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Nowosławska, E.; Fabijan, A.

Comparative Evaluation of Large

Language and Multimodal Models in

Detecting Spinal Stabilization Systems

on X-Ray Images. J. Clin. Med. 2025,

14, 3282. https://doi.org/10.3390/

jcm14103282

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Comparative Evaluation of Large Language and Multimodal
Models in Detecting Spinal Stabilization Systems on
X-Ray Images
Bartosz Polis 1,†, Agnieszka Zawadzka-Fabijan 2,† , Robert Fabijan 3, Róża Kosińska 1, Emilia Nowosławska 1
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Abstract: Background/Objectives: Open-source AI models are increasingly applied in
medical imaging, yet their effectiveness in detecting and classifying spinal stabilization sys-
tems remains underexplored. This study compares ChatGPT-4o (a large language model)
and BiomedCLIP (a multimodal model) in their analysis of posturographic X-ray images
(AP projection) to assess their accuracy in identifying the presence, type (growing vs. non-
growing), and specific system (MCGR vs. PSF). Methods: A dataset of 270 X-ray images
(93 without stabilization, 80 with MCGR, and 97 with PSF) was analyzed manually by neu-
rosurgeons and evaluated using a three-stage AI-based questioning approach. Performance
was assessed via classification accuracy, Gwet’s Agreement Coefficient (AC1) for inter-rater
reliability, and a two-tailed z-test for statistical significance (p < 0.05). Results: The results
indicate that GPT-4o demonstrates high accuracy in detecting spinal stabilization systems,
achieving near-perfect recognition (97–100%) for the presence or absence of stabilization.
However, its consistency is reduced when distinguishing complex growing-rod (MCGR)
configurations, with agreement scores dropping significantly (AC1 = 0.32–0.50). In contrast,
BiomedCLIP displays greater response consistency (AC1 = 1.00) but struggles with detailed
classification, particularly in recognizing PSF (11% accuracy) and MCGR (4.16% accuracy).
Sensitivity analysis revealed GPT-4o’s superior stability in hierarchical classification tasks,
while BiomedCLIP excelled in binary detection but showed performance deterioration as
the classification complexity increased. Conclusions: These findings highlight GPT-4o’s ro-
bustness in clinical AI-assisted diagnostics, particularly for detailed differentiation of spinal
stabilization systems, whereas BiomedCLIP’s precision may require further optimization
to enhance its applicability in complex radiographic evaluations.

Keywords: scoliosis; artificial intelligence; BiomedCLIP; ChatGPT-4o; medical image
analysis; machine learning in healthcare

1. Introduction
Open-source artificial intelligence models (OSAIM) are freely available, publicly acces-

sible tools that have found extensive applications in both computer science and medicine,
significantly contributing to advancements in diagnostics and treatment planning [1–6].
While these models offer advanced capabilities for processing and interpreting visual
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data, most are not specifically designed for the analysis of medical images, such as X-ray
scans. To address this gap, specialized models like BiomedCLIP have been developed,
integrating natural language processing with medical image analysis, thereby opening new
possibilities for diagnostic support and treatment selection [7]. Increasing research on the
clinical applications of OSAIM underscores their potential in radiology and other fields
of medicine.

In the past year, there has been a growing global interest in open-source AI mod-
els, exemplified by the development of advanced language models such as ChatGPT by
OpenAI. One of the key products of this organization is Contrastive Language–Image
Pretraining (CLIP), which enables zero-shot image classification, image captioning, and
visual question answering [8]. Trained on extensive image-text datasets, CLIP serves as
the foundation for specialized models such as SDA-CLIP, designed for surgical activity
analysis, and SleepCLIP, which supports the diagnosis of sleep disorders [9,10]. One of
the most advanced CLIP-based models is BiomedCLIP (Bio-med-CLIP-PubMedBERT_256-
vit_base_patch16_224), which integrates natural language processing with medical image
interpretation. Trained on the PMC-15M dataset, comprising 15 million image−caption
pairs from PubMed Central, BiomedCLIP utilizes PubMedBERT for medical text analysis
and Vision Transformer for biomedical imaging. As a result, BiomedCLIP demonstrates
high efficacy in image classification, cross-modal retrieval, and question−answering, mak-
ing it a valuable tool for diagnostics, research, and medical education [11].

In our previous study, we evaluated BiomedCLIP in detecting and classifying scoliosis
in pediatric posturographic X-ray images. The analysis revealed that the model performed
well in identifying advanced cases of scoliosis, particularly in severe stages. However, its
accuracy was limited when detecting milder forms and distinguishing between single-
curve and double-curve scoliosis. These findings highlight BiomedCLIP’s potential in
medical image analysis, while also indicating the need for further refinement of the model
and expansion of the training dataset to enhance its clinical applicability [7].

ChatGPT, as an advanced language model, has also been explored for medical diagnos-
tics and biomedical data analysis, although its effectiveness remains under investigation.
Suthar et al. reported that ChatGPT-4 achieved a diagnostic accuracy of 57.86%, highlight-
ing both its potential and limitations [12]. Lee et al. compared its ability to analyze chest
X-ray images with the KARA-CXR algorithm, demonstrating that dedicated AI systems out-
performed ChatGPT in medical image interpretation [13]. Additionally, Sohail examined
ChatGPT’s early impact on medical sciences and biomedical engineering, emphasizing
both its diagnostic potential and the challenges related to accuracy and interpretability [14].

In our studies, we assessed the ability of AI models, including ChatGPT and Microsoft
Bing, to diagnose single-curve scoliosis from posturographic X-ray images. ChatGPT
demonstrated 100% accuracy in scoliosis detection, but its Cobb angle assessment accu-
racy was only 43.5%, showing significant discrepancies compared to expert evaluations.
Moreover, the model struggled with determining curve direction, scoliosis classification,
and vertebral rotation detection, while Microsoft Bing failed to detect scoliosis in any case.
These findings suggest that while AI holds promise in scoliosis identification, significant
improvements in image analysis and precise diagnostic assessment are required before
these models can be reliably implemented in clinical practice [15].

Scoliosis is defined as a three-dimensional spinal deformity in which the coronal
plane curvature exceeds 10 degrees, measured using the Cobb method, which serves as the
clinical diagnostic standard [16]. The gold standard for scoliosis diagnosis is X-ray imaging
of the spine in two projections: anteroposterior (AP) and lateral. This imaging approach
enables precise assessment of spinal curvature severity, vertebral rotation, and deformity
progression, facilitating the planning of appropriate therapeutic procedures [17,18]. Scolio-
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sis can be classified based on various criteria, including patient age, etiology, curve location,
and severity measured by the Cobb angle [19].

The management of scoliosis is highly individualized but generally follows established
clinical guidelines. According to AO Spine recommendations, mild scoliosis (10–20 degrees)
is typically managed through regular monitoring and physiotherapy, while moderate
scoliosis (20–40 degrees) may require orthotic bracing. In severe cases (>40 degrees), surgical
intervention is often indicated [19]. In adolescent idiopathic scoliosis (AIS), the most
common form of spinal deformity in children, treatment options range from conservative
therapy (e.g., physiotherapy) to surgical interventions, such as dynamic fixation or posterior
spinal fusion (PSF) [20].

For early-onset scoliosis (EOS), occurring before the age of 10, growth-friendly sur-
gical techniques such as magnetically controlled growing rods (MCGR) are frequently
used to facilitate spinal and thoracic development while maintaining deformity correction.
Traditional approaches, such as posterior spinal fusion (PSF), may lead to complications,
including thoracic insufficiency syndrome, growth restriction, and respiratory issues, if
performed too early. MCGR systems offer a promising alternative by reducing the need
for repeated surgical lengthening procedures, thereby minimizing complications and psy-
chosocial burden on young patients [21] (Figure 1).
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Figure 1. (A) X-ray image depicting severe double-curve scoliosis with Cobb angle measurements
of 62◦ between L4/L5 and Th11/Th12 and 77◦ between Th11/Th12 and Th6/Th5. (B) X-ray image
showing the magnetically controlled growing-rod (MCGR) system used for spinal stabilization.
(C) X-ray image illustrating the final spinal stabilization procedure.

The primary objective of this study is to compare two types of artificial intelligence
models—large language models (LLLM), such as ChatGPT-4o (Omni), and the multimodal
model BiomedCLIP—in terms of their ability to detect and classify spinal stabilization
systems in posturographic X-ray images in the anteroposterior (AP) projection.
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1.1. Justification

The selection of LLLM (ChatGPT-4o) and BiomedCLIP for comparison is based on
their differing approaches to data analysis and their specific applications in medical
imaging diagnostics:

ChatGPT-4o:

# Although primarily a language model, ChatGPT-4o demonstrates strong capabilities
in image analysis, particularly in recognizing detailed objects and structures.

# With its image-processing functionality, it can be applied to detect complex struc-
tures, such as spinal stabilization systems, especially when they are clearly visible on
X-ray images.

# Its primary advantage lies in its ability to generate precise descriptions and inter-
pret results, making it valuable in medical applications where detailed descriptions
are essential.

BiomedCLIP:

# BiomedCLIP is a multimodal model that integrates images and text, enabling it to
compare visual features of an image with textual descriptions.

# Its performance depends on the quality of the provided textual descriptions and the
accuracy of image−text associations.

# This model is particularly useful for tasks where textual context aids in recognizing
and classifying objects in medical images.

# However, its efficacy may be limited in more complex scenarios, such as distinguishing
subtle details in medical imaging.

This study aims to determine which of these models is more suitable for medical
diagnostics, particularly in the radiographic assessment of spinal stabilization systems
in surgical applications. A comparative analysis of these two AI approaches can provide
valuable insights into the effectiveness of artificial intelligence in medicine, especially in
automating diagnostic processes.

1.2. Research Hypotheses

Accuracy in detecting spinal stabilization systems:

H1. BiomedCLIP will demonstrate significantly higher accuracy in detecting the presence of
spinal stabilization systems on posturographic anterior–posterior (AP) X-ray images compared
to ChatGPT-4o.

Consistency of model responses:

H2. BiomedCLIP will exhibit greater consistency (i.e., reproducibility of results) in classifying
X-ray images regarding the presence and type of spinal stabilization systems than ChatGPT-4o.

Effectiveness in classifying the type and nature of the stabilization system:

H3. While ChatGPT-4o may be more effective in recognizing the general presence of spinal
stabilization systems, BiomedCLIP will outperform in the precise classification of the system type
(growing vs. non-growing) and specific system (MCGR vs. PSF).
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2. Materials and Methods
The study was conducted at the Polish Mother’s Memorial Hospital Research Institute

as part of scientific research activities. The bioethics committee determined that the analysis
of the obtained radiological images did not require formal approval. This study, conducted
between January 2024 and December 2024, focused on analyzing radiological images in the
anterior–posterior (AP) projection in patients aged 3 to 17 years. The X-ray images were
collected from January 2022 to December 2024, and out of 590 available images, a total of
270 images were selected, including:

• 93 posturographic AP images without a visible stabilization system,
• 80 images with a visible growing rod system (MCGR),
• 97 images showing the final stabilization (PSF).

Consent for the use of X-ray images was obtained from the legal guardians of
the patients. In accordance with data protection principles, all personal information
was anonymized.

