nologies and professional competencies, and the
establishment of supportive policy environments.
However, the pursuit of such a framework is not
merely a technical or academic exercise; it is an
ethical imperative. The ultimate success of AI in
educational measurement will not be judged solely
by its technical sophistication or its efficiency gains.
Instead, it will be measured by its capacity to foster
more humane, equitable, and meaningful learning
experiences for all students (Khlaif et al., 2025). AI
must be a tool that helps to close achievement gaps,
not widen them; that promotes critical thinking and
creativity, not rote compliance; and that empowers
educators, not diminishes their professional role.

Adopting frameworks like the AMF represents
more than a technical upgrade for educational in-
stitutions; it signifies a cultural shift. It requires a
collective commitment to ongoing learning, critical
reflection, interdisciplinary collaboration, and adap-
tive governance of AI technologies. Realizing this
vision demands a concerted, sustained effort from
researchers, developers, educators, and policymak-
ers alike, ensuring that the necessary tools, prac-
tices, and supportive environments are co-created
to serve this profoundly human endeavor. The jour-
ney towards this future is ongoing, but by embrac-
ing principles of synergy, dynamic validity, trans-
parency, and pedagogical integrity, we can strive
to ensure that AI serves to make educational as-
sessment not only more powerful but also more
purposeful and profoundly human.
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Abstract 

This study investigates inquiry and 

scaffolding patterns between students and 

MathPal, a math AI agent, during 

problem-solving tasks. Using qualitative 

coding, lag sequential analysis, and 

Epistemic Network Analysis, the study 

identifies distinct interaction profiles, 

revealing how personalized AI feedback 

shapes student learning behaviors and 

inquiry dynamics in mathematics 

problem-solving activities. 

1 Introduction & Background 

As generative artificial intelligence (GAI) 

becomes increasingly integrated into K–12 

settings, educators and researchers are starting to 

explore how GAI tools can meaningfully support 

student learning through interactive, adaptive 

assistant (Lang et al., 2025). Recent studies have 

shown that conversational AI tools can act as 

learning companions, offering personalized 

scaffolding and guiding students through complex 

tasks in real time, particularly in K–12 contexts 

(Kim & Kwon, 2025; Li et al., 2024). In 

mathematics education, where students often 

struggle with abstract reasoning and procedural 

complexity in the subject such as algebra, AI 

agents have the potential to provide personalized, 

real-time feedback that bridges the gap between 

instruction and independent inquiry. 

The idea of instructional scaffolding has long 

emphasized the importance of timely support that 

is tailored to the learner’s evolving needs 

(Belland, 2017). In AI-integrated learning 

environments, scaffolding can take the form of 

prompts, hints, motivational encouragement, or 

step-by-step guidance, each playing a crucial role 

in sustaining engagement and deepening 

understanding especially as students are solving 

math problems independently (Rittle-Johnson & 

Koedinger, 2005; Tay & Toh, 2023). Similarly, 

inquiry-based learning frameworks have 

highlighted how students' questioning behaviors, 

exploration strategies, and reflection processes 

contribute to meaningful learning (Artigue & 

Blomhøj, 2013). Yet, less is known about how 

these two dynamics—inquiry and scaffolding—

manifest when students interact with AI agents in 

real-time problem-solving contexts. 

This gap calls for a closer examination of how 

AI-mediated interactions shape learning processes 

in mathematics, particularly how students and ai 

agents collaboratively navigate complex problem-

solving tasks. While previous studies have 

demonstrated the effectiveness of intelligent 

tutoring systems in enhancing performance and 

engagement (Niño-Rojas et al., 2024; Zhang & 

Jia, 2017), relatively few have examined the 

dialogic and adaptive qualities of these 

interactions—particularly from the dual 

perspectives of student-initiated inquiry and AI-
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generated scaffolding. Moreover, although some 

work has explored AI's responsiveness to student 

input (Atherton et al., 2024; Kim et al., 2025), 

there remains a lack of fine-grained analysis on 

how specific types of student inquiries elicit 

particular forms of scaffolding, and how these 

patterns vary across learners. 

To address this gap, this study examines how 

high school students interact with MathPal 

(MathPal, 2023), an AI conversational agent 

designed to provide personalized support during 

math problem-solving tasks. Grounded in growth 

mindset and dialogic learning principles, MathPal 

engages students through structured yet adaptive 

conversation, offering hints, strategies, and 

encouragement as they work through algebraic 

problem sets. The integration of MathPal into real 

classroom settings offers a rich opportunity to 

explore the nature of AI-mediated learning 

interactions and to better understand how students 

navigate mathematical problem-solving tasks 

colligatively with an AI agent. 

This research is guided by two key aims. First, 

researchers seek to analyze the patterns of inquiry 

and scaffolding interactions that emerge during 

student–MathPal problem-solving conversations. 

By classifying the types of questions students pose 

and the forms of support provided by AI, 

researchers aim to identify recurring patterns and 

interactional flows that characterize the learning 

dialogue. Second, this study intends to investigate 

how students differ in their interaction trajectories 

with MathPal, and whether distinct profiles of 

interaction can be identified across the classroom. 

Understanding these profiles may help educators 

and designers develop more adaptive AI systems 

that tailor scaffolding strategies to students’ 

unique learning needs and inquiry styles, which 

lead to the following two research questions: 

RQ1: What are the patterns of inquiry and 

scaffolding interactions between students and 

MathPal during math problem-solving activities? 

RQ2: What distinct student interaction profiles 

with MathPal emerge during math problem-

solving, and how do these profiles reflect 

differences in learning behaviors? 

2 Methods  

2.1 Participants 

Participants were 48 ninth-grade students enrolled 

in three Algebra I classes at an urban high school 

located in the northeastern United States. The 

school serves a diverse student population with 

approximately 50% of students identified as 

economically disadvantaged. All participants 

were taught by the same high school mathematics 

teacher who has 12 years of teaching experience. 

Teacher consent, parental permission, and student 

assent were obtained in accordance with 

Institutional Review Board (IRB) approval prior 

to the commencement of the study and data 

collection.  

2.2 Math AI Agent--MathPal 

MathPal is an AI-powered conversational agent 

designed to serve as an interactive math learning 

partner for high school students. It supports 

students in understanding mathematical concepts 

and offers strategies and hints to guide them in 

solving practice problems. Informed by growth 

mindset concept (Dweck, 2006), which is the 

belief that abilities can be developed through 

effort, effective strategies, and constructive 

feedback, MathPal encourages students to persist 

through challenges and view mistakes as 

opportunities for learning. 

MathPal can be integrated seamlessly with 

digital math learning platforms, providing 

students with real-time, responsive guidance in a 

conversational and supportive tone. Its design 

promotes resilience and confidence in problem-

solving by offering personalized support aligned 

with students’ learning needs. As shown in Figure 

1, MathPal can read the screen and assist students 

in solving problems by providing strategies or 

hints without revealing the answer, using growth 

mindset–aligned language to facilitate problem-

solving process.  

 
Figure 1: MathPal Conversation Interface 

Additionally, MathPal promotes focus and 

motivation by redirecting off-topic discussions 

toward relevant mathematical content, linking 

students’ personal interests to core math concepts. 

When students interact with MathPal, whether to 

ask about algebraic concepts or problem-solving 

steps and strategies, their inputs are interpreted by 

the system, routed through reliable back-end 
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computational engines, and reformulated into 

accessible and student-friendly language. 

2.3 Research Contexts  

MathPal was integrated into the 9th-grade 

Algebra I curriculum and embedded within a 

virtual mathematics learning program. During 

daily math lessons, following the teacher's 

instruction, students transitioned to the virtual 

program for individual practice, typically 

engaging in math problem sets for approximately 

15–20 minutes per class session. As students 

worked through various problem-solving tasks, 

they interacted with MathPal to receive guidance 

and tailored feedback. The types of tasks and 

instructional content supported by MathPal were 

aligned with daily instructional concepts such as 

solving linear function problems. 

At the beginning of the semester, teachers 

provided an on-boarding session to students on 

installing and using MathPal, including 

demonstrations of its features and functions. 

Students then utilized MathPal throughout the 

semester (14 weeks) as a regular component of 

their mathematics learning experience  (see Figure 

2). During independent practice, teachers 

circulated around the classroom to address 

students’ questions, whether related to the use of 

MathPal or the mathematical content itself. This 

support ensured that students remained engaged 

and could navigate the problem-solving tasks 

effectively. 

 
Figure 2. Daily Math Lesson with MathPal 

2.4 Data Analysis  

Qualitative analysis was used to examine the 

conversational exchanges between students and 

MathPal during problem-solving activities. A total 

of 1,214 conversational threads were generated by 

the 48 participating students.  

To better understand how students interact with 

MathPal during problem-solving activities, an 

inductive approach to qualitative analysis was 

used. Because engaging with an AI agent to solve 

problems collaboratively is a first-time experience 

for many students, the goal was to allow inquiry 

patterns to emerge directly from the data. 

Accordingly, open coding was first applied to 

identify recurring concepts and types of student 

input, followed by axial coding to organize these 

codes into broader themes and subthemes 

representing students’ engagement with the tool 

(Strauss & Corbin, 1998). The researchers 

independently coded the first 300 threads of the 

data and developed separate codebooks. Through 

a process of comparison, contrast, and 

triangulation, they reconciled differences and 

collaboratively refined the codes into a single, 

unified codebook. This final codebook was then 

applied to complete the coding of the full dataset. 

Table 1 presents the codebook used to categorize 

students’ inquiry types during problem-solving 

interactions. These were classified into five 

categories: solution-focused, conceptual, 

computational, formula/procedural, and 

clarification-seeking inquiries.  

Theme Definition Example 

Clarifica-

tion 

Seeking 

Students ask for 

repetition, 

elaboration, or 

clearer 

explanation of 

problem-solving 

process. 

Can you go 

through the 

steps again? 

Computa-

tional 

Inquiry 

Students inquire 

about performing 

a specific 

mathematical 

computation. 

I need to 

calculate 

cos(π/4) 

without a 

calculator. 

Concep-

tual Inquiry 

Students seek to 

understand the 

underlying 

meaning behind 

a mathematical 

concept. 

What exactly 

is a derivative. 

Formula/ 

Procedural 

Inquiry 

Students ask for 

a formula, rule, 

or step-by-step 

procedure for 

solving a 

problem. 

Can you 

provide the 

steps for 

computing the 

determinant. 

Solution-

Focused 

Inquiry 

Students directly 

request help in 

solving a specific 

problem.  

Can you help 

me solve this 

equation 

Table 1. Codebook for Student Inquiry Types 
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To better understand how MathPal supported 

students in progressing through the problem-

solving process, a deductive coding analysis 

(Fereday & Muir-Cochrane, 2006) was conducted 

on the AI-generated responses to student 

inquiries. The coding scheme was adapted from 

the STEM scaffolding types proposed by Belland 

(2017), which enables researchers to capture 

diverse forms of cognitive, metacognitive, and 

strategic support essential to inquiry-based 

learning, thus aligns well with the problem-

solving context of this study. Researchers 

followed a similar coding and triangulation 

process as used in the student data analysis, 

collaboratively refining and consolidating the 

codebook through consensus (see Table 2). 

Theme Definition Example 

Conceptual 

Scaffolding 

Provides 

explanations or 

definitions to 

help students 

understand 

underlying 

mathematical 

concepts. 

A linear 

function is a 

function 

that… 

Manage-

ment 

Scaffolding 

Help students 

stay on task or 

maintain focus 

during the 

problem-solving 

process. 

Let's focus on 

solving the 

math problem! 

Metacog-

nitive 

Scaffolding 

Encourages 

students to 

reflect on their 

thinking, or 

self-monitor 

their problem-

solving process. 

Let’s go 

through this 

again…Ve-

rify these to 

ensure 

correctness. 

Let me know 

how that 

works out. 

Motivation-

al 

Scaffolding 

Offers 

encourage-ment 

or support to 

sustain students’ 

confidence or 

engagement in 

the learning 

task. 

I'll provide 

you with hints 

and guidance. 

Let's work 

together on 

some math 

problems! 

Strategic 

Scaffolding 

Guides students 

through a step-

by-step process 

or strategy to 

solve a problem 

effectively. 

To solve the 

problem 

of…...., follow 

these 

steps…… 

Table 2. Codebook for MathPal’s Scaffolding Types 

After completing the coding of both students’ 

and MathPal’s data based on the established 

codebook, data visualization and lag sequential 

analysis were conducted to address the first 

research question, which focused on the temporal 

patterns of inquiry types during problem-solving 

interactions. 

To address the second research question, 

Epistemic Network Analysis (ENA; Shaffer, 

2017) was employed to examine the co-

occurrence and structural patterns of student–AI 

interactions. ENA utilizes a sliding window (also 

referred to as a “stanza”) to analyze interaction 

data, enabling the identification of codes that co-

occur frequently within a defined context. In this 

study, the unit of analysis for ENA was the 

individual student, with each student’s interaction 

history with the AI defined as “conversation”. For 

this analysis, the stanza size was set to seven, a 

standard parameter commonly used for modeling 

conversational data. 

Following the initial ENA modeling, K-means 

clustering was applied to uncover distinct patterns 

of student-AI interaction. Using students’ network 

projections on the ENA plane, the K-means 

algorithm was employed to determine the optimal 

number of clusters, ensuring that within-cluster 

similarity was maximized while between-cluster 

similarity was minimized. Subsequently, the 

clustering results were integrated into the ENA 

modeling to visualize and compare student-AI 

interactions across the identified clusters. 

3 Results  

3.1 RQ1: Inquiry and Scaffolding Patterns 

During Problem-Solving 

To gain a comprehensive understanding of the 

general interaction patterns between students and 

MathPal, pie charts were created to illustrate the 

distribution of student inquiry types and 

MathPal’s scaffolding strategies. Figure 3 reveals 

that Solution-Focused Inquiry accounted for the 

largest proportion of student utterances (42.29%), 

followed by Computational Inquiry (20.48%). 

This indicates that students primarily engaged 

with MathPal when tackling multi-step tasks or 

performing calculations. For example, a student 

asked, “how to do this problem step by step,” 

which reflects a focus on procedural progression 

rather than conceptual exploration. 
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Figure 3: Student Inquiry Type Distribution 

On MathPal’s side (Figure 4), Strategic 

Scaffolding was the most frequently applied 

support type (52.88%), emphasizing the system’s 

tendency to guide students through structured 

problem-solving steps. Together, the pie charts 

suggest that student-AI interactions were heavily 

oriented toward procedural assistance, with 

MathPal primarily functioning as a step-by-step 

guide rather than a conceptual tutor. This raises 

important pedagogical considerations for 

designing AI that not only supports task 

completion but also fosters deeper mathematical 

understanding. 

 
Figure 4: MathPal Scaffolding Type Distribution. 

To further illuminate how specific types of 

student inquiries elicited corresponding 

scaffolding from MathPal, a Sankey diagram was 

constructed to visualize the directional flow of 

interactions between learner input and MathPal-

generated scaffolding. This diagram captures the 

distribution of coded interactions across 454 

episodes, illustrating how the nature of student 

queries on the left influenced the form of 

scaffolding provided on the right. 

As indicated in figure 5, the dominant flow in 

the diagram stems from Solution-Focused Inquiry 

(n = 192), which overwhelmingly leads into 

Strategic Scaffolding (n = 300). This directional 

flow demonstrates that when students present 

complex problem-solving questions, such as those 

requiring multi-step reasoning, MathPal 

responded primarily with strategic procedural 

guidance. A typical case illustrates this flow: a 

student asked, “how to do this problem step by 

step”, which was answered with: “To solve the 

equation -8d + 11d = 9d, follow these steps...”. 

Such flows underscore the alignment between 

problem complexity and strategic decomposition 

in AI support, suggesting that MathPal's 

scaffolding logic is tightly calibrated to respond to 

problem-solving requests. 

 
Figure 5: Student Inquiry Types and Corresponding 

MathPal Scaffolding Support 

Computational Inquiries (n = 93) also 

predominantly flowed toward Strategic 

Scaffolding. The directional thickness of this 

stream in the Sankey diagram reflects frequent AI 

responses aimed at operational clarity. For 

example, queries like “put 10, 20,15, 30... in a 

number line” prompted responses emphasizing 

ordered thinking, reinforcing the trend that 

MathPal prioritizes task structure and planning in 

response to numerical and operational queries. 

Another substantial pathway leads from 

Clarification Seeking (n = 86) and Conceptual 

Inquiry (n = 49) into Conceptual Scaffolding (n = 

95). These flows signify situations where learners 

express epistemic uncertainty, often about 

definitions, categories, or relational 

understanding, and the AI responded with 

conceptual elaboration. This pattern affirms that 

conceptual depth on the part of the student 

correlates with knowledge-level scaffolding from 

MathPal, further evidencing a pedagogically 

aligned flow system. 

In contrast, weaker flows were observed 

toward Management (n = 12), Motivational (n = 

15), and Metacognitive Scaffolding (n = 32). 

These less prominent flows appeared thin across 

all inquiry types, indicating either low incidence 

of such student needs or limited detection and 

activation by MathPal. Notably, even from 

Solution-Focused Inquiries, which is the most 

dominant source, only a small number of 

instances flowed into these support categories. 
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Metacogniti
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Scaffolding, 

5.93%

Motivation 

Scaffolding, 
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The visual marginality of these flows in the 

Sankey chart, particularly those leading to 

motivational, management, and metacognitive 

scaffolding, points to instructional dynamics 

where motivational and self-regulatory supports 

are engaged less frequently in AI-student 

interactions.  

In summary, the Sankey diagram functionally 

maps the dialogic flow from student-generated 

inquiries to AI-generated scaffolds, offering a 

visual representation of how MathPal interprets 

and responds to varying learner needs. The flow 

patterns reveal a predominant reliance on strategic 

and conceptual scaffolding, primarily triggered by 

Solution-Focused and Clarification-Seeking 

inquiries, respectively. The directionality and 

volume of these flows underscore the AI’s 

responsiveness to cognitive and procedural 

challenges. From an instructional perspective, 

these patterns invite further consideration of how 

scaffolding models might be expanded to 

proactively integrate motivational and 

metacognitive supports, particularly in contexts 

where student engagement, persistence, or 

reflection could enhance learning outcomes. 

While the Sankey diagram visualizes aggregate 

inquiry–scaffolding flows, it does not test whether 

specific patterns are statistically significant. To 

investigate these patterns systematically, we 

conducted a Lag Sequential Analysis to examine 

whether specific types of student inquiries 

consistently elicited particular AI scaffolds in a 

statistically meaningful way. This analysis 

examined the extent to which specific student 

inquiry types were predictably followed by 

particular MathPal scaffolding beyond what 

would occur by chance. By statistically modeling 

these turn-by-turn sequences, we were able to 

identify significant dialogic contingencies that 

provide deeper insight into the dynamics of 

student–AI interaction during problem-solving. 

The results from lag-sequential analysis 

revealed statistically significant patterns of 

interaction between students and MathPal during 

high school mathematics problem-solving 

activities. As summarized in Table 3, each student 

inquiry type was followed by distinct forms of AI 

scaffolding at rates significantly higher than 

expected by chance (z > 1.96, p < .05). For 

example, Problem-Solving Inquiries were most 

frequently followed by Strategic Scaffolding (z = 

10.54) and Management Scaffolding (z = 10.48), 

suggesting that MathPal responds to action-

oriented problem-solving attempts by providing 

procedural guidance and task organization 

support—both of which are essential for success 

in secondary-level mathematics. 

Inquiries focused on formulas and procedures 

led to similarly strong responses, particularly 

Strategic Scaffolding (z = 9.38) and 

Metacognitive Scaffolding (z = 6.71), reflecting 

MathPal’s tendency to blend step-by-step 

guidance with prompts for reflection. Conceptual 

Inquiries elicited Conceptual Scaffolding (z = 

5.93), indicating that MathPal adjusts to 

cognitively deeper questions with explanation-

focused support. Additionally, Clarification-

Seeking moves triggered a broad range of 

responses, including Conceptual (z = 4.40), 

Metacognitive (z = 4.05), Strategic (z = 4.00), and 

Motivational Scaffolding (z = 3.77), showing that 

the AI detects confusion as an opportunity for 

multi-dimensional support. 

Overall, the results highlight MathPal’s 

capacity to align its scaffolding strategies with the 

nature of student input, supporting the notion of 

contingent scaffolding in AI-driven learning 

environments, particularly within high school 

mathematics problem-solving contexts. 

Student Inquiry  MathPal 

Scaffolding  

Z-Score 

Solution-Focused 

Inquiry 

Strategic 

Scaffolding 

10.54 

Solution-Focused 

Inquiry 

Management 

Scaffolding 

10.48 

Formula/Procedure 

Inquiry 

Strategic 

Scaffolding 

9.38 

Formula/Procedure 

Inquiry 

Metacognitive 

Scaffolding 

6.71 

Conceptual Inquiry Conceptual 

Scaffolding 

5.93 

Computational 

Inquiry 

Strategic 

Scaffolding 

4.99 

Computational 

Inquiry 

Metacognitive 

Scaffolding 

4.62 

Computational 

Inquiry 

Motivation 

Scaffolding 

4.44 

Clarification 

Seeking 

Conceptual 

Scaffolding 

4.40 

Clarification 

Seeking 

Metacognitive 

Scaffolding 

4.05 

Clarification 

Seeking 

Strategic 

Scaffolding 

4.00 

Clarification 

Seeking 

Motivation 

Scaffolding 

3.77 
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Table 3:  Significant Transitions Between Student 

Inquiry Types and MathPal Scaffolding 

3.2 RQ2: Student-AI Collaborative 

Problem-Solving Profiles  

While lag sequential analysis uncovered 

statistically significant turn-level patterns 

between inquiry types and scaffolding responses, 

it does not reveal how these interaction patterns 

accumulate across learners. To address this, we 

employed Epistemic Network Analysis (ENA) to 

model individual students' inquiry–scaffold co-

occurrence structures and identify latent profiles 

of interaction. ENA diagrams were developed to 

better understand students-MathPal collaboration 

patterns during problem-solving activities. As 

shown in Figure 6, the dots represent the 

projections of individual student networks  , while 

the square markers indicate the average 

projections of students within each cluster. The 

spatial distances within the ENA diagram reflect 

differences in network structures, where closer 

dots indicate more similar interaction patterns, 

and greater distances signify more distinct 

structures. ENA analysis revealed four distinct 

interaction clusters, corresponding to different 

patterns of student-MathPal interactions. 

 
Figure 6: Distributions of four clusters of student-AI 

interactions 

The specific connection patterns within each 

cluster, visualized in Figure 7, further illustrate 

these distinctions. In Cluster 1, the strongest 

connection was observed between computational 

inquiry and strategic scaffolding. Meanwhile, 

there were several moderate connections such as 

clarification seeking-strategic scaffolding and 

solution-focused inquiry-strategic scaffolding. 

Comparatively, the most prominent connection in 

Cluster 2 was between solution-focused inquiry 

and strategic scaffolding, suggesting a goal-driven 

interaction pattern. In contrast, Cluster 3 exhibited 

more balanced connections overall, with a slightly 

stronger connection between strategic scaffolding 

and motivation scaffolding. Lastly, Cluster 4 

featured prominent connections among solution-

focused inquiry, computational inquiry, and 

strategic scaffolding, as well as a moderate 

connection between solution-focused inquiry and 

conceptual scaffolding, suggesting a blend of 

conceptual understanding and problem-solving 

strategies.  

Each cluster reflects an integrated pattern of 

how students regulate their  interactions with 

MathPal and their learning. By identifying these 

clusters (and more importantly their specific 

configurations), we can provide students with 

personalized support and also identify students 

who are not engaging with MathPal effectively in 

Problem-solving activities. 

 
Figure 7: Four types of student-AI interaction 

patterns 

4 Discussion & Implications  

This study examined how students interacted 

with MathPal, an AI-based scaffolding tool, 

during math problem-solving. Two core findings 

emerged: (1) students followed consistent 

inquiry–scaffolding patterns centered on 

procedural support, and (2) distinct student–AI 

collaborative problem-solving profiles reflected 

varying learning behaviors. These findings extend 

current research on AI tutoring systems (Holstein 

et al., 2019) and offer new insight into how 

generative AI can be adapted for more 

personalized, effective learning support in math 

problem-solving contexts. 

4.1 Personalizing AI Scaffolding Based on 

Student Inquiry 

Most student inquiries were solution-focused 

or computational, prompting primarily strategic 

303



 

 
 

scaffolding from MathPal. While this guided 

students through procedural tasks, it offered less 

conceptual or motivational support. This 

imbalance suggests AI agents should better detect 

moments of confusion or disengagement to 

deliver metacognitive or motivational scaffolds. 

The findings align with the idea of contingent 

scaffolding, which emphasizes the need for 

support to be responsive to students’ evolving 

cognitive and affective states (Van de Pol et al., 

2010). Enhancing AI systems with adaptive 

feedback mechanisms that dynamically shift 

between strategic, conceptual, and motivational 

scaffolding may promote deeper learning by 

moving students beyond surface-level task 

completion toward the development of enduring 

mathematical understanding and problem-solving 

skills (Aleven et al., 2016). 

4.2 Personalizing Support Through 

Interaction Profiles 

The distinct interaction profiles offer actionable 

insights for designing more personalized and 

effective AI learning support. By recognizing 

students’ habitual inquiry patterns, AI systems can 

adapt their scaffolding strategies to align with 

individual cognitive and motivational needs. For 

instance, students who primarily engage in 

procedural or solution-focused exchanges may 

require targeted prompts that promote self-

explanation, conceptual elaboration, or 

metacognitive reflection (Belland, 2017). 

Conversely, students exhibiting more exploratory 

or conceptual dialogue might benefit from 

strategic scaffolds that help organize their 

thinking and support knowledge gaining. Such 

adaptive tailoring not only supports differentiated 

learning trajectories but also enables educators to 

detect patterns of disengagement or superficial 

inquiry and intervene to promote deeper 

engagement and sustained learning growth (Roll 

& Winne, 2015). 

4.3 Theoretical and Methodological 

Perspectives 

From a theoretical lens, the findings align with 

socio-cognitive perspectives that view learning as 

a co-constructed process. In the context of this 

study, students and the AI agent collaboratively 

constructed knowledge to complete problem-

solving tasks through dialogic interaction, learner-

driven inquiry, and scaffolded support (Mercer & 

Howe, 2012). The observed variation in student–

AI interaction patterns highlight the importance of 

context-sensitive scaffolding, reinforcing prior 

work that emphasizes the dynamic and situated 

nature of collaborative learning with intelligent 

tools (Sawyer, 2014). These profiles not only 

reflect variation in students' inquiry behaviors but 

may also signal different AI scaffolding patterns 

in math problem-solving contexts. 

Methodologically, this study demonstrates the 

value of combining qualitative coding with lag 

sequential analysis and ENA to capture both the 

structure and flow of human–AI interaction. ENA, 

in particular, proved effective in visualizing co-

occurring patterns that distinguish learner 

engagement types. The use of clustering to define 

emergent profiles further enhances ENA’s utility 

in learning analytics, offering a powerful lens for 

exploring personalized learning trajectories in 

real-world settings. 

5 Conclusion 

This study explored how high school students 

interact with a math AI agent, MathPal, during 

problem-solving activities. Findings revealed 

consistent patterns of inquiry and scaffolding, 

with students frequently seeking procedural help 

and the AI responding primarily with strategic 

guidance. Through ENA, four distinct interaction 

profiles emerged, reflecting differences in how 

students engage with AI support. These results 

highlight the need for adaptive AI scaffolding that 

responds not only to task demands but also to 

learners’ conceptual and motivational needs. By 

leveraging interaction patterns, educators and 

designers can create more personalized, 

responsive AI systems that better support 

students’ math learning in high school classrooms.  

 

 

References  

Vincent Aleven, Elizabeth A. McLaughlin, R. Amos 

Glenn, and Kenneth R. Koedinger. 2016. 

Instruction based on adaptive learning 

technologies. In Handbook of Research on 

Learning and Instruction, 2nd edition, pages 522–

560. 

Michèle Artigue and Mogens Blomhøj. 2013. 

Conceptualizing inquiry-based education in 

mathematics. ZDM – The International Journal on 

Mathematics Education, 45:797–810. 

304



 

 
 

 

Pete Atherton, Wasiq Khan, and Luke Topham. 2024. 

AI and student feedback. In Proceedings of 

EDULEARN24. 

Brian R. Belland. 2017. Instructional Scaffolding in 

STEM Education: Strategies and Efficacy 

Evidence. Springer Nature. 

Carol S. Dweck. 2006. Mindset: The New Psychology 

of Success. Random House, New York. 

Jennifer Fereday and Eimear Muir-Cochrane. 2006. 

Demonstrating rigor using thematic analysis: A 

hybrid approach of inductive and deductive coding 

and theme development. International Journal of 

Qualitative Methods, 5(1):80–92. 

https://doi.org/10.1177/160940690600500107 

Kenneth Holstein, Bruce M. McLaren, and Vincent 

Aleven. 2019. Co-designing a real-time classroom 

orchestration tool to support teacher–AI 

complementarity. Journal of Learning Analytics, 

6(2):27–52. https://doi.org/10.18608/jla.2019.62.3 

Keunjae Kim and Kyungbin Kwon. 2025. A 

systematic review of the evaluation in K-12 

artificial intelligence education from 2013 to 2022. 

Interactive Learning Environments, 33(1):103–

131. DOI: 10.1080/10494820.2024.2335499  

Minseong Kim, Jihye Kim, Tami L. Knotts, and 

Nancy D. Albers. 2025. AI for academic success: 

Investigating the role of usability, enjoyment, and 

responsiveness in ChatGPT adoption. Education 

and Information Technologies, pages 1–22. 

Qi Lang, Minjuan Wang, Minghao Yin, Shuang 

Liang, and Wenzhuo Song. 2025. Transforming 

education with generative AI (GAI): Key insights 

and future prospects. IEEE Transactions on 

Learning Technologies, 18:230–242. 

https://doi.org/10.1109/TLT.2025.3537618  

Li Li, Yu Fengchao, and Enting Zhang. 2024. A 

systematic review of learning task design for K-12 

AI education: Trends, challenges, and 

opportunities. Computers and Education: Artificial 

Intelligence, 6:100217. DOI: 

10.1016/j.caeai.2024.100217  

MathPal. 2023. [Chrome extension]. Google Chrome 

Web Store. 

https://chromewebstore.google.com/detail/mathpa

l/gdjlloipbkjmdkdaegicmnccahlfiabd 

Neil Mercer and Christine Howe. 2012. Explaining 

the dialogic process of teaching and learning: The 

value and potential of sociocultural theory. 

Learning, Culture and Social Interaction, 1:12–21. 

https://doi.org/10.1016/j.lcsi.2012.03.001 

Francisco Niño-Rojas, Diana Lancheros-Cuesta, 

Martha Tatiana Pamela Jiménez-Valderrama, 

Gelys Mestre, and Sergio Gómez. 2024. 

Systematic review: Trends in intelligent tutoring 

systems in mathematics teaching and learning. 

International Journal of Education in 

Mathematics, Science and Technology, 12(1):203–

229. DOI: https://doi.org/10.46328/ijemst.3189  

Bethany Rittle-Johnson and Kenneth R. Koedinger. 

2005. Designing knowledge scaffolds to support 

mathematical problem solving. Cognition and 

Instruction, 23(3):313–349. DOI: 

10.1207/s1532690xci2303_1  

Ido Roll and Philip H. Winne. 2015. Understanding, 

evaluating, and supporting self-regulated learning 

using learning analytics. Journal of Learning 

Analytics, 2(1):7–12. DOI: 

https://doi.org/10.18608/jla.2015.21.2  

Sawyer, R. Keith. 2014. The Cambridge Handbook of 

the Learning Sciences, 2nd edition. Cambridge 

University Press. 

David W. Shaffer. 2017. Quantitative Ethnography. 

Madison, WI: Cathcart Press. 

Anselm Strauss and Juliet Corbin. 1998. Basics of 

Qualitative Research: Techniques and Procedures 

for Developing Grounded Theory, 2nd edition. 

Thousand Oaks, CA: Sage. 

Yong Khin Tay and Tin Lam Toh. 2023. A model for 

scaffolding mathematical problem-solving: From 

theory to practice. Contemporary Mathematics and 

Science Education, 4(2):ep23019. 

https://doi.org/10.30935/conmaths/13308  

Janneke van de Pol, Monique Volman & Jos 

Beishuizen. 2010. Scaffolding in teacher–student 

interaction: A decade of research. Educational 

Psychology Review, 22(3):271–296. 

https://doi.org/10.1007/s10648-010-9127-6 

Bilan Zhang and Jia Jiyou. 2017. Evaluating an 

intelligent tutoring system for personalized math 

teaching. In Proceedings of the 2017 International 

Symposium on Educational Technology (ISET), 

pages 126–130. IEEE. 

 

305

https://doi.org/10.1109/TLT.2025.3537618
https://doi.org/10.46328/ijemst.3189
https://doi.org/10.18608/jla.2015.21.2
https://doi.org/10.30935/conmaths/13308


Proceedings of the Artificial Intelligence in Measurement and Education Conference (AIME-Con) – Volume 1: Full Papers, pages 306–311
October 27-29, 2025 ©2025 National Council on Measurement in Education (NCME)

1 
 
 

Abstract 1 

The current study evaluated the accuracy of 2 

five pre-trained large language models 3 

(LLMs) in matching human judgment for 4 

standard-to-standard alignment study. 5 

Results demonstrated comparable 6 

performance across LLMs despite 7 

differences in scale and computational 8 

demands. Additionally, incorporating 9 

domain labels as auxiliary information did 10 

not enhance LLMs performance. These 11 

findings provide initial evidence for the 12 

viability of open-source LLMs to facilitate 13 

alignment study and offer insights into the 14 

utility of auxiliary information. 15 

1 Introduction 16 

Large language models (LLMs) are increasingly 17 

used in educational and psychological 18 

measurement activities. Their evolving 19 

sophistication and ability to represent deep, 20 

contextual semantics make them viable tools to 21 

support subject matter experts (SMEs) in 22 

reviewing large volumes of text-based context, 23 

such as educational standards (e.g. Butterfuss & 24 

Doran, 2025; Kim et al., 2023; Kusumawardani & 25 

Alfarozi, 2023; Zhou & Ostrow, 2022). However, 26 

little guidance exists on the effective use of LLMs 27 

in such contexts. Our goal was to compare popular, 28 

pretrained LLMs in a common measurement 29 

context (i.e., standard-to-standard alignment) to 30 

provide initial evidence on which LLMs may be 31 

particularly useful for measurement tasks that 32 

require extensive review of large bodies of text.  33 

Alignment is a critical aspect of validity 34 

evidence for any assessment (AERA, APA, 35 

NCME, 2014). Standards-to-standards alignment 36 

is a process to examine how well two distinct sets 37 

of content standards target the same content 38 

(Neidorf et al., 2016). In general, it requires SMEs 39 

to review two sets of standards and determine 40 

alignment such that each standard in one set is 41 

evaluated against the standards in the second set 42 

until any or all standards that capture the same 43 

meaning are identified. It is a time-consuming 44 

process because it requires evaluation of 45 

potentially thousands of possible pairs of content 46 

standards. Recently, the potential for NLP and 47 

LLMs as a supporting tool in this process has been 48 

presented (e.g., Butterfuss & Doran, 2024; Zhou & 49 

Ostrow, 2022), but there is a lack of work that 50 

provides guidance on which LLMs to choose for 51 

such tasks.  52 

This study aimed to address two research 53 

questions: (1) how do five popular pre-trained 54 

transformer models compare in standards-to-55 

standards alignment studies? and (2) does auxiliary 56 

information (e.g., domain label) impact LLMs 57 

performance? Educational standards, typically 58 

presented as brief, abstract statements, often 59 

include examples to provide clarity and context. It 60 

is also not uncommon to have the exact same 61 

standard appear under different 62 

domains. Understanding how such auxiliary 63 

information influences LLMs performance is 64 

crucial for developing more effective automated 65 

alignment tools.  66 

2 Methods 67 

2.1 Data 68 

The alignment study dataset used for the current 69 

study consisted of individual standards from 33 70 

states and aligned each state standard to the 71 

corresponding the National Assessment of 72 

Educational Progress (NAEP) standard for grades 73 

4, 8, and 12 for science. Each standard was 74 

classified into one of three domains: life science 75 

(LS), physical science (PS), and earth & space 76 

science (ES). The number of potential pairs ranged 77 
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from approximately 18,000 to 60,000. The number 78 

of standards represented within each state varied. 79 

In the original work, SMEs judged each possible 80 

pair of standards as aligned, partially aligned, or 81 

not aligned. Thus, we used the SME decision as 82 

“ground truth” for evaluating the LLMs. More 83 

details about the dataset and original alignment 84 

study can be found in the published report 85 

(Dickinson et al., 2021).  86 

2.2 Pre-trained transformer models 87 

We accessed the LLMs via the Hugging Face 88 

Transformers library, a popular open-source library 89 

that provides a simple and consistent way to use 90 

pre-trained models for various NLP tasks. As of 91 

2025, the Hub hosts over 50,000 models, many of 92 

which are based on Transformer architectures.  93 

The LLMs transform each content standard into 94 

an embedding, or numeric representation of the 95 

meaning of the text. Once every standard is 96 

transformed into an embedding, then the relations 97 

among the embeddings can be evaluated using 98 

cosine similarity. Cosine similarity is a metric used 99 

to measure how similar two vectors are irrespective 100 

of their magnitude. It calculates the cosine of the 101 

angle between two vectors, determining whether 102 

they point in roughly the same direction. 103 

Commonly used in text analysis, recommendation 104 

systems, and information retrieval. While it 105 

behaves similarly to a correlation in some contexts, 106 

cosine similarity specifically only measures 107 

directional similarity, not linear correlation or 108 

magnitude. 109 

In this study we used the cosine similarity 110 

between every possible pair of standards that can 111 

be made from the two sets. Doing so allows us to 112 

gauge which standard pairs are more similar than 113 

others. Critically, standard pairs that share high 114 

semantic overlap (i.e., large cosine similarity 115 

values) are more likely to be aligned than standard 116 

pairs that share little semantic overlap (Butterfuss 117 

& Doran, 2025).  118 

To calculate cosine similarity, we utilized five 119 

LLMs which are widely used, including all-120 

distilroberta-v1, all-MiniLM-L6-v2, multi-qa-121 

MiniLM-L6-cos-v1, all-mpnet-base-v2, and gtr-t5-122 

large. All of these are sentence embedding models 123 

that can be used to calculate cosine similarity 124 

between texts. The mathematical formula for 125 

calculating cosine similarity remains the same 126 

across all these models. However, LLMs vary in 127 

the specific linguistic features their embeddings 128 

emphasize, and thus LLMs differ in which aspects 129 

of meaning contribute to cosine similarity values. 130 

Due to this variability, we extracted embeddings 131 

for each standard using five different popular 132 

LLMs:   133 

 all_distilroberta_v1 (DistilRoBERTa-v1). 134 

It is a distilled version of the RoBERTa (Liu et 135 

al., 2019) model to cover a wide range of topics 136 

and styles. It is a smaller, more efficient model 137 

that's designed to be faster and more 138 

computationally efficient. 139 

 all_MiniLM_L6_v2 (MiniLM-L6-v2). 140 

MiniLM is designed for efficiency and smaller 141 

size. It's useful for text classification, sentiment 142 

analysis, or question answering. They are 143 

particularly useful for deployment in resource-144 

constrained environments, such as mobile 145 

devices or edge computing platforms (Wang et 146 

al., 2020). 147 

 multi_qa_MiniLM_L6_cos_v1 (MultiQA-148 

MiniLM-L6). It is a variant of the MiniLM 149 

model that is designed for multi-question 150 

answering tasks, such as answering multiple 151 

questions about a given text passage, 152 

identifying relevant passages or sentences that 153 

answer multiple questions, and generating 154 

answers to multiple questions based on a given 155 

text passage. 156 

 all_mpnet_base_v2 (MPNet-Base-v2). A 157 

model known for its efficiency and 158 

performance on a wide range of NLP tasks, 159 

including text classification, sentiment 160 

analysis, question answering, and more. It's 161 

particularly useful when you need a model that 162 

can handle long-range dependencies and 163 

contextual relationships in text data. 164 

 gtr_t5_large (GTR-T5-Large). It is known 165 

as a powerful language model. It can be used 166 

text generation and summarization, question 167 

answering and reading comprehension, 168 

sentiment analysis and opinion mining, and 169 

language translation and machine translation. 170 

2.3 Three approaches to set a threshold 171 

We employed three threshold setting approaches to 172 

pair state and NAEP standards: cosine similarity 173 

value, percentile, and rank order. First, we used 174 

predetermined cosine similarity values: if the 175 

cosine similarity of two-paired standards was 176 
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greater than the predetermined cosine similarity 177 

value, we classified the state-to-NAEP standard 178 

pair as aligned. We used three different values as 179 

the predetermined value (i.e., 0.4, 0.5, 0.6).  180 

Second, we used a percentile to set the cut score 181 

cosine similarity value. As mentioned in the 182 

previous section, cosine similarity is a measure of 183 

direction but not magnitude. Using percentile can 184 

resolve potential scaling issues across LLMs. We 185 

used three percentiles (i.e., 70, 80, 90) to obtain the 186 

threshold of cosine similarity to pair standards.  187 

Finally, we utilized a rank-order approach to 188 

classify aligned standard pairs: if the cosine 189 

similarity of standard pairs was within the 190 

predetermined top 𝑛  highest cosine similarity, we 191 

classified those standards as aligned. We used top 192 

3, 5 and 10. After we classified each pair as either 193 

aligned or not aligned based on those criteria, we 194 

evaluated those results with SMEs judgment.  195 

LLMs performance was evaluated using overall 196 

accuracy, recall and F1 metrics. Overall accuracy 197 

(either hit rate or precision) refers to the probability 198 

of capturing the true matches (according to human 199 

judgment) within condition. Recall measures the 200 

proportion of actual positive instances that were 201 

correctly identified by the model. It is a metric used 202 

to evaluate the completeness of a classification 203 

model's positive predictions. The F1-score is a 204 

metric that combines precision and recall into a 205 

single value, providing a balance between these 206 

two sometimes competing metrics. Precision 207 

measures the proportion of correctly identified 208 

positive instances among all instances that the 209 

model predicted as positive. It's particularly useful 210 

when you need a single measurement to evaluate a 211 

classification model's performance. 212 

3 Results 213 

3.1 Comparison of five pre-trained 214 

transformer models 215 

Table 1 presents descriptive statistics for the 216 

cosine-similarity values generated by each LLM 217 

for each grade. Overall, the correlations between 218 

LLMs were high (higher than .76). In both 219 

conditions, the results indicated that the models 220 

produced cosine-similarity values that were scaled 221 

slightly differently. In particular, means of GTR-222 

T5-Large were higher and standard deviations 223 

were smaller than other LLMs. 224 

Table 2 summarizes comparison of LLMs to 225 

SMEs with respect to the overall accuracy, recall, 226 

and F1. Note that we used three different methods 227 

to classify pairs of standards: cosine similarity 228 

value, percentile, and rank order. First, notably, the 229 

free, open-source models fared nearly as well as the 230 

costlier, more computationally intensive model 231 

(GTR-T5-Large). Overall, the correlations 232 

between LLMs were high (higher than .76). 233 

Second, all LLMs performed similarly in capturing 234 

the true pairs with respect to F1 and accuracy. 235 

However, recall indicates percentile and rank 236 

performed much better to identify the true pairs for 237 

all five models. When cut score was used, GTR-238 

T5-Large performed differently from other four 239 

models. That was because cosine similarity from 240 

GTR-T5-Large tended different and larger than 241 

four other models.  242 

Table 1 Descriptive statistics of cosine similarity 
by LLMs for each grade 

  MPNet 
Distil 

RoBERT 
Mini 
LM 

GTR-
T5 

Multi 
QA 

Grade 4 (N=18,744) 

