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PURPOSE

Multimodal large language models (LLMs) offer emerging capabilities in medical image interpreta-
tion; however, their efficacy in orthopedic oncology remains unverified. This study aimed to eval-
uate and benchmark the performance of five contemporary LLMs—ChatGPT 5.2, Gemini 3 Flash,
MedGemma 4B, Claude Sonnet 4.6, and DeepSeek-VL2—in detecting and characterizing bone le-
sions on plain radiographs without task-specific fine-tuning.

METHODS

A retrospective analysis was conducted using 3,746 anonymized images from the Bone Tumor X-ray
Radiograph Dataset (BTXRD), comprising normal, benign, and malignant cases. Reference standard
annotations were provided directly by the BTXRD dataset. Models were evaluated on two tasks:
lesion detection and lesion characterization. Diagnostic performance metrics, including accuracy,
precision, sensitivity, specificity, and Cohen’s kappa, were calculated and compared with refer-
ence-standard annotations.

RESULTS

ChatGPT 5.2 demonstrated the highest overall accuracy (0.803) and specificity among the models
(0.916) for lesion detection, although its sensitivity (0.689) was comparatively low. MedGemma 4B
showed relatively low performance, with an overall accuracy of 0.677. Claude Sonnet 4.6 and Gem-
ini 3 Flash had the highest sensitivities among the models (0.991 and 0.972, respectively) but low
specificities (0.038 and 0.201, respectively), resulting in excessive false positives. In the characteri-
zation task, ChatGPT 5.2 consistently achieved the highest performance among the models, with
an accuracy of 0.758 and a weighted F1 score of 0.745. DeepSeek-VL2 achieved high specificity but
very low sensitivity for malignancy (0.714 and 0.022, respectively). Gemini 3 Flash provided high
sensitivity for malignancy (0.711) but low overall accuracy.

CONCLUSION

Multimodal LLMs demonstrated heterogeneous performance in the evaluation of bone lesions on
plain radiographs, with substantial differences across models and tasks. Although some models
achieved high accuracy in lesion detection and overall classification, performance was inconsistent
across tasks, particularly in identifying malignant lesions and balancing sensitivity and specificity.
These findings suggest that, despite their potential, current multimodal LLMs are not yet sufficient-
ly reliable for diagnostic use in orthopedic oncology and should be considered investigational until
further development and validation.

CLINICAL SIGNIFICANCE

Multimodal LLMs currently lack the diagnostic reliability required for bone lesion assessment, of-
ten exhibiting excessive false positives or failing to detect malignancy. Although generalist models
show promise, expert radiologist oversight remains essential to ensure patient safety and oncolog-
ic accuracy in musculoskeletal imaging.
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ccurate diagnosis of bone lesions is a
Acritical step in orthopedic oncology

because management strategies can
vary from nonoperative monitoring to sur-
gical removal.'"? X-rays remain the primary
imaging modality for assessing tumors and
tumor-like lesions in bones."* Diagnostic
decision-making, particularly the differentia-
tion of benign tumors from aggressive bone
tumor subtypes, relies heavily on the inter-
pretation of radiologic features and requires
substantial expertise and experience.** The
complexity of bone tumor classification,
along with the rarity and overlapping char-
acteristics of subtypes, can create challenges
in diagnosing bone lesions.

Recent advances in artificial intelligence
(Al), especially the rise of large language
models (LLMs), have opened new possibil-
ities across various medical fields, includ-
ing radiology.5® Al-based tools have been
developed to improve musculoskeletal ra-
diology processes, varying from the auto-
matic detection of pathologies on magnetic
resonance images (MRIs) to the detection
and classification of bone lesions on radio-
graphs. Traditionally, these image-centric
classification tasks have relied heavily on
convolutional neural network (CNN)-based
architectures, which excel at extracting hi-
erarchical structural features from medical
images.”"" However, the introduction of
LLMs has brought a new perspective to im-
age analysis. Initial uses of unimodal LLMs
focused on text-based tasks; however, recent
advances in multimodal LLMs enable the in-
terpretation of both text and visual data.’?'®
Early studies using these multimodal LLMs
in musculoskeletal radiology for tasks such
as anatomical question answering or clinical
decision support have shown promising but

* Current multimodal large language models
(LLMs) demonstrate variable and overall
limited performance in bone lesion assess-
ment, with inconsistent differentiation be-
tween benign and malignant lesions that
prevents reliable independent diagnostic
use.

