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Abstract— Breast Cancer Metabric disease is one of the 

most important cancers with the highest death rate. Breast 

cancer is occurring day by day in most women due to hormonal 

imbalances. In the research analysis, we are going to perform 

machine learning techniques such as classification techniques 

to predict the diagnosis of breast cancer. Exploratory data 

analysis is one of the important factors to understand the data 

features and data information. We have implemented the 

logistic regression, xg boost, naïve Bayes algorithm and 

according to this, an excellent performance score is achieved by 

logistic regression approx. 72%. By implementing the 

algorithms, we can diagnose breast cancer at an early stage to 

prevent women from dying. 

I. INTRODUCTION 

Breast cancer is one of the most common diseases present 
in women all over the world. According to the research 
analysis, 41760 women died from breast cancer only. A 
benign tumor is responsible for minor changes in the structure 
of the breast but not so harmful. Radio genomic technique 
provides 2 types of features, radiological and genetic which 
is helpful for proper diagnosis. Metabric breast cancer is a 
significant malignancy with staggering mortality rates. Its 
prevalence among women continues to rise, primarily 
attributed to hormonal fluctuations. Our study aims to utilize 
machine learning, specifically classification techniques, to 
forecast breast cancer diagnoses. Exploratory data analysis 
stands as a crucial step, enabling us to grasp the intricacies of 
data features and information. 

II. ANALYSIS PERFORMED 

Data analysis is a very important technique to predict 

certain diagnoses and provide proper treatment. 

A. Collection of Data: 

 
In the predictive analysis, evaluation of survival in women 

diagnosed with breast cancer to find the robustness result by 

using machine learning. To perform the analysis, we have 

imported Python libraries such as pandas, numpy, 

matplotlib, and seaborn. To run this code, we use the Jupyter 

Notebook software for creating the ipynb files. If we don’t 

have to use Jupyter Notebook then we can use Google Colab 

which is open source where we just need to upload the 

dataset CSV file. We can read CSV files, excel files, or even 

text files as well. 

 
Figure 1: Python Libraries 

We have read the breast cancer metabric dataset which is 

collected from the Molecular Taxonomy of Breast Cancer 

International Consortium database and present in Kaggle as 

well. 

 
Figure 2: Breast Cancer Dataset 

There are various attributes present in the dataset to represe

nt the patient's vital status based on the symptoms. So, the d

ata features are ['Patient ID', 'Age at Diagnosis', 'Type of Br

east Surgery', 'Cancer Type', 'Cancer Type Detailed', 'Cellul

arity', 'Chemotherapy', 'Pam50 + Claudin-low subtype', 'Co

hort', 'ER status measured by IHC', 'ER Status', 'Neoplasm 

Histologic Grade', 'HER2 status measured by SNP6', 'HER

2 Status', 'Tumor Other Histologic Subtype', 'Hormone The

rapy', 'Inferred Menopausal State', 'Integrative Cluster', 'Pri

mary Tumor Laterality', 'Lymph nodes examined positive', '

Mutation Count', 'Nottingham prognostic index', 'Oncotree 

Code', 'Overall Survival (Months)', 'Overall Survival Status

', 'PR Status', 'Radio Therapy', 'Relapse Free Status (Month



s)', 'Relapse Free Status', 'Sex', '3-Gene classifier subtype', '

Tumor Size', 'Tumor Stage', 'Patient's Vital Status'] 

 

 
Figure 3: Breast Cancer Attributes 

The number of rows and columns present in the breast cancer 

dataset are 2509 and 34 respectively. 

 
Figure 4: Rows and Columns in the Data 

When we collect data, it will be in a structured format but of 

any type. Here we also check the data type of the column so 

it is also of integer, object, and float type. 

 
Figure 5: Data Type of Columns 

Data Information is also very important to understand so here 

we use the info function which provides some details such as 

data type, total patient entries, non-null count, and total 

attribute counts.  

 

 
Figure 6: Information of Data 

The breast dataset contains multiple types of values to show 

the symptoms and type of breast cancer. Every column 

contains various unique values and also displays the count 

of unique values which may be helpful at the time of data 

cleaning. 

 
Figure 7: Data Uniqueness 

 

 



B. Exploratory Data Analysis: 

Exploratory Data analysis is the step that provides the 

summary of data and plots the chart to understand the data 

information. In this process, we use the describe function to 

find the summary of data. We calculate the mean, median, 

minimum, and maximum, 25%, 50%, and 5% of the 

numerical data. 

 
Figure 8: Summary of Breast Data 

We have plotted the count plot of the columns to show the 

count of values. We have displayed the value count of the 

patient's vital status. 

 
Figure 9: Count Plot of Patient Vital Status 

 

We have displayed the value count of the Oncotree Code and 

according to the graph, the IDC value is present maximum. 

 
Figure 10: Count Plot of Oncotree Code 

We have displayed the value count of the Tumor's other 

histologic subtype.  

 
Figure 11: Count Plot of Tumor Other Histologic 

Subtype 

We have displayed the value count of the chemotherapy. 

 
Figure 12: Count Plot of Chemotherapy 

We have displayed the value count of the type of breast 

surgery. Mastectomy count is present more as compared 

to breast-conserving. 