Inclusion and Exclusion Criteria:

The inclusion criteria required technically correct images. For images without a sta-
bilization system, only cases of severe scoliosis (>40◦ Cobb angle) were included, in line
with AO Spine guidelines, which qualify curves exceeding 40◦ for surgical correction.
Additionally, images with a visible MCGR system and final stabilization (PSF) were se-
lected. Image quality was assessed to exclude illegible images, errors in image stitching, or
improper framing.

The exclusion criteria included:

• Images that were improperly stitched,
• X-rays covering an incomplete view of the spine,
• Scoliosis cases with additional bone defects, such as hyperkyphosis,
• Images featuring additional implants unrelated to the studied stabilization systems.

Imaging and Analysis:

All of the tests were performed using the same radiological equipment, and the X-ray
images were not modified in any way. They were saved in JPEG format with a resolution
of 2663 × 1277 px.

The dataset was evaluated by two independent neurosurgery specialists (B.P. and
E.N.), who focused on 270 AP posturographic images, including 93 cases of severe scoliosis,
with curvatures ranging from 45◦ to 96◦. The analysis aimed to develop baseline scoliosis
descriptions, detailing key parameters such as:

• Degree of deformation (Cobb method),
• Precise identification of the affected spine segment.

These descriptions were later used to evaluate the capabilities and classification accu-
racy of open AI systems in scoliosis assessment.

2.1. Manual Measurement

The evaluation of posturographic X-ray images was carried out independently by
two neurosurgery specialists. For image analysis and Cobb angle measurements, RadiAnt
software (version 2023.1) was utilized.

2.2. AI System Evaluation Methodology

As part of this study, an analysis of artificial intelligence models was conducted,
including ChatGPT-4o (OpenAI, San Francisco, CA, USA). The experiments took place
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between 1 January and 30 January 2025, following a three-stage methodology designed to
assess the model’s ability to interpret posturographic X-ray images.

Three-Stage Questioning Approach

1. General Image Interpretation

Question: ‘What do you see in the image?’

This open-ended question allowed the model to describe the X-ray without any prior
hints, such as the presence or absence of a spinal stabilization system.

2. Detection of a Stabilization System

Question: ‘Do you observe any spinal stabilization system in the image?’

If the model answered ‘no’ for an image without a stabilization system, it confirmed
correct recognition.

If it answered ‘yes’ incorrectly, it indicated a misinterpretation of bone structures or
artifacts as a stabilization system.

3. Identification of the Stabilization System Type

Question: ‘If yes, what type of stabilization system is visible?’

For images without a stabilization system, the correct response was ‘none’ or ‘not
applicable’. If the model identified a system where none was present, it was considered a
misclassification.

For images with stabilization, the model was expected to specify whether the system
was growing (MCGR) or non-growing (PSF).

Evaluation Criteria

Each image was processed individually, and the model was asked the three questions
in sequence. Only three key pieces of information were extracted from its responses:

• Presence of a stabilization system (if applicable),
• Type of stabilization system (growing vs. non-growing),
• Specific system identification (MCGR or PSF, if applicable).

Scoring System

For images without a stabilization system:

• Correctly identifying the absence of a system → 1 point
• Incorrectly identifying a system → 0 points
• Correctly stating no type/system was present → 1 point
• Incorrectly specifying a type/system → 0 points

For images with a stabilization system:

• Correctly detecting the presence of a system → 1 point
• Failing to detect a system → 0 points
• Correctly identifying the type (growing/non-growing) → 1 point
• Incorrectly classifying the type or failing to specify it → 0 points
• Correctly recognizing the specific system (MCGR or PSF) → 1 point
• Incorrectly identifying the system (e.g., misclassifying MCGR as VEPTR) or failing to

specify → 0 points

To assess the model’s consistency and reliability, the entire study was repeated three
times to evaluate whether the AI provided repeatable and stable responses.

The classification of scoliosis followed the AO Spine criteria, and the therapeutic
approach was determined based on AO Spine qualifications for surgical intervention
(Figure 2).
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Figure 2. Flowchart illustrating the standardized three-stage questioning approach used to evaluate
AI model performance. For each X-ray image, the model was asked: (1) to describe the image freely,
(2) to determine the presence of spinal stabilization hardware, and (3) to identify the type of system
if applicable. This sequence was repeated across three independent trials to assess consistency and
diagnostic accuracy.
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2.3. BiomedCLIP Methodology
2.3.1. Model Selection and Adaptation

Pediatric spine X-ray images were classified across three conditions—pre-treatment,
post-targeted stabilization system, and post-MAGEC system application—utilizing the
Biomed CLIP model. Biomed CLIP, a refined variant of the Contrastive Language–Image
Pretraining (CLIP) model, was selected due to its demonstrated superior performance
in zero-shot classification of complex biomedical imagery, surpassing alternatives such
as DALL-E, MedCLIP, and PubMedCLIP. Its open-source accessibility further facilitated
its adoption for this research. To augment its specialization in pediatric spinal image
analysis, Biomed CLIP underwent fine-tuning on the PMC-15 dataset. This comprehensive
dataset comprises 15 million biomedical image−text pairs derived from 4.4 million scientific
articles, encompassing a diverse array of medical specialties, thereby providing a robust
foundation for model training.

2.3.2. Hyperparameters

The fine-tuning of Biomed CLIP followed the same hyperparameters as those used for
training the original CLIP ViT-B/16 model (Table 1).

Table 1. Hyperparameters used for fine-tuning BioMed CLIP, following the same setup as the original
CLIP ViT-B/16 model.

Hyperparameter Value

Learning Rate 4 × 10−4

Weight Decay 0.2
Adam β1 0.9
Adam β2 0.98
Adam ε 1.00 × 10−6

Batch size 32,768
Training epochs 32
Warm-up iterations 2000
Gradient clipping Max temperature of 100

2.3.3. Computational Infrastructure

Computational tasks were executed on the RunPod platform, employing two NVIDIA
L40S GPUs, 16 vCPUs, 124 GB of RAM, and 96 GB VRAM. A standardized software
environment was instantiated via a Docker image (pytorch:2.1.0-py3.10-cuda11.8.0-devel-
ubuntu22.04), pre-configured with requisite CUDA and PyTorch modules to facilitate
model training and subsequent evaluation.

2.3.4. Model Architecture and Training Protocol

The Biomed CLIP architecture incorporates a Vision Transformer (ViT-B/16) as its
vision encoder and PubMedBERT for text encoding. The ViT-B/16, selected for its superior
efficiency relative to smaller variants, segments input images into 16 × 16 pixel patches,
natively supporting a 224 × 224 pixel image size. While experimentation with a 384 × 384
pixel resolution indicated enhanced retrieval capabilities, this was accompanied by a
commensurate increase in pre-training duration. The text encoder’s context window was
extended to 256 tokens, from the conventional 77, to accommodate the verbose nature of
biomedical image annotations. The ViT-B/16 vision encoder comprises 86 million trainable
parameters. Model training was conducted on a cluster of 16 NVIDIA A100 or V100 GPUs,
incorporating techniques such as gradient checkpointing and automatic mixed precision to
optimize memory utilization and enhance computational throughput.
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2.3.5. Data and Performance Evaluation

Model performance was directly evaluated against a curated database of anonymized
pediatric X-ray images. This approach enabled iterative assessment across various treat-
ment stages and hardware configurations. The evaluation protocol prioritized the model’s
classification accuracy and generalization capacity to unseen medical image data, thus
providing a rigorous assessment of both the robustness and clinical applicability of
Biomed CLIP.

The evaluation was conducted by interfacing directly with a database of anonymized
X-ray images. This setup allowed for an iterative assessment of the model’s performance
across different stages of treatment and varying hardware configurations. The evaluation
focused on the model’s accuracy in image classification and its ability to generalize across
unseen medical image data. This methodology not only tests the robustness of Biomed
CLIP, but also its applicability to real-world medical diagnostics. For this task, descriptive
text labels were prepared to represent the classification of each category:

1. First Category:

• ‘This is an image of spine with stabilization system’
• ‘This is an image of spine without stabilization system’

2. Second Category:

• ‘This is an image of spine with growing stabilization system’
• ‘This is an image of spine with non-growing stabilization system’
• ‘This is an image of spine without stabilization system’

3. Third Category:

• ‘This is an image of spine with magnetic control growing rod system (MCGR)’
• ‘This is an image of spine with posterior spinal fusion system (PSF)’
• ‘This is an image of spine without stabilization system’

Each X-ray image was preprocessed through normalization before being input into the
model. The model then computed the probability of the image belonging to each scoliosis
category, with a confidence score ranging from 0 to 1. This score was used as a quantitative
measure of the model’s certainty in its predictions.

The evaluation emphasized accuracy in image classification and the ability to gen-
eralize across unseen medical image data, testing both the robustness and real-world
applicability of Biomed CLIP in clinical diagnostics.

2.4. Statistical Analysis

The detection rates of spinal stabilization systems were reported as count (n) and
percentage (5) for binary classification tasks and as mean (M) and standard error (SE) for
proportion-based analyses.

2.4.1. Agreement Assessment

The assessment of inter-rater reliability for binary variables with multiple measure-
ments was conducted using Gwet’s Agreement Coefficient 1 (AC1), due to its robustness in
handling imbalanced category distributions and its reduced sensitivity to high agreement
levels [22–24]. Gwet’s AC1 was then computed using Formula (1):

AC1 =
pa − pe
1 − pe

(1)
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where pa is the observed agreement estimated by (2):

pa =
number o f agreements

total number o f ratings
(2)

The expected agreement by chance pe was conducted using (3):

pe =
C

∑
k=1

(
1
C

)2
(3)

where C is the number of categories.
Described by (1)–(3), AC1 remains robust and interpretable, not artificially deflated by

the prevalence effect, thereby providing a more accurate reflection of inter-rater reliability,
making it the optimal choice for the current analysis [25].

2.4.2. Estimation Difference in Identification Rates Between AIs

To evaluate the significance of differences in detection proportions between GPT-4o
and BiomedCLIP AI, a two-tailed z-test for the difference in proportions was conducted.

The standard error (SE) of the difference between the two means was computed using
Formula (4):

SE =
√

SE2
1 + SE2

2, (4)

where SE1 and SE2 represent the standard errors of the detection rates for GPT-4o and
BiomedClip, respectively.

To determine the statistical significance of the difference, a z-score was calculated
by (5):

z =
M1 − M2

SE
, (5)

where M1 and M2 are the mean detection rates of GPT-4o and BiomedClip, respectively.
Finally, the p-value was derived from the standard normal distribution based on the

calculated z-score. As a two-tailed test was used, the p-value was obtained according to (6):

p = 2 × P(Z > |z|), (6)

where P(Z > |z|) represents the probability that a standard normal variable (Z) takes a
value greater than the absolute value of the calculated z-score.

A significance threshold of α = 0.05 was applied to determine whether the observed
differences were statistically significant.

2.4.3. Statistical Tool

Analyses were conducted using the R Statistical language (version 4.3.3; [26]) on
Windows 11 Pro 64 bit (build 22631), using the packages irrCAC (version 1.0; [27]) report
(version 0.5.8; [28]), patchwork (version 1.2.0; [29]), gtsummary (version 1.7.2; [30]), ggplot2
(version 3.5.0; [31]), and dplyr (version 1.1.4; [32]).