* Current multimodal LLMs exhibit different
diagnostic profiles: For example, Claude
Sonnet 4.6 and Gemini 3 Flash showed
high sensitivity but suffered from very high
false-positive rates, whereas other models
failed to reliably identify malignant features.

* Despite being tailored for medical applica-
tions, the domain-specific model MedGem-
ma 4B currently exhibits critical diagnostic
errors, underscoring the need for further
development.

inconsistent results compared with human
experts.''® However, evidence regarding
their performance in image-centric diag-
nostic tasks, particularly in musculoskeletal
oncology, remains limited. Importantly, it is
unclear how these general-purpose models
perform when tasked with interpreting plain
radiographs for complex diagnostic tasks,
such as bone lesion detection and subtype
classification, without task-specific fine-tun-
ing or in-context learning.

Against this background, the present
study aims to evaluate five available multi-
modal LLMs (ChatGPT 5.2, Gemini 3 Flash,
MedGemma 4B, Claude Sonnet 4.6, and
DeepSeek-VL2) for the assessment of bone
lesions on plain radiographs. Specifically, we
compare their performance across complex
tasks: lesion detection and lesion character-
ization, using a publicly available reference
dataset. To our knowledge, this is the first
study to extensively cover different subtypes
of bone tumors while evaluating multimodal
LLM performance. Rather than establishing
clinical readiness, this study seeks to define
a baseline evaluation for current multimodal
LLM capabilities and to identify limitations
that must be addressed before such mod-
els can be considered for clinical or deci-
sion-support applications in orthopedic on-
cology.

Methods

The retrospective study was approved by
the Ethics Committee of izmir Bakircay Uni-
versity on October 15, 2025 (decision num-
ber: 2476). Informed consent was waived by
the committee due to the study’s design. This
study was conducted and reported in accor-
dance with the Transparent Reporting of a
multivariable prediction model for Individual
Prognosis Or Diagnosis-LLM guidelines.'®

Study design

Five independent LLMs—ChatGPT 5.2,
Gemini 3 Flash, MedGemma 4B, Claude Son-
net 4.6, and DeepSeek-VL2—were evaluated
across two diagnostic tasks: lesion detection
(Task 1) and lesion characterization (Task 2).
For each task, model predictions were com-
pared with reference-standard annotations.
For the classification of bone tumors in this
study, the label definitions and expert anno-
tations from the publicly available Bone Tu-
mor X-ray Radiograph Dataset (BTXRD) intro-
duced by Yao et al. were adopted.”” All labels
in the BTXRD dataset were assigned based
on histopathological diagnoses recorded
in the source data or consensus reviews by

expert radiologists—particularly for benign
tumors—during dataset curation. Figure 1
visualizes the study flowchart.

Dataset preparation

This retrospective study utilized the pub-
licly available BTXRD dataset.” The radio-
graphs within the BTXRD cohort were ac-
quired from multiple institutions. The dataset
comprises radiographic cohorts of malignant
bone tumors, benign bone tumors, and nor-
mal bone cases. Each case was evaluated us-
ing a single plain radiograph; no additional
projections, serial images, or cross-sectional
imaging were provided to the models.

All images were obtained directly from
the dataset and provided in 8-bit grayscale
JPEG format; therefore, no additional resiz-
ing or geometric modifications were applied
beyond the dataset’s original release. All data
were fully anonymized before inclusion in
the dataset, and no patient-identifiable infor-
mation was accessible to the investigators.

Model prompting

All models were evaluated using a ze-
ro-shot prompting strategy with a fixed,
optimized prompt. Before the main analy-
sis, a pilot study for prompt refinement was
conducted using a stratified random subset
of 100 radiographs, fully independent of the
final test set. All models processed this iden-
tical subset to ensure comparability. Prompt
consistency was assessed by performing 10
repeated inference runs per case, and the fi-
nal prompt was selected based on achieving
complete structural adherence to the pre-
defined output schema across all runs. These
100 cases were strictly excluded from the
final performance analysis to prevent data
leakage. The final study population consisted
of 3.646 cases.

