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ABSTRACT 

Artificial intelligence (AI) and deep learning (DL) technologies have revolutionized medical imaging and diagnostics. This 

comprehensive review synthesizes current evidence on the application, diagnostic accuracy, challenges, and future directions of 

AI algorithms in ultrasound (US) imaging. We conducted a systematic analysis of peer-reviewed literature examining diagnostic 

accuracy of deep learning in medical imaging and specific AI applications in ultrasound-guided procedures, breast US diagnosis, 

AI-based radiomics, and regional anesthesia guidance. Our findings demonstrate that AI algorithms achieve high diagnostic 

accuracy across multiple ultrasound applications, with sensitivity and specificity often comparable to or exceeding experienced 

radiologists. In ophthalmology imaging, AI achieved area under curve (AUC) of 0.939-0.969 for various retinal pathologies. In 

breast ultrasound, AI systems demonstrated sensitivity of 92.5% and accuracy of 78.6% for malignant lesion detection. Deep 

learning radiomics achieved AUC of 0.978 in pancreatic adenocarcinoma diagnosis and 0.97 in breast cancer characterization. 

However, significant challenges remain including standardization of training datasets, external validation, clinical workflow 

integration, regulatory compliance, and reimbursement issues. This review highlights that while AI shows tremendous promise 

for enhancing diagnostic accuracy and clinical efficiency in ultrasound medicine, successful implementation requires 

multidisciplinary collaboration, robust validation frameworks, and organizational infrastructure for sustainable clinical 

integration. 
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1. INTRODUCTION 
Artificial intelligence (AI) has emerged as a transformative technology in medical imaging and diagnostics over the 

past decade. The integration of machine learning (ML) and deep learning (DL) algorithms into clinical practice has 

demonstrated potential to enhance diagnostic accuracy, improve clinical workflows, and optimize resource 

utilization across various medical specialties. Ultrasound (US) imaging, as a dynamic, real-time, radiation-free, and 

cost-effective imaging modality, represents a particularly promising application domain for AI technologies. 

The global ultrasound market continues to expand, driven by increasing clinical adoption in developed and 

emerging economies. However, the quality and consistency of ultrasound examinations are heavily dependent on 

operator expertise, leading to significant variability in diagnostic accuracy. The accessibility of qualified ultrasound 

specialists remains limited in many geographic regions, contributing to delays in diagnosis and variable clinical 

outcomes. In this context, AI-assisted decision support systems have the potential to standardize diagnostic quality, 

enhance sensitivity and specificity of lesion detection, and democratize access to high-quality diagnostic imaging. 

Deep learning, as a subset of machine learning, has demonstrated remarkable capabilities in image analysis 

tasks. Unlike traditional machine learning methods that require hand-engineered feature extraction, deep learning 



 

793 
 

Adolescencia e Saude, vol. 21, No. 4s, p. 792-799 

algorithms automatically learn hierarchical features through multi-layered artificial neural networks, enabling the 

analysis of large volumes of data and extraction of highly representative features. Convolutional neural networks 

(CNNs) have emerged as the primary deep learning architecture for medical image analysis, achieving state-of-the-

art performance in classification, detection, and segmentation tasks. 

This comprehensive review synthesizes current evidence on the diagnostic accuracy, clinical applications, 

implementation challenges, and future perspectives of AI and deep learning technologies in ultrasound medicine. 

We examine evidence from systematic reviews, meta-analyses, and clinical studies across multiple ultrasound 

applications including ophthalmology, breast imaging, thyroid diagnosis, regional anesthesia guidance, and 

radiomics-based analysis. Our objective is to provide healthcare professionals, researchers, and policymakers with a 

comprehensive understanding of the current state of AI in ultrasound and evidence-based recommendations for 

clinical implementation. 

 

2. REVIEW METHODOLOGY 
This review integrates evidence from multiple peer-reviewed sources including systematic reviews, meta-analyses, 

clinical trials, and observational studies published between 2015 and 2024. The evidence synthesis was based on 

comprehensive literature from major medical imaging and AI research literature including publications indexed in 

PubMed, Scopus, and Web of Science databases. 

