Diagnostic Accuracy of Artificial Intelligence for Breast Cancer Detection: A Systematic Review

Abstract
Background: Breast cancer remains a leading cause of cancer-related morbidity and mortality worldwide, necessitating accurate and early detection strategies. Conventional imaging and pathological assessment are limited by interobserver variability, reduced sensitivity in dense breast tissue, and increasing workload pressures. Artificial intelligence (AI) and machine learning (ML) have emerged as potential tools to enhance diagnostic performance and clinical decision-making.
Objective: To systematically evaluate the diagnostic accuracy and clinical applicability of AI and ML models in breast cancer detection across imaging modalities and clinical settings.
Methods: A systematic search of PubMed, Scopus, and Web of Science was conducted for studies published between January 2014 and May 2025, following PRISMA 2020 guidelines. Original studies assessing AI/ML-based diagnostic models and reporting performance metrics were included. Two reviewers independently performed study selection, data extraction, and risk-of-bias assessment using the Prediction Model Risk of Bias Assessment Tool (PROBAST). Due to substantial methodological heterogeneity, results were synthesized descriptively.
Results: Of 1,892 identified records, 30 studies met inclusion criteria. Most evaluated imaging-based models using mammography, ultrasound, MRI, CT, thermography, or digital histopathology. Deep learning approaches, particularly convolutional neural networks, predominated. Reported AUC values ranged from 0.84 to 0.99, with sensitivity and specificity frequently exceeding 85% in retrospective cohorts. Large screening studies demonstrated that AI-assisted mammography was non-inferior to double reading while reducing radiologist workload. However, most studies relied on retrospective datasets with limited external validation.
Conclusion: AI and ML models show high diagnostic potential across breast imaging modalities and may enhance screening efficiency and diagnostic support. Nevertheless, the predominance of retrospective designs and limited prospective multicentre validation restricts assessment of real-world generalizability. Rigorous external validation, standardized reporting, and implementation-focused research are essential before widespread clinical integration.
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Introduction
Breast cancer remains one of the most common malignancies among women worldwide and continues to be a leading cause of cancer-related morbidity and mortality [1]. According to global cancer statistics, the burden of breast cancer has increased steadily over the past decade, particularly in low- and middle-income countries, where access to early detection and timely treatment is often limited. Early and accurate diagnosis is a cornerstone of effective breast cancer management, as it significantly improves survival rates, enables less aggressive treatment strategies, and enhances quality of life [2]. Conventional diagnostic approaches, including mammography, ultrasound, magnetic resonance imaging (MRI), and histopathological examination, are widely used in clinical practice; however, these methods are subject to limitations such as inter-observer variability, high false-positive rates, and reduced sensitivity in dense breast tissue [3].
In recent years, Artificial Intelligence (AI) and Machine Learning (ML) have emerged as transformative technologies in the field of medical diagnostics. By leveraging advanced computational algorithms, AI/ML systems can identify complex patterns within large datasets that may not be readily apparent to human observers [4]. In breast cancer detection, AI/ML models particularly deep learning architectures have demonstrated promising capabilities in image interpretation, lesion classification, and risk stratification [5,6]. These systems have been applied across multiple diagnostic modalities, including digital mammography, ultrasound imaging, MRI scans, and histopathological slides, with several studies reporting diagnostic performance comparable to or exceeding that of experienced radiologists [7].
Despite the rapid expansion of research in this domain, the clinical applicability of AI/ML-based diagnostic tools remains a subject of ongoing debate. Variations in dataset size, population characteristics, imaging protocols, algorithm selection, and validation strategies have contributed to inconsistent findings across studies [8]. Additionally, many investigations are conducted in controlled research environments, which may not accurately reflect real-world clinical settings. Concerns related to model generalizability, potential bias, lack of transparency, and reproducibility further underscore the need for a comprehensive and critical synthesis of existing evidence [9,10].
the present systematic review aims to evaluate the diagnostic performance of AI and ML models in breast cancer detection by synthesizing evidence from studies published between 2014 and 2025. The primary objective is to assess key diagnostic accuracy metrics, including sensitivity, specificity, positive predictive value, and negative predictive value. Secondary objectives include identifying commonly used AI/ML algorithms, types of input data, and factors influencing model performance. By providing a comprehensive and methodologically robust synthesis, this review seeks to inform clinicians, researchers, and policymakers about the current state of AI-driven breast cancer diagnostics and highlight directions for future research and clinical translation.
Methodology
Study design and registration
The review methodology was developed a priori and registered using the Generalized Systematic Review Registration Form on OSF [10.17605/OSF.IO/7BD4P] to ensure transparency and methodological rigor. This systematic review was conducted in accordance with the PRISMA-DTA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses of Diagnostic Test Accuracy Studies) guidelines [11].


