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Abstract

Breast cancer remains one of the most significant challenges in modern oncology, while
advances in artificial intelligence (AI) are creating new opportunities to improve diagnosis,
prognosis, and treatment personalization. The aim of this review was to summarize current
and emerging applications of AI in the comprehensive care of patients with breast cancer.
This study was conducted as a structured narrative review with elements of integrative
evidence synthesis based on publications retrieved from PubMed/MEDLINE, Scopus, Web
of Science, and Embase. The review included studies evaluating machine learning and
deep learning approaches, such as support vector machines, random forests, convolutional
neural networks, Vision Transformers, foundation models, self-supervised learning, fed-
erated learning, and multimodal AI systems. The strongest clinical evidence currently
concerns AI-supported mammographic screening, where large prospective and real-world
studies suggest improvements in cancer detection and workflow efficiency. Applications
involving MRI, ultrasound, histopathology, molecular prediction, treatment-response as-
sessment, and treatment selection have shown promising performance, but most remain
investigational because of limited prospective multicenter validation. Emerging approaches
integrating imaging, pathological, molecular, and clinical data show considerable potential
for precision oncology. AI may also support treatment selection, patient monitoring, and
survivorship care. Despite promising results, widespread clinical implementation remains
limited by challenges related to data heterogeneity, model interpretability, external valida-
tion, and integration into clinical workflows. Further prospective multicenter studies are
required to establish the safety, reliability, and clinical utility of AI-driven systems in breast
cancer care.

Keywords: breast cancer; artificial intelligence; machine learning; deep learning; mam-
mography; magnetic resonance imaging; ultrasound; radiomics; Vision Transformers;
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1. Introduction
1.1. Epidemiology

Breast cancer is an extremely heterogeneous disease, characterized by a variety of
subtypes and distinct epidemiological patterns [1]. The incidence of breast cancer world-
wide is shaped by the complex interplay of genetic, environmental, and lifestyle factors. In
high-income countries, a higher number of new cases is generally observed compared to
low- and middle-income countries. At the same time, mortality in these countries is often
lower, mainly due to better access to early detection methods and more advanced treatment
options [2]. Globally, breast cancer accounts for approximately one-third of all malignant
neoplasms diagnosed in women. Moreover, deaths caused by this disease constitute nearly
15% of the total number of diagnosed cases [3].

Breast cancer carcinogenesis is a multistep process involving the accumulation of
genetic alterations and the influence of environmental factors, in which normal cells pro-
gressively transition through stages of hyperplasia, premalignant lesions, carcinoma in situ,
and invasive carcinoma. Key roles are played by mutations and changes in the expression
of genes such as NF1, ESR1, ALDH2, GATA3, KMT2C, PTEN, FOXM1, YTHDF3, TP53,
PIK3CA, and RB1, which affect signaling pathways associated with cell proliferation, metas-
tasis, and immune evasion. The most important risk factors include genetic predispositions
(e.g., mutations in BRCA1/BRCA2, polymorphisms in GSTM1 and NQO2); hormonal fac-
tors such as prolonged exposure to estrogens, early menarche, late menopause, nulliparity,
and lack of breastfeeding; and lifestyle and environmental factors, including exposure to
radiation, excessive alcohol consumption, smoking, a diet rich in fats and sugars, obesity,
and low physical activity [4]. Below, Figure 1 presents a graphical illustration of factors
that may contribute to the development of breast cancer.

 

Figure 1. Graphical illustration of factors that may contribute to the development of breast cancer.
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1.2. The Role of Early Diagnosis in Breast Cancer

Early diagnosis of breast cancer plays a key role in improving patient prognosis, as
the disease often develops without clear symptoms in its early stages, which contributes
to late detection and hampers effective treatment [5]. Studies indicate that screening
mammography enables detection of cancer at an earlier stage and is associated with a
reduction in breast cancer mortality. A cohort study demonstrated that earlier participation
in screening was associated with a lower likelihood of diagnosis at an advanced stage
and a reduced risk of death [6]. At the same time, the development and optimization
of screening programs—including improvements in mammogram analysis, the use of
computer-aided detection systems, and additional imaging modalities—may increase the
number of cases detected at an early stage and enhance the effectiveness of population-
level prevention [5], although research is still ongoing regarding the optimal age to begin
screening, its frequency, and the most effective diagnostic strategies [7].

1.3. The Role of AI in Medicine

Artificial intelligence (AI) is playing an increasingly important role in the development
of modern medicine, serving as a significant tool supporting the processes of diagnosis,
treatment, and medical data management. The rapid advancement of machine learning
and deep learning algorithms enables the analysis of large datasets, including clinical data,
diagnostic images, and information derived from electronic health records, allowing for
faster and more precise identification of patterns associated with disease development [8].
The application of AI contributes to improved diagnostic accuracy and supports physicians
in clinical decision-making, while simultaneously reducing the risk of diagnostic errors
and the workload of medical personnel [9].

AI is particularly widely applied in medical imaging, such as radiology, pathology,
and oncological diagnostics, where AI algorithms can analyze medical images to detect
abnormalities that may be invisible or difficult for humans to identify [10]. AI-based
technologies are also used across various medical specialties, supporting, among others,
disease diagnosis, treatment planning, and patient data analysis to improve the quality
of healthcare [11]. Furthermore, the integration of artificial intelligence with healthcare
systems may enhance the efficiency of healthcare delivery, streamline diagnostic processes,
and foster the development of more personalized medicine, although its widespread
implementation requires further research and careful consideration of ethical and data
security issues [12].

1.4. Objective of the Review

The main objective of the review is to review the literature and demonstrate the
application of AI in the context of breast cancer. The main aspects addressed include
AI algorithms in breast cancer imaging, AI in treatment selection, AI in prognosis and
prediction of response to breast cancer treatment.

2. Materials and Methods
2.1. Study Design

This study was designed as a structured narrative review with elements of integrative
evidence synthesis concerning the application of artificial intelligence in the comprehensive
care of patients with breast cancer. The review focused on AI applications in imaging diag-
nostics, histopathological analysis, prognosis prediction, treatment response assessment,
treatment selection, and emerging precision oncology approaches. Particular emphasis
was placed on the integration of clinical, imaging, pathological, and molecular data using
modern AI methodologies. Although this was not a conventional systematic review or
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meta-analysis, the PRISMA 2020 framework was used to transparently document study
identification, screening, eligibility assessment and inclusion.

All databases were searched from their inception to 1 June 2026, without restrictions
on publication date. Although no formal time limit was applied, greater emphasis in the
narrative synthesis was placed on recent studies, particularly large prospective, multicenter,
externally validated, and real-world investigations.

Unlike conventional systematic reviews focused on a single intervention or technology,
this review aimed to provide a broad and clinically oriented overview of both established
and emerging AI paradigms. The analysis included classical machine learning methods,
deep learning architectures, transformer-based models, foundation models, self-supervised
learning, multimodal learning frameworks, federated learning, explainable AI, causal AI,
and other novel approaches with potential relevance to breast cancer management.

2.2. Review Question and Conceptual Scope

The primary research question was whether artificial intelligence can improve diagno-
sis, risk stratification, prediction of treatment response, treatment selection, and long-term
management of patients with breast cancer.

The conceptual scope encompassed five major domains:

• AI applications in breast imaging, including mammography, MRI, ultrasound, and
multimodal imaging;

• AI-assisted histopathology and computational pathology;
• Prognostic modeling and prediction of treatment response;
• AI-guided treatment selection and precision oncology;
• Emerging AI paradigms and technical challenges, including foundation models, self-

supervised learning, multimodal AI, federated learning, explainability, uncertainty
quantification, causal AI, and continual learning.

The specific objectives were:

• To summarize current applications of AI in breast cancer care;
• To compare the performance of AI-based approaches with conventional diagnostic

and prognostic methods;
• To evaluate the clinical utility of emerging AI paradigms;
• To identify technical, ethical, and translational barriers to implementation;
• To discuss future directions for AI-driven precision oncology.

2.3. Information Sources

The literature review was conducted using PubMed/MEDLINE, Scopus, Web of
Science, and Embase. These databases were selected because of their extensive coverage of
oncology, radiology, pathology, biomedical informatics, and artificial intelligence research.

All databases were searched from their inception to 1 June 2026, without restrictions
on publication date. Targeted supplementary searches and citation checking were con-
ducted during manuscript revision until 19 June 2026 to identify relevant methodological
references and recently published evidence. Although no formal time limit was applied,
greater emphasis in the narrative synthesis was placed on recent studies, particularly large
prospective, multicenter, externally validated, and real-world investigations.

To ensure comprehensive coverage of emerging technologies, additional manual
screening of references from relevant reviews, landmark studies, and methodological
publications was performed. Forward citation tracking was also used to identify recently
published studies involving novel AI architectures and translational applications.

https://doi.org/10.3390/a19070524
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2.4. Search Strategy

The search strategy was designed to identify studies evaluating the use of artificial
intelligence in breast cancer diagnosis, prognosis, treatment planning, and clinical deci-
sion support.

Keywords included combinations of:
“breast cancer”, “artificial intelligence”, “machine learning”, “deep learning”, “con-

volutional neural networks”, “CNN”, “Vision Transformer”, “foundation model”, “self-
supervised learning”, “federated learning”, “multimodal learning”, “radiomics”, “ra-
diogenomics”, “mammography”, “MRI”, “ultrasound”, “histopathology”, “treatment
response”, “prognosis”, “precision medicine”, “precision oncology”, “explainable AI”, and
“causal AI”.

Additional search terms were included to capture emerging AI paradigms and next-
generation computational approaches. These terms included: “Vision Transformer”, “trans-
former”, “foundation model”, “self-supervised learning”, “federated learning”, “multimodal
learning”, “synthetic data”, “diffusion model”, “explainable AI”, “uncertainty-aware AI”,
“causal AI”, “continual learning”, “computational pathology”, and “precision oncology”.

An example PubMed search strategy was: ((“breast cancer”) AND (“artificial in-
telligence” OR “machine learning” OR “deep learning” OR “Vision Transformer” OR
“foundation model”) AND (“imaging” OR “mammography” OR “MRI” OR “ultrasound”
OR “histopathology” OR “radiomics”) AND (“prediction” OR “prognosis” OR “treatment
response” OR “precision oncology”)). The search strategy was intentionally broad to cap-
ture both clinical and methodological studies, including investigations of emerging AI
paradigms. The complete database-specific search strategies are provided in Supplemen-
tary Table S1. Search syntax was adapted to the indexing rules and controlled vocabulary
of each database.

2.5. Eligibility Criteria

Studies included in the review met the following criteria:
Inclusion criteria:

• Original clinical studies, translational studies, and selected high-quality review articles;
• Studies concerning breast cancer;
• Publications analyzing the use of AI in diagnosis, prognosis, or treatment;
• Articles published in peer-reviewed scientific journals;
• Publications in English.

Exclusion criteria:

• Studies conducted exclusively on animal models or in vitro (unless mechanistically
relevant);

• Conference abstracts without full text;
• Case reports, commentaries, and opinion articles without primary data;
• Publications not directly related to breast cancer or AI.

2.6. Study Selection

All retrieved records were compiled in a single reference library. Duplicate records
were identified by matching DOI or PMID and, when these identifiers were unavailable,
by comparing the title, first author, publication year and journal. Records with uncertain
matches were checked manually before screening. Study selection was performed by three
reviewers in two stages. First, titles and abstracts were screened for relevance to breast
cancer and artificial intelligence. Second, the full texts of potentially eligible publications
were assessed according to the predefined inclusion and exclusion criteria. Disagreements
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regarding study eligibility were resolved through discussion among the three reviewers
until consensus was reached. The review protocol was not prospectively registered.

Preference was given to studies:

• Involving well-characterized patient cohorts;
• Using advanced AI methods;
• Including model validation;
• Relating findings to clinical practice.

The study selection process is presented in Figure 2 according to the PRISMA 2020
framework.

Figure 2. PRISMA 2020 flow diagram illustrating the study selection process.

2.7. Data Extraction

From each included study, the following information was extracted: publication year,
study type, sample size, population characteristics, AI method used, type of data (e.g.,
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imaging, clinical), main outcomes and clinical relevance. For studies involving advanced
artificial intelligence methodologies, additional information was extracted regarding model
architecture, validation strategy, interpretability methods, use of multimodal data inte-
gration, privacy-preserving approaches, and reported measures of model robustness and
generalizability.

Particular attention was paid to:

• Type of AI model (ML vs. DL);
• Type of data used;
• Performance metrics (e.g., AUC, sensitivity, and specificity);
• Potential clinical application;
• Model interpretability and explainability techniques;
• Multimodal data integration strategies;
• Use of external or multicenter validation;
• Privacy-preserving approaches such as federated learning;
• Reported limitations regarding generalizability and domain shift.

Performance metrics were extracted and reported as presented in the original studies.
AUC and AUROC values were standardized to three decimal places whenever sufficient
numerical precision was available. Proportions were reported consistently as percentages,
whereas absolute and relative changes were clearly distinguished. Confidence intervals
and p-values were included when reported in the original publications; they were not
independently estimated when the required data were unavailable.

2.8. Methodological Quality Appraisal

Because this review included highly heterogeneous evidence, including diagnostic-
accuracy studies, prognostic models, randomized and observational studies, technical
model-development studies, and translational investigations, no single formal risk-of-bias
instrument could be applied consistently across all included publications. Therefore, no
numerical quality score or formal study-level risk-of-bias classification was performed.
Instead, a structured qualitative methodological appraisal was incorporated into data
extraction and evidence synthesis. For each primary study, the reviewers considered study
design, cohort size and class distribution, retrospective or prospective data collection, single-
center or multicenter setting, internal or external validation, separation of training and test
cohorts, reporting of uncertainty and calibration, clinical relevance of the evaluated end-
points, and potential generalizability. Studies based on small, highly selected, single-center
cohorts or lacking external or prospective validation were interpreted more cautiously than
large multicenter, prospective, externally validated, or real-world investigations.

Prediction-model development and validation studies were assessed using PROBAST+AI,
randomized trials using the Cochrane RoB 2 tool, and non-randomized comparative or
real-world implementation studies using ROBINS-I. The assessment was conducted in-
dependently by two reviewers, with disagreements resolved through discussion with a
third reviewer. The resulting domain-level and overall assessments are presented in Sup-
plementary Table S2. When reporting was insufficient to permit a definitive domain-level
judgment, the corresponding risk of bias was classified as unclear rather than inferred from
unreported methodological information.

2.9. Data Synthesis

Data synthesis was conducted in a narrative and thematic manner. The results were
grouped according to the main areas of AI application, such as imaging diagnostics, prog-
nosis prediction and treatment selection.

https://doi.org/10.3390/a19070524
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The analysis aimed to identify recurring patterns, evaluate the effectiveness of AI
methods, and determine their potential clinical value. Particular emphasis was placed
on integrating findings across different domains, evaluating emerging AI paradigms,
and assessing their relevance to the development of personalized and precision oncology
approaches in breast cancer care.

Because the included studies differed substantially in terms of clinical task, imag-
ing modality, patient population, dataset size, outcome definition, performance metrics,
and validation strategy, statistical pooling of the reported results was not considered
methodologically appropriate. Therefore, no formal meta-analysis was performed, and the
findings were synthesized descriptively. To facilitate comparison across studies, representa-
tive clinical studies were additionally summarized according to sample size, AI application,
reported performance metrics and validation design.

For the purposes of descriptive comparison within this review, we adopted the follow-
ing approximate interpretative framework: an AUC of 0.500 was considered to represent
chance-level discrimination. AUC values greater than 0.500 but below 0.600 were inter-
preted as indicating very weak discrimination, values from 0.600 to below 0.700 as poor
discrimination, values from 0.700 to below 0.800 as moderate discrimination, values from
0.800 to below 0.900 as good discrimination, and values of 0.900 or higher as excellent
discrimination. These categories are descriptive rather than universal thresholds for clinical
usefulness. The clinical value of a model also depends on the target population, disease
prevalence, decision threshold, sensitivity, specificity, calibration, and consequences of
false-positive and false-negative predictions.