The finalized prompt instructed the mod-
els to analyze each radiograph using only the
provided image, patient age, and patient sex
to determine lesion presence and character-
ization.

To ensure reproducibility, the evaluated
models were divided into two deployment
strategies based on their architectures. For
the cloud-based proprietary models, specif-
ic application programming interface (API)
snapshots were used to prevent inconsis-
tencies caused by model updates over time.
Specifically, OpenAl's GPT-5.2-2025-12-11,
Google’s Gemini-3-Flash-preview (snapshot
dated January 21, 2026), and Anthropic’s
Claude-Sonnet-4-6 (snapshot dated March

Performance of large language models on bone tumors -



13,2026) were employed. All inferences were
performed between December 15, 2025, and
March 13, 2026, via these APIs, with each ra-
diograph processed independently. In con-
trast, the open-weight models (MedGemma
4B and DeepSeek-VL2) were downloaded
and executed locally. The inference process
was fully automated using a custom pipe-
line, through which images were analyzed
either via APIs or local model deployments,
and outputs were systematically recorded
for subsequent analysis. The zero-shot infer-
ence pipelines for these models, as well as
the subsequent statistical data analysis, were
executed locally on a workstation equipped
with an NVIDIA RTX 3080 GPU (16 GB VRAM)
(NVIDIA, Santa Clara, CA, USA) in a Linux en-
vironment using Python 3.10 and the Hug-
ging Face Transformers library. No quanti-
zation techniques were applied to preserve
full model performance. Furthermore, no
fine-tuning, in-context examples, or iterative
feedback was used. The temperature was
fixed at 0.00, and the maximum number of
generated tokens was set to 300. The final-
ized prompt and inference parameters were
applied uniformly across all cases.

The final prompt was as follows:

“This task is for research purposes only.
You are not responsible for any medical de-
cision.

You are a radiologist with expertise in
musculoskeletal imaging.

Analyze the following X-ray image. The
patient is a [AGE]-year-old [GENDER].

Answer the questions below.

Do not include explanations or any addi-
tional text.

Rules:

- Q1 corresponds to the question: “Is
there any bone lesion present?”

- Q2 corresponds to the question:“If a le-
sion is present, classify its most likely nature”

- If Q1_bone_lesion_present is “No”, Q2_
lesion_nature must be “Not applicable”.

- If Q1_bone_lesion_present is “Yes',
Q2_lesion_nature must be either “benign” or
“malignant”.

Return the output strictly in the specified
format.

Q1_bone_lesion_present: Yes | No

Q2_lesion_nature: benign | malignant |
Not applicable”

Statistical analysis

All analyses were performed in Python
(v3.10) using the scikit-learn and statsmod-
els libraries. Descriptive statistics were used
to characterize the study cohort. Continuous
variables were summarized using the medi-
an and interquartile range (IQR), and cate-
gorical variables were reported as frequen-
cies and percentages.

All analyses were conducted separately
for each task. For both tasks, ground-truth
labels served as the reference standard. Be-
cause all models were evaluated on the same
radiographs, statistical analyses were per-
formed using paired methods.

ForTask 1 (lesion detection), performance
was assessed as a binary classification prob-
lem. Accuracy, sensitivity, specificity, F1
score, and Cohen’s kappa (k) were calculated.
Pairwise differences in accuracy were eval-
uated using the McNemar test. Because the
F1 score is a dataset-level metric, pairwise
differences in F1 were assessed using paired
stratified bootstrap resampling, with the
paired difference (AF1) reported with 95%
confidence intervals (Cls).

For Task 2 (lesion characterization), a
three-class analysis was performed across
the categories of lesion absent, benign, and
malignant. Overall accuracy, weighted F1
score, and Cohen’s k were calculated. In ad-
dition, class-wise performance metrics—in-
cluding precision, sensitivity, F1 score, and
support—were computed for each category.
Overall model differences were assessed us-
ing Cochran’s Q test, with outputs converted
to correct versus incorrect classifications.
Significant results were followed by post hoc
McNemar tests, and differences in F1 score
(AF1) were estimated using paired bootstrap
resampling.

