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Abstract 

This study investigates the comparative performance of foundational models versus traditional deep 
learning architectures for hyperpolarized gas MRI segmentation under both full data and limited 
data conditions.  Chronic obstructive pulmonary disease (COPD) remains a leading global health 
concern, and advanced imaging techniques are crucial for its diagnosis and management. 
Hyperpolarized gas MRI, utilizing helium-3 (³He) and xenon-129 (¹²⁹Xe), offers a non-invasive way 
to assess lung function. Foundational models, pre-trained on diverse and expansive datasets, 
theoretically offer advantages in scenarios with limited task-specific data compared to traditional 
architectures that rely heavily on large training datasets.  This study evaluates this hypothesis by 
comparing foundational models, Segment Anything Model (SAM) and Segment Anything in Medical 
Images (MedSAM) against traditional deep learning architectures (UNet with VGG19 backbone, 
Feature Pyramid Network with MIT-B5 backbone, and DeepLabV3 with ResNet152 backbone) using 
both full dataset (1640 2D MRI slices from 205 participants) and limited data scenarios (25% of the 
full dataset). Our experimental design included fine-tuning all models on the complete dataset and 
subsequently on the reduced dataset to assess performance degradation and resilience to data 
scarcity.  Results demonstrate that while traditional models achieve competitive performance with 
full data availability, foundational models exhibit superior robustness and maintained performance 
in limited data scenarios.  The fine-tuned MedSAM model showed the least performance 
degradation when transitioning from full to limited data conditions, achieving superior Dice 
Similarity Coefficient (DSC) and Hausdorff Distance (HD95) metrics compared to traditional 
architectures.  This work highlights the critical advantage of foundational models in medical 
imaging applications where data collection is challenging, expensive, or ethically constrained, 
demonstrating their potential to democratize advanced medical imaging analysis in resource-limited 
settings. 

Keywords: foundational models; hyperpolarized gas MRI; limited data; medical imaging; 
segmentation 
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1. Introduction 

The global burden of chronic respiratory diseases  continues to rise.  Chronic obstructive 
pulmonary disease (COPD) is the third leading cause of death worldwide, accounting for 3.23 million 
deaths in 20191.  

Imaging modalities such as chest X-rays, CT scans, MRI, and Nuclear Medicine enable accurate 
diagnosis of the severity and type of COPD, ensuring appropriate treatment to alleviate symptoms 
and enhance daily functioning.  Advanced imaging techniques can track the progression of COPD 
and identify complications, allowing healthcare providers to forecast potential outcomes and adjust 
treatment plans to improve prognosis and quality of life.  

Chest CT is considered the current diagnostic tool for assessing structural abnormalities in the lungs, 
particularly in COPD patients2.  It is regarded as the clinical gold standard for pulmonary imaging due 
to its outstanding spatial and temporal resolution.  Chest CT findings correlate strongly with 
pathological results from post-mortem studies, confirming the presence and extent of emphysema3.  
However, despite its diagnostic advantages, CT significantly contributes to medical radiation exposure, 
raising concerns about the risk of radiation-induced cancer4.  This is especially worrisome given the 
increasing frequency of CT scans for longitudinal studies.  Therefore, cautious use of CT imaging and 
consideration of alternative imaging methods are important to mitigate these risks. 

Magnetic Resonance Imaging (MRI) is highly valued for its ability to perform repeated studies 
without exposing patients to ionizing radiation.  MRI provides both structural and functional 
information, enabling comprehensive lung assessments, including airway structures, lung 
parenchyma, and blood flow5.  Although traditionally underutilized for lung imaging due to 
challenges like low proton density and motion artifacts, recent advancements in MRI technology, 
such as faster imaging techniques and lung-specific contrast agents, have greatly enhanced its 
effectiveness and reliability.  

Hyperpolarized gas MRI, using helium-3 (³He) and xenon-129 (¹²⁹Xe), has revolutionized 
pulmonary imaging over the past three decades6. This technique offers detailed structural and 
functional insights into the lungs.  Pioneered by Albert and colleagues in 1994, the polarization of 
¹²⁹Xe (³He) gas can be significantly increased through spin-exchange with optically pumped 
rubidium vapor, amplifying the MRI signal by approximately 100,000 times7.  Hyperpolarized ³He 
and ¹²⁹Xe MRI provide unparalleled advantages, including detailed visualization of airway 
structures, lung ventilation, and gas exchange processes8.  Extensive research has confirmed the 
safety and tolerability of these gases, supporting their use in diverse research and clinical settings to 
provide critical information on lung function and disease. 

Hyperpolarized gas MRI enables the quantification of specific biomarkers, offering detailed 
insights into lung health.  One key biomarker, the Ventilation Defect Percent (VDP), measures the 
percentage of lung volume that is not effectively ventilated.  This is visualized by areas lacking 
inhaled hyperpolarized gas on MRI, indicating poor ventilation. VDP is essential for assessing 
functional impairment in diseases like COPD9.  

Earlier studies for hyperpolarized gas MRI ventilation segmentation employed classical image 
processing and machine learning approaches10, such as hierarchical K-means 11 and spatial fuzzy c-
means (SFCM) clustering12, however these algorithms are time consuming and observer dependent.  
For example, segmentation of a 16 slice MRI would take around 45 minutes which may not be 
applicable in a clinical setting.   

Deep learning (DL) has shown significant promise in image segmentation13.  The application of 
DL in medical imaging has advanced, providing accurate and efficient analysis of medical images.  
DL-based segmentation offers precise quantitative analysis and standardized indicators for clinical 
trials.  For instance, the U-Net architecture14, combined with the pre-trained DenseNet121, has been 
used for segmenting lung CT scans to detect COVID-19 abnormalities15.  Additionally, Sulaiman et 
al. detailed a CNN architecture for segmenting lung diseases using chest X-ray images in 
Diagnostics16. 
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DL applications in hyperpolarized gas MRI segmentation have also been explored. Studies 
include a large-scale investigation of ventilated lung segmentation using multi-nuclear 
hyperpolarized gas MRI17, a dual-channel DL approach for lung cavity estimation from 
hyperpolarized gas and proton MRI18, a 3D CNN-based method for ventilated lung segmentation19, 
and a U-Net++ based Quantification of Ventilation Defects for ventilated lung segmentation20.  These 
studies primarily used CNN methods for segmentation tasks.  

Despite the previous research on DL-based segmentation of hyperpolarized gas MRI, a recent 
review identified a notable gap in the use of vision transformers and foundational models for this 
task21. A recent study22 compared CNN- and Vision Transformer based models for lung segmentation 
in proton and hyperpolarized gas MRI under varying noise levels, finding that transformer-based 
architectures such as SegFormer outperform CNNs in high-noise settings, underscoring their 
potential for robust clinical deployment. Building on this, the limited adoption of foundation models 
for hyperpolarized gas MRI presents a clear opportunity to explore how such approaches could 
enhance the accuracy and efficiency of hyperpolarized gas MRI segmentation, particularly when 
working with a limited dataset. 

