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Abstract

Segmentation Foundation Models (SFMs), despite their success in general computer vision,
remain suboptimal for medical imaging, where clinical requirements like fairness and robustness
are paramount. Existing benchmarks fail to address these needs and often rely on datasets with
potential training data leakage. To bridge this gap, we introduce “OrganSegBench”, a
comprehensive benchmark evaluation framework built on a new and high quality data resource
from 701 subjects with 16 annotated organs and detailed demographics. Using this resource, we
systematically evaluated six state-of-the-art SFMs across five key dimensions: accuracy,
generalization, robustness, fairness, and clinical utility. Our analysis uncovers a fundamental trade-
off: the most accurate models are consistently the least fair, with no single model achieving
excellence across all dimensions. To resolve this dilemma, we propose two ensemble strategies:
training-free fusion and multi-source knowledge distillation. Notably, both approaches decisively
outperformed every individual SFM across all evaluation dimensions, resolving the accuracy-
fairness trade-off. These findings expose the inherent limitations of current monolithic SFMs and
establish principled model synergy as a practical and superior pathway toward building safe,

equitable, and clinically robust Al

Keywords: Segmentation foundation models, Medical imaging, Benchmark evaluation, Ensemble

learning



Main

Medical foundation models hold immense value!?, with imaging, a crucial modality in the medical
domain, providing unique and comprehensive non-invasive disease assessments. Its paramount
challenge lies in achieving fully automated segmentation of multiple organs or lesions, urging the
development of foundation models for effective target segmentation. Segmentation foundation
models, epitomized by the Segment Anything Model (SAM), have reshaped the landscape of
computer vision®. Pre-trained on vast, heterogeneous datasets, these models learn powerful feature
representations that generalize effectively to new data within familiar tasks, even from unseen
datasets*°. Particularly, certain prompt-based foundation models (e.g. SAM) can achieve effective
segmentation without any task-specific fine-tuning, demonstrating remarkable zero-shot
generalization capabilities® °. This paradigm shift promises to democratize artificial intelligence
(AI) by reducing the reliance on costly expert annotations and accelerating the development of
adaptable Al systems!®!!. Their prompt-driven design—using inputs like bounding boxes (bboxes)
or text prompts to specify a target—offers a flexible and intuitive interface for complex

segmentation tasks, hinting at transformative potential in specialized fields'>!3,

However, the translation of this success into the high-stakes domain of medical imaging remains
a formidable challenge'*!®. The inherent complexity, subtle inter-patient variability, and distinct
image properties of clinical data cause generalist models like SAM to yield suboptimal and
unstable performance’. Domain-specific adaptations, such as MedSAM!'®, or advanced 3D
architectures like SAT!” and TotalSegmentator'®, improve accuracy but expose deeper challenges,

19-21

most notably algorithmic fairness'” ~'. Performance biases across demographic subgroups have

been observed, posing a significant barrier to the safe and equitable deployment of Al in clinical

practice, where health equity is paramount®>2*,

This translational gap is exacerbated by the limitations of current benchmarking practices. Many
evaluations rely on public datasets from multiple sources. Those datasets, while diverse in patient
demographics, disease presentations, and imaging modalities, suffer from inconsistent data quality,
various annotation standards, and a lack of metadata comprehensiveness®>?®. These
inconsistencies undermine evaluation validity and hinder fairness analyses. Moreover, most public

datasets introduce the risk of data leakage®’, as foundation models’ pre-training corpora may



inadvertently contain evaluation data, leading to inflated performance estimates. Compounding
this issue, most benchmarks remain narrowly focused on accuracy metrics such as the Dice
Similarity Coefficient (DSC), neglecting clinically vital dimensions including robustness—
reliable performance under challenging conditions—and fairness across diverse patient
populations®®. The result is an incomplete and often overly optimistic assessment of clinical

readiness.

To tackle these critical limitations, we introduce a comprehensive framework named
"OrganSegBench", aiming to propel foundation model technology from bench to bedside, bridging
the gap between research and practical clinical applications (Fig. 1). Our work is grounded in a
new and high quality dataset from 701 subjects, featuring 16 annotated anatomical structures and
corresponding demographic metadata per subject (Supplementary Fig. 1,2, Supplementary

Table 1). We utilized the data resource from PhenoBank (https://www.phenobank.org.cn/), which

was publicly released for the first time by our institution. This dataset ensures annotation
consistency and eliminates the risk of data leakage. Using this OrganSegBench framework, we
conducted a multi-dimensional evaluation of six prominent SFMs, assessing their accuracy,
generalization, robustness, demographic fairness, and clinical utility. Furthermore, we introduce
two ensemble strategies, training-free fusion and multi-source knowledge distillation, to improve
SFM performance and cost-effective clinical deployment. Our results reveal not only the
fundamental constraints of current models but also that ensemble-based approaches consistently
deliver superior performance across all five evaluation dimensions. This work establishes both a
new benchmark and deployment paradigm for advancing the next generation of medical

segmentation models.

