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Abstract

Introduction: Contrast enhanced mammography (CEM) combines standard
mammographic imaging with functional enhancement patterns and is increasingly
used in diagnostic and staging pathways. Artificial intelligence (Al) has shown strong
potential in breast imaging, yet its application to CEM remains limited.

Objectives: This narrative expert review summarizes current evidence on Al applied
to CEM, identifies methodological gaps, and outlines future directions for clinically
integrated, precision-oriented models.

Methods: A narrative review of peer reviewed studies was conducted, focusing on Al
for lesion detection, classification, segmentation, radiomics, workflow support, and
emerging multidimensional frameworks involving CEM. Given the heterogeneity of
available studies and the early developmental stage of the field, a narrative expert
review was considered more appropriate than a protocol driven systematic approach.
Results: Existing studies demonstrate that Al can improve lesion conspicuity,
support automated detection, and extract quantitative features from CEM. Reported
performance metrics—such as area under the curve (AUC) values between 0.87 and
0.93 in small datasets—indicate promising diagnostic potential. However, progress
is limited by small sample sizes, heterogeneous acquisition protocols, variability in
background parenchymal enhancement, lack of external validation, and the absence
of models incorporating clinical, hormonal, or multimodal information essential for
real world interpretation. Emerging frameworks suggest that Al may also support
multidimensional risk profiling by integrating imaging features with patient specific
variables.

Conclusions: Al has the potential to enhance the diagnostic and clinical value of
CEM, but meaningful implementation will require standardized acquisition, larger
multicenter datasets, explainable architectures, and integration of clinical context.
Future models should reflect real-world senological workflows and support
personalized, risk stratified decision making.
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1. Introduction

Contrastenhanced mammography (CEM) has become
an important component of modern breast cancer
imaging, offering a combined morphological and
functional assessment that enhances the detection and
characterization of breast lesions. By integrating lowenergy
images comparable to fullfield digital mammography
with iodinebased recombined images, CEM provides
enhancement patterns like those obtained with breast
magnetic resonance imaging (MRI), while maintaining
shorter acquisition times, lower costs, and broader
accessibility. Consolidated evidence supports its high
sensitivity, rapid acquisition, and utility across diagnostic,
staging, and preoperative settings.! More recent analyses
havealso exploredits potential rolein screening, particularly
for women with dense breasts or intermediaterisk profiles,?
and state-of-the-art reviews confirm its increasing
integration alongside MRI in contemporary breast
imaging practice.>* Although CEM is increasingly adopted
in clinical practice, CEM interpretation presents unique
challenges. The dual-energy subtraction process, while
providing functional information, also introduces artifacts
and variability related to contrast injection timing, patient
positioning, and breast composition. Subtle lesions may be
obscured by overlapping fibroglandular tissue or intense
background parenchymal enhancement (BPE), which
varies considerably with hormonal status, menopausal state,
and breast density. These factors contribute to inter-reader
variability—even among experienced breast radiologists—
and underscore the need for standardized interpretative
criteria.>® Artificial intelligence (AI), with its capacity for
consistent feature extraction and quantitative analysis,
offers a promising avenue to address these challenges
by providing reproducible lesion characterization and
decision support.

As clinical use of CEM expands, interest has grown in
the potential contribution of AI to improve interpretation,
enhance diagnostic consistency, and support workflow
optimization. The dual energy nature of CEM and its
functional enhancement patterns make it particularly
suitable for Al-based analysis, radiomics extraction,
and precision-oriented imaging approaches. Expert
perspectives suggest that AI may strengthen CEM
performance by improving lesion conspicuity, reducing
inter-reader  variability, and enabling quantitative
assessment of enhancement patterns.>® The variability of

real-world CEM interpretation underscores this need:
subtle findings may become apparent only on delayed
subtracted images, as in postpartum patients, whereas
extensive multifocal enhancement patterns may require
careful kinetic evaluation to differentiate benign from
malignant processes, as illustrated in the representative
clinical cases presented (Figures 1 and 2).

Existing research on Al applied to CEM remains limited
but methodologically diverse. The literature reflects a field
characterized by promising diagnostic performance across
detection, classification, segmentation, and radiomics
tasks, but also by persistent challenges—including
heterogeneous acquisition protocols, limited explainability,
and scarce prospective validation. These limitations justify
the need for a narrative expert synthesis such as the present
review, which aims to contextualize existing findings and
identify the most relevant gaps for future research.'

