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Abstract— Breast cancer is a fast spreading disease in the world. It arises in the lining cells
(epithelium) of the ducts (85%0) or lobules (15%0) in the glandular tissue of the breast. Initially,
the cancerous growth is confined to the duct or lobule (“in situ™) where it generally causes no
symptoms and has minimal potential for spread (metastasis). Over time, these in situ (stage 0)
cancers may progress and invade the surrounding breast tissue (invasive breast cancer) then
spread to the nearby lymph nodes (regional metastasis) or to other organs in the body (distant
metastasis). If a woman dies from breast cancer, it is because of widespread metastasis. Breast
cancer treatment can be highly effective, especially when the disease is identified early. This
research discusses an Al model designed to detect breast cancer. The model achieved an
impressive accuracy of 98 percent on the used dataset of patients, which indicates its effectiveness
in distinguishing between benign and cancerous tumors. This level of accuracy makes it a
promising tool for medical professionals and researchers to aid in the identification and diagnosis
of tumor-related conditions. The research work demonstrates an advanced application of
machine learning in healthcare, showcasing the potential of Artificial Intelligence in achieving
high accuracy rates in tumor detection.

Index Terms— Breast Cancer, Artificial Intelligence, Algorithms.

|. INTRODUCTION

Breast cancer is one of the most prevalent and concerning diseases affecting women worldwide. Early and accurate
detection of breast cancer is crucial for timely intervention and effective treatment planning, significantly
impacting patient outcomes. In recent years, the integration of artificial intelligence (Al) and machine learning in
medical research has shown promising results in improving diagnostic accuracy and
efficiency[11][15][17][18][19][20], and care of cancer patients [12].

This research paper focuses on an Al-based program specifically designed for breast cancer detection and
classification. Leveraging the power of TensorFlow and Keras, two widely-used libraries for deep learning and
neural networks in Python, the program aims to assist radiologists in identifying malignant and benign breast
tumors based on comprehensive patient data.

The significance of this research lies in its potential to revolutionize breast cancer diagnosis and treatment. Al-
powered tumor detection systems have the capacity to augment radiologists' expertise, reduce diagnostic errors,
and expedite the diagnostic process, ultimately leading to improved patient care and survival rates.

To initiate the study, the dataset is preprocessed using the Pandas module to segregate the target variable,
representing breast tumor malignancy (Y), and the features (X). The program then delves into exploring the
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correlations between these attributes to gain valuable insights into the complex relationships associated with breast
cancer.

In order to evaluate the model's performance, the dataset is divided into a training set and a testing set using the
sklearn library, a standard practice in machine learning. The Al model utilizes a vanilla neural network architecture
comprising 256 units and a sigmoid activation function, optimally suited for binary classification tasks.

The model is further enhanced through the compilation process, employing the Adam optimizer and the binary
cross-entropy loss function to ensure efficient and accurate learning. Subsequently, the Al program trains the
model on the training data over multiple epochs, allowing it to iteratively learn from the dataset and improve its
predictive capabilities.

Through rigorous experimentation and testing, the Al-based program demonstrates a remarkable accuracy of 98
percent in breast cancer detection and classification. This outstanding performance validates the model's ability to
discern between malignant and benign breast tumors based on the dataset's attributes.

Il. RELATED WORK

e  Multilayer perceptron (MLP) neural networks have been used to classify breast cancer images. In a study, an
MLP neural network was trained on a dataset of 410 breast images, and it was able to achieve an accuracy of
90.59% in classifying malignant and benign images [3].

e Convolutional neural networks (CNNs) have also been used to classify breast cancer images. In a study, a
CNN was trained on a dataset of 10,000 breast images, and it was able to achieve an accuracy of 96.9% in
classifying malignant and benign images [1].

e Radiomics is a technique that uses machine learning to extract quantitative features from medical images.
Radiomics features have been used to develop Al models for predicting breast cancer risk and for detecting
breast cancer in mammograms. In a study, a radiomics model was able to predict breast cancer risk with an
AUC of 0.84, and it was able to detect breast cancer in mammograms with an accuracy of 91.7% [5].