3. Results
3.1. Review of Selected Algorithms

The following subsection provides only the methodological background necessary to
interpret the breast cancer studies included in this review. Breast cancer-specific datasets,
validation strategies, clinical endpoints, performance results, and study limitations are
discussed in Sections 3.2–3.5.

3.1.1. Machine Learning

Support Vector Machines (SVM) are supervised learning models that identify a deci-
sion boundary maximizing the margin between classes. Kernel functions allow nonlinear
relationships to be modeled in high-dimensional datasets. Their advantages include ef-
fectiveness in relatively small, high-dimensional datasets, whereas important limitations
include sensitivity to hyperparameter selection and limited interpretability. Mathematically,
the binary SVM classifier assigns a new observation x to a class using the decision function:

f(x) = sign(
n

∑
i=1

αiyiK(xi, x) + b), (1)

where xi denotes a training observation, yi is its class label, αi represents the learned coeffi-
cient associated with the corresponding support vector, K(xi, x) is the kernel function, and
b is the intercept. The kernel function enables the classifier to construct nonlinear decision
boundaries without explicitly transforming the observations into a higher-dimensional
feature space [13–15].

Random Forest combines multiple decision trees trained using bootstrap samples and
random feature selection. This approach can model nonlinear relationships and interactions
while providing measures of variable importance. However, importance estimates may be
biased, and the resulting ensemble is less directly interpretable than conventional statistical
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models [16,17]. For regression tasks, the Random Forest prediction is obtained by averaging
the outputs of B individual decision trees:

ŷ(x) =
1
B

B

∑
b=1

Tb(x) (2)

where Tb(x) denotes the prediction generated by the b-th decision tree. For classification
tasks, the final class is typically determined by majority voting:

ŷ(x) = mode{T1(x), T2(x), . . . , TB(x)} (3)

where Tb(x) represents the class predicted by the b-th tree [16,17].
The k-Nearest Neighbors method is a nonparametric algorithm that assigns an obser-

vation to a class according to the labels of its nearest neighbors. Its performance depends
strongly on the selected distance metric, the value of k, feature scaling, and dataset di-
mensionality [18]. In a classification task, kNN assigns an observation x to the class most
frequently represented among its k nearest neighbors:

ŷ(x) = arg maxc ∑
iϵNk(x)

I(yi = c) (4)

where Nk(x) denotes the set of the k nearest observations, c represents a possible class, and
I(·) is the indicator function. In regression tasks, the prediction is usually calculated as the
mean or distance-weighted mean of the outcomes of the nearest neighbors [18].

Logistic regression is an interpretable statistical model for binary outcomes that esti-
mates the relationship between predictor variables and the log-odds of an event. It enables
calculation of adjusted odds ratios but assumes a correctly specified model and linear
relationships between predictors and the logit of the outcome [19,20]. Logistic regression
models the log-odds of a binary outcome as a linear combination of predictor variables:

log(
p(x)

1 − p(x)
) = β0 + βTx, (5)

which can equivalently be expressed as:

p(x) = P(y = 1|x) = 1
1 + exp[−(β0 + βTx)]

, (6)

where p(x) is the predicted probability of the outcome, β0 is the intercept, and β repre-
sents the vector of regression coefficients. Exponentiating an individual coefficient yields
the corresponding adjusted odds ratio, assuming that the remaining predictors are held
constant [19,20].

Table 1 provides a conceptual comparison of the classical machine learning methods
discussed in this section. It summarizes their principal characteristics, advantages, and
limitations. Algorithm-specific performance ranges were not included because predictive
performance depends strongly on the clinical task, dataset composition, preprocessing
pipeline, and validation strategy.
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Table 1. Conceptual comparison of classical machine learning methods.

Method Characteristics Advantages Limitations References

SVM

A model based on
margin maximization;
uses kernel functions

(linear, polynomial, RBF)

High predictive
performance;

effectiveness in
high-dimensional spaces;
flexibility due to kernels

Low interpretability
(“black box”); difficulty in

parameter selection
[13–15]

RF
An ensemble of decision

trees; bootstrap +
random feature selection

High accuracy; resistance
to overfitting; ability to

assess variable
importance

Bias in importance
measures (e.g., for

categorical variables); more
difficult global
interpretation

[16,17]

kNN

A nonparametric, lazy
method; classification

based on similarity
(distance metrics)

Simplicity; no
assumptions about data
distribution; flexibility

Sensitivity to the choice of
metric and k;

computational cost for
large datasets; no explicit

model

[18]

Logistic regression
A statistical model based
on the logit link function;
estimation of odds ratios

High interpretability;
ability to analyze

multiple variables; solid
statistical foundations

Sensitivity to
multicollinearity; requires
correct model specification;

limited to linear
relationships in the logit

[19,20]

3.1.2. Deep Learning

Convolutional Neural Networks (CNNs) are one of the fundamental deep learning
techniques used for image analysis because they combine automatic feature extraction and
classification within a single architecture [21]. Unlike classical machine learning methods,
CNNs learn image features directly from input data, such as medical images [22]. Their
core components are convolutional layers, in which filters detect patterns such as edges,
textures, and anatomical structures. For an input feature map X and a convolutional kernel
K, the two-dimensional convolution operation can be expressed as:

Y(i, j) = (X × K)(i, j) = ∑
m

∑
n

X(i − m, j − n)K(m, n) (7)

where Y(i, j) is the resulting feature-map value at spatial position (i, j), while m and n index
the elements of the convolutional kernel. Nonlinearity is commonly introduced using the
rectified linear unit activation function:

ReLU(z) = max(0, z) (8)

This function preserves positive activation values while setting negative values to
zero, thereby enabling the network to learn nonlinear relationships. CNNs also use pooling
layers to reduce dimensionality and computational cost. For max pooling, the output at a
given spatial position is defined as:

MaxPool(X)(i, j) = max
(m,n)ϵΩ

X(i + m, j + n), (9)

where Ω denotes the local pooling window. This operation reduces the spatial dimensions
of the feature map while retaining its strongest local activations [21–23].

Additional mechanisms including batch normalization, dropout, and residual connec-
tions improve training stability and reduce overfitting [21,24]. Thanks to these properties,
CNNs are highly effective in medical image analysis, especially for detecting subtle pathologi-
cal patterns [22,23]. Below, Figure 3 illustrates the architecture and workflow of a CNN.
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Figure 3. The figure illustrates the architecture and workflow of a CNN used for medical image
analysis. The process includes input image acquisition, feature extraction through convolutional
layers, application of an activation function, dimensionality reduction via pooling, processing in
deeper layers, flattening, and final classification using fully connected layers. The model ultimately
performs binary classification, estimating the probability of belonging to one of two classes.

The ResNet architecture extends classical CNNs by enabling effective training of
much deeper networks through residual learning. Instead of learning full mappings
directly, layers learn residual functions relative to the input data. This is achieved using
shortcut or skip connections, which transfer information directly between layers [25]. These
connections facilitate signal and gradient flow, reducing issues such as vanishing gradients
and improving convergence in very deep models [25,26]. In practice, residual blocks sum
convolutional outputs with original inputs, preserving earlier information while learning
more complex representations [25,27]. The standard residual block can be represented as:

y = F (x, {Wi}) + x, (10)

where x is the input to the residual block, F denotes the residual mapping learned by the
convolutional layers, {Wi} represents the corresponding trainable weights and y is the
block output [25–27].

This approach allows the construction of networks with hundreds of layers and
inspired later modifications such as Res2Net, which improves multiscale feature represen-
tation [28]. In medical imaging, residual connections help maintain information flow and
improve segmentation and classification accuracy [26,27].

The VGG architecture is a classical CNN model used in image recognition and clas-
sification, with VGG-16 and VGG-19 being the most common variants [29–32]. VGG-16
contains 13 convolutional layers and 3 fully connected layers, while VGG-19 is deeper. The
model processes RGB images of size 224 × 224, often after basic preprocessing such as
mean RGB subtraction. Successive convolutional and pooling layers extract increasingly
complex image features, with filter numbers growing from 64 to 512 in deeper blocks [29].
Fully connected layers then transform extracted features into classification outputs, typi-
cally ending with a softmax function for multiclass tasks. VGG can also serve as a feature
extractor in hybrid models combined with classifiers such as SVM or Random Forest [30].
This transfer learning approach adapts pretrained models, often trained on ImageNet,
to new tasks [29,30]. In breast imaging studies, VGG architectures are primarily used as
pretrained feature extractors or components of transfer-learning and hybrid classification
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models [29–32]. Mathematically, VGG applies repeated sequences of convolution, ReLU
activation, and max-pooling operations, as defined in Equations (7)–(9), followed by fully
connected layers that generate the final classification output.

EfficientNet is a modern deep learning architecture designed to optimize both accuracy
and computational efficiency through compound scaling, which simultaneously scales
network depth, width, and image resolution [33]. Compared with earlier methods that
scaled only one parameter, EfficientNet achieves a better balance between performance
and computational cost [33,34]. It uses MBConv blocks and depthwise separable convolu-
tions for efficient feature extraction with relatively few parameters [33]. EfficientNet can
also be combined with architectures such as ResNet in fusion models, further improving
generalization and classification accuracy [33]. Due to these advantages, EfficientNet is
considered one of the most efficient architectures for image classification tasks, especially
when computational resources are limited [33–35].

Transfer learning involves applying knowledge acquired from one domain or task
to improve performance on another related task, reducing the need for large target
datasets [36]. In deep learning, this usually involves pretrained models whose layers
may be frozen, fine-tuned, or extended with new layers [37,38]. This approach is important
because deep learning models typically require large labeled datasets and high compu-
tational resources, both of which transfer learning helps reduce [38]. In CNNs, earlier
layers learn general image features, while deeper layers capture more task-specific rep-
resentations [37,38]. Common strategies include fine-tuning pretrained models, freezing
feature extraction layers while training classification layers, and progressive learning with
additional layers [38]. The effectiveness of transfer learning depends on the relationship
between source and target domains, so results may vary across applications [37,38]. In
breast cancer diagnostics, transfer learning is especially valuable because medical datasets
are often small and difficult to annotate, while pretrained models enable more effective
image classification [36,37].

CNNs have traditionally dominated breast imaging applications due to their ability
to effectively extract local image features such as lesion margins, microcalcifications, and
tissue texture. However, their limited receptive field may restrict the modeling of long-
range spatial relationships and global contextual information. To address these limitations,
Vision Transformers (ViTs) have emerged as a promising alternative architecture based
on self-attention mechanisms, which enable the capture of global dependencies between
distant image regions. Recent studies have demonstrated the potential of transformer-
based approaches in breast cancer imaging. Abimouloud et al. reported that hybrid Vision
Transformer-CNN architectures achieved improved mammographic classification perfor-
mance by combining local feature extraction with global contextual awareness. Similarly,
Kassis et al. demonstrated the effectiveness of Vision Transformers in digital breast to-
mosynthesis, where the ability to process complex volumetric information contributed to
improved breast cancer detection. Furthermore, Jeny et al. developed a hybrid transformer-
based model integrating both prior and current mammograms, showing that attention
mechanisms can effectively exploit temporal information and improve classification per-
formance. Despite these advantages, transformer-based models generally require larger
datasets and greater computational resources than conventional CNNs, making them more
susceptible to overfitting in smaller medical datasets. Consequently, current evidence
suggests that hybrid CNN–Transformer architectures may represent the most promising
direction for future breast imaging systems, combining the strengths of both local feature
extraction and global representation learning [39–41].

Foundation models represent a rapidly emerging paradigm in medical artificial intel-
ligence and are increasingly considered a potential next step beyond conventional task-
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specific deep learning systems. Unlike traditional models trained for a single diagnostic
task, foundation models are pretrained on extremely large and diverse datasets containing
medical images, radiology reports, clinical text, and other healthcare data, enabling the
learning of highly transferable representations that can be adapted to multiple downstream
applications [42,43]. Recent developments in radiology have demonstrated that foundation
models can function as generalist systems capable of supporting image classification, lesion
detection, segmentation, report generation and clinical decision support within a unified
framework [42]. Wu et al. developed a large-scale radiology foundation model trained
on web-scale collections of both 2D and 3D medical images, demonstrating strong perfor-
mance across diverse imaging tasks and highlighting the potential of generalized medical
AI systems that can be transferred to multiple clinical applications [43]. Similarly, Paschali
et al. emphasized that foundation models may substantially improve scalability, efficiency,
and transferability in radiological workflows, while also discussing important challenges
related to computational requirements, interpretability, data governance, and clinical val-
idation [42]. Beyond radiology, foundation models are increasingly being explored in
computational pathology. Vorontsov et al. developed a clinical-grade pathology foundation
model trained on large collections of whole-slide images, demonstrating the ability to learn
generalized histomorphological representations that can subsequently be applied to tumor
classification, biomarker prediction, and analysis of the tumor microenvironment [44].
Despite their considerable promise, foundation models remain associated with important
challenges, including substantial computational demands, limited interpretability, potential
biases inherited from pretraining datasets, and the need for rigorous prospective valida-
tion before routine clinical implementation [42–44]. Nevertheless, they are increasingly
viewed as a key component of future multimodal precision oncology systems capable of
integrating imaging, pathology, genomics and clinical information within a unified AI
framework [42,43].

Self-supervised learning (SSL) has emerged as a promising strategy for addressing
one of the major limitations of breast imaging AI, namely the scarcity of large, accurately
annotated datasets. Unlike conventional supervised learning, SSL enables models to learn
informative feature representations from large collections of unlabeled medical images
before fine-tuning on specific downstream clinical tasks, thereby reducing dependence on
manual expert annotation [45,46]. This approach is particularly attractive in breast cancer
imaging, where annotation of mammograms, MRI examinations, and histopathological
images is time-consuming, expensive, and often affected by interobserver variability [46].
Miller et al. demonstrated that self-supervised pretraining can improve breast cancer
detection performance in screening mammography and enhance label efficiency, allowing
models to achieve strong diagnostic accuracy while requiring fewer annotated examinations
for training [45]. More recently, SSL has been combined with transformer-based architec-
tures, enabling more effective utilization of large-scale unlabeled imaging datasets and
facilitating the development of transferable representations for breast cancer detection and
classification tasks [47]. Figueiras et al. highlighted that modern SSL approaches, including
contrastive learning, masked image modeling, and representation learning techniques,
may improve model robustness, generalizability, and performance across different imaging
modalities [46]. Furthermore, Wang emphasized the growing role of SSL as a foundation
for transformer-based and foundation-model architectures in breast imaging, suggesting
that large-scale pretraining on unlabeled datasets may contribute to the development of
more generalizable and clinically applicable AI systems [47]. Despite these advantages,
challenges remain regarding optimal pretraining strategies, computational requirements
and the need for prospective validation in real-world clinical environments [46,47].
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Multimodal large models represent an emerging direction in medical artificial in-
telligence, aiming to integrate diverse sources of information within a single predictive
framework. Unlike conventional AI systems designed for specific tasks, these models
can simultaneously analyze multiple data dimensions and generate predictions across
several clinically relevant endpoints. Luo et al. developed a large-scale model for breast
cancer management based on multiparametric MRI, demonstrating the potential of large AI
systems to support non-invasive and personalized patient care. The model was designed
to extract comprehensive imaging representations and perform multiple prediction tasks
within a unified architecture, highlighting the feasibility of using large models for individu-
alized risk assessment, tumor characterization, and treatment planning. Such approaches
may contribute to the development of more generalized and scalable AI systems capable of
supporting precision oncology; however, further validation across diverse clinical settings
remains necessary before widespread implementation [48].

Federated learning (FL) has emerged as a promising approach for developing artificial
intelligence models while preserving patient privacy and complying with increasingly
stringent data protection regulations. Unlike conventional centralized training, which re-
quires the aggregation of data from multiple institutions into a single repository, FL enables
collaborative model development without direct sharing of sensitive patient information,
as only model parameters or updates are exchanged between participating centers [49,50].

In the commonly used federated averaging approach, each participating client per-
forms local model training, after which the central server constructs an updated global
model by calculating a weighted average of the locally trained model parameters:

θ(t+1) =
K

∑
k=1

nk
n

θ
(t+1)
k (11)

n =
K

∑
k=1

nk (12)

where K denotes the number of participating clients, nk is the number of training samples
available at client k, n is the total number of samples across all participating clients, θ

(t+1)
k

represents the model parameters obtained after local training at client k, and θ(t+1) denotes
the aggregated global model for the next communication round. Consequently, clients
with larger local datasets contribute proportionally more to the global parameter update.
Although federated averaging enables collaborative training without transferring raw
patient data, differences in local sample sizes and data distributions may affect convergence
and model performance [50].

