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Abstract
Traditional radiology education is constrained by a restricted apprenticeship model and a scarcity of datasets structured 
for building artificial intelligence (AI)-based radiology education systems. To address this problem, we developed a novel 
end-to-end framework for transforming vast clinical archives into scalable radiology education resources. The proposed 
framework converts static radiographic data into an interactive learning system through three integrated components. First, 
a multi-stage curation pipeline establishes a foundation of trustworthy cases suitable for radiology education from noisy 
public archives. Second, a large language model pipeline automatically generates a rich library of questions engineered 
to build core radiology reasoning skills. Finally, this content is deployed on an interactive, gamified platform that uses an 
adaptive algorithm to deliver a personalized and engaging learning experience. The curation pipeline distilled an initial pool 
of 493,785 images into a final dataset of 881 high-fidelity chest radiographs, from which the automated content generation 
pipeline produced 2305 multiple-choice questions. The system was implemented as the League of Radiologists, a publicly 
accessible platform (https://​radon​tology.​org), demonstrating the feasibility of the proposed end-to-end architecture. A field 
demonstration resulted in 40 registered users and 68 unique examination sessions without technical failure, with 37.5% of 
active participants returning for multiple sessions. While currently focused on single finding chest radiographs, this study 
provides a practical and reproducible blueprint for implementing an AI-enabled adaptive radiology education platform using 
heterogeneous clinical imaging data. The described framework offers an extensible foundation for future development and 
evaluation of AI-driven educational systems in medical imaging.
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Introduction

The cornerstone of radiology education has traditionally 
been the apprenticeship model, in which trainees develop 
expertise through exposure to diverse cases under expert 
mentorship. However, this model is increasingly strained 
by rising imaging volumes, growing case complexity, and a 
shortage of expert educators, placing pressure on traditional 
training programs [1, 2]. As faculty balance escalating clini-
cal demands with educational responsibilities, opportunities 

for structured case review, individualized feedback, and 
deliberate practice become limited [3, 4]. The result is a 
widening gap between traditional instruction and the needs 
of modern trainees, who require scalable and adaptive learn-
ing experiences to master the growing complexity of radio-
logic practice [5, 6].

Artificial intelligence (AI) presents a powerful solu-
tion to these challenges. Yet, despite promising applica-
tions — from generating exam-style questions to providing 
differential diagnoses [7–9] — its widespread integration 
into radiology curricula has stalled [10]. A central barrier 
is the scarcity of high-quality datasets curated specifically 
for pedagogy. Most large imaging datasets were created to 
benchmark AI models and therefore lack the instructional 
reliability needed for human training, as they often contain 
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label noise unsuitable for foundational learning [11, 12]. 
This data-centric challenge is compounded by a develop-
ment focus on clinical tasks, like classification and report 
generation, rather than on integrating proven pedagogical 
strategies to sustain learner engagement [13]. This prioriti-
zation has yielded a collection of valuable but disconnected 
tools, not integrated educational ecosystems required for 
effective education.

To bridge these gaps, we introduce a novel end-to-end 
educational framework designed to systematically transform 
static clinical archives into trustworthy, curated datasets and 
dynamic, interactive learning resources. Our framework 
integrates three synergistic components: (1) A multi-stage 
curation process constructs a pedagogically reliable dataset 
through systematic label-noise reduction. (2) Automated 
content generation utilizes a large language model (LLM) 
pipeline to scalably create pedagogical questions aligned 
with core radiological reasoning categories. (3) Adaptive 
learner engagement delivers this content through an interac-
tive, gamified platform that personalizes difficulty to foster 
sustained learning. This study details the pilot implemen-
tation of this framework specifically for chest radiography 
through the development of the ‘League of Radiologists 
(LOR)’ platform, providing a concrete example of how 
clinical imaging archives can be operationalized into an AI-
enabled radiology education environment.