Considering this gap, our research aims to utilize Vision Transformers (ViTs) based foundational 
models named Segment Anything Model (SAM) 23and Segment Anything in Medical Images 
(MedSAM)24, for the task of hyperpolarized gas MRI segmentation.  Foundational models are pre-
trained on large and diverse dataset and they provide a robust starting point.  These models can be 
fine-tuned for specific tasks, enhancing performance and reducing the need for extensive, task-
specific datasets.  By leveraging these models and fine-tuning them on a limited dataset, we aim to 
showcase the adaptability of foundational models for task-specific applications, which could be 
highly beneficial for various medical use cases, particularly in improving the accuracy and efficiency 
of lung segmentation.  Additionally, ViT based models offer several benefits over traditional CNNs, 
including superior handling of long-range dependencies and spatial relationships within images25, 
which are crucial for accurately segmenting complex lung structures. 

A critical challenge in medical imaging, particularly in specialized modalities like 
hyperpolarized gas MRI, is the scarcity of annotated data.  Medical image acquisition is expensive, 
time-consuming, and often requires specialized equipment and expertise.  Patient recruitment can 
be challenging due to ethical considerations, rare disease prevalence, and geographical limitations.  
Expert annotation is labor-intensive and requires specialized knowledge, creating bottlenecks in 
dataset creation.  These constraints are particularly pronounced in hyperpolarized gas MRI, where 
the technology is available in limited centers worldwide and requires specialized expertise for both 
acquisition and interpretation. 

Traditional deep learning models typically require large datasets to achieve optimal 
performance, making them vulnerable to overfitting and poor generalization when trained on limited 
data.  This limitation poses significant challenges for clinical translation and widespread adoption 
of automated segmentation tools in specialized imaging modalities. 

Foundational models are trained on vast, diverse datasets and learn generalizable 
representations that can be fine-tuned for specific applications.  This approach theoretically offers 
several advantages in medical imaging scenarios: reduced data requirements for achieving good 
performance, improved generalization across different imaging conditions and populations, faster 
convergence during fine-tuning, and potential for zero-shot or few-shot learning capabilities. 

This study addresses the critical question of whether foundational models truly offer advantages 
over traditional deep learning architectures when working with limited medical imaging data.  Our 
research aims to provide a comprehensive comparative analysis between foundational models (SAM 
and MedSAM) and established traditional architectures (UNet with VGG19, FPN with MIT-B5, and 
DeepLabV3 with ResNet152) for both proton MRI and hyperpolarized gas MRI segmentation. 

Our specific contributions include: (1) A systematic comparison of foundational versus traditional 
models using identical datasets and evaluation metrics, (2) Assessment of model performance 
degradation when transitioning from full data to limited data scenarios (25% of original dataset). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 August 2025 doi:10.20944/preprints202508.1333.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.1333.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 17 

 

This research provides crucial insights for the medical imaging community regarding the 
practical benefits of foundational models in real-world clinical scenarios where data availability is 
inherently limited, ultimately informing decisions about model selection and resource allocation for 
medical AI development. 

2. Materials and Methods 

In the following sections, we first discuss the acquisition and dataset of Hyperpolarized Gas MRI. 
Next, we detail the architecture and fine-tuning of SAM and MedSAM. All the experiments were 
implemented in PyTorch and executed on two parallel NVIDIA GA102, GeForce RTX 3090 GPUs. 

2.1. Hyperpolarized Gas MRI Acquisition and Dataset 

The imaging dataset utilized in this study was retrospectively compiled from multiple research 
and clinical investigations involving patients referred for hyperpolarized gas MRI scans.  This study 
was performed following institutional ethics approval, with informed written consent obtained from 
all participants.  Each of the scans in the dataset was accompanied by a semi-automated expert 
segmentation, serving as the ground truth. 

We collected data from 205 participants, which included 22 healthy individuals, 26 with COPD, 90 
with asthma, and 67 with Long-COVID-19.  This yielded 1640 2D slices, originally sized 128x128, 
segmented using MATLAB R2021b and the hierarchical K-means clustering method.  Proton and 
hyperpolarized slices were registered using a landmark-based image affine registration approach.  The 
dataset was balanced to ensure an even distribution across the participant groups, with an 80% training, 
10% validation, and 10% testing split.  To avoid data leakage, no specific patient data were included in 
both the training and testing sets.  To ensure representativeness and fairness, we also maintained an 
even distribution of the different conditions across the training, validation, and test sets.  

Preprocessing was conducted using the MONAI library26 to maintain consistency with the 
original SAM model..  The intensity values of the images were normalized to a range of 0 to 255, 
while label intensities were scaled between 0 and 1, aligning with the expected input ranges for 
subsequent processing steps.  Spatial padding was applied to standardize dimensions across all 
images and labels.  Further preprocessing involved converting grayscale images to RGB format by 
replicating grayscale values across three channels.  Ground truth masks were adjusted to have 
positive values for labels and zero for the background.  Finally, bounding boxes to the full size of 
the image for each mask were determined to serve as prompts for the SAM and MedSAM processor. 

2.2. Fine Tunning 

Foundation models are expansive AI systems trained on vast datasets using substantial 
computational resources, capable of generating diverse outputs from text to images.  Prominent 
examples include Open AI’s GPT model27, DALLE-328, Segment Anything23, and BERT29.  

The SAM, developed by Meta AI, is a foundational model for image segmentation.  It features 
a revolutionary architecture consisting of three main components: the image encoder, prompt 
encoder, and mask decoder.  The image encoder, using a Masked Autoencoder (MAE) with a Vision 
Transformer (ViT-H/16), creates an embedding by extracting essential features from the input image.  
This embedding is a 16x downscaled version of the original image, optimizing for efficient processing 
while retaining critical features. 

Various types of prompts, including points, boxes, masks, and text, can be used with SAM.  For 
our task, we employed box prompts.  Each box is represented by an embedding pair, combining the 
positional encoding of its top-left and bottom-right corners with learned embeddings representing 
these positions.  The lightweight mask decoder, a modified Transformer decoder block followed by 
a dynamic mask prediction head, predicts segmentation masks by integrating information from the 
image and prompt embeddings. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 August 2025 doi:10.20944/preprints202508.1333.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.1333.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 17 

 

Despite their capabilities, foundational models like SAM have limited applicability in medical 
image segmentation due to the significant differences between natural and medical images.  To 
address these challenges, MedSAM was developed as an extension of SAM, specifically tailored for 
the medical imaging domain.  MedSAM is trained on a large-scale dataset comprising over one 
million medical image-mask pairs. 

