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Abstract: - Breast cancer remains one of the most pressing health challenges worldwide, necessitating advancements in diagnostic
techniques to improve early detection and treatment outcomes. Despite the effectiveness of deep learning in medical imaging, there
exists a gap in comprehensive evaluations of specific methodologies for breast cancer diagnosis. This study aims to develop a hybrid
deep learning technique that combines Convolutional Neural Networks (CNN) and Double Deep Q-Networks (DDQN) to enhance
the accuracy of breast cancer detection. Utilizing a dataset of 277,524 image patches from 162 whole-slide images categorized into
IDC positive and IDC negative samples, this research addresses significant class imbalance through data augmentation and attention
mechanisms. The hybrid model's performance is compared against traditional algorithms such as CNNs, VGGNet, and ResNet.
Experimental results indicate that the proposed hybrid technique outperforms conventional models, achieving higher accuracy,
precision, recall, and F1 score. The model effectively manages class imbalance and adapts to varying image characteristics,
reinforcing its reliability in clinical applications. This study highlights the potential of integrating Q-learning with deep neural
networks in medical image analysis. The findings suggest that this hybrid approach can significantly improve early breast cancer
detection, paving the way for enhanced diagnostic tools and patient management strategies.
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I. INTRODUCTION

Breast cancer is a significant global health challenge, ranking among the most frequently diagnosed cancers in
women and a leading cause of cancer-related mortality. Its incidence varies widely, with developed countries
reporting higher rates than developing ones. This discrepancy can be attributed to various factors, including lifestyle
differences, dietary habits, and healthcare accessibility. In developed nations, elderly women are at a greater risk,
while in developing countries like India, urban populations exhibit a higher susceptibility than their rural
counterparts. The most prevalent subtype, Invasive Ductal Carcinoma (IDC), originates in the breast ducts and poses
substantial challenges due to its potential for recurrence. Recurrence can manifest years after initial treatment,
emphasizing the necessity for early detection and ongoing monitoring. Effective management of breast cancer
hinges on accurate and timely diagnosis, which significantly improves treatment outcomes and survival rates.
Malignant tumors, including IDC, are marked by uncontrolled cell proliferation within the breast's ducts, leading to
severe health consequences. According to the World Health Organization (WHO), breast cancer is the second
leading cause of death among women worldwide. In India, alarming statistics reveal that 1 in 28 women is at risk
of developing breast cancer in their lifetime, with urban areas facing an even greater risk (1 in 22) compared to rural
regions (1 in 60). This stark reality highlights the urgent need for effective diagnostic strategies. Despite
advancements in traditional diagnostic methods such as clinical examinations, mammography, and biopsies,
significant limitations persist, particularly in distinguishing benign from malignant cases and detecting early-stage
cancers. To overcome these challenges, there is an increasing demand for automated, accurate, and reliable
diagnostic systems. Recent developments in data mining and machine learning have shown promise in enhancing
diagnostic precision through the analysis of extensive medical datasets. This paper aims to enhance breast cancer
detection through advanced deep learning techniques, specifically utilizing a Hybrid Deep Learning Technique that
combines Convolutional Neural Networks (CNN) with Double Deep Q-Networks (DDQN). This approach
leverages the feature extraction capabilities of CNNs alongside the decision-making power of DDQN, providing a
robust framework for improving diagnostic accuracy. The study will be applied to the Breast Histopathology Images
dataset, which comprises 277,524 image patches derived from 162 whole slide images of breast cancer specimens,
categorized into IDC-positive and IDC-negative samples. Addressing the significant class imbalance where negative
samples vastly outnumber positive ones—this project will implement sophisticated model training and evaluation
methods. The study will focus on employing the Hybrid Deep Learning Technique (CNN + DDQN) to improve
breast cancer detection. By analyzing large datasets capable of learning complex patterns, this research seeks to
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develop a reliable and precise tool for cancer detection, thus reducing diagnostic errors and enhancing clinical
outcomes. The implementation of data augmentation techniques (flipping, rotation, zoom) and custom loss weights
will address class imbalances, ensuring the effectiveness of the models in clinical settings. However, the study will
not cover all possible algorithms or methods for breast cancer detection, concentrating instead on the efficacy of the
selected deep learning approaches.