Methods

The proposed end-to-end framework was implemented 
as a pilot study through a systematic, three-stage pro-
cess designed to transform heterogeneous public imaging 
archives into an operational AI-enabled radiology educa-
tion system. First, a foundation of controlled input data was 
established through a multi-stage curation pipeline that 
integrates AI-based automated filtering with expert-defined 
inclusion criteria to identify single-finding chest radiograph 
cases for educational use. Second, the curated dataset was 
used to automatically generate a scalable library of multiple-
choice questions aligned with core radiological reasoning 
categories. Finally, the generated content was deployed on 
an interactive, gamified platform engineered to provide a 
personalized and engaging learning experience.

Establishing a Foundation of Trustworthy Data

A pedagogically reliable dataset was constructed from an 
initial pool of 493,785 images across three public chest 
radiography archives through systematic label-noise 
reduction (Fig. 1). From these sources, we initially aggre-
gated an expert-labeled cohort comprising 4596 cases 
with radiologist-provided annotations. Specifically, the 

PadChest-GR dataset provided 4555 studies with bound-
ing box annotations for localization-based questions [14]. 
The MIMIC-CXR-JPG dataset (v2.0.0) offered 377,110 
radiographs with free-text reports for report-driven ques-
tion generation [15, 16]. Finally, the NIH ChestX-ray14 
dataset provided 112,120 radiographs with structured 
disease labels [17].

The labels from the three sources were standardized into a 
unified set of seven thoracic pathologies: atelectasis, cardio-
megaly, pleural effusion, infiltrate (opacity), mass, nodule, 
and pneumothorax. These categories were derived from the 
original NIH ChestX-ray8 label set [18], excluding pneumo-
nia due to its high inter-observer variability and the necessity 
of clinical correlation for definitive diagnosis [19, 20].

To ensure the final dataset possessed both high pedagogi-
cal reliability and sufficient case volume, two complemen-
tary cohorts were assembled. The expert-labeled cohort 
served as a source of high-confidence cases with radiologist-
provided annotations. It was composed of 3099 studies from 
PadChest-GR that were annotated through a multi-stage 
manual process [14], 687 test set studies from MIMIC-CXR-
JPG annotated by a board-certified radiologist following the 
established CheXpert clinical labeling framework, ensuring 
reliable and standardized annotation [18], and the 810-image 
test set from NIH ChestX-ray14 labeled by a majority vote of 
five radiologists [21]. Only studies containing a single target 
finding among the seven categories were retained to reduce 
ambiguity in downstream automated processing.

Second, the AI-verified cohort was derived to expand 
case volume while preserving label precision. An auto-
mated filtering pipeline was applied to NIH ChestX-ray14, 
generating initial predictions using three publicly available 
pretrained classifiers based on the CheXNet architecture 
[22–24]. The resulting predictions were filtered by applying 
a confidence threshold specifically chosen to yield a 100% 
Positive Predictive Value (PPV) across the dataset, selecting 
only the cases where both the AI models and the original 
labels unanimously agreed on the presence of a finding. This 
quantitative step was followed by qualitative verification 
with saliency maps to ensure clinical plausibility. The strict 
PPV criterion was adopted to maximize label precision and 
minimize the risk of introducing false-positive cases, thereby 
ensuring that only the most reliable predictions were incor-
porated into the AI-verified cohort. Full technical details of 
this pipeline and diagnostic characteristics are provided in 
the Online Resource Methods, Online Resource Table 1, and 
Online Resource Fig. 1.

Automated Generation of Educational Content

An automated pipeline enabled by an LLM was devel-
oped to scalably generate educational questions from the 
curated dataset. This process was designed to produce a 
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vast library of items targeting five core radiological rea-
soning categories which are finding detection, diagnosis, 
finding attributes, finding identification, and bounding box 
drawing (Table 1). The pipeline’s architecture, illustrated 
in Fig. 2, consisted of three sequential modules: an Ontol-
ogy Module for knowledge extraction, a Generation Mod-
ule for question construction, and a Review Module for 
automated quality assurance.

