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ABSTRACT:

Breast cancer remains a leading cause of cancer-related mortality among women worldwide, where early
and accurate detection is vital for effective intervention and prognosis. Deep learning has emerged as a
cornerstone in the automated analysis of breast cancer imaging, offering substantial improvements in
tumor detection, segmentation, and classification across modalities such as mammography, ultrasound,
and MRI. Despite notable progress, clinical integration remains constrained by challenges including limited
dataset availability, suboptimal generalization, lack of interpretability, high computational complexity, and
insufficient multi-task learning optimization. This critical review synthesizes findings from 70 peer-reviewed
studies published between 2018 and 2025, encompassing convolutional neural networks, U-Net
derivatives, Vision Transformers, instance segmentation models, and hybrid frameworks. Comparative
evaluation highlights architectural strengths, modality-specific adaptations, and diagnostic performance
metrics. Emphasis is placed on the comparative analysis of single-task versus multi-task frameworks, the
integration of handcrafted features, transfer learning, and optimization strategies to improve model
generalizability and robustness. Key limitations are identified in areas such as cross-domain robustness,
real-time applicability, interpretability, and standardized benchmarking. Emerging solutions are examined,
including self-supervised and semi-supervised learning strategies, lightweight and explainable
architectures, adaptive loss balancing for MTL, cross-modal fusion techniques, and unified end-to-end
pipelines.

KEYWORDS: Breast cancer detection, Segmentation, Medical Image Analysis, Deep learning,
Convolutional neural network.

1. INTRODUCTION

Breast cancer remains the most commonly diagnosed cancer and the leading cause of cancer-related death among
women worldwide, accounting for a substantial burden on global healthcare systems [1]. Early detection and accurate
localization of breast tumors play a crucial role in improving prognosis, enabling timely intervention, and guiding
therapeutic strategies. Medical imaging modalities—such as mammography, ultrasound (US), and magnetic resonance
imaging (MRI)—are integral to breast cancer screening and diagnosis[2], [3]. However, the manual interpretation of
these images by radiologists is subject to inter-observer variability, fatigue, and diagnostic error, especially in complex
cases or dense breast tissues [4], [5]. In recent years, deep learning (DL) has emerged as a transformative technology in
medical image analysis, particularly for tasks such as tumor detection, segmentation, classification, and localization.
Architectures such as CNNs, transformers, and multi-task learning (MTL) frameworks have achieved remarkable
success in various computer vision domains and are increasingly applied to breast imaging due to their ability to learn
hierarchical features from large datasets [6]-[8]. Despite significant advancements, several critical challenges remain.
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These include the scarcity of annotated datasets, poor cross-dataset generalization, lack of model interpretability,
and computational demands that limit real-time clinical deployment. Furthermore, many models are designed in
isolation for either detection or segmentation, lacking the integration required for practical, end-to-end diagnosis
workflows [6]-[9]. Moreover, while transformer-based models and hybrid architectures improve contextual
understanding, their real-world applicability is often constrained by their complexity and high resource requirements
[10], [11].

While several reviews have surveyed deep learning techniques in medical imaging, few have delivered a critical,
task-specific, and end-to-end analysis tailored for breast cancer detection and segmentation across modalities.
This critical review aims to systematically evaluate the current landscape of deep learning-based breast cancer detection
and segmentation models. The primary objectives are to:

e  Analyze recent methods across different imaging modalities and model types;

o Identify technical gaps, methodological inconsistencies, and clinical challenges;

e  Highlight the strengths and weaknesses of existing detection, segmentation, and unified models;

e And propose future research directions that address outstanding issues and move toward more robust,
interpretable, and deployable solutions.

Through an in-depth synthesis of over 70 peer-reviewed studies from 2018 to 2025, this review provides
a comprehensive knowledge base for researchers, clinicians, and developers aiming to enhance Al-driven breast cancer
diagnosis systems. By framing the discussion around methodological innovation, clinical utility, and scalability, this
work contributes a forward-looking perspective on how deep learning can evolve into clinically reliable tools for breast
cancer care.

2. CONCEPTUAL AND THEORETICAL FRAMEWORK

Deep learning-based breast cancer detection and segmentation are rooted in the intersection of medical imaging,
artificial intelligence (Al), and pattern recognition. The theoretical framework for this research domain encompasses
several key components: the nature of breast imaging modalities, the principles of deep neural networks, the role of
encoder-decoder architectures for segmentation, attention mechanisms, transformers, and the emerging trend of multi-
task learning. This section provides a detailed overview of these concepts and explains how they form the scientific
foundation of modern breast cancer analysis systems.

2.1. Imaging Modalities in Breast Cancer Diagnosis

Breast cancer diagnosis relies on various imaging techniques, each providing distinct structural and textural
information. The three most widely used modalities in clinical and research settings include [4]:

Mammaography: This is the gold standard for breast cancer screening. Mammograms are grayscale 2D X-ray images
that reveal calcifications, asymmetries, and masses. Their high resolution is beneficial, but the modality often suffers
from reduced sensitivity in dense breast tissues [12].

Ultrasound (US): Ultrasound imaging is non-invasive, inexpensive, and safe. It is frequently used as an adjunct to
mammaography, particularly for younger women or patients with dense breast tissues. However, ultrasound images are
often noisy, operator-dependent, and may exhibit lower spatial resolution, making automated analysis more challenging
[13].

Magnetic Resonance Imaging (MRI): Breast MRI offers high sensitivity and 3D anatomical detail. It is especially
useful for high-risk patients and for evaluating tumor extent. Despite its benefits, it is expensive, time-consuming, and
requires expert interpretation [14]

Each modality introduces unique challenges in image interpretation and thus influences the architecture and
preprocessing strategies of deep learning models (Fig. 1).
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mammogram ultrasound

Fig. 1. breast cancer imaging [15].

2.2. Fundamentals of Deep Learning in Medical Imaging

Deep learning is a subset of machine learning that automatically learns hierarchical representations from data. It has
revolutionized computer vision tasks and shown exceptional promise in the medical imaging domain [16]. Convolutional
Neural Networks (CNNSs) are the most widely used architecture in breast cancer diagnosis tasks due to their ability to
capture spatial features, detect edges, and model patterns in images with varying levels of abstraction [17]. CNNSs consist
of layers such as convolution, pooling, and fully connected layers [18], [19].

Deeper CNNs like ResNet (with residual skip connections) [19], DenseNet [20] (which encourages feature reuse),
and InceptionNet [21] (multi-scale feature extraction) have improved image classification performance by addressing
issues like vanishing gradients and overfitting [22]. These architectures are commonly used for tumor detection and
classification tasks and have been further fine-tuned using transfer learning approaches in medical contexts [23].

However, standard CNNs are typically limited to image-level predictions. For tasks such as delineating tumors pixel
by pixel, specialized architectures like encoder-decoder networks are required.

2.3. Encoder-Decoder Architectures for Tumor Segmentation

Segmentation, which involves delineating tumor boundaries at the pixel level, is a critical task in medical imaging.
U-Net [24], introduced by Ronneberger et al. [25], is the foundational architecture for biomedical segmentation (Fig. 2).
It follows an encoder-decoder scheme, where the encoder progressively downsamples the input to extract features, and
the decoder upsamples these features to the original resolution, enabling fine-grained segmentation [25]. Key
enhancements to the U-Net architecture (Fig. 2) have been proposed to address limitations such as class imbalance, low
contrast, and small lesion size:

e  U-Net™ introduces dense skip pathways to bridge semantic gaps between encoder and decoder features [26].

e  Attention U-Net incorporates attention gates that allow the model to focus on relevant tumor regions while
suppressing irrelevant background [27].

e  ResUNet, V-Net, and DenseUNet adapt popular classification backbones into segmentation frameworks to
enhance feature richness [28].

These models have shown superior performance on various breast imaging datasets; however, their generalization
across datasets and imaging conditions remains a challenge.
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Fig. 2. U-net architecture [29].

