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[Abstract]
In this paper, we evaluated GPT-40's validity for classifying physical therapy examination question difficulty

compared to human expert assessments. A multi-institutional cross-sectional validation study was conducted
across three South Korean universities with 180 physical therapy professionals (11 educators, 169 students)
evaluating 525 questions previously classified by GPT-4o into five difficulty levels. Participants rated question
difficulty using a 5-point Likert scale. GPT-4o classifications demonstrated exceptional correlation with human
assessments (r = 0.988, p < 0.001), explaining 97.6% of variance in human ratings. Bland-Altman analysis
revealed minimal systematic bias (mean difference = -0.233). Inter-rater reliability was excellent for educators
(ICC = 0.912) and students (ICC = 0.908), with no significant institutional differences (p = 0.794). These
findings support the use of GPT-40 as a reliable tool for educational assessment in physical therapy programs,

with broad applicability for curriculum development and examination design.
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I. Introduction

Physical therapy education plays a critical role in
preparing competent healthcare professionals who
must demonstrate comprehensive knowledge across
diverse clinical domains. The assessment of student
learning in physical therapy programs requires
sophisticated evaluation methods that accurately
measure knowledge complexity and cognitive
demands [l]. Traditional approaches to question
difficulty classification rely heavily on expert
which,

inherent subjectivity and scalability limitations.

judgment, while valuable, introduces

Advances in learner modeling techniques,
particularly Bayesian knowledge tracing and logistic
models, have shown that automated assessment can
effectively model student knowledge states across
various educational contexts [2]. The need for

standardized, objective assessment tools has
become increasingly urgent as physical therapy
programs expand globally and seek to maintain
consistent educational standards across institutions.

The emergence of large language models (LLMs)
has revolutionized various domains, including
educational assessment and content evaluation.
These advanced artificial

intelligence systems

demonstrate remarkable capabilities in
understanding and processing complex textual
information, offering unprecedented opportunities
for automated educational content analysis [3].
including BERT and

GPT variants, have demonstrated the ability to

Transformer-based models,

extract complex clinical information from medical

records and educational content, achieving

performance comparable to human experts [4].

Among these models, GPT-40 represents a
significant advancement in natural language
processing, exhibiting  enhanced  reasoning

capabilities and improved performance across
diverse cognitive tasks. However, the validation of
LLM-generated classifications against human
expert judgment remains essential for establishing

their reliability in educational contexts.

Difficulty classification of educational content
presents unique challenges in healthcare education,
where questions often involve multi-layered clinical
reasoning, integration of theoretical knowledge with
practical application, and consideration of patient
safety implications [5]. These assessment challenges
have led to increased adoption of machine learning
in medical education evaluation. For instance,
Mastour et al. [6] successfully employed ensemble
ML models to predict student performance on the
Comprehensive Medical Basic Sciences Examination
with high accuracy, demonstrating that automated
systems can effectively capture the complexity of
medical knowledge assessment. Physical therapy
examination questions encompass various cognitive
levels, from basic factual recall to complex clinical
The

classification of such questions requires deep

decision-making scenarios. accurate
understanding of both content complexity and
cognitive demands, making it an ideal testbed for
evaluating Al-assisted educational assessment tools.

Current research in Al-assisted educational
assessment has shown promising results across
various disciplines, yet significant gaps remain in
healthcare-specific applications [7]. Most existing
studies focus on general academic subjects or
with
investigation into specialized healthcare fields where

computer  science domains, limited
domain expertise plays a crucial role in content

evaluation. Furthermore, the multi-institutional
validation of Al classification systems against
diverse expert populations remains underexplored,
limiting our understanding of generalizability across
different educational contexts.
The integration of Al tools in medical and
healthcare education assessment requires rigorous
that

statistical correlation but also practical applicability

validation studies demonstrate not only

and educational validity [8]. Such validation must

consider diverse stakeholder = perspectives,
including both experienced educators and
advanced students who represent the target
assessment population. Additionally,
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cross-institutional validation ensures that findings
are generalizable beyond specific educational
settings and cultural contexts.

This study addresses these gaps by conducting a
comprehensive multi-institutional validation of
GPT-40 (difficulty classifications against human
expert assessments in physical therapy education.
Our research contributes to the growing body of
literature on Al-assisted educational assessment
while providing practical insights for implementing
automated difficulty classification systems in
healthcare education programs. The remainder of
Chapter 2

provides an overview of prior studies, Chapter 3

this paper is organized as follows:

describes the research methodology, Chapter 4
Chapter 5
interprets and discusses the results, and Chapter 6

outlines the experimental findings,
concludes the paper with a summary and final

remarks.