Ontology Module

The Ontology Module processed heterogeneous input from 
the source datasets, including unstructured reports, categori-
cal labels, and bounding box annotations, into a structured 
knowledge graph. For each report, the primary sentence 
describing the target finding was isolated, and attributes such 
as location and morphology were extracted. Each attribute 
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Fig. 1   Illustration of the Data-Curation Pipeline. Schematic represen-
tation of the multi-stage curation process for PadChest-GR, MIMIC-
CXR, and NIH ChestX-ray14. The workflow illustrates the stratifica-
tion into an Expert-labeled Cohort (top) and an AI-verified Cohort 
(bottom). Key components include the aggregation of expert-labeled 
subsets, the retention of single-finding studies (atelectasis, cardio-
megaly, pleural effusion, infiltrate (opacity), mass, nodule, pneumo-

thorax, and no finding), and the generation of an AI-verified cohort 
via ensemble classifiers (100% PPV threshold) and saliency map veri-
fication. The merger of these validated cohorts yields the final curated 
dataset (n = 881) used for question generation. PPV  positive predic-
tive value, CXR chest radiograph, Grad-CAM gradient-weighted class 
activation mapping

Table 1   Five question categories to support diversified diagnostic reasoning

Question Type Description Example Question

Finding Detection Determine whether the radiograph shows no abnormality 
or contains a reportable finding

“Are there any reportable findings in this radiograph?”

Diagnosis Identify the most clinically significant finding in the 
image

“What is the most significant finding visible in the image?”

Finding Attributes Assess a specific attribute of the finding, such as its ana-
tomical location or descriptive characteristics

“Where is the pleural effusion located?”,
“What shape best describes the finding atelectasis?”

Finding Identification Select the correct finding shown within the highlighted 
bounding box

“Which finding is shown inside the bounding box?”

Bounding Box Drawing Draw a bounding box around a specified finding in the 
image

“Please identify the location of the atelectasis on the 
image.”
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underwent verification to confirm grounding in the source 
text. Validated attributes, together with structured labels and 
bounding boxes, were encoded into the knowledge graph for 
downstream question generation.

Generation Module

The Generation Module constructed multiple-choice ques-
tions from the structured output of the Ontology Module. 
Question stems and correct answers were generated by map-
ping attributes to predefined templates. Distractors were then 
produced by either sampling from predefined pathology lists 
for discrete-answer categories or generating alternatives to 
ensure plausibility and clinical coherence for descriptive 
categories.

Review Module

The Review Module automated LLM driven quality assur-
ance. Guided by a prompt establishing the persona of an 
academic thoracic radiologist, the model was instructed to 
follow a structured JSON schema to assign style scores, cat-
egorize clinical training levels, and verify diagnostic fidel-
ity to the source text. Each question and answer set was 
evaluated against predefined criteria including clinical rel-
evance, linguistic clarity, and estimated difficulty. Based on 
this comprehensive assessment, items were either accepted, 
automatically revised if salvageable, or rejected if they failed 
to meet the required standards.

All generative steps used Med-Gemma-4B [25], a model 
adapted for the medical domain, executed locally on an 
NVIDIA DGX system with four Tesla V100-SXM2 GPUs 
(32 GB each, Python 3.12). This model was selected to bal-
ance domain adaptation and computational efficiency, ena-
bling reproducible generation under commonly available 
hardware constraints. Detailed prompt specifications are 
provided in the Online Resource Method 2.

Deployment within an Interactive Learning 
Environment

The curated educational content was implemented within a 
web-based learning platform designed to provide an interac-
tive and personalized learning experience (Fig. 3). The plat-
form was built around three core components: an adaptive 
learning algorithm to personalize difficulty, gamification fea-
tures to enhance learner engagement, and a continuous qual-
ity assurance system to maintain content integrity over time.