2.4. Role of Attention Mechanisms

Inspired by human visual attention, attention mechanisms enable neural networks to focus selectively on important
regions of an image[30]. In breast cancer segmentation, attention modules help improve model robustness by
suppressing irrelevant background and emphasizing tumor boundaries. The most common types include channel
attention, spatial attention, and self-attention mechanisms [30]. Attention U-Net (Fig. 3) and its variants improve
segmentation quality, particularly when tumors are small or embedded in complex tissue structures. Moreover,
coordinate attention and non-local attention blocks have also been applied to improve feature representation in noisy
and low-contrast ultrasound and mammogram images [14].
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Fig. 3. Attention U-Net [14].

2.5. Transformers in Medical Imaging

While CNNs are effective for local feature extraction, they often struggle with modeling long-range dependencies.
Vision Transformers (ViTs) [31], introduced in 2020, overcome this limitation by treating images as sequences of
patches and applying self-attention across the entire image (Fig. 4). Although initially developed for natural images,
transformers have been successfully adapted for medical tasks such as tumor segmentation and detection [31].

TransUNet, one of the first hybrid models, combines a transformer-based encoder with a U-Net decoder, achieving
state-of-the-art results in several biomedical segmentation benchmarks [32]. Transformers provide better global context
modeling, which is especially useful in breast cancer detection where the tumor may be diffuse, poorly defined, or appear
in multiple regions [31], [32].
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However, transformer-based models typically require large datasets and significant computational resources. This
poses limitations in medical applications where annotated datasets are often limited. To address this, recent studies have
explored lightweight transformer variants and semi-supervised training techniques to make these models more practical
[33], (Fig. 4).
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2.6. Multi-Task Learning Paradigm

Traditional models perform either detection or segmentation as independent tasks. However, breast cancer diagnosis
in clinical practice often involves both tasks simultaneously. Multi-task learning (MTL) addresses this by training a
single model to optimize multiple objectives (e.g., classification and segmentation) concurrently, encouraging shared
feature learning and improving model efficiency [8]. Shared encoder-decoder structures are commonly used in MTL,
with task-specific heads for segmentation and classification. While MTL (Fig. 5) can improve performance and reduce
training time, balancing the learning of each task is a challenge. Improper loss weighting or architectural imbalance can
lead to dominance of one task over the other [34].

Recent works have introduced dynamic loss balancing, task-specific attention modules, and cross-task consistency
learning to enhance MTL performance in breast cancer imaging [17]. These frameworks align well with real-world
clinical workflows and represent an important trend in future model development [31], [34].
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Fig. 5. Multi-Task Learning [35].

3. LITERATURE SELECTION APPROACH

To ensure the integrity, relevance, and scientific rigor of this critical review, a systematic and reproducible literature
selection strategy was adopted. The focus was to identify high-quality, peer-reviewed research works that employed
deep learning approaches for breast cancer detection, classification, and segmentation across different imaging
modalities, including mammography, ultrasound, and MRI. The literature selection methodology adhered to widely
accepted guidelines such as PRISMA and was guided by a multi-phase screening process encompassing database
querying, inclusion/exclusion filtering, and quality assessment.

Initially, a comprehensive search was conducted across five major academic databases—IEEE Xplore, Scopus,
PubMed, Web of Science, and ScienceDirect—owing to their extensive coverage of medical imaging, computer vision,
and Al research. The search queries were designed using a combination of targeted keywords and Boolean operators.
Typical queries included phrases such as: (“breast cancer” OR “mammography” OR “ultrasound” OR “MRI”’) AND
(“deep learning” OR “CNN” OR “transformer” OR “multi-task learning” OR “semantic segmentation””) AND
(“detection” OR “classification” OR “segmentation” OR “localization”). To enhance the specificity of the search, filters
were applied to restrict the publication period from January 2015 to July 2025, including only peer-reviewed articles,
and exclude non-English publications and preprints.

The literature selection process proceeded in multiple stages. In the first stage, all retrieved articles were screened
based on titles and abstracts. Articles that did not clearly indicate the use of deep learning for breast cancer analysis or
that focused exclusively on traditional machine learning, radiomics without DL components, or non-imaging modalities
were excluded. In the second stage, the remaining papers were subjected to full-text review to determine methodological
depth, dataset transparency, and the presence of quantitative performance metrics. Only those papers which provided
sufficient implementation detail, comparative evaluation with state-of-the-art methods, and performance results on
benchmark datasets (e.g., INbreast, DDSM, BUSI, CBIS-DDSM)[36] were retained.

To maintain the scientific quality of this review, an internal quality appraisal framework was used. This framework
evaluated each article against criteria such as clarity in problem formulation, innovation in methodology, use of public
or multi-institutional datasets, inclusion of ablation studies, reproducibility of results, and relevance to breast imaging.
Articles were rated on a 5-point scale for each criterion, and only those achieving a minimum threshold across all
dimensions were included. This step ensured that the review captures robust, and impactful studies rather than merely
reiterating superficial trends.

In total, 70 primary studies were selected for detailed analysis. These works covered a diverse range of deep learning
techniques, from standard CNNs to advanced architectures such as Vision Transformers [4], hybrid attention
mechanisms [12], U-Net variants [25], and generative adversarial networks (GANs) used for data augmentation or
unsupervised segmentation [37]. The selected studies also addressed different challenges such as multi-task learning [8],
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[34]-[35], class imbalance [5], [7], [38]-[40], model generalization across domains [37], [41]-[42], and interpretability
[4], [20], [31], [43]-[46], reflecting the breadth and complexity of the current research landscape. Special attention was
paid to recent innovations such as lightweight DL models for edge deployment [47], multimodal learning frameworks
integrating clinical metadata [48], [49], and large-scale self-supervised pretraining [50].

Furthermore, priority was given to studies published in high-impact journals such as IEEE Transactions on Medical
Imaging, Medical Image Analysis, Nature Scientific Reports, Computer Methods and Programs in Biomedicine,
and Pattern Recognition. Inclusion of recent systematic reviews and meta-analyses published between 2020 and 2025
helped validate the selection strategy and ensured thematic consistency.

4. CRITICAL ANALYSIS OF DETECTION METHODS

Over the past decade, CNNs have become the dominant framework for breast cancer detection due to their ability to
extract high-level semantic features from medical images[5], [13], [17], [51]-[55]. Despite considerable improvements
in detection accuracy, these methods exhibit diverse performance characteristics depending on architecture, dataset,
optimization technigue, and modality.

Traditional CNN Approaches: Early CNN-based models for breast cancer detection, such as those by Mikhailov
et al.[56], focused on relatively shallow architectures applied to histopathological images, achieving moderate accuracy
(~85%) but struggling with generalization across magnification levels and datasets [56]. Later studies incorporated
deeper networks and transfer learning. For instance, Gongalves et al. utilized ResNet50, DenseNet201, and VGG16 with
transfer learning, significantly improving classification accuracy to 91.67% on the DMR-IR dataset [57]. However, these
models often relied on pre-trained weights from natural image datasets, introducing domain mismatch issues that limit
their performance in breast imaging.

Optimization-Based CNN Enhancements: To address the limitations of conventional architectures, optimization
techniques such as evolutionary algorithms have been integrated. The BreastCNet model [57], for instance, introduced
a dual-optimizer approach using the Grey Wolf Optimizer (GWO) [58] to fine-tune neuron counts in dense layers and
the Parrot Optimizer (PO) [59] to adjust the learning rate dynamically. These strategies mitigated overfitting, reduced
convergence time, and improved generalization, yielding 98.10% validation accuracy and an AUC of 0.995 on the BUSI
dataset. The integration of multi-task learning for simultaneous classification and bounding box regression further
distinguished BreastCNet from traditional single-task CNNs, enabling efficient, real-time diagnostic inference [5].

Transfer Learning and Feature Fusion: Numerous studies have leveraged pre-trained models such as ResNet,
EfficientNet, and DenseNet to transfer learned features from large-scale datasets like ImageNet to the breast imaging
domain [60], [61], [62]. While EfficientNet-based models have shown good trade-offs between accuracy and parameter
count, they are typically optimized for classification only and require architectural adaptation for localization. For
example, Petrini et al.’s EfficientNet-based CAD system achieved 0.9344 AUC on CBIS-DDSM, yet lacked integrated
lesion localization capabilities [9]. Similarly, YOLO-based detectors (YOLOv4, YOLOv5) demonstrated real-time
performance but required additional classification branches for dual-task capability, adding complexity and memory
overhead [63], [9].