Il. LITERATURE REVIEW

Recent advancements in deep learning techniques have significantly impacted breast cancer detection, leading
to improved diagnostic accuracy.

In [1], Li et al. reviewed various deep learning techniques applied to breast cancer detection. Their analysis
highlighted the effectiveness of Convolutional Neural Networks (CNNSs) in distinguishing between benign and
malignant tumors in histopathology images. They found that CNNs, when compared to traditional machine learning
methods, offer superior performance in terms of accuracy and robustness in breast cancer detection. In [2], Ciresan
et al. explored the use of deep neural networks for mitosis detection in breast cancer histology images. Their study
demonstrated that deep learning models, particularly CNNs, significantly outperform conventional methods in
identifying mitotic figures, which are crucial for assessing tumor grade and prognosis. Esteva et al. [3] applied deep
learning algorithms to dermatology for skin cancer classification and discussed the potential transferability of such
models to breast cancer detection. Their work underscored the promise of deep learning in achieving dermatologist-
level accuracy, which could be translated into breast cancer diagnostics. Shen et al. [4] provided a comprehensive
review of deep learning in medical image analysis, emphasizing its role in improving the diagnostic accuracy of
breast cancer. They discussed various architectures, including CNNs and ResNet, and their application in analyzing
histopathology images for early cancer detection. Sirinukunwattana et al. [5] investigated tumor localization in
breast cancer histology images using deep learning techniques. Their approach, which utilized local texture
information and CNNs, showed improved performance in accurately locating tumor regions compared to traditional
image analysis methods. Khosravi et al. [6] focused on the challenges of class imbalance in breast cancer detection
using deep learning. Their study proposed techniques to address class imbalance and improve model performance,
highlighting the importance of data augmentation and loss function adjustments. Wang et al. [7] developed a deep
learning model for predicting breast cancer risk using medical images. Their model, which integrated CNNs with
other deep learning frameworks, achieved high accuracy in predicting risk, demonstrating the effectiveness of
advanced deep learning approaches in breast cancer prognosis. Rajpurkar et al. [8] explored the application of deep
learning in chest radiograph diagnosis and its implications for breast cancer detection. They highlighted the potential
of deep learning models to enhance diagnostic accuracy and reduce errors in cancer detection. Gong et al. [9]
provided a survey of deep learning techniques for breast cancer detection, focusing on various architectures such as
CNNs and HYBRID DEEP LEARNING TECHNIQUE. Their review emphasized the advancements in model
accuracy and efficiency, showcasing the impact of deep learning on improving cancer diagnostics. Dey et al. [10]
examined the use of CNNs for breast cancer detection and classification. Their study highlighted the advantages of
deep learning in managing large datasets and achieving high classification accuracy in detecting cancerous tissues.
Yu et al. [11] explored the combination of CNNs and Recurrent Neural Networks (RNNs) for breast cancer
diagnosis. Their hybrid approach showed improved performance over traditional models, demonstrating the
effectiveness of combining different deep learning techniques. Yang et al. [12] applied deep learning models to
predict breast cancer prognosis using histopathology images. Their study demonstrated that deep learning
frameworks, particularly CNNs, can accurately predict patient outcomes and enhance the reliability of prognostic
assessments. Zhang et al. [13] proposed a multi-scale deep learning framework for breast cancer detection. Their
approach integrated different scales of image features, improving detection performance and providing a more
detailed analysis of tumor regions. Ronneberger et al. [14] introduced the U-Net architecture for biomedical image
segmentation, which has been successfully applied to breast cancer histology images. Their model’s ability to
accurately segment and identify tumor regions has been a significant advancement in medical image analysis. Cruz-
Roa et al. [15] reviewed deep learning models for histopathology image analysis, highlighting their effectiveness in
breast cancer detection. Their review emphasized the need for robust models capable of handling complex and
varied image data. Buda et al. [16] compared different deep learning models for breast cancer detection, including
CNNs and VGGNet. Their study demonstrated the superior performance of these models in accurately identifying
cancerous regions compared to traditional techniques. Cheng et al. [17] applied CNNs to mammogram images for
breast cancer detection. Their study highlighted the model’s ability to detect subtle patterns in images, improving
early detection rates and diagnostic accuracy. Liu et al. [18] investigated the application of deep learning-based
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methodologies for breast cancer detection. Their research focused on integrating CNNs with other advanced
techniques to enhance model performance and diagnostic reliability. Kim et al. [19] evaluated the performance of
CNNs and other deep learning models in predicting breast cancer outcomes. Their findings underscored the potential
of deep learning to improve survival predictions and treatment planning. Zhu et al. [20] applied deep learning to
histopathological images for breast cancer detection, demonstrating that their models could significantly enhance
diagnostic accuracy and provide valuable insights for clinical decision-making.