Gamification and Engagement Features

To enhance learner engagement, the platform incorporates 
gamification features designed to stimulate motivation and 
consistent practice. A typical session follows a high-tension 
survival format consisting of ten dynamic questions. Users 
begin with a strict 120-s global countdown timer. To reward 
diagnostic speed, the platform provides a 10-s time exten-
sion and an instantaneous success sound effect for every 
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Fig. 2   Educational Question Generation Pipeline. The Ontology 
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cal relevance and clarity to determine item approval. QA question and 
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correct answer. The current level of a user is calculated using 
the following equation

Achievement badges and tiers are awarded only after a 
user completes a minimum of ten questions to maintain sta-
tistical reliability. Learners are assigned to one of five tiers 
including Bronze, Silver, Gold, Platinum, or Diamond based 
on their cumulative accuracy. Rankings are updated in real-
time via a global leaderboard that prioritizes the achieved tier 
first and cumulative accuracy as a secondary sorting factor.

Adaptive Learning Algorithm

The platform utilizes a dual-layered adaptive difficulty 
algorithm to maintain learners within their optimal zone of 
proximal development. At the longitudinal level, the system 
calibrates the initial difficulty of each session based on the 
cumulative tier of the learner. For example, a Diamond tier 
user initiates a session with questions explicitly drawn from 
the Level 5 difficulty bin which contains items with the low-
est accuracy percentiles. Conversely, a beginner in the Bronze 
tier begins with foundational Level 1 questions. At the session 
level, the inherent difficulty of subsequent items is dynami-
cally adjusted in real time based on immediate diagnostic per-
formance. To establish an objective difficulty mapping, each 
question is assigned a baseline accuracy score of 0.5 upon gen-
eration. This parameter is iteratively updated utilizing a Bayes-
ian smoothing formula as historical user data accumulate. The 
calculation incorporates the aggregate of correct responses and 
total attempts to dynamically reclassify items into five distinct 
difficulty tiers. During active gameplay, a correct diagnosis 

Level of a user = ⌊1 + log2(Cumulative Correct Answers + 1)⌋

increments the difficulty tier of the succeeding question by 
one level, whereas an incorrect response decrements the tier 
by one level to ensure a continuous optimal flow state (Fig. 4).

Content Quality Assurance

A content quality assurance system is integrated to enable 
post-deployment monitoring of item-level performance 
(Fig. 5). To maintain uninterrupted system performance dur-
ing real-time user interaction, this quality control mechanism 
utilizes an asynchronous processing pipeline. Direct subjec-
tive feedback measured by a 5-point Likert scale is logged 
instantly during active gameplay. Concurrently, intensive sta-
tistical evaluations are executed in the background. For initial 
screening of items with fewer than 200 responses, the system 
uses classical test theory (CTT) to detect issues like negative 
discrimination [26]. After sufficient data is collected, item 
response theory (IRT) is applied to identify more nuanced 
item failures using misfit statistics. Once an item is flagged by 
either user feedback or these primary statistical metrics, the 
system calculates the impact of its permanent deletion on the 
overall internal consistency (Cronbach’s alpha). Based on this 
dual-validation fail-safe, flagged items are then either auto-
matically removed from rotation or retained for subsequent 
manual expert review, revision, or retirement.

The system utilizes Python 3.9 with the Streamlit 1.40 frame-
work to serve as both the unified frontend interface and backend 
router. Data handling is structurally partitioned where a Neo4j 
version 5 graph database manages the storage and retrieval of 
educational content. Furthermore, user authentication and basic 
administrative data are securely handled by a SQLite engine. 
The entire application is deployed on an Amazon Web Services 
EC2 instance to provide stable access for global users.
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Fig. 3   Workflow of the League of Radiologists (LOR) platform. a 
Adaptive learning algorithm calibrates question difficulty dynami-
cally based on individual learner performance. b Gamification and 
engagement features incorporate a performance dashboard, a five-tier 

achievement system, and time-based gameplay mechanics. c Content 
quality assurance combines user feedback, statistical anomaly detec-
tion, and radiologist expert review to refine or retire question items
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Results