Multi-Task Learning (MTL) for Joint Detection and Localization: MTL-based models have gained attention for
their ability to share feature representations across related tasks. Ding et al. introduced a ResNet-GAP architecture that
jointly performed classification and localization in ultrasound images, though with limited optimization and modest
accuracy (88.6%)[5], [64]. In contrast, the BreastCNet architecture offered significant innovation by integrating MTL
with hybrid optimization, allowing efficient learning of both tasks in a unified framework [57]. Compared to previous
models, BreastCNet's dual-branch output achieved higher F1-scores (0.98) and Intersection over Union (loU) scores
(0.96), indicating superior localization precision [5].

Lightweight Models and Clinical Feasibility: While heavy models like YOLOv4 (~60M parameters) offer state-
of-the-art detection accuracy, their computational cost poses barriers for clinical deployment. Lightweight architectures
such as MobileNetV2 [41], SqueezeNet [42], and EfficientNet-B0O [21] offer fewer parameters (~3-5M) and reduced
inference latency, but require additional modules for localization and lack specialization for medical image
characteristics. BreastCNet, with ~1.12M parameters and ~1.58 GFLOPs, achieves a practical balance between
performance and efficiency, making it suitable for edge deployment in clinical workflows [57].

Generalization and Cross-Modality Validation: Many CNN models suffer from limited generalization due to
overfitting on specific datasets[65]. BreastCNet’s training on BUSI and validation on DDSM and INbreast datasets
confirmed its robust cross-modality performance. It achieved 97.50% accuracy on DDSM and 96.20% on INbreast,
outperforming other models that showed performance degradation when exposed to unseen data [57], [23], [35].

Interpretability in Detection Models: Interpretability is essential for clinical adoption. Grad-CAM was used in
BreastCNet to visualize the decision-making process, improving trust and transparency [57]. However, the most
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detection models in the literature do not incorporate sufficient interpretability tools, reducing their acceptance in clinical
settings[5], [57].

In conclusion, current detection methods in breast cancer imaging show a clear progression from basic CNN
architectures to sophisticated multi-task, optimization-enhanced, and lightweight models. While high accuracy has been
achieved in many studies, key limitations persist in terms of computational cost, lack of real-time integration,
generalization across imaging modalities, and explainability.

5. CRITICAL ANALYSIS OF SEGMENTATION METHODS

Segmentation of breast tumors from medical images plays a vital role in identifying the extent and location of the
malignancy, aiding in treatment decisions. With advances in deep learning techniques, CNN based methods have gained
attention for their ability to achieve an accurate and automated segmentation [66]. Early and accurate segmentation of
breast tumors is essential for precise diagnosis, treatment planning, and monitoring. CNN methods have emerged as
powerful tools for medical image analyses, including breast cancer segmentation [67]. Segmentation methods, such as
U-Net!, YOLO? Mask R-CNN, and contour-based methods, have been extensively studied and developed for various
applications in computer vision and medical imaging [68]-[73]. However, instance segmentation goes beyond semantic
segmentation by not only assigning class labels, but also distinguishing between individual instances of objects within
a given class [74]. It involves identifying and segmenting each distinct object instance separately, providing precise
localization and differentiation of objects. It is typically built upon object detection algorithms, and extends them to
include pixel-level segmentation masks for each detected object instance [74].

Other segmentation methods, such as graph-cut algorithms, region-based approaches, and deep learning-based
architectures, have also been explored and developed for various segmentation tasks [72], [73]. These methods aim to
improve segmentation accuracy, efficiency, and generalization capabilities. However, the main problem is that a highly
accurate and efficient instance segmentation of breast cancer tumors in images should be reached, a challenging task
due to varying tumor shapes, sizes, and appearances. Methods range from basic CNN architectures to more advanced
models, such as U-Net, Mask R-CNN, and DenseNet for medical image segmentation tasks. While these methods are
likely to be promising, they often struggle with complex variations in tumor presentation and suffer from lower
generalization across diverse datasets[12]. Currently, models like Mask R-CNN and U-Net are considered among the
best for medical image segmentation tasks due to their ability to handle detailed pixel-wise segmentation and detection.
However, even the most advanced models have limitations in terms of generalizability, especially when applied to
different datasets like BUSI, DDSM, and INbreast. Breast cancer segmentation methods like UNet, VGG16, and similar
CNN-based models face multiple limitations[12], [75]. These include poor generalization across different imaging
datasets due to overfitting, difficulty in accurately detecting small, irregular or diffuse lesions, and high sensitivity to
noise and artifacts in medical images. Additionally, the computational cost and resource requirements of these models
make real-time clinical application challenging, particularly in resource-limited settings. The models also lack
interpretability, limiting clinical trust, and fail to effectively capture multiscale information, which is critical for
segmenting tumors of varying shapes and sizes. These methods also lack full automation for clinical workflows and are
unable to perform precise instance segmentation, which could otherwise distinguish between multiple, adjacent tumor
instances [12].

Despite considerable advancements, current segmentation methods face key limitations, particularly in
generalization, precision, and clinical applicability.

5.1. Traditional CNN-Based Segmentation: From U-Net to Its Variants

The seminal U-Net architecture by Ronneberger et al. [25] revolutionized biomedical segmentation through its
encoder-decoder framework with skip connections, enabling pixel-level precision with relatively few annotated samples.
However, baseline U-Net often underperforms in segmenting small or low-contrast lesions, a common issue in
mammography and ultrasound imaging. To address this, U-Net++ introduced nested dense skip pathways, reducing the
semantic gap between encoder and decoder features [76]. Meanwhile, Attention U-Net incorporated attention gates to
emphasize tumor-relevant features [77].

Despite these innovations, several studies have highlighted U-Net’s limitations. Its rigid architecture struggles with
significant shape variability and inter-patient heterogeneity. For example, experiments on the BUSI and DDSM datasets
revealed sensitivity drops when segmenting irregular or low-contrast tumors, particularly in ultrasound and dense breast
tissues[78], [79]. Moreover, performance often degrades when models trained on one dataset are applied to another, due
to domain shift and overfitting [12], [80]-[83].

1 U-shaped encoder-decoder network
2You only look once
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5.2. Instance Segmentation: Mask R-CNN and Beyond

Instance segmentation, unlike semantic segmentation, aims to identify each object instance separately. Mask R-CNN
has emerged as a leading architecture for this task by extending Faster R-CNN with an additional segmentation head,
allowing simultaneous object detection and pixel-level mask generation [13], [55], [84]-[85]. In breast imaging, Mask
R-CNN has shown superior results on datasets like INbreast and CBIS-DDSM, especially for well-defined lesions [86]-
[87]. However, its reliance on bounding box proposals makes it less effective for diffuse or small-scale tumors.
Additionally, the model’s computational complexity (~140M parameters) hinders real-time clinical application,
particularly in low-resource settings [13].

To reduce computational burden, lightweight adaptations like Lite-Mask R-CNN and EfficientDet+Mask modules
have been proposed. While these models maintain reasonable segmentation performance (loU ~0.82 on BUSI), they
often sacrifice fine-grained accuracy and are prone to false positives in noisy modalities like ultrasound [53].

5.3. Transformer-Based and Hybrid Architectures

Transformers have recently been incorporated into segmentation pipelines to model long-range dependencies.
TransUNet, Swin-UNet, and MedT combine CNN backbones with transformer encoders, yielding better contextual
awareness and improved Dice coefficients, particularly in MRI segmentation [88]-[89]. However, their reliance on large-
scale datasets and high GPU memory limits widespread adoption in clinical practice.

Hybrid models like CNN-VIT and Res-TransUNet have been proposed to balance spatial feature extraction and
global context modeling [90]. For instance, Res-TransUNet achieved a 3-5% gain in Dice and Jaccard scores over pure
CNN models on the BUSI dataset, especially for multi-region tumors [90] .However, these models require careful tuning
of transformer depth and attention granularity to avoid overfitting in small datasets.