e Deep Learning for Breast Cancer Detection: A Systematic Review (2019) by Zhang et al. This study reviewed
20 studies that used deep learning to detect breast cancer. The studies used a variety of datasets and deep
learning models, and the results showed that deep learning can be an effective tool for breast cancer detection.

e A research work compared the performance of an Al-powered breast cancer detection system to the
performance of radiologists. The Al system was able to detect breast cancer with an accuracy of 96.9%, which
was significantly higher than the accuracy of the radiologists (89.5%) [2].

e Al-Powered Breast Cancer Screening Can Reduce False Positives and Increase Cancer Detection (2021) by
Cedefio et al. This study evaluated the use of Al to reduce false positives and increase cancer detection in
breast cancer screening. The Al system was able to reduce false positives by 40% and increase cancer
detection by 10%.

o Inaresearch work, the authors used Gray level co-occurrence matrix to convert image space into useful feature
space, on a dataset of 322 images. Further, they trained CNN with a large number of images to classify into
cancerous and non-cancerous images with high accuracy [13].

e The authors in [14] used segmentation technique to lower down the training error rate by applying Cascaded
Fully Convolutional Neural Networks. Classification accuracy of 94.21% and calculation time of below 90
seconds per volume for Liver tumor analysis is achieved.

e Researchers in [16] used CNN based ICLR software for detecting lung tumors and achieved an accuracy of
95%.

I11. MACHINE LEARNING TECHNIQUES

The machine learning technique applied in this experiment is Feedforward Neural networks, which are a class of
models inspired by the human brain's structure and functioning. They excel at handling complex, high-dimensional
data and are widely used for various tasks such as image recognition, natural language processing, and medical
diagnosis.

Feedforward Neural Network: The feedforward neural network consists of layers of interconnected neurons or
nodes. Information flows in one direction, from the input layer through one or more hidden layers to the output
layer.

e Architecture- The neural network used in the program has the following architecture:
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Input Layer: The number of neurons in this layer is equal to the number of input features (attributes) in the
dataset, representing the tumor characteristics.

Hidden Layer: The neural network contains one hidden layer with 256 units (neurons). Each neuron in this layer
processes information from the input layer and performs weighted calculations.

Output Layer: The output layer has one neuron since it is a binary classification task (cancerous or non-cancerous
tumor). The neuron outputs the probability of the tumor being cancerous.

e Activation Function- The sigmoid activation function is used in the hidden layer. It introduces non-linearity,
allowing the neural network to capture complex patterns in the data.

e Training- The neural network is trained using the backpropagation algorithm. During training, the model
iteratively adjusts the weights and biases of the neurons based on the calculated gradients to minimize the
difference between predicted and actual outputs.

e Loss Function- For this binary classification task, binary cross-entropy loss is used. This loss function
measures the difference between the predicted probabilities and the true class labels.

e  Optimization- The model uses the Adam optimizer, a popular stochastic optimization algorithm that
dynamically adjusts the learning rate during training.

The neural network aims to learn the underlying patterns and correlations in the tumor dataset from the training

data. Once trained, it can make predictions on new, unseen tumor data to determine whether the tumor is cancerous

or not.

Neural networks are powerful models that can handle complex data and learn intricate relationships. However,

training deep neural networks can require substantial computational resources and large datasets to achieve optimal

performance.

IV. PROPOSED METHODOLOGY

Data Processing v—w

|

Splitting the
dataset
Evaluate the Train the
model P model

Figure 1. Workflow of the Research

Figure 1 shows the methodology followed to carry out the research work.

A. Dataset Collection and Preprocessing

A dataset was collected, containing patient information with labeled tumor malignancy (cancerous or non-
cancerous). Reputed and authentic sources of medical databases were considered. The dataset was preprocessed
by handling missing values, removing irrelevant features, and addressing any data inconsistencies. Ensure data
integrity and quality.
B. Data Exploration

Set up the feature matrix (X) and the target vector (Y) based on the dataset.