As for the traditional deep learning models, The U-Net [14] architecture with VGG19 30 encoder 
represents a well-established approach for medical image segmentation. VGG19 provides a robust 
feature extraction backbone with its deep convolutional layers, while the U-Net decoder enables 
precise spatial localization through skip connections.  This combination has proven effective across 
numerous medical imaging applications. 

FPN 31 architecture excels at multi-scale feature extraction, crucial for segmenting structures of 
varying sizes in medical images. The MIT-B5 32 backbone, part of the Mix Transformer family, 
incorporates attention mechanisms and hierarchical feature learning, providing strong 
representational capabilities for complex segmentation tasks. 

DeepLabV3 33 employs atrous-convolution and pyramid pooling to capture multi-scale 
contextual information.  The ResNet152 34 backbone provides deep feature extraction capabilities 
with residual connections, enabling training of very deep networks while maintaining gradient flow 
and avoiding degradation problems. 

During fine-tuning, images and their corresponding bounding box prompts were processed and 
fed into the model. We employed the Adam optimizer 35 with learning rates carefully tuned for each 
model based on preliminary experiments.  A combined Dice and Cross-Entropy loss function was 
used to optimize both overlap and boundary accuracy. 

We incorporated early stopping based on validation loss to prevent overfitting, ensuring the 
model's robustness and generalization capabilities.  Validation was performed on a separate dataset, 
and the best performing model weights were saved. 

2.3. Full and Limited Data Experiments 

All models were first trained on the complete training dataset (80% training) to establish baseline 
performance levels.  Each model was trained until convergence, with early stopping based on 
validation loss to prevent overfitting. 

Subsequently, all models were trained on the reduced dataset containing only 25% of the original 
training data (328 slices). This reduction simulates real-world scenarios where data collection is 
limited due to cost, time, ethical, or technical constraints.  The same validation and testing sets were 
maintained to enable direct performance comparison with full data results. 

A graph representing the experiments is depicted in Figure 1. 

 

Figure 1. Experimental design flowchart illustrating the comparative analysis framework.  The complete 
dataset was divided into 80% training, 10% validation, and 10% testing sets.  Experiment 1 utilized the full 80% 
training data, while Experiment 2 used only 25% of the original training data (equivalent to 20% of the total 
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dataset) to simulate data-constrained scenarios.  The same validation and testing sets were maintained across 
both experiments to enable direct performance comparison between full data and limited data conditions. 

2.4. Data Evaluation Metrics and Statistical Analysis 

Model performance was assessed using multiple complementary metrics to provide 
comprehensive evaluation of segmentation quality.  Primary metrics included Dice Similarity 
Coefficient (DSC) for overlap assessment, Hausdorff Distance at 95th percentile (HD95) for boundary 
accuracy, Average Hausdorff Distance (Avg HD) for overall geometric agreement, and XOR Error 
for pixel-wise disagreement quantification.  

Statistical analysis employed in IBM SPSS software with non-parametric tests due to the non-
normal distribution of metrics as determined by Shapiro-Wilk tests.  Friedman tests assessed 
differences between models, with post-hoc pairwise comparisons using Bonferroni correction for 
multiple comparison adjustment.  Wilcoxon signed-rank tests evaluated performance differences 
between full and limited data conditions for each model.   

3. Results 

A. Proton MRI 

1) Full dataset experiment 

Performance evaluation on the complete proton MRI dataset revealed the following quantitative 
results across all model architectures. MedSAM demonstrated a Dice Similarity Coefficient of 0.92 
with a range from 0.73 to 0.96, while the Average Hausdorff Distance measured 1.18 with values 
ranging between 0.55 and 4.15.  The 95th percentile Hausdorff Distance was recorded at 3.27, 
spanning from 1.41 to 10.0, and the XOR error reached 0.14 with a range of 0.05 to 0.55. 

SAM exhibited a DSC of 0.92, ranging from 0.74 to 0.96, with an Average HD of 1.20 extending 
from 0.60 to 4.18. The HD95 measurement was 3.31, varying between 1.41 and 10.63, while the XOR 
error was 0.14, ranging from 0.06 to 0.53. 

Among the traditional deep learning architectures, FPN-MIT-B5 achieved a DSC of 0.92, with 
values spanning from 0.77 to 0.96.  The Average HD was measured at 1.24, ranging from 0.56 to 3.81, 
while HD95 reached 3.38 with a span of 1.41 to 9.62. The XOR error was recorded at 0.14, varying 
between 0.06 and 0.46. 

UNet-VGG19 demonstrated a DSC of 0.92, ranging from 0.72 to 0.97, accompanied by an 
Average HD of 1.31 that extended from 0.47 to 4.3.  The HD95 measurement was 3.59, spanning 
from 1.24 to 10.77, and the XOR error reached 0.16 with values between 0.05 and 0.57. 

DeepLabV3-ResNet152 recorded a DSC of 0.92, ranging from 0.73 to 0.96, with an Average HD 
of 1.27 that varied from 0.64 to 4.31. The HD95 was measured at 3.64, extending from 2.0 to 10.15, 
while the XOR error was 0.16, ranging from 0.07 to 0.55. 

A summary of the Metrics is provided at Table 1 for Proton MRI full dataset experiments. 

Table 1. Performance metrics for all model architectures on proton MRI full dataset experiment. Values are 
presented as mean (range) for Dice Similarity Coefficient (DSC), Average Hausdorff Distance (Avg_HD), 95th 
percentile Hausdorff Distance (HD95), and XOR error. 

Model DSC Avg_HD HD95 XOR 

DeepLabV3_resnet152 
0.92 (0.73–

0.96) 
1.273 (0.64–4.31) 

3.64 (2.0–
10.15) 

0.16 (0.07–0.55) 

FPN_mit_b5 
0.92 (0.77–

0.96) 
1.24(0.56–3.81) 

3.38 (1.41–
9.62) 

0.14 (0.06–0.46) 

MEDSAM 
0.92 (0.73–

0.96) 
1.18 (0.55–4.15) 

3.27 (1.41–
10.0) 

0.14 (0.05–0.55) 
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SAM 
0.92 (0.74–

0.96) 
1.20 (0.60–4.18) 

3.31 (1.41–
10.63) 

0.14 (0.06–0.53) 

Unet_vgg19 
0.92 (0.72–

0.97) 
1.31(0.47–4.3) 

3.59 (1.24–
10.77) 

0.16(0.05–0.57) 

Statistical analysis using Friedman tests with Bonferroni-corrected post-hoc comparisons yielded 
specific p-values for pairwise model comparisons.  For the Dice Similarity Coefficient metric, the 
comparison between DeepLabV3-ResNet152 and UNet-VGG19 resulted in a p-value of 0.003, while 
DeepLabV3-ResNet152 compared to FPN-MIT-B5 produced a p-value less than 0.001.  The comparison 
of DeepLabV3-ResNet152 with SAM yielded a p-value less than 0.001, as did the comparison with 
MedSAM.  UNet-VGG19 versus FPN-MIT-B5 resulted in a p-value of 1.000, while UNet-VGG19 
compared to SAM produced a p-value of 0.173 and to MedSAM yielded 0.124.  The comparison between 
FPN-MIT-B5 and SAM resulted in a p-value of 1.000, as did the comparison between FPN-MIT-B5 and 
MedSAM. The SAM versus MedSAM comparison produced a p-value of 1.000. 