II. Preliminaries

2.1 Related Works

2.1.1 Al in Medical Education Assessment

The application of artificial intelligence in medical
education has evolved rapidly over the past decade,
with increasing focus on automated assessment and
Chen et al. [9]
demonstrated the effectiveness of machine learning

personalized learning systems.

approaches for medical question classification,
highlighting the potential for automated content
analysis in healthcare education. Similarly,
Rodriguez-Torrealba et al. [10] explored the use of
natural language processing techniques for
analyzing medical examination content, establishing
foundational methods for Al-assisted educational
their
(11]

examined intelligent tutoring systems across medical

assessment in healthcare domains. In

systematic analysis, Mousavinasab et al.

education fields, demonstrating that Al-powered

systems primarily utilize rule-based reasoning and

data mining techniques to provide adaptive

instruction, though their application in clinical

problem-solving scenarios remains limited.

2.1.2 Question Difficulty Classification

Automated question difficulty prediction has
emerged as a significant research area within
[12]
proposed machine learning models for predicting

educational technology. Benedetto et al.

question difficulty in educational assessments,

demonstrating the feasibility of automated
classification approaches. Their work established
important methodological frameworks that have
influenced subsequent research in educational
content analysis and difficulty prediction systems.
These methodological advances culminated in
Kapoor et al.'s [13] comprehensive study of reading
comprehension items from US standardized tests,
where they achieved remarkable performance
(correlation of 0.77, RMSE reduction from 0.92 to
0.52)

embeddings.

using both linguistic features and LLM
Notably,
approach alone yields comparable results indicates

their finding that -either
the complementary nature of traditional and
modern Al techniques in educational assessment.

2.1.3 Large Language Models in Educational
Assessment

Recent advances in large language models have
opened new possibilities for educational content
analysis and assessment. The emergence of
transformer-based architectures has enabled more
sophisticated understanding of educational content
complexity and cognitive demands. Susnjak and
McIntosh [14] developed a multimodal self-reflective
strategy that enabled GPT-4V to successfully
answer complex exam questions combining text and
visual elements across

multiple  disciplines,

demonstrating both the potential of Al in

educational assessment and the urgent need for

enhanced exam security measures in online

education contexts. However, validation studies

specifically focusing on healthcare education

contexts remain limited, creating an important

research gap that this study aims to address.
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2.2 Large Language Models for Educational
Assessment

2.2.1 Evolution of GPT Models in Education

The Generative Pre-trained Transformer (GPT)
series has demonstrated remarkable capabilities
across various educational From
GPT-3's
GPT-4's enhanced reasoning abilities, these models

applications.

initial success in text generation to

have shown increasing  sophistication in

The
a further

understanding educational content.

introduction of GPT-4o0 represents
multimodal and

advancement in processing

reasoning capabilities, making it particularly

suitable for complex educational assessment tasks.

2.2.2 Educational Applications and Validation
Large language models have been successfully
applied to various educational tasks, including

content generation, question answering, and
assessment development. However, the validation of
these models against human expert judgment
remains crucial for establishing their reliability and
Studies

examining the correlation between Al-generated

accuracy in  educational contexts.
classifications and expert assessments provide
essential evidence for the practical deployment of

these technologies in educational settings.

2.3 Difficulty Classification in Medical Education
2.3.1 Traditional Assessment Approaches
Conventional methods for determining question

difficulty in medical education rely primarily on

expert judgment, statistical item analysis, and

student performance data. While these approaches

provide valuable insights, they are often

time-consuming, resource-intensive, and subject to

inter-rater  variability. The development of
automated classification systems offers the
potential to overcome these limitations while

maintaining assessment quality and reliability.

2.3.2 Validation Methodologies

The  validation of  automated difficulty
classification systems requires comprehensive
evaluation approaches that consider multiple

perspectives and stakeholder groups. Correlation
analysis, agreement assessment, and effect size

calculations  provide essential metrics for
evaluating the performance of Al classification
systems. Additionally, multi-institutional validation
ensures generalizability across diverse educational

contexts and populations.

2.3.3 Integration Challenges and Opportunities
The integration of Al-assisted assessment tools
in medical education presents both challenges and

opportunities. While these technologies offer
improved efficiency and consistency, their
successful  implementation  requires  careful
validation, stakeholder engagement, and
consideration of educational context.
Understanding the factors that influence Al

classification accuracy and reliability is essential
for developing effective implementation strategies
in healthcare education programs.

III. Methods

This multi-institutional cross-sectional validation
study evaluated the concordance between GPT-4o0
difficulty

assessments  of

classifications and human expert

physical therapy examination
questions. As shown in Fig. 1, the system involves
multiple stages, including human rating protocols,
expert calibration, and Al-based classification,
which were standardized across all participating
sites. The study was conducted between May 2025
three

accordance with the ethical principles of the

and June 2025 across institutions in

Declaration of Helsinki as recognized by the Korea
Society of Computer Information.
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Multi-Institutional Assessment

Human Expert 180 Participants 3 Universities
Evaluation
11 Educators 169 Students

v

Rating Protocol

§-Point Likert Scale

Data Collection Online Survey Platform

Standardized Instructions

Quality Control Measures
v

Comprehensive Analysis Methods
Pearson Correlation Linear Regression
Stati: L Vali n
sticalVaidstio Bland-Altman Plot Cohen's d Effect Size
ICC Reliability ANOVA Testing
v
- R?=0.976
Results Analysis E0:858
ICC =0.910 0>0.975

v

Research Outcomes

Strong Al-Human Gorrelation

Validation Output Cross-Institutional Consistency
High Inter-rater Reliability

Educational Implementation Ready

Fig. 1. Multi-Institutional Validation Study Workflow for
GPT—-40 Difficulty Classification in Physical Therapy
Education

