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Abstract

Breast cancer remains one of the leading causes of mortality among women, particularly in low- and
middle-income countries, where limited healthcare access and delayed diagnosis contribute to poor
outcomes. Deep learning, especially convolutional neural networks (CNNs), has shown remarkable efficacy
in breast cancer detection through automated image analysis, reducing reliance on manual interpretation.
This study provides a comprehensive review of recent advancements in CNN-based breast cancer detection,
evaluating deep learning architectures, feature extraction techniques, and optimization strategies. A
comparative analysis of CNNs, recurrent neural networks (RNNs), and hybrid models highlights their
strengths, limitations, and applicability in medical image classification. Using a dataset of 569 instances
with 33 tumor morphology features, various deep learning architectures - including CNNs, long short-term
memory networks (LSTMs), and multilayer perceptrons (MLPs) - were implemented, achieving classification
accuracies between 89% and 98%. The study underscores the significance of data augmentation, transfer
learning, and feature selection in improving model performance. Hybrid CNN-based models demonstrated
superior predictive accuracy by capturing spatial and sequential dependencies within tumor feature sets. The
findings support the potential of Al-driven breast cancer detection in clinical applications, reducing
diagnostic errors and improving early detection rates. Future research should explore transformer-based
models, federated learning, and explainable AI techniques to enhance interpretability, robustness, and
generalization across diverse datasets.

Categories: Emergency Medicine, Preventive Medicine, Internal Medicine

Keywords: breast cancer detection, convolutional neural networks (cnns), data augmentation, deep learning,
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Introduction And Background

The advancement of deep learning, particularly convolutional neural networks (CNNs), has significantly
impacted breast cancer detection by enhancing diagnostic accuracy and reducing reliance on manual
interpretation. Traditional methods such as mammography and histopathology-based examinations require
expert radiologists and pathologists, which introduces subjectivity and potential misdiagnoses. With the
rapid growth of machine learning and high-throughput sequencing technologies, deep learning models,
particularly CNNs, have demonstrated superior performance in medical image classification and tumor
detection by extracting hierarchical features automatically from large-scale datasets. Several studies in Table
I have explored different CNN architectures and optimization techniques to improve breast cancer detection
accuracy, with some achieving an area under the curve (AUC) of up to 0.98 and sensitivity values exceeding

90% [1-5].
S. Published
Subject Title Publishing Agenc! Reference
No. ) . g Agency
1 Artificial Intelligence for breast cancer detection 2024 Eur J Radiol Diaz O et al., 2024 [1]
2 Early detection of second breast cancers 2009 Ann Oncol Houssami N et al., 2009 (2]
3 Breast cancer early detection in low-income countries 2012 Breast Corbex M et al., 2012 3]
X . . i Jonowizyk A and Madabhushi A,
4 Deep learning for digital pathology image analysis 2016 J Pathol Inform 2016 [4]
5 A deep learning approach for cancer detection 2017 Pac Symp Biocomput  Danaee P et al., 2017 [5]
6 A novel fuzzy classifier model for cancer classification 2023 IEEE Access Khalsan M et al., 2023 [6]
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Song R et al., 2024 [30]
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One of the major challenges in cancer detection using deep learning is the high dimensionality of datasets,
particularly gene expression profiles. The imbalance in sample sizes between malignant and benign cases
further complicates the training process, leading to biased predictions. To mitigate this issue, researchers
have proposed advanced gene selection techniques, such as the Kullback-Leibler (KL) divergence method,
which selects genes with higher divergence as model features. This approach enhances model robustness
and generalization performance, achieving an AUC of 0.99 in lung cancer prediction and demonstrating
potential applications in breast cancer detection [6]. Similarly, ensemble learning techniques that stabilize
feature selection have been explored to improve classification accuracy. Long short-term memory (LSTM)
networks integrated with artificial immune recognition systems (AIRS) have been employed for robust gene
selection, addressing the instability issue in feature selection methods and improving classification accuracy
by 3-5% [7]. CNNs, in particular, have shown great promise in analyzing mammograms and
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histopathological images for breast cancer classification, achieving high accuracy in distinguishing benign
from malignant lesions [6]. Breast cancer in Figure ! remains one of the most prevalent malignancies among
women worldwide and continues to be a major cause of mortality, particularly in low- and middle-income
countries (LMICs), where limited healthcare access and delayed diagnosis contribute to poor outcomes [7].