For Average Hausdorff Distance comparisons, MedSAM versus SAM yielded a p-value of 1.000, 
while MedSAM compared to FPN-MIT-B5 resulted in 0.518.  MedSAM versus UNet-VGG19 produced 
a p-value of 0.001, and MedSAM compared to DeepLabV3-ResNet152 yielded a p-value less than 0.001.  
SAM versus FPN-MIT-B5 resulted in a p-value of 1.000, while SAM compared to UNet-VGG19 
produced 0.026 and to DeepLabV3-ResNet152 yielded a p-value less than 0.001. FPN-MIT-B5 versus 
UNet-VGG19 resulted in a p-value of 0.430, while FPN-MIT-B5 compared to DeepLabV3-ResNet152 
produced 0.010. UNet-VGG19 versus DeepLabV3-ResNet152 yielded a p-value of 1.000. 

The 95th percentile Hausdorff Distance comparisons showed that MedSAM versus SAM 
produced a p-value of 1.000, while MedSAM compared to FPN-MIT-B5 resulted in 0.808.  MedSAM 
versus UNet-VGG19 yielded a p-value of 0.002, and MedSAM compared to DeepLabV3-ResNet152 
produced a p-value less than 0.001.  SAM versus FPN-MIT-B5 resulted in a p-value of 1.000, while 
SAM compared to UNet-VGG19 yielded 0.027 and to DeepLabV3-ResNet152 produced a p-value less 
than 0.001.  FPN-MIT-B5 versus UNet-VGG19 resulted in a p-value of 0.543, while FPN-MIT-B5 
compared to DeepLabV3-ResNet152 yielded 0.002.  UNet-VGG19 versus DeepLabV3-ResNet152 
produced a p-value of 0.650. 

For XOR error comparisons, MedSAM versus SAM resulted in a p-value of 1.000, as did 
MedSAM compared to FPN-MIT-B5.  MedSAM versus UNet-VGG19 yielded a p-value of 0.010, 
while MedSAM compared to DeepLabV3-ResNet152 produced a p-value less than 0.001. SAM versus 
FPN-MIT-B5 resulted in a p-value of 1.000, while SAM compared to UNet-VGG19 yielded 0.045 and 
to DeepLabV3-ResNet152 produced a p-value less than 0.001. FPN-MIT-B5 versus UNet-VGG19 
resulted in a p-value of 0.843, while FPN-MIT-B5 compared to DeepLabV3-ResNet152 yielded a p-
value less than 0.001. UNet-VGG19 versus DeepLabV3-ResNet152 produced a p-value of 0.027. 

Figure 1s-4s in supplementary materials illustrates the distribution of segmentation performance 
across all models in a box plot. 

2) Limited dataset experiment 

When trained on the reduced dataset containing 25% of the original training data, all model 
architectures demonstrated altered performance patterns.  MedSAM achieved a Dice Similarity 
Coefficient of 0.92, with values ranging from 0.81 to 0.97, while the Average Hausdorff Distance was 
measured at 1.33, extending from 0.54 to 3.50.  The 95th percentile Hausdorff Distance reached 3.68, 
spanning from 1.41 to 10.04, and the XOR error was recorded at 0.15 with a range of 0.04 to 0.42. 

SAM exhibited a DSC of 0.92, ranging from 0.80 to 0.97, accompanied by an Average HD of 1.40 
that varied between 0.55 and 4.11.  The HD95 measurement was 3.94, extending from 2.0 to 13.89, 
while the XOR error reached 0.16, spanning from 0.05 to 0.44. 

Among the traditional architectures, UNet-VGG19 demonstrated a DSC of 0.79, with values 
ranging from 0.56 to 0.89.  The Average HD was measured at 3.32, extending from 1.2 to 7.45, while 
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HD95 reached 9.23 with a span of 3.60 to 20.44.  The XOR error was recorded at 0.34, varying 
between 0.19 and 0.60. 

DeepLabV3-ResNet152 achieved a DSC of 0.71, ranging from 0.16 to 0.83, with an Average HD 
of 6.68 that extended from 3.64 to 13.11.  The HD95 measurement was 17.24, spanning from 8.54 to 
45.75, and the XOR error reached 0.74 with values between 0.39 and 1.18. 

FPN-MIT-B5 recorded a DSC of 0.53, ranging from 0.30 to 0.75, accompanied by an Average HD 
of 5.28 that varied from 2.26 to 9.06.  The HD95 was measured at 18.55, extending from 8.67 to 33.34, 
while the XOR error was 0.62, ranging from 0.40 to 0.81. 

Table 2. Performance metrics for all model architectures on proton MRI limited dataset experiment (25% of 
training data).  Values are presented as mean (range) for Dice Similarity Coefficient (DSC),  Average Hausdorff 
Distance (Avg_HD), 95th percentile Hausdorff Distance (HD95), and XOR error. 

Model DSC Avg_HD HD95 XOR 

DeepLabV3_resnet152 0.71 (0.16–0.83) 6.68 (3.64–13.11) 
17.24 (8.54–

45.75) 
0.74(0.39–1.18) 

FPN_mit_b5 0.53 (0.30–0.75) 5.28 (2.26–9.06) 
18.55 (8.67–

33.34) 
0.62(0.40–0.81) 

MEDSAM 0.92 (0.81–0.97) 1.33 (0.54–3.50) 
3.68 (1.41–

10.04) 
0.15 (0.04–0.42) 

SAM 0.92 (0.80–0.97) 1.40 (0.55–4.11) 3.94 (2.0–13.89) 0.16 (0.05–0.44) 

Unet_vgg19 0.79 (0.56–0.89) 3.32 (1.2–7.45) 
9.23 (3.60–

20.44) 
0.34(0.19–0.60) 

Statistical analysis using Friedman tests with Bonferroni correction revealed specific p-values 
for pairwise comparisons under limited data conditions.  For Dice Similarity Coefficient 
comparisons, FPN-MIT-B5 versus DeepLabV3-ResNet152 resulted in a p-value of 0.008, while FPN-
MIT-B5 compared to UNet-VGG19 produced a p-value less than 0.001. FPN-MIT-B5 versus SAM 
yielded a p-value less than 0.001, as did the comparison with MedSAM.  DeepLabV3-ResNet152 
compared to UNet-VGG19 resulted in a p-value of 0.168, while DeepLabV3-ResNet152 versus SAM 
and MedSAM both produced p-values less than 0.001. UNet-VGG19 compared to both SAM and 
MedSAM yielded p-values less than 0.001, while SAM versus MedSAM resulted in a p-value of 1.000. 