This approach is particularly relevant in breast cancer research, where access to large
and diverse datasets is essential for building robust AI systems, yet data sharing is often
restricted by legal, ethical, and institutional constraints. Tzortzis et al. demonstrated
that federated learning can improve the generalizability of breast imaging models across
heterogeneous mammography datasets obtained from different healthcare institutions and
imaging platforms, thereby reducing the risk of center-specific bias and improving model
robustness [49]. Furthermore, Shukla et al. showed that integrating differential privacy
mechanisms into FL frameworks can enhance data security and model integrity while main-
taining strong diagnostic performance, highlighting the feasibility of privacy-preserving
AI for breast cancer diagnosis [50]. Although federated learning offers significant advan-
tages for multicenter collaboration and secure data utilization, challenges related to data
heterogeneity, communication efficiency, and optimization across distributed environments
remain important areas for future research [49,50].
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Synthetic data generation has emerged as a promising strategy for addressing data
scarcity, class imbalance, and privacy limitations in medical imaging. By using generative
artificial intelligence techniques, researchers can create realistic artificial datasets that sup-
plement real-world clinical data and support the development of more robust AI models.
Synthetic data may facilitate data augmentation, algorithm validation, and multicenter
research while reducing the need for direct sharing of sensitive patient information [51].
In breast imaging, diffusion-based generative models have demonstrated the ability to
generate high-quality full-field digital mammograms and even synthesize lesion-containing
images for training purposes. Montoya-del-Angel et al. developed the MAM-E framework,
which uses diffusion models to generate realistic mammographic images and perform con-
trolled lesion synthesis, highlighting the potential of synthetic data to enhance breast cancer
detection systems and support AI model development in settings with limited annotated
datasets. Mathematically, MAM-E uses a forward diffusion process in which Gaussian
noise is progressively added to a latent representation of the mammogram according to a
predefined noise schedule. A learned reverse process subsequently estimates and removes
this noise to generate a mammographic image conditioned on a text prompt. For synthetic
lesion generation, a binary mask constrains the reverse denoising and inpainting process
to a predefined breast region while preserving the remaining image content [52]. Despite
these advantages, further validation is required to ensure the clinical realism, diversity, and
reliability of synthetic images before widespread implementation [51,52].

Diffusion models have recently gained increasing attention in breast cancer artificial
intelligence due to their ability to learn complex data distributions and generate highly
informative image representations. Beyond their original role in image synthesis, diffusion-
based architectures are increasingly being applied to diagnostic and classification tasks.
You et al. developed BreastDiff, a multi-condition guided diffusion model capable of
analyzing breast cancer characteristics across different imaging modalities, demonstrating
improved classification performance and enhanced feature extraction compared with
conventional approaches [53]. Similarly, Akbari et al. employed a conditional denoising
diffusion probabilistic model (DDPM) for breast cancer detection in histopathological
images, combining diffusion-based tissue segmentation with transformer-based feature
fusion to improve diagnostic accuracy across multiple datasets [54]. These findings suggest
that diffusion models may offer a versatile framework for both image generation and
diagnostic decision support in breast cancer care. However, further validation is required to
determine their clinical utility, computational efficiency, and generalizability in real-world
settings [53,54].

Uncertainty-aware artificial intelligence has emerged as an important approach for
improving the reliability and trustworthiness of deep learning systems in breast cancer
diagnosis. Unlike conventional AI models that provide only deterministic predictions,
uncertainty-aware methods estimate the confidence associated with each prediction, al-
lowing clinicians to identify cases that may require additional review or further diagnostic
assessment [55,56].

Uncertainty should be interpreted according to the statistical framework used. In
frequentist inference, uncertainty is commonly expressed using confidence intervals and
p-values, whose interpretation is based on the behavior of repeated samples. In Bayesian
inference, uncertainty is represented by a posterior distribution of model parameters condi-
tional on the observed data, and interval estimates are expressed as credible intervals [57].
Practical model-based approaches, including Monte Carlo dropout and deep ensembles,
estimate predictive variability by generating multiple predictions under different param-
eter realizations or model configurations. Monte Carlo dropout can be interpreted as an
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approximate Bayesian approach, whereas ensemble variance reflects disagreement among
independently trained models [58].

Var(y|x) = Varθ(E[y|x, θ ])︸ ︷︷ ︸
epistemic uncertainty

+ Eθ[Var(y|x, θ)]︸ ︷︷ ︸
aleatoric uncertainty

(13)

where x denotes the input data, y the predicted outcome and θ the model parameters.
Epistemic uncertainty reflects uncertainty in the model parameters and may be reduced by
increasing the amount or representativeness of training data. Aleatoric uncertainty arises
from inherent noise or variability in the observations and generally cannot be eliminated
by collecting more data of the same quality. Accordingly, confidence intervals, credible
intervals, Monte Carlo dropout estimates, and ensemble variance should not be treated as
interchangeable measures of uncertainty.

Chegini et al. developed an uncertainty-aware deep learning framework for breast
cancer diagnosis using both mammographic and ultrasound images, demonstrating that
uncertainty estimation can support more reliable classification across different imaging
modalities [55]. In a subsequent study, the same group proposed a Bayesian deep learning
model for molecular subtype prediction from full mammographic images, incorporat-
ing predictive uncertainty quantification through Monte Carlo Dropout techniques. The
authors showed that uncertainty estimation not only provided information regarding
prediction reliability but also supported clinically relevant classification of breast cancer
molecular subtypes [56]. These findings suggest that uncertainty-aware AI may improve
the safety, interpretability, and clinical acceptance of breast imaging algorithms, particularly
in cases where prediction confidence is low and human oversight remains essential [55,56].

Explainable artificial intelligence (XAI) has become increasingly important in breast
cancer diagnostics, as clinical adoption of AI systems requires not only high predictive
performance but also transparent and interpretable decision-making. Techniques such as
Grad-CAM, saliency maps and SHAP enable visualization of image regions or features
that contribute most strongly to model predictions, thereby improving clinician trust and
facilitating validation of AI outputs. Shen et al. developed an interpretable deep learn-
ing model for mammographic screening that generated localization maps highlighting
suspicious regions associated with malignancy, demonstrating that explainability can be
incorporated without substantially compromising diagnostic performance [59]. More re-
cently, Sajid et al. integrated SHAP-based explanations, feature attribution methods, and
uncertainty estimation within a breast cancer prediction framework, enabling clinicians
to better understand the factors influencing model decisions and identify potentially un-
reliable predictions [60]. Such approaches may improve transparency, support clinical
decision-making, and facilitate the safe implementation of AI systems in breast cancer
care [59,60].

Causal artificial intelligence (Causal AI) has recently emerged as a promising approach
for overcoming some of the limitations of conventional correlation-based machine learning
models. Unlike traditional AI systems that primarily identify statistical associations, causal
AI aims to uncover cause-and-effect relationships that may better reflect underlying bio-
logical and clinical mechanisms. Ribeiro-Dantas et al. applied causal discovery methods
to nearly 400,000 breast cancer patient records, demonstrating that large-scale causal net-
work analysis can identify interpretable relationships between clinical variables, treatment
patterns, and patient outcomes while distinguishing potential causal effects from spurious
associations [61]. In the diagnostic setting, Chen et al. developed a causal explainable AI
framework based on mammography reports, integrating causal graphs with interpretable
machine learning techniques to support breast cancer diagnosis and improve model trans-
parency [62]. By explicitly modeling causal relationships, such approaches may improve
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interpretability, robustness, and clinical trustworthiness compared with purely correlation-
driven algorithms. However, further research is required to validate causal models in
prospective clinical settings and determine their practical impact on decision-making in
breast cancer care [61,62].

Continual learning has emerged as a promising strategy for maintaining the perfor-
mance of artificial intelligence systems in dynamic clinical environments, where imaging
protocols, patient populations, and disease characteristics may change over time. Unlike
conventional deep learning models that are trained once on a fixed dataset, continual
learning enables AI systems to incrementally incorporate new information while retaining
previously acquired knowledge [63]. This approach may be particularly important in breast
imaging, where continuous updates are often required to accommodate evolving imaging
technologies and clinical workflows. Li et al. demonstrated that implementing continuous
learning in breast MRI artificial intelligence improved diagnostic performance over time
when new clinical data were incorporated into the model development process [64]. More
broadly, continual learning has been proposed as a potential solution to challenges such as
dataset shift and catastrophic forgetting, thereby improving the long-term robustness and
adaptability of medical imaging AI systems [61]. Despite its potential, further research is
needed to establish effective continual learning strategies that can be safely deployed in
routine clinical practice while maintaining model stability and reliability [63,64].

Below in Table 2 there is a summary of the discussed deep learning techniques.

Table 2. Summary of the discussed deep learning techniques.

Method Characteristics Advantages Limitations Typical Application References

CNN (Convolutional
Neural Networks)

Deep neural networks
using convolutional layers

for automatic feature
extraction from images;

include pooling, activation
functions (e.g., ReLU), and

fully connected layers

Automatic feature
extraction; high
effectiveness in

image analysis; no
need for manual

feature engineering

Require large
datasets; high

computational cost;
prone to overfitting

Classification and
detection of changes

in medical images
(e.g., mammography,

histopathology)

[21–24]

ResNet

An extension of CNN with
residual learning

mechanism and shortcut
connections (skip

connections) enabling
training of very deep

networks

Solves the vanishing
gradient problem;

enables building very
deep models; better

convergence

Greater architectural
complexity; higher

computational
requirements

Advanced
classification and
segmentation of
medical images

[25–28]

VGG (VGG-16,
VGG-19)

A classical CNN
architecture with a simple,
sequential arrangement of
convolutional and pooling

layers; uses fixed-size
images (224 × 224)

Simple and
interpretable

architecture; good as
a feature extractor;

widely used

Large number of
parameters; high

memory
consumption; slower
than newer models

Feature extraction,
medical image

classification, hybrid
models

[29–32]

EfficientNet

A modern architecture
using compound scaling
(scaling of depth, width,

and resolution); uses
MBConv and separable

convolutions

High accuracy with
lower computational

cost; parameter
efficiency; good
generalization

More complex design
process; dependence

on proper scaling

Medical image
classification,

diagnostic systems
requiring high

precision

[33–35]

Transfer Learning

Use of pretrained models
on large datasets; includes
fine-tuning, layer freezing,
and progressive learning

Reduced data
requirements; faster
training; improved

performance on small
datasets

Effectiveness
depends on domain

similarity; risk of
mismatch

Breast cancer
diagnostics with

limited data;
adaptation of models

to new tasks

[36–38]
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Table 2. Cont.

Method Characteristics Advantages Limitations Typical Application References

Vision Transformers
(ViT) and Hybrid

CNN–Transformer
Models

Self-attention-based
architectures capable of
modeling global image

dependencies; often
combined with CNNs for

local feature extraction

Capture long-range
relationships;

improved contextual
understanding;

enhanced
classification
performance

Require large
datasets and
substantial

computational
resources; susceptible
to overfitting in small

datasets

Mammography
classification, digital
breast tomosynthesis,

longitudinal breast
image analysis

[39–41]

Foundation Models

Large-scale pretrained
models trained on

multimodal medical data
(images, reports, text) and

adaptable to multiple
downstream tasks

Strong transferability;
support multiple

clinical applications
within a unified

framework;
scalability

High computational
requirements; limited
interpretability; risk
of dataset bias; need

for extensive
validation

Classification,
detection,

segmentation, report
generation,

pathology and
radiology AI systems

[42–44]

Self-Supervised
Learning (SSL)

Representation learning
from unlabeled data using

contrastive learning,
masked image modeling,

and related techniques

Reduces annotation
requirements;

improves robustness
and label efficiency;

leverages large
unlabeled datasets

Computationally
intensive; optimal

pretraining strategies
remain uncertain

Mammography, MRI
and pathology image
analysis with limited

annotations

[45–47]

Multimodal Large
Models

Large AI systems
integrating multiple data
sources and performing
multiple prediction tasks

within a unified
architecture

Comprehensive
patient

representation;
supports

personalized
medicine and

precision oncology

Complex
implementation;

requires extensive
multimodal datasets

and validation

Breast cancer risk
assessment, tumor
characterization,

treatment planning

[48]

Federated Learning
(FL)

Distributed training
approach where institutions
share model updates rather

than patient data

Preserves privacy;
enables multicenter

collaboration;
improves model
generalizability

Data heterogeneity;
communication

overhead;
optimization

challenges

Collaborative breast
imaging AI

development across
institutions

[49,50]

Synthetic Data
Generation

Use of generative AI to
create realistic artificial

medical images for
augmentation and research

Addresses data
scarcity and class

imbalance; supports
privacy-preserving

research

Clinical realism and
diversity must be

carefully validated

Mammographic
image augmentation,

algorithm
development and

validation

[51,52]

Diffusion Models

Generative probabilistic
models capable of image

synthesis, feature extraction
and classification through

iterative denoising
processes

High-quality image
generation; improved

representation
learning; versatile

applications

Computationally
expensive; limited
clinical validation

Mammography
synthesis, lesion

generation,
histopathology
classification

[52–54]

Uncertainty-Aware
AI

Models that estimate
predictive uncertainty
alongside diagnostic

outputs using Bayesian
approaches or Monte Carlo

methods

Improved reliability;
identifies

low-confidence cases;
supports clinical
decision-making

Increased model
complexity;

calibration challenges

Breast cancer
diagnosis, molecular
subtype prediction,

risk assessment

[55,56]

Explainable AI (XAI)

Methods such as
Grad-CAM, saliency maps

and SHAP providing
interpretation of model

predictions

Improves
transparency, trust

and clinical
acceptance; facilitates

validation of AI
decisions

Explanations may
not always reflect

true model reasoning;
additional

computational
burden

Mammography
interpretation, breast

cancer prediction
systems

[59,60]

Causal AI

Approaches designed to
identify cause-and-effect
relationships rather than

statistical associations

Improved
interpretability;

greater robustness;
potentially better
clinical reasoning

Difficult causal
inference; requires

high-quality data and
validation

Outcome prediction,
diagnostic support,

treatment-effect
analysis

[61,62]

Continual Learning

Incremental learning
paradigm allowing models

to incorporate new data
while retaining previous

knowledge

Adaptation to
changing clinical

environments;
reduces dataset shift

effects

Risk of catastrophic
forgetting;

implementation
complexity

Long-term breast
imaging AI systems

and evolving
diagnostic workflows

[63,64]
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In the breast cancer studies reviewed here, deep learning architectures were applied to
mammography and digital breast tomosynthesis [39–41,45–47,49,52,55,56], multiparametric
MRI [48], histopathological imaging [44,54], ultrasound [55], multimodal classification [53],
and molecular subtype prediction [56]. Their reported performance and clinical relevance
depended not only on architecture selection but also on cohort composition, preprocessing
methods, availability of multicenter data, and the use of internal or external validation [42–50].
Therefore, the clinical evidence presented in the following sections is organized primarily
according to clinical application and validation quality rather than algorithm type.

3.1.3. Technical Challenges and Emerging AI Paradigms in Breast Cancer
CNNs Versus Transformers in Breast Imaging

CNNs remain the dominant deep learning architecture in breast imaging due to their
ability to effectively capture local spatial patterns such as lesion margins, microcalcifications,
architectural distortions, and texture heterogeneity, which are critical for mammographic,
ultrasound and MRI interpretation. However, the local receptive field inherent to convolu-
tional operations may limit the ability of CNNs to model long-range spatial relationships
and global contextual information distributed across the breast image. To address these lim-
itations, transformer-based architectures have recently emerged as a promising alternative.
Vision Transformers (ViTs) employ self-attention mechanisms that enable the modeling of
global dependencies between distant image regions, potentially improving the analysis
of complex imaging patterns and subtle contextual features that extend beyond localized
lesions [36,65–68].