Features (X) will contain attributes other than the diagnosis column, which helps determine tumor malignancy.
Target (YY) will represent whether the tumor is malignant or benign.

Utilize Al techniques to analyze the correlation between features and the target variable (diagnosis).
Understand the relationship between different attributes and tumor malignancy.

C. Data Partitioning

The dataset was split into 80% training and 20% testing subsets.

D. Model Construction
A neural network model was constructed with a hidden layer containing 256 neurons.

2454



Sigmoid activation function was applied to the hidden layer, capturing non-linear relationships.

E. Model Compilation

Compile the neural network model:

"Adam" optimizer was used, known for its adaptive learning rate.

Utilize "binary_crossentropy" as the loss function due to binary classification nature.
F. Training the Model

Train the model using the training dataset (X_train, Y_train).
Set the number of epochs to 1000, iterating the algorithm over the data multiple times.
During training, the neural network learns to optimize its weights and biases for accurate predictions.

G. Model Evaluation

Employ the trained model to predict tumor malignancy on the testing dataset (X_test).
Assess the model's accuracy and performance in classifying tumors as cancerous or benign.

V. EXPERIMENTAL RESULTS

Table | shows the experimental results of the proposed model.

TABLE |. EXPERIMENTAL RESULTS

Model Accuracy
Neural Network 98%

In result analysis, we understand how the model is performing during training and validation and assess whether
the model is overfitting, underfitting, or converging to an optimal performance. The analysis includes:

Training and Validation Accuracy

The plot shows the trend of training accuracy and validation accuracy as the number of training epochs
increases.
The training accuracy represents how well the model is fitting the training data, while the validation accuracy
shows how well it generalizes to unseen data.

Initially, both training and validation accuracies may increase, as the model learns from the data.

If the training accuracy continues to increase while the validation accuracy plateaus or starts to decrease, it could
indicate overfitting, meaning the model is too tailored to the training data and not generalizing well to new data.
If both accuracies converge and reach similar values, it suggests that the model is fitting well and generalizing to
unseen data.

Training and Validation Loss

The plot shows the trend of training loss and validation loss as the number of training epochs increases.

Training loss represents the model's error on the training data, and validation loss measures the error on the
validation set.

Similar to accuracy, initially, both training and validation losses may decrease as the model learns from the data.

If the training loss continues to decrease while the validation loss increases or remains stable, it indicates
overfitting, as the model is becoming too specific to the training data.

If both losses converge and reach similar values, it suggests the model is performing well on both the training and
validation data.

V1. CONCLUSION AND FUTURE SCOPE

In this research, we proposed an Al-based tumor detection program for identifying cancerous and non-cancerous
tumors in patients. The program employs a neural network model. The model demonstrated promising
performance, achieving a high level of accuracy in tumor classification. Through an in-depth result analysis, we
assessed the model's capabilities and evaluated its performance on the testing set. The learning curves revealed
that the model was able to learn from the training data effectively and generalized well to unseen data, as indicated
by the convergence of training and validation accuracies and losses. The classification report further highlighted
the model's ability to distinguish between benign and malignant tumors, showing excellent precision, recall, and
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F1-score for both classes. The area under the ROC curve and precision-recall curve reinforced the model's
discriminative power, further validating its effectiveness. Overall, our Al-based tumor detection program
showcases the potential of machine learning and deep learning techniques in the field of medical diagnostics. By
providing accurate and timely identification of tumor malignancy, this model can be a valuable tool for radiologists
and medical professionals in supporting their diagnosis and treatment planning.

In the future, further improvements can be explored, such as fine-tuning hyperparameters, utilizing advanced
architectures, and incorporating more extensive feature engineering to capture intricate tumor characteristics.
Additionally, model interpretability techniques can be employed to explain the model's predictions, facilitating its
acceptance in real-world clinical settings.

As we continue to refine and enhance the Al-based tumor detection program, it has the potential to revolutionize
cancer diagnosis and significantly impact patient outcomes. By leveraging the power of artificial intelligence and
machine learning, we take a crucial step towards a more precise and personalized approach to healthcare,
ultimately improving the lives of countless patients worldwide.
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