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Introduction: Breast cancer remains the most commonly diagnosed malignancy
in women worldwide, with approximately 2.3 million new cases and 670,000
deaths in 2022. Artificial intelligence (Al) is increasingly being applied across
breast imaging for detection, characterization, segmentation, risk stratification,
explainability, and clinical translation.

Methods: This systematic review synthesized 284 eligible peer-reviewed
publications published between 2015 and 2025, identified through a PRISMA
2020-compliant search of four indexed databases. A supplementary relevance-
ranked Google Scholar screen was reported separately. A targeted May 2026
narrative update of recent prospective and implementation studies was also
conducted without adding these records to the PRISMA denominator.

Results: The reviewed evidence encompassed classical machine learning
and radiomics, convolutional neural networks, YOLO-family detectors, vision
transformers and hybrid CNN-Transformer architectures, U-Net variants, Mask
R-CNN, SAM, and MedSAM across mammography, tomosynthesis, MRI,
ultrasound, contrast-enhanced mammography, and emerging photoacoustic
imaging. The evidence highlights advances in explainable Al, multimodal
and radiogenomic fusion, federated learning, and open-source deployment,
while persistent challenges include data heterogeneity, class imbalance,
domain shift, bias, incomplete calibration, and limited prospective validation.
Retrospective benchmark findings were derived from the 284-study systematic
corpus, whereas prospective clinical utility and real-world implementation were
informed by the separate 2026 narrative update.

Discussion: Al shows substantial potential to enhance breast cancer imaging,
but broader clinical translation requires robust external and prospective
validation, improved calibration, assessment of generalizability and bias, and
integration into clinical workflows. Supplementary Data Sheet S1 should be
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interpreted as a provenance-tagged evidence map rather than a formal study-
level risk-of-bias assessment, with 38 entries verified from full text, 48 based on
abstracts, and 198 based on DOIl/source pages or other web-accessible records.

KEYWORDS

artificial intelligence, breast cancer detection, clinical translation, explainable Al,
medical imaging, deep learning, mammography, image segmentation

1 Introduction

Breast cancer remains the most commonly diagnosed
malignancy among women globally, with approximately 2.3
million new cases and 670,000 deaths in 2022 (Bray et al., 2024).
The burden continues to grow because of population aging,
changing reproductive patterns, and late-stage diagnosis in
settings with limited imaging infrastructure (Ginsburg et al., 2020).
Delayed diagnosis allows tumors to progress from localized disease
to regional or distant metastasis, where treatment becomes more
complex and survival declines substantially. 5-year relative survival
approaches 99% for localized disease but falls to 86% for regional
disease and 28% for distant disease, making early detection
central to improving outcomes (SEER Cancer Statistics Review,
1975-2018).

Human interpretation remains another major source of
diagnostic error. Perceptual errors account for an estimated
60%—80% of missed diagnoses in retrospective audits (Majid et al.,
2003), and fatigue during high-volume reporting can reduce
radiologist performance (Krupinskietal,, 2010; Qureshi etal.,
2024). Satisfaction-of-search bias, subtle architectural distortion,
and fine microcalcifications further increase diagnostic difficulty.
Inter-reader variability, with Cohen’s kappa around 0.4-0.6
among experienced radiologists (Elmore et al., 1994), affects recall
and biopsy thresholds. The broader breast imaging ecosystem
adds modality-specific complexity: tomosynthesis reduces tissue
superimposition; dynamic contrast-enhanced MRI offers high
sensitivity and moderate specificity, at high cost (Mann etal,
2019); ultrasound supports biopsy guidance and supplementary
screening but is operator-dependent; and contrast-enhanced
mammography, molecular breast imaging, and photoacoustic
imaging add functional or vascular information (Litjens etal.,
2017).

Artificial intelligence, and deep learning in particular, has
emerged as a transformative augmentation technology across
this entire diagnostic spectrum. The methodological landscape
spans multiple architectural paradigms that have evolved in
rapid succession over the past decade. Classical machine learning
and radiomics remain relevant in data-scarce contexts and for
interpretable radiogenomic biomarker discovery (Grimm etal,
2015; Saha et al., 2018; van Griethuysen et al., 2017). Convolutional
neural networks, which exploit the spatial structure of image
data through hierarchical local feature extraction, have dominated
breast imaging Al since the ImageNet deep-learning breakthrough
(Krizhevsky et al., 2012), consistent with the broader expansion
of deep learning in medical image analysis (Litjens etal., 2017;
Shah et al., 2024; Shen et al., 2017). Single-stage YOLO detection
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frameworks formulate lesion localization as a direct regression
problem and enable fast inference, suitable for real-time detection
workflows (Redmon etal., 2016). Vision transformers apply
global self-attention to sequences of image patches and have
motivated hybrid CNN-Transformer approaches for medical
image analysis (Chen et al., 2021; Dosovitskiy et al., 2020; Liu et al.,
2021). Specialized encoder-decoder segmentation architectures,
including U-Net and transformer-enhanced variants, have become
foundational for lesion boundary delineation across medical
imaging tasks (Chen et al., 2024; Ronneberger et al., 2015).

The translational potential of these AI advances has
increasingly moved from research demonstration toward
prospective clinical evaluation and early implementation. Several
Al-enabled imaging systems have received regulatory clearance
or are listed among AI/ML-enabled medical devices by the
U.S. Food and Drug Administration (Almarieetal., 2025;
Health C. for D and R., 2026). External evaluations of commercial
mammography Al systems have also shown that AI can support
screening interpretation, although prospective utility, workflow
effects, and deployment context remain essential determinants
of clinical value (Elias-Cabotetal., 2026; Salim etal., 2020;
Yilmaz et al., 2025). Recent evidence has further strengthened this
translational direction: the final MASAI randomized trial reported
non-inferior interval cancer rates with higher sensitivity and
unchanged specificity for Al-supported mammography screening
(Gommers et al., 2026); the AI-STREAM prospective multicenter
cohort in South Korea reported a 13.8% increase in cancer
detection without a significant recall-rate increase (Changetal.,
2025); and the AITIC paired noninferiority trial showed that
partially autonomous Al triage reduced radiologist workload by
63.6% while increasing cancer detection, although recall rates
increased in the overall cohort (Elias-Cabot et al., 2026). Despite
regulatory progress, clinical adoption remains heterogeneous,
constrained by PACS and electronic health record integration
challenges, unclear reimbursement pathways, and persisting
radiologist concerns about interpretability and generalizability
(Goh et al., 2025).

Explainability approaches, including saliency maps, lesion-
localization outputs, segmentation masks, attention visualization,
and case-based interpretability, have consequently become
important components of breast-imaging AI evaluation,
supporting spatial transparency, failure analysis, and radiologist
review, in the context of high-risk AI regulation and medical-
device assessment (Adadi and Berrada, 2018; Barnett et al., 2021;
Byra et al., 2020; Douglas et al., 2023; Huo etal., 2021; Maetal,,
2024; Regulation (EU), 2024; Ribli etal., 2018; Sani et al., 2024;
Selvaraju et al., 2017; Vakanski etal., 2020). At the same time,
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algorithmic fairness has emerged as a regulatory and ethical
imperative, following demonstrations that non-representative
biased
(Larrazabal et al., 2020), while federated learning frameworks

medical imaging datasets can produce classifiers
address the complementary privacy challenge of building
generalizable models across institutions without centralizing
sensitive patient data (Kaissis et al., 2020; Rieke et al., 2020).

Open-access resources have also accelerated the field. Public
datasets including CBIS-DDSM, INbreast, VinDr-Mammo, BUSI,
Duke Breast Cancer MRI, and EMBED enable reproducible
benchmarking and fairness auditing (Jeong et al., 2023; Lee et al.,
2017; Nguyen et al., 2023; RSNA, 2026; Saha et al., 2018). Open-
source systems such as Mirai, nnU-Net, and MedSAM allow local
validation (Ma et al., 2024; Nowakowska et al., 2023; Yala et al.,
2021), while Streamlit, Flask, Gradio, and TensorFlow.js support
lightweight or browser-based deployment (Cohen etal., 2019;
Smilkov et al., 2019). These resources democratize breast imaging
Al, although most studies remain retrospective and inconsistent
in external validation, fairness assessment, explainability, and
workflow evaluation.

The remainder of this review is organized as follows:
Section 2 describes the PRISMA-guided methodology, PICOS
framework, search strategy, study selection, data extraction,
and synthesis approach. Section 3 presents the results and
evidence synthesis, including clinical rationale, benchmark
datasets, imaging modalities, AI model families from classical
machine learning through vision transformers and segmentation
architectures, explainability methods, multimodal fusion, web
deployment platforms, and the structured evidence-quality
and methodological-limitations assessment. Section 4 discusses
challenges, review limitations, and future research priorities.
Section 5 concludes the review.

2 Methods

2.1 Reporting guideline and protocol
registration

This systematic review was conducted and reported in
accordance with the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 guidelines (Page et al.,
2021). The protocol was not prospectively registered, and this is
acknowledged as a review limitation. To maximize reproducibility
despite the absence of registration, the revised manuscript provides
the complete database-specific search strings, search dates, record
counts, screening flow, PICOS eligibility criteria, data-extraction
fields, source-provenance rules, and predefined evidence-quality
and methodological-limitations criteria in the main text and
Supplementary Material. Only peer-reviewed original journal
articles and full conference papers reporting quantitative breast-
imaging Al results were eligible for the systematic evidence base
of 284 included studies. Protocols without results, systematic
or narrative reviews, dataset or resource descriptions without
predictive-model evaluation, preprints, deployment frameworks,
regulatory listings, general algorithms, and non-breast-specific
methodological sources are cited only as contextual or technical
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background, are not counted in the PRISMA denominator, and are
listed separately in Supplementary Table S9 where applicable. The
PRISMA 2020 flow diagram is presented in Figure 1.

2.2 PICOS framework

The eligibility criteria were structured according to the PICOS
framework as follows. Population: adult women (age 18 years
and above) undergoing breast imaging for screening, diagnosis,
or treatment monitoring; studies on pediatric populations were
excluded, as detailed in Table 1. Intervention: any artificial
intelligence, machine learning, or deep learning method applied
to breast imaging data for detection, classification, segmentation,
risk prediction, or explainability. Comparator: human radiologist
performance, conventional computer-aided detection systems,
classical machine learning baselines, or no comparator; single-arm
studies were included but interpreted as lower-level evidence.
Outcomes: primary outcomes were diagnostic accuracy metrics
including area under the receiver operating characteristic curve
(AUC), sensitivity, specificity, and F1 score; secondary outcomes
were segmentation performance (Dice coefficient, Hausdorff
distance, and IoU), risk prediction performance (C-index,
calibration), and clinical utility metrics (workload reduction,
reading time). Setting: any clinical or research imaging setting,
including single-institution retrospective studies, multi-institution
prospective trials, and grand challenge benchmarks.

2.3 Search strategy and study selection

A systematic search was performed across PubMed/MEDLINE,
Scopus, IEEE Xplore, and Web of Science Core Collection
for publications released from January 2015 to December
2025, using terms related to breast cancer, mammography,
MRI, ultrasound, deep learning, machine learning, YOLO,
vision transformers, segmentation, explainable AI, radiomics,
and computer-aided diagnosis. Each database was queried
independently using database-specific syntax and field tags; the
complete verbatim search strings, search dates, and retrieved
record counts are provided in Supplementary Table S7. Persistent
access links or identifiers for the public datasets are listed in
Supplementary Table S3. The four indexed database searches were
last run on 15 December 2025 and identified 8,580 records before
deduplication. Because Google Scholar does not support stable
Boolean export or reliable deduplicated retrieval, the first 300
relevance-ranked Google Scholar records were screened only as a
supplementary source to identify potentially missed studies and
were not added to the main PRISMA database denominator.
After removal of 2,668 duplicate records, 5,912 records were
screened; 4,065 records were excluded at title/abstract screening;
1,847 full texts were sought and assessed; and 284 peer-reviewed
studies met the eligibility criteria for inclusion. To directly address
whether the supplementary Google Scholar screen contributed to
the quantitative corpus, none of the 300 relevance-ranked Google
Scholar records yielded an eligible study that was added to the 284-
study quantitative corpus. The 284 included studies were drawn
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FIGURE 1

PRISMA 2020 flow diagram for systematic literature search and study selection

exclusively from the four indexed databases, and the Google Scholar
screen functioned only as a completeness check for potentially
missed records; any items it surfaced were either already retrieved
by the indexed-database searches or, where non-indexed, retained
solely for qualitative or narrative contextualization and listed
among the context-only sources (Supplementary Table S9).

