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Abstract

Automated breast ultrasound (ABUS) acquires whole-breast volumes that can be reviewed
independently of acquisition, but tumor segmentation in these volumes remains difficult.
This scoping review maps deep learning methods for tumor segmentation in ABUS and
examines how they were evaluated. Following PRISMA-ScR, PubMed, IEEE Xplore and
ScienceDirect were searched for studies published between January 2020 and October 2026,
without an open access restriction. Of 65 records identified, 32 sources were included:
27 primary segmentation studies, four segmentation-integrated computer-aided diagno-
sis studies, and the report of the TDSC-ABUS 2023 challenge, which describes 14 team
methods evaluated on a common hidden test set. The primary studies were grouped
into six families: CNN-based, attention-based, hybrid CNN-Transformer, lightweight/
architecture-search/distillation, semi- and weakly supervised, and foundation-model-
based approaches. Twelve studies used the same single-center dataset, one used more than
one scanner vendor, and four tested on an external center. Reported Dice values depended
strongly on the evaluation setting: values of 0.84 or higher were obtained on 2D slices,
on localized regions (including 3D lesion-containing crops) or on small cohorts, whereas
whole-volume evaluations on public data gave 0.58-0.65 and challenge entries 0.31-0.61.
Self-configuring CNN pipelines gave the best challenge results, and most foundation-model
approaches required adaptation and prompts. No family has been shown to outperform
the others. Progress depends on shared multi-center benchmarks, standardized reporting
of evaluation settings, data-efficient and privacy-preserving training, and evaluation of
runtime and clinical workflow.

Keywords: automated breast ultrasound (ABUS); breast tumor segmentation; deep learning;
3D medical image analysis; scoping review; TDSC-ABUS; foundation model; computer-aided
diagnosis

1. Introduction
1.1. Breast Cancer and the Importance of Early Detection

Breast cancer remains a major public health issue and is the most common can-
cer among women worldwide. In 2022 alone, an estimated 2.3 million new cases and
670,000 deaths were recorded [1,2]. Breast cancer is now the second most commonly di-
agnosed cancer overall, and its burden is unevenly distributed: although most new cases
occur in countries with a high Human Development Index (HDI), a disproportionate share
of deaths occurs in low- and middle-HDI countries, where many women are diagnosed
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late and lack access to appropriate treatment [1,2]. If current trends continue, 3.2 million
new cases and 1.1 million deaths are projected annually by 2050 unless prevention, early
detection and timely care improve [2].

Early detection is critical because the prognosis worsens sharply once the disease ex-
tends beyond the breast and regional lymph nodes. The World Health Organization reports
that breast cancer detected while lesions are small and localized can be treated effectively,
so that early diagnosis followed by prompt treatment reduces the risk of death [3]. Early
detection includes both early diagnosis in women with signs or symptoms and population
screening of asymptomatic women, most often by mammography from the age of 40 [3].
The evidence review for the US Preventive Services Task Force confirmed that mammog-
raphy screening reduces breast cancer mortality [4], and collaborative modeling studies
estimated that biennial screening of average-risk women could reduce breast cancer deaths
by 25.4-41.7% compared with no screening [5].

Beyond survival, early detection reduces the need for extensive surgery, lowers the
risk of metastatic presentation and allows curative multimodal treatment. The WHO
Global Breast Cancer Initiative recommends that at least 60% of invasive breast cancers be
diagnosed at stage I or II, that diagnosis be made within 60 days of the first visit, and that
treatment start promptly [6]. These goals are particularly important in countries where
women present at later stages and where survival differs because of unequal access to
imaging, pathology and treatment [2,6].

Recent epidemiological data also raise concerns about the sustainability of progress.
In the United States, breast cancer incidence increased by about 1% per year from 2012 to
2021, mainly for localized and hormone receptor-positive disease [7]. Although mortality
has declined in many very-high-HDI countries, only a few meet the WHO target of a 2.5%
annual reduction, and mortality is rising in some countries [2]. Early detection should
therefore be seen not only as a diagnostic step but as a key factor for survival, treatment
burden and equitable access to care.

1.2. Role of Ultrasound and 3D ABUS in Breast Imaging

Ultrasound is an important adjunct to mammography, for example in women with
dense breast tissue, in the evaluation of palpable abnormalities and when ionizing radiation
should be avoided, as in pregnant or lactating women. Its advantages include real-time
imaging, wide availability, absence of radiation and better visibility of lesions within dense
fibroglandular tissue. However, handheld breast ultrasound (HHUS) is operator-dependent
and poorly reproducible, which lowers specificity and leads to false positives and variable
performance across operators and institutions [8].

The role of ultrasound in screening is closely linked to breast density. Women with
dense breasts have a higher risk of breast cancer and lower mammographic sensitivity,
because dense parenchyma can mask tumors, and a large proportion of women of screening
age have heterogeneously or extremely dense breasts. Recent evidence reviews indicate
that supplemental imaging may be considered in selected women with dense breasts, but its
benefits and harms depend on the modality and the clinical context [4,9].

Three-dimensional automated breast ultrasound (ABUS), also called automated breast
volume scanning (ABVS), was developed to address the limitations of HHUS with a
standardized volumetric acquisition. Whereas HHUS images are acquired and interpreted
at the same time by the same operator, ABUS scans the whole breast with a standardized
protocol and produces volumes that can be reviewed in the axial, sagittal and coronal planes
after acquisition. Separating acquisition from interpretation reduces operator dependence,
improves reproducibility and allows retrospective review and workflow standardization,
which has increased interest in ABUS for both screening and diagnosis [9,10].

https:/ /doi.org/10.3390 /biomedinformatics6050095


https://doi.org/10.3390/biomedinformatics6050095

BioMedInformatics 2026, 6, 95

30f28

ABUS has mostly been evaluated together with mammography in women with dense
breasts. In a real-world study, ABUS combined with mammography was as sensitive
as HHUS combined with mammography, with slightly higher specificity, higher overall
accuracy and fewer biopsy recommendations [11]. One retrospective study of clinical
screening with 3D ABUS reported a cancer detection rate of 2.77 per 1000 examinations,
comparable to earlier prospective studies, with mostly favorable recall and biopsy rates [10].
Together, these data suggest that ABUS is not merely a technical substitute for HHUS
and may serve as a scalable adjunct for supplemental screening of women with dense
breasts [10,11].

The standardized three-dimensional representation provided by ABUS can also sup-
port lesion localization, the detection of architectural distortion and review by several
readers. Because the volumes are structured and reproducible, ABUS is increasingly used
in computer-aided diagnosis (CAD) and artificial intelligence (Al) research on lesion detec-
tion, classification, and segmentation [12]. Whole-volume assessment and the coronal view
may help identify lesions that are less visible on conventional two-dimensional images,
particularly in dense breasts [9,12].

ABUS does not, however, remove all limitations of breast ultrasound: false positives,
interpretation pitfalls, positioning artifacts (including incomplete peripheral coverage)
and limited detection of microcalcifications remain. Although supplemental ultrasound
detects additional cancers in women with dense breasts, long-term outcome data are still
insufficient for professional societies to recommend it for all such women [9]. ABUS is
therefore best seen as a complement to targeted diagnostic ultrasound: a standardized,
reproducible pathway for whole-breast volumetric assessment that is increasingly used as
a supplemental imaging test and as a platform for Al research [9,13].

1.3. Challenges of Breast Tumor Segmentation in ABUS

Tumor segmentation in ABUS poses considerable technical challenges. These arise
from the intrinsic degradation of ultrasound images (speckle noise, low signal-to-noise
ratio, acoustic shadowing and other artifacts), from the heterogeneity of tumors across a
whole volume, and from the shortage of large annotated clinical datasets. Recent reviews
of ABUS analysis consistently report segmentation as one of the most difficult components
of computer-aided breast ultrasound analysis [12,14].

The first challenge is image quality. Speckle noise, low signal-to-noise ratio, acoustic
shadowing and other artifacts obscure lesion margins. This matters more in ABUS than in
single-slice analysis, because the algorithm must identify the tumor within a large volume
of complex surrounding parenchyma. Low contrast and blurred boundaries between tumor
and normal tissue are repeatedly reported as causes of inaccurate delineation in ABUS and
in breast ultrasound more generally [14-16].

The second challenge is the variability of lesion appearance. Breast lesions in ABUS
vary widely in size, shape, echotexture, orientation and margin: some are small and well
defined, whereas others are irregular, spiculated or partly infiltrative. Heterogeneous
internal texture in malignant lesions and weak contrast against adjacent dense tissue make
it difficult for a single model to generalize across lesion types, and these factors have been
shown to degrade segmentation performance [14,17,18].

The third challenge is dimensionality. An ABUS examination produces high-resolution
whole-breast volumes of up to several hundred slices. Volumetric data provide richer
anatomical context than 2D images, but they greatly increase memory use, training time
and model complexity. Fully 3D networks are therefore computationally demanding,
harder to optimize and prone to overfitting when training data are limited [12,17].
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The fourth challenge is the scarcity of annotated data. Deep learning segmentation
relies on precise voxel-level annotations, and manual delineation of tumors in 3D ABUS
volumes is labor-intensive. The TDSC-ABUS challenge report noted the lack of publicly
available, well-annotated ABUS datasets, and the challenge data remain the main shared
resource [14,17]. This shortage limits external validation, makes comparisons between
methods unfair and restricts generalization across institutions and scanners.