5.4. Graph-Based and Edge-Aware Segmentation

To overcome boundary ambiguity, several studies have explored graph-cut methods and edge-aware segmentation.
Deep contour-aware networks (e.g., DCAN) and GCN-integrated U-Nets leverage boundary supervision to improve
precision around lesion edges[91]-[92]. This is especially beneficial in ultrasound, where tumors often lack clear
demarcation. However, integrating these modules increases architectural complexity and training time.

Recent efforts using graph neural networks (GNNSs) in post-processing stages have enhanced connectivity
preservation and reduced artifacts [93]. For example, GNN-refined U-Nets improved boundary recall by 6% on BUSI
but required additional annotations for edge maps, limiting scalability [93].

5.5. Generalizability, Robustness, and Cross-Modality Performance

A recurring challenge in breast cancer segmentation is the generalization of models across imaging modalities and
datasets. Many studies report high Dice coefficients (>0.90) on training datasets but observe significant performance
drops on external validation sets due to domain shifts in image quality, resolution, and annotation styles [31,33,80].
Few-shot learning, domain adaptation (e.g., CycleGAN-based style transfer), and data augmentation using generative
adversarial networks (GANSs) have shown promise in mitigating this issue [37], [41], [94].

However, GAN-based augmentation, while beneficial, can introduce unrealistic samples that skew model learning.
Unsupervised domain adaptation techniques remain underexplored in breast cancer imaging compared to other fields
like retinal or brain imaging [36].

5.6. Computational Constraints and Clinical Integration

Many of the top-performing segmentation models—such as Transformer-based or hybrid networks—demand
significant memory, long inference times, and are not optimized for real-time application. Lightweight segmentation
architectures like Mobile-UNet and Squeeze-UNet have addressed this by reducing parameter counts while maintaining
reasonable accuracy (Dice ~0.85) [95]. Nonetheless, a trade-off persists between efficiency and performance.

Moreover, clinical adoption is hindered by the lack of model interpretability. Few segmentation frameworks integrate
explainable Al (XAl) tools like Grad-CAM or saliency maps, which are vital for clinician trust[4], [47], [65], [88].
Embedding such mechanisms in future models is essential for transparency in segmentation decisions.

Despite the considerable progress in deep learning-based segmentation methods for breast cancer, several unresolved
issues remain. One major challenge is the poor generalization of models across different imaging modalities and
institutions, often caused by dataset bias and overfitting. Additionally, many models struggle with accurately detecting
small, irregular, or overlapping tumors, particularly in low-resolution or noisy images such as those produced by
ultrasound. The high computational complexity of advanced architectures further limits their feasibility for real-time
deployment on edge devices, especially in resource-constrained clinical environments. Moreover, the lack of
interpretability and clinical explainability in most segmentation models diminishes their acceptance and trust among
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radiologists. Lastly, there is limited integration of multi-modal information, such as patient metadata and radiomics
features, which could otherwise enhance diagnostic precision and model robustness.

6. CRITICAL ANALYSIS OF HYBRID AND MULTI-TASK LEARNING MODELS

Hybrid models and multi-task learning (MTL) frameworks have recently emerged as promising paradigms in breast
cancer analysis due to their capacity to jointly address related objectives—such as classification, detection, and
segmentation—within a single, integrated architecture. These frameworks aim to enhance computational efficiency,
promote feature sharing, and improve predictive consistency across tasks. However, several fundamental challenges still
hinder their full potential in clinical applications.

6.1. Efficiency vs. Specialization Trade-off

MTL models are increasingly adopted in breast cancer analysis due to their ability to jointly handle tasks such as
tumor detection and segmentation within a shared computational framework. A central advantage of these models lies
in their computational efficiency: by employing a shared encoder with dedicated decoders for each task, MTL
architectures significantly reduce model size, training time, and inference latency. This shared representation facilitates
the transfer of common features, which can enhance generalization, particularly when data resources are limited [96].

However, this shared structure also introduces a fundamental trade-off between efficiency and task-specific
specialization. While shared layers capture general features beneficial to multiple tasks, they may struggle to model the
fine-grained distinctions needed for each individual objective. This can result in task interference, where gradients from
competing tasks update shared parameters in conflicting directions, ultimately hindering convergence or degrading
performance on one or more tasks [97].

To address these challenges, recent studies have explored adaptive sharing strategies, such as soft-parameter sharing
or modular encoders with attention-based routing, which aim to maintain efficiency while allowing task-specific
specialization [96], [98]. Nevertheless, determining the optimal balance between shared and task-specific components
remains a significant design challenge in MTL architectures, particularly in complex medical imaging scenarios where
tasks demand differing levels of semantic abstraction.

6.2. Architectural Complexity and Optimization Challenges

Architectural design plays a central role in the effectiveness of hybrid models. Simple hard parameter sharing (i.e.,
full encoder sharing) often fails to capture task-specific nuances. More sophisticated designs, such as partially shared
encoders, gated multi-branch networks, and task-aware attention mechanisms, aim to separate shared and private
representations more effectively. For example, Task-Aware Attention Networks (TAAN) have shown notable
improvements by dynamically routing features to task-specific decoders based on learned attention maps [2], [52].

Nonetheless, determining the optimal depth, width, and connection schema for shared versus private layers remains
an open research problem. There is no one-size-fits-all solution, especially for medical imaging tasks that differ in spatial
precision and semantic interpretation.

6.3. Joint Loss Function Formulation

The joint optimization of multiple tasks relies heavily on well-designed loss functions. Most hybrid models combine
individual losses such as Dice loss (for segmentation), focal loss (for detection), and cross-entropy loss (for
classification). A fixed weighting of these losses can cause training imbalance, where one task dominates the learning
process. Adaptive approaches, like Uncertainty Weighting [99], Gradient Normalization (GradNorm) [75], [100] and
Adaptive Loss Balancing (ALB), offer dynamic weighting schemes to stabilize training and improve convergence across
all tasks.

However, these strategies are computationally intensive and may still be sensitive to hyperparameter tuning, making
real-world implementation more complex.

6.4. Evaluation Metrics and Benchmarking Inconsistencies

Evaluating hybrid models is challenging due to the diversity of metrics involved. Typically, segmentation is assessed
using Dice coefficient and loU [101], while detection/classification uses AUC [102] accuracy, sensitivity, and
specificity. Reporting these metrics independently makes it difficult to compare models holistically. Furthermore, a
model that excels in one task might underperform in another, which is not acceptable in clinical workflows.

Some researchers have proposed composite evaluation metrics or task-weighted scoring systems to provide a
balanced perspective [35], [96]-[97]. However, such methods are not yet standardized, leading to inconsistencies across
published studies.
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6.5. Data and Annotation Bottlenecks

High-quality labeled datasets are essential for effective multi-task learning. Unfortunately, datasets that provide
aligned annotations for all tasks (e.g., segmentation masks along with class/detection labels) are rare in the medical
imaging domain[12], [103]. Many publicly available datasets offer either classification labels or segmentation masks,
but not both.

To mitigate this, hybrid training schemes have been proposed, including semi-supervised learning, weak supervision,
and pseudo-label generation. For instance, self-supervised pre-training followed by fine-tuning on limited labeled data
has shown promise [50]. Nevertheless, the lack of comprehensive, multi-task annotated datasets remains a significant
bottleneck.

6.6 Generalization and Clinical Translation Challenges

Despite their academic success, hybrid models often face performance degradation when applied to real-world
clinical data due to domain shifts—variations in imaging modality, scanner settings, and patient demographics. Models
trained on public datasets like BUSI or CBIS-DDSM may fail to generalize to images from other institutions or
populations [12], [82], [104].

Transfer learning and domain adaptation techniques have been employed to mitigate this issue, but the robustness
and interpretability of these models are still under scrutiny [39]. Clinical translation also requires transparency and
reproducibility—qualities that many current MTL models lack due to their complex architecture and black-box nature.

hybrid and multi-task learning frameworks present a compelling solution for unified breast cancer diagnosis, offering
the potential to perform classification, detection, and segmentation in a single model. While these models show
significant promise in reducing computational redundancy and improving diagnostic coherence, several challenges
persist. Future research must address task interference, architectural optimization, adaptive loss balancing, and data
scarcity. Moreover, cross-domain generalization and clinical interpretability should be prioritized to ensure successful
real-world deployment of these advanced Al systems.