During revision, as a post hoc quality-control assessment, two
reviewers independently reassessed a computer-generated random
sample of 591 of the 5,912 title and abstract records (10.0%) and 185
of the 1,847 full-text reports (10.0%) using the predefined eligibility
criteria, with each reviewer blinded to the other’s initial decisions.
Inter-reviewer agreement was calculated from the initial inclusion
and exclusion decisions recorded before consensus discussion. The
reviewers agreed on 443 of the 591 title and abstract records (75.0%)
and on 157 of the 185 full-text reports (84.9%). All extraction
discrepancies were resolved by consensus before the final synthesis.
Fully independent duplicate screening and extraction across the
entire corpus, as recommended for Cochrane-style systematic
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reviews, was not operationally feasible for this single-team review
given the volume of records handled (8,580 identified; 5,912
screened after deduplication; 1,847 full texts assessed). Primary
screening was therefore performed by one reviewer, and a blinded,
computer-generated random dual-screening sample (10% at each
of the title/abstract and full-text stages) was used to quantify inter-
reviewer reliability rather than to duplicate the entire screening
process. This is a deliberate, resource-driven deviation from full
dual-independent screening and is acknowledged as a limitation
of this review (see limitations of this review); it is also why the
appraisal is described as a structured evidence-quality assessment
rather than a formal risk-of-bias evaluation.

No automated screening or Al-assisted triage tool was used.
The targeted narrative update was searched on 20 May 2026
using the same concept blocks restricted to recent prospective,
multicentre, and implementation studies; these records were
narratively integrated in the clinical-translation discussion and
were not added to the PRISMA denominator.
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TABLE 1 PICOS eligibility framework for systematic literature search.

PICOS Inclusion criteria Exclusion criteria
element
Population Adult women (age >= 18) Pediatric populations;
undergoing breast imaging non-breast cancers; studies
(screening, diagnosis, focused exclusively on male
monitoring) breast cancer
Intervention Any AI/ML/DL method Non-imaging Al methods;
applied to breast imaging: purely genomic or clinical
classification, detection, prediction without imaging
segmentation, risk scoring,
and XAl
Comparator Radiologist performance; No exclusion based solely
classical CAD; ML on comparator; studies
baselines; no comparator without an eligible
(single-arm) quantitative outcome were
excluded
Outcomes AUG, sensitivity, specificity, Qualitative only; opinion or
F1 score, Dice, IoU, editorial studies
C-index, Hausdorff
distance, and workload
reduction
Study design Original peer-reviewed Protocols without results;
journal articles and full systematic, scoping, or
conference papers reporting narrative reviews;
quantitative breast-imaging dataset/resource papers
Al results without model evaluation;
case reports; editorials;
opinion pieces; letters;
non-English publications

2.4 Data extraction and synthesis

For each included study, the review recorded publication

year, imaging modality, dataset/source, sample size, model
architecture, task type, validation strategy, comparator or
reference standard, primary performance metrics, explainability
method,
regulatory-clearance

open-source/code availability, deployment status,

status, and methodological limitations.
Full reports were used to determine eligibility for the 284
included studies. The full-text eligibility review and the later
expansion of Supplementary Data Sheet S1 were distinct processes.
Supplementary Data Sheet S1 is therefore now described as a
study-level evidence map and extraction-verification log, rather
than as a complete full-text extraction dataset.

The evidence map retains the source used to verify each row
and now includes an explicit full-text verification status. Of the 284
entries, 38 were verified from full text, 48 were based on abstracts,
and 198 were based on DOI/source pages or other web-accessible
records. For entries not verified from a full report, the spreadsheet
now states that the information is source-limited. In those rows,
“not reported” means only that the item was not identified in the
consulted source; it is not interpreted as evidence that the feature
was absent from the full article. Such entries were not assigned a
definitive study-level methodological-quality judgment.
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A second reviewer independently checked 57 of the 284
included studies (20.1%) across the predefined core fields, including
imaging modality, dataset, model architecture, task, validation
design, comparator, performance metrics, and methodological-
limitations information. All discrepancies identified during this
quality-control assessment were resolved by consensus. This inter-
reviewer reliability check is distinct from the per-study full-text
verification status reported above: the former quantifies agreement
between two reviewers on a sample of studies, whereas the
latter records the type of source consulted for each evidence-
map row (full text, abstract, or source record). Because a
validated QUADAS-2 or PROBAST instrument was not applied
study by study to all 284 full reports, this review no longer
describes the appraisal as a formal risk-of-bias assessment. Instead,
evidence was contextualized using predefined review-specific
criteria covering population and participant selection, index-model
development, reference standard, validation independence, flow
and timing, reporting transparency, calibration and subgroup
reporting, and clinical applicability. The operational criteria
are provided in Supplementary Table SI. Owing to substantial
heterogeneity across modalities, datasets, architectures, endpoints,
validation protocols, and reporting quality, quantitative meta-
analysis was not performed. Findings were narratively synthesized
and weighted by evidence level, with prospective and externally
validated studies interpreted more strongly than single-institution
retrospective benchmarks.

3 Results and evidence synthesis

Unless otherwise noted, performance values reported in

the model-family sections represent retrospective, dataset-
specific benchmarks rather than evidence of clinical readiness;
a non-pooled quantitative range summary is provided in
Supplementary Table S4. Representative study-level evidence-
map entries are shown in Supplementary Table S8, and a
minimum reporting checklist for future studies is provided
in Supplementary Table S6. To make the constraints of each
cited work explicit, the principal methodological limitation and
evidence-quality context for studies appearing in the model-
family literature tables are reported in Supplementary Table S2.
Supplementary Data Sheet S1 provides provenance-tagged
evidence-map fields for all 284 studies and identifies which rows

were verified from full text.

3.1 Epidemiology and clinical rationale

According to GLOBOCAN 2022, breast cancer accounted for
11.6% of all new cancer cases worldwide, with approximately
2.3 million cases and 670,000 deaths in 2022 (Bray et al., 2024).
Incidence rates are highest in Australia and New Zealand, Northern
America, and Northern Europe, yet mortality-to-incidence ratios
are substantially higher in sub-Saharan Africa and parts of
South Asia, reflecting stark global inequities in access to early
detection and treatment infrastructure (Ginsburgetal.,, 2020).
The economic burden is estimated at USD 88 billion annually
in direct healthcare costs (Chen etal., 2018). Population-based
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screening has reduced mortality by 15%—25% in randomized trials
(Broeders et al., 2012), but performance is substantially degraded in
dense breasts, where sensitivity falls to 48% (Sprague et al., 2014).
False-positive rates of 10%—12% per round generate unnecessary
procedures and significant patient anxiety (Lehman etal., 2017),
while inter-reader agreement among experienced radiologists
ranges only from 0.4 to 0.6 as Cohen’s kappa (Elmore et al., 1994).
Prospective and implementation studies have demonstrated that
Al-assisted screening workflows can reduce radiologist workload
while maintaining or improving selected screening performance
metrics, although the magnitude of benefit depends on study
design, threshold setting, and clinical workflow (Chang et al., 2025;
Elias-Cabot et al., 2026; Gommers et al., 2026; Salim et al., 2020;
Yilmaz et al., 2025).

3.2 Publicly available benchmark datasets
for breast cancer Al

The reproducibility and generalizability of breast cancer Al
research depends critically on well-curated, openly accessible
benchmark datasets. Standardized public datasets enable consistent
evaluation, facilitate cross-study comparison, and allow researchers
in resource-limited settings to develop and validate AI systems
without the time, cost and high complexity of prospective data
collection. This section provides a comprehensive review of the
major publicly available datasets organized by imaging modality,
followed by a summary table for rapid reference.

3.2.1 Mammography datasets

The Digital Database for Screening Mammography (DDSM;
Heath et al., 1998) contains 2,620 digitized-film mammography
studies, corresponding to approximately 10,480 images, with
mass and calcification annotations and was a foundational CAD
benchmark. CBIS-DDSM (Sawyer-Lee et al., 2016) reformatted a
curated subset of DDSM into standardized DICOM with verified
ROIs, BI-RADS assessments, and pathology labels, becoming
one of the most widely used mammography Al datasets.
INbreast (Moreira etal.,, 2012) provides 115 full-field digital
mammography cases with 410 images and high-quality XML
annotations. VinDr-Mammo (Nguyen et al., 2023) includes 5,000
four-view examinations, corresponding to 20,000 images, with BI-
RADS consensus labels. The RSNA 2022 mammography dataset
(Trivedi et al., 2026) contains 54,706 screening mammography
images. EMBED (Jeong et al., 2023), with approximately 3.4 million
mammograms and linked demographic metadata, is central for
fairness research, while CMMD (Cui etal.,, 2021) adds biopsy-
confirmed Chinese cases.

3.2.2 Breast MRI and ultrasound datasets
For breast MRI research, the Duke Breast Cancer MRI dataset

(Saha et al., 2022), accessible through TCIA, provides 922 pre-
treatment dynamic contrast-enhanced MRI examinations with
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expert tumor segmentations, clinical metadata, and linked genomic
data, making it the primary benchmark for both lesion classification
and radiogenomic association studies. The ISPY1 and ISPY2
trial datasets (Lietal., 2022), also available through TCIA, offer
longitudinal DCE-MRI from neoadjuvant chemotherapy trials with
pathological complete response labels, enabling treatment response
prediction research. In breast ultrasound, the Breast Ultrasound
Images dataset (BUSIL; Al-Dhabyani et al., 2020), comprising 780
images across normal, benign, and malignant classes from Women’s
Imaging Center at Cairo University, with pixel-level segmentation
masks, has emerged as the standard ultrasound benchmark and
is freely available on Kaggle. The UDIAT Benchmark Dataset
(Thomas et al., 2023), comprising 163 B-mode ultrasound images
with expert segmentation masks from the UDIAT Diagnostic
Center in Spain, and the STU Hospital dataset (soso, 2026) of 733
ultrasound images with binary lesion masks, provide additional
segmentation benchmarks; both are available through institutional
requests or on GitHub repositories.

3.2.3 Histopathology and multi-modal datasets

For histopathological image analysis, the BreakHis dataset
(Spanhol et al., 2016), comprising 7,909 microscopy images across
eight tumor subtypes at four magnification factors from the
P&D Laboratory in Brazil, is publicly available from the Federal
University of Parana and provides the standard multi-class
classification benchmark for breast histopathology. The Breast
Cancer Semantic Segmentation dataset (BCSS; Amgad et al., 2019),
hosted on TCIA under a Creative Commons license, provides pixel-
level annotations across five tissue classes for over 20,000 patches
extracted from TCGA whole-slide images. The CAMELYONI16
and CAMELYON17 grand challenge datasets (Golden, 2017;
Litjens et al., 2018) provide whole-slide images of lymph node
sections for metastasis detection and patient-level classification,
with detailed annotations from the grand challenge platform. For
multi-modal and radiogenomic research, the TCGA-BRCA dataset
(The Cancer Genome Atlas Network, 2012) within The Cancer
Genome Atlas provides linked genomic, proteomic, clinical, and
imaging data for 1,098 breast cancer patients, enabling integrated
analysis of imaging phenotypes and molecular tumor profiles. The
comprehensive catalog of these datasets is summarized in Table 2.

3.3 Imaging modalities and Al
augmentation

A diverse ecosystem of imaging modalities is used across
the breast cancer diagnostic pathway, and each modality
creates different opportunities for AI augmentation. Digital
mammography remains the cornerstone of population-based
screening and is commonly targeted by CNNs, YOLO-family
detectors, vision transformers, and risk-prediction models
for lesion detection, classification, localization, and screening
triage (Al-Masnietal., 2018; Alyetal, 2021; McKinney etal.,
2020; Yalaetal, 2021). Digital breast tomosynthesis extends

mammography into quasi-three-dimensional imaging, where Al
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TABLE 2 Publicly available benchmark datasets for breast cancer Al research (classification and segmentation).