Pedagogically Curated Dataset

The curation pipeline distilled an initial pool of 493,785 images 

into a final dataset of 881 single-finding chest radiographs 
(Fig. 1). The expert-labeled cohort (n = 603) was derived from 
4596 radiologist-annotated studies across three datasets, with 
a 13.1% acceptance rate representing the proportion of initial 
studies that satisfy all inclusion, filtering, and quality control 
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Fig. 4   Adaptive learning algorithm in the League of Radiologists 
(LOR) platform. a Initialization phase assigns baseline accuracy rates 
to question items and categorizes them into five difficulty tiers (Lev-
els 1–5) based on accumulated performance data. b Real-time adap-

tive adjustment dynamically modifies question difficulty during quiz 
sessions, with the level advancing or regressing based on individual 
response accuracy. Representative trajectories across a nine-question 
session are shown
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criteria. The AI-verified cohort (n = 278) was obtained by apply-
ing a filtering pipeline to 91,325 single-finding images from the 
NIH ChestX-ray14 dataset. This process included quantita-
tive filtering using a 100% positive predictive value threshold 
(n = 542), followed by saliency map–based screening, yielding 
a final acceptance rate of 0.3%. From the curated dataset, the 
automated content generation pipeline produced 2305 multiple-
choice questions across five core radiological reasoning catego-
ries and seven common thoracic pathologies (Table 2).

Implementation of an Interactive Learning Platform 
and User Journey

The curated dataset and generated educational content were 
deployed within a publicly accessible, web-based platform, 

available at https://​radon​tology.​org. The platform was imple-
mented as an interactive learning system that integrates 
structured learning modes, adaptive learning design, and 
gamification mechanisms to operationalize the proposed 
end-to-end framework. Upon authentication, users access 
a centralized Dashboard that serves as the primary naviga-
tion hub. From this interface, participants navigate between 
distinct educational pathways which include the Tutorial 
Mode, the Study Mode, and the Main Game Mode. The 
Tutorial Mode functions as an introductory environment. 
The Study Mode offers a self-paced educational experience 
where learners select specific radiological pathologies, 
review foundational Radiology Insights, and complete a tai-
lored quiz without time constraints. The Main Game Mode 
constitutes the core competitive environment. To preserve 
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Table 2   Distribution of generated questions by reasoning category and pathology

Reasoning Category Atelectasis Cardiomegaly Mass Nodule Pleural 
Effusion

Pneumothorax Infiltrate 
(Opacity)

No Finding

Finding Detection 103 242 25 61 101 25 64 260
Diagnosis 103 242 25 61 101 25 64 260
Finding Attributes 25 6 3 49 60 12 95 0
Finding Identification 5 62 2 24 0 2 42 0
Bounding Box Drawing 5 62 2 24 19 2 42 0

https://radontology.org
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immersive gameplay, pedagogical feedback and detailed 
clinical justifications are deferred until the completion of a 
full diagnostic session. Representative user interface views 
from the deployed platform are shown in Fig. 6, demonstrat-
ing the practical implementation of the proposed framework 
in a live system. Key features of the user interface, includ-
ing learning modes, adaptive tier progression, gamification 
elements, and the quality assurance workflow, are shown in 
Online Resource Figs. 2–5. A video overview of the LOR 
platform, illustrating its core features and user interface, is 
available at Online Resource Video.

Field Demonstration and Pilot Deployment

The LOR platform was deployed as a free educational plat-
form at the Society for Imaging Informatics in Medicine 
(SIIM) 2025 Annual Meeting AI Playground. An early 
version of the curated dataset was used to power the plat-
form during the three-day event from May 21 to May 23 
in 2025. The promotion of the platform resulted in 40 reg-
istered users, of whom 24 actively engaged with the sys-
tem across multiple sessions. The framework demonstrated 
its operational scalability by handling a total of 68 unique 
examination sessions without technical failure. Among the 
users who reported their professional experience (n = 19), 11 
individuals had less than one year of radiology experience 

and 6 had over four years, demonstrating the ability of the 
system to engage a diverse audience. The platform further 
demonstrated its usability as 9 users representing 37.5% of 
the active base participated in two or more sessions with one 
individual completing 9 distinct attempts.

The deployed version incorporates expert feedback 
collected during pilot evaluation, with representative 
before–after refinements summarized in Online Resource 
Table 2.

