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Abstract 

Breast cancer remains one of the leading causes of mortality among 
women worldwide, with molecular subtype identification playing a 
critical role in determining personalized treatment strategies. 
Traditional diagnostic approaches, such as immunohistochemistry, are 
invasive, time-consuming, and prone to sampling errors. In recent 
years, deep learning-based techniques have emerged as promising 
alternatives for non-invasive subtype prediction using mammogram 
images. This paper presents a comprehensive survey of methods and 
architectures focusing on advanced deep learning frameworks, 
particularly cascaded capsule networks integrated with attention 
mechanisms, for accurate breast cancer molecular subtype 
classification. Capsule networks demonstrate superior capability in 
preserving spatial hierarchies compared to conventional convolutional 
neural networks, while attention modules enhance feature 
representation by focusing on clinically relevant regions. Recent studies 
highlight that attention-guided architectures, such as DenseNet-CBAM 
and hybrid attention networks, significantly improve classification 
accuracy and interpretability . Furthermore, advancements in hybrid 
and ensemble models combining handcrafted and deep features have 
shown improved robustness across diverse datasets . This survey 
analyzes recent literature, identifies key challenges such as data 
imbalance, interpretability, and computational complexity, and 
proposes future directions for developing efficient cascaded deep 
capsule attention networks. The findings emphasize the potential of 
integrating capsule structures with attention mechanisms to achieve 
accurate, scalable, and clinically applicable breast cancer subtype 
prediction systems. 

 
 
Introduction 
Background and Significance 
Breast cancer is one of the most prevalent and 
life-threatening diseases affecting women 
globally. Despite significant advancements in 
medical imaging and therapeutic strategies, 
early detection and precise classification remain 

critical challenges. According to recent studies, 
breast cancer exhibits high heterogeneity, which 
makes accurate diagnosis and treatment 
planning complex . This heterogeneity is 
primarily characterized by molecular subtypes 
such as Luminal A, Luminal B, HER2-enriched, 
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and Triple-Negative Breast Cancer (TNBC), each 
requiring distinct therapeutic approaches. 
Mammography has long been established as the 
gold standard imaging modality for breast 
cancer screening due to its cost-effectiveness 
and accessibility. However, traditional 
mammographic interpretation relies heavily on 
radiologists’ expertise and suffers from 
limitations such as inter-observer variability, 
reduced sensitivity in dense breast tissues, and 
difficulty in capturing subtle tumor 
characteristics . These limitations highlight the 
need for automated and intelligent diagnostic 
systems. 
Role of Artificial Intelligence in Breast 
Cancer Diagnosis 
Artificial Intelligence (AI), particularly deep 
learning (DL), has revolutionized medical image 
analysis. Deep learning models, especially 
Convolutional Neural Networks (CNNs), have 
demonstrated remarkable performance in tasks 
such as classification, segmentation, and 
detection of breast lesions. These models can 
automatically learn hierarchical feature 
representations from raw images, eliminating 
the need for handcrafted features. 
Recent developments have extended beyond 
simple classification tasks toward predicting 
molecular subtypes directly from imaging data. 
This shift is significant because molecular 
subtype classification traditionally requires 
invasive biopsy procedures. Studies have shown 
that deep learning models can extract 
discriminative imaging biomarkers correlated 
with tumor biology, enabling non-invasive 
subtype prediction . 
Limitations of Conventional Deep Learning 
Models 
Despite their success, conventional CNN-based 
models have inherent limitations. CNNs often 
fail to preserve spatial relationships between 
features due to pooling operations, which can 
lead to loss of important structural information. 
This limitation is particularly critical in medical 
imaging, where spatial relationships and 
morphological patterns are essential for 
accurate diagnosis. 
Additionally, CNNs require large labeled 
datasets, which are often scarce in medical 
domains. Data imbalance is another significant 
challenge, as certain molecular subtypes are 
underrepresented, leading to biased model 
performance. Moreover, lack of interpretability 
remains a major barrier to clinical adoption, as 
clinicians require transparent and explainable 
decision-making processes. 
Emergence of Capsule Networks 
Capsule Networks (CapsNets), introduced as an 
alternative to CNNs, address many of these 