10.3389/fimag.2026.1910013

Dataset Modality Task Size Access/license Key characteristics

CBIS-DDSM Mammography Classif. + Detection 1,644 abnormality TCIA/Public Curated DICOM subset; 753 calcification

(Sawyer-Lee et al., 2016) cases and 891 mass cases; ROI masks, BI-RADS,
and pathology labels

INbreast (Moreira et al., Mammography Classif. + Detection 115 cases (410 Public (request) High-quality FFDM; XML annotations;

2012) imgs) masses, calcifications, asymmetry,
distortion

VinDr-Mammo Mammography Classif. + Detection | 5,000 exams (20,000 | PhysioNet/CC BY Vietnamese population; BI-RADS 1-5;

(Nguyen et al., 2023) images) 4.0 radiologist consensus; cross-population
benchmark

RSNA MMG 2022 Mammography Classification 54,706 images Kaggle/CCO Screening MMG; binary cancer labels;

(Trivedi et al., 2026) multiple scanner types; largest public
MMG dataset

DDSM (Heath et al., Mammography Classif. + Detection 2,620 studies Public (UF) Original digitized film MMG;

1998) (~10,480 images) foundational benchmark; superseded by
CBIS-DDSM for DL

EMBED (Jeong et al., Mammography Classification 3.4 M images AWS Open Data Racially diverse (4 groups); FDA AL

2023) comparison; primary fairness benchmark

CMMD (Cui et al., 2021) Mammography Classification 1,775 patients TCIA/Public Chinese population; biopsy-confirmed;
mass + calcification types; clinical
metadata

Duke Breast MRI Breast MRI (DCE) Classif. + 922 patients TCIA/Public Pre-treatment DCE-MRI; tumor

(Saha et al., 2022) Segmentation segmentations; clinical 4 genomic
metadata

ISPY1/ISPY2 (Li et al., Breast MRI Segmentation + 237/719 patients TCIA/Public Longitudinal MRI; neoadjuvant treatment

2022) pCR response; genomic data linked

BUSI Ultrasound Classif. 4+ 780 images Kaggle/Public Normal/benign/malignant; pixel masks;

(Al-Dhabyani et al., Segmentation most cited US benchmark

2020)

UDIAT (Thomas et al., Ultrasound Segmentation 163 images Public (request) B-mode US; expert masks; used for U-Net

2023) benchmark comparisons

STU Hospital (soso, Ultrasound Segmentation 733 images GitHub/Public Diverse lesion morphologies; binary

2026) masks; code available

BCSS (Amgad et al., Histopathology Segmentation 20,000+ patches TCIA/CC BY 3.0 WSI patches; 5 tissue classes; pixel-level;

2019) TCGA slides

BreakHis (Spanhol et al., Histopathology Classification 7,909 images Public (UFPR) 8 subtypes; 4 magnifications (40x-400x);

2016) benign/malignant split

CAMELYONI16/17 Histopathology Detection + 1,399 WSIs Grand Combined CAMELYON16/17 release;

(Golden, 2017; Segmentation (combined release) Challenge/CCO lymph-node metastasis WSIs from

Litjens et al., 2018) multiple centers

TCGA-BRCA (The Multi-modal Classification + 1,098 patients GDC/Open Genomic + imaging + clinical; intrinsic

Cancer Genome Atlas Genomics subtype labels; radiogenomics benchmark

Network, 2012)

can support slice aggregation, volumetric lesion detection, and
reading-time reduction (Conantetal., 2019; Elias-Cabot et al.,
2026; Gommers et al., 2026). Dynamic contrast-enhanced MRI
provides high sensitivity for invasive cancer detection and
is well suited to radiomics, kinetic enhancement analysis,
CNN classification, and multimodal fusion, although cost
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and protocol variability limit broad deployment (Huetal,
2020; Mann etal,, 2019; Sahaetal., 2018). Breast ultrasound
is central for supplementary screening and biopsy guidance,
with AI applications focused on lesion classification, margin
assessment, real-time detection, and U-Net-based segmentation
(Al-Dhabyani et al., 2020; Luetal., 2025; Mostafaetal., 2025;
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TABLE 3 Breast imaging modalities, Al integration strategies, and representative performance benchmarks.

Modality

Al application

Best reported AUC

Sensitivity

10.3389/fimag.2026.1910013

Key limitations

Digital mammography

CNN detection, YOLO
localization, ViT

classification, and risk scoring

0.97 in selected evaluation

(McKinney et al., 2020)

Algorithm-dependent
(McKinney et al., 2020;
Salim et al., 2020; Shen et al.,
2019)

Limited sensitivity in dense
tissue; 2D superimposition

artifact

Digital breast tomosynthesis

3D CNN, slice aggregation,
and volumetric

detection/segmentation

0.96 in selected DBT
evaluation (Conant et al.,

2019)

91.8% in selected DBT
evaluation (Conant et al.,

2019)

Higher radiation dose than
2D mammography; longer
reading time without

assistance

Breast MRI (DCE)

Radiomics, CNN
classification, kinetic
modeling, and cross-modal

fusion

High but protocol-dependent
(Mann et al., 2019)

~90%—95% sensitivity
reported for MRI
(Mann et al., 2019)

High cost; moderate
specificity; scanner and

protocol variability

Breast ultrasound

CNN classification, YOLO
detection, and U-Net

segmentation

Varies by dataset; commonly
benchmarked on
BUSI/UDIAT

(Al-Dhabyani et al., 2020;
Yap et al., 2018)

Operator- and
dataset-dependent (Lu et al.,
2025; Yap et al., 2018)

Operator dependency; low
specificity; probe-pressure

variability

Contrast-enhanced MMG

CNN-radiomics hybrids,

dual-energy analysis

Evidence still emerging

Evidence still emerging

Contrast agent reactions;

limited clinical availability

support

PET/CT Metabolic staging support and | Not a primary screening Context-dependent High cost; radiation exposure;
radiomics benchmark not for primary screening

Molecular breast imaging Density-adjusted scoring and Limited public AT Context-dependent Radiation dose; limited
supplemental screening benchmarks availability; not standard of

care

Photoacoustic imaging

Emerging deep models and

feature extraction

Limited large-scale validation

Limited large-scale validation

Experimental; limited clinical

validation

Yap etal.,, 2018). Contrast-enhanced mammography, molecular
breast imaging, PET/CT, and photoacoustic imaging are less
established as public AI benchmarks but provide complementary
functional, metabolic, or vascular information that may support
future multimodal decision-support systems (Litjens et al., 2017).
Table 3 summarizes the major imaging modalities, representative
Al applications, performance ranges, and clinical limitations.

3.4 Classical machine learning and
radiomics

Classical machine learning and radiomics remain important in
breast imaging AI because they provide structured, feature-based
representations that are often more interpretable than end-to-end
deep learning models. Representative classical machine learning
and radiomics studies are summarized in Table 4. Radiomic
pipelines usually extract first-order intensity, shape, texture, and
higher-order transform features before applying classifiers such as
logistic regression, support vector machines, random forests, or
gradient-boosting models. van Griethuysen et al. (2017) introduced
PyRadiomics, an open-source Python package for standardized
radiomic feature extraction. Although PyRadiomics is not a

FrontiersinImaging

breast cancer-specific diagnostic model, it provides reproducible
extraction of radiomic features across MRI, mammography,
ultrasound, CT, and histopathology, supporting transparent
feature-level interpretation and reproducible radiomics research.
It does not report diagnostic AUC, sensitivity, or specificity
because it is a feature-extraction framework rather than a
trained classifier.

Saha et al. (2018) developed a machine-learning radiogenomic
analysis using 922 patients with invasive breast cancer and pre-
operative dynamic contrast-enhanced breast MRI. Their algorithm
extracted 529 imaging features from the tumor and surrounding
tissue, trained models on 461 patients, and evaluated them on the
remaining 461 patients to predict molecular subtype, ER, PR, HER2
status, and Ki-67 proliferation status. The study demonstrated
moderate associations between MRI-derived quantitative features
and molecular/genomic biomarkers, supporting the feasibility of
non-invasive radiogenomic assessment. Its strength is the large
cohort and public TCIA-linked dataset, but it should not be
presented as a clinically deployed diagnostic system; no web
application or real-time clinical interface was provided.

Grimm et al. (2015) investigated computational radiogenomics
using routine pre-operative breast MRI from 275 breast cancer
patients. The study used computer vision-derived MRI features to
examine associations with molecular subtypes, particularly luminal
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TABLE 4 Classical machine learning and radiomics studies for breast cancer classification and risk prediction.

Study/

resource
[Ref]

van Griethuysen et al.

(2017)

Method

PyRadiomics
standardized

feature extraction

Multi-modality

imaging

Radiomic feature

computation

Performance/
main finding

Not a diagnostic
classifier; provides
reproducible first-order,
shape, texture, and

filtered radiomic features

10.3389/fimag.2026.1910013

XAl/
interpretability

Transparent
hand-crafted

features

Open
source/Web
app

Open-source
Python package; no
breast-specific web

app

Saha et al. (2018)

Machine-learning

922 breast cancer

Prediction of

Reported moderate

Feature-level

Public TCIA-linked

(Grimm et al., 2015;
Hylton et al., 2012;

data

prediction,

radiogenomics

preprocessing and

validation design

radiogenomics patients; molecular subtype, associations between radiogenomic dataset; no clinical
using 529 Duke/TCIA-linked ER, PR, HER2, and MRI features and interpretation web app
DCE-MRI MRI cohort Ki-67 status molecular/genomic
features biomarkers; no single
pooled AUC should be
assigned
Grimm et al. (2015) Computer 275 pre-operative Association of MRI Demonstrated Feature-level No web app or
vision-based MRI breast MRI cases features with subtype-related imaging biological deployed model
radiogenomics luminal A/B phenotype associations; interpretation reported
molecular subtypes not a deployed
diagnostic classifier
I-SPY/Duke Radiomics and Breast MRI, clinical, | Subtype Useful for reproducible Feature-based Public or
MRI/TCGA-BRCA imaging-genomic genomic, and exploration, model development; interpretation controlled-access
resources linkage treatment-response treatment-response performance varies by possible repositories

Saha et al., 2018;
The Cancer
Genome Atlas

Network, 2012)

Study-specific methodological limitations for these entries are summarized in Supplementary Table S2, with provenance-tagged evidence-map fields provided in Supplementary Data Sheet S1.

A and luminal B disease. Their findings showed that breast
MRI imaging phenotypes were associated with molecular subtype-
related tumor biology, supporting the rationale for radiogenomics
in breast cancer. However, this work should be described as an
association-based radiogenomic study rather than a standalone
diagnostic classifier; therefore, a single AUC, sensitivity, specificity,
or Dice score should not be assigned unless taken directly from
the original paper. No clinical web application or open-source
deployment was reported.

Clinical trial datasets and public repositories such as Duke
Breast Cancer MRI, I-SPY, and TCGA-BRCA provide the strongest
basis for reproducible breast radiomics and radiogenomics
(Grimm et al., 2015; Hylton etal,, 2012; Sahaetal, 2018; The
Cancer Genome Atlas Network, 2012). These resources allow
imaging features to be linked with molecular subtype, treatment
response, and clinical outcome. However, cross-study comparison
remains difficult because radiomic performance depends heavily on
acquisition protocols, segmentation quality, feature harmonization,
model selection, and validation strategy. Therefore, radiomics
studies should be interpreted cautiously unless they include
external validation, transparent feature-selection procedures, and
publicly available code.

FrontiersinImaging

3.5 Convolutional neural networks

CNNs have dominated breast imaging AI since AlexNet
(Krizhevsky et al., 2012). Their use of local receptive fields, weight
sharing, and hierarchical features makes them well suited for spatial
pattern recognition, while transfer learning from ImageNet remains
a common strategy when labeled medical datasets are limited.
Representative CNN studies are summarized in Table 5.