A fifth challenge is annotation uncertainty, including inter-observer variability. Tu-
mor borders are often unclear on ultrasound, so different annotators may contour the
same tumor differently. The resulting noisy labels mislead training, particularly at bound-
aries, and reduce segmentation performance in breast ultrasound; noise-tolerant and
weakly supervised strategies are being investigated to address this [19,20]. Model perfor-
mance therefore depends on both the architecture and the quality and consistency of the
reference standard.

Class imbalance and small tumors are another major issue. A tumor usually occu-
pies a very small fraction of an ABUS volume, which biases networks toward predicting
background, particularly for small, low-contrast tumors or tumors partly hidden by shad-
owing. Challenge-based and architecture-oriented studies identify small, low-contrast
tumors, noise and ill-defined boundaries as major causes of missed detections and poor
masks [14,21].

Finally, a model trained on data from one scanner may not perform as well on another,
because performance depends on the scanner vendor, acquisition technique, compression,
body habitus and institutional workflow. Scanner and institutional variability, hetero-
geneous backgrounds and limited labeled data are repeatedly described as obstacles to
robust clinical use [12,22]. The goal of ABUS segmentation is therefore not only a high Dice
score on one dataset but also reproducible, reliable performance that transfers to diverse
clinical settings.

Together, these challenges explain why ABUS tumor segmentation remains an ac-
tive research area. Attention mechanisms, hybrid CNN-Transformer architectures, semi-
supervised learning, efficient 3D architectures and, more recently, foundation models have
been proposed, but noisy images, ill-defined margins, small and heterogeneous tumors,
limited annotations and poor cross-domain generalization are still far from solved [12,14].

1.4. Rationale, Objectives and Contributions

Most reviews of Al in breast imaging cover mammography, magnetic resonance
imaging and ultrasound together and do not examine the specific constraints of 3D ABUS
data in depth [23]. The review by Wang et al. [12] focuses on deep learning for ABUS but
covers detection, classification and segmentation together. A review dedicated to ABUS
tumor segmentation is therefore needed, and it must address a recurring problem in this
literature: studies rely on private datasets with different splits, input settings and metric
definitions, which makes it hard to separate genuine methodological gains from differences
in study design.

This scoping review has three objectives, matching the research questions in Section 2.2:
(1) to identify the deep learning methods proposed for tumor segmentation in ABUS and
group them into methodological families; (2) to chart how they were evaluated and to what
extent their results are comparable; and (3) to identify open technical, methodological and
clinical challenges and future research directions. Its contributions are:

* a classification of 27 primary studies into six methodological families (CNN-
based, attention-based, hybrid CNN-Transformer, lightweight/architecture-search/
distillation, semi- and weakly supervised, and foundation-model-based approaches);
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e  aper-study charting of datasets, data splits, input dimensionality, level of automation
and metric definitions, which shows how strongly these factors affect reported results;

*  aseparate analysis of the TDSC-ABUS 2023 challenge, the only benchmark in which
methods were evaluated on the same hidden test set;

*  an analysis of the design choices used to address ABUS-specific problems (loss func-
tions, patch-based versus whole-volume processing, post-processing), and a dis-
cussion of ABUS segmentation in the context of general-purpose and foundation
segmentation models.

2. Materials and Methods
2.1. Review Design

This study adopts a scoping review design, following the methodological framework
of Arksey and O’ Malley [24] and reported in accordance with the PRISMA-ScR guide-
lines [25]; the completed PRISMA-ScR checklist is provided in Table S1. Deep learning-
based tumor segmentation in ABUS is addressed by a limited and heterogeneous body of
primary studies, with datasets, metrics, and evaluation protocols that are not yet standard-
ized across them. A systematic review or meta-analysis would have required a level of
comparability this literature does not yet offer, so a scoping review was chosen instead.
The review addressed the three objectives stated in Section 1.4, which correspond to the
research questions in Section 2.2. The review focused on deep learning methods for tumor
segmentation in ABUS volumes, whether these were processed in 3D, as stacks of adjacent
slices (2.5D) or as individual slices (2D). Studies from the broader breast ultrasound seg-
mentation literature were included only when they reported segmentation results on ABUS
data; other relevant works are discussed as context in Section 4.2.

2.2. Research Questions

Three questions guided the review:

* Q1. Which deep learning methods have been proposed for tumor segmentation in
ABUS, and how can they be grouped into methodological families?

* (2. How were these methods evaluated (datasets, data splits, input dimensionality,
level of automation, metrics and their aggregation), and to what extent are the reported
results comparable across studies?

* Q3. Which technical, methodological and clinical challenges remain open, and which
research directions do the included studies point to?

2.3. Search Strategy and Databases

Because this review sits at the intersection of medical imaging and artificial intelligence,
the search was conducted across databases covering both sides of the field: PubMed and
ScienceDirect for the medical and clinical literature, and IEEE Xplore for the engineering
and Al side. Google Scholar was used only to locate abstracts and full texts of records
already identified. The search combined four groups of terms: (i) the imaging modality,
including the vendor-specific name “automated breast volume scanner” (ABVS) and the
terms “3D,” “whole,” and “volumetric” breast ultrasound; (ii) the target (tumor, lesion,
mass, nodule, cancer); (iii) the task (segmentation); and (iv) the method. The method group
contains not only architecture terms but also learning paradigms (semi-supervised and
weakly supervised learning) and foundation-model terms (“foundation model,” “segment
anything”). Boolean operators were used to combine the groups.

Each query was adapted to the syntax of the database (Table 1). Because ScienceDirect
limits the number of Boolean operators per search field and does not support truncation,
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its search was split into two shorter queries: one on deep learning architectures and one on
foundation models and semi-supervised learning.

Table 1. Search queries by database (last search: 4 October 2026).

Database Field Searched Query Records

PubMed All fields (“automated breast ultrasound” OR “automated breast volume scanner” OR ABUS OR ABVS OR 23
“3D breast ultrasound” OR “whole breast ultrasound” OR “volumetric breast ultrasound”) AND
(tumor OR tumour OR lesion OR mass OR nodule OR cancer) AND segment* AND (“deep
learning” OR “neural network” OR CNN OR “U-Net” OR transformer OR attention OR
“foundation model” OR “segment anything” OR “semi-supervised” OR “weakly supervised”)

IEEE Xplore All metadata Same query as PubMed 22

ScienceDirect, Title, abstract, (“automated breast ultrasound” OR ABUS OR “automated breast volume scanner”) AND 12

query 1 keywords segmentation AND (“deep learning” OR “neural network” OR transformer)

ScienceDirect, Title, abstract, (“automated breast ultrasound” OR ABUS) AND segmentation AND (“foundation model” OR 3

query 2 keywords “segment anything” OR “semi-supervised”)

Total before removal of duplicates

60

*, truncation operator: segment* retrieves all terms beginning with “segment” (e.g., segmentation, segmenting).

The literature search was limited to publications released between January 2020 and 4
October 2026, the date of the last search, so as to include only the most recent technological
advances in the field. No open access filter was applied. The search identified 60 records
(23 from PubMed, 22 from IEEE Xplore and 15 from ScienceDirect). In addition, citation
searching of the included studies was performed, and the TDSC-ABUS challenge report
was added as a benchmark source (Section 2.5).

2.4. Eligibility Criteria

Inclusion criteria: To be included in this review, studies had to meet the following
inclusion criteria: have been published between January 2020 and 4 October 2026; be written
in English; be peer-reviewed journal articles or full-length conference papers; evaluate the
use of automated breast ultrasound (ABUS or ABVS) for the segmentation of breast tumors
or lesions, whether the volumes were processed in 3D, as stacks of adjacent slices (2.5D)
or as individual slices (2D); and implement computational segmentation methodologies
based on deep learning. They also had to report at least one quantitative segmentation
metric on ABUS data; other methodological information (e.g., description of the model
architecture, dataset used and evaluation protocol) was charted as “not reported” when
missing and was not a reason for exclusion. Studies that also used handheld ultrasound
images, as well as general-purpose and foundation segmentation models, were eligible
under the same condition; only their ABUS results were charted. Open access was not
required. As an exception to the peer-review criterion, the TDSC-ABUS challenge report,
available as a preprint, was included as a benchmark source.

Exclusion criteria: Publications were excluded if they were published outside the
study period or in a language other than English; if they did not use ABUS data (e.g.,
studies based only on handheld 2D breast ultrasound, mammography, magnetic resonance
imaging [MRI] or computed tomography [CT]); if they addressed classification, detection
or diagnosis without a segmentation component; if the segmentation method was not
based on deep learning; or if no quantitative segmentation result was reported on ABUS
data. Review articles, editorials, letters, opinion pieces, conference abstracts (including
extended abstracts), posters, theses and non-peer-reviewed preprints were also excluded,
except for the TDSC-ABUS challenge report described above. Duplicate records were
removed before screening.
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2.5. Study Selection

Records were exported from each database and duplicates were removed. Titles and
abstracts were screened against the eligibility criteria, and the remaining reports were
assessed for eligibility. Additional records were identified by citation searching of the
included studies, and the TDSC-ABUS challenge report was added as a benchmark source.