Several studies have demonstrated that transformer-based models achieve diagnostic
performance comparable to or exceeding that of conventional CNNs in breast imaging ap-
plications. In mammography, hybrid CNN–transformer architectures have shown superior
performance by combining the strong local feature extraction capabilities of convolutional
layers with the global contextual awareness provided by self-attention mechanisms [39,65].
Similar findings have been reported in digital breast tomosynthesis, where Vision Trans-
formers effectively process volumetric image information and improve lesion detection
performance in highly complex imaging datasets [66]. In breast ultrasound, transformer-
based models have demonstrated excellent classification accuracy and may outperform
traditional CNN architectures when larger datasets are available, particularly in challenging
lesion characterization tasks [67,68].

Nevertheless, transformer architectures present several practical limitations. Unlike
CNNs, which incorporate strong inductive biases such as locality and translational in-
variance, transformers generally require substantially larger datasets to achieve optimal
performance. This issue is particularly relevant in breast cancer imaging, where high-
quality annotated datasets remain relatively limited and expensive to acquire. As a result,
purely transformer-based models may be more susceptible to overfitting when trained
on small cohorts [65,67]. Consequently, recent research increasingly favors hybrid CNN–
transformer architectures that leverage the complementary strengths of both approaches.
Such models have demonstrated improved robustness, generalizability, and classification
accuracy across mammography, ultrasound and MRI applications [39,68]. Current evidence
therefore suggests that transformers are unlikely to fully replace CNNs in the near future;
instead, the most promising direction appears to involve integrated architectures combining
convolutional feature extraction with attention-based global representation learning.

2D vs. 3D Deep Learning in Breast MRI

Deep learning approaches in breast MRI can generally be divided into 2D and 3D ar-
chitectures, each associated with specific technical advantages and limitations. Traditional
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2D convolutional neural networks analyze individual MRI slices independently and are
computationally less demanding, allowing faster training and lower GPU memory require-
ments. However, because breast MRI is inherently volumetric, slice-based analysis may fail
to capture important spatial relationships between adjacent slices and may incompletely
represent tumor morphology, spatial heterogeneity, and enhancement patterns distributed
throughout the lesion volume [69,70]. In contrast, 3D deep learning architectures process
the entire volumetric dataset simultaneously, enabling improved modeling of tumor shape,
contextual anatomical information, and inter-slice dependencies. Several studies demon-
strated that 3D CNNs achieve superior performance in lesion classification, segmentation,
and molecular subtype prediction compared with conventional 2D approaches [69–72].

The advantages of 3D models appear particularly important in dynamic contrast-
enhanced breast MRI (DCE-MRI), where tumor characterization depends not only on
local texture but also on volumetric enhancement kinetics and spatial tumor heterogene-
ity. Weakly supervised 3D CNN frameworks have shown the ability to simultaneously
classify and localize breast lesions while reducing the need for labor-intensive voxel-level
annotations [70]. Similarly, multi-scale and context-aware 3D architectures demonstrated
improved malignancy classification by incorporating broader anatomical context extending
beyond the lesion itself [73]. Hybrid models combining 2D and 3D convolutions have also
emerged as a promising compromise between computational efficiency and volumetric
feature extraction, allowing integration of local high-resolution slice information with
global three-dimensional context [71].

Despite their advantages, 3D deep learning models remain associated with impor-
tant practical limitations. Volumetric MRI analysis substantially increases computational
complexity, memory consumption, and training time compared with 2D approaches. In
addition, 3D architectures typically require larger annotated datasets to avoid overfitting,
which represents a major challenge in breast MRI due to limited availability of standardized
multicenter datasets [69,70]. Variability in MRI acquisition protocols, scanner vendors, and
image resolution may further reduce the generalizability of 3D models across institutions.
Consequently, current research increasingly focuses on hybrid and weakly supervised
approaches that attempt to balance diagnostic performance, computational feasibility, and
robustness in real-world clinical environments [70,71].

Domain Shift and Generalizability

One of the major challenges limiting the clinical translation of artificial intelligence
in breast imaging is domain shift, which refers to differences between the data used for
model development and the data encountered during real-world deployment. In breast
cancer imaging, domain shift may arise from variations in scanner vendors, acquisition
protocols, image reconstruction methods, patient demographics, disease prevalence and
annotation practices across institutions [74–77]. As a result, models demonstrating ex-
cellent performance in internal validation frequently experience substantial performance
degradation when applied to external datasets. This problem is particularly pronounced in
breast MRI, where differences in imaging protocols and scanner characteristics can signifi-
cantly alter image appearance and feature distributions, thereby reducing segmentation
and classification accuracy [74,78].

Recent studies have demonstrated that improving model generalizability requires
strategies that explicitly account for cross-domain variability. Domain adaptation tech-
niques aim to align feature representations between source and target datasets, allowing
models to maintain performance despite differences in image acquisition conditions [74].
Similarly, domain generalization approaches seek to learn robust representations that
remain stable across previously unseen environments without requiring access to target-
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domain data during training [76,77]. In mammography, scanner-specific effects and vendor-
related image characteristics have been shown to substantially influence model behavior,
highlighting the importance of multicenter validation and harmonization strategies before
clinical implementation [75,79].

Beyond technical performance, limited generalizability may also affect model fairness
and reliability. AI systems trained on narrowly selected populations may perform unevenly
across demographic groups, healthcare settings, or imaging platforms, potentially introduc-
ing unintended biases into clinical decision-making [78]. Consequently, external validation
across diverse patient cohorts has become increasingly recognized as a critical prerequisite
for trustworthy deployment of breast imaging AI. Emerging approaches such as federated
learning, multicenter collaborative training, and large-scale benchmark datasets may help
mitigate domain shift by exposing models to greater variability during development while
preserving data privacy [80]. Overall, improving robustness to domain shift remains es-
sential for ensuring that high retrospective performance translates into reliable real-world
clinical utility.

Weakly Supervised Learning for Mammography

One of the major barriers to the development of deep learning systems in mammogra-
phy is the limited availability of high-quality annotated datasets. Precise lesion delineation
requires expert radiologist input and is both time-consuming and costly, particularly for
large-scale screening datasets. To address this challenge, increasing attention has been
directed toward weakly supervised learning approaches, which enable model training
using only image-level labels, such as the presence or absence of malignancy, without
requiring detailed pixel- or lesion-level annotations [59,81–83]. Such approaches substan-
tially reduce annotation burden while allowing the utilization of large clinical datasets that
would otherwise be unsuitable for supervised learning.

Several weakly supervised frameworks have demonstrated the ability to simultane-
ously perform breast cancer classification and lesion localization in mammograms despite
being trained exclusively on examination-level labels [81,82]. These methods commonly
employ attention mechanisms, multiple instance learning strategies, or region-ranking
architectures to identify image regions most strongly associated with malignancy. More
recent studies have further improved localization performance through self-training and
iterative pseudo-label generation, enabling models to progressively refine lesion iden-
tification without additional manual annotation [83]. Weak supervision has also been
successfully applied to high-resolution mammography analysis, where interpretable mod-
els can generate localization maps highlighting suspicious regions while maintaining strong
diagnostic performance [59,84].

Beyond lesion detection, annotation-efficient learning is increasingly being extended
to more advanced clinical applications. Weakly supervised frameworks have been used to
predict tumor biological characteristics, including hormone receptor status, directly from
mammographic images without requiring extensive region-level annotations [85]. Further-
more, the integration of weak supervision with semi-supervised learning allows models to
leverage large collections of weakly labeled examinations and radiology reports, thereby
substantially increasing the amount of training data available for model development [86].
These approaches may be particularly important for future breast imaging AI systems, as
they offer a practical pathway toward developing robust models while minimizing the
substantial annotation effort traditionally required for supervised deep learning.
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Self-Supervised Learning in Breast Imaging

Self-supervised learning (SSL) has emerged as a promising strategy for addressing
one of the major limitations of breast imaging AI: the scarcity of large, accurately annotated
datasets. Unlike conventional supervised learning, SSL enables models to learn informative
feature representations from vast amounts of unlabeled imaging data through pretext
tasks, contrastive learning, masked image modeling, or other representation-learning
strategies before fine-tuning on downstream clinical tasks [43,45,46,87,88]. This approach
is particularly attractive in breast imaging, where expert annotation of mammograms,
MRI examinations, and other imaging modalities is time-consuming, expensive and often
limited by interobserver variability.

Recent studies have demonstrated that self-supervised pretraining can significantly
improve breast cancer detection performance while simultaneously reducing dependence
on manually labeled data. In screening mammography, SSL-based models have shown im-
proved diagnostic accuracy, enhanced label efficiency, and better generalization compared
with conventional supervised approaches, particularly when annotated datasets are lim-
ited [45]. The combination of SSL with modern architectures such as Vision Transformers
and hybrid CNN–transformer models has further improved lesion detection performance
by enabling more effective utilization of large-scale unlabeled mammographic datasets [87].
In addition, anatomically aware self-supervised frameworks trained on millions of mammo-
grams have demonstrated strong cross-dataset generalizability and robustness, suggesting
that large-scale representation learning may provide a foundation for more transferable
breast imaging AI systems [88].

The growing interest in SSL extends beyond its application to individual diagnostic
models and increasingly encompasses the development of foundation models for breast
imaging. These models are initially trained on large-scale and highly diverse datasets, after
which they can be fine-tuned for a variety of downstream tasks, including lesion detection,
classification, segmentation, risk prediction, and radiogenomic analysis [43,47,88,89]. Owing
to their broad pretraining, foundation models have the potential to decrease reliance on
task-specific model development and promote the creation of AI systems that generalize more
effectively across institutions and imaging environments. While clinical implementation is
still in its early stages, accumulating evidence suggests that SSL-based pretraining may evolve
into a dominant framework for future breast imaging AI as the amount of available imaging
data continues to grow [43,45,47,87–89].

Foundation Models for Radiology/Pathology

Foundation models represent a rapidly emerging paradigm in medical artificial in-
telligence and may significantly influence the future development of breast imaging and
computational pathology. Unlike conventional task-specific deep learning systems, foun-
dation models are pretrained on extremely large multimodal datasets containing medical
images, radiological reports, histopathological slides, and clinical text, enabling the learn-
ing of highly transferable representations adaptable to multiple downstream tasks [90–94].
In radiology, these models are increasingly being developed as generalist systems capa-
ble of performing image classification, lesion detection, segmentation, report generation,
radiogenomic prediction, and clinical decision support within a unified framework [90,91].

Recent advances in radiology foundation models have been driven largely by the
integration of self-supervised learning, multimodal pretraining, and vision–language archi-
tectures. Large-scale systems such as RadFM have demonstrated that foundation models
pretrained on millions of radiological images can generalize across both 2D and 3D imaging
modalities while maintaining strong performance on diverse downstream applications [90].
Similarly, vision–language foundation models trained jointly on medical images and ra-
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diology reports enable the integration of visual and textual information, facilitating more
context-aware interpretation and improving transferability across clinical tasks [92,93].
Such multimodal architectures may be particularly relevant for breast cancer care, where
imaging findings must often be interpreted together with histopathological, genomic, and
clinical information.

Foundation models are also increasingly being explored in computational pathol-
ogy. Pretraining on large collections of whole-slide images may allow models to learn
generalized histomorphological representations that can subsequently be adapted for tu-
mor classification, biomarker prediction, and microenvironment analysis [94]. However,
current evidence suggests that pathology foundation models remain associated with sub-
stantial challenges, including biological heterogeneity of tissue architecture, variability
in staining and slide preparation, limited interpretability, and reduced robustness across
institutions [95]. Moreover, the extremely large computational requirements of foundation
models, together with concerns regarding transparency, fairness, and clinical validation,
continue to limit widespread implementation in routine clinical practice [91,96].

Despite these limitations, foundation models may ultimately provide the basis for
highly generalizable and multimodal AI systems capable of integrating radiology, pathol-
ogy, genomics, and clinical data within unified precision oncology frameworks. Still, they
are increasingly viewed as one of the most important future directions in breast cancer
artificial intelligence research [90–96].

Multimodal Fusion Models

Breast cancer is a biologically heterogeneous disease characterized by complex interac-
tions between imaging phenotypes, histopathological features, molecular alterations, and
clinical variables. Consequently, models relying on a single data modality may capture
only a limited aspect of tumor biology. To overcome this limitation, increasing attention has
been directed toward multimodal fusion approaches, which integrate information derived
from imaging, pathology, genomics, and clinical data within a unified predictive frame-
work [48,97–102]. Such models aim to exploit the complementary strengths of individual
modalities, enabling a more comprehensive representation of disease characteristics and
supporting precision oncology applications.

Recent studies have consistently demonstrated that multimodal models outperform
unimodal approaches across a variety of clinically relevant tasks. The integration of MRI
features with pathological findings, genomic profiles, and clinical variables has been as-
sociated with improved prediction of treatment response, recurrence risk, and molecular
subtype classification compared with models based on imaging alone [98–102]. In the
neoadjuvant setting, multimodal deep learning systems combining radiological, pathologi-
cal and clinical information have shown enhanced ability to predict pathological complete
response (pCR), facilitating more individualized treatment planning [99,100]. Similarly,
the incorporation of gene expression data alongside pathological and clinical features has
improved risk stratification and prediction of recurrence or metastatic progression [101].

Advances in deep learning have also enabled the development of increasingly so-
phisticated multimodal fusion architectures. Modern systems frequently employ attention
mechanisms, transformer-based fusion strategies, cross-modal feature alignment, and
mixture-of-experts frameworks to model complex relationships between heterogeneous
data sources [48,97,98]. Such approaches are particularly attractive in breast cancer, where
imaging findings often require contextual interpretation in light of molecular subtype,
tumor microenvironment characteristics, and patient-specific clinical factors. Furthermore,
multimodal fusion may provide an important foundation for future radiogenomic and
precision medicine applications by linking non-invasive imaging biomarkers with under-
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lying biological processes [98,102]. Although challenges related to data harmonization,
missing modalities, and model interpretability remain substantial, multimodal learning
is increasingly regarded as one of the most promising directions for the development of
clinically meaningful breast cancer AI systems [48,97–102].

Federated Learning and Privacy-Preserving AI

The development of artificial intelligence in breast cancer increasingly depends on
access to large, diverse, and multicenter datasets. However, sharing sensitive medical
imaging and histopathological data between institutions remains restricted by privacy
regulations, ethical concerns, and legal limitations. Federated learning (FL) has therefore
emerged as a promising approach that enables collaborative model training across multiple
institutions without direct exchange of patient-level data [49,50,103–106]. In federated
learning, models are trained locally within participating centers, while only model parame-
ters or gradients are shared and aggregated centrally, thereby reducing the need for direct
data transfer and improving privacy protection.

Recent studies have demonstrated the feasibility of federated learning in breast imag-
ing applications, including mammography, digital breast tomosynthesis, and breast cancer
classification tasks [49,50,103,104]. FL-based systems have shown the ability to achieve di-
agnostic performance comparable to centralized training while simultaneously improving
model robustness across heterogeneous datasets originating from different institutions and
imaging devices [49,103]. In mammography, federated learning frameworks combined
with modern deep learning architectures such as YOLOv6 have demonstrated effective
breast cancer detection performance while incorporating privacy-preserving strategies
including encrypted parameter sharing and differential privacy mechanisms [50,104]. Such
approaches may be particularly important for real-world clinical deployment, where strict
data protection requirements frequently limit the creation of large centralized datasets.

Federated learning is also increasingly being explored in computational pathology
and histopathological image analysis. Multi-institutional FL frameworks may facilitate
collaborative training on whole-slide images while preserving institutional control over
highly sensitive pathology data [104,105]. In addition to privacy preservation, feder-
ated learning may improve model generalizability by exposing AI systems to greater
demographic, biological and technical variability during training [49,105]. Nevertheless,
important challenges remain, including communication efficiency, heterogeneity between
participating institutions, differences in imaging protocols, data imbalance, and the risk of
performance degradation caused by non-identically distributed data across centers [106].
Consequently, although federated learning represents one of the most promising strategies
for privacy-preserving breast cancer AI, further large-scale prospective validation and
technical standardization remain necessary before widespread clinical implementation can
be achieved.