Results

Overview

As illustrated in Fig.1A-F, OrganSegBench provides a framework for evaluating diverse
segmentation foundation models (SFMs). Its adaptable design accommodates heterogeneous SFM
frameworks, such as bbox-prompted, text-prompted, and prompt-free approaches—enabling
standardized benchmarking across imaging modalities and laying the groundwork for future online

platform development. The framework assesses SFM performance across five critical dimensions:


https://www.phenobank.org.cn/

accuracy, generalization, robustness, fairness, and clinical utility. Comparative analysis revealed
that bbox-prompted SFMs (SAM?, MedSAM'®, SAM22°, MedSAM23?) consistently outperformed
text-prompted (SAT>!) and prompt-free (TotalSeg'®) models (Supplementary Table 2) in
accuracy, generalization, robustness, and clinical utility. Conversely, SAT and TotalSeg achieved
superior fairness across attributes of age, gender and Body Mass Index (BMI), an important
consideration for equitable healthcare deployment (Fig.1H). To probe spatial heterogeneity in
segmentation errors, we further developed a novel visualization method that maps anatomical
region—specific error distributions into organ point cloud. This method offers radiologists targeted
quality-control insights and guides researchers in developing task-specific optimizations for
critical anatomical areas. Finally, we implemented two ensemble strategies. The first is a training-
free fusion strategy that integrates predictions from all six SFMs with simple logical operations.
The second strategy proposes multi-source knowledge distillation to train a single, specialized
model from their combined knowledge. Both approaches consistently surpassed the performance
of any individual model, demonstrating a lightweight yet effective pathway toward clinically

robust, equitable, and high-performing medical Al.

Individual foundation models show performance heterogeneity

As shown in Fig.2 and Supplementary Table 3-6, our investigation reveals that the clinical
potential of current SFMs is undermined by profound performance heterogeneity. We found a
distinct performance hierarchy among the six models (Fig. 2A, C-E), where bbox-prompted
architectures (DSC of 0.77, 0.79, 0.66, and 0.76 for SAM, SAM2, MedSAM, MedSAM?2,
respectively) consistently achieved higher overall accuracy than text-prompted (DSC of 0.61 for
SAT) or prompt-free (DSC of 0.58 for TotalSeg) approaches. While these models excelled at
segmenting large, well-demarcated organs (e.g. lung, liver, kidney, spleen), their performance
degraded significantly on smaller or more complex targets (e.g. pancreas, vessels). This weakness
was particularly acute for SAT and TotalSeg, which went through a major breakdown (DSC < 0.4)
in segmenting cardiac substructures. The similar results were observed using 95% Hausdorff
Distance(HD95) for evaluation (Fig. 2B, F-H). Notably, the MedSAM outperformed other SFMs
in vessel segmentation (Fig. 2H, ranked by mean HD95 among vessels segmentation:

MedSAM][4.7] < SAM[6.0] < MedSAM2[6.1] < SAM2[7.3] < TotalSeg [29.4] < SAT[31.7)).



Counter-intuitively, domain specialization did not guarantee superior performance. The medically-
focused MedSAM was consistently outperformed by the generalist SAM (mean DSC[0.66],
HD95[9.6] of MedSAM vs. mean DSC[0.77], HD95[8.6]) in large organ segmentation,
challenging the prevailing assumption that domain-specific fine-tuning is universally beneficial.
Additionally, while the segmentation performance of other SFMs exhibited a positive correlation
with the degree of consistency with radiologists’ annotations, MedSAM demonstrated a negative
correlation in large-organ segmentation and showed suboptimal performance on samples
considered to be of low segmentation difficulty (Fig. 21, J). This suggests it can erode the robust
generalizability learned from vast, diverse datasets. To further dissect performance, we visualized
the spatial distribution of errors for five representative organs (Fig. 3A-E). This spatial analysis
revealed distinct, model-specific limitation modes: bbox-prompted models tended to produce
errors in the core of organs, whereas bbox-free models like SAT and TotalSeg were more prone to
errors at anatomical boundaries. Notably, all models struggle with challenging sub-regions, such as the
renal medulla, highlighting areas that may require expert oversight (Fig. 3C). These findings underscore
that a single accuracy score can mask diverse and critical underlying error patterns, as even the
top-performing models, SAM and SAM2, exhibited substantial performance variability across

different anatomical sub-regions.

Performance on challenging cases reveals clinical brittleness

A model's true clinical viability is determined not by its average performance, but by its robustness
in difficult, real-world cases®>. To simulate this, we stress-tested each model on the most
challenging 5% of cases for each organ—a sub-cohort where diagnostic accuracy is most critical.
As shown in Fig. 4, in these high-stake scenarios, the superior robustness of bbox-prompted
models became evident; they largely maintained their segmentation quality with only minor
degradation. In stark contrast, SAT and TotalSeg collapsed catastrophically, particularly on
cardiac segmentation (Fig. 4A, C-E). The similar results were observed using HD95 for
performance evaluation on challenging cases(Fig. 4B, F-H). Notably, the performance of SAM2
was decreased significantly in vessel segmentation(Fig. 4H). This wbrittleness exposes a critical
flaw: models that appear adequate on average may be dangerously unreliable when faced with

atypical anatomy or lower-quality scans. This finding underscores that conventional evaluation



metrics are insufficient for assessing clinical safety®® and that robustness to challenging cases must

be a primary benchmark for any model intended for medical use.

