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Abstract — The most sensitive way to find breast cancer is
through breast magnetic resonance imaging (MRI). However,
several issues may continue to prevent traditional breast MRI
studies from being widely used in clinics, such as the difficulty
and complexity of analyzing breast MRI images with regards
laser imaging; inter-observer variability; and low specificity.
The past couple of years have seen deep learning (DL), a type
of artificial intelligence, emerge as a potentially effective tool
for automatically finding, separating and classifying breast
lesions in breast MRI images; however, there are still several
obstacles preventing these solutions from being successfully
incorporated into a clinical environment. For example, many
of the currently existing models are created with data sets from
a single site or an ethnically homogenous group making it
difficult for them to work correctly across different sites and
across various demographics. Other issues include variations
in preprocessing methods, segmentation techniques and image
annotations. Additionally, because of the reliance on large
quantities of expensive annotated data sets, developing
adequately trained DL-based Al models remains problematic.
Because many of the high-sensitivity DL models are yielding
many false-positive findings due to the presence of dense breast
tissue on MRI scans it has also created concern about their
safety. The difficulties in generating confidence in Al-assisted
diagnostic devices also stems from the absence of explainability
or reliability due primarily to the iterative nature of
retrospective studies.
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I. INTRODUCTION

Breast cancer is the most commonly diagnosed cancer in
women [1] and is a significant cause of cancer-related deaths
[39]. Improving the chances of survival, therapeutic
intervention, and personalized treatment plans for patients
relies on establishing an accurate diagnosis as soon as
possible. Medical imaging plays an important role in
detecting and screening breast cancer [2], [7], and
mammography is the most prevalent method [39]. The
effectiveness of mammography, however, is less in women
with dense breast tissue, in younger women, in those with
atypical anatomical changes, and in those who have had
anatomical changes after treatment for breast cancer.
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Consequently, this is why many women have false-
negative results and are diagnosed late [27].

With advancements in technology, breast MRI is the most
sensitive method available for breast cancer [2], [7]
detection due to its ability to provide superior contrast, three-
dimensional views of lesions, blood flow information, and
physiological information about the lesions [2], [7]. New
techniques such as DCE-MRI, diffusion-weighted imaging
(DWI) [7], and T2-weighted imaging can help clinicians
better define the lesion's features and accurately determine
the size of the tumor [7], [13]. Therefore, breast MRI is
frequently used to screen for women at high risk of breast
cancer [2], [7], to stage the cancer prior to surgery, and to
monitor how well an individual responds to treatment.
Although breast MRI has the highest level of sensitivity, the
technique has moderate levels of specificity, high numbers
of false-positive results, and an extended time until
diagnosis, may vary between readers, and thus will continue
to be limited in its broad clinical use of breast MRI [8], [26].

Recent developments in artificial intelligence (Al)
through deep learning (DL) have provided tremendous
potential to overcome many of the limitations currently
present in the clinical practice of mammography and MRI
for breast cancer [15], [20], [31]. Deep learning networks,
such as convolutional neural networks and transformer
networks [19], [24], can learn visual patterns based on
multiple data layers in complex breast MRI images. The use
of such models in the contexts of lesion detection,
segmentation (dividing a picture into regions), classification
(assigning one category or label to an object), and prognosis
prediction has been shown to produce competitive
performance with radiologists trained to read mammograms
when tested in controlled experimental conditions [20], [31].
Diagnosing breast cancer using Al means fewer
inconsistencies between different radiologists and less
pressure on radiologists to work more hours each week,
allowing a better workflow for all those involved [8], [28].

The clinical translation of breast MRI using deep learning
is currently impeded by several factors. Most studies that
exist to date have been conducted with small, single-site
databases, which has led to many of the models based on
these studies being less generalizable to other institutions
that use varying imaging protocols, scanner configurations,
and patient populations [25], [34].
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Furthermore, there is currently no standardization in MRI
acquisition, pre-processing, or annotation procedures, which
reduces reproducibility and comparability between Al-based
methodologies [22], [40]. The challenges to overcome
include the majority of training models using fully
supervised learning, limited annotated training databases,
inadequate integration of imaging data with clinical,
pathological, and treatment data, high rates of false positives
in screening settings, reduced interpretability of models for
clinicians [26], [28], [36], and insufficient confidence in the
models.

In this context, a comprehensive review and analytical
assessment of deep learning—enhanced breast MRI is
necessary to identify current limitations and guide future
research directions. This paper presents a systematic review
of state-of-the-art DL-based approaches for breast MRI-
driven breast cancer diagnosis, analyses key methodological
and clinical research gaps, and discusses strategies for
developing robust, interpretable, and clinically deployable
Al systems aimed at improving diagnostic accuracy and
patient outcomes.