The Black-Box Challenge: Explainability and Human-AI Collaboration

One of the major barriers to the clinical implementation of artificial intelligence in
oncology is the “black-box” nature of many deep learning models, where predictions are
generated without providing transparent explanations of the underlying decision-making
process. Consequently, increasing attention has been directed toward explainable artificial
intelligence (XAI) techniques designed to improve model interpretability and clinician
trust [107]. Commonly used approaches include Grad-CAM, saliency maps, attention maps,
SHAP (Shapley Additive Explanations) and other feature attribution methods, which en-
able visualization and quantification of image regions or features that contribute most
strongly to model predictions [107,108]. Shen et al. developed an interpretable deep learn-
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ing model for mammographic screening that generated localization maps highlighting
suspicious regions associated with malignancy, demonstrating that explainability can be
incorporated into breast imaging algorithms while maintaining high diagnostic perfor-
mance [108]. Beyond technical interpretability, explainable AI may also facilitate more
effective collaboration between clinicians and AI systems. Calisto et al. demonstrated that
personalized explanation strategies can improve clinician–AI interaction by enhancing
understanding of model outputs, increasing user confidence, and supporting more in-
formed diagnostic decision-making. Such human-in-the-loop approaches allow physicians
to critically evaluate AI recommendations rather than passively accept algorithmic outputs,
thereby combining computational efficiency with clinical expertise [109]. As a result, ex-
plainability is increasingly recognized as a key requirement for the safe, trustworthy and
responsible implementation of artificial intelligence in breast cancer care [107–109].

3.2. AI in Breast Cancer Imaging
3.2.1. Mammography

The application of AI in mammography currently represents one of the most dy-
namically developing areas of medical imaging, encompassing both direct diagnostic
support and optimization of screening program organization. In the classical approach,
AI serves as CAD-type systems based on deep learning methods, which enable automatic
detection of suspicious lesions, their localization, and classification of examinations as
normal or abnormal [110–112]. The most advanced prospective and randomized studies
indicate that the integration of AI into clinical practice can at least match the standard
double reading of mammograms by radiologists. In the ScreenTrustCAD study involv-
ing 55,581 women, the strategy combining one radiologist with AI was non-inferior to
standard double reading. This approach detected 261 cancers compared with 250 cancers
using standard double reading, corresponding to 11 additional detected cancers, a 4.4%
relative increase, and a relative proportion of 1.04 (95% CI: 1.00–1.09). The AI-supported
strategy was also associated with a slightly lower recall rate, despite a higher number of
examinations initially classified as abnormal [110]. In the MASAI study, which included
more than 105,000 participants, AI-supported screening detected 338 cancers compared
with 262 cancers in the control group. The corresponding cancer detection rates were 6.4
per 1000 examinations (95% CI: 5.7–7.1) and 5.0 per 1000 examinations (95% CI: 4.4–5.6),
respectively. This corresponded to a significant 29% relative increase in cancer detection,
with a proportion ratio of 1.29 (95% CI: 1.09–1.51; P = 0.0021). AI-supported screening also
reduced the screen-reading workload by 44.2% [111]. A subsequent long-term analysis of
the MASAI trial demonstrated significantly higher screening sensitivity in the AI-supported
group than in the control group: 80.5% (95% CI: 76.4–84.2) versus 73.8% (95% CI: 68.9–78.3;
P = 0.031). Interval cancer rates were 1.55 per 1000 participants (95% CI: 1.23–1.92) and
1.76 per 1000 participants (95% CI: 1.42–2.15), respectively, corresponding to a proportion
ratio of 0.88 (95% CI: 0.65–1.18; P = 0.41). Specificity was identical in both groups at 98.5%
(95% CI: 98.4–98.6; P = 0.88) [113].

In parallel with controlled studies, real-world clinical data confirm the effectiveness
of AI in population settings. In a large multicenter implementation study in Germany
involving over 463 thousand women, the use of AI increased breast cancer detection from
5.7 to 6.7 per 1000 women (+17.6%) without increasing the false positive rate, and the so-
called “safety net” mechanism enabled the identification of at least 204 cancers potentially
missed by radiologists [112]. Beyond the role of a “second reader,” AI is also applied in
exam triage, enabling prioritization of patients requiring rapid diagnostics and significantly
reducing the time to further imaging (25.6 vs. 19.1 days) and to biopsy diagnosis (55.9
vs. 39.2 days), with the high-risk group reaching an average of 3.5 days [114]. It is worth
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emphasizing that the development of AI in mammography extends beyond diagnostics—it
also includes educational applications, such as generating synthetic mammograms for
training physicians, which may improve interpretative skills, leading to an increase in
sensitivity by 7.43%, NPV by 5.05%, and overall accuracy by 6.49% [115].

Despite these results, the implementation of AI in mammography requires consider-
ation not only of technical and clinical aspects, but also social factors. Studies on patient
preferences indicate that the hybrid model, in which AI supports the radiologist, has the
highest acceptance, while solutions that completely replace humans raise more concerns,
with the key decision factor being the maximization of sensitivity while limiting false
positive results [116].

3.2.2. Magnetic Resonance Imaging

The application of AI in breast magnetic resonance imaging (MRI) covers a wide
spectrum of uses, from detection and classification of lesions, through risk stratification,
to the analysis of tumor biological features and optimization of the imaging process itself.
In particular, dynamic contrast-enhanced MRI (DCE-MRI) represents a key area of AI
application, as it provides both morphological and kinetic information. Modern models
based on deep learning, including Vision Transformer and UNETR architectures, enable
simultaneous segmentation and classification of lesions, achieving high diagnostic per-
formance. The BL4AS system was developed and evaluated using a multicenter dataset
comprising 2803 BI-RADS 4 lesions from 2686 women. The model achieved an AUC of
0.896 (95% CI: 0.832–0.949) in external test set A and 0.930 (95% CI: 0.906–0.950) in ex-
ternal test set B. In the prospective test set, BL4AS achieved an AUC of 0.892 (95% CI:
0.813–0.951), with a sensitivity of 0.862 (95% CI: 0.773–0.944) and a specificity of 0.889
(95% CI: 0.750–1.000), compared with a pooled specificity of 0.491 for radiologists. BL4AS
demonstrated significantly higher specificity than seven of the eight individual radiologists
(P < 0.05). When used as a decision-support tool, BL4AS increased readers’ specificity
by 27.3 percentage points and reduced the mean false-positive rate from 50.9% to 23.6%
(p = 0.012) [117]. The application of AI is particularly important in the BI-RADS 4 category,
where models can further stratify lesions into subcategories 4A–4C, potentially reducing
the number of unnecessary biopsies [117–119].

Multiparametric MRI (mpMRI), including post-contrast T1, DWI/ADC, and T2WI
sequences, enables further improvement of AI model performance through the integration
of information on perfusion, diffusion, and tissue structure. Models based on CNN (e.g.,
ResNet18) achieve very high accuracy in lesion differentiation, especially in difficult cases
such as distinguishing triple-negative breast cancer from fibroadenoma—in one study, an
AUC of 0.944, sensitivity of 0.926, specificity of 0.950, and accuracy of 0.940 were achieved
in a test set of 319 patients [118]. Similarly, fully automatic CAD systems combining
segmentation (Dice 0.831) with radiomic analysis achieve high diagnostic performance
(AUC 0.946 internally and 0.842 in external validation), and integration with BI-RADS
assessment allows increasing AUC up to 0.975 with sensitivity of 0.920 and specificity of
0.923 [119].

AI in breast MRI is also used for non-invasive assessment of tumor biology. Deep
learning models enable prediction of molecular subtypes of breast cancer based on MRI
images, achieving an AUC of 0.920 for the triple-negative subtype and 0.885 for HER2-
enriched in an analysis of 136 patients [120]. Radiogenomic studies have also demonstrated
the possibility of identifying more subtle relationships between imaging and molecular
profiles, although performance remains moderate (AUC around 0.65) [121]. Classical
diagnostic tasks, such as differentiation between benign and malignant lesions, can also be
supported by transfer learning models, for example DenseNet201, which achieve very high
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accuracy (98.01% in the test set) and good agreement with histopathology (kappa 0.749),
although validation results are more moderate (AUROC 0.79) [122].

An important, often overlooked area of AI application is the technical optimization of
MRI. Deep learning-based image reconstruction (DLR) allows significant reduction in DWI
acquisition time from 3 min 36 s to 1 min 54 s (−47.2%) while simultaneously improving
image quality (better CNR, fewer artifacts, better lesion visibility) and without significant
changes in ADC values, which is crucial for diagnostic reliability [123]. In addition, AI can
support more complex clinical decisions, such as predicting the presence of an invasive
component in DCIS. In an analysis of 131 patients, a deep learning model achieved an
AUC of 0.70 with sensitivity of 69% and specificity of 68%, indicating the potential of this
method as a risk assessment support tool, although insufficient for independent clinical
decision-making [124].

Nevertheless, it should be noted that despite the growing number of promising results,
most studies are retrospective, include relatively small patient groups (often <300), and
use data from single centers, which limits the generalizability of the results. Additionally,
many models do not integrate clinical data or other imaging modalities.

3.2.3. Ultrasound, Other Techniques, and Combination Approaches

The application of AI in breast ultrasound as well as in approaches combining different
imaging modalities extends classical AI applications beyond mammography and MRI
alone. In ultrasound, systems supporting the classification of benign and malignant lesions,
segmentation, and reduction in false positive results are particularly important. In a study
on automated breast volume ultrasound (ABVS), a deep learning model analyzing images in
three planes achieved very high diagnostic performance: AUC 0.984 in internal testing and
0.978 and 0.942 in two external validations, with sensitivity of 98.2%, specificity of 90.3%,
and accuracy of 94.0%. Importantly, AI improved the performance of less experienced
radiologists, sensitivity increased from approximately 60.2% to 79.7%, specificity from 78.2%
to 88.7%, and accuracy from 69.9% to 84.4%, while also reducing the average interpretation
time from 36.5 to 14.4 s [125].

An important direction of AI development in ultrasound is also the analysis of elas-
tography. In the international multicenter INSPiRED 006 study, the AI-SWE model was
developed using data from 924 patients and 4026 images. In two independent validation
cohorts, the model achieved AUROC values of 0.940 and 0.930, respectively, with corre-
sponding sensitivities of 97.9% and 97.8%. The model reduced false-positive findings by
62.1% and 38.1% in the respective validation cohorts [126]. Similar importance is observed
in the analysis of screening ultrasound elastography based on CNN, where the model
achieved AUC 0.895, sensitivity 0.800, specificity 0.966, and accuracy 0.898, outperforming
classical elastographic indicators such as fat-to-lesion ratio and elasticity score [127]. AI can
also support the assessment of axillary lymph node involvement; in a study using BPNN in
90 patients, segmentation accuracy reached 97.3%, and specificity in subsequent analyses
ranged from 90.31 to 97.65% [128].

Beyond ultrasound itself, multimodal and personalized strategies are gaining in-
creasing importance. AI can be used to select women after negative mammography who
would benefit most from additional MRI. In the ScreenTrustMRI study, the AISmartDensity
algorithm selected 4103 women at the highest risk out of 59,354 examined, i.e., the top
6.9%, and among 559 women who underwent additional MRI, 36 cancers were detected,
corresponding to 64.4 cancers per 1000 MRI examinations. This strategy was approximately
four times more effective than earlier approaches based solely on conventional breast den-
sity [129]. Multimodal models can also combine MRI with clinical and radiological features,
for example in predicting lymphovascular invasion (LVI), where PCMM-Net achieved
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AUC 0.843, outperforming the clinical-radiological model (0.743), radiomic model (0.795),
and the model without additional clinical features (0.774) [130].

AI can also integrate data from mammography, ultrasound, and clinical features
for non-invasive prediction of breast cancer biology. In a study involving 600 patients,
interpretable machine learning models predicted molecular subtypes of breast cancer based
on 56 variables, achieving for TNBC an AUC of 0.971, accuracy of 0.947, sensitivity of
0.905, and specificity of 0.941, and for luminal and HER2 subtypes AUC values of 0.900
and 0.855 respectively. AI support also improved radiologists’ performance, especially
less experienced ones, where in TNBC differentiation sensitivity, specificity, and accuracy
increased by 0.090, 0.125, and 0.114 respectively [131].

Other promising, although still complementary, approaches include infrared thermog-
raphy supported by AI. A mobile AI-IRT system based on MobileNetV3-Small, prospec-
tively evaluated in 2202 individuals from 20 centers, achieved in binary classification an
AUC of 0.9487, sensitivity of 0.9325, specificity of 0.8026, and accuracy of 0.8698 in internal
validation, and an AUC of 0.9120 and accuracy of 0.8627 in external validation. Such a
system does not replace mammography, ultrasound, or biopsy, but may serve as a low-cost,
mobile preliminary triage tool, especially in populations with limited access to conventional
diagnostics [132]. AI also has educational applications, interactive breast self-examination
simulation increased nursing students’ satisfaction (56.59 vs. 50.45 points), although it was
less effective than simulation with a standardized patient in terms of practical skills (59.71
vs. 73.72 points) [133].

3.3. AI for Prognosis, Treatment-Response Prediction and Treatment Selection
3.3.1. Axillary Lymph-Node Prediction and Prognostic Stratification

AI in breast cancer is increasingly extending beyond classical detection tasks and is
being applied to prognosis, selection of patients for specific therapeutic strategies, and
prediction of treatment response. In the prognostic domain, models predicting axillary
lymph node involvement are particularly important, as nodal status remains one of the
key prognostic factors and influences the extent of surgical and systemic treatment. Yu
et al., in a multicenter cohort of 1088 patients with invasive breast cancer, applied MRI
radiomics and machine learning algorithms, including random forest for feature selection
and SVM for predictive model construction. A radiomic signature including the primary
tumor and the axillary lymph node region achieved an AUC of 0.88 in the training cohort
and 0.87 in both validation cohorts, while a multi-omics model combining radiomics
with clinicopathological data and molecular subtype achieved AUC values of 0.90, 0.91,
and 0.93 [134]. A similar direction is represented by the study of Dihge et al., in which,
based on the population-based SCAN-B cohort including 3023 patients, models based on
clinicopathological data, gene expression, and their combination were compared. The best
combined model, using among others gradient boosting machine, achieved an AUC of
approximately 0.72 in validation, with the most important predictors being tumor size,
lymphovascular invasion, age, and multifocality [133]. Such models may in the future
support the identification of patients at low risk of nodal involvement, in whom limitation
of surgical procedures such as sentinel lymph node biopsy or axillary lymphadenectomy
may be considered [134,135].

AI is also used in more general prognostic stratification. Bhattarai et al. used a unique
cohort of 92 patients in whom the tumor was retrospectively visible on earlier mammogra-
phy, which allowed estimation of the actual in vivo tumor growth rate. Rapidly growing
tumors were associated with larger histological size, higher grade, increased mitotic count,
vascular invasion, worse Nottingham Prognostic Index, and shorter breast cancer-specific
survival. The authors then developed the Surr-INVIGOR model based on routinely avail-
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able parameters such as Ki-67, mitotic index, and tumor size, and validated its value in
an independent cohort of 1241 patients [136]. Pan et al. developed a prognostic signature
based on 10 lncRNAs associated with cuproptosis. The model stratified patients into high-
and low-risk groups, and the risk score remained an independent prognostic factor. Pre-
diction performance for overall survival reached AUC values of 0.755 for 1 year, 0.717 for
3 years, and 0.643 for 5 years [137]. In a similar context, Jin et al. used Random Forest
to predict adverse events in patients with poor response to neoadjuvant chemotherapy.
The model achieved an AUC of 0.810 for 1-year prediction and 0.829 for 5-year prediction,
and in external validation on SEER data achieved an AUC of 0.779, outperforming logistic
regression with an AUC of 0.619 [138]. These results suggest that AI-based models may
integrate clinical, histopathological, imaging, and molecular data to support prediction of
progression, recurrence, or death; however, their clinical utility requires further prospective
validation [136–138].

