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Abstract

We introduce RadGame, an AI-powered gam-
ified platform for radiology education that tar-
gets two core skills: localizing findings and gen-
erating reports. Traditional radiology training
is based on passive exposure to cases or active
practice with real-time input from supervising
radiologists, limiting opportunities for immedi-
ate and scalable feedback. RadGame addresses
this gap by combining gamification with large-
scale public datasets and automated, AI-driven
feedback that provides clear, structured guid-
ance to human learners. In RadGame Local-
ize, players draw bounding boxes around ab-
normalities, which are automatically compared
to radiologist-drawn annotations from public
datasets, and visual explanations are generated
by vision-language models for user missed find-
ings. In RadGame Report, players compose
findings given a chest X-ray, patient age and

indication, and receive structured AI feedback
based on radiology report generation metrics,
highlighting errors and omissions compared to
a radiologist’s written ground truth report from
public datasets, producing a final performance
and style score. In a prospective evaluation,
participants using RadGame demonstrated a
68% improvement in localization accuracy com-
pared to 17% with traditional passive methods
and a 31% improvement in report-writing accu-
racy compared to 4% with traditional methods
after seeing the same cases. RadGame high-
lights the potential of AI-driven gamification to
deliver scalable, feedback-rich radiology train-
ing and reimagines the application of medical
AI resources in education.

Keywords: Radiology education, Gamifica-
tion, Medical AI, Report generation, Localiza-
tion
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Data and Code Availability RadGame is built
upon publicly available radiology datasets. For
RadGame Localize, we used the PadChest-GR
dataset (de Castro et al., 2025), which contains
chest radiographs with radiologist-annotated bound-
ing boxes. For RadGame Report, we used the
ReXGradient-160K dataset (Zhang et al., 2025),
which provides X-rays paired with radiologist-written
reports. Both datasets are freely available to the re-
search community under their respective licenses.

The RadGame platform code is avaliable at https:
//github.com/siavashraissi/RadGame.

Institutional Review Board (IRB) This study
was reviewed by the Harvard Faculty of Medicine
Institutional Review Board (Protocol #IRB25-0694)
and determined to be exempt under 45 CFR
46.104(d)(2)(3).

1. Introduction

Radiology trainees must acquire two fundamental
skills: accurately identifying abnormalities on imag-
ing studies and articulating findings in clear, struc-
tured reports. Traditional approaches to radiology
education rely on didactic lectures, passive exposure
to cases, and supervised readings (Griffith et al.,
2019). These methods provide limited opportuni-
ties for immediate, personalized feedback. Prior work
in medical education has shown that active learning
improves diagnostic accuracy and knowledge reten-
tion, suggesting the need for more interactive and
feedback-rich training methods in radiology (Freeman
et al., 2014). Moreover, recent work on artificial intel-
ligence (AI) augmented education further highlights
its potential to deliver adaptive, real-time feedback
and personalized learning experiences across medical
training settings (Shaw et al., 2025; Hui et al., 2025).

However, current radiology education platforms
fall short in two key ways. First, most lack real-
time, structured, and personalized feedback: trainees
can review cases or observe ground-truth annota-
tions, but rarely receive automated guidance tailored
to their specific errors or skill level (Duong et al.,
2019; Griffith et al., 2019). Second, existing plat-
forms often rely on small, highly curated datasets
for simplified tasks that do not capture the diversity,
complexity, or volume of real-world radiology inter-
pretation (Biswas et al., 2022; Banerjee et al., 2023;
Ali et al., 2021). This limits their ability to provide
trainees with the breadth of exposure and adaptive

learning experiences needed to prepare for real-world
clinical practice.

To address these limitations, we report the fol-
lowing contributions: (1) We develop RadGame, an
AI-powered gamified platform that teaches the two
core radiology tasks—localization and report writ-
ing—by repurposing existing large-scale AI radiol-
ogy datasets and evaluation metrics to provide struc-
tured feedback for human learners. (2) We conduct
a prospective, multi-institutional user study, show-
ing that using RadGame is associated with improve-
ments in localization and report-writing performance
compared to traditional passive learning. (3) We de-
velop CRIMSON, an extension of GREEN motivated
by RadGame’s role as a human-centered evaluation
framework. RadGame revealed GREEN’s limitations
in accounting for clinical context (e.g., age, indica-
tion) when measuring the clinical significance of er-
rors, leading to CRIMSON as a more context-aware
metric.

2. Related Works

Radiology education has traditionally relied on static
textbooks, didactic lectures, and limited opportuni-
ties for interactive feedback. In recent years, there
has been growing interest in incorporating gamifica-
tion and personalized training paradigms to better
align with the needs of modern trainees and the cog-
nitive demands of radiologic interpretation (Duong
et al., 2019; Hui et al., 2025; Biswas et al., 2022).