3.1 Participants and Sample Size

A total of 180 physical therapy professionals
participated in this study, comprising 11 educators
(6.1%) with minimum 2 years of clinical experience
and 169 students (93.9%) in their second year or
above. Participants were recruited from three
(n=85,

and

institutions: Kunsan National University
47.2%), (n=61, 33.9%),
Kyungwoon University (n=34, 18.9%). Sample size
3.1.9.7 for
correlation analysis with effect size r = 0.7, a =
0.05,

requirement of 21

Howon University

was calculated wusing G*Power

and power = 0.95, vyielding a minimum
participants, which was
expanded to 180 to ensure robust subgroup
analyses and account for potential dropouts.

Inclusion criteria required informed consent,

fluency in Korean, and relevant educational

background, while exclusion criteria included
incomplete responses (>20% missing data) and

unfamiliarity with physical therapy content.

3.2 Materials and Procedures

The present study employed OpenAl's GPT-4o
model (version  gpt-40-2024-11-20), accessed
through the OpenAl API on April 10, 2025, for the

classification of physical therapy examination

The model
temperature setting of 0.3 to ensure consistent and

questions. configuration utilized a
reliable output generation, with a maximum token
limit of 3,500 to accommodate comprehensive
question generation including detailed explanations
and references. API calls were implemented with a
one-second interval to comply with rate limitations,
and a retry mechanism with a maximum of three
attempts was incorporated to handle potential API
errors.

The classification framework encompassed five
distinct difficulty levels, each with predefined
performance expectations based on anticipated
correct response rates. Questions designated as
Very Easy (Level 1) were expected to achieve 90%
correct responses and focused on basic concepts
and simple recall. Easy questions (Level 2) targeted
/5% accuracy with basic concept understanding
and simple applications. Medium difficulty (Level 3)
expecting 60% correct

questions, responses,

required integration of multiple concepts and
fundamental clinical understanding. Hard questions
(Level 4) anticipated 40% accuracy and involved
with
conceptual integration. Very Hard questions (Level

complex clinical situations advanced
5), with an expected 25% correct response rate,

demanded high-level clinical reasoning and
addressed rare conditions or exceptional situations.

A structured prompt engineering approach was
implemented to ensure consistent question
generation. The prompt engineering framework was
specifically designed to align GPT-40's classification
process with established educational assessment
principles in physical therapy education. This

framework  incorporated three  fundamental
components: First, difficulty level definitions were
operationalized through expected correct response
rates, establishing clear performance benchmarks
for each of the five levels (Level 1: 90%, Level 2:
75%, Level 3: 60%, Level 4: 40%, Level 5: 25%).
These thresholds were derived from classical test
theory and validated against historical examination

data from Korean physical therapy programs.
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Second, domain-specific constraints were
implemented to ensure clinical relevance and
linguistic consistency, including strict adherence to
Medical

mandatory positive question framing to avoid

Terminology 6th  Edition standards,

unnecessary  linguistic  complexity, and a
standardized five-option multiple-choice format.
Third,

calibrated to reflect the comprehensive nature of

the cognitive distribution was carefully

physical therapy competencies, allocating 40% to

recall-based items for foundational knowledge
assessment, 30% to interpretation tasks requiring
analytical skills, 20% to problem-solving scenarios
demanding application of principles, and 10% to
case-based questions

integrating multiple

competencies in clinical contexts. The prompt
template incorporated difficulty level definitions
with thresholds,

systematic question type categorization comprising

corresponding  percentage

recall (40%), interpretation (30%), problem-solving
(20%), (10%)
specific rules

and case-based categories, and

generation mandating positive
question framing and adherence to the Medical
Terminology 6th Edition standards. All outputs
were structured in JSON format, containing the
question stem, five answer options, correct answer
designation, detailed explanations for each option,
comprehensive rationale, and relevant academic
The

including all variations and refinement iterations, is

references. complete prompt template,
available in the Supplementary Materials and can
be accessed through our Google Drive
(https://drive.google.com/file/d/1IrUyCUNb5cAfjaqs
Ae3sqEOtCQs2pX8CY/view?usp=sharing) to ensure
full reproducibility of our methodology.

The study utilized a corpus of 525 physical
therapy examination questions, with 105 questions
allocated to each difficulty level and stored in
corresponding CSV files. These questions were
compiled from validated sources including the
Korean Physical Therapy Licensing Examination
archives and standardized educational resources,

particularly Therapeutic Exercise: Foundations and

Techniques (Kisner et al., 2022).