A fundamental trade-off exists between model accuracy and demographic fairness

Beyond accuracy and robustness, the ethical deployment of medical Al hinges on fairness. Our
analysis of model performance across demographic subgroups—gender, age, and BMI**¥—

uncovered a deeply concerning trade-off: the most accurate models were consistently the least fair.

Shown in Fig. 5, SAM and SAM2, despite leading in accuracy (DSC), displayed significant,
systematic biases, particularly regarding gender(Fig. SA, G), where they performed better on male
subjects for the majority of organs (Fig. SH). Conversely, SAT, one of the weaker models on
accuracy metrics, demonstrated markedly greater fairness. Similarly, bbox-prompted models
exhibited substantial fairness issues across age and BMI attributes (Fig. SB, C). For instance, SAM
and SAM2 achieved higher accuracy in older age groups and subgroups with higher BMI (Fig.
S5H). Notably, we found that under the HD95 metric, these models showed improved fairness
relative to the DSC metric with respect to gender and age, indicating consistently equitable
performance in segmenting organ boundaries. This inverse relationship between accuracy and
fairness exposes a critical dilemma for clinical translation: the architectural features or data priors
that drive high accuracy may simultaneously amplify systemic biases. These biases were complex
and attribute-dependent, with no single SFM achieving equitable performance across all
demographic groups. Additionally, the divergence between HD95 and DSC reveals that fairness
is metric-dependent: models can exhibit improved equity in boundary delineation while showing
biases in volumetric overlap. This underscores the necessity of context-specific fairness
evaluations aligned with clinical priorities. This work quantifies the tangible risk that deploying
current state-of-the-art models could inadvertently perpetuate or even exacerbate existing health

inequities.
Contradictory performance profiles limit the clinical utility of any single model

To connect abstract metrics with practical use, we assessed the clinical utility of each SFM on two

common downstream tasks: cardiac function analysis and multi-organ volumetry®>3¢. The results



crystallized the core problem: no single model offers a universally reliable solution due to

contradictory performance profiles.

For quantifying cardiac phenotypes, such as ejection fraction, the bbox-prompted models' high
accuracy in cardiac segmentation translated directly to superior utility (Table 1). However, this
performance hierarchy inverted when assessing multi-organ volumetric accuracy for non-cardiac
structures. In this task, SAT and TotalSeg—despite their cardiac failures—outperformed the more
accurate SAM-family models. Their competent segmentation of large abdominal organs was
sufficient to make them the better choice for general volumetry. This paradox highlights an
untenable situation for clinical practice: one must choose between a model that excels at cardiac
analysis and another that is better for abdominal volumetry, making a unified, efficient workflow

impossible with any single SFM.

A synergistic ensemble of models overcomes individual limitations

Given the complementary strengths and weaknesses of individual SFMs, we hypothesized that a
synergistic ensemble could transcend the limitations of any individual model. We validated this
by evaluating five training-free ensemble strategies and three multi-source knowledge distillation

methods.

As shown in Fig. 6, the results were clear: both ensemble approaches consistently outperformed
every individual model. Among training-free fusion strategies, a simple average (AVQ) fusion of
all six models dominated every individual SFM. The AVG fusion achieved superior accuracy
(mean DSC 0.83 vs. 0.79 for the best individual model, Fig. 6A), demonstrated greater robustness
on challenging cases, and offered the most consistent generalization across organs (Fig. 6C, E).
Crucially, it resolved the accuracy-fairness trade-off by maintaining high fairness without
compromising its top-tier accuracy (Fig. 6G-I). Similar results were observed by using HD95
metrics. In terms of clinical utility, it delivered the most accurate cardiac measurements while

remaining highly competitive for multi-organ volumetry (Table 1).

Multi-source knowledge distillation produced even better results. Distilled student models
consistently achieved a new state-of-the-art in accuracy, with the distilled PUNet model reaching

amean DSC of 0.86. This specialist approach also delivered superior generalization, evidenced by



a lower standard deviation in accuracy across organs (0.07 vs. 0.11 for the best individual model),
while simultaneously preserving and enhancing fairness. More detailed results of ensemble
learning strategies in organ, vessel segmentation performance enhancement can be found in
Supplementary Fig. 3,4. In summary, both ensemble strategies, despite of their heterogeneous
design, produced a clinically more reliable and equitable performance profile than any individual
SFM, highlighting a direct path toward more robust real-world utility (Fig. 6M, N). This result
suggests a paradigm shift: instead of seeking a single all-purpose foundation model, safer, more
effective, and more equitable clinical Al may be achieved through principled fusion of diverse

models.
Discussion

Our comprehensive benchmarking of SFMs reveals a critical disconnect between their theoretical
promise and their practical readiness for clinical deployment®’. By establishing OrganSegBench,
a framework grounded in a meticulously curated, single-institution dataset, we moved beyond
simplistic accuracy metrics to conduct a multi-dimensional comprehensive evaluation. The results
are sobering: no single state-of-the-art model performs well across all essential clinical relevant
dimensions. Most notably, we identified a fundamental and pervasive trade-off between
segmentation accuracy and demographic fairness—a dilemma that poses a substantial ethical
barrier to clinical adoption. That high accuracy can inadvertently amplify bias underscores the

urgent need to reconsider optimization priorities in medical Al.