Several efforts have explored gamified systems for
radiology learning. Banerjee et al. introduced RAD-
Hunters, a first-person game simulating nodule detec-
tion tasks in chest CT imaging, showing that gamifi-
cation can enhance perceptual skill acquisition and
learner engagement (Banerjee et al., 2023). Sim-
ilarly, SonoGames utilized competitive ultrasound-
based quizzes in residency training programs, demon-
strating improvements in knowledge retention (Ali
et al., 2021). Winkel et al. (2020) evaluated a gami-
fied e-learning platform for pneumothorax detection,
where timed challenges with immediate feedback sig-
nificantly increased diagnostic confidence and skill
retention among radiology residents. Additionally,
Mobley et al. (2023) reviewed the role of the Kaizen
platform, an app-based educational tool with gam-
ified multiple-choice formats, instant feedback, and
competitive leaderboards to motivate learners. Early
evidence suggests Kaizen enhances knowledge reten-
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User Annotation

“The left lung base appears denser 
than the right lung base, suggesting 
increased opacity. This increased 
density is likely due to atelectasis, 
a collapse of lung tissue.”
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The heart is severely enlarged, 
consistent with cardiomegaly. A faint left 
lower lobe infiltrate is suggested, though 
no pulmonary edema is seen. Dual lead 
ICD device is noted with leads in the 
right atrium and right ventricle. Mild 
basilar atelectasis is present.
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AI Feedback 
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Feedback Example

There is borderline cardiomegaly. There is no acute infiltrate or edema. Dual lead ICD is noted with leads in the right atrium and right ventricle. 
Mild basilar atelectasis noted.

The report introduces an additional finding—left lower-lobe infiltrate—constituting  a false positive. The candidate upgrades the degree of 
cardiomegaly from "borderline" (reference) to ”severely enlarged," representing a misassessment of severity.

Reports a faint left lower-lobe infiltrate that is not 
present in the reference (false positive infiltrate).

Describes cardiomegaly as ‘severely enlarged' 
whereas the reference calls it 'borderline’.
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Style Score: 75%

Add a description of mediastinum and bony structures to improve completeness.Systematic EvaluationRecommendations

Figure 1: Overview of RadGame’s User Workflow. In Localize, users identify chest X-ray findings either
by drawing bounding boxes for location-dependent abnormalities (Draw findings) or by selecting findings that
are consistently associated with a fixed anatomical region or that cannot be localized (Select findings). For
all existing findings, ground truth bounding boxes are overlaid, and MedGemma 4B generates explanations
for findings that are missed or incorrectly identified. A finding is considered correct only if the IoU is over
0.25. In Report, users draft finding reports that are assessed by a GPT-o3 using CRIMSON (see Section
5), producing structured outputs that include the CRIMSON score, ground truth findings, summary, and
categorized errors. A Style Score is also produced, which covers the report’s completeness across all major
chest X-ray regions (lungs, heart, bones, mediastinum) and the use of full sentences and clinical language.

tion, peer interaction, and engagement among radi-
ology trainees.

Recent work has also explored integrating artifi-
cial intelligence into radiology education (Hui et al.,
2025; Wang et al., 2024; Cheng et al., 2020; Sari-
cilar et al., 2023). Biswas et al. (2022) demonstrated

the potential of AI-augmented education through a
web-based application for chest X-ray nodule detec-
tion, showing that AI can deliver real-time, interac-
tive feedback to enhance perceptual training. Simi-
larly, Cheng et al. (2020) showed that an AI-assisted
education system significantly improved medical stu-
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A

B

Figure 2: RadGame User Interface. Screenshot of the RadGame platform showing both modules: (A)
Localize, where users identify findings on chest X-rays either by drawing bounding boxes or selecting prede-
fined options, and (B) Report, where users compose findings reports given the image, age, and indication.
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dents’ diagnostic accuracy for hip fracture detection,
particularly among students with lower baseline per-
formance.

Building on these findings, RadGame proposes the
first AI-driven educational platform that combines in-
teractive finding localization across 22 finding class
types and report writing with automated, personal-
ized feedback at scale.

3. RadGame

RadGame is an AI-powered gamified platform that
integrates two core radiology tasks—report genera-
tion and finding localization—into interactive learn-
ing modules. The platform leverages large-scale pub-
lic datasets and AI-based feedback mechanisms to
provide trainees with structured, personalized eval-
uation at scale. RadGame consists of two modules:
RadGame Localize and RadGame Report. Figure 1
shows the overall workflow of the two modules.