Mean .22 .18 .19 .55 .17 

STD .14 .14 .14 .07 .14 

Grade 8 (N=55,857) 

Mean .22 .18 .20 .56 .18 

STD .13 .13 .14 .06 .14 

Grade 12 (N=59,829) 

Mean .20 .16 .18 .55 .16 

STD .13 .13 .14 .06 .13 
Note. MPNet = MPNet-Base-v2; DistilRoBERT = 
DistilRoBERTa-v1; MiniLM = MiniLM-L6-v2; GTR-T5 = 
GTR-T5-Large; MultiQA = MultiQA-MiniLM-L6 

Table 2 Overall comparison LLMs results with 
SMEs rating under different conditions 

Model Stats 
Cut Value Percentile Rank 

M STD M STD M STD 

MPNet- 
Base-v2 

F1 
Recall 
Accuracy 

.24 

.22 

.98 

.21 

.26 

.01 

.29 

.91 

.86 

.13 

.11 

.10 

.35 

.94 

.89 

.13 

.05 

.07 
Distil 
RoBERTa 
-v1 

F1 
Recall 
Accuracy 

.20 

.16 

.98 

.21 

.21 

.01 

.29 

.90 

.86 

.13 

.11 

.10 

.35 

.94 

.90 

.13 

.06 

.07 

MiniLM 
-L6-v2 

F1 
Recall 
Accuracy 

.24 

.20 

.98 

.21 

.24 

.01 

.29 

.90 

.86 

.13 

.12 

.10 

.35 

.94 

.90 

.13 

.06 

.07 

GTR-T5 
-Large 

F1 
Recall 
Accuracy 

.19 

.53 

.79 

.19 

.44 

.30 

.29 

.91 

.86 

.14 

.10 

.10 

.35 

.95 

.89 

.14 

.04 

.07 
MultiQA 
-MiniLM 
-L6 

F1 
Recall 
Accuracy 

.21 

.16 

.98 

.19 

.20 

.00 

.27 

.87 

.85 

.12 

.13 

.10 

.34 

.92 

.90 

.13 

.06 

.07 
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Next, we will present the results focusing on 243 

Grade 4 as the results with other grades were 244 

similar.  Figure 1 depicts F1 across several cosine 245 

similarity points from .50 to .90 for all five 246 

language models for Grade 4. GTR-T5-Large 247 

performed best when the cosine similarity was set 248 

at .70 whereas four languages models performed 249 

best when the cosine similarity was set at .50. Table 250 

4 presents the comparison of LLMs with different 251 

ranks. As expected, LLMs captured the true pair 252 

with lower ranks (rank=3). However, recall 253 

indicates LLMs captured the true pair with rank=10. 254 

In other words, the NAEP standards, with which 255 

the state standard is aligned, appear among the top 256 

ten pairs rank-ordered by cosine similarity. Table 3 257 

shows the comparison of LLMs with different 258 

percentile. Again, LLMs performed similarly: the 259 

higher percentile, the better in capturing the true 260 

pairs with respect to accuracy whereas the lower 261 

percentile, the better in terms of recall. Both 262 

accuracy and recall indicate LLMs with either 70 263 

percentile or rank order 10 well captured the true 264 

pairs. In other words, the NAEP standards, with 265 

which the state standard is aligned, appear among 266 

the top ten or even top five pairs rank-ordered or 70 267 

or 80 percentiles by cosine similarity. 268 

3.2 Effects of domain information effect on 269 

cosine similarity 270 

Table 7 presents cosine similarity distributions 271 

when domain labels were added for each grade. 272 

Note that the N counts for all grades were slightly 273 

larger than the N counts in Table 1. This was 274 

because the same standard was assigned into 275 

different domains. The descriptives were similar 276 

with ones in Table 1; however, those values were 277 

slightly lower. Also, the correlations between 278 

cosine similarity measures for standard pairs with 279 

domain were similar with ones without domain, 280 

ranging from .75 to .92. 281 

Next, we compare how LLMs performed to 282 

capture the true pairs compared with cosine 283 

similarity without domain. Again, we present the 284 

results for Grade 4 as the results with other grades 285 

were similar. Figure 2 depicts F1 scores across 286 

several cosine similarity points from .50 to .90 for 287 

all five language models for Grade 4. The results 288 

show a similar pattern with Figure 1; with respect 289 

 

Figure 1 F1 score trend of LLMs across cosine 
similarity points (Grade 4) 

Table 4 Comparison of LLMs at different ranks 
(Grade 4, N=18,744) 

Model Rank Accuracy Recall F1 

MPNet-Base-v2 3 .95 .87 .50 

MPNet-Base-v2 5 .90 .95 .34 

MPNet-Base-v2 10 .76 .99 .19 

DistilRoBERTa-v1 3 .95 .83 .49 

DistilRoBERTa-v1 5 .90 .93 .34 

DistilRoBERTa-v1 10 .76 .99 .19 

MiniLM-L6-v2 3 .95 .85 .49 

MiniLM-L6-v2 5 .90 .94 .34 

MiniLM-L6-v2 10 .76 1.00 .19 

GTR-T5-Large 3 .95 .91 .51 

GTR-T5-Large 5 .90 .97 .35 
GTR-T5-Large 10 .76 1.00 .19 

MultiQA-MiniLM-L6 3 .95 .83 .49 

MultiQA-MiniLM-L6 5 .90 .91 .34 

MultiQA-MiniLM-L6 10 .76 .99 .19 
 

Table 3 Comparison of LLMs at different 
percentiles (Grade 4, N=18,744) 

Model %ile Accuracy Recall F1 
MPNet-Base-v2 70 .73 1.00 .17 

MPNet-Base-v2 80 .83 .97 .24 

MPNet-Base-v2 90 .92 .83 .37 

DistilRoBERTa-v1 70 .73 .99 .17 

DistilRoBERTa-v1 80 .83 .94 .24 

DistilRoBERTa-v1 90 .92 .83 .37 

MiniLM-L6-v2 70 .73 .99 .17 

MiniLM-L6-v2 80 .83 .95 .24 

MiniLM-L6-v2 90 .92 .84 .37 

GTR-T5-Large 70 .73 .99 .17 

GTR-T5-Large 80 .83 .97 .24 

GTR-T5-Large 90 .92 .89 .40 

MultiQA-MiniLM-L6 70 .73 .98 .17 
MultiQA-MiniLM-L6 80 .83 .95 .24 

MultiQA-MiniLM-L6 90 .92 .79 .35 
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to F1, GTR-T5-Large outperformed and performed 290 

the best when the cosine similarity was set at .70. 291 

Overall, however, all the five LLMs performed 292 

slightly worse with domain labels. 293 

Table 6 and 7 show that domain information 294 

improved accuracy but reduced recall and F1. 295 

Adding domain labels did not enhance overall 296 

model performance. 297 

4 Summary and discussion 298 

The results of the current study indicated that 299 

scaling differences among LLMs in raw cosine 300 

similarity values meant that using a raw cosine 301 

value threshold may not be feasible, particularly 302 

when comparing multiple LLMs. Overall, when 303 

percentile or rank order was used, the results 304 

suggest that the five LLMs performed comparably 305 

with respect to accuracy for standards-to-standards 306 

alignment of science content standards. 307 

Specifically, the models were generally 90% 308 

accurate at capturing the “true matches” according 309 

to human judgment above the 90 percentile or 310 

within the top five highest-cosine pairs. Put another 311 

way, for a given state standard, the SME-aligned 312 

NAEP standard had appeared either the 90 313 

percentile or among the top five cosine similarity 314 

pairs.  315 

Using Grade 4 from our real-world alignment 316 

study as an example, the current method would 317 

reduce the number of pairs that SMEs must 318 

compare from nearly 18,000 pairs to around 2,840 319 

pairs. Moreover, the current findings suggest that 320 

Table 7 Descriptive statistics of cosine similarity 
with domain by LLMs for each grade  

  MPNet 
Distil 

RoBERT 
Mini 
LM 

GTR 
-T5 

Multi 
QA 

Grade 4 (N=18,846) 

Mean .21 .17 .17 .55 .15 

STD .13 .13 .14 .06 .13 

Grade 8 (N=56,932) 

Mean .22 .17 .19 .56 .16 

STD .12 .13 .13 .06 .13 

Grade 12 (N=59,927) 

Mean .20 .15 .17 .55 .14 

STD .13 .13 .13 .06 .13 
Note. MPNet = MPNet-Base-v2; DistilRoBERT = 
DistilRoBERTa-v1; MiniLM = MiniLM-L6-v2; GTR-T5 = 
GTR-T5-Large; MultiQA = MultiQA-MiniLM-L6 

 

Figure 2 F1 Score by cosine similarity cut for 
each language model with domain (Grade 4) 

Table 6 Comparison of LLMs with domain at 
different ranks (Grade 4, N=18,876) 

Model Rank Accuracy Recall F1 

MPNet-Base-v2 3 .97 .23 .28 

MPNet-Base-v2 5 .95 .31 .25 

MPNet-Base-v2 10 .88 .44 .17 

DistilRoBERTa-v1 3 .97 .21 .26 

DistilRoBERTa-v1 5 .95 .28 .24 

DistilRoBERTa-v1 10 .88 .43 .17 

MiniLM-L6-v2 3 .97 .23 .27 

MiniLM-L6-v2 5 .95 .30 .25 

MiniLM-L6-v2 10 .88 .44 .17 

GTR-T5-Large 3 .97 .26 .30 

GTR-T5-Large 5 .95 .33 .25 

GTR-T5-Large 10 .87 .47 .17 

MultiQA-MiniLM-L6 3 .97 .20 .25 

MultiQA-MiniLM-L6 5 .95 .29 .24 

MultiQA-MiniLM-L6 10 .88 .45 .17 

 

Table 5 Comparison of LLMs with domain at 
different percentiles (Grade 4, N=18,876) 

Model %ile Accuracy Recall F1 

MPNet-Base-v2 70 .70 .44 .08 

MPNet-Base-v2 80 .79 .35 .09 

MPNet-Base-v2 90 .88 .23 .10 

DistilRoBERTa-v1 70 .70 .44 .08 

DistilRoBERTa-v1 80 .79 .33 .08 

DistilRoBERTa-v1 90 .88 .23 .10 

MiniLM-L6-v2 70 .70 .45 .08 

MiniLM-L6-v2 80 .79 .35 .09 
MiniLM-L6-v2 90 .88 .23 .10 

GTR-T5-Large 70 .70 .46 .08 

GTR-T5-Large 80 .79 .38 .09 

GTR-T5-Large 90 .89 .25 .11 

MultiQA-MiniLM-L6 70 .70 .44 .08 

MultiQA-MiniLM-L6 80 .79 .33 .08 

MultiQA-MiniLM-L6 90 .88 .21 .09 
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any of the popular, open-source LLMs we 321 

compared may yield such benefits. Thus, for 322 

contexts similar to those in the current work, 323 

researchers and practitioners may be well-suited to 324 

choose any of the models we evaluated given their 325 

comparable performance. Also, the current 326 

findings highlight a potentially enormous 327 

efficiency increase by dramatically reducing the 328 

number of pairs SMEs must consider via 329 

economical LLMs and a relatively simple 330 

percentile or rank-order approach using cosine-331 

similarity.  332 

Unfortunately, adding “domain” to the standard 333 

did not improve LLMs performance to capture the 334 

true matches. Subsequent work in this area is 335 

needed to examine the added benefits of including 336 

more contextual information for the LLMs when 337 

extracting embeddings for each standard (i.e., 338 

content domain descriptions), as well as the 339 

conditions under which it is useful to include or 340 

omit accessory information that some content 341 

standards include, such as exemplary information 342 

or explanatory information. The results did not 343 

show LLMs performance were substantially 344 

impacted by grade.  345 

Critically, the current LLM approach does not 346 

replace humans in making alignment decisions. 347 

Instead, the method provides a simple, economical 348 

way to support SMEs in making alignment 349 

decisions more efficiently by leveraging an 350 

organizational structure based on semantic 351 

similarity and constraining the number of viable 352 

pairs that must be considered. Overall, the current 353 

study represents a judicious, human-centered use 354 

of AI in a laborious routine measurement task.  355 

 356 
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Abstract 

Generalizability Theory with entropy-
derived stratification optimized automated 
essay scoring reliability. A G-study 
decomposed variance across 14 encoders 
and 3 seeds; D-studies identified minimal 
ensembles achieving G ≥ 0.85. A hybrid of 
one medium and one small encoder with 
two seeds maximized dependability per 
compute cost. Stratification ensured 
uniform precision across complexity. 

1 Introduction 

Automated Essay Scoring (AES) systems based on 
transformer architectures have transformed large‐
scale writing assessment by offering both 
scalability and consistency that rival human raters 
(Shermis & Burstein, 2013). However, before 
deployment in high‐stakes contexts—such as 
college admissions or professional licensure—
AES models must meet stringent psychometric 
standards for reliability. In Classical Test Theory, 
indices like Cronbach’s alpha confound multiple 
error sources into a single coefficient, obscuring 
the distinct contributions of prompt heterogeneity, 
model stochasticity, and text complexity (Nunnally 
& Bernstein, 1994). Generalizability Theory (G-
Theory) overcomes these limitations by 
decomposing observed‐score variance into 
multiple facets and interactions, yielding the 
generalizability coefficient (G-coefficient) as an 
overall index of dependability (Brennan, 2001; 
Cronbach et al., 1972). 

In any G-Theory study, the object of 
measurement—the entity whose universe score we 
seek to estimate—is critical. For AES, as in large‐
scale writing assessments like the GMAT AWA, 
these objects are the test‐takers themselves (Gao et 

al., 2015). Here, each essay’s observed model score 
is viewed as an estimate of that test-taker’s 
“universe score” across all combinations of 
prompts, model seeds, and cross‐validation folds.  

A persistent obstacle to AES reliability is uneven 
precision across essays of varying complexity: 
richly worded, syntactically complex essays tend to 
yield larger residual errors, thereby reducing the G-
coefficient for those subsets (Shermis & Burstein, 
2013). Shannon entropy—computed from token-
frequency distributions—offers a principled, near–
zero-cost measure of textual complexity (Shannon, 
1948), but raw entropy correlates strongly (r > .80) 
with essay length. To decouple length from 
unpredictability, we standardize entropy (z-score) 
and stratify essays into equal-size buckets that 
contribute uniformly to variance-component 
estimates. 

The present study applies a Generalizability-
Theory approach to automated essay scoring by 
incorporating standardized entropy buckets into 
both G-Study and D-Study phases. After 
estimating variance components for prompts, 
entropy strata, encoder architectures, seed 
initializations, and folds, we analytically predict G-
coefficients for alternative measurement designs—
varying the number and combination of 
transformer models and random seeds—without 
refitting mixed models. Our aim is to identify 
minimal ensembles that meet a target reliability (G 
≥ 0.85), thereby guiding more efficient and cost-
effective AES deployments. 

This study is guided by three primary questions.  

1) In a fully crossed G-study of test-takers 
(essays) × encoders × seeds × folds, what 
proportions of total score variance are 
attributable to encoder choice, seed 

From Entropy to Generalizability: Strengthening Automated Essay Scoring Reliability 
and Sustainability 

 
 

Yi Gui 
University of Iowa 
yi-gui@uiowa.edu 

 
 
 
 
 

312



 
 
 

initialization, and fold assignment, and how 
practically meaningful are these facets for 
overall reliability?  

2) Can essays stratified into equal-size buckets 
based on standardized Shannon entropy be 
seamlessly integrated into a G-Theory design, 
thereby supporting more precise D-study 
planning?  

3) In the D-study phase, which minimal 
combinations of encoder architectures and 
seed replications suffice to reach the 
predefined reliability threshold (G≥0.85), and 
how does this entropy-informed approach 
reduce unnecessary computation in AES 
system development? 

2 Related Work 

Evolution of Scoring Reliability Methods in 
Writing Assessment.  

Early research on essay scoring focused on 
Classical Test Theory (CTT) concepts of reliability, 
using measures like inter-rater correlation or 
Cohen’s kappa to judge consistency between 
human graders. A kappa value of 0.7 is often cited 
as an acceptable minimum for essay scoring 
reliability, as it accounts for roughly half of score 
variance. Traditional writing assessments thus 
aimed for high inter-rater agreement to ensure 
reliable scores. However, CTT-based reliability is 
limited in that it offers a single coefficient (like 
Cronbach’s alpha or inter-rater correlation) for a 
given test under fixed conditions, without 
disentangling multiple error sources. This is 
problematic for essay tasks, where score variance 
may arise from multiple facets – differences in 
raters, prompts, or occasions. Researchers 
recognized that a more nuanced framework was 
needed beyond what CTT provides. 

Generalizability Theory (G-Theory) emerged as 
that framework, extending CTT by incorporating 
analysis of variance to parse out various sources of 
measurement error (persons, raters, tasks, etc.) and 
to estimate the dependability of scores under 
varying conditions. Cronbach et al. (1972) 
introduced the G-Theory model, defining the 
generalizability coefficient (G-coefficient) as an 
index analogous to reliability that reflects how well 
observed scores generalize to the universe of all 
possible scoring conditions. Unlike a single CTT 
reliability, the G-coefficient can account for, say, 

multiple essay prompts or rater inconsistencies 
simultaneously. Subsequent works (Brennan, 
2001; Shavelson & Webb, 1991) further formalized 
G-Theory and its use in performance assessments. 
In writing assessment research, G-Theory has been 
used to examine how many raters or prompts are 
needed to achieve dependable scores and to 
diagnose where inconsistencies arise. For instance, 
Huang (2008) applied G-theory to ESL writing 
tests and found that using multiple tasks and raters 
significantly improved score accuracy. These 
studies demonstrated that classical inter-rater 
reliability indices could be inadequate, and that G-
Theory provides deeper insight into the facets 
affecting essay score reliability. 

Generalizability Theory Applied to AES.  

As Automated Essay Scoring (AES) systems have 
matured—especially with the advent of 
transformer‐based models—researchers have 
turned to Generalizability Theory (G-Theory) to 
rigorously evaluate their reliability. Williamson et 
al. (2012) first argued that an AES engine must 
demonstrate stable performance not just on a single 
prompt but across diverse essay tasks and forms. In 
the high-stakes context of standardized tests—
where the objects of measurement are the test-
takers—Gao et al. (2015) extended that framework 
in their GMAC AWA study by modeling facets 
such as prompts, essay types (fixed), rating engines 
versus human raters, and occasions. Because a 
fully crossed design was impractical, they 
employed overlapping G-Studies and D-Studies to 
approximate universe-score variance, reporting 
operational G-coefficients around 0.83. 

Subsequent empirical work has confirmed the 
value of this approach. Han and Sari (2024) applied 
G-Theory to compare human raters with ETS’s e-
rater on a set of EFL essays, finding that human 
raters introduced more score variance than the 
automated engine. When automated and human 
scores were combined, overall dependability 
improved—underscoring how AES can mitigate 
human‐rater inconsistency. Bridgeman et al. (2012) 
similarly showed that an AES system maintained 
comparable reliability across gender and ethnic 
subgroups, suggesting that machine scoring does 
not exacerbate demographic biases in 
measurement error. 

Together, these studies illustrate two key points: 
first, that G-Theory provides a nuanced, facet‐level 
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understanding of where scoring variability arises; 
and second, that modern AES engines can achieve 
reliability on par with—or even exceeding—that of 
human raters, provided they are evaluated across a 
representative range of prompts and test-taker 
populations. 

Entropy-Based Approaches and Score 
Uncertainty  

Information-theoretic metrics—most notably 
Shannon entropy—have gained traction as tools for 
characterizing essay complexity and anticipating 
scoring uncertainty in automated systems. In 
classical educational measurement, conditional 
standard errors of measurement (CSEM) 
acknowledge that precision can vary across score 
levels or item types; by analogy, essays whose 
linguistic patterns are highly unpredictable may 
elicit greater variability in both human and 
machine-generated scores. Shannon entropy, 
computed from an essay’s token-frequency 
distribution, quantifies this unpredictability: higher 
entropy reflects richer vocabulary and structural 
diversity, which can challenge consistency in 
scoring. Several studies have extended this concept 
by measuring relative entropy (Kullback–Leibler 
divergence) between an essay’s word distribution 
and a reference language model, demonstrating 
that essays with greater divergence tend to produce 
more dispersed human ratings (Atkinson & Palma, 
2025). 

Other work has leveraged entropy of next‐token 
probabilities from pretrained transformers to flag 
low‐confidence segments, finding that these high‐
entropy regions correspond to larger prediction 
errors. Such entropy‐derived features thus serve as 
data‐driven proxies for CSEM, identifying essays 
on which automated scorers are likely to be less 
reliable (Atkinson & Palma, 2025).  

Although entropy‐informed methods are not yet 
ubiquitous in production AES pipelines, they offer 
a promising complement to aggregate reliability 
indices and G‐Theory analyses. Integrating entropy 
as either a stratification facet or a diagnostic feature 
enables more nuanced dependability assessments, 
pinpointing when an individual essay score may 
warrant caution. As AES systems continue to 
evolve, embedding information‐theoretic insights 

 
1 Wall-clock time refers to the real-world elapsed 
time measured from the start to the end of each 
processing step, encompassing all computation, data 

can enhance both psychometric rigor and 
operational transparency, ensuring that automated 
evaluations maintain equitable precision across the 
full spectrum of student writing complexity. 

3 Methods  

Data 

The PERSUADE 2.0 corpus originally comprised 
over 25,000 persuasive essays from U.S. students 
in grades 6–12. We restricted our analysis to ninth 
through twelfth graders, yielding 13,815 unique 
essays each annotated with a holistic score and 
writer demographics (prompt, task type, grade, 
gender, socioeconomic and ELL status). Because 
each examinee submitted exactly one essay, essay 
IDs are fully confounded with test‐taker identity, so 
all essay‐level variance components mirror 
examinee‐level differences. To ensure balanced 
coverage across topics, tasks, and grade levels, we 
performed a stratified split by prompt × task × 
grade, sequestering 10% (1,381 essays) as an 
unlabeled “Holdout Evaluation Set” and retaining 
12,428 essays for G‐study and D‐study modeling 
(Figures 1–2).  

Each essay in the holdout set was then scored 
according to a fully crossed design of 14 
transformer encoders × 3 random seeds × 5 cross-
validation folds, for a total of 14 × 3 × 5 = 210 
predictions per essay. All encoders shared a 
common ordinal logistic regression (OLR) head 
during fine-tuning and inference. Inference 
proceeded by tokenizing each essay into sliding-
window segments matched to model-specific 
maximum sequence lengths, pooling segment 
representations into a single fixed-length 
embedding, and passing that embedding through 
the OLR head. The resulting 210 predicted scores 
per essay were collated into one dataset. The wall-
clock times for the models are all presented in 
Table 10.1 

To examine complexity effects, we computed raw 
Shannon entropy from token‐frequency 
distributions (Figure 3, r = 0.741 with word count), 
then standardized these values (z-scores) and 
applied our equal-variance bucketing algorithm. 
Standardization inverted the length correlation (r = 

loading, and any idle or I/O wait times—analogous to 
timing an event with a stopwatch. 
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−0.641), equalizing variability across essay 
lengths. Plotting sample variance against 
standardized entropy (Figure 4) reveals a flat cloud 
of points, indicating no systematic rise in 
inconsistency for more complex texts. Likewise, 
mean predicted score remains constant across 
entropy levels (Figure 5), confirming that our 
stratification yields uniform precision (variance) 
and fairness (mean score) regardless of textual 
complexity. 

Entropy Standardization and Bucketing 
Method 

To control for the confounding effect of essay 
length on token‐based complexity measures, we 
first computed each essay’s Shannon entropy Hi 
from its token‐frequency distribution: 

𝐻𝑖 = −∑ 𝑝𝑖,𝑡𝑙𝑜𝑔	(𝑝𝑖,𝑡)𝑡   (1) 

where pi,t is the relative frequency of token t in 
essay i. These raw entropy values were then 
standardized to z‐scores 

𝑧! =
"!#"$

%&(")
   (2) 

centering and scaling the distribution so that zi has 
mean zero and unit variance across the corpus. 

Because our goal was to ensure that each 
complexity stratum contributed equally to the D‐
study’s variance estimates, we partitioned the 
essays into buckets by equalizing the sum of their 
observed score variances rather than by simple 
quantile splits of zi. Denoting by νi the sample 
variance of the 210 predictions for essay i, we 
sought a set of cut‐points {c1,…,cK−1}that induced 
buckets 𝐵𝑘 = {𝑖: 𝑐𝑘−1 < 𝑧𝑖 ≤ 𝑐𝑘} satisfying 

∑ 𝜈𝑖 ≈𝑖∈𝐵𝑘
1
𝐾
∑ 𝜈𝑖𝑁
𝑖=1 	𝑓𝑜𝑟	𝑘 = 1, . . . , 𝐾  (3) 

Starting from a maximum K, we iteratively 
reduced K until every prompt × bucket cell 
contained at least the pre‐specified minimum 
number of essays. In practice, we sorted essays by 
zi, formed cumulative sums of νi, and placed cut‐
points at entropy values corresponding to equal 
increments of total variance. Essays were then 
assigned to buckets by thresholding their zi against 
these cut‐points. This “equal‐variance” binning 
guarantees that each entropy stratum contributes 
the same total score dispersion—and, by enforcing 
a minimum cell size per prompt, preserves 
adequate data in every prompt × bucket 

combination for reliable variance‐component 
estimation. 

G-Study Design 

To decompose score variance across measurement 
facets, we fit a series of linear mixed-effects 
models in R using the lme4 package. After 
reshaping the predictions into long format—one 
record per essay × encoder × seed × fold—and 
subsetting by entropy bucket, we specified the 
model 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑_𝑠𝑐𝑜𝑟𝑒!)*+ = 𝜇 + 𝑢,[!] + 𝑣/[!] +𝑤,[!],/[1] +
𝑥2[!] + 𝜀!)*+   (4) 

Where 𝑢,[.]~N(0, 𝜎01)  captures prompt-level 
variance, 𝑣2[.]~N(0, 𝜎31)	  the bucket (entropy) 
effect, 𝑤,[.],2[4]~N(0, 𝜎031 )	  their interaction, 
𝑥5[.]~N(0, 𝜎6	1) and the essay (test-taker) facet, and 
𝜀.89:~N(0, 𝜎;	1)  residual error. From each model 
we extracted the variance components 
𝜎01, 𝜎31, 𝜎031 , 𝜎6	1, 𝜎;	1  via VarCorr(), supplying the 
inputs for subsequent analytic D-study 
computations. 

D-Study Design 

Using those variance components, we predicted the 
generalizability coefficient G without refitting: 

𝐺 = 3"#$"%"&'#(
)

3"#$"%"&'#(
) 4

*+(,-+":/01'#"
)

2/01'#"$
4

*(#$!30&4
)

2/01'#"$×2#×2$

   (5) 

Here 𝑛𝑏𝑢𝑐𝑘𝑒𝑡𝑠 , 𝑛𝑒 , and 𝑛𝑠 are the numbers of 
entropy buckets, encoders, and seeds. Two sweeps 
were performed: 

Small-only ensembles: All 56k8 × 5
6
s8 

combinations of k=2–6 small encoders and s=1–3 
seeds (399 runs) identified the minimal small-
model sets achieving G≥0.85. 

Mixed small + medium ensembles: For each 
subset of 1–4 medium encoders, we incrementally 
added 1–6 small encoders under 1–3 seeds (5,401 
runs), halting further expansion once a medium–
seed pair first attained G≥0.95. 

Large-model exploration: Finally, we considered 
ensembles incorporating at least one large encoder 
(BERT-Large, RoBERTa-Large, GPT-2 Large, 
DeBERTa-V3 Large), applying a second early‐stop 
rule: after two distinct large-inclusive sets 
surpassed G≥0.95, no further large‐model sweeps 
were conducted. 
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These analytic D‐study procedures rigorously chart 
reliability gains against computational expense, 
guiding selection of AES ensembles that meet 
dependability targets with minimal overhead. 

4 Results 

1. Overall Reliability Ceiling 

The fully crossed G-study design—incorporating 
all 14 encoders, three seed initializations, and five-
fold cross-validation—yielded near-perfect 
generalizability coefficients across entropy strata. 
Substituting n6 = 14 , nA = 3 , and n3BCD6EA = 3 
into the analytic D-study formula produced 

Low-entropy bucket: G=0.990 

Mid-entropy bucket: G=0.989 

High-entropy bucket: G=0.989 

An overall average of G≈0.99 confirms that 
exhaustive model diversity and replication 
effectively eliminate measurement error, 
establishing an upper bound against which all 
reduced‐complexity ensembles are benchmarked. 

After experimenting with different K values under 
a minimum cell-size constraint, we determined that 
only by requiring at least seven essays per prompt–
bucket cell could the equal-variance algorithm 
produce three strata. Higher K values violated this 
constraint, and K = 2 proved too coarse for reliable 
variance estimation. With the minimum cell size 
set to seven, the algorithm converged on K = 3 
buckets containing 451, 479, and 457 essays (Table 
2), which we label as low, medium, and high 
complexity based on their mean standardized-
entropy (z) scores. Table 3 details each prompt’s 
essay counts within these buckets, confirming an 
even distribution of texts across topics and 
complexity levels. 

Figure 6 illustrates that the holistic score 
distributions are virtually identical across low, 
medium, and high entropy strata. Each bucket 
peaks in the mid‐score range (2–4) and tapers 
symmetrically toward the extremes (1 and 6), with 
no stratum showing a disproportionate 
concentration at any particular score band. This 
consistency confirms that our equal‐variance 
bucketing preserved the overall score profile: 
textual complexity, as indexed by standardized 
entropy, does not systematically bias the 
distribution of human‐assigned scores. 

2. G-Study Facet Contributions 

Despite this high ceiling, the initial G-study 
decomposition (Table 4) reveals that genuine test-
taker differences remain the predominant source of 
score variability. Across all three entropy strata, the 
essay/test-taker component 𝜎F1  accounted for 
approximately 60–65 % of total variance. Residual 
error 𝜎G1contributed another 11–14 %. In contrast, 
encoder choice 𝜎H1 explained only 12–18 %, seed 
initialization 𝜎I1  2–4 %, and fold assignment 𝜎J1 
less than 1 %. Interaction terms—encoder × seed, 
encoder × fold, seed × fold—were effectively zero 
(Table 4). 

Thus, although true-score variance dominates AES 
reliability, the nontrivial contributions of model 
architecture and random seed justify their explicit 
modeling in both G- and D-study phases. 

3. Small-Only D-Study: Trading Seeds for Model 
Diversity 

A full sweep of the six “small” transformers 
(ELECTRA Small (Discriminator), DistilBERT-
base (uncased), DeBERTa-v3-small, GPT-2 
(small), MiniLM-L6-uncased, MobileBERT-
uncased) crossed with 1–3 seeds (399 designs with 
354 of them obtained G values≥0.85) revealed 
clear trade-offs between architectural diversity and 
seed replication (Table 5; Figure 7). Under a single-
seed design, two- and three-encoder ensembles fail 
to reach G=0.85, but four small encoders just meet 
it (G≈0.851), and adding one or two more models 
raises reliability to approximately 0.868 and 0.882, 
respectively. Introducing a second seed yields 
larger gains: three encoders under two seeds 
already surpass G=0.85, and six encoders exceed 
0.90. With three seed replications, even the 
minimal two-model pairing (GPT-2-small + 
MobileBERT) reaches G≈0.921; adding a third 
model pushes G to roughly 0.942, and four-model 
ensembles climb to about 0.952. Beyond four 
encoders, marginal improvements taper off—five- 
and six-model ensembles with three seeds achieve 
G≈0.958 and 0.962, respectively (Figure 8). 

Figure 9 renders these results as smooth surfaces in 
the (number of encoders, number of seeds, G-
coefficient) space. All three seed planes rise steeply 
from two to three encoders before plateauing, 
indicating diminishing returns on adding more 
models. Conversely, each additional seed shifts the 
entire surface upward by an almost constant 
amount, confirming that seed replication is a more 
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efficient lever for boosting reliability once a 
modest ensemble is in place. In resource-
constrained settings (e.g., limited GPU memory), 
two or three encoders with three seeds offer the 
fastest route to G ≥ 0.85; where parallelism is 
abundant, larger ensembles can edge closer to the 
reliability ceiling but with diminishing payoff. 

4. Mixed D-Study: Leveraging Medium-Sized 
Models 

To explore hybrid configurations, we swept 5,401 
designs combining 1–4 medium transformers, 1–6 
small transformers, and 1–3 seed replications. As 
in the small-only study, an early-stop rule was 
enforced: for each medium–seed pairing, 
additional small models were added only until 
G≥0.85 was first reached (see Table 8). We then 
ranked each ensemble by a simple “resource” 
metric (number of models + number of seeds) to 
identify the most cost-effective solutions (Table 9). 

Remarkably, a two-model hybrid—one medium 
encoder (BERT-Base), one small encoder 
(DistilBERT-base), and two seeds (resource = 4)—
achieved G≈0.895, exceeding every small-only 
design at the same resource level. This single-
medium + single-small configuration appears as 
the top entry in Table 9. Although adding more 
small models or seeds continued to raise G, the 
incremental benefit per added compute unit 
diminished rapidly. 

Encouraged by these mid-range gains, we briefly 
evaluated large transformers under a second early-
stop: once two large-inclusive ensembles surpassed 
G≥0.95, we terminated further exploration on cost-
benefit grounds. The reliability uplift from large 
models (≈1–2 percentage points) did not justify 
their 5–10× higher FLOPs, memory footprint, and 
energy cost. 

Together, Tables 8 and 9 illustrate that compact 
mixed ensembles—anchored by a single medium 
transformer, a single small transformer, and 
minimal seed replication—deliver the highest 
generalizability per unit of compute. 

5 Discussion 

The D-Study sweeps reveal a clear trade-off 
between reliability and computational cost. Small-
only configurations must marshal at least five 
combined encoder-and-seed resources to surpass a 
generalizability coefficient of 0.85, whereas a 

compact hybrid ensemble of one medium 
transformer, one small transformer, and two seed 
replications achieves approximately 0.90 with only 
four resources. This efficiency frontier underscores 
that thoughtfully chosen model diversity and 
minimal replication can meet rigorous reliability 
thresholds while markedly curbing FLOPs, GPU 
memory, and energy consumption. 

Our G-Study also confirms that large 
transformers—despite reducing encoder-facet 
variance by just one to two percentage points—
incur disproportionately high compute and 
environmental costs, making medium-sized 
architectures the practical backbone for high-stakes 
scoring. By treating each essay (and thus each 
examinee) as the object of measurement, the 
mixed-effects framework captures both content 
and ability variance in a single term, aligning our 
dependability estimates with established 
psychometric practice. Moreover, entropy-
stratified bucketing ensured that low-, mid-, and 
high-complexity texts contributed equally to 
variance-component estimation, guarding against 
bias from essay length or richness and validating 
the fairness of our reliability analyses. 

Looking ahead, enriching our simple resource 
metric with actual FLOPs, GPU-hours, and energy 
use would enable truly multi-objective D-studies. 
Exploring adaptive or continuous stratification and 
designs with multiple essays per examinee could 
further disentangle content from ability variance 
and broaden applicability beyond holistic scoring. 

6 Conclusion 

This study integrates standardized Shannon-
entropy stratification within a Generalizability-
Theory framework to guide efficient AES 
ensemble design. A fully crossed G-Study (14 
encoders × 3 seeds × 5 folds) quantified error 
sources across prompts, entropy strata, encoder 
models, and seed initializations. Analytic D-Study 
formulas then predicted generalizability 
coefficients for over 5,800 hypothetical ensembles 
without refitting models, revealing that compact 
hybrids of medium and small transformers with 
limited seed replication achieve target reliability at 
minimal cost. By balancing psychometric rigor 
with computational pragmatism, our approach 
offers a principled roadmap for deploying reliable, 
fair, and sustainable AES systems across diverse 
writing complexities.  
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A Appendices 

 

 
  

Category Model Hidden 
Size # Layers # Heads Approx. 