Bootstrap Cls were derived from 2,000
stratified resamples. The Holm-Bonferroni
correction was applied for multiple com-
parisons, and a two-sided adjusted P value
< 0.05 was considered statistically significant.
Kappa values were interpreted according to
Landis and Koch: slight < 0.20; fair: 0.21-0.40;
moderate: 0.41-0.60; substantial: 0.61-0.80;
and almost perfect agreement > 0.80.'

Results

Study cohort

After the exclusion of cases used for
prompt optimization, a total of 3,646 cases
were included in the analysis. The median
age of the study population was 35.0 years
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(IQR: 16.0-53.0). Of the total cohort, 2,041
(56.0%) were men and 1,605 (44.0%) were
women. According to the reference stan-
dard, 1,817 cases (49.8%) were classified as
“tumor present” and 1,829 cases (50.2%) as
“no tumor!” The tumor-present cases includ-
ed 1,589 benign tumors (43.6%) and 228 ma-
lignant tumors (6.3%).

Lesions were most frequently located
in the tibia (n = 617, 16.9%) and femur (n =
570, 15.6%), together accounting for nearly
one-third of all cases, followed by the fibula
(n =256, 7.0%) and humerus (n = 233, 6.4%).
Distal extremity bones, such as the hand (n =
95, 2.6%), foot (n = 90, 2.5%), radius (n =71,
1.9%), and ulna (n = 62, 1.7%), were less com-
monly involved. Joint-based locations were
rare overall; the knee, hip, ankle, elbow, wrist,
and shoulder joints collectively represented
a small proportion of cases (< 2%). Table 1
summarizes the study cohort characteristics.

Task 1: lesion detection

Task 1 evaluated tumor detection across
the five models. ChatGPT 5.2 demonstrated
the highest overall performance among the
models, achieving an accuracy of 0.803 (95%
Cl: 0.791-0.815) with moderate agreement
with the reference standard (k: 0.605, 95%
Cl: 0.582-0.630). Sensitivity was 0.689 (95%
Cl: 0.669-0.710), whereas specificity reached
0.916 (95% Cl: 0.903-0.927), resulting in an
F1 score of 0.777 (95% Cl: 0.762-0.792).

MedGemma 4B showed relatively low
performance, with an accuracy of 0.677 (95%
Cl: 0.662-0.691) and fair agreement (k: 0.356,
95% Cl: 0.325-0.384) for lesion detection. The
model achieved a sensitivity of 0.823 (95% Cl:
0.804-0.840) and a specificity of 0.533 (95%
Cl: 0.510-0.556), corresponding to an F1
score of 0.718 (95% Cl: 0.705-0.729).

Gemini 3 Flash exhibited an accuracy of
0.585 (95% Cl: 0.575-0.595) and only slight
agreement beyond chance (k: 0.172; 95%

Table 1. Study cohort characteristics
Value

3.646
35.0(16.0-53.0)
2.041 (56.0%)
1.605 (44.0%)
1.829 (50.2%)
1.817 (49.8%)
1.589 (43.6%)
228 (6.3%)

Characteristic

Total cases, n

Age, median (IQR) (years)
Male, n (%)

Female, n (%)

Normal cases, n (%)
Cases with tumors, n (%)
Benign tumors, n (%)

Malignant tumors, n (%)

IQR, interquartile range.
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Cl: 0.153-0.192). Although sensitivity was
very high at 0.972 (95% Cl: 0.965-0.979),
specificity was markedly reduced at 0.201
(95% Cl: 0.182-0.219), yielding an F1 score of
0.700 (95% Cl: 0.694-0.706).

Claude Sonnet 4.6 showed an accuracy of
0.513 (95% Cl: 0.508-0.518) and slight agree-
ment (k: 0.028, 95% Cl: 0.019-0.038). The
model achieved a sensitivity of 0.991 (95%
Cl: 0.987-0.995) and a specificity of 0.038
(95% Cl: 0.030-0.047), corresponding to an
F1 score of 0.670 (95% Cl: 0.667-0.672).

DeepSeek-VL2 demonstrated an accura-
cy of 0.577 (95% Cl: 0.560-0.592) and slight
agreement (k: 0.153, 95% CI: 0.121-0.184).
The model achieved a sensitivity of 0.620
(95% Cl: 0.598-0.642) and a specificity of
0.533 (95% Cl: 0.510-0.556), corresponding
to an F1 score of 0.593 (95% Cl: 0.577-0.609).