II. LITERATURE REVIEW

Breast MRI is one of the best ways to diagnose breast
cancer due to its high sensitivity and ability to monitor the
anatomy and function of the breast [7], [13]. The
interpretation of breast MRIs relies on a qualitative
assessment of the morphology and enhancement kinetics of
breast lesions, which requires significant time commitment
and produces variable results between radiologists [8].
Because of this limitation, computer-aided diagnosis (CAD)
systems were developed. Originally, CAD systems analysed
breast lesions using handcrafted features and rule-based
algorithms [29]. Although these systems provided increased
sensitivity compared to traditional methods, they had limited
specificity and were not robust enough to be applied across
multiple clinical situations [32].

With the introduction of deep learning (DL) methods such
as convolutional neural networks (CNN) [37], there have
been significant advances in the automation of breast MRI
image analyses [31], [37]. These methods were used to
detect and segment breast lesions; their reported
performance has proven superior to traditional machine
learning methods. Numerous studies have demonstrated that
CNN-based models can accurately differentiate between
malignant and benign breast lesions [20], [31], [37] based on
the learning of complex spatial and temporal enhancement
patterns directly from DCE-MRI images [5], [21].
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The development of additional CNN models that include
DWI and ADC to assess breast tissue provides a
complementary means of quantifying the diagnostic value of
breast MRI images [13], [33].

Recent studies have developed both deep-learning
methods for characterizing breast lesions using data from
multiparametric MRI (DCE-MRI, DWI, T2WI) and separate
models to combine these modalities to achieve optimal
results in characterizing breast lesions. Advantageous to the
combination models from different MRI modalities is the
experimentation of multimodal feature fusion techniques
such as early and late feature fusion, which provide better
performance than models using only one MRI sequence [6],
[33]. Radiomics-based deep learning refers to the use of
quantitative imaging features derived from MRI to assist
radiologists with the diagnostic and prognostic aspects of
breast lesions [33]. While radiomic pipelines have the
advantage of supporting DL classification, most of them
require precise lesion segmentations and use of handcrafted
features, considerably limiting their reproducibility and
generalization capabilities to other breast imaging datasets.
Recently, transformer models using attention mechanisms
have been investigated for the analysis of breast MRI data to
capture long-range spatial and temporal relationships [19],
[22]. Hence, such architectures have shown superior
performance for modelling dynamic contrast-enhancement
patterns and localizing breast lesions. Alternative strategies
include weakly supervised and semi-supervised learning
techniques [35], [38] to reduce the need for fully annotated
datasets, and self-supervised pretraining as well as transfer
learning from large medical or natural image datasets for
improved model accuracy when annotated breast MRI
datasets are limited [24].

Though these advances have enhanced methodology, they
have not resolved numerous limitations in the literature.
Most studies involving Deep Learning applied to Breast
MRI have been performed on a limited number of subjects
only, using single-center datasets which thus raise questions
regarding how robust and generalizable the developed
models may be [35]. Furthermore, variations in the imaging
methodology used, such as: MRI scanner types, imaging
protocols, or how the dataset has been annotated, make it
difficult to compare results across studies. Furthermore, in
the case of MRI screening of patients with dense breast
tissue, many models over-emphasised sensitivity; this results
in a higher-than-desired false positive rate which
subsequently may cause unnecessary biopsies and emotional
distress for patients [38].
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Another major limitation that exists is that the majority of
the studies have either not integrated imaging data with
clinical, pathologic and genomic data for the creation of
personal diagnostic and prognostic models, or have done so
only in a very limited manner [25], [34]. Imaging data helps
provide phenotype information about each patient; therefore,
by not utilising additional data, it limits how personalised the
models can be. Furthermore, the majority of Deep Learning
systems that are currently being used today are black box
systems, meaning their inner workings are poorly
understood [40]. The absence of explainable Al systems
hinders how much trust radiologists place in these systems,
thus slowing the adoption of them into clinical use [26], [27].

The majority of the studies published thus far do not have
a prospective evaluation or an assessment of their
performance in the clinical setting [23], [33]. Relatively few
investigations have investigated how using Al-assisted
Breast MRI will change the workflow of radiologists, will
increase their level of confidence in their diagnoses, or
improve the outcomes of their patients when placed within a
standardised clinical context [24], [36]. These omitted areas
of investigation further strengthen the argument that
additional  development of standardised datasets,
interpretable AI models, multimodal data integration, and
prospective evaluations of newly developed Deep Learning
Breast MRI systems will need to be developed in order for
Deep Learning Breast MRI Systems to be successfully
translated into clinical utilisation [28].

