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ABSTRACT

The aim of the study is to assess the performance of multimodal large language models (MLLMs) in assigning Bone-RADS categories to
bone lesions identified on CT images. An MSK radiologist selected one representative slice for 50 bone lesions seen on CT studies and
assigned reference Bone-RADS categories using clinical records. Three raters categorized each case: an abdominal radiologist, OpenAl
ChatGPT 5, and Google Gemini 2.5 Pro. Accuracy was defined as the correctly labeled Bone-RADS 1 and 4 cases and compared using
McNemar test. Agreement with the reference was assessed using weighted Cohen’s « with 95% Cls; pairwise k differences were tested via
bootstrap. Reference categories were Bone-RADS 1, n=23; 2, n=4; 3, n=0; 4, n=23. Accuracy was 84.8% (39/46) for the radiologist, 78.3%
(36/46) for Gemini, and 65.2% (30/46) for ChatGPT. The radiologist outperformed ChatGPT (p=0.012); differences between the radiologist
vs Gemini (p=0.604) and Gemini vs ChatGPT (p=0.360) were not significant. The radiologist achieved the highest agreement with the
reference standard (x = 0.715, 95% CI: [0.543-0.887]), followed by Gemini (x = 0.542, 95% CI: [0.313-0.770]) and ChatGPT (x = 0.292,
95% CI: [0.104-0.479]). Bootstrap comparisons showed that the radiologist’s k was higher than ChatGPT’s (95% CI for difference, 0.140-
0.675), while radiologist vs Gemini (—0.113-0.434) and Gemini vs ChatGPT (—0.041-0.522) were not significant. In conclusion, general-
purpose MLLMs cannot yet replace trained radiologists for Bone-RADS classification, though they may still aid routine clinical practice.
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Multimodal Biiyiik Dil Modellerinin BT de Bone-RADS Klasifikasyonundaki Tamsal Performansi

OZET

Calismamizin amaci multimodal biiyiik dil modellerinin (MBDM) BT goriintiilerinde tespit edilen soliter kemik lezyonlarina Bone-RADS
kategorileri atamadaki performanslarini degerlendirmektir. Hastanemizin PACS’1 soliter kemik lezyonu iceren BT tetkikleri i¢in taranmistir
(Agustos 2024-Agustos 2025). Her lezyon igin bir kas-iskelet radyologu tarafindan kitleyi en iyi temsil eden bir kesit se¢ilmis ve lezyonlara
birer referans Bone-RADS skoru atanmustir. Daha sonra bir abdominal radyolog, ChatGPT 5 ve Gemini 2.5 Pro aym vakalar
kategorilemistir. Dogruluk, dogru sekilde kategorize edilen Bone-RADS 1 ve 4 vakalari olarak tanimlanmis ve McNemar testi kullanilarak
karsilastirlmistir. Referansla uyum, agirlikli Cohen «k katsayisi kullanilarak degerlendirilmis ve bootstrap yontemi ile karsilagtirilmistir.
Referans kategorileri su sekilde belirlenmistir: Bone-RADS 1, n=23; 2, n=4; 3, n=0; 4, n=23. Dogruluk, radyolog i¢in %84,8 (39/46), Gemini
icin %78,3 (36/46) ve ChatGPT ic¢in %65,2 (30/46) olarak bulunmustur. Radyologun, ChatGPT'den daha iyi performans gosterdigi
(p=0,012); radyolog ile Gemini (p=0,604) ve Gemini ile ChatGPT (p=0,360) arasindaki farklarin anlamli olmadig1 goriilmiistiir. Radyolog,
referans standardi ile en yiiksek uyumu elde etmis (k = 0,715, %95 GA: [0,543-0,887]), bunu Gemini (x = 0,542, %95 GA: [0,313-0,770]) ve
ChatGPT (x = 0,292, %95 GA: [0,104-0,479]) izlemistir. Bootstrap ile yapilan karsilastirmalar, radyologun k degerinin ChatGPT'den daha
yiiksek oldugunu gostermis (%95 GA: 0,140-0,675), ancak radyolog ile Gemini (%95 GA: —0,113-0,434) ve Gemini ile ChatGPT (%95 GA:
—0,041-0,522) arasindaki fark anlamli bulunmamustir. Sonug olarak genel amagli MBDM'ler heniiz Bone-RADS kategorizasyonu igin
egitimli radyologlarin yerini tutabilecek durumda goriinmemekle beraber bu modellerin giinliik pratikte radyologlara yardimci olabilecegi
diistiniilmektedir.
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may be particularly valuable. To address this need,
several reporting and data systems (RADS) for bone
lesions have been developed to enhance inter-reader
agreement, improve diagnostic performance, and
facilitate communication across clinical disciplines.
These include the Radiological Evaluation Score for
Bone Tumors (REST)?, the American College of
Radiology (ACR) Bone-RADS®, and the Osseous
Tumor Reporting and Data System (OT-RADS)*. The
most recent addition is the Society of Skeletal
Radiology (SSR) Bone-RADS, designed for use in
classifying bone lesions encountered on CT or MRI
examinations’. The SSR Bone-RADS categories are as
follows: Bone-RADS-1, likely benign, no further