Research question
The research question was developed using the PIRD (Population, Index test, Reference standard, Target condition and design) frame work. (1) Population: women undergoing breast imaging for suspected breast cancer, (2) index Test: AI-based diagnostic models (deep learning, CNN, radiomics ML classifiers), (3) reference standard: histopathology and/or clinical follow-up, (4) target condition: breast cancer (invasive or in situ), (5) 
design: diagnostic accuracy studies. 
Eligibility criteria
Studies were selected based on predefined inclusion and exclusion criteria. Eligible studies included original research articles evaluating AI or ML models for the diagnosis or detection of breast cancer in human subjects. Only studies published in English between January 2014 and May 2025 were considered. Studies were required to report at least one diagnostic performance metric, such as sensitivity, specificity, accuracy, area under the receiver operating characteristic curve (AUC), positive predictive value (PPV), or negative predictive value (NPV).
Exclusion criteria comprised non-English publications, review articles, editorials, letters, opinion pieces, conference abstracts without full data, studies involving non-human subjects, and studies lacking clear diagnostic performance outcomes.
Search strategy
A comprehensive literature search was conducted across four electronic databases: PubMed, Scopus, Web of Science, and Google Scholar. Grey literature was additionally explored using ResearchGate. The final search was completed in November 2025.
The search strategy combined controlled vocabulary terms and free-text keywords related to breast cancer, artificial intelligence, machine learning, and diagnostic performance. The core search string used was: (“breast cancer” OR “breast neoplasms”) AND (“artificial intelligence” OR “machine learning” OR “deep learning”) AND (“diagnosis” OR “detection”) AND (“sensitivity” OR “specificity” OR “accuracy”).
Pilot searches were conducted in each database to ensure retrieval of key studies, and search terms were refined accordingly.
Study selection
All retrieved records were imported into Microsoft Excel for data management and deduplication. Study selection was performed in three stages: title screening, abstract screening, and full-text screening. Two independent reviewers conducted the title and abstract screening, followed by full-text assessment of potentially eligible articles. Any disagreements between reviewers were resolved through discussion, and a third reviewer was consulted when consensus could not be reached.
To reduce selection bias, author names, journal titles, and publication years were masked during the screening process. A total of 30 studies were included following PRISMA-guided identification, screening, and eligibility assessment (Figure 1).
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Figure 1. PRISMA flow diagram of literature search and study selection
Data extraction
Data extraction was conducted using a standardized, pre-piloted extraction form. One reviewer performed the initial data extraction, which was subsequently verified by a second reviewer for accuracy and completeness. Extracted data included study characteristics (author, year, country, study design, sample size), type of AI/ML algorithm, input data modality (e.g., mammography, ultrasound, MRI, histopathology), validation method, and reported diagnostic performance metrics (sensitivity, specificity, PPV, NPV, accuracy, AUC, F1 score).
Any discrepancies in extracted data were resolved through consensus or third-reviewer arbitration.
Quality assessment and risk of bias
The methodological quality and risk of bias of the included studies were independently assessed by two reviewers using the Prediction model Risk Of Bias Assessment Tool (PROBAST)(Supplementary table 1). The assessment covered four domains: participants, predictors, outcome, and analysis. Key methodological aspects evaluated included dataset representativeness, validation strategy, transparency of model development, and adequacy of performance metric reporting. Discrepancies between reviewers were resolved through discussion. Based on predefined PROBAST criteria, studies were categorized as having low, moderate, or high risk of bias. 
Data synthesis
A qualitative and quantitative synthesis of findings was performed. Diagnostic performance metrics were summarized descriptively and compared across AI/ML model types, imaging modalities, dataset sizes, and geographic regions. Where appropriate, pooled estimates of diagnostic accuracy were calculated. Due to anticipated heterogeneity in study design and AI methodologies, findings were interpreted with caution and supported by narrative synthesis.
Results
The database search identified 1,892 records across PubMed, Scopus, Web of Science, and Google Scholar. After removal of 436 duplicates, 1,456 records underwent title and abstract screening. Of these, 1,332 articles were excluded for irrelevance, non-original design, or absence of diagnostic performance metrics. The full texts of 124 studies were assessed for eligibility, and 94 were excluded due to inadequate outcome reporting, non-human data, conference-only publication, or lack of AI-based methodology. Ultimately, 30 studies met the predefined inclusion criteria and were included in the qualitative synthesis (Figure 1 & Table 1).
Study characteristics
The 30 included studies were published between 2014 and 2025 and represented diverse geographic regions including Asia, Europe, North America, and the Middle East (Table 1). Study designs included retrospective diagnostic analyses, prospective cohort studies, randomized controlled trials, and population-based screening trials. Sample sizes varied substantially, ranging from 20 participants to 105,934 screening examinations.