3.1. RadGame Localize

In RadGame Localize, participants are shown single
frontal chest X-rays from the PadChest-GR dataset
(de Castro et al., 2025) and are prompted to identify
different radiological findings. Since finding labels in
PadChest-GR come directly from reports, they were
originally very specific, with classes like “lobar atelec-
tasis” and “segmental atelectasis,” which led to some
labels having a very small occurrence count. These
findings were combined into a single class (for exam-
ple, “atelectasis”). They are then divided into two
categories: Draw Findings and Select Findings. Sup-
plementary Figure 2 shows all the classes.

Draw Findings are abnormalities that require the
trainee not only to identify their presence but also to
localize them by drawing a bounding box on the im-
age. These findings are typically focal and location-
dependent, meaning they can appear in different re-
gions of the chest (“Nodule/Mass”, “Fracture”, “Cal-
cification”, etc.). A prediction is considered cor-
rect if the intersection-over-union (IoU) between the
trainee’s bounding box and the radiologist’s ground-
truth annotation exceeds 0.25, a threshold deter-
mined in consultation with radiologists. Select Find-
ings, in contrast, are findings where trainees only
need to indicate their presence from a checklist with-
out drawing a box. These are typically diffuse abnor-
malities or findings that are consistently associated

with a fixed anatomical location (“Cardiomegaly”,
“Scoliosis”, etc.).

When a trainee misses a finding, visual feedback is
provided through MedGemma 4B (Sellergren et al.,
2025). For Draw Findings, the system overlays the
ground-truth bounding box on the image and gener-
ates a two-sentence explanation describing how the
missed abnormality can be visually recognized. For
Select Findings, MedGemma provides a general de-
scription of the typical radiographic appearance of
the missed finding. An example is shown in Fig-
ure 2A. In Appendix A we provide a validation of
MedGemma’s explanations.

3.2. RadGame Report

In RadGame Report, trainees are presented with all
images from a chest X-ray study and prompted to
write a radiology report. The ground-truth refer-
ence is derived from the Findings section of the
ReXGradient-160K dataset (Zhang et al., 2025).
Studies that have priors or comparisons are excluded.
Submitted reports are automatically evaluated using
the CRIMSON metric (Section 5), a report genera-
tion metric adapted from GREEN (Ostmeier et al.,
2024). Unlike GREEN, CRIMSON ignores normal
findings that would otherwise inflate scores and incor-
porates patient age and clinical indication to weigh
the clinical significance of errors. Formally, CRIM-
SON is defined by adapting the GREEN score for-
mula:

Score =
#matched findings

#matched findings +
∑(d)

i=(a) #errorsig,i

where # matched findings is the number of findings
that appear in both the candidate and the reference
report and errors a through d corresponding to the
four different error types (see Figure 1). Errors e
(mentioning a comparison that isn’t in the reference)
and f (omitting a comparison detailing a change from
a prior study) from GREEN are dropped since they
are concerned with priors.

We use GPT-o3 as our LLM model to generate
the report evaluation. The evaluation output in-
cludes a single CRIMSON score between 0 and 100%,
the ground truth report for comparison, a structured
summary of the trainee’s submission and errors, and
CRIMSON error categories that cover four error cat-
egories: false positives, missing findings, location or
position errors, and severity misclassification. Figure
2B shows an example of this.
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RadGame Localize

RadGame Report

A B C

D E F

Figure 3: Performance and efficiency improvements with RadGame across both modules. The
top row shows results for RadGame Localize: (A) comparison of accuracy improvements between Gamified
and Traditional groups, (B) pre-test vs. post-test accuracy changes, and (C) reduction in time spent
per case over training. The bottom row shows corresponding results for RadGame Report: (D) accuracy
improvements in Gamified vs. Traditional groups, (E) pre-test vs. post-test CRIMSON score changes, and
(F) reduction in time spent per case. Statistical significance for Gamified vs. Traditional comparisons was
assessed using a two-tailed Mann–Whitney U test, while pre- vs. post-test comparisons were assessed using
a one-tailed Wilcoxon signed-rank test. Error bars represent the Standard Error of the Mean.

The evaluation output also includes a “Style
Score”, scaled from 0 (a poorly styled report) to 100%
(a professionally styled report), encouraging trainees
to use best practices in radiology reporting. The
style score considers whether the report covers all
major chest X-ray regions (lungs, heart, bones, me-
diastinum), as well as the organization of the report
including use of complete sentences and clinical lan-
guage (see Supplementary Figure 7 for the prompt).

3.3. Customizability

RadGame is designed with flexibility in mind, al-
lowing adaptation across multiple dimensions. The
platform can be extended to incorporate different
datasets, additional finding categories, and alterna-
tive feedback strategies. For the localization task in
particular, RadGame supports customizing the set of
Draw and Select findings to match the characteristics
of the dataset or the learning objectives. For exam-
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ple, the platform can be easily extended to support a
version for localizing nodules only.