Furthermore, our analysis challenges several prevailing assumptions. The superior performance of
the generalist SAM over the domain-specialized MedSAM suggests that current fine-tuning
strategies may be overly restrictive, potentially sacrificing the robust representations learned from
diverse, large-scale data®**%. Moreover, by visualizing spatial error distributions, we provide a new
diagnostic lens for understanding how models fail, revealing distinct error topographies (e.g.,
central vs. boundary failures) that are invisible to standard metrics like DSC?®. This shift in
perspective moves the field from simply measuring outcomes toward understanding model
behavior. By simulating real-world clinical tasks such as quantification of cardiac features and
multi-organ volumes, we demonstrate that model performance is highly task-dependent,

underscoring the necessity of context-aware model selection and the limitations of relying on



isolated metrics. Our pragmatic, application-oriented evaluation framework, OrganSegBench not
only provides a multi-dimensional assessment incorporating critical clinical metrics but is also
designed to adaptively integrate future clinical tasks such as disease prediction, surgical planning,
and morphological analysis, thereby systematically bridging the gap between algorithmic
performance and real-world usability and accelerating the clinical deployment of foundational

models.

The most significant conceptual advance of our work is the demonstration that ensemble learning
strategies, even a simple, training-free ensemble of existing models can overcome the limitations
of any single constituent. The consistent superiority of the AVG fusion and multi-source
knowledge distillation across almost all evaluation dimensions offers a powerful paradigm shift.
It challenges the dominant trajectory in Al development, which often prioritizes the creation of
ever-larger, monolithic models as a generalist for all tasks***!. Notably, the choice between these
two ensemble strategies can be tailored to specific application scenarios. The voxel-averaging
ensemble requires no prior training and is well-suited for smaller-scale or heterogeneous datasets,
enabling rapid and straightforward deployment. In contrast, multi-source distillation leverages
learned target-domain knowledge, making it ideal for larger, more consistent datasets where post-
training efficiency and task-specific optimization are critical. Together, these approaches
underscore the high potential of ensemble strategies for enhancing the overall performance of
foundation models. Our findings suggest a more pragmatic and potentially more effective path
forward: model synergy over model scale. The future of clinical Al may not rest on a single "super-
model," but on the intelligent and principled fusion of diverse, complementary architectures,
including Mixture of Experts (MoE), which has proven highly effective in enhancing the

performance of foundation models*.

This work also establishes OrganSegBench not as a static leaderboard, but as a living framework
to drive community progress. We acknowledge, however, that our dataset originates from a single
institution. This raises important questions about how our findings generalize across different
imaging facilities, protocols, and patient populations. Future work must validate these results on
multi-institutional data with more cases. Meanwhile, we need to implement stringent quality
control measures for multi-center data and maintain uniform standards during segmentation

annotation. Additionally, our study focused on zero-shot performance; the dynamics of these trade-
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offs might change with model fine-tuning. We plan to address these limitations by developing
OrganSegBench into an open online platform, enabling the community to benchmark new models
and helping to build a more robust, multi-institutional evidence base. Additionally, since SAM-
based models require bounding boxes as input, their performance is not annotation-free but
implicitly relies on weak supervision. This introduces a potential dependency on both the quality
and consistency of human annotators. To mitigate this limitation in our study, all bounding boxes
were generated by multiple radiologists using a semi-automatic tool following established
protocols (e.g., MedSAM). This approach ensures high annotation consistency at a lower cost
compared to full mask annotation. Nevertheless, future efforts should focus on reducing this
human dependency, for example, by incorporating automated bounding box generation derived
from prompt-free models, segmentation-prior networks, or generative prompting strategies*. Such
advancements would minimize anthropic bias and enhance the reproducibility of model

performance.

In conclusion, this study provides a necessary reality check on the current state of segmentation
foundation models in medicine. The uncritical translation of generalist models to clinical practice
carries substantial risk. Even state-of-the-art SFMs exhibit critical weaknesses in robustness and
fairness that are obscured by accuracy metrics alone. We reveal a fundamental trade-off between
performance and demographic equity, challenging the notion that a single universally superior
model is attainable—or even desirable. Crucially, our results point to a constructive way forward:
ensemble learning strategies systematically outperform individual models across every dimension,
from accuracy to fairness. This principle of synergy over scale marks a paradigm shift for clinical
Al moving away from monolithic models toward intelligent synthesis of complementary systems.
By diagnosing current limitations and demonstrating the power of collective approaches, this work
provides a roadmap for building the next generation of medical Al—effective, safe, equitable, and

ultimately worthy of clinical trust.

Methods

The OrganSegBench Dataset
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Data Acquisition and Cohort. To evaluate the performance of SFMs and eliminate potential data
leakage from pre-training corpora, we utilized the data resource from PhenoBank
(https://www.phenobank.org.cn/) that was publicly released for the first time. This study adhered
to the ethical standards of the 1975 Declaration of Helsinki(No.BE1828). The dataset contains
multi-omics data from 1,008 individuals. We conducted screening on the complete data
comprising images of all organs and ultimately included multi-organ images from 701 individuals
in this study. The dataset includes multi-modal imaging scans (Chest-CT, Abdomen-MRI, and
Heart-MRI) from a single institution. This dataset ensures consistency in imaging protocols and
annotation standards. All participants provided informed consent, and the study was approved by

the institutional review board. Key acquisition parameters were standardized as below.