Most investigations employed imaging-based datasets (mammography, ultrasound, MRI, PET/CT, tomosynthesis, and thermography), whereas others used histopathology, genomic, or clinical registry data. Deep learning architectures particularly convolutional neural networks (CNNs) were the most frequently applied models, followed by Random Forest, XGBoost, Support Vector Machines (SVM), and ensemble approaches. Risk of bias assessment using PROBAST indicated overall low risk across studies, although concerns related to retrospective design and limited external validation were noted in selected analyses (Table 2).
Prevalence of AI models and model performance
AI applications were predominantly developed for diagnostic classification tasks, especially malignant versus benign lesion differentiation. Across modalities, reported area under the receiver operating characteristic curve (AUC) values ranged from 0.68 to 0.99. MRI-based machine learning approaches demonstrated high discriminative performance. For example, multiparametric MRI models achieved AUC values up to 0.96 in BI-RADS 4 lesions, reflecting strong sensitivity–specificity balance (Table 1). Similarly, CNN ensembles applied to MRI achieved AUC values of 0.94 for differentiating triple-negative breast cancer from fibroadenoma.
Ultrasound-based deep learning systems demonstrated robust classification performance, with multicenter CNN models achieving accuracy of 89.2% and significantly improved sensitivity compared with radiologists (Figure 2). Ensemble deep learning frameworks consistently outperformed single-model architectures, suggesting additive predictive benefit from model aggregation.
Thermography-based CAD systems reported exceptionally high AUC values (up to 0.9935); however, these findings were derived from relatively smaller datasets and retrospective validation frameworks. Comparative interpretation indicated that while thermography showed promising internal performance, imaging-based AI (mammography, MRI) demonstrated stronger external validity in large-scale trials.
Overall, deep learning approaches, particularly CNN-based architectures, achieved the highest and most consistent AUC values across modalities. Classical ML models performed competitively in structured clinical or radiomic datasets but showed comparatively lower robustness in heterogeneous imaging environments.
Clinical characteristics
The included populations encompassed screening cohorts, symptomatic patients, and individuals undergoing neoadjuvant therapy or radiotherapy planning. Screening trials involved asymptomatic women within national programs, whereas diagnostic studies primarily enrolled patients with BI-RADS 3–5 lesions. Large prospective screening trials demonstrated AI non-inferiority to double reading. In a population-based randomized trial involving over 100,000 examinations, AI-assisted mammography increased cancer detection by 29% while reducing radiologist workload (Table 1). Detection rate ratios approximated 1.04 compared with standard practice, confirming comparable sensitivity with operational efficiency gains.
Clinical heterogeneity was evident in dataset composition, lesion prevalence, and imaging acquisition protocols. Studies integrating clinical variables (age, tumor grade, receptor status) alongside imaging inputs reported improved calibration and model stability compared with imaging-only systems.
Diagnostic accuracy
Diagnostic accuracy metrics were consistently reported across studies. Sensitivity values ranged from 76% to over 95%, with specificity typically between 70% and 94%, depending on modality and dataset characteristics. Stand-alone AI in mammography achieved AUC values around 0.84 and demonstrated performance comparable to large panels of radiologists (Figure 2). In tomosynthesis, CAD systems achieved sensitivity of 89% with acceptable false-positive rates.
MRI-based pharmacokinetic modeling and radiomics approaches achieved AUC values between 0.91 and 0.96, outperforming conventional morphological assessment. PET/CT radiomics models demonstrated moderate discrimination (AUC 0.76) for HER2 expression prediction, indicating potential utility in molecular characterization rather than primary detection. Comparatively, multimodal AI systems integrating imaging and genomic or clinical predictors achieved superior performance relative to unimodal approaches. Genomic ML models predicting metastasis reported AUC values exceeding 0.99, although derived from smaller cohorts.
Strengths included high discriminatory performance and reproducibility across modalities. Limitations involved variability in threshold selection, limited external validation in several retrospective studies, and potential spectrum bias in enriched case–control datasets.
Prognosis and treatment prediction
Beyond detection, AI models demonstrated utility in prognostic and therapeutic contexts. Random Forest–based prognostic models predicted post-neoadjuvant chemotherapy events with AUC values of 0.81–0.83. Explainable ML survival models achieved concordance indices (C-index) of 0.73, outperforming traditional Cox regression approaches. Tumor-infiltrating lymphocyte quantification using deep learning correlated with clinical outcomes in luminal breast cancer cohorts. In radiotherapy planning, saliency-guided deep learning segmentation achieved Dice similarity coefficients of 76.4%, supporting automated tumor bed delineation. Radiomics-based ML nomograms demonstrated high predictive value for intensity-modulated radiotherapy (IMRT) field optimization.