Human participants evaluated question difficulty
using a b5-point Likert scale that corresponded
directly to the GPT-4o classification levels. Data
collection was conducted through a structured
online survey platform (Google Forms) over a
four-week period, with participants randomly
assigned to evaluate subsets from each difficulty
level. Questions were presented in randomized
order to prevent sequence bias and ensure
assessment validity. Prior to the evaluation phase,
all participants completed a standardized 30-minute
training session that included practice examples
and calibration exercises. Inter-rater reliability was
established through pilot testing, achieving an
intraclass correlation coefficient exceeding 0.75.

To ensure reproducibility and transparency, the
complete implementation code, including prompt
interaction and data

templates, API scripts,

processing pipelines, has been made publicly
available in a GitHub repository. The repository
Jupyter that

demonstrate the entire workflow from initial API

contains  executable notebooks

calls through final data processing and analysis.

3.3 Statistical Analysis

Descriptive statistics summarized participant
characteristics and response distributions, with
normality assessed using Shapiro-Wilk and

Kolmogorov-Smirnov tests. The primary analysis
employed Pearson correlation with 95% confidence
intervals calculated using Fisher's z-transformation
to examine the relationship between GPT-40
difficulty levels and mean human ratings. Linear
regression analysis was performed with human
ratings as the dependent variable and GPT-4o
levels as the predictor. Bland-Altman analysis
evaluated agreement between methods, calculating
Cohen's d

quantified effect sizes for each difficulty level,

bias and 95% limits of agreement.

interpreted using standard criteria (small |d| = 0.2,
[d| = 0.5, |d = 0.8).
consistency was assessed using Cronbach's alpha,

medium large Internal
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while inter-rater reliability was evaluated using

two-way  mixed-effects intraclass correlation
coefficients (ICC[3,k]) with 95% confidence intervals.
Subgroup analyses examined differences by rater
type and institution using ANOVA, with sensitivity
analyses including outlier exclusion, bootstrap
resampling (n=10,000), and alternative correlation

methods.

3.4 Data Management and Ethics

All analyses were performed using Python 3.11
with scientific computing libraries (NumPy, SciPy,
pandas, matplotlib, seaborn). Statistical significance
was set at o = 0.05 with Bonferroni correction for
multiple comparisons. The study adhered to STARD
STROBE Data
confidentiality through

and reporting guidelines.

was maintained
de-identification procedures, and raw data will be
made available upon reasonable request subject to
institutional review. This research received no
external funding and was conducted independently.

The authors declare no conflicts of interest.

IV. Results

4.1 Participant Characteristics

A total of 180 physical therapy professionals
participated in this multi-institutional validation
study across three South Korean universities. The
sample comprised 11 educators (6.1%) and 169
students (93.9%), distributed as follows: Kunsan
National University (n=85, 47.2%), Howon University
(n=61, 33.9%), and Kyungwoon University (n=34,
18.9%). Each participant evaluated questions from
all five difficulty levels, resulting in 900 total
assessments across 525 unique questions. Complete
demographic characteristics are presented in Table
1.

Table 1. Participant Demographics and Distribution

Characteristic n %
Total Sample 180 100.0

Role Educators 11 6.1
Students 169 93.9

Kunsan National Uni. 85 472

Institution Howon Uni. 61 33.9
Kyungwoon Uni. 34 18.9

4.2 Primary Outcome: Correlation Analysis

The
correlation between GPT-4o difficulty classifications
and human expert ratings (r = 0.988, 95% CIL
[0.825, 0.999], p < 0.001). This correlation remained
robust across all difficulty levels and institutional

analysis revealed a strong positive

subgroups. As illustrated in Fig. 2, the linear
regression model (Human Rating = 0.440 X GPT-4o
Level + 1.447) demonstrated excellent predictive
validity, explaining 97.6% of the variance in human
ratings (R? = 0.976, F(1,3) = 122.6, p < 0.001). The
root mean square error of 0.097 and mean absolute
error of 0.088 indicate high prediction accuracy,
with residuals normally distributed (Shapiro-Wilk W
= 0.964, p = 0.742).

T =0.988 (0.825, 0.999)
R = 0.976

p <0.001
RMSE = 0.097

Human Difficulty Rating

1 2 3 4 5
Very Easy Easy Medium Hard Very Hard
GPT-4o Difficulty Level

Fig. 2. Correlation Between GPT—-40 Classification and
Human Expert Ratings

Descriptive statistics for human difficulty ratings
by GPT-4o classification level are summarized in
Table 2. Mean ratings increased consistently across
difficulty levels, from 1.81 (SD = 0.08) for Very Easy
questions to 3.50 (SD = 0.10) for Very Hard
questions, clear discrimination
The distribution
patterns shown in Fig. 3 further confirm this

demonstrating
between difficulty categories.
with  minimal

systematic  progression, overlap

between adjacent difficulty levels.
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Table 2. Descriptive Statistics of Human Difficulty Ratings by GPT-40 Classification