Study selection criteria included: (1) peer-reviewed publications reporting diagnostic accuracy of AI/deep 

learning algorithms in medical imaging; (2) studies specifically examining ultrasound-based AI applications; (3) 

publications presenting comparative analysis of AI performance versus radiologist assessments; (4) systematic 

reviews and meta-analyses synthesizing evidence across multiple studies; (5) studies with clearly reported diagnostic 

accuracy metrics including sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), 

and area under curve (AUC). 

Data extraction included diagnostic accuracy metrics, study design characteristics, patient populations, 

imaging modalities, AI algorithms employed, clinical applications, and reported limitations. We organized evidence 

across major ultrasound application domains including ophthalmology (diabetic retinopathy, age-related macular 

degeneration, glaucoma), breast imaging (malignancy detection and characterization), thyroid diagnosis, and 

ultrasound-guided interventional procedures. 

 

3. DIAGNOSTIC ACCURACY OF DEEP LEARNING IN MEDICAL IMAGING 
 

3.1 Systematic Review Evidence 

A comprehensive systematic review and meta-analysis identified 11,921 studies on diagnostic accuracy of deep 

learning in medical imaging, with 503 studies included in systematic review and 279 studies included in meta-

analysis. The analysis encompassed 82 studies in ophthalmology, 82 in breast disease, and 115 in respiratory disease, 

with 224 additional studies in other specialties. This extensive evidence base provides robust data on diagnostic 

accuracy of deep learning algorithms across diverse medical imaging applications.  

 

Table 1: Summary of diagnostic accuracy metrics for deep learning algorithms across major imaging modalities. 

AUC = area under curve; CI = confidence interval; OCT = optical coherence tomography. 

Imaging Modality Pathology Number of Studies AUC (95% CI) 

Retinal Photos Diabetic Retinopathy 63 0.939 (0.920–0.958) 

OCT Scans Diabetic Retinopathy 24 1.00 (0.999–1.000) 
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Retinal Photos Age-related Macular 

Degeneration 

14 0.963 (0.948–0.979) 

Retinal Photos Glaucoma 30 0.939 (0.920–0.958) 

OCT Scans Age-related Macular 

Degeneration 

21 0.969 (0.955–0.983) 

 

Meta-analysis results demonstrate consistently high diagnostic accuracy of deep learning algorithms across 

ophthalmology imaging. For diabetic retinopathy detection using retinal photographs, deep learning achieved AUC 

of 0.939 (95% CI: 0.920–0.958) with sensitivity of 99.3% and specificity of 98.6%. In OCT imaging for the same 

pathology, AI achieved perfect discrimination with AUC of 1.00 (95% CI: 0.999–1.000), demonstrating the 

complementary value of different imaging modalities for AI-assisted diagnosis. 

 

4. AI IN BREAST ULTRASOUND: CLINICAL APPLICATIONS AND DIAGNOSTIC 

PERFORMANCE 
 

4.1 Diagnostic Performance in Malignant Lesion Detection 

Breast ultrasound represents one of the most extensively studied applications of AI in clinical practice. A clinical 

study of 70 women with 70 breast masses (53 malignant, 17 benign) evaluated an AI decision support system (Koios 

DS) in diagnostic breast ultrasound. The study compared diagnostic performance of experienced radiologists, less-

experienced radiologists, and the AI system across two stages: first without AI guidance, and second with AI 

assistance. 

Results demonstrated that the experienced radiologist achieved good diagnostic performance with area 

under curve (AUC) = 0.888. The AI system attained fair overall diagnostic performance with AUC = 0.693, 

demonstrating sensitivity of 92.5% and specificity of 35.3%, with positive predictive value (PPV) of 81.7%, negative 

predictive value (NPV) of 60.0%, and overall accuracy of 78.6%. Notably, while the less-experienced reader showed 

poor baseline performance (AUC = 0.512) without guidance, AI assistance improved performance to 90.6% 

sensitivity, improving diagnostic accuracy substantially. 