3.3.2. Prediction of Treatment Response

A second important area is the prediction of treatment response. In breast cancer
treated with neoadjuvant therapy, radiomic models can help assess the response of both
the primary tumor and lymph nodes. Lee et al. analyzed 226 patients with initially node-
positive disease treated with neoadjuvant chemotherapy. Pathological complete response in
axillary lymph nodes was achieved in 120 patients (53.1%), while 106 patients (46.9%) had
residual metastases. A qualitative CT assessment model after NAC achieved only an AUC
of 0.642, whereas radiomic models achieved AUC values of 0.812 for intranodal ROI, 0.762
for perinodal ROI, and 0.832 for combined ROI. The best model was a clinical–radiomic
model based on post-NAC CT, with an AUC of 0.866, sensitivity of 74.1%, specificity of
88.9%, and accuracy of 80.0% [139].

In advanced disease, AI-based models have been investigated for predicting clinical
benefit from systemic therapy using imaging and molecular biomarkers. Dercle et al.
evaluated 106 patients with advanced HR+/HER2− breast cancer treated with exemestane
and everolimus with or without xentuzumab. Of eight tested radiomic biomarkers, seven
showed significant predictive value, with key factors including liver tumor volume, total
tumor volume, and their changes after 8 weeks of treatment. A multimodal model based
on 40 clinical and imaging variables and a Random Forest algorithm achieved an AUC of
approximately 0.75 [140]. Côté et al. showed that germline SNPs in ERBB3 and BARD1
may be associated with worse relapse-free survival in patients with HER2-positive breast
cancer treated with the TCH regimen. In a study including 157 patients, SVM was used to
predict RFS events based on 6 SNPs and follow-up time, with AI serving a supportive role
while the main contribution was the identification of predictive biomarkers for treatment
response [141].

Particularly promising within digital histopathology and molecular profiling are
models predicting response to immunotherapy. Li et al. applied automated immunopheno-
typing of digital histopathology slides in a cohort including patients with triple-negative
breast cancer from the IMpassion130 trial. Algorithms analyzed the spatial distribution
of CD8+ lymphocytes relative to tumor cells and classified tumors as desert, excluded, or
inflamed. The inflamed phenotype was associated with greater benefit from atezolizumab
plus nab-paclitaxel and better overall survival and progression-free survival compared
to desert or excluded phenotypes [142]. Greenwald et al. analyzed 103 patients with
metastatic TNBC from the TONIC trial using highly multiplexed imaging of 37 proteins
across 270 tumors. The SpaceCat pipeline extracted over 800 features per sample, in-
cluding cell density, immune population diversity, spatial interactions, and functional
marker expression. The best prediction of response to nivolumab was obtained from
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on-treatment samples, where multivariable models achieved an AUC of approximately
0.90 [143]. Complementarily, Hernando-Calvo et al. showed that a 12-gene transcriptomic
signature (VIGex) and ctDNA dynamics can predict outcomes of pembrolizumab therapy.
Patients with VIGex-Hot tumors had higher response rates than intermediate-cold/cold
groups (24% vs. 10%), and the combination of VIGex-Hot with decreasing ctDNA yielded
an ORR of 53%, while no responses were observed in the VIGex I-Cold/Cold group with
increasing ctDNA [144]. These data suggest that AI-based integration of digital pathology,
spatial microenvironment analysis, transcriptomics, and ctDNA may support prediction of
immunotherapy benefit. However, superiority over established biomarkers such as PD-L1
or TMB requires confirmation in prospective comparative studies [142–144].

3.3.3. AI-Guided Treatment Selection

A third area is active treatment selection, meaning the use of AI not only to assess risk
or response, but also to recommend therapeutic strategies. Fan et al., in the LINUXtrial
study, applied deep learning to classify patients with metastatic HR+/HER2− breast cancer
after progression on CDK4/6 inhibitors into subtypes SNF1–SNF4 based on digital H&E
slides. Precision therapy tailored to AI-defined subtypes improved the overall objective
response rate from 23% in the control group to 51% in the precision treatment group. The
greatest benefit was observed in subtypes SNF2 and SNF4: in SNF2, ORR was 65% vs. 30%
and median PFS 8.1 vs. 4.3 months, while in SNF4 ORR was 70% vs. 20% and median PFS
7.0 vs. 3.4 months [145]. An even more direct example of AI as a treatment selection tool
was presented by Ge et al., who developed the GDnet model integrating transcriptomic data
with drug representations. The model was trained on 4371 patients from 31 datasets and
aimed to predict pCR after neoadjuvant therapy and select the optimal treatment regimen.
GDnet outperformed models based solely on transcriptomics, with AUROC around 0.71
vs. 0.68, and in simulated clinical trials increased treatment optimization intensity was
associated with a linear increase in odds ratio for achieving pCR from approximately 1.6
to 2.5 [146]. These studies illustrate the emerging concept of AI-assisted “digital therapy
testing”; however, its ability to guide treatment selection and improve patient outcomes
remains to be established in prospective clinical studies [145,146].

3.3.4. Radiotherapy Planning and Procedure Selection

Treatment selection may also involve local procedures, radiotherapy planning, and
patient-centered decisions. Mao et al. developed radiomic models to predict the optimal
number of fields in postoperative IMRT radiotherapy in 242 breast cancer patients. The best
radiomic model based on Random Forest achieved an accuracy of 0.76, while a combined
model integrating radiomic score with clinical factors such as T stage, N stage, and type
of surgery increased accuracy to 0.80 [147]. Kazemimoghadam et al. developed the
SDL-Seg model for automatic segmentation of tumor bed volume after breast-conserving
surgery. In a study including 29 patients and 145 CT images, a saliency-guided 3D U-Net
achieved a mean Dice similarity coefficient of 76.4%, HD95 of 6.76 mm, and ASD of 1.9 mm,
outperforming the classical U-Net (Dice 62.6%). Segmentation of a single image took
approximately 10 s, which may be relevant for rapid radiotherapy planning workflows [148].
Another dimension of treatment selection is presented by the CINDERELLA study, a
prospective, randomized, multicenter trial including approximately 1030 patients. The
AI platform uses clinical images, biometric and clinical data, and case-based reasoning to
predict aesthetic outcomes of locoregional treatment. This is not a prediction of oncological
response, but a tool supporting shared decision-making by better aligning treatment choices
with patient expectations [149].
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It is also worth emphasizing that AI can support the selection of patients for further
invasive diagnostics, which constitutes an indirect element of therapeutic decision-making.
Liu et al. developed a deep learning model to predict malignancy of BI-RADS 4 micro-
calcifications in screening mammography. In a retrospective analysis of 384 patients and
414 histopathologically confirmed microcalcifications, including 221 malignant and 193 be-
nign, the best combined model integrating mammography with clinical and radiological
data achieved in the test set an AUC of 0.910, sensitivity of 85.3%, and specificity of 91.9%.
The model outperformed standard BI-RADS assessment and improved the performance
of junior radiologists: AUC increased from 0.816 to 0.854 and from 0.773 to 0.901 respec-
tively, and interobserver agreement measured by kappa increased from 0.331 to 0.843.
Although this study primarily concerns malignancy prediction, its clinical significance
lies in better selection of patients requiring biopsy and reduction in unnecessary invasive
procedures [150].

3.4. AI in Survivorship, Supportive Care, and Patient Communication

In recent years, an expansion of artificial intelligence applications in breast cancer has
been observed, moving toward supporting patient care, quality of life, and optimization of
the clinical pathway. A particularly important direction is the use of AI in survivorship care,
i.e., long-term care after oncological treatment. The ASCAPE project represents an example
of a comprehensive approach to quality of life prediction, in which machine learning models
integrate data from medical records, QoL questionnaires, mobile applications, wearable
devices, and environmental data to predict problems such as anxiety, depression, fatigue,
joint pain, sleep disturbances, neurotoxicity, or lymphedema in subsequent 3-month follow-
up periods. This project employs advanced technical solutions, including federated learning
and homomorphic encryption, highlighting the growing importance of secure data analysis
in multicenter and cross-border contexts. Although this approach does not directly concern
oncological prognosis or tumor response to treatment, it demonstrates the potential of AI in
predicting and preventing treatment-related complications and in personalizing supportive
care [151].

Complementing this direction are digital interventions using AI to improve quality
of life and reduce psychological symptoms. Jiang et al., in a randomized study involving
124 young patients (18–45 years), demonstrated that the AI-TA mobile application, using
behavioral data analysis and content personalization, led to significant improvement in
psychological symptoms (MSAS-SF), self-efficacy (CBI-B), social support, and quality of
life (FACT-B) after just 1 month, with sustained effects after 3 months [152]. In turn, in
a study by Schmitz et al., involving 42 patients with metastatic breast cancer, the virtual
assistant Nurse AMIE monitored daily symptoms such as pain, fatigue, sleep, and distress,
and proposed supportive interventions. The intervention was well evaluated (acceptability
~51%, feasibility 65%, satisfaction ≥ 70%), although no statistically significant improvement
in clinical parameters was observed, which may be due to the limited sample size [153].
These results suggest that AI can serve as a tool supporting symptom monitoring and
communication with the patient [152,153].

Another important area is the use of AI in patient education and improving com-
munication during the treatment process. In a randomized study by Lee et al., involving
145 patients undergoing radiotherapy, a chatbot and video materials were compared with
traditional forms of education in terms of their effect on treatment-related anxiety. In the
overall population, no significant differences were observed in anxiety reduction measured
by APAIS, STAI, and LASA scales; however, subgroup analysis showed a trend toward
greater anxiety reduction in younger patients (≤50 years) using the chatbot [154]. Similarly,
Al-Hilli et al. conducted a randomized trial involving 37 women with stage 0-III breast
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cancer, comparing an AI chatbot with traditional genetic counseling. All patients opted
for genetic testing, and pathogenic variants were detected in 13.5% (5/37). The chatbot
achieved comparable results to traditional counseling both in terms of knowledge (median
11 vs. 12 points) and satisfaction (median 30 points), without affecting treatment delays or
surgical decisions [155].

3.5. Comparative Clinical Readiness of AI Applications in Breast Cancer Care

The current landscape of artificial intelligence in breast cancer demonstrates substantial
heterogeneity not only in diagnostic performance but also in validation quality, translational
maturity, and real-world clinical applicability. While some AI applications are approaching
integration into routine clinical workflows, others remain highly experimental despite
reporting very high performance metrics.

Among all currently available applications, AI-assisted mammographic screening
possesses the strongest level of clinical evidence and the highest degree of translational
readiness. Large prospective and population-based studies, including the ScreenTrustCAD
and MASAI trials, demonstrated that AI-supported mammographic screening can achieve
performance comparable to or exceeding standard double-reading workflows while si-
multaneously reducing radiologists’ workload [110,111,113]. Importantly, these studies
included prospective evaluation, external validation and real-world implementation in-
volving very large cohorts exceeding hundreds of thousands of examinations [110–114].
Therefore, mammography currently represents the AI application closest to routine clinical
implementation in breast cancer care.

In contrast, AI applications in breast MRI remain less clinically mature despite fre-
quently reporting very high diagnostic metrics. Deep learning and radiomic models demon-
strated strong performance in lesion classification, BI-RADS stratification, and molecular
subtype prediction, with several studies reporting AUC values above 0.90 [117–120]. How-
ever, most MRI studies remain retrospective, frequently originate from single centers, and
rarely include prospective validation [117–124]. Moreover, substantial concerns remain
regarding scanner dependence, protocol heterogeneity, and limited generalizability across
patient populations. Although MRI-based AI demonstrates considerable promise, its rou-
tine clinical implementation still requires large multicenter prospective validation studies.

Similarly, AI systems in ultrasound and elastography have shown encouraging results,
particularly in improving diagnostic accuracy among less experienced radiologists and
reducing false-positive findings [125–127]. Some studies included external validation
and demonstrated excellent diagnostic performance [125,126]. Nevertheless, operator
dependence, acquisition variability, and the lack of prospective workflow-based validation
continue to limit widespread implementation. Therefore, current ultrasound AI systems
should primarily be considered assistive rather than autonomous clinical tools.

Beyond imaging diagnostics, AI is increasingly being applied to prognosis prediction,
treatment response assessment, and precision oncology strategies. Radiomic and multi-
modal models predicting axillary lymph node involvement, recurrence risk, or response to
neoadjuvant therapy have demonstrated promising performance [134–139]. In addition,
AI-driven integration of imaging, transcriptomics, digital pathology, and ctDNA analysis
has shown potential in predicting immunotherapy benefit [140–142]. However, despite
encouraging retrospective results, most of these models remain investigational due to
limited external validation, relatively small cohorts, and the absence of prospective clinical
utility studies. Similarly, AI-guided treatment selection systems, including the LINUX
and GDnet studies, represent highly innovative approaches but remain early translational
technologies rather than clinically established decision-support systems [145,146].
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A particularly emerging area involves multimodal and patient-centered AI appli-
cations integrating imaging, genomics, pathology, electronic health records, symptom
monitoring, and survivorship care [129–131,151–155]. These approaches may ultimately
support comprehensive precision oncology ecosystems extending beyond diagnosis alone.
Nevertheless, current evidence remains heterogeneous and many systems are still limited
to proof-of-concept or pilot-stage evaluations.

Importantly, many published studies across imaging, prognostic, and therapeutic do-
mains report extremely high performance metrics, frequently with AUC values exceeding
0.90. Such findings should be interpreted cautiously, as they may partly reflect methodolog-
ical limitations including retrospective design, small or highly curated datasets, spectrum
bias, hidden data leakage, overfitting, limited demographic diversity, and insufficient
external or temporal validation. Therefore, excellent retrospective performance does not
necessarily translate into real-world clinical robustness, fairness, or generalizability.

Direct comparison of performance metrics across studies remains challenging because
of substantial methodological heterogeneity. The reviewed studies differed in patient
selection, disease prevalence, imaging modality, reference standard, dataset size, class dis-
tribution, outcome definition, decision threshold, and validation strategy. Moreover, some
studies reported results from internal test sets, whereas others used external, multicenter,
prospective, or real-world validation. Consequently, apparently similar AUC, sensitivity,
or specificity values should not be interpreted as directly equivalent across studies.

Future studies should consistently report cohort size and class distribution, patient
selection criteria, model-development and validation procedures, point estimates with
95% confidence intervals, sensitivity and specificity at prespecified decision thresholds,
and, where applicable, calibration measures. Clear distinction between internal, external,
prospective, and real-world validation would further improve comparability and facilitate
assessment of clinical readiness. For the purposes of this narrative review, clinical readiness
was categorized using an author-defined qualitative framework based on study design,
cohort size, availability of external or multicenter validation, prospective or randomized
evidence, consistency of reported performance, evaluation in real-world clinical workflows,
and evidence of clinical utility. “Moderate-High” readiness was assigned to applications
supported by large prospective, randomized, multicenter, or real-world studies demon-
strating consistent performance and potential workflow integration. “Low–Moderate”
readiness indicated promising results with some external or multicenter validation but
limited prospective or workflow-based evidence. “Low” readiness was assigned to applica-
tions supported predominantly by retrospective studies, with limited external validation
and no established prospective clinical utility. “Very Low” readiness indicated early proof-
of-concept or exploratory applications lacking robust external validation, prospective
evidence, and demonstrated integration into clinical practice. These categories are intended
for descriptive comparison within this review and do not represent a validated regulatory
or clinical grading system. The comparative clinical readiness of major AI applications in
breast cancer care is summarized in Table 3.

Table 3. Comparative clinical readiness of major AI applications in breast cancer care.

Application Typical Performance External Validation Prospective
Evidence

Current Clinical
Readiness References

Mammography
screening AI

High diagnostic accuracy;
improved cancer detection

and workflow efficiency

Present in several
large multicenter

studies

Yes; randomized
prospective trials

available
Moderate-High [110–114]

Breast MRI lesion
classification

Moderate-to-high
performance; several

studies report AUC > 0.90

Limited; available in
selected studies Rare Low–Moderate [117–120]
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Table 3. Cont.