To further support this extensibility, we developed
a specialized version of RadGame focused on inter-
stitial lung patterns, which are subtle and diagnosti-
cally challenging findings. For this module, we cre-
ated the first bounding-box annotated dataset based
on ReXGradient-160k (Zhang et al., 2025) specifically
aimed at differentiating between distinct interstitial
patterns, including Kerley lines, miliary, and reticu-
lonodular opacities. The distribution of findings for
this dataset is shown in Supplementary Table 3. The
dataset will be made publicly available.

4. User Study

4.1. Study Design

Cohort. Eighteen medical students were selected
to participate in the user study (see Supplementary
Table 1 for demographics). Participants come from
Saint Louis University (Saint Louis, MO), Tufts Uni-
versity School of Medicine (Boston, MA), and King
Saud bin Abdulaziz University for Health Sciences
(Riyadh, Saudi Arabia), comprising a multinational,
multi-institutional cohort. Students were selected
based on their interest in radiology. At the time of
participation, nine students were in the pre-clinical
stage (M1, M2) of medical training and nine were
in the clinical stage (M3, M4). When asked about
prior radiology experience across classes and clinical
rotations, seven students (38.8%) reported no expe-
rience, five (27.8%) had only taken radiology classes,
two (11.1%) had only performed radiology rotations,
and four (22.2%) had experience with both.

Group Assignment. Participants first completed
the RadGame Localize module, followed by RadGame
Report module. They were randomly assigned to ei-
ther a Gamified or Traditional feedback group for
each module, with a crossover design such that par-
ticipants assigned to the Gamified group for Localize
were assigned to the Traditional group for Report,
and vice versa. This resulted in 8 and 10 partici-
pants completing Localize and Report, respectively,
in the Gamified group.

Participants assigned to the Gamified group re-
ceived AI-generated explanations and context-aware
error feedback, while those in the Traditional modal-
ity learned by observing cases and ground truths
without interactive feedback (see Supplementary Fig-
ure 5). For RadGame Localize, the Gamified group

drew bounding boxes with AI-generated explanations
for user missed findings (see Figure 2A), whereas
the Traditional group viewed only the case with
ground-truth boxes overlaid. For RadGame Report,
the Gamified group wrote reports with full auto-
mated and personalized feedback, while the Tradi-
tional group viewed only the chest X-ray and the as-
sociated ground-truth report (see Figure 2B). Both
groups saw the same cases in the same order.

Study phases. The study was conducted in three
phases: a baseline pre-test, a learning phase with the
assigned group, and a post-test with identical cases
to the pre-test for final evaluation. Participants were
asked to complete the three components within a
seven-day period and did not receive their test scores
during the pre- and post-tests.

In RadGame Localize, the pre-test and post-test
consisted of completing 25 RadGame Localize cases
completed within a 45-minute timeframe. A senior
radiologist selected the test cases from PadChest-
GR to evenly distribute case difficulties (de Castro
et al., 2025). To ensure that the ground truth an-
notations of the test cases were as accurate and con-
sistent as possible, two senior radiologists were as-
signed to re-evaluate the findings and their respective
annotations—revising bounding boxes while adding
missed conditions. Upon completion of the pre-test,
participants were assigned to complete 375 cases of
RadGame Localize in their assigned group. Once par-
ticipants completed all cases, they were asked to take
the post-test and move to RadGame Report.

In RadGame Report, the pre-test and post-test
consisted of completing 10 RadGame Report cases
within a 45-minute timeframe. A senior radiologist
selected the test cases from ReXGradient-160K to es-
tablish an even distribution of case difficulties (Zhang
et al., 2025). Ground-truth and student reports for
both tests were reviewed by radiologists to ensure
that final scores reliably measured students’ abili-
ties to write reports, rather than optimize CRIM-
SON scores. The review procedure is described fur-
ther in Appendix B. Upon completion of the pre-test,
participants were assigned to complete 150 cases of
RadGame Report in their assigned group. Once par-
ticipants completed all cases, they were asked to take
the post-test to complete the study.

4.2. Results

We evaluated the impact of RadGame on diagnostic
accuracy and efficiency across both the Localize and
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Report modules (Figure 3). Across both modules,
participants assigned to the Gamified group demon-
strated larger performance gains than those in the
Traditional modality.

For RadGame Localize, participants in the Gam-
ified group showed a 68% improvement in post-
test accuracy relative to baseline, compared to only
17% in the Traditional group (p < 0.05, two-tailed
Mann–Whitney U). Figure 3B shows a comparison
between pre- vs. post-test gains for the Gamified
group (p < 0.05, one-tailed Wilcoxon signed-rank).
Specifically, the pre-test showed a median accuracy
of 0.111 (range: 0.048–0.275, 95% CI: 0.076–0.120),
while the post-test showed a median of 0.169 (range:
0.114–0.307, 95% CI: 0.138–0.221), corresponding to
a Cliff’s Delta of 0.673 compared to the pre-test.
These results demonstrate that interactive bounding
box annotation with AI-generated feedback was as-
sociated with improved localization skills compared
to traditional passive review of ground-truth annota-
tions. In Supplementary Figure 1, we also show lo-
calize accuracies across different IoU thresholds, and
Supplementary Figure 4 shows accuracy differences
in the pre- and post-test across finding labels.