work-up; Bone-RADS-2, incompletely assessed,
requiring an alternative imaging modality; Bone-
RADS-3, indeterminate, warranting follow-up
imaging; and Bone-RADS-4, suspicious for

malignancy or requiring treatment, with referral to
orthopedic oncology and consideration of biopsy.
Several studies have evaluated the reproducibility and
effectiveness of SSR Bone-RADS for both CT and
MRI®".

The role of large language models (LLMs) in
radiology reporting has been investigated extensively.
Prior work has assessed their performance for various
tasks such as generating impressions for radiology
reports®, simplifying interventional radiology reports
for patients’, and assigning RADS categoriesm’“.
Multimodal LLMs (MLLMs)  with  image
interpretation capabilities are also being evaluated for
their potential applications in radiology. One area of
assessment is their performance in assigning RADS
categories to radiologic images. Recent studies have
explored the use of MLLMs in assigning BI-RADS
categories for breast ultrasound, and TI-RADS
categories for thyroid ultrasound examinations'*".
The aim of the current study is to evaluate the
performance of two widely used MLLMs in assigning
SSR Bone-RADS categories to bone lesions identified
on CT images. If demonstrated to be effective for this
task, MLLMs may serve as a valuable adjunct in
routine radiology practice, particularly for radiologists
without subspecialty training in musculoskeletal
imaging.

Material and Method

Following approval from our institutional ethics
committee (Decision number: 2025/865/16-16), we
queried our department’s picture archiving and
communication system for CT examinations
demonstrating solitary bone lesions between August
2024 and August 2025. For each lesion, a single
representative  image was selected by a
musculoskeletal (MSK) radiologist with 5 years of
experience. The optimal plane and slice were chosen
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to best depict key characteristics (e.g., cortical
disruption, pathologic fracture, matrix). An SSR
Bone-RADS category was assigned to each image by
the same MSK radiologist, who had access to the
patients’ electronic medical records; these assignments
served as the reference standard. Subsequently, three
readers performed Bone-RADS categorization on the
images: an abdominal radiologist with 2 years of
experience, OpenAl’s ChatGPT (ChatGPT 5), and
Google’s Gemini (Gemini 2.5 Pro). For the MLLMs, a
zero-shot prompt derived from the flowchart in the
SSR Bone-RADS white paper (5) was used (see
Supplementary File). Models were provided with the
image and relevant clinical information. All queries
were conducted through the models’ native user
interfaces, initiating a new chat session for each case.

Statistical analyses

Accuracy was defined as the proportion of cases with
reference labels Bone-RADS 1 or 4 that were
correctly classified. Cases labeled Bone-RADS 2 or 3
were excluded because their classification may vary
depending on the reader’s experience and judgment,
as well as the patient’s attitude and socioeconomic
background®. Pairwise comparisons between the
radiologist and each model were performed using two-
sided McNemar’s exact tests with Bonferroni
correction for multiple comparisons. To evaluate the
inter-rater agreement between each rater and the
reference standard, we calculated the weighted
Cohen's kappa. This metric was chosen as appropriate
for ordinal data like the Bone-RADS classification,
penalizing larger disagreements more heavily than
smaller ones. Kappa statistics was interpreted as
follows: poor, < 0.20; fair, 0.20-0.40; moderate. 0.40—
0.60; good, 0.60-0.80; and excellent, > 0.80'". To
compare the performance between raters, we
employed a non-parametric bootstrapping procedure.
We generated bootstrap replicates to estimate the bias-
corrected and accelerated 95% confidence intervals
for the pairwise differences between the kappa
coefficients. A statistically significant difference in
performance was determined if the 95% confidence
interval for the difference did not contain zero.
Statistical analyses were performed using R (version
4.5.1, R Foundation for Statistical Computing,
Vienna, Austria) and SPSS (version 29.0, IBM Corp.,
Armonk, NY, USA).