Application Typical Performance External Validation Prospective
Evidence

Current Clinical
Readiness References

MRI molecular
subtype prediction

Promising but variable
radiogenomic performance Rare No Low [120,121]

Ultrasound and
elastography AI

High performance in
selected cohorts; reduction

in false positives

Present in some
multicenter studies Rare Low–Moderate [125–127]

Multimodal imaging
AI

Promising integration of
imaging and clinical

variables
Limited No Low [129–131]

Prognostic and
lymph node

prediction models

Moderate-to-high
performance in

retrospective cohorts
Limited Rare Low [134–138]

Prediction of
neoadjuvant

treatment response

Promising radiomic and
clinical–radiomic

performance
Rare No Low [139,140]

Immunotherapy
response prediction

Experimental but
biologically promising
multimodal approach

Rare No Very Low [142–144]

AI-guided treatment
selection systems

Early precision oncology
applications with

promising preliminary
result

Very limited No Very Low [145,146]

Radiotherapy
planning and

segmentation AI

Good technical
performance in selected

workflows
Limited Rare Low–Moderate [147,148]

Patient support,
survivorship and
chatbot systems

Moderate improvements in
symptom monitoring and

patient engagement
Limited Present in small

prospective studies Very Low [151–155]

Note: Clinical readiness categories were assigned using the author-defined qualitative framework described in
the preceding text.

In addition to this review-wide qualitative appraisal, a design-specific formal risk-of-
bias assessment was performed for the representative primary clinical studies included in
Table 4.

Table 4. Quantitative summary of representative studies evaluating AI applications in breast cancer
care.

Study/Application Sample Size Study Design/Validation Main Performance Results Reference

ScreenTrustCAD—
mammographic screening 55,581 women

Prospective,
population-based,

paired-reader
non-inferiority study

261 vs. 250 detected cancers;
11 additional cancers,

corresponding to a 4.4% relative
increase

[110]

MASAI—AI-supported
mammographic screening >105,000 participants Randomized controlled

screening study

Cancer detection rate: 6.4 vs. 5.0
per 1000 examinations; 338 vs.

262 cancers; 29% relative
increase; 44.2% reduction in

radiological readings

[111]

Nationwide German
implementation study >463,000 women Multicenter real-world

implementation study

Cancer detection rate: 6.7 vs. 5.7
per 1000 women; 17.6% relative
increase without an increase in

the false-positive rate

[112]

BL4AS—breast MRI lesion
classification 2686 patients; 2803 lesions External validation and

prospective evaluation

AUC 0.896–0.930 in external
validation and 0.892 in
prospective evaluation;

specificity 0.889 vs. 0.491 for
radiologists

[117]
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Table 4. Cont.

Study/Application Sample Size Study Design/Validation Main Performance Results Reference

Multiparametric MRI
model for differentiating

TNBC from fibroadenoma
319 patients

Retrospective
single-center study with

internal split-sample
testing; no external

validation

AUC 0.944; sensitivity 0.926;
specificity 0.950; accuracy 0.940 [118]

AI-SWE—shear-wave
elastography

924 patients (4026 images) in the
development set; 194 patients
(562 images) and 176 patients
(188 images) in two external

validation sets

International multicenter
model-development study

with two external
validation cohorts,

including validation using
updated SWE software

AUROC 0.94 and 0.93;
sensitivity 97.9% and 97.8% [126]

ScreenTrustMRI—AI-
based selection for
supplemental MRI

59,354 screened women;
559 underwent MRI

Interim analysis of
prespecified secondary
outcomes from the MRI

intervention arm of a
randomized

population-based trial

36 cancers detected among 559
MRI examinations; 64.4 cancers

per 1000 MRI examinations
[129]

4. Discussion
This review indicates that artificial intelligence is increasingly being investigated for

applications in diagnosis, prognosis, prediction of treatment response, and the organization
of care for patients with breast cancer. The analyzed studies suggest that AI should not
be viewed solely as a tool for automatic detection of neoplastic lesions, but rather as a
technology with the potential to support different stages of the clinical pathway, from
screening and tumor biology assessment to treatment personalization and post-therapy
care [110–155].

The evidence summarized in Tables 3 and 4 illustrates a clear difference in method-
ological maturity across clinical applications. AI-supported mammographic screening is
supported by large prospective, randomized, and real-world studies, whereas evidence
concerning MRI, ultrasound, molecular prediction, treatment-response assessment, and
treatment selection is derived predominantly from retrospective cohorts, smaller datasets,
and internal validation. This contrast directly informs the following discussion of generaliz-
ability, risk of overfitting, external validation, workflow integration, and clinical readiness.

From a methodological perspective, both classical machine learning algorithms such
as SVM, Random Forest, kNN and logistic regression as well as modern deep learning
architectures, including CNN, ResNet, VGG, EfficientNet, and transfer learning, are of
particular importance [13–38]. Classical ML methods remain especially relevant in the
analysis of tabular, clinical, radiomic and molecular data, where datasets are often smaller
and model interpretability is of significant clinical importance [13–20]. In contrast, deep
learning models have demonstrated strong performance in medical image analysis, as they
enable automatic feature extraction without the need for manual design [21–24]. Transfer
learning is especially relevant in breast cancer, as medical data are often limited, difficult to
obtain, and require expert annotation [36–38].

The strongest clinical evidence currently concerns the application of AI in screening
mammography. Results from the ScreenTrustCAD and MASAI studies suggest that AI can
achieve performance comparable to standard double reading by radiologists while poten-
tially increasing breast cancer detection rates and reducing radiologists’ workload [110,111].
Notably, in the MASAI study, the use of AI was associated with an increase in cancer
detection from 5.0 to 6.4 per 1000 screenings and a reduction in the number of radiological
readings by 44.2% [111]. Real-world clinical data further support the potential utility of
AI; a large German study involving over 463,000 women reported increased breast cancer
detection without a corresponding increase in false-positive rates [112]. Although these
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findings are encouraging, further prospective validation is required before broad clinical
implementation.

AI has also demonstrated potential in breast MRI, particularly in differentiating benign
and malignant lesions, stratifying BI-RADS 4 lesions, and assessing tumor biology [117–124].
Deep learning models have achieved high AUC values and, in some studies, improved
specificity compared to radiologists, suggesting a possible role in reducing unnecessary biop-
sies [117–119]. Importantly, MRI represents an area where AI may extend beyond simple
image classification. Deep learning models have shown the ability to predict molecular sub-
types such as TNBC and HER2-enriched, while AI-based image reconstruction approaches
have demonstrated the potential to shorten DWI acquisition times while maintaining diagnos-
tic performance [120,123]. These findings indicate promising opportunities for AI to support
both image interpretation and technical optimization of the diagnostic process, although
prospective validation remains necessary.

In ultrasound and multimodal approaches, AI may provide support particularly
for less experienced radiologists and may help reduce false-positive findings [125–128].
In a study on automated breast volume scanning (ABVS), AI was associated with im-
provements in sensitivity, specificity, and diagnostic accuracy among less experienced
radiologists, while also reducing interpretation time [125]. Similarly, models analyzing
elastography demonstrated promising diagnostic performance and may help reduce un-
necessary biopsies in BI-RADS 3 and 4 lesions [126,127]. A particularly important direction
is the integration of different imaging modalities and clinical data. An example is the
ScreenTrustMRI strategy, where AI identified women with negative mammography who
might benefit most from additional MRI [129]. This reflects the potential of AI to contribute
to more personalized diagnostic strategies.

Applications of AI in prognosis and treatment selection suggest that this technology may
support the development of personalized medicine. Models integrating radiomic, clinico-
pathological, and molecular data have demonstrated promising performance in predicting
axillary lymph node involvement, risk of progression, recurrence, or death [134–138]. In the
context of neoadjuvant treatment, radiomic models outperformed conventional imaging in
predicting response in axillary lymph nodes [129]. Particularly promising are models predict-
ing response to immunotherapy, which integrate digital pathology, tumor microenvironment
analysis, transcriptomics and ctDNA [142–144]. While these findings are encouraging, their
clinical utility requires prospective validation in larger and more diverse patient populations.

An interesting direction is also the use of AI as a potential tool for treatment selection.
The LINUXtrial study suggested that classification of patients into AI-defined subtypes may
be associated with improved objective response rates in metastatic HR+/HER2− breast
cancer [145]. Meanwhile, the GDnet model, integrating transcriptomic data with drug
representations, demonstrated the potential for digitally comparing different therapeutic
strategies prior to clinical application [146]. Such approaches may eventually expand the
role of AI beyond risk assessment; however, their clinical value remains to be established
in prospective studies.

It is also important to emphasize that AI applications in breast cancer extend beyond
diagnosis and oncological treatment. Increasing attention is being given to tools supporting
quality of life, symptom monitoring, patient education, and communication with the
medical team [151–155]. The ASCAPE project demonstrated the potential of AI in long-
term post-treatment care by predicting symptoms such as anxiety, depression, fatigue, pain,
sleep disturbances, and lymphedema [151]. Mobile applications, virtual assistants, and
chatbots may support patients in education, self-care and symptom monitoring, although
current evidence suggests that their effectiveness depends on factors such as sample size,
patient age, and the specific endpoints assessed [152–155].

https://doi.org/10.3390/a19070524

https://doi.org/10.3390/a19070524


Algorithms 2026, 19, 524 37 of 53

4.1. Challenges, Limitations and Future Directions of AI in Breast Cancer

The implementation of AI in routine clinical practice in breast cancer still faces significant
limitations. One of the main challenges is model generalizability, as many studies-particularly
in MRI, tumor biology prediction and treatment planning are retrospective, involve relatively
small patient cohorts, and often originate from single centers [117–124,139–141,147,148]. Such
models may achieve excellent performance on training or test datasets but may perform less
effectively when applied to different populations, imaging systems, diagnostic protocols, or
healthcare settings.

Another limitation is interpretability, especially in the case of nonlinear models
such as SVM and complex deep learning architectures, which may function as “black
boxes” [14,15,21–24]. In oncology, this is particularly important, as diagnostic and ther-
apeutic decisions must not only be accurate but also clinically explainable. Data quality
remains another key challenge: AI models require large, well-annotated, and representative
datasets, whereas medical data are often limited, heterogeneous, difficult to standardize,
and require time-consuming expert annotation [36–38].

Additionally, some studies report very high performance metrics but lack suffi-
cient external or prospective validation, limiting their direct applicability in clinical
practice [117–124,132,138]. Social and ethical aspects must also be considered. Patients tend
to prefer hybrid models in which AI supports radiologists rather than fully autonomous
systems replacing human decision-making [116].

Therefore, future development of AI in breast cancer should focus on large, prospec-
tive, multicenter validation studies, data and protocol standardization, development of
explainable models, and integration of AI into existing clinical workflows. Particularly
promising are multimodal systems combining data from mammography, MRI, ultrasound,
genomics, transcriptomics, ctDNA and clinical information [129–131,134–146].

In the future, AI may support personalized screening, reduction in unnecessary biop-
sies, prediction of response to systemic and immunotherapy, radiotherapy planning, treat-
ment selection, and long-term post-treatment care [60,70–86]. However, safe implementa-
tion will require maintaining physician oversight, ensuring model transparency, protecting
data privacy and demonstrating real clinical benefit in prospective studies.

4.2. Methodological Weaknesses of Current AI Studies

Despite the rapidly growing number of studies investigating artificial intelligence in
breast cancer, substantial methodological limitations continue to hinder the translation
of many AI systems into routine clinical practice. Although numerous studies report
excellent diagnostic and predictive performance, these findings should often be interpreted
cautiously due to important issues related to dataset quality, validation strategies, model
generalizability and reproducibility.

One of the most common limitations is the predominance of retrospective study
designs. Many AI models in breast imaging, prognosis prediction, and treatment response
assessment were developed and evaluated using retrospective datasets collected from
single institutions [117–131,134–146]. While retrospective analyses are useful for initial
model development, they are inherently associated with selection bias, spectrum bias
and limited control over data heterogeneity. As a result, model performance observed in
retrospective cohorts may not accurately reflect real-world clinical effectiveness.

The lack of robust external validation also remains a major issue. Although se-
lected studies incorporated multicenter validation cohorts [110–114,125,126,134], many
published AI models were evaluated only using internal validation or random train–test
splits [117–124,129–146]. Internal validation alone is insufficient to ensure clinical robust-
ness because patients from the same institution frequently share similar imaging protocols,
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scanner characteristics, demographic features, and annotation practices. Consequently,
model performance may deteriorate substantially when applied to data obtained from
different healthcare systems or imaging platforms.

Closely related to this issue is the problem of scanner and protocol dependence. Imag-
ing data used for AI training may vary considerably according to MRI vendor, ultrasound
acquisition settings, mammography equipment, reconstruction algorithms, and institu-
tional imaging protocols [117–131]. Therefore, models trained in one environment may
fail to maintain comparable performance in external clinical settings. This challenge is
particularly important in breast MRI and ultrasound, where image acquisition remains
relatively heterogeneous and operator-dependent.

Another important but often underreported issue is hidden data leakage. In AI re-
search, leakage may occur when information from the test set unintentionally influences
model training, leading to artificially inflated performance metrics. Although many re-
viewed studies reported excellent diagnostic accuracy, sensitivity and AUC values, insuffi-
cient methodological transparency in some studies makes it difficult to fully exclude subtle
forms of leakage, particularly in retrospective image-based datasets [117–131,134–146].
This issue may partially explain why some models demonstrate near-perfect performance
despite relatively limited datasets.

Discrimination and calibration represent two distinct aspects of model performance.
Discrimination describes the ability of a model to distinguish between patients with and
without a particular outcome and is commonly assessed using AUC, sensitivity, and
specificity. Calibration, in contrast, describes the agreement between predicted probabilities
and the frequencies of outcomes observed [156]. Consequently, a model may demonstrate
excellent discrimination while remaining poorly calibrated, meaning that its predicted
probabilities systematically overestimate or underestimate the true risk.

One commonly used measure of overall probabilistic prediction error is the Brier score:

Brier =
1
N

N

∑
i=1

(p̂i − yi)
2 (14)

where N is the number of observations, p̂i is the probability predicted for the i-th observa-
tion, and yi is the corresponding observed binary outcome. Lower Brier scores indicate
smaller differences between predicted probabilities and observed outcomes.

Calibration should also be evaluated graphically by comparing predicted proba-
bilities with observed outcome frequencies across clinically relevant risk groups. In a
well-calibrated model, the calibration curve should approximate the 45-degree identity line.
However, among the studies summarized in this review, calibration measures and calibra-
tion plots were reported substantially less frequently than discrimination metrics. This
limits assessment of whether the reported probabilities can be reliably used for individual
clinical decision-making.

Class imbalance represents another important methodological concern. In breast
cancer datasets, positive cases are often substantially less frequent than negative cases.
Consequently, accuracy alone may provide a misleading assessment of model performance.
For example, in a dataset with a disease prevalence of 5%, a classifier that assigns every
case to the negative class would achieve an accuracy of 95% while having a sensitivity of
zero. Therefore, studies using imbalanced datasets should report class distribution and
complement accuracy with metrics such as sensitivity (recall), specificity, precision, F1-score,
and the Matthews correlation coefficient (MCC). Where appropriate, precision–recall curves
and the area under the precision–recall curve should also be considered. In the reviewed
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literature, dataset balancing procedures and class-sensitive performance measures were
not reported consistently, which limits direct comparison between studies.

F1 = 2 × Precision × Recall
Precision + Recall

, (15)

MCC =
TP × TN − FP × FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(16)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. The F1-score summarizes the balance between precision and recall,
whereas MCC incorporates all four components of the confusion matrix and is particularly
informative when class distributions are imbalanced [157]. However, no single metric fully
characterizes clinical performance; therefore, these measures should be interpreted together
with sensitivity, specificity, disease prevalence, and the intended clinical application.

The reproducibility of AI studies also remains problematic. Many studies use propri-
etary datasets, institution-specific preprocessing pipelines, and non-standardized annota-
tion methods [117–146]. In addition, differences in lesion segmentation, radiomic feature
extraction, image preprocessing, and threshold selection may substantially influence fi-
nal model performance. Such variability complicates independent validation and limits
reproducibility across institutions.

Annotation variability constitutes another important challenge. In breast imaging and
pathology, annotations often depend on expert interpretation, which may differ between
radiologists and pathologists. Variability in BI-RADS classification, lesion segmentation, or
histopathological labeling may introduce additional noise into training datasets and affect
model stability [117–131].