® Chest-CT: Scans were acquired with a tube voltage of 100 kV, tube current of 134 mAs,
slice thickness of 1.0 mm, FOV of 512 x 512 mm?, and spatial resolution of 0.68 x 0.68
mm?. A breath-holding protocol was used for stability. Images were reconstructed using
fast cone-beam filtered back projection. Windowing was set to a width/level of 1, 000/ —
650 HU for lung and 350/40 HU for mediastinum.

® Abdomen-MRI: Scans of the liver, spleen, and kidneys utilized a two-echo mDIXON-
TSE sequence on the axial plane with breath-holding. Key parameters included a slice
thickness of 2.5 mm, FOV of 400 x 400 mm?, spatial resolution of 0.88 x 0.88 mm2, TR/TE
of 1.31/2.20 ms, flip angle of 10° , and a SENSE factor of 2.0.

® Heart-MRI: Cine imaging with 24 cardiac phases was performed using a segmented
TrueFISP sequence. Short-axis (SA) views were acquired with a slice thickness of 8.0 mm,

FOV of 400 x 400 mm?2, spatial resolution of 0.7 x 0.7 mm?, and TR/TE of 3.42/1.50 ms.

Further details on imaging protocols and inclusion/exclusion criteria are provided in the

Supplementary Materials***.

Manual Annotation. For each of the 701 subjects, a total of 16 anatomical structures (9 large
organs and 7 major vessels) were manually segmented to create ground-truth masks. All
annotations were performed by five experienced radiologists with over 10 years of experience.
The overall segmentation consistence among the annotations from different radiologists are shown

in Supplementary Fig. 1. The dataset also includes demographic information for fairness
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evaluation: gender (289 males, 412 females), age (ranging from 20 to 60 years), and BMI (ranging
from 14.8 to 48.4 kg/m?2).

Organ Segmentation using SFMs

We benchmarked six prominent SFMs of 3 paradigm (Bbox-prompted, Text-Prompted, Prompt-
Free), selected to represent the current diversity in model architecture and prompting strategy. For
a given dataset D, let the i-th subject be S; and their 3D image of a specific modality be X; ;;,04-
The evaluated models were SAM (Mgap), MedSAM (Myeasam), SAM2 (Mg i), MedSAM?2
(Mumeasamz), SAT (Msur), and TotalSegmentator (Myotaiseg)- All models were used with their

original pre-trained weights.

® Bbox-Prompted Models: M4y, Myeasam > Msamz > and Myeasamz are 2D models
requiring prompts. 3D images X; were processed as a sequence of 2D slices x; ;. Based on
prior work showing the superiority of bounding box prompts, we used the ground-truth
bbox B; j, as the prompt for segmenting organ o in slice j. The resulting segmentation
mask for the j -th slice is denoted as Yl/’_\’;o = JV[N(xi_ »Bijo) » where N €
{1, 2, 3, 4} corresponds to the four models.

® Text-Prompted Model: Mg, is a 3D model that accepts text prompts. To ensure

consistency, we used simple prompts consisting of the modality and organ name (e.g., “CT”

SAT  _
Yl,mod,o -

and “Lung”). The segmentation output for organ o in image X; ;,,oq 1 denoted as
Msar (X i mod» Mod, 0).We used the MONAL library to restore output dimensions to match
the original input.

® Prompt-Free Model: M7,qi5¢4 1s @ 3D model that requires no external prompts. It was

—

TotalSeg __
Yl,mod,o -

applied directly using its default configuration, with the output defined as

MTotalSeg (Xi,mod) .

Multi-Dimensional Performance Evaluation

Accuracy: We evaluated volumetric and boundary accuracy using the Dice Similarity Coefficient
(DSC) and the 95™ percentile Hausdorff Distance (HD95), respectively. The average performance

for a given model m on an organ o across all samples was recorded as DS C[;‘l}n andHD95?,l,]m. We

13



also analyzed performance correlation with annotation difficulty. For a subset of 30 samples, five
radiologists performed repeated annotations. The inter-rater DSC was used to stratify the samples
into low, medium, and high annotation difficulty groups, against which model performance was
compared. Furthermore, we analyzed the spatial distribution of segmentation errors to identify

anatomical regions of failure (details in Supplementary Materials).

Robustness: We assessed model performance on the most challenging cases. For each model m

and organ o, we identified the subset of samples corresponding to the lowest 5% DSC values,

Sg f,(l: % and the highest 5% HD95 values, 525195’ % The average performance on these subsets,

0,

5% 0 . .
DSCymand HD95, ,,, was calculated to quantify robustness. Performance degradation was

measured as the difference between the overall average and this worst-case average.

Fairness: To investigate algorithmic bias, we stratified the cohort by gender (male, female), age
(20-30, 30-40, 40-50, 50-60 years), and BMI (< 21, 21-24, >24). For each sensitive attribute, a
one-way analysis of variance (ANOVA) was applied to the DSC and HD95 distributions to test
for statistically significant performance differences among subgroups. A non-significant result
(p = 0.05) was interpreted as fairer performance. We also quantified systematic bias by
calculating “performance advantage counts" for each subgroup, tallying the number of organs for

which a model performed significantly better for that subgroup.