Results

Among 50 patients, 20 were female; the mean age was
47.4 years (range, 20-82). Lesion characteristics are
summarized in Table I. Reference Bone-RADS
classifications made by the MSK radiologist were
Bone-RADS 1, n=23; Bone-RADS 2, n=4; Bone-
RADS 3, n=0; and Bone-RADS 4, n=23.
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Table I. Lesion characteristics.
Diagnosis
Metastasis
Non-ossifying fibroma/fibrous cortical defect
Subchondral cyst/geode
Giant cell tumor
Simple bone cyst
Osteoid osteoma
Bone island
Enchondroma
Lipoma
Aneurysmal bone cyst
Multiple myeloma
Chondromyxoid fibroma
Lymphoma
Osteochondral lesion
Chondrosarcoma
Chordoma
Atypical cartilaginous tumor
Fibrous dysplasia
Paget's disease
Hemangioma
Osteomyelitis
Bone infarction
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The accuracy was 39/46 (84.78%), 36/46 (78.26%),
and 30/46 (65.22%) for the radiologist, Gemini, and
ChatGPT, respectively. Pairwise McNemar tests
showed the radiologist significantly outperformed
ChatGPT (p = 0.012), whereas differences between
the radiologist and Gemini (p = 0.604) and between
Gemini and ChatGPT (p = 0.360) were not significant.

The radiologist achieved the highest agreement with
the reference standard (k = 0.715, 95% CI: [0.543-
0.887]), followed by Gemini (k = 0.542, 95% CI:
[0.313-0.770]) and ChatGPT (x = 0.292, 95% CI:
[0.104-0.479]) (Table II) (Figure 1). To determine if
these performance differences were statistically
significant, we conducted a bootstrap comparison with
2000 replicates. The analysis revealed that the
radiologist's performance was statistically
significantly superior to ChatGPT's (95% CI for the
difference: [0.140-0.675]). However, the observed
differences between the radiologist and Gemini (95%
CI: [-0.113-0.434]) and between Gemini and
ChatGPT (95% CI: [-0.041-0.522]) were not
statistically significant (Table III).

Table II. Weighted Cohen's kappa for inter-rater
agreement with the reference standard. (CI
= confidence interval)

Rater Weighted kappa (95% Cl)
Radiologist 0.715 (0.543, 0.887)
Gemini 0.542 (0.313, 0.770)
ChatGPT 0.292 (0.104, 0.479)

Table III. Bootstrap comparison of weighted kappa
coefficients. (CI = confidence interval)

Difference in  Bootstrap 95%

Comparison kappa (Ak)  Cl for difference
Radiologist vs. Gemini 0.173 [-0.113, 0.434]
Radiologist vs. Gemini 0.250 [-0.041,0.522]
Radiologist vs. ChatGPT 0.423 [0.140, 0.675]

Here's a coronal CT image of the knee of a 37-year-old .
male. | want you to assing a Bone-RADS category for
this lesion (Bone-RADS 1, 2, 3, or 4). Follow this steps:

First, determine if the lesion is “lucent" or "sclerotic or

mixed density”.

1. If the lesion is lucent:

Step 1: Assess for Aggressive Features

LU S — 1 BUUE UL, UG 1
that abuts the articular surface in a skeletally mature patient (age 37)—are highly
consistent with a Giant Cell Tumor (GCT).

EPIPTIYSIS U1 @ 1015 DUTE (PIUKINGE UURY

« Conclusion: YES. According to the provided algorithm, a lesion clearly consistent with a
Giant Cell Tumor is classified as Bone-RADS 4. This classification reflects that GCTs,
while typically benign, are locally aggressive and require intervention (e.g., biopsy and

curettage)

Final Classification

The lesion is classified as Bone-RADS 4.

Here's a coronal CT image of the knee of a 37-year-old male. | want
you to assing a Bone-RADS category for this lesion (Bone-RADS 1, 2, 3,
or 4). Follow this steps:

First, determine if the lesion is “lucent” or "sclerotic or mixed density".
1. If the lesion is lucent:

Step 1: Assess for Aggressive Features

First. determine if anv of the following anaressive features are nresent

[ Final Assessment

Bone-RADS Category: 1 (Benign)
Most likely diagnosis: Non-ossifying fibroma
Management: No further workup or follow-up needed.

Figure 1.

