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Abstract: Breast cancer is a significant health issue affecting women worldwide, emphasizing the importance of early detection 

and accurate tumor classification. This research paper proposes a neural network-based breast cancer classification model. The 

dataset is collected, preprocessed, and used to train the neural network model. The performance of the model is evaluated, and 

its potential application in clinical settings is discussed. The results demonstrate the model's effectiveness in accurately 

classifying breast cancer tumors. 
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I.      INTRODUCTION 

Breast cancer is a prevalent cancer type among women, leading to a substantial number of cancer-related deaths [1]. Timely 

intervention and successful treatment rely on early detection and accurate diagnosis. Machine learning techniques, particularly 

neural networks, have shown promise in breast cancer classification [2, 3].  

The objective of this project is to build a breast cancer classification model using a simple Neural Network (NN) approach. The 

model aims to analyze a set of input features derived from diagnostic tests to accurately classify breast tumors as benign or 

malignant. By harnessing the power of machine learning, this project strives to contribute to the field of breast cancer diagnosis and 

improve patient care.  

The project encompasses various stages, starting with the collection and processing of breast cancer data. A reliable and diverse 

dataset is crucial for training and evaluating the classification model. In this project, the breast cancer dataset is obtained from 

credible sources and carefully examined to ensure its quality and representativeness. Neural networks excel in leveraging large 

datasets and capturing complex patterns, enhancing classification accuracy. This research paper presents a breast cancer 

classification model utilizing neural networks and evaluates its performance using the Wisconsin Breast Cancer dataset [4]. 

Overall, this project strives to bridge the gap between medical expertise and advanced technology, empowering healthcare 

professionals with a reliable and efficient tool for breast cancer classification. Through ongoing research and development in this 

field, the project aims to enhance the accuracy, accessibility, and affordability of breast cancer diagnosis, ultimately making a 

positive impact on the lives of individuals affected by this disease. 

 

II.      LITERATURE REVIEW 

Several studies have explored machine learning techniques, including neural networks, to improve breast cancer classification 

accuracy. 

Brown, Feng, and Kim (2018) developed a deep learning-based model for predicting breast cancer survival using histopathological 

images [2]. Their findings highlight the potential of neural networks in assisting healthcare professionals in treatment decision-

making. 

Cruz-Roa et al. (2014) proposed a deep learning model using convolutional neural networks to accurately detect invasive breast 

cancer in whole-slide images [3]. Their research demonstrates the effectiveness of deep learning techniques in analyzing large-scale 

histopathological images, aiding pathologists in diagnosing and characterizing breast cancer tumors. 

Liu et al. (2019) focused on the early detection of cancer metastases in gigapixel pathology images using deep neural networks [4]. 

Their study emphasizes the importance of leveraging deep learning techniques to assist pathologists in identifying subtle patterns 

indicative of cancer progression. 

Zhang et al. (2021) proposed a hybrid deep learning model that combines convolutional neural networks with feature extraction 

algorithms for breast cancer classification using histopathology images [5]. Their research highlights the potential of combining 

different machine learning techniques to improve the accuracy of breast cancer classification models. 
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III.      PROPOSED SYSTEM 

The proposed system for the breast cancer classification project aims to develop a reliable and accurate classification model using a 

Neural Network. The system is designed to assist healthcare professionals in diagnosing breast tumors and distinguishing between 

benign and malignant cases. 

 

Block Diagram for Neural Networks Model. 

 
 

1) Data Collection & Processing: In this step, the breast cancer dataset is collected and processed. The dataset is loaded, and 

information about the data is analyzed, such as missing values, statistical measures, and the distribution of the target variable. 

2) Feature Extraction: The features and the target variable are separated from the dataset. The features are extracted from the 

dataset, and the target variable is assigned. 

3) Data Preprocessing: The data is preprocessed to prepare it for training the model. This includes splitting the data into training 

and testing sets, standardizing the data, and any other necessary preprocessing steps. 

4) Model Training: The Neural Network model is built and trained using the training data. The model architecture is defined, and 

the model is compiled with suitable optimizer and loss function. The training data is fed to the model for a specified number of 

epochs, and the model learns to make predictions. 

5) Model Evaluation: The trained model is evaluated using the testing data. The accuracy of the model is calculated, and other 

evaluation metrics like precision, recall, and F1 score are computed to assess the performance of the model. 

6) Predictive System: A predictive system is created using the trained model. New input data is provided to the system, and the 

model predicts whether the tumor is malignant or benign based on the input features. 

 

IV.      METHODOLOGY 

A. Data Description 

The Wisconsin Breast Cancer dataset is utilized in this research, loaded with the scikit-learn library [4]. The dataset comprises 569 

instances, each containing 30 features including the radius, texture, perimeter, area, smoothness, compactness, concavity, symmetry, 

and fractal dimension characterizing cell nuclei in breast tissue samples. 