Discussion

This study introduces an end-to-end system for transform-
ing large public clinical imaging archives into an opera-
tional radiology education platform. To validate this archi-
tecture, we implemented a pilot system focused on chest 
radiography. The proposed framework integrates three 
core components: (i) curation of trustworthy cases through 
a multi-stage, AI-assisted curation process, (ii) automated 
generation of educational content using an LLM-based 
pipeline, and (iii) deployment of this content within an 
interactive, gamified platform. This work focuses on 
describing a reproducible technical pathway for convert-
ing heterogeneous clinical data into structured educational 
artifacts. The framework provides a foundation for future 

cba

Home / Mode Selection In-Game Quiz Session User Dashboard

Fig. 6   Representative user interface panels from the League of Radi-
ologists (LOR) platform. a Home interface displaying access to core 
platform functions, including Tutorial mode, Study mode, Main 
Game mode, and user guidelines. b Time-limited quiz sessions incor-

porating anonymized patient demographics, such as age and gender, 
to facilitate clinical contextualization within a simulated test environ-
ment. c User Dashboard summarizing overall accuracy, attempted 
questions, and category-specific performance
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AI-enabled radiology education systems and downstream 
educational evaluation studies across broader medical 
imaging domains.

A central contribution of this work is the explicit focus on 
data preparation and content structuring for educational use. 
Previous radiology-oriented datasets were primarily designed 
for algorithm benchmarking rather than for instructing train-
ees [27]. Their pedagogical value is often compromised by 
label noise and the inclusion of diagnostically complex, 
multi-finding cases unsuitable for foundational learning. Our 
curation pipeline was designed to support controlled system 
inputs by restricting inclusion to single-finding radiographs 
and by combining expert-labeled cases with an AI-verified 
cohort generated through predefined filtering criteria. Fur-
thermore, the generated questions were mapped to five core 
reasoning categories, ensuring the content aligned with 
established radiology training curricula [28–30]. Together, 
these design choices limited downstream automated content 
generation to datasets curated to reduce diagnostic ambiguity, 
a key consideration for educational applications.

While high-quality curated data forms the foundation of 
effective medical training, pedagogical delivery mechanisms 
in radiology education face distinct systemic challenges. 
Traditional learning modalities such as static online mod-
ules, flipped classrooms, and case-based platforms provide 
excellent foundational knowledge but frequently struggle to 
offer scalable and real-time individualized feedback [3, 4, 
13]. Recent literature emphasizes the transition toward pre-
cision education, highlighting the critical need to transform 
medical training by dynamically tailoring instruction to indi-
vidual learner needs [31]. The proposed AI-based framework 
directly reflects these contemporary requirements by continu-
ously adapting task difficulty and providing instantaneous 
clinical justifications. Unlike flipped classrooms that demand 
intensive faculty resources or static modules that rely on 
standardized progression, the developed platform automates 
individualized guidance. This architectural shift effectively 
overcomes the scalability and personalization bottlenecks 
inherent to conventional educational modalities (Table 3).

Label noise in large public datasets remains a major bar-
rier to the use of AI in medical education, as it undermines 
the clinical validity of derived content [32]. We addressed 
this challenge with a multi-layered validation strategy. The 
dataset construction combined expert-labeled cases from 

publicly available radiologist-annotated subsets with an AI-
verified cohort selected using a strict positive predictive value 
threshold and saliency map–based screening. These steps 
were designed to constrain downstream content generation 
to image–label pairs with reduced ambiguity. This process 
was strengthened by expert feedback, in which board-certified 
radiologists reviewed an early version of the dataset and pro-
vided feedback that refined the generation pipeline, thereby 
enhancing both clinical and educational integrity (Online 
Resource Result 1 and Online Resource Table 2). In addition, 
post-deployment monitoring mechanisms were implemented 
within the platform to flag items for further review based 
on user feedback signals and statistical indicators (Online 
Resource Result 2 and Online Resource Fig. 5). Together, 
these mechanisms illustrate how label noise can be system-
atically managed across data preparation, content generation, 
and deployment stages in an AI-enabled educational system.