Despite the considerable progress in utilizing deep learning techniques for breast cancer detection, there remains
a notable gap in comprehensive evaluations of these methods in real-world clinical settings. While existing research
primarily focuses on specific aspects, such as mitosis detection or individual algorithm performance, there is a lack
of detailed comparative analyses across various models to determine their effectiveness in practical applications.
Furthermore, many studies concentrate on traditional CNN architectures, overlooking the potential benefits of
integrating advanced techniques such as Q-learning with deep learning models. Additionally, challenges related to
class imbalance continue to be inadequately addressed, and many models require extensive annotated data and
significant computational resources, limiting their applicability in resource-constrained environments.
Consequently, targeted research is needed to explore the integration of multiple deep learning methodologies,
particularly hybrid approaches that can provide a more holistic solution to the challenges faced in breast cancer
diagnosis.

I1l. MATERIALS & METHODOLOGY

Materials: The materials used for this study included both software and hardware components. The software
comprised Python (version 3.x) as the primary programming language, along with TensorFlow (version 2.x) and
Keras for implementing the deep learning models. OpenCV was employed for image processing, while Scikit-learn
was used for splitting the dataset and calculating performance metrics. Matplotlib and Seaborn facilitated data
visualization, Numpy supported numerical computations, and the Glob library was utilized for loading datasets.
Additionally, the OS module handled file and directory management tasks. On the hardware side, the study was
conducted using a system equipped with a GPU to enable faster training of the deep learning models, leveraging
NVIDIA GPUs with CUDA support for accelerating computational tasks.

Dataset: The dataset used in this study is the Breast Histopathology Images dataset, which is instrumental in
detecting breast cancer, specifically focusing on Invasive Ductal Carcinoma (IDC). This dataset is critical for
training and evaluating deep learning models due to its comprehensive coverage of breast cancer pathology.

Dataset Details:

Number of Image Patches: 277,524

Image Source: 162 whole mount slide images of breast cancer specimens.

Labels: Each image patch is labeled as either IDC positive or IDC negative.

Class Imbalance: The dataset exhibits a significant imbalance between IDC positive and IDC negative samples,
necessitating specialized techniques to handle this disparity during model training.

The dataset's richness and diversity make it suitable for training advanced deep learning models to accurately
classify and detect IDC in breast cancer histopathology images. Addressing the class imbalance is a key focus of

this study to ensure robust and reliable model performance.