Given the emerging and heterogeneous nature
of AI applications in CEM, this work was conceived
as an expert narrative review aimed at providing a
concept-driven synthesis rather than a protocol-driven
systematic assessment. This review: (i) summarizes
existing studies on Al applied to CEM across detection,
classification, segmentation, radiomics, workflow support,
and multimodal integration; (ii) critically appraises
methodological limitations, with emphasis on dataset
size, validation strategies, and the impact of BPE (iii)
proposes a conceptual framework for clinically integrated
Al-augmented CEM workflows; and (iv) identifies gaps
preventing translation from research to real-world practice,
with future directions for standardized acquisition,
multimodal fusion, explainability, federated learning, and
equitable deployment.

2. Materials and methods

This study was conducted as an expert narrative review
aimed at synthesizing current evidence and conceptual
developments regarding AI applications in CEM within
the broader context of breast cancer imaging. Narrative
design was intentionally adopted due to the emerging
nature of the field, the heterogeneity of imaging protocols,
Al architectures, validation strategies, and outcome
reporting, and the aim of providing an interpretative and
clinically oriented synthesis rather than a protocol-driven
systematic review.

A comprehensive but non-systematic literature search
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Figure 1. CEM case in a 39-year-old woman undergoing her first postpartum mammogram. (a-d) This case illustrates three specific Al applications: (1)
detection algorithms could flag the subtle asymmetry in the low-energy images (a-d) that might otherwise be overlooked due to postpartum parenchymal
changes; (2) segmentation models could quantify the area and volume of enhancement in the early subtracted images (e, f); and (3) classification
frameworks incorporating kinetic analysis could automatically recognize the washout pattern in the delayed images (g, h) as a suspicious feature associated
with malignancy. These AI capabilities could be particularly valuable in postpartum patients, where interpretation is challenging due to physiological
enhancement.”'® Original clinical image from the authors’ institution, published with patient consent.

Abbreviations: Al Artificial intelligence; CEM: Contrast-enhanced mammography.

was performed using PubMed, Scopus, and Web of Science
to identify relevant publications published between January
2010 and December 2024. The search strategy combined
keywords related to “contrast-enhanced mammography,”
“CEM,” “artificial intelligence,” “deep learning,” “machine
learning,” “radiomics,” “radiogenomics,” “lesion detection,”
“segmentation,” and “breast imaging” Additional relevant
studies were identified through manual screening of
reference lists of key articles and recent reviews. Following
the initial literature retrieval, identified studies were
categorized into distinct conceptual domains, which were
predefined based on preliminary scoping and clinical
relevance. A substantial body of research focuses on
detection and classification, evaluating models designed
to differentiate benign from malignant enhancing lesions,
complemented by segmentation studies that address

the automated delineation of lesion boundaries and
quantitative enhancement analysis.

In terms of advanced data characterization, radiomics
and radiogenomics studies investigate the extraction of
quantitative imaging features for molecular subtyping and
risk profiling, whereas multimodal integration research
explores the synergy between CEM and other diagnostic
imaging modalities—such as ultrasound, MRI, and digital
breast tomosynthesis—within AI frameworks. Finally,
broader translational aspects are captured by workflow and
equity studies, which examine practical implementation,
clinical triage, and healthcare access considerations.

For each domain, representative studies were selected
based on methodological rigor, novelty, and clinical
relevance. When multiple studies addressed similar
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Figure 2. CEM case in a 66-year-old disabled woman presenting with an extensive palpable mass. (a—d). This case demonstrates three specific contributions
of Al for extensive disease: (1) automated segmentation algorithms could map the geographic distribution of enhancement throughout the entire quadrant,
providing volumetric measurements of disease extent; (2) radiomics analysis could quantify enhancement heterogeneity and textural features from
multifocal confluent areas (e, f), potentially correlating with tumor aggressiveness;'"'> and (3) hybrid CNN-radiomics models could assist in differentiating
suspicious washout patterns (g, h) from benign inflammatory enhancement, supporting treatment planning and surgical decisions in this complex case.”'

Original clinical image from the authors’ institution, published with patient consent.

Abbreviations: AL Artificial intelligence; CEM: Contrast-enhanced mammography; CNN: Convolutional neural network.

questions, priority was given to those with larger datasets,
external validation, or prospective design. Findings were
synthesized thematically, with particular attention to (i)
reported performance metrics and their generalizability;
(ii) methodological strengths and limitations; (iii) gaps
in the evidence base; and (iv) implications for clinical
translation. This narrative synthesis approach, while not
exhaustive, aims to provide a balanced and interpretative
overview of the current state of Al in CEM.

The search yielded approximately 106 records. After
removal of duplicates, 63 unique publications were
screened based on title and abstract. Of these, 49 full-text
articles were assessed for eligibility. Studies were excluded
if they did not specifically address CEM, did not investigate

AT applications, lacked sufficient methodological detail
(e.g., conference abstracts), or were outside the scope
of Al-enhanced CEM imaging. Additional studies were
identified through reference list screening.