For Task 1, there were statistically signifi-
cant differences in accuracy rates among the
models. ChatGPT 5.2 was statistically more
accurate than Gemini 3 Flash, MedGemma
4B, Claude Sonnet 4.6, and DeepSeek-VL2
(p < 0.001 for all comparisons). Furthermore,
MedGemma 4B statistically outperformed
Gemini 3 Flash, DeepSeek-VL2, and Claude
Sonnet 4.6 (p < 0.001 for all comparisons). Ta-
ble 2 summarizes all performance metrics for
the models. Confusion matrices illustrating
true-positive, false-positive, true-negative,
and false-negative counts for the lesion de-
tection task are shown in Figure 2.

Task 2: lesion characterization (benign vs.
malignant)

In Task 2, we initially analyzed all class
labels, including the no-lesion, benign, and
malignant categories.

For this three-class classification task,
ChatGPT 5.2 consistently achieved the high-
est performance among the models. The
model reached an accuracy of 0.758 (95%

Cl: 0.745-0.770), a weighted F1 score of 0.307, 95% Cl: 0.281-0.332). DeepSeek-VL2
0.745 (95% Cl: 0.732-0.758), and moderate  followed with an accuracy of 0.529 (95% Cl:
agreement with the reference standard (k:  0.512-0.544), a weighted F1 score of 0.514
0.546, 95% ClI: 0.522-0.569). MedGemma (95% Cl: 0.499-0.530), and slight agreement
4B demonstrated lower performance than (k: 0.118, 95% Cl: 0.089-0.149). Gemini 3
ChatGPT 5.2, with an accuracy of 0.621 (95%  Flash showed an accuracy of 0.484 (95% Cl:
Cl:0.607-0.635), a weighted F1 score of 0.608  0.470-0.498), a weighted F1 score of 0.457
(95% Cl: 0.593-0.623), and fair agreement (k:  (95% Cl: 0.441-0.473), and fair agreement

Dataset Acquisition
BTXRD Dataset (N = 3,746 Images)

Pilot Study & Prompt Optimization E:‘,f:ﬂen:f;:,'s"

(n = 100 cases)

Final Study Population
(n = 3,646 patients)

|

Multimodal LLM Evaly \
ChatGPT Gemini 3 MedGemma Claude DeepSeek
5.2 Flash 4B Sonnet 4.6 VL2
N4
~

Zero-Shot Prompting Strategy

Statistical Analysis & Tasks
Task 1: Detection | Task 2: Characterization

Figure 1. Flowchart of the study. BTXRD, Bone Tumor X-ray Radiograph Dataset; LLM, large language model.

Table 2. Performance metrics for lesion detection across the models

Model Accuracy Sensitivity Specificity F1 score Cohen'’s kappa
(95% Cl) (95% Cl) (95% Cl) (95% CI) (95% CI)
0.803 0.689 0.916 0.777 0.605
CLaCRER (0.791-0.815) (0.669-0.710) (0.903-0.927) (0.762-0.792) (0.582-0.630)
Gemini 3 Flash 0.585 0.972 0.201 0.700 0.172
(0.575-0.595) (0.965-0.979) (0.182-0.219) (0.694-0.706) (0.153-0.192)
MedGemma 4B 0.677 0.823 0.533 0.718 0.356
(0.662-0.691) (0.804-0.840) (0.510-0.556) (0.705-0.729) (0.325-0.384)
Claude Sonnet 4.6 0.513 0.991 0.038 0.670 0.028
: (0.508-0.518) (0.987-0.995) (0.030-0.047) (0.667-0.672) (0.019-0.038)
DeepSeek-VL2 0.577 0.620 0.533 0.593 0.153
P (0.560-0.592) (0.598-0.642) (0.510-0.556) (0.577-0.609) (0.121-0.184)

Cl, confidence interval.
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(k: 0.204, 95% ClI: 0.186-0.223). Claude Son-
net 4.6 demonstrated the lowest perfor-
mance, with an accuracy of 0.303 (95% Cl:
0.291-0.332), a weighted F1 score of 0.268
(95% Cl: 0.256-0.280), and slight agreement
(k: 0.068, 95% Cl: 0.055-0.081). The distribu-
tion of predictions across the three catego-
ries (no lesion, benign, and malignant) for
each model is visualized in the confusion ma-
trices presented in Figure 3. Table 3 summa-
rizes the performance metrics of all models
across the three class-subtyping tasks.