These findings indicated that AI applications extended beyond diagnostic tasks into personalized treatment planning and risk stratification, although prospective validation remained limited.
Risk factors and predictors
Key predictive features varied by modality. In MRI models, kinetic enhancement parameters and diffusion metrics significantly contributed to classification performance. In ultrasound models, elastography stiffness measures improved lesion differentiation. Genomic ML analyses identified metastasis-associated biomarkers through explainable AI frameworks. Multimodal integration consistently improved predictive robustness. Studies employing dimensionality reduction (PCA, VAE) and ensemble classifiers demonstrated reduced variance and enhanced generalizability compared with single-feature or single-model systems.
However, several studies did not report calibration metrics or decision-curve analysis, limiting assessment of clinical net benefit.
Comparative analysis across modalities
Comparative synthesis revealed that MRI-based AI models achieved the highest median AUC values (≥0.90), followed by ultrasound and mammography systems. Mammography-based AI demonstrated the strongest evidence base due to large prospective trials and randomized controlled designs. Thermography and cellular-level ML systems exhibited high internal accuracy but lacked extensive external validation. PET/CT-based AI provided moderate diagnostic discrimination but showed particular strength in molecular subtype prediction. Deep learning models consistently outperformed classical ML in image-intensive tasks, whereas classical ML remained competitive in structured tabular datasets. Ensemble and multimodal approaches yielded the most stable performance across heterogeneous cohorts.
Overall trends and methodological considerations
Across 30 included studies, AI and ML models demonstrated high diagnostic accuracy and expanding clinical applicability in breast cancer detection and management. Performance metrics were generally strong, with AUC values frequently exceeding 0.85 and reaching up to 0.99 in selected applications. Nevertheless, heterogeneity in study design, dataset composition, validation strategies, and outcome definitions limited direct quantitative comparability. Although most studies were assessed as low risk of bias (Table 2), retrospective designs and limited external validation remained recurrent methodological limitations.
Collectively, the evidence indicated consistent diagnostic benefit of AI-assisted workflows, particularly in mammography screening and MRI-based lesion characterization, while underscoring the need for standardized reporting, calibration assessment, and large-scale multi-center prospective validation to ensure reliable clinical implementation.
Clinical applicability 
The clinical applicability of artificial intelligence (AI) models in breast cancer diagnosis depends not only on their reported diagnostic accuracy but also on their integration into real-world clinical workflows, generalizability across populations, and impact on patient outcomes. Across the included studies, AI systems demonstrated high sensitivity and specificity in retrospective datasets; however, translation into routine practice requires careful consideration of operational and methodological factors.
In mammography, AI models have shown potential as decision-support tools to assist radiologists by prioritizing suspicious cases, reducing false negatives, and potentially decreasing workload. Several studies reported performance metrics comparable to experienced radiologists, suggesting AI could function as a second reader in screening programs. This application is particularly relevant in high-volume screening settings and regions with limited specialist availability. However, many of these studies were conducted using enriched datasets with higher cancer prevalence than population-based screening programs, raising concerns about spectrum bias and overestimation of performance.
For ultrasound and MRI applications, AI models demonstrated strong discriminatory performance in lesion classification tasks. These tools may assist in standardizing interpretation, particularly in ultrasound, which is inherently operator-dependent. AI-based classification could reduce inter-observer variability and improve diagnostic consistency across institutions. In MRI, AI integration with radiomic feature extraction offers the potential for more precise lesion characterization, potentially supporting personalized diagnostic pathways. Nonetheless, smaller sample sizes and limited external validation in MRI studies reduce confidence in widespread applicability.
A major limitation affecting clinical implementation is the scarcity of prospective, multi-center validation studies. Most included investigations relied on retrospective datasets with internal validation, increasing the risk of overfitting and limiting external generalizability. Additionally, few studies evaluated calibration, decision-curve analysis, or net clinical benefit, which are essential to determine whether improved statistical performance translates into meaningful clinical gains. Threshold selection was often optimized post hoc, and standardized reporting of integration into existing workflows was lacking.
From a regulatory and practical perspective, integration of AI systems into clinical practice requires interoperability with imaging platforms, transparent model performance reporting, and ongoing performance monitoring. Ethical considerations, including algorithmic bias and equitable performance across diverse populations, must also be addressed prior to deployment.









