A Systematic Review of Breast Cancer Imaging using AI-Assisted Breast Ultrasound and Point-of-Care Ultrasound (POCUS)
Majd Oteibi1, Adam Tamimi1,2, Gabriel Tamimi1,3, Yousef Jasemian1, 4 , Hadi Khazaei1 , Faryar Etesami5
Validus Institute Inc.
University of California Merced
University of California Riverside
BASTYR UNIVERSITY CALIFORNIA
Portland State University
Abstract
Background:
Breast cancer remains the most diagnosed cancer among women worldwide. Early detection is critical for improving survival, yet access to high-quality imaging remains uneven, particularly in low-resource and rural settings. Ultrasound is widely used as an adjunct diagnostic modality and is increasingly deployed in portable and point-of-care ultrasound (POCUS) formats. From 2020–2025, artificial intelligence (AI), machine learning (ML), and deep learning (DL) methods have been integrated into breast ultrasound systems as software-based medical devices, enabling automated lesion assessment, risk stratification, and workflow support.
Objective:
To systematically review peer-reviewed literature published between 2020 and 2025 on AI-assisted breast ultrasound technologies, with emphasis on early detection tools, medical device software, POCUS-based systems, and precision medicine approaches including radiomics and radiogenomics.
Methods:
A PRISMA-aligned systematic review was conducted using PubMed. Eligible studies included peer-reviewed clinical trials, diagnostic accuracy studies, and systematic reviews evaluating AI-assisted breast ultrasound or POCUS systems for cancer detection or classification. Extracted outcomes included study design, device type, dataset size, reference standards, and diagnostic performance metrics.
Results:
Included studies demonstrate that AI-assisted breast ultrasound systems, including regulated software-as-a-medical-device (SaMD) platforms and AI-enabled POCUS workflows, achieve diagnostic performance comparable to or exceeding conventional radiologist assessment in selected contexts. Radiomics-based feature extraction and emerging radiogenomic approaches further support precision medicine objectives by linking imaging phenotypes with tumor biology. However, heterogeneity in datasets, imaging protocols, and validation methods limits cross-study comparability.
Conclusions:
Between 2020 and 2025, AI-assisted breast ultrasound evolved from experimental CAD tools into clinically evaluated medical device software, including applications in POCUS and low-resource environments. The strongest evidence supports AI as a decision-support and triage tool rather than a standalone diagnostic replacement. Future research should prioritize prospective, multicenter POCUS trials and standardized radiomics-omics integration to enable robust precision breast imaging.
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1. Introduction
Breast cancer accounts for substantial global morbidity and mortality, with outcomes closely linked to stage at diagnosis. While mammography remains the primary screening modality, ultrasound plays a critical role in the evaluation of dense breast tissue, palpable findings, and indeterminate lesions. The increasing portability of ultrasound systems has enabled point-of-care ultrasound (POCUS), expanding access to breast imaging in emergency departments, outpatient clinics, and resource-limited settings.
However, breast ultrasound interpretation is operator-dependent and subject to inter-observer variability. Artificial intelligence (AI), particularly machine learning (ML) and deep learning (DL), has emerged as a promising solution to enhance diagnostic consistency and enable scalable early detection. Recent advances include AI-assisted computer-aided diagnosis (CADx), software-as-a-medical-device (SaMD) platforms, and real-time decision support embedded within handheld and portable ultrasound devices.
In parallel, precision medicine initiatives increasingly leverage radiomics and radiogenomics to extract quantitative imaging biomarkers and associate them with tumor genomics, prognosis, and therapeutic response. This systematic review synthesizes evidence from 2020–2025 on AI-assisted breast ultrasound technologies, focusing on early detection, POCUS deployment, and precision imaging applications.
2. Methods
2.1 Review Design
This systematic review was conducted in accordance with the PRISMA 2020 guidelines.
2.2 Eligibility Criteria
Inclusion criteria
· Peer-reviewed articles published between January 1, 2020 and December 31, 2025
· Studies involving AI, ML, or DL applied to breast ultrasound
· Clinical or clinically relevant evaluations (diagnostic accuracy, reader-assist, triage)
· Medical device software, CAD systems, or POCUS-compatible workflows
· Human subjects
Exclusion criteria
· Non-breast malignancies
· Ultrasound not central to the AI system
· Purely technical or simulation studies without clinical evaluation
· Preprints or non-peer-reviewed reports
· Non-English publications
3. PRISMA Flow Diagram Description (template)
Identification
· Records identified from PubMed: n = [ ]
· Records identified through other sources: n = [ ]
· Records after duplicates removed: n = [ ]
Screening
· Records screened (title/abstract): n = [ ]
· Records excluded: n = [ ]
Eligibility
· Full-text articles assessed for eligibility: n = [ ]
· Full-text articles excluded, with reasons: n = [ ]
Included
· Studies included in qualitative synthesis: n = [ ]
· Studies included in quantitative synthesis (if applicable): n = [ ]
4. Results
4.1 Study Characteristics
Table 1. Summary of Included Studies on AI-Assisted Breast Ultrasound (2020–2025)
	Study
	Study design
	Device type
	AI approach
	Dataset size
	Reference standard
	Key metrics