The data frame's information reveals that there are no missing values in the dataset. The mean value of the features indicates that the 

tumor's class has a considerable impact on the features' values. The 'label' column is added to the data frame, indicating whether the 

tumor is benign or malignant. 

To preprocess the dataset, the features are scaled to a range of [0, 1] using the StandardScaler from scikit-learn [5]. This 

normalization ensures equal contribution of all features to the classification model. Additionally, the dataset is split into training and 

testing sets using the train_test_split function [6]. 

 

B. Building the Neural Network Model 

The neural network model is implemented using the TensorFlow and Keras libraries [7, 8]. The architecture consists of an input 

layer, two hidden layers, and an output layer. The input layer comprises 30 neurons, corresponding to the number of features in the 

dataset.  
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The hidden layers consist of 50 neurons each, while the output layer contains two neurons representing the benign and malignant 

classes. The rectified linear unit (ReLU) activation function is used for the hidden layers, and the sigmoid activation function for the 

output layer. The model is compiled with the Adam optimizer and the sparse categorical cross-entropy loss function [6]. 

 

C. Training and Evaluation 

The neural network model is trained on the training dataset, with a 10% validation split for evaluation. Training is performed for 10 

epochs, monitoring accuracy and loss metrics. The accuracy and loss curves are visualized using the matplotlib library [7]. The 

dataset is split into a training set and a testing set to facilitate model training and evaluation. During the training phase, the model is 

trained using the training set by adjusting its parameters based on the defined loss function and optimization algorithm. 

After training, the model is evaluated using the testing set to assess its performance on unseen data. The testing data is passed 

through the trained model, and predictions are generated for each sample. These predictions are then compared to the true labels to 

calculate various evaluation metrics, such as accuracy, F1 score, recall, and precision. These metrics provide insights into the 

model's ability to correctly classify breast cancer samples and its overall performance.[7] 

The training and evaluation phase of the project aims to optimize the model's performance, ensure its generalizability, and validate 

its effectiveness in classifying breast tumors. By carefully training the model and assessing its performance using appropriate 

evaluation metrics, the project can provide valuable insights into the reliability and accuracy of the developed classification system. 

 

D. Visualizing Accuracy And Loss 

I Accuracy Curve: The graph allows us to visualize the learning progress of the model over time. Initially, the accuracy may be low 

as the model starts learning from the data. As the training progresses, the accuracy tends to increase, indicating that the model is 

improving its performance and making more accurate predictions. However, it is essential to monitor the graph for signs of 

overfitting, where the accuracy on the training data continues to improve while the accuracy on the validation data starts to decline. 

By analyzing the graph, we can identify the optimal number of epochs or the point at which the model achieves the highest 

accuracy. It helps in determining when to stop the training process to prevent overfitting and ensure the model generalizes well to 

unseen data. 

 
 

II Error Curve: The graph allows us to visualize the learning progress of the model over time. Initially, the accuracy may be low as 

the model starts learning from the data. As the training progresses, the accuracy tends to increase, indicating that the model is 

improving its performance and making more accurate predictions. However, it is essential to monitor the graph for signs of 

overfitting, where the accuracy on the training data continues to improve while the accuracy on the validation data starts to decline. 

By analyzing the graph, we can identify the optimal number of epochs or the point at which the model achieves the highest 

accuracy. It helps in determining when to stop the training process to prevent overfitting and ensure the model generalizes well to 

unseen data. 
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V.      CONCLUSION 

The results of the project indicate a successful classification of breast tumors into benign and malignant categories with high 

accuracy, F1 score, recall, and precision. 

The accuracy of the model on the testing data was found to be 97.36%, indicating the percentage of correct predictions made by the 

model. This high accuracy demonstrates the effectiveness of the Neural Network in accurately classifying breast tumors. 

The F1 score, which is a measure of the model's overall performance, was determined to be 97.87%. The F1 score takes into account 

both the precision and recall of the model and provides a balanced evaluation of its performance. A higher F1 score indicates better 

overall performance in terms of correctly identifying both benign and malignant tumors. 

The recall of the model, which represents the ability to correctly identify malignant tumors, was 100%. This indicates the proportion 

of actual malignant tumors that were correctly classified by the model. A high recall score indicates a low rate of false negatives, 

which is crucial in ensuring early detection and prompt treatment of breast cancer. 

The precision of the model, which measures the proportion of correctly predicted malignant tumors out of all predicted malignant 

tumors, was 95.83%. A high precision score indicates a low rate of false positives, ensuring that patients classified as malignant by 

the model are indeed at a higher risk of having breast cancer. 

Confusion Matrix: The confusion matrix provides a breakdown of the true positive, true negative, false positive, and false negative 

predictions, giving insights into the model's performance in terms of different types of errors. 

 
 

Overall, the project achieved promising results with high accuracy, F1 score, recall, and precision. These metrics demonstrate the 

effectiveness of the developed Neural Network model in accurately classifying breast tumors, making it a valuable tool for assisting 

healthcare professionals in the diagnosis and treatment of breast cancer. 
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