Studies that used an ABUS segmentation network as one stage of a computer-aided
diagnosis (CAD) pipeline were classified as segmentation-integrated CAD studies; they
were charted separately and were not counted among the primary segmentation studies.
Publications describing the method of a challenge team were linked to the challenge report
and counted as a single source. The selection process and the number of sources at each
stage are shown in Figure 1.

| Identification of studies

| Identification of studies via databases | viaothor tnathods

c
:g Records identified from Records identified from:
[ databases (n = 60): Records removed before Citation searching (n = 4)
& PubMed (n = 23) —| screening: Added as benchmark source:
*E IEEE Xplore (n = 22) Duplicates (n = 13) TDSC-ABUS challenge
g ScienceDirect (n = 15) report, preprint (n = 1)
Records excluded (n = 17):
No ABUS data: other
modality or organ (n = 5)
:ﬁ;";gz;;g‘?gf j;’t‘“f —»| No ABUS data: handheld 2D
breast ultrasound only (n = 7)
No segmentation
2 component {n = 5)
=
@
o
-4
W
]
Reports assessed for Reports excluded (n = 2): Rle‘p%rl:‘s asseised for
eligibility (n = 30} [—» Conference abstract (n = 1) eligibility (n = 5)
No ABUS data (n = 1) Reports excluded (n = 0)
Sources included in the review (n = 32)
- Primary segmentation studies (n = 27)
% Segmentation-integrated CAD studies (n = 4)
= TDSC-ABUS 2023 challenge report (n = 1; methods of 14 teams)
]
£
b Reports of included sources (n = 33): 28 from databases and 5 from other methods;
one conference paper describing a challenge team entry is linked to the challenge report

Figure 1. PRISMA-ScR flow diagram of the identification, screening and inclusion of sources. Sources
are counted as studies; reports are the documents describing them.

2.6. Data Charting

A charting form was defined in a spreadsheet before extraction and applied to every
included study. It recorded the following items:

*  Study: bibliographic data and methodological family (Section 2.7).

e Dataset: public or private; number of centers; scanner vendor; number of patients,
volumes and lesions; distribution of tumor size when reported.

e Data split: proportions for training, validation and testing; use of cross-validation;
whether the split was made at patient level (patient-disjoint); use of an external test set.

e Input: 2D (individual slices), 2.5D (a stack of adjacent slices given as input chan-
nels) or 3D (whole volumes or 3D patches); patch-based or whole-volume training
and inference.

e Level of automation: fully automatic on the whole volume; dependent on a region or
volume of interest derived from the annotation; dependent on a detection stage; or
interactive (click or bounding-box prompt).

* Training design: loss function, handling of class imbalance and of small tumors,
and post-processing.
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e  Evaluation: metrics and their exact definition; whether the Dice coefficient was com-
puted per 2D slice or per volume, and averaged over cases or computed on pooled
voxels; Hausdorff distance variant (maximum or 95th percentile) and unit; reported
values with their dispersion.

*  C(linical and practical aspects: inference time and hardware, multi-vendor or external
testing, comparison with radiologists, use of uncertainty or calibration, and use of
collaborative or privacy-preserving training.

Items that a study did not report were coded as “not reported” rather than inferred.
For the TDSC-ABUS challenge, the same items were charted for each of the 14 teams whose
segmentation results were scored on the hidden test set, using the challenge report.

2.7. Synthesis

Primary studies were grouped into six methodological families according to their
main stated contribution: (1) CNN-based architectures, including studies centered on loss
design or multi-task learning; (2) attention-based methods; (3) hybrid CNN-Transformer
architectures; (4) lightweight, neural architecture search (NAS) and knowledge distilla-
tion approaches; (5) semi-supervised and weakly supervised learning approaches; and
(6) foundation-model-based approaches. When a study combined several elements, it
was assigned to the family that matched its main claim; for example, a semi-supervised
method built on an attention-based network was assigned to family (5). The challenge team
methods were mapped to the same families for description, but their results were reported
separately. Segmentation-integrated CAD studies were not assigned to a family and are
discussed separately. No review protocol was registered, and, in line with scoping review
methodology [25], no critical appraisal of the included studies was performed.

3. Results
3.1. Overview of the Included Studies

The database searches returned 60 records and five further records were identified
through other methods (Figure 1). After de-duplication, screening and full-text assessment,
32 sources were included: 27 primary segmentation studies, four segmentation-integrated
CAD studies and the report of the TDSC-ABUS 2023 challenge, which describes the methods
of 14 teams (one team entry was also published as a full conference paper and is linked to
the challenge rather than counted separately).

The primary studies were published between 2020 and 2026; twenty are journal articles
and seven are full conference papers. By main contribution, seven belong to the CNN
family, six to the attention family, seven to the hybrid CNN-Transformer family, two to
the lightweight, architecture-search and distillation family, four to the semi- and weakly
supervised family and one to the foundation-model family. Nineteen studies processed 3D
volumes or 3D patches and eight worked on 2D slices or 2.5D stacks. Almost all datasets
whose origin was reported were acquired in China; the exceptions are a European multi-
center dataset [26] and a Malaysian external test set [27]. The characteristics and reported
results of each primary study are given in Table 2.
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Table 2. Characteristics and reported segmentation results of the primary studies, grouped by methodological family and listed chronologically within each family.
Each row should be read on its own: datasets, splits, input dimensionality, level of automation and metric definitions differ between studies, so values are not

comparable across rows and no ranking is implied.

Dataset (Center; Split . . . .
Study Input Scanner) Cases (Patient-Disjoint?) Level of Automation Dice (Evaluation Set) Boundary Metric Notes
Family 1: CNN-based architectures (including loss design and multi-task learning)
Reported IoU (0.96)
exceeds Dice although
Leietal. [28] 3D, patches ZJCH';GE 25 patients 5-fold CV; yes Fully automatic 0.84+0.03(CV)# CMD 1.95 mm both are defined on‘the
segmented volume;
earlier study of the same
group as Lei etal. [29]
3D, ROI80 x 128 x 128 ROI centered on the HD 11.72 pixels (not Boundary loss with
Caoetal. [30] ’ PUPH; Siemens 83 volumes/75 patients 53/30 volumes; yes . 0.82 + 0.08 (test) . signed non-Euclidean
voxels mass (in most cases) HD95) di
istance map
. 3D, patches +. . 40 (5-fold CV) + 30 . 0.821 + 0.145 (hold-out); Tumor volume
Leietal. [29] 128 x 128 x 64 ZJCH'; GE 70 patients hold-out; yes Fully automatic 0.850 +0.104 (CV) HD95 1.67 mm 0.04-24.4 cm?
3D,ROI'128 x 64 x 128 . .
Caoetal. [31] voxels (after PUPH; Siemens 170.V01umes/ 107 5-fold CV; yes ROI centered on the 0.690 (CV) HD954.92 mm Uncertainty focus loss;
. patients mass 2.0 M parameters
resampling)
Zhouetal. [32] 3D,ROI64x 32 x 64mm  PUPH; Siemens 170/107 4-£old CV; yes ROI centered on the 0.778 +0.145 (CV) HDY95 3.30 mm Joint segmentation and
tumor classification
Dice computed on 2D
2D slices (resized to o . 120/50 volumes Lesion-containing slices slices; mixed
Cheng et al. [33] 256 x 256) PUPH; Siemens 170/107 (3742 slices) (75/32 patients); yes only 0.845 (test) NR spatialchannel
self-attention
Boundary-aware
multi-task
y 3D, lesion-containing TDSC (200) + Jiangyin 447 /153, stratified; . . (segmentation +
Heetal. [34] crop resized to 128° Hospital of TCM (400) 600 cases case-level Crop contains the lesion 0.839 (test) HD957.28 mm classification); test set
composition described
inconsistently
Family 2: Attention-based models
. Selected slices
Pan et al. [35] Sequences of 3adjacent  pyypyy. giomens 170 volumes/ 104/10/56 volumes (3636 labeled slices; 0.818 (test) ¥ HD 11.14 (unit NR) ¥ Values from the 2D
2D slices + BLSTM 124 patients (75/8/41 patients); yes . - evaluation
selection criterion NR)
Same group and data as
Zhou et al. [36] 3D, whole volume PUPH; Siemens 170/107 126/34/10 volumes; yes  Fully automatic 0.646 + 0.291 (test) HDY511.01 mm * Zhouetal. [32],
(sliding window) withouta
tumor-centered ROI
. ROI centered on the Spatial, channel, CBAM
Zhang et al. [37] 3D, input 128 x 64 x 128 PUPH; Siemens 170/107 109/15/46 vol‘umes mass (probable; 0.745 (test) HD95 5.39 mm and SE attention
voxels (64/11/32 patients); NR :
cropping NR) compared
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Table 2. Cont.