3. Results
3.1. Comparative Sensitivity and Consistency in Detecting Spinal Stabilization Systems

The performance of GPT-4o and BiomedCLIP in detecting and classifying spinal
stabilization systems (SSS) in 270 posturographic X-ray images (93 No Stabilization, 97 PSF,
80 MCGR) was evaluated using sensitivity (proportion of correct responses), Gwet’s AC1
for inter-rater agreement, and Cohen’s h for effect size (Table 2). A summary of findings
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aligned with the research hypotheses (H1: accuracy, H2: consistency, H3: classification) is
presented in Table 3.

Table 2. Comparative sensitivity and inter-rater agreement for GPT-4o and BiomedCLIP in
detecting spinal stabilization systems (SSS) in advanced scoliosis (≥40◦) using posturographic
radiographic images.

SSS Type Classification Task GPT-4o Sensitivity,
% (95% CI)

BiomedCLIP
Sensitivity, % (95% CI)

GPT-4o Gwet’s AC1
(95% CI)

No Stabilization Presence 97.0 (94.0–100.0) 99.6 (99.6–99.6) 0.97 (0.94–1.00)
Type 97.0 (94.0–100.0) 66.9 (63.0–70.8) 0.97 (0.94–1.00)
Kind 97.0 (94.0–100.0) 30.2 (23.9–36.5) 0.97 (0.94–1.00)

PSF Presence 100.0 (100.0–100.0) 5.1 (3.9–6.3) 1.00 (1.00–1.00)
Type (Non-growing) 98.0 (96.0–100.0) 0.6 (0.4–0.8) 0.99 (0.97–1.00)

Kind (PSF) 84.0 (78.8–89.2) 11.0 (7.8–14.2) 0.87 (0.80–0.94)
MCGR Presence 100.0 (100.0–100.0) 6.6 (5.5–7.7) 1.00 (1.00–1.00)

Type (Growing) 70.0 (51.2–88.8) 66.3 (62.8–69.8) 0.32 (0.16–0.49)
Kind (MCGR) 18.0 (4.6–31.4) 4.2 (0.9–7.5) 0.50 (0.36–0.64)

Notes: Gwet’s AC1 for BiomedCLIP is 1.00 (perfect agreement) for all tasks and is not tabulated to avoid
redundancy but is noted in the caption. Individual rater percentages and detailed agreement statistics (pa, pe, SE,
p-values) are provided in Supplementary Table S1.

Table 3. Summary of comparative performance of GPT-4o and BiomedCLIP in detecting and classify-
ing spinal stabilization systems, aligned with research hypotheses.

Hypothesis Task
GPT-4o

Sensitivity, %
(95% CI)

BiomedCLIP
Sensitivity, %

(95% CI)

Sensitivity
Difference
(z, p-Value)

Cohen’s h GPT-4o AC1
(95% CI) Key Finding and Conclusion

H1: Accuracy in
Detecting SSS

Presence (No
Stabilization)

97.0
(94.0–100.0) 99.6 (99.6–99.6) −2.6%

(z = 2.7, p = 0.007) −0.21 0.97
(0.94–1.00)

GPT-4o slightly less sensitive
(small effect); both highly accurate,

clinically negligible difference.

Presence (PSF) 100.0
(100.0–100.0) 5.1 (3.9–6.3) 94.9% (z = 95.0,

p < 0.001) 2.05 1.00
(1.00–1.00)

GPT-4o far superior (large effect),
critical for clinical detection of PSF.

Presence
(MCGR)

100.0
(100.0–100.0) 6.6 (5.5–7.7) 93.4% (z = 93.0,

p < 0.001) 1.95 1.00
(1.00–1.00)

GPT-4o highly reliable (large effect),
BiomedCLIP inadequate for

MCGR detection.

H2: Consistency
of Responses

Type (No
Stabilization)

97.0
(94.0–100.0) 66.9 (63.0–70.8) 30.1% (z = 13.44,

p < 0.001) 0.68 0.97
(0.94–1.00)

BiomedCLIP perfectly consistent
(AC1 = 1.00), GPT-4o variable but
high agreement (medium effect).

Type (PSF) 98.0
(96.0–100.0) 0.6 (0.4–0.8) 97.4% (z = 37.5,

p < 0.001) 2.41 0.99
(0.97–1.00)

BiomedCLIP consistent but
inaccurate, GPT-4o less consistent

but accurate (large effect).

Type (MCGR) 70.0 (51.2–88.8) 66.3 (62.8–69.8) 3.7% (z = 0.27,
p = 0.790) 0.08 0.32

(0.16–0.49)

BiomedCLIP consistent, GPT-4o
highly variable

(low AC1, small effect).

H3: Classifying
Type/Kind Kind (PSF) 84.0 (78.8–89.2) 11.0 (7.8–14.2) 73.0% (z = 36.5,

p < 0.001) 1.18 0.87
(0.80–0.94)

GPT-4o more accurate but less
consistent (large effect),
BiomedCLIP struggles

with specificity.

Kind (MCGR) 18.0 (4.6–31.4) 4.2 (0.9–7.5) 13.8% (z = 1.40,
p = 0.160) 0.43 0.50

(0.36–0.64)

Both models suboptimal, GPT-4o
slightly better but inconsistent

(small to medium effect).

Notes: Sensitivity and 95% CIs are derived from Table 2. Sensitivity differences and z-tests are from the Statistical
Analysis section. Cohen’s h is calculated as h = 2 × (arcsin
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(
√

(p_1))-arcsin(
√

(p_2)), where p1 and p2are GPT-4o
and BiomedCLIP sensitivities, respectively. Interpretation: small (h = 0.2), medium (h = 0.5), large (h = 0.8).
GPT-4o AC1 values are from Table 2; BiomedCLIP AC1 = 1.00 for all tasks (noted in text). Conclusions summarize
clinical implications, e.g., GPT-4o’s superior detection sensitivity (large effect sizes for PSF/MCGR) supports its
use for initial screening, while BiomedCLIP’s consistency reveals the potential for structured classification with
further optimization.

Detection of stabilization systems (H1: Accuracy)

GPT-4o demonstrated near-perfect sensitivity (97–100%) in detecting the presence or
absence of SSS across all types (No Stabilization: 97.0%, 95% CI 94.0–100.0; PSF: 100.0%,
95% CI 100.0–100.0; MCGR: 100.0%, 95% CI 100.0–100.0), significantly outperforming
BiomedCLIP (No Stabilization: 99.6%, 95% CI 99.6–99.6, z = 2.7, p = 0.007, h = −0.21; PSF:
5.1%, 95% CI 3.9–6.3, z = 95.0, p < 0.001, h = 2.05; MCGR: 6.6%, 95% CI 5.5–7.7, z = 93.0,
p < 0.001, h = 1.95). The small difference in No Stabilization detection (2.6%, small effect)
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was clinically negligible, as both models excelled in this task. However, GPT-4o’s superior
sensitivity for PSF and MCGR detection (large effect sizes) highlights its reliability for initial
screening in clinical settings (Table 3).

Consistency of responses (H2)

BiomedCLIP exhibited perfect consistency (AC1 = 1.00) across all tasks, reflecting
its deterministic classification approach. In contrast, GPT-4o showed a high but variable
agreement, particularly in complex tasks. For No Stabilization and PSF, GPT-4o maintained
strong agreement (AC1 = 0.97–1.00), but consistency dropped for MCGR Type (AC1 = 0.32,
95% CI 0.16–0.49) and Kind (AC1 = 0.50, 95% CI 0.36–0.64) classifications. Sensitivity
differences showed a medium effect for No Stabilization Type (30.1%, h = 0.68), a large effect
for PSF Type (97.4%, h = 2.41), and a small effect for MCGR Type (3.7%, h = 0.08), indicating
variable clinical relevance (Table 3). This supports the conclusion that BiomedCLIP is more
consistent, while GPT-4o’s probabilistic nature leads to response fluctuations.

Classification of SSS type and kind (H3)

For classifying SSS types (Growing vs. Non-growing), GPT-4o outperformed Biomed-
CLIP for PSF (98.0% vs. 0.6%, z = 37.5, p < 0.001, h = 2.41) but showed a comparable
performance for MCGR (70.0% vs. 66.3%, z = 0.27, p = 0.790, h = 0.077). For specific system
identification (Kind), GPT-4o was more accurate for PSF (84.0% vs. 11.0%, z = 36.5, p < 0.001,
h = 1.18), but struggled with MCGR (18.0% vs. 4.2%, z = 1.40, p = 0.160, h = 0.433), reflecting
challenges in distinguishing morphologically similar systems. Large effect sizes for PSF
tasks confirmed GPT-4o’s clinical advantage, while smaller effects for MCGR tasks inferred
that both models need optimization (Table 3). These findings indicate that GPT-4o is
more effective for initial detection and broad classification, while BiomedCLIP’s structured
approach offers potential for detailed classification with improved training.

3.2. Comparison of Mean Sensitivity Levels for GPT-4o’s Detection of Spinal Stabilization Systems

The proportion of proper responses in Table 1 is equivalent to sensitivity, reflecting the
true positive rate of GPT-4o’s detection of spinal stabilization systems (SSS) in advanced
scoliosis (≥40◦) using posturographic radiographic images (PRIs). Figure 3 compares
the mean sensitivities across the type of PRIs of the SSS and the type of request about
SSS. The results are stratified by the type of SSS (Absence, PSF, MGCR) and the type of
request (Presence, Type, Kind), with error bars indicating the standard error (SE) of the
mean sensitivity. This analysis demonstrates the performance and variability of GPT-4o’s
detection capabilities, providing a comprehensive evaluation of its accuracy and reliability
in identifying SSS under varying conditions.

3.3. Analysis of the Performance and Interrater Agreement of BiomedClip AI in Identifying Spinal
Stabilization Systems in Severe Scoliosis (≥40◦) Using Posturographic Radiographic Imaging

In contrast to GPT-4o, BiomedCLIP AI enabled the estimation of the identification
proportion for the queried options with a granularity of 0.01, with the total sum equaling
1.00. This approach allowed for greater precision in performance assessment.

A key distinction was the consistency of proportion estimates across repeated analyses
of the same images, resulting in perfect agreement (AC1 = 1) in the identification of all
types of stabilization systems.
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Figure 3. Comparison of detection proportions (here it is also a sensitivity level), M (SE), for GPT-4o’s
in advanced scoliosis (Cobb angle ≥ 40◦) using posturographic radiographic images.

3.3.1. Analysis of the Performance in Identifying Posturographic Radiographic Images
with No Stabilization Systems

BiomedCLIP AI’s performance differed notably depending on whether the task was
simply to detect the presence or absence of stabilization hardware, to identify the ‘type’ of
stabilization, or to specify the ‘kind’ of construct.

Under ‘Presence of stabilization’ requests, the model achieved a mean correct clas-
sification rate of 0.996 (SE = 0.00) for images containing no stabilization. In other words,
the AI system successfully ruled out stabilization in nearly 99.6% of cases, with only 0.4%
of images incorrectly flagged as having some form of stabilization systems (see Figure 4
for visualization).

When tasked with specifying the ‘type’ of stabilization (Growing rod, No growing
rod, or No stabilization), BiomedCLIP AI continued to classify the majority of true No-
stabilization images correctly (0.669, SE = 0.02). However, 0.106 of these images were
mistakenly labeled as ‘Growing rod’, and 0.225 were labeled as No growing rod, indicating
that the model still confused some images that should have been confidently identified as
‘No stabilization’.