These findings demonstrate that AI systems can serve as valuable decision support tools, particularly for 

less-experienced clinicians, potentially standardizing diagnostic quality across different levels of radiologist 

expertise. FDA-approved computer-aided detection (CADe) systems for automated breast ultrasound demonstrate 

sensitivity of 97.2% and accuracy of 86.3% in clinical validation studies. 

 

5. AI-BASED RADIOMICS IN ULTRASOUND IMAGING 
 

5.1 Definition and Technical Approaches 

AI-based radiomics represents an advanced approach that systematically extracts and analyzes quantitative features 

from medical images to support diagnosis, prognosis, and treatment prediction. Unlike conventional radiological 

assessment based on visual interpretation, radiomics quantifies imaging biomarkers including tumor size, shape, 

texture, echogenicity, and dynamic enhancement patterns during contrast-enhanced ultrasound (CEUS). 

Ultrasound imaging offers unique advantages for radiomics application including high temporal resolution 

enabling dynamic assessment, low cost relative to other modalities, and absence of ionizing radiation. Radiomics 

analysis encompasses several ultrasound modality types: (1) B-mode ultrasound providing anatomical structure and 

tissue characterization; (2) color Doppler flow imaging revealing blood perfusion patterns; (3) ultrasound 
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elastography assessing tissue stiffness; (4) contrast-enhanced ultrasound (CEUS) visualizing temporal changes in 

lesion enhancement; and (5) dynamic ultrasound video analysis tracking anatomical changes over time.  

 
Figure 1: Diagnostic Accuracy (AUC) of Deep Learning AI Across Ultrasound Applications. Data from multiple clinical 

studies demonstrating high diagnostic performance across ophthalmology, breast, and abdominal ultrasound. 

  

 
Figure 2: Comparative Diagnostic Performance in Breast Ultrasound. Comparing experienced radiologist, less-

experienced radiologist, and AI decision support system performance metrics. 

 

Deep learning radiomics (DLR) models have demonstrated superior performance compared to conventional hand-

engineered radiomics approaches, automatically learning optimal feature representations from training data. These 

approaches enable precise lesion detection, characterization, and prognostic assessment.  

 

Table 2: Performance of AI Models in Breast Cancer Detection 

AI Model Dataset Size Sensitivity (%) Specificity (%) AUC 

Koios DS 70 masses 92.5 35.3 0.693 
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FDA-approved 
CADe 

Multi-center 97.2 High ~0.95 

3D CNN (CEUS) 221 patients 97.2 86.3 ~0.95 

Dual-modal DL Multiple Variable Variable 0.929 

SVM Various 88-95 75-90 0.858 

LASSO Regression Lymph nodes 90-96 85-92 0.939 

 

5.2 Clinical Applications and Diagnostic Accuracy 

AI-based radiomics has demonstrated remarkable diagnostic accuracy across multiple organ systems: 

• Pancreatic Disease: Deep learning radiomics for pancreatic ductal adenocarcinoma achieved AUC 

of 0.978 (95% CI: 0.950–0.996) in internal validation using CEUS analysis. 

• Breast Cancer: Three-dimensional CNN analysis of CEUS for breast cancer achieved sensitivity of 

97.2% with overall accuracy of 86.3%. Dual-modal analysis combining B-mode ultrasound and CDFI achieved AUC of 

0.929. 

• Hepatocellular Carcinoma: Radiomics-based time-intensity curve analysis achieved AUC = 0.80, 

while radiomics-based B-mode image analysis achieved AUC = 0.81, with combined CEUS radiomics approach 

achieving AUC = 0.93. 

• Lymph Node Assessment: Evaluation of axillary lymph nodes using support vector machines 

achieved AUC of 0.858, with LASSO regression achieving AUC of 0.939. 

• Thyroid Nodule Classification: AI models have been developed for thyroid segmentation and 

differential diagnosis of benign versus malignant nodules, incorporating textural analysis, shape characteristics, and 

echogenicity features. 