For RadGame Report, the Gamified group showed
a 31% improvement in CRIMSON scores from pre-
to post-test, compared to 4.3% in the Traditional
group. While this between-group difference did not
reach statistical significance, this is likely due to the
small sample size (n = 18) despite the large ob-
served difference. Figure 3E revealed significant pre-
vs. post-test improvements in the Gamified group
(p < 0.05). Specifically, the pre-test showed a median
CRIMSON score of 0.342 (range: 0.160–0.518, 95%
CI: 0.222–0.412), while the post-test showed a median
of 0.426 (range: 0.233–0.615, 95% CI: 0.268–0.547),
with a Cliff’s Delta of 0.383 compared to the pre-test.
These findings demonstrate that receiving personal-
ized feedback from RadGame may be associated with
improved report writing skills.

Finally, across both modules, participants in the
Gamified group demonstrated progressive reductions
in time spent per case as training advanced, indicat-
ing improved diagnostic efficiency alongside accuracy
gains (Figure 3C and F). At the end of the training,
participants were around 25 seconds faster per case
at RadGame Localize and 15 seconds faster per case
at RadGame Report. A plot comparing time spent
for Gamified and Traditional groups is shown in Sup-
plementary Figure 3.

5. RadGame as a Humanistic
Evaluation of AI Material

Beyond its role as an educational tool, RadGame
can act as a human-in-the-loop evaluation harness for
AI radiology material—analogous to Chatbot Arena
for large language models (Chiang et al., 2024). In
our setting, trainees interact directly with mate-
rial used to train and evaluate AI models and pro-
vide implicit and explicit judgments through game-
play, which serves as a humanistic complement to
correlation-based benchmarks.

This was exemplified during our user study, where
user feedback post-study revealed two key shortcom-
ings of the GREEN metric, which was developed to
evaluate AI report generation capabilities (Ostmeier
et al., 2024). First, GREEN rewarded the reporting
of normal findings, inflating scores even when signif-
icant abnormalities were missed. However, the in-
clusion of specific normal findings in a report is often
determined by the individual radiologist’s style rather
than by clinical necessity, making such matches a
poor basis for evaluation of clinical accuracy. Instead,
we believe that it makes more sense to keep a sepa-
rate score for evaluating report style. This led to us
proposing “Style Score,” a separate scoring system
that evaluates a report along two pillars: (1) System-
atic Evaluation and (2) Organization and Language.
Systematic evaluation verifies if the report systemat-
ically evaluates all important regions in a chest x-ray,
including the lungs, heart, bones, and mediastinum.
Organization and Language evaluates the report for
the use of clinical language, writing in full sentences,
and having a generally organized report. The prompt
can be found in Supplementary Figure 7. Second,
GREEN fails to account for clinical context, penaliz-
ing omissions of irrelevant findings (e.g., age-related
degenerative changes) while giving equal weight to
errors that were clinically consequential.

Guided by these insights, we introduced CRIM-
SON, a novel metric that (1) ignores matches on
normal findings and (2) incorporates age and indica-
tion to assess the clinical significance of errors. Fig-
ure 4 illustrates these improvements. The prompt
for CRIMSON can be found in Supplementary Fig-
ure 6. In this way, RadGame not only trains human
learners but also functions as a testbed for refining
AI evaluation frameworks, bridging the gap between
quantitative evaluations and human judgment.
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Ignore Normal Findings

Candidate Report: “Heart and 
mediastinum size normal, lungs 
clear, no fractures.”

1

CRIMSON

Ground Truth Report: “2cm 
calcified nodule in left lower lobe. 
No infiltrations or effusion. Normal 
heart and mediastinum. 
Unremarkable skeletal structures.”

GREEN

Matches 

1

2

3

Errors

Normal heart/mediastinum

No pulmonary infiltrate

No fractures

Calcified nodule in the left lower lobe

Scores

Clinical Context Awareness2

= 75% 0%

Indication: “Shortness of breath”
Age: 80 

Ground Truth Report: “The lungs 
demonstrate bibasilar atelectasis. 
The cardiac silhouette is mildly 
enlarged, and there are degenerative 
changes of the thoracic spine.”

Candidate Report : “Bibasilar 
atelectasis is present. The heart is 
mildly enlarged.”

