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Abstract   

Breast cancer is predominantly diagnosed in women and remains a leading cause of 

rising health concerns among females. Manual identification of the disease is often 

time-consuming and limited in accessibility. To address this, automated diagnostic 

systems using machine learning (ML) have become increasingly valuable for early de-

tection and classification of cancer. This paper explores the use of machine learning 

and ensemble learning techniques for classifying tumors. Specifically, it evaluates the 

performance of Logistic Regression, Support Vector Machines (SVM), Decision 

Trees, and Random Forests on a breast cancer dataset. The study compares models 

based on key performance metrics, including False Positive Rate, Accuracy, Precision, 

and Recall. The effectiveness of ensemble learning methods is also analyzed and 

benchmarked against individual models. Statistical analysis reveals that the ensemble 

model combining Decision Tree and Random Forest algorithms achieves an accuracy 

of 89.3%, while the ensemble of Logistic Regression and SVM reaches an accuracy of 

90.4%. These ensemble models outperform their counterparts, demonstrating the ad-

vantages of combining multiple algorithms for improved diagnostic accuracy. 
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1 INTRODUCTION 

Breast Cancer is a disease that causes death among women. It is a more hazardous cancer in pub-

lic. 2018 statistical report by World Cancer Research, they are projected that over 2 million new 

cases registered out of 626,679 deaths. These cases continuously increased from 11.6% to 24.2% 

among women. If any symptoms are found, people visit doctors (oncologists) immediately [1].  

The diagnosis of breast cancer, observing the medical past, physical inspection of the breast, and 

checking for puffiness. Different types of examinations of the breast with Magnetic Resonance 

Imaging, Ultrasound of the breast, X-ray, and Mammogram. The elimination of tissue from the 



 

 

breast is examined by a pathologist. If the cancer is confirmed, patients go for a sentinel node bi-

opsy [2]. It helps detect cancerous cells in the breast. If detected, cells oncologist orders additional 

tests.  It diagnoses cancer easily based on tests. These tests are for finding Mammograms, Breast 

ultrasounds Biopsy. Benign and malignant tumors are classified by Machine Learning techniques 

[3]. 

 

Machine learning techniques can help achieve the optimal outcome for diminishing the price of 

medicines, helping people, enhancing healthcare value, and saving the lives of people. Machine 

learning techniques categorize benevolent and malevolent tumors by the finest [5]. Many machine 

learning models were researched to get the best results on breast cancer datasets. Based on these 

emerging technologies, a healthcare system for reduce the price of treatment and quality of diag-

nosis. In real-time systems, doctors make strong decisions by doctors to save people’s lives in less 

time to retrieve accurate outcomes from different fields using classification methods [6].  The fol-

lowing paper is arranged in order of introduction in section one. Section two proposes the system 

and architecture. Section three discusses materials and methods. Section four states the conse-

quences and analysis. Concludes the paper with the final section. 

 

2 PROPOSED SYSTEM AND ARCHITECTURE 

This paper provides the enactment of models using Logistic Regression, Support Vectors, Deci-

sion Trees, and Random Forest on the dataset. The efficiency of the ensemble machine learning 

models is measured and equated with other machine learning models [7]. From statistical analysis, 

the ensemble model predicts that the accuracy rate is 89.3 % for decision tree and random forest 

models and 90.4% for logistic regression and support vector models. If you compare these two 

ensemble models with individual models provide a higher accuracy rate.  The following algorithm 

represents the procedure for finding breast cancer [8]. 

 

Step 1: Input (dataset of breast cancer) 

Step 2: Calculate the feature cost from every cell.  



 

 

Step 3: Compute the mean of the features' cost. 

Step 4: Compute the boundary  

Step 5: Calculate the part of the affected cell. 

Step 6: Detect the mean difference. 

Step 7: Formula: Perimeter^2 / area - 1.0 

 Step 8: Compute concaveness 

 Step 9: Total curved parts of the cell outline  

Step 10: Identify the symmetry of cells  

11: Finally, fractal calculation 

 

Figure 1 illustrates the architectural representation of our projected system. Starting from input to 

output, so many phases are included in this system [10].  

 

Figure 1: Diagrammatic representation of our proposed system [9] 



 

 

The above figure depicts a flowchart outlining the process of a machine learning classification 

model, specifically using logistic regression. Here's a step-by-step description of the flowchart: 

1. Start 

The process begins. 

2. Input as Training set and Testing set 

The dataset is divided into two parts: training data for model learning and testing data for 

evaluation. 

3. Computing the Regression coefficient of training data 

The logistic regression model is trained on the training set, resulting in the computation of 

regression coefficients (weights). 

4. Applied sigmoid function 

The sigmoid (logistic) function is applied to map predicted values to a probability between 

0 and 1. 

5. Finding the relationship between the Training set and the Testing set 

The model uses learned relationships from the training data to make predictions on the 

testing data. 

6. Visualize the output with class attribute values 

The final results are visualized, showing how data points are classified based on the mod-

el's predictions. 

7. End 

The process concludes. 

3. RESULTS AND ANALYSIS 

3.1 Dataset Description 

The Dataset for health and it is for Social Good: Women Coders' Bootcamp, organized by Artifi-

cial Intelligence for Development in collaboration with UNDP Nepal. 

features are computed from a digitized image of a fine needle aspirate (FNA) of a breast mass. 

They describe the characteristics of the cell nuclei present in the image. 

 



 

 

Table 1: Sample Dataset 

 

3.2 Data Collection 

After collecting data, we need to know what the shape of this dataset is. Here, we have an attrib-

ute(property) called data. The data used in this experiment is 569 rows × 33 columns, which 

means 33 attributes are used here. Using this method, we can see how many object (categori-

cal) types of features exist in the dataset. 