Average Hausdorff Distance comparisons showed that SAM versus MedSAM produced a p-
value of 1.000, while both foundational models compared to UNet-VGG19,  FPN-MIT-B5, and 
DeepLabV3-ResNet152 all yielded p-values less than 0.001.  Among traditional models, UNet-
VGG19 versus FPN-MIT-B5 resulted in a p-value of 0.002, UNet-VGG19 compared to DeepLabV3-
ResNet152 produced a p-value less than 0.001, while FPN-MIT-B5 versus DeepLabV3-ResNet152 
yielded a p-value of 1.000. 

For 95th percentile Hausdorff Distance measurements, MedSAM versus SAM resulted in a p-value 
of 1.000, while both foundational models compared to all traditional architectures produced p-values 
less than 0.001.  Among traditional models, all pairwise comparisons yielded p-values less than 0.001, 
except for DeepLabV3-ResNet152 versus FPN-MIT-B5 which resulted in a p-value of 1.000. 

XOR error comparisons revealed that MedSAM versus SAM produced a p-value of 1.000, while 
both foundational models compared to all traditional architectures yielded p-values less than 0.001.  
Among traditional models, UNet-VGG19 versus both FPN-MIT-B5 and DeepLabV3-ResNet152 
produced p-values less than 0.001, while FPN-MIT-B5 versus DeepLabV3-ResNet152 resulted in a p-
value of 1.000. 

B. Hyperpolarized Gas MRI 

1) Full dataset experiment 
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Performance evaluation on the complete hyperpolarized gas MRI dataset yielded the following 
quantitative measurements. SAM demonstrated a Dice Similarity Coefficient of 0.92, with values 
ranging from 0.77 to 0.97, while the Average Hausdorff Distance measured 1.17, extending from 0.47 
to 3.40.  The 95th percentile Hausdorff Distance was recorded at 3.60, spanning from 1.0 to 8.0, and 
the XOR error reached 0.16 with a range of 0.05 to 0.56. 

MedSAM exhibited a DSC of 0.92, ranging from 0.77 to 0.96, accompanied by an Average HD of 
1.15 that varied between 0.52 and 3.57.  The HD95 measurement was 3.75, extending from 1.0 to 10.0, 
while the XOR error was 0.16, ranging from 0.06 to 0.56. 

Among the traditional deep learning architectures, FPN-MIT-B5 achieved a DSC of 0.91, with 
values spanning from 0.76 to 0.97.  The Average HD was measured at 1.18, ranging from 0.45 to 3.21, 
while HD95 reached 3.63 with a span of 1.41 to 8.54.  The XOR error was recorded at 0.17, varying 
between 0.05 and 0.61. 

UNet-VGG19 demonstrated a DSC of 0.91, ranging from 0.74 to 0.97, with an Average HD of 
1.24 that extended from 0.42 to 4.08.  The HD95 measurement was 3.81, spanning from 1.0 to 11.40, 
and the XOR error reached 0.17 with values between 0.05 and 0.68. 

DeepLabV3-ResNet152 recorded a DSC of 0.91, ranging from 0.74 to 0.97, accompanied by an 
Average HD of 1.29 that varied from 0.61 to 3.56.  The HD95 was measured at 4.13, extending from 
1.41 to 10.0, while the XOR error was 0.19, ranging from 0.06 to 0.70. 

Table 3 summarizes the quantitative results demonstrating the specialized challenges posed by 
hyperpolarized gas MRI segmentation in full dataset experiments. 

Table 3. Performance metrics for all model architectures on hyperpolarized gas MRI full dataset experiment.  
Values are presented as mean (range) for Dice Similarity Coefficient (DSC), Average Hausdorff Distance 
(Avg_HD), 95th percentile Hausdorff Distance (HD95), and XOR error. 

Model DSC Avg_HD HD95 XOR 

DeepLabV3_resnet152 
0.91 (0.74–

0.97) 
1.29 (0.61–3.56) 4.13 (1.41–10.0) 

0.19 (0.06–
0.70) 

FPN_mit_b5 
0.91 (0.76–

0.97) 
1.177(0.45–3.21) 3.63 (1.41–8.54) 

0.17 (0.05–
0.61) 

MEDSAM 
0.92 (0.77–

0.96) 
1.15 (0.52–3.57) 3.75(1.0–10.0) 

0.16 (0.06–
0.56) 

SAM 
0.92 (0.77–

0.97) 
1.17(0.47–3.40) 3.60 (1.0–8.0) 

0.16 (0.05–
0.56) 

Unet_vgg19 
0.91 (0.74–

0.97) 
1.24 (0.42–4.08) 3.81 (1.0–11.40) 

0.17 (0.05–
0.68) 

Statistical analysis using Friedman tests with Bonferroni correction yielded the following p-
values for pairwise model comparisons.  For Dice Similarity Coefficient measurements, DeepLabV3-
ResNet152 compared to FPN-MIT-B5 resulted in a p-value of 0.001, while DeepLabV3-ResNet152 
versus UNet-VGG19, MedSAM, and SAM all produced p-values less than 0.001.  FPN-MIT-B5 
compared to UNet-VGG19 yielded a p-value of 1.000, while FPN-MIT-B5 versus MedSAM resulted 
in 0.701 and versus SAM produced 0.252.  UNet-VGG19 compared to both MedSAM and SAM 
yielded p-values of 1.000, while MedSAM versus SAM resulted in a p-value of 1.000. 

Average Hausdorff Distance comparisons revealed that MedSAM and SAM each compared to 
DeepLabV3-ResNet152 produced p-values of 0.001. MedSAM versus FPN-MIT-B5 and SAM versus 
FPN-MIT-B5 both resulted in p-values of 1.000, while MedSAM versus SAM yielded a p-value of 1.000.  
MedSAM and SAM each compared to UNet-VGG19 produced p-values of 0.497, while FPN-MIT-B5 
versus UNet-VGG19 resulted in a p-value of 1.000. FPN-MIT-B5 compared to DeepLabV3-ResNet152 
yielded a p-value of 0.041, while UNet-VGG19 versus DeepLabV3-ResNet152 produced 0.442. 

For 95th percentile Hausdorff Distance measurements, SAM compared to FPN-MIT-B5 and 
MedSAM both resulted in p-values of 1.000.  SAM versus UNet-VGG19 yielded a p-value of 0.826, 
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while SAM compared to DeepLabV3-ResNet152 produced 0.009. FPN-MIT-B5 versus MedSAM and 
UNet-VGG19 both resulted in p-values of 1.000, while FPN-MIT-B5 compared to DeepLabV3-
ResNet152 yielded 0.052.  MedSAM versus UNet-VGG19 produced a p-value of 1.000, while 
MedSAM compared to DeepLabV3-ResNet152 resulted in 0.180. UNet-VGG19 versus DeepLabV3-
ResNet152 yielded a p-value of 1.000. 