Clinical Utility: We evaluated the applicability of the models for downstream clinical tasks. For
cardiac analysis, we computed eight phenotypes (LVEDV, RVEDV, LVESV, RVESV, LVSV,
RVSV, LVEF, RVEF) from the model generated masks and calculated the absolute error (and
error rate) against phenotypes derived from ground-truth masks. For other organs, we calculated

the volume from the ground-truth mask (Vgr) and the model’s segmentation (V) to derive the

Volume Error Rate,VER = Wer—71

GT

Segmentation Error Distribution Computation

In contrast to the traditional reliance on metrics such as DSC and HD, we analyzed model
performance by examining the overall spatial distribution of segmentation errors, which is crucial

for downstream tasks and the clinical applicability of SFMs. For the segmentation results derived

14



from 2D models, we reconstructed them into 3D segmentation outcomes through stacking. To
quantify the spatial errors of these 3D segmentation results, we employed the Euclidean distance
to the ground truth. Specifically, both the segmentation results and the ground truth were saved in
point cloud data format. The set of Euclidean distances from each point in the ground truth point
cloud to the closest point in the segmented result point cloud was defined as the spatial distribution
of segmentation errors. The process of calculating the averaged point cloud error distribution

across the dataset can be found in the Supplementary Materials.
Ensemble Learning Strategies

Training free fusion. To mitigate the weaknesses of individual models, we explored five post-

processing ensemble strategies to fuse the segmentation masks from all six SFMs. For a given

voxel p in the 2D slice mask for organ o from model N, let its value be Y;"IO (p) € {0,1}. The fused

[E———

mask voxel is Y25emble (p),

® OR/AND: Logical operations on the six masks. The output voxel is Y;% (p) =
Uy (YZ\’;O (p)) for OR, and YANP (p) =Ny (Y;"IO (p)) for AND.

® MIN/MAX: Voxel-count-based selection. Let C{_Vj_o =20 Yl/l_\’]\_o (p) be the number of
segmented pixels for model N. The final mask is chosen from the model with the minimum
or maximum count. For MIN, the resulting mask is VM = YZV]\,*O whereN* =
argmin C Yo

® Averaging (AVG): A voxel-level averaging of the six masks followed by thresholding (in
Eq. 1).

6
1w
L 2 V) 205
N=1
& (1
0, Ez YN ,(p) < 0.5
N=1

The resulting 2D ensemble masks were stacked to reconstruct 3D volumes, which were then

evaluated across all five performance dimensions.
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Multi-Source Knowledge Distillation. While SFMs can perform multi-target segmentation using
a single model as a generalist, we observed significant performance variations across different
segmentation targets. To address this limitation, we propose a constructive framework based on
Specialist models and ensemble learning mechanisms, termed Multi-Source Knowledge
Distillation. This framework comprises two distinct approaches: Deterministic Distillation and

Probabilistic Distillation.

Deterministic Distillation. In this approach, the multiple expert masks are aggregated into a single
"consensus" mask. This consensus mask serves as the pseudo-label for training a small (relative to
the foundation) student model. We evaluate two representative student model architectures:
UNet*® and HSNet*’, where UNet is CNN-based model and HSNet is a Transformer-driven model
(using PvT*). For each image X;, the average of masks generated by 6 foundation model is

computed as Eq.1. The student model, denoted as S, is trained to predict Y JYOG given the input 2D

slice image X;. The loss function is a combination of Intersection over Union (IoU) loss* and

Binary Cross-Entropy (BCE) loss™ (in Eq. 2).

M
£ (Xi’ 1ZA}V\"G) - z [LIOU (Sm(Xi)' 17113‘/\0(}) + Lpce (Sm(Xi)' 17113‘/\0(})] (2)
m=1

where S, (X;) represents the m-th output of the student model and M represents the number of
segmentation generalized. For UNet, M = 1. For HSNet, M = 4, consistent with the original
HSNet publication.

For UNet inference, the final prediction is obtained by applying a sigmoid activation to the model’s

output: Sinrerence (Xi) = G(S X l-)). For HSNet, the final prediction is obtained by averaging the

M outputs after a sigmoid activation: Si;ference (Xi) = 0(% %zlSm(Xi)), where o is the

sigmoid function.

Probabilistic Distillation. This approach employs the Probabilistic U-Net (PUNet), a model
designed to accommodate multiple plausible segmentation masks by learning a distribution over

possible outputs.

We incorporate a latent space RN (N = 6in our implementation, corresponding to the number of

SFMs) to represent segmentation variability. The full model consists of a prior network P(z|X;),

16



a posterior network Q(z|X;,Y;), and a U-Net backbone. (a) Prior Network: Generates a Gaussian

distribution over the Ilatent space, conditioned on the input image X;:z ~ P(:|X;) =
N (upn-or(Xi s ), Zprior (Xi; (o)), where w represents the parameters of the prior network. (b)
Posterior Network: Generates a Gaussian distribution conditioned on both the input image X; and
a target mask z ~ Y;: Q(: |X;, ;) = N(upost(Xi,Yi;V),Zpost(Xi,Yi;v)) , where v denotes the

parameters of the posterior network. (c) Segmentation Generation: A latent vector z, sampled from
the latent space distribution, is combined with features extracted by the U-Net backbone,
fu—net(X;; 0), to produce a segmentation mask: S(X;, 2) = feomp fu—ne: (Xi; 0), z; W) where 0 are
the U-Net parameters, f.,mp represents a combining function (implemented as three sequential

1x1 convolutional layers), and { are the parameters of f.,mp-

During training, for each image X;, one of the six SFM-generated masks is randomly selected as
the target mask. Let K be a discrete uniform random variable taking values in the set{1, 2, 3,4, 5, 6}.
The target mask Y; is defined as: ¥; = Yo_, I(K = k)Y; F,» Where I(-) denotes the indicator

function.