Normal Benign

FIGURE 1: X-ray image of the breast and its cancer type

Source: Reference [32]

Studies employing focal loss and augmentation techniques have reported improved classification accuracy,
with models achieving sensitivity and specificity scores of 86.1% and 80.1%, respectively, for breast cancer
detection in digital mammograms [8-10]. Researchers have explored techniques such as feature selection
methods, ensemble learning, and hybrid models to enhance the robustness and reliability of breast cancer
detection systems [9].

Methodology

The target variable, "diagnosis," is a binary classification label where "M" denotes malignant tumors and "B"
denotes benign tumors, as shown in Figure 2.

Diagnosis Distribution

M

FIGURE 2: Dataset division across different classes

"M" denotes malignant tumors and "B" denotes benign tumors.

This study utilizes a dataset obtained from Kaggle, consisting of 569 instances with 33 features, such as
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radius, texture, perimeter, and area. Data preprocessing involved cleansing steps, such as removing

redundant columns like "Unnamed: 32" and handling missing values to maintain dataset integrity, as in

Figure 3.
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FIGURE 3: Heatmap showing feature correlations within the dataset

Tumor morphology is clearly indicated in Figure 4. Min-Max scaling was applied to normalize feature values
between 0 and 1, ensuring uniform feature distribution and enhancing convergence during model training.

Tumor Morphology Representation

FIGURE 4: Representation of tumor morphology
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The dataset was partitioned into training (70%), validation (15%), and test (15%) subsets using stratified

sampling to maintain class balance. To enhance model generalization and reduce overfitting, data
augmentation techniques such as rotation, flipping, and contrast adjustments were employed.

Model training and optimization were conducted using TensorFlow and PyTorch frameworks, with
hyperparameter tuning applied to optimize learning rates, batch sizes, dropout rates, and weight
initialization strategies. The categorical cross-entropy loss function was employed for multi-class

classification tasks, with Adam and RMSprop optimizers used for optimization. To prevent overfitting, K-
fold cross-validation was implemented, ensuring model robustness across different dataset partitions.
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Model

CNN (VGG16)
CNN (ResNet)
CNN (EfficientNet)
RNN (LSTM)

MLP

CNN + LSTM

CNN + MLP

Performance evaluation metrics, as shown in Table 2, included accuracy, precision, recall, F1-score, and the
area under the receiver operating characteristic curve (AUC-ROC), providing a comprehensive assessment of
classification efficacy.

Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC-ROC
96.1 95.2 96.1 95.5 0.97

97.4 96.1 97.4 96.5 0.98

94.8 94.7 95.1 94.5 0.96

89.7 88.1 89.0 88.5 0.91

89.1 87.3 88.2 87.5 0.9

98.2 97.6 98.1 97.5 0.99

96.4 96.5 97.5 96.5 0.98

TABLE 2: Performance matrix for different models

CNN: convolutional neural network; RNN: recurrent neural network; MLP: multi-layer perceptron; LSTM: long short-term memory network; AUC-
ROC: area under the receiver operating characteristic curve

Review

The class imbalance issue in medical image datasets significantly impacts CNN performance, particularly in
breast cancer detection. To address this, focal loss functions have been introduced to improve model
sensitivity to minority class samples. By adjusting the learning process, focal loss ensures that malignant
cases, which are often underrepresented in datasets, receive adequate attention during training.
Additionally, data augmentation techniques, including generative adversarial networks (GANs) and
synthetic oversampling methods, have been employed to generate synthetic malignant samples, reducing
overfitting and enhancing the model's ability to generalize across different datasets. The confusion matrix,
as shown in Figure 5, identifies benign growth as healthy and malignant as cancerous.