Coronal CT image of the knee in a 37-year-old man
demonstrating a proximal tibial lesion consistent with
a giant cell tumor. Both the radiologist and Gemini
(a) correctly characterized the lesion and categorized
it as Bone-RADS 4, whereas ChatGPT (b)
misclassified it as a non-ossifying fibroma and
categorized the lesion as Bone-RADS 1.
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Discussion and Conclusion

In this study, the non-MSK radiologist showed good
agreement with the MSK radiologist for Bone-RADS
categorization of solitary bone lesions on CT, whereas
agreement was fair for Gemini and poor for ChatGPT.
Several RADS frameworks have been developed to
standardize reporting and management across
specialties (e.g., BI-RADS, LI-RADS, and PI-
RADS)". Similar tools exist for bone tumors. The
REST system scores radiographic lesions across eight
features, with scores <3 suggesting benignity and >3
suggesting malignancy’. The ACR Bone-RADS
assesses margin, periosteal reaction, endosteal erosion,
pathologic fracture, extraosseous soft-tissue mass, and
history of primary cancer; total score determines the
category, with >7 indicating a lesion highly suspicious
for malignancy’. OT-RADS, conceptually analogous
to BI-RADS, applies to MRI and includes six
categories: 0 (incomplete), I (negative), II (definitely
benign), III (probably benign), IV (suspicious/
indeterminate), V (highly suggestive of malignancy),
and VI (known/recurrent malignancy)’. The most
recent system, the SSR Bone-RADS, can be applied to
CT or MR’. A key distinction is its management-
oriented approach: Bone-RADS 4 denotes the need for
referral or treatment and does not necessarily imply
malignancy. For example, a simple bone cyst with
cortical involvement and risk of pathologic fracture
would be classified as Bone-RADS 4 to prompt
orthopedic evaluation. The algorithm for CT first
stratifies lesions by density (lucent vs sclerotic/mixed)
using separate flowcharts. The presence of aggressive
features (cortical involvement, soft-tissue extension,
or pathologic fracture) assigns Bone-RADS 4. In their
absence, additional factors such as history of a
malignancy with osseous metastatic propensity, lesion
density and matrix, or typical appearances (e.g.,
fibrous dysplasia, non-ossifying fibroma, osteoid
osteoma, giant cell tumor) guide categorization.
Validation studies suggest high sensitivity and good
interreader reliability for lucent lesions but lower
specificity, potentially reflecting dependence on
clinical features such as pain and oncologic history'®.
Another CT-based validation found the system useful
for triaging lesions that may require treatment, with
moderate interreader agreement”.

MLLMs, capable of processing images in addition to
text, are an active area of investigation in radiology'.
Prior work has evaluated performance on RSNA 2023
Case of the Day Questions'®, New England Journal of
Medicine Image Challenge Cases” or Japanese
Diagnostic Radiology Board Examinations®. A 2024
report indicated limited accuracy for pediatric
imaging®'. However, in a 2025 study, it was reported
that MLLMs showed improvements in answering
image-based quiz questions over the course of one
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year”. Evidence specific to RADS assignment
remains sparse. For example, ChatGPT 4 showed
mixed accuracy for TI-RADS on ultrasound, high for
low-risk nodules (93.6%) but lower for high-risk
nodules (42.1%)". Among the five MLLMs tested for
BI-RADS categorization on breast ultrasound images,
Claude 3.5 Sonnet achieved the highest accuracy
(59%)"%. To the best of our knowledge, no prior study
has evaluated the performance of MLLMs in
assigning Bone-RADS categories on CT images.
Therefore, direct comparison of model performance in
this specific task is not feasible. Nonetheless, the
overall accuracy observed in our study appears
comparable to that reported in previous studies
involving other RADS classification systems.

This study has several limitations. First, the small
sample size and retrospective design may limit the
generalizability of our findings. Second, using a single
representative slice per lesion may not reflect the full
performance of either human readers or MLLMs;
however, we carefully selected slices that most clearly
demonstrated the characteristic features of each lesion.
Third, the evaluated models were not fine-tuned for
radiologic interpretation; while specialized models
exist, they are not universally accessible. Fourth,
Bone-RADS 2 and 3 lesions were under-represented.
Notably, prior studies focused on establishing reliable
reference standards for Bone-RADS 1 and 4,
underscoring the system’s emphasis on confidently
distinguishing clearly benign lesions from those
requiring further evaluation or intervention®.

In conclusion, ChatGPT and Gemini, as general-
purpose MLLMs, demonstrated inferior agreement
with the MSK radiologist compared with a non-MSK
radiologist for Bone-RADS categorization of solitary
bone lesions encountered on CT when limited to
single-slice inputs. While MLLMs are advancing
rapidly, they are not yet substitutes for trained
radiologists in this task. Despite their current
limitations, these models may provide valuable
assistance in routine clinical practice. Larger,
prospective studies, ideally using full image stacks
and fine-tuned models, are needed to assess their
performance and clinical utility more definitively.
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