Table-1: Breast Cancer Dataset details

Dataset No. of Image Patches | No. of Attributes No. of Classes
Breast Histopathology 277524 1 (Image Patch) 2 (IDC P05|_t|ve, IDC
Images Negative)

Methodology

1. Data Collection: The dataset, comprised of .png images, was loaded from the current working directory using
the glob library. It was then categorized into two distinct groups: 1DC-negative (non-cancerous) and IDC-
positive (cancerous), based on the filenames of the images. The process of loading images from a directory can
be mathematically expressed as a function f: D — I, where D is the directory containing images, and | is the set
of images categorized into two classes C1 (IDC-negative) and C2 (IDC-positive), based on a naming convention
that indicates the class.

2. Data Preprocessing: During the data preprocessing stage, the images were resized to a uniform dimension of
50x50 pixels to standardize the input data. Using OpenCV (cv2), the images were read and converted into arrays
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for further processing. To balance the dataset, the number of non-cancerous images was restricted, ensuring an
equal number of samples from both IDC-negative (non-cancerous) and IDC-positive (cancerous) categories. Let
I be the set of original images. The resizing operation can be described by the function R: T — I', where I'
represents the resized images. The balancing operation can be represented by a selection function S: I' — 1",
where 1" is a balanced dataset containing an equal number of samples from both classes.

. Dataset Splitting: The dataset was divided into training and testing subsets, with 70% allocated for training and
30% for testing. This split was accomplished using Scikit-learn's train_test_split() function, which helps prevent
overfitting and ensures a robust evaluation of the model's performance. The dataset splitting can be expressed
as a function T: [" — (T train, T test), where T _train is the training set containing 70% of the data and T test
is the testing set containing 30%. This function can be defined probabilistically to ensure random selection while
maintaining the class distribution.

. Modeling with Double Deep Q-Network (DDQN): In the modeling phase, a Convolutional Neural Network
(CNN) was designed to extract features from the images, incorporating multiple layers such as Convolutional,
MaxPooling, and BatchNormalization. The CNN was trained using the Adam optimizer, set at a learning rate of
0.0001, while binary cross-entropy served as the loss function. Following feature extraction, the CNN output
was fed into a Double Deep Q-Network (DDQN) agent. This DDQN agent utilized a fully connected neural
network composed of two layers of Dense units, each followed by ReL U activation, to predict actions based on
the given states. The agent updated actions using Q-learning in conjunction with target networks. To manage
the exploration-exploitation tradeoff, the agent commenced with a high exploration rate (¢ = 1.0), which was
gradually decreased to promote the exploitation of learned policies, ultimately reaching a minimum exploration
rate of 0.01. To enhance training stability, the target network was periodically updated with the weights of the
online network. The CNN can be modeled as a function F: I'' — V, where V represents the feature vector output.
The DDQN agent's action prediction can be represented by A: V— A_pred, where A_pred denotes the predicted
actions. The Q-learning update rule is defined as Q(s,a) < Q(s,a) + a[r + ymax_a' Q(s',a")] where a is the
learning rate, r is the reward, and vy is the discount factor.

. Model Evaluation: The trained DDQN model was evaluated on the test data by computing several performance
metrics, including accuracy, precision, recall, F1 score, and specificity. To calculate specificity, a custom
function was developed based on the confusion matrix. Additionally, thresholds for binary classification were
applied to the predicted probabilities to ascertain the final class labels. The evaluation metrics can be represented
mathematically as follows:

Accuracy: Represents the overall percentage of correctly classified image patches. It is calculated as:
Accuracy= (TP+TN)/(TP+TN+FP+FN)  Where TP is True Positives, TN is True Negatives, FP is False
Positives, and FN is False Negatives.

Precision: Measures the proportion of true positives (IDC detected) among all positive predictions. It is defined
by: Precision= TP/(TP+FP) this metric indicates the model's effectiveness in minimizing false positives.
Recall (Sensitivity): Assesses the model's ability to correctly identify IDC-positive patches. It is calculated as:
Recall= TP/(TP+FN) this metric highlights the model's capacity to detect true positives.