Matches 

1 1 Bibasilar atelectasis

2 2 Mildly enlarged heart

Errors

Degenerative changes of the thoracic 
spine are not mentioned

Scores

66% 100%

1 1

1

3
3 + 1

Figure 4: Comparison of GREEN and CRIM-
SON scoring. (1) Ignore Normal Findings:
GREEN rewards normal findings (e.g., normal
heart/mediastinum, no infiltrate, no fractures), in-
flating the score despite missing the clinically im-
portant calcified nodule. CRIMSON excludes such
credit, yielding 0%. (2) Clinical Context Awareness:
For an 80-year-old with shortness of breath, GREEN
penalizes omission of degenerative spine changes,
whereas CRIMSON deems them insignificant, giv-
ing full credit for bibasilar atelectasis and mild car-
diomegaly.

6. Discussion

This work introduces RadGame, an AI-powered,
gamified platform for radiology education that inte-
grates real-time, structured feedback into both lo-
calization and report-writing tasks. Our findings
demonstrate that gamified, feedback-rich training is
associated with significantly larger gains in diagnos-
tic accuracy and efficiency compared to traditional
passive learning methods. These results align with a
growing body of literature showing that active learn-
ing paradigms and immediate feedback may help with
diagnostic reasoning and skill retention across medi-
cal education domains (Freeman et al., 2014; Duong
et al., 2019; Banerjee et al., 2023). By repurposing
large-scale, publicly available radiology datasets and
AI evaluation resources into human-centered train-
ing experiences, RadGame builds upon earlier efforts

in gamification and AI-augmented education while
uniquely scaling structured feedback to diverse tasks.

Future efforts will expand RadGame to incorpo-
rate additional imaging modalities and tasks beyond
chest X-rays. In particular, grounding datasets such
as ReXGroundingCT (Baharoon et al., 2025) offer an
opportunity to develop RadGame modules for volu-
metric CT imaging. Such expansions could support
training in cross-sectional imaging and enable assess-
ment of three-dimensional spatial reasoning, which is
inherently more difficult. Another direction involves
making the platform more interactive through back-
and-forth dialogue between the trainee and the AI
system. Rather than providing static feedback af-
ter a single submission, future iterations could allow
learners to ask clarifying questions, receive hints in
real time, and iteratively refine their reports or local-
izations based on the AI’s guidance. Such a conver-
sational framework would transform RadGame into a
more adaptive, tutor-like experience, fostering deeper
reasoning and personalized learning trajectories.

This study has several limitations. First, the sam-
ple size was relatively small (n = 18), which may limit
statistical power for some comparisons. However, we
partly mitigate this by including a multi-institutional
cohort with participants at different stages of medi-
cal training and diverse prior experiences in radiology,
improving the representativeness of our findings. Sec-
ond, we observed that participants in the Traditional
group progressed through the cases more quickly than
those in the Gamified group. This difference reflects
the passive nature of the Traditional modality, where
participants simply observed the cases and ground-
truth annotations without the additional interactive
steps required in the Gamified setting.
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Appendix A. MedGemma 4B
Explanations Validation

To validate MedGemma’s feedback, we sampled 100
random RadGame Localize findings. Two board-
certified radiologists reviewed each case and scored
MedGemma’s descriptions on a binary scale for
whether it (1) discussed the correct anatomical loca-
tion, (2) accurately described the image’s visual fea-
tures, and (3) correctly identified the specific subtype
of the finding (e.g., correctly labeling “Pacemaker”
when the class is “Heart Device”). MedGemma ad-
dressed the correct anatomical location in 88% of
findings, correctly identified visual features in 96%,
and specified the correct condition present in 90%.
We also show performance for this task using two
other models, Qwen3VL and Llama3.2, which is
shown in Supplementary Table 4. Supplementary
Figure 8 shows three examples of such explanations
while Supplementary Figure 9 shows three examples
of failure cases. Supplementary Figure 10 shows the
accuracy of these explanations across finding cate-
gories.

Appendix B. RadGame Report Test
Review

To ensure that reports in both tests were accurate
and did not reference prior studies that would oth-
erwise be unavailable to the participants, two senior
board-certified radiologists reviewed and revised all
10 ground-truth reports for comparison. Then, all
pre-test and post-test reports written by participants
were scored by CRIMSON, followed by manual re-
view by two board-certified radiologists to generate
a final score. Radiologists concluded that 3.93% of
the total errors were clinically insignificant or could
not be determined from the image and were removed,
3.26% reflected correct findings that were penalized
by CRIMSON (e.g., labeling an interstitial pattern
instead of a Kerley B line), while 0.38% were errors
incorrectly deemed insignificant by the model.
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Supplementary Figure 1: Localize Accuracy Across IoU Thresholds. Post-test accuracies remain
consistently higher than pre-test across IoU thresholds.
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A B