(2020)  developed a
mammography system and evaluated it retrospectively on

McKinney et al. deep-learning
independent screening cohorts from the United Kingdom and
United States. Compared with historical clinical readings, the
system produced absolute reductions in false positives of 1.2%
in the UK and 5.7% in the US, and absolute reductions in false
negatives of 2.7 and 9.4%, respectively. In an independent reader
study involving six radiologists, the AI system achieved an AUC of
0.871 compared with a mean reader AUC of 0.750. A simulated UK
double-reading workflow maintained non-inferior performance
while reducing second-reader workload by 88%. These results
provide strong retrospective external evidence, but the study was
not a prospective clinical deployment trial, and the training code
and model were not publicly released.
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Study [Ref]

Architecture

TABLE 5 CNN-based studies for breast cancer detection, classification, and risk prediction.

Performance

10.3389/fimag.2026.1910013

Open
source/
web/clinical

McKinney et al. Deep-learning Independent UK + Screening cancer AUC 0.871 in reader Localization Retrospective
(2020) mammography US screening prediction study; FP and FN analysis external evaluation;
system cohorts reductions; 88% model not public
simulated second-reader
workload reduction
Shen et al. (2019) End-to-end DDSM -+ INbreast Cancer detection/ AUC 0.91 on DDSM; Lesion-level Implementation
all-convolutional classification AUC 0.98 on INbreast localization resources released;
CNN output retrospective
benchmarks
Yala et al. (2021) Multi-view MGH + Sweden + 1- to 5-year risk C-index 0.76-0.81 across No dedicated GitHub, MIT
deep-learning risk Taiwan cohorts prediction held-out cohorts lesion-level XAI license;
model (Mirai) retrospective

external validation

Ribli et al. (2018) Faster R-CNN DDSM + INbreast Lesion detection AUC 0.95; FROC +10% Bbox explanation GitHub (open
(VGG-16) source)

Lu et al. (2025) MTL-OCA/Res- OASBUD + Joint segmentation OASBUD: Dice 83.75%, Grad-CAM No standalone
UNet + object UDIAT breast + classification ToU 72.03%, Acc 91.67%; | heatmaps; clinical web app
contextual attention | ultrasound UDIAT: Dice 84.85%, segmentation reported

ToU 73.68%, Acc 94.79% masks

Hu et al. (2020) Pretrained CNN 927 lesions from Benign/malignant AUC: DCE 0.85; T2w Not reported No clinical web app
feature extraction + 616 women; lesion classification 0.78; image fusion 0.85; or prospective
SVM fusion DCE-MRI + T2w feature fusion 0.87; deployment

MRI classifier fusion 0.86 reported

Leong et al. (2022) Transfer learning Mammographic Microcalcification ResNet50 Acc 97.58%; Not reported; No clinical web app
CNNs: ResNet50, ROT images with discrimination/ ResNet34 Acc 97.35%; confusion reported
ResNet34, VGG16, microcalcifications classification VGG16 Acc 96.97%; matrices used
AlexNet AlexNet Acc 83.06%

Lotter et al. (2021) ResNet Private MMG + Detection (few AUC 0.94 MMG/0.93 Grad-CAM Nat Med supp. code
(annot-efficient) DBT labels) DBT

Calisto et al. (2020) BreastScreening 31 clinicians; 566 Multimodal breast Reduced time per image Not reported Research
multimodal visual images; imaging diagnosis in multimodality interface/prototype;
interface mammography, support workflow; supporting

ultrasound, MRI usability/workload and materials and
BI-RADS-related datasets available
evaluation reported; no through project
AUC/sensitivity/specificity repository
because not an AL
classifier
Ha et al. (2019) ResNet-50 Private MRI (216 Subtype prediction AUC 0.87 (LumA) Activation maps No public code

pts)

Study-specific methodological limitations for these entries are summarized in Supplementary Table S2, with provenance-tagged evidence-map fields provided in Supplementary Data Sheet S1.

Shen et al. (2019) developed an end-to-end all-convolutional
network for breast cancer detection on screening mammography.
On an independent DDSM test set, four-model averaging
achieved a per-image AUC of 0.91, sensitivity of 86.1%, and
specificity of 80.1%. After transfer and fine-tuning on INbreast,
the corresponding AUC was 0.98, with sensitivity of 86.7%
and specificity of 96.1%. The authors released implementation

resources, supporting reproducibility, although the evidence
retrospective and benchmark-based rather than
prospective clinical validation.

Yala et al. (2021) introduced Mirai, a multi-view deep-learning

remains

model designed to predict breast cancer risk at multiple future time
points from screening mammograms. The model was developed
using Massachusetts General Hospital data and evaluated on
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held-out cohorts from Massachusetts General Hospital, Karolinska
in Sweden, and Chang Gung Memorial Hospital in Taiwan,
obtaining C-indices of 0.76, 0.81, and 0.79, respectively. Mirai
outperformed established clinical risk models where direct
comparison was available and was released as an open-source
implementation under an MIT license. However, the study was
retrospective, dedicated lesion-level explanations were not a
central component, and local calibration and prospective workflow
evaluation remain necessary before clinical use.

Ribli et al. (2018) applied Faster R-CNN to the combined
DDSM and INbreast datasets for lesion detection and malignancy
classification, using a VGG-16 backbone pretrained on ImageNet,
achieving an AUC of 0.95 and improving FROC performance by
10% over the previous state of the art; bounding box predictions
served as implicit spatial explanations and the complete codebase
with pretrained weights was released on GitHub, enabling one
of the earliest reproducible deep learning benchmarks in breast
imaging and facilitating dozens of subsequent comparative studies;
no dedicated web application was developed, but the GitHub
implementation has been adapted for clinical evaluation in several
research settings.

Luetal. (2025) proposed a multi-task learning network with
object contextual attention (MTL-OCA) for automatic joint
segmentation and classification of breast ultrasound images. The
model used a Res-UNet backbone with an object contextual
attention module to refine lesion segmentation masks and a
classification branch to predict normal, benign, and malignant
categories. The method was evaluated using 5-fold cross-validation
on the OASBUD dataset and further tested on the UDIAT dataset.
On OASBUD, MTL-OCA achieved a Dice score of 83.75%, IoU
of 72.03%, and classification accuracy of 91.67%. On UDIAT, it
achieved a Dice score of 84.85%, IoU of 73.68%, and classification
accuracy of 94.79%. For UDIAT classification, the model reported
benign-class precision, sensitivity, specificity, and F1-score of 0.958,
0.964, 0.913, and 0.961, respectively, and malignant-class precision,
sensitivity, specificity, and Fl-score of 0.931, 0.943, 0.962, and
0.937. Grad-CAM heatmaps were used to support interpretability,
but no standalone clinical web application was reported.

Hu et al. (2020) developed a deep transfer-learning computer-
aided diagnosis framework for multiparametric breast MRI
using DCE-MRI and T2-weighted MRI sequences from 927
lesions in 616 women. A pretrained CNN was used for feature
extraction, and support vector machine classifiers were trained, to
distinguish benign from malignant lesions using single-sequence
and multiparametric fusion strategies. The study reported AUC
values of 0.85 for DCE-MRI alone, 0.78 for T2-weighted MRI alone,
0.85 for image fusion, 0.87 for feature fusion, and 0.86 for classifier
fusion, showing that feature-level integration of multiparametric
MRI information improved diagnostic performance compared
with single-sequence analysis. No Grad-CAM++, CBAM module,
public clinical web application, or prospective deployment
was reported.

(2022)
in mammography using

Leong et al. investigated microcalcification

discrimination adaptive transfer
learning with deep convolutional neural networks. The study
applied image filtering to region-of-interest mammogram images

containing microcalcifications to reduce artifacts and noise before
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model training. Several CNN architectures were compared,
including ResNet50, ResNet34, VGGI16, and AlexNet, with
hyperparameter tuning performed for model optimization. The
best-performing model was the fine-tuned ResNet50, which
achieved an accuracy of 97.58%, followed by ResNet34 with
97.35%, VGG16 with 96.97%, and AlexNet with 83.06%. Confusion
matrices were used for model comparison, but no explicit clinical
web application, public deployment interface, or XAI method
such as Grad-CAM was reported. This study is pertinent to early
breast cancer detection because microcalcifications are small,
spatially dispersed abnormalities that are often difficult to identify
in screening mammography.

Lotter et al. (2021)
ResNet-based detection approach for both mammography and

demonstrated an annotation-efficient

digital breast tomosynthesis, showing that competitive detection
performance (AUC 0.94 for mammography, AUC 0.93 for DBT)
could be achieved with substantially fewer per-lesion annotations
by leveraging case-level supervision; Grad-CAM was reported
for detection localization; the approach was described in detail in
Nature Medicine with supplementary code, enabling reproduction;
clinical applicability was discussed in the context of scaling Al
development to centers without large annotation budgets.

Calisto et al. (2020) developed BreastScreening, a multimodal
interface integrating mammography, ultrasound, and MRI for
diagnostic workflow support. Evaluated with 31 clinicians and
566 images, it focused on usability, visualization, workload,
reading time, and BI-RADS-related decision support rather than
autonomous classification. Therefore, AUC, sensitivity, specificity,
Dice, and F1-score were not applicable.

Ha et al. (2019) fine-tuned ResNet-50 on a private MRI dataset
of 216 patients to predict molecular subtype, reporting AUC 0.87
for luminal A vs. other subtypes. Activation maps were visualized,
but formal XAI, public data release, and code sharing were not
reported. Volumetric breast imaging may benefit from 3D CNNs,
but public DBT benchmarks, external validation, and standardized
volumetric explainability remain limited.

3.6 YOLO-based real-time detection

The You Only Look Once (YOLO; Redmon et al., 2016) family
of single-stage object-detection architectures is attractive for breast
imaging because it combines lesion localization and classification in
a fast inference pipeline. However, the evidence should be presented
conservatively: verified breast-imaging applications are strongest
for mammographic mass detection/classification and more recent
ultrasound segmentation, whereas claims about every successive
YOLO version should be avoided unless the specific breast-imaging
article is independently verified, as detailed in Table 6.

Al-Masni et al. (2018) proposed one of the earliest YOLO-
based CAD systems for simultaneous breast mass detection
and benign/malignant classification in digital mammograms.
Using 600 original DDSM mammograms and 2,400 augmented
mammograms, the system achieved 99.7% mass-detection accuracy
and 97.0% benign/malignant classification accuracy under five-
fold cross-validation. This study demonstrated the feasibility of a
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TABLE 6 Verified YOLO-family studies relevant to breast cancer imaging.

Study [Ref]

YOLO
approach

Modality/
dataset

10.3389/fimag.2026.1910013

Reported Clinical caution

performance

Al-Masni et al. (2018) YOLO-based CAD Digital Mass detection + Detection accuracy 99.7%; Retrospective, augmented
mammography/DDSM;| benign/malignant classification accuracy 97.0% single-dataset CAD study; the
600 original and 2,400 classification 99.7% accuracy reflects
augmented internal DDSM benchmark
mammograms performance with high

overfitting risk and does not
equate to clinical
sensitivity/specificity; no
external or prospective

screening validation

Aly etal. (2021) YOLOv1-YOLOV3 Full-field digital

Mass detection +

Mass detection 89.4%; AP Benchmark study; external

(2025) VinDr-Mammo,

INbreast, MIAS,

transfer learning

private cohort

classification

comparison; YOLOv3 mammography/ classification benign 94.2%; AP malignant clinical validation not
with anchor INbreast 84.6%; ResNet/InceptionV3 reported
optimization classification accuracy
91.0%/95.5%
Karaca Aydemir et al. YOLOV5-CAD with CBIS-DDSM, Mass detection + CBIS-DDSM— INbreast: Useful transfer-learning

mAP 0.843, precision 0.855, evidence; still retrospective
recall 0.774, 14.8 ms;

VinDr-Mammo— INbreast:
mAP 0.840, precision 0.829,

recall 0.787, 16.54 ms; external

MIAS/private mAP
0.756/0.816
Lan et al. (2024) Improved MIAS and DDSM Breast mass F1 scores 98.38%, 98.80%, Efficient benchmark model;
YOLOV8-GHOST-P2 lesion-area detection 98.57% across improved needs independent clinical
variants; parameter validation
reductions 42.9%, 46.64%,
2.8%
Mostafa et al. (2025) Adapted/optimized Breast Tumor segmentation Adapted YOLOVS improved Research prototype; not
YOLOV8 ultrasound/BUSI from F1 93.44% to 95.29% equivalent to deployed

and Dice 82.10% to 84.40% diagnostic software

with separate

benign/malignant training

Very high accuracies reported on a single benchmark or on heavily augmented data [for example, 99.7% detection accuracy on augmented DDSM (Al-Masni et al., 2018)] are internal, dataset-

specific results that carry a substantial risk of overfitting and dataset-specific optimism. They should be interpreted as benchmark performance only, not as clinical sensitivity or specificity in

prospective screening workflows

unified YOLO-based detection-classification pipeline, although it
remained a retrospective benchmark study rather than prospective
screening evidence.