Performance diminishes further under ‘kind’ classifications (PSF, MCGR, No stabiliza-
tion), where BiomedCLIP AI correctly retained the no-stabilization label in 0.302 (SE = 0.02)
of cases, but mislabeled 0.673 as MCGR and 0.0252 as PSF. This observation highlights that
while the BiomedCLIP AI is highly reliable for straightforward detection of absence or
presence, it becomes less precise when finer distinctions are required, particularly if the
request demands a specific ‘kind’ of hardware category.
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Figure 4. Comparison of detection proportions, M (SE), by BiomedClip AI in advanced scoliosis (Cobb
Angle ≥ 40◦) using posturographic radiographic images without stabilization systems (N = 93).

3.3.2. Analysis of the Performance in Identifying Posturographic Radiographic Images
with PSF Stabilization System

BiomedClip AI’s ability to detect a posterior spinal fusion (PSF) in severe scoliosis
(≥40◦) posturographic imaging remained suboptimal when dissected by specific classifica-
tion requests. Under the most basic ‘Detection’ protocol, the system correctly identified
‘Stabilization’ in only 5.10% (SE = 0.00568) of cases, while it incorrectly assigned ‘No
stabilization’ 94.90% of the time (see Figure 5 for visualization results).

In the subsequent ‘Type’ categorization, correctness hinged on labeling these PSF
images as ‘No growing rod’; the model achieved a mere 0.64% success rate (SE = 0.00128),
with the remaining classifications scattered among ‘Growing rod’ or ‘No stabilization’. At
the most granular ‘Kind’ level—where a precise PSF designation was required—the model
attained a correctness rate of only 11.0% (SE = 0.0183), while disproportionately mislabeling
many of these images as ‘No stabilization’ (86.2%) or ‘MCGR’ (2.77%).

These findings underscore BiomedClip AI’s marked tendency to overlook PSF con-
structs and misinterpret them, especially in more specialized requests that demand accurate
differentiation between various fixation categories. Although the system excelled in other
contexts (e.g., ruling out hardware for individuals genuinely lacking instrumentation), it
struggled here to recognize key radiographic hallmarks of a posterior spinal fusion.

From a clinical perspective, the low detection and classification rates for a procedure
as prevalent and standardized as PSF may prompt the need for further refinement of
BiomedClip’s training data, specifically incorporating robust examples of routine posterior
fusion hardware in advanced scoliosis.
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Figure 5. Comparison of the detection proportions, M (SE), by BiomedClip AI in advanced scoliosis
(Cobb angle ≥ 40◦) using posturographic radiographic images with PSF No-growing-rod stabilization
systems (N = 97).

3.3.3. Analysis of the Performance in Identifying Posturographic Radiographic Images
with MCGR Stabilization Systems

BiomedClip AI displayed a pronounced discrepancy in classifying MCGR-based sta-
bilization. When merely tasked with detecting whether spinal hardware was present,
the model labelled only 6.62% (SE = 0.00564) of MCGR images correctly as ‘Stabiliza-
tion’ and misclassified the remaining 93.38% as ‘No stabilization’ (see Figure 6 for
visualization results).

Once directed to identify the ‘type’ of hardware, it correctly assigned ‘Growing rod’
status to 66.3% (SE = 0.0177) of these same images, suggesting that once it (occasionally)
recognized the presence of an implant, the system was comparatively adept at recognizing
it as a ‘growing’ construct.

However, under the most granular ‘kind’ classification, only 4.16% (SE = 0.0150)
were labeled accurately as ‘MCGR’, while 86.8% remained misclassified as ‘No stabiliza-
tion’, with another 9.05% classified as ‘PSF’. The net effect ws that although BiomedClip
AI could sometimes characterize the hardware as ‘growing’ once it surmised stabiliza-
tion waas present, its overall performance for consistently detecting MCGR constructs
remained suboptimal.

Clinically, these results indicate that, in the context of advanced scoliosis (≥40◦),
the model’s failure to recognize the initial presence of hardware compromised the re-
liability of subsequent designations. Such gaps highlight the need for further refine-
ment of the system’s training data—especially involving subtle morphological traits of
MCGR rods—to ensure both accurate detection and correct categorization of complex
dynamic instrumentation.
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3.4. Comparative Sensitivity Analysis of BiomedClip AI and GPT-4o in Spinal
Instrumentation Classification
3.4.1. Posturographic Radiographic Images with No Stabilization Systems

BiomedClip AI demonstrated significantly higher sensitivity in the presence-versus-
absence detection of spinal instrumentation (M = 99.7%, SE = 0) compared to GPT-4o
(M = 97%, SE = 1%), with a statistically significant difference (z = 2.7, p = 0.007).

However, as classification complexity increased, GPT-4o maintained a consistently
high sensitivity (97%), whereas BiomedClip AI’s performance declined substantially. For
the ‘type’ classification task, BiomedClip AI achieved M = 66.9%, SE = 2%, significantly
lower than GPT-4o (M = 97%, SE = 1%, z = −13.44, p < 0.001).

This performance disparity was even more pronounced in the ‘kind’ classification
task, where BiomedClip AI’s sensitivity dropped to M = 30.2%, SE = 3.2%, while GPT-4o
remained stable at M = 97%, SE = 1% (z = −19.94, p < 0.001).

These findings indicate that while BiomedClip AI excelled in binary classification
tasks, GPT-4o provided superior reliability and stability in more complex hierarchical
classifications. This suggests that for clinical applications requiring detailed differentiation
of spinal hardware, GPT-4o may offer a more robust and consistent solution.

3.4.2. Posturographic Radiographic Images with PSF Stabilization Systems

GPT-4o demonstrated a significantly superior performance compared to BiomedClip
AI in detecting spinal stabilization systems across multiple classifications. In identifying the
presence of stabilization systems, GPT-4o achieved perfect sensitivity (M = 1.00, SE = 0.00),
markedly outperforming BiomedClip (M = 0.05, SE = 0.01), with a highly statistically
significant difference (z = 95.00, p < 0.001).
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Similarly, for the detection of non-growing rod systems, GPT-4o exhibited near-perfect
sensitivity (M = 0.98, SE = 0.00), significantly surpassing BiomedClip (M = 0.23, SE = 0.02), as
reflected in a highly significant statistical difference (z = 37.5, p < 0.001). A comparable trend
was observed in the classification of PSF systems, where GPT-4o (M = 0.84, SE = 0.01) out-
performed BiomedClip (M = 0.11, SE = 0.02), with a highly significant difference (z = 36.5,
p < 0.001).

The above findings stress the substantial advantage of GPT-4o in accurately detecting
and classifying spinal stabilization systems, highlighting its potential as a more effective
tool for clinical decision-making, particularly in the management of complex scoliosis cases
compared to BiomedClip.

3.4.3. Posturographic Radiographic Images with MCGR Stabilization Systems

GPT-4o demonstrated significantly superior accuracy in detecting stabilization sys-
tems, achieving perfect sensitivity (M = 1.00, SE = 0.00) compared to BiomedClip (M = 0.07,
SE = 0.01), with a highly statistically significant difference (z = 93, p < 0.001). However,
in the detection of growing-rod systems, GPT-4o (M = 0.70, SE = 0.15) and BiomedClip
(M = 0.66, SE = 0.02) exhibited a comparable performance, with no statistically significant
difference (z = 0.27, p = 0.790). For MCGR systems, GPT-4o (M = 0.18, SE = 0.10) outper-
formed BiomedClip (M = 0.04, SE = 0.02), although the difference did not reach statistical
significance (z = 1.40, p = 0.160), suggesting a trend toward an improved performance.

These findings highlight GPT-4o’s superior capability in detecting stabilization sys-
tems, reinforcing its potential as a more reliable tool for identifying such hardware in
clinical practice. In contrast, for rowing rod systems, both models performed similarly,
indicating that either may be effectively utilized in this context. However, the overall
performance for MCGR classification remained suboptimal, suggesting that both models
struggled with accurately identifying these systems.

4. Discussion
The findings of this study provide partial confirmation of our initial hypotheses, re-

vealing both strengths and limitations in the performance of ChatGPT-4o and BiomedCLIP
in detecting and classifying spinal stabilization systems in posturographic X-ray images.

Regarding H1 (accuracy in detecting stabilization systems), the results contradict our
initial assumption, as ChatGPT-4o consistently outperformed BiomedCLIP in detecting the
presence of spinal hardware, achieving near-perfect sensitivity (97–100%), while Biomed-
CLIP misclassified stabilization in a substantial number of cases (e.g., PSF detection: 5.10%,
MCGR detection: 6.62). These results indicate that ChatGPT-4o, although not specifically
trained for medical imaging, performs more reliably when identifying the presence or
absence of spinal hardware.

Conversely, H2 (consistency of model responses) was confirmed, as BiomedCLIP
exhibited perfect agreement (AC1 = 1.00) across repeated classifications, while ChatGPT-4o
displayed variability in its responses, particularly in more complex classification tasks, such
as distinguishing between stabilization types (Growing vs. Non-Growing) and specific
systems (MCGR vs. PSF). This variability suggests that while ChatGPT-4o is highly effective
in initial detection, its decision-making process lacks stability across repeated analyses.

The results for H3 (effectiveness in classifying the type and nature of the stabilization
system) were mixed. ChatGPT-4o effectively identified the presence of stabilization systems
but struggled with the precise classification of type and system (e.g., MCGR classification
accuracy of only 18%). BiomedCLIP, despite its limitations in basic detection, performed
slightly better in distinguishing specific types of stabilization systems once hardware was
recognized, albeit with suboptimal accuracy. This indicates that while ChatGPT-4o is more
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effective at recognizing the presence of stabilization, BiomedCLIP provides more structured
classification but requires further optimization to improve accuracy.

4.1. Generalist vs. Specialist AI: Understanding the Superior Detection Performance of
ChatGPT-4o in Spinal Stabilization System Identification

The results of our study indicate that ChatGPT-4o outperformed BiomedCLIP in de-
tecting the presence of spinal stabilization systems, contradicting H1, which hypothesized
that BiomedCLIP would demonstrate superior accuracy due to its specialization in medical
image analysis. Several factors may explain this unexpected finding, aligning with recent
insights from AI research.