7. COMPARATIVE ANALYSIS AND SUMMARY

This section presents a critical comparative analysis of recent deep learning approaches for breast cancer detection,
segmentation, and unified end-to-end diagnosis frameworks. By systematically evaluating performance metrics,
architectural design, computational demands, and clinical relevance, we identify the strengths, limitations, and gaps
across state-of-the-art models. The methods are categorized into three core areas: (1) tumor detection, (2) tumor
segmentation, and (3) integrated models capable of simultaneous detection and segmentation. Within each category,
related models are grouped and contrasted based on shared methodologies or design goals, enabling a more cohesive
understanding of trends and challenges in the field. This structured comparison facilitates the identification of promising
directions for future research and practical deployment in clinical settings.

7.1. Breast cancer detection

The landscape of breast cancer detection using deep learning is rich with diverse approaches, ranging from classical
CNNSs to transformer-based and optimization-enhanced architectures. Traditional models, like those used by Das & Rana
[100] and Kumar et al. [103], employ deep CNNs or ResNet variants but primarily focus on classification without
localization. This limits their clinical utility, as they fail to offer tumor-specific visual guidance. While they achieve
moderate to high accuracy (~88-97%), these methods generally lack interpretability and task diversity (e.g., no
segmentation or bounding box regression).

In contrast, models like those by Petrini et al. [56] and Sait & Nagaraj [104] explore transfer learning with advanced
networks like EfficientNet, demonstrating improved accuracy (~85-99%) on large datasets. However, they still fall short
on localization and lack multi-task capabilities, often requiring high computational resources without offering real-time
or clinical insight.

Optimization-enhanced methods such as BreastCNet [30] mark a substantial advancement. By integrating hybrid
optimizers (GWO and PO) and a multi-task learning (MTL) structure, BreastCNet not only achieves superior
performance (AUC: 0.995, IOU: 0.96) but also addresses critical limitations such as task separation, overfitting, and
interpretability. This is in contrast to YOLO-based detectors [57], which offer real-time performance but suffer from
high false positives and architectural complexity.

Transformer-based models like BUVIiTNet [55] show promising global context awareness but are limited by their
data and compute requirements, as well as their lack of bounding box outputs. Meanwhile, deformable-attention
approaches (e.g., ACSNet [43]) offer innovative gating mechanisms yet still lack full integration of classification and
localization. Table 1 provides a comprehensive comparison of several methods in recent years (Table 1).
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Table 1. Comparison of breast cancer detection models

Author/Model Year Technique Dataset AU (':A‘/Clglir;l%a Gaps/Shortcomings
Accuracy decreased with
Das & Rana 2021 ResNet BUSI Accuracy: |deeper models; no localization;
[105] variants 88.89% lacks optimization and
interpretability.
High complexity; lacks
. ResNet-GAP + Accuracy: efficient optimization; no
Ding et al. [64] 2022 elastography BUSI 88.6% cross-dataset generalization
shown.
- No localization; no MTL;
- EfficientNet + CBISs- AUC: 0.9344, N '
Petrini et al. [9] 2022 transfer learning DDSM Acc: 85.13% weak ggnerall_za_tloq, lacks
hybrid optimization.
No mention of optimization
Huynh et al. 2023 YOLOX + Private Accuracy: or interpretability; only
[106] EfficientNet 92% classification; lacks cross-
dataset validation.
. No localization; lacks
Ayana et al. Vision AUC: 0.968, U,
[62](BUVIiTNet) 2022 Transformer BUSI Kappa: 0.959 Opt'mt'rzg:)m’ dhon:]:;ed 0
No bounding box
Sahu et al. [107] 2023 Hybrid deep- BUSI Accuracy: regression; lacks optimizer
(HADLCM) layer cascade 95.0% usage; evaluated on one
dataset.
Kumar et 2022 CNN (3 conv DDSM, Accuracy: MT(L)rcl)lrylg:;zsﬁlzgfiztr?rl];cnk(;
- 0, !
al.[108] layers) CBIS-DDSM 97.2% interpretability framework.
Sait & Nagaraj EfficientNetB7 Accuracy: Very high compIeX|.ty; not
[109] 2024 + LightGBM CMMD 99 9% tested on ultrasound; no
g o7 localization or MTL.
YOLOVS + Accuracy: High false positives; lacks
Prinzi et al.[63] 2023 . Proprietary | 95.3%, mAP: | classification branch; no dual-
transfer learning
0.621 task support.
Deformable . No bounding box output;
( ACYSUNEI;[;ES]' 2024 attention + gated BUSI QCZZ(? cy: no optimization;
CNN A0 interpretability limited.
Mishra et Accuracy: No localization; no
al.[110] 2024 Url:lekt)—rli?desNet BUSI 95.2%, Dice: | optimizer tuning; lacks cross-
(MultiRUSNet) y 0.741 modality testing.
Accuracy:
Mahichiet | o  CNN+GWO BUSE 1 98 10%, AUC: Balanced performance,
5 DDSM, . MTL, hybrid optimization,
al.[5] BreastCNet + PO (MTL) 0.995, F1: 0.98, |. .
INbreast 10U: 0.96 interpretable with Grad-CAM.

7.2. Breast cancer segmentation
Breast tumor segmentation methods (Table 2) primarily rely on U-Net variants, instance segmentation models like
Mask R-CNN, and more recently, transformer hybrids. Classical U-Net and its extensions (e.g., U-Net++, Attention U-
Net) [71]-[72] are favored for their pixel-wise segmentation capabilities. However, they struggle with small or irregular
lesions, particularly in ultrasound images where contrast is low. Studies such as those by Vakanski et al. [101] and Zhao
& Dai [103] demonstrate strong performance (DSC: ~90%) but often lack robustness across datasets.
Multi-scale and attention-based networks like MDF-Net [104] and CVV-VAE [106] introduce advanced feature fusion
and spatial disentanglement, achieving better generalization and Dice scores (up to 93.70%). However, they are often
limited by training complexity and computational demands, making real-time deployment difficult. Similarly, hybrid
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and ensemble models like those by Bobowicz et al. [105] and Karunanayake et al. [82] offer high performance but
require complex setups that hinder scalability and interpretability.

Instance segmentation models (e.g., Mask R-CNN) provide finer object-level delineation, yet their reliance on
bounding box proposals often limits performance on diffused or small tumors. They also introduce high computational
overhead (~140M parameters), making them impractical for edge deployment.

Table 2. Comparison of Breast tumor segmentation methods

Author Year Dataset Method Results Gaps/Shortcomings
small dataset size, feature
Vogl et al Multi-modal Randqn_1 For_est Segmentation predi_cti\{eness, less
[111] ' 2019 data (34 Classifier with Dice Coeff: modalitation between
Patients) mMpPET/MRI 0.665 classification and
segmentation
Lower accuracy
compared to other
advanced models,
Reliance on visual
Vakanski et al 510 breast U-Net W'th attent!on S(?;I;'[TJ(;Z \rg?%lagﬁgt;uil:ly
"1 2020 ultrasound blocks incorporating DSC of 90.5% o L
[112] images visual saliency medical images, Limited
dataset scope, Need for
further validation on
diverse datasets, Potential
overfitting, Scalability
concerns
Accuracy:
98'9_%’ Mean- 1 o tential overfitting due
. . loU: 52.89%, . :
Dilated Semfantlc Mean _ to high con_wplexn_y,_
Irfan et al Breast. Segmenyatlon Accuracy: Tl_me-consumlng trfaun_lng
[113] ' 2021 ultrasonic Network (Di-CNN) + 79.61% : with 500 epochs, Limited
image DenseNet201 + 24- . - explanation on
layer CNN + SVM Weighted-loU: performance with varied
73.83%, Mean- q -
i ataset sizes,
BF Score:
0.18218
Evaluation metrics
. U-Net + Residual . limited to Dice Index,
Zha?ﬁ'ﬁ Dai 2022 Ulitr:]aasggsnd Block + Att_ention D'C(? g;g(iex. loU, and _HD Index,
Mechanism ' Dataset details not clearly
specified
Dataset A:
DSC: 83.63%,
Dataset A: loU: 75.83%,
Breast Sensitivity:
Ultrasound 85.07%, - Sensitivity slightly
Lesions Multi-scale Dynamic Specificity: lower on Dataset B - No
QiWetal. 2023 Dataset Eusion Network 99.42% Dataset explicit reporting on
[115] Dataset B: (MDF-Net) B: DSC: overall accuracy, AUC,
Baheya 78.20%, loU: F1 Score, and mAP, 500
Hospital 70.22%, epoch cause overfitting.
Ultrasound Sensitivity:
Dataset 79.44%,
Specificity:
98.22%
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Slightly lower
segmentation precision
compared to specialized