	Author & Year
	Country
	Study Type
	Modality / Data
	Sample Size
	AI / ML Model
	Key Performance
	Main Conclusion

	Adapa et al., 2025 [12]
	India
	Prospective real-world evaluation
	Infrared thermography
	15,069
	Thermalytix AI
	Detection rate 0.18%
	Feasible AI screening in low-resource settings

	Arya et al., 2023 [13]
	India
	Retrospective methodological
	WSI + genomics + clinical
	NR
	SVM, RF (PCA/VAE)
	Improved robustness
	Multimodal fusion improves prognosis

	Banumathy et al., 2022 [14]
	Iraq
	ML CAD development
	Thermography + FNA
	750
	DLNN, XGB, LR
	AUC up to 99.35%
	Low-cost CAD shows high accuracy

	Bhattarai et al., 2019 [15]
	UK
	Retrospective prognostic
	Mammography + IHC
	92
	Surr-INVIGOR ML
	HR 3.62
	ML predicts tumor growth & survival

	Blaes et al., 2017 [16]
	USA
	Cross-sectional
	Vascular function metrics
	61
	None
	RHI p<0.0001
	AI therapy linked to CV risk

	Cai et al., 2014 [17]
	China
	Retrospective diagnostic
	DCE-MRI + DWI
	234
	Classical ML
	AUC 0.91
	Combined MRI features improve diagnosis

	Chen et al., 2021 [18]
	China
	Retrospective radiomics
	PET/CT
	217
	XGBoost
	AUC 0.76
	PET/CT fusion predicts HER2

	Damiani et al., 2023 [19]
	UK
	Case–control
	Mammography
	5,480
	Deep learning
	AUC 0.68–0.72
	AI predicts future cancer risk

	Dembrower et al., 2023 [20]
	Sweden
	Prospective trial
	Mammography
	55,581
	Lunit INSIGHT MMG
	DRR 1.04
	AI non-inferior to double reading