limitations by preserving hierarchical spatial 
relationships through dynamic routing 
mechanisms. Unlike CNNs, capsule networks 
encode both the probability and pose of features, 
enabling better representation of complex 
structures. Research indicates that capsule 
networks outperform traditional models in 
distinguishing between benign and malignant 
cases, demonstrating improved robustness and 
generalization . 
In breast cancer analysis, capsule networks have 
shown promise in capturing subtle variations in 
tumor morphology, which are critical for 
subtype classification. Their ability to model 
part-whole relationships makes them 
particularly suitable for analyzing 
mammographic images. 
Attention Mechanisms in Medical Imaging 
Attention mechanisms have emerged as a 
powerful tool to enhance deep learning models 
by focusing on the most relevant regions of an 
image. In the context of breast cancer diagnosis, 
attention modules help highlight tumor regions 
and suppress irrelevant background 
information. Models such as CBAM 
(Convolutional Block Attention Module) have 
been successfully integrated with CNN 
architectures to improve classification 
performance and interpretability. 
Recent studies demonstrate that attention-
guided models can effectively identify 
discriminative features from mammograms, 
leading to improved accuracy in subtype 
classification. For instance, attention heatmaps 
generated by these models provide visual 
explanations, aiding clinicians in understanding 
model predictions . 
Hybrid and Cascaded Architectures 
To further enhance performance, researchers 
have proposed hybrid architectures that 
combine multiple deep learning techniques. 
These include integrating CNNs with capsule 
networks, attention modules, and handcrafted 
feature extraction methods. Such hybrid models 
leverage the strengths of different approaches, 
resulting in improved accuracy and robustness. 
Cascaded architectures, in particular, involve 
multiple stages of processing, where each stage 
refines the output of the previous one. This 
approach is beneficial for complex tasks such as 
molecular subtype classification, where fine-
grained feature extraction is required. Studies 
have shown that hybrid ensemble models 
combining deep learning and handcrafted 
features can outperform standalone models 
across multiple datasets . 
The development of reliable artificial 
intelligence-based systems for breast cancer 
molecular subtype prediction has witnessed 
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significant progress in recent years; however, 
several critical challenges persist. One of the 
primary issues is data scarcity and imbalance, as 
there is a limited availability of well-annotated 
mammogram datasets with detailed molecular 
subtype labels. This constraint often leads to 
biased model training and reduced 
generalization capability. Additionally, model 
interpretability remains a major concern, as 
many deep learning architectures function as 
black-box systems, making it difficult for 
clinicians to trust and validate their predictions. 
Another challenge is the lack of generalization, 
where models trained on specific datasets fail to 
perform consistently across different imaging 
conditions and populations. Furthermore, 
advanced architectures such as capsule 
networks and hybrid deep learning models 
introduce high computational complexity, 
requiring substantial resources for training and 
deployment. Finally, clinical integration poses a 
significant barrier, as translating research-
oriented models into real-world healthcare 
systems involves regulatory, technical, and 
usability challenges. 
To address these limitations, the integration of 
capsule networks with attention mechanisms 
within a cascaded architecture presents a 
promising research direction. Capsule networks 
are capable of preserving hierarchical spatial 
relationships, which are essential for capturing 
the structural characteristics of breast lesions, 
while attention mechanisms enhance feature 
selection by focusing on clinically relevant 
regions within mammogram images. A cascaded 
design further refines feature extraction 
through multiple processing stages, leading to 
improved classification accuracy and robustness. 
Such a framework enables the model to 
effectively capture complex spatial relationships, 
emphasize diagnostically significant tumor 
regions, and enhance interpretability through 
attention-based visualizations. Moreover, it 
offers improved handling of data imbalance and 
supports the development of scalable and 
efficient solutions suitable for clinical 
deployment. 
In this context, the objective of this survey is to 
provide a comprehensive analysis of existing 
methods and architectures for breast cancer 
molecular subtype prediction using 
mammogram images. The study systematically 
reviews recent advancements in deep learning 
models, including convolutional neural 
networks, capsule networks, and attention-
based approaches. It further examines hybrid 
and cascaded frameworks that combine multiple 
techniques to enhance performance. 
Additionally, the survey compares the 

effectiveness of various models across different 
studies, identifies key research gaps and 
challenges, and proposes future directions for 
developing efficient, interpretable, and clinically 
applicable models for breast cancer diagnosis. 
 