C

Supplementary Figure 2: Distribution of Findings and Finding Counts Across RadGame Localize
and Report. (A) A distribution of the number of findings present across all 150 RadGame Report cases.
Cases with a diverse number of findings were selected to adjust the platform’s difficulty. (B) A distribution
of the number of findings present across all 375 RadGame Localize cases. (C) Counts of the different types
of findings across all 375 RadGame Localize cases, divided into findings that only require a binary selection
(”Select Findings”) and findings that require a selection and a bounding box (”Draw Findings”).
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Supplementary Table 1: Study Cohort Demographics (Counts and Percentages)

Question Response n %

What is the name of your university/primary affiliation? St. Louis University 11 61.1
King Saud bin Abdulaziz University for Health Sciences 6 33.3
Tufts University School of Medicine 1 5.6

What stage of medical training are you currently in? Pre-Clinical 9 50
Clinical 9 50

Have you done a radiology rotation/classes? Classes 5 27.8
Rotation 2 11.1
Both 4 22.2
None 7 38.8

Determining comfort in radiology - How comfortable 1 0 0
are you with interpreting X-ray images on a scale 2 11 61.1
of 1-5? (1 being the least comfortable) 3 4 22.2

4 3 16.7
5 0 0

Determining comfort in radiology - How comfortable 1 2 11.1
are you with PA/AP chest X-rays specifically, on 2 4 22.2
a scale of 1-5? (1 being the least comfortable) 3 7 38.9

4 3 16.7
5 0 0

Supplementary Table 2: RadGame Localize: Draw and Select Findings.

Draw Findings

1. Atelectasis/Fibrotic band 2. Bronchiectasis 3. Bullas
4. Calcification 5. Catheter 6. Consolidation
7. Fracture 8. Heart device 9. Hiatal hernia
10. Interstitial pattern 11. Nodule/Mass 12. Osteosynthesis/suture material
13. Pleural thickening 14. Postoperative change 15. Prosthesis/endoprosthesis
16. Tube

Select Findings

17. Cardiomegaly 18. Hilar enlargement 19. Hyperinflation
20. Pleural effusion 21. Pneumothorax 22. Scoliosis

Supplementary Table 3: Distribution of Cases Across Interstitial Pattern Subtypes.

Interstitial Pattern Subtype Number of Cases

Nodular/Miliary 51
Reticulonodular 133
Reticular/Kerley B line 260

Supplementary Table 4: Comparison of Sample Accuracies Across VLMs. We use a sample size of
100.

Model Location Accuracy Visual Accuracy Class Accuracy

MedGemma 4B 88 96 90
Qwen3VL 4B 80 92 94
Llama3.2 11B Vision 81 86 96
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BA

Supplementary Figure 3: Localize Accuracy Across Finding Labels.
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Supplementary Figure 4: Localize Accuracy Difference Pre- and Post-Test Across Finding Labels.
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RadGame Localize
Study the reference boxes to learn proper localization of radiologic findings

RadGame Report
Study the reference report to learn proper radiology reporting

A

B

Supplementary Figure 5: RadGame User Interface (Traditional Module). Screenshot of the RadGame
platform showing modules in traditional learning mode: (A) Localize, where users can see findings present
in chest X-rays and their respective bounding boxes, and (B) Report, where users are provided with findings
from the ground truth report.
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CRIMSON Prompt

Objective: Evaluate the accuracy of a candidate radiology report in comparison to a reference radiology report
composed by expert radiologists. Only include positive findings, not normal findings. Do not include notes unrelated
to clinical findings.

Process Overview:
You will be presented with:

1. The criteria for making a judgment.

2. The reference radiology report.

3. The candidate radiology report.

4. The desired format for your assessment.

1. Criteria for Judgment: For each candidate report, determine only the clinically significant errors.

Errors can fall into one of these categories:

a) False report of a finding in the candidate.

b) Missing a finding present in the reference.

c) Misidentification of a finding’s anatomic location/position.

d) Misassessment of the severity of a finding.

Note: Concentrate on the clinical findings rather than the report’s writing style. Evaluate only the findings that
appear in both reports.

Patient Context:
Age: {age}
Indication: {indication}

IMPORTANT NOTES:

- Evaluate only positive findings, not normal findings. If a finding is normal, it should not be counted in the
errors.

- Ignore all references to prior findings and studies. DO NOT COUNT THEM AS ERRORS.

- Do NOT penalize the candidate report for omitting specific numeric measurements (e.g., size or dimensions
of a nodule/lesion) if the underlying finding is correctly identified. Missing measurements alone is fine since
the user writing the candidate report can’t measure. They should only be penalized for missing the finding
itself.