Given the narrative nature of the review, study selection
was based on conceptual relevance and methodological
contribution  rather than exhaustive inclusion.
Representative studies were selected to cover the main
domains of Al application in CEM, including detection,
classification, segmentation, radiomics, multimodal
integration, workflow optimization, explainability, and
implementation challenges. No PRISMA flow diagram was
generated, as this study was not designed as a systematic
or scoping review. As detailed in Table 1, applying Al to
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contrast-enhanced mammography improves diagnostic
accuracy and lesion characterization across various
validated datasets and key performance metrics.

2.1. Inclusion and exclusion criteria and evidence
appraisal

Inclusion criteria comprised peer-reviewed original studies
andrelevant review articles on Al applied to CEM published
between 2010 and 2024. Eligible studies included those
addressing lesion detection, classification, segmentation,
radiomics, multimodal integration, workflow support, or
clinical implementation.

Exclusion criteria included conference abstracts
without full methodological description, studies not
involving CEM, purely technical Al papers without clinical
relevance, and works lacking sufficient methodological
transparency.

No quantitative thresholds (e.g, minimum sample
size) were applied due to the exploratory nature of the
field. Discrepancies across studies were resolved through
consensus-based discussion among the authors. When
conflicting evidence was present, greater weight was given
to prospective and externally validated studies due to their
lower risk of bias.

As this is a narrative review, no formal risk-of-bias tool
or standardized quality scoring system was applied. Instead,
methodological quality and limitations of included studies
were assessed qualitatively within thematic sections, with
emphasis on dataset characteristics, AI model design,
validation strategies, and clinical applicability.

To ensure structure and transparency, the literature was
organized into predefined conceptual domains. Within
each domain, representative studies were synthesized and
empirical findings were clearly distinguished from expert
interpretation in the Results and Discussion sections.

This review did not involve new patient-level data
collection; therefore, ethical approval was not required.
Clinical images included in Figures 1 and 2 were obtained
from anonymized routine clinical cases with informed
consent for publication.

2.2. Use of generative Al

Generative Al was used exclusively to assist in the
linguistic refinement and restructuring of the manuscript
text. It was not used to generate scientific content, data,
analyses, figures, or interpretations. All scientific concepts,
interpretations, and conclusions derive from the authors’
expertise and the cited literature.

3. Results
3.1. Clinical evolution and current role of CEM

Contrast-enhanced ~ mammography ~ (CEM)  has
progressively become a central component of breast
imaging workflows. Its dual energy acquisition provides
simultaneous morphological and functional information,
supporting diagnostic workup, preoperative staging,
and selected screening applications.”* Early studies
demonstrated that diagnostic accuracy of CEM is
comparable to MRI and superior to conventional
mammography and ultrasound.! Subsequent analyses
confirmed its utility in dense breasts and intermediate risk
women,? while recent reviews emphasized its versatility, cost
effectiveness, and patient acceptability.>* Standardization of
acquisition parameters and interpretative criteria has been
identified as essential for reproducibility and for future
Al integration.® Background parenchymal enhancement
(BPE) and breast density have also been shown to
influence lesion conspicuity and interpretative variability.”
The clinical evidence base for CEM now includes multiple
prospective studies demonstrating sensitivity comparable
to MRI (ranging from 89% to 96% across published series)
and significantly higher specificity than conventional
mammography in dense breast populations."* Recent
meta-analyses have further confirmed these findings,
with pooled sensitivity estimates exceeding 90% for breast
cancer detection.? This robust evidence has prompted the
inclusion of CEM in several national and international
guidelines for preoperative staging and problem-solving in
indeterminate cases.**

3.2. Al in breast imaging: From conventional
mammography to CEM

Artificial intelligence (AI) has demonstrated strong
performance in mammography and digital breast
tomosynthesis, providing the methodological and
computational foundation for its application to CEM. This
transition from conventional breast imaging modalities to
CEM has been gradual, primarily due to limited annotated
datasets, heterogeneous imaging protocols, and variability
in contrast enhancement patterns.® The application of Al
to breast imaging has evolved substantially over the past
decade, transitioning from traditional machine learning
approaches—which relied on handcrafted features such as
texture, shape, and margin descriptors—to deep learning
architectures that learn hierarchical representations
directly from imaging data.® In mammography and digital
breast tomosynthesis, AI models have demonstrated the
ability to match or exceed radiologist performance in
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cancer detection, particularly when used as a concurrent
reading aid.’ These successes have provided a strong
foundation for extending AI techniques to CEM, where
the dual-energy acquisition and functional enhancement
patterns offer additional opportunities for quantitative
analysis.*’

A systematic review identified 16 studies evaluating Al
for CEM between 2018 and 2024, reporting area under
the receiver operating characteristic curve (AUC) values
ranging from 0.53 to 0.99 depending on task and dataset
characteristics.” These studies include applications in
lesion detection, classification, and early radiomics-based
prediction tasks, with heterogeneous performance reported
across different institutions and acquisition protocols.