 
 

 
Organization of the Paper 
The remainder of this paper is structured as 
follows: the literature review section presents a 
detailed analysis of recent studies, followed by a 
comparative table summarizing key findings. 
Subsequently, a discussion highlights critical 
insights and challenges, and the conclusion 
outlines future research directions. 
 
Literature Review 
Study 1 
Deep Learning for Breast Cancer Classification 
Using Mammograms 
A 2020 study proposed a deep convolutional 
neural network (CNN) framework for 
automated breast cancer classification using 
full-field digital mammograms. The model 
utilized transfer learning with pretrained 
architectures such as ResNet and VGG, achieving 
high classification accuracy across benign and 
malignant cases. The study emphasized the 
importance of data augmentation techniques to 
address class imbalance. However, the CNN-
based architecture exhibited limitations in 
capturing spatial hierarchies, which may affect 
fine-grained subtype classification. 
DOI: 10.1016/j.compbiomed.2020.103801 
Study 2 
Attention-Based CNN for Breast Cancer 
Detection in Mammography 
This study introduced an attention-guided CNN 
model incorporating spatial and channel 
attention mechanisms to enhance lesion 
localization in mammogram images. The 
integration of attention modules improved 
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interpretability by highlighting suspicious 
regions, thereby aiding clinical validation. 
Experimental results demonstrated improved 
sensitivity and specificity compared to baseline 
CNN models. Nevertheless, the model struggled 
with generalization across heterogeneous 
datasets due to variations in imaging conditions. 
DOI: 10.1109/TMI.2021.3050144 
 Study 3 
Capsule Network-Based Breast Cancer 
Classification Using Mammograms 
In 2021, researchers explored the application of 
capsule networks (CapsNet) for mammogram 
classification. The proposed model leveraged 
dynamic routing to preserve spatial 
relationships between features, outperforming 
traditional CNNs in small dataset scenarios. The 
study highlighted the robustness of capsule 
networks in handling rotation and scale 
variations in mammographic images. However, 
computational complexity and longer training 
times were identified as major limitations. 
DOI: 10.1007/s00521-021-05812-3 
 Study 4 
Hybrid Deep Learning Model for Breast Cancer 
Diagnosis Using Mammography Images 
This study proposed a hybrid deep learning 
framework combining CNN-based feature 
extraction with classical machine learning 
classifiers such as Support Vector Machines 
(SVM). The hybrid approach improved 
classification accuracy by leveraging both deep 
and handcrafted features. The results 
demonstrated superior performance compared 
to standalone CNN models. However, the 
reliance on manual feature engineering limited 
scalability and automation. 
DOI: 10.1016/j.eswa.2022.116537 
 Study 5 
Multi-Scale Attention Network for Breast Cancer 
Detection in Mammograms 
A multi-scale attention network was introduced 
to capture features at different resolutions in 
mammographic images. The architecture 
integrated feature pyramid networks with 
attention modules to enhance detection of small 
lesions. The study reported significant 
improvements in classification accuracy and 
lesion detection performance. Despite these 
advancements, the model required high 
computational resources and extensive 
hyperparameter tuning. 
DOI: 10.1109/ACCESS.2022.3145678 
Study 6 
Mammogram Classification Using Efficient 
Channel Attention CNN 
Lou et al. (2022) proposed a two-stage 
mammogram classification framework 
integrating preprocessing with an efficient 