 

3.3 Data Filtering 

Now, we have one categorical feature, so we need to convert it into numeric values. Finally, we 

can see in this output that categorical values are converted into 0 and 1. Find the correlation be-

tween other features and mean features only. 

 



 

 

 

Figure 2: correlation graph of attributes  

 

A correlation heatmap is a visual tool used in data analysis to show the strength and direction of 

relationships (correlations) between multiple variables (features) in a dataset. It's especially useful 

in exploratory data analysis (EDA) to understand the underlying structure of the data before apply-

ing machine learning models. 

 

The correlated attribute is content that is partly confined to another attribute. Most correlated at-

tributes are more interdependent and have more redundancy. The following figure 3 shows the 

relationship of each attribute. A heatmap is a graphical representation that shows the correlation 

between numerous variables as a matrix. It's shows that shows how closely connected dissimilar 

variables. The following Figure 3 shows the correlation representation with the heatmap. 

 

3.4 Model Implementation 

In model implementation, the part mainly concentrates on  



 

 

• Train Test Splitting. 

• Preprocessing and model selection 

• Import Machine Learning Models 

• Check the Model Accuracy, Errors, and Validations 

3.4.1 Feature Selection 

Select a feature for predictions 

• Take the dependent and independent features for prediction 

 

Table 2. Selection of features 

 

Feature selection is a key step in the machine learning pipeline. It involves choosing the most rel-

evant variables (features) from your dataset that contribute the most to your predictive model. 

Good feature selection improves model performance, reduces overfitting, and leads to faster, more 

efficient training. 

 

Divided the data into the Training and Testing Set by 33% and established 15 fixed records. Per-

form Feature Scaling for Strong features by eliminating the mean and pre-processing to a specific 

unit variance.  

 



 

 

3.5 ML Model Selection and Model Prediction 

3.5.1 Model Building 

Now, we are ready to build our prediction model for the I made function for model building and 

performing prediction, and measuring its prediction accuracy score. 

3.5.2 Arguments 

1. model => ML Model Object 

2. Feature Training Set data 

3. Feature Testing Set data 

4. Targeted Training Set data 

5. Targeted Testing Set data 

 

Let's make a dictionary for multiple models for bulk predictions. Before sending it to the predic-

tion, check the key and values to store its values in the Data Frame below. 

 

3.5.3 Model Implementing 

Now, train the models one by one and show the classification report of particular models. The pre-

cision, recall, F1 score, support, and accuracy values of classification algorithms. The precision, 

recall, F1 score, support, and accuracy values of decision tree and support vector tree algorithms. 

In the confusion metric of classification algorithms, the x label shows the negative, and the y label 

shows the True Positive. While predicting, we can store the model's score and prediction values in 

a newly generated data frame. 

Table 3. Accuracy of four models 

 



 

 

3.6 Ensemble models 

3.6.1 Decision Tree + Random Forest 

Ensemble learning is a machine learning technique where multiple models (often called "base 

learners" or "weak learners") are combined to produce a more robust and accurate prediction than 

a single model. It leverages the "wisdom of the crowd" by combining diverse perspectives and 

potentially compensating for the individual errors of each model.  

 

A Decision Tree is a flowchart-like tree structure. Random Forest is an ensemble learning method 

that combines multiple Decision Trees to improve performance and robustness. Combines the 

strengths of individual weak learners (Decision Trees). Reduces overfitting, improves accuracy, 

and handles missing or unbalanced data better. 

 

 

Figure 3:  Decision Tree to improve performance and robustness 

3.6.2 SVC + Logistic Regression 

 

Ensemble learning is a machine learning technique where multiple models (often called "base 

learners" or "weak learners") are combined to produce a more robust and accurate prediction than 



 

 

a single model. It leverages the "wisdom of the crowd" by combining diverse perspectives and 

potentially compensating for the individual errors of each model.  

 

SVC is a classification algorithm from the Support Vector Machine (SVM) family. Logistic Re-

gression is a linear model used for binary classification. Combining SVC and Logistic Regression 

in an ensemble model aims to leverage the strengths. 

 

 

 

Figure 4:  Classification algorithm from the Support Vector Machine 

 

If you observe the 3.5.1 and 3.5.2 ensemble models, the accuracy rate is 89.3 % for the decision 

tree and random forest models. 90.4% for logistic regression and support vector models. If you 

compare these two ensemble models with individual models, you will find a higher accuracy rate. 

(Table 2). 

4. CONCLUSION 

This paper focuses on the application of machine learning techniques—including Logistic Regres-

sion, Support Vector Machines (SVM), Decision Trees, and Random Forests—on ancient datasets 



 

 

that may contain novel types of input data. The models are evaluated based on key performance 

metrics such as False Positive Rate, Accuracy, Precision, and Recall. Ensemble machine learning 

methods are also explored, and their efficacy is measured and compared with individual model 

results. Statistical analysis shows that ensemble models achieve higher accuracy rates: 89.3% for 

the combination of Decision Tree and Random Forest, and 90.4% for the combination of Logistic 

Regression and Support Vector Machine. These results indicate that ensemble models outperform 

individual models in terms of predictive accuracy. 

 

Disclaimer (Artificial intelligence) 

Option 1:  

Author(s) hereby declare that NO generative AI technologies such as Large Language Models 

(ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or 

editing of this manuscript.  

Option 2:  

Author(s) hereby declare that generative AI technologies such as Large Language Models, etc. 

have been used during the writing or editing of manuscripts. This explanation will include the 

name, version, model, and source of the generative AI technology and as well as all input prompts 

provided to the generative AI technology 

Details of the AI usage are given below: 

1. 

2. 

3. 
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