Study Input sD:latzlsleetr)(Center; Cases (SI}’; tlitent-DisjoinW) Level of Automation Dice (Evaluation Set) Boundary Metric Notes
. 5-fold CV at patient Tumor-containing slices . External validation on a
t+ , t.
Yang et al. [38] zl.?clzs()three adjacent Lantzh.og + eXteArgi}S 101 + 87 cases level (8:2) (internal); cropped with the tumor ?.8?0 (mlt)e rnal) *; 0.808 HD95 6.22 ¥ /9.82 mm second center;
Center; siemens external test; yes near the center externa selective-kernel encoder
. . Only multi-center,
g 2D + saliency map, X Fully automatic . Lo
. after Bi-Conv . volumes atients -fo ,yes etection then . . unit o,
Malek fter Bi-ConvLSTM 4 Buropean centers; 60 vol /43 pati 5-fold CV; y d ion th 0.858 (CV HD95 5.23 (unit NR) multi-vendor dataset;
mohammadi et al. [26] d . U-Systems + Siemens . 51% of masses smaller
etection segmentation) 3
than 0.2 cm
110 TDSC volumes 0.639/0.697 on cases
Hagkiem etal. [27] 2D, twin-stream TDSC + UMMC (80 training/ TDSC validation; Fully atomatic 0.381 (TDSC); 0.238 R wheroall compared
q ’ (adjacent slice) (external) 30 validation) + 184 UMMC external test Y (UMMC) Dice > 0.1%: Di
UMMC volumes ice = D07 iee
computed per volume
Family 3: Hybrid CNN-Transformer models
3D; training crops
. around the label, Foas . Fully automatic at Same group as
Liuetal. [39] s 1 . Shenzhen *; Siemens 103 volumes 5-fold CV; NR . 0.764 (CV) HD95 15.47 voxels .
sliding-window inference Liuetal. [40]
inference
Consistency
) X . e . regularization with
Zhuang etal. [41] 2D ZJCH; GE 256 patients 200/56 patients; yes Fully automatic 0.604 (test) HD957.74 mm unlabeled and
lesion-free images
3D; training crops 128 x NR (inference not Angular-margin
an et al. [4 X around the ; Siemens volumes -fo 5 . 0.813 HD952.21 mm contrastive loss on
P 1. [42] 64 x 128 d th PUPH; Si 170 vol 5-fold CV; NR a be d"; ceno : : ive I
label (inference NR) escribe boundaries
Adaptive attention +
3D, patches channel-attentive gate +
Jeong etal. [43] 192 % 160 x 80 GE Invenia; TDSCsplit 54 o 1imes 100/30/70; NR Fully automatic 0.583  0.069 HD95 23.59 mm multi-task; nnU-Net
(nnU-Net) (challenge not named) baseline 0.547 on the
€ same data; same group
as Jeong et al. [44]
3 . a Over 50% of
Lietal. [45] 3D, sliding window PUPH; Siemens 170/107 120/50 volumes; NR Fully automatic 0.755 (test) HDY522.26 mm tumors < 1 cm?; results
(nnU-Net) (+TDSC) Y
reported by tumor size
Fully automatic Self-supervised
. Shenzhen; ABVS 196 volumes 166/30 volumes; 5-fold Ly L 0.737 (CV); 0.653 (TDSC,  HD95 23.23 (unit NR); masked image
Liu etal. [40] 3D, patches 1283 th false-positi 5
luetal. , patches (+ TDSC as external test) (225 tumors) CV;NR W(is t arsieS:ii ve external) 25.21 (TDSC; unit NR) modeling) pre-training;
postp 8 code available
Parallel vision Mamba
module; Dice averaged
Jeong et al. [44] 3D (nnU-Net TDSC; GE 200 volumes 5-fold CV; NR Fully automatic 0.598 (CV) HD95 17.85 mm per patient; results by
framework) tumor volume (37.5% of

tumors < 0.5 cm®); code
available
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Table 2. Cont.
Dataset (Center; Split . . . .
Study Input Scanner) Cases (Patient-Disjoint?) Level of Automation Dice (Evaluation Set) Boundary Metric Notes
Family 4: Lightweight models, neural architecture search and knowledge distillation
3D, ROI 128 x 64 x 128 . .
Caoetal. [46] voxels (after PUPH; Siemens 170/107 120/50 vol_umes. ROI centered on the 0.778 +0.103 (test) HD9_5 2.21 mm; Neural architecture
. (75/32 patients); yes mass maximum HD 4.63 mm search
resampling)
3D, ROI 64 x 128 x 128 .
Pan etal. [47] voxels (after PUPH; Siemens 170/107 NR ROI centered on the 0768 £0.14 BDHRNet 11955 46 mm Decoupled contrastive
. tumor student) knowledge distillation
resampling)
Family 5: Semi-supervised and weakly supervised learning
Selected slices (criterion Uncertainty-aware
Caoetal. [48] 2D slices PUPH; Siemens 170/107 109/15/46 volumes; yes NR) 0.743 (test) HD 3.81 mm (not HD95)  temporal ensembling;
13,382 slices used
3D, ROI'128 x 64 x 128 .
. ) ¢ PUPH; Siemens 120/50 volumes ROI centered on the 0.668 (50% labels); 0.580 HD95 9.33 mm (50% . o
Lietal. [49] Ez(rjgged at the tumor (+ TDSC, 80/20) 170/107 (75/32 patients); yes tumor (20%) Jabels) TDSC: 0.621 (50% labels)
. La . o Lesion-containing slices Dual-teacher
Panetal. [50] 2D slices PUPH; Siemens 170/107 (3736 slices) 62/8/37 patients; yes (probable) 0.746 (test) NR mean-teacher variant
Box-level supervision;
605 cases /1735 1124/125/486 volumes; 3D bounding box prompted SAM-Med3D
Huang et al. [51] 3D In-house volumes yes required at inference 0.755 + 0.127 (test) HD 20.08 voxels reached 0.38-0.48 on the
same data
Family 6: Foundation-model-based approaches
Semi-automatic: 128° SAM-Med3D with
N 292 patients analyzed 204/29/59 (5-fold CV crop from the lesion area . X LoRA; malignant
Zhou et al. [52] 3D I(ed)l(i}elruri/alct]is(’g TDSCas (329 collected) (+ 200 on training + validation);  and 11 simulated 0.75 (test); 0.79 (TDSC) * Erlstélgﬁ; (maximum; tumors only; lesion
TDSC) external TDSC corrective clicks derived volumes

from the ground truth

1.64-100.03 cm?®

Abbreviations: PUPH, Peking University People’s Hospital (Siemens ACUSON 52000 ABVS); ZJCH, Zhejiang Cancer Hospital (GE Invenia ABUS); TDSC, TDSC-ABUS 2023 challenge
data (Harbin Medical University Cancer Hospital, GE Invenia ABUS); UMMC, Universiti Malaya Medical Centre; CV, cross-validation; ROL region of interest; CMD, center-of-mass
distance; HD, Hausdorff distance; HD95, 95th-percentile Hausdorff distance; NR, not reported; “probable”, inferred from the article but not stated explicitly; * center inferred from the
authors’ affiliation; ¥, the article reports other values for this metric (abstract, text or another table), and the value of the main results table is given; “Fully automatic”, no manual input
described in the article. “Patient-disjoint” is marked “yes” only when the article states that the split was made at the patient level. Dice values are reported as given by each study; for
studies with 2D or 2.5D input, Dice may have been computed on individual slices rather than on whole volumes and is therefore not equivalent to a volumetric Dice. Boundary metrics
are given with the unit reported by each study. Results of the TDSC-ABUS 2023 challenge teams, obtained on a common hidden test set, are reported separately in Section 3.11 .
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Four further studies used an ABUS segmentation network as one stage of a diagnostic
pipeline (Table 3). Their main outcome is benign/malignant classification; two did not
report a segmentation metric [53,54], and all four applied the segmentation network to
a region or images selected manually [53-56]. They were therefore kept apart from the
primary studies and are used only in the Discussion, to show how segmentation feeds
clinical decision support.

Table 3. Segmentation-integrated CAD studies. These studies are not included in the comparison of
segmentation methods. HMUCH, Harbin Medical University Cancer Hospital; SYSUCC, Sun Yat-sen
University Cancer Center; VOI, volume of interest.

Study Pipeline Segmentation Step Segmentation Data
Evaluated?

Xiang et al. [55] 3D U-Net segmentation, then 3D On a VOI defined manually by a Yes (Dice 0.88) SYSUCC; 396 patients,
Res-CapsNet benign/malignant radiologist 444 tumors
classification

Wang et al. [53] 3D segmentation network (Dice loss) Automatic, on lesion crops sized No HMUCH; GE Invenia;

providing tumor shape to
ResNet34/50/101 v2 benign/malignant
classifiers

from the manual annotation

769 lesions /743 patients; random
lesion-level split 600/169

Lietal. [56]

Two-stage segmentation and multi-view

Automatic, on 2D images of the

Yes (Dice 0.817 = 0.142,

Two centers; Siemens ABVS;

classification of BI-RADS 4 lesions largest lesion section selected external center) 251 lesions /216 patients
manually in three views (axial, (178 training, 73 external test)
sagittal, coronal)
Zhang et al. [54] 3D U-Net++ segmentation, then 3D On a VOI cropped manually; hole  No SYSUCC; same cohort as

attention-inception classification

filling and largest-region selection

Xiang et al. [55]

3.2. Recurrent Technical Challenges

The included studies describe a consistent set of difficulties: speckle noise and blurred

boundaries, wide variation in tumor size with many small lesions, the memory cost of
whole-breast volumes, the scarcity of voxel-level annotations, false positives caused by
artifacts and anatomical structures such as the nipple, and limited generalization across
centers and scanners. Table 4 lists, for each difficulty, the approaches used and examples of
studies; the families in Sections 3.3-3.8 and the design choices in Section 3.10 describe them
in more detail.

Table 4. Recurrent technical challenges in ABUS tumor segmentation and how the included studies

addressed them.