3.3. Al-based lesion detection and classification in
CEM

Finding and classifying lesions is the most common use
of AT in CEM. A model built on YOLO (You Only Look
Once—a fast Al algorithm designed to locate and identify
objects in images simultaneously) was trained on 7,443
images. It achieved an AUC of 0.964—a performance
score from 0.5 to 1.0 that measures how well an AI
distinguishes between healthy and diseased cases, with
0.964 indicating extremely high accuracy. The model
performed even better when combining low-energy and
recombined images.” The YOLO-based model achieved
a sensitivity of 90% with 0.128 false positives per image.
This sensitivity is comparable to the average of three expert
breast radiologists (88%-92%), although the AI showed
lower specificity (more false alarms). Importantly, the Al
model provided consistent performance across different
BPE categories. This suggests that machine-based reading
may be less affected by reader fatigue and personal bias.'

To enable reproducible benchmarking, single-center
detection architectures have demonstrated high sensitivity
inlocating contrast-enhancinglesions." Expanding beyond
simple detection, recent frameworks have integrated clinical
and imaging variables to enable multidimensional risk
profiling,"* while radiomics approaches have allowed for
the non-invasive preoperative prediction of breast cancer
molecular subtypes.’? Furthermore, robust multicenter
evaluations have confirmed the generalizability of deep
learning models in classifying complex CEM findings."
When combined with quantitative feature extraction, these
integrative frameworks significantly improve diagnostic
consistency across diverse clinical settings.'®

Calibration techniques such as Platt scaling or
isotonic regression can improve the alignment of
predicted malignancy risks with observed frequencies, as
demonstrated in the general machine learningliterature.'*"’

Additional studies have reported high accuracy
for convolutional neural networks (CNN) based
classification models, particularly when attention
mechanisms or radiomics features are incorporated into
learning process.” Radiomics-based approaches extract
quantitative descriptors of lesion heterogeneity and
contrast-enhancement patterns, providing complementary
information that supports multidimensional risk
profiling.'s"

Radiomics frameworks focus on the extraction and
analysis of quantitative imaging features that characterize
lesion heterogeneity and enhancement patterns and
typically rely on feature-selection and dimensionality-
reduction strategies to minimize overfitting and improve
model generalizability, as widely reported in the radiomics
literature.'s"

3.4. Al-driven segmentation and quantitative
enhancement analysis

Segmentation in CEM ranges from manual tracing to fully
automated deep learning approaches. While automated
models show promising results, their performance is still
limited by small datasets and a lack of external validation.’
Beyond simply defining lesion boundaries, several studies
have explored quantitative enhancement analysis, including
pixel-based mapping, tracking contrast flow (wash-in and
wash-out patterns), and radiomics (extracting quantitative
data from medical images). These approaches capture
functional information comparable to breast MRI, aiding
in both treatment evaluation and risk assessment.'®*'

The choice of segmentation architecture directly
impacts clinical deployment. Traditional CNN and U-Net
architecture (standard deep learning models designed for
medical image segmentation) remain the most widely
adopted solutions because they are stable, efficient,
and perform well even with small datasets of a few
hundred lesions. In contrast, Transformer-based models
excel at capturing global spatial relationships, but they
require significantly larger training datasets and greater
computational resources, which limits their accessibility
in routine practice.”® To bridge this gap, hybrid models
combining convolutional and visual attention mechanisms
are emerging as a practical middle ground, while single-
stage frameworks like YOLO (You Only Look Once) offer
remarkably fast inference times for real-time clinical
workflows.

To evaluate segmentation accuracy, models rely on
key metrics such as the Dice similarity coefficient (DSC)
(measuring total overlap between predicted and actual
lesion areas) and the 95th percentile Hausdorff Distance
(HD95) (measuring boundary agreement). Finally, because

Volume X Issue X (2026)

doi: 10.36922/EJM0026250294


https://doi.org/10.36922/EJMO026250294

Eurasian Journal of
Medicine and Oncology

Al in contrast-enhanced mammography

lesion voxels occupy only a small fraction of the total breast
volume (class imbalance), specialized loss functions like
focal loss or weighted Dice formulations are essential to
keep the Al sensitive to subtle, easily overlooked enhancing
foci. 2!

3.5. Radiomics and radiogenomics applications in
CEM

Radiomics applied to CEM captures enhancement-based
features that reflect tumor heterogeneity, vascularity, and
the surrounding microenvironment. These quantitative
descriptors have been incorporated into AI frameworks
aimed at personalized risk profiling, molecular subtype
prediction, and prognostic assessment.'""* Hybrid
approaches that combine radiomics with CNN have
shown improved classification performance compared to
CNN-only models. This suggests that handcrafted features
(quantifiable mathematical properties extracted using
predefined formulas, such as texture or shape) and learned
features (patterns discovered independently by the AI
during training) offer complementary information.’