XOR error comparisons showed that SAM versus MedSAM resulted in a p-value of 1.000, while 
SAM compared to UNet-VGG19 yielded 0.968 and to FPN-MIT-B5 produced 0.119. SAM versus 
DeepLabV3-ResNet152 resulted in a p-value less than 0.001.  MedSAM compared to UNet-VGG19 
and FPN-MIT-B5 both yielded p-values of 1.000, while MedSAM versus DeepLabV3-ResNet152 
produced a p-value less than 0.001.  UNet-VGG19 compared to FPN-MIT-B5 resulted in a p-value 
of 1.000, while UNet-VGG19 versus DeepLabV3-ResNet152 yielded a p-value less than 0.001. FPN-
MIT-B5 compared to DeepLabV3-ResNet152 produced a p-value of 0.001. 

Figure 9s-12s in supplementary materials illustrates the dramatic difference in performance 
distributions in full training data experiments for hyperpolarized gas MRI. 

2) Limited dataset experiment 

When evaluated on the reduced hyperpolarized gas MRI dataset containing 25% of the original 
training data, the model architectures exhibited the following performance characteristics. MedSAM 
achieved a Dice Similarity Coefficient of 0.88, with values ranging from 0.71 to 0.95, while the 
Average Hausdorff Distance measured 1.62, extending from 0.68 to 4.00.  The 95th percentile 
Hausdorff Distance was recorded at 5.48, spanning from 1.41 to 12.92, and the XOR error reached 
0.23 with a range of 0.08 to 0.52. 

SAM demonstrated a DSC of 0.88, ranging from 0.62 to 0.94, accompanied by an Average HD of 
1.78 that varied between 0.80 and 4.15.  The HD95 measurement was 6.42, extending from 2.23 to 
17.72, while the XOR error was 0.24, spanning from 0.10 to 0.54. 

Among the traditional architectures, UNet-VGG19 achieved a DSC of 0.76, with values ranging from 
0.19 to 0.93. The Average HD was measured at 2.64, extending from 1.00 to 7.06, while HD95 reached 
11.39 with a span of 2.23 to 57.72.  The XOR error was recorded at 0.38, varying between 0.13 and 1.02. 

DeepLabV3-ResNet152 demonstrated a DSC of 0.74, ranging from 0.07 to 0.87, with an Average 
HD of 2.97 that extended from 1.71 to 4.58.  The HD95 measurement was 12.97, spanning from 7.0 
to 68.80, and the XOR error reached 0.46 with values between 0.22 and 0.98. 

FPN-MIT-B5 recorded a DSC of 0.65, ranging from 0.05 to 0.89, accompanied by an Average HD 
of 3.53 that varied from 1.62 to 8.14.  The HD95 was measured at 15.35, extending from 4.0 to 76.41, 
while the XOR error was 0.51, ranging from 0.21 to 0.97. 

Table 4 summarizes the quantitative results demonstrating the hyperpolarized gas MRI 
segmentation in limited dataset experiments. 

Table 4. Performance metrics for all model architectures on hyperpolarized gas MRI limited dataset experiment 
(25% of training data).  Values are presented as mean (range) for Dice Similarity Coefficient (DSC),  Average 
Hausdorff Distance (Avg_HD), 95th percentile Hausdorff Distance (HD95), and XOR error. 

Model DSC Avg_HD HD95 XOR 

DeepLabV3_resnet152 0.74 (0.07–0.87) 2.97 (1.71–4.58) 
12.97 (7.0–

68.80) 
0.46 (0.22–

0.98) 

FPN_mit_b5 0.65 (0.05–0.89) 3.53 (1.62–8.14) 
15.35 (4.0–

76.41) 
0.51 (0.21–

0.97) 

MEDSAM 0.88 (0.71–0.95) 1.62 (0.68–4.00) 
5.48 (1.41–

12.92) 
0.23 (0.08–

0.52) 

SAM 0.88(0.62–0.94) 1.78 (0.80–4.15) 
6.42 (2.23–

17.72) 
0.24 (0.10–

0.54) 

Unet_vgg19 0.76 (0.19–0.93) 2.64 (1.00–7.06) 
11.39 (2.23–

57.72) 
0.38 (0.13–

1.02) 
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Statistical analysis using Friedman tests with Bonferroni correction revealed the following p-
values for pairwise model comparisons under limited data conditions. For Dice Similarity Coefficient 
measurements, FPN-MIT-B5 compared to DeepLabV3-ResNet152 resulted in a p-value of 0.649, 
while FPN-MIT-B5 versus UNet-VGG19 produced a p-value of 0.001. FPN-MIT-B5 compared to SAM 
and MedSAM both yielded p-values less than 0.001.  DeepLabV3-ResNet152 versus UNet-VGG19 
resulted in a p-value of 0.409, while DeepLabV3-ResNet152 compared to both SAM and MedSAM 
produced p-values less than 0.001.  UNet-VGG19 versus both SAM and MedSAM yielded p-values 
less than 0.001, while SAM compared to MedSAM resulted in a p-value of 1.000. 

Average Hausdorff Distance comparisons showed that MedSAM versus SAM produced a p-
value of 1.000, while MedSAM compared to FPN-MIT-B5, UNet-VGG19, and DeepLabV3-ResNet152 
all resulted in p-values less than 0.001. SAM versus FPN-MIT-B5 yielded a p-value of 0.016, while 
SAM compared to UNet-VGG19 and DeepLabV3-ResNet152 both produced p-values less than 0.001.  
Among traditional models, FPN-MIT-B5 versus UNet-VGG19 resulted in a p-value of 1.000, FPN-
MIT-B5 compared to DeepLabV3-ResNet152 yielded 0.046, while UNet-VGG19 versus DeepLabV3-
ResNet152 produced 0.993. 

For 95th percentile Hausdorff Distance measurements, MedSAM versus SAM resulted in a p-
value of 0.062, while MedSAM compared to UNet-VGG19, FPN-MIT-B5, and DeepLabV3-ResNet152 
all produced p-values less than 0.001.  SAM versus UNet-VGG19 yielded a p-value of 0.518, SAM 
compared to FPN-MIT-B5 resulted in 0.192, while SAM versus DeepLabV3-ResNet152 produced a p-
value less than 0.001.  Among traditional models, UNet-VGG19 versus FPN-MIT-B5 resulted in a p-
value of 1.000, UNet-VGG19 compared to DeepLabV3-ResNet152 yielded 0.092, while FPN-MIT-B5 
versus DeepLabV3-ResNet152 produced 0.272. 