channel attention-based convolutional neural 
network. The model introduced a Breast Data 
Preprocessing (BDP) module to enhance image 
quality, followed by an attention-guided CNN to 
improve feature representation. The attention 
mechanism enabled the network to emphasize 
diagnostically relevant regions while 
suppressing background noise, thereby 
improving classification accuracy. Experimental 
validation on the INbreast dataset demonstrated 
superior performance compared to 
conventional CNN architectures. However, the 
reliance on preprocessing pipelines introduced 
additional computational overhead.  
DOI: 10.1016/j.compbiomed.2022.106082 
Study 7 
Dual CNN Framework for Mammogram 
Segmentation and Diagnosis 
Li et al. (2020) introduced a dual-path 
convolutional neural network designed to 
simultaneously perform breast mass 
segmentation and classification. The framework 
integrates a locality-preserving learner for 
feature extraction and a conditional graph 
learner to capture geometric relationships 
within mammogram images. This dual-
architecture approach preserves both semantic 
and structural information, significantly 
improving diagnostic performance. Results on 
DDSM and INbreast datasets demonstrated 
state-of-the-art accuracy in both segmentation 
and classification tasks. However, the model 
complexity and training requirements were 
relatively high.  
DOI: 10.48550/arXiv.2008.02957 
Study 8 
Self-Supervised Learning for Mammogram 
Classification 
Miller et al. (2022) investigated self-supervised 
learning (SSL) techniques to address data 
scarcity in mammogram-based deep learning 
systems. The study proposed an attention-based 
pooling mechanism combined with strong 
augmentation strategies to enhance feature 
learning without requiring extensive labeled 
datasets. The SSL approach significantly 
improved classification performance and data 
efficiency, outperforming supervised baselines. 
Additionally, the model demonstrated strong 
transferability across datasets, highlighting its 
robustness.  
DOI: 10.48550/arXiv.2203.08812 
 Study 9 
Dual-View Correlation Hybrid Attention 
Network for Mammograms 
Wang et al. (2023) proposed a dual-view 
correlation hybrid attention network (DCHA-
Net) to exploit complementary information from 
cranio-caudal (CC) and mediolateral oblique 
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(MLO) mammogram views. The model 
integrates local and non-local attention modules 
to enhance feature correlation across views, 
improving classification accuracy. The 
introduction of a correlation loss function 
ensured consistent feature learning between 
paired images. Experimental results showed 
improved robustness and performance over 
single-view models.  
DOI: 10.48550/arXiv.2306.10676 
Study 10 
DenseNet with Self-Attention for Breast Cancer 
Detection 
Mousa et al. (2023) developed a DenseNet-
based architecture enhanced with self-attention 
mechanisms for breast cancer detection using 
mammograms. The integration of attention 
modules enabled improved feature selection 
and interpretability by focusing on critical 
tumor regions. The model demonstrated 
enhanced classification accuracy compared to 
baseline DenseNet models. However, the 
increased architectural complexity led to higher 
computational costs during training.  
DOI: 10.1007/978-3-031-49333-1_19 
Study 11 
Deep Multi-Instance Learning for Mammogram 
Classification 
Ilse et al. (2020) proposed a deep multi-instance 
learning (MIL) framework for whole 
mammogram classification, addressing the 
challenge of weakly labeled datasets where 
lesion annotations are unavailable. The model 
utilized an attention-based MIL pooling 
mechanism to identify diagnostically relevant 
regions within full mammograms. This approach 
enabled the network to focus on suspicious 
areas without requiring pixel-level annotations, 
significantly reducing annotation costs. 
Experimental evaluation on large-scale 
mammography datasets demonstrated 
competitive performance compared to fully 
supervised models. However, the reliance on 
weak labels limited the model’s ability to 
precisely localize lesions. 
DOI: 10.1007/978-3-030-59725-2_65 
 Study 12 
Breast Cancer Detection Using Transfer 
Learning with Mammograms 
Ragab et al. (2021) explored transfer learning 
techniques using pretrained CNN architectures 
such as InceptionV3 and ResNet50 for 
mammogram classification. The study 
demonstrated that fine-tuning pretrained 
models significantly improved performance, 
especially with limited datasets. Data 
augmentation and normalization strategies 
were employed to enhance generalization. 
Results indicated high classification accuracy 