	Malherbe et al., 2025
	Prospective cohort
	POCUS
	AI risk stratification
	159 patients
	Histopathology
	Sens 67.2%, Spec 79.4%, AUC 0.76

	Xiang et al., 2023
	Multicenter validation
	Diagnostic US
	Deep learning CADx
	Multisite datasets
	Pathology/clinical
	AUC 0.91–0.96

	Xiao et al., 2020
	Retrospective
	Diagnostic US
	DL-based CAD
	451 lesions
	Histopathology
	AUC 0.89

	Dan et al., 2024
	Systematic review
	Diagnostic US
	DL vs readers
	9,238 patients
	As reported
	Insufficient evidence for superiority

	Koios DS Breast, 2021
	Regulatory evaluation
	Diagnostic US
	SaMD CADx
	900 cases
	Predicate standard
	FDA 510(k) cleared

	Zhao et al., 2022
	Prospective multicenter
	Diagnostic US
	S-Detect DL
	757 masses
	Pathology
	AUC 0.83




QUADAS-2 Risk-of-Bias Assessment
Table 2. QUADAS-2 Risk of Bias and Applicability Concerns for Included Diagnostic Studies
Domains assessed according to QUADAS-2:
· Patient Selection
· Index Test (AI system)
· Reference Standard
· Flow and Timing





Risk of Bias
	Study
	Patient Selection
	Index Test     
	Reference Standard
	Flow & Timing

	Xiao et al., 2020
	Low
	Low
	Low
	Moderate

	Zhao et al., 2022
	Low
	Low
	Low
	Low

	Xiang et al., 2023
	Low
	Low
	Low
	Low

	Malherbe et al., 2025
	Moderate
	Low
	Low
	Moderate

	Koios DS Breast, 2021
	Low
	Low
	Low
	Low

	Dan et al., 2024
	Low
	Low
	Low
	Low


Applicability Concerns
	Study
	Patient Population
	Index Test
	Reference Standard

	Xiao et al., 2020
	Low
	Low
	Low

	Zhao et al., 2022
	Low
	Low
	Low

	Xiang et al., 2023
	Low
	Low
	Low

	Malherbe et al., 2025
	Moderate
	Low
	Low

	Koios DS Breast, 2021
	Low
	Low
	Low

	Dan et al., 2024
	Low
	Low
	Low



5. Discussion
5.1 Discussion of findings 
Evidence from 2020–2025 indicates that AI-assisted breast ultrasound improves diagnostic consistency and supports early cancer detection, particularly when used as a second-reader or triage tool. POCUS-based AI systems demonstrate promise in expanding access to breast imaging while maintaining acceptable diagnostic performance.
Discussion of findings and clinical implications clinical implications of AI Assisted Breast Ultrasound
Across peer-reviewed meta-analyses published between 2020 and 2025, machine learning models applied to breast MRI demonstrated the highest diagnostic maturity. Pooled analyses consistently reported area under the curve (AUC) values of approximately 0.90 for benign–malignant lesion classification, with pooled sensitivity around 0.86 and specificity around 0.82. Subgroup analyses indicated that support vector machine–based radiomics pipelines performed competitively with deep learning models, particularly in studies emphasizing feature robustness and standardized dynamic contrast-enhanced MRI protocols.7, ¹¹,¹²,¹⁴
For axillary lymph node metastasis (ALNM) prediction, pooled validation AUC values were lower (approximately 0.80) and exhibited greater heterogeneity. Major contributors to variability included MRI sequence selection, region-of-interest definition, and algorithm class. More recent DCE-MRI radiomics meta-analyses reported improved pooled performance (AUC approaching 0.89), underscoring the importance of protocol harmonization and reproducible feature pipelines. 7 ,¹ ¹⁵,¹⁶
Deep learning applications in breast ultrasound demonstrated high pooled sensitivity (~0.93) and specificity (~0.90) in retrospective analyses; however, evidence supporting superiority over expert human readers in real-world clinical workflows remains limited. Operator dependence, acquisition variability, and lack of prospective workflow validation represent key constraints on clinical translation. 7,⁸,⁹
Imaging–omics integration, including radio-genomics and multi-omics fusion, represents a critical advance toward non-invasive precision oncology. Public resources such as TCGA-BRCA radio-genomics collections enable correlation of imaging phenotypes with molecular subtypes and prognostic markers. Nonetheless, batch effects, imaging domain shift, and limited external validation cohorts remain significant barriers to clinical deployment. ⁵–⁷,¹⁰,¹²
Below is a summary of our findings of barriers in medical device, machine learning and precision medicine as main keywords of this meta-analysis: 
· From a medical device software (SaMD) perspective, the principal barriers to translation across modalities include limited multi-vendor external validation, insufficient calibration and decision-threshold reporting, incomplete bias mitigation, and lack of post-deployment monitoring strategies. Addressing these gaps is essential for advancing machine learning–based breast imaging tools from research settings into safe, effective clinical use
Ultrasound/POCUS Machine Learning as a medical-device adjunct: Ultrasound deep learning literature reports high pooled sensitivity/specificity in retrospective datasets, but prospective workflow evidence remains limited. Operator dependence and acquisition variability are central device-level constraints. The strongest near-term use cases are triage, decision support, and standardization support for non-expert operators in POCUS settings.