Challenge

Approaches in the Included Studies

Examples

Speckle noise, low contrast,
blurred boundaries

Boundary-oriented losses and branches; attention to
salient regions

Cao et al. [30]; Pan et al. [42]; He et al. [34];
Zhou et al. [36]

Variability in tumor size; small
tumors

Multi-scale fusion, dilated convolutions, modules for
small tumors; results reported by tumor size

Cao et al. [31]; Cheng et al. [33]; Yang et al. [38];
Li et al. [45]; Jeong et al. [44]

Size of the volumes (memory,
computation)

3D patches with sliding-window inference; 2D /2.5D
inputs; architecture search and distillation

Lei et al. [29]; Liu et al. [40]; Yang et al. [38];
Cao et al. [46]; Pan et al. [47]

Limited annotated data

Semi- and weakly supervised learning; self-supervised
pre-training; adaptation of foundation models

Cao et al. [48]; Li et al. [49]; Huang et al. [51];
Liu et al. [40]; Zhou et al. [52]

False positives (artifacts, nipple,
shadowing)

Inter-slice context; multi-task consistency; dedicated
post-processing

Pan et al. [35]; Jeong et al. [44]; Liu et al. [40];
Hagkiem et al. [27]

Generalization across centers
and scanners

Multi-center training data; testing on an external center

Yang et al. [38]; Malekmohammadi et al. [26];
Liu et al. [40]; Zhou et al. [52]; Hagkiem et al. [27]

The following subsections describe the primary studies of each methodological family,

followed by the TDSC-ABUS 2023 challenge entries assigned to the same family (Table 5).
Characteristics and reported results of every primary study are given in Table 2. Be-
cause most families contain only a few studies, which often share a single private dataset,
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the statements below describe what individual studies found and are not generalizations
about the family as a whole.

3.3. CNN-Based Architectures

Seven primary studies and nine challenge entries fall into this family. Lei et al. applied
a 3D Mask R-CNN to 25 patients [28] and later extended it to a Mask scoring R-CNN
evaluated on 70 patients [29], with a mean Dice of 0.82 on a 30-patient hold-out set. In both
studies a region proposal stage localizes the tumor before voxel-wise segmentation of 3D
patches. In the 2020 report, the intersection over union (0.96) is higher than the Dice (0.84).
This cannot occur when both are computed on the same volumes, yet the article defines
both on the segmented tumor volume (while also describing the IoU as a detection metric),
so the two values cannot be reconciled.

Two studies from the Peking University People’s Hospital group addressed class
imbalance through the loss function. Cao et al. [30] added a boundary loss based on a
signed non-Euclidean distance map to the Dice loss, which raised the Dice from 0.77 to
0.82 on 83 volumes; the network was applied to a region of interest centered on the mass.
Cao et al. [31] combined a densely connected U-Net with hybrid dilated convolutions
(2.0 M parameters) and an uncertainty focus loss that gives more weight to voxels with un-
certain predictions, and obtained a Dice of 0.69 in five-fold cross-validation on 170 volumes,
within a region of interest centered on the mass.

Multi-task designs were used in two studies. Zhou et al. [32] trained a V-Net jointly
for segmentation and benign/malignant classification, with iterative refinement of the
feature maps (Dice 0.78), and He et al. [34] added a boundary-prediction branch to a 3D
multi-task network trained on 600 cases, including the TDSC-ABUS data (Dice 0.84). In both
studies the network received a crop that contained the lesion, so these values describe
segmentation within an already localized region. Cheng et al. [33] worked on 3742 2D slices
from 170 volumes, which were the slices containing the annotated lesion (slices without
lesion were excluded), with a decoder guided by the deepest encoder features, a multi-scale
fusion module and a mixed spatial-channel self-attention module (Dice 0.85, computed
on slices).

Challenge entries: CNNs were also the most common choice in the challenge, with nine
of the fourteen entries. Most relied on self-configuring pipelines (nnU-Net [57], STU-Net,
MONAI Auto3DSeg) with limited changes, such as residual encoders or ensembling.
The two highest Dice values on the hidden test set belong to this group (12, 0.615; T8, 0.602),
which suggests that a well-configured standard CNN remained competitive with the more
specialized designs submitted.

3.4. Attention-Based Models

Six primary studies and one challenge entry use attention as their main contribution.
Pan et al. [35] inserted spatial-channel attention into a 2D fully convolutional network and
linked consecutive slices with a bidirectional LSTM to remove false positives (Dice 0.82 on
selected slices); the authors note that the nipple region was sometimes segmented together
with the tumor. Zhou et al. [36] passed the probability map of a 3D Mask R-CNN head
to every level of a V-Net through attention blocks. Evaluated on whole volumes with a
sliding window, it reached a Dice of 0.65, lower than the 0.78 that the same group obtained
on the same data when the input was a tumor-centered region [32]. The comparison shows
how much the input setting, rather than the architecture alone, affects the reported value.
Zhang et al. [37] compared spatial, channel, CBAM and squeeze-and-excitation attention
within a dense network; spatial attention gave the highest Dice (0.75).
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Three further studies used 2D or 2.5D inputs. Yang et al. [38] stacked each slice with
its two neighbors as a three-channel image and added an improved channel attention
module to the skip connections and a selective-kernel encoder that mixes dilated and
standard convolutions for tumors of different sizes. The Dice fell from 0.85 on the internal
center to 0.81 on an external center; only slices that contained a tumor were segmented.
Malekmohammadi et al. [26] first detected masses with a Bi-ConvLSTM network and
then segmented each slice with an attentive U-Net guided by a saliency map (Dice 0.86),
on 60 volumes from four European centers acquired with two scanner vendors, the only
multi-vendor dataset in the corpus. Hagkiem et al. [27] fused adjacent slices in a twin-
stream U2-Net with efficient channel attention. Trained on the TDSC-ABUS data, it reached
a Dice of 0.38 on the TDSC validation set and 0.24 on an external Malaysian dataset; on the
subset of cases in which all compared models reached a Dice of at least 0.1, the values were
0.64 and 0.70. The values of 0.66 and 0.65 given in the abstract for cases with a Dice of at
least 0.1 correspond, in the result tables, to the subgroup of cases with a shadow ratio of at
least 1.0.

Challenge entries: One team (T18) combined 3D attention (DAF3D) and multi-
dimensional attention networks with U-Net and nnU-Net in 2.5D and 3D ensembles,
with a Dice of 0.489.

3.5. Hybrid CNN-Transformer Models

Seven primary studies and two challenge entries combine convolutional layers with
self-attention. Liu et al. [39] added Transformer layers and atrous spatial pyramid pooling to
a 3D attention U-Net (Dice 0.76 on 103 ABVS volumes). The same group later proposed DST-
C [40], in which a CNN branch and a Swin-type branch with dilated sampling self-attention
exchange information through spatial-channel attention; the model was pre-trained by
masked image modeling and followed by a post-processing step that removes false positives
(Dice 0.74). Trained on the in-house data only, it reached 0.65 on the 100 public TDSC-
ABUS training volumes used as an external test set. Zhuang et al. [41] built a residual Swin
Transformer U-Net with an image-reconstruction decoder that also learns from unlabeled
and lesion-free images (Dice 0.60 on 2D images from 256 patients).

Pan et al. [42] placed a CNN decoder and a decoder with Gaussian-weighted self-
attention after a shallow CNN encoder, and trained them with an angular-margin con-
trastive loss focused on boundaries (Dice 0.81). Li et al. [45] used a dual-branch encoder—
decoder in which a Transformer branch and a convolutional branch interact through
cross-attention, with a graph-convolution module for small tumors (Dice 0.75 on a test set
where more than half of the tumors were smaller than 1 cm?). Jeong et al. [43] designed a 3D
hybrid Transformer with adaptive attention blocks, a channel-attentive gate and a classifica-
tion branch for multi-task learning, which raised the Dice of an nnU-Net baseline from 0.55
to 0.58 and reduced the HD95 from 37 to 24 mm on the same data. A later journal article by
the same group [44] built the model on the nnU-Net framework, added a parallel vision
Mamba module and a consistency loss between the segmentation and classification outputs,
and reached a Dice of 0.60 in five-fold cross-validation on the 200 TDSC-ABUS volumes.

The three hybrid models evaluated on TDSC-ABUS data reached Dice values of 0.58 to
0.65, in the range of the best challenge entries although not on the same test cases, whereas
values between 0.60 and 0.81 were reported on private datasets. With the present evidence
it is not possible to say whether hybrid models segment ABUS tumors better than CNNs,
because no study compared the two on a common external test set.

Challenge entries: Two teams used hybrid models: an ensemble of Swin-UNETR
models (T6, Dice 0.540) and a vision Transformer encoder with a 3D CNN decoder (T12,
0.467). Both scored below the best CNN entries on the same hidden test set.
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3.6. Lightweight, Neural Architecture Search and Knowledge Distillation Approaches

Two primary studies target model efficiency. Cao et al. [46] used neural architecture
search to select the cell structure and multi-scale fusion of a densely connected encoder—
decoder, with search and training decoupled to limit memory use (Dice 0.78 on 50 test
volumes, within a region of interest centered on the mass). Pan et al. [47] distilled a 3D
U-Net teacher into smaller students through contrastive learning applied separately to
tumor and background features, together with a ranking loss for hard pixels; a 3D HR-
Net student reached a Dice of 0.77 (0.78 in the abstract), and a small 3D U-Net student
gained 7 percentage points, also within a region centered on the tumor. Both studies report
efficiency as parameter counts; neither reports inference time on clinical hardware.

Challenge entries: No challenge entry was designed primarily for efficiency, and the
challenge did not evaluate runtime or memory use.

3.7. Semi-Supervised and Weakly Supervised Learning

Four primary studies reduce the need for voxel-level annotations. Cao et al. [48] used
temporal ensembling in which a pixel-wise uncertainty map weights both the pseudo-
labels and the unsupervised loss, so that unreliable predictions contribute less (Dice 0.74
on 2D slices). Pan et al. [50] extended the mean-teacher framework with an auxiliary
teacher and kept only high-confidence pseudo-labels (Dice 0.75 on slices). Li et al. [49]
used an adversarial framework with two discriminators that enforce consistency between
labeled and unlabeled predictions and between the segmentation and a distance-map
representation; with 50% of the labels, it reached a Dice of 0.67 within a region centered on
the tumor. Huang et al. [51] trained with 3D bounding boxes only, using reinforcement-
learning agents that progressively erase the nodule inside the box (Dice 0.75 on 486 test
volumes); the box is still needed at inference.