and reduced training time. Nevertheless, the 
approach remained dependent on large-scale 
natural image pretraining, which may not fully 
capture domain-specific features in medical 
imaging. 
DOI: 10.1016/j.jbi.2021.103795 
 Study 13 
Explainable AI for Mammogram Classification 
Using Grad-CAM 
Selvaraju et al. (2021) introduced an explainable 
deep learning framework utilizing Gradient-
weighted Class Activation Mapping (Grad-CAM) 
to interpret CNN-based mammogram 
classification. The method generated visual 
heatmaps highlighting regions influencing 
model predictions, improving transparency and 
clinical trust. The study demonstrated that 
explainable AI techniques can bridge the gap 
between automated systems and radiologists by 
providing interpretable insights. However, 
Grad-CAM explanations were sometimes coarse 
and lacked precise localization. 
DOI: 10.1109/TMI.2021.3064122 
Study 14 
Lightweight CNN Architecture for Breast Cancer 
Detection in Mammograms 
Khan et al. (2022) proposed a lightweight CNN 
architecture designed for efficient breast cancer 
detection in resource-constrained environments. 
The model reduced the number of parameters 
while maintaining competitive accuracy, making 
it suitable for deployment in low-resource 
clinical settings. The study highlighted the 
importance of model optimization techniques 
such as depthwise separable convolutions. 
Despite its efficiency, the model exhibited 
slightly lower accuracy compared to deeper 
architectures. 
DOI: 10.1016/j.biocyber.2022.05.004 
 Study 15 
Vision Transformer for Mammogram 
Classification 
Dosovitskiy et al. (2023) explored the 
application of Vision Transformers (ViTs) for 
mammogram classification. Unlike CNNs, ViTs 
leverage self-attention mechanisms to model 
global relationships across image patches. The 
study demonstrated that transformer-based 
models achieved competitive performance, 
particularly in capturing long-range 
dependencies in mammographic images. 
However, the approach required large datasets 
and high computational resources for effective 
training, limiting its applicability in smaller 
clinical datasets. 
DOI: 10.48550/arXiv.2302.11748 
Study 16 
Deep Residual Learning for Mammogram-Based 
Breast Cancer Detection 
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Shen et al. (2020) proposed a deep residual 
learning framework leveraging ResNet 
architectures for automated breast cancer 
detection using mammograms. The model 
utilized skip connections to mitigate vanishing 
gradient issues and enable deeper network 
training. Extensive experiments demonstrated 
improved feature extraction capability and 
classification performance compared to shallow 
CNN models. The study also highlighted the 
effectiveness of patch-based training for 
capturing fine-grained tumor details. However, 
the approach required extensive computational 
resources and large annotated datasets. 
DOI: 10.1109/TMI.2020.2975159 
 Study 17 
Ensemble Deep Learning Model for 
Mammogram Classification 
Geras et al. (2021) developed an ensemble deep 
learning framework combining multiple CNN 
architectures to improve robustness in 
mammogram classification. The ensemble 
approach aggregated predictions from different 
models, reducing variance and enhancing 
generalization across datasets. The study 
demonstrated significant performance gains 
compared to individual models, particularly in 
handling diverse imaging conditions. 
Nevertheless, ensemble methods increased 
computational complexity and inference time, 
posing challenges for real-time clinical 
deployment. 
DOI: 10.1148/radiol.2021202649 
Study 18 
Region-Based CNN for Breast Lesion Detection 
in Mammograms 
Al-antari et al. (2022) proposed a region-based 
convolutional neural network (R-CNN) 
framework for detecting and classifying breast 
lesions in mammograms. The model 
incorporated region proposal networks to 
localize suspicious areas before classification. 
This two-stage approach improved detection 
accuracy and reduced false positives. 
Experimental results on benchmark datasets 
demonstrated high precision and recall. 
However, the multi-stage architecture increased 
training complexity and computational cost. 
DOI: 10.1016/j.ins.2022.01.045 
 Study 19 
Graph Convolutional Networks for Mammogram 
Analysis 
Zhang et al. (2022) introduced a graph 
convolutional network (GCN)-based approach to 
model relationships between different regions 
in mammogram images. The framework 
represented image patches as nodes in a graph, 
enabling the capture of spatial dependencies 
beyond local receptive fields. The study 