GPT-40 Level | CSV File | Questions | Raters (n) | Mean (SD) 95% CI Median [IQR] Range Cronbach's a
1 (Very Easy) 1.csv 105 180 1.81 (0.08) [1.80, 1.82] | 1.81 [1.75, 1.87]| 1.62-2.00 0.981
2 (Easy) 2.csv 105 180 2.30 (0.08) [2.29, 2.31]1 | 2.30 [2.24, 2.36] | 2.11-2.49 0.978
3 (Medium) 3.csv 105 180 2.90 (0.09) | [2.89, 2.91] | 2.90 [2.83, 2.97] | 2.68-3.12 0.985
4 (Hard) 4.csv 105 180 3.31 (0.09) | [3.30, 3.32] | 3.31 [3.24, 3.38] | 3.09-3.53 0.983
5 (Very Hard) 5.csv 105 180 3.50 (0.10) | [3.49, 3.51] | 3.50 [3.42, 3.58] | 3.26-3.74 0.989
s0l7@ e from -1.982 to 1.515 points. This range represents
E o acceptable concordance for practical
%“’ implementation,  particularly  considering the
§3: @ @ inherent subjectivity in difficulty assessment.
‘;Ezs < @ Examination of agreement at clinically meaningful
E“’ @ thresholds revealed moderate concordance within
5 narrow margins (40% of levels agreeing within +0.5
’ - o Vedum o Yoy points) and good concordance within broader

(Level 1) (Level 2) (Level 3) (Level 4) (Level 5)

GPT-do Difficulty Classification

n =180 n =180 n =180 n =180 n =180

Fig. 3. Distribution of Human Difficulty Ratings by
GPT-40 Classification Level

The violin plots illustrate the distribution shape
of human ratings for each GPT-4o difficulty level,
with overlaid box plots showing quartiles and
Red dots
sample sizes are annotated below each level. The

medians. indicate mean values, and

distributions show clear separation between
difficulty levels with minimal overlap, supporting

the validity of GPT-40 classifications.

4.3 Agreement Analysis

Bland-Altman analysis demonstrated substantial
agreement between GPT-40 classifications and
human ratings across the difficulty spectrum, with
minimal systematic bias and acceptable variability.
The that GPT-40 slightly
underestimated difficulty on average, with a mean

analysis revealed
bias of -0.233 points on the 5-point scale. The low
standard deviation of differences (0.892) indicates
consistent agreement patterns rather than random
variation between the two assessment methods.The
95% limits of agreement established the range
within which most differences between GPT-40 and
human ratings can be expected to fall, spanning

margins (80% of levels agreeing within +1.0 points).
Importantly, no significant proportional bias was
detected across the difficulty range, indicating that
the level of agreement remained consistent whether
assessing easy or difficult content.

— Mean difference: 0.233
-- 95% LoA: [-1.982, 1515]

Very Easy
¢

ON&dmm

Difference (Human - GPT-40)
|

(Agreement Analysis:
Within 0.5: 2/5 (40%).
Within +1.0: 4/5 (80%)

10 15 20 30 3s 40 45

25
Average of GPT-4o and Human Ratings

Fig. 4. Bland—Altman Plot: Agreement Between GPT—40
and Human Ratings

As visualized in Fig. 4, the agreement plot
displays differences between human and GPT-4o
ratings against their averages, with each difficulty
level represented by different colored points and
labeled accordingly. The solid red line indicates the
mean bias (-0.233), while dashed red lines show the
95% limits of agreement (-1.982 to 1.515). The
shaded area represents the agreement zone, and
point labels identify each difficulty level for clear
interpretation of systematic patterns across the

classification spectrum.
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4.3.1 Classification Accuracy Metrics

To complement the correlation analysis and
address the accuracy verification objectives stated in
our title, we examined classification accuracy at
various tolerance levels. When defining accuracy as
the percentage of GPT-4o classifications falling
within specified ranges of human expert ratings, we
observed a graduated pattern of agreement. Exact
matches between GPT-40 and mean human ratings
occurred in 16% of classifications, indicating that
perfect concordance was relatively rare. However,
when allowing for minor discrepancies, the accuracy
improved substantially: 40% of classifications fell
within +0.5 levels of human ratings, 80% within £1.0
levels, and 95% within £1.5 levels. These metrics
demonstrate that while exact agreement was limited,
GPT-40 classifications remained closely aligned with
human judgments, with the vast majority falling
within one difficulty level of expert consensus.

4.3.2 Error Pattern Analysis

Systematic analysis of classification
patterns in
For difficulty

consistently

discrepancies revealed consistent
GPT-40's

Levels 1

difficulty assessments.
through 4, GPT-4o
underestimated difficulty compared to human
raters, with mean biases ranging from -0.19 points
for Very Easy items to -0.31 points for Easy and
Hard items. This underestimation pattern suggests
that GPT-40 perceived these questions as slightly
than did.

Conversely, for Level 5 (Very Hard) items, GPT-4o

less challenging human experts
exhibited overestimation with a mean bias of +0.50
points, indicating the model classified these items
as more difficult than human raters perceived
them. Importantly, no extreme misclassifications
exceeding two difficulty levels were observed,
suggesting that while systematic biases exist, they
remain within acceptable bounds for practical
application. This compression effect toward the
middle range of the difficulty spectrum warrants
consideration when implementing GPT-40 for

high-stakes educational assessments.