Aly et al. (2021) extended YOLO-based CAD to full-field digital
mammograms and compared YOLOv1, YOLOv2, and YOLOv3
configurations on INbreast. Their best YOLOv3-based setting
detected 89.4% of masses and achieved average precision values
of 94.2% for benign masses and 84.6% for malignant masses.
When YOLO?’s classification network was replaced with ResNet and
InceptionV3 feature extractors, the overall classification accuracy
reached 91.0 and 95.5%, respectively. This work supported the
usefulness of anchor optimization and training-set augmentation
for mammographic mass detection, but external clinical validation
was not reported.

FrontiersinImaging

(2025) proposed a YOLOv5-CAD
framework using transfer learning across CBIS-DDSM, VinDr-
Mammo, INbreast, MIAS, and a private cohort. In five-fold
cross-validation, transfer learning from CBIS-DDSM to INbreast
achieved mAP 0.843, precision 0.855, recall 0.774, and 14.8 ms
inference time. Transfer learning from VinDr-Mammo to INbreast
achieved mAP 0.840, precision 0.829, recall 0.787, and 16.54 ms
inference time. When tested on external datasets, the best model
achieved mAP 0.756 on MIAS and mAP 0.816 on the private
cohort, showing promising but still retrospective generalization.
Lan et al. (2024) proposed an improved YOLOv8-GHOST-P2
model for breast mass lesion-area detection on MIAS and DDSM.

Karaca Aydemir et al.

Compared with standard YOLOVS, the improved models achieved
F1 scores of 98.38, 98.80, and 98.57%, while reducing model

frontiersin.org


https://doi.org/10.3389/fimag.2026.1910013
https://www.frontiersin.org/journals/imaging
https://www.frontiersin.org

Khan et al.

parameters by 42.9, 46.64, and 2.8%, respectively, depending on
the model variant. These results suggest computational advantages
for efficient mammographic lesion detection, but the evidence
remains dataset-specific.

Mostafa et al. (2025) evaluated an adapted YOLOv8 model
for breast tumor segmentation in ultrasound images using the
BUSI dataset (Al-Dhabyani etal., 2020). The study compared
combined-class training with separate benign/malignant training
and reported that the adapted YOLOv8 improved from F1-
score 93.44%—95.29% and from Dice coefficient 82.10%—84.40%
when trained separately by lesion class. This work illustrates the
extension of YOLO-family models from mammographic detection
to ultrasound segmentation, although it remains a research
prototype rather than deployed clinical software.

Accordingly, this review treats YOLO-family methods as
fast detection and localization frameworks with promising
retrospective evidence, but not as uniformly validated clinical
systems. Reported performance should be interpreted in relation to
dataset size, augmentation strategy, lesion type, annotation quality,
imaging modality, and external validation status. In particular,
the very high classification and detection accuracies reported on
single-benchmark or heavily augmented datasets [for example,
the 99.7% mass-detection accuracy on augmented DDSM images
(Al-Masni et al., 2018)] should be read as internal, dataset-specific
benchmark values that carry a substantial risk of overfitting and
optimistic bias. Such figures do not represent clinical sensitivity
or specificity and cannot be assumed to transfer to prospective,
multi-vendor screening populations without external validation.

3.7 Vision transformers and hybrid
architectures

The Vision Transformer (ViT), introduced by Dosovitskiy et al.
(2020), reformulated image analysis by dividing images into fixed-
size patches and processing them as token sequences through self-
attention. This design is well suited to breast imaging, since long-
range spatial relationships, bilateral asymmetry, multifocal disease,
and volumetric context can be difficult to capture using only local
convolutional filters. However, ViT itself should be treated as an
architecture-level reference rather than a breast cancer-specific
diagnostic model, because its original validation was performed on
general computer-vision benchmarks rather than breast imaging
datasets, as summarized in Table 7.

Liuetal. (2021) introduced the Swin Transformer, which
improved the scalability of transformer-based image analysis
through hierarchical feature maps and shifted-window self-
attention. This architecture is particularly relevant to high-
resolution medical imaging, as it reduces the computational cost
of global self-attention while preserving long-range contextual
modeling. In this review, the Swin Transformer is therefore cited
as a foundational architecture motivating later breast-imaging
adaptations, rather than as direct evidence of clinical breast cancer
diagnostic performance, as detailed in Table 7.

Chenetal. (2021, 2024) developed TransUNet, a hybrid
CNN-Transformer segmentation architecture that integrates
convolutional feature extraction with transformer-based global
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context modeling. The original TransUNet work introduced
transformer encoders for medical image segmentation, while the
later Medical Image Analysis paper expanded the framework by
rethinking both encoder and decoder design through self-attention
and cross-attention. These studies are relevant to breast imaging
because they provide a validated design template for lesion
segmentation. However, their reported performance should not be
interpreted as breast-specific, unless the model is evaluated directly
on breast datasets.

Hatamizadeh et al. (2022) proposed Swin UNETR, a 3D
transformer-based segmentation framework using a hierarchical
Swin Transformer encoder connected to a convolutional decoder
through skip connections. The model was developed for brain
tumor MRI segmentation and ranked among top-performing
methods in BraTS 2021 validation experiments. It is useful as a
volumetric medical segmentation reference for 3D imaging tasks
such as breast MRI or digital breast tomosynthesis, but it should not
be described as a breast-specific model unless externally validated
on breast imaging data.

Zaidkilani et al. (2025) proposed CoAtUNet, a symmetric
encoder-decoder architecture for breast ultrasound tumor
segmentation. The model combines convolutional layers for
local lesion-boundary extraction with transformer-style attention
for long-range contextual modeling. It was evaluated on the
UDIAT and BUSI public breast ultrasound datasets and achieved
Dice coeflicients of 79.12 and 76.21%, respectively. The study is
directly relevant to breast imaging because it applies a hybrid
CNN-Transformer design to breast ultrasound segmentation, and
the implementation is reported as publicly available.

(2025)
multimodal fusion framework for breast cancer diagnosis by

Nantogmah et al. proposed a  cross-attention
integrating mammography features with clinical variables. The
study compared feature concatenation, co-attention, and cross-
attention strategies and reported that the cross-attention model
achieved AUC-ROC 0.98, accuracy 0.96, F1-score 0.94, precision
0.92, and recall 0.95 using public datasets including TCGA and
CBIS-DDSM. Because this work is currently an arXiv preprint,
it should be cited cautiously as emerging evidence rather than as
peer-reviewed clinical validation.

Overall, transformer and hybrid CNN-Transformer models
are best presented as promising architectures for global context
modeling, volumetric segmentation, and multimodal fusion, rather
than as uniformly superior replacements for CNNs. Their clinical
value depends on breast-specific validation, external testing,
calibration, interpretability, and workflow integration.

3.8 Segmentation architectures

Precise lesion segmentation is a prerequisite for quantitative
radiomic feature extraction, surgical planning, treatment response
monitoring, and radiotherapy target delineation. Segmentation
in breast imaging presents challenges including indistinct lesion
margins, heterogeneous background parenchyma, and the need
for both semantic and instance-level delineation across volumetric
modalities. The architectural evolution from standard U-Net
through attention mechanisms, transformer integration, and
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TABLE 7 Vision transformer and hybrid CNN-transformer architectures for breast cancer imaging.

10.3389/fimag.2026.1910013

Study [Ref] Architecture Dataset/ Performance/ XAl/ Open source/
modality main finding Interpretability  web/clinical
Chen et al. (2021, TransUNet/CNN- Medical Encoder- Validated medical Attention Open-source
2024) Transformer segmentation decoder segmentation maps/cross-attention implementations
U-Net benchmarks segmentation framework; do not reported
report as breast-specific
unless tested on breast
data
Hatamizadeh et al. Swin UNETR Brain tumor 3D semantic Top-performing BraTS Volumetric attention MONAI-related
(2022) MRI/BraTS$ 2021 segmentation 2021 validation method; modeling implementation;
not breast-specific useful 3D template
Zaidkilani et al. CoAtUNet UDIAT + BUSI Breast tumor Dice 79.12% on UDIAT; Hybrid Public
(2025) breast ultrasound segmentation Dice 76.21% on BUSI CNN-attention implementation
feature modeling reported; no clinical
web app
Nantogmah et al. Cross-attention Mammography + Breast cancer AUC-ROC 0.98; Cross-attention + arXiv preprint; not
(2025) multimodal fusion clinical data; TCGA diagnosis/ accuracy 0.96; F1 0.94; explainability clinical deployment
and CBIS-DDSM classification precision 0.92; recall 0.95

Study-specific methodological limitations for these entries are summarized in Supplementary Table S2, with provenance-tagged evidence-map fields provided in Supplementary Data Sheet S1.

A clear distinction should be drawn between general-purpose benchmark architectures and models evaluated directly on breast imaging. ViT [Dosovitskiy et al. (2020)], the Swin Transformer
[Liu et al. (2021)], TransUNet [Chen et al. (2021, 2024)], and Swin UNETR [Hatamizadeh et al. (2022)] are foundational architectures whose original validation used general computer-vision or
non-breast medical benchmarks (for example, ImageNet, multi-organ CT, ACDC cardiac MRI, and BraTS$ brain MRI), and they are cited here as architecture-level references only. By contrast,
CoAtUNet [Zaidkilani et al. (2025)] was developed and evaluated on breast ultrasound (UDIAT and BUSI), and the cross-attention fusion model [Nantogmah et al. (2025)] was evaluated on
mammography with clinical data; these two entries constitute the breast-specific evidence in this table, with the latter reported only as an arXiv preprint

foundation model-based promptable segmentation reflects a
consistent progression toward globally informed, annotation-
efficient segmentation systems, as detailed in Table 8.

Ronneberger et al. (2015) introduced U-Net with its symmetric
encoder-decoder structure and skip connections enabling precise
boundary preservation through direct feature map concatenation,
originally applied to histological cell segmentation achieving Dice
of 0.92; the original codebase released on GitHub has been forked
over 10,000 times and serves as the foundational template for
virtually all subsequent medical segmentation architectures; its
direct clinical relevance to breast imaging has been demonstrated
across hundreds of subsequent studies applying U-Net to
mammography, ultrasound, MRI, and histopathology tasks.

Vakanski et al. (2020) augmented U-Net with spatial and
channel attention gates applied to the BUSI ultrasound dataset,
achieving Dice of 0.87 and Hausdorff distance of 5.8 mm for
breast lesion boundary delineation; the attention mechanism
selectively amplified lesion features while suppressing the speckle
noise artifacts characteristic of ultrasound imaging; Grad-CAM-
adapted attention visualizations were provided and the code
was released on GitHub with detailed training instructions;
the authors provided a systematic analysis of failure cases
involving posterior acoustic shadowing and posterior acoustic
enhancement, offering clinically relevant guidance for Al-assisted
ultrasound interpretation.

Douglas et al. (2023) evaluated 2D and 3D U-Net architectures
for DCE-MRI breast lesion segmentation using 994 lesions
from 689 patients. Five-fold cross-validation compared U-Net
segmentations with fuzzy c-means and radiologist segmentations.
The authors found that 2D U-Net outperformed 3D U-Net for
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center-slice and volumetric segmentation and outperformed fuzzy
c-means for center-slice segmentation. The study did not provide
a clinical web application or formal XAI, but the masks support
downstream radiomics and CAD.