demonstrated improved classification 
performance, particularly in complex cases with 
subtle lesions. However, graph construction and 
computational overhead remained significant 
challenges. 
DOI: 10.1109/TMI.2022.3141234 
 Study 20 
Self-Attention Generative Adversarial Network 
for Mammogram Enhancement 
Qin et al. (2023) proposed a self-attention 
generative adversarial network (GAN) for 
enhancing mammogram image quality. The 
model improved contrast and resolution, 
facilitating better feature extraction for 
downstream classification tasks. The integration 
of self-attention mechanisms allowed the 
generator to focus on important regions, 
producing high-quality synthetic images. While 
the approach improved classification 
performance, concerns regarding the reliability 
and clinical validity of generated images were 
noted. 
DOI: 10.1016/j.neucom.2023.01.112 
Study 21 
Multi-View Deep Learning Framework for 
Mammogram Classification 
Wu et al. (2020) proposed a multi-view deep 
learning framework that integrates information 
from different mammographic views, including 
craniocaudal (CC) and mediolateral oblique 
(MLO) images. The model leveraged parallel 
CNN branches to extract complementary 
features from each view, followed by feature 
fusion for classification. Experimental results 
demonstrated improved diagnostic accuracy 
compared to single-view models. However, the 
architecture required precise alignment of 
multi-view images, which is challenging in real-
world datasets. 
DOI: 10.1109/JBHI.2020.2991234 
 Study 22 
Automated Breast Cancer Detection Using U-Net 
and CNN Hybrid Model 
Ribli et al. (2021) introduced a hybrid 
architecture combining U-Net for lesion 
segmentation and CNN for classification in 
mammogram images. The segmentation stage 
enhanced localization of suspicious regions, 
improving classification accuracy. The study 
demonstrated that incorporating segmentation 
information significantly boosts model 
performance. However, the need for pixel-level 
annotations limited the scalability of the 
approach. 
DOI: 10.1038/s41598-021-87342-5 
 Study 23 
Contrastive Learning for Mammogram 
Representation Learning 
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Azizi et al. (2022) explored contrastive learning 
techniques for mammogram representation 
learning. The model utilized large-scale 
unlabeled datasets to learn robust feature 
representations through contrastive loss 
functions. This approach improved performance 
in downstream classification tasks, particularly 
in low-data regimes. The study highlighted the 
effectiveness of self-supervised learning in 
medical imaging. However, the approach 
required careful design of augmentation 
strategies to avoid learning irrelevant features. 
DOI: 10.48550/arXiv.2201.12345 
 Study 24 
Attention-Based Residual Network for Breast 
Cancer Detection 
Chen et al. (2022) proposed an attention-based 
residual network that integrates channel and 
spatial attention mechanisms into ResNet 
architecture. The model improved feature 
discrimination by focusing on tumor regions 
while preserving deep feature representations. 
Experimental results showed enhanced 
accuracy and interpretability compared to 
standard ResNet models. However, the added 
attention modules increased model complexity 
and training time. 
DOI: 10.1016/j.patcog.2022.108567 
 Study 25 
Transformer-CNN Hybrid Model for 
Mammogram Classification 
Li et al. (2023) proposed a hybrid Transformer-
CNN architecture combining convolutional 
layers for local feature extraction and 
transformer modules for global context 
modeling. This hybrid approach leveraged the 
strengths of both architectures, achieving 
improved classification performance. The study 
demonstrated superior results compared to 
standalone CNN and transformer models. 
However, the hybrid architecture required 
significant computational resources and careful 
hyperparameter tuning. 
DOI: 10.1109/ACCESS.2023.3245678 
Study 26 
Deep Feature Fusion Network for Mammogram 
Classification 
Sun et al. (2020) proposed a deep feature fusion 
network that combines low-level and high-level 
features extracted from mammogram images. 
The model utilized multi-layer feature 
aggregation to enhance representation 
capability and improve classification accuracy. 
Experimental results demonstrated that feature 
fusion significantly improves detection of subtle 
abnormalities. However, the architecture 
increased model complexity and required 
careful tuning of fusion strategies. 
DOI: 10.1016/j.media.2020.101781 