4.4 Effect Size Analysis

Cohen's d effect sizes quantified the practical
GPT-40
across all

significance of differences between

classifications and human ratings
difficulty levels. All five levels demonstrated large
to extremely large effects (|d| = 0.8) according to
established

magnitude differences between Al and human

criteria, indicating substantial
assessments. As depicted in Fig. 5, the pattern
GPT-40

consistently underestimated difficulty for lower

revealed gsystematic directional biases:

complexity questions (Very Easy and Easy levels
Cohen's d while
overestimating difficulty for higher complexity

showing positive values)

content (Very Hard level showing negative Cohen's
d).

Very Hard

Medium +-1.14

00 25 50 7s 100 125 150
Cohen's d Effect Size

Effect Size Magnitude
(Cohen's Criteria)
= Negligible (|d] < 0.2)
=== Small (0.2 = |d| <0.5)
m= Medium (0.5 = |d| < 0.8)
Large (0.8 < |d] < 2.0)

Easy

GPT-4o Difficulty Classification

Very Easy Very Large (2.0 < |d] < 5.0)

= Extremely Large (|d] = 5.0)

Fig. 5. Standardized Mean Differences Between Human
Expert and GPT—40 Ratings

The
underestimation, while the Hard level demonstrated

Medium level showed moderate
substantial underestimation by the Al system.Effect
sizes were calculated using Cohen's d for each
difficulty level. Values ranged from -5.00 to 10.13
(Mean |d|: 7.66), with all effects classified as Large
to Extremely Large. Positive values indicate human
ratings exceeded GPT-4o classifications: negative
values indicate the reverse. Color coding
represents effect size magnitude categories based
on Cohen's conventional boundaries for small (0.2),
medium (0.5), large (0.8), very large (2.0), and
(5.0)

indicate these established thresholds for statistical

extremely large effects. Reference lines

interpretation.
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45 Reliability Analysis

Internal consistency was excellent across all
difficulty levels,
consistently exceeding 0.975 (mean o =

with Cronbach's alpha values
0.983),
indicating high measurement reliability within each
difficulty category. Inter-rater reliability analysis
revealed strong agreement among all participant
mixed-effects intraclass

groups. Two-way

correlation  coefficients demonstrated excellent
reliability for both educators and students, with
minimal differences between expertise levels. The
ICC of 0.910

inter-rater consistency according to established

overall indicates  exceptional
psychometric criteria, supporting the stability and
generalizability of difficulty assessments across
diverse rater populations.
As shown in Figure 6, internal consistency
(Cronbach's alpha) by difficulty level is displayed in
the left panel, with values ranging from 0.978 to 0.989.
Inter-rater reliability (ICC) by rater type is presented
in the right panel, showing educators (ICC = 0.912,
95% CI: [0.895, 0.925]), students (ICC = 0.908, 95% CI:
[0.890, 0.922]), and overall sample (ICC = 0.910, 95%
CI: [0.892, 0.924]). Reference lines indicate thresholds
for good (0.8) and excellent (0.9) reliability. Error bars

represent 95% confidence intervals.
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Fig. 6. Reliability Analysis

4.6 Institutional Variations

Analysis of wvariance revealed remarkable

consistency in difficulty assessments across the
three participating institutions, with no statistically
observed between

significant differences

universities. The minimal variation in mean ratings
between institutions demonstrates that GPT-4o
classifications maintain validity across diverse
educational contexts, independent of institutional
culture, student

pedagogical approaches, or

populations. This cross-institutional robustness
supports the broad applicability of Al-assisted
difficulty classification systems in physical therapy
education programs with varying characteristics
and emphasizes the generalizability of findings
beyond the specific study settings.

As illustrated in Fig. 7, the heatmap displays
mean ratings across Kunsan National University,
Howon University, and Kyungwoon University for
each difficulty level. Analysis of variance showed
no significant institutional differences (F(2,12) =
0.234, p = 0.794, n* = 0.038), with maximum
variation of 0.09 points between institutions. Color
intensity represents rating magnitude from low
(blue) to high (red) values. Numerical values are
overlaid on each cell, with grid lines separating
institutional and difficulty categories for clear

interpretation.

Mean Human Ratings by Institution and Difficulty Level

Institution
c
2

Kyungwoon 181 234 2.96 331 3.58
University is
10

Level 1 Level 2 Level 3 Level 4 Level 5.
y Medium Hard Very Hard
GPT-40 Difficulty Level

Fig. 7. Mean Human Ratings by Institution and Difficulty Level

4.7 Correlation Matrix Analysis

Pearson correlations between difficulty levels
that
support the construct validity of the classification

revealed theoretically consistent patterns
system. Inter-level correlations demonstrated a
clear proximity effect, with adjacent difficulty levels
showing stronger positive associations than distant
The highest
between Medium and Hard levels (r =

correlation was observed
0.267),

levels.
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followed by Easy and Medium levels (r = 0.234),
indicating smooth transitions in perceived difficulty
across the middle range of the scale.