Because radiomics extracts hundreds of variables
from small CEM datasets, feature reduction and model
optimization are vital to prevent overfitting (when an
Al memorizes training data instead of learning general
rules). To manage this high dimensionality, researchers
use techniques like least absolute shrinkage and selection
operator (LASSO; eliminates useless variables), recursive
feature elimination (RFE; removes weak features step-by-
step), and principal component analysis (PCA; combines
correlated features). Furthermore, hyperparameter tuning
via cross-validation helps ensure the model generalizes
well to new patients.'?

Features should also be evaluated for test-retest
reliability using the intraclass correlation coeflicient (ICC;
a statistical score measuring whether feature extraction
yields consistent results across repeated imaging).?>?
These methodological steps are particularly critical in
CEM, where limited dataset size and image heterogeneity
can otherwise compromise the reliability of radiomics-
based predictions.

3.6. Background parenchymal enhancement as a
determinant of Al performance

Background  parenchymal  enhancement  (BPE)
significantly affects lesion conspicuity and AI performance
in CEM. High BPE can obscure subtle enhancing foci,
reduce sensitivity, and increase false positives. Recent
studies have shown that Al accuracy decreases in moderate
to marked BPE categories.” Quantitatively, BPE can be
modeled as a confounding variable using conditional

adversarial domain adaptation, where domain invariant
feature representations are learned to reduce the impact
of BPE wvariation on classification performance.***
Emerging strategies include BPE-aware training pipelines,
domain adaptation methods, and models incorporating
parenchymal texture descriptors to distinguish true
enhancement from background noise.”® Standardized
BPE annotation and balanced datasets are essential for
developing robust and generalizable Al systems.

3.7. Multimodality imaging and Al integration

Contrast-enhanced mammography (CEM) is increasingly
used alongside ultrasound, digital breast tomosynthesis
(DBT; a 3D mammography technique providing depth-
resolved structural details), and MRI, creating strong
opportunities for multimodal Al integration. For example,
automated 3D ultrasound helps detect small or non-
mass lesions in dense breasts, perfectly complementing
the functional contrast-enhancement patterns captured
by CEM. Early multimodal AI models combining CEM
with DBT or ultrasound have already demonstrated
superior diagnostic accuracy compared to single-modality
approaches.!>152627

However, multimodal integration presents unique
technical challenges. CEM itself naturally provides dual-
energy inputs—low-energy images (similar to standard
2D mammograms) and recombined images (highlighting
contrast uptake). Adding further modalities like DBT or
ultrasound drastically increases input dimensionality,
raising concerns about computational demands and
overfitting (a scenario where the AI memorizes training
data rather than learning general rules, failing on new
patients).!

To address these challenges, emerging AI frameworks
rely on two main integration strategies. The first is
feature-level fusion, where quantitative features from each
imaging modality are extracted and combined before
making a classification decision. The second is decision-
level fusion, where independent AI models analyze each
modality separately, and their individual predictions are
later combined using ensemble methods to reach a final
diagnosis.*®

3.8. Al, equity, and personalized screening
strategies

Disparities in access to breast imaging remain a significant
challenge, particularly for underserved populations
and women with limited healthcare access. CEM has
been proposed as a cost-effective alternative to MRI
in resource-limited settings, and Al-enhanced CEM
may further support equitable screening by improving
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detection accuracy and reducing dependence on
specialized radiologists.?® Al-driven triage systems may
help prioritize high-risk examinations, reduce reading
times, and support risk-stratified screening pathways.**
Ethical considerations—including algorithmic bias, data
representativeness, and equitable deployment—remain
essential to ensure that AI does not inadvertently widen
existing healthcare disparities.

3.9. Toward an integrated Al framework for CEM

Current Al applications in CEM remain largely task specific.
Recent conceptual frameworks propose unified, end-to-
end Al ecosystems integrating standardized acquisition,
multimodal imaging inputs, automated segmentation,
hybrid radiomics-deep learning classification, and patient-
specific clinical variables (Figure 3). Such models could
generate individualized malignancy-likelihood scores,
support biopsy decision-making, and guide personalized
screening or follow-up recommendations.*'' Hybrid
CNN-radiomics architectures (combining deep neural
networks with handcrafted mathematical image features)
have shown improved performance over single-modality
models.