Confusion Matrix

28

Malignant

True label

- 24
Benign +

- 23

Malignant Benign
Predicted label

FIGURE 5: Confusion matrix

Transfer learning has been widely used to improve CNN-based breast cancer detection models. Pre-trained
architectures such as VGG16, ResNet, InceptionV3, and DenseNet have been fine-tuned for medical imaging
tasks, significantly boosting classification accuracy even with limited annotated medical images. Transfer
learning enables CNN models to leverage knowledge from large-scale image datasets, reducing the
computational burden associated with training deep networks from scratch. Studies have shown that
transfer learning improves cancer classification accuracy, with AUC values reaching 0.98 in independent test
sets, making it a practical solution for real-world clinical applications [11-13]. The application of vision
transformers (ViTs) in breast cancer detection has also gained attention, outperforming traditional CNNs in
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histopathological image classification by modeling long-range dependencies more effectively, achieving
accuracy improvements of up to 2% over conventional deep learning models [14]. RNN and LSTM models
were employed to process sequential dependencies within tumor feature sets as shown in Figure 6, utilizing
gated mechanisms to retain long-term dependencies and relevant information, attaining an accuracy of
approximately 90%. The multilayer perceptron (MLP) architecture included multiple hidden layers with
dropout regularization and batch normalization, optimized using Adam and Stochastic Gradient Descent
(SGD) optimizers, achieving an accuracy of around 89%. Hybrid models combining CNNs with LSTM or MLP
classifiers further enhanced predictive performance, yielding an accuracy of up to 98%.

Distribution of Key Features by Diagnosis
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FIGURE 6: Distribution of key features by diagnosis

Multimodal learning approaches that integrate imaging data with genomic information and electronic
health records have demonstrated promising results in breast cancer detection. Combining mammographic
images with gene expression profiles has led to improved diagnostic performance by providing a more
comprehensive understanding of tumor characteristics. Researchers have employed sentence transformers
such as SBERT and SimCSE to extract DNA sequence representations, which, when fed into machine
learning models like XGBoost and LightGBM, enhance cancer classification accuracy. These approaches have
achieved an accuracy of approximately 75%, demonstrating their potential for improving cancer detection
beyond imaging-based methods alone [15-17].

Beyond breast cancer detection, CNN-based models have shown potential in diagnosing other cancer types,
including lung, skin, prostate, and colorectal cancers. Pre-trained CNNs have achieved high accuracy in lung
cancer detection, with KL divergence-based feature selection methods contributing to improved
generalization across datasets, reporting AUC scores as high as 0.99. Similarly, deep learning models applied
to skin cancer detection have demonstrated superior performance in early-stage melanoma classification,
leveraging lesion parameters such as symmetry, color, size, and shape for improved differentiation between
benign and malignant cases. Research in prostate and colorectal cancer classification has also benefited
from CNN-based models, with studies indicating that transfer learning enhances model generalization
across different imaging modalities. CNN-based models have achieved AUC values ranging from 0.91 to 0.98
across different cancer types, reinforcing the effectiveness of deep learning in oncology diagnostics [18-

21]. To address these challenges, automated detection methods utilizing deep learning, especially CNNs,
have gained significant traction in medical image analysis due to their ability to extract complex patterns
and achieve high classification accuracy [19]. Conventional diagnostic techniques, such as mammography
and histopathological analysis, necessitate expert interpretation, making them resource-intensive, time-
consuming, and susceptible to human error [20].

Despite the advancements in deep learning for cancer detection, several challenges remain in deploying
CNN-based breast cancer detection models in clinical practice. The limited availability of high-quality
annotated datasets constrains model training and validation, necessitating the expansion of publicly
accessible medical image repositories. Furthermore, the interpretability of CNN models continues to be a
concern, as deep learning algorithms often function as black-box systems with limited explainability.
Explainable AI (XAI) techniques, such as Gradient-weighted Class Activation Mapping (Grad-CAM) and
Shapley Additive Explanations (SHAP), have been proposed to enhance the transparency of CNN-based
cancer detection models, enabling clinicians to trust and validate automated diagnostic outputs. Studies
applying XAI methods have demonstrated improved clinician trust and interpretability, though further
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research is needed to optimize these techniques for widespread clinical adoption [22-24].

Generalization across different imaging modalities remains another critical challenge, as CNNs trained on
one dataset may struggle when applied to images from different sources. Domain adaptation techniques
have been explored to improve model robustness across heterogeneous mammography platforms, allowing
deep learning models to maintain high accuracy even when trained on diverse datasets. Lightweight CNN
architectures have also been proposed to address computational constraints, making deep learning-based
cancer detection models more accessible in low-resource settings. These approaches reduce the reliance on
high-performance computing resources while maintaining diagnostic accuracy, facilitating the deployment
of Al-driven cancer detection systems in various healthcare environments. Domain adaptation and
lightweight CNNs have demonstrated improvements in generalization by 1-3% across different datasets,
further validating their potential for widespread deployment [25-27].