 

6. AI IN ULTRASOUND-GUIDED INTERVENTIONAL PROCEDURES 
Beyond diagnostic imaging, AI technologies are increasingly being integrated into ultrasound-guided interventional 

procedures, particularly regional anesthesia (RA). Regional anesthesia techniques guided by ultrasound have 

become standard practice due to superior anatomical visualization, reduced complication rates, and faster sensory 

onset compared to landmark-based techniques. AI-assisted ultrasound guidance represents a natural extension of 

this evolution. 

A scoping review of AI applications in ultrasound-guided regional anesthesia identified multiple potential 

benefits and current applications: (1) real-time identification of anatomical structures and nerve localization; (2) 

optimization of needle trajectory during block procedures; (3) visualization of local anesthetic spread; (4) 

standardization of block technique; and (5) reduction of procedure-related complications. 

Clinical studies examined AI-assisted identification of the interscalene brachial plexus using deep learning 

on ultrasound images (dataset: 11,392 images from 1,076 patients). Real-time AI-based anatomical identification for 

various nerve blocks (supraclavicular, infraclavicular, and transversus abdominis plane blocks) achieved high 

detection accuracy, with AI-assisted guidance demonstrating improved anatomical structure recognition compared 

to standard ultrasound imaging. 

Importantly, AI-assisted UGRA has demonstrated potential to facilitate the identification of anatomical 

structures and assist non-experts in locating correct ultrasound anatomy, potentially addressing deficiencies in 

anatomical knowledge among junior practitioners and improving consistency of block performance. 
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7. CHALLENGES AND BARRIERS TO IMPLEMENTATION 
 

7.1 Technical and Methodological Challenges 

Despite impressive diagnostic accuracy in research settings, significant challenges impede the translation of AI 

algorithms into routine clinical practice: 

Data Heterogeneity and Standardization: Training datasets often exhibit significant heterogeneity in imaging 

protocols, equipment manufacturers, operator expertise, and patient populations. Lack of standardization in 

ultrasound image acquisition protocols across institutions limits external generalizability of algorithms trained on 

single-center datasets. 

External Validation and Generalization: Many published studies report diagnostic accuracy on internal test sets or 

single-center cohorts without external validation across different institutions, patient populations, or ultrasound 

equipment. Performance degradation on external datasets remains a critical concern for clinical translation. 

Annotation Quality and Labeling Bias: AI algorithm performance depends on high-quality ground truth annotations 

(labeled training data). Inter-observer variability in image annotation, particularly for subjective pathological 

features, introduces systematic bias that propagates through model development. 

Interpretability and Explainability: Many deep learning models function as 'black boxes' that provide predictions 

without transparent reasoning. Clinicians require interpretable algorithms that explain why specific diagnoses were 

recommended, particularly for medicolegal and liability considerations. 

 

7.2 Clinical Integration and Organizational Challenges 

Workflow Integration: Successful AI implementation requires seamless integration into existing clinical workflows. 

System design must accommodate diverse ultrasound equipment manufacturers, IT infrastructure constraints, and 

departmental operational practices. 

Regulatory Compliance: AI algorithms in medical imaging are subject to regulatory oversight by agencies including 

the FDA (United States), EMA (European Union), and PMDA (Japan). Obtaining regulatory approval requires 

comprehensive validation studies, quality documentation, and post-market surveillance. 

Reimbursement and Health Economics: Clinical adoption of AI-assisted diagnostic systems depends on favorable 

reimbursement policies and demonstration of cost-effectiveness. Currently, inconsistent reimbursement policies 

across healthcare systems limit economic incentives for implementation. 

Liability and Accountability: Legal and liability frameworks for AI-assisted diagnosis remain uncertain. 

Determination of responsibility when AI systems contribute to diagnostic errors or adverse outcomes requires 

clearer medicolegal guidance. 

