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The radiologist or 
sonographer may be 
required to select a 
region of interest.

Images with no lesion 
are excluded 

Records excluded (n = 145)
• Task unrelated to review question (n = 76)
• Modality other than BUS (n = 42)
• “Deep”/ “Net”/ “Learning” /“US” mistakenly flagged (n = 27) 

Records not retrieved (n = 24)
Full English text unavailable (n = 24)

Reports assessed for 
eligibility
(n = 378)

Reports excluded (n = 326)
• No AI development (i.e., reviews, reader studies) (n = 43)
• Task unrelated to review question (n = 22)
• AI for ABUS (n = 11)
• Non-patient-wise or 2-split cross-validation (n = 99)
• Non-patient-wise split sample (n = 104)
• No clearly defined held-out test set (n = 26)
• No appropriate performance metric (i.e., AUROC, DSC) (n = 9)
• Subpopulation based on elevated risk or presence of 

symptoms or a particular lesion type (n = 10)
• Duplicate method (n = 2)

Records identified from:
Google Scholar (n = 225); PubMed (n = 281); Hand searching (n = 41)
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Figure 1: PRISMA 2020 [4] flow diagram for this review. 547 records were screened based on title/abstract for 
inclusion into the review. 378 total full texts were reviewed against the inclusion/exclusion criteria.

High-income countries have implemented population-wide breast cancer screening 
programs using mammography and seen a significant reduction in mortality in 
screened women. However, many low- and middle-income countries, and rural 
areas, lack the access, workforce, and/or infrastructure necessary for implementing 
such programs. Integration of AI may reduce the false-positive rate of handheld BUS, 
reduce the training needed to perform exams, and make early detection programs 
viable where none exists presently. 

Background

A systematic review was performed to investigate whether artificial intelligence (AI) 
algorithms, using breast ultrasound (BUS) imaging to perform a variety of tasks, are 
sufficiently accurate for use in early detection programs in low-resource areas. The 
BCSC defines the acceptable ranges for sensitivity and specificity for screening 
mammography to be >75% and 88-95%, respectively [1, 2]. No a priori benchmarks 
exist for frame selection or lesion segmentation.

Figure 1 shows a PRISMA [4] flowchart of the inclusion process. Studies were 
evaluated via narrative data synthesis. The strength of evidence for clinical AI 
performance is characterized by the quality, size, and integrity of the testing set. 

Figure 2: Diagram showing the different opportunities in the care paradigm where AI can be 
applied. AI systems are classified according to both where in the care paradigm they fall (exam 
time, processing time, and interpretation time) as well as the AI task. Note that frame selection 
may occur in conjunction with the exam, moving this step from processing time to exam time. If 
an AI system both classifies and segments breast lesions during interpretation time, it is placed 
in a separate, combination category.

Results

Figure 3: Scatter plot showing performance of 
classification-only models against the size of 
the training dataset by number of BUS images. 
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• Frame selection models report diagnostic 
AUC ≥0.85 from AI-selected frames.

• Performance on complete and normal exams 
and outside of the development population 
are unknown for real-time detection and 
frame selection AI models. 

• Classification-only models report generally 
high performance (see Figure 3), mitigated 
by enriched prevalence and small datasets. 

• 14 total classification-only studies (45%) 
meet the BCSC guidelines. The most well-
validated (Shen 2021) reports AUC 0.976.

• Segmentation-only models report DSC 
generally >0.8 (64%) but tend to validate on 
public datasets with poor metadata.
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Two reviewers independently assessed articles from PubMed and Google Scholar 
(1/1/2016 to 8/6/2023) and performed QUADAS-2 [3] bias rating. Studies developing AI 
for BUS for diagnosis of breast cancer which report performance on unseen women met 
the inclusion criteria. Studies were evaluated on dataset size and composition, task-
specific AI performance (AUC, AP, DSC), and clinical application. 

• Figure 2 shows the number of studies identified at each clinical application time. 
• Real-time detection models localize and classify lesions ≥75% of the time.
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The classification- and segmentation-only AI task categories comprised 90% of the 
sample. Classification-only models showed AUC values rivaling mammography AI [5]. 
However, strength of reported evidence was lacking across all tasks due to limited 
testing dataset size and diversity. Validation of models on larger, geographically 
distinct datasets containing normal and benign imaging, comprehensive reporting of 
patient and image metadata, as well as whole breast exams, are needed to support 
the broad adaptation of AI-informed BUS for screening and early detection programs.
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