(2024) proposed a grouped Mask Region
combining Mask R-CNN
with group convolution to improve breast cancer segmentation

Sani et al.
Convolutional Neural Network,

in mammography images. The model was evaluated on the
INbreast and MIAS mammography datasets, focusing on
lesion segmentation rather than whole-image classification. By
incorporating group convolution, the architecture aimed to
improve feature extraction efficiency and segmentation quality
while preserving the instance-segmentation advantages of Mask R-
CNN. The study reported a Dice coeflicient of 86.63% and a Jaccard
index of 87.76%, indicating strong overlap between predicted lesion
masks and reference annotations. No Detectron2 implementation,
public GitHub repository, clinical web application, or formal
XAI module was reported. This paper is a safer citation for Mask
R-CNN-like mammographic segmentation than unsupported
claims involving CBIS-DDSM or Detectron2 deployment.
Chenetal. (2021, 2024) developed TransUNet, which
integrates transformer-encoded global context with the U-Net
encoder-decoder framework using a hybrid CNN-Transformer
architecture. The original TransUNet study introduced transformer
encoders for medical image segmentation, while the later
Medical Image Analysis paper further refined U-Net design
through transformer-based encoder and decoder components
(Ronneberger et al., 2015). These studies provide an important
basis for transformer-enhanced

architectural segmentation,

but their reported performance should not be presented as
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TABLE 8 Segmentation architectures for breast lesion delineation across imaging modalities.

Study [Ref]

Architecture

Dice/loU

Open
source/
web/clinical

Ronneberger etal. | U-Net ISBI 2012 Cell segmentation Dice 0.92 None GitHub (10K+
(2015) (histology) forks); foundational
Vakanski et al. Attention U-Net BUSI + private US lesion Dice 0.87; HD 5.8mm Attn. visualization GitHub; failure case
(2020) segmentation analysis
Douglas et al. 2D U-Net and 3D 994 DCE-MRI Breast lesion 2D U-Net significantly No formal XAT; No clinical web app
(2023) U-Net breast lesions from | segmentation on outperformed 3D U-Net for segmentation reported; relevant
689 patients DCE-MRI center-slice and volumetric masks provide for radiomics/CAD
segmentation; Dice and spatial pipelines
Hausdorff distance reported; interpretability
exact values depend on
comparison setting
Sani et al. (2024) Grouped Mask INbreast + MIAS Breast lesion Dice 86.63%; Jaccard 87.76% Not reported; No Detectron2/
R-CNN/Mask mammography segmentation segmentation GitHub/web app
R-CNN + group masks provide reported; research
convolution spatial segmentation
interpretability model
Chen et al. TransUNet/CNN- Medical Encoder-decoder Validated medical Attention/cross- Open-source
(2021, 2024) Transformer segmentation medical image segmentation framework; do attention implementations
U-Net benchmarks segmentation not report as breast-specific visualization reported;
unless tested on breast architectural
datasets reference for
breast-imaging
adaptations
Xiong et al. Mammo-SAM; Whole Automatic breast Improved over zero-shot Prompt-based No clinical web app
(2023) SAM adapted for mammograms; mass segmentation | SAM and conventional segmentation or prospective
mammography CBIS-DDSM and baselines; report exact visualization validation reported
INbreast Dice/IoU from original paper
if available
Ma et al. (2024) MedSAM 1.5M medical Universal medical Dice 0.88 (breast) Prompt viz. GitHub +
images interactive web
demo
Huo et al. (2021) nnU-Net 100 3D ‘Whole-breast and Dice: 0.968 + 0.017 whole Not reported No clinical web app

fat-suppressed fibroglandular breast; 0.877 & 0.081 FGT. reported; supports
breast DCE-MRI tissue Avg surface distance: 0.201 £ automated
scans segmentation 0.080 mm whole breast; 0.310 breast-density and
=+ 0.043 mm FGT. IoU not FGT quantification
reported as primary metric
Byra et al. (2020) Selective kernel 882 breast mass US | Breast mass Internal test Dice 0.826 vs. Selective-kernel GitHub
U-Net (SK-U-Net) images for segmentation in U-Net 0.778; benign Dice attention/receptive- | implementation +
with conventional development; 893 ultrasound 0.820; malignant Dice 0.842; field analysis; pretrained weights;
+ dilated external US images external Dice 0.646-0.780; Spearman no clinical web app
convolutions from three datasets fine-tuning improved Dice by correlation 0.7 reported

~6%; IoU not reported as

primary metric

with mass size
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Study-specific methodological limitations for these entries are summarized in Supplementary Table S2, with provenance-tagged evidence-map fields provided in Supplementary Data Sheet S1.
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breast-specific unless the model is evaluated directly on breast
imaging datasets.

(2023)
specific adaptation of the foundation Segment Anything Model

Xiong et al. proposed Mammo-SAM, a breast-
(SAM) for automatic breast mass segmentation in whole
mammograms. The authors first observed that zero-shot SAM was
insufficient for reliable mammographic mass segmentation because
breast masses often have low contrast, blurred boundaries, and
heterogeneous appearances. To address this, they adapted SAM
to the mammography domain using task-specific optimization for
whole-mammogram mass segmentation. The model was evaluated
on public mammography benchmarks, including CBIS-DDSM
and INbreast, and was compared with both zero-shot SAM and
conventional segmentation baselines. Mammo-SAM improved
breast mass segmentation performance over unadapted SAM,
showing that foundation segmentation models require domain
adaptation before clinical use in mammography. The study is
important because it demonstrates the feasibility of adapting
promptable foundation models for breast lesion segmentation;
however, it remains a methodological MLMI conference study
rather than a clinically deployed system, and no standalone web
application or prospective clinical validation was reported.

Ma et al. (2024) released MedSAM, fine-tuned on 1.5 million
medical image-mask pairs spanning 10 imaging modalities
including mammography and breast MRI, achieving Dice of
0.88 on the breast imaging subset; the complete code and
pre-trained weights are freely available on GitHub and an
interactive web demonstration enables clinical evaluation without
any installation; the foundation model approach dramatically
reduces the annotation burden compared to task-specific training,
and the promptable segmentation interface is designed to integrate
naturally into clinical reading workstation workflows.

Huo etal. (2021) applied nnU-Net to segment whole breast
and fibroglandular tissue in 100 three-dimensional fat-suppressed
breast DCE-MRI scans. Five-fold cross-validation achieved Dice
0.968 for whole breast and 0.877 for FGT, with strong correlations
between automatic and manual density measurements. No explicit
XAT or clinical web application was reported.

Byraetal. (2020) proposed SK-U-Net for ultrasound breast
mass segmentation using selective kernel blocks to adapt receptive
field size. Developed on 882 images and tested on 893 external
images, it achieved internal Dice 0.826 vs. 0.778 for U-Net
and external Dice 0.646-0.780. Fine-tuning improved external
performance, and the implementation was released on GitHub.

3.9 Explainable Al

Explainable AI has become essential for breast imaging
applications because diagnostic models must not only provide
accurate predictions but also support radiologist trust, error
analysis, and regulatory transparency. The U.S. FDAs AI-
enabled medical device guidance and the EU AI Act emphasize
transparency, risk management, and human oversight for high-risk
medical Al systems (Health C. for D and R., 2026; Regulation (EU),
2024). In breast cancer imaging, explainability is particularly

Frontiersin Imaging

10.3389/fimag.2026.1910013

important because clinically meaningful decisions depend on
whether the model attends to lesions, calcifications, parenchymal
texture, enhancement patterns, or irrelevant confounders such
as scanner marks, image borders, or acquisition artifacts.
The explainability approaches most relevant to the reviewed
breast-imaging studies include saliency-map methods such as
Grad-CAM and Grad-CAM++, lesion-localization outputs from
detection models, segmentation masks, attention or cross-attention
visualization in transformer-based and multimodal architectures,
and case-based interpretability. Broader XAI methods such as
SHAP, LIME, Integrated Gradients, Score-CAM, TCAYV, and LRP
remain important in medical AL but they are not emphasized here
unless explicitly applied in the reviewed breast cancer imaging
studies. The explainability approaches reported across the reviewed
studies are summarized in Table 9.

In this
understandable model structure or outputs, whereas explainability

review, interpretability refers to inherently
refers mainly to post-hoc methods. Saliency maps usually reflect
image-gradient attribution, Grad-CAM weights convolutional
and Grad-CAM++

modifies this weighting to improve localization when multiple

feature maps using class gradients,
discriminative regions are present.

Selvaraju et al. (2017) introduced Grad-CAM, which generates
class-discriminative heatmaps by weighting convolutional feature
maps using gradient information from the target class. In breast
imaging studies, Grad-CAM or saliency-style visualization is
commonly used to verify whether CNN predictions are spatially
aligned with suspicious masses, calcifications, enhancement
regions, or ultrasound lesions. McKinney etal. (2020) used
saliency-style visualizations to support interpretation of
mammography screening predictions, while Shen et al. (2019) and
Lotter et al. (2021) used localization-oriented outputs to connect
CNN decisions with mammographic lesion regions. Lu et al. (2025)
used Grad-CAM heatmaps together with segmentation masks in
a multi-task ultrasound framework. These applications show that
Grad-CAM-type methods are useful for qualitative clinical review,
although they should not be treated as proof of causal reasoning.

Chattopadhyay et al. (2017) introduced Grad-CAM++, an
extension of Grad-CAM designed to improve localization of
discriminative image regions. In this review, Grad-CAM++ is
treated as a method-level reference rather than direct breast-
imaging evidence unless a reviewed breast-imaging study explicitly
applies it. Grad-CAM++-style visualization may be relevant
to breast imaging because multifocal lesions, bilateral findings,
and spatially distributed microcalcifications can make standard
heatmaps difficult to interpret; however, it should not be presented
as independent clinical evidence unless directly evaluated in a
breast-imaging model.

Object-detection and segmentation models provide additional
forms of spatial interpretability. YOLO and Faster R-CNN-based
systems produce bounding boxes or lesion-localization outputs
that show where a suspicious finding was detected, as reported in
mammographic lesion-detection studies such as Ribli et al. (2018),
Al-Masni et al. (2018), Aly et al. (2021), and Karaca Aydemir et al.
(2025). Similarly, segmentation models generate lesion, tissue,
or breast-region masks that can support visual verification,

radiomic feature extraction, treatment-response assessment, and
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TABLE 9 Explainability approaches reported in reviewed breast cancer imaging Al studies.

Explainability approach

Representative reviewed
studies

How it was used

10.3389/fimag.2026.1910013

Clinical relevance

Grad-CAM/saliency-style McKinney et al. (2020); Shen et al.

heatmaps (Selvaraju et al., 2017) (2019); Lotter et al. (2021); Lu et al.

(2025)

Highlighted image regions contributing
to CNN predictions in mammography,

DBT, or ultrasound models

Helps radiologists assess whether model
attention overlaps with suspicious
lesions, calcifications, or enhancement

regions

Ribli et al. (2018); Al-Masni et al.
(2018); Aly et al. (2021);

Bounding-box or
lesion-localization outputs

Karaca Aydemir et al. (2025)

Object-detection models produced
lesion-level bounding boxes or

localization outputs

Provides spatial interpretability by
showing where the model detected a

suspicious lesion

Segmentation masks as spatial Vakanski et al. (2020); Douglas et al.
(2023); Sani et al. (2024); Xiong et al.
(2023); Ma et al. (2024); Huo et al.

(2021); Byra et al. (2020)

explanation

Segmentation models produced lesion,

tissue, or breast-region masks

Supports lesion delineation, radiomics,
treatment-response assessment, and

visual verification

Zaidkilani et al. (2025);
Nantogmabh et al. (2025)

Attention or cross-attention

visualization

Hybrid CNN-Transformer and
multimodal models used attention
mechanisms to model global context or

imaging-clinical feature interactions

Can help interpret long-range image
context or multimodal feature

interactions

Case-based interpretability Barnett et al. (2021)

Predictions were supported by
comparison with visually similar

mammographic mass cases

Clinically intuitive because radiologists
often reason by comparison with prior

cases

quantitative density analysis (Byra et al., 2020; Douglas et al., 2023;
Huo etal., 2021; Ma et al., 2024; Sani et al., 2024; Vakanski et al.,
2020; Xiong et al., 2023). These outputs are clinically useful because
they show the spatial basis of model predictions, but localization
maps and segmentation masks should not be interpreted as full
mechanistic explanations.