To overcome data scarcity and privacy constraints,
federated learning (a machine learning technique that
enables multiple hospitals to train a shared AI model
collectively without sharing private patient data) offers a
promising strategy. Differential privacy mechanisms can
be incorporated into federated learning to provide formal
data protection guarantees, while global convergence is
monitored via the overall loss function.* Future work
should prioritize prospective validation, cross-vendor
interoperability, explainability, and seamless workflow-
integrated deployment.'+!>2731-3

3.10. Critical appraisal of current Al evidence in CEM

Across published studies, key methodological strengths

include the use of real-world dual-energy CEM datasets
and state-of-the-art architectures—such as CNN, YOLO,
U-Net, and hybrid radiomics-deep learning models—
targeting clinically relevant tasks like lesion detection,
classification, molecular subtype prediction, and decision
support.*'>** Additionally, several investigations have
incorporated multicenter datasets, an important step
toward improving model robustness and external
validity.'>*®

Nevertheless, these findings are constrained by
recurring limitations that reduce generalizability. Most
studies are retrospective, single-center, and rely on
relatively small datasets, which increases the risk of
overfitting (Al memorizing training data rather than
learning general patterns) and limits external validation.®*'*
Furthermore, variability in CEM acquisition protocols
and image preprocessing hampers direct comparisons
across studies.”>* Key imaging biomarkers, particularly
BPE—reflecting normal background fibroglandular tissue
enhancement on CEM—and breast density, are reported
inconsistently despite their recognized impact on Al
performance.”’* Heterogeneity in reference standards and
annotation strategies also limits reproducibility.®?*3>%

Another major limitation involves the definition of
“ground truth” (the true diagnosis used to train the AI).
While histopathology from biopsy or surgery serves as
the reference standard, many retrospective studies rely
partly on 12-24-month imaging follow-up for non-
biopsied benign cases, introducing diagnostic uncertainty.
Furthermore, institutional differences in classifying
borderline lesions—such as atypical ductal hyperplasia—
complicate cross-study comparisons.’

Finally, model calibration and explainability remain
underdeveloped. Most CEM-AI studies rely solely on
qualitative visual heatmap (like saliency or attention maps),
which can be unreliable.”'*!” Future studies should adopt

Figure 3. Work-flow schematic illustrating the integration of Al in CEM. The diagram summarizes imaging inputs (low-energy images, recombined CEM
images, breast density and BPE), Al processing modules (detection, segmentation, classification, radiomics, hybrid models), and clinical outputs (risk
profiling, lesion characterization, treatment planning, response assessment, workflow support). Original diagram created by the authors.

Abbreviations: Al: Artificial intelligence; BPE: Background parenchymal enhancement; CEM: Contrast-enhanced mammography.
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quantitative explainability metrics, such as the pointing
game (which checks if the model’s highest activation point
falls inside the true lesion area) or fidelity-based metrics
(which measure how prediction confidence drops when
key features are altered), alongside calibration analyses
before clinical deployment.'¢173>3¢

4, Discussion
4.1. Interpretation of key findings

The growing body of literature on CEM and Al reflects a
rapidly evolving field shaped by technological innovation,
changing clinical needs, and the limitations of conventional
breast imaging. CEM has consistently demonstrated
strong diagnostic performance, particularly in dense
breasts and preoperative staging, reinforcing its role as
a valuable complement or alternative to MRI in selected
scenarios."* At the same time, breast imaging is moving
toward risk-stratified pathways, multimodal integration,
and precision-oriented diagnostic strategies, creating a
natural context for the incorporation of AL Across
the diverse studies reviewed, several consistent themes
emerge. First, Al applied to CEM has demonstrated
robust diagnostic performance across multiple tasks, with
AUC values typically ranging from 0.85 to 0.95 for lesion
classification—comparable to those achieved by AI in
standard mammography and DBT.’ This consistency across
tasks suggests that the functional information provided
by CEM is amenable to computational analysis and may
offer advantages over morphological imaging alone.
Second, the integration of radiomics features with deep
learning architectures appears to confer additive benefit,
particularly for molecular subtyping and risk profiling,
where conventional CNN models may not capture the full
spectrum of lesion heterogeneity.'>'> Third, early evidence
for multimodal integration—combining CEM with DBT,
ultrasound, or patient-level clinical data—suggests that
Al systems can leverage complementary information
to improve diagnostic accuracy, although the optimal
integration strategy remains to be determined.'>>"

Through published studies, AI has shown the potential
to improve interpretative consistency by reducing inter-
reader variability, especially in subtle enhancement
patterns and dense breasts. Automated detection and
segmentation standardize lesion localization, while
radiomics quantification reduces subjective interpretation
of enhancement kinetics (Figure 4).

Large-scale detection models, including YOLO-based
architectures trained on thousands of CEM images,
demonstrate that AI can approach radiologist-level
performance in specific tasks.!® Systematic reviews confirm
that CNN, attention-based models, and hybrid radiomics—

deeplearning frameworks achieve high diagnosticaccuracy
across detection, classification, and segmentation tasks.’
However, these encouraging results must be interpreted
cautiously due to persistent methodological limitations.