The finding that ChatGPT-4o outperformed BiomedCLIP in detecting spinal stabi-
lization systems—despite contradicting Hypothesis 1—invites further interpretation. One
possible explanation is the trade-off between generalization and specialization—ChatGPT-
4o, as a generalist model, was trained on a vast and diverse dataset encompassing both
text and images, which may have endowed it with the ability to detect features beyond
the medical context. Its ability to detect broad patterns and high-contrast features, like
stabilization systems, may explain its strong performance in binary classification tasks. In
contrast, BiomedCLIP was fine-tuned for specific tasks related to matching medical images
to text, suggesting a greater reliance on textual descriptions in the classification process.
This study tested the model solely on image data, which could limit its ability to precisely
recognize stabilization systems. A similar phenomenon has been described in the litera-
ture, indicating that generalist models like ChatGPT-4o can achieve competitive results
in X-ray image analysis, particularly in tasks involving the detection of distinct contrast
structures, without the need for deep semantic interpretation of the image. In summary,
BiomedCLIP utilized stringent decision thresholds, while ChatGPT-4o likely had exposure
to more diverse radiographic images, including variable contrast, noise levels, and differ-
ent anatomical conditions, which may have enhanced its adaptation to unknown clinical
cases [32]. Conversely, despite being tuned to the PMC-15 dataset (15 million image-text
pairs), BiomedCLIP may not have been sufficiently trained on posturographic X-ray images
of the spine with stabilization implants. This was confirmed by analyses indicating that the
diversity of training datasets is crucial for models’ generalization capabilities. Significant
roles may also be played by differences in feature extraction mechanisms—ChatGPT-4o
likely utilizes a vision model based on the transformer architecture, similar to CLIP or
GPT-Vision, known for efficiently detecting objects even in complex scenes [32]. It is possi-
ble that its classification relies more heavily on detecting features of shape, contrast, and
texture, facilitating the identification of metallic structures such as MCGR or PSF systems,
regardless of their orientation or intensity levels. In contrast, BiomedCLIP, despite using
a ViT-based vision encoder, may be optimized primarily for multimodal search, which
limits its effectiveness in purely visual tasks. The results indicate that ViT models tuned
to text−image retrieval may not achieve a maximum performance in tasks requiring in-
dependent image analysis [33]. Finally, key aspects may include differences in models’
confidence thresholds and decision boundaries. ChatGPT-4o might have employed more
lenient classification thresholds, resulting in high sensitivity in detecting stabilization sys-
tems, even with some level of uncertainty. This approach could increase the number of
correctly identified cases, although, in other contexts, it might lead to a higher number
of false positive results. In contrast, BiomedCLIP may have used more rigorous decision
boundaries, which increased its precision, but might also have led to a higher number of
missed detections (false negatives). The work Generative Artificial Intelligence in Anatomic
Pathology suggests that more conservative models, operating at high decision thresholds,
may more effectively avoid false positive errors, but might also be more susceptible to
missing significant detections [34]. Jegham et al. suggested that ChatGPT-4o employs
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a well-calibrated mechanism for recognizing uncertainty, which could explain its high
efficacy in detection tasks. Overall, the results of this study indicate that generalist models
like ChatGPT-4o can achieve high effectiveness in medical image classification due to
their broad exposure to diverse data and more flexible feature extraction mechanisms [35].
However, specialist models, although often characterized by greater precision in their niche
applications, might be more limited in tasks requiring independent visual analysis without
textual support.

4.2. Possible Explanations for the Confirmation of H2 (Model Response Consistency)

The confirmation of H2, which predicted that BiomedCLIP would demonstrate greater
consistency in classifying spinal stabilization systems than ChatGPT-4o, can be attributed
to several key differences in their architectures, training methodologies, and response
mechanisms. Below are potential explanations for why BiomedCLIP exhibited perfect
agreement (AC1 = 1.00) across repeated classifications, while ChatGPT-4o showed response
variability, particularly in complex classification tasks.

4.3. Deterministic vs. Probabilistic Decision-Making

Research on multimodal AI models like BiomedCLIP and ChatGPT-4o has highlighted
fundamental differences in their approach to image classification, stemming from distinct
decision-making mechanisms. BiomedCLIP, optimized for medical imaging analysis, ex-
hibits deterministic behavior—its classifications are repeatable and consistent, regardless
of the number of iterations with the same image. This predictive structure is characteristic
of specialist models trained on structured datasets, where precise and consistent image in-
terpretation is critical [36]. In contrast, language−visual models like ChatGPT-4o introduce
a probabilistic component to image analysis. As a transformer-based LLM, GPT-4o does
not operate like a traditional deterministic classifier—its predictions can vary depending
on temperature settings, token sampling methods, and subtle differences in data prepro-
cessing [37]. This mechanism means that while ChatGPT-4o may show a high sensitivity
in initial structural detection, its specific classifications may fluctuate between subsequent
analyses of the same photo. Probabilistic models are commonly used in radiology and
diagnostic description generation, as their ability to interpret data stems from estimating
probability distributions between possible outcomes and actual labels [38]. Moreover,
vision−language analysis indicates that the classification mechanisms in models like GPT-
4o are based on comparing probability distributions, reinforcing the thesis about their
probabilistic nature [39]. In the context of medical applications, studies on transformer-
based models suggest that although they may exhibit some level of determinism in task
planning, their final responses to diagnostic questions remain variable depending on the
input data and result generation methods [40]. These findings highlight key differences
between deterministic and probabilistic models: BiomedCLIP delivers consistent results,
while ChatGPT-4o offers flexibility, but may vary depending on input conditions.

4.4. Differences in Model Training Objectives and Architecture

Studies on multimodal AI models like BiomedCLIP and GPT-4o reveal fundamen-
tal differences in their training objectives, architectures, and image processing methods.
BiomedCLIP, designed for precise image−text alignment, relies on contrastive learning and
uses fixed embeddings and a highly structured visual feature extraction pipeline, making
its classifications consistent and repeatable upon multiple analyses of the same image [41].
Its deterministic nature has been confirmed in studies on the stability of specialist models
in image analysis, which indicate that BiomedCLIP maintains a high precision by tightly
matching image features to its prior representations [42]. In contrast, ChatGPT-4o, as a
general-purpose model, does not rely on static embeddings in the same way. Its visual
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system interprets images dynamically, in the context of prior experiences and a broad range
of training data, which can lead to slight variations in the classification of the same image
across different iterations [43]. The literature emphasizes that such models may struggle
with the fine classification of hierarchical structures, like distinguishing MCGR and PSF
systems in X-ray images, due to their more abstract feature extraction strategy [44]. Unlike
BiomedCLIP, tuned for medical image analysis, it exhibits higher stability in text−visual
image classification, but its effectiveness may be limited in tasks not requiring direct linkage
to textual data [45]. In summary, these studies confirm that BiomedCLIP, as a specialist
model, achieves high precision by tightly matching visual features, while GPT-4o, with
its generative nature, applies a dynamic approach to image analysis, which may result in
some fluctuations in the classification of the same image between iterations.

4.5. Handling of Complex Morphological Features in X-Ray Images

Research on multimodal AI models indicates that BiomedCLIP offers greater consis-
tency in radiographic classification than LLM-based models like ChatGPT-4o, due to its
structured approach to feature extraction. As a model optimized for medical image anal-
ysis, BiomedCLIP uses precise feature mapping and is fine-tuned to specialized datasets
such as PMC-15 (15 million image−text pairs), which minimizes classification ambiguity
and allows for more accurate assignment of images to specific diagnostic categories [46].
Although this approach permits a degree of flexibility, it means that medical image classifi-
cation may be more prone to errors, especially in cases of structures with high density and
morphological similarity [47]. Furthermore, the literature suggests that in LLM models,
image classification often relies on image−text matching strategies, which can lead to
ambiguous results in strictly visual tasks where textual context is not available [48]. This
phenomenon is particularly noticeable in the analysis of X-ray images with high-density
anatomical structures, where LLM-based models exhibit greater variability in results com-
pared to BiomedCLIP, which uses dedicated medical encoders, such as BiomedCLIP-CXR,
to reduce classification discrepancies [49]. Additionally, the heuristics used by LLM models,
including GPT-4o, are not precise enough to achieve effectiveness comparable to deep learn-
ing systems designed specifically for medical image analysis [50]. In the context of clinical
applications, this suggests that models like BiomedCLIP may be more suitable for precise
diagnostic tasks, while generative models, although potentially useful in exploratory tasks,
may require additional mechanisms to stabilize results in order to obtain repeatable and
reliable predictions.

4.6. Influence of Decision Thresholds and Ambiguity Tolerance

The analysis of decision thresholds used by BiomedCLIP and ChatGPT-4o points
to significant differences in their approach to medical image classification, particularly
regarding sensitivity in detection and prediction stability. BiomedCLIP appears to employ
a stringent certainty threshold for classification, meaning it assigns labels only when the
forecast meets a high criterion of reliability. This approach increases result stability and
reduces the number of incorrect classifications, but it may also lead to reduced sensitivity
in detecting less distinct radiographic structures [51]. Since BiomedCLIP has been fine-
tuned to specialized medical datasets, its classification decisions are strongly dependent on
previously learned patterns, which may limit its ability to adapt to new clinical cases and
rare anomalies [52]. Conversely, ChatGPT-4o features a more flexible certainty threshold,
which allows it to more effectively detect the presence of spinal stabilization systems,
but also means its classifications may be less stable. As a generative model based on a
probabilistic approach to image processing, GPT-4o tends to exhibit greater sensitivity in
classification tasks, increasing the number of correct detections, but also making it more
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susceptible to erroneous identifications in cases of structurally similar objects [53]. This is
because LLM models like GPT-4o apply a dynamic approach to classification decisions,
where prediction is based on probability estimation and gradual alignment with the most
likely category, which can lead to greater variability in results compared to deterministic
models like BiomedCLIP [43]. Research on multimodal AI systems indicates that generalist
language−visual models can achieve high effectiveness in detecting broad object categories,
but lose precision when classification requires distinguishing fine differences between
structures [38]. These findings underscore the critical role of selecting a certainty threshold
in designing AI models for medical applications, and suggest that the effectiveness of
image analysis systems can be optimized by combining the advantages of both specialist
and generalist models.

4.7. Explaining the Results for H3: Effectiveness in Classifying the Type and Nature of
Stabilization Systems

The findings for H3 suggest that ChatGPT-4o was highly effective at detecting the pres-
ence of stabilization systems, but struggled with detailed classification, whereas Biomed-
CLIP, despite lower overall detection rates, performed slightly better in differentiating
between stabilization system types (Growing vs. Non-Growing) and specific systems
(MCGR vs. PSF), albeit with suboptimal accuracy. Several factors likely contributed to
these results.

4.8. BiomedCLIP’s Dependence on Structured Feature Representations

BiomedCLIP features a structured approach to classification, enabling it to more ac-
curately determine the type and structure of a spinal stabilization system once detected.
Unlike general-purpose models such as ChatGPT-4o, BiomedCLIP employs a more logical
and hierarchical classification scheme, which allows it to achieve a higher accuracy when
differentiating between MCGR and PSF systems [42]. BiomedCLIP’s lower implant detec-
tion accuracy likely results from its primary design focus on image-to-text matching, rather
than direct object recognition. Research on multimodal AI systems shows that models
integrating textual analysis perform better in structural classification and contextually
demanding tasks, but struggle with object classification when the textual input component
is absent [54]. In the context of medical classification, this may mean that BiomedCLIP is
better suited for tasks where image analysis is supported by descriptive metadata, allowing
it to more finely distinguish similar anatomical structures. In contrast, ChatGPT-4o relies
mainly on visual patterns and more flexible heuristic classification, which enables it to
effectively detect high-contrast objects, but may lead to greater variability in their subse-
quent classification. These differences highlight that while BiomedCLIP achieves greater
accuracy in fine-grained classification after initial object detection, generative models like
ChatGPT-4o may perform better in tasks requiring high-sensitivity detection, but with a
greater risk of incorrect detailed classifications. This suggests that an optimal approach to
medical image analysis might involve a hybrid application of both types of models—using
a general model for structure detection and a specialized model like BiomedCLIP for precise
hierarchical classification.