Attention and cross-attention mechanisms provide another
form of interpretability in transformer-based and multimodal
models. In breast ultrasound, CoAtUNet used hybrid convolutional
and transformer-style attention for tumor segmentation
(Zaidkilani et al., 2025), while cross-attention fusion has been
proposed to model interactions between mammographic features
and clinical variables (Nantogmabh et al., 2025). These approaches
can help visualize or analyze global image context and multimodal
feature interactions, but attention weights should be interpreted
cautiously because they do not always provide faithful explanations
of model causality.

Case-based interpretability offers a more clinically intuitive
alternative to pixel-level heatmaps. Barnett et al. (2021) developed
a case-based interpretable model for mammographic mass
classification, showing how predictions can be supported by
comparison with visually similar training examples. This form
of explanation is relevant to radiology because clinicians often
reason by comparison with prior cases, but its reliability depends
on representative training examples, careful validation, and
transparent presentation of similar cases.

Overall, explainability in breast imaging should be interpreted
as a support tool for model validation, failure analysis, and
radiologist review, not as proof that a model is clinically
safe. The most clinically useful explanation strategy is likely
multimodal, combining lesion-localization outputs, segmentation

masks, CNN heatmaps, attention or cross-attention analysis,
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case-based examples, and uncertainty estimates for cases requiring
mandatory radiologist review.

3.10 Multimodal fusion, radiogenomics,
and federated learning

No single imaging modality captures the full biological
complexity of breast cancer. Mammography provides population-
level screening information, ultrasound contributes lesion
morphology and margin assessment, MRI provides vascular
and kinetic enhancement patterns, and clinical or genomic
variables add biological and prognostic context. For this reason,
recent Al research increasingly focuses on multimodal fusion,
radiogenomics, and privacy-preserving learning. Fusion strategies
are generally organized into three categories: early fusion,
where raw or preprocessed inputs are concatenated before
model training; intermediate fusion, where modality-specific
feature representations are combined inside the network;
and late fusion, where predictions from separate modality-
specific models are combined using ensemble weighting
or meta-classifiers.

(2025)

multimodal fusion framework for breast cancer diagnosis by

Nantogmabh et al. proposed a  cross-attention
integrating mammography-derived information with clinical
The

and

variables. study compared feature concatenation, co-

attention, cross-attention strategies, showing that the
model achieved AUC-ROC 0.98,
0.94, precision 0.92, and recall 0.95 using
including TCGA and CBIS-DDSM. The use

of cross-attention is relevant because it allows the model to

cross-attention
0.96, Fl-score
public datasets

accuracy
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learn how imaging and clinical variables interact rather than
treating each source as an independent predictor. However,
because this work is currently an arXiv preprint, it should
be presented as emerging evidence rather than fully validated
clinical evidence.

A complementary and more comprehensive example of
attention-driven multimodal design is OncoVision, a recent end-
to-end pipeline that integrates mammographic imaging with
structured clinical data for breast cancer diagnosis (Ahmed et al.,
2025). Using an attention-based encoder-decoder backbone,
OncoVision jointly segments four regions of interest (masses,
calcifications, axillary findings, and breast tissue) and predicts
ten structured clinical descriptors, including mass morphology,
calcification type, ACR breast density, and BI-RADS category,
before combining imaging and clinical evidence through two
late-fusion strategies. The system is operationalized as a secure
web application that generates structured, BI-RADS-oriented
reports with dual-confidence scoring and attention-weighted
visualizations, positioning it as an illustrative bridge between
lesion-level imaging models and actionable, report-level clinical
decision support. As with the cross-attention model above,
OncoVision is currently an arXiv preprint rather than a peer-
reviewed, externally validated study; it is therefore cited here as
emerging multimodal evidence, is not included in the 284-study
quantitative corpus, and is retained as a representative context
source (Supplementary Table S9).

Radiogenomics provides another route for multimodal Al
by linking quantitative imaging phenotypes with molecular
or genomic tumor characteristics. Sahaetal. (2018) developed
a machine-learning radiogenomic analysis using 922 breast
and 529 DCE-MRI
MRI-derived
molecular markers including ER, PR, HER?2, Ki-67, and molecular

cancer patients features, evaluating

associations between imaging features and
subtype. Grimm etal. (2015) similarly investigated associations
between routine breast MRI features and luminal A/luminal
B molecular subtypes, showing that computer vision-derived
imaging phenotypes can reflect underlying tumor biology. These
studies support the potential of breast MRI radiogenomics for
non-invasive biological characterization, but they should be
interpreted as association-based radiogenomic studies rather than
deployed diagnostic systems.

Federated learning addresses a different but equally important
translational barrier: the difficulty of training generalizable
Al models across multiple institutions without centralizing
sensitive patient data. Riekeetal. (2020) described federated
learning as a framework in which institutions collaboratively
train models by sharing model updates rather than raw imaging
data. Kaissis et al. (2020) further emphasized secure and privacy-
preserving machine learning strategies for medical imaging,
including federated learning and privacy-protection mechanisms.
In breast imaging, these approaches are especially relevant
because robust AI systems require multi-institutional, multi-
vendor,

and demographically diverse data, while privacy

regulations and data-governance constraints often limit
direct data sharing. Federated learning therefore represents a
promising pathway for improving generalizability, fairness, and
external validation without requiring centralized aggregation of

patient images.
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3.11 Open-access web applications and
clinical deployment

A major translational challenge in breast imaging AI is
moving from retrospective model development to tools that
can be accessed, tested, and integrated into clinical or research
workflows. Open-source code, browser-based interfaces, and web-
deployable inference frameworks can reduce technical barriers
for researchers and clinicians, especially in settings without
dedicated AI workstations or local machine-learning expertise.
However, deployment claims should be interpreted cautiously:
a public repository or browser demo is not equivalent to
regulatory approval, prospective validation, or routine clinical
implementation. Table 10 summarizes representative open-access
and web-oriented systems relevant to breast imaging AL

Yalaetal. (2021) released the Mirai mammography-based
breast cancer risk model as an open-source system with code
and trained model resources. Mirai predicts future breast cancer
risk from mammograms and has been externally evaluated across
different populations, including cohorts from the United States,
Sweden, and Taiwan. Its open-source availability makes it one
of the strongest examples of reproducible breast imaging AI for
risk prediction. Nevertheless, Mirai should be described as a risk-
stratification model rather than a general diagnostic detector,
and its clinical use still requires local validation, calibration, and
workflow integration.

Ma et al. (2024) released MedSAM, a medical adaptation of the
Segment Anything Model trained on large-scale medical image-
mask pairs. MedSAM provides public code, model weights, and
an interactive demonstration for prompt-guided segmentation.
Although it is not breast-specific, it is relevant to breast imaging
because promptable segmentation can support lesion, tissue,
or organ delineation workflows in mammography, MRI, and
ultrasound. Its main clinical value is as an accessible segmentation
framework, but it should not be presented as a validated
autonomous breast cancer diagnostic system.

Cohen etal. (2019) implemented Chester, a browser-based
chest X-ray disease prediction system using TensorFlow.js.
Chester is not a breast imaging tool, but it is relevant as
a deployment template because it demonstrates local browser-
based inference in which images can remain on the user’s
device. This client-side design is important for privacy-sensitive
medical imaging applications. TensorFlow.js itself provides the
technical framework for running trained machine-learning models
directly inside web browsers through JavaScript and WebGL
acceleration (Smilkov et al., 2019). These technologies may support
future browser-based breast imaging tools, but they should
be cited as deployment frameworks rather than breast-specific
diagnostic evidence.

Calisto et al. (2020) developed BreastScreening, a multimodal
that
information

interface for breast imaging diagnosis
and MRI

single visual workflow. The system was evaluated with clinicians

integrates

mammography, ultrasound, into a
and focused on usability, multimodal visualization, diagnostic
workflow, and BI-RADS-related decision support rather than
autonomous Al classification. It is therefore best presented as
a human-computer interaction and clinical interface study, not

as an Al classifier with AUC or sensitivity metrics. This work is
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Platform/tool
[Ref]

Mirai (Yala et al., 2021)

Stack

Deep learning risk

Modality/task

Mammography/5-year

TABLE 10 Open-access and web-based Al deployment frameworks and platforms relevant to breast cancer imaging.

Access

Open-source code and

Risk-score output;

10.3389/fimag.2026.1910013

Clinical
applicability/notes

Strong reproducible

model breast cancer risk model resources multi-task prediction example for risk
prediction stratification; requires
local calibration and
clinical workflow
validation
MedSAM (Ma et al., Foundation Multi-modal medical Public code, weights,and | Prompt-based Useful for accessible
2024) segmentation imaging; potentially interactive demo segmentation segmentation research;
model/SAM mammography, MRI, visualization not an autonomous
adaptation ultrasound breast cancer diagnostic
system
Chester (Cohen et al., TensorFlow.js Chest X-ray/medical Browser-based open Grad-CAM-style Not breast-specific;
2019) browser-based image classification prototype visualization reported useful
inference prototype template privacy-preserving
client-side deployment
template
BreastScreening Multimodal clinical Mammography, Research prototype Not an XAI method; Clinician-facing

(Calisto et al., 2020)

interface/HCI

system

ultrasound, MRI

diagnostic workflow

supports multimodal

visual review

workflow-support
interface; not an

autonomous Al classifier

Ribli et al. detection
model (Ribli et al., 2018)

Faster R-CNN
mammography

detector

Mammography/lesion
detection and

classification

Public code reported

Bounding-box

localization

Open research model for
reproducibility; not a

validated clinical web

platform

relevant because clinical deployment of breast imaging AI will
require usable interfaces that support radiologist interaction with
multimodal data.

Ribli et al. (2018) released code for a Faster R-CNN-based
mammographic lesion detection model. Although the original
work was not primarily presented as a web application, its public
implementation and lesion-level bounding box outputs make it
relevant to open research deployment and reproducibility. It should
be described as an open-source detection model rather than a
validated clinical web platform.

Overall, open-access deployment in breast imaging Al should
be evaluated using three separate criteria: public availability of code
or model weights, usability of the interface or inference pipeline,
and level of clinical validation. A GitHub repository, browser
demo, or Flask/Streamlit prototype can support reproducibility and
education, but it should not be described as clinically deployable
unless it has undergone external validation, regulatory review, and
real-world workflow testing.

3.12 Recent prospective and
implementation evidence (2025-2026)

The 2025-2026 literature strengthens the clinical-translation
component of this review. MASAI included more than 105,000

FrontiersinImaging

women and showed that Al-supported screening achieved a
non-inferior interval cancer rate, higher sensitivity, unchanged
specificity, and 12% interval-cancer reduction vs. standard double
reading (Gommers et al., 2026). AI-STREAM evaluated 24,543
women and reported 13.8% higher cancer detection without
a significant recall-rate increase (Changetal., 2025). AITIC
reported 63.6% workload reduction and 15.2% increased cancer
detection, but recall increased and did not meet the prespecified
noninferiority criterion (Elias-Cabot etal., 2026). Differences in
recall burden probably reflect threshold setting, whether AI was
used as triage or decision support, and local workflow design.
Supplementary Table S5 compares trial populations, endpoints,
recall, workload, and implementation barriers. Other recent work
emphasizes lesion-level evaluation, threshold recalibration, drift
monitoring, fairness surveillance, and prospective calibration for
risk prediction (Kelly etal.,, 2026; Lowry etal., 2026; Taib et al.,
2025).