Notably, Very FEasy level showed weak or
negative correlations with higher difficulty levels
(ranging from -0.145 to 0.156), suggesting distinct
perceptual boundaries between basic and more
complex content. Similarly, correlations between
Very Easy and Very Hard levels were negative (r =
-0.145),

between these extreme categories. The progressive

reflecting the conceptual opposition
increase in correlation strength from Easy to Hard
levels (r = 0.178 between Easy-Hard, r = 0.189
Hard-Very Hard) demonstrates the

hierarchical nature of difficulty perception among

between

physical therapy professionals.

All correlations achieved statistical significance
(p < 0.001), confirming that the observed patterns
represent genuine associations rather than random
variation. This correlation structure supports the
GPT-40's
difficulty classification approach and validates the

theoretical  framework  underlying

meaningfulness of the five-level categorization
system for physical therapy educational content.

4.8 Sensitivity Analysis

To assess the robustness of findings, several
sensitivity analyses were conducted. Excluding
outliers beyond 3 standard deviations (n = 2 ratings
excluded) did not materially change the correlation
(r = 0.991 vs. 0.988). Bootstrap analysis with 10,000
resamples confirmed the stability of the correlation
coefficient (95% bootstrap CI: [0.985, 0.992]). Separate
analyses by rater type yielded similar correlations for
educators (r = 0.989) and students (r = 0.993), with
no significant difference between groups (z = 0.421,
p = 0.674), supporting the consistency of findings
across different expertise levels.

V. Discussion

This multi-institutional validation study shows that
GPT-40 achieves high accuracy in classifying physical

therapy exam question difficulty, with a correlation
of r = 0.988 and R? = 0.976 compared to human expert
This
significant potential for Al in educational assessment,

ratings. near-perfect alignment suggests

especially in expert-driven healthcare fields.
Unlike
cognitive complexity follows relatively linear patterns,

general educational domains where
healthcare education questions require simultaneous
consideration of theoretical knowledge, clinical
application, patient safety implications, and ethical
considerations. This multidimensional complexity
makes traditional automated assessment approaches
insufficient for medical education contexts.

The observed correlation greatly exceeds those
in prior Al-education studies, where
general-purpose systems often show r = 0.60-0.75
[15]. While Hama et al.'s systematic review [16]
demonstrated that deep learning models using
sequential diagnostic codes showed varied but
promising performance across 84 studies (with
AUROC being the most common metric), these
clinical prediction tasks differ fundamentally from
educational assessment. Our GPT-40 results (r =
0.922) thus

specifically for educational difficulty prediction.

establish a strong benchmark

The present study's distinctive contributions
include: (1) multi-institutional validation across
three universities with 180 participants, overcoming
single-institution limitations; (2) dual expert group
validation incorporating both educators (ICC=0.912)
and students (ICC=0.908) for diverse perspectives;
(3) medical domain-specific prompt engineering
utilizing Medical Terminology 6th Edition standards:
and (4) large-scale validation of 525 items from
Korean Physical Therapy Licensing Examinations,
ensuring practical applicability. GPT-40's strong
performance likely stems from its grasp of medical
terminology, clinical logic, and knowledge
hierarchies, enabling finer difficulty discrimination.

Bland-Altman analysis showed minimal bias
(mean difference = -0.233) and acceptable
agreement limits (-1.982 to 1.515), with 80% of

items falling within £1.0 points. This is notable



244  Journal of The Korea Society of Computer and Information

given the subjective nature of difficulty judgments
and variability even among trained educators [17].

The extremely large Cohen's d values (ranging
from -5.00 to 10.13) warrant careful interpretation.
These values primarily reflect the remarkably low
0.08-0.10) rather
than large absolute differences between groups.

within-group variability (SD =

The high internal consistency (Cronbach's o >
0.975) and inter-rater reliability (ICC > 0.900)
resulted in minimal variance within each difficulty
level, mathematically amplifying the effect sizes.
while  the
Bland-Altman analysis revealed a modest mean

From a practical perspective,
difference of only -0.233 points on the 5-point
scale, the large effect sizes indicate that GPT-4o
classifications create distinct, non-overlapping
difficulty categories—a desirable characteristic for
educational assessment tools.

GPT-40's validated performance addresses key
needs in physical therapy education, especially
where faculty resources for detailed difficulty
calibration are limited. Its ability to scale
expert-level analysis can benefit institutions with
fewer assessment specialists.

0.234, p =
0.794) supports the generalizability of GPT-40's
suggesting  that

pedagogical differences across Korean universities

Institutional consistency (F(2,12) =

classifications, cultural or
had minimal impact. This robustness supports its

use in standardized assessments and
cross-institutional initiatives [18].