For Task 2, comparisons based on accu-
racy rates revealed a statistically significant
difference among the five multimodal LLMs

ChatGPT 5.2

No tumor

Ground truth

Tumor

No tumar
Predicted

Tumor

Claude Sonnet 4.6

No tumor 69

Ground truth

Tumor 17

No tumor

Predicted

(P < 0.001). In pairwise analyses, ChatGPT
5.2 demonstrated significantly better per-
formance than Gemini 3 Flash, MedGemma
4B, Claude Sonnet 4.6, and DeepSeek-VL2
(P < 0.001 for all comparisons). Additionally,
MedGemma 4B showed significantly high-
er accuracy than DeepSeek-VL2, Gemini 3
Flash, and Claude Sonnet 4.6 (P < 0.001).
Class-wise performance metrics for Task 2
are summarized in Table 4. For the no-le-
sion class, ChatGPT 5.2 achieved a sensitivi-
ty of 0.916, precision of 0.748, and F1 score
of 0.824, whereas MedGemma 4B, Deep-
Seek-VL2, Gemini 3 Flash, and Claude Sonnet
4.6 showed sensitivities of 0.533,0.533,0.201,
and 0.038, respectively. In the benign class,

Gemini 3 Flash

Mo tumor 367

Ground truth

Tumor 51

No tumor

Tumor
Predicted

No tumor

Ground truth

Tumor

Tumor

No tumor

DeepSeek VL2

sensitivities were 0.796 for MedGemma 4B,
0.778 for Gemini 3 Flash, 0.642 for ChatGPT
5.2, 0.596 for DeepSeek-VL2, and 0.530 for
Claude Sonnet 4.6, with corresponding F1
scores of 0.652, 0.630, 0.705, 0.532, and
0.504. For malignant lesions, Claude Sonnet
4.6 yielded the highest sensitivity (0.851),
followed by Gemini 3 Flash (0.711), where-
as ChatGPT 5.2, MedGemma 4B, and Deep-
Seek-VL2 showed lower sensitivities of 0.289,
0.114, and 0.022, respectively. Malignant
F1 scores were 0.407 for ChatGPT 5.2, 0.289
for Gemini 3 Flash, 0.191 for Claude Sonnet
4.6, 0.180 for MedGemma 4B, and 0.043 for
DeepSeek-VL2.

MedGemma 4B

No tumor

Ground truth

Tumor

No tumor
Predicted

Tumar

Tumor

Predicted

Figure 2. Confusion matrices for Task 1 (lesion detection). The panels display the performance of LLMs in detecting the presence of bone lesions. LLM, large language

model.

ChatGPT 5.2

No tumor

Benign

Ground truth

Malignant

W e e \l\e\d‘a“‘
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Gemini 3 Flash

No tumor 367 433

Benign 51 302

&
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Claude Sonnet 4.6
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w wmd‘ v_p\n

o
o
e

Predicted

No tumor

Ground Truth
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Predicted

%
@™
e

DeepSeek VL2

MedGemma 4B

Ground Truth

"
- e pet? ‘,@,\‘e“"‘t

Predicted

Count

200
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Bﬁ‘\q
Predicted

o
e

Figure 3. Confusion matrices for the three-class classification task. The matrices illustrate the classification performance for distinguishing between “no lesion,”

“benign,’and “malignant” categories across the five evaluated multimodal LLMs. LLM, large language model.
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Table 3. Three-class classification performance (no tumor, benign, and malignant)

Model Accuracy Weighted F1 score Cohen'’s kappa
(95% ClI) (95% ClI) (95% CI)
CLERE ?(5.775485—0.770) ?(.).774;2—0.758) ?(;.5:262—0.569)
Gemini 3 Flash 0.484 0.457 0.204
(0.470-0.498) (0.441-0.473) (0.186-0.223)

MedGemma 48 ?(;.562017—0.635) ?6.650983—0,623) ?(;.9’20871 -0.332)

Claude Sonnet 4.6 ?6.320931 -0.332) ?6.226586—0.280) ?6(.)06:5—0.081)

DeepSeek-VL2 ?0552 192—0.544) ?6.54:;9—0.530) ?(301;9—0.1 49)

Cl, confidence interval.