The loss function encourages accurate segmentation and consistency between the prior and

posterior distributions (in Eq. 3).

LX, YD) = E, o(ix,, Y)l—log P (Yi|SXi 2)] + B - D (Q(2IX, YDI|P(21X)) (3
where P. is the likelihood of the correct segmentation, Dg; denotes the Kullback-Leibler

divergence, and f3 is a weighting hyperparameter.

At inference time, given an input image X;, we aim to generate a single, high-quality segmentation
mask. This is achieved by leveraging the learned prior distribution P(z|X;) to sample N (N =10 in
our study) latent vectors, {24, Z, ..., 2y}, Where z, ~ P(: |X;) forn =1, ..., N. Each latent vector

Z, is then used to generate a corresponding segmentation mask S(X;, z,,). The final segmentation

mask, S¢inq(X;), is obtained by averaging these individual masks:Sgipnq; (X;) = % N_1S(X;, zn).

Data availability
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Figure 1 | Overview of the OrganSegBench framework and key findings. A, The private

dataset of 701 subjects, annotated for 16 organs/vessels with detailed demographic profiles. B-D,
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The diverse SFM architectural paradigms evaluated in this study: (B) bbox-prompted, (C) text-
prompted, and (D) prompt-free models. E-F, The benchmark workflow, where SFMs pre-trained
on large-scale data are subjected to (F) our five-dimensional evaluation pipeline. G-H, A summary
of the benchmark results, illustrating (G) the multi-dimensional performance trade-offs between
individual models and (H) the consistent superiority of the AVG fusion strategy and multi-source
distillation across evaluation dimensions.

*ACC: Accuracy, ROB: Robustness, FAIR: Fairness, CLI: Clinical Utility, GEN: generalization .
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Figure 2 | Segmentation accuracy is highly variable across models, anatomical targets, and
task difficulty. A,B, Per-organ performance comparison based on (A) DSC and (B) HD95. Bbox-
prompted models generally outperform others but struggle with vessels, while text-prompted and
prompt-free models fail on complex cardiac structures. C-H, Overall accuracy summary for DSC
(C-E) and HD95 (F-H) across all 16 organs, 7 large organs, and 9 vessels, illustrating the
performance drop on intricate vascular structures. I,J, Model accuracy on a 30-case expert-
annotated subset, stratified by manual annotation consistency (a proxy for task difficulty).
Performance is shown for (I) large organs and (J) vessels across cases with low, medium, and high
inter-rater agreement.

*EDLV, End-Diastolic Left Ventricle; ESLV, End-Systolic Left Ventricle; EDRV, End-Diastolic
Right Ventricle; ESRV, End-Systolic Right Ventricle; IVC, Inferior Vena Cava; AO, Aorta;
L INV, left brachiocephalic vein; R _INV, right brachiocephalic vein, BCT, Brachiocephalic
Trunk; SVC, Superior Vena Cava; LSA, Left Subclavian Artery.
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Figure 3 | Spatial segmentation error maps reveal distinct error topographies across SFM
architectures. A-E, Population-averaged segmentation errors are visualized on 3D anatomical
atlases for the liver (A), spleen (B), kidney (C), aorta (D), and lung (E). Color intensity
corresponds to the mean distance to the ground-truth segmentation, where red indicates regions of

high error and blue indicates low error.
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Figure 4 | Robustness test reveals the clinical brittleness of text-prompted and prompt-free
SFMs. Model robustness was evaluated by assessing performance on the most challenging 5% of
cases for each organ. A,B, Per-organ accuracy (DSC and HD95) on this "worst-case" cohort shows
that while bbox-prompted models maintain reasonable performance, SAT and TotalSeg suffer a
catastrophic performance collapse. C-H, Direct comparison of performance distributions between
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H). The significant drop in median performance and wider distributions for SAT and TotalSeg in

the worst-case cohort highlight their lack of robustness.
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Figure 5 | Demographic fairness analysis reveals a critical accuracy-fairness trade-off. Model
performance was evaluated for significant disparities across gender, age, and BMI subgroups. A-
F, Statistical significance of performance bias for each of the 16 organs, measured by DSC (A-C)
and HD95 (D-F). Each point represents an organ, with asterisks indicating a significant bias
detected by one-way ANOVA. The results show that the most accurate models (e.g., SAM?2)
exhibit the most frequent and significant biases. G, Overall fairness score, defined as the
proportion of organs with no significant performance bias (p > 0.05). This summary highlights that
less accurate models like SAT are often fairer overall. H, A bias portrait visualizing the direction
of systematic performance advantages. The size of each point corresponds to the number of organs
for which a model performed best in a specific demographic subgroup, revealing, for example, a
consistent male preference for most models.