Finally, many currently available AI systems remain insufficiently evaluated in
prospective clinical workflows. Although mammography screening studies such as MA-
SAI and ScreenTrustCAD demonstrated encouraging prospective results [110,111,113], the
majority of AI applications in MRI, ultrasound, prognosis prediction, immunotherapy re-
sponse assessment, and treatment selection remain at the retrospective or proof-of-concept
stage [117–146]. Therefore, despite highly promising preliminary findings, the real-world
clinical utility of many AI systems in breast cancer remains incompletely established.

Although a design-specific formal risk-of-bias assessment was performed for the rep-
resentative primary studies summarized in Table 4, the remaining heterogeneous literature
was evaluated qualitatively. Therefore, the appraisal should not be interpreted as a compre-
hensive risk-of-bias assessment of all 180 publications included in the narrative synthesis.

Overall, current evidence suggests that artificial intelligence has considerable potential
in breast cancer care; however, substantial methodological improvements, including larger
multicenter datasets, rigorous external and prospective validation, improved reproducibil-
ity, standardized reporting, and robust evaluation of model calibration and generalizability,
are necessary before widespread clinical implementation can be achieved.

Sample Size, Model Complexity and Risk of Overfitting

Another important methodological concern is the frequent use of relatively small and
highly curated datasets. For example, some of the reviewed MRI studies included only 136
patients for molecular subtype prediction [120] or 131 patients for predicting occult invasive
disease in ductal carcinoma in situ [124]. One of these studies reported an AUC exceeding
0.900 despite the limited cohort size [120]. Although high diagnostic performance in a small
cohort does not necessarily indicate an invalid model, it increases uncertainty regarding
the stability, reproducibility, and generalizability of the reported results.
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Sample-size adequacy in artificial intelligence studies cannot be determined solely
from the total number of model parameters or the number of available images. Multiple
images or lesions obtained from the same patient are correlated and should not be inter-
preted as fully independent observations. Consequently, the number of patients and the
number of outcome events within each class are generally more informative than the total
number of images alone.

The sample size required for reliable model development depends on several factors,
including the clinical task, outcome prevalence, class balance, number of candidate pre-
dictors, dimensionality of the input data, model complexity, use of transfer learning or
regularization, and the planned validation strategy. Therefore, a single universal sample-
size threshold cannot be applied equally to conventional regression models, classical
machine learning algorithms, and deep neural networks.

Future studies should report the number of patients, lesions or examinations, outcome
events in each class, allocation of observations to training, validation, and test sets, and
whether data partitioning was performed at the patient level. Authors should also justify
the adequacy of the sample size and use independent external or temporal validation
whenever possible. Very high performance estimates obtained from small internal test
sets should be interpreted cautiously, particularly when confidence intervals, calibration
measures, or external validation are unavailable.

4.3. Bias, Fairness, and Equity in AI-Based Breast Cancer Care

Despite the rapidly growing adoption of artificial intelligence in breast cancer diag-
nostics and precision oncology, important concerns remain regarding bias, fairness, and
health equity. AI systems are highly dependent on the quality and representativeness of
the datasets used during model development and biased datasets may lead to unequal
performance across different patient populations. In medical imaging AI, biases may origi-
nate from demographic imbalance, differences in disease prevalence, imaging acquisition
protocols, scanner variability and annotation practices, potentially resulting in systematic
disparities in model performance [158]. These concerns are particularly important in breast
cancer imaging, where breast density, imaging accessibility, socioeconomic factors, and
disease presentation may differ substantially across populations.

Algorithmic bias may also emerge when underrepresented demographic groups are in-
sufficiently represented in training datasets. Healthcare AI systems trained predominantly
on data from specific racial, geographic, or socioeconomic populations may unintentionally
perpetuate existing healthcare inequalities and demonstrate reduced generalizability in
underserved patient groups [159]. In oncology, unequal access to high-quality imaging,
molecular diagnostics, and digital healthcare infrastructure may further amplify disparities
in AI-supported cancer care [160,161]. Consequently, AI systems developed using highly
curated datasets from tertiary academic centers may not maintain equivalent performance
in lower-resource clinical environments.

Another important concern is the possibility that AI systems unintentionally learn hid-
den demographic information unrelated to disease biology. Recent studies demonstrated
that deep learning algorithms can identify patient race directly from medical imaging data
with unexpectedly high accuracy, even when such information is not visually recogniz-
able to clinicians [162]. This finding raises concerns that AI models may rely on hidden
surrogate features associated with race, institutional imaging characteristics, or technical
acquisition parameters rather than clinically meaningful tumor features.

Bias associated with imaging hardware and acquisition heterogeneity also remains
a major challenge in breast imaging AI. As discussed in previous sections, MRI and ul-
trasound studies frequently involve data acquired using specific scanners, vendors, and
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institutional imaging protocols [117–131]. Such dependence may reduce model robustness
and disproportionately affect healthcare systems with different technological resources or
imaging standards. Therefore, external multicenter validation across diverse patient popu-
lations and imaging environments remains essential before broad clinical implementation
can be considered.

4.4. Explainable AI and Clinician-AI Collaboration

One of the major barriers limiting the clinical adoption of artificial intelligence in breast
cancer care is the limited interpretability of many machine learning and deep learning
models. Complex architectures such as convolutional neural networks and ensemble
models often function as “black boxes,” meaning that the reasoning behind individual
predictions may not be directly understandable to clinicians [13–15,21–24]. In oncology,
where diagnostic and therapeutic decisions may have critical consequences for patient
outcomes, transparency and explainability are particularly important for establishing
clinical trust, accountability, and safe implementation [107,162–164].

To address these limitations, increasing attention has been directed toward XAI meth-
ods. In breast cancer imaging and prediction models, explainability techniques such as
Grad-CAM, SHAP, saliency maps, attention maps and feature attribution methods are in-
creasingly being used to visualize regions of interest and identify the features contributing
most strongly to model predictions [107,162,165]. In mammography, MRI, ultrasound and
histopathological imaging, Grad-CAM-based heatmaps may help clinicians understand
which image regions influenced AI classification decisions, potentially improving trans-
parency and facilitating human-AI collaboration [165]. Similarly, SHAP-based approaches
may provide feature-level interpretability for radiomic, clinical, and multimodal prediction
models by estimating the contribution of individual variables to a specific prediction [166].

Explainability may also improve clinician trust and facilitate integration of AI into
clinical workflows. Studies evaluating clinician-oriented explanations demonstrated that
interpretable outputs may improve physicians’ understanding of AI-generated recommen-
dations and support more informed decision-making processes [165]. In breast imaging,
explainability tools may additionally help radiologists identify potential model failures, rec-
ognize spurious correlations, and verify whether AI systems focus on clinically meaningful
imaging features rather than irrelevant artifacts [107,162,167–169].

However, explainability methods themselves also possess important limitations.
Saliency maps and heatmap-based techniques may appear visually convincing despite
not always accurately reflecting the true internal reasoning of a model. Similarly, SHAP
and LIME explanations may be affected by feature collinearity, instability and sensitivity
to input perturbations, potentially leading to misleading interpretations [167]. Therefore,
explainability should not be interpreted as proof of model correctness or reliability, but
rather as an additional tool supporting transparency and critical evaluation.

Another emerging concept is clinician-AI collaboration through “human-in-the-loop”
systems, where AI serves as a decision-support tool rather than a fully autonomous sys-
tem [107,162,164]. Current evidence suggests that hybrid approaches combining physician
expertise with AI assistance may achieve better clinical acceptance and safer implemen-
tation than fully automated workflows. This is particularly relevant in breast cancer care,
where diagnostic uncertainty, treatment complexity, and individualized patient manage-
ment require continuous clinical oversight.

Overall, explainable AI represents an important step toward improving the trans-
parency, trustworthiness and clinical usability of AI systems in breast cancer care. Never-
theless, further research is still required to standardize explainability methods, evaluate
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their clinical utility, and determine whether interpretable AI systems truly improve patient
outcomes and decision-making reliability in real-world oncology practice.

4.5. Emerging AI Approaches in Breast Cancer

Recent advances in artificial intelligence are rapidly expanding beyond conventional
convolutional neural network architectures and task-specific machine learning models.
Emerging approaches such as ViTs, foundation models, self-supervised learning, federated
learning, uncertainty-aware AI, continual learning, and multimodal large models may
significantly influence the future development of breast cancer diagnostics and precision
oncology [170–177].

One of the most important recent developments is the growing use of transformer-
based architectures in medical imaging. Unlike classical CNNs, Vision Transformers are
capable of capturing long-range spatial relationships and global contextual information
within images, potentially improving performance in complex imaging tasks such as lesion
detection, segmentation, and radiogenomic analysis [177]. Transformer-based architectures
may be particularly useful in breast MRI and multimodal imaging, where interpreta-
tion often requires integration of distributed imaging features across multiple sequences
and scales.

Another rapidly developing field involves foundation models and generalist medical
AI systems. These models are trained using extremely large multimodal datasets and self-
supervised learning strategies, enabling adaptation to multiple downstream clinical tasks
with limited task-specific training. Foundation models may eventually integrate imaging,
pathology, genomics, electronic health records and clinical narratives into unified predictive
systems capable of supporting diagnosis, prognosis, and treatment planning [170].

Self-supervised learning has also emerged as a promising strategy for overcoming one
of the major limitations of medical AI, namely the scarcity of large, well-annotated datasets.
Instead of relying exclusively on manually labeled data, self-supervised models learn
generalized image representations from large unlabeled datasets and can subsequently
be fine-tuned for specific clinical applications [171]. This approach may be particularly
important in breast imaging, where expert annotation is time-consuming, expensive and
often limited by interobserver variability.

Increasing attention is also being directed toward federated learning, which enables
collaborative model training across multiple institutions without direct sharing of patient
data [172]. Such approaches may improve generalizability while simultaneously addressing
privacy concerns and regulatory requirements associated with sensitive medical informa-
tion. Federated learning may be particularly relevant in breast cancer AI, where multicenter
collaboration is essential for obtaining sufficiently diverse datasets while maintaining
compliance with GDPR, HIPAA, and other privacy regulations.

Another emerging direction involves synthetic data generation and diffusion mod-
els. Diffusion-based generative models may produce realistic synthetic medical images
that can potentially augment limited training datasets, improve robustness and reduce
overfitting [176]. Synthetic imaging data may additionally help address demographic
imbalance and underrepresentation in AI training datasets, although concerns remain
regarding realism, hidden artifacts and potential propagation of existing biases.

Model robustness and reliability are also increasingly recognized as critical require-
ments for safe clinical implementation. Uncertainty-aware AI systems aim to estimate
prediction confidence and identify cases where model outputs may be unreliable or am-
biguous [174]. Such approaches may improve safety in high-risk clinical environments
by enabling clinicians to recognize uncertain predictions and maintain appropriate over-
sight. Similarly, continual learning approaches aim to allow AI systems to adapt dynam-
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ically to evolving clinical data, imaging protocols and population characteristics after
deployment [175]. This may be particularly important in breast imaging, where scanner
technologies, acquisition protocols and disease patterns continuously evolve over time.

Finally, domain adaptation techniques are increasingly being investigated to address
one of the major limitations of current breast imaging AI systems: poor generalizability
across institutions and imaging devices. Differences in scanner vendors, acquisition pro-
tocols, image quality, and patient populations may substantially reduce external model
performance [173]. Domain adaptation methods seek to improve robustness across het-
erogeneous datasets and may represent an important step toward reliable multicenter
clinical deployment.

Despite their considerable promise, most of these emerging AI approaches remain at
relatively early stages of clinical translation. Large prospective validation studies, stan-
dardized evaluation frameworks, transparent reporting and careful regulatory oversight
will remain essential before these technologies can be safely integrated into routine breast
cancer care.

4.6. Regulatory and Ethical Landscape

Despite the rapidly growing development of artificial intelligence in breast cancer
diagnostics and precision oncology, regulatory approval, ethical oversight and governance
frameworks remain major challenges for safe clinical implementation. AI systems in-
tended for medical use are increasingly being recognized as high-risk technologies due
to their direct influence on diagnostic and therapeutic decision-making, emphasizing
the need for robust regulatory supervision, transparency, accountability, and continuous
monitoring [178–184].

The number of FDA-approved AI-based medical devices has increased substantially
in recent years, particularly in radiology and medical imaging applications [178]. However,
regulatory approval alone does not necessarily guarantee long-term clinical reliability or
generalizability. Many AI systems are developed using retrospective datasets and may
experience performance degradation after deployment because of domain shift, evolving
imaging protocols, demographic variability, and changes in clinical practice [181]. Conse-
quently, regulatory agencies such as the FDA increasingly emphasize the importance of
post-market surveillance, continuous performance evaluation, and lifecycle monitoring for
AI-based Software as a Medical Device (SaMD) systems [182].

An additional challenge involves the emergence of adaptive and continually learning
AI systems. Unlike traditional static medical software, some AI models may evolve after
deployment through ongoing exposure to new clinical data. This creates significant regula-
tory complexity because continuously updating algorithms may change their behavior over
time, potentially affecting safety, reproducibility, and clinical reliability [182,184]. There-
fore, current regulatory discussions increasingly focus on predefined update protocols,
algorithmic transparency, auditability and continuous validation frameworks.

In Europe, the recently introduced European Union Artificial Intelligence Act (EU AI
Act) classifies many medical AI applications as high-risk systems requiring strict compli-
ance with transparency, safety, risk management, and human oversight obligations [179].
Similarly, ethical frameworks proposed by the World Health Organization emphasize that
AI systems in healthcare should ensure transparency, explainability, equity, privacy protec-
tion, and maintenance of physician oversight during clinical decision-making [184]. These
principles are particularly relevant in oncology, where AI-assisted decisions may directly
influence diagnosis, treatment selection and patient outcomes.

Data governance and patient privacy also remain central concerns in medical AI devel-
opment. The use of large-scale imaging, genomic and clinical datasets requires compliance
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with privacy regulations such as the General Data Protection Regulation (GDPR) and other
healthcare data protection frameworks [183]. Federated learning and privacy-preserving
AI approaches may partially address these concerns by enabling collaborative multicenter
model training without direct sharing of sensitive patient data [172].

Another important issue involves explainability and trustworthiness. Ethical analyses
emphasize that clinicians must be able to understand, critically evaluate, and appropriately
supervise AI-generated recommendations before these systems can be safely integrated
into routine care [180,184]. The lack of transparency in complex deep learning systems may
complicate accountability and legal responsibility when diagnostic errors occur. Conse-
quently, questions regarding liability, auditability and allocation of responsibility between
clinicians, healthcare institutions and AI developers remain incompletely resolved [184].

5. Conclusions
Artificial intelligence is being investigated across multiple aspects of breast cancer

care, extending beyond traditional image classification tasks. Current evidence is strongest
for AI-supported mammographic screening, whereas applications in MRI, ultrasound,
histopathology, prognostic modeling, treatment-response prediction, and treatment selec-
tion remain at varying stages of clinical validation. Machine learning and deep learning
algorithms have shown substantial potential in supporting personalized treatment planning
and precision oncology approaches.

Recent advances indicate that the field is evolving toward more sophisticated
paradigms, including Vision Transformers, foundation models, self-supervised learn-
ing, multimodal large models, federated learning, and explainable AI. These approaches
may enable the integration of imaging, pathology, genomic, and clinical data within
unified predictive frameworks, providing a more comprehensive representation of tu-
mor biology and supporting individualized patient management. Furthermore, privacy-
preserving and uncertainty-aware AI systems may contribute to safer and more trustworthy
clinical implementation.

Despite these developments, important challenges remain. Many published studies
are retrospective, based on relatively small or single-center datasets, and lack rigorous
prospective validation. Additional concerns include limited interpretability, domain shift,
data heterogeneity, algorithmic bias, regulatory requirements, and integration into existing
clinical workflows. Addressing these limitations will be essential before AI can be routinely
adopted in everyday oncological practice.

Overall, artificial intelligence should be viewed not as a replacement for clinicians
but as a powerful decision-support tool capable of augmenting human expertise. Future
research should focus on prospective multicenter studies, robust external validation, trans-
parent and explainable models, and the development of clinically deployable multimodal
systems. Such advances may ultimately contribute to earlier diagnosis, more effective
treatment selection, improved patient outcomes, and the realization of precision oncology
in breast cancer care.
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