Specificity: Evaluates the model’s capability to correctly classify IDC-negative patches. It is given by:
Specificity = TN/(TN+FP) Specificity indicates the model's effectiveness in avoiding false negatives.
F1-Score: Provides a balanced measure of the model’s performance by combining precision and recall into a
single metric. It is computed as:

F1-Score=2x (Precision X Recall)/(Precision+ Recall).

This metric offers insight into the trade-offs between false positives and false negatives. Where TP is true
positives, TN is true negatives, FP is false positives, and FN is false negatives.

Data Preprocessing

Dataset
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Selecting Features

Evaluation | |
Performance Prepare training
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Metrics and testing data
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Fig-1: Proposed Methodology
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IV. RESULTS AND DISCUSSION

The performance of various deep learning models in breast cancer detection from histopathological images is
evaluated using several key metrics: accuracy, precision, recall, F1 score, and specificity. These metrics provide a
comprehensive view of how well the models perform across different aspects of classification. Below is a summary
of the results:

Table-2: Performance Comparison of Models

Model Accuracy Precision | Recall | F1Score | Specificity
VGG 0.876 0.745 0.682 0.712 0.932
CNN 0.882 0.755 0.710 0.732 0.933
ResNet50 0.891 0.801 0.677 0.733 0.95
CNN + DDQN (Our Model) 0.950 0.044 0.373 0.078 0.809

The results indicate that the CNN + DDQN model achieves superior accuracy, outperforming other models in
overall correct classification of images. However, this model's low precision and recall suggest that while it is
effective in identifying negative cases (as indicated by its accuracy and specificity), it struggles to correctly detect
positive cases (i.e., malignant tumors), leading to a high false negative rate. This is critical in breast cancer detection,
as failing to identify malignant cases could have severe implications for patient care. Comparing this to existing
models like VGG, CNN, and ResNet50, it becomes evident that while these traditional deep learning architectures
offer a more balanced performance with higher precision, recall, and F1 scores, our hybrid CNN + DDQN model
still requires tuning, particularly in how it handles positive case detection. The ResNet50 model stands out in terms
of precision and specificity, making it more reliable in reducing false positives, which could be an area of focus
when balancing between these metrics in future model improvements. The high accuracy of the CNN + DDQN
model may be a result of overfitting, especially with the imbalance between positive and negative cases, as the
model seems to favor identifying negative instances. The integration of the DDQN technique, which is more
commonly used in reinforcement learning tasks, may not be fully optimized for image classification problems,
suggesting a need for further refinement in its application to medical image analysis. These findings contribute to
the broader research gap in enhancing the performance of deep learning models in medical diagnostics, particularly
in dealing with imbalanced datasets. Further research could explore methods like data augmentation, loss function
adjustment, or enhanced training techniques to improve the model's sensitivity and precision without sacrificing
accuracy.

V. CONCLUSION

In this study, we evaluated the performance of various deep learning models for breast cancer detection using
histopathological images. The results demonstrated that while traditional architectures such as VGG, CNN, and
ResNet50 performed well in terms of accuracy, precision, recall, and specificity, our proposed hybrid model (CNN
+ DDOQN) achieved the highest accuracy (95.05%). However, despite this high accuracy, the model exhibited
significantly lower precision, recall, and F1 score, indicating challenges in correctly identifying positive cases. This
suggests that while the CNN + DDQN model is effective at classifying negative cases, it struggles with false
positives and false negatives, likely due to the interaction between the CNN and DDQN components. These findings
highlight the importance of balancing accuracy with other key performance metrics, especially in sensitive
applications like cancer detection, where false negatives can have serious implications. Further work is required to
optimize the CNN + DDQN model, focusing on improving its sensitivity to positive cases. Potential solutions
include fine-tuning the model parameters, exploring alternative network architectures, and addressing any
imbalances in the dataset. In conclusion, this research contributes to the ongoing efforts to improve deep learning
models for medical image classification, offering insights into the strengths and weaknesses of hybrid approaches.
Future work should aim to refine these models for more reliable and accurate breast cancer detection, ultimately
advancing clinical applications and patient outcomes.
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