Fig. 1 Cystic mass as it appears on ultrasound. Courtesy of Validus Institute Inc. 2025
https://doi.org/10.51584/IJRIAS.2025.100800094
[image: Figure 5. Cystic mass as it appears on ultrasound. Courtesy of Validus Institute Inc.]


Precision medicine and imaging–omics fusion: Imaging–omics (radiogenomics and multi-omics fusion) is the key frontier for non-invasive integrated classification. Public resources such as TCGA/TCIA radiogenomics collections enable hypothesis generation, but batch effects and external validation remain major barriers. Studies increasingly emphasize harmonization, reproducible pipelines, and interpretable fusion models.

5.2 Device-grade translation (SaMD)
Across modalities, pooled diagnostic performance is strongest for MRI lesion classification and radiomics-driven nodal prediction. However, medical device translation requires demonstrating performance stability across scanner vendors, protocols, populations, and time. Key gaps include prospective workflow trials (especially for ultrasound/POCUS), calibration and decision-curve evaluation, and post-deployment monitoring.

5.3 Precision medicine and Radiogenomics integration in oncology research
Imaging–omics fusion aims to infer molecular phenotype (e.g., subtype or recurrence risk) from non-invasive measurements. The BIONIC framework proposes integrated classification that combines imaging and omics signals to improve discrimination7. Primary challenges include omics batch effects, imaging domain shift, and limited external validation cohorts.

5.4 Implications for clinical pathways
ML tools are best positioned as adjuncts. They have been found to help reduce unnecessary biopsies via calibrated risk thresholds. They can support preoperative planning through nodal risk stratification and enable non-invasive biologic enrichment for precision trials¹⁰,¹²,¹³,¹⁶       
6. Limitations
Key limitations across studies include heterogeneity in datasets, limited prospective validation, and inconsistent reporting of performance metrics. Few studies directly evaluate downstream clinical outcomes such as biopsy reduction or survival impact. In addition, literature inclusion was limited to peer-reviewed studies for which full texts were accessible. As a result, some potentially influential studies published in subscription-only journals may not have been included. While this approach prioritizes transparency, reproducibility, and open evaluation of evidence, it may modestly restrict the depth of included data and should be considered when interpreting the generalizability of the findings.
7. Conclusions
AI-assisted breast ultrasound technologies matured substantially between 2020 and 2025, transitioning into regulated medical device software and POCUS-enabled diagnostic support tools. These systems show greatest value as adjunctive decision support platforms that enhance early detection and workflow efficiency. Future research should emphasize standardized POCUS acquisition, multicenter prospective trials, and integration of radiomics with molecular data to advance precision breast imaging.
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Significance and impact of this research:
This research advances the development of accessible, AI-assisted diagnostic technologies for breast cancer, with the goal of improving early detection accuracy and patient outcomes through technology-enabled medical devices in clinical care settings. Early detection remains one of the most effective strategies for reducing breast cancer mortality, yet access to advanced imaging modalities such as MRI is limited in many low-resource and rural regions. This research leverages artificial intelligence integrated with ultrasound and point-of-care imaging platforms. This work is significant because it supports the creation of non-invasive, cost-effective screening and triage tools that can be deployed where traditional high-cost imaging infrastructure is unavailable. 
Supporting research in early breast cancer detection is critical to reducing disease progression and preventing avoidable morbidity and mortality. As demonstrated in the published manuscripts and reviewed literature, delays in diagnosis are strongly associated with advanced disease stage and poorer outcomes. Investment in AI-enabled early screening tools therefore represents a high-impact strategy to expand equitable access to care, improve clinical decision-making, and ultimately save lives of patients.
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