models; Increased
AUC: 0.991 complexity due to dual-
Zhang S et al. 2023 daEtia(;i;g?‘l)r D(%?;;ZEEZZ?igogel (classification); branch architecture;
[77] BUS imaging segmentation) DSC: 0.898 Synchronization
(segmentation) challenges between
classification and
segmentation tasks;
Complex loss function
design needed.
Dice
coefficients:
) 0 8196 (e3§y), Reliance on initial DL
Al-based hybrid ' (mﬁ 'un,])’ segmentation quality;
Three distinct model combining 0.90 (hard); Lack of direct
Karunanayake | 5, | ultrasound deep learning and Relative comparison to instance
N etal. [88] datasets multi-agent artificial _Hausd.orff _ | segmentation methods,
life distance: H3 = Computational
0.26 (easy), H3 Complexity
=0.82
(medium), H3 =
0.84 (hard)
Lower segmentation
accuracy compared to
BUS B, ISRFE-DO; Requires
Bobowicz M OASBUD, PraNet, CaraNet, loU: 0..81,_0.§0, complex ens_e.mblle setup
et al. [116] 2024 BUSI, UCC FCBForme.r. 0.73; Dice: for classmc_atlon,
BUS (ensemble classifiers) | 0.89, 0.87, 0.82 Computational
complexity, scalability
issues, complexity in
implementation.
Cross-View
Variational
Autoencoder (CV- Requires large labeled
VAE) with spatial DSC: 92.46%, datasets and high
Ma Yetal. 2024 CBIS-DDSM, hidden factor 93.70%. F1- computational power,
[117] INbreast . ] S .
disentanglement, score: 0.864 limiting use in small
FPN-based classifier, clinics.
and U-Net-like
decoder

7.3. End to end breast cancer detection and segmentation Simultaneously

End-to-end models that simultaneously detect and segment tumors represent a promising, holistic approach for breast
cancer diagnosis. Most such models attempt to unify classification and segmentation, although often at the expense of
performance trade-offs in one domain.

For example, EDCNN by Islam et al. [14] combines MobileNet and Xception for improved detection, yet it falls
short in segmentation accuracy (loU: 0.77). Models like DDA-AttResUNet [96] and DAU-Net [107] emphasize
segmentation using attention-enhanced U-Net variants, achieving Dice scores above 92%, but do not support
classification or localization, reducing their diagnostic completeness.

UCapsNet [108] and CoAtUNet [109] incorporate capsule networks and transformer modules, respectively, offering
strong classification and segmentation performance (~99% accuracy and Dice ~95%). However, their high
computational cost, lack of real-time capability, and evaluation on limited datasets weaken their generalizability and
clinical viability. Table 3 summarizes several methods for breast cancer classification, localization and tumor
segmentation, (Table 3).
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Table 3. Comparison of breast cancer detection and segmentation Simultaneously methods

Author

(Year) Dataset [Model Architecture|Performance Metrics Strengths Gaps/Shortcomings
Islam M. et EDCNN Accuracy: 87.82%, Cogzgl?(ii '\:Iiggl:%';let Limited segmentation
al ' BUSI, | (Ensemble Deep AUC: 0.91, F1- enhanced %etection effectiveness, lower
y UDIAT| CNN - MobileNet |score: 86.00%, loU: | . - ... |accuracy than BreaVisioNet,
[24](2024) + Xception) 0.77 interpretability with no classification component
P ' Grad-CAM P
: Focuses on . .
Dice: 92.92%, loU: - Restricted to segmentation
Hekal A. et D(DISAG —a,?t[t)Féﬁzgé\:et 87.39%, Accuracy: aii%rgecntatljlﬂgl without classification, image
al.[101] BUSI . 98.82%, Sensitivity: y, Jua resizing reduces fine tumor
Attention .. 77| Decoder Attention A
(2024) 92.16%, Precision: detail, limited
ResUNet) enhances tumor L
93.90% . . generalizability
region emphasis
. _| Accuracy: 82.53%, . Struggles with
Carriero A. ggstﬁng{mshelzﬁg loU: 52.57%, Ugséﬁ:azhogxzdv\ggh small/irregular tumors, poor
etal. BUSI D’ee Lébvg+ "I Weighted loU: com a¥ed with generalization (training vs.
[118](2024) P " | 89.14%, F1-score: np eval loU gap), dataset size is
PSPNet) various models . o
N/A insufficient
Lacks tumor classification,
Pramanik et DAU-Net (Dual Dice: 74.23% Enhar_lced f_eature limited to segmentation, no
BUSI, | Attention U-Net 0 extraction with dual X :
al. UDIAT| with PCBAM & (BUSI), 78.58% attention mechanisms real-time processing
[119](2024) (UDIAT) - . '| capabilities, dataset-specific
SWA) hybrid loss function .
evaluation
Classification Strong segmentation, [High computational cost, not
Madhu et UCapsNet (Hybrid | Accuracy: 99.22%, | capsule network optimized for real-time
al.[120] BUSI | U-Net + Capsule Segmentation improves deployment, limited dataset
(2024) Network) Accuracy: 99.07%, classification evaluation (only BUSI
Dice Score: 95.14% accuracy dataset)
L CoAtUNet Strong transformer- Potential computational
Zaidkilani et BUSI C lutional Resul based architecture, lexi .
al. [11] USI, | (Convolutiona ( esults not attention mechanisms| °MP exity, may require
UDIAT| Transformer U- specified yet) further optimization for
(2025) to enhance feature .
Net) . clinical deployment
extraction
Schutte et al. | Private | CNN-based Model Accuracy: 86.4%; Uses multi-stage | Dataset limited to a private

[121] (2024)

Dataset

Sensitivity: 90.2%);

(Multi-stage CNN)

Specificity: 85.1%

processing for
improved sensitivity

source, restricting
generalizability

8. IDENTIFIED RESEARCH GAPS AND CHALLENGES

Despite the rapid advancement of deep learning in breast cancer detection and segmentation, numerous unresolved
challenges continue to hinder real-world clinical integration. These challenges span across data availability, model
generalization, interpretability, efficiency, and evaluation consistency. Based on critical analyses throughout this review,
the following research gaps have been identified.

8.1. Data Limitations and Annotation Scarcity

The development of effective deep learning models is fundamentally limited by the scarcity of large, annotated, and
diverse breast cancer imaging datasets. Most existing datasets (e.g., BUSI, INbreast, CBIS-DDSM) either lack
segmentation masks, classification labels, or are heavily imbalanced in terms of lesion types and sizes [5], [36]-[37] .
Particularly, datasets with aligned annotations for multi-task learning (e.g., joint classification, detection, and
segmentation) are rare, hindering unified model training [5], [8], [12]. Moreover, manual annotation of breast lesions
requires expert radiologists, making the process costly and time-consuming [103]. Although weakly supervised, semi-
supervised, and self-supervised methods have been introduced to reduce dependency on labels [51], their use in breast
imaging remains under-investigated and not yet mature for deployment.
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8.2. Generalization and Domain Shift Challenges

A significant number of models perform well on internal validation sets but struggle to generalize across external
datasets or modalities. Domain shift caused by differences in imaging protocols, scanner types, or patient demographics
often leads to performance degradation [31], [41], [82], [122]. Techniques such as domain adaptation using CycleGANs
[37], few-shot learning, and cross-modality training[42] have been explored, but robust cross-institutional generalization
remains limited, especially for segmentation tasks [80], [83].