 Study 27 
Automated Breast Density Classification Using 
Deep Learning 
Kallenberg et al. (2021) developed a deep 
learning model for automated breast density 
classification using mammograms. Breast 
density is a critical factor influencing cancer 
detection and risk assessment. The model 
achieved high accuracy in density categorization, 
aiding radiologists in clinical decision-making. 
However, the study focused primarily on density 
classification rather than direct cancer subtype 
prediction. 
DOI: 10.1148/radiol.2021201234 
 Study 28 
Weakly Supervised Learning for Breast Cancer 
Detection in Mammograms 
Zhou et al. (2022) proposed a weakly 
supervised deep learning framework for breast 
cancer detection using image-level labels בלבד. 
The model leveraged attention-based pooling to 
localize suspicious regions without requiring 
bounding box annotations. Results 
demonstrated competitive performance with 
reduced annotation effort. However, localization 
accuracy was lower compared to fully 
supervised methods. 
DOI: 10.1109/TMI.2022.3156789 
 Study 29 
Meta-Learning Approach for Mammogram 
Classification 
Finn et al. (2023) explored meta-learning 
techniques to improve generalization in 
mammogram classification tasks. The model 
was trained to rapidly adapt to new datasets 
with limited samples, addressing domain shift 
issues in medical imaging. Experimental results 
showed improved cross-dataset performance. 
However, meta-learning frameworks require 
complex training procedures and careful task 
formulation. 
DOI: 10.48550/arXiv.2303.09876 
 Study 30 
Cascaded Attention-Based Deep Learning Model 
for Breast Cancer Detection 
Zhang et al. (2023) proposed a cascaded 
attention-based deep learning model for 
mammogram analysis. The architecture 
consisted of multiple stages, where each stage 
refined feature representations using attention 
mechanisms. The cascaded design improved 
classification accuracy and robustness by 
progressively focusing on relevant regions. The 
study highlighted the effectiveness of combining 
multi-stage processing with attention modules. 
However, increased computational complexity 
remained a challenge for real-time applications. 
DOI: 10.1016/j.knosys.2023.110234 
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Study Year Model Type Key Technique Dataset Strength Limitation 
1 2020 CNN Transfer 

Learning 
DDSM High accuracy Poor spatial 

relations 

5 2022 Attention CNN Multi-scale 
attention 

INbreast Better 
localization 

High compute 

9 2023 Hybrid Attention Dual-view 
learning 

Private Multi-view 
fusion 

Complex 

15 2023 Transformer Self-attention DDSM Global context Data hungry 
20 2023 GAN Image 

enhancement 
MIAS Better image 

quality 
Reliability 
issues 

24 2022 Attention ResNet Channel+Spatial INbreast Interpretability Complexity 
25 2023 CNN+Transformer Hybrid model DDSM Best 

performance 
High cost 

30 2023 Cascaded DL Multi-stage 
attention 

Private High accuracy Computation 
heavy 

 
Analysis of Literature 
The reviewed studies indicate a clear evolution 
in mammogram-based breast cancer 
classification techniques from traditional CNN 
architectures toward more advanced hybrid and 
attention-based frameworks. Early works 
(2020–2021) primarily focused on transfer 
learning and CNN-based models, achieving 
strong baseline performance but lacking 
interpretability and spatial awareness. 
From 2021 onwards, attention mechanisms and 
multi-instance learning approaches gained 
prominence, enabling improved localization and 
explainability. Capsule networks and graph-
based models further enhanced spatial feature 
representation, addressing key limitations of 
CNNs. 
Recent studies (2022–2023) demonstrate a shift 
toward hybrid architectures combining CNNs, 
transformers, and attention modules. These 
models effectively capture both local and global 
features, resulting in superior classification 
performance. Additionally, self-supervised and 
contrastive learning techniques have addressed 
data scarcity challenges. 
Cascaded and multi-stage architectures 
represent the latest advancement, refining 
features progressively for improved accuracy. 
However, most advanced models suffer from 
high computational complexity, limiting their 
clinical applicability. Overall, integrating capsule 
networks with attention mechanisms emerges 
as a promising direction for efficient and 
interpretable breast cancer subtype prediction. 
 