Table 4. Sub-class performance metrics for lesion characterization

Model Class Precision Sensitivity F1 score Number of cases

MedGemma 4B No lesion 0.752 0.533 0.624 1.829
Benign 0.552 0.796 0.652 1.589
Malignant 0.433 0.114 0.180 228

Gemini 3 Flash No lesion 0.878 0.201 0.327 1.829
Benign 0.530 0.778 0.630 1.589
Malignant 0.181 0.711 0.289 228

ChatGPT 5.2 No lesion 0.748 0.916 0.824 1.829
Benign 0.780 0.642 0.705 1.589
Malignant 0.680 0.289 0.407 228

Claude Sonnet 4.6 No lesion 0.802 0.038 0.072 1.829
Benign 0.480 0.530 0.504 1.589
Malignant 0.107 0.851 0.191 228

DeepSeek-VL2 No lesion 0.586 0.533 0.558 1.829
Benign 0.480 0.596 0.532 1.589
Malignant 0.714 0.022 0.043 228

Discussion Although ChatGPT 5.2 achieved moder- in this field.*?* However, despite the na-

In this head-to-head exploratory study
of five multimodal LLMs, we observed that
although all models demonstrated the ca-
pacity to generate diagnostic outputs and
ChatGPT 5.2 provided the most robust
baseline performance, the discordance be-
tween models highlights the volatility of
zero-shot inference in complex diagnostic
tasks. Although we initially hypothesized
that medical pretraining might confer an
advantage, ChatGPT 5.2 outperformed the
medical-specific MedGemma 4B, whereas
the remaining general-purpose models did
not demonstrate superior performance. No-
tably, MedGemma 4B exceeded several oth-
er general-purpose models, suggesting that
both model scale and domain-specific train-
ing contribute to performance and require
further optimization.

ate agreement (k: 0.605) and 80.3% accuracy
in lesion detection, its zero-shot capabilities
remain inferior to benchmarks established
by supervised deep learning algorithms.
Across prior studies, diagnostic performance
varied by both model architecture and imag-
ing modality. High accuracy and area under
the curve values exceeding 0.79 were report-
ed for X-ray-based deep learning approach-
es, particularly when combined with clinical
or demographic features. Furthermore, com-
puted tomography or MRI-based models
achieved similar discrimination with or with-
out added patient-level information.''%%3

It is also noteworthy that while prior ap-
plications of LLMs in orthopedic oncology
have predominantly focused on textual re-
port analysis or data extraction, this study
represents one of the first evaluations of
their direct visual capabilities on radiographs

scent stage of this technology, the observed
performance deficits suggest considerable
limitations in current architectures. Conse-
quently, these findings serve as a cautionary
signal for radiologists, clinicians, and pa-
tients, indicating that general-purpose mul-
timodal LLMs are not currently reliable for
diagnostic decision-making and should be
approached with skepticism until rigorous
validation is achieved.

An analysis of model performance re-
veals distinct diagnostic profiles character-
ized by an imbalance between sensitivity
and specificity, potentially limiting their
clinical integration. Two divergent interpre-
tative patterns were observed. First, Gemini
3 Flash and Claude Sonnet 4.6 demonstrat-
ed a high-sensitivity, low-specificity profile
in lesion detection, resulting in a high rate
of false positives. This tendency toward
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over-identification in Gemini models is
consistent with reported performance in
other clinical domains, such as emergency
triage and cervical cytology.?** In contrast,
MedGemma 4B systematically misclassified
malignant lesions as benign during the char-
acterization task. Although this model main-
tained high specificity, its low sensitivity for
malignancy poses a substantial diagnostic
risk, as malignant lesions are frequently cat-
egorized as nonaggressive. This discrepancy
between models—ranging from excessive
false positives to the failure to identify ma-
lignant features—underscores that current
zero-shot multimodal architectures lack the
calibrated decision thresholds necessary for
autonomous oncologic risk stratification.