The pedagogical design of the LOR system was intention-
ally developed to overcome key limitations of traditional radi-
ology training, particularly the lack of personalized feedback 
and difficulty sustaining learner engagement at scale [5, 6]. 
The adaptive learning algorithm directly addresses the need for 
individualized learning paths by adjusting question difficulty in 
real time. In parallel, the integration of gamification mechanics 
enhances motivation and knowledge retention, strategies that 
have demonstrated effectiveness in medical education [3, 4]. 
This pedagogical framework is actively reinforced by its con-
tent design. A focus on single-finding cases builds a founda-
tion for mastering core concepts, while five structured question 
categories guide the learner through the entire radiological rea-
soning process, from perception to interpretation. This design 
augments traditional training by providing a scalable resource 
for engaging deliberate practice.

This study has several limitations, and these inform direc-
tions for future work. First, the proposed framework relies on 
preexisting textual data, such as structured labels and free-text 
reports, restricting its direct applicability to completely raw or 
unlabeled clinical archives. Additionally, the cases curated for 
the educational resource were intentionally restricted to single, 
unambiguous findings to create a controlled learning environ-
ment and therefore do not encompass the multi-finding scenarios 
common in clinical practice. Addressing these limitations will 
require integrating automated image-to-text or computer vision 
modules to process raw archives, alongside expanding the 

Table 3   Comparison of existing radiology education modalities and the proposed AI-based platform

Educational Modality Content Generation Difficulty Calibration Feedback Mechanism

Static Online Modules Manual and static content Static Delayed or generic
Flipped Classrooms Faculty-prepared materials Session-level Real time but faculty dependent
Case Based Platforms Expert-curated case libraries User paced Limited or generic explanations
Proposed Framework Scalable (LLM-assisted generation) Dynamically adaptive Real time and individualized
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framework to include multi-finding cases and developing ques-
tion designs that capture diagnostic reasoning in more complex 
clinical contexts. Despite the use of a multi-stage quality assur-
ance pipeline, LLM-based generation still carries the risk of sub-
tle inaccuracies such as temporal context confusion or inconsist-
ent difficulty calibration that may not be fully identified through 
automated screening. Future efforts should incorporate the inte-
gration of chain of thought reasoning to LLMs alongside broader 
expert review cycles and cross-institutional validation to further 
safeguard content reliability. In addition, the current work is a 
pilot limited to chest radiography, and further research is needed 
to extend the framework to other two-dimensional modalities 
such as musculoskeletal radiographs or to redesign modules for 
volumetric modalities such as CT to handle three-dimensional 
data complexity. Finally, this work focused on system design and 
implementation rather than prospective educational evaluation. 
Formal studies utilizing pre-test and post-test methodologies are 
required to quantitatively assess key learner outcomes including 
diagnostic accuracy, long-term knowledge retention, and learner 
perceptions assessed through structured surveys. These future 
evaluations will target diverse trainee populations including 
medical students, radiology residents, and clinical fellows.

Conclusion

This study proposes an end-to-end framework that systemati-
cally transforms public clinical archives into reproducible, 
pedagogically reliable educational resources. By combining 
expert-labeled and AI-verified cases, our curation pipeline 
addresses the persistent challenge of label noise, while an 
LLM enables scalable generation of curriculum-aligned 
questions. These resources are delivered through an interac-
tive, gamified learning platform that personalizes difficulty 
and sustains engagement. Together, this framework provides 
a reproducible pathway for converting static imaging archives 
into an operational radiology education tool, offering a scal-
able solution to the shortage of trustworthy training resources 
in radiology education. Its proof-of-concept implementation 
for chest radiography demonstrates the technical feasibil-
ity of the proposed framework and its potential for broader 
application in AI-enabled medical education across various 
radiological domains. Ultimately, this scalable architecture 
establishes a reproducible pathway for AI-enabled medical 
education and the digital transformation of clinical archives.
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