A central challenge is the heterogeneity of CEM
acquisition protocols across vendors and institutions.
Variability in contrast timing, dose, reconstruction
algorithms, and post-processing directly affects lesion
conspicuity and complicates model training and
comparison. BPE and breast density further influence
both radiologist interpretation and AI performance,
underscoring the need for structured reporting systems
and standardized descriptors.” These issues align with
broader efforts in breast imaging to reduce variability and
improve reproducibility through harmonized guidelines
and consensus recommendations.'**!

Radiomics and hybrid AI models represent a promising
direction for precision imaging. Radiomics enables the
extraction of quantitative descriptors of enhancement
heterogeneity, vascularity, and textural complexity—
features that may correlate with tumor biology and
treatment response. When integrated with deep learning
architectures, radiomics supports multidimensional risk
profiling and prognostic assessment. The framework
proposed by Di Grezia et al.'! illustrates how CEM can
serve as a platform for precision imaging by combining
functional enhancement with clinical and biological
variables to support individualized decision-making.
This evolution mirrors broader trends in breast imaging,
where the focus is shifting from simple detection toward
comprehensive characterization, risk stratification, and
therapy guidance.”*

Multimodal integration further expands the potential of
Al-enhanced CEM. Automated 3D ultrasound, DBT, and
MRI each provide complementary information that can be
synthesized by Al systems to improve diagnostic accuracy,
particularly in dense breasts or ambiguous cases."”

Recent recommendations from EUSOBI emphasize
risk-stratified screening and the integration of supplemental
imaging modalities, including CEM, particularly in women
with dense breasts.*> Surgical oncology literature similarly
highlights the importance of multimodality imaging in
dense-breast management.* The future of breast imaging
is likely to involve AI models capable of integrating data
across modalities and generating unified assessments that
reflect the full spectrum of available information.

4.2, Methodological and practical limitations

Current evidence in CEM-AI is mainly based on small,
retrospective, single-center studies with limited external
validation. Heterogeneity in ground-truth definitions
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and lack of consistent patient-level data splitting may
affect model comparability and performance estimates.
Multicenter studies often rely on pooled datasets without
independent external testing, limiting generalizability. In
addition, incomplete reporting of hardware specifications
and inference time reduces reproducibility and hinders
assessment of clinical scalability. The small sample sizes
characteristic of most CEM-AI studies has practical
implications that extend beyond statistical power. With
datasets typically comprising fewer than 1,000 patients,
deep learning models are at substantial risk of overfitting,
particularly when using high-capacity architectures.’
In this context, the reported performance metrics may
reflect over-optimistic estimates of generalizability,
especially when models are evaluated on data from
the same institution used for training. The absence of
external validation in the majority of studies further
limits confidence in performance claims. It is notable
that even multicenter studies often combine data for
training rather than conducting true external testing,
which—while representing a step forward—does not fully
address generalizability concerns.” These methodological
limitations must be acknowledged when interpreting the
promise of Al in CEM.

4.3. Ethical and practical considerations

Moving from research to clinical practice will require
addressing several practical considerations that are rarely
discussed in the current literature. First, integration with
existing PACS/RIS (picture archiving and communication
system/radiology information system) environments must
be seamless and real-time; any delay or additional step in
the reporting workflow may reduce radiologist acceptance
and diminish the potential efficiency gains."**' Second, the
output of Al systems must be presented in a manner that
is actionable and interpretable, typically as a malignancy
probability score or a highlighted region of interest, with
clear visual explanations to support radiologist review.*
Third, regulatory approval pathways (e.g., FDA 510(k)
clearance, CE marking) require demonstration of safety
and effectiveness in prospective studies with clinically
meaningful endpoints, a standard that has not yet been met
for CEM-AI systems. Fourth, reimbursement models must
be developed to incentivize adoption without creating
financial barriers to equitable access.

Al systems for CEM must ensure transparency,
explainability, and robustness to minimize potential risks
in clinical use. Variability in imaging protocols, population
characteristics, and vendor systems may influence model
performance across different settings. Algorithmic bias and
dataset imbalance remain relevant concerns for equitable
deployment. Therefore, interpretable outputs are essential

to support radiologist decision-making, particularly in
lesion assessment and triage tasks.

Figure 4. Al-assisted decision flow for CEM. The diagram illustrates
the sequential workflow from image acquisition and quality assessment
to Al-based detection, segmentation, hybrid radiomics-deep learning
classification, clinical integration, and radiologist-validated decision
making. Original flow-chart created by the authors.

Abbreviations: Al Artificial intelligence; BPE: Background parenchymal
enhancement; CEM: Contrast-enhanced mammography; CNN:
Convolutional neural network; MRI: Magnetic resonance imaging; US:
Ultrasonography.