 

8. DISCUSSION 
The evidence presented in this comprehensive review demonstrates that artificial intelligence and deep learning 

have achieved remarkable diagnostic accuracy across diverse ultrasound applications. The meta-analytic evidence 

from ophthalmology imaging shows that AI algorithms achieve AUC values exceeding 0.93-0.97 across multiple 

retinal pathologies, representing diagnostic performance comparable to or exceeding experienced 

ophthalmologists. In breast ultrasound, AI decision support systems enhance diagnostic performance of less-

experienced clinicians while providing additional value to experienced radiologists through standardized 

assessment. 

The application of AI-based radiomics represents a paradigm shift in ultrasound imaging analysis. By 

extracting and quantifying hundreds of imaging biomarkers from ultrasound images, radiomics approaches capture 

subtle imaging patterns not perceptible to human observers, enabling more precise characterization of lesions and 
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improved prognostic assessment. Deep learning radiomics has demonstrated exceptional performance in pancreatic 

cancer (AUC = 0.978), breast cancer (sensitivity = 97.2%), and hepatocellular carcinoma diagnosis (AUC = 0.93). 

However, successful clinical translation of these promising research findings requires addressing substantial 

technical, organizational, and regulatory challenges. The demonstrated diagnostic accuracy in controlled research 

environments must be validated in real-world clinical settings with diverse equipment manufacturers, operator 

expertise levels, and patient populations. Standardization of training datasets, development of robust external 

validation frameworks, and establishment of clear regulatory pathways are essential prerequisites for sustainable 

clinical implementation. 

The optimal role of AI in clinical ultrasound likely involves human-AI collaboration rather than full 

automation. Evidence from breast ultrasound studies shows that AI decision support enhances diagnostic accuracy 

of less-experienced radiologists while reducing workload for experienced clinicians. Future implementation models 

should emphasize AI as an assistive technology that augments radiologist capabilities rather than replacing 

professional judgment, particularly for complex cases requiring nuanced clinical interpretation. 

Investment in multidisciplinary collaboration involving radiologists, biomedical engineers, health 

informaticists, regulatory specialists, and healthcare administrators will be essential to translate promising AI 

research into integrated clinical systems that improve diagnostic quality, enhance clinical efficiency, and ultimately 

optimize patient outcomes. 

 

9. CONCLUSION 
This comprehensive review synthesizes evidence demonstrating that artificial intelligence and deep learning have 

achieved remarkable diagnostic accuracy in ultrasound imaging across multiple clinical applications. Meta-analytic 

evidence from ophthalmology shows deep learning algorithms achieve diagnostic performance exceeding human 

experts for detection of retinal pathology. In breast ultrasound, AI systems demonstrate high sensitivity for 

malignant lesion detection and provide valuable decision support particularly for less-experienced clinicians. AI-

based radiomics approaches achieve exceptional diagnostic accuracy for characterization of pancreatic, hepatic, and 

breast pathology through quantitative analysis of imaging biomarkers. 

Despite these impressive research achievements, significant challenges remain before widespread clinical 

adoption can occur. Standardization of training datasets, rigorous external validation, seamless workflow 

integration, regulatory compliance, reimbursement policy development, and resolution of medicolegal frameworks 

are essential prerequisites for successful clinical implementation. AI algorithms should be implemented as assistive 

decision support tools that augment radiologist expertise rather than autonomous diagnostic systems. 

Future research priorities should include: (1) prospective multi-center validation studies across diverse 

clinical settings and ultrasound equipment manufacturers; (2) development of standardized datasets and annotation 

protocols to improve model generalization; (3) investigation of optimal human-AI collaboration models; (4) 

advancement of interpretable and explainable AI approaches; (5) economic analysis demonstrating cost-

effectiveness and clinical value; and (6) establishment of regulatory frameworks and reimbursement pathways for 

AI-assisted ultrasound systems. 

In conclusion, artificial intelligence represents a transformative technology with tremendous potential to 

enhance diagnostic accuracy, improve clinical workflows, and optimize resource utilization in ultrasound medicine. 

Successful realization of this potential requires sustained collaboration between clinicians, engineers, researchers, 

regulators, and healthcare administrators to translate promising research findings into clinically integrated systems 

that measurably improve patient outcomes. 
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