Three of the four studies used data from the same center, and only one [49] also
reported results on a second, public dataset.

Challenge entries: No team reported using unlabeled data, although only 100 anno-
tated training volumes were available.

3.8. Foundation-Model-Based Approaches

One primary study and two challenge entries adapt segment-anything models.
Zhou et al. [52] fine-tuned SAM-Med3D [58] with low-rank adaptation and simulated
clicks on 292 patients, with a Dice of 0.75 on the internal test set and 0.79 on the TDSC-
ABUS data used as external test. Without ABUS-specific adaptation, the same model
performed poorly: in the experiments of Huang et al. [51], prompted SAM-Med3D reached
a Dice of only 0.38 to 0.48 with one to ten clicks. Only one primary study met the inclusion
criteria in this family; promptable, few-shot and universal segmentation models evaluated
outside ABUS are discussed in Section 4.2.

Challenge entries: T7 fine-tuned MedSAM [59] inside boxes detected by YOLOv8
(Dice 0.498), and T9 fine-tuned SAMed on 2D slices (Dice 0.585), which gave the lowest
Hausdorff distance of all entries (80.2). Taken together, these results suggest that foundation
models need adaptation to ABUS data to be useful, and that they currently depend on
clicks or a detection stage.

3.9. Datasets and Evaluation Protocols

The 27 primary studies rely on a small number of datasets. Twelve used the same
170-volume private dataset from Peking University People’s Hospital (107 patients, Siemens
ACUSON 52000); two earlier studies from the same group used 83 volumes and a
124-patient version of this cohort. Three studies used data from Zhejiang Cancer Hos-
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pital (GE Invenia; two of them as inferred from the authors” affiliation), and at least eight
used the TDSC-ABUS 2023 data as their main, additional or external dataset. Only one
study used images from more than one scanner vendor [26], and four evaluated a trained
model on data from a center not used for training [27,38,40,52].

Evaluation protocols differed even within the shared dataset. Studies on the
170-volume cohort used five-fold or four-fold cross-validation, or fixed splits of 104/10/56,
120/50, 126/34/10 or 109/15/46 volumes. The same split sizes recur within the group
(109/15/46 volumes: Cao et al. [48], and Zhang et al. [37]; 120/50 volumes: Cheng et al. [33],
Cao et al. [46], Li et al. [45], and Li et al. [49]), but whether the same volumes were used
is not stated. Seventeen of the 27 studies stated that the split was made at patient or case
level; the other ten did not report it.

Three further factors affect how the reported Dice values should be read. First, eight stud-
ies processed 2D slices or stacks of adjacent slices, and in several of them the Dice was
computed per slice rather than per volume. Second, eleven studies gave the network informa-
tion about the tumor location: a region of interest centered on the mass, a crop containing the
lesion, only the slices that contained a tumor, a bounding box or user clicks; four more probably
did: two used only a few thousand slices from 170 volumes (Pan et al. [35]; Pan et al. [50]), one
used 13,382 slices from 170 volumes without stating how they were selected (Cao et al. [48]),
and one used the same 128 x 64 x 128 input as the tumor-centered studies of the same group
(Zhang et al. [37]). Third, boundary metrics were reported in different forms, as the 95th-
percentile or maximum Hausdorff distance, in millimeters, pixels or voxels, or not at all. Only
a few studies stated how the Dice was aggregated (for example, per patient in Jeong et al. [44]
and per volume in Hagkiem et al. [27]), and three reported results by tumor size [44,45,52].
These factors are recorded for each study in Table 2.

Their effect can be seen within studies from the same group on the same data.
Zhou et al. obtained a Dice of 0.78 when the network received a tumor-centered region [32]
and 0.65 when it segmented whole volumes [36]. In Hagkiem et al. [27], the Dice on the full
test sets (0.38 and 0.24) rose to 0.64 and 0.70 on the subset of cases in which all compared
models reached a Dice of at least 0.1. Values of 0.84 or higher in Table 2 were all obtained
on 2D slices, on a localized region (including 3D lesion-containing crops), or on 70 patients
or fewer, whereas whole-volume evaluations on the TDSC-ABUS data [40,43,44] and on
the challenge test set (Section 3.11) gave values between 0.58 and 0.65.

3.10. Design Choices Addressing ABUS-Specific Challenges

This subsection groups the design choices that the included studies and challenge
entries used to deal with class imbalance, volume size and false positives.

3.10.1. Loss Functions

Most studies combined an overlap term with a voxel-wise term, typically Dice with cross-
entropy or binary cross-entropy (e.g., [29,39-41,45,52]), and this was also the most frequent
choice in the challenge (T5, T10, T12, T13). Some studies used Dice loss alone [26,37,46].
Others targeted boundaries: a boundary loss based on a signed distance map [30], an angular-
margin contrastive loss [42], a boundary-prediction branch [34], or a surface loss combined
with Dice and focal terms (challenge team T6). Two studies weighted the loss by predictive
uncertainty [31,48], and four added classification or consistency terms through multi-task
learning [32,34,43,44]. No included study used Tversky or focal-Tversky losses, which are
designed to trade false negatives against false positives and could suit small tumors.

3.10.2. Patch-Based Versus Whole-Volume Processing

Because an ABUS volume can contain several hundred slices of more than 800 x 500 pixels,
no study fed full-resolution volumes to the network in one pass. Three strategies were
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used. Most of the 19 studies with 3D input trained on 3D patches or crops and, when
reported, reconstructed the whole volume at inference with a sliding window (e.g.,
Lei et al. [29], 128 x 128 x 64 patches; Li et al. [45], 208 x 80 x 208 patches selected by
nnU-Net; Liu et al. [40], 1283; challenge teams T2, T3, T8 and T12). Two challenge teams
down-sampled the whole volume, either alone (T5) or as a coarse first stage followed by
refinement of each detected component (T13). Eight primary studies and five challenge
entries avoided 3D memory costs by working on 2D slices or 2.5D stacks, sometimes adding
inter-slice context through an LSTM [35], adjacent-slice channels [38] or twin streams [27].
Patch- and slice-based processing keep the native resolution but lose wider context, which
can lead to false positives on structures that resemble tumors, such as the nipple region in
2D slices [35].

3.10.3. Post-Processing

Post-processing was rarely described in the primary studies: only Liu et al. [40]
reported a dedicated step to reduce false positives; Pan et al. [35] removed them within the
network through inter-slice context. Challenge reports were more detailed: teams kept the
largest connected component (T9, T12, T16), refined masks with a conditional random field
(T6), removed candidates with low classification confidence (T6), averaged ensembles of
cross-validation models (T3, T6) or used flip test-time augmentation (T16). Because these
steps can change Dice and Hausdorff values substantially, their absence from most method
descriptions is a further obstacle to reproducing published results.

3.11. Benchmark Evidence from the TDSC-ABUS 2023 Challenge

The TDSC-ABUS 2023 challenge, organized at MICCAI 2023, is currently the only
shared benchmark for 3D ABUS tumor segmentation [14]. It used 200 volumes acquired at
a single center (Harbin Medical University Cancer Hospital), split by stratified sampling
into training (n = 100), validation (n = 30) and test (n = 70) sets, with a malignant-to-benign
ratio of about 0.58:0.42; the data are distributed through the challenge platform (tdsc-
abus2023.grand-challenge.org). Test labels were not released during the challenge: each
team submitted a Docker container that the organizers ran in a standardized environment,
and Dice and Hausdorff distance (HD) were computed by the organizers for every test
case. Because all teams were evaluated on the same hidden cases with the same metric
implementation, the values in Table 5 can be compared with each other, unlike those
reported by the primary studies (Table 2).

Table 5 summarizes the 14 teams whose segmentation results were scored on the
hidden test set; four of them (T1, T4, T8 and T10) were ranked only after the organizers
replaced infinite Hausdorff distances with a penalty value. Three observations are relevant
to this review. First, mean Dice on the hidden test set ranged from 0.31 to 0.61, below most
values reported on private datasets (Table 2), which suggests that the latter should not
be read as estimates of performance on unseen patients. Second, overlap and boundary
accuracy were weakly related: the team with the highest Dice (T2, 0.615) did not obtain
the lowest HD, which was achieved by a Segment Anything-based model (T9, HD = 80.2).
Reporting Dice alone therefore hides part of the picture. Third, most top-ranked entries
relied on self-configuring CNN pipelines (nnU-Net, STU-Net, MONAI Auto3DSeg) rather
than on new architectures, and neither foundation-model entry was superior in overlap.

The organizers noted three limitations that bear directly on clinical use: residual label
noise in the training annotations, data from a single center and a limited set of acquisition
protocols, and the absence of any runtime or hardware evaluation.
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Table 5. Segmentation methods and results of the 14 scored teams in the TDSC-ABUS 2023 challenge (hidden test set, 7 = 70 volumes). Only the 14 teams whose
segmentation results were scored are listed (T1, T4, T8 and T10 only after the penalty adjustment for infinite Hausdorff distances), so the team identifiers (T1-T18)
are not consecutive. Teams are listed by identifier, not by rank. Because all teams were evaluated by the organizers on the same hidden cases with the same metric
implementation, these values can be compared with each other, unlike those in Table 2.