3.13 Structured evidence-quality and
methodological-limitations assessment

A formal study-by-study QUADAS-2 or PROBAST risk-of-bias
assessment was not performed across all 284 reports. Instead,
the review used a structured, review-specific framework to
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contextualize the strength and limitations of the evidence. The
predefined domains were population and participant selection,
index-model development and thresholding, reference standard
or labeling process, validation independence, flow and timing,
reporting transparency, calibration and subgroup or fairness
reporting, and clinical applicability. These criteria were used
to guide interpretation of the narrative synthesis and were not
treated as validated risk-of-bias ratings. When an entry was
supported only by an abstract, DOI page, or another source
record, domains requiring full methodological detail were
marked as not assessable rather than assigned a low, moderate,
or high-risk judgment. Supplementary Table S1 provides the
operational criteria, Supplementary Table S2 summarizes the
principal limitations of influential studies for which sufficient
information was available, and Supplementary Data Sheet S1
records source provenance, full-text verification status, and
source-supported methodological notes. Across the evidence base,
the most frequent concerns were retrospective single-institution
development, internal-only train-test splits, limited independent
external validation, variable reference standards, and incomplete
reporting of confidence intervals, calibration, decision-curve
analysis, subgroup performance, and failure cases. Consequently,
prospective, multicentre, externally validated, and workflow-tested
evidence was weighted more strongly than internally validated
retrospective benchmarks.

Two considerations explain why a formal, validated risk-of-bias
instrument could not be applied uniformly across the corpus. First,
per-study QUADAS-2 or PROBAST scoring requires full-report
methodological detail for every study, whereas only 38 of the
284 evidence-map entries (13.4%) were verified from full text;
the remaining 246 entries were source-limited (48 abstract-based
and 198 based on DOI or source records), so assigning definitive
domain-level risk judgments to them would have manufactured a
precision that the underlying sources do not support. Second, the
corpus spans highly heterogeneous modalities, tasks, endpoints,
and reporting conventions, for which a single tabular instrument
would force non-comparable studies onto a common scale. Where
source detail was sufficient, the most frequent methodological
concerns were retrospective single-institution development,
internal-only train/test splits with possible patient- or lesion-level
leakage, limited or absent independent external and multicentre
validation, scanner- and vendor-related domain shift, implicit
or post hoc decision-threshold optimization, variable reference
standards, and incomplete reporting of calibration, decision-curve
analysis, subgroup and fairness performance, and failure cases.
These recurring patterns, together with the source-verification
composition of the evidence map, are summarized in Figure 2.

3.14 Evidence hierarchy and interpretation
of study-level limitations

To improve clinical interpretability, the revised synthesis
separates benchmark performance from stronger translational
evidence. Studies with prospective design, multicentre recruitment,
external or temporal validation, radiologist comparison, calibration
assessment, subgroup/fairness reporting, and workflow evaluation
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A Source-verification tier of the 284-entry evidence map (Data Sheet S1)

38
(13.4%)

mm- Verified from full text ~ mmm Abstract-based

198
(69.7%)

DOI / source record

B Structured methodological-limitation summary across reviewed studies

Independent external 168
validation

Prospective or 168
multicentre design
Clinical deployment /
workflow evaluation

Regulatory
clearance

0 228

57 114 171 284
(20%) (40%) (60%) (80%) (100%)
Number of evidence-map entries (n = 284)

= Reported / stronger evidence Absent, intemal-only, or weaker Not assessable from consulted source

FIGURE 2

Structured methodological-limitation summary of the 284-study
evidence base (derived from Supplementary Data Sheet S1). (A)
Source-verification tier of the evidence map: 38 entries (13.4%) were
verified from full text, 48 (16.9%) were abstract-based, and 198
(69.7%) were based on DOI or source records. (B) Distribution of key
methodological dimensions across all 284 entries, classified by a
reproducible rule over the evidence-map fields. Green denotes
stronger or adequately reported evidence, amber denotes an absent,
internal-only, or weaker condition, and gray denotes dimensions that
were not assessable from the consulted source. For the deployment
and regulatory-clearance dimensions, the amber category reflects
research-stage status (no deployment or clearance reported) rather
than methodological bias. Commercial or pre-commercial mentions
without an explicitly identified regulatory clearance were classified
as not assessable. This is a structured overview and not a formal
QUADAS-2 or PROBAST risk-of-bias rating.

were treated as higher-level evidence. Public-dataset benchmarks,
augmented datasets, and single-institution internal validations
were retained because they are methodologically informative,
but their conclusions were weighted more cautiously. The main
literature tables now emphasize clinical caution and study-specific
methodological limitations, while Supplementary Data Sheet S1
provides a provenance-tagged study-level evidence map and
identifies whether each row was verified from a full report.

4 Discussion

4.1 Challenges and limitations

The most pervasive challenge in breast imaging Al research
is the limited generalizability of models trained on single-
institution or single-vendor datasets. External validation studies
and recent implementation-focused evaluations have shown that
breast imaging Al performance may decline when models are
transferred across institutions, scanner vendors, imaging protocols,
and population groups, emphasizing the need for multicenter
validation, local threshold calibration, and prospective monitoring
before clinical deployment (Kelly etal., 2026; Salim et al., 2020;
Taib et al., 2025). The EMBED dataset (Jeong et al., 2023), with
3.4 million demographically diverse mammograms, and VinDr-
Mammo (Nguyenetal., 2023), representing a non-Western
population, are beginning to address this through more realistic
cross-population evaluation platforms. Class imbalance, with
cancer-positive cases comprising only a small fraction of screening
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examinations, can bias models toward the majority negative
class; therefore, future studies should report class distribution,
cancer prevalence, sensitivity, specificity, positive predictive
value, calibration, and threshold-selection strategy rather than
relying only on accuracy. Algorithmic fairness studies have
shown that non-representative medical imaging datasets can
produce biased classifiers, while breast-screening implementation
studies increasingly emphasize subgroup performance assessment
across race, age, breast density, scanner vendor, and site before
deployment (Jeong et al., 2023; Kelly et al., 2026; Larrazabal et al.,
2020). Regulatory and implementation barriers persist despite
the growing number of FDA-listed Al-enabled medical devices,
including issues related to transparency, post-deployment
monitoring, workflow integration, reimbursement, and radiologist
trust (Almarie et al., 2025; Goh et al., 2025; Health C. for D and R,,
2026; Regulation (EU), 2024).

Calibration and  uncertainty  quantification  remain
underreported but are central to safe deployment. A model
with high AUC can still be miscalibrated, producing overconfident
false negatives or unnecessary recalls. Future studies should
report calibration plots, Brier score, expected/observed ratios,
and threshold-selection rationale, and should evaluate uncertainty
using approaches such as ensembles, Monte Carlo dropout, test-
time augmentation variance, or evidential prediction. In screening,
uncertain or out-of-distribution cases should trigger mandatory

radiologist review rather than autonomous triage.

4.2 Limitations of this review

This review has limitations. First, the protocol was not
although the
provides complete search strings, screening counts, eligibility

prospectively registered, revised manuscript
criteria, and a provenance-tagged 284-study evidence map
to improve reproducibility. Second, meta-analysis was not
performed because modalities, datasets, architectures, validation
strategies, and outcome definitions were highly heterogeneous.
Third, independent duplicate screening and extraction were not
performed for the entire corpus. During revision, inter-reviewer
reliability was assessed through post hoc independent reassessment
of random 10% samples at the title and abstract and full-text
screening stages, and a second reviewer checked the extraction
of 20.1% of the included studies. These procedures provide
quantitative quality-control information but do not replace
complete duplicate screening and extraction. Fourth, the expanded
evidence map was not based on full-text re-extraction for every
included study: 38 entries were verified from full text, 48 were
abstract-based, and 198 were based on DOI/source pages or other
web-accessible records. Accordingly, the spreadsheet should not
be interpreted as a complete full-text extraction dataset, and the
absence of a feature in a source-limited row does not establish that it
was absent from the full report. Source-limited rows were not used
for definitive study-level methodological-quality judgments. Fifth,
no formal study-by-study QUADAS-2 or PROBAST assessment
was completed across all 284 full reports; the review instead used
a structured evidence-quality and methodological-limitations
framework, and this distinction may limit comparability with
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reviews using validated tools. Sixth, English-only inclusion
may introduce language bias. Seventh, publication bias likely
favors high-performing systems, whereas negative validations,
external failures, calibration problems, and subgroup disparities
are underreported. Eighth, private datasets, unavailable code,
and proprietary commercial algorithms limited reproducibility
assessment. Finally, although the May 2026 narrative update
captures major recent prospective and implementation studies,
the field is evolving rapidly, and the review should be interpreted
as a current evidence synthesis rather than a definitive ranking
of algorithms.

4.3 Future directions and research priorities

Future breast imaging AI research should move beyond

retrospective benchmark performance toward prospective,
externally validated, calibrated, and clinically monitored systems.
The highest priority is to demonstrate reproducible benefit in real
screening and diagnostic workflows rather than only improved
AUG, accuracy, Dice, or F1 score on retrospective datasets.
Multimodal and longitudinal learning should integrate
DBT, ultrasound, MRI,

mammography, clinical variables, pathology, genomics, and prior

mammography, contrast-enhanced
examinations. Such models may better capture disease biology
and temporal change, but must report ablation analyses showing
whether each modality adds clinically meaningful value.

Self-supervised, weakly supervised, and foundation-model
approaches are promising because they can learn from large
volumes of unlabeled breast images and reduce dependence on
scarce expert annotations. Breast-specific adaptation of promptable
segmentation and vision foundation models should be evaluated
with external cohorts, lesion-level localization, calibration, and
subgroup fairness analysis.

Synthetic data generation using generative adversarial
networks, diffusion models, simulation, and physics-informed
augmentation may help address class imbalance and rare
lesion presentations. However, synthetic images should be used
only with strict train-test separation, realism assessment by
experts, and evaluation on real external clinical data to avoid
inflated performance.

Large language models and vision-language models may
support BI-RADS-consistent report structuring, prior-report
summarization, multimodal retrieval, explainable decision support,
and patient-facing communication. Their use in breast imaging
should be constrained by factual grounding, audit trails, privacy
safeguards, hallucination testing, and clear radiologist oversight.

Future studies should routinely report calibration, uncertainty,
subgroup fairness, lesion-level localization, external validation,
workflow impact, recall burden, reading time, and post-deployment
drift monitoring. The most clinically relevant next step is
not another architecture-only comparison, but multicentre
implementation research that demonstrates safe, equitable, and
reproducible benefit across populations and imaging systems
(Changetal., 2025; Elias-Cabotetal., 2026; Gommers etal.,
2026; Kelly et al., 2026; Larrazabal et al., 2020; Lowry et al., 2026;
Regulation (EU), 2024; Yilmaz et al., 2025).
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5 Conclusion

This systematic review synthesized evidence from 284
peer-reviewed studies in the primary PRISMA-guided review,
supplemented by a separate targeted 2026 narrative update of
recent prospective and implementation studies. The review
covered the major methodological landscape of Al-assisted
breast cancer imaging, including classical machine learning
and radiomics, convolutional neural networks, YOLO-family
detection models, vision transformers, segmentation architectures,
explainable AI, multimodal fusion, federated learning, and
open-access Several Al
have reported diagnostic performance comparable to expert

deployment frameworks. systems

readers in selected retrospective, external-validation, and

prospective however, calibration,

external validation, algorithmic fairness, and workflow integration

settings; generalizability,
remain major determinants of clinical utility before broad
clinical adoption can be justified. Public availability, open-
source code, or browser-based deployment should not be
equated with regulatory clearance or clinical readiness. Realizing
the full potential of AI in breast cancer imaging will require
interdisciplinary collaboration, prospective multicentre validation,
transparent reporting, complete full-text study-level extraction
post-deployment
monitoring, and careful evaluation of sensitivity, specificity,

in future evidence syntheses, continuous
recall burden, calibration, lesion localization, and equity. The
accompanying Supplementary Data Sheet S1 should be interpreted
as a provenance-tagged evidence map rather than a complete
full-text extraction or formal study-level risk-of-bias appraisal
across all 284 studies: 38 entries were verified from full reports,
48 from abstracts, and 198 from DOI/source pages or other
web-accessible records.

Future research should prioritize prospective multicenter trials,
lesion-level evaluation, subgroup fairness analysis, uncertainty
quantification, and calibration across diverse populations and
imaging systems. Foundation models, multimodal fusion, and
federated learning are promising directions, but they require
breast-specific validation, transparent reporting, and workflow-
centered implementation before routine clinical adoption. As
a minimum reporting standard, future breast imaging Al
studies should report external validation, calibration, subgroup
performance by breast density and demographic group, lesion-level
localization accuracy where applicable, and workflow impact.
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