Parameters 
Max Seq. 
Length 

Small 

ELECTRA Small 
(Discriminator) 256 12 4 14 M 512 

DistilBERT-base (uncased) 768 6 12 66 M 512 

DeBERTa-v3-small 768 6 12 86 M 512 
GPT-2 (small) 768 12 12 124 M 1024 
MiniLM-L6-uncased 384 6 12 22 M 512 
MobileBERT-uncased 512 24 4 25 M 512 

Medium 

BERT-base-uncased 768 12 12 110 M 512 
RoBERTa-base 768 12 12 125 M 512 

Longformer-base-4096 768 12 12 149 M 4 096 

GPT-2 (medium) 1 024 24 16 355 M 1024 

Large 

BERT-large-uncased 1 024 24 16 340 M 512 
RoBERTa-large 1 024 24 16 355 M 512 
GPT-2 (large) 1 280 36 20 774 M 1024 
DeBERTa-v3-large 1 024 24 16 304 M 512 

Table 1 General Information Comparison of All (14) Encoder Models  used 

 

Prompt 
Entropy Bucket 
L M H 

Car-free cities 12 32 152 
Distance learning 95 80 43 
Does the electoral college 
work? 90 78 37 

Driverless cars 50 81 58 
Exploring Venus 38 78 70 
Facial action coding system 62 71 84 
Summer projects 104 59 13 
Total 451 479 457 

Table 3 Essay Distribution in Entropy Bucket by 
Prompt 

 

Bucket 𝜎5E 𝜎5S 𝜎5F 𝜎5T 𝜎5ExS 𝜎5ExF 𝜎5SXF 𝜎5Residual 

Low 0.00479 0 1.34 × 10⁻⁷ 1.231 0 0 0 0.163 
Mid 0.00019 1.7 × 10⁻¹⁰ 0 1.274 0 0 0 0.157 
High 0.00051 5.4 × 10⁻⁶ 0 0.954 0 0 3.1 × 10⁻9 0.164 

Table 4 Variance Components and Ceiling-G Coefficients by Entropy Bucket 

 

 

 

 

 

Bucket N Mean Range SD 

Low 451 1.131 0.909~1.237 0.048 

2 479 1.176 1.100~1.276 0.040 

3 457 1.216 1.125~1.331 0.038 

Table 2. Entropy Bucketing Result using the Equal 
Variance Method 
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Seeds Encoders Encoder Set G-Coefficient 

1  

3 DistilBERT-base , GPT-2 (small) , MobileBERT-uncased 0.866 

4 DistilBERT-base , DeBERTa-v3-small  , GPT-2 (small) , 
MobileBERT-uncased 0.893 

5 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MobileBERT-uncased 0.909 

6 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MiniLM-L6-uncased, MobileBERT-uncased 0.920 

2  

2 DistilBERT-base , MobileBERT-uncased 0.893 

3 DistilBERT-base , GPT-2 (small) , MobileBERT-uncased 0.922 

4 DistilBERT-base , DeBERTa-v3-small  , GPT-2 (small) , 
MobileBERT-uncased 0.937 

5 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MobileBERT-uncased 0.946 

6 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MiniLM-L6-uncased, MobileBERT-uncased 0.951 

3 

2 GPT-2 (small) , MobileBERT-uncased 0.921 

3 DistilBERT-base , GPT-2 (small) , MobileBERT-uncased 0.942 

4 DistilBERT-base , DeBERTa-v3-small  , GPT-2 (small) , 
MobileBERT-uncased 0.952 

5 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MobileBERT-uncased 0.958 

6 ELECTRA Small (Discriminator) , DistilBERT-base , DeBERTa-v3-
small  , GPT-2 (small) , MiniLM-L6-uncased, MobileBERT-uncased 0.962 

Table 6. Best G ≥ 0.85 Designs By Seed And Encoder Count in Small-encoder Ensemble  

 

# Encoders # Seeds Mean G 
2 3 0.872 
3 2 0.860 
4 1 0.851 

Table 5. Minimal small-only configurations achieving G ≥ 0.85 
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Medium Encoder # of M 
Encoders Small Encoder # of S 

Encoders 
# of 

seeds G 

BERT-base-uncased , 
RoBERTa-base , 
Longformer-base-4096 , 
GPT-2 (medium) 

4 

ELECTRA Small (Discriminator) , 
DistilBERT-base , DeBERTa-v3-small , 
GPT-2 (small), MiniLM-L6-uncased , 
MobileBERT-uncased 

6 3 0.968 

BERT-base-uncased , 
RoBERTa-base , 
Longformer-base-4096 3 

ELECTRA Small (Discriminator) , 
DistilBERT-base , DeBERTa-v3-small , 
GPT-2 (small), MiniLM-L6-uncased , 
MobileBERT-uncased 

6 3 0.968 

BERT-base-uncased , 
RoBERTa-base , GPT-2 
(medium) 3 

ELECTRA Small (Discriminator) , 
DistilBERT-base , DeBERTa-v3-small , 
GPT-2 (small), MiniLM-L6-uncased , 
MobileBERT-uncased 

6 3 0.968 

BERT-base-uncased , 
Longformer-base-4096 , 
GPT-2 (medium) 3 

ELECTRA Small (Discriminator) , 
DistilBERT-base , DeBERTa-v3-small , 
GPT-2 (small), MiniLM-L6-uncased , 
MobileBERT-uncased 

6 3 0.967 

BERT-base-uncased , 
RoBERTa-base 

2 

ELECTRA Small (Discriminator) , 
DistilBERT-base , DeBERTa-v3-small , 
GPT-2 (small), MiniLM-L6-uncased , 
MobileBERT-uncased 

6 3 0.967 

Table 9. Mixed Designs with Top 5 G-coefficients 

 

N of Encoders Small Encoders Seeds G 
1 DistilBERT-base 3 0.872 
2 GPT-2 small; MobileBERT-uncased 3 0.921 
3 DistilBERT-base; GPT-2 small; MobileBERT-uncased 3 0.942 
4 DistilBERT-base; DeBERTa-V3 small; GPT-2 small; MobileBERT-

uncased 
3 0.952 

5 ELECTRA Small (Discriminator) ; DistilBERT-base; DeBERTa-V3 
small; GPT-2 small; MobileBERT-uncased 

3 0.958 

6 ELECTRA Small (Discriminator) ; DistilBERT-base; DeBERTa-V3 
small; GPT-2 small; MiniLM-L6-uncased; MobileBERT-uncased 

3 0.962 

Table 7 Best Small-encoder Ensemble Designs by Number of Models. 

Smal 
Medium Encoder # of M 

Encoders Small Encoder # of S 
Encoders # of seeds G 

BERT-base-uncased 1 DistilBERT-base (uncased) 1 2 0.895 

BERT-base-uncased 1 DistilBERT-base (uncased) 1 2 0.895 

BERT-base-uncased 1 DistilBERT-base (uncased) 1 2 0.895 

BERT-base-uncased 1 GPT-2 (small) 1 2 0.894 

BERT-base-uncased 1 GPT-2 (small) 1 2 0.894 
 
Table 8.  Top 5 G ≥ 0.85 Mixed Ensemble Designs with Fewest Resources 
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Category  Model Train 

Embedding 
Test 

Embedding 
Full 3×5 CV  
& Merge 

Small 

 ELECTRA Small 
(Discriminator) 0 h 9 m 29 s 0 h 1 m 3 s 0 h 12 m 45 s 

DistilBERT-base 0 h 10 m 18 s 0 h 1 m 10 s 0 h 17 m 42 s 

DeBERTa-v3-small 0 h 31 m 53 s 0 h 3 m 30 s 0 h 41 m 14 s 

GPT-2 (small) 0 h 41 m 54 s 0 h 4 m 31 s 0 h 52 m 46 s 

MiniLM-L6-uncased 0 h 4 m 50 s 0 h 0 m 32 s 0 h 8 m 49 s 

MobileBERT-uncased 0 h 21 m 12 s 0 h 2 m 15 s 0 h 28 m 10 s 

Medium 

 BERT-base-uncased 0 h 21 m 6 s 0 h 2 m 27 s 0 h 29 m 48 s 

RoBERTa-base 0 h 21 m 18 s 0 h 2 m 25 s 0 h 30 m 8 s 

Longformer-base-4096 5 h 40 m 48 s 0 h 38 m 3 s 6 h 24 m 32 s 

GPT-2 (medium) 2 h 2 m 50 s 0 h 13 m 14 s 2 h 24 m 24 s 

Large 

 BERT-large-uncased 1 h 4 m 41 s 0 h 7 m 17 s 1 h 20 m 10 s 

RoBERTa-large 1 h 10 m 46 s 0 h 7 m 58 s 1 h 27 m 23 s 

GPT-2 (large) 4 h 29 m 16 s 0 h 31 m 11 s 5 h 11 m 33 s 

DeBERTa-v3-large 2 h 58 m 33 s 0 h 20 m 48 s 3 h 28 m 12 s 

Table 10. Wall-Clock Times for Embedding and 3×5 Cross-Validation Scoring of 14 Transformer Encoders 
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Figure 1. Descriptive Statistics of Essays in Training Set and the Test-takers’ Demographic Information 
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Figure 2. Descriptive Statistics of Essays in “Holdout_evaluation_set” and the Test-takers’ Demographic 

Information 
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Figure 3. Comparison of Scatterplots of Word Count vs. Raw Shannon Entropy and Standardized Entropy 

 

Figure 4. Scatterplot of Score Sample Variance and Standardized Entropy 
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Figure 6. Histogram of Essay Score Distribution by Entropy Bucket 

 

 

Figure 5. Scatterplot of Standardized Entropy vs. Mean Predicted Scores 
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Figure 7. Mean G-coefficients by Number of Seeds in Small-encoder Ensemble Designs 

 

 

Figure 8. Mean G-coefficients by Number of Small-encoders in Small-encoder Ensemble Designs 
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       Figure 9. 3-D Plot of Mean C-cefficients vs. Number of Encoders and Seeds  

328



Proceedings of the Artificial Intelligence in Measurement and Education Conference (AIME-Con) – Volume 1: Full Papers, pages 329–336
October 27-29, 2025 ©2025 National Council on Measurement in Education (NCME) 

 

Abstract 

To measure learning with AI, students must 
be afforded opportunities to use AI 
consistently across courses. Our interview 
study of 36 undergraduates revealed that 
students make independent appraisals of AI 
fairness amid school policies and use AI 
inconsistently on school assignments. We 
discuss tensions for measurement raised 
from students’ responses. 

1 Introduction 

Proficiency with AI tools, particularly generative 
AI (GenAI), is becoming necessary for job market 
candidates (Bowen & Watson, 2024; Microsoft, 
2024). To develop proficiency, students must be 
afforded continuous opportunities to learn how to 
use AI in ways that augment (rather than stymie) 
their learning and reflect competencies desired in 
the modern workforce. Some universities have 
approached this demand by becoming AI-native: 
giving each student access to a chatbot and 
encouraging AI use (Singer, 2025). AI nativity 
implies a vision of policy coherence; that students 
and instructors alike will use AI tools in 
complementary ways that foster rich, flexible 
modes of learning, do not undermine each other’s 
goals, and offer consistent ways to measure 
learning as it relates to students’ assessments (and 
ultimately, the value of their degrees). 

This paper contributes a depiction of ethical 
questions and tensions that arise when various 
actors within higher education have inconsistent 
visions of AI in education, and thus, develop 
diverging ideas about fairness and academic 
integrity. Drawing from a subset of interview data 
featuring undergraduate students’ uses of AI in 
problem solving, we found that the vast majority of 
students believed that fair AI use in school 
coursework depended on a number of factors, 

many of which pointed to conceptions of cheating 
that have become hard to measure when AI is 
integrated inconsistently into coursework (Lee et 
al., 2024). Their confusions may create tensions for 
instructors, who have their own visions of how AI 
should be used on assignments, and for school 
administrators, who may expect that students take 
up AI tools for career and workforce development.  

As issues of AI use in decentralized (Weick, 
1976) university systems continue to surface 
(Dabis & Csáki, 2024; Goodier, 2025), we urge 
educators to pause and consider how such tools 
force students to reconfigure their judgments of 
what is fair and how learning is measured. These 
inconsistencies matter in educational 
measurement, as how students demonstrate 
learning on school assignments is in part a 
function of the tools that they use (Engeström, 
2014). We explore these issues and answer: 

RQ1: To what extent do students appraise AI 
use on school assignments as “fair”? 

RQ2: What rationales do students give to justify 
whether AI use on school assignments is fair?    

2 Background and Related Work 

2.1 AI and Higher Education 

The advent of GenAI chatbots (ChatGPT, Gemini, 
Claude), stirred mixed reactions in higher 
education. While some institutions initially sought 
to regulate or ban student access, others 
encouraged AI for teaching and learning (An et al., 
2025). Nonetheless, trends suggest growing 
employer interest in hiring AI-literate workers 
(Microsoft, 2024), adding pressure on universities 
to equip students with AI knowledge and 
experience that aligns with workforce demand. 

To address these demands, many institutions, 
including the Universities of Oxford, Arizona, 
Maryland, and Texas at Austin, as well as the entire 
California State University system (OpenAI, 2024; 
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CSU, n.d.), have rolled out agreements with 
OpenAI to provide both students and employees 
with the advanced capabilities of ChatGPT Edu, 
implying usage expectations. However, there 
seems to be no agreement on productive use of AI.  

McDonald et al. (2025) analyzed AI policies 
published by 116 US universities. They found that, 
while most (N=73, 63%) universities provided 
guidance for classroom use, encouraging adoption, 
guidance often focused on writing activities. 
Students and instructors within STEM fields, 
therefore, faced absent or vague recommendations 
at best. These policy inconsistencies may introduce 
wide variability in GenAI use among both 
instructors and students across disciplines, raising 
questions about fairness and educational value. 

2.2 AI and Ethics in Higher Education 

Although the surge of AI prompted discussions 
around transparency in data processing, 
hallucination-induced misinformation, academic 
fraud, and algorithmic bias (Memarian & Doleck, 
2023; Pérez & Mattison, 2025; Zheng, 2024), 
institutions have yet to directly address the equally 
important issue of AI fairness. By AI fairness, we 
mean students’ abilities to access AI, use it 
skillfully, and obtain outcomes that reflect their 
skill (Wang et al., 2024, p. 3). Wang and colleagues 
describe first, second, and third-order AI-divides 
that could result if components of their fairness 
definition are unmet. As students gain widespread 
access to AI tools, whether it be through personal 
accounts or institutional licenses, scholars must 
expand ethical discussion on what constitutes fair 
and appropriate use among students. 

Ethical discussions about fair AI use in 
education are particularly consequential in cases 
where instructors integrate AI into their courses 
differently (Delaney et al., 2025). Some courses 
may intentionally integrate tools, such as 
discussion platform PackBack (Lantz et al., 2022), 
directly into student dashboards. Such tools 
provide structured opportunities to engage with AI 
in ways that support writing, self-reflection, and 
learning. In these cases, AI use is normalized as 
part of the learning environment. By extension, AI 
use across students is likely to exhibit less variation 
(in frequency and types of use) in AI-integrated 
courses than courses which have AI policies but do 
not incorporate AI tools directly. These courses 
may leave decisions about its use to instructor 
discretion. As a result, students may shoulder a 

larger ethical burden in courses where the teachers’ 
policies conflict with their own beliefs, values, and 
ideals about the purpose of higher education. 

Instructors for these courses may include AI-use 
statements in their syllabi either disallowing it or 
asking students to disclose when and how they use 
AI tools. Alternatively, an instructor may simply 
ignore AI, leaving the decision up to students’ own 
judgement. In either case, AI use in such courses is 
unregulated, unobserved, and often undetectable 
(Ardito, 2024). This brings up questions about 
equitable awareness and AI skill development 
among students (Arum et al., 2025) but also leaves 
deeper issues of fairness unresolved. 

Furthermore, this variation raises ethical 
questions about institutional consistency and how 
institutional AI-integration goals may infringe 
upon instructors’ individual pedagogical values or 
beliefs about how these tools should or should not 
be used. When AI policies are lacking or unclear, 
students, instructors, and institutional leaders may 
hold contradicting views of what ethical use looks 
like. Moreover, instructors may unintentionally 
develop inconsistent rules or expectations for AI 
use among students, further complicating student 
beliefs about fairness. 

Inconsistent AI policies among instructors and 
AI uses by students complicate measurement and 
assessment. If, for instance, half of the students in 
a writing course use an AI chatbot for their final 
essay, and half do not, scoring the final essay will 
become internally inconsistent, because it is likely 
unclear from the grader’s perspective (1) who used 
AI and (2) to what extent and for what purpose 
users leveraged AI toward the final essay. For half 
the class, grades are a measurement of knowledge 
applied and distilled in the essay, and for the other 
half, grades are a partial measurement of learning 
and partial measurement of AI savviness. Thus, 
inconsistent AI policies increase threats to validity 
and assessment measurement precision (Zheng et 
al., 2025), and are worth examining in more detail. 

3 Methods 

3.1 Research Context and Participants 

This study was conducted at a large university that 
serves mostly undergraduate students in the U.S. 
The university purchased chatbot subscriptions for 
all students and faculty. Faculty were encouraged 
to create their own AI course policies and syllabus 
statements that detailed if and how AI should be 
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used in their courses. Instructors were given 
flexibility to design AI policies as they pleased and 
ban AI use if they deemed appropriate. 

We recruited 36 undergraduate students from 
various majors to study AI use during problem 
solving tasks. We hung flyers around campus in 
publicly-available locations, solicited open 
participation calls through email, and encouraged 
students to sign up using a QR code. The analysis 
we present in this paper emerged when variations 
of students’ conceptions of AI fairness on school 
assignments during the study pre-interview arose 
with a higher frequency than we had anticipated.  

3.2 Study Design and Data Collection 

We focus on one subcomponent of a larger clinical 
interview study (diSessa, 2007) that explored how 
undergraduates used AI while problem solving. We 
first interviewed each student about their AI use 
and beliefs. To answer RQ1 and RQ2, we look at 
participants’ responses to question six from our 
protocol: “Do you think using AI on school 
assignments is fair?” Importantly, members of the 
research team did not define fairness for the 
participant. Rather, we responded by deflecting the 
question (“What do you think it means?”) 

Our data consist of the 36 responses from 
participants, audiorecorded and transcribed by the 
research team. For anonymity, we refer to 
participants as P#, where # represents order (e.g., 
P4 was the fourth participant). In the event that the 
researcher did not understand the participant’s 
initial response, or the participant did not appear to 
answer the question, we asked 1-2 probing 
questions until we understood their position. For 
example, P32 initially answered, “Yeah, I’m kind 
of conflicted about it, because a lot of my math 
professors are aware of it, so they make changes.” 
The interviewer realized that P32 did not give an 
appraisal, and responded, “Oh wow, that’s 
interesting, but whether it’s fair?” P32 then said, 
“Everyone’s aware of it now, so it’s becoming more 
fair…but if not everyone’s using it, then I guess 
not.” We were satisfied that P32’s new response 
gave an appraisal and moved on. 

All interview recordings were autotranscribed 
by otter.ai. The initial error rate was around 9%, 
typical for recordings taken in consistent, quiet 
settings (Tran et al., 2023). Three members of the 
research team cleaned the transcripts to account for 
cross-talk discrepancies, speaker assignment 

errors, and errors that arose from abbreviations or 
acronyms (Matters & Shapiro, 2022). 

3.3 Data Analysis  

The unit of analysis encompasses students’ 
responses to, “Do you think using AI on school 
assignments is fair?”, including follow-up 
clarifying questions. Three researchers coded the 
data using an iterative process. During Phase 1, we 
individually coded participants’ appraisals (RQ1) 
into “yes” “no” and “other.” When meeting as a 
whole group to discuss coding agreements, we 
realized that a majority of participants did not give 
a clear yes/no answer. Rather, they gave some form 
of “it depends,” and elaborated on what their 
appraisal depended on. During Phase 2, we re-
coded the data into six appraisal categories based 
on what we learned in Phase 1: “yes,” “yes/it 
depends,” “it depends,” “it depends/no,” “no,” and 
“unclear” (see Figure 1). We continued coding until 
we reached internal agreement on the definitions 
and codes applied (Cornish et al., 2016).  

Following coding of appraisals, three 
researchers inductively (Saldaña, 2021) coded 
participant rationales (RQ2) in two rounds (Phases 
3 and 4). During Phase 3, we induced rationales, 
converged on the definition of each, and discussed 
how many rationales should be assigned per 
participant. We concluded that some participants 
gave multiple, independent examples of fairness 
and maintained different rationales per context. For 
instance, P34 explained that she would not use AI 
to help her with math problem-solving, but would 
use it to help her write an essay outline. We 
therefore decided to apply multiple rationales per 
participant if the participant introduced a new 
context or idea and a different rationale than in a 
previous explanation. In Phase 4, we re-coded the 
data, resolving disagreements as needed and re-
visiting the data to ensure internal consistency.  

Figure 2 in the findings shows all appraisal 
codes, rationales, and code counts. 

4 Results 

4.1 RQ1: To what extent do students 
appraise AI use on school assignments as 
“fair?” 

Figure 1 displays the distribution of AI fairness 
appraisals in our sample. 41.6% of participants (n 
= 15) responded that AI fairness depended on a 
number of contextual and organizational factors. 
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Only six students (16.7%) responded that using AI 
on school assignments was fair, and five students 
said that using AI on school assignments was not 
fair (13.9%). Two students (5.6%) gave unclear 
answers that did not contain an appraisal of 
fairness. We coded those instances as “unclear.” 
P4, for instance, described AI in relationship to her 
ability to learn, but did not address fairness: 

...It is kind of inevitable at this point…every 
student is going to be using AI…if you're not, 
you're just doing twice as much work as all 
your classmates. But…I don't think it's good. I 
think at the end of the day I… am glad I made 
it this far in my education before I was 
introduced [to GenAI] because if it was 
introduced earlier, I would never have learned 
how to think for myself. (P4, 10:52) 

Eight participants (22.2%) gave responses that 
contained multiple appraisals: they determined AI 
use on school assignments fell into multiple 
categories of “yes,” “it depends,” or “no.” As an 
illustrative example, we observed P34 shift her 
explanation between “it depends” and “yes” as 
she considered the practicality of restricting AI: 

I don’t know. I use it sometimes, so I guess I 
should be saying fair. But I do feel 
guilty...Not really for math, because I’m still 
doing all the work. But for writing, I feel like 
it should be my organic thoughts. Although, 
at this point, now that it’s so available, it’s 
like, especially for young people, it’s kind of 
impossible to tell them not to use it. And so, 
in that sense, I think a lot of teachers have to 
understand that they probably are going to 
use it, and they need to give guidelines for 
how to use it in a good way. (P34, 12:07) 

 
Figure 1: Distribution of undergraduate appraisals 

  P34, a junior-year civil engineering major, 
shifted from “it depends,” where she reasoned that 

epistemic differences in school assignments 
influence her decision to use AI, to “yes” when 
thinking about the organization of technology in 
schools. Shifts in student appraisals of fairness 
suggest that (1) undergraduates may perceive 
fairness as a continuum between fair and not fair 
rather than discrete categories, and that (2) fairness 
appraisals can shift based on situation and context 
(diSessa et al., 2004).  

4.2 RQ2: What rationales do students give to 
justify whether AI use on school 
assignments is fair? 

Figure 2 shows students’ AI fairness appraisals in 
relation to their rationales. Students asserted “yes,” 
it is fair to use AI, for tutoring (n=2, 5.6%) or 
learning (n=1, 2.8%), and justified their beliefs by 
pointing to the ubiquity of AI (n=6, 16.7%) and the 
endorsement of AI by their institution (n=2, 5.6%). 
Additionally, some (n=3, 8.3%) expressed 
confidence that the designs of courses (e.g., in-
class assessments, presentations, and projects) 
would assess students fairly, because assessments 
are conducted separately from homework 
assignments. P12 articulated: 

My friends that were using [AI] were getting 
such good grades, but they weren't learning 
anything, or doing [homework] themselves. 
But when it came to the test, they were doing 
worse, and I was doing better…So I don't 
really think it's unfair anymore. (P12, 9:15) 

Students who believed that using AI on school 
assignments was unfair described issues of unequal 
access, either between students in their own 
courses (n=4, 11.1%) or compared to students in 
previous generations (n=2, 5.6%). Only one 
student reasoned that AI use was unfair because it 
hindered learning: “I wouldn't say it's fair because 
then everybody's just going to copy paste what's in 
AI...and not use their mind.” (P18, 14:04). This 
student indicated earlier in the interview that she 
participated in higher education before AI (since 
2017). It is possible that she compared AI use at 
present to her experience in 2017, before chatbots. 

Most (94%, n=34) participants gave at least one 
rationale in the "it depends" category, suggesting 
that judgements of fairness depend on multiple 
factors including purpose of use, course 
instruction, and capabilities of free chatbots. 
Participant P28 offered: "I would [not say using AI 
on school assignments is fair] because you get a 
limited amount of data use, like a phone plan." 
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Figure 2: Distribution of rationales for AI fairness 

Participants who said “it depends” cited socio-
technical tensions in their courses. The first is about 
when AI is allowed to be used as a tutor: for 
practicing skills (e.g., learning a foreign language 
by conversing with AI) versus for tutoring on the 
content of graded assignments. P26 explained: 

I think [using AI is] fair to a point where…new 
topics are introduced…My professor likes to 
put new topic questions on my homework. 
Which makes it difficult, because I don’t know 
what’s happening ...But personally, I don’t 
really like [AI] too much. Especially 
writing...teachers say that it removes your 
voice… I would rather get docked the points. 

A second tension we observed is uncertainty 
about what forms of assistance AI should give on 
graded course assignments. Students’ descriptions 
can be categorized by: (1) AI as a clarifier or 
scaffolder; (2) AI for overcoming impasses (3) AI 
as a deliverable co-author, and (4) AI as a personal 
tutor for anything unless their teacher specified a 
policy otherwise. We give illustrative examples:  

When you're writing, some people will go 
give me ideas for writing a thesis on why 
recycling is bad. And [AI can] give you a 
couple ideas. And then you can write your 
own thesis based on some of the ideas or the 
wording or using it to check for grammar. 
(P5, a math teaching major, on scaffolding) 

I think if you're given a problem set… if 
you're stuck on a problem, then it's very 
helpful and I think it's valid to use. But I think 

if you're using it to write your whole…code 
program for you, then…it's like, defeating the 
purpose of learning. (P13, a computer 
science major, on overcoming an impasse) 

What I'll do is write an essay on my own, and 
then I’ll ask [AI] to revise it and make it flow 
nicely…and make it sound more 
professional. And I think that's 100% fair. 
Like, I'd be scared of just putting in the 
prompt and being like, write an entire essay. 
But…if you can...make it your own words, 
then I think that's fair enough. (P11, a 
marketing major, on AI co-authoring) 

It depends how it's used. If the students aren't 
grasping the information, it's not really 
helping them in any way. But if it's in a way 
where they're...using it as a personal tutor, 
that would be fair. (P8, an engineering 
major, on AI as a tutor) 

Finally, some participants wished for instructors 
to clarify expectations on AI use in relation to 
academic integrity, even in light of a university-
wide policy: “tell the students what they expect to 
see in the class…if they don’t want to see AI use, 
they should tell the students that.” However, this 
same participant later acknowledged that even 
given clear expectations, some students may not 
adhere to AI classroom policies: “it’s becoming 
such a powerful resource that students are going to 
use it regardless of what a professor says…we 
should try to incorporate it into classrooms and use 
it as a good resource. Not trying to ban it, because 
I don’t think that’s going to work.” His sentiments 
seem to reflect university-wide AI integration goals 
which encourage students and instructors alike to 
engage with AI for academic work. 

5 Discussion 

After studying 36 undergraduate students’ 
appraisals and rationales for AI fairness on school 
assignments, we found a broad range of opinions, 
use cases, and ethical considerations that formed 
the foundations of students’ judgments. Most were 
unsure if they should use AI on school assignments 
and varied in the socio-technical decision 
parameters they drew from when deciding when 
and how they would use AI. Although some 
expressed a desire for guidance from their 
instructors about what to do, others made 
determinations based on internal factors, such as 
whether they personally believed AI would help 
them learn, or how accessible AI chatbots are 
becoming as a publicly consumable resource. We 
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hypothesize that AI policy misalignments between 
the university and individual instructors may have 
caused students to become confused about AI 
fairness because they needed to navigate each 
course policy on a case-by-case basis. 

Beyond AI policies, many students in our study 
drew from their own interpretations of fairness. 
Their appraisals did not draw from ethical 
considerations raised about AI by academia (e.g., 
model bias, data privacy, and data security), but 
rather their personal beliefs about whether AI tools 
helped them learn and the appropriateness of using 
novel technologies to “do school” (Pope, 2001). 
This suggests that in the wake of a decentralized 
university-wide policy stance on AI use in school, 
most students will do what “feels right” to them. 
This implies that while some students will not use 
AI at all, some may use it for everything, and some 
will make independent determinations based on a 
number of contextual factors (that should be 
studied in more detail in the future). 

“Choose-your-own-adventure”-style AI fairness 
appraisals made by the undergraduates in our 
sample have implications for measurement and 
assessment. Particularly in courses with large 
student enrollments, instructors do not have time to 
peruse individual assessments and evaluate if and 
how AI was used. They likely do not have the 
resources to evaluate if students who use AI to 
complete course assessments score differently than 
students who do not. This implies, on the extreme 
end, threats to assessment precision and validity 
(Zheng et al., 2025). That is, a student who uses AI 
to complete an assessment from end-to-end could 
receive a better grade than a student who took time 
to learn the material but did not show mastery on 
the same assessment. In this case, the knowledge 
and skill gained (purpose of learning) by human 
students is measured unfairly against the perceived 
quality of a submitted deliverable (purpose of 
work) by a human extracting information from a 
large language model trained on most of the corpus 
of written human texts. Furthermore, if 
undergraduates can and do complete assessments 
programs with AI chatbots, it raises questions 
about the value and purpose of college degrees.  

5.1 Limitations 

Our study is limited in several ways. First, the 
broader purpose of our research was not to study 
fairness in a large population of students. As such, 
the deductive coding used reflects our 

intersubjective agreement (Krippendorff, 2018) on 
fairness in a small sample. Our aim was to illustrate 
through student narratives what fairness with AI 
looked like rather than to make claims about 
statistical power and generalizability (our study has 
neither of those elements). Nonetheless, larger 
samples and surveys with statistically validated 
constructs should be used to study how AI is 
appraised writ large (e.g., Paik et al., 2025). 

Another limitation is that the question, “Do you 
think AI use on school assignments is fair?” was 
placed sixth in our interview protocol. Participants’ 
answers to the preceding five questions could have 
influenced their appraisal (diSessa et al., 2004). We 
asked the first five questions to gain a baseline of 
students’ AI beliefs and uses (e.g., question 1, 
“How do you approach problem solving?”; 
question 3, “How, if at all, do you use AI with 
problem solving?”). However, sometimes students 
gave off-topic responses that broached fairness. It 
is possible that these answers cued a priori 
conceptions of fairness that influenced the answer 
to the question that we ultimately studied. 

5.2 Concluding Recommendations 

While AI tools will continue to (rapidly) evolve and 
pose uncomfortable questions about the nature and 
fairness of learning, we put forth recommendations 
from our study. First, universities and instructors 
should have aligned AI use policies. This stands in 
opposition to policy flexibility recommended by 
An and colleagues (2025), and we acknowledge 
that faculty autonomy will make this difficult to 
achieve in practice, but our findings show that 
students rely on internal decision factors in absence 
of consistent guidance. Second, we recommend 
that instructors approach every course assessment 
with the perspective that at least one student will 
use AI, and ask themselves, “Will students still 
achieve my desired learning outcomes with AI? 
Will their grades fairly reflect the desired learning 
outcomes?” If not, they should consider 
redesigning their curriculum and assessments (Xie 
et al., 2024). Finally, we recommend that adults 
working at universities guide students to reflect on 
and assess their learning in a world with AI. 
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Abstract 

Integrating formative practice questions 
with text content is a highly effective 
learning method. Millions of AI-generated 
formative practice questions, embedded in 
thousands of publisher e-textbooks, are 
now available to students in higher 
education. This paper reviews findings 
from a multi-year research program to 
synthesize performance benchmarks for 
automatically generated questions and 
feedback derived from large-scale student 
interaction data. In addition, we report 
classroom-based applications that 
demonstrate how these questions can 
support learning when integrated into 
instruction. A central contribution of this 
review is to identify barriers to effectively 
scaling student engagement with formative 
practice, identifying both the successes of 
automatic question generation systems and 
the persistent challenges that must be 
addressed to maximize their potential for 
classroom impact. 

1 Introduction 

Formative practice has long been known to be 
highly effective for learning for students of all ages, 
but especially struggling students [1, 2]. Research 
studying the relationship between integrating 
formative practice with expository content and 
learning outcomes in digital learning environments 
found that doing practice was an average of six 
times more effective for learning than just reading 
[3, 4]. Called the doer effect, this learning science 
principle was also shown to have a causal impact 
on learning [4, 5]. Studies replicating the doer 
effect in different learning environments confirmed 
generalizability of this learning by doing approach 
[6, 7]; however, bringing this method to more 
students was a persistent challenge. Artificial 

intelligence presented a solution to this challenge 
as tools became robust enough to develop an 
automatic question generation (AQG) pipeline 
capable of generating millions of practice questions 
in very little time. The primary objective of the 
AQG system was to generate formative practice 
and feedback to be placed alongside textbook 
content in an ereader platform for use by students 
in higher education contexts. After the release of 
the automatically generated (AG) questions, years 
of research looking at millions of student-question 
interactions contributed to setting performance 
metric benchmarks for AG questions and revealed 
new insights into student behaviors and learning 
[8-12]. 

The aim of this paper is twofold. First, we 
synthesize findings from our multi-year program of 
research on AI-generated formative practice 
questions, highlighting both the technical 
performance benchmarks and their impact in 
classroom contexts. Second, we reflect on the 
persistent challenges of effectively scaling student 
engagement with formative practice, setting out a 
forward-looking vision for integrating these tools 
into everyday learning. By combining a review of 
empirical results with an analysis of practical 
barriers, we seek to show not only that AI-
generated practice can achieve comparable quality 
to human-authored questions, but also how these 
systems can maximize learning potential when 
thoughtfully embedded into teaching and learning 
environments. 

In line with this dual focus, the paper is 
organized to address both performance at scale and 
applications in authentic classrooms. Performance 
metrics drawn from millions of student-question 
interactions establish validity and reliability of AG 
questions, while classroom-based studies 
demonstrate how instructor course policies and 
student use patterns influence outcomes. Together, 
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these complementary perspectives underscore how 
AQG contributes to learning when implemented in 
real-world educational settings and highlight the 
remaining obstacles to broader adoption. 

2 AQG Methods 

The AQG system is designed to support students 
with formative practice while engaging with 
textbook material, and so to ensure the questions 
are closely aligned to the source content, the AQG 
system uses the textbook as the corpus for natural 
language processing. Kurdi et al. [13] 
recommended describing the system according to 
level of understanding and procedure of 
transformation. In this system, the level of 
understanding includes both syntactic and semantic 
information, and the procedure of transformation is 
primarily rule-based.  

Natural language processing tasks are executed 
using the spacy library [14], employing its CPU-
optimized large language model 
(en_core_web_lg). Question generation relies on 
both syntactic and semantic understanding of the 
text. For cloze question types, this dual-level 
analysis enables two central operations: identifying 
the sentences from which questions will be 
generated and selecting the term(s) to be removed 
as answers. Syntactic information, including part-
of-speech (POS) tagging and dependency 
structure, informs both content sentence selection 
and answer word identification. Additionally, 
semantic information contributes to recognizing 
conceptually important material. The 
transformation process that converts sentences into 
questions follows a rule-based approach developed 
by experts. 

To identify high-value sentences, the textbook is 
segmented into logical sections of roughly 1,500 
words, following the major organizational structure 
of the textbook such as chapters and their primary 
headings; sections exceeding this length are further 
subdivided. Within each section, sentence 
importance is assessed using the TextRank 
algorithm [15]. TextRank evaluates similarity 
between sentences by computing their vector 
embeddings, the effectiveness of which depends on 
the embedding technique employed. Our 
implementation uses a word2vec-based model [16] 
within spacy, which forms sentence embeddings by 
averaging the token vectors in each sentence. Prior 

to embedding, the AQG system filters out stop 
words and non-alphabetic tokens (e.g., 
punctuation, numerals). Sentences that are overly 
short (under 5 words) or long (over 40 words) are 
also excluded, as they are generally less 
appropriate for question formation. TextRank is 
applied to the remaining sentences in each section. 

A second core aspect of cloze question creation 
involves selecting the appropriate answer word(s) 
from the previously identified sentences. Our 
system accounts for multiple factors in this process, 
such as word frequency within the corpus and 
whether a term appears in the textbook’s glossary. 
However, the most critical factor is part of speech: 
only nouns and adjectives are considered viable 
candidates for answer blanks. Research from 
authentic learning contexts supports this focus—
questions that target these parts of speech tend to 
receive better evaluations from learners than those 
using verbs or other word types [17]. As such, POS 
tagging is a fundamental component of AQG, as it 
is in many NLP applications. 

Multiple choice or glossary term compare-and-
contrast questions rely on the existence of a 
textbook glossary, but are created using similar 
methods. 

This AQG approach is designed for broad 
applicability across academic disciplines but is not 
suitable for all subject areas; notably, it is not 
effective for mathematics or language instruction.  

Feedback is provided using textbook sentences 
that are related to the one from which the question 
stem was created—either a different sentence 
containing the same answer term (example in 
Figure 1) or neighboring sentences that provide 
added context. Outcome-based feedback 
(correct/incorrect) is always presented.  

While the system does not attempt to calibrate 
question difficulty during generation, student 
response data collected after deployment is used to 
monitor difficulty levels. Questions identified as 
excessively difficult for formative purposes are 
automatically replaced [17]. Paraphrasing or 
rewording of textbook content is intentionally 
avoided to ensure terminology consistency 
between questions and the source material. The 
resulting questions with integrated feedback are 
delivered in clusters that open alongside the 
relevant textbook section and allow students to get 
immediate feedback, retry or reveal answers, and 
rate questions (Figure 1). 
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Figure 1. A fill-in-the-blank question open next to the textbook content 

The original AQG system was developed 
without the use of large language models (LLMs) 
for two key reasons. First, LLMs lacked sufficient 
reliability at the time of the pipeline’s development. 
Second, their potential to introduce factual 
inaccuracies posed an ethical concern, especially 
given the vast number of questions being 
generated—making human oversight unfeasible at 
scale. However, LLMs have key strengths that 
could potentially be harnessed for specific tasks 
within the existing AQG pipeline [18] or providing 
error-specific feedback on open-ended questions 
[19]. While crafting open-ended questions is 
relatively straightforward, offering targeted 
feedback is significantly more complex. Intelligent 
tutoring systems are known for delivering highly 
effective, individualized feedback that addresses 
student errors, making them among the most 
impactful forms of computer-based learning [20, 
21]. Historically, scaling this type of feedback has 
been a major limitation. However, the proficiency 
of LLMs in text comparison may offer a viable path 
forward in addressing this challenge. 

In the autumn of 2024, two new types of open-
ended questions were introduced alongside the 
existing AG formative question types: a glossary 
term compare-and-contrast prompt and a "write 
your own exam question" task. These additions 
were chosen specifically to engage learners in 
advanced cognitive process dimensions [22]. To 

support these questions, an LLM is employed to 
analyze student responses by comparing them to 
the corresponding textbook sections and generating 
constructive, personalized feedback. Although the 
rule-based AQG pipeline had the capacity to 
formulate such open-ended prompts previously, 
deploying them without the ability to provide 
feedback risked leaving students unsure about the 
accuracy of their answers—potentially reinforcing 
misconceptions. As a result, implementing these 
question types necessitated the inclusion of a 
mechanism for tailored feedback. 

3 Performance Metric Benchmarks 

A benefit of digital learning environments is their 
ability to collect enormous quantities of high-
quality data [23]. These microlevel clickstream 
data allow us to investigate old questions with 
novel data and gain a finer-grained understanding 
of student learning processes [24, 25]. The 
microlevel data collected by the ereader platform 
are valuable for investigating both the performance 
of AG questions and student behaviors. The 
platform records each student interaction with a 
timestamp and unique numeric identifier for the 
student. Student-question sessions are formed by 
grouping all interactions of a single student on a 
single question. No personally identifiable 
information is collected by the platform. These data 
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are then used to evaluate several different 
performance metrics, including: 

• Difficulty index: Percentage of sessions 
in which the student’s first answer attempt 
was correct (lower values correspond to 
more difficult questions). 

• Persistence rate: Among sessions in 
which the first attempt was incorrect, the 
percentage in which the student continued 
until submitting a correct answer. 

• Thumbs up rate: Number of thumbs up 
ratings per 1,000 student-question 
sessions (one rating opportunity per 
session). 

• Thumbs down rate: Number of thumbs 
down ratings per 1,000 student-question 
sessions. 

The initial release of AG questions for student 
use was in a courseware environment where AG 
questions were intermixed with human-authored 
questions and placed intermittently with short 
content lessons. This first research found no 
difference in how students use AI-generated versus 
human-authored questions. Comparing 
automatically generated questions to human-
authored questions in the same course using a 
mixed-effects logistic regression model found they 
were similar on engagement, difficulty, 
persistence, and discrimination [8, 9]. The most 
notable difference was in the cognitive process 
dimension of the questions: recall types and 
recognition types grouped together on performance 
metrics—regardless of method of creation.  

With satisfactory performance in a courseware 
environment, the AG questions were then delivered 
as a free study feature (CoachMe) in the Bookshelf 

ereader, deploying millions of questions across 
thousands of textbooks. Analysis of over 7 million 
student-question interactions confirms these 
performance metric benchmarks at scale—
recognition-type questions are generally easier 
than recall-type questions and have higher 
persistence. Investigating student answers revealed 
insight into behaviors: only about 12% of students-
question interactions had a “non-genuine” input to 
the fill-in-the-blank, and nearly half of those 
students persist in answering until they get the 
correct response, indicating non-genuine responses 
were part of a strategy for many students [26]. 
Tracing interaction patterns also revealed the type 
of question impacted how students engaged with 
them [27]. The scale of this release made human 
monitoring of question performance impossible, so 
a content improvement service (CIS) was 
developed. The CIS is a platform-level adaptive 
system that monitors every student-question 
interaction in real time and deploys tools such as 
Bayesian evaluation of difficulty metrics and 
student ratings (thumbs down specifically) to 
determine if questions need to be removed and 
replaced [28]. Across a total of 3,594,408 question 
sessions, the overall thumbs down rate observed 
was 1.94 [29]. 

To provide an updated set of aggregated 
performance metrics, all student-question 
interaction events were retrieved starting from the 
feature’s launch on January 1, 2022, to June 11, 
2025. The resulting dataset consisted of 16,645,791 
sessions across 2,485,201 unique questions, 
822,678 students, and 14,371 textbooks, with a 
total of 26,169,711 interaction events. Table 1 
summarizes these performance metrics by question 
type. 

Compared to the performance metrics from [26] 
in 2023, the overall trends by the cognitive process 

 
Answered Mean 

Difficulty  
Persistence Thumbs Up 

Rate 
Thumbs Down 
Rate 

Matching 4,028,835 80.3 72.8 3.56 1.00 

Self-Graded Submit 
& Compare 

526,080 86.8 NA 4.64 2.37 

FITB 11,912,905 61.4 62.1 3.28 1.73 

Multiple Choice 205,774 74.1 76.1 3.68 2.10 

Table 1. Performance metrics by question type. 
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dimension of the question types remain the same. 
The recognition-type matching and multiple choice 
questions are easier and have higher persistence 
than the recall FITB type. However, we see some 
interesting changes. In 2023, the FITB had a 
difficulty of 54.7 and persistence of 58.5. The most 
recent data show an increase for both metrics to a 
difficulty of 61.4 and persistence of 62.1. This 
increase is overall positive, and potentially was 
impacted by improvements made to the AQG 
pipeline and question placement in December of 
2023. The only other large difference is persistence 
for multiple choice, which fell from 93.6 to 76.1—
potentially related to the nearly tenfold increase in 
data collected on this question type since 2023.  