High inter-rater reliability among educators (ICC
= 0.912) and students (ICC = 0.908) shows GPT-40's
alignment with varied expertise levels, enhancing
its value in formative settings where both peer and
self-assessment are vital. This resonates with Tekin
et al. [19], who reported that Al evaluators showed
promise in OSCE assessments, particularly for
visually observable skills, though they noted
greater discrepancies in tasks requiring auditory
interpretation or verbal communication.

GPT-40 can support progressive test design in

competency-based models, where students must

master difficulty tiers before advancing [20]. Its
difficulty
feedback for students and allow educators to

real-time capabilities enable instant
balance exams without lengthy pretesting. The
integration of such automated systems should
follow human-centred design principles, as Alfredo
et al. [21] demonstrated in their systematic review
that 47%
successfully balance high human control with
(Q4 quadrant),

educators maintain agency while benefiting from

of human-centred LA/AIED systems

computer automation ensuring

Al-powered insights for personalized educational
Yet,

minor systematic differences emerged at extreme

interventions. despite strong correlations,

difficulty levels, suggesting that context-specific
calibration might be necessary [22].
Methodologically, the study's strengths include
its multi-site design (180 participants), thorough
both
educators and students. High internal consistency
(Cronbach's o > 0.975) and ICC > 0.900 further
support the quality of human benchmarks used.

statistical validation, and inclusion of

Limitations include the exclusive focus on

Korean-language content, which may limit
generalization. Broader validation across diverse
healthcare topics and global education contexts is
needed [23]. Furthermore, we acknowledge that this
study did not include comparative analyses with
traditional machine learning classifiers (e.g., SVM,
Random Forest) or previous GPT versions, which
limits our ability to quantitatively demonstrate the
relative performance improvements of GPT-4o.
While our correlation with human expert ratings
(r=0.988)

comparisons with baseline methods would provide

suggests strong validity, direct
important context for understanding the magnitude
of advancement achieved by large language models
over conventional automated approaches.
Additionally, the absence of detailed qualitative
analysis of misclassification cases represents
another limitation. Our post-hoc error analysis
that GPT-4o0 exhibits a

compression effect, underestimating difficulty for

revealed systematic
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easier items (Levels 1-2) and harder items (Level
4), while overestimating very hard items (Level 5).
This pattern suggests the model may have difficulty

distinguishing extreme cases from moderate
difficulty levels. While no catastrophic
misclassifications (>2  levels) occurred, this

compression effect should be considered when
implementing GPT-40 for high-stakes assessments.
While our quantitative analyses demonstrated

strong overall correlation, examining specific

instances of discordance-particularly at the
extremes of the difficulty spectrum as indicated by
our Bland-Altman analysis-would provide valuable
insights into the systematic biases and limitations
of Al-based classification. Such case-by-case
analysis could reveal patterns related to question
structure, cultural context, or domain-specific
nuances that quantitative metrics alone cannot
capture. Future research should conduct item-level
qualitative analysis to identify specific question
characteristics that contribute to misclassification,
which would enable more targeted improvements in
Al-based difficulty assessment systems.

Ethical considerations also warrant attention
when implementing Al-based assessment systems.
Issues of fairness, transparency, and potential bias
require careful consideration, particularly in
high-stakes educational contexts. While our findings
support GPT-40 as a valuable assistive tool, we
emphasize that it should augment rather than
replace human judgment, with critical assessment
decisions maintaining meaningful human oversight.
The system's current validation is limited to
difficulty classification of multiple-choice questions
and should not be extrapolated to direct student
grading  without additional validation and
appropriate governance frameworks.

Temporal consistency of GPT-40 results wasn't
evaluated. Given the pace of LLM evolution,
longitudinal studies will be key for assessing
long-term reliability. Question format, multimedia
inclusion, and cultural specificity also warrant

further research.

Future  directions include  cross-cultural
validation and systematic comparisons with both
traditional feature-based classifiers and earlier
language models (GPT-3.5, GPT-4) to establish
comprehensive

performance benchmarks.

Qualitative examination of misclassified items
through expert review panels should be prioritized
to identify potential causes of Al-human
disagreement and develop strategies for improving
classification accuracy in edge cases. Research into
domain-specific fine-tuning and adaptive system
integration could further enhance impact [24].
should

regular audit

Institutions considering implementation
establish clear ethical guidelines,
procedures, and stakeholder feedback mechanisms
to ensure responsible deployment. As healthcare
education embraces multimedia, studies should
difficulty

Cost-effectiveness and scalability analyses will also

explore  multimodal classification.

inform adoption decisions, particularly for

institutions considering implementation of

Al-assisted assessment tools.

VI. Conclusions

This study provides compelling evidence for the
validity of GPT-4o in classifying physical therapy

examination question difficulty, demonstrating
exceptional  correlation with human  expert
assessments across multiple institutions. The

findings suggest that advanced language models

can serve as reliable tools for educational

assessment in specialized healthcare domains,
potentially transforming approaches to curriculum
development, examination design,
While

and cross-cultural validation remain

and quality
assurance. implementation considerations
important
areas for future research, the results support the
integration of Al-assisted difficulty classification as
a valuable complement to traditional expert-based

assessment methods in physical therapy education.
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