4.4. Toward clinical integration

Clinical implementation will require seamless integration
into PACS/RIS environments, enabling real-time decision
support without disrupting established workflows.
In resource-limited settings, Al-augmented CEM
may help compensate for the scarcity of specialized
breast radiologists, supporting equitable access to
high-quality imaging. This is particularly relevant for
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vulnerable populations, including refugee women,
where optimized imaging pathways and Al-supported
triage could reduce disparities in care.”® Updated ACR
Appropriateness Criteria further highlights the need
for tailored supplemental screening strategies based on
breast density and individual risk.*” Within this broader
evolution, CEM represents a uniquely suitable platform
for Al-driven precision imaging because its dual-energy
acquisition and functional enhancement patterns provide
both morphological and vascular information. Recent
literature highlights additional emerging directions—
including molecular breast imaging integration, adaptive
screening paradigms, advances in CEM-guided biopsy,
and radiomics-focused standardization efforts—that may
further support clinical translation.”* Looking forward,
several specific research priorities can be identified. First,
the creation of large, publicly available CEM datasets with
standardized acquisition parameters, detailed clinical
annotations (including BPE, breast density, hormonal
status, and histopathological correlates), and patient-
level splitting would accelerate progress and enable fair
comparison of methodologies. Second, prospective
clinical trials are needed to evaluate Al-augmented CEM
in real-world settings, with endpoints that include not only
diagnostic accuracy but also workflow efliciency, reader
confidence, and patient outcomes. Third, the development
of explainable AI techniques specific to CEM—that
provide clinically meaningful rationales for model
decisions—is essential for building trust and facilitating
adoption. Fourth, the use of federated learning should
be scaled to multicenter settings, enabling collaborative
model development without violating data privacy. Fifth,
the integration of CEM-AI into screening pathways,
particularly for women with dense breasts or intermediate
risk, should be explored as a potential strategy to reduce
disparities in access to breast imaging.?**

4.5. Barriers to clinical translation

Despite the promising evidence reviewed above, several
barriers currently impede the translation of Al-enhanced
CEM from research to routine clinical practice.

Technical barriers include the lack of standardized
acquisition protocols across vendors and institutions,
which affects model generalizability and complicates multi-
institutional collaboration. Variability in contrast injection
timing, iodine dose, and reconstruction algorithms
directly impacts enhancement patterns and, consequently,
Al model performance.”” The absence of standardized
DICOM headers for CEM-specific parameters further
complicates data aggregation.

Clinical barriers include radiologist acceptance, which

depends on trust in Al outputs, perceived workflow
disruption, and the availability of explainable outputs.
Many radiologists express concern about over-reliance on
Al and the potential for automation bias.** Additionally,
the integration of Al into existing PACS/RIS workflows
requires substantial technical infrastructure and
institutional support.

Economic barriers include the costs of Al software
licenses, hardware upgrades, and ongoing maintenance,
which may be particularly burdensome in resource-limited
settings. Reimbursement for Al-augmented services
remains uncertain in many healthcare systems, potentially
limiting adoption to well-resourced academic centers.?®

Addressing these barriers will require coordinated
efforts among researchers, clinicians, industry partners,
regulators, and policymakers to ensure that AI-enhanced
CEM achieves its potential to improve breast cancer
detection and patient care.

5. Conclusions

Contrast-enhanced mammography (CEM), increasingly
supported by Al is evolving toward a more integrated
role in breast cancer imaging, with benefits in lesion
detection, interpretative consistency, and workflow
efficiency, particularly in dense breasts and complex cases.
Future progress should focus on standardized multicenter
datasets, explainable and well-calibrated multimodal Al
models, and robust prospective validation within clinical
workflows, including transparent reporting of technical and
deployment parameters. Ethical implementation requires
attention to fairness, representativeness, and reduction of
disparities in access to breast imaging. Advances such as
federated learning and synthetic data may help address
current data and privacy limitations.

The trajectory of Al in CEM mirrors the broader
evolution of precision medicine—moving from simple
detection toward comprehensive characterization and
personalized management. This progression is not merely
technological but also conceptual, reflecting a shift in
how we understand breast cancer as a heterogeneous
disease with varied biological behavior, prognosis, and
treatment response. By integrating functional imaging
with computational analysis, Al-augmented CEM offers a
window into tumor biology that may ultimately transform
clinical decision-making. However, this vision will only
be realized through sustained commitment to rigorous
methodology, interdisciplinary collaboration, and patient-
centered implementation.

Overall, with coordinated interdisciplinary
development, CEM may evolve into a precision imaging
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platform, where AI supports earlier detection, treatment
planning, and improved patient outcomes in a clinically
reliable and equitable manner.
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