4.9. Difficulty in Differentiating Morphologically Similar Hardware

Spinal stabilization systems such as MCGR and PSF often exhibit significant visual
convergence in posturographic X-ray images, especially when viewed from different angles
or under varying contrast conditions. This structural similarity can pose a challenge for AI
models like ChatGPT-4o, which largely base their classification decisions on shape heuristics
rather than detailed morphological analysis. Research on radiological image interpretation
shows that ChatGPT-4o often uses global visual features for decision-making, which can
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lead to erroneous classifications, especially when the analyzed objects exhibit significant
visual similarity [55]. Similar limitations have been observed in other areas of medical
diagnostics—for example, in zero-shot classification of lung diseases, where AI models
struggled to identify unknown patterns without access to highly specialized datasets [56].
In contrast, multimodal models like BiomedCLIP may partially compensate for this issue by
utilizing textual associations, which allows them to more precisely differentiate structures
with a high degree of visual similarity. BiomedCLIP, fine-tuned based on large image−text
pair datasets, likely uses contextual language connections to improve the hierarchical
classification of stabilization systems, although its effectiveness remains limited due to
inadequate coverage of these specific cases in training sets [57]. The literature has indicated
that for diagnosing diseases with similar morphological progression, such as oral lichen
planus, AI models, including ChatGPT-4o, struggled to differentiate subtle features of the
disease without specialized training [58]. This points to a broader problem of generalist
models, which despite high effectiveness in classifying structures with distinct contrast,
may not perform equally well in tasks requiring detailed differentiation of similar objects.

4.10. ChatGPT-4o’s Variability in Classification of Specific Systems

The inconsistency in classification observed with ChatGPT-4o stems from its prob-
abilistic nature, which causes its results to vary between iterations, even if the initial
detection of the stabilization system was correct. This issue is particularly evident in
hierarchical classification tasks, where the model must first determine the general cate-
gory of an object and then precisely assign it to a specific subtype. In the classification of
spinal stabilization systems MCGR and PSF, it was noted that although ChatGPT-4o could
effectively detect the presence of an implant, its decisions regarding the specific type of
system were less consistent and showed significant variability across iterations [59]. This
phenomenon has been widely documented in studies on transformer-based models, which
often exhibit classification instability in tasks requiring the recognition of subtle structural
differences [34].

In anatomical classification, where distinguishing minor morphological differences is
necessary, AI based on probabilistic mechanisms often changes its predictions depending
on subtle changes in input data, which makes their effectiveness in classifying detailed
subtypes lower than in general categories. A similar problem was observed in studies
on taxonomic classification, where generative models, such as TaxonGPT, struggled with
transitioning from broad categories to more detailed subdivisions, leading to reduced
accuracy in subtype classification [60].

In the context of medical image analysis, this means that while ChatGPT-4o achieves
high effectiveness in recognizing high-contrast structures, its classification at a more de-
tailed level is less predictable. An additional factor affecting result variability is how
transformer-based models interpret visual features depending on input conditions and
sampling strategies. Research shows that such AI may be prone to inaccuracies, especially if
a given image lacks clear features enabling precise assignment to a specific subcategory [61].

In the classification of spinal stabilization systems, this means that while ChatGPT-
4o may correctly detect an implant, its classification of the specific system type is more
susceptible to fluctuations arising from contextual differences in image processing. This
phenomenon suggests that models with a probabilistic architecture may require additional
mechanisms to stabilize outcomes in tasks requiring consistent hierarchical classification,
particularly in the context of medical diagnostics, where precision and repeatability of
results are critical.
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4.11. Clinical Implications of GPT-4o’s Diagnostic Stability

The high stability of GPT-4o in detecting the presence of spinal stabilization systems
across repeated analyses suggests important clinical implications. In particular, its consis-
tent performance in binary classification tasks may support real-time decision-making in
radiological triage, especially in resource-limited settings. Its ability to reliably identify
the presence of metallic hardware could enhance workflows by pre-screening images for
further specialist evaluation. While GPT-4o shows limitations in precise classification of
hardware type, its robustness in identifying hardware presence highlights its potential
as an effective support tool in early diagnostic pipelines or as a cross-verification step in
clinical practice.

4.12. Analysis of BiomedCLIP Performance on Stabilization Classification

Initial evaluation of the BiomedCLIP model’s performance indicates a moderate
capability in differentiating between the presence and absence of spinal stabilization inter-
ventions. The model demonstrates reasonable accuracy when classifying images as either
exhibiting evidence of stabilization or showing no such intervention. However, a significant
performance degradation is observed when the task requires finer-grained classification,
specifically distinguishing between different types of stabilization systems.

In scenarios requiring differentiation among specific stabilization methods, the model
exhibits a pronounced bias towards selecting labels containing the term ‘stabilization’,
irrespective of other relevant label components. This behavior suggests a potential issue
related to the semantic weighting of the term ‘stabilization’ within the model’s learned
representations. The frequent occurrence of ‘stabilization’ in the training data, particularly
in the context of the MCGR system (where the term is often used even when referring to
alternative approaches), may have led to an overemphasis on this specific term. This creates
an ‘archetype effect’, where the strong semantic association of ‘stabilization’ overshadows
other, more nuanced, aspects of the image and label.

Furthermore, the use of negative labels, such as ‘no stabilization’, presents an addi-
tional challenge. Negation, while readily understood by humans, remains a significant
difficulty for many machine learning models, particularly in natural language processing.
One of the primary challenges arises from the complexity of negation scope detection,
which affects tasks like sentiment analysis and text classification. Despite advancements in
deep learning, accurately replicating human-like interpretations of negation remains an
open problem [62]. The model may struggle to correctly interpret the negation of a concept
(‘stabilization’) that has a strong, positive association in its training data. The inherent
illogical nature—from the model’s perspective—of negating a strongly established concept
likely contributes to the observed misclassifications.

It is important to emphasize that BiomedCLIP was not specifically trained on ra-
diographic datasets featuring spinal stabilization hardware. As an open-source model
developed for broad biomedical image–text alignment, its training corpus did not explic-
itly include posturographic X-ray images with metallic implants such as MCGR or PSF
systems. Therefore, this study aimed not to critique a misapplication of the model, but
rather to explore its potential when applied to a complex diagnostic task outside its original
design scope. The observed limitations in implant detection may stem from the model’s
lack of exposure to high-density artifacts commonly associated with surgical instrumenta-
tion, highlighting a broader challenge in transferring specialist AI models to new clinical
domains without targeted fine-tuning. These findings underscore the necessity of dedi-
cated retraining on implant-specific datasets if BiomedCLIP is to be effectively adapted for
orthopedic diagnostics.
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4.13. Study Limitations

This study has several limitations that should be considered when interpreting the
results. First, although the dataset consisted of 270 posturographic X-ray images selected
according to strict inclusion and exclusion criteria, the sample size remained relatively
small compared to large-scale AI evaluation studies. The limited dataset may affect the
generalizability of the findings, particularly regarding the AI models’ ability to handle
a broader range of anatomical variations, image quality discrepancies, and cases with
atypical spinal deformities.

Second, while the study included a rigorous three-stage evaluation process for AI-
based image interpretation, the methodology inherently relies on textual responses gen-
erated by ChatGPT-4o, which are subject to variability due to the model’s probabilistic
nature. This variability may not have been fully accounted for, even with repeated testing
in this study. Future research should explore methods to quantify and mitigate variability
in AI-generated responses to improve reproducibility.

Third, BiomedCLIP, although fine-tuned on the PMC-15 dataset, was not explicitly
trained on pediatric posturographic spinal images, which could have influenced its per-
formance in this domain. The model’s reliance on text−image alignment suggests that its
effectiveness may be enhanced with additional fine-tuning on a dataset specifically curated
for pediatric scoliosis imaging. Additionally, the model’s classification accuracy may have
been impacted by the resolution and format of the X-ray images (JPEG, 2663 × 1277 px),
as medical imaging AI models often benefit from higher-resolution DICOM formats that
preserve more radiographic details.

Finally, the computational environment used for BiomedCLIP’s training and eval-
uation, while standardized, may differ from real-world clinical deployment conditions.
Factors such as processing power, inference time, and real-time interpretability were not ex-
tensively analyzed in this study. Future work should assess how these AI models perform in
clinical workflows, considering integration challenges, latency, and model interpretability
for radiologists and orthopedic specialists.

Another important consideration is the broader limitation of using open-source AI
models in clinical settings. Although models like GPT-4o and BiomedCLIP are accessible
and promote innovation, they lack regulatory approval, clinical validation, and task-
specific fine-tuning. These factors may limit their reliability and trustworthiness in high-
stakes diagnostic contexts. Moreover, open-source models often rely on general datasets
that do not adequately represent specialized medical scenarios, such as pediatric spinal
stabilization. This study contributes to addressing these gaps by highlighting specific
strengths and weaknesses of such models in a controlled evaluation, offering a foundation
for future refinement and clinical adaptation.

Despite these limitations, the study provides valuable insights into the comparative
performance of ChatGPT-4o and BiomedCLIP in spinal stabilization system detection and
classification. Future research should expand dataset diversity, explore additional AI fine-
tuning strategies, and investigate clinical feasibility to enhance the practical application of
AI-driven scoliosis assessment.

4.14. Future Directions for Model Validation and Improvement

To ensure clinical relevance and broader applicability, further validation of AI models
for spinal stabilization system detection is essential. Future research should focus on
fine-tuning models like BiomedCLIP using larger, multicenter datasets specifically curated
for pediatric spinal imaging with surgical implants. Additionally, combining generalist
and specialist models may enhance diagnostic accuracy. Prospective clinical testing and



J. Clin. Med. 2025, 14, 3282 25 of 28

integration into radiology workflows will be key to evaluating the real-world utility and
safety of such systems.

5. Conclusions
This study provides a comparative evaluation of ChatGPT-4o and BiomedCLIP in

the detection and classification of spinal stabilization systems on pediatric posturographic
X-ray images. The findings highlight key differences between these AI models in terms of
detection accuracy, classification consistency, and interpretability in a clinical context.

ChatGPT-4o demonstrated a higher sensitivity in detecting the presence of a spinal
stabilization system compared to BiomedCLIP. However, its probabilistic nature resulted
in classification inconsistencies, particularly in distinguishing between MCGR and PSF
stabilization systems. The model’s reliance on general shape-based heuristics likely con-
tributed to its misclassification of visually similar structures, reinforcing prior findings that
generalist AI models may struggle with fine-grained medical classification tasks without
extensive domain-specific training. Despite its high detection rate, ChatGPT-4o’s variable
responses across repeated trials indicate a need for stability-enhancing mechanisms in
clinical applications.

In contrast, BiomedCLIP exhibited greater classification consistency, particularly in
hierarchical differentiation between stabilization system types. Its structured classification
approach, combined with its image−text alignment capability, allowed for more precise
subtype identification once a system was detected. However, its lower sensitivity in
initial detection suggests that its performance was limited by dataset constraints and its
primary optimization for image−text retrieval rather than pure visual analysis. While
BiomedCLIP demonstrated advantages in structured classification, its dependency on
specialized training data underscores the importance of domain-specific fine-tuning for
optimal medical AI performance.

The study also underscores broader challenges associated with AI-based radiological
interpretation, including model variability, dataset limitations, and the need for standard-
ized evaluation protocols. The differences observed between ChatGPT-4o and BiomedCLIP
suggest that neither model, in its current state, offers a fully reliable standalone solution
for automated scoliosis assessment. Instead, a hybrid approach—leveraging the detection
sensitivity of generalist models like ChatGPT-4o and the classification consistency of spe-
cialized models like BiomedCLIP—may offer a more robust framework for AI-assisted
spinal imaging analysis.