	Friedewald et al., 2025 [21]
	USA
	RCT
	Mammography
	855
	DL triage
	NR
	AI enables same-day review

	Fukuda et al., 2023 [22]
	Japan/USA
	Retrospective
	US elastography
	245
	GoogLeNet CNN
	High ROC
	DL improves mass classification

	Hernström et al., 2024 [23]
	Sweden
	RCT
	Mammography
	105,934
	Transpara v1.7
	Detection ↑29%
	AI boosts detection & reduces workload

	Iparraguirre-Villanueva et al., 2023 [24]
	Peru
	ML benchmarking
	Tabular (WDBC)
	569
	RF, GB, AdaBoost
	Accuracy 100%
	Ensemble ML highly accurate

	Jin et al., 2023 [25]
	China
	Prognostic ML
	Clinical data
	315
	Random Forest
	AUC 0.81–0.83
	Predicts post-NAC events

	Kazemimoghadam et al., 2021 [26]
	USA/China
	DL segmentation
	CT
	145 volumes
	SDL-Seg (U-Net)
	Dice 76.4%
	Improved tumor bed segmentation

	Li et al., 2021 [27]
	Japan
	Diagnostic DL
	FDG-PET/CT
	407
	3D CNN
	Sensitivity ↑
	AI aids LN metastasis detection

	Liu et al., 2023 [28]
	China
	Prospective diagnostic
	DCE-MRI PK
	140
	PK modeling
	AUC 0.96
	High-temporal MRI improves accuracy

	Mahmood et al., 2020 [29]
	Korea
	Algorithm development
	Histopathology
	1,696 images
	Faster R-CNN
	Benchmark-level
	Accurate mitosis detection

	Makhlouf et al., 2023 [30]
	UK
	Prognostic cohort
	Histopathology WSI
	2,231
	DL-TIL analysis
	NR
	AI-TILs predict outcome

	Mao et al., 2023 [31]
	China
	Radiomics ML
	Planning CT
	242
	Random Forest
	Best AUC
	Optimizes IMRT field selection

	Moncada-Torres et al., 2021 [32]
	Netherlands
	Survival ML
	Registry data
	36,658
	XGBoost + SHAP
	C-index 0.73
	ML outperforms Cox regression

	Morra et al., 2015 [33]
	Italy
	Diagnostic accuracy
	DBT
	175 exams
	Commercial CAD
	Sensitivity 89%
	Effective DBT lesion detection

	Mungle et al., 2017 [34]
	India
	ML method dev.
	IHC images
	NR
	MRF-ANN
	ICC >0.90
	Accurate automated ER scoring

	Ragab et al., 2022 [35]
	Saudi/Egypt
	DL ensemble
	Ultrasound
	NR
	CNN ensemble
	Superior to SOTA
	Robust US cancer classification

	Rodriguez-Ruiz et al., 2019 [36]
	Multi-country
	Multi-reader study
	Mammography
	2,652
	DL-CAD
	AUC 0.84
	AI rivals radiologists

	Tripathy et al., 2014 [37]
	India
	ML classification
	Cellular images
	NR
	LS-SVM
	Accuracy 95.3%
	Effective cancer cell detection

	Yagin et al., 2023 [38]
	Multi-country
	ML + XAI
	Genomics
	98
	LightGBM
	AUC 99.3%
	Genomic ML predicts metastasis

	Yin et al., 2022 [39]
	China
	DL diagnostic
	MP-MRI
	319
	CNN ensemble
	AUC 0.94
	DL improves TNBC diagnosis

	Yu et al., 2017 [40]
	China
	Prospective cohort
	Optical spectroscopy
	20
	Not ML
	AUC 0.91
	Blood content predicts NAC response

	Yu et al., 2021 [41]
	China
	Multi-center DL
	Ultrasound
	3,623
	CNN
	Accuracy 89.2%
	CNN outperformed radiologists


Table 1: Summary of studies evaluating artificial intelligence and machine learning applications in breast cancer













