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Abstract: Segmentation is an important tool in medical imag-
ing but relies on time-consuming manual annotation. Artifi-
cial intelligence offers a promising route to support medical
professionals, with many models available targeting different
modalities and dimensionalities. Most existing work focuses
either on 2D images or on three-dimensional CT and MRI,
leaving 3D ultrasound (3DUS) largely unexplored. This work
evaluates three promptable segmentation models not specifi-
cally trained for 3DUS across multiple prompt types and four
openly available datasets, to assess their feasibility for this
challenging modality.

Keywords: Interactive segmentation, three-dimensional ul-
trasound, foundation models, promptable models

1 Introduction

Recent advances in artificial intelligence have produced a
growing number of openly available image segmentation mod-
els trained on large datasets. Training a task-specific model
requires extensive annotated data, which is often unavailable,
making the reuse of existing general-purpose models particu-
larly attractive. Prior work has begun evaluating such models
across broad modality spectra [6] or for specific clinical tasks
[1]. To our knowledge, no systematic comparison exists for
3D ultrasound (3DUS), reflecting the general underrepresen-
tation of ultrasound, especially 3DUS, in 3D medical training
datasets relative to MRI, CT, and PET.
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Two architectural families are represented in this study.
SAM2 [9] serves as a general-purpose foundation model, and
its medically fine-tuned variant MedSAM2 [7] represents do-
main adaptation to diverse medical imaging data. Additionally,
nnInteractive [4], a U-Net-based model trained exclusively on
medical volumetric data, was included as a model designed
specifically for 3D interactive segmentation in the broader do-
main. These models were run on a multitude of prompt and
dataset combinations, to reflect the broad spectrum of vari-
ability in the clinical setting, and to evaluate whether higher
manual effort results in better segmentations.

2 Experiment Setup

2.1 Models

SAM2 was evaluated using the SAM2.1-large checkpoint. For
MedSAM2, a generalized checkpoint and a checkpoint fine-
tuned for cardiac ultrasound were compared on a data sub-
set; the ultrasound-specific checkpoint showed slightly higher
performance and was used throughout. For nnInteractive, ver-
sion 1.1.3 was used.

2.2 Data

Ultrasound appearance varies substantially across anatomies,
with some structures presenting weak delineation from sur-
rounding tissue. To evaluate across diverse anatomies, pub-
licly available 3DUS datasets with ground truth segmentation
masks were sought. Due to the limited availability of such
data, only four were identified:
– Leg-3D-US: combined scans of three leg muscles [3]
– SegThy: thyroid gland, carotid artery, and jugular vein [5]
– TRUSTED: kidney [8]
– UterUS: uterus [2]

All datasets included ground truth annotation masks. NIfTI
volumes were sliced along the ultrasound sweep axis to pro-
duce image stacks representing the acquisition sequence. nnIn-
teractive accepts NIfTI volumes directly and was used accord-
ingly.
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(a) Single-point (b) Multi-point (c) Bounding box (d) Mask

Fig. 1: Prompt types used in this study, illustrated for the thyroid of
a file from the SegThy dataset.

2.3 Prompts

Four prompt types were evaluated, reflecting different levels
of manual effort:
– Single-point: one positive point at the object centroid
– Multi-point: one positive point at the object centroid and

four negative points placed outside the mask along cardi-
nal directions

– Bounding box: a tight bounding box around the object
– Mask: the ground truth segmentation mask

All prompts were derived from the ground truth and applied
at the central slice of the sweep axis for each labeled object,
which was assumed to provide maximal structural informa-
tion for propagation. For the SAM-based models, segmenta-
tion was propagated forward and backward from this slice, and
the results were combined.

3 Results

Three models were evaluated across four prompt types, yield-
ing twelve experiment configurations per file. Ten files were
selected from each dataset to balance dataset sizes, giving
40 files in total. Files were chosen to capture variability in
each dataset, for example for different patients, body sides and
data centers. Segmentation performance was assessed using
the Dice Similarity Coefficient (DSC), measuring volumetric
overlap between prediction and ground truth, and the 95th per-
centile Hausdorff Distance (HD95), quantifying boundary ac-
curacy while limiting sensitivity to outliers. Since data was not
normally distributed (Shapiro-Wilk, p < 0.05 for all but one
group), statistical significance was tested using Mann-Whitney
U tests.

3.1 Prompt comparison

A clear prompt-dependent trend is visible in Figure 2 and Ta-
ble 1. Mask prompts achieved the highest mean DSC across
all models (0.802–0.817), followed closely by bounding box

Fig. 2: DSC distributions for all prompt types and models. The line
inside each box indicates the median; boxes show the interquartile
range.

prompts (0.731–0.776). Single-point and multi-point prompts
resulted in substantially lower performance, consistent with
findings in other modalities [1, 6].

The relationship between single- and multi-point prompts
varied across models. For SAM2, multi-point prompts signifi-
cantly outperformed single-point prompts (p < 0.001), indicat-
ing sensitivity to negative point guidance. For MedSAM2 and
nnInteractive, no statistically significant difference was found
(p = 0.082 and p = 0.610 respectively), and for MedSAM2
the single-point mean DSC (0.625) even slightly exceeded the
multi-point mean (0.568), suggesting the model extracts suffi-
cient context from a single centroid prompt and may be sensi-
tive to suboptimal negative point placement.

3.2 Model comparison

Table 1 summarises DSC per model and prompt type. For
mask and bounding box prompts, all three models performed
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Tab. 1: DSC per prompt type and model (mean ± standard devia-
tion). Best value per prompt type in bold.