In addition to monitoring performance 
benchmarks of the AG questions themselves, we 
investigated AG feedback. The type of feedback 
used for formative practice matters. Scaffolding 
feedback that provides another context (Figure 2) 
was most effective for increasing student 
persistence in answering until correct as well as 
decreasing the time it took to get to the correct 
answer [11]. Additionally, the advances in large 
language models (LLMs) made it possible to scale 
personalized, error-specific feedback for open-
ended question types—a hallmark feature of 
intelligent tutoring systems [19]. Introducing 
LLM-based error-specific feedback for open-
ended questions produced by this AQG pipeline 
provided experience with an LLM-based feature 

that could replicate the hallmark personalized 
feedback of intelligent tutoring systems but 
required careful development to minimize potential 
LLM failures [17]. 

4 Data from the Classroom 

The millions of questions available for analysis 
provide valuable performance benchmark metrics 
for AG questions. However, the large aggregated 
dataset includes all learners in all learning 
contexts—even those who only answered a few 
questions. Therefore, it was also valuable to engage 
in classroom-based research to determine how 
instructor course policies impacted student 
engagement with the practice and how the AG 
formative practice might impact learning. Studying 
19 course sections where faculty assigned these AG 
questions as a participation homework assignment 
showcased how classroom contexts and course 
policies increased student engagement and 
impacted performance metrics [29]. Nearly all 
students answered 100% of the questions, even 
when only 80% was required to receive credit. 
Across all courses, the matching questions had a 
mean difficulty of 82.8% and a persistence of 
96.7%. The FITB questions had a mean difficulty 
of 82.7% and a persistence of 94.0%. The higher 
difficulty index and persistence for questions in the 
classroom setting indicates students put more effort 
into their first attempt at the question and were 
motivated to continue answering until they input 

 
Figure 2. Scaffolding feedback for FITB questions (left) and LLM-based error-specific feedback for open-ended 
questions (right). 
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the correct response. The non-genuine responses 
for FITB ranged widely between courses, but 
remarkably, 12 of 19 courses had persistence over 
99% for non-genuine responses. Faculty observed 
increased preparedness for classroom discussions 
and higher quality written assignments and projects 
and students anonymously reported finding the 
practice helpful for both learning and 
accountability on course evaluations [12].  

In two semesters of a large cognitive psychology 
course, a change in faculty policy similarly shifted 
students from doing practice at the end of the 
course when it would not be helpful for the exams 
to prior to the related exam [30]. This change led to 
a statistically significant increase in exam scores 
(particularly meaningful for struggling students at 
the 25th and 50th percentile). Additionally, a post 
hoc analysis replicating Koedinger et al.’s doer 
effect analysis found results consistent with the 
literature. This first analysis of AI-generated 
questions eliciting the same doer effect principle in 
the classroom confirms the utility of AI for 
question generation at scale [30].  

5 Recommendations, Challenges, Future 
Work 

A key contribution of this review is to identify not 
only what the AQG pipeline has achieved in terms 
of question quality and learning outcomes, but also 
the persistent barriers that hinder scaling student 
engagement with formative practice. Each 
individual research study conducted on this AQG 
system since its initial release in 2019 investigates 
specific components in detail, such as performance 
metrics, student perceptions, feedback, student 
engagement patterns, textbook reading, learning 
outcomes, etc. Together, this rigorous evaluation of 
nearly every aspect of question performance and 
student behaviors and learning is essential to a 
comprehensive overview of the efficacy of AI-
generated questions for formative practice at scale.  

While our analyses confirm that AG questions 
perform well across multiple metrics and can 
replicate the doer effect in classroom settings, two 
persistent barriers emerge. First, faculty awareness 
and adoption remain uneven—many instructors are 
not fully informed about the availability of AG 
questions embedded in their textbooks. Second, 
student engagement is highly dependent on course 
structures; voluntary use of AG practice is typically 
low unless supported by meaningful course 
incentives or policies. These barriers illustrate that 

successful application of AQG in classrooms is not 
a purely technical challenge but an educational and 
organizational one. Addressing these barriers is 
essential to realizing the potential of formative 
practice: maximizing learning through classroom 
application. Without meaningful faculty 
engagement, voluntary student use of the questions 
will remain low. Instructors remain the most 
meaningful agents of change in the classroom and 
helping to inform and educate instructors as key 
partners in implementation will remain the focus of 
future efforts.  

Future work will always include iterative 
improvement to the AQG pipeline. The analysis of 
the questions showcases their validity, yet 
continued refinement can further improve question 
quality. We have evidence of the importance of this 
improvement cycle, as changes made to sentence 
selection and placement within the text in the 
winter of 2023 resulted in a reduction of thumbs 
down ratings from 1.95 to 1.39 per thousand. While 
the thumbs down rate is very low, decreasing it by 
more than 25% indicates an effective improvement 
that could influence student perceptions of the 
questions. While LLMs were not used in the 
existing AQG pipeline, we have conducted 
promising research on how introducing LLMs at 
key steps in the pipeline could further increase 
question quality [18]. 

 Taken together, the results of this research 
establish clear performance benchmarks for AI-
generated formative practice questions, 
demonstrating that they perform comparably to 
human-authored questions across difficulty, 
persistence, and engagement metrics at scale. 
Classroom-based implementations further confirm 
that when these questions are embedded into 
instruction, they not only support higher 
persistence and accuracy but also contribute to 
measurable gains in exam performance and student 
preparedness. These findings underscore that AI-
generated formative practice is both valid and 
impactful when used in authentic educational 
settings.  

Looking ahead, the continued refinement of 
AQG pipelines, coupled with thoughtful 
integration of LLM-based personalized feedback 
and stronger faculty engagement strategies, points 
toward a future in which textbooks function as 
interactive, learning-by-doing environments that 
reliably maximize student learning potential. 
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Abstract

Humans can be notoriously imperfect evalu-
ators. They are often biased, unreliable, and
unfit to define "ground truth." Yet, given the
surging need to produce large amounts of train-
ing data in educational applications using AI,
traditional inter-rater reliability (IRR) metrics
like Cohen’s kappa remain central to validat-
ing labeled data. IRR remains a cornerstone
of many machine learning pipelines for educa-
tional data. Take, for example, the classifica-
tion of tutors’ moves in dialogues or labeling
open responses in machine-graded assessments.
This position paper argues that overreliance
on human IRR as a gatekeeper for annotation
quality hampers progress in classifying data in
ways that are valid and predictive in relation
to improving learning. To address this issue,
we highlight five examples of complementary
evaluation methods, such as multi-label anno-
tation schemes, expert-based approaches, and
close-the-loop validity. We argue that these
approaches are in a better position to produce
training data and subsequent models that pro-
duce improved student learning and more ac-
tionable insights than IRR approaches alone.
We also emphasize the importance of external
validity, for example, by establishing a proce-
dure of validating tutor moves and demonstrat-
ing that it works across many categories of tutor
actions (e.g., providing hints). We call on the
field to rethink annotation quality and ground
truth—prioritizing validity and educational im-
pact over consensus alone.

1 Introduction

In the field of educational measurement, re-
searchers increasingly rely on automated assess-
ment methods to enable scalable, real-time eval-
uation of learning (Messer et al., 2024a; Thomas
et al., 2025b). These methods typically include
artificial intelligence (AI)-based models, such as
the BLEURT (Sellam et al., 2020) metric for ma-
chine translation, and recent rubric-based prompt-

ing strategies with large language models (LLMs)
(Hashemi et al., 2024). Yet, even in such scenarios,
the ultimate source of truth remains tied to human
annotations, either as a source of supervision dur-
ing model training or as a post-hoc verification of
model outputs. As the quality of any evaluation
protocol hinges on the robustness of its underlying
“ground truth," human annotation schemes must
not be taken at face value, but instead be rigor-
ously assessed for pertinence and alignment with
educational evaluation objectives.

This work focuses on the limitations of inter-
rater reliability (IRR) and recommends alternatives.
IRR is a statistical measure used to determine the
degree of agreement among multiple human anno-
tators (Gwet, 2021) and is often used as a basis for
validation in educational evaluation and modeling.
Although IRR provides a convenient quantitative
proxy for annotation quality, it is fundamentally
limited by the subjective, biased, and often incon-
sistent nature of human judgment (Gwet, 2021).

The concerns surrounding IRR in the field of
educational AI are not new. Researchers have long
challenged the sufficiency of traditional IRR met-
rics such as Cohen’s kappa and Krippendorff’s α
in capturing the complexity of human evaluative
tasks (Ando and Zhang, 2005; Gwet, 2021; Doewes
et al., 2023; Plank, 2022). The data labeling indus-
try echoes this concern, “There is a general belief
in the data labeling industry that high inter-rater
reliability indicates high-quality data... However,
this is not always the case” (Toloka AI, 2023). Yet,
educational applications are also different from this
prior research: As we go on to argue, the impact
of assessment on learning and its generalizability
across learning contexts poses distinct opportuni-
ties to move beyond IRR-only evaluations. The
present study’s primary contribution is to provide
a comprehensive understanding of the problem of
IRR-based validation and the paths to move beyond
it in educational applications.
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1.1 Understanding the Problem

In education and beyond, the reliability of human-
annotated training data as the ultimate "gold
standard" for evaluating learners’ responses has
come under increasing scrutiny (Chen et al., 2024;
Messer et al., 2024b). While these issues—such
as inconsistency, subjective interpretation, and
bias—are well documented, we argue they are in-
creasingly overlooked in the rush to use capable AI
models to scale assessments quickly. IRR offers a
tempting sense of rigor, often mistaken for objec-
tivity, especially in inherently subjective tasks like
grading essays or labeling open responses. How-
ever, high IRR can mask annotation shallowness,
promote premature consensus, and ignore valid al-
ternative interpretations. Overreliance on IRR is
common and problematic, reinforced by decades of
practice but increasingly out of step with the com-
plexity of contemporary assessment tasks and AI
capabilities (Ando and Zhang, 2005; Doewes et al.,
2023; Gwet, 2021). The need for more robust, nu-
anced, and task-sensitive evaluation strategies is
now more urgent than ever, especially as new edu-
cational AI models are rapidly being deployed.

Next to the intrinsic limitations of AI sys-
tems—such as hallucinations in LLMs or the low
interpretability of many ML architectures (Huang
et al., 2025)—there are deep-seated problems stem-
ming from the training data itself. This includes
both the human-annotated datasets and the open-
web corpora typically used to train foundation mod-
els (e.g., LLMs are known to include biases they
soaked up from these training data (Chen et al.,
2024). Our work focuses specifically on the for-
mer: when training data for assessment models is
generated by humans, IRR is often used to validate
annotation rubrics and establish the “gold standard”
against which models are evaluated. However, IRR
does not always reflect annotation correctness or
task difficulty. High agreement can obscure flawed
or superficial annotations, while disagreement may
indicate productive ambiguity or meaningful varia-
tion in interpretation. This paper highlights alterna-
tive approaches to supplement and strengthen tra-
ditional methods, highlighting a multidimensional
approach that can support the demands of scalable,
equitable, and informative educational assessment.

1.2 Aims

The stakes are high. Presently, 86% of students and
60% of teachers report using AI tools, as the edu-

cation market is expected to exceed $88 billion by
2032 (Digital Education Council, 2025). AI has be-
come ubiquitous within classrooms, interventions,
and high-stakes testing, with the need to respon-
sibly define and evaluate "ground truth" increas-
ingly urgent. If we continue to equate consensus
with correctness, we risk optimizing models not
for pedagogical utility or learning outcomes, but
for compliance with flawed human standards. We
argue that the field of educational AI must move be-
yond narrow agreement metrics and embrace more
flexible, validity-driven approaches to annotation
that ensure effectiveness and impact of AI tools.

This work contributes examples of alternative
approaches proposed by researchers in the field
and their results, such as multi-label annotations
that reflect interpretative diversity and close-the-
loop validity measures that tie labels to learning
outcomes. Together, these approaches provide a
richer, more responsible framework for defining
and validating ground truth in educational AI. How-
ever, these alternative approaches alone are not the
solution but provide some examples of how other
researchers have attempted to varying degrees of
success to overcome the challenges of sole reliance
on IRR alone. In showcasing other approaches, we
emphasize the lack of external validity in educa-
tional AI, such as tutoring systems. We hope to
increase awareness as educational AI systems are
encroaching on learning as we know it.

The aims of this work are three-fold:

• Challenge the field’s overreliance on inter-
rater reliability (IRR) as the primary valida-
tor of annotation quality in educational AI,
arguing that consensus alone is insufficient
for modeling complex, subjective data

• Introduce and illustrate alternative or sup-
plemental frameworks that support a more
multidimensional, validity-centered approach
to defining “ground truth” in assessment

• Call attention to the lack of external valid-
ity in educational AI and propose a challenge
of demonstrating examples in the field, such
as a generalizable tutoring model across a di-
verse range of datasets.

2 Case Applications in Educational AI

2.1 Comparative Judgment
Reported Use Case: Using comparative judgment
to assess students’ reading comprehension and flu-
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ency in open responses. Henkel and Hills (2023)
present a compelling alternative to traditional IRR
approaches by implementing comparative judg-
ment as a method for labeling educational data
in the form of middle school students’ open re-
sponse to math problems. The researchers identify
the limitations of relying on expert raters and rigid
categorical rubrics for scoring student responses,
especially for complex or open-ended tasks, and
propose comparative judgment as a more scalable,
accessible alternative. Comparative judgment re-
quires raters to determine which of two student re-
sponses is better, rather than assigning an absolute
score. This approach is cognitively easier for raters,
particularly non-experts, and aligns with reinforce-
ment learning from human feedback methods used
in AI (Christiano et al., 2017). In two experiments
involving short-answer reading comprehension and
oral reading fluency, the study compares traditional
categorical judgment with comparative judgment.
Results show that comparative judgment substan-
tially improved both accuracy and inter-rater reli-
ability. For short-answer tasks, Krippendorff’s α
improved from 0.66 to 0.80, and accuracy increased
by 13%. For oral fluency, α improved from 0.70 to
0.78. These gains were statistically significant.

Henkel and Hills (2023) argue that comparative
judgment not only improves labeling quality but
also challenges the primacy of IRR as the sole
measure of annotation quality. They demonstrate
that comparative approaches can match or exceed
expert-level consistency, even when crowdworkers
are used. This study makes a significant contribu-
tion by showing that comparative judgment can be
an effective alternative or supplement to IRR in
educational data annotation, with practical implica-
tions for scaling data labeling efforts in educational
research and AI development.

2.2 Multi-label Annotation
Reported Use Case: Identifying toxic or offensive
text in chat messages. Arhin et al. (2021) proposed
a multi-label annotation strategy to address the chal-
lenges of subjectivity and inconsistency in toxic
text classification. Although this use case is not di-
rectly applied to an education context, per se, iden-
tifying possibly harmful language is important in
all aspects of educational AI. Recognizing that lan-
guage is deeply contextual and that annotator judg-
ments often vary due to differing backgrounds, val-
ues, and interpretations, the authors rejected the tra-
ditional assumption of a singular, definitive ground

truth label. To operationalize their approach, they
re-annotated three toxic text datasets using three
context-based label types: strict label (based on
the presence of offensive words, regardless of con-
text); relaxed label (a more lenient judgment al-
lowing for interpretive variability); inferred group
label (based on how a statement might be perceived
if uttered by a member of the referenced group).
This multi-labeling scheme captured nuanced per-
spectives and better represented the diversity of
valid interpretations. While the approach did not
always improve inter-annotator agreement, it pro-
duced annotations with higher alignment to exter-
nal machine-learning classifiers (e.g., Detoxify and
Perspective API), thus offering enhanced dataset
quality and potential model generalizability. Re-
searchers emphasized that multi-labeling reflects
the inherent ambiguity in human language more
faithfully than forced consensus and serves as a
more robust foundation for training and evaluating
AI systems (Arhin et al., 2021).

2.3 Expert-Based Labeling Approaches
Reported Use Case: Evaluating annotator quality
through expert-grounded benchmarks in dialogues.
While traditional IRR assumes agreement among
annotators as the gold standard, recent work chal-
lenges this assumption by leveraging expert-labeled
data as a more principled benchmark for evaluating
annotation quality. We provide two examples of
leveraging expert-based approaches.

First, Wang et al. (2024b) examined annotator
characteristics, where researchers compared indi-
vidual annotator judgments against expert-provided
labels rather than against other annotators, argu-
ing that consensus does not always equate to cor-
rectness. Their findings showed that high inter-
annotator agreement can sometimes mask low-
quality or superficial judgments, particularly when
annotators share common biases or lack subject
matter expertise. Researchers further introduced a
predictive modeling approach to identify reliable
annotators in advance, using background traits (e.g.,
education, domain familiarity) and behavioral fea-
tures (e.g., response time). By combining expert-
aligned accuracy with annotator profiling, this work
offers a novel lens for establishing annotation relia-
bility independent of peer agreement.

Second, Nahum et al. (2024) established a high-
confidence ground truth and rigorously addressed
IRR challenges. They implemented an expert-
based re-annotation protocol in conjunction with
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LLM-driven error detection. They used 11 datasets
on a number of binary tasks, such as identifying
(or not) hallucinations in LLM-generated text and
fact verification. Specifically, researchers focused
expert efforts on examples where LLM ensemble
predictions disagreed with the original labels, re-
gardless of model confidence. Each of these ex-
amples was independently reviewed by two expert
annotators—who were familiar with task defini-
tions and annotation guidelines. During the initial
annotation phase, both experts rated examples on
a binary scale, classifying them as either factually
consistent or inconsistent. To ensure impartiality,
examples were presented in randomized order with-
out exposing the original or LLM-provided labels.
Following this phase, a reconciliation process was
undertaken for all examples where the annotators
disagreed. The experts discussed each disagree-
ment to reach consensus, allowing for a refined
label set used throughout the remainder of our anal-
ysis. This reconciliation improved the quality of
annotations and significantly enhanced IRR, with
Fleiss’s κ for expert annotations increasing from
0.486 to 0.851 after reconciliation.

For comparison, researchers computed IRR
statistics across all annotator types, including
crowd-sourced workers, individual LLMs (with
prompt variations), and an ensemble of LLM mod-
els. The results, summarized in Table 1, reveal that
while GPT-4 and PaLM2 achieved high κ values
(0.706 and 0.750, respectively), closely matching
human expert reliability, crowd-sourced annota-
tions from MTurk exhibited near-random agree-
ment (κ = 0.074). Furthermore, the ensemble ap-
proach of combining multiple LLM models and
prompts yielded a moderate κ of 0.521, suggest-
ing that assembling not only improves the label
quality, but also stabilizes the level of agreement
across annotations. These findings highlight the
value of expert reconciliation in overcoming IRR
limitations and underscore the relative strengths
of LLMs as scalable annotation tools when expert
supervision is applied selectively.

2.4 Predictive Validity
Reported Use Case: Mapping open responses to
MCQs on the same learning objectives. Thomas
et al. (2025a) used predictive validity as an alter-
native method to IRR in validating the effective-
ness of their large language models (LLM) on as-
sessing tutor learners open responses while engag-
ing in scenario-based training. In this context, to

Table 1: Reliability across annotation sources demon-
strating excellent agreement among experts after recon-
ciliation. Originally published in Nahum et al. (2024).

Source Fleiss’s κ Interpretation
Experts (Post-Recon.) 0.851 Excellent
GPT-4 0.706 Close to experts
PaLM2 0.750 High reliability
MTurk Workers 0.074 Near random

Figure 1: An open response and corresponding MCQ
(correct selection in bold) that assess a tutor learner
on the same learning objective (effectively responding
to a student who has made a math error). By using
predictive validity, human grading is not the sole source
of ground truth. Adapted and modified from Thomas
et al. (2025a,b).

establish predictive validity, the researchers use
multiple-choice questions (MCQs) that assess the
same learning objectives as open-response ques-
tions (Thomas et al., 2025a). Figure 1 displays an
open response and corresponding multiple-choice
question assessing the same learning objective of
how to effectively respond to a student who has
just made a math error.

Predictive validity refers to the extent to which
an assessment accurately forecasts or correlates
with future performance on a related measure
(Trochim et al., 2016). In this case, predictive va-
lidity evaluates whether performance on MCQs can
reliably predict outcomes on open-response ques-
tions or other measures of learner understanding.
Much work has found MCQs can be as effective,
and more efficient, than open response tasks when
instructional time is limited (Thomas et al., 2025b;
Butler, 2018). This approach enhances objectivity
by reducing subjective biases inherent in human
scoring while ensuring that MCQs serve as effec-
tive proxies for more complex assessments.

To assess the predictive validity of LLM-
generated scores, namely GPT-4o, Gemini 1.5 pro,
and LearnLM, on open responses in relation to
MCQ scores, Thomas et al. (2025a) computed the
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correlation of participants’ MCQ scores and their
LLM scores on open responses. The analysis re-
vealed a significant, positive correlation between
MCQ scores and human-graded open-response
scores, r(86) = 0.421, p < .001. While this corre-
lation was statistically significant, it was not partic-
ularly large. Potential contributors to the moderate
correlation size can be attributed to the few test
items and inherent ambiguity in judging the cor-
rectness of open responses, even for human graders.
Given they were striving to find alternative meth-
ods to human grading, this is not the best direct
comparison. Thus, they computed the correlation
between MCQ and LLM scores, correlating MCQ
scores with GPT-4o-scored open responses, yield-
ing r(86) = 0.406, p < .001; and MCQ scores
with LearnLM-scored open responses, yielding
r(86) = 0.477, p < .001. They found that LLM
scores have significant predictive validity and this
validity can be determined without open response
grading by humans.

Notably, the LearnLM correlation of 0.477 is
0.056 higher than the human-scored correlation of
0.421. In other words, with this tighter compari-
son, we find that the predictive validity of the LLM
scoring is comparable to that of human scoring.
This result supports predictive validity as a comple-
mentary method for evaluating model performance,
though in this particular case, it should be com-
bined with additional measures to ensure a more
comprehensive assessment. Other alternative ap-
proaches to using human scores as “ground truth”
mentioned that align with LLMs-as-a judge include:
using the average LLM score among several mod-
els, including adversarial models, e.g., LearnLM
vs GPT-4o, to establish reliability, rather than com-
paring human judgments; and applying LLM self-
consistency measures by comparing evaluations
across varying prompts to check robustness.

2.5 Close-the-loop Validity
Reported Use Case: Mapping tutor move classifi-
cations to student performance and learning out-
comes. From a measurement point of view, where
we have critiqued the use of human-derived annota-
tion schemes and codes as limited, close-the-loop
validity can also be used to qualify the predictive
capabilities of a measurement or label. Specifically,
close-the-loop validity ensures that a given assess-
ment or model produces improved learning in line
with its theoretical underpinning or coding scheme.
A recent example of this is Wang et al. (2024a)

who demonstrated that tutors with access to Tutor
CoPilot—an AI-powered system trained to reflect
specific expert pedagogical strategies and reason-
ing—were more likely to use strategies aligned
with high-quality teaching (e.g., asking guiding
questions), and that these differences in tutor be-
havior translated into significant gains in student
mastery, particularly for students taught by lower-
rated tutors. This illustrates how the measurement
of pedagogical quality and its operationalization in
tutor strategy recommendations, supported by AI-
based classifiers, can exhibit close-the-loop (and
internal) validity by linking to the learning out-
comes of the students within the system. Crucially,
by linking tutor practices to student learning gains
internally, in addition to validating classifiers, the
researchers closed the loop on their classification
scheme and demonstrated that their evidence-based
taxonomy of tutor strategy recommendations corre-
lates meaningfully with better learning. However,
the study was also not without limitations: in partic-
ular, they did not correlate the specific occurrence
or frequency of strategies (e.g., identified in tutor
transcripts) to differences in learning gains. As
we go on, such correlations of individual labels
(and their dosage) with learning may pose an even
stronger form of close-the-loop validity.

3 Towards a Multidimensional Ground
Truth and Future Directions

Establishing internal validity among AI classifiers,
such as the case of Tutor CoPilot, is uncommon,
and desperately needed in the field of educational
AI. But what is even more uncommon is external
validity. We could not find a single example use
case demonstrating external validity within edu-
cational AI. Establishing external validity is rare
in educational AI. External validity is a type of
validity, which broadly refers to how well a mea-
surement or study captures what it intends to mea-
sure and supports the conclusions drawn from it
(Trochim et al., 2016). Specifically, external va-
lidity is about generalizability—whether findings
from one context apply to other people, settings,
or times. In the case of tutoring, external validity
may ask whether assessments of tutoring skills dur-
ing upskilling (such as in structured training tasks
or simulations) accurately reflect how tutors will
perform in real-world practice. It also concerns
whether observed effectiveness in one context (e.g.,
producing an effective response during training)
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can be expected in others. Without external valid-
ity, we cannot assume that skills shown in training
or outcomes observed in one setting will transfer
to different, authentic tutoring environments.

Part of the reason for the lack of external validity
is that real-world evaluation studies are costly and
resource-intensive. It requires the time of teachers,
often school permissions, and other overhead that
purely algorithmic evaluations of assessment mod-
els do not reach. This is perhaps also why they are
so important. While we can make use of evidence-
based practices to grade tutor moves and create
taxonomies that we know will likely make a differ-
ence in practice (e.g., prioritizing self-explanation
in tutoring, which is known to enhance learning
in lab experiments (Berthold et al., 2009)), such
practices are not guaranteed to lead to improved
learning in authentic classroom contexts. We argue
that these forms of external validity do matter and
can reveal gaps between technical innovation and
real-world impact in education. We believe that
generalizability matters.

In 2019, Baker presented a list of six challenges
within the field of learning analytics (Baker, 2019).
The description of these challenges included the
evidence needed to demonstrate that the challenge
was solved. In a similar fashion, we propose es-
tablishing generalizability of different AI tutoring
classifiers across datasets as a challenge.

The details of the challenge are described as
follows:

1) Build AI classifiers to identify or detect tutor
moves;

2) Apply these classifiers across tutoring datasets
of diverse tutor-student populations and varying
tutoring modalities and implementations;

3) Provide evidence by demonstrating that the
classifiers work across datasets, e.g., with degra-
dation of quality under 0.1 (AUC ROC, Pear-
son/Spearman correlation, and remaining better
than chance).

We leave this challenge to researchers and devel-
opers of tutoring models within educational AI.

4 Summary and Conclusion

Automated assessment methods and AI require in-
creasingly large amounts of human-annotated train-
ing data in education. As these AI systems in-
creasingly shape how learning is assessed and sup-
ported, the validity of their training data becomes
ever more critical. Though tempting for straightfor-

ward validation and quantifiable metrics of fidelity,
relying solely on IRR to define “ground truth” risks
reinforcing flawed human judgments rather than
optimizing for meaningful educational outcomes.

This paper challenges the field’s prominent re-
liance on IRR as the primary standard for validating
annotations in educational AI. We argue that this
reliance often overlooks the complexity, subjec-
tivity, and pedagogical significance of human re-
sponses, especially in open-ended or dialogic tasks.
By showcasing supplemental frameworks, such as
multi-label annotation, expert-based reconciliation,
predictive validity, and close-the-loop experimen-
tation—we demonstrate that richer, more reliable
forms of “ground truth” are possible.

Moving forward, educational AI should prior-
itize multidimensional and validity-centered ap-
proaches, striving for external validity, to ensure
its tools are not only scalable but also meaning-
ful, effective, and grounded in authentic learning
outcomes.
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Abstract 

Only a limited number of predictors can be 
included in a generalized linear mixed 
model (GLMM) due to estimation 
algorithm divergence. This study aims to 
propose a machine learning based 
algorithm (e.g., mixed-effects random 
forest) that can consider all predictors 
without the convergence issue and 
automatically searches for optimal 
GLMMs.  

1 Introduction 

Educational data typically have a hierarchical 
structure (Bryk & Raudenbush, 1989; Woltman et 
al., 2012) due to their sampling scheme. For 
example, schools in a nation are first selected, and 
then students in the schools are sampled. As a 
result, students are nested in schools, schools are 
nested in nations. Consequently, students from the 
same school tend to be correlated among 
themselves (school effect or random effect). A 
generalized linear mixed model (GLMM) is 
typically used in such a data set.  

GLMMs estimate both fixed and random 
effects, leading to accommodating school effects. 
However, GLMMs frequently fail to converge 
when they need to consider many predictors and 
their interactions (Bates et al., 2015). To solve the 
convergence issue, previous research typically 
considered only a small subset of predictors based 
on literature review or applying regularization 
techniques such as Lasso (Tibshirani, 1996). 
Nevertheless, both approaches have limitations. 
The former case may exclude some predictors that 
have a large influence on the outcome, while the 
latter does not account for random effects. 

To address the issues, this study aims to develop 
an algorithm that can automatically rank all 
predictors of statistical importance based on the 
whole dataset without convergence problems and 
then search for optimal GLMMs according to the 
ranking. The algorithm applies a machine learning 
method, called mixed-effects random forest 
(MERF; Hajjem et al., 2014), to rank all predictors 
according to their statistical importance in a mixed-
effects model. Then, the algorithm searches for a 
random intercept model with significant predictors 
sequentially based on the ranking provided by 
MERF. Next, it searches for significant interaction 
terms. Lastly, random slopes are explored and 
possibly added to the models. 

Although the proposed algorithm does not 
directly account for substantive meaning of each 
predictor, it does provide candidate GLMMs 
recommended. Thus, the proposed algorithm has 
the potential to reduce the time and effort otherwise 
required by researchers to identify optimal 
GLMMs. 

2 Theoretical framework 

2.1 Generalized Linear Mixed Models 
(GLMMs) 

The generalized linear model (GLM) (McCullagh 
& Nelder, 1989) assumes that all observations are 
independent, while the generalized linear mixed 
model (GLMM) (Breslow & Clayton, 1993) allows 
dependency among subjects in the same group. 
GLMM can handle data hierarchy by including 
random effects for group dependency (e.g., school 
effects. The linear mixed model (LMM), also 
known as hierarchical linear modeling 
(Raudenbush & Bryk, 2002) or multilevel 
modeling (Goldstein, 2011), is a special case of the 
GLMM, where the response variable is continuous. 

Automated Search Algorithm for Optimal Generalized Linear Mixed Models (GLMMs) 
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The LMM estimates both fixed effects and random 
effects and has the form as shown in Equation (1), 

 𝑌𝑌 = 𝑋𝑋𝑋𝑋 + 𝑍𝑍𝑍𝑍 + 𝜀𝜀,  (1) 

where 𝜀𝜀 ~ 𝑁𝑁(0,𝜎𝜎2𝐼𝐼) , 𝑏𝑏 ~ 𝑁𝑁(0,𝐺𝐺) , and 𝜀𝜀  and 𝑏𝑏  are 
independent from each other. Here G is a block-
diagonal covariance matrix. 

The first two terms of the right-hand side of 
Equation (1) represent fixed- and random-effects 
parts, respectively. 𝑋𝑋  is the 𝑛𝑛 × (𝐾𝐾 + 1)  matrix of 
fixed effects from predictors (here 𝑛𝑛 is the number 
of observations and 𝐾𝐾 is the number of predictors), 
𝛽𝛽 is the (𝐾𝐾 + 1) dimensional fixed effect parameter 
vector, 𝑍𝑍 is the design matrix of J groups (schools), 
𝑏𝑏  is random effect vector, and 𝜀𝜀  is the (level-1) 
residual vector. The vector b for a random intercept 
model is J×1 vector of random intercept (𝑏𝑏0𝑗𝑗) for 
each group, where 𝑏𝑏0𝑗𝑗~𝑁𝑁(0, 𝜏𝜏2) . For a random 
intercept and a random slope model, vector 𝑏𝑏 is a 
J×2 vector of random effects for each group, where 

𝑏𝑏𝑗𝑗 = �
𝑏𝑏0𝑗𝑗
𝑏𝑏1𝑗𝑗

�~𝑁𝑁(0,𝐺𝐺) , and Z is an n×2J block-

diagonal matrix, for each subject, including 1 for 
their group’s random intercept (𝑏𝑏0𝑗𝑗) and 𝑍𝑍 for their 
group’s random slope (𝑏𝑏1𝑗𝑗). It can be represented as 
a conditional model, as illustrated in Equation (2), 

 𝜇𝜇 = 𝐸𝐸(𝑌𝑌|𝑏𝑏) = 𝑋𝑋𝑋𝑋 + 𝑍𝑍𝑍𝑍.  (2) 

The generalized linear mixed model (GLMM) 
extends LMM to accommodate non-continuous 
responses, such as binary or categorical responses 
and the models are denoted as Equation (3), 

 𝑔𝑔(𝜇𝜇) = 𝑋𝑋𝑋𝑋 + 𝑍𝑍𝑍𝑍, (3) 

where 𝑔𝑔()  is a monotonic increasing and 
differentiable link function. For example, the logit 
function widely serves as a link function for binary 
responses. 

The correlation between individuals (students) 
within the same group (school) is called the 
intraclass correlation coefficient (ICC) which 
measures the similarity of within-group individuals 
(Raudenbush & Bryk, 2002). In a random intercept 
model, the ICC is calculated by between-group 
variance (𝜏𝜏2) divided by total variance, which is the 
sum of between-group variance (𝜏𝜏2 ) and within-
group variance ( 𝜎𝜎2 ). Since the ICC is the 
proportion of total variance due to group 
differences, higher ICC implies larger group 
difference. 

2.2 Machine learning method: MERF 

A machine learning method, RF is a tree-based 
ensemble method that aggregates a cluster of 
random decision trees. Unlike standard RF 
(Breiman, 2001) that considers fixed effects only, 
MERF (Hajjem et al., 2014) is also capable of 
taking random effects into account, as shown in 
Equation (4), 

 𝑌𝑌 = 𝑓𝑓(𝑋𝑋) + 𝑍𝑍𝑍𝑍 + 𝜀𝜀,  (4) 

where 𝑓𝑓(𝑋𝑋)  is a general and unspecified fixed-
effects part. MERF is applied as follows: After 
calculating the fixed part for the predictors with 
initial value for 𝛽̂𝛽𝑗𝑗 , 𝜎𝜎� , and 𝐺𝐺� , the algorithm takes 
bootstrap samples from the training set to build a 
forest of trees. The predicted fixed part for 
observation i in group j, 𝑓𝑓(𝑋𝑋𝑖𝑖𝑖𝑖), is obtained with 
the training set of trees in the forest. Next, it 
computes 𝑏𝑏�𝑗𝑗  with the updated estimate of the 
random part of Equation (4) and updates the 
variance components 𝜎𝜎�  and 𝐺𝐺� . The algorithm 
keeps repeating those steps until convergence. See 
Hajjem et al. (2014) for detailed explanation.  

RF-based methods rank all predictors by their 
importance in prediction. Specifically, the 
importance function of LongituRF package 
(Capitaine, 2020) in R prints two measures of 
variable importance: the mean decrease of 
prediction accuracy when a given variable is 
permutated (permutation-based importance) and 
the total decrease in node impurity that results from 
splits over that variable, averaged over all trees 
(node impurity-based importance) (James et al., 
2013). The permutation-based importance criterion 
is applied to rank predictors to avoid overfitting.  

In the proposed algorithm, the ranking of all 
predictors is utilized to support predictor selection, 
which serves as a basis of optimal model selection. 
By sequentially adding a top-ranked predictor to 
the provisionary model, the algorithm performs 
predictor selection. Then, based on the predictors 
selected, the optimal model is finally identified in 
the last step. Since educational large-scale 
assessment (LSA) data typically have hierarchical 
structures in common, MERF is applied for 
supporting predictor selection from LSA data. The 
detailed explanation of each step is followed in the 
next section. 
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3 Automated search algorithm for 
optimal GLMM 

In this study, we developed an algorithm to 
automatically search for optimal GLMMs for any 
large data set with hierarchical structures, 
especially LSA data. It mimics how experienced 
researchers identify the best-fitting GLMM. This 
algorithm utilizes forward selection (Hastie et al., 
2017), which begins with a model containing no 
predictors, and then adds predictors to the model, 
one at a time, until complex model with the newly 
added predictor is not significantly different from 
simpler model. Unlike traditional forward selection 
that adds the predictor that gives the greatest 
additional improvement to the fit to the model, we 
select the predictor based on the ranking of their 
importance in prediction sorted by MERF. The 

proposed algorithm contains three main steps, 
preparation, predictor selection, and model 
selection, as demonstrated in Figure 1. 

3.1 Preparation  

In the preparation step, data from schools with 
fewer than 20 students are removed. Next, the size 
of school effects (i.e., ICC) is measured to decide 
whether GLMM is needed or not. If the ICC is less 
than .1, the GLMM is not needed. If the ICC is 
larger than .1, a random intercept model with no 
predictors, called the null model, is built. Both the 
minimum school size and the magnitude of the ICC 
are tentatively decided, yet they can be set by user. 

3.2 Predictor selection  

In the predictor selection stage, MERF is applied to 
rank all predictors of statistical importance, 
specifically mean decrease of prediction accuracy, 
from the highest to the lowest. Especially, the three 
highest ranked predictors are denoted essential 
predictors, V1, V2, and V3, and further utilized to 
the selection of possible interaction term(s).  

Secondly, the top-ranked predictor is selected 
among all predictors that are not in the provisional 
model and added to the model. If the model doesn’t 
converge, the algorithm chooses the next top-
ranked predictor instead. Next, a log-likelihood 
ratio test is performed to determine whether the 
complex model with the newly added predictor is 
significantly different from the simpler model. 
Note that we use forward selection, a greedy 
algorithm, producing a nested sequence of models. 
If the complex model with the added predictor is 
significantly different from the simpler model, the 
predictor is added to the provisionary model; 
otherwise, stop predictor selection and fit the 
GLMM, a random intercept model with all 
significant predictors. This model is referred to as 
a base model. 

Then, the algorithm searches for significant 
interaction terms. Three interaction terms of the 
essential predictors (i.e., V1:V2, V1:V3, and V2:V3) 
are sequentially added to the provisionary model 
and tested their significance. If the complex model 
with the newly added interaction term is 
significantly different from the simpler model, add 
the term to the model; otherwise, stop the 
procedure and identify the current model as the 
preliminary model. 

 

Figure 1:  Flowchart of the automated search 
algorithm. 
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3.3 Model selection  

In the model selection step, the proposed algorithm 
aims to identify the optimal GLMM. First, it 
systematically tests each of the significant 
predictors in the base model as a random slope. To 
test the number of random effects, e.g., whether a 
random intercept and random slope model is 
significantly different from a random intercept 
model, a likelihood ratio test with mixture p-value 
(Self & Liang, 1987; Stram & Lee, 1994) is 
conducted.  

To be specific, the top-ranked significant 
predictor is selected and a random slope for the 
predictor is added to the preliminary model. Then, 
whether the complex model with the newly added 
random slope is significantly different from the 
simpler model (preliminary model) is tested. If it is 
significant, the random slope is added to the 
preliminary model. Adding the next ranked 
significant predictors to the model and testing its 
significance are repeated until a newly added 
random slope is not significant; otherwise, stop and 
identify the current model as the optimal GLMM.  

The processes of optimal model selection are 
summarized as follows. 

1. Start with the null model. 
2. Rank all predictors based on their 

importance using machine learning 
methods (e.g., MERF). 

3. Select the top-ranked predictor among all 
predictors that are not in the provisional 
model.  

4. Add this predictor to the (provisional) 
model. If the model doesn’t converge, 
choose the next top-ranked predictor, and 
so on. Conduct a chi-square difference test 
to determine whether the model with the 
newly added predictor is significantly 
different from the simpler model. 

5. If there is a significant difference, add the 
predictor to the current model; otherwise, 
remove the predictor.  

6. Repeat steps 3 to 5 until a newly added 
predictor is not significant.  

7. Add an interaction term of the top-3 
ranked predictors, called essential 
predictors, to the model one-at-a time and 
test their significance. 

8. If there is a significant difference, add the 
interaction to the model; otherwise, 
remove the interaction term. 

9. Repeat steps 7 to 8 until a newly added 
interaction term is not significant. 

10. Select the top-ranked significant predictor 
and add a random slope for the predictor to 
the model. Conduct a likelihood ratio test 
with mixture p-value whether the model 
with the newly added random slope is 
significantly different from the simpler 
model. 

11. If there is a significant difference, add the 
slope to the current model; otherwise, 
remove the slope.  

12. Repeat steps 10 and 11 until a newly added 
random slope is not significant. 

13. Identify the current model as the optimal 
GLMM. 

4. A real data example 

We illustrate how the proposed algorithm can be 
applied to explore optimal GLMMs using real LSA 
data, the Trends in International Mathematics and 
Science Study (TIMSS). Specifically, the U.S. 
eighth grade student data collected in 2019 is 
utilized to explore optimal GLMM on their 
achievement scores in mathematics. Note that this 
section does not intend to compare the proposed 
algorithm’s performance with other existing 
methods, but to illustrate how the algorithm 
automatically searches for optimal GLMMs from 
LSA data with hierarchy step by step. As far as we 
know, there are no existing methods to perform 
such a thing so far. Data was already cleaned (e.g., 
missing data imputation, etc.). 

4.1 Preparation 

Starting from 232 predictors (independent 
variables) of 8,698 students, the algorithm 
examines the schools with less than the minimum 
number of students and calculates the ICC value to 
decide whether GLMM is necessary. The 
minimum number of students and the ICC cut-off 
values are temporarily set to 20 and 0.1, 
respectively. We find that there are 44 schools with 
fewer than 20 students, leading that 600 
observations being deleted. The ICC value is 0.44, 
implying that 44% of total variance in students’ 
achievement scores in mathematics is explained by 
school differences. Thus, GLMM is needed.  