Discussion
This systematic review demonstrates that Artificial Intelligence (AI) and Machine Learning (ML) technologies have evolved into clinically meaningful tools across the breast cancer continuum, including screening, diagnosis, prognostication, and treatment planning. Across diverse study designs and datasets, AI-based models consistently achieved high diagnostic and predictive performance, supporting their growing integration into breast cancer care pathways.
AI in screening and early detection
Population-level screening studies provide the strongest evidence for real-world AI utility. Large prospective and randomized trials from national screening programs showed that AI-assisted mammography was non-inferior to conventional double reading while significantly reducing radiologist workload [20,23]. These findings are reinforced by multi-reader studies demonstrating that stand-alone AI systems performed comparably to, or better than, a substantial proportion of experienced radiologists [36]. Additionally, AI-based mammographic risk prediction models were able to identify women at increased future cancer risk several years after a negative screening exam, indicating value beyond immediate detection [19,21].
In low-resource settings, thermography-based AI screening demonstrated feasibility for large-scale community deployment, enabling early triage and reduced diagnostic delays where mammography access is limited [12]. Although sensitivity was lower than imaging-based screening, such approaches may offer pragmatic public health benefits in underserved populations.
Diagnostic performance across imaging modalities
AI models showed consistently high diagnostic accuracy across imaging modalities. MRI-based ML and deep learning approaches achieved excellent discrimination between malignant and benign lesions, particularly in BI-RADS 4 cases, by leveraging kinetic, diffusion, and texture features [17,28,39]. Ultrasound-based deep learning models, especially those incorporating elastography or Doppler information, significantly outperformed radiologists in multicenter evaluations [18,22,35]. Tomosynthesis-based CAD systems also demonstrated high lesion-level sensitivity with acceptable false-positive rates [33].
Histopathology and cellular-Level AI applications
Histopathology-based AI systems reduced interobserver variability and improved reproducibility in key diagnostic and prognostic tasks. Deep learning approaches for mitosis detection and estrogen receptor scoring showed strong agreement with expert pathologists [29,34]. AI-based quantification of tumor-infiltrating lymphocytes provided prognostically relevant information in luminal breast cancer [29], while cellular-level ML classifiers effectively distinguished malignant from normal breast cells [37].
Prognostic, predictive, and treatment-related applications
Several studies extended AI beyond diagnosis to prognostic and predictive modeling. ML models successfully predicted tumor growth rates, recurrence, metastasis, and survival outcomes, often outperforming traditional statistical methods [15,25,38,32. Multimodal models integrating imaging, clinical, and genomic data demonstrated improved robustness and stability compared with unimodal approaches [13]. AI was also applied to treatment planning and response assessment, including tumour bed segmentation for radiotherapy and prediction of chemotherapy response, highlighting its potential role in personalized treatment strategies [26,31,40].
Limitations and future perspectives
Despite encouraging results, limitations remain. Many studies relied on retrospective designs, single-center datasets, and heterogeneous validation strategies, raising concerns about generalizability and overfitting. Inconsistent reporting of thresholds, calibration, and external validation limits cross-study comparability. Future work should emphasize prospective multicenter validation, standardized reporting, and integration of explainable AI frameworks to ensure safe, equitable, and transparent clinical adoption.
Conclusion
Artificial intelligence and machine learning demonstrate substantial potential across the breast cancer care continuum, including screening, diagnostic classification, prognostic assessment, and treatment planning. Across multiple imaging modalities mammography, ultrasound, MRI, PET/CT, thermography, and digital histopathology—AI models frequently achieved high diagnostic performance, often comparable to experienced clinicians. Evidence from large screening cohorts suggests that AI may safely support double-reading workflows and improve efficiency in high-volume settings. Additionally, multimodal AI approaches integrating imaging and clinical data show promise in predicting tumour behaviour, molecular subtypes, treatment response, and survival outcomes. However, the current evidence base is largely derived from retrospective studies with limited external validation and heterogeneous reporting standards. These limitations constrain assessment of real-world generalizability and clinical impact. Future research should prioritize prospective, multicentre validation, standardized performance evaluation, and transparent model development frameworks to enable responsible integration of AI into routine breast cancer care.
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Table 2:  PROBAST quality assessment results [🔴 High Risk 🟢 Low Risk 🟡 Unclear Risk]
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