I1I.

This research presents a comprehensive framework based
on deep learning for diagnosing breast cancer using
multiparametric MRI of the breast. This framework has been
designed to overcome the limitations in the literature such as
lack of generalisability across clinics [25], [33], [34], lack of
standardisation, excessive false positives, and poor
interpretability of models. The framework is structured in a
modular fashion, and consists of the following modules: data
acquisition, pre-processing and standardisation, deep
learning  feature  extraction, multi-modal  fusion,
classification, and explanation of the diagnosis.

METHODOLOGY / PROPOSED SYSTEM

A. Data Acquisition and Multicenter Dataset Design

To achieve the goal of generalisability across clinics, the
framework is developed from breast MRI data collected by
multiple centres using heterogeneous brands of scanners (1.5
and 3 Tesla), varying field strengths (1.5 and 3Tesla) and
different imaging protocols.

480

The dataset will include multiparametric MRI sequences
(i.e., DCE, DWI, ADC, and T2-weighted), along with
clinical metadata (i.e., patient age, breast density,
histopathological characteristics of the lesion and if
available molecular subgroup) for multi-modal analysis.

B. Pre-processing and Standardization

A standardised pre-processing pipeline was developed to
decrease the inter-scanner and inter-protocol variation
across different centres. This will include resampling,
intensity normalisation, bias field correction, and motion
artefact reduction. Automated or semi-automated models
will be used to perform lesion localisations, thereby reducing
the need for manual segmentations of lesions. The DCE
sequences will be temporally aligned so that enhancement
patterns can be consistently tracked and analysed, and
standardised annotation guidelines will be used to improve
the reproducibility of the data and the consistency between
multiple datasets.

C. Deep Learning Architecture

Our proposed system contains a hybrid deep learning
architecture which includes convolutional neural networks
as well as attention-based transformers [24] to produce
accurate classification results from both spatial and temporal
imaging features found throughout Dynamic Contrast-
enhanced Magnetic Resonance Imaging (DCE-MRI).
Convolutions (used on both 2D or 3D images) extract spatial
features hierarchically while attention focuses on short-term
as well as long-term dynamics and patterns between
temporally acquired DCE-MRI images. Those CNN [37]
and transformer networks allow us to reduce the component
of relying solely on fully annotated datasets, that is, they
allow us to utilize transfer learning along with self-
supervised pretraining strategies for accelerated learning
from a limited amount of labelled data [35], [38].

D. Multimodal Feature Fusion

The use of multimodal fusion based on imaging and
clinical data is highly beneficial for individualizing the
diagnostic process of patients. Our methodology fuses
together all types of MRI imaging features as well as clinical
data using what we refer to as late fusion. The fused feature
embeddings generated by our last step are then forwarded
through a fully connected network of layers to combine the
complete spectrum of information available. By combining
the different modalities associated with an individual’s
lesion characterization, we can improve the overall
characterization process and, therefore, enhance our ability
to distinguish between benign and malignant lesions.
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E. Classification and False Positive Reduction

The classifying module receives the fused feature
representation and produces posterior malignancy
probabilities. As opposed to the current practice of high
false-positive detection rates during the screening phase, we
implemented a secondary false-positive reduction [26] stage
that uses our temporal enhancement models as well as
threshold confidence optimization to achieve greater
specificity and positive predictive value while allowing for
higher sensitivity.

F. Explainability and Clinical Decision Support

To bolster the ability of clinicians to trust what they're
seeing, as well as to understand what an Al is "seeing", we
developed a system that includes tools like Gradient-
weighted Class Activation Mapping ("Grad-CAM") [24]
and heat maps that provide an exact representation of where
an Al has focused its attention while making a prediction
related to a specific patient's case. The illustrations identify
both the spatial area of focus on the images being analysed
as well as the temporal patterns leading up to the decision
that was reached by the computer program; therefore,
radiologists can check the validity of any decision made by
the Al against the clinician's judgement and collaborate
effectively with Al in the future. Improve clinical trust and
interpretability [24], [36], explainable Al techniques such as
Gradient-weighted Class Activation Mapping (Grad-CAM)
and attention heatmaps are integrated into the framework.
These visualization tools highlight regions and temporal
patterns contributing to model predictions, enabling
radiologists to verify Al-generated decisions and facilitating
human—AI collaboration.

G. Performance Evaluation

The evaluation of our solution utilised cross-institutional
validation in order to test for robustness and generalisability
of performance. Evaluation metrics included accuracy,
sensitivity, specificity, AUROC, and false-positive rate, and
comparison studies between our proposed solution and other
state-of-the-art deep learning solutions [24], [33] were
conducted to demonstrate performance improvements and
clinical significance compared to currently implemented
methods.