Future research should focus on expanding dataset diversity, refining AI training
methodologies, and integrating multimodal AI models into clinical workflows to improve
both detection accuracy and classification reliability. Additionally, exploring methods to
enhance model interpretability and reduce response variability will be crucial for increasing
the clinical trustworthiness of AI-assisted radiological assessments. Despite its limitations,
this study provides valuable insights into the capabilities and challenges of AI models in
pediatric spinal imaging, paving the way for further advancements in automated scoliosis
evaluation.
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7. Polis, B.; Zawadzka-Fabijan, A.; Fabijan, R.; Kosińska, R.; Nowosławska, E.; Fabijan, A. Exploring BiomedCLIP’s Capabilities in

Medical Image Analysis: A Focus on Scoliosis Detection and Severity Assessment. Appl. Sci. 2025, 15, 398. [CrossRef]
8. OpenAI. CLIP: Connecting Text and Images. Available online: https://openai.com/research/clip (accessed on 29 July 2024).
9. Li, Y.; Jia, S.; Song, G.; Wang, P.; Jia, F. SDA-CLIP: Surgical visual domain adaptation using video and text labels. Quant. Imaging

Med. Surg. 2023, 13, 6989–7001. [CrossRef]
10. Yang, W.; Wang, Y.; Hu, J.; Yuan, T. Sleep CLIP: A Multimodal Sleep Staging Model Based on Sleep Signals and Sleep Staging

Labels. Sensors 2023, 23, 7341. [CrossRef]
11. BiomedCLIP-PubMedBERT_256-vit_base_patch16_224. Available online: https://huggingface.co/microsoft/BiomedCLIP-

PubMedBERT_256-vit_base_patch16_224 (accessed on 2 September 2024).
12. Suthar, P.-P.; Kounsal, A.; Chhetri, L.; Saini, D.; Dua, S.-G. Artificial Intelligence (AI) in Radiology: A Deep Dive Into ChatGPT

4.0’s Accuracy with the American Journal of Neuroradiology’s (AJNR) “Case of the Month”. Cureus 2023, 15, e43958. [CrossRef]
13. Lee, K.-H.; Lee, R.-W.; Kwon, Y.-E. Validation of a Deep Learning Chest X-ray Interpretation Model: Integrating Large-Scale AI

and Large Language Models for Comparative Analysis with ChatGPT. Diagnostics 2024, 14, 90. [CrossRef] [PubMed]
14. Sohail, S.-S. A Promising Start and Not a Panacea: ChatGPT’s Early Impact and Potential in Medical Science and Biomedical

Engineering Research. Ann. Biomed. Eng. 2023, 52, 1131–1135. [CrossRef]
15. Fabijan, A.; Zawadzka-Fabijan, A.; Fabijan, R.; Zakrzewski, K.; Nowosławska, E.; Polis, B. Artificial Intelligence in Medical

Imaging: Analyzing the Performance of ChatGPT and Microsoft Bing in Scoliosis Detection and Cobb Angle Assessment.
Diagnostics 2024, 14, 773. [CrossRef] [PubMed]

16. Maharathi, S.; Iyengar, R.; Chandrasekhar, P. Biomechanically designed Curve Specific Corrective Exercise for Adolescent
Idiopathic Scoliosis gives significant outcomes in an Adult: A case report. Front. Rehabil. Sci. 2023, 4, 1127222. [CrossRef]

17. Yang, F.; He, Y.; Deng, Z.-S.; Yan, A. Improvement of automated image stitching system for DR X-ray images. Comput. Biol. Med.
2016, 71, 108–114. [CrossRef] [PubMed]

18. Hwang, Y.-S.; Lai, P.-L.; Tsai, H.-Y.; Kung, Y.C.; Lin, Y.Y.; He, R.J.; Wu, C.T. Radiation dose for pediatric scoliosis patients
undergoing whole spine radiography: Effect of the radiographic length in an auto-stitching digital radiography system. Eur. J.
Radiol. 2018, 108, 99–106. [CrossRef]

https://doi.org/10.1038/s41598-022-10066-6
https://doi.org/10.3389/frai.2022.976235
https://www.ncbi.nlm.nih.gov/pubmed/36504688
https://doi.org/10.1007/s12032-022-01711-1
https://doi.org/10.1016/j.jebdp.2016.07.002
https://www.ncbi.nlm.nih.gov/pubmed/27855838
https://doi.org/10.1093/database/baaa010
https://www.ncbi.nlm.nih.gov/pubmed/32185396
https://doi.org/10.1213/ANE.0000000000006047
https://doi.org/10.3390/app15010398
https://openai.com/research/clip
https://doi.org/10.21037/qims-23-376
https://doi.org/10.3390/s23177341
https://huggingface.co/microsoft/BiomedCLIP-PubMedBERT_256-vit_base_patch16_224
https://huggingface.co/microsoft/BiomedCLIP-PubMedBERT_256-vit_base_patch16_224
https://doi.org/10.7759/cureus.43958
https://doi.org/10.3390/diagnostics14010090
https://www.ncbi.nlm.nih.gov/pubmed/38201398
https://doi.org/10.1007/s10439-023-03335-6
https://doi.org/10.3390/diagnostics14070773
https://www.ncbi.nlm.nih.gov/pubmed/38611686
https://doi.org/10.3389/fresc.2023.1127222
https://doi.org/10.1016/j.compbiomed.2016.01.026
https://www.ncbi.nlm.nih.gov/pubmed/26914239
https://doi.org/10.1016/j.ejrad.2018.09.014


J. Clin. Med. 2025, 14, 3282 27 of 28

19. Patient examination AO Surgery Reference. Available online: https://surgeryreference.aofoundation.org/spine/deformities/
adolescent-idiopathic-scoliosis/further-reading/patient-examination (accessed on 10 April 2024).

20. Pishnamaz, M.; Migliorini, F.; Blume, C.; Kobbe, P.; Trobisch, P.; Delbrück, H.; Hildebrand, F.; Herren, C. Long-term outcomes of
spinal fusion in adolescent idiopathic scoliosis: A literature review. Eur. J. Med. Res. 2024, 29, 534. [CrossRef]

21. Maccaferri, B.; Vommaro, F.; Cini, C.; Filardo, G.; Boriani, L.; Gasbarrini, A. Surgical Treatment of Early-Onset Scoliosis: Traditional
Growing Rod vs. Magnetically Controlled Growing Rod vs. Vertical Expandable Prosthesis Titanium Ribs. J. Clin. Med. 2024,
14, 177. [CrossRef]

22. Gwet, K.L. Computing inter-rater reliability and its variance in the presence of high agreement. Br. J. Math. Stat. Psychol. 2008, 61,
29–48. [CrossRef]

23. Gwet, K.L. Handbook of Inter-Rater Reliability: The Definitive Guide to Measuring the Extent of Agreement Among Raters; Advanced
Analytics, LLC: Louisville, KY, USA, 2008.

24. Gwet, K.L. Agreement Coefficients for Nominal and Ordinal Data; Advanced Analytics, LLC: Louisville, KY, USA, 2014.
25. Wongpakaran, N.; Wongpakaran, T.; Wedding, D.; Gwet, K.L. A comparison of Cohen’s Kappa and Gwet’s AC1 when calculating

inter-rater reliability coefficients: A study conducted with personality disorder samples. BMC Med. Res. Methodol. 2013, 13, 61.
[CrossRef]

26. Gwet, K.L. irrCAC: Computing Chance-Corrected Agreement Coefficients (CAC). R Package Version 1.0, CRAN 2019. Available
online: https://CRAN.R-project.org/package=irrCAC (accessed on 1 March 2025).

27. Makowski, D.; Lüdecke, D.; Patil, I.; Thériault, R.; Ben-Shachar, M.; Wiernik, B. Automated Results Reporting as a Practical Tool
to Improve Reproducibility and Methodological Best Practices Adoption. CRAN 2023. Available online: https://easystats.github.
io/report/ (accessed on 1 March 2025).

28. Pedersen, T. Patchwork: The Composer of Plots. R Package Version 1.2.0. 2024. Available online: https://CRAN.R-project.org/
package=patchwork (accessed on 1 March 2025).

29. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2021; Available online: https://www.R-project.org/ (accessed on 1 March 2025).

30. Sjoberg, D.; Whiting, K.; Curry, M.; Lavery, J.; Larmarange, J. Reproducible Summary Tables with the gtsummary Package. R. J.
2021, 13, 570–580. [CrossRef]

31. Wickham, H. Ggplot2: Elegant Graphics for Data Analysis; Springer: New York, NY, USA, 2016; ISBN 978-3-319-24277-4.
32. Hoopes, A.; Butoi, V.I.; Guttag, J.V.; Dalca, A.V. Voxelprompt: A Vision-Language Agent for Grounded Medical Image Analysis.

arXiv 2024, arXiv:2410.08397. Available online: https://arxiv.org/abs/2410.08397 (accessed on 6 March 2025). [CrossRef]
33. Awais, M.; Alharthi, A.H.S.A.; Kumar, A.; Cholakkal, H. AgroGPT: Efficient Agricultural Vision-Language Model with Expert

Tuning. arXiv 2024, arXiv:2410.08405. Available online: https://arxiv.org/abs/2410.08405 (accessed on 6 March 2025). [CrossRef]
34. Brodsky, V.; Ullah, E.; Bychkov, A. Generative Artificial Intelligence in Anatomic Pathology. Arch. Pathol. Lab. Med. 2025, 149,

298–318. Available online: https://meridian.allenpress.com/aplm/article/doi/10.5858/arpa.2024-0215-RA/505319 (accessed on
6 March 2025). [CrossRef]

35. Jegham, N.; Abdelatti, M.; Hendawi, A. Visual Reasoning Evaluation of Grok, Deepseek Janus, Gemini, Qwen, Mistral, and Chat-
GPT. arXiv 2025, arXiv:2502.16428. Available online: https://arxiv.org/abs/2502.16428 (accessed on 6 March 2025). [CrossRef]

36. Koleilat, T.; Asgariandehkordi, H.; Rivaz, H. Medclip-samv2: Towards universal text-driven medical image segmentation. arXiv
2024, arXiv:2409.19483. [CrossRef]

37. Neveditsin, N.; Lingras, P.; Mago, V. Clinical insights: A comprehensive review of language models in medicine. arXiv 2024,
arXiv:2408.11735. [CrossRef]

38. Soni, N.; Ora, M.; Agarwal, A.; Yang, T.; Bathla, G. A Review of The Opportunities and Challenges with Large Language Models
in Radiology: The Road Ahead. Am. J. Neuroradiol. 2024. [CrossRef]

39. Hartsock, I.; Rasool, G. Vision-language models for medical report generation and visual question answering: A review. Front.
Artif. Intell. 2024, 7, 1430984. [CrossRef]

40. Liu, Y.; Cao, X.; Chen, T.; Jiang, Y.; You, J.; Wu, M. A Survey of Embodied AI in Healthcare: Techniques, Applications, and
Opportunities. arXiv 2025, arXiv:2501.07468. [CrossRef]

41. Buess, L.; Keicher, M.; Navab, N.; Maier, A. From large language models to multimodal AI: A scoping review on the potential of
generative AI in medicine. arXiv 2025, arXiv:2502.09242. [CrossRef]