Next, the algorithm fits a random intercept 
model without any predictors, also denoted as null 
model (Equation 5), 
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𝑦𝑦𝑖𝑖𝑖𝑖 = 515 + 𝑏𝑏0𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑖𝑖.  (5) 

𝑖𝑖 = 1, 2, … , 𝐼𝐼𝑗𝑗 , 𝐽𝐽 = 229 , 𝑏𝑏0𝑗𝑗~𝑁𝑁(0, 4,027) , 
𝜀𝜀𝑖𝑖𝑖𝑖~𝑁𝑁(0, 5,239) , where 𝑦𝑦𝑖𝑖𝑖𝑖  referring to students’ 
achievement scores in mathematics. 

4.2 Predictor selection 

In this step, the algorithm aims to search for the 
best base model, which is a random intercept model 
including all significant predictors. First, a machine 
learning method, MERF, ranks all 232 predictors  
based on their importance. We set hyper-
parameters: the number of trees (ntree) is set to 
2,000, and the number of variables randomly 
sampled as candidates at each split (mtry) is to 73, 
the floor of the total number of predictors divided 
by 3, as recommended by Breiman (2001). Note 
that as ntree gets larger, the more stable predictive 
error can be obtained, at the expense of 
computational efficiency.  

The importance plot of the top-30 ranked 
predictors obtained by MERF is illustrated in 
Figure 2. Their names are abbreviated as V1 to V30 
by their ranks and the original names are presented 
in Table 1. 

Then, all the predictors are tested for their 
significance one-at-a time. The algorithm fits the 
base model with 18 significant predictors (V1 to 

V18), including two school-level predictors. A 
likelihood ratio test is conducted to compare the 
null model with the base model. The result 
indicates that the addition of the predictors 
significantly improved model fit, ∆𝜒𝜒2(18) =
3366.70, p < .001 (see, Table 2). The model’s 𝑅𝑅12 
and 𝑅𝑅22  are 0.33 and 0.67, respectively. Note that 
V9 is no longer significant in the base model. 

Next, the algorithm sequentially adds the 
interaction terms of the essential predictors. The 
result of likelihood test shows that an interaction 
term, V1:V2, significantly improved model fit, 
∆𝜒𝜒2(1) = 6.77, p < .01. We denote the model with 
the added interaction term as the preliminary 
model. The models’ 𝑅𝑅2  at both levels are also 
slightly improved. 

4.3 Model selection 

Based on the preliminary model in the previous 
step, the algorithm searches for the optimal random 
slopes. As a result, a random slope for V1 is added 
to the preliminary model. The likelihood ratio test 
with mixture p-value indicates that the complex 
(called intermediate) model with the newly added 
slope is significantly different from the simpler 
(preliminary) model, ∆𝜒𝜒2(2) = 56.69, p (mixture) 

 

Figure 2: Predictor importance plot. 

No. Variable No. Variable 
V1 BSBG04 V16 BSBM18F 
V2 BSBM19C V17 BSBM18E 
V3 BCBG03A V18 BSBM15 
V4 BSBM19A V19 BSBS24C 
V5 BSBG07 V20 BCBG06B 
V6 BSBM19B V21 BCDGTIHY 
V7 BSBM19F V22 BCBG03B 
V8 BSBM19H V23 BSBM26AA 
V9 BCDGSBC V24 BSBM16I 

V10 BSDGEDUP V25 BSBS27BB 
V11 BSBM18C V26 BSBE03E 
V12 BSBM19D V27 BSBS43BB 
V13 BSDAGE V28 BSBE03F 
V14 BSBS24B V29 BSBM18D 
V15 BSBS24G V30 BSBE01A 

Table 1:  Predictor names. 

 

 

Model df AIC logLik ∆𝝌𝝌𝟐𝟐 𝒑𝒑 
Null 3 93095 -46544   
Base 21 89764 -44861 3367 <.001 

Prelim- 22 89759 -44858 7 <.01 

Table 2:  Model comparison (step 2). 
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< .001 (see, Table 3). Note that the interaction term 
(V1:V2) is no longer significant.  

Then, a random slope for V2 is newly added to 
intermediate model and the likelihood test with 
mixture p-value also demonstrates that the newly 
added slope significantly improved model fit, 
∆𝜒𝜒2(3) = 41.00, p (mixture) < .001 (see, Table 3). 
Since the random slope for V3 is not significant, we 
stop model searching and the provisionary model 
is identified as the optimal GLMM.   

The optimal GLMM has a random intercept, 18 
predictors (two school-level predictors, 16 student-
level predictors), an interaction term, and two 
random slopes for V1 and V2, as shown in Equation 
(6), 

𝑦𝑦𝑖𝑖𝑖𝑖 = 603 + 9(𝑉𝑉1)𝑖𝑖𝑖𝑖 + 6(𝑉𝑉2)𝑖𝑖𝑖𝑖 − 17(𝑉𝑉3)𝑗𝑗 −
12(𝑉𝑉4)𝑖𝑖𝑖𝑖 + 7(𝑉𝑉5)𝑖𝑖𝑖𝑖 + 5(𝑉𝑉6)𝑖𝑖𝑖𝑖 − 3(𝑉𝑉7)𝑖𝑖𝑖𝑖 +
5(𝑉𝑉8)𝑖𝑖𝑖𝑖 − 4(𝑉𝑉9)𝑗𝑗 + (𝑉𝑉10)𝑖𝑖𝑖𝑖 + 5(𝑉𝑉11)𝑖𝑖𝑖𝑖 −

3(𝑉𝑉12)𝑖𝑖𝑖𝑖 − 11(𝑉𝑉13)𝑖𝑖𝑖𝑖 + 5(𝑉𝑉14)𝑖𝑖𝑖𝑖 + 6(𝑉𝑉15)𝑖𝑖𝑖𝑖 +
3(𝑉𝑉16)𝑖𝑖𝑖𝑖 + 2(𝑉𝑉17)𝑖𝑖𝑖𝑖 − 8(𝑉𝑉18)𝑖𝑖𝑖𝑖 + (𝑉𝑉1)𝑖𝑖𝑖𝑖 ×

(𝑉𝑉2)𝑖𝑖𝑖𝑖 + 𝑏𝑏1𝑗𝑗(𝑉𝑉1)𝑖𝑖𝑖𝑖 + 𝑏𝑏2𝑗𝑗(𝑉𝑉2)𝑖𝑖𝑖𝑖 + 𝑏𝑏0𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑖𝑖.  (6) 

𝑖𝑖 = 1, 2, … , 𝐼𝐼𝑗𝑗 , 𝐽𝐽 = 229, 𝜀𝜀𝑖𝑖𝑖𝑖~𝑁𝑁(0, 3381),  

�
𝑏𝑏0𝑗𝑗
𝑏𝑏1𝑗𝑗
𝑏𝑏2𝑗𝑗

� = 𝑏𝑏𝑗𝑗~𝑁𝑁��
0
0
0
� ,𝐺𝐺 = �

2080 − −
−178 52 −
−152 28 48

��. 

Note that the interaction term (V1:V2) is no longer 
significant in the optimal GLMM. The proposed 
algorithm is likely to find slightly different optimal 
GLMM, due to randomness of predictors’ 
importance ranking obtained by MERF. A user can 
ensure consistent results across runs by setting a 
random seed. 

5. Scientific Importance 

It is crucial for researchers to build an adequate 
optimal model to make valid statistical inferences. 
Identifying the best-fitting GLMM is more time-
consuming and complex than finding the best 
generalized linear model (GLM), because GLMM 
also includes random effects. This algorithm 
automatically evaluates a large number of models 
during the process of building an optimal GLMM 
model. One of the major components is a machine 
learning approach (e.g., MERF), which is applied 

to sort all predictors based on their importance, 
allowing for efficient predictor selection. 

In addition, all available predictors from LSA 
data can be utilized in searching for optimal 
GLMMs without convergence problems using the 
algorithm developed here. It also provides a 
systematic and transparent process that can be 
produced by others, for example, a random 
intercept model is fitted, interaction terms of 
essential predictors are searched, and then random 
slopes are sequentially added to the model. The 
proposed algorithm has the potential to reduce the 
time and effort required by researchers and to 
provide guidelines for exploring the optimal 
GLMMs. We further update this algorithm by 
taking more considerations into account to explore 
best-fitting GLMMs. 
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Abstract 

This study explores whether large language 
models (LLMs) can simulate valid student 
responses for educational measurement. 
Using GPT-4o, 2000 virtual student 
personas were generated. Each persona 
completed the Academic Motivation Scale 
(AMS). Factor analyses(EFA and CFA) and 
clustering showed GPT-4o reproduced the 
AMS structure and distinct motivational 
subgroups. 

1 Introduction 

In psychometric research, collecting real human 
responses is essential for developing and validating 
psychological scales. Traditional item 
development requires large datasets to estimate 
item parameters, assess factor structures, and revise 
items based on empirical evidence. However, 
collecting human data is time-consuming, costly, 
and sometimes limited by ethical or logistical 
concerns. 

With the rise of generative AI models, some 
researchers have explored using Large Language 
Models (LLMs) to simulate response data for 
psychological research. These models can generate 
both participant profiles (personas) and their 
responses to standardized instruments. For 
example, De Winter et al. (2024) used ChatGPT-4 
to generate 2000 virtual personas who completed 
multiple personality tests. Other studies have 
applied similar methods in areas such as 
personality assessment (Argyle et al., 2023), item 
generation (Bhandari et al., 2024), and clinical 
diagnosis (Cook et al., 2024). These early findings 
suggest that LLMs may reproduce some aspects of 
human psychological variability, but the extent of 
their validity remains an open question. Liu et al. 
(2025) found that LLM-generated responses 

cannot fully substitute human respondents in all 
aspects of item-level psychometric performance. 

In the field of educational psychology, relatively 
few studies have examined the use of generative AI 
models to simulate student motivation data. 
Learning motivation is commonly assessed 
through self-report instruments such as the 
Academic Motivation Scale (AMS; Vallerand et al., 
1992) and the Motivated Strategies for Learning 
Questionnaire (MSLQ; Pintrich et al., 1991). 
Among these, AMS is widely used to measure 
motivation based on Self-Determination Theory 
(SDT; Deci & Ryan, 2000), covering intrinsic 
motivation, extrinsic regulation, and amotivation 
dimensions. The AMS has been validated in many 
populations and contexts (Bacanlı & Sahinkaya, 
2011; Barkoukis et al., 2008; Fairchild et al., 2004; 
Guay et al., 2014; Stover et al., 2012; Utvær & 
Haugan, 2016), but it remains unclear whether AI-
generated data can replicate its established factor 
structure. 

This study investigates whether GPT-4o can 
simulate plausible student responses on the AMS, 
and whether the generated data exhibit acceptable 
psychometric properties. Specifically, this study 
asks: 

Q1: Can GPT-generated responses reproduce 
the expected 7-factor structure of AMS, including 
IMTK, IMTA, IMES, EMID, EMIN, EMEX, and 
AMOT subscales? 

Q2: Can GPT-generated persona descriptions 
be clustered into meaningful subgroups, and do 
these subgroups show distinct response patterns 
across AMS subscales? 
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Study on Virtual Personas’ Learning Motivation 
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2 Related Works 

2.1 Measuring Learning Motivation 

Student motivation has been widely studied in 
educational psychology. Several validated scales 
are used to measure motivation constructs. The 
Academic Motivation Scale (AMS; Vallerand et 
al., 1992) is one of the most widely used 
instruments, grounded in Self-Determination 
Theory (SDT; Deci & Ryan, 2000). The AMS 
assesses seven subtypes of academic motivation, 
including intrinsic motivation to know (IMTK), 
intrinsic motivation to accomplish (IMTA), 
intrinsic motivation to experience stimulation 
(IMES), identified regulation (EMID), introjected 
regulation (EMIN), external regulation (EMEX), 
and amotivation (AMOT). This structure has been 
validated across different populations and cultural 
contexts (Bacanlı & Sahinkaya, 2011; Barkoukis et 
al., 2008; Fairchild et al., 2004; Guay et al., 2014; 
Stover et al., 2012; Utvær & Haugan, 2016). 
However, even for well-established scales like 
AMS, researchers typically require large-scale 
human response data to examine factor structure, 
reliability, and construct validity. This process can 
be resource-intensive, and difficult to replicate 
across diverse samples. 

2.2 AI-Generated Psychometric Data 

With the development of generative AI models, 
researchers have begun to explore using large 
language models to simulate human response data. 
De Winter et al. (2024) demonstrated that 
ChatGPT-4 can generate thousands of virtual 
personas who complete various personality 
inventories. Similar methods have been applied to 
simulate item-level responses in personality 
assessment (Argyle et al., 2023), clinical 
measurement (Cook et al., 2024), and item 
generation for educational testing (Bhandari et al., 
2024). These studies suggest that LLMs may 
capture certain aspects of psychological variability. 

However, the validity of AI-generated 
psychometric data remains uncertain. Liu et al. 
(2025) found that while LLM-generated 
respondents may mimic some human response 
patterns, they cannot fully substitute for human 
data, particularly when analyzing fine-grained item 
functioning. Moreover, most prior studies have 
focused on personality or clinical scales. 
Applications of LLMs in simulating student 
motivation data remain scarce. 

2.3 Research Gap 

Although early work suggests LLMs have some 
capacity to generate psychologically meaningful 
data, few studies have systematically tested 
whether AI-generated responses can reproduce 
complex factor structures of educational 
motivation instruments like AMS. In addition, the 
combination of LLM-based persona generation 
and psychometric analysis has not been fully 
explored in this domain. This study addresses this 
gap by evaluating whether GPT-4o can simulate 
realistic AMS responses, and whether persona 
embeddings can reveal subgroup patterns 
consistent with motivation theory 

3 Methods  

3.1 Participants and Data Generation 

In this study, no real human participants were 
recruited. Instead, all data were generated through 
simulated personas using the GPT-4o model. The 
generation process included two stages: persona 
creation and questionnaire response simulation. 

3.2 Personas Generation 

The design of the persona prompt was informed by 
prior work using ChatGPT to create fictional 
respondents for psychological surveys (De Winter 
et al., 2024). The process was not a strict iterative 
protocol, but the final version was tested informally 
to ensure that the personas were coherent and 
diverse. 

The prompt structure also reflects the RISE 
framework of prompt engineering. It defined a 
clear Role for the model (generate fictional 
students), specified the Input (age, gender, and a 
short profile), outlined the Steps (produce three 
descriptive sentences), and set the Expectations 
(concise one-line outputs). This helped create 
consistent personas while still allowing variation 
across individuals. 

First, 2000 virtual student personas were 
generated using GPT-4o (temperature = 1). Each 
persona included three elements: age (18-25), 
gender, and a short description (3 sentences) 
summarizing their academic personality, learning 
style, and motivational tendencies. The generation 
prompt was structured to ensure diversity across 
motivational profiles while maintaining coherence 
within each persona. The personas were returned as 
text files for further processing. The prompts used 
in this stage are shown below: 
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Generate 20 fictional student personas. Each 
should include: 
    - Age (18–25) 
    - Gender 
    - A 3-sentence description of their academic 
personality, learning style, and motivation. 
    Each persona should be on one line, like: 
    0001. 20, Female - Loves collaborative 
learning; often uses concept maps to organize her 
thoughts; tends to get anxious during exams. 
    Only return the 20 personas, nothing else. 
To generate the full dataset, GPT-4o was called 
repeatedly in batches of 20 personas per request. In 
total, 100 batches were generated to produce 2000 
unique persona descriptions. 

It is important to clarify that the inclusion of 
“learning styles” in the persona descriptions does 
not reflect a theoretical endorsement of this 
concept. The idea that students learn best in their 
preferred style has been widely challenged in the 
literature (Nancekivell et al., 2019). In this study, 
learning style phrases were used only to enrich the 
variety and naturalness of the personas. They were 
not analyzed as variables and did not influence the 
psychometric results. 

3.3 AMS Responses Generation 

After generating the personas, each simulated 
student was asked to complete the Academic 
Motivation Scale (AMS), which consists of 28 
items rated on a 7-point Likert scale (1 = Does not 
correspond at all, 7 = Corresponds exactly). For 
response generation, GPT-4o was instructed to 
simulate AMS item-level answers based on the 
persona descriptions. To minimize randomness in 
item response generation, the temperature was set 
to 0. The model returned raw item responses as a 
list of integers for each persona. Here is the prompt 
used in this stage. 
Imagine the following student: (personas), 
    This student is now responding to the Academic 
Motivation Scale (AMS). 
    There are 28 items, each rated from 1 (Does not 
correspond at all) to 7 (Corresponds exactly). 
    (28 full items), 
    Please return exactly 28 integers separated only 
by commas. No explanation, no labels. Just the 
numbers. 
The full item texts were embedded into the prompt 
to ensure that GPT-4o received the exact 
questionnaire content for each response simulation. 

3.4 Psychometric Analysis (EFA and CFA) 

Exploratory factor analysis (EFA) was conducted 
to examine whether the GPT-generated AMS 
responses reproduced the expected factor structure. 
All 28 AMS items were included in the analysis. 
The factor extraction was performed using 
principal axis factoring. The number of factors was 
determined based on parallel analysis and scree 
plot inspection. Promax rotation was applied to 
allow correlated factors. Factor loadings were 
evaluated to assess whether items loaded onto the 
intended subscales. 
Confirmatory factor analysis (CFA) was used to 
test the fit of the established seven-factor structure 
of AMS. Each item was assigned to its 
corresponding subscale based on the original AMS 
theoretical model (Vallerand et al., 1992). The 
model included the following factors: IMTK, 
IMTA, IMES, EMID, EMIN, EMEX, and AMOT. 
CFA was conducted using maximum likelihood 
estimation. Model fit was evaluated using common 
fit indices: Comparative Fit Index (CFI), Root 
Mean Square Error of Approximation (RMSEA), 
and Standardized Root Mean Square Residual 
(SRMR). Factor loadings were examined to assess 
item performance within each factor. 

3.5 Semantic Clustering of GPT-Generated 
Personas 

In addition to analyzing AMS responses, 
persona descriptions generated by GPT-4o were 
analyzed to identify motivational subgroups. The 
persona texts were vectorized using GPT-4o 
embedding models (text-embedding-3-small). The 
resulting embeddings represented the semantic 
information contained in each persona description. 
K-means clustering was applied to the embeddings 
to partition the personas into three clusters (k = 3). 
The choice of three clusters was based on initial 
exploratory analysis and interpretability 
considerations. 
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3.6 Subgroup Responses Analysis 

After clustering, subscale scores for each of the 
seven AMS factors were calculated for each 
persona. Subgroup differences across clusters were 
analyzed to examine whether the clustering 
structure aligned with meaningful motivational 
patterns. Boxplots were used to visualize subscale 
score distributions across clusters. Non-parametric 
tests (e.g., Kruskal-Wallis tests) were performed to 
evaluate the statistical significance of subgroup 
differences on each AMS subscale. 

All analyses were conducted in R (version 4.2.3; 
R Core Team, 2023) using RStudio (version 
2025.05.1+513; Posit Software, PBC). 

4 Results and Discussions 

4.1 EFA and CFA 

A parallel analysis was conducted to determine the 
appropriate number of factors. The analysis 
suggested that seven factors should be extracted, 
fully consistent with the original structure of the 
AMS. This result indicates that the GPT-generated 
responses preserved the intended dimensional 
structure of academic motivation as specified by 
Self-Determination Theory. Figure 1 shows 
parallel analysis scree plot for factor extraction. 

The scree plot suggested a dominant first factor, 
followed by a sharp decline after the second factor. 
This result reflects a potential tendency of GPT-
generated data to compress variance into fewer 
principal components, possibly due to the semantic 
coherence of AI-simulated responses. 

 

Factor Item Standardized 
Loading 

IMTK (Intrinsic 
Motivation - To Know) 

AMS_Q2 0.805 
AMS_Q9 0.938 
AMS_Q16 0.953 
AMS_Q23 0.857 

IMTA (Intrinsic 
Motivation - Toward 

Accomplishment) 

AMS_Q6 0.791 
AMS_Q13 0.582 
AMS_Q20 0.818 
AMS_Q27 0.778 

IMES (Intrinsic 
Motivation - 
Experience 
Stimulation) 

AMS_Q4 0.417 
AMS_Q11 0.926 
AMS_Q18 0.980 
AMS_Q25 0.899 
AMS_Q3 0.756 

 

Figure 1: Parallel Analysis Scree Plot for Factor 
Extraction. 

Factor Item Standardized 
Loading 

IMTK (Intrinsic 
Motivation - To Know) 

AMS_Q2 0.805 
AMS_Q9 0.938 
AMS_Q16 0.953 
AMS_Q23 0.857 

IMTA (Intrinsic 
Motivation - Toward 

Accomplishment) 

AMS_Q6 0.791 
AMS_Q13 0.582 
AMS_Q20 0.818 
AMS_Q27 0.778 

IMES (Intrinsic 
Motivation - Experience 

Stimulation) 

AMS_Q4 0.417 
AMS_Q11 0.926 
AMS_Q18 0.980 
AMS_Q25 0.899 

EMID (Extrinsic 
Motivation - Identified 

Regulation) 

AMS_Q3 0.756 
AMS_Q10 0.938 
AMS_Q17 0.896 
AMS_Q24 0.891 

EMIN (Extrinsic 
Motivation - Introjected 

Regulation) 

AMS_Q7 0.852 
AMS_Q14 0.814 
AMS_Q21 0.851 
AMS_Q28 0.807 

EMEX(Extrinsic 
Motivation - External 

Regulation) 

AMS_Q1 0.758 
AMS_Q8 0.891 
AMS_Q15 0.863 
AMS_Q22 0.978 

AMOT (Amotivation) 

AMS_Q5 0.731 
AMS_Q12 0.352 
AMS_Q19 0.833 
AMS_Q26 0.322 

Table 1:  Confirmatory Factor Analysis Results for 
GPT-Generated AMS Responses. 
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Factor Item Standardized 
Loading 

EMID (Extrinsic 
Motivation - Identified 

Regulation) 

AMS_Q10 0.938 
AMS_Q17 0.896 
AMS_Q24 0.891 

EMIN (Extrinsic 
Motivation - 

Introjected Regulation) 

AMS_Q7 0.852 
AMS_Q14 0.814 
AMS_Q21 0.851 
AMS_Q28 0.807 

EMEX(Extrinsic 
Motivation - External 

Regulation) 

AMS_Q1 0.758 
AMS_Q8 0.891 
AMS_Q15 0.863 
AMS_Q22 0.978 

AMOT (Amotivation) 

AMS_Q5 0.731 
AMS_Q12 0.352 
AMS_Q19 0.833 
AMS_Q26 0.322 

Table 1 specifies what font sizes and styles must 
be used for each type of text in the manuscript. 

 
A confirmatory factor analysis (CFA) was 

conducted to test the fit of the theoretical seven-
factor structure of AMS. The CFA model included 
all seven subscales: IMTK, IMTA, IMES, EMID, 
EMIN, EMEX, and AMOT. The model 
demonstrated acceptable fit: CFI = 0.908, TLI = 
0.894, RMSEA = 0.082, and SRMR = 0.065. These 
indices suggest that the GPT-generated responses 
generally reproduced the expected factor structure 
of AMS, although the fit was not perfect. 

Standardized factor loadings were strong for 
most items, particularly for intrinsic and identified 
motivation subscales. For example, IMTK items 
loaded between 0.81 and 0.95, and EMID items 
loaded between 0.76 and 0.94. In contrast, several 
AMOT items displayed lower or unstable loadings 
(e.g., AMS_Q12 = 0.35; AMS_Q26 = 0.32). This 
pattern suggests that GPT-4o simulated positively 
valenced motivation dimensions more consistently 
than disengagement states such as amotivation. 

The EFA and CFA results suggest that GPT-4o 
can partially reproduce the established factor 
structure of the AMS. While the model fit is not 
perfect, the seven-factor structure generally holds, 
particularly for intrinsic and identified motivation 
subscales. The relatively weaker performance on 
amotivation items may reflect GPT-4o’s default 
bias toward goal-directed, coherent outputs, which 
may limit its ability to fully simulate psychological 

disengagement. Similar limitations have been 
noted in previous LLM-based simulation studies 
(Liu et al., 2025). Overall, these results provide 
preliminary evidence that LLM-generated 
response data may capture key aspects of 
psychological constructs but may require further 
refinement when modeling negative or conflictual 
motivational states. 

4.2 Semantic Clustering of GPT-Generated 
Personas 

To explore potential subgroups in the GPT-
generated student personas, semantic clustering 
was conducted based on persona descriptions. Each 
persona text was vectorized using GPT-4o 
embeddings (text-embedding-3-small), and k-
means clustering was applied. The number of 
clusters was set to k = 3 based on interpretability 
and preliminary exploration. 

 
Figure 2: Semantic Clustering of GPT-Generated 
Personas Using t-SNE Visualization 
 

A t-SNE visualization was generated to display 
the cluster separation in two dimensions. The 
clusters were well-separated, suggesting that GPT-
generated persona descriptions contained distinct 
semantic features that could differentiate students 
into subgroups. 

Subscale scores for the seven AMS factors were 
calculated for each persona. Boxplots were created 
to compare AMS subscale scores across clusters. 
Results showed that cluster membership was 
associated with different motivational profiles. 
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Figure 3: Subscale Score Differences Across GPT-
4o Semantic Clusters 
 

Cluster 1 displayed higher scores on intrinsic 
motivation subscales (IMTK, IMTA, IMES), 
suggesting students with strong intrinsic academic 
interests. Cluster 2 showed moderate levels of 
intrinsic and extrinsic motivation. Cluster 3 
demonstrated slightly elevated external regulation 
(EMEX) and lower intrinsic motivation, 
suggesting more externally driven or performance-
oriented students. 

Kruskal-Wallis tests confirmed significant 
differences across clusters for most AMS subscales 
(p < .001 for IMTK, IMTA, EMEX, AMOT; p < 
.01 for IMES, EMID, EMIN), indicating that 
semantic clustering based on persona descriptions 
corresponded meaningfully with simulated 
questionnaire responses. 

The clustering results suggest that GPT-4o not 
only generated item-level responses consistent 

with AMS factor structure, but also produced 
semantically rich persona profiles that reflected 
distinct motivational orientations. Subgroups 
identified through semantic embeddings showed 
systematic differences across AMS subscales, 
supporting the convergent validity between 
generated persona characteristics and 
questionnaire outcomes. 

These findings demonstrate that large language 
models may capture latent psychological patterns 
even before formal scale administration, purely 
based on persona-level text descriptions. This 
capability may have potential applications for 
early-phase scale development, where synthetic 
data may help evaluate item functioning across 
diverse hypothetical profiles prior to human data 
collection. Researchers can use this approach to 
screen for problematic items, evaluate whether 
expected factor structures emerge, and explore 
subgroup patterns across hypothetical profiles. 
Such applications may reduce costs, speed up 
validation cycles, and support scale adaptation in 
new contexts. Theoretically, this work also 
contributes to ongoing debates about the extent to 
which LLMs can approximate latent psychological 
constructs. It shows both the potential and the 
current limits of AI personas in capturing human-
like motivational patterns. 

However, it should be noted that GPT-generated 
clusters may reflect idealized or overly coherent 
motivational types, as the model tends to generate 
consistent and goal-oriented outputs. Additional 
validation with real human data is needed to fully 
assess the generalizability of these subgroup 
structures. 

5 Limitations and Future Directions 

While the present study demonstrates the 
promising potential of large language models 
(LLMs) like GPT-4o in generating psychologically 
plausible student response data, several limitations 
should be acknowledged. 

First, although the generated responses 
reproduced the theoretical factor structure of AMS 
reasonably well, the confirmatory factor analysis 
still yielded only moderate model fit (e.g., RMSEA 
= 0.082). This suggests that LLM-generated data 
may not fully replicate the nuanced variance found 
in real human populations. In particular, the 
amotivation (AMOT) subscale consistently 
showed weaker or unstable loadings, which may 
reflect GPT-4o’s inherent difficulty in simulating 
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disengaged or conflicted psychological states. This 
aligns with prior observations that LLMs tend to 
default toward coherent, goal-oriented, and 
positively valenced outputs (e.g., Liu et al., 2025). 

Second, the current study focused on only one 
questionnaire (AMS) and one LLM model (GPT-
4o). The generalizability of these findings to other 
constructs, instruments, or LLM architectures 
remains unclear. Expanding this approach to 
include additional validated scales (e.g., MSLQ, 
AEQ) and cross-model comparisons would help 
clarify whether the observed psychometric patterns 
are robust across different psychological domains. 

Third, the clustering analysis relied solely on 
text embeddings of GPT-generated persona 
descriptions. While meaningful subgroups were 
identified, these clusters are not directly validated 
against real-world student samples. Future work 
should compare LLM-generated subgroup 
structures to empirical cluster solutions obtained 
from human data to assess alignment and potential 
biases. 

Finally, this study examined LLM-generated 
responses under controlled prompting conditions, 
using fixed temperature settings and instruction 
formats. Prompt engineering decisions likely play 
a crucial role in shaping response variability and 
latent structure reproduction. Future research 
should systematically investigate how prompt 
design, randomness parameters, and persona 
context framing influence the psychometric 
properties of generated data. 

Another point worth noting is that the use of 
learning style descriptors in the persona prompts 
should not be read as a validation of the learning 
styles hypothesis. Like we mentioned before, the 
concept has been widely debated and is not 
supported by strong empirical evidence 
(Nancekivell et al., 2019). Here it served only as a 
descriptive element to make the personas sound 
more realistic, and it had no bearing on the 
psychometric findings. 

Despite these limitations, this study offers a 
novel empirical demonstration of how generative 
AI can contribute to early-stage scale development 
and psychometric exploration. As LLM 
capabilities continue to evolve, careful validation 
studies combining both real and simulated data will 
be critical for evaluating the responsible integration 
of AI tools in psychological measurement. The 
findings have both theoretical and practical 
implications. Theoretically, they suggest that large 

language models can reproduce complex 
motivational structures like those in AMS, 
although with biases toward positive and coherent 
states. This adds to current discussions in 
psychometrics about whether AI can model latent 
constructs. Practically, the study points to the value 
of AI personas as a tool for instrument testing and 
development. With further refinement, such 
simulations may help researchers reduce the cost 
and time of scale validation, while also expanding 
opportunities to explore item functioning across 
diverse cultural or contextual settings. 
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Abstract

Objective and scalable measurement of teach-
ing quality is a persistent challenge in educa-
tion. While Large Language Models (LLMs)
offer potential, general-purpose models have
struggled to reliably apply complex, authen-
tic classroom observation instruments. This
paper uses custom LLMs built on sentence-
level embeddings, an architecture better suited
for the long-form, interpretive nature of class-
room transcripts than conventional subword
tokenization. We systematically evaluate five
different sentence embeddings under a data-
efficient training regime designed to prevent
overfitting. Our results demonstrate that these
specialized models can achieve human-level
and even super-human performance with ex-
pert human ratings above 0.65 and surpass-
ing the average human-human rater correla-
tion. Further, through analysis of annotation
context windows, we find that more advanced
models—those better aligned with human judg-
ments—attribute a larger share of score vari-
ation to lesson-level features rather than iso-
lated utterances, challenging the sufficiency of
single-turn annotation paradigms. Finally, to
assess external validity, we find that aggregate
model scores align with teacher value-added
measures, indicating they are capturing fea-
tures relevant to student learning. However,
this trend does not hold at the individual item
level, suggesting that while the models learn
useful signals, they have not yet achieved full
generalization. This work establishes a viable
and powerful new methodology for AI-driven
instructional measurement, offering a path to-
ward providing scalable, reliable, and valid
feedback for educator development.1

1 Introduction

Measuring teaching quality is hard (Jurenka et al.,
2024; Kane and Staiger, 2012; Ho and Kane,

1https://github.com/hardy-
education/measuringteachingencoders

2013). Despite their ubiquity as the primary form
of teacher development and evaluation, ratings
of instructional quality, even when conducted by
trained experts, have low reliability, unknown ac-
curacy, and are very expensive to conduct (Ho and
Kane, 2013; Kane et al., 2015; Kane and Staiger,
2012; Glaese et al., 2022; Whitehill and LoCasale-
Crouch, 2024; Whitehurst et al., 2014; Jurenka
et al., 2024; Tack et al., 2023; Grissom et al., 2013;
Liu and Cohen, 2021). Recent work has sought to
reduce the costs of these evaluations using large
language models (LLMs) to annotate spoken dis-
course in classrooms to support such evaluations
on actual instruments used with educators, but such
models have not yet shown the ability to help with
these complex tasks (Wang and Demszky, 2023;
Whitehill and LoCasale-Crouch, 2024; Xu et al.,
2024; Hardy, 2024). This study builds on these
studies, answering calls to do more to evaluate the
capacity of LLMs for classroom tasks (Casabianca
et al., 2013; Liu and Cohen, 2021).

This study investigates whether pretrained con-
textual embeddings at the sentence level can mean-
ingfully capture classroom dialogue for automated
assessment of instructional quality. We systemat-
ically evaluate multitask encoder models trained
on fixed sentence-level embeddings to predict ex-
pert human ratings of teaching effectiveness across
25 distinct instructional dimensions. We achieve
state-of-the-art performance on this task, surpass-
ing existing human benchmark correlations while
providing novel insights into the training dynam-
ics of multitask models applied to educational dis-
course.

Our findings have significant implications for
educational assessment and the broader application
of NLP methods to specialized domains. We show
that shared-weight multitask architectures initially
learn general representations of teaching quality
that align well with student outcomes, but contin-
ued training may lead to overfitting to noisy human
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annotations on individual constructs rather than
the underlying pedagogical constructs of interest.
These insights suggest new directions for develop-
ing robust AI systems for classroom analysis and
highlight fundamental challenges in aligning au-
tomated assessments with meaningful educational
outcomes.

1.1 Primary Contributions
1. A longitudinal analysis of representation

learning for teaching quality. We provide
the first systematic evidence of how different
sentence-embedding LLMs develop an under-
standing of effective instruction throughout
their training process.

2. A new benchmark for automated instruc-
tional rating. We demonstrate state-of-the-art
performance, outperforming existing models
by achieving the highest human-expert corre-
lation across 25 distinct instructional dimen-
sions.

3. A critique of single-turn evaluation.
Through the first analysis of score stability
over time, we show that static, single-turn
evaluations are insufficient and introduce a
more robust, temporally-aware method for
assessing LLM-based ratings.

4. A validation framework linking ratings to
student achievement. We introduce the first
methodology to directly measure the align-
ment between an LLM’s ratings of teaching
and externally-validated measures of student
learning gains (teacher value-added).

2 Related Work and Motivation

2.1 Sentence Embeddings
The robustness of pre-trained language models
to out-of-distribution text remains an open ques-
tion, particularly for specialized domains such
as educational settings where child speech pat-
terns and pedagogical discourse structures predom-
inate. To address this challenge, we investigate
whether sentence-level embeddings (Reimers and
Gurevych, 2019) can provide more stable repre-
sentations of classroom language than traditional
subword tokenization approaches, despite the po-
tential loss of fine-grained semantic information.
We test the large versions of each of the follow-
ing pre-trained sentence embeddings: Unsuper-
vised SimCSE and Supervised SimCSE (Gao et al.,

2022), E5 (Wang et al., 2024a), Multilingual E5
(Wang et al., 2024b), GTE (Li et al., 2023), and a
contrast fine-tuned RoBERTa model released with
sentence-transformers (Liu et al., 2019; Reimers
and Gurevych, 2019). This diversity in embedding
approaches also allows us to investigate potential
biases in model interpretation across different lin-
guistic communities and teaching contexts.

2.2 Teacher Development and Evaluation
School leaders working with teachers to improve
the quality of instruction typically evaluate the
teacher’s proficiency in a range of competencies
(typically measured during in-class observation
and evaluation on a teaching rubric; (Aguilar,
2013; Bambrick-Santoyo, 2016, 2018)), a process
that is often time-consuming and produces rat-
ings (labels) that are unreliable (Kane and Staiger,
2012; Blazar, 2018; Kane et al., 2013; Casabi-
anca et al., 2013). Without accurate classifica-
tions, it is challenging for practitioners to prior-
itize instructional needs and aligned practices from
among the many elements of good teaching (Sa-
phier et al., 2008; Darling-Hammond, 2014; Ham-
mond, 2015; Lemov and Atkins, 2015; Lemov,
2021; Liljedahl et al., 2021; Darling-Hammond
et al., 2020; Schwartz et al., 2016) and for re-
searchers to empirically quantify the impact of
good teaching practices (Pianta and Hamre, 2009;
Charalambous and Delaney, 2019; Blazar and Pol-
lard, 2022; Jurenka et al., 2024). Thus, this work
provides a bridge to research seeking to improve
teaching quality by providing feedback to teachers
on various instructional techniques (Samei et al.,
2014; Donnelly et al., 2017; Kelly et al., 2018;
Demszky et al., 2021; Suresh et al., 2022; Jacobs
et al., 2022; Alic et al., 2022; Demszky and Liu,
2023; Demszky et al., 2024, 2023).

Automated Evaluation Several studies have in-
vestigated automated evaluation (Whitehill and
LoCasale-Crouch, 2024; Wang and Demszky,
2023; Xu et al., 2024; Hardy, 2024). This study
builds on these studies, and replicates the encoder
model constructions described by Hardy.2.

3 Methods

For each method, we also display the results at the
item-level for better understanding of the learning
process.

2A more complete description of the model architecture is
in (Hardy, 2024)
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3.1 Human Expert Rating Correlation
To find a generalized measure of correlation across
items similar to CLASS and MQI, we use a multi-
level partial Spearman’s correlation with inference
based on item-level random effects. This accounts
for the hierarchical structure while providing a ro-
bust, rank-based measure of association that gener-
alizes beyond the specific items sampled.

ρpart = Corr(R̃(1)
ij , R̃

(2)
ij | Jij)

3.2 LLM Rating Stability via Variance
Decomposition

We employed a generalizability theory framework
(Brennan, 2001) to decompose variance in auto-
mated LLM scoring across six nested hierarchical
levels: sentences (X) within utterances (U) within
chapters (C) within lesson stages (S) within lessons
(L) within teachers (T), denoted as X : U : C :
S : L : T . This design enables quantification of
context dependency as models evolve during train-
ing. The proportion of variance attributable to each
level, h ∈ {T, L, S,C, U,X, e}, is:

ρh =
σ2
h

σ2
T + σ2

L + σ2
S + σ2

C + σ2
U + σ2

X + σ2
e

.

3.3 External Validity via τ -Canonical
Correlation Analysis

We employ canonical correlation (Hotelling, 1936)
analysis (CCA) with a Kendall’s tau (Kendall, 1938,
1945) kernel to measure alignment between teacher
value-added measures (VAMs) and classroom in-
structional ratings. In this case, we need a met-
ric that captures the directional alignment only, as
differences in scales and ranks may not be mean-
ingful.3 We briefly reconstruct the τ kernel for
creation of scatter matrices here to motivate it as a
highly robust (Bishara and Hittner, 2017) measure
of alignment between LLM ratings, x, and another
metric, y and as having a straightforward alignment
interpretation. We translate the following statement
into the desired kernel: "LLM X rates lesson A as
better than lesson B: [xA > xB]. Does the order
align with student learning results Y associated

3For example, if two raters give Lesson A the same score
of 7, but give Lesson B different ratings, 3 and 4, we would
not have evidence to support the notion that LLMs (or even
humans) apply an instructional rubric precisely enough for
such differences in interval ranks to be practically meaningful
when measuring alignment.

with each lesson, [yA > yB]?" Thus, for any two
lessons, indexed by i and j and with brackets as
indicator functions, we construct this relationship
for each:

xij = [j > i]− [j < i], yij = [j > i]− [j < i]

We construct Gram matrices KX and KY where
[KX ]ij = Kτ (xi,xj) and analogously for KY ,
which are used to solve the eigenvalue problem
required for canonical correlation. In our case, all
matrices were positive semi-definite and no smooth-
ing was needed. The results are robust to typical
transformations for the calculation.4

4 Data and Experiment

4.1 Data

The original classroom lessons used in this study
are from the National Center for Teacher Effec-
tiveness (NCTE) Main Study (Kane et al., 2015),5

which contains 3 years of data collection and ob-
servations of math instruction in approximately 50
schools and three hundred (4th and 5th grade) math-
ematics classrooms across 4 school districts in the
United States. This rich dataset contains multiple
measures of teaching effectiveness, including ex-
pert ratings of the lessons classrooms, and multiple
high-quality measures student learning gains.

Classroom Lessons and Text Human raters
watched videos classrooms, and the transcripts6

of these same videos (Demszky and Hill, 2022)
are used by LLMs for the same task, where the
class discourse is equipartitioned across words to
align the text with human labels in the absence of
timestamps, following (Hardy, 2024).

Observation Instruments Our approach encom-
passes two complementary observation frame-
works: a 12-item general teaching practices instru-
ment and a 13-item mathematics-specific teaching
assessment (Bacher-Hicks et al., 2017, 2019): the
CLASS framework (Pianta et al., 2008) for gen-
eral instructional practice and the content-specific
Mathematical Quality of Instruction (MQI) (Hill

4We also compute the generalized eigenvalue problem
using the methods put forward by (Yoon et al., 2020) with the
results in the appendix.

5https://www.icpsr.umich.edu/web/ICPSR/
studies/36095/datadocumentation

6https://github.com/ddemszky/
classroom-transcript-analysis
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et al., 2008). The 63 MQI raters and the 19 ex-
ternal CLASS raters attended biweekly calibra-
tion meetings to ensure standardization of scor-
ing procedures. Both frameworks are composed
of multiple items that represent distinct instruc-
tional dimensions to be evaluated (Hill et al., 2008;
Hardy, 2024; Hill et al., 2012; Kane and Staiger,
2012). The MQI and CLASS also represent two
types of task for LLMs–detection and summariza-
tion, respectively–a distinction that is also clearly
illustrated by the distributions of scores coming
from the human raters (see Figure 2). Human rat-
ing experts watched videos and provided ratings
on all MQI and CLASS items at regular intervals
throughout the class, resulting in 779,107 unique
numeric ratings provided in 1,762 lessons7 deliv-
ered by 317 teachers to more than 10,000 students
in 53 schools.