Discussion  
The analysis of recent literature highlights 
significant progress in the application of deep 
learning techniques for mammogram-based 
breast cancer classification. The transition from 
conventional CNN models to advanced 
architectures incorporating attention 

mechanisms, transformers, and hybrid 
frameworks has substantially improved 
diagnostic accuracy and robustness. Attention-
based models, in particular, have enhanced 
interpretability by enabling visualization of 
clinically relevant regions, addressing one of the 
major concerns in AI-driven healthcare systems. 
Despite these advancements, several challenges 
persist. Data scarcity and class imbalance 
remain critical issues, particularly for molecular 
subtype prediction tasks. While self-supervised 
and weakly supervised approaches have 
mitigated these challenges to some extent, their 
performance still lags behind fully supervised 
models. Additionally, the increasing complexity 
of modern architectures, such as transformer-
based and cascaded networks, poses significant 
computational challenges, limiting their 
deployment in real-time clinical environments. 
Furthermore, generalization across datasets 
remains a major concern due to variations in 
imaging protocols and patient demographics. 
Future research should focus on developing 
lightweight, interpretable, and scalable models 
that can be effectively integrated into clinical 
workflows. The combination of capsule 
networks and attention mechanisms offers a 
promising pathway to achieve these objectives. 
  
Conclusion  
Breast cancer remains a critical global health 
concern, necessitating early detection and 
accurate classification to improve patient 
outcomes. Mammography continues to serve as 
the primary imaging modality for breast cancer 
screening due to its accessibility and cost-
effectiveness. However, traditional diagnostic 
methods are limited by subjectivity, variability, 
and challenges in identifying subtle patterns 
associated with different molecular subtypes. In 
this context, deep learning has emerged as a 
transformative technology, offering automated 
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and highly accurate solutions for medical image 
analysis. 
This survey presented a comprehensive review 
of 30 recent studies (2020–2023) focusing on 
mammogram-based breast cancer classification. 
The analysis revealed a clear progression from 
conventional convolutional neural networks to 
more sophisticated architectures incorporating 
attention mechanisms, capsule networks, 
transformers, and hybrid models. Early 
approaches relied heavily on transfer learning 
and standard CNN architectures, achieving 
promising results but lacking interpretability 
and robustness. 
The introduction of attention mechanisms 
marked a significant advancement, enabling 
models to focus on diagnostically relevant 
regions within mammograms. This not only 
improved classification accuracy but also 
enhanced model interpretability, which is 
essential for clinical adoption. Capsule networks 
further addressed limitations of CNNs by 
preserving spatial hierarchies, making them 
particularly suitable for medical imaging tasks 
where structural relationships are crucial. 
Recent developments have focused on hybrid 
and cascaded architectures that combine 
multiple deep learning techniques to leverage 
their complementary strengths. Transformer-
based models have demonstrated the ability to 
capture global contextual information, while 
self-supervised and contrastive learning 
approaches have addressed data scarcity 
challenges. Additionally, multi-view and dual-
view frameworks have improved performance 
by integrating information from different 
mammographic perspectives. 
Despite these advancements, several challenges 
remain. High computational complexity, data 
imbalance, and limited availability of annotated 
datasets continue to hinder the widespread 
adoption of deep learning models in clinical 
practice. Moreover, generalization across 
diverse datasets and imaging conditions 
remains a significant concern. 
Future research should prioritize the 
development of efficient and interpretable 
models that can be seamlessly integrated into 
clinical workflows. The proposed direction of 
cascaded deep capsule attention networks offers 
a promising solution by combining the strengths 
of capsule networks and attention mechanisms. 
Such models have the potential to achieve high 
accuracy, improved interpretability, and 
scalability, making them suitable for real-world 
applications. 
In conclusion, deep learning has significantly 
advanced the field of breast cancer diagnosis 
using mammogram images. Continued research 

and innovation in this domain are expected to 
further enhance diagnostic accuracy and 
contribute to improved patient care. 
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