XOR error comparisons revealed that MedSAM versus SAM resulted in a p-value of 1.000, while 
MedSAM compared to UNet-VGG19, FPN-MIT-B5, and DeepLabV3-ResNet152 all yielded p-values less 
than 0.001. SAM versus UNet-VGG19 produced a p-value of 0.001, while SAM compared to FPN-MIT-B5 
and DeepLabV3-ResNet152 both resulted in p-values less than 0.001.  Among traditional models, UNet-
VGG19 versus FPN-MIT-B5 yielded a p-value of 1.000, UNet-VGG19 compared to DeepLabV3-ResNet152 
produced 0.122, while FPN-MIT-B5 versus DeepLabV3-ResNet152 resulted in 0.147. 

Figure 13s-16s in supplementary materials illustrates the dramatic difference in performance 
distributions in full training data experiments for hyperpolarized gas MRI. 

4. Discussion 

This study provides comprehensive evidence that foundational models offer significant practical 
advantages over traditional deep learning architectures in medical imaging, particularly when data 
availability is constrained—a common scenario in clinical practice. Our findings reveal nuanced 
patterns that have important implications for the deployment of AI systems in medical imaging 
workflows. Representative qualitative comparisons illustrating these performance differences across 
model architectures are provided in the supplementary material (Figures 17s and 18s). 

A. Performance Analysis in Full Dataset Conditions 

1) Proton MRI Full Dataset Performance 

In proton MRI with full dataset availability, foundational models demonstrated clear superiority 
across multiple evaluation metrics.  Both MedSAM and SAM achieved identical DSC values of 0.92, 
with MedSAM showing slightly superior boundary accuracy (HD95: 3.27 vs 3.31) and geometric 
precision (Average HD: 1.18 vs 1.20).  Statistical analysis revealed that both foundational models 
significantly outperformed DeepLabV3-ResNet152 across all metrics (p<0.001 for DSC, Average HD, 
HD95, and XOR error), indicating consistent advantages in overlap accuracy, spatial precision, and 
pixel-wise agreement. 

Among traditional architectures, FPN-MIT-B5 emerged as the most competitive, achieving 
performance levels comparable to foundational models (DSC: 0.92, no significant difference vs SAM 
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and MedSAM, p=1.000).  However, UNet-VGG19 and DeepLabV3-ResNet152 showed varying 
degrees of inferiority.  The statistical analysis revealed that MedSAM significantly outperformed 
UNet-VGG19 in Average HD (p=0.001) and HD95 (p=0.002), while both foundational models 
demonstrated superior pixel-wise accuracy compared to DeepLabV3-ResNet152 and UNet-VGG19. 

These results align with expectations based on the extensive pre-training of foundational models 
on diverse medical and natural imaging datasets, providing them with robust feature representations 
that transfer effectively to medical segmentation tasks. 

2) Hyperpolarized Gas MRI Full Dataset Performance 

The hyperpolarized gas MRI full dataset results revealed a markedly different pattern, with 
substantially smaller performance gaps between foundational and traditional models. All 
architectures achieved remarkably similar DSC values (0.91-0.92), suggesting that the specialized 
characteristics of hyperpolarized gas imaging initially neutralize the typical advantages of 
foundational models. 

Statistical analysis confirmed this convergence, with no significant differences in DSC between 
most model pairs.  Notably, SAM and MedSAM showed no significant differences compared to 
FPN-MIT-B5, UNet-VGG19, and each other across DSC metrics. Only DeepLabV3-ResNet152 
showed consistently inferior performance, with significant differences compared to all other models 
in DSC (p≤0.001). 

The convergent performance in hyperpolarized gas MRI likely results from the unique imaging 
characteristics inherent to this modality: low signal-to-noise ratios, specialized contrast mechanisms, 
and distinct anatomical representations that differ substantially from conventional imaging.  These 
factors may require domain-specific adaptations that temporarily level the playing field between 
foundational and traditional approaches. 

B. Critical Performance Divergence Under Data Scarcity 

1) Proton MRI Limited Dataset Analysis 

The transition to limited data scenarios revealed the most clinically significant finding of this 
study.  In proton MRI with only 25% of training data, foundational models demonstrated 
remarkable resilience while traditional architectures suffered catastrophic performance collapse. 

MedSAM and SAM maintained near-optimal performance with minimal degradation (DSC 
remained at 0.92 for both models), showing no significant differences between themselves (p=1.000) 
and maintaining excellent boundary accuracy (HD95: 3.68 and 3.94 respectively).  This resilience 
represents a critical clinical advantage, as these models retained their full-data performance levels 
even with severely limited training examples. 

In stark contrast, traditional models experienced severe performance deterioration.  FPN-MIT-
B5 showed the most dramatic collapse, with DSC dropping from 0.92 to 0.53—a decrease of 0.39 
points—accompanied by substantial increases in HD95 (from 3.38 to 18.55) and Average HD (from 
1.24 to 5.28). DeepLabV3-ResNet152 also suffered significant decline (DSC: 0.92 to 0.71), while UNet-
VGG19 demonstrated the best resilience among traditional models but still substantially inferior to 
foundational approaches (DSC: 0.92 to 0.79). 

Statistical analysis confirmed that both foundational models significantly outperformed all 
traditional architectures across all metrics (p<0.001 for all comparisons), while showing no significant 
differences between themselves.  This dramatic divergence illustrates the fundamental advantage of 
pre-trained representations when training data becomes scarce. 

2) Hyperpolarized Gas MRI Limited Dataset Analysis 

Despite the specialized nature of hyperpolarized gas MRI, the limited data scenario revealed 
similar patterns favoring foundational models, though with attenuated effect sizes compared to 
proton MRI. MedSAM and SAM maintained strong performance with DSC values of 0.88, 
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representing moderate decreases of 0.04 from full dataset conditions, while preserving superior 
boundary accuracy (HD95: 5.48 and 6.42 respectively). 

Traditional models again showed variable but substantial performance degradation. FPN-MIT-
B5 experienced the most severe decline (DSC: 0.91 to 0.65), while UNet-VGG19 demonstrated better 
resilience among conventional approaches (DSC: 0.91 to 0.76).  Statistical analysis confirmed 
foundational model superiority, with both SAM and MedSAM significantly outperforming all 
traditional architectures in DSC (p<0.001). 

Importantly, while the absolute performance gaps were smaller in hyperpolarized gas MRI 
compared to proton MRI, the relative advantage of foundational models in limited data scenarios 
remained pronounced and statistically significant.  This suggests that foundational model benefits 
in medical imaging extend beyond simple domain adaptation to encompass fundamental learning 
efficiency advantages that persist across imaging modalities. 

C. Data Efficiency and Accessibility 

The superior data efficiency of foundational models has profound implications for clinical 
implementation.  Traditional deep learning approaches often require extensive, institution-specific 
datasets and prolonged training periods, creating substantial barriers for smaller clinical centers or 
specialized applications with limited data availability.  Our findings demonstrate that foundational 
models can maintain high performance with only 25% of the original training data, potentially 
reducing data collection requirements by 75%. 