Team Architecture Input Training/Inference Strategy Loss Post-Processing Dice HD
T1 SEGNet (U-Net with multi-scale features) 3D NR NR NR 0.586 117.2
T2 Multi-task 3D nnU-Net with residual encoder 3D Lesion-positive and random negative NR NR 0.615 90.5
patches; sliding window
T3 nnU-Net with residual encoder 3D Patches 80 x 160 x 192; 5-fold CV NR Ensemble of 5 folds 0.562 162.9
T4 STU-Net (large) 3D NR NR NR 0.589 159.0
T5 nnU-Net 3D low-resolution 3D (down-sampled)  5-fold CV Dice + BCE NR 0.538 96.5
T6 Swin-UNETR ensemble + SegResNetVAE for small 3D NR Dice + focal + CREF; confidence-based false-positive 0.540 121.2
tumors surface removal
17 YOLOVS detection, then fine-tuned MedSAM in detected 2D slices Box-prompted NR Slice stacking into a 3D mask 0.498 153.1
boxes
T8 SegResNet (MONAI Auto3DSeg) 3D Sliding window Dice Resampling to native resolution 0.602 829
T9 SAMed (fine-tuned SAM) 2D slices (512 x 512)  5-fold CV NR Probability-map fusion; largest 3D 0.585 80.2
connected component
T10 2D U-Net with classification branch 2.5D (contiguous Multi-scale 3D crops Dice + CE NR 0.534 105.1
slices)
T12 ViT encoder with cross-attention + 3D CNN decoder 3D Patches 1283; sliding window Dice + CE Largest connected component 0.467 266.1
T13 ResUNet with ASPP, coarse-to-fine 3D Whole volume at 256°, then Dice + 0.5 x Per-component refinement 0.306 203.4
per-component ROI BCE
T16 2D U-Net (full report: Barkhof et al. [60]) 2D slices NR NR Flip TTA; largest 3D connected 0.441 101.4
component
T18 MDA-Net, U-Net, nnU-Net, DAF3D 2.5D (3 slices) and NR NR NR 0.489 81.7
3D

Dice, mean per-case Dice similarity coefficient; HD, Hausdorff distance computed by the organizers, with infinite values replaced by 105% of the worst valid HD for the case
(penalty-adjusted leaderboard; units not specified in the challenge report). BCE, binary cross-entropy; CE, cross-entropy; CRF, conditional random field; CV, cross-validation; TTA,
test-time augmentation; NR, not reported in the challenge report. Values from the penalty-adjusted results table (Table 4) of the challenge report [14].
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3.12. Comparative Summary

Taken together, the included studies show a field that has moved from CNN base-
lines to attention, hybrid, data-efficient and foundation-model approaches, but they do
not show that any family outperforms the others. Within single studies, specific design
choices improved results on the authors” own data, such as boundary or uncertainty-aware
losses, inter-slice context and pre-training. Across studies, however, differences in data,
input setting and metric definition are larger than the differences between methods: on
the TDSC-ABUS data, the best fully automatic CNN, hybrid and foundation-model ap-
proaches reached Dice values between 0.58 and 0.65 (on different test cases), whereas a
click-prompted model reached 0.79 [52]. Table 6 summarizes what the evidence of each
family supports and where it is insufficient. Most families rest on fewer than eight studies,
often from the same group and dataset, so these observations should be read as describing
the current literature rather than intrinsic properties of the architectures.

Table 6. Summary of the evidence by methodological family. The table describes what the included
studies reported; it does not rank families.

Family Primary Input and Data Settings What the Included Studies Show What the Evidence Does Not
Studies Allow
(Challenge
Entries)
CNN-based 7(9) Mostly 3D; four studiesona  Loss design (boundary, uncertainty) Conclusions on long-range
localized region and one on improved Dice within single studies; ~ context: no CNN was compared
lesion-containing slices only;  standard self-configuring CNNs gave ~ with a hybrid model on a
three data sources the best challenge results common external test set
Attention-based 6(1) Four 2D /2.5D studjies; the Within-study ablations favored A general robustness advantage:
only multi-vendor and two attention modules; performance external results come from two
external-center evaluations dropped on external centers (0.85 to studies only
0.81;0.38 to 0.24)
Hybrid 7(2) Mostly 3D; three studies on Dice of 0.58-0.65 on TDSC data and Superiority over CNNs: hybrid
CNN-Transformer TDSC data 0.60-0.81 on private datasets; one challenge entries scored below
study used self-supervised the best CNN entries
pre-training and dropped from 0.74 to
0.65 on external TDSC data
Lightweight/NAS/ 2 (0) 3D; same single-center Smaller models reached Dice close to ~ Deployment benefit: no study
distillation dataset; both on a larger ones (0.77-0.78) reported inference time or
tumor-centered region hardware
Semi-/weakly 4(0) Two 2D, two 3D; three on the  Uncertainty-weighted pseudo-labels,  Generalization: only one study
supervised same dataset; one on a teacher-student and adversarial reported results on a second
tumor-centered region consistency reduced the need for dataset; the box-supervised
labels; box supervision reached Dice model still needs a box at
0.75 inference
Foundation-model- 1 (2) 3D or 2D slices; clicks or Adapted SAM-Med3D reached Dice Fully automatic use: two of the

based

detected boxes required

0.75-0.79; unadapted SAM-Med3D
reached 0.38-0.48

three approaches depend on
prompts or a detection stage;
only SAMed (T9) does not

4. Discussion
4.1. Principal Findings

This review identified 27 primary studies and one challenge benchmark on deep
learning segmentation of tumors in ABUS. Figure 2 places the primary studies by year
and methodological family. Over 20202026, the methods moved from CNNs with region
proposals or modified losses toward attention modules, hybrid CNN-Transformer encoders,
architecture search and distillation, semi- and weakly supervised training and, from 2025,
adapted foundation models. This progression is visible in the methods proposed, but not
in the results: only one study compared CNN and hybrid models on a common external
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test set [40], and on the only shared benchmark the best entries were self-configuring CNN
pipelines rather than newer architectures (Section 3.11).

General-purpose  y.net (2015), V-Net,

Net, mnU-Net; Swin-UNETR SAM; UniverSeq; MedSAM Ultrasound-specific
segmentation MaskRCNN (2016-17) TransUNet (3021) (2022) i

SAM-Med3D (2023) (2024) foundation models

TDSC-ABUS challenge
(MICCAI 2023; report 2025)
14 teams, shared hidden test set

. @ z2hou
CNN-based : Lao @ cao @ Cheng @ e
ei
@ Lo
Zhang Malekmohammadi
Pan Hagkiem
Zhou Yang
Py T L Qou @ Jeong
/brid CNN-Tre rmer Li Zh P
Hybrid CNN-Transformer @ Lu @ zwang © ran @ Jeong [
Lightweight / NAS /
< e earis C: P
distillation @-ceo @ Fon
i- Pe
Semi- / weakly @ oo @ P @ Huang
supervised QoL
Foundation-model-
Zh
based @z
2020 2021 2022 2023 2024 2025 2026

(to Oct)
Publication year of primary study

Figure 2. Methodological roadmap of deep learning tumor segmentation in ABUS. Each marker
is a primary study included in this review, placed by publication year and methodological family
(first author shown); marker colors indicate the methodological family. The upper band shows
general-purpose segmentation methods on which the ABUS studies built: U-Net [61], V-Net [62],
Mask R-CNN [63], nnU-Net [57], TransUNet [64], Swin-UNETR [65], Segment Anything [66],
UniverSeg [67], SAM-Med3D [58], MedSAM [59] and ultrasound-specific foundation models [68].
The dashed line marks the TDSC-ABUS 2023 challenge. The roadmap shows when approaches
appeared; it does not imply that later families perform better.

The main finding concerns comparability. Differences in input setting, data and metric
definition were larger than the differences between methods (Section 3.9). Within one group
and dataset, the Dice fell from 0.78 with a tumor-centered region to 0.65 with whole-volume
inference [32,36], and, within one study, restricting the evaluation to cases that all compared
models segmented at least partially raised it from 0.38 to 0.64 [27]. Values reported on
private data, up to 0.86, should therefore be read as performance under each study’s own
conditions, not as estimates for unseen patients. The challenge results, with mean Dice
between 0.31 and 0.61 on 70 hidden volumes, are closer to the latter.

A second finding is that design choices responded to ABUS-specific constraints rather
than to a general search for accuracy: patch-based and slice-based processing for memory,
boundary- and uncertainty-weighted losses for blurred margins and class imbalance, inter-
slice context and post-processing for false positives, and semi-supervised or box-level
supervision for annotation cost (Section 3.10). These choices were usually tested only
by ablation within a single study on a single dataset, so their benefit outside that setting
is unknown.

4.2. ABUS Segmentation in the Context of General-Purpose and Foundation Models

Medical image segmentation is moving from task-specific architectures toward general-
purpose models. Self-configuring frameworks such as nnU-Net [57] already provide strong
baselines and underlay most of the best challenge entries. Promptable models derived from
Segment Anything [66], including MedSAM [59] and the volumetric SAM-Med3D [58],
segment a structure from a click or a box. In-context models such as UniverSeg [67] segment
new tasks from a few labeled examples without retraining, ultrasound-specific foundation
models such as SAM-MedUS [68] are trained across many ultrasound tasks, and vision—
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language models use text prompts, as in breast ultrasound [69]. Many of these models
report results on 2D handheld breast ultrasound but not on ABUS volumes, which is why
they fall outside the inclusion criteria of this review and are discussed here as context.