Value-added measures (VAMs) are the current
gold standard for estimating teacher effects on stu-
dent achievement gains (Kane and Staiger, 2012;
Bacher-Hicks et al., 2017, 2019). VAMs use prior
student achievement data and other covariates to
measure whether a student’s end-of-year perfor-
mance was above or below the student’s expected
performance on a standardized exam. The teacher-
level VAM is an estimate of the combeined de-
viations from expected performance for their stu-
dents, offering a rigorous aggregated estimate of
a teacher’s contribution to student learning gains
over a school year. As far as we are aware, this is
the first study to test LLMs using standardized and
value-added measures of student learning. Rare for
education datasets, the data of the present study
have multiple VAM measurements, which we will
use together as a random vector for canonical corre-
lation (and stacked at the year level (Bacher-Hicks
et al., 2019) for item-level comparisons).

4.2 Encoder Model Construction
We develop custom encoder architectures based
on sentence-level embeddings to address four key
research questions: (1) embedding efficiency in
model training, (2) performance relative to human
raters, (3) score variation across different temporal
contexts, and (4) alignment with rigorous measures
of student learning outcomes.

Why Sentence Embeddings? A More Inter-
pretable Architecture. Analyzing lengthy class-

7Transcripts are available for 1,600 of the lessons (Dem-
szky and Hill, 2022)

room discourse poses a challenge for standard
LLMs, whose subword tokens are often too gran-
ular and computationally intensive for such long-
form text. To overcome this, we chose sentence-
level embeddings as our foundation. Sentences
are natural, interpretable semantic units, allowing
our models to efficiently process entire lessons and
directly map what a teacher says to established ped-
agogical frameworks. We evaluated five pretrained
sentence-embedding models within a multi-task
architecture that learns to score 25 distinct teach-
ing dimensions simultaneously. The model’s core
weights are shared across all tasks, reflecting the
pedagogical theory that effective teaching is a co-
hesive skill set. Only the final output layers are
specialized for each dimension, allowing the model
to learn both general and specific features of in-
structional quality.

Structuring Data for Meaningful Analysis. To
capture the natural rhythm of a class, we organized
transcripts into a three-phase structure (beginning,
middle, end) common in elementary math. Each
phase was then divided into chapters of a fixed
duration (7.5 minutes for MQI, 15 for CLASS). We
processed teacher speech into individual sentences,
creating uniform inputs and enabling the model
to update its assessment with each new utterance.
We further augmented our dataset using a sliding-
window technique to generate additional training
samples from the discourse.

An Efficient and Robust Training Protocol.
Given the challenge of collecting high-quality ob-
servation data, our training protocol prioritized effi-
ciency and generalization. All models were trained
for five epochs. We first determined the optimal op-
timizer by testing AdamW and Adamax; Adamax
proved more stable for four of the five models under
the strong regularization needed to prevent overfit-
ting. The fifth model (GTE) performed better with
AdamW. We retained all models to ensure a com-
prehensive evaluation. Additional training details
follow the protocol in (Hardy, 2024).

5 Discussion

5.1 Some embeddings are better than others

Not all contextual embeddings capture the same
semantic information. The RoBERTa, Unsuper-
vised SimCSE, and E5 Multilingual models consis-
tently outperformed other embedding models in the
present study. When correlations are measured by
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Figure 1: Correlation with human experts across train-
ing epochs. The MQI instrument had at least two human
raters per lesson, and the mean and interquartile range
of all 63 human MQI raters correlated across the other
raters are represented by the gray line and shaded region
in the figure.

aggregating to the lesson-level, all models’ ratings
would be in the top quartile of human raters. The
item level performance at the chapter level can be
investigated more deeply in Fig 6.

Implications Future work should explore fine-
tuning SimCSE embeddings or similar self-
supervised fine-tuning techniques on related class-
room transcripts to investigate the extent to which
providing domain-specific contrastive learning
could further capture the most relevant semantic
information from classroom discourse. Sentence-
level embeddings also provide a pathway to inter-
pretability with feature attribution via integrated
gradients. Usefulness of feature attribution meth-
ods rely on how interpretable each input feature is.
In the case of classroom instruction, a sentence spo-
ken is a meaningful unit of discourse, whereas more
common methods of creating features for LLMs
typically rely on subword tokenization, producing
a pixelated semanticity much harder for humans to
interpret.

5.2 Mature models show score stability across
longer time windows

Analysis across training epochs revealed a system-
atic shift in variance attribution: early-epoch mod-
els exhibited substantial utterance-level variation
(ρU ), while mature models demonstrated increased

CLASS MQI

0.2 0.4 0.6 0.8 0.2 0.3 0.4 0.5

0

20

40

60

0

20

40

60

Item Rating Correlations with Human Expert Ratings

Pr
op

or
tio

n 
of

 V
ar

ia
tio

n 
in

 S
co

re
s 

by
 F

ac
et

 o
f 

Va
ri

at
io

n

Facet of Variation

Sentence + Residual

Utterance (turn)

Chapter (7.5 min)

Stage (beg, mid, end)

Lesson

Teacher

Base Model

E5

E5 Multilingual

RoBERTa

SimCSE (Supervised)

SimCSE (Unsupervised)

Figure 2: Proportion of variation explained as related to
a model’s alignment to human expert ratings.

lesson-level variation (ρL) with reduced local con-
text dependency. This finding challenges prevail-
ing single-turn annotation paradigms in LLM eval-
uation, suggesting that as models improve, they
capture broader pedagogical patterns rather than
utterance-specific features. Consequently, evalua-
tion frameworks must incorporate extended conver-
sational contexts and hierarchical sampling strate-
gies to accurately assess model performance in
educational applications.

We find that the variation in scores for models
that are more aligned with human ratings, tends to
be less sensitive to smaller changes in time. For the
CLASS rubric in particular, more human-aligned
models maintain more score stability across an en-
tire lesson, suggesting that the scores are more
representative of persistent differences in lessons.

5.3 External Validity

In order to assess for overfitting to this particular
subset of human raters, we measured the align-
ment of the chapter-level multi-task scores against
the value-added to learning for the students in the
class. To date, there is no study of which we are
aware that connect LLM measures of teaching to
the actual value-added in student learning external
validity.

We find that for is increasing alignment between
VAM and classroom ratings as models mature and
become more aligned with humans.

We demonstrate that while individual task per-
formance generally improves with training, the cor-
relation between model predictions and student
achievement outcomes follows a non-monotonic
trajectory. This phenomenon reveals important ten-
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Figure 3: τ -canonical correlation between classroom
observation ratings and value-added measures as a func-
tion of model alignment to human expert ratings.

sions in multitask learning: as models become
more specialized at distinguishing between spe-
cific instructional skills, their ability to capture the
general teaching effectiveness that correlates with
student learning gains may paradoxically diminish.

To assess whether our models exhibit over-
fitting to this particular subset of human raters,
we examined the relationship between chapter-
level multitask scores and value-added measures
(VAM) of student learning outcomes. We em-
ployed τ -canonical correlation analysis to quantify
the strength of association between these two sets
of variables while accounting for their multivariate
nature.

This analysis addresses a critical gap in the lit-
erature: to our knowledge, no prior study has in-
vestigated the connection between LLM-derived
measures of teaching quality and externally vali-
dated VAMs. Such validation is essential for estab-
lishing the practical utility of automated classroom
assessment tools (Figure 3).

While the τ -canonical correlation between
model predictions and student achievement out-
comes generally improves with model sophistica-
tion, individual item performance can follow an
inverted trajectory performance (Figure 9. This
phenomenon illuminates an important tension in-
herent in multitask learning for educational assess-
ment. As models become increasingly special-
ized at distinguishing between specific instructional
skills that human raters prioritize, their capacity to

capture the broader dimensions of teaching effec-
tiveness that correlate with actual student learning
gains may paradoxically diminish. This suggests
that perfect alignment with human expert ratings
may not constitute the optimal objective for de-
veloping classroom observation tools intended to
predict student outcomes.

6 Conclusion

Rating classroom teaching quality remains a per-
sistent challenge, with both human evaluators and
large language models (LLMs) struggling to ef-
fectively utilize authentic classroom observation
instruments. While general-purpose GPT models
have shown limited promise for this task, we de-
veloped custom LLMs based on sentence embed-
dings to overcome the interpretability and scala-
bility limitations of traditional subword tokeniza-
tion approaches when processing lengthy class-
room transcripts. We systematically evaluated five
pretrained sentence embedding models using iden-
tical training regimes designed to maximize effi-
ciency and minimize overfitting given the scarcity
of authentic classroom data. We assessed their abil-
ity to capture pedagogically relevant information
using established observation frameworks. Our
results demonstrate that three embedding models
achieved human-level performance, with correla-
tions exceeding 0.65 for CLASS and surpassing
human averages for MQI. More mature models
increasingly attribute variation to differences at
lesson-level rather than utterance-specific features.
This finding challenges prevailing single-turn eval-
uation paradigms in LLM assessment and devel-
opment, suggesting that improved models capture
broader pedagogical patterns in long-context class-
room dynamics. Validity analysis using teacher
value-added measures revealed that while mod-
els achieving better human alignment also showed
stronger alignment with learning outcomes in ag-
gregate, this relationship did not hold at the item
level. These results indicate that although models
learn pedagogically meaningful features, evidence
for generalization remains limited, highlighting im-
portant directions for future development of auto-
mated teaching quality assessment systems.

Limitations

The findings of this study should be considered
in light of several limitations related to the data,
models, and readiness for practical application. We
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position this work as a proof of concept, and the
following factors must be addressed before these
methods can be considered for real-world imple-
mentation.

Scope of Data and Generalizability The pri-
mary limitation of this study is the specificity of
the dataset, which consists of transcripts from
fourth and fifth-grade mathematics classrooms in
the United States. This narrow scope means our
models lack proven generalizability to other grade
levels, subject areas (e.g., literacy, science), or in-
ternational school systems. While the underlying
methods may hold broader potential, our specific
findings are bound to the context of U.S. elemen-
tary mathematics education. Expanding the ap-
plicability of these models is contingent upon the
availability of more varied public data.

Task and Model Specificity Our approach is lim-
ited by both the evaluation task and the model ar-
chitecture. We focused on a subset of rating items
from the MQI rubric, which may not fully represent
the complexity of the universal task of instructional
rating. Additionally, the inherent imperfections
of observational rubrics, even for human experts,
are a constraint on the ground truth data. Further-
more, our encoder models were custom-built for
this task. While this specialized design allows a
single model to score 25 distinct measures, it is not
designed to generalize to new domains or contexts
without substantial changes to its architecture or
the introduction of new training data.

Considerations for Practical Application and De-
ployment Despite achieving high performance
on several metrics, the models in their current state
are not ready for high-stakes deployment. Substan-
tial research and validation are necessary to ensure
their reliability and to understand potential failure
modes. Even when used with a human-in-the-loop,
more work is needed to align the models’ capabil-
ities with the potential assumptions of end-users.
Crucially, this study should not be interpreted as
an endorsement for using general-purpose "GPT-
style" large language models for similar evalua-
tive tasks. The challenges inherent in this domain
require specialized, carefully validated solutions
rather than the application of general-purpose tech-
nologies.
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The multilevel framework decomposes the correlation into within- and between-cluster components: ρpartial =

Corr(rank(R̃(1)
ij ), rank(R̃(2)

ij ) | Xij) where R̃
(k)
ij represents residualized ratings after partialling out covariates Xij

from the multilevel model: R(k)
ij = β(k)Xij + u

(k)
j + ϵ

(k)
ij with random intercepts u(k)

j ∼ N(0, τ2) for items and

residuals ϵ(k)ij ∼ N(0, σ2). The multilevel partial Spearman’s correlation accounts for the hierarchical structure
while providing a robust, rank-based measure of association that generalizes beyond the specific items sampled,
with inference based on the random effects distribution of items.
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Figure 12: Lesson-level canonical correlations using methods from Yoon et al. as a function of correlation with
human ratings.
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Abbreviation Item Item Description
MQI Instrument
ETCA Enacted Task Cognitive Activation Task cognitive demand, such as drawing connections among differ-

ent representations, concepts, or solution methods; identifying and
explaining patterns.

EXPL Teacher Explanations Teacher explanations that give meaning to ideas, procedures, steps, or
solution methods.

LANGIMP† Imprecision in Language or Nota-
tion

Imprecision in language or notation, with regard to mathematical
symbols and technical or general mathematical language.

LCP† Lack of Clarity in Presentation of
Mathematical Content

Lack of clarity in teachers’ launching of tasks or presentation of the
content.

LINK Linking and Connections Linking and connections of mathematical representations, ideas, and
procedures.

MAJERR† Major Mathematical Errors Major mathematical errors, such as solving problems incorrectly,
defining terms incorrectly, forgetting a key condition in a definition,
equating two non-identical mathematical terms.

MGEN Developing Mathematical Gener-
alizations

Developing generalizations based on multiple examples.

MLANG Mathematical Language Mathematical language is dense and precise and is used fluently and
consistently.

MMETH Multiple Procedures or Solution
Methods

Multiple procedures or solution methods for a single problem.

REMED Remediation of Student Errors and
Difficulties

Remediation of student errors and difficulties addressed in a substan-
tive manner.

SMQR Student Mathematical Questioning
and Reasoning

Student mathematical questioning and reasoning, such as posing
mathematically motivated questions, offering mathematical claims or
counterclaims.

STEXPL Students Provide Explanations Student explanations that give meaning to ideas, procedures, steps, or
solution methods.

USEPROD Responding to Student Mathemati-
cal Productions

Responding to student mathematical productions in instruction, such
as appropriately identifying mathematical insight in specific student
questions, comments, or work; building instruction on student ideas
or methods.

CLASS Instrument
CLPC Classroom Positive Climate
CLNC† Classroom Negative Climate
CLTS Teacher Sensitivity
CLRSP Regard for Student Perspective
CLBM Behavior Management
CLPRDT Productivity
CLILF Instructional Learning Formats
CLCU Content Understanding
CLAPS Applied Problem Solving
CLQF Quality of Feedback
CLINSTD Instructional Dialogue
CLSTENG Student Engagement

Table 1: CLASS and MQI item descriptions and corresponding abbreviations. †denotes items that are reverse coded
due to being negatively worded with respect to the construct of teacher ability. Bolded items are those evaluated by
the GPT family of raters and reported by Wang and Demszky. Each member of the Human and Encoder families of
raters evaluated all 25 items.
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Abstract 

This study explores the use of large language models 

to simulate human responses to Likert-scale items. A 

DeBERTa-base model fine-tuned with item text and 

examinee ability emulates a graded response model 

(GRM). High alignment with GRM probabilities and 

reasonable threshold recovery support LLMs as 

scalable tools for early-stage item evaluation. 

1 Introduction 

Field-testing is essential for developing any 

assessments as it serves to evaluate the statistical 

quality of newly developed items before the 

operational use. However, it remains one of the 

most resource-intensive and time-consuming 

stage in developing a test. Traditional approaches 

require human examinees to try out items, posing 

challenges related to sample availability, test 

security, item exposure, and scheduling . 

(AlKhuzaey et al., 2023; Hsu et al., 2018; Morizot 

et al., 2007). These challenges are growing as item 

banks must scale rapidly to support contemporary 

tests such as adaptive testing, multilingual 

formats, and artificial intelligent (AI)-generated 

content.  

In response, early attempts predicted item 

difficulty using text-based features like syntax, 

semantics, word counts, embeddings, and 

readability indices (AlKhuzaey et al., 2023; 

Benedetto et al., 2023). Others used natural 

language processing (NLP) techniques to estimate 

item difficulty or discrimination (Benedetto et al., 

2021; Zhou & Tao, 2020), but their accuracy 

remains limited. Importantly, these models often 

overlook distractors and fail to capture the full 

complexity of the human test-taking process 

(Benedetto et al., 2021). 

More recent work has been exploring whether 

large language models (LLMs) can partially or 

fully simulate examinee responses to streamline 

item evaluation without sacrificing psychometric 

validity. For example, Lu and Wang’s (2024) 

“generative students” prompt GPT-4 to mimic 45 

learner profiles with different knowledge states, 

achieving a moderate correlation with 

undergraduate item scores (r ≈ .72) but relying on 

expert-defined misconceptions and a tiny, single-

topic item set. Liu, Bhandari, and Pardos (2024) 

go broader by blending six distinct LLMs into a 

50-member ensemble, reproducing human Rasch 

difficulties on a small college-algebra pool (𝑟 =

 .93 ) yet still showing a compressed ability 

spread. Collectively, these studies confirm the 

promise of LLM-based field-testing while 

exposing the need for scalable methods that 

reduce expert overhead, widen domain coverage, 

and capture the full spectrum of item functioning. 

Maeda (2025) moves furthest toward full AI 

substitution by fine-tuning 61 DeBERTa-v3 

models, each tied to a specific latent ability, and 

embedding a two parameter logistic (2-PL) loss to 

predict option-level probabilities. Across 466 

English-grammar items, the system matched 

human proportion-correct with 𝑟 =  .82 and zero 

mean bias, delivering plausible discrimination 

and distractor statistics and suggesting substantial 

cost and security gains. Yet achieving this 

required training 61 large models exposing heavy 

computational demand, and several extreme items 

still failed to calibrate accurately.  

Building on Maeda’s (2025) foundation, our 

approach leverages a single LLM that takes both 

item features such item and domain texts and a 

student’s latent ability (θ) as input to predict 

selection probabilities of item’s options, 

effectively emulating the graded response model 

Simulating Rating Scale Responses with LLMs for Early-Stage Item Evaluation  
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(GRM; Samejima, 1969). Rather than training 

separate models for each ability level, we 

condition predictions on continuous θ values and 

allow the model to learn item parameters 

implicitly from item features. This study aims to 

investigate if the proposed architecture enables 

realistic response simulation for field test Likert-

scale items, supports scalable data generation, and 

reduces computational overhead while preserving 

psychometric structure, positioning it as a cost-

efficient alternative for pretesting in large-scale 

assessments. 

2 Background 

2.1 Transformer Language Models 

Transformer-based language models such as 

BERT (Devlin et al., 2018) are pre-trained on 

large text corpora and can be fine-tuned for 

various NLP tasks, including classification, 

summarization, and question answering. These 

models tokenize input text, convert it into 

embeddings, and process the sequence through 

multiple encoder layers to capture rich contextual 

information. 

In this study, we used the DeBERTa-base model 

(He et al., 2021), an advanced variant of BERT 

and RoBERTa. DeBERTa improves 

representation learning by separately encoding the 

content and relative position of each token and 

computing distinct attention weights for both. 

This structure enhances the model’s ability to 

capture nuanced word relationships, making it 

well-suited for complex language understanding 

tasks. 

2.2 Graded Response Model 

The Graded Response Model (GRM; Samejima, 

1969) is a widely used  item response theory (IRT) 

model for analyzing ordinal polytomous item 

responses, such as rating scales or multi-point 

rubrics in educational assessments. GRM models 

the probability that an examinee’s latent ability 𝜃𝑗 

exceeds a series of ordered thresholds for item i. 

Each item has a discrimination parameter 𝑎𝑖 and 

a set of threshold (difficulty) parameters 𝑏𝑖𝑘, one 

for each score category boundary. The probability 

of responding in category k is defined by the 

difference between cumulative logistic functions 

across adjacent thresholds: 

𝑃(𝑋𝑖𝑗 = 𝑘 |𝜃𝑗) = 𝑃𝑖𝑘
∗ (𝜃𝑗) −  𝑃𝑖(𝑘+1)

∗ (𝜃𝑗) (1) 

where 

𝑃𝑖𝑘
∗ (𝜃𝑗) =  

1

1 + exp [−𝑎𝑖(𝜃𝑗 − 𝑏𝑖𝑘)]
 

(2) 

 

The GRM assumes monotonicity, 

unidimensionality, and local independence, and it 

enables estimation of both person ability and item 

parameters on a common scale. It is especially 

well-suited for assessments where responses 

reflect degrees of correctness or agreement rather 

than binary outcomes. For detailed discussion, see 

Samejima (1969) or Baker & Kim (2004). 

2.3 AI-Based Field-Test Data Generation 

Pipeline 

This approach builds on Maeda’s (2025) 

architecture but ease its computational cost by 

training a single generalized model instead of 

separate models per ability level and eliminating 

the sampling process, supporting scalable and 

flexible field test data generation for Likert-scale 

items. The model is trained on operational items 

with known GRM-based probabilities, using both 

item features and latent ability (𝜽)  as inputs. 

Once trained, the model generalizes to predict 

probabilities for new items by conditioning on the 

item’s text representation and examinee ability. 

Simulated responses are generated by sampling 

from the predicted probabilities, enabling 

psychometric analyses such as pre-calibration and 

item screening without requiring real student 

administrations. The AI-based field test data 

simulation pipeline is provided in Figure A1. 

 Process Item Features Data 

We used items of the Devereux Student Strengths 

Assessment (DESSA). It is a standardized,  

strength-based behavioral rating scale developed 

to assess social-emotional competencies in 

children and adolescents (LeBuffe, et. al., 2009). 

The DESSA has eight empirically derived 

domains: self-awareness, social awareness, , self-

management, goal-directed behavior, relationship 

skills, personal responsibility, decision making, 

and optimistic thinking (Shapiro & LeBuffe, 

2004).  Items are rated on a 5-point Likert scale 

(from “never” to “almost always”) and yield 

standard scores with T-score interpretation.  
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Taking advantage of Likert-scale with same 

options across items, we only included item stem 

and its domain information as a text input 

enabling the model items as unified constructs and 

deeper theta-text interaction. Item stems were 

paired with the item’s domain label (e.g., 

“Domain: Self-Awareness”) to provide semantic 

context. The resulting domain-qualified text was 

used as input features in training the model to 

predict graded response probability distribution 

overall possible options (see Figure A2). 

Calculate Conditional IRT Probabilities 

To generate model training targets, we used the 

GRM (Samejima, 1969) to compute the 

conditional probability of each ordinal response 

category. A total of 1,000 examinee ability levels 

( 𝜽 ) were sampled from a standard normal 

distribution 𝑁(𝜇 = 0, 𝜎2 = 1) , which closely 

approximates the ability distribution of the target 

population, 𝜇 = −0.002, 𝜎2 = 0.98. 

For each item-person pair, we used the item's 

GRM parameters, discrimination parameter 𝑎𝑖 

and threshold parameters 𝑏𝑖𝑘 , to compute the 

probability of a response in category 𝑘 as given in 

equation 1. This yields a vector of conditional 

probabilities across all response categories for 

each item-𝜃 pair. These probability vectors were 

used as target labels in training the model to 

emulate the GRM response function. 

Fine-tune transformers with item features and 

theta 

The fine-tuning pipeline employs DeBERTa-base 

as the text encoder, leveraging its disentangled-

attention backbone to yield a 768-dim CLS 

embedding that captures both content and 

relative-position information efficiently (He et al., 

2021). To make the single latent-ability estimate 

𝜃 competitive in that high-dimensional space, the 

model feeds 𝜃  through a dedicated 

“ThetaEncoder” sub-network before 

concatenation. This process let the network learn 

either a simple or a richly nonlinear 

transformation as needed. It is first passed through 

three hidden layers (sizes 64 → 128→ 256 with 

GELU activations, LayerNorm, and dropout 

followed by tanh), producing a 𝜃-embedding that 

shares scale and distributional properties with the 

transformer hidden states. This vector is 

concatenated with the original CLS embedding, 

giving a 1536-dim joint feature on which a 

dropout-regularized linear head (1536 → 5) 

predicts raw logits that are converted to predictive 

probabilities via soft-max before any loss is 

computed. Optimization uses cross-entropy with 

soft targets: for every training example the target 

distribution is the five-category probability vector 

produced by Samejima’s graded-response IRT 

model, and the loss 

𝐶𝐸𝐿 =  − ∑ 𝑃𝑘
𝑘

𝑙𝑜𝑔𝑃̂𝑘 
(3) 

 

encourages the network to reproduce the entire 

curve rather than just the arg-max label. Because 

𝜃 now enters through hundreds of weights instead 

of one and the loss supplies dense probabilistic 

feedback, the model learns item-specific category 

curves that vary smoothly with ability. 

Generate Item Responses 

Once the fine-tuned LLM model has produced a 

five-element probability vector 𝑃̂𝑖𝑗𝑘 =

(𝑃̂𝑖𝑗0, … , 𝑃̂𝑖𝑗4) for examinee 𝑗 on item 𝑖, to mimic 

human-like stochasticity probability based 

sampling is used to generate a concrete response 

rather than deterministic arg-max which can 

distort the latent-response surface and inflate 

slope estimates later in calibration. A complete 

response matrix is produced in this way for both 

training and field-test items for further 

psychometric analysis.  

3 Methods 

This study uses DESSA items to simulate a 

scenario where some set of previously calibrated 

items are available for training, while a smaller set 

of new items, represented only by their text, 

requires field-testing. Item parameters derived 

from prior field-testing are treated as true item 

parameters for both training and evaluation. 

The dataset included 50 DESSA items, a 

standardized, strength-based behavioral rating 

scale developed to assess social-emotional 

competencies in children and adolescents. The 

instrument encompasses eight empirically derived 

domains: self-awareness, social awareness, self-

management, goal-directed behavior, relationship 
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skills, personal responsibility, decision making, 

and optimistic thinking. Each item is rated on a 5-

point Likert scale (from “never” to “almost 

always”). All items had been previously 

calibrated using the GRM based on responses 

from a nationally representative sample of 1,350 

middle school students. Among the 1,350 

respondents, 2.5 %, 8.4 %, 26.3 %, 35.0 %, and 

27.7 % endorsed categories 0, 1, 2, 3, and 4, 

respectively. Overall, nearly two-thirds of the 

calibration sample endorse the item at a high 

level, while only about one in ten fall at the 

negative end of the scale. 

To simulate the field-testing context, the items 

were randomly divided into 85% training items 

(𝑛 = 38) and 15% field-test items (𝑛 = 12), with 

the constraint that the field-test subset included at 

least one item from each SEL domain. The 

training items served as calibrated, operational 

items, used to fine-tune the language model and 

anchor the score scale during calibration. The 

field-test items, excluded from model training, 

represented new, uncalibrated items used to 

evaluate model generalization and calibration 

accuracy. 

The DeBERTa-base model (He et al., 2021) was 

fine-tuned using the item features (domain label 

and item text) from the 38 training items, along 

with 1,000 latent ability values (𝜃) sampled from 

a standard normal distribution, 𝑁(0,1) , which 

reflects the target population’s ability distribution. 

The AdamW optimizer (Loshchilov & Hutter, 

2017) was used to minimize the CEL between the 

GRM-derived target probabilities and the model’s 

predictions (James et al., 2023). Fine-tuning was 

conducted using the PyTorch library (Paszke et 

al., 2019) on a Google Colab Pro instance 

equipped with a NVIDIA A100 Tensor Core 

40GB GPU. The model was trained for 15 epochs 

with a batch size of 16 per device, a learning rate 

of 2 × 10−5 , and a weight decay of 0.01. Item 

response data were generated based on 𝑃̂𝑖𝑗𝑘  for all 

training and field-test items.  

To assess the psychometric quality of the 

generated data, field-test items were calibrated 

using the GRM. (Samejima, 1969). The mean and 

variance of the latent ability ( 𝜃)  were freely 

estimated, while the parameters of the training 

items were anchored by fixing them to their 

known discrimination (𝑎𝑖 ) and threshold (𝑏𝑖𝑘 ) 

values, ensuring that field-test items were placed 

on the same scale. Calibration was conducted 

using the mirt package in R (Chalmers, 2012). 

Item parameters previously obtained from field-

testing with real human examinees were treated as 

true values. Estimates derived from the model 

were evaluated against these true values using 

mean signed bias, mean absolute error (MAE), 

root mean squared error (RMSE), and Pearson 

correlation coefficients (𝑟) for each parameter. 

4 Results 

Table A1 shows that the average item parameters 

are generally comparable between the training (38 

items) and testing sets (12 items). Standard 

deviations are also consistent across sets, with 

slightly more variation in the testing items’ 

thresholds, likely due to fewer items. Overall, 

these similarities suggest that the item parameter 

distributions are almost balanced across the 

training and testing subsets. 

Figure 1 demonstrates that the model’s predicted 

probabilities track the true category probabilities 

almost perfectly in testing set (r = 0.97). The 

better trend observed on the training set (r = 0.99), 

too. This tight alignment indicates that the model 

captured the underlying response tendencies with 

high fidelity which is an essential prerequisite for 

downstream psychometric uses such as stochastic 

response simulation and item‐parameter recovery.  

However, when we translated these well-

calibrated probability vectors into single 

categorical responses (via one draw per item to 

 

Figure 1: Predicted versus True Probabilities 
across Response Categories for Testing Items 
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mimic human variability rather than using 

deterministic arg-max sampling), discrimination 

among adjacent score levels became more 

challenging, especially for the rarer categories (0-

1). Table A2 details this pattern, reporting 

precision, recall, and F1 for every category, 

together with the overall Cohen’s κ that reflects 

agreement beyond chance. In brief, the model 

delivers highly calibrated probabilities and 

moderate-to-strong categorical accuracy where it 

matters most (levels 2–4), while the expected drop 

in metrics for the low-frequency categories 

reflects both class imbalance and the deliberate 

injection of sampling noise. 

 

Figure 2 showing field test items’ predicted and 

true IRT parameters and Table 1 indicating 

overall numerical fit indices of those parameters 

together provide a consistent picture. For 

discrimination parameter (a), estimates were 

weakly and negatively correlated with the true 

values ( r = –0.13 ), showing both noticeable 

scatter in Figure 2 and moderate error (RMSE ≈ 

0.33). The slight negative bias ( −0.07 ) and 

compressed range suggested the model flattens 

steep items and inflates shallow ones. For 

difficulty thresholds (b’s), recovery improved 

monotonically from 𝑏₁ to 𝑏₄. The first threshold 

was the noisiest (𝑅𝑀𝑆𝐸 ≈  0.59, 𝑟 =  0.28), but 

accuracy doubled for the upper thresholds (𝑏₃, 𝑏₄) 

where RMSE fell below 0.25 and correlations 

climbed above 0.60. The bias pattern was small 

and positive for 𝑏₂ − 𝑏₄, implying a slight right-

shift of predicted step locations. Overall, slopes 

were poorly recovered, whereas later thresholds 

were estimated with moderate precision; early 

thresholds remained a concern. 

Figure 3 overlays the true (solid) and predicted 

(dashed) category response curves for a sample of 

items. For most items the ordering of curves was 

preserved and each predicted peak occurred near 

the true modal 𝜃 , confirming that the threshold 

structure was broadly captured. Consistent with 

the numeric bias, predicted curves often shift 

rightward, especially for the 𝑏₁  and 𝑏₂  steps, 

causing lower categories to dominate a wider 𝜃-

range than intended. Flattened peaks and broader 

overlaps reflected the underestimated 

discriminations, explaining why slope recovery 

was weak yet the model still yielded plausible 

probabilities. 

5 Conclusions 

AI-based field-testing approach in this study aims 

to improve the efficiency of traditional pretesting 

by simulating human examinee responses using 

AI, thereby reducing or if possible, eliminating 

the need for large-scale human data collection. 

Specifically, we investigated if the proposed 

approach could emulate graded response model 

by using a single DeBERTa-base model with item 

text and examinee 𝜃  to generate realistic 

responses to Likert-type rating scale items. The 

current study demonstrated that IRT statistics 

Parameter Bias MAE RMSE r 

a -0.07 0.30 0.33 -0.13 

𝑏1 -0.06 0.48 0.59 0.28 

𝑏2 0.05 0.31 0.37 0.57 

𝑏3 0.05 0.19 0.24 0.63 

𝑏4 0.07 0.17 0.21 0.73 

Table 1. Parameter Recovery Metrics for Testing 

Items 

 

 

Figure 2: Scatterplots of Predicted versus True 

Item Parameters for Testing Items 

 

 

 

Figure 3: Predicted versus True Category Curves 

by Testing Items 
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derived from AI-generated responses show 

moderate alignment with those obtained from 

human examinees. This suggests that the 

proposed architecture can approximate key 

features of human response behavior in rating-

scale assessments and serve as a scalable tool for 

early-stage item evaluation. 

Item-parameter recovery paints a nuanced picture: 

the model captures later thresholds (𝑏₃ − 𝑏₄) with 

reasonable precision (𝑅𝑀𝑆𝐸 ≤  0.25, 𝑟 ≥  0.63) 

and preserves the qualitative ordering of category 

response curves, yet it underestimates 

discrimination (𝑎) and the earliest threshold (𝑏₁). 

These findings suggest that the architecture 

faithfully encodes item difficulty structure but 

still compresses slope information, a pattern 

consistent with the “flattened ICC” or items with 

negative discriminations documented in 

transformer-generated response data (Byrd & 

Srivastava, 2022; Maeda, 2025). 

This study, while promising, has several 

limitations that warrant consideration. First, the 

item pool was restricted to a small set of Likert-

type social-emotional learning items, limiting the 

generalizability of findings to other domains. 

Second, although the use of stochastic sampling 

from predicted probabilities offers a realistic 

alternative to deterministic predictions, it also 

introduces additional variance that can inflate 

classification error and reduce parameter recovery 

precision. Future implementations should 

incorporate multiple draws from the predicted 

probability distributions to reduce Monte Carlo 

variance by using Rubin’s Rule (1987). Third, 

item parameter estimation was conducted on a 

relatively small number of training and testing 

items, which may limit the robustness of recovery 

analyses, particularly for slope parameters. 

Benedetto (2023) showed that the predictive 

power of transformers increased with increasing 

training sample size; therefore, the results of the 

current study may increase with larger number of 

training items. Finally, the study relied on a single 

pretrained DeBERTa model; further work is 

needed to explore how different model 

architectures, sizes, and fine-tuning strategies 

influence response quality and psychometric 

fidelity. 

By modeling probabilistic item responses through 

a single transformer-based model and evaluating 

their psychometric viability, this study offers a 

scalable pathway toward AI-enhanced pretesting 

workflows. While improvements are needed, 

particularly in recovering item discriminations, 

the strong probability calibration and promising 

threshold estimates position this approach as a 

compelling tool to reduce workload and improve 

the speed and consistency in the traditional field-

testing pipelines, especially in low-resource or 

early development contexts. 
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 Parameters Training 

Items 

Testing 

Items 

All 

Items 

Mean a 1.49 1.56 1.51 

𝑏1 -3.32 -3.36 -3.33 

𝑏2 -1.94 -2.07 -1.97 

𝑏3 -0.47 -0.60 -0.50 

𝑏4 0.96 0.79 0.92 

SD a 0.28 0.31 0.28 

𝑏1 0.70 0.45 0.65 

𝑏2 0.52 0.39 0.49 

𝑏3 0.40 0.31 0.38 

𝑏4 0.40 0.30 0.38 

Table A1: Descriptive Statistics of Calibrated 

Item Parameters by Dataset 

Data Category Precision Recall F1-

Score 

Kappa r 

Training 0 0.13 0.12 0.13 0.16 0.99 

1 0.22 0.23 0.22 

2 0.36 0.35 0.36 
3 0.39 0.39 0.39 

4 0.48 0.49 0.49 

Testing 0 0.08 0.07 0.08 0.16 0.97 

1 0.19 0.21 0.20 

2 0.35 0.36 0.35 

3 0.38 0.39 0.38 

4 0.52 0.50 0.51 

Table A2: Per-category Classification Metrics with 

Overall Cohen’s κ and Probability Correlation 
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Figure A1: AI-Based Field-Test Data Generation 

Pipeline 

 

 

An example of DESSA items: 

Domain: Self-Awareness 

I can recognize my strengths. 

0. Never 

1. Rarely 

2. Sometimes 

3. Often 

4. Almost Always 

 

Text consumed by the LLM model after 

processing item features data: 

Domain: Self-Awareness Item: I can recognize my 

strengths. 

Figure A2: DESSA Item Example and 

Corresponding Preprocessed LLM Input Text 
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Abstract 

Using Multi-Facet Rasch Modeling on 
36,400 safety ratings of AI-generated 
conversations, we reveal significant racial 
disparities (Asian: 39.1%, White: 28.7% 
detection rates) and content-specific bias 
patterns. Simulations show that diverse 
teams of 8-10 members achieve over 70% 
reliability versus 62% for smaller 
homogeneous teams, providing 
preliminary evidence-based guidelines for 
AI-generated content moderation. 

1 Background 

As conversational AI systems proliferate, 
ensuring reliable human evaluation of AI-
generated content safety becomes critical. Modern 
generative AI systems like LaMDA rely heavily on 
human judgment to assess response safety, 
particularly for nuanced content requiring 
contextual understanding. However, the 
demographic composition of evaluation teams and 
its impact on AI safety assessment remains 
understudied. 

Recent work documents bias in content 
moderation (Aroyo et al., 2023; Goyal et al., 2022), 
but few studies examine how rater demographics 
affect evaluation of AI-generated conversational 
content specifically. This distinction matters 
because AI-generated conversations present unique 
challenges: subtle harmful content, contextual 
nuances, and adversarial prompting designed to 
elicit unsafe responses. 

The Diversity in Conversational AI Evaluation 
for Safety (DICES) dataset (Aroyo et al., 2023) 
established foundations for understanding 

demographic effects in AI safety evaluation but 
lacks detailed bias analysis or reliability 
optimization guidelines. Prior research shows 
significant demographic disparities in toxicity 
ratings, particularly affecting African American 
and LGBTQ populations (Goyal et al., 2022), yet 
the interaction between rater demographics and AI 
conversation characteristics remains unexplored. 

2 Aims 

This study addresses three critical research 
questions: 

1. Quantify human rater disparities: Do 
significant demographic differences exist 
in safety detection rates for AI-generated 
conversations, and what is their 
magnitude? 

2. Identify content-specific patterns: How 
do demographic bias patterns vary across 
different AI conversation topics (health, 
political, legal, racial content, etc.)? 

3. Optimize rater team composition: What 
rater team configurations achieve optimal 
reliability while maintaining demographic 
diversity for AI safety evaluation? 

We employ Multi-Facet Rasch Modeling 
(MFRM) to simultaneously model rater, 
conversation types, and demographic effects while 
providing actionable guidelines for assembling 
effective AI-generated content safety evaluation 
teams. 

3 Sample(s) 

We analyze the DICES-350 dataset (Aroyo et al., 
2023) containing safety evaluations of 350 

Bias and Reliability in AI Safety Assessment:  
Multi-Facet Rasch Analysis of Human Moderators 
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adversarial human-AI conversations generated 
using Google's LaMDA. It is a relatively new 
dataset from NeurIPS that is gaining traction in the 
field. The dataset includes: 

3.1 Conversations 

Three hundred and fifty (n=350) multi-turn 
interactions were created as the corpus data by 
human agents instructed to generate adversarial 
prompts designed to elicit unsafe responses. 
Conversations span health (8%), political (18%), 
racial (25%), gender/sexual (14%), legal (3%), 
violence (1%), and miscellaneous (30%) topics. 
Expert annotations indicate 40% benign, 20% 
debatable, 20% moderate, and 20% extreme harm 
levels. 

3.2 Raters 

One hundred and four (n=104) demographically 
diverse raters provided 36,400 total safety 
judgments. Demographics were consolidated for 
statistical power based on initial exploratory 
analysis results: 

 Race: Asian (n=21), White (n=25), Other 
races (n=58, including Black/African 
American, Latin X, Latino, Hispanic or 
Spanish Origin, and Multiracial) 

 Age: GenZ 18-24 (n=49), Millennial 25-
34 (n=28), GenX+ 35+ (n=27) 

 Gender: Male (n=47), Female (n=57) 

3.3 Ratings 

Granular safety assessments were collected from 
the raters across conversation legibility, harmful 
content (8 sub-questions), unfair bias (4 sub-
questions), misinformation, political affiliation, 
and policy violations using three-point scales 
(No/Unsure/Yes). 

4 Methods 

4.1 Multi-Facet Rasch Analysis 

We implemented MFRM using generalized linear 
mixed models with logistic regression: 

 𝑙𝑜𝑔𝑖𝑡 ቀ𝑃൫𝑢𝑛𝑠𝑎𝑓𝑒௥௔௧௜௡௚ =  1൯ቁ =  𝛽଴ +  𝛽ଵ(𝑟𝑎𝑐𝑒) +

 𝛽ଶ(𝑐𝑜𝑛𝑡𝑒𝑛𝑡) +  𝛽ଷ(𝑔𝑒𝑛𝑑𝑒𝑟) +
                                𝛽ସ(𝑟𝑎𝑐𝑒 ×  𝑐𝑜𝑛𝑡𝑒𝑛𝑡) +

 𝛽ହ(𝑔𝑒𝑛𝑑𝑒𝑟 ×  𝑐𝑜𝑛𝑡𝑒𝑛𝑡) +
                                (1|𝑟𝑎𝑡𝑒𝑟) +  (1|𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑜𝑛)  (1) 

 This simultaneously estimates conversation 
difficulty (random effect), rater severity (random 

effect), racial bias (fixed effects), content-
specific bias (interaction terms), and gender 
effects. Model fitted using maximum likelihood 
estimation in R (lme4 package). 