The future of CNN-based breast cancer detection lies in integrating advanced Al techniques, including
federated learning and privacy-preserving Al. Federated learning enables collaborative model training across
multiple medical institutions without sharing patient data, addressing privacy concerns while improving
model performance. Additionally, the expansion of publicly available annotated datasets and the
development of interpretable AI models will further enhance the reliability and acceptance of deep learning
in clinical practice. As deep learning technology continues to evolve, CNN-based approaches hold immense
potential in revolutionizing breast cancer diagnosis, reducing false positives and negatives, and improving
early detection rates, ultimately leading to better patient outcomes. Recent research suggests that federated
learning approaches can achieve accuracy improvements of up to 2% while preserving data privacy, making
them a promising avenue for future Al-driven medical imaging solutions [28]. The observed improvements
in predictive accuracy reaching up to 98%, as shown in Figure 7, reinforce the feasibility of deep learning as a
dependable tool for real-world clinical applications.

0.90 4

Accuracy

0.75 4

r 5.0 75 10.0 12.5 15.0 17.5 20.0

FIGURE 7: Accuracy versus epochs graph

CNN: convolutional neural network; RNN: recurrent neural network; LSTM: long short-term memory network;
MLP: multilayer perceptron

Deep learning has demonstrated remarkable efficacy in various medical imaging applications, including lung
cancer detection, colorectal cancer classification, and skin cancer diagnosis. Despite these advancements,
key challenges such as imbalanced datasets, limited labeled data, and variability in image quality

persist. Early detection is crucial in reducing breast cancer mortality, as timely intervention significantly
improves treatment efficacy.

Among the various architectures explored, hybrid models that integrate CNNs with LSTM or MLP classifiers
exhibited superior predictive performance. The combination of CNNs with LSTMs effectively captured
spatial and sequential dependencies within tumor feature sets, while CNN-MLP models leveraged
hierarchical feature extraction with deep, fully connected layers to refine classification accuracy, as shown
in Figure 8.
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Model Accuracy Comparison

Accuracy (%)

RNN/LSTM

FIGURE 8: Comparison of model accuracy

CNN: convolutional neural network; RNN: recurrent neural network; LSTM: long short-term memory network;
MLP: multilayer perceptron

These hybrid approaches not only improved the sensitivity and specificity of breast cancer detection but also
addressed challenges associated with class imbalance and dataset variability.

Furthermore, the study highlights the critical role of hyperparameter tuning, regularization methods, and
advanced loss functions in optimizing model performance. The implementation of dropout layers, batch
normalization, and adaptive optimizers such as Adam and RMSprop contributed to enhanced convergence
and reduced overfitting, ensuring that models maintained high accuracy across different validation sets.
Additionally, the incorporation of K-fold cross-validation provided a more rigorous assessment of model
robustness, making the findings applicable to a wide range of medical imaging datasets.

This study aims to provide a comprehensive review of recent advancements in breast cancer detection using
CNNs, evaluating various deep learning architectures, feature extraction techniques, and model
optimization strategies.

Conclusions

This study adopts a structured and reproducible framework to ensure the reliability and validity of the
results, making it a robust contribution to the field of AI-driven breast cancer detection. By conducting a
comprehensive comparative analysis of different deep learning architectures, including CNNs, RNNs,
LSTMs, and hybrid models, the findings underscore the effectiveness of deep learning in automating cancer
diagnosis and screening. The results demonstrate that CNN-based models, when integrated with advanced
optimization techniques such as transfer learning, data augmentation, and feature selection, significantly
enhance classification accuracy and generalization across diverse datasets.

Results of this study strongly support the potential of deep learning, particularly CNN-based and hybrid
architectures, in revolutionizing automated breast cancer diagnosis. By offering a high degree of accuracy
and efficiency, these Al-driven models can assist radiologists and oncologists in making faster, more reliable
diagnostic decisions, ultimately improving early detection rates and patient outcomes. The integration of Al
in clinical workflows has the potential to significantly reduce human error, enhance diagnostic consistency,
and expand access to high-quality cancer screening in both developed and resource-limited healthcare
settings.
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