Despite having lower performance than
dedicated task-specific Al models, multi-
modal LLMs may offer complementary value
in radiology in the future. Unlike convention-
al deep learning systems that require local
deployment and integration into imaging
infrastructure, multimodal LLMs are broad-
ly accessible through web-based interfac-
es, allowing for use across institutions with
varying technical resources, including re-
source-limited settings.?® In addition, recent
research suggests that the most promising
role for LLMs might not be as standalone
diagnostic classifiers, but as components of
agentic systems in which the LLM functions
as a reasoning engine coordinating special-
ized tools, such as task-specific CNN pipe-
lines.?3" For instance, an agentic approach in
orthopedic oncology could structure the di-
agnostic process through a series of special-
ized, interoperable models. In the first stage,
a CNN-based model performs lesion detec-
tion and segmentation. In the second stage,
a separate model accesses relevant clinical
data—including prior malignancy history
and laboratory findings—and integrates
these with the imaging outputs to gener-
ate a differential diagnosis and preliminary
assessment. In the final stage, a third model
synthesizes all available information into a
structured radiology report and presents it
to the radiologist for review and validation.

Our findings indicate that this accessibility
currently comes with unacceptable diagnos-
tic risks. The inability of the highest-perform-
ing models to reliably detect malignancy or
exclude pathology renders them unsuitable
for diagnostic decision-making. Consequent-
ly, these tools should currently be viewed as
experimental rather than as diagnostic alter-
natives. Radiologists, clinicians, and patients
must be cautioned that the fluent textual
output of these models does not equate to

radiologic competence; thus, human-in-the-
loop verification remains non-negotiable.

Our study has limitations inherent to its
exploratory design. First, the use of a ze-
ro-shot prompting strategy—without pro-
viding reference exemplars (few-shot learn-
ing) or chain-of-thought reasoning—may
have underestimated the models’ true po-
tential. Second, the reliance on single-view
radiographs contrasts with clinical practice,
which typically incorporates orthogonal
views and cross-sectional imaging. Third, the
nature of commercial closed-source models
precludes an analysis of the specific visual
features driving their decisions due to their
proprietary, non-interpretable architectures.
Furthermore, model outputs may vary over
time with undocumented updates.*? Fourth,
the direct comparison between massive, pro-
prietary frontier models and the significantly
smaller MedGemma 4B and DeepSeek-VL2
models is intrinsically unbalanced. The ob-
served performance differences are likely
driven by the vast discrepancy in parameter
counts rather than strictly by the difference
between general and medical-specific train-
ing. Additionally, the MedGemma 27B model
was not included due to the lack of multi-
modal capability at the time of study design,
which limits our ability to assess perfor-
mance scaling within the same model family.

Future research should prioritize prompt
engineering strategies to mitigate the ob-
served biases and investigate whether
fine-tuning methods can realign these gen-
eralist models with the sensitivity require-
ments of orthopedic oncology. In addition,
future studies should evaluate larger mul-
timodal variants within the same model
family; higher-parameter models, such as
the MedGemma 27B version, may demon-
strate improved performance and provide
further insight into scaling effects. Finally,
prospective reader studies evaluating ra-
diologist performance with and without LLM
assistance are needed to determine clinical
utility while accounting for ongoing model
updates and version changes. Despite these
limitations, our study provides key insights
into the use of multimodal LLMs in orthope-
dic oncology and highlights the current lim-
itations of these models within clinical deci-
sion algorithms, such as the interpretation of
direct radiographs in routine practice.

This study establishes a baseline for the
zero-shot capabilities of multimodal LLMs in
orthopedic oncology. Our findings demon-
strate heterogeneous performance across
models: ChatGPT 5.2 achieved the highest
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overall results, whereas the domain-specific
MedGemma 4B outperformed several other
general-purpose models. However, despite
these results, all evaluated models exhibit-
ed critical performance deficits compared
with established supervised deep-learning
benchmarks. The distinct operating profiles
observed—ranging from high sensitivity
and low specificity to the dangerous over-
calling of benign lesions and low malignancy
detection—indicate that current multimodal
LLMs lack the calibrated decision boundaries
required for safe oncologic decision support.
Consequently, although these models offer
potential for future workflow integration
and increased accessibility, they are not cur-
rently suitable for independent diagnostic
decision-making. To ensure oncologic safety
before clinical adoption, future development
should pivot from utilizing LLMs as stand-
alone classifiers toward integrating them
into agentic workflows.
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