4.2 Empirical Reliability Simulation 

We developed bootstrap simulation using real 
rating patterns: 

1. Sample teams from actual demographic 
distributions (3-10 members) 

2. Calculate pairwise reliability for multiply 
rated conversations 

3. Estimate consensus via majority vote 
aggregation 

4. Bootstrap replicates across 500 iterations 
for stable estimates 

We tested 12 team configurations across four 
content types, simulating realistic AI safety 
evaluation scenarios. 

5 Results 

5.1 Demographic Effects 

Our MFRM analysis reveals differential patterns 
across demographic groups in safety detection of 
AI-generated conversational content. The model 
achieved excellent fit (AIC: 9,716.9, BIC: 9,933.2) 
with successful convergence across all parameters. 

Primary Demographic Effects: While we 
analyzed race, age, and gender effects 
simultaneously, racial differences emerged as the 
most substantial and consistent predictor of safety 
detection patterns. Age effects were modest (GenZ 
vs Millennial: β = -0.12, p = 0.67; GenX+ vs 
Millennial: β = +0.08, p = 0.78), and gender effects 
were non-significant (Male vs Female: β = -0.03, p 
= 0.85). Based on these preliminary findings and 
space constraints, we focus our detailed analysis on 
racial bias patterns, which showed the strongest 
effects and clearest interaction patterns with 
content types. 

Figure 1 shows the box plots of rater severity (in 
logits) across 28 demographic subgroups defined 
by combinations of race/ethnicity, gender, and age, 
revealing systematic differences in how different 
demo groups evaluate AI-generated content. 
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Figure 1: Rater severity by rater demographics 

Safety Detection Rate Disparities: Asian raters 
demonstrated the highest safety detection rates at 
39.1%, followed by Other races at 33.9%, and 
White raters at 28.7%. These differences represent 
substantial effect sizes, with Asian raters being 
36% more likely to identify safety concerns in AI-
generated conversations compared to White raters, 
and 15% more likely than Other race raters. 

Figure 2 below shows harm detection rates 
across various content categories by racial group, 
revealing substantial variation in detection patterns 
both within and across demographic groups, with 
notably higher detection rates for certain harm 
types like legal issues and violent content. 

 

Figure 2: Harm detection rate by content type and 
race. 

Statistical Significance: The racial effects were 
statistically significant in the expected direction: 

• Other Race vs Asian: β = -0.73, SE = 0.38, 
p = 0.059† 

• White vs Asian: β = -1.05, SE = 0.47, p = 
0.025* 

These findings suggest that raters’ race 
significantly influences the perceived safety of AI-
generated conversational content, with important 
implications for AI safety evaluation team 
composition. 

5.2 Content-Specific Bias 

A critical finding is that racial bias in AI safety 
assessment varies significantly across conversation 
topics, challenging assumptions of uniform 
demographic effects across all AI-generated 
content. 

Significant Race × Content Interactions: 
• Other Race × Miscellaneous content: β = 

+0.57, SE = 0.23, p = 0.013* (Non-
Asian/White raters more likely to detect 
safety issues in general AI conversations) 

• White × Health content: β = +0.68, SE = 
0.39, p = 0.076† (White raters trend 
toward higher detection in health-related 
AI conversations) 

• Other Race × Political content: β = +0.47, 
SE = 0.25, p = 0.062† (Non-Asian/White 
raters are stricter rating political AI 
content) 

Figure 3 below illustrates the significant race × 
content interactions, where Other Race raters show 
heightened detection for miscellaneous (β = +0.57) 
and political content (β = +0.47), while White 
raters demonstrate increased sensitivity to health-
related content (β = +0.68), revealing content-
specific deviations from the overall pattern of 
Asian raters having highest detection rates. 

 

Figure 3: Harm detection probability by race and 
content type 

AI Content Difficulty Hierarchy: Also shown 
in Figure 3 above, among AI-generated 
conversations, legal content showed highest 
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baseline safety detection rates (β = +1.91), 
followed by violence-related (β = +1.52) and health 
content (β = +0.90), with gender/sexual AI 
conversations being most difficult to assess for 
safety violations (baseline category). 

These interaction effects suggest that bias in AI 
safety evaluation is not uniform but depends 
critically on the topic and content type of AI-
generated conversations, requiring content-specific 
approaches to bias mitigation in AI evaluation 
workflows. 

5.3 Simulation-Based Evidence for Rater 
Team Configuration and Reliability 

Our empirical reliability simulation demonstrates 
that rater team composition significantly impacts 
the reliability of AI safety assessments, with clear 
patterns visible across multiple dimensions. 

Team Size Effects for AI Safety Evaluation: 
The visualization (top left panel) in Figure 4 below 
reveals a consistent upward trend in reliability as 
team size increases across all content types, with 
diminishing returns at larger sizes: 

• Teams of 10: 70.3% mean reliability 
(convergence point for all content types) 

• Teams of 9: 69.5% mean reliability 
• Teams of 8: 69.0% mean reliability 
• Teams of 6: 65.8% mean reliability 
• Teams of 3: 62.2% mean reliability 

 

Figure 4: Empirical Reliability Simulation 
Analysis for Optimal Rater Team Design for AI-
Generated Content Moderation. 
 

Optimal Configurations for AI Safety Teams: 
The heatmap analysis (Figure 4, middle panel) 
clearly identifies two configurations that achieve 
the critical ≥70% reliability threshold: 

1. Asian:4 Other:3 White:3 (10 members): 
70.3% mean reliability - the top performer 
across all content types 

2. Asian:3 Other:3 White:2 (8 members): 
70.1% mean reliability - demonstrating 
cost-effective excellence 

Content-Specific Reliability Patterns: Box 
plot analysis (Figure 4, top right panel) reveals 
systematic differences in evaluation difficulty 
across AI conversation types: 

• Racial AI content: 67.0% mean reliability 
(highest, tightest distribution) 

• Political AI content: 66.6% mean 
reliability (moderate variability) 

• Miscellaneous AI content: 66.0% mean 
reliability (moderate variability) 

• Health AI content: 65.2% mean 
reliability (lowest, highest variability) 

The heatmap confirms these patterns, with racial 
content consistently showing the highest reliability 
values (yellow/orange cells) across all team 
configurations, while health content shows the 
lowest values (purple/blue cells). 

Reliability Thresholds for AI Evaluation: 
Only 17% of tested rater team configurations (2 out 
of 12) achieved ≥70% reliability, with performance 
ranging from 60.4% to 71.3%. The top 6 
configurations all required balanced demographic 
representation and achieved 66.4%-70.3% 
reliability, indicating that 70% represents a 
practical upper bound for AI safety evaluation. 

Diversity-Reliability Relationship: The scatter 
plot analysis (Figure 4, bottom panel) demonstrates 
a clear positive relationship between team 
demographic diversity (Shannon entropy) and 
mean reliability (r = 0.579, p < 0.01). Larger, more 
diverse teams (represented by bigger circles in the 
upper right) consistently outperform smaller, less 
diverse configurations, providing quantitative 
evidence that demographic diversity enhances 
rather than hinders AI safety evaluation 
performance. 

6 Conclusions 

This preliminary study provides the first 
comprehensive analysis of human rater 
demographic bias and team reliability in AI-
generated conversational content safety assessment 
using Multi-Facet Rasch Modeling. Our key 
findings, supported by detailed analysis and 
visualizations showing clear trends and patterns, 
demonstrate: 
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1. Significant racial disparities exist in AI 
safety assessment, with Asian raters 36% 
more likely to detect safety concerns in AI-
generated content than White raters 

2. Content-specific bias patterns in AI-
generated content evaluation require 
targeted mitigation strategies, with racial 
content consistently achieving highest 
reliability and health content presenting 
greatest challenges 

3. Optimal AI safety rater team 
composition involves minimum 8-10 
diverse raters to achieve ≥70% reliability, 
with empirical simulation evidence 
showing convergence across content types 
at this threshold 

4. Diversity enhances reliability in AI 
safety evaluation, with a strong positive 
correlation (r = 0.579) between team 
diversity and performance 

Empirical reliability simulation analysis results 
provide practitioners with actionable guidance for 
team assembly, clearly demonstrating the 
reliability benefits of larger, diverse teams and 
content-specific performance patterns that can 
inform specialized evaluation strategies. 

These findings provide evidence-based 
guidelines for assembling fair and reliable AI 
safety evaluation teams. As conversational AI 
systems scale and become more sophisticated, 
understanding and optimizing the human 
evaluation component becomes increasingly 
critical for maintaining both consistency and equity 
in AI safety assessment. 

Our research also establishes a methodological 
framework for bias analysis in AI safety evaluation 
and demonstrates the practical value of 
psychometric approaches for understanding 
complex judgment tasks in AI development. Future 
work should examine intervention strategies for 
bias reduction and extend this analysis to additional 
AI systems and conversation domains. 

The implications extend beyond academic 
research to practical AI development: our findings 
suggest that investing in diverse, appropriately 
sized evaluation teams is not just an ethical 
imperative but a technical requirement for reliable 
AI safety assessment. As the field moves toward 
more sophisticated conversational AI systems, 
these insights will become increasingly valuable 
for ensuring safe and equitable AI deployment. 
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Abstract

We present D-BIRD, a Bayesian dynamic item
response model for estimating student abil-
ity from sparse, longitudinal assessments. By
decomposing ability into a cohort trend and
individual trajectory, D-BIRD supports inter-
pretable modeling of learning over time. We
evaluate parameter recovery in simulation and
demonstrate the model using real-world person-
alized learning data.

1 Introduction

As personalized learning platforms become more
widespread, students increasingly encounter assess-
ments that are short, embedded, and distributed
over time. These settings produce sparse but lon-
gitudinal data, creating new opportunities—and
challenges—for educational measurement. The
emerging goal is no longer just to estimate abil-
ity at isolated time points, but to track how ability
evolves over time, both individually and relative to
peers.

Item response theory (IRT) provides a princi-
pled framework for estimating latent traits such as
ability, but traditional IRT assumes ability is fixed
within and across assessments. Dynamic exten-
sions relax this assumption by modeling ability as
a time-varying stochastic process (e.g., Martin and
Quinn, 2002; Wang et al., 2013; Kim et al., 2023;
Tripathi and Domingue, 2019; Imai et al., 2016;
Sun et al., 2025). However, most existing mod-
els treat students independently or borrow strength
only through global priors, limiting their ability to
capture cohort-level trends.

We introduce D-BIRD (Dynamic Bayesian Item
Response model with Decomposition), a fully
Bayesian dynamic IRT model that decomposes
each student’s ability into two components: a
cohort-level trend capturing shared change over
time, and a student-specific deviation capturing
personalized growth. This structure enables the

model to borrow information across students while
preserving heterogeneity in learning patterns. We
perform posterior inference via Pólya-Gamma aug-
mentation (Polson et al., 2013), which enables effi-
cient sampling and calibrated uncertainty quantifi-
cation for logistic models.

D-BIRD addresses a growing measurement need
in personalized education: estimating learning tra-
jectories in a statistically coherent, interpretable
way—even under sparsity. By explicitly modeling
both shared and individual dynamics, it provides a
foundation for learner feedback, program evalua-
tion, and cohort monitoring.

We validate D-BIRD through simulation and em-
pirical analysis. First, we assess parameter recov-
ery and test its key components via ablation. Then,
we apply the model to K–12 reading data from a
digital learning platform, demonstrating its ability
to recover cohort trends and individual trajectories
under real-world constraints.

2 Model Specification

We present D-BIRD, a dynamic IRT model that
decomposes latent ability into a shared cohort
trend and student-specific deviations evolving over
time. Let Yi,t,j denote the binary response (cor-
rect/incorrect) of student i ∈ {1, . . . , N} at time
t ∈ {1, . . . , T} on item j ∈ {1, . . . , J}. The goal
is to estimate each student’s latent proficiency θi,t
at each time point. The model is defined as:

Yi,t,j ∼ Bernoulli(πi,t,j), (1a)

πi,t,j = logit−1(θi,t − dj), (1b)

θi,t = µt + βi,t, (1c)

∆µt ∼ N (0, σ2
∆µ), (1d)

∆βi,t ∼ N (0, σ2
∆βi

), (1e)
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where ∆µt := µt − µt−1, ∆βi,t := βi,t − βi,t−1,
and dj is the difficulty of item j.1

Equations (1a)–(1b) define a Rasch model
(Rasch, 1980), where the probability of a correct
response depends on the difference between ability
and item difficulty. Like other dynamic extensions
of IRT, D-BIRD embeds this structure within a tem-
poral state-space framework by modeling ability as
a time-indexed latent process. In doing so, it fits
within a broader class of dynamic linear models
(West et al., 1985; West and Harrison, 2006), where
the key modeling choice lies in the prior placed on
the latent trajectory.

In discrete-time settings, common priors over
ability include AR(1) processes, as in Wang et al.
(2013); Sun et al. (2025), and Gaussian random
walks, as in Martin and Quinn (2002) and Kim
et al. (2023), where each student’s ability is mod-
eled as a single latent process with a shared inno-
vation variance. Other work such as Tripathi and
Domingue (2019) has explored continuous-time
priors such as Gaussian processes, which are par-
ticularly relevant when modeling irregularly spaced
assessments. While these approaches support tem-
poral smoothing, they typically assume a uniform
degree of smoothness across individuals and do
not separate shared trends from individual devi-
ations—limiting interpretability when comparing
student growth to broader cohort patterns.

D-BIRD also adopts a random walk over ability
but structures it differently from prior models. Its
key innovation is an additive decomposition of abil-
ity into two components (Equation 1c): (1) a cohort
trend µt, shared across all students and capturing
group-level change, and (2) a student-specific devi-
ation βi,t, representing individual progress relative
to that trend. Both components evolve over discrete
time as Gaussian random walks with distinct inno-
vation variances: µt with a shared variance σ2

∆µ

(Equation 1d), and βi,t with student-specific vari-
ances σ2

∆βi
(Equation 1e). This structure allows

for heterogeneous smoothness across individuals
while situating trajectories within a common tem-
poral reference.

This decomposition allows D-BIRD to be both
flexible and interpretable. It accommodates het-
erogeneity in student-level learning while support-

1We assume item difficulties dj are known a priori, re-
flecting common practice in operational assessments where
items are pre-calibrated and drawn from a stable pool. While
D-BIRD can be extended to estimate item parameters jointly,
we focus here on ability estimation under known difficulties.

ing cohort-based comparisons and population-level
monitoring. In doing so, D-BIRD offers a princi-
pled framework for measuring learning progress
over time—balancing individualized adaptation
with shared structure across the student population.

3 Inference

We perform fully Bayesian inference for the
model specified in Equation (1). Let the
observed responses be denoted by y :=
{yi,t,j}i=1,...,N ; t=1,...,T ; j=1,...,J . The primary la-
tent variables include the cohort-level trajectory
µ := {µt}Tt=1 and the student-specific deviations
β := {βi,t}i=1,...,N ; t=1,...,T .

Prior specification. Initial values follow Gaus-
sian priors: µ1 ∼ N (0, σ2

µ) and βi,1 ∼ N (0, σ2
βi
).

Subsequent values evolve via Gaussian random
walks:

µt ∼ N (µt−1, σ
2
∆µ), βi,t ∼ N (βi,t−1, σ

2
∆βi

).

Variance components include:

• σ2
µ: initial variance of the cohort trend,

• σ2
β := {σ2

βi
}: initial variances for student-

specific offsets,

• σ2
∆µ: innovation variance for the cohort trend,

• σ2
∆β := {σ2

∆βi
}: innovation variances for

individual trajectories.

We place improper scale-invariant priors
p(σ2) ∝ 1/σ2 on the innovation variance terms,
following the Jeffreys prior (Jeffreys, 1946). This
prior is widely used in hierarchical Bayesian mod-
els for its invariance under scale transformations
and its flexibility in allowing the smoothness of
latent trajectories to be learned from the data. It
also enables efficient Gibbs sampling via conju-
gate inverse-gamma updates. While improper and
non-regularizing, this prior performs well when
sufficient longitudinal data are available per indi-
vidual (Gelman, 2006), as is typically the case in
our setting. By contrast, we place half-Cauchy pri-
ors with scale 1, C+(0, 1), on the initial variance
parameters σ2

µ and σ2
β , to provide regularization

and support stable estimation at the first time point.
The full posterior is:

p(µ,β, σ2
µ, σ

2
∆µ,σ

2
β,σ

2
∆β | y).
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Pólya-Gamma data augmentation. To address
the non-conjugacy of the Bernoulli-logistic likeli-
hood, we adopt the Pólya-Gamma (PG) data aug-
mentation framework of Polson et al. (2013). Each
observation likelihood can be re-expressed as:

f(yi,t,j |µt, βi,t, dj)

=
exp{(µt + βi,t)− dj}yi,t,j
1 + exp{(µt + βi,t)− dj}

.

∝
∫ ∞

0
exp

{
κi,t,j((µt + βi,t)− dj)

}

exp

{
− ω((µt + βi,t)− dj)

2

2

}
p(ω)dω,

∝
∫ ∞

0
N (κi,t,j |ω(θi,t + βi,t − dj), ω)p(ω)dω,

where κi,t,j = yi,t,j − 1
2 and ω ∼ PG(1, 0). The

Pólya-Gamma distribution with parameters b > 0
and c ∈ R, is denoted as PG(b,c), is defined as

X
D
=

1

2π2

∞∑

k=1

gk
(k − 1/2)2 + c2/4π2

,

where the gk ∼ Gamma(b, 1) and D
= denotes equal-

ity in distribution.
We exploit the banded structure of the random

walk priors to perform efficient Gibbs sampling
using the sparse Cholesky algorithm of Rue (2001).
Each iteration scales linearly in the number of stu-
dents N and time steps T . This structure, com-
bined with the conjugacy induced by PG augmen-
tation, enables exact posterior inference even in
high-dimensional settings. PG-based samplers are
also geometrically ergodic (Wang and Roy, 2018),
providing theoretical guarantees for convergence.

3.1 Comparison with alternative methods

Fully Bayesian inference offers calibrated uncer-
tainty estimates, which are particularly valuable in
sparse data settings. However, exact inference in
logistic IRT models is challenging due to the non-
conjugacy of the likelihood and the high dimen-
sionality introduced by dynamic latent structures.

General-purpose samplers such as the No-U-
Turn Sampler (NUTS) (Hoffman and Gelman,
2014), implemented in Stan (Carpenter et al., 2017),
are widely used for models with complex posteri-
ors due to their automatic tuning and robust con-
vergence properties (Livingstone et al., 2019; Neal
et al., 2011). Yet these methods are often computa-
tionally infeasible for high-dimensional, structured

time-series models like dynamic IRT due to poor
scaling and slow mixing (Thomas and Tu, 2021;
Sacher et al., 2021).

To improve scalability, many existing dynamic
IRT models adopt approximate inference: Wang
et al. (2013) approximate the likelihood using a
mixture-of-normals; Imai et al. (2016) and Kim
et al. (2023) use variational inference. While effi-
cient, these methods may introduce bias and under-
state posterior uncertainty.

In contrast, Pólya-Gamma augmentation enables
exact posterior inference by transforming the logis-
tic likelihood into a conditionally Gaussian form.
This allows conjugate updates for latent trajectories
and variance components, making it well-suited
to dynamic IRT models like D-BIRD. Although
less flexible than black-box or amortized inference
approaches, PG-based Gibbs sampling provides a
tractable, theoretically grounded alternative that
supports full Bayesian inference at scale.

4 Simulation Study

4.1 Design

We conduct a simulation study to assess the param-
eter recovery performance of D-BIRD in compari-
son with two baselines:

• Global-RW: No cohort trend; all students
share the same innovation variance (analogous
to the model specification used in Kim et al.
(2023); Martin and Quinn (2002)):

θi,t = βi,t, ∆βi,t ∼ N (0, σ2
∆β).

• Hetero-RW: No cohort trend; each student
has their own innovation variance:

θi,t = βi,t, ∆βi,t ∼ N (0, σ2
∆βi

).

This design allows us to assess how each feature
improves recovery of latent ability trajectories and
model parameters under controlled conditions.

We simulate response data for N = 150 students
over T = 100 sessions, with 10 items per session.
Ability is generated according to the D-BIRD spec-
ification (Equation 1), which includes both a global
cohort trend µt and individualized deviations βi,t.
The cohort trend is simulated as a smooth Gaussian
random walk:

µ1 ∼ N (0, 0.1), ∆µt ∼ N (0, 0.05).
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This latent trend is shared across all students and
governs the population-wide evolution of ability.

To introduce heterogeneity in latent trajectories,
we generate student-specific deviations βi,t with
varying levels of smoothness. Students are split
into two groups: the first 75 have low-variance
random walks (more stable learning), while the
remaining 75 have higher-variance trajectories:

βi,t = β̂i,1 −
1

150

150∑

i=1

β̂i,t

β̂i,1
iid∼ N (0, σ2

βi
),

σ2
βi

∼ Gamma(5, 10),

∆β̂i,t
iid∼ N (0, σ2

∆βi
),

σ2
∆βi

∼
{

Gamma(5, 500), if i ≤ 75 (Group A)

Gamma(5, 10), if i > 75 (Group B).

Figure 1: Simulated latent abilities θi,t for 150 students
over 100 sessions. Orange lines represent the trajecto-
ries of the first 75 students; blue lines correspond to
the remaining 75. The global trend shared across all
students is shown in black.

Figure 1 shows the simulated ability trajectories,
where group differences in smoothness and the
shared cohort pattern are visible. Item difficulties
are drawn from di,j,t ∼ N(θi,t, 0.5).

This design creates a data-generating process
with two key properties: (1) a smooth global tra-
jectory shared across all students, and (2) hetero-
geneous individual learning dynamics. D-BIRD
is designed to exploit both sources of structure,
while the baseline models can only recover one or
the other. Each simulation is replicated 250 times,
and recovery is evaluated using mean squared error
(MSE), empirical coverage (EC), and mean credi-
ble interval width (MCIW).

4.2 Results

Table 1 summarizes model performance across
250 replications. D-BIRD consistently achieves
the lowest mean squared error (MSE), indicat-
ing superior accuracy in recovering latent ability
trajectories. This reflects its ability to capture
both the global trend and student-specific devi-
ations—structure explicitly encoded in the data-
generating process.

By contrast, the Global-RW model performs
worst. Because it assumes a single shared inno-
vation variance and lacks a cohort trend, it cannot
accommodate the observed heterogeneity in trajec-
tory smoothness across students. This mismatch
leads to oversmoothing and inflated error, particu-
larly for students with rapidly changing trajectories.

The Hetero-RW model improves on Global-RW
by allowing individualized evolution variances.
However, it treats each student’s trajectory as inde-
pendent, ignoring the shared global trend present
in the data. As a result, it fails to borrow strength
across students and exhibits higher estimation er-
ror than D-BIRD. In contrast, D-BIRD strikes a
balance: it captures population-level structure via
the cohort trend µt, while flexibly adapting to indi-
vidual variation through student-specific deviations
βi,t. This enables more stable and accurate recov-
ery, especially in the presence of sparse data.

D-BIRD also outperforms both baselines in
terms of uncertainty quantification. It achieves
near-nominal empirical coverage (~96%) with the
narrowest credible intervals, as shown by the lowest
MCIW. Hetero-RW exhibits undercoverage despite
wide intervals, suggesting unstable variance esti-
mation. Global-RW maintains nominal coverage
but at the cost of overly wide intervals, due to its
inability to represent individual variation. Overall,
D-BIRD provides not only more accurate point esti-
mates, but also sharper and more reliable posterior
uncertainty.

5 Empirical Application

We apply D-BIRD to longitudinal assessment data
from a widely used digital K–12 learning platform
to illustrate its practical utility. The goal is to show
how the model recovers interpretable learning tra-
jectories at both the cohort and individual levels
over time. We also compare D-BIRD to static IRT
estimates of ability, highlighting the added insight
gained from dynamic modeling of student ability.
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Model MSE EC MCIW
D-BIRD 0.216 (0.008) 0.960 (0.004) 1.791 (0.03)
Global-RW 0.270 (0.011) 0.944 (0.005) 1.993 (0.054)
Hetero-RW 0.260 (0.013) 0.901 (0.038) 1.801 (0.134)

Table 1: Posterior recovery metrics for student trajectories θi,t, comparing our proposed model, D-BIRD, against
two baselines, Global-RW and Hetero-RW. Metrics include mean squared error (MSE), empirical coverage (EC),
and empirical credible interval width (ECIW), with standard deviations shown in parentheses.

5.1 Data and Setup

Students on the platform begin with a full-length
assessment comprising approximately 25 items
drawn from a pre-calibrated Rasch item pool.
Based on these initial estimates of ability, students
are assigned a personalized instructional sequence,
with each module followed by a brief 5-item quiz.
Full-length assessments are re-administered peri-
odically, providing updated proficiency estimates
from static IRT and allowing for instructional adap-
tation. All item difficulties are known and ex-
pressed in Rasch logits.

In our analysis, we focus on two co-
horts—Kindergarten (Grade 0) and Grade 5—to
capture developmental contrasts in growth patterns.
For both cohorts, we restrict the sample to students
who completed at least four full-length assessments
and truncate time series at 40 weeks. The final an-
alytic sample includes 101 Kindergarten students
and 311 Grade 5 students. For Kindergarten, the
median observation span was 37 weeks, with a me-
dian of 19 active weeks and 10 responses per active
week. For Grade 5, the median span was 39 weeks,
with 20 active weeks and 14 responses per active
week.

5.2 Methods

To establish a static IRT baseline, we estimate each
student’s ability at the time of each full-length
assessment using a Rasch model with the pre-
calibrated item difficulties. Specifically, we com-
pute the maximum a posteriori (MAP) estimate of
ability under a logistic item response function and
a Gaussian prior θ ∼ N (0, 52). These estimates
serve as snapshot summaries of student proficiency
at irregular time points and are used for visual com-
parison with dynamic trajectories estimated by D-
BIRD.

We then fit D-BIRD separately for each cohort,
using the Bayesian inference procedure described
in Section 3. The model is estimated using 10,000
burn-in iterations followed by 10,000 posterior

Figure 2: Estimated cohort-level ability trends µt for
Kindergarten and Grade 5. Bands show 95% credible
intervals.

samples. We use the pre-calibrated item difficulties
provided by the platform. D-BIRD yields poste-
rior distributions for both the cohort-level trend µt

and the individual-specific deviations βi,t at weekly
resolution.

5.3 Results
5.3.1 Cohort-Level Trends
Figure 2 shows the estimated cohort-level trends
and their 95% credible intervals over the 40-week
period for Kindergarten and Grade 5 cohorts. As
expected, Kindergarten students exhibit lower base-
line ability (µ̂G0

1 = −2.34; 95% CI: [-2.55, -2.12])
than Grade 5 students (µ̂G5

1 = 0.39; 95% CI: [0.30,
0.49]). Kindergarten students exhibited steady
growth (mean slope = 0.026 logits/week), while
Grade 5 trends were flatter (mean = 0.018 log-
its/week), suggesting slower average gains.

5.3.2 Individual Ability Trajectories
Figures 3a and 3b present D-BIRD ability trajec-
tories for selected students in Kindergarten and
Grade 5, respectively.

Kindergarten cohort. Students 26 and 85 both
show upward trends in their static IRT scores, but
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(a) Kindergarten (b) Grade 5

Figure 3: Estimated ability trajectories for selected students in Kindergarten (left) and Grade 5 (right). Red lines
represent D-BIRD posterior means of ability with 95% credible intervals; blue lines show estimated cohort trend
with 95% credible intervals. White circles indicate static IRT estimates from full-length assessments, connected by
dashed lines for visual continuity (not model-derived).

D-BIRD reveals important distinctions. While Stu-
dent 26 tracks closely with the cohort trend, Stu-
dent 85 consistently outperforms it—something
obscured without the group-level benchmark. In
contrast, Student 5 appears to decline over time,
falling further below the cohort average.

Static scores for Students 13, 18, and 26 ap-
pear similar at first glance, but D-BIRD uncovers
meaningful differences in learning dynamics and
uncertainty. Student 13 and 18 both show a mid-
year dip, suggesting potential struggle despite an
upward endpoint. Student 18’s wide posterior band
reflects high uncertainty due to sparse data. Student
26 maintains steady growth in line with the cohort,
highlighting the value of interpreting performance
in temporal and contextual terms.

Grade 5 cohort. Students 36, 57, and 99 fol-
low visually similar static score trajectories, yet
D-BIRD differentiates them sharply when viewed
against the cohort trend. Student 36 consis-
tently outperforms the cohort while showing stable
progress; Student 57 remains aligned with the co-
hort; and Student 99 lags well behind. These dis-
tinctions demonstrate how D-BIRD contextualizes
student ability trajectories to the cohort trend.

Student 124 illustrates a different case. Their
static scores remain low until a notable jump on
the last full-length test. However, D-BIRD esti-

mates their ability to have already increased in the
weeks prior, indicating that quiz-level responses
captured learning gains before they appeared in
test scores. This fluctuating trajectory contrasts
with the smoother paths of Students 36, 57, and 99,
highlighting D-BIRD’s sensitivity to between-test
dynamics.

Finally, Students 82 and 138 both underperform
on full-length tests, but their trajectories diverge.
D-BIRD estimates a relatively stable, slightly de-
clining path for Student 82, with a brief upward
bump around week 10. Student 138, in contrast,
shows more variability and potential mid-year re-
covery. These differences underscore D-BIRD’s
ability to distinguish between superficially similar
learners by leveraging the full sequence of assess-
ment interactions.

6 Discussion

This paper introduces D-BIRD, a Bayesian dy-
namic IRT model that decomposes student ability
into a shared cohort trend and an individual-specific
trajectory. This structure is designed to support
an important goal of educational measurement in
personalized learning environments: tracking indi-
vidual growth over time while situating it within
broader group-level patterns. By explicitly model-
ing both individual and cohort dynamics, D-BIRD
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enables interpretable inferences even under sparse,
irregular assessment conditions—a common fea-
ture of modern digital learning systems.

D-BIRD combines two key ideas: structured
borrowing across students and flexible modeling of
individual change. The cohort trajectory provides a
stable, data-driven reference against which individ-
ual deviations can be interpreted. Student-specific
innovation variances allow each learner’s ability
to evolve with a level of smoothness appropriate
to their observed responses. Exact Bayesian in-
ference via Pólya-Gamma augmentation ensures
well-calibrated posterior estimates, avoiding com-
mon approximations such as variational inference.

Several modeling choices limit the generalizabil-
ity of D-BIRD and point to directions for future
work. First, we assume item difficulties are known,
consistent with operational settings that use pre-
calibrated item pools. Future work could relax this
assumption to jointly estimate item and ability pa-
rameters, exploring identifiability under sparsity.
Second, D-BIRD is formulated in discrete time,
where each time index may correspond to a learn-
ing opportunity (Koedinger et al., 2023), a day of
instruction (Wang et al., 2013), or—as in our empir-
ical application—a week. Extensions to continuous
time, such as placing Gaussian process priors over
latent ability (Tripathi and Domingue, 2019), could
support finer-grained modeling of learning dynam-
ics, particularly in irregular data streams. Third,
D-BIRD currently models dichotomous responses
using the Rasch model. A natural extension is to
adapt the framework for polytomous item models
(Ostini and Nering, 2006), enabling broader appli-
cability to complex assessment formats.

More broadly, D-BIRD contributes to a grow-
ing body of work at the intersection of psychomet-
rics and AI-driven learning systems. As adaptive
platforms increasingly rely on real-time data to
personalize instruction, there is a pressing need
for interpretable models that capture both indi-
vidual learning progress and broader cohort-level
trends. D-BIRD helps meet this need by offering
a principled approach to longitudinal ability esti-
mation—balancing flexibility with structure, and
individual adaptation with population-level insight.
In doing so, it advances longstanding goals in edu-
cational measurement while aligning with the prac-
tical demands of emerging digital learning environ-
ments.
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Abstract

Advancements in artificial intelligence and
transformer-based language models have sig-
nificantly influenced educational assessment,
particularly in the development of Auto-
mated Essay Scoring (AES) systems. This
study examines the effectiveness of the GPT-
2 small model in evaluating student essays
from the Automated Student Assessment Prize
(ASAP) dataset1.It also explores the effect
of a back-translation data augmentation tech-
nique(translating essays into Turkish and then
back into English) On model performance.
Evaluation metrics include Cohen’s kappa and
Quadratic Weighted Kappa (QWK). The model
achieved QWK scores ranging from 0.60 to
0.80 across essay sets, with a peak of 0.77 on
Essay Set 5. Notably, back translation led to
substantial improvements, particularly in Essay
Set 8, where QWK increased by 33%. These
findings highlight the potential of data augmen-
tation to mitigate class imbalance and improve
scoring robustness. However, the limited se-
mantic depth of the GPT-2 small model points
to the need for more advanced, rubric-aware
architectures. The study underscores the impor-
tance of balanced data distributions in enhanc-
ing the validity and fairness of AES systems.

Keywords: artificial intelligence, language mod-
eling, automated essay scoring (AES), GPT-based
models, GPT-2

1 Introduction

Recent advances in large language models (LLMs),
particularly those developed under the Generative
Pretrained Transformer (GPT) architecture, have
significantly influenced Automated Essay Scoring
(AES). Early AES systems relied on surface-level
linguistic features and traditional machine learning
algorithms (Kumar and Boulanger, 2020; Klebanov
and Madnani, 2022), while more recent approaches

1https://www.kaggle.com/c/asap-aes

have incorporated transformer-based models ca-
pable of capturing deeper semantic and syntactic
patterns (Taghipour and Ng, 2016). Among these,
encoder-only architectures such as BERT (Devlin
et al., 2019) and DistilBERT (Sanh et al., 2019)
have been widely applied to AES tasks, achieving
strong performance and serving as reliable base-
lines (Firoozi et al., 2023; Wang et al., 2022).

In contrast, decoder-based generative models,
particularly GPT variants, have received com-
paratively limited attention in AES despite their
proven success in other natural language process-
ing applications. Recent studies have demonstrated
that advanced generative models such as GPT-3.5
and GPT-4 can achieve near human-level perfor-
mance in essay scoring benchmarks (Mizumoto
and Eguchi, 2023; Xiao et al., 2025; Yamashita,
2025). However, these models are proprietary and
resource-intensive, limiting their accessibility for
educational researchers and practitioners. Smaller,
open-source alternatives like GPT-2 remain under-
explored in AES, even though evidence from re-
lated classification tasks indicates that fine-tuned
GPT-2 can rival or surpass BERT-based hybrids in
performance (Bouchiha et al., 2025). This observa-
tion supports the need for systematic evaluation of
GPT-2 in AES, both as a practical and a method-
ological contribution.

Another persistent challenge in AES is the lim-
ited size and imbalance of available datasets, which
can compromise model generalization and fair-
ness (Jong et al., 2022; Guo et al., 2024). Data
augmentation techniques such as back-translation
have been proposed as a potential solution, offering
greater linguistic diversity and reducing the effects
of class imbalance (Lun et al., 2020). Yet, it re-
mains unclear whether performance improvements
attributed to back-translation derive from genuine
linguistic variation or simply from the increased
size of training data. Addressing this ambiguity
requires careful experimental design that controls
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for training size and duplication.
This study makes two key contributions. First,

it provides a controlled evaluation of GPT-2 for
AES on the ASAP dataset, positioning it against
established encoder-based baselines and recent
parameter-efficient fine-tuning approaches such as
LoRA (Liu et al., 2024). Second, it investigates
the effect of back-translation as a data augmenta-
tion strategy under controlled conditions, clarifying
whether observed improvements stem from data di-
versity rather than dataset expansion alone.

The study is guided by two research questions:

1. How reliably can a fine-tuned GPT-2 model
score essays from the ASAP dataset compared
to established baselines?

2. To what extent does back-translation improve
GPT-2’s AES performance beyond the effect
of increasing training set size?

2 Related Work

2.1 Overview of Automated Essay Scoring
Automated Essay Scoring (AES) refers to the use
of computational methods to evaluate and score stu-
dent essays (Shermis, 2014). While manual scoring
is often time-consuming and prone to rater incon-
sistency, AES offers efficiency, objectivity, and
scalability, making it an increasingly valuable tool
in educational contexts (Yan et al., 2020).

Figure 1: The AES Process described in Four Steps
(Gierl et al., 2014).

As can be seen in Figure 1, the AES process
consists of four steps: text preprocessing, feature
extraction, model training, and performance evalu-
ation (Gierl et al., 2014). To detail, it involves the
preprocessing (Step 1) and conversion of essays
written in a training environment into numerical
vectors using text representation techniques (Step
2), combining these vectors with machine learn-
ing algorithms or deep learning networks to create
a scoring model (Step 3), and automatically as-
signing scores using this model and evaluating the
scoring model to see if it can predict human scoring
(Step 4). Advances in machine learning and natural
language processing have significantly improved

the first three stages, particularly through enhanced
text representation and modeling techniques (?).

Early feature extraction methods employed
frequency-based techniques, such as term fre-
quency (TF) and TF-IDF (Salton et al., 1975),
but these approaches were unable to capture se-
mantic meaning. Later, word embedding models
like Word2Vec and GloVe (Mikolov et al., 2013)
improved semantic representation but were still
context-independent. Contextual embedding mod-
els such as ELMo, BERT, and GPT addressed this
limitation by incorporating surrounding context
into each word’s representation (Peters et al., 2018;
Radford et al., 2018; Liu et al., 2020). These ad-
vances improved the quality of input features used
in scoring models.

Earlier AES studies employed deep neural net-
works (DNNs) and recurrent neural networks
(RNNs) to model sequential patterns in text
(Alikaniotis et al., 2016; Tay et al., 2018). RNNs
often struggle with capturing long-range dependen-
cies and information across time steps; however,
they are designed to suit the sequence-to-sequence
design effectively (Nugaliyadde et al., 2019). This
limitation has motivated the use of transformer-
based architectures, which replace recurrence with
attention mechanisms. The self-attention mecha-
nism introduced by Vaswani et al. (2017) enables
the model to learn dependencies across all posi-
tions in a sequence simultaneously, resulting in a
richer representation of global structure and seman-
tic relationships. As a result, transformer models
such as GPT have become increasingly prevalent
in recent AES research.

2.2 Transformer-Based Architectures in AES
In 2017, the paper ‘Attention Is All You Need’
revolutionized the field of natural language pro-
cessing (NLP) by introducing the transformer ar-
chitecture (see Figure 2) (Vaswani et al., 2017).
This model leveraged self-attention mechanisms to
capture long-range semantic and syntactic depen-
dencies in text. In AES tasks, encoder-only trans-
formers such as BERT ( Devlin et al., 2019) and
RoBERTa have also demonstrated state-of-the-art
performance in both predictive and analytic scor-
ing (Firoozi et al., 2023; Klebanov and Madnani,
2022).

These models provide robust contextual embed-
dings and strong baselines for AES. These models
are typically fine-tuned on prompt-specific essay
datasets, where only the top classification layer is
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updated while the encoder layers provide contextu-
alized embeddings. This parameter-efficient strat-
egy has proven effective in score prediction, espe-
cially under constrained computational resources.
However, their reliance on bidirectional masked
language modeling may limit their utility in genera-
tive tasks and document-level coherence modeling.
Although rubric-integrated encoder architectures
have improved interpretability and alignment with
human scoring rubrics (Liu et al., 2020), their gen-
eralization across unseen prompts and diverse dis-
course structures remains limited.

Figure 2: Transformer Architecture (Vaswani et al.,
2017).

These limitations have motivated research on
decoder-based models, which are inherently more
suited to sequence-level generation and whole-
document representation. Importantly, GPT-2 has
not only been effective in generative tasks but
has also demonstrated competitive performance
in classification settings. For instance, GPT-2
has matched or even surpassed BERT-based hy-
brids in hierarchical text classification (Bouchiha
et al., 2025), performed strongly in text classifica-
tion and natural language inference benchmarks
(Montesinos, 2020), and shown competitive results
against BERT in low-resource classification tasks
(Wang et al., 2024). Such findings indicate that
GPT-2 is a viable model for AES, where both clas-
sification accuracy and generative capabilities are
critical.

2.3 Decoder-Only Transformers: The GPT
Family

Decoder-only models, particularly the GPT series
introduced by OpenAI, are trained with autore-
gressive objectives and unidirectional attention,
which makes them inherently generative (Radford
et al., 2018, 2019). GPT-2 expanded this architec-
ture to 1.5 billion parameters and demonstrated

strong transfer performance. Subsequent mod-
els such as GPT-3, GPT-3.5, and GPT-4 further
scaled capacity and achieved near human-level ac-
curacy in AES benchmarks under zero-shot and
few-shot prompting conditions (Mizumoto and
Eguchi, 2023; Yancey et al., 2023; Gunduz and
Gierl, 2024). GPT-4 also introduced multimodal
input processing, although its architecture and train-
ing data remain undisclosed

While these larger models have shown impres-
sive results, their proprietary nature restricts repro-
ducibility and accessibility. In contrast, GPT-2 re-
mains fully open-source and scalable across differ-
ent sizes, making it a practical option for academic
and educational research. Importantly, GPT-2 has
proven effective beyond generative applications.
Prior studies have shown that fine-tuned GPT-2
can outperform BERT-based hybrids in hierarchical
text classification (Bouchiha et al., 2025), perform
strongly in text classification and natural language
inference benchmarks (Montesinos, 2020), and
achieve competitive results against BERT in low-
resource classification tasks (Wang et al., 2024).

These findings indicate that GPT-2 is not only
cost-efficient and accessible but also capable of
delivering robust performance in classification-
oriented tasks. Nevertheless, systematic evalua-
tions of GPT-2 on AES benchmark datasets such
as ASAP remain limited. This study addresses
this gap by providing a controlled and reproducible
assessment of GPT-2 for essay scoring, with par-
ticular attention to the role of data augmentation.