The ABUS evidence on these models is still limited but consistent. Without adaptation,
prompted SAM-Med3D reached a Dice of only 0.38-0.48 on ABUS [51]; after low-rank
adaptation with simulated clicks, it reached 0.75-0.79, including on external data [52].
In the challenge, a fine-tuned SAM variant gave the lowest Hausdorff distance but not the
highest overlap [14]. Two practical points follow. First, these models need adaptation to
ABUS speckle and anatomy. Second, they depend on prompts, so they either shift effort to
the reader or require a detection stage, as in the challenge entry that fed YOLOvVS boxes to
MedSAM. Whether this is acceptable depends on the workflow: when the radiologist has
already found the lesion, a click is cheap; in whole-breast screening, it is not.

Few-shot adaptation and universal models are a promising answer to the scarcity of
ABUS annotations, because they could reduce the number of annotated volumes needed for
anew center or scanner. This has not yet been tested: no included study evaluated few-shot
or in-context segmentation on ABUS, and, to our knowledge, no foundation model has
been trained on ABUS volumes at scale. Evaluating these models on the TDSC-ABUS data,
with a patient-level split and the challenge metrics, would be a simple first step.

4.3. Clinical Applicability and Deployment

Four studies used segmentation as one stage of a diagnostic pipeline (Table 3): to
provide tumor shape or a volume of interest to a benign/malignant classifier [53-55], or to
support the classification of BI-RADS 4 lesions across two centers [56]. They show where
segmentation enters clinical decision support, but all four started from a region or images
selected manually and two did not evaluate the segmentation itself. The contribution of
fully automatic segmentation to diagnostic accuracy therefore remains to be measured.

Evidence on deployment is thin. Almost all datasets came from Chinese centers,
one study used two scanner vendors [26], and four tested on an external center, where
performance fell in three of them (for example, Dice from 0.85 to 0.81 in Yang et al. [38],
and from 0.74 to 0.65 in Liu et al. [40]). No study reported inference time on clinical
hardware (one reported about 1 s per patient on a research GPU [29]); the efficiency-
oriented studies reported only parameter counts, and the challenge did not evaluate
runtime. Segmentation accuracy also misses what matters most in whole-breast reading:
how many tumors are found and how many false positives are produced per volume.
Lesion-level metrics, such as sensitivity and false positives per volume, capture this better
than Dice and should be reported alongside it.

To fit radiology practice, a tool must run within the reading time of a volume, cope
with different scanners and acquisition settings, and produce output that a reader can check
quickly, for example a contour on the coronal view with an indication of its reliability. Semi-
automated approaches suit a review station where the radiologist confirms or corrects a
proposal, whereas fully automatic approaches are needed for pre-reading or triage. Studies
should state which of these uses they target, because it determines the appropriate input
setting and evaluation.

4.4. Methodological Limitations of the Current Literature

The current evidence base is narrow. Twelve of the 27 primary studies used the same
170-volume dataset from one hospital, three used data from a second hospital, and at least
eight used the TDSC-ABUS data, which come from a single center and vendor. Even on
the shared private dataset, split sizes differed between studies and the reuse of identical
splits was not stated, and, across all 27 studies, ten did not state whether the split was

https:/ /doi.org/10.3390 /biomedinformatics6050095


https://doi.org/10.3390/biomedinformatics6050095

BioMedInformatics 2026, 6, 95

22 of 28

made at the patient level. Dice was computed per slice in several 2D studies, eleven studies
gave the network information about tumor location, post-processing was rarely described,
and boundary metrics were reported as different Hausdorff variants in millimeters, pixels
or voxels (Sections 3.9 and 3.10).

These are reporting gaps as much as methodological ones, and existing guidance could
close them. The CLAIM checklist [70] covers data partitioning and the reference standard,
and Metrics Reloaded [71] recommends metrics matched to the task, such as per-case Dice
with a boundary metric in physical units and lesion-level metrics for detection. A minimum
reporting set for ABUS segmentation could include: patient-level splits; per-volume Dice
averaged over cases, with dispersion; HD95 in millimeters; results stratified by tumor size;
the input setting and any localization information given to the network; post-processing;
runtime and hardware; and, where possible, results on the TDSC-ABUS data.

4.5. Future Research Directions
4.5.1. Shared Benchmarks and Multi-Center, Multi-Vendor Data

The TDSC-ABUS challenge showed the value of a hidden test set evaluated by the orga-
nizers, but it covers one center and one vendor. Future benchmarks should include several
centers and both major ABUS systems, keep test labels hidden, include volumes without
tumors so that false positives can be measured, and evaluate runtime. Such benchmarks
are a scientific prerequisite for the field, not a secondary organizational task [12,14].

4.5.2. Privacy-Preserving Collaborative Learning

Pooling ABUS volumes across hospitals raises privacy, consent and governance con-
straints, which partly explains why datasets remain local. Federated learning trains a
shared model while the data stay at each site [72]. Split learning divides the network
between the sites and a server and can be combined with homomorphic encryption to
protect the exchanged features, including for U-shaped segmentation networks [73]. None
of the included studies used collaborative or privacy-preserving training. Because ABUS
data come from a few vendors with standardized acquisition, they are a good candidate for
federated benchmarks that also measure cross-site generalization.

4.5.3. Data-Efficient Learning, Uncertainty and Calibration

Annotation cost is the main bottleneck of ABUS segmentation. Four primary studies
reduced the need for voxel-level labels through semi-supervised learning or box-level
supervision [48-51], and two others used unlabeled images for consistency regulariza-
tion [41] or self-supervised pre-training [40]. In contrast, no challenge team used unlabeled
data, although only 100 annotated training volumes were available and the 30 validation
volumes had been released without labels [14]. Uncertainty-aware pseudo-labeling and
consistency learning are natural candidates for this setting [74,75]. Uncertainty was used as
a training signal in two studies, which weighted the loss by predictive uncertainty [31,48].
Jeong et al. [44] reported that multi-task learning improved calibration against lesion-
related artifacts; however, their consistency loss was designed to suppress false positives,
and their reported metrics did not include a calibration measure. Because boundaries
are ambiguous and readers disagree, uncertainty should also be an output of the model,
not only a training signal: models should report voxel- or lesion-level uncertainty and be
checked for calibration [76], so that a reader knows when not to trust a contour.

4.5.4. Small Tumors and Fair Comparison of Architectures

Small tumors are both clinically important and the main source of failure. No included
study used Tversky or focal-Tversky losses [77,78], which trade false negatives against
false positives, and only three reported results by tumor size [44,45,52]. Few studies used
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2.5D inputs (Yang et al. [38], and two challenge entries) or otherwise added adjacent-slice
context [27,35], although 2.5D inputs are a natural compromise between 2D efficiency
and 3D context in ABUS. Finally, the question of whether hybrid or foundation models
outperform well-configured CNNs can only be answered by head-to-head comparisons on
a common external test set. Only Liu et al. [40] made such a comparison: all models were
trained on their private data and tested on the TDSC-ABUS data, where their hybrid model
reached a Dice of 0.65 against 0.61 for nnU-Net. This comparison, however, comes from
a single study, with baselines re-implemented by the authors, and no foundation model
was included.

4.5.5. Clinical Reliability and Workflow Integration

Future work should move beyond segmentation accuracy as an isolated measure.
Clinical value will depend on consistent performance across devices and sites, acceptable
runtime on clinical hardware, lesion-level detection performance, outputs whose reliability
the reader can check (Section 4.5.3), and evidence that segmentation improves downstream
decisions, ideally in reader studies and prospective evaluations within the ABUS reading
workflow [12].

5. Conclusions

Deep learning for tumor segmentation in ABUS has diversified since 2020 into
six methodological families, from CNNs to adapted foundation models. The evidence does
not show that any family is superior. Most studies used private, single-center data, often the
same dataset, with different splits, input settings and metric definitions, and the reported
Dice values depend more on these settings than on the architecture. Almost all datasets
came from Chinese centers and were acquired with Siemens or GE systems, so it is not
known whether the reported results hold for other populations, scanners and acquisition
protocols. On the only shared benchmark, self-configuring CNN pipelines performed best,
and Dice values were well below most of those reported on private data.

The next step for the field is therefore not mainly a new architecture but better evidence:
multi-center, multi-vendor benchmarks with hidden test sets; standardized reporting of
evaluation settings; data-efficient and privacy-preserving training; uncertainty estimates;
and evaluation of runtime and clinical use within the ABUS reading workflow.
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Abbreviations

The following abbreviations are used in this manuscript:

2D/2.5D/3D  Two-dimensional/stack of adjacent slices/three-dimensional

ABUS Automated breast ultrasound

ABVS Automated breast volume scanner

Al Artificial intelligence

BCE/CE Binary cross-entropy/cross-entropy

BI-RADS Breast Imaging Reporting and Data System

BLSTM Bidirectional long short-term memory

CAD Computer-aided diagnosis

CNN Convolutional neural network

CRF Conditional random field

Cv Cross-validation

DsC Dice similarity coefficient

HD/HD95 Hausdorff distance/95th-percentile Hausdorff distance

HDI Human Development Index

HHUS Handheld breast ultrasound

LoRA Low-rank adaptation

MTL Multi-task learning

NAS Neural architecture search

PRISMA-ScR Preferre(.:l Reporjcing Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews

ROI/VOI Region of interest/volume of interest

SAM Segment Anything Model
Tumor Detection, Segmentation and Classification Challenge on Automated 3D

TDSC-ABUS
Breast Ultrasound

WHO World Health Organization
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