8.3. Limited Interpretability and Clinical Trust

Deep learning models are often viewed as "black-box" systems, which reduces trust and hinders clinical acceptance.
Many high-performing models lack mechanisms to explain their decision-making process, making them unsuitable for
clinical workflows where transparency is essential [4], [20], [43]. While methods like Grad-CAM, saliency maps, or
attention visualization have been adopted in some frameworks (e.g., BreastCNet [5]), few models embed interpretability
natively within their architectures, particularly in segmentation pipelines [57], [65], [88].

8.4. Trade-off Between Model Complexity and Real-Time Feasibility

Transformer-based models, capsule networks, and ensemble frameworks often offer superior accuracy at the cost of
massive computational overhead, making them unsuitable for real-time diagnosis or use in low-resource clinical
environments[62], [88], [90]. On the other hand, lightweight models such as MobileNet [95]and EfficientNet-B0 [9]
offer reduced complexity but typically suffer from performance trade-offs in segmentation accuracy or lesion
localization. Striking an optimal balance between model performance and deployment feasibility remains a key
challenge for breast imaging systems [95].

8.5. Multi-Task Learning Optimization and Interference

Multi-task learning (MTL) frameworks enable simultaneous learning of classification, detection, and segmentation,
promoting efficiency and feature sharing [34], [35], [50], [123]. However, MTL introduces task interference, where one
task (e.g., classification) may dominate training and suppress others (e.g., segmentation), especially under fixed loss
weights [8], [99]. Although adaptive loss weighting strategies like GradNorm [75], Uncertainty Weighting [99], and
ALB have shown promise, MTL optimization is still highly sensitive to architecture design and hyperparameter tuning,
limiting stability and reproducibility [98], [100].

8.6. Inconsistent Evaluation Protocols and Benchmarking

Current studies adopt diverse datasets, metrics, and evaluation criteria, making direct comparisons difficult and
impeding progress [24], [101]-[102]. Some report only segmentation metrics (Dice, loU), others emphasize
classification (accuracy, AUC), while very few attempt a comprehensive multi-task evaluation. The lack of standardized
benchmarks or leaderboards for breast cancer imaging (as seen in fields like natural image segmentation) hampers
reproducibility and model comparison, leading to fragmented progress[8], [35].

8.7. Limited Integration of Multimodal and Clinical Metadata

Most models rely solely on imaging data, overlooking valuable clinical context such as patient history, genetic
markers, and radiomics features [48]-[49]. This represents a missed opportunity for improving diagnostic accuracy and
robustness. While some recent models integrate structured metadata with imaging via multimodal fusion techniques,
this remains rare, technically complex, and poorly standardized. Effective fusion of non-image data with imaging
pipelines demands further exploration to enhance diagnostic precision and personalization [50].

Table 4 summarizes the major research gaps and challenges identified in recent deep learning-based breast cancer
imaging studies, including issues related to data scarcity, model generalization, interpretability, computational
efficiency, multi-task learning optimization, evaluation inconsistency, and multimodal integration.

Table 4. Gaps and challenges identified in recent deep learning-based breast cancer imaging studies
Research Gap /
Challenge

Description

Public datasets (e.g., BUSI, CBIS-DDSM, INbreast) often lack multi-task annotations
(classification + detection + segmentation). Manual labeling is time-consuming and expert-
dependent. Multi-task datasets are rare, limiting unified model development.
Models trained on specific datasets often fail on unseen domains due to variations in image
quality, acquisition devices, and patient demographics. Generalization across modalities is
not guaranteed.

Limited Annotated
Datasets

Poor Generalization
and Domain Shift
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Research Gap /

Challenge Description
Lack of Interpretability| Most models are black-box systems. Few integrate interpretable tools like Grad-CAM or
and Clinical Trust saliency maps natively. Clinicians require transparent decision support.

Transformer-based, capsule, and ensemble models achieve high accuracy but are resource-
intensive. Lightweight models reduce complexity but often compromise segmentation
accuracy or localization ability.

MTL frameworks often face imbalanced task learning where one objective dominates.
Optimizing joint loss functions is difficult. Adaptive balancing methods (e.g., GradNorm)
are promising but computationally demanding.

Inconsistent Evaluation| Studies use varied datasets, metrics (e.g., AUC, Dice, loU), and lack statistical validation.

High Computational
Complexity

Multi-Task Learning
(MTL) Interference

Protocols Absence of unified benchmarks prevents direct model comparisons.
Limited Multimodal |Most models use imaging data alone. Clinical metadata (e.g., age, family history, radiomics)
Integration is underutilized. Integration techniques are complex and poorly standardized.

9. FUTURE RESEARCH DIRECTIONS

Building on the identified challenges and gaps outlined in the preceding sections, future research in deep learning-
based breast cancer diagnosis must prioritize several critical areas to ensure greater clinical applicability, robustness,
and interpretability of Al systems. Despite the rapid evolution of deep neural network architectures and their promising
diagnostic capabilities, translating these systems into real-world healthcare environments requires overcoming persistent
limitations related to data scarcity, generalization, transparency, computational efficiency, and workflow integration.

While our review highlights significant progress in the field, a critical evaluation reveals a dichotomy in the
development of DL models for breast cancer detection and segmentation. On one hand, complex, state-of-the-art models
like YOLOv4 demonstrate impressive accuracy but often come with a substantial computational cost and latency,
making them less suitable for real-time clinical applications. On the other hand, lightweight models such as BreastCNet
offer faster inference times but may sacrifice a degree of diagnostic precision. This trade-off between performance and
efficiency presents a key challenge for clinical translation. Furthermore, the limited interpretability of many black-box
models, despite their high-performance metrics, remains a significant barrier to their adoption by clinicians who require
confidence and transparency in Al-driven diagnoses. This highlights a critical need for future research to not only pursue
higher accuracy but to do so in a manner that is both computationally efficient and inherently interpretable.

A foundational priority is addressing the heavy reliance on large-scale, fully annotated datasets, which continues to
hinder the development of robust and scalable models. Annotating breast cancer imaging data—especially for pixel-
wise segmentation or instance-level detection—is time-consuming, costly, and requires expert radiologists. As such,
future work should explore the development and integration of self-supervised and semi-supervised learning strategies
that can leverage unlabeled or partially labeled data to enhance model learning. Techniques such as contrastive learning,
pseudo-label generation, and consistency regularization have demonstrated success in other domains and hold significant
promise in medical imaging contexts. Their application in breast cancer analysis, however, remains underutilized and
demands greater research attention [43]. Implementing such methods can alleviate the annotation burden, enable more
efficient use of available datasets, and ultimately lead to models that generalize better across patient populations and
imaging devices.

Interpretability is another crucial direction for future exploration. Many of the high-performing deep learning models
currently used in breast cancer imaging function as "black boxes," which limits their acceptability in clinical settings.
Although post hoc techniques such as Grad-CAM or saliency maps offer visual cues about model attention, they do not
provide inherently explainable reasoning mechanisms. Future architectures should incorporate interpretability directly
into their structure, such as through attention-guided feature selection, decision-aware modules, or explicit
representation learning. By embedding transparency into the model pipeline, researchers can improve clinical trust and
facilitate model validation, a necessary step for regulatory approval and physician acceptance [1], [36], [50], [59].

Another key area for advancement lies in the optimization of MTL frameworks. These models are increasingly used
for joint prediction tasks, such as simultaneous tumor classification, detection, and segmentation, as they improve
computational efficiency and promote knowledge sharing across related tasks. However, one common challenge with
MTL approaches is task interference, where learning one objective may negatively affect performance on another. To
address this, dynamic loss-balancing methods such as Uncertainty Weighting, GradNorm, or Adaptive Loss Balancing
(ALB) have been proposed, offering better stability and task convergence during training [25], [26], [94]-[95]. In
addition, neural architecture search (NAS) and automated hyperparameter tuning may be employed to adaptively
optimize MTL configurations for diverse imaging modalities and objectives.
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From a deployment perspective, the creation of lightweight, resource-efficient deep learning models is imperative,
particularly for use in point-of-care or low-resource environments. Current state-of-the-art models, particularly
transformer-based or ensemble networks, often demand high computational resources and large memory footprints,
which hinder their usability in real-time clinical workflows. Designing and optimizing architectures such as MobileNet,
EfficientNet-lite, or SqueezeNet—alongside model compression techniques including pruning, quantization, and
knowledge distillation—can yield smaller, faster, and more efficient models without significantly compromising
diagnostic accuracy. These models would be particularly valuable in settings with limited access to high-performance
computing infrastructure, such as community hospitals or remote clinics [9], [95], [124].