This efficiency advantage is particularly relevant for hyperpolarized gas MRI, which is currently 
available at only a limited number of specialized centers worldwide due to equipment complexity 
and expertise requirements.  The ability of foundational models to maintain reliable performance 
with limited local datasets could significantly democratize access to automated segmentation tools, 
enabling smaller medical centers to benefit from advanced AI capabilities without extensive local 
data collection efforts. 

D. Reliability and Clinical Confidence 

The consistency and reliability of foundational model performance under varying data 
conditions could enhance clinical confidence in AI-assisted diagnoses.  Our results show that 
foundational models maintained tight, consistent performance distributions with minimal outliers 
even under data constraints, while traditional models exhibited increased variability and numerous 
outliers, indicating unstable performance across different cases. 

This reliability is crucial for clinical acceptance, as healthcare providers require predictable and 
consistent AI tool performance across diverse patient populations and imaging conditions. The 
reduced variability observed with foundational models suggests they may provide more clinically 
acceptable outcomes with better worst-case performance guarantees. 

Resource Allocation and Development Strategy 
From a healthcare system perspective, our findings suggest that resources invested in 

foundational model development and deployment may yield greater returns than traditional 
approaches, particularly for specialized applications.  The ability to achieve strong performance 
across multiple imaging modalities with limited training data could reduce overall development 
costs and accelerate clinical translation timelines. 

E. Impact of Imaging Characteristics 

The differential performance patterns observed between proton MRI and hyperpolarized gas 
MRI provide valuable insights into the relationship between imaging modality characteristics and 
model architecture advantages.  The convergent performance in hyperpolarized gas MRI full dataset 
conditions suggests that highly specialized imaging domains may initially require domain-specific 
adaptations that diminish general-purpose foundational model advantages. 
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However, the persistent advantage of foundational models under data constraints across both 
modalities indicates that their benefits transcend simple domain similarity considerations. The pre-
learned representations appear to capture fundamental imaging features that facilitate more efficient 
learning even in specialized domains. 

F. Implications for Model Selection 

These findings suggest that clinical centers should prioritize foundational model approaches, 
particularly for applications where data availability is inherently limited.  However, the modality-
specific performance patterns also highlight the continued importance of domain expertise and 
specialized model development for highly specialized imaging applications. 

The optimal approach may involve combining the data efficiency advantages of foundational 
models with domain-specific fine-tuning strategies tailored to particular imaging modalities or 
clinical applications.  This hybrid approach could maximize both the general learning efficiency of 
foundational models and the specialized performance requirements of specific clinical domains. 

G. Limitations and Future Directions 

Several limitations warrant consideration in interpreting these results.  First, our analysis 
focused on segmentation tasks within specific anatomical regions (lung segmentation). The 
generalizability of these findings to other anatomical structures, pathological conditions, or 
segmentation tasks requires further investigation. 

Second, the 25% data reduction scenario, while clinically relevant, represents only one point 
along the data scarcity spectrum.  Future studies should explore performance across various data 
availability levels to better characterize threshold effects and optimal data requirements for different 
model architectures. 

Third, our study did not extensively explore computational efficiency and resource 
requirements.  While foundational models demonstrated superior performance, their larger 
memory footprints and computational demands may present practical challenges in resource-
constrained clinical environments. 

The choice of bounding box prompts for foundational models, while clinically practical, may 
have influenced comparative results.  Future research should explore alternative prompting 
strategies and their impact on relative model performance. 

5. Conclusions 

This study provides compelling evidence that foundational models offer significant practical 
advantages over traditional deep learning architectures for medical image segmentation, particularly 
in data-constrained scenarios that are common in clinical practice.  Our comprehensive evaluation 
across two distinct imaging modalities—proton MRI and hyperpolarized gas MRI—reveals 
consistent patterns that have important implications for clinical AI deployment. 

Our results demonstrate that foundational models (SAM and MedSAM) maintain robust 
performance when transitioning from full to limited data scenarios, with minimal degradation in 
segmentation accuracy across both imaging modalities.  In contrast, traditional architectures (UNet-
VGG19, FPN-MIT-B5, DeepLabV3-ResNet152) suffer substantial performance collapse under data 
constraints, with some models experiencing DSC decreases exceeding 30%. 

Importantly, while specialized imaging characteristics (as observed in hyperpolarized gas MRI) 
may initially level performance differences between foundational and traditional approaches under 
full data conditions, foundational models retain their resilience advantages when data becomes 
scarce.  This suggests that the benefits of foundational approaches extend beyond simple domain 
transfer to encompass fundamental learning efficiency advantages. 

These findings have profound implications for the deployment of AI tools in medical imaging 
workflows.  The superior data efficiency of foundational models could significantly lower barriers 
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to implementing automated segmentation in specialized imaging applications, resource-limited 
settings, and emerging clinical domains where large datasets are difficult to obtain. 

For hyperpolarized gas MRI specifically, our results suggest that foundational models could enable 
more widespread adoption of automated biomarker quantification tools, potentially improving the 
accessibility and standardization of this important but specialized imaging technique.  The consistency 
and reliability of foundational model performance under varying data conditions could enhance clinical 
confidence in AI-assisted diagnoses and enable more robust quality assurance protocols. 

Our findings suggest that the medical imaging community should consider prioritizing 
foundational model approaches, particularly for applications where data availability is inherently 
limited.  This paradigm shift could accelerate the development and deployment of AI tools in 
specialized medical imaging domains and improve the accessibility of advanced image analysis 
capabilities across diverse clinical settings. 

However, the modality-specific performance patterns observed in our study also highlight the 
continued importance of domain expertise and specialized model development for highly specialized 
imaging applications. The optimal approach may involve combining the data efficiency advantages 
of foundational models with domain-specific adaptations tailored to particular imaging modalities 
or clinical applications. 

As medical imaging continues to evolve with new technologies and clinical applications, the 
need for robust, data-efficient AI tools becomes increasingly critical.  Our results provide strong 
evidence that foundational models offer a promising path forward, particularly for addressing the 
data scarcity challenges that have historically limited the clinical translation of AI tools in specialized 
medical imaging domains. 

The consistent performance advantages observed across different imaging modalities and data 
availability scenarios suggest that foundational approaches may become the preferred standard for 
medical image segmentation tasks.  This transition could ultimately lead to more reliable, accessible, 
and clinically useful AI tools that better serve the diverse needs of modern medical imaging practice. 

Building on these findings, our future research will focus on advancing multimodal approaches 
that integrate language and vision capabilities for enhanced medical image segmentation, leveraging 
natural language descriptions of anatomical structures and pathological findings to improve 
segmentation accuracy and clinical interpretability.  Additionally, we plan to explore agentic 
segmentation revision frameworks that can iteratively refine segmentation results through 
autonomous quality assessment and correction mechanisms, potentially leading to more robust and 
clinically reliable automated segmentation systems that can adapt and improve their performance in 
real-time clinical workflows. 
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