IV. DISCUSSION

This study's findings and their subsequent analysis
provide evidence of both potential and limitation for breast
MRI when used with enhanced methodology through Al for
diagnosing breast cancer.
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Current existing models for diagnosing breast cancer
using deep learning show high levels of sensitivity and
demonstrate good levels of diagnostic accuracy; however,
they are limited in their current clinical implementation due
to technical and practical barriers. Through a method that
emphasises generalisability, multimodal integration [33],
explainability [24], [36], and robustness, the proposed
framework addresses multiple technical challenges.

As previously referenced in the literature, the publication
examined a number of the limitations of using deep learning
for improving breast MRI on patients to the same extent as
those patients would have received a standard MRI
examination. Because MRI acquisition methods, the
investigation of multiple acquisition modes, and patient
populations vary between institutions commonly reduce the
effectiveness of predictive models when applied to new,
outside datasets. The proposed methodology uses MC to
generate larger datasets by using data from many other
institutions to develop systems that are more representative
of the clinical environment where the clinics will be
operating.

A major limitation of this publication and the associated
literature is that there are no widely accepted consistent MRI
acquisition protocols or annotation strategies. Because of the
inconsistencies in the post-processing and annotation of
medical images, there is no current ability to compare
directly and objectively the performance of these models
across studies. In this study, we have proposed a
comprehensive and standardised approach to pre-processing
and annotating medical images to create a system that has as
much as possible consistency throughout; this
standardisation enables us to verify the performance of a
variety of Al models against the same dataset.

In addition, by using transfer learning and self-supervised
[35], [38] techniques, the limitations of using a large and
completely annotated dataset create obstacles to obtaining
enough data to build a robust model. Therefore, the proposed
approach would assist in overcoming the limitations
associated with the need to gain the necessary number of
annotated datasets to reach the level of success we anticipate
from both medical imaging techniques and Al methods.

False-positive rates remain a major barrier to the adoption
of breast MRI in screening programs. Many deep learning
models prioritize sensitivity at the expense of specificity,
leading to unnecessary biopsies and increased patient
anxiety [26]. The inclusion of a dedicated false-positive
reduction [26] module in the proposed system aims to
achieve a better balance between sensitivity and specificity,
thereby improving clinical usability.
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The acceptance and trust radiologists have in Al systems
are largely determined by how much support there is for
explainability [24], [36]. In most cases, these "black box"
deep learning models provide little to no insight into their
decision-making process [24], [36]. This barrier makes it
difficult to integrate these models into clinical practice [28].
The proposed framework for improving transparency and
supporting human—AI collaboration versus human—AlI
replacement incorporates some available techniques used to
explain why a decision was made, such as attention
visualization and activation mapping.

The overall theme of our discussion is that while deep
learning technologies hold great promise in changing the
way we interpret breast MRIs, there are many issues that
must be solved before deep learning can be successfully used
in clinical practice, such as improving generalizability [25],
[34], interpretability, standardization of data, and validation
in a real-world setting.

V. CONCLUSION AND FUTURE SCOPE

This paper presented a comprehensive review and
analytical study of deep learning—enhanced breast MRI for
Al-driven diagnosis of breast cancer. While deep learning
techniques have demonstrated significant potential in
improving lesion detection, characterization, and diagnostic
accuracy, several critical research gaps continue to limit
their widespread clinical adoption. These include limited
generalizability across institutions, lack of standardized MRI
acquisition and annotation, reliance on large annotated
datasets, insufficient multimodal integration, high false-
positive rates, limited explainability, and a shortage of
prospective clinical validation.

To address these challenges, a robust Al-driven
framework was proposed that integrates multiparametric
breast MRI, multimodal clinical data fusion, standardized
pre-processing, explainable deep learning architectures, and
false-positive reduction strategies. The proposed approach
aims to enhance diagnostic reliability, improve
interpretability, and support clinical decision-making in real-
world settings.

Future research should focus on large-scale, multicenter
prospective studies to validate Al-assisted breast MRI
systems in routine clinical workflows [23], [28], [33]. The
development of foundation models trained on diverse,
heterogeneous datasets may further improve generalizability
and performance. Additionally, deeper integration of
imaging data with clinical, pathological, and genomic
information holds promise for personalized breast cancer
diagnosis and prognosis. Advances in explainable and
trustworthy Al will be essential for fostering clinician
confidence and ensuring ethical deployment.
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Ultimately, the successful translation of deep learning—
enhanced breast MRI into clinical practice has the potential
to improve diagnostic accuracy, optimize workflow
efficiency, and enhance patient outcomes in breast cancer
care.
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