Prompt Model DSC

Single-point
SAM2 0.275± 0.201

MedSAM2 0.625± 0.186

nnInteractive 0.387± 0.374

Multi-point
SAM2 0.500± 0.263

MedSAM2 0.568± 0.160

nnInteractive 0.410± 0.347

Bounding box
SAM2 0.776± 0.110

MedSAM2 0.731± 0.146

nnInteractive 0.763± 0.158

Mask
SAM2 0.817± 0.098

MedSAM2 0.802± 0.100

nnInteractive 0.804± 0.102

comparably, with no statistically significant difference be-
tween any model pair (all p > 0.12), and SAM2 achieving
the highest mean DSC for box and mask prompts (0.776 and
0.817 respectively).

MedSAM2 showed the best mean performance for single-
point and multi-point prompts (0.625 and 0.568), while nnIn-
teractive performed substantially worse (0.387 and 0.410),
frequently due to extreme undersegmentation caused by the
model’s AutoZoom mechanism failing to expand its segmen-
tation patch for heterogeneous structures or volumes with ac-
quisition artefacts. This leads to a bimodal outcome: either a
good segmentation or near-complete failure, visible as a wide
interquartile range in Figure 2 for both point-based prompt
types, where for multi-point prompts the median lies substan-
tially below the mean values reported in Table 1.

SAM2 and nnInteractive performed comparably for both
point-based prompt types, with no statistically significant dif-
ference between them (p = 0.861 and p = 0.133 respec-
tively). For single-point prompts, MedSAM2 significantly
outperformed both SAM2 (p < 0.001) and nnInteractive
(p = 0.024). For multi-point prompts, MedSAM2 significantly
outperformed nnInteractive (p = 0.026) but did not signifi-
cantly differ from SAM2 (p = 0.279).

Overall, MedSAM2 dominated for point prompts,
whereas SAM2 achieved the highest scores for detailed
prompts, followed by nnInteractive. This shows a clear trend:
fine-tuned MedSAM2 works much better with little informa-
tion, whereas the other models perform best only for more de-
tailed prompts. The stronger performance of SAM2 over nnIn-
teractive for detailed prompts may reflect that prompts were
applied in 2D, disadvantaging nnInteractive which is designed
for 3D volumetric prompting.

3.3 Dataset differences

Because anatomical scale differs greatly across datasets,
HD95 values are not meaningful when pooled and are reported
per dataset in Table 2. These values are aggregated across
all models and prompt types to capture full dataset variabil-
ity. Leg-3D-US showed the highest HD95 values (94.97 ±
88.14 voxels), attributable to the large scan volume result-
ing from combining multiple sweeps to cover the full leg
length. Smaller structures such as UterUS achieved substan-
tially lower HD95 values (14.97 ± 20.27 voxels). DSC values
were more consistent across datasets (0.568–0.746), indicat-
ing that volumetric overlap was generally maintained despite
large differences in boundary accuracy.

Tab. 2: DSC and HD95 per dataset (mean ± standard deviation),
aggregated across all models and prompts. HD95 reported in
voxels. Best value per metric in bold.

Dataset DSC HD95

Leg-3D-US 0.568± 0.265 94.97± 88.14

SegThy 0.746± 0.233 40.75± 59.56

TRUSTED 0.628± 0.319 57.11± 64.24

UterUS 0.571± 0.256 14.97± 20.27

3.4 Failure cases

Figure 3 shows representative failure cases. Reasons for fail-
ure include image artefacts (aligned scans overlap and create
edges for leg muscle data), hard to delineate borders, and het-
erogeneity of tissue leading to over- or under-segmentation.
Point-based prompts were most commonly associated with
failures, as they provide insufficient spatial constraints to over-
come these challenges.

3.5 Discussion

Single-point and multi-point prompts require the least man-
ual effort but were consistently outperformed by bounding
box and mask prompts as expected. Differences between mod-
els were relatively low for bounding box and mask prompts,
showing that all models offer a good base for semi-automatic
segmentation in a clinical workflow.

The results demonstrated some variability between files
and configurations, leading to outliers or failures. Visual in-
spection revealed two failure modes. For data with unclear
boundaries, a tendency towards oversegmentation was ob-
served, especially for SAM-based methods. For heterogeneous
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(a) Original leg data (b) SAM2, multi-point

(c) Original thyroid data (d) SAM2, multi-point

(e) Original uterus data (f) nnInteractive, bounding box

(g) Original kidney data (h) nnInteractive, single-point

Fig. 3: Failure cases from all datasets for SAM2 and nnInteractive.
Ground truth is highlighted in blue, prediction in red and overlap in
pink.

tissue, smaller homogeneous sub-regions or artefacts were in-
correctly identified as anatomical borders, leading to under-
segmentation.

4 Conclusion

This study demonstrates that existing promptable segmenta-
tion models can be applied to 3DUS with clinically rele-
vant performance, particularly for bounding box and mask
prompts. The choice of model and prompt type influences the
outcome, and the cost-benefit trade-off between prompt effort
and segmentation quality should guide clinical adoption.

Prompts in this study were placed at the centre of the
ground truth mask on the middle sweep slice, which may
not reflect clinical practice where prompts are placed from
anatomical knowledge. Future work should integrate prompt

variation and explore multi-axis prompting for SAM-based 
models to fully exploit the three-dimensionality of the data.
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