42. Zhang, S.; Xu, Y.; Usuyama, N.; Xu, H.; Bagga, J.; Tinn, R. A multimodal biomedical foundation model trained from fifteen million
image–text pairs. NEJM AI 2025, 2, AIoa2400640. [CrossRef]

43. Wang, C.; Li, M.; He, J.; Wang, Z.; Darzi, E.; Chen, Z. A survey for large language models in biomedicine. arXiv 2024,
arXiv:2409.00133. [CrossRef]

44. Li, Q.; Li, L.; Li, Y. Developing ChatGPT for biology and medicine: A complete review of biomedical question answering. PMC
2024, 10, 152. [CrossRef]

https://surgeryreference.aofoundation.org/spine/deformities/adolescent-idiopathic-scoliosis/further-reading/patient-examination
https://surgeryreference.aofoundation.org/spine/deformities/adolescent-idiopathic-scoliosis/further-reading/patient-examination
https://doi.org/10.1186/s40001-024-02052-7
https://doi.org/10.3390/jcm14010177
https://doi.org/10.1348/000711006X126600
https://doi.org/10.1186/1471-2288-13-61
https://CRAN.R-project.org/package=irrCAC
https://easystats.github.io/report/
https://easystats.github.io/report/
https://CRAN.R-project.org/package=patchwork
https://CRAN.R-project.org/package=patchwork
https://www.R-project.org/
https://doi.org/10.32614/RJ-2021-053
https://arxiv.org/abs/2410.08397
https://doi.org/10.48550/arXiv.2410.08397
https://arxiv.org/abs/2410.08405
https://doi.org/10.48550/arXiv.2410.08405
https://meridian.allenpress.com/aplm/article/doi/10.5858/arpa.2024-0215-RA/505319
https://doi.org/10.5858/arpa.2024-0215-RA
https://arxiv.org/abs/2502.16428
https://doi.org/10.48550/arXiv.2502.16428
https://doi.org/10.48550/arXiv.2409.19483
https://doi.org/10.48550/arXiv.2408.11735
https://doi.org/10.3174/ajnr.A8589
https://doi.org/10.3389/frai.2024.1430984
https://doi.org/10.48550/arXiv.2501.07468
https://doi.org/10.48550/arXiv.2502.09242
https://doi.org/10.1056/AIoa2400640
https://doi.org/10.48550/arXiv.2409.00133
https://doi.org/10.52601/bpr.2024.240004


J. Clin. Med. 2025, 14, 3282 28 of 28

45. Chen, Z.; Pekis, A.; Brown, K. Advancing high resolution vision-language models in biomedicine. arXiv 2024, arXiv:2406.09454.
[CrossRef]

46. Chaves, J.M.Z.; Huang, S.C.; Xu, Y.; Xu, H. Towards a clinically accessible radiology foundation model: Open-access and
lightweight, with automated evaluation. arXiv 2024, arXiv:2403.08002. [CrossRef]

47. Bansal, H.; Israel, D.; Zhao, S.; Li, S.; Nguyen, T. MedMax: Mixed-Modal Instruction Tuning for Training Biomedical Assistants.
arXiv 2024, arXiv:2412.12661. [CrossRef]

48. Liang, X.; Wang, D.; Zhong, H.; Wang, Q.; Li, R.; Jia, R. Candidate-Heuristic In-Context Learning: A new framework for enhancing
medical visual question answering with LLMs. ScienceDirect 2024, 61, 103805. [CrossRef]

49. Khan, W.; Leem, S.; See, K.B.; Wong, J.K.; Zhang, S.; Fang, R. A comprehensive survey of foundation models in medicine. IEEE
Rev Biomed Eng. 2025. [CrossRef]

50. Ikezogwo, W.O.; Zhang, K.; Seyfioglu, M.S. MedicalNarratives: Connecting Medical Vision and Language with Localized
Narratives. arXiv 2025, arXiv:2501.04184. [CrossRef]

51. Nie, Y.; He, S.; Bie, Y.; Wang, Y.; Chen, Z.; Yang, S. ConceptCLIP: Towards Trustworthy Medical AI via Concept-Enhanced
Contrastive Language-Image Pre-training. arXiv 2025, arXiv:2501.15579. [CrossRef]

52. Zheng, Q.; Zhao, W.; Wu, C.; Zhang, X.; Dai, L. Large-scale long-tailed disease diagnosis on radiology images. Nat. Commun.
2024, 15, 10147. [CrossRef] [PubMed]

53. Han, Y.; Liu, X.; Zhang, X.; Ding, C. Foundation Models in Electrocardiogram: A Review. arXiv 2024, arXiv:2410.19877. [CrossRef]
54. Zhao, Z.; Liu, Y.; Wu, H.; Wang, M.; Li, Y.; Wang, S. CLIP in Medical Imaging: A Comprehensive Survey. arXiv 2023,

arXiv:2312.07353. Available online: https://arxiv.org/abs/2312.07353 (accessed on 6 March 2025). [CrossRef]
55. Lee, R.W.; Lee, K.H.; Yun, J.S.; Kim, M.S.; Choi, H.S. Comparative Analysis of M4CXR, an LLM-Based Chest X-Ray Report

Generation Model, and ChatGPT in Radiological Interpretation. J. Clin. Med. 2024, 13, 7057. [CrossRef]
56. Wang, J.; Wang, T.; Xu, J.; Zhang, Z. Zero-Shot Diagnosis of Unseen Pulmonary Diseases via Spatial Domain Adaptive Correction

and Guidance by ChatGPT-4o. In Proceedings of the2024 IEEE International Conference on Bioinformatics and Biomedicine
(BIBM), Lisbon, Portugal, 3–6 December 2024; IEEE: Piscataway, NJ, USA, 2024. Available online: https://ieeexplore.ieee.org/
abstract/document/10822114/ (accessed on 6 March 2025).

57. Gu, D.; Gao, Y.; Zhou, Y.; Zhou, M.; Metaxas, D. RadAlign: Advancing Radiology Report Generation with Vision-Language
Concept Alignment. arXiv 2025, arXiv:2501.07525. Available online: https://arxiv.org/abs/2501.07525 (accessed on 6 March 2025).
[CrossRef]

58. Yu, S.; Sun, W.; Mi, D.; Jin, S.; Wu, X.; Xin, B.; Zhang, H. Artificial Intelligence Diagnosing of Oral Lichen Planus: A Comparative
Study. Bioengineering 2024, 11, 1159. [CrossRef]

59. Ghanta, S.N.; Al”Aref, S.J.; Lala-Trinidade, A.; Nadkarni, G.N. Applications of ChatGPT in Heart Failure Prevention, Diagnosis,
Management, and Research: A Narrative Review. Diagnostics 2024, 14, 2393. [CrossRef]

60. Huang, H.; Li, T.; Wang, Z.; Seldon, D.; Rodrigo, A. TaxonGPT: Taxonomic Classification Using Generative Artificial Intelligence.
bioRxiv. 2024. Available online: https://www.biorxiv.org/content/10.1101/2024.10.28.618575 (accessed on 6 March 2025).
[CrossRef]

61. Peng, B.; Chen, K.; Li, M.; Feng, P.; Bi, Z.; Liu, J. Securing Large Language Models: Addressing Bias, Misinformation, and Prompt
Attacks. arXiv 2024, arXiv:2409.08087. Available online: https://arxiv.org/abs/2409.08087 (accessed on 6 March 2025). [CrossRef]

62. Pröllochs, N.; Feuerriegel, S.; Lutz, B.; Neumann, D. Negation scope detection for sentiment analysis: A reinforcement learning
framework for replicating human interpretations. Inf. Sci. 2020, 512, 1662–1676.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.48550/arXiv.2406.09454
https://doi.org/10.48550/arXiv.2403.08002
https://doi.org/10.48550/arXiv.2412.12661
https://doi.org/10.1016/j.ipm.2024.103805
https://doi.org/10.1109/RBME.2025.3531360
https://doi.org/10.48550/arXiv.2501.04184
https://doi.org/10.48550/arXiv.2501.15579
https://doi.org/10.1038/s41467-024-54424-6
https://www.ncbi.nlm.nih.gov/pubmed/39578456
https://doi.org/10.48550/arXiv.2410.19877
https://arxiv.org/abs/2312.07353
https://doi.org/10.48550/arXiv.2312.07353
https://doi.org/10.3390/jcm13237057
https://ieeexplore.ieee.org/abstract/document/10822114/
https://ieeexplore.ieee.org/abstract/document/10822114/
https://arxiv.org/abs/2501.07525
https://doi.org/10.48550/arXiv.2501.07525
https://doi.org/10.3390/bioengineering11111159
https://doi.org/10.3390/diagnostics14212393
https://www.biorxiv.org/content/10.1101/2024.10.28.618575
https://doi.org/10.1101/2024.10.28.618575
https://arxiv.org/abs/2409.08087
https://doi.org/10.48550/arXiv.2409.08087

	Introduction 
	Justification 
	Research Hypotheses 

	Materials and Methods 
	Manual Measurement 
	AI System Evaluation Methodology 
	BiomedCLIP Methodology 
	Model Selection and Adaptation 
	Hyperparameters 
	Computational Infrastructure 
	Model Architecture and Training Protocol 
	Data and Performance Evaluation 

	Statistical Analysis 
	Agreement Assessment 
	Estimation Difference in Identification Rates Between AIs 
	Statistical Tool 


	Results 
	Comparative Sensitivity and Consistency in Detecting Spinal Stabilization Systems 
	Comparison of Mean Sensitivity Levels for GPT-4o’s Detection of Spinal Stabilization Systems 
	Analysis of the Performance and Interrater Agreement of BiomedClip AI in Identifying Spinal Stabilization Systems in Severe Scoliosis (40) Using Posturographic Radiographic Imaging 
	Analysis of the Performance in Identifying Posturographic Radiographic Images with No Stabilization Systems 
	Analysis of the Performance in Identifying Posturographic Radiographic Images with PSF Stabilization System 
	Analysis of the Performance in Identifying Posturographic Radiographic Images with MCGR Stabilization Systems 

	Comparative Sensitivity Analysis of BiomedClip AI and GPT-4o in Spinal Instrumentation Classification 
	Posturographic Radiographic Images with No Stabilization Systems 
	Posturographic Radiographic Images with PSF Stabilization Systems 
	Posturographic Radiographic Images with MCGR Stabilization Systems 


	Discussion 
	Generalist vs. Specialist AI: Understanding the Superior Detection Performance of ChatGPT-4o in Spinal Stabilization System Identification 
	Possible Explanations for the Confirmation of H2 (Model Response Consistency) 
	Deterministic vs. Probabilistic Decision-Making 
	Differences in Model Training Objectives and Architecture 
	Handling of Complex Morphological Features in X-Ray Images 
	Influence of Decision Thresholds and Ambiguity Tolerance 
	Explaining the Results for H3: Effectiveness in Classifying the Type and Nature of Stabilization Systems 
	BiomedCLIP’s Dependence on Structured Feature Representations 
	Difficulty in Differentiating Morphologically Similar Hardware 
	ChatGPT-4o’s Variability in Classification of Specific Systems 
	Clinical Implications of GPT-4o’s Diagnostic Stability 
	Analysis of BiomedCLIP Performance on Stabilization Classification 
	Study Limitations 
	Future Directions for Model Validation and Improvement 

	Conclusions 
	References