- Do NOT penalize omission of age-appropriate findings that are NOT clinically significant in the context of
the indication and patient age. For example, if the patient is over 65 years old, do not penalize omission of
expected degenerative changes such as aortic calcification, vascular tortuosity, degenerative spine changes,
etc, UNLESS it is related to the indication.

- Do NOT hallucinate or infer findings absent from both reports.

2. Reference Report: {reference}
3. Candidate Report: {candidate}
4. Reporting Your Assessment: Format your output as a JSON. Follow this specific format for your output, even if

no errors are found:

{
“Explanation”: “<Explanation>”,
“ClinicallySignificantErrors”: {

“a”: [“<Error 1>”, “<Error 2>”, “...”, “<Error n>”],
“b”: [“<Error 1>”, “<Error 2>”, “...”, “<Error n>”],
“c”: [“<Error 1>”, “<Error 2>”, “...”, “<Error n>”],
“d”: [“<Error 1>”, “<Error 2>”, “...”, “<Error n>”]},

“MatchedFindings”: [“<Finding 1>”, “<Finding 2>”, “...”, “<Finding n>”]
}

Supplementary Figure 6: The prompt used to generate CRIMSON scores.
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Style Score Prompt

Objective: Evaluate the writing style and structure of a radiology report to determine how well it
follows professional radiology reporting standards. Focus on style, structure, and systematic evalua-
tion rather than clinical accuracy.
Criteria for Judgment:

Rate each aspect as 0 (poor), 0.5 (adequate), or 1 (excellent):

1. SYSTEMATIC EVALUATION: Does the report cover the major chest X-ray regions?

- 1.0: Covers most/all major areas (lungs, heart, bones, mediastinum) in organized way

- 0.5: Covers several major areas but may miss 1-2 or lack organization

- 0.0: Only mentions 1-2 areas or very disorganized

2. ORGANIZATION AND LANGUAGE: Is the report reasonably well-organized and written in
appropriate clinical language?

- 1.0: Clear organization with, complete sentences and clinical language

- 0.5: Some organization present, mostly complete sentences

- 0.0: Poor organization, incomplete sentences, non-clinical language

Candidate Report: {candidate}

NOTES:

- Do NOT recommend the user to make sections or sub-sections in the report such as Findings,
Impression, etc.

- Provide 1 recommendation per scoring category that scored less than 1.0

- If a category scores 1.0 (perfect), leave that recommendation field empty (“”)

- Keep each recommendation very concise and actionable

Be concise in your recommendations. Provide your assessment in the following JSON format:

{
“systematic evaluation score”: <0, 0.5, or 1>,
“organization language score”: <0, 0.5, or 1>,
“systematic evaluation recommendation”:

“<Recommendation if score < 1, otherwise empty>”,
“organization language recommendation”:

“<Recommendation if score < 1, otherwise empty>”
}

Supplementary Figure 7: The prompt used by Style Score to evaluate the candidate report on
“Systematic Evaluation” and “Organization and Language”.

20



RadGame

Fracture

Consolidation

Hiatal Hernia

The bounding box shows a 
region of increased density 
in the lower mediastinum, 
likely representing herniated 
gastric folds or a portion of 
the stomach pushing 
through the esophageal 
hiatus. This is consistent 
with a hiatal hernia.

The bounding box shows a 
linear density along the left 
rib cage, suggestive of a 
fracture line. The density is 
discontinuous, indicating a 
fracture.

MedGemmaCase
Ex

am
pl

e 
Fi

nd
in

gs
Class Location Visual Description

The bounding box shows a 
region of increased opacity 
in the left middle lung field, 
which could represent a 
small infiltrate. This area 
appears denser than the 
surrounding lung tissue.

Supplementary Figure 8: Examples of MedGemma Explanations.
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The bounding box shows a 
region of increased density, 
potentially representing callus 
formation or a subtle fracture 
line, in the left humerus. This 
could be a sequela of a 
previous fracture, possibly 
pathological.

Fracture

Consolidation

Osteosynthesis/
suture material

MedGemma
Failure Cases

Class

Ex
am

pl
e 

Fi
nd

in
gs

Visual DescriptionLocation

*

right humerus

*

The bounding box shows a 
linear density along the midline 
of the chest, consistent with 
the sternal wires from a 
median sternotomy. These 
wires are typically visible as 
thin, parallel lines.

*

*

The bounding box shows a 
region of increased opacity in 
the left lower lobe, suggestive 
of consolidation or edema. 
This area appears less dense 
compared to the surrounding 
lung tissue, indicating some 
degree of improvement in the 
previous infiltrate.

Supplementary Figure 9: Examples of MedGemma Failure Explanations.

22



RadGame

Supplementary Figure 10: Accuracy of MedGemma Explanations Across Finding Categories. The
reported accuracy is from 100 cases sampled randomly and evaluated by a senior radiologist.
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