Statistical significance: * p<0.05; ** p<0.01; *** p<0.001; **** p<0.0001; N.S., not significant.
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Figure 6 | Ensemble learning strategies resolves performance trade-offs and dominates
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evaluation dimensions. A,B, The AVG fusion and models of distillation achieve the highest overall
accuracy (DSC and HD95). C,D, It also exhibits the lowest performance variance across organs,
indicating superior generalization. E,F, For robustness, AVG fusion maintains the highest
accuracy on the most challenging 5% of cases. G-I, Crucially, the AVG fusion and models of
distillation maintain competitive fairness across gender, age, and BMI attributes, effectively
resolving the accuracy-fairness trade-off. M,N, A holistic performance summary visually confirms
that the ensemble learning strategy provides the best overall balance, dominating all other

approaches across accuracy, robustness, fairness and generalization.
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Table 1 | Clinical utility for downstream tasks reveals performance trade-offs resolved by ensemble learning. The table compares

model performance on two clinical tasks: cardiac phenotype quantification (measured by absolute error %) and multi-organ volumetry

(measured by relative volume error [VER] %). While individual models show conflicting strengths, the AVG fusion and 3 distilled

models provide superior or highly competitive performance across both tasks.

Baseline-SFMs

Ensemble strategies

Model SAM SAM2 MedSAM MedSAM?2 SAT TotalSeg AVG fusion  UNet HSNet PUNet
LVEDV(mL) 24.15(0.18) 35.84(0.27) 59.78(0.44) 31.66(0.24) 41.28(0.31) 116.48(0.87) 15.00(0.11) 22.51(0.17) 6.22(0.05) 4.14(0.03)
LVESV(mL) 8.66(0.17) 11.08(0.22) 23.76(0.45) 15.08(0.30) 50.27(1.12) 41.90(0.80) 4.35(0.09) 5.70(0.12) 5.89(0.12) 3.32(0.07)
LVSV(mL) 19.68(0.26) 25.91(0.32) 36.02(0.47) 16.96(0.22) 45.68(0.60) 77.42(0.95) 16.41(0.21) 24.82(0.32) 8.35(0.10) 6.22(0.08)
LVEF(%) 5.41(0.11) 5.09(0.09) 6.62(0.17) 3.06(0.06) 36.62(0.64) 803.91(14.48) 7.01(0.12) 7.42(0.13) 4.64(0.08) 2.86(0.05)
LVCO(L/min)  1.21(0.26) 1.58(0.32) 2.18(0.47) 1.02(0.22) 2.77(0.60) 4.69(0.95) 1.00(0.21) 1.45(0.32) 0.48(0.10) 0.34(0.08)
RVEDV(mL) 24.49(0.18) 18.39(0.13) 47.48(0.33) 11.09(0.08) 171.40(1.33)  114.77(0.81) 19.48(0.13) 11.48(0.08) 8.04(0.06) 8.14(0.06)
RVESV(mL) 28.61(0.42) 21.01(0.31) 14.74(0.21) 14.19(0.21) 224.15(3.63)  54.58(0.78) 7.76(0.11) 10.52(0.15) 7.88(0.12) 7.04(0.10)
RVSV(mL) 12.54(0.23) 9.36(0.20) 34.73(0.52) 8.18(0.14) 64.47(0.96) 70.21(1.02) 14.71(0.21) 10.34(0.16) 9.47(0.14) 11.35(0.18)
RVEF(%) 10.64(0.25) 7.99(0.23) 14.37(0.33) 6.66(0.16) 46.42(0.95) 3180.29(63.36)  5.58(0.12) 6.34(0.15) 5.41(0.12) 5.70(0.14)
kidney(%) 0.10 0.14 0.05 0.3 0.05 0.24 0.06 0.06 0.07 0.08
liver(%) 0.18 0.11 0.11 0.1 0.05 0.14 0.06 0.04 0.05 0.02
pancreas(%) 0.5 0.51 0.26 0.56 0.30 0.53 0.35 0.3 0.33 0.18
spleen(%) 0.19 0.13 0.13 0.23 0.12 0.21 0.08 0.06 0.07 0.02
IVC(%) 0.25 0.33 0.11 0.49 0.45 0.39 0.13 0.22 0.20 0.05
lung(%) 0.06 0.09 0.12 0.05 0.05 0.04 0.05 0.19 0.20 0.19
AO(%) 0.32 0.32 0.24 0.32 0.18 0.25 0.15 0.16 0.23 0.06
L_INV(%) 0.53 0.45 0.11 0.49 0.16 0.15 0.33 0.28 0.38 0.13
BCT(%) 0.56 0.54 0.14 0.59 0.41 0.29 0.42 0.38 0.48 0.20
R_INV(%) 0.36 0.37 0.2 0.49 0.36 0.30 0.28 0.32 0.34 0.06
SVC(%) 0.35 0.33 0.28 0.43 0.27 0.26 0.18 0.26 0.23 0.07
LSA(%) 0.44 0.50 0.14 0.6 0.56 0.59 0.35 0.43 0.47 0.23
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