In parallel, future research must explore multimodal fusion strategies that incorporate both imaging data and
complementary clinical metadata. Most current deep learning models are limited to analyzing image pixels, disregarding
rich contextual data such as patient age, genetic risk factors, hormonal status, and prior imaging history. Integrating such
non-image data into diagnostic models via multimodal fusion—using strategies like cross-modal transformers, graph-
based neural networks, or attention-based late fusion—can enhance prediction robustness, enable personalized
diagnosis, and improve the interpretability of model outputs. This direction also aligns well with precision medicine
objectives, which aim to tailor interventions based on both phenotypic and clinical profiles [41]-[43], [125].

A persistent challenge in current research is the lack of model generalization across domains, institutions, and
imaging protocols. Many models perform well on internal validation sets but exhibit significant degradation when
applied to external datasets due to domain shift. Future efforts should focus on improving domain adaptation and transfer
learning strategies. Techniques such as unsupervised domain adaptation, few-shot learning, and image-to-image
translation using generative adversarial networks (e.g., CycleGAN) have shown potential in mitigating domain
variability and improving robustness [28], [34], [77], [126]-[127]. However, their systematic application to breast cancer
imaging remains limited. Moreover, constructing large-scale, diverse, multi-institutional datasets would provide the
necessary benchmark for fair and reproducible evaluation of generalization performance across populations and imaging
devices.

Equally important is the design of unified, end-to-end architectures that consolidate multiple diagnostic tasks—such
as classification, localization, and segmentation—within a single streamlined model. At present, many models are
developed and trained separately for each task, leading to redundant computation and lack of clinical integration. A
unified approach, typically based on a shared encoder and multiple task-specific decoders, would significantly improve
system efficiency, enable joint learning of diagnostic cues, and better reflect real-world diagnostic workflows.
Furthermore, these models should be modular and extensible, supporting plug-and-play configurations for varied
imaging modalities and clinical contexts [13], [30], [128].

Finally, the lack of standardized evaluation protocols and benchmarking practices poses a substantial barrier to
progress. Current studies often employ disparate datasets, inconsistent evaluation metrics, and variable training-
validation splits, which limits the reproducibility and comparability of results. The field would benefit greatly from the
establishment of common benchmarking datasets with fixed training/testing splits and the inclusion of multi-task
performance metrics that evaluate models holistically. The development of open-access leaderboards and community
challenges—similar to those established for natural image classification and segmentation—could foster healthy
competition, increase transparency, and drive methodological advancement [24], [26], [104], [129].

future research in deep learning for breast cancer imaging must not only pursue higher accuracy but also address
fundamental issues related to data efficiency, interpretability, generalization, and deployment feasibility. Only by
tackling these multidimensional challenges can researchers create Al systems that are not only powerful and accurate,
but also trustworthy, efficient, and ready for real-world clinical impact.

Table 5 presents a consolidated summary of the key future research directions identified in this review, outlining
their core objectives and associated references to guide ongoing advancements in deep learning-based breast cancer
detection and segmentation, (Table 5).

Table 5. Future Research Directions in Deep Learning-Based Breast Cancer Detection and Segmentation

Research Direction Description and Goals
Self-Supervised and Address data scarcity by enabling models to learn from unlabeled or partially labeled
Semi-Supervised data. Techniques like contrastive learning, pseudo-labeling, and consistency training
Learning reduce reliance on expert annotations and improve generalization.

Improve clinical trust and regulatory approval through native interpretability
mechanisms. Move beyond Grad-CAM to attention-based modules and decision-aware
architectures that explain predictions in real time.

Integrated Explainable Al
(XAl
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Research Direction Description and Goals
Enhance learning of classification, detection, and segmentation in unified frameworks.
Tackle task interference via dynamic loss weighting (e.g., GradNorm, ALB) and explore
automated hyperparameter tuning for stable training.

Design efficient architectures (e.g., MobileNet, EfficientNet-lite) with low computational
overhead suitable for real-time inference on portable or embedded devices. Use pruning,
quantization, and distillation for compression.

Fuse imaging data with patient metadata (e.g., age, family history, genetics) and
radiomics features to enhance diagnostic accuracy and personalization. Apply cross-
modal attention or graph-based fusion.

Develop models that generalize across institutions, scanners, and demographics using
techniques like few-shot learning, CycleGANS, and unsupervised domain adaptation.
Encourage cross-dataset evaluations.

Integrate classification, detection, and segmentation into a single pipeline using shared
encoders and task-specific decoders. Improve efficiency, coherence, and clinical

Optimizing Multi-Task
Learning (MTL)

Lightweight and Edge-
Deployable Models

Multimodal and Clinical
Metadata Integration

Domain Adaptation and
Generalization

Unified End-to-End
Architectures

usability.
Benchmarking and Establish shared benchmarks, multi-task leaderboards, and standardized datasets to
Evaluation promote transparency and reproducibility. Ensure fair comparison of models across
Standardization different tasks and datasets.

10. CONCLUSION

This review provides a critical and multi-faceted synthesis of deep learning-based methodologies for breast cancer
detection and segmentation, encompassing single-task, multi-task, and hybrid approaches across mammography,
ultrasound, and MRI modalities. While significant progress has been made in algorithmic development—marked by the
adoption of CNNSs, transformers, attention mechanisms, and optimization techniques—several structural,
methodological, and translational gaps remain unresolved.

One of the most pressing issues is the scarcity of large, annotated, and multi-task-compatible datasets, which limits
both the training of robust models and the reproducibility of results. Despite the emergence of models with exceptional
accuracy and segmentation performance, generalization across domains, modalities, and populations remains
inadequate, frequently leading to performance degradation in real-world settings. Moreover, the widespread use of
black-box architectures continues to challenge clinical trust, with many models lacking inherent interpretability or
transparency in decision-making. Segmentation frameworks, although mature in architecture, often fail when faced with
noisy, low-contrast, or irregular lesions—particularly in ultrasound imaging. Detection models frequently lack
integrated localization capabilities or interpretability tools, reducing their diagnostic value. While end-to-end and multi-
task learning frameworks offer a compelling route toward unified diagnostic pipelines, they are currently hindered by
task interference, complex optimization demands, and insufficient benchmarking protocols. From a deployment
perspective, current transformer-based and ensemble architectures, though accurate, are computationally expensive and
unsuitable for point-of-care environments. Conversely, lightweight models often sacrifice accuracy or diagnostic
completeness. Balancing computational feasibility with diagnostic precision is a critical yet underexplored challenge.
Looking ahead, the field must prioritize several transformative directions: developing semi-supervised and self-
supervised training pipelines to mitigate annotation bottlenecks; embedding explainability directly into model design to
enhance transparency; optimizing multi-task architectures for stability and scalability; and integrating non-image clinical
metadata through multimodal learning.

The future directions identified—such as the adoption of self-supervised learning for robust feature extraction from
limited datasets, the integration of explainable Al for enhanced clinical trust, and the development of multi-modal fusion
and domain adaptation techniques—are not merely incremental improvements. They are essential pathways for
overcoming the existing barriers to create trustworthy, efficient, and clinically-impactful Al systems. By focusing on
these areas, the next generation of deep learning models can be developed to provide a reliable and indispensable tool
for breast cancer screening and diagnosis. In addition, a move toward standardized datasets, shared benchmarks, and
clinically validated evaluation protocols is essential to promote reproducibility and fair comparison. Ultimately, the
future of deep learning in breast cancer diagnosis depends not only on architectural innovation but also on cross-
disciplinary collaboration—where Al researchers, radiologists, and clinical stakeholders co-develop solutions that are
interpretable, generalizable, efficient, and ethically sound. Only then can deep learning systems transition from
promising research tools to trusted, real-world clinical allies in the fight against breast cancer.
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