2.4 Recent Applications of GPT-Based AES
In recent years, GPT models have been increasingly
applied to educational assessment tasks, including
both short-answer and essay scoring. One line of
research has focused on data augmentation to miti-
gate class imbalance.Fang et al. (2023) employed
GPT-4 to generate synthetic responses for minority
scoring classes, which improved the performance
of a DistilBERT scoring model. Similarly, Gaddi-
pati et al. (2020) compared transfer learning mod-
els such as ELMo, BERT, GPT, and GPT-2 for
short-answer grading, showing that while ELMo
provided strong baselines, transformer-based mod-
els offered greater scalability for downstream use.
Several studies have investigated larger GPT mod-
els for direct scoring. Mizumoto and Eguchi
(2023) evaluated GPT-3 on TOEFL essays and
reported that combining linguistic features with
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Model Architecture Parameters Training Data Release Date
GPT-1 12H Decoder 117M BookCorpus 2018
GPT-2 12–48H Decoder 1.5B WebText 2019
GPT-3 Modified GPT-2 175B CC + WebText 2020
GPT-3.5 Undisclosed 175B – Mar 2022
GPT-4 Undisclosed ∼1.7T – Mar 2023

Table 1: Overview of OpenAI’s GPT-n series.

Model Params Layers Hidden Input
Small 117M 12 768 768
Medium 345M 24 1024 1024
Large 774M 36 1280 1280
XL 1558M 48 1600 1600

Table 2: GPT-2 Model Configurations across Four Sizes.

model outputs improved agreement with human
raters.Yancey et al. (2023) assessed GPT-3.5 and
GPT-4 on essays from English language learners,
finding that GPT-4 achieved performance compara-
ble to state-of-the-art Automated Writing Evalua-
tion (AWE) systems, though alignment varied by
learners’ first language. Henkel et al. (2023) used
GPT-4 for scoring short-answer reading compre-
hension tasks in low- and middle-income countries,
demonstrating its potential in resource-limited ed-
ucational contexts.Obata et al. (2023) tested Chat-
GPT for essay scoring in English and Japanese
and showed that validity improved when combined
with linguistic features.Xiao et al. (2025) further
argued that GPT-3.5 and GPT-4 are most effective
when augmenting human raters in hybrid scoring
systems.

Despite these advances, most work has con-
centrated on proprietary models such as GPT-
3.5 and GPT-4, limiting reproducibility and trans-
parency. Benchmark studies on open-source mod-
els remain scarce. Gunduz and Gierl (2024) com-
pared GPT-3.5 and GPT-4 under different prompt-
ing conditions on the ASAP dataset, but no sys-
tematic evaluation of GPT-2 has yet been con-
ducted. Considering GPT-2’s accessibility, scala-
bility, and demonstrated competitiveness in classifi-
cation tasks (Bouchiha et al., 2025; Wang et al.,
2024), further investigation is warranted. This
study addresses this gap by fine-tuning GPT-2 on
the ASAP dataset and evaluating the effects of back-
translation as a data augmentation strategy, offering
a reproducible and transparent alternative to propri-
etary systems.

2.5 Data Augmentation and Back-Translation
in AES

Data augmentation is widely used in NLP to im-
prove generalization and mitigate label imbalance
through techniques such as synonym replacement,
paraphrasing, and translation-based methods (Wei
and Zou, 2019). In AES, augmentation helps bal-
ance score distributions and enrich training data
diversity (Lun et al., 2020; Jong et al., 2022).

Back-translation, which generates paraphrases
by translating text into a target language and back,
has been shown to increase linguistic variety and
robustness in low-resource tasks (Sennrich et al.,
2016; Edunov et al., 2018). In AES, augmentation
methods have been applied to enrich training data
(e.g., (Firoozi, 2023; Guo et al., 2024)), yet the
specific impact of back-translation on score distri-
butions, particularly under imbalanced data condi-
tions, remains underexplored. This study addresses
this gap by applying back-translation to the ASAP
dataset under controlled conditions, clarifying its
contribution beyond simple dataset expansion.

3 Method

3.1 Dataset

This study utilizes the Automated Student Assess-
ment Prize (ASAP) dataset, developed under the
sponsorship of the Hewlett Foundation in 2012,
to encourage scalable and reliable approaches to
AES (Shermis, 2014). The dataset comprises eight
distinct essay sets written by students in Grades 7
through 10, encompassing various genres, includ-
ing narrative, persuasive, and expository writing.
Each essay set varies in terms of grade level, rubric
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type, essay length, and scoring range (see Table 3).
Essays were scored by two or three expert raters
using holistic, trait-based, or composite rubrics.
The score ranges and aggregation methods for do-
main scores differ across sets. Table 3 summarizes
the specific score ranges for Rater 1, Rater 2, and
the derived domain score used for model training.
Among the essay sets, Set 4 stands out for its rela-
tively balanced score distribution across all score
categories. As shown in Table 3, both individual
rater scores and the domain score span the full
range from 0 to 3, with sufficient representation in
each category. This balanced distribution is particu-
larly beneficial for training reliable AES models, as
it reduces the risk of class imbalance and supports
more effective learning dynamics.

3.2 Data Preprocessing
Text Preprocessing. To prepare the essays for
model input, standard text preprocessing steps were
applied. All texts were lowercased and lemmatized
using the NLTK library (Bird et al., 2009). The
cleaned essays were then tokenized using the GPT-
2 tokenizer from the Hugging Face Transformers li-
brary (Wolf et al., 2019). Since transformer models
require fixed-length input, padding and truncation
were used to standardize sequence lengths.

Score Preprocessing. Each essay was scored
by two or three raters, and domain scores were
computed according to the scoring rules in Table
3. However, some sets (Essay Sets 1, 7, and 8)
had wide or unbalanced score ranges. To improve
model performance, these scores were rescaled into
fewer ordinal categories. For instance, Set 1 do-
main scores (2–12) were converted to a 1–6 ordinal
scale. Similarly, Set 7 scores (0–24) were mapped
to a 0–3 scale, and Set 8 scores (0–60) were com-
pressed into six ordinal categories based on trait
aggregation logic (see Table 3).

3.3 Model Development
GPT-2 Architecture. The model developed in this
study builds upon the GPT-2 architecture (see Fig-
ure 3), a decoder-only transformer pretrained on
over 8 million web pages (Radford et al., 2019).
GPT-2 generates contextualized word embeddings
using masked self-attention and is optimized for
predicting the next token. Among its four variants,
the smallest version—GPT-2 Small (124M param-
eters, 12 decoder layers, 768 hidden units)—was
selected due to computational efficiency. All train-
ing was conducted using Google Colab Pro (Tesla

V100 GPU, 32GB RAM). Each decoder block in

Figure 3: GPT-2 Small Architecture.

GPT-2 includes masked multi-head self-attention,
a feedforward network, residual connections, and
layer normalization (Vaswani et al., 2017). The in-
put sequence is processed from left to right, making
the model suitable for both generative and classifi-
cation tasks.

Classification Head. To adapt GPT-2 for AES,
we added a task-specific classification head on top
of the pretrained transformer (see Figure 4). This
consisted of a dropout layer (with rates of 0.1, 0.2,
and 0.5 tested) followed by a fully connected linear
layer that maps the last hidden state of the model to
a fixed number of score classes per essay set (e.g., 4
classes in Essay Set 4). The num_labels parameter
was dynamically set based on the scoring range of
each set. All training was performed on Google
Colab Pro using the Hugging Face Transformers
library (Wolf et al., 2019). The small-scale GPT-2
variant enabled faster iteration while maintaining
competitive performance for AES tasks.

Figure 4: Classification Model Architecture.

3.4 Experimental Setup and Hyperparameter
Tuning

All essays were tokenized using the GPT-2 tok-
enizer from the HuggingFace Transformers library.
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Set Grade Essay Type Train Size Avg. Len. Rubric Type Raters Score Range Domain Score Explanation
1 8 Persuasive 1783 350 Holistic 2 2–12 Sum of R1 and R2 (2–12)

2a 10 Persuasive 1800 50 Trait 2 1–6 Equals R1’s score (1–6)

2b 10 Persuasive 1800 50 Trait 2 1–4 Equals R1’s score (1–4)

3 10 Source-Dep. 1726 50 Holistic 2 0–3 Max(R1, R2) (0–3)

4 10 Source-Dep. 1772 50 Holistic 2 0–3 Near max(R1, R2) (0–3)

5 8 Source-Dep. 1805 50 Holistic 2 0–4 Near max(R1, R2) (0–4)

6 10 Source-Dep. 1800 50 Holistic 2 0–4 Near max(R1, R2) (0–4)

7 7 Expository 1569 50 Composite 2 0–12 Sum of R1 and R2 (0–24)

8 10 Expository 723 50 Composite 3 0–30 R1+R2 or R3 used (0–60)

Table 3: Descriptive Statistics and Scoring Guidelines for the Eight ASAP Essay Sets.

Essays exceeding the maximum sequence length
of 1,024 tokens (as imposed by the GPT-2 Small
architecture) were truncated.

The pre-trained GPT-2 Small model was initial-
ized with default configurations: 12 decoder layers,
768-dimensional hidden states and embeddings, 12
self-attention heads, GELU activation, and dropout
probability of 0.1 across embedding, attention, and
fully connected layers. Layer normalization used
an epsilon value of 1e-5. In total, the model con-
tains approximately 117M parameters. To adapt
GPT-2 for essay scoring, a linear classification head
with dropout was appended. The number of output
classes was defined per essay set.

To adapt GPT-2 for essay scoring, a linear clas-
sification head with dropout was appended. The
number of output classes was defined per essay set
using the num_labels parameter. The final hidden
state of the first token was passed to the classifi-
cation layer. Model training was optimized using
the AdamW optimizer (Kingma, 2014) with a fixed
learning rate of 1e-4 and categorical cross-entropy
loss. The loss function for k classes is defined in
Equation 1

L(y, ŷ) = −
k∑

i=1

yi log(ŷi) (1)

where y is the one-hot true label and ŷ is the
predicted class distribution.

To ensure robust evaluation, each essay set was
randomly partitioned into training (60%), valida-
tion (20%), and test (20%) subsets following stan-
dard practice.

3.5 Data Augmentation Strategy
The distribution of essays across score levels is
utilized by the GPT-2 Small architecture, which
features the performance and generalizability of

AES models. To address this, we employed data
augmentation to enhance the training set, particu-
larly for underrepresented classes.

Text Augmentation. Text data augmentation
involves generating additional samples by modi-
fying existing texts, without requiring new data
collection. Common methods include synonym
replacement (SR), random insertion (RI), random
swap (RS), and random deletion (RD), which intro-
duce lexical variability while preserving sentence
structure (Firoozi, 2023).

Back-Translation. Among these methods, back-
translation has emerged as a particularly effective
strategy for producing fluent and semantically con-
sistent variations. This technique translates a sen-
tence into an intermediate language and back to the
original, creating paraphrased versions that enrich
the training data. In our study, the source language
was English, and the target language was Turk-
ish. We translated English essays into Turkish and
then back into English using the Google Translate
API. Turkish was intentionally chosen as the pivot
language due to its agglutinative morphology and
syntactic divergence from English, contributing to
greater linguistic variety in the augmented texts.

This method was selectively applied: in bal-
anced sets (e.g., Set 4), each score class was aug-
mented by 20% following the strategy proposed
in Firoozi’s Doctoral Thesis (Firoozi, 2023), while
in imbalanced sets, score levels with fewer than
50 samples were doubled. This targeted approach
aimed to reduce class imbalance, minimize model
bias, and improve performance across the entire
score spectrum. The augmentation process is illus-
trated in Figure 5.
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Figure 5: Back-Translation Data Augmentation
Pipeline.

3.6 Performance Metrics

To evaluate the effectiveness of the AES model, we
employed multiple metrics capturing both agree-
ment with human raters and classification perfor-
mance.

Cohen’s Kappa. Cohen’s Kappa (κ) measures
inter-rater agreement corrected for chance, and is
commonly used to assess the consistency between
model predictions and human scores. It is defined
as:

κ =
Po − Pe

1− Pe
(2)

where Po is the observed agreement and Pe is the
expected agreement by chance. Agreement levels
are interpreted based on the guidelines by Landis
and Koch (1977).

Quadratic Weighted Kappa (QWK). QWK ex-
tends Cohen’s Kappa by penalizing disagreements
based on the distance between score levels, mak-
ing it especially suitable for ordinal tasks, such
asutilized the GPT-2 Small architecture, featurings:

wij =
(i− j)2

(N − 1)2
(3)

The QWK score is then defined by:

QWK = 1−
∑

i,j wijOij∑
i,j wijEij

(4)

Accuracy. Accuracy reflects the proportion
of essays for which the predicted score exactly
matches the human-assigned score. Although it
does not account for ordinal distance between mis-
classified levels, it remains a useful baseline metric
for evaluating overall classification correctness.

4 Results

4.1 Hyperparameter Settings

To optimize performance, we fine-tuned key hy-
perparameters for each essay set, as detailed in

Table 4. All models used the GPT-2 Small archi-
tecture with 768-dimensional token embeddings,
1024-dimensional positional encodings, and 12 de-
coder layers.

A classification head consisting of a dropout and
a linear layer was appended to map outputs to a
variable number of score classes (num_labels) per
essay set. Dropout rates were adjusted individually;
Sets 1 and 2a performed best with 0.5, while 2b, 3,
5, 7, and 8 performed best with 0.1.

A fixed learning rate of 1e-4 was used across
sets, optimized via the AdamW optimizer. Epochs
and batch size varied by set, reflecting differences
in convergence behavior and dataset size. For exam-
ple, Set 6 performed best with 30 epochs, dropout
0.3, and batch size 2.

4.2 RQ1: AES Model Performance
The fine-tuned GPT-2 model demonstrated moder-
ate scoring reliability across the eight essay sets.
On average, it achieved a Quadratic Weighted
Kappa (QWK) of 0.68, Cohen’s Kappa of 0.43, and
classification accuracy of 61%. According to the
interpretability thresholds proposed by Williamson
et al. (2012), the model explained a substantial
portion of human scoring variance. These results
suggest that even the most minor GPT-2 variant can
offer competitive performance in AES tasks under
computational constraints.

4.3 RQ2: Effect of Data Augmentation
Back-translation-based data augmentation led to
notable performance improvements. The average
QWK score increased from 0.68 to 0.74 (+0.06),
while Cohen’s Kappa rose from 0.43 to 0.48
(+0.05). This gain was most evident in essay sets
with initially imbalanced score distributions, con-
firming the effectiveness of targeted augmentation
in enhancing agreement between machine predic-
tions and human raters.

5 Discussion

This study examined the performance of the open-
source GPT-2 model for AES on the ASAP dataset,
with a focus on fine-tuning and back-translation-
based data augmentation. Results show that even
the most minor GPT-2 variant, when fine-tuned
with optimized hyperparameters, achieved a com-
petitive average QWK score of 0.68 (close to
human-level performance at 0.74) and outper-
formed GPT-3.5 in certain sets.The model per-
formed best in balanced essay sets with sufficient
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Parameter 1 2a 2b 3 4 5 6 7 8
Embedding Dim. 768 768 768 768 768 768 768 768 768
Positional Encoding 1024 1024 1024 1024 1024 1024 1024 1024 1024
Decoder Layers 12 12 12 12 12 12 12 12 12
Num Labels 6 6 4 4 4 5 5 4 6
Dropout Rate 0.5 0.1 0.5 0.2 0.2 0.1 0.1 0.3 0.1
Learning Rate 1e-4 1e-4 1e-4 1e-4 1e-4 1e-4 1e-4 1e-4 1e-4
Epochs 20 25 35 20 30 20 30 20 30
Batch Size 2 2 2 4 2 2 2 1 2

Table 4: Final selection of Hyperparameters used for Fine-tuning GPT-2 across all Essay Sets.

Model 1 2a 2b 3 4 5 6 7 8 Average
GPT-2 0.75 0.64 0.66 0.71 0.74 0.77 0.73 0.77 0.43 0.68
Human Raters 0.71 0.78 0.72 0.81 0.86 0.74 0.77 0.68 0.63 0.74
Discrepancy 0.04 0.14 0.06 0.10 0.12 0.03 -0.04 0.09 0.18 0.06

Table 5: Comparison of GPT-2 and Human Raters using QWK across all Essay Sets.

Essay Set 1 2a 2b 3 4 5 6 7 8
Before BT 1783 1800 1800 1726 1772 1805 1800 1569 723
After BT 1875 1831 1829 1765 2124 1829 1844 1676 1220
Discrepancy +92 +31 +29 +39 +352 +24 +44 +107 +497

Table 6: Comparison of Training Dataset Size Before and After Back-Translation for each Essay Set.

Model Performance 1 2a 2b 3 4 5 6 7 8 Average
GPT-2 Cohen’s Kappa 0.52 0.46 0.45 0.41 0.43 0.45 0.40 0.41 0.31 0.43

QWK 0.75 0.64 0.66 0.71 0.74 0.77 0.73 0.71 0.45 0.68
Accuracy 0.67 0.61 0.63 0.61 0.60 0.66 0.58 0.60 0.53 0.61

GPT-2 + BT Cohen’s Kappa 0.54 0.50 0.53 0.47 0.48 0.47 0.43 0.49 0.38 0.48
QWK 0.79 0.65 0.68 0.77 0.81 0.79 0.79 0.74 0.60 0.74
Accuracy 0.72 0.62 0.74 0.62 0.68 0.64 0.67 0.67 0.59 0.66

Discrepancy Cohen’s Kappa +0.02 +0.04 +0.08 +0.06 +0.05 +0.03 +0.01 +0.08 +0.11 +0.05
QWK +0.04 +0.01 +0.02 +0.06 +0.06 +0.02 +0.06 +0.03 +0.15 +0.06
Accuracy +0.05 +0.01 +0.11 +0.01 +0.09 +0.02 +0.06 +0.07 +0.06 +0.05

Table 7: Comparison of GPT-2 Model Performance Before and After Back-Translation (BT) across all Essay Sets.
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training data, while lower reliability was observed
in sparse or imbalanced sets such as Set 8. Data
augmentation proved particularly effective for un-
derrepresented score classes, improving both QWK
and Cohen’s Kappa scores and reducing class im-
balance. These findings affirm the value of tuning
smaller, accessible models for educational NLP
tasks, highlighting the trade-off between model
complexity and interpretability in low-resource
contexts.

In conclusion, GPT-2, despite its smaller archi-
tecture, offers substantial potential for AES when
carefully fine-tuned and supported by data aug-
mentation. Its open-source nature and customiz-
able hyperparameters make it a practical choice for
scalable, interpretable assessment systems. Back-
translation significantly improved performance in
low-resource score categories, demonstrating its
value in addressing data sparsity. These results
reinforce that high-quality AES systems can be de-
veloped without relying solely on larger proprietary
models, and suggest future directions in combining
linguistic measures and augmentation techniques
to enhance model robustness and fairness.

6 Limitations and Future Work

Despite promising results, this study has sev-
eral limitations. First, it focuses exclusively on
classification-based essay scoring and does not in-
corporate rubric-specific features, which are central
to many human scoring protocols. The absence of
rubric-aligned modeling limits interpretability and
may hinder the effectiveness of feedback-oriented
applications. Second, the dataset includes essay
sets with imbalanced score distributions and small
sample sizes, which may constrain generalizabil-
ity, particularly in underrepresented categories.
Third, experiments were limited to the GPT-2
Small model; while acceptable, tuning significantly
improved performance, larger models (e.g., GPT-
3, GPT-4) could better capture complex linguis-
tic structures if similarly fine-tuned. Lastly, only
one augmentation strategy—back-translation—was
explored. Future work should investigate rubric-
aware scoring frameworks, incorporate alternative
augmentation methods (e.g., synonym substitution,
sentence permutation), and evaluate larger-scale
models on more balanced datasets to improve the
robustness and educational utility of AES systems.
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Abstract

Large Language Models (LLMs) are increas-
ingly utilized in AI-driven educational instruc-
tion and assessment, particularly within math-
ematics education. The capability of LLMs to
generate accurate answers and detailed solu-
tions for math problem-solving tasks is foun-
dational for ensuring reliable and precise feed-
back and assessment in math education prac-
tices. Our study focuses on evaluating the ac-
curacy of four LLMs (OpenAI GPT-4o and
o1, DeepSeek-V3 and DeepSeek-R1) solving
three categories of math tasks, including arith-
metic, algebra, and number theory, and iden-
tifies step-level reasoning errors within their
solutions. Instead of relying on standard bench-
marks, we intentionally build math tasks (via
item models) that are challenging for LLMs
and prone to errors. The accuracy of final an-
swers and the presence of errors in individual
solution steps were systematically analyzed and
coded. Both single-agent and dual-agent con-
figurations were tested. It is observed that the
reasoning-enhanced OpenAI o1 model consis-
tently achieved higher or nearly perfect accu-
racy across all three math task categories. Anal-
ysis of errors revealed that procedural slips
were the most frequent and significantly im-
pacted overall performance, while conceptual
misunderstandings were less frequent. Deploy-
ing dual-agent configurations substantially im-
proved overall performance. These findings
offer actionable insights into enhancing LLM
performance and underscore effective strategies
for integrating LLMs into mathematics educa-
tion, thereby advancing AI-driven instructional
practices and assessment precision.

1 Introduction

Large Language Models (LLMs) have significantly
impacted mathematical instruction and assessment.
Educational platforms are increasingly integrating

*This research was conducted while the second author was
at Educational Testing Service.

LLMs to enhance teaching and evaluation methods.
For instance, Khan Academy utilized the LLM-
powered tool Khanmigo for Socratic-style math
assistance (Anand, 2023). Coursera uses LLMs to
streamline assessment creation, automate grading,
and offer personalized feedback (Maggioncalda,
2024). Quizlet’s Q-Chat integrates LLM-based
conversational AI to dynamically adapt question
difficulty levels and deliver guided hints (Bayer,
2025). Beyond merely producing final answers,
LLMs excel at clearly articulating intermediate
computational steps and reasoning processes, sig-
nificantly enhancing their value in mathematics ed-
ucation contexts (Gupta et al., 2025). These capa-
bilities of LLMs facilitate personalized tutoring, in-
teractive problem-solving, and real-time feedback,
significantly reduce grading workloads and ensure
consistent evaluations in mathematics education.

The capability of LLMs to produce accurate an-
swers and detailed, step-by-step solutions in math
problem-solving is foundational for reliable assess-
ment and precise feedback in mathematics educa-
tion (Gupta et al., 2025; Jin et al., 2025). Specifi-
cally, LLM-based automated assessment involves
evaluating granular math skills through step-level
grading of student solutions (Jin et al., 2025), per-
forming automatic step-level corrections (Li et al.,
2025), and providing targeted instructional hints
(Tonga et al., 2025). However, this raises an im-
portant question: if LLMs cannot reliably produce
correct answers or accurately solve math problems,
can their outputs still be considered effective and
trustworthy for instructional guidance and learner
assessment? This motivated our idea to systemati-
cally test the capability of LLMs to accurately solve
diverse math tasks, and subsequently extend their
applicability toward realistic assessment and in-
structional scenarios. While state-of-the-art LLMs
have demonstrated high accuracy on various math
benchmarks, benchmark success alone does not
present a comprehensive picture. Performance sig-
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nificantly declines on certain math tasks like fun-
damental numerical understanding and basic com-
putational problems (Yang et al., 2024; Boye and
Moell, 2025; Petrov et al., 2025). Current LLM
computation and reasoning processes remain prone
to calculation mistakes (e.g., arithmetic slips, alge-
braic simplification errors) and logical reasoning
errors (e.g., invalid inference steps, omission of
necessary procedural steps, and self-contradictory
reasoning) (Li et al., 2024; Roy et al., 2025). These
persistent errors significantly limit the reliability
and efficacy of LLM outputs for instructional feed-
back and learner assessment purposes.

In this study, we specifically examine the capa-
bilities and limitations of LLMs in math problem-
solving, focusing on assessing the accuracy of gen-
erated answers and identifying errors within solu-
tion steps. Instead of using benchmarks, we built
math problems in arithmetic, algebra, and num-
ber theory to evaluate LLMs’ proficieny in math
computation and reasoning. We explored four dis-
tinct LLMs, two base models GPT-4o (Hurst et al.,
2024) and DeepSeek-V3 (Liu et al., 2024) and
two reasoning-enhanced models OpenAI o1 (Jaech
et al., 2024) and DeepSeek-R1 (Guo et al., 2025),
across three math problem-solving tasks, includ-
ing arithmetic, algebra, and number theory. Two
interaction paradigms are considered: (i) a single-
agent setting in which one model works through
each math task step-by-step, and (ii) a dual-agent
setting that lets two peer LLMs chat, cross-validate,
and refine their reasoning, echoing recent advances
in collaborative intelligence (Zhang et al., 2025a;
Latif et al., 2024; Zhang et al., 2025b). Every solu-
tion was decomposed into granular steps and coded
with an expert-verified rubric, which enabled us to
quantify step-level accuracy and localize procedu-
ral or conceptual errors. Our investigation is guided
by two Research Questions: Q1: How accurately
do LLMs generate final answers to math problems?
Q2: What recurring error patterns (procedural, con-
ceptual, or logical) emerge in their step-level solu-
tions?

This study will provide researchers and practi-
tioners with precise insight into where LLMs excel
and where they falter in math computation and rea-
soning. We also provide a rubric that can be used
to evaluate the accuracy of LLM-based solutions,
and to identify the nature of errors when they occur.
Our study demonstrates that knowledgeable LLMs
have potential to reliably support math instruction
and assessment, and we offer actionable guidance

for their effective use.

2 Related Works

LLMs have made notable strides in solving math
problems, yet they frequently struggle with precise
computations and multi-step numerical reasoning
tasks (Wolfram, 2023; Li et al., 2024). Frieder et
al. (Frieder et al., 2023) provided a detailed evalua-
tion demonstrating that GPT-4 (the 2023 version of
ChatGPT) effectively handles many undergraduate-
level questions but exhibits significant difficulties
when confronted with graduate-level math chal-
lenges, particularly in proof-based tasks and com-
plex symbolic computations. Yang et al. (Yang
et al., 2024) found that LLMs frequently make sur-
prising mistakes in basic numerical understanding
and processing tasks. Some studies (Li et al., 2024;
Pan et al., 2025) have identified recurring error
patterns in math reasoning by LLMs, including
calculation errors, counting errors, formula confu-
sion, question misinterpretation, missing solution
steps, conceptual confusion, and nonsensical out-
puts, among others. Numerous additional studies
have consistently reported similar challenges, em-
phasizing the ongoing limitations faced by LLMs
in performing math tasks (Arkoudas, 2023; Wol-
fram, 2023; Wang et al., 2023; Zhang et al., 2024;
McLeish et al., 2024).

Mitigating math problem-solving errors and
boosting LLM performance is a multifaceted en-
deavor. Technical advances center on modular rea-
soning strategies, such as Chain-of-Thought and
Program-of-Thought prompting (Wei et al., 2022;
Chen et al., 2022), alongside fine-tuning and math-
specific training regimens (Zhang et al., 2023; Ahn
et al., 2024), novel architectures that integrate ex-
ternal tools or structured reasoning modules, and
rigorous evaluations that precisely expose weak-
nesses. On the usability side, carefully designed
prompts, curriculum-aligned task sequencing, inter-
active dialogue, and built-in self-checking routines
can substantially reduce errors in real-world use.

3 Methods

Dataset. For the dataset, we used the prob-
lem categories and instances developed for Graf
et al. (2025). Three distinct types of math
tasks were utilized to evaluate the performance
of LLMs: (1) multiplying two 5-digit numbers;
(2) solving algebraic word problems involving
quadratic equations; and (3) finding solutions to
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Diophantine equations. See the math dataset in
the GitHub repository: https://github.com/
LiangZhang2017/math_number_computing. In
our approach, we leveraged item models (Bejar,
2002; LaDuca et al., 1986) and automated item
generation (AIG) (Embretson, 1999; Gierl and Ha-
ladyna, 2013; Irvine and Kyllonen, 2002). An item
model is a set of items that share a common struc-
ture, defined through the use of variables and con-
straints. Mirzadeh et al. (2024) used a model-based
approach to assess LLM math reasoning by generat-
ing template-based variants of existing tasks. These
new instances avoided leakage, and performance
often differed from the original tasks—especially
when variations involved numeric values or com-
plexity rather than names. Each problem category
was represented as an item modeland used to gener-
ate 10 instances. The item models were defined as
follows: (1) Item model 1 involves finding the prod-
uct of two 5-digit whole numbers. (2) Item model 2
involves finding two distinct two-digit whole num-
bers with a given sum and a given product, where
the sum is less than or equal to 100, and neither
number is divisible by 10. (3) Item model 3 in-
volves finding a pair of positive integers x, y that
satisfy an equation of the form p1x

a = p2y
b, where

p1 and p2 are distinct primes such that each is less
than or equal to 11. The exponents a, b are rela-
tively prime and each is less than or equal to 9.

LLM Models Setup. We defined two scenarios
for configuring LLMs as agents to solve math prob-
lems: single-agent and dual-agent setups. Both
scenarios are designed to elicit comprehensive,
step-level solutions as well as accurate final an-
swers. In the single-agent scenario, individual
LLMs, including OpenAI GPT-4o, DeepSeek-V3,
OpenAI o1, and DeepSeek-R1, are configured as
math problem-solving assistant agents that indepen-
dently perform math problem-solving tasks. In the
dual-agent scenario, two base LLM models (Ope-
nAI GPT-4o and DeepSeek-V3) collaborate as peer
agents through interactive, chat-based discussions,
exchanging ideas and jointly deriving solutions.
Each setup was repeated in three independent runs
to ensure reliability.

Evaluations. For instances of the first two item
models, the answer key is either a single value
(Item Model 1) or, assuming the two integers are in-
terchangeable, a single pair of values (Item Model
2). For instances from Item Model 3, however,
there are infinitely many pairs x, y that satisfy
the given equation. Since only one pair x, y is

requested however, evaluating correctness can be
accomplished by substituting the provided values
for x, y into the given equation–if this yields a
true result, the response is correct, otherwise, it
is incorrect. Since solutions are always possible,
any response that states there are no solutions is
incorrect. To evaluate the solutions, we used a
structured coding process: (1) each solution was
segmented into discrete, logical steps. (2) each
step was labeled according to a predefined rubric
detailed in Table 1, categorizing step labels as CC
(Conditionally Correct), PE (Procedural Error), CE
(Conceptual Error), or IE (Impasse Error). The
labeling was performed by the o1 LLM model, fol-
lowed by verification from human experts. We
applied a conditional scoring approach to avoid pe-
nalizing LLMs for errors made in earlier solution
steps. Analysis of labeling patterns will be reported
separately.

Table 1: Math Problem Solution Coding Rubric.

Step Code Definition

Conditionally Correct
(CC)

A step that demonstrates procedural and con-
ceptual accuracy, controlling for any errors
that may have occurred on previous steps.

Procedural Error (PE) A step that contains one or more transcrip-
tion errors, arithmetic mistakes, or symbolic
manipulation errors, but without underlying
conceptual misunderstanding.

Conceptual Error (CE) A step demonstrating one or more incorrect
applications or misunderstandings of rele-
vant math concepts or principles. It may in-
clude misunderstanding the problem, repre-
senting it incorrectly, or committing reason-
ing errors between steps.

Impasse Error (IE) A step where the solver is unable to proceed
further logically or mathematically, indicat-
ing a critical gap or blockage in problem-
solving understanding.

4 Results and Discussion

The preliminary results presented below include
systematic testing of LLMs’ performance across
three distinct types of math problems, labeling out-
comes that identify solution errors across these
problem types, and an initial exploration of collab-
orative LLM-based agents for math tasks.

Accuracy of Final Answers from Single-
Agent. Figure 1 presents the performance of four
LLMs on a math problems involving the multiplica-
tion of two 5-digit numbers. GPT-4o exhibited the
lowest performance, with only two correct answers
overall. DeepSeek-V3 started strong (8/10 cor-
rect) and quickly achieved perfect accuracy in the
subsequent iterations (28/30 total). The o1 model
demonstrated flawless accuracy from the outset,
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solving all problems correctly across all three iter-
ations. DeepSeek-R1 achieved only four correct
answers across all three runs combined. Interest-
ingly, while the reasoning-enhanced o1 model sig-
nificantly outperformed its base counterpart GPT-
4o, this was not the case with DeepSeek-R1 rela-
tive to DeepSeek-V3. We found that DeepSeek-
R1 struggled substantially on our proposed tasks.
Upon examining its detailed solutions, the model
appeared to exhibit an “overthinking” phenomenon
(akin to “spinning wheels”), characterized by ex-
cessive reflection on intermediate reasoning steps,
causing it to overlook critical components nec-
essary for accurate solutions. This outcome of
DeepSeek-R1 deviates from performance reported
in prior benchmark evaluations (Guo et al., 2025).
As shown in Figure 2, we evaluated the number of
correct answers provided by each model for alge-
braic word problems involving quadratic equations.
GPT-4o demonstrated moderate performance, cor-
rectly solving 9 out of 10 problems in Iterations 1
and 2, but experiencing a slight drop to 7 correct
solutions in Iteration 3. In contrast, DeepSeek-V3,
o1, and DeepSeek-R1 consistently achieved perfect
accuracy, correctly solving all 10 problems across
each of the three iterations. Figure 3 presents the
accuracy results, showing the performance rank-
ing as follows: o1 (25/30) > DeepSeek-V3 (21/30)
> DeepSeek-R1 (20/30) > GPT-4o (8/30). The
advanced o1 model clearly outperformed its base
counterpart GPT-4o; however, this was not the case
within the DeepSeek series.

Figure 1: Correctness Across Three Iterations for the
Multiplying Two 5-digit Numbers.

Evaluations by LLM-based Labeling in the
Single-Agent Scenario. The labeled steps in math
tasks across the three iterations of the single-agent
scenario are shown in Figure 4. We specifically
selected these math tasks due to their tendency
to highlight significant errors, reflecting notably

Figure 2: Correctness Across Three Iterations for Solv-
ing Algebraic Word Problems Involving Quadratic Equa-
tions.

Figure 3: Correctness Across Three Iterations for Solv-
ing Diophantine equations.

lower accuracy for some LLM models. Among
all tasks, the “CC” label consistently occurs with
the highest frequency across models. However,
the presence of “CE” labels, notably observed for
DeepSeek-R1 (Q3), DeepSeek-V3 (Q3) and GPT-
4o (Q3), indicates gaps in understanding funda-
mental math concepts and principles necessary for
accurate solutions, potentially explaining their re-
duced performance. GPT-4o (Q1) and GPT-4o
(Q3) demonstrate the most frequent “PE” occur-
rences, significantly impacting its overall perfor-
mance (see Figure 1). Conversely, DeepSeek-V3
(Q1) and GPT-4o (Q2) and o1 (Q3) exhibit no clear
conceptual misunderstandings or procedural errors,
consequently achieving the highest overall accu-
racy across the math tasks. In these cases, some
incorrect final answers occurred despite no clearly
identifiable errors (a phenomenon consistent with
our experience using LLMs). A straightforward
explanation is that LLMs inherently rely on token
prediction rather than explicit numerical computa-
tion, rendering them vulnerable to subtle numerical
inaccuracies. Further research is necessary to bet-
ter understand this behavior. Although DeepSeek-
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R1 (Q1) mostly exhibits minor procedural errors
("PE") in technically correct steps, its overly com-
plex and inefficient reasoning significantly impedes
achieving correct final answers.

Figure 4: Frequencies of Step Labels in Math Tasks
(Where LLMs Stumble). Note: Q1= multiplying two
5-digit numbers; Q2= solving algebraic word problems,
Q3= finding solutions to Diophantine equations. We
only labeled sets of math problems in which the LLMs
produced incorrect final answers, excluding those with
100% correctness.

As a case study, an expert human coder veri-
fied the automated labels produced by GPT-4o and
o1 on 70 solution steps drawn from first-iteration
problems on the multiplication of two five-digit
numbers. We used a verification process rather
than an independent coding procedure due to time
constraints; however the expert evaluated each step
using the rubric in Table 1. Cohen’s κ shows that
GPT-4o achieves only fair agreement with the hu-
man coder (κ = 0.366), whereas o1 attains sub-
stantial agreement (κ = 0.737), nearly doubling
reliability. These results suggest that LLMs with
stronger math competence, such as o1, yield more
dependable step-level annotations, reinforcing their
suitability for automated formative assessment.

Accuracy of Final Answers from Dual-Agent
Collaboration. Figure 5 presents performance re-
sults for the dual-agent scenario in solving prob-
lems involving the multiplication of two 5-digit
numbers. The dual-agent configuration with GPT-
4o significantly outperformed the single-agent
setup, correctly answering 14 out of 30 questions
compared to only 2 out of 32 questions in the
single-agent scenario. Figure 6 illustrates that both
LLM models in the dual-agent scenario achieved
perfect accuracy on the quadratic equations ques-
tions, surpassing the performance of GPT-4o oper-
ating individually as a single agent, which correctly

answered only 25 out of 30 problems. Figure 7
demonstrates improved accuracy in dual-agent sce-
narios compared to single-agent setups on the Dio-
phantine equations questions: GPT-4o improved
from 8 out of 30 to 15 out of 30, while DeepSeek-
V3 notably increased from 21 out of 30 to a perfect
30 out of 30. These results align with findings from
Zhang et al.’s study (Zhang et al., 2025a,b), high-
lighting that dual-agent collaboration among LLMs
can replicate key benefits of human collaboration.
Specifically, collaboration in dual-agent scenarios
enhances efficiency by enabling two LLM-based
agents to share diverse perspectives, cross-validate
solutions, and foster emergent reasoning (Chen
et al., 2023; Liang et al., 2024). Such collaborative
mechanisms hold promise for future improvements
in math assessment.

Figure 5: Dual-agent Correctness Across Three Itera-
tions for Multiplying Two 5-digit Numbers.

Figure 6: Dual-agent Correctness Across Three Itera-
tions for Solving Algebraic Word Problems Involving
Quadratic Equations.

5 Future Work

Future work should include more detailed label-
ing to better understand solution errors. For in-
stance, in multiplication problems, errors often
occurred in the final step, incorrectly summing
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Figure 7: Dual-agent Correctness Across Three Itera-
tions for Solving Diophantine equations.

partial products. Prompt revisions explicitly in-
structing step-by-step calculations could reduce
such errors. Another promising direction is in-
tegrating third-party tools including calculators,
spreadsheets, or computer algebra systems to han-
dle computations, with LLMs providing reason-
ing and explanations. This raises the question of
how to decide when to delegate tasks to external
tools. Developing fine-tuning methods to improve
LLM–tool integration could further enhance ac-
curacy. Assuming math problem-solving perfor-
mance can be improved through prompt revision
or integrating LLMs with third-party tools, a criti-
cal question remains: Can such systems effectively
support instruction and assessment? Beyond cor-
rectness, effective instructional use requires peda-
gogically sound approaches, and effective assess-
ment demands accurate identification of genuine
understanding. Addressing these questions is es-
sential for practical classroom implementation and
represents an important next research step. Multi-
agent approaches to math problem-solving like
the one in this study, which leverage collaborative
thinking and collective intelligence (Zhang et al.,
2025a; Latif et al., 2024), should be further ex-
plored. Finally, our findings indicate that stronger
performance on final math answers tends to corre-
late with higher accuracy in step-level assessment.
Future studies should investigate the mechanisms
underlying this relationship. We also see substan-
tial value in examining how these insights can in-
form the design of math items, improve formative
feedback systems, and enhance the reliability of
automated assessment frameworks.

6 Limitations

As it is based on only three item models, the dataset
is limited and needs to be scaled up to include

both more item models and more instances of each
model. We used a rather general rubric in this
study; it is possible that a fine-grained rubric with
more categories could uncover more insights about
the nature of error patterns within solutions. In the
interest of saving time, the LLM labeling and the
human labeling were not independent; rather, the
human verified the LLMs’ labels for a portion of
the data. Future work would examine agreement
between LLM labeling and human labeling as in-
dependent processes. Nevertheless, LLM label-
ing with human verification reached 91.5% exact-
match. Due to financial constraints, additional com-
mercial models such as OpenAI o3 or more other
LLM models like Anthropic Claude were not tested
but could provide valuable insights and further evi-
dence if included in future evaluations.

7 Conclusion

This study systematically evaluated four LLMs,
including two base models (OpenAI GPT-4o and
DeepSeek-V3) and two advanced reasoning mod-
els (OpenAI o1 and DeepSeek-R1), across parallel
arithmetic, algebraic, and number-theoretic item
models in both single- and dual-agent paradigms.
Models with stronger numerical competence, ex-
emplified by o1, achieved step-level annotations
that nearly doubled inter-rater agreement with hu-
man experts, underscoring their promise for scal-
able formative assessment. Dual-agent collabora-
tion, mirroring the key benefits of human collab-
oration, further enhanced math problem-solving
performance through cross-validation and emer-
gent reasoning. In this study, the publicly released
dataset, coding rubric, and benchmarking protocol
equip researchers and practitioners with practical
tools for pinpointing procedural versus conceptual
breakdowns and for designing AI-enhanced teach-
ing strategies. Future work will expand the prob-
lem bank, refine the error taxonomy, and integrate
LLMs with external computational engines, bring-
ing us closer to classroom-ready, pedagogically
sound AI-based math instruction and assessment.
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