 
Figure 13: Count Plot of Type pf Breast Surgery 

We have plotted the histogram on the age of the diagnosis. 

 
Figure 14: Histogram on Age of Diagnosis 

We have plotted the histogram on the overall survival 

months. 

 
Figure 15: Histogram on Overall Survival Months 

 

C. Data Cleaning: 

 

Data Cleaning is a special technique to clean the data in which we 

remove duplicate records, missing records, data transformation, 
and data preprocessing. We have checked the missing records 

using isnull function and there are various missing records present 

in the data.  

 
Figure 16: Checking Missing Values 

 

We have dropped all missing data from the main dataset and 

stored them in a breast variable. 

 
Figure 17: Data Cleaning 

We checked the patient's vital status containing 3 types of 

values so we selected data for living and dead of disease. 

 
Figure 18: Remove Unwanted Data 

 

D. Data Preprocessing 

 

Data Preprocessing is a technique that is used to transform the data 

in the proper format. Machine learning always tries to work on 



data type conversion. Here we performed the label encoding to 

encode the data from an object or string to an integer. 

 
Figure 19: Data After Label Encoding 

We have plotted the heat map to show the correlation matrix 

and understand that some of the features are not useful. 

 
Figure 20: Heat Map 

We have dropped the unuseful features from the dataset. Dropped 

columns are 'Patient ID',' Inferred Menopausal State', 'ER status 

measured by IHC', 'ER Status', 'Relapse Free Status', 'HER2 status 

measured by SNP6', 'HER2 Status', 'Cancer Type', 'Sex',' PR 

Status', '3-Gene classifier subtype', 'Relapse Free Status (Months)' 

 
Figure 21: Drop Unwanted Columns 

 

E. Data Visualization: 

Data Visualization is a technique that we use to plot the 

graphs using some tools or programming language. Here we 

use the Python language to perform the data visualization 

and the libraries we used are seaborn, matplotlib, and plotly. 

We have designed the line chart to show the variation 

between the variables. 

We've created a line chart that illustrates the relationship 

between breast cancer status and age at diagnosis. 

 
Figure 22: Line Chart between Breast Cancer Status 

and Age 

We've created a line chart that illustrates the relationship 

between breast cancer status and types of breast surgery. 



 
Figure 23: Line Chart between Breast Cancer Status and type 

of breast surgery 

We've created a line chart that illustrates the relationship 

between breast cancer status and cancer type detailed. 

 
Figure 24: Line Chart between Breast Cancer Status and 

Cancer Type detail 

We've created a line chart that illustrates the relationship 

between breast cancer status and cellularity. 

 
Figure 25: Line Chart between Breast Cancer Status and 

Cellularity 

We've created a line chart that illustrates the relationship 

between breast cancer status and chemotherapy. 

 
Figure 26: Line Chart between Breast Cancer Status and 

Chemotherapy 

We've created a line chart that illustrates the relationship 

between breast cancer status and pam50 and claudin-low 

subtype. 

 
Figure 27: Line Chart between Breast Cancer Status and Pam 

50 

We've created a line chart that illustrates the relationship 

between breast cancer status and cohort. 

 
Figure 28: Line Chart between Breast Cancer Status and 

Cohort 

We've created a line chart that illustrates the relationship 

between breast cancer status and neoplasm histologic grade. 



 
Figure 29: Line Chart between Breast Cancer Status and 

Neoplasm Grade 

We've created a line chart that illustrates the relationship 

between breast cancer status and tumor another histologic 

subtype. 

 
Figure 30: Line Chart between Breast Cancer Status and 

Tumor 

We've created a line chart that illustrates the relationship 

between breast cancer status and hormone therapy. 

 
Figure 31: Line Chart between Breast Cancer Status and 

Hormone Therapy 

We've created a line chart that illustrates the 

relationship between breast cancer status and 

integrative cluster. 

 
Figure 32: Line Chart between Breast Cancer Status and 

Integrative Cluster 

We've created a line chart that illustrates the relationship 

between breast cancer status and primary tumor laterality. 

 
Figure 33: Line Chart between Breast Cancer Status and 

Primary Tumor 

We've created a line chart that illustrates the relationship 

between breast cancer status and lymph nodes examined 

positive. 

 
Figure 34: Line Chart between Breast Cancer Status and 

Lymph Nodes 

We've created a line chart that illustrates the relationship 

between breast cancer status and mutation count. 



 
Figure 35: Line Chart between Breast Cancer Status and 

Mutation Count 

We've created a line chart that illustrates the relationship 

between breast cancer status and Nottingham prognostic 

index. 

 
Figure 36: Line Chart between Breast Cancer Status and 

Prognostic index 

We've created a line chart that illustrates the relationship 

between breast cancer status and oncotree code. 

 
Figure 37: Line Chart between Breast Cancer Status and 

Oncotree Code 

We've created a line chart that illustrates the relationship 

between breast cancer status and overall survival months. 

 
Figure 38: Line Chart between Breast Cancer Status and 

Overall Survival Months 

We've created a line chart that illustrates the relationship 

between breast cancer status and overall survival status. 

 
Figure 39: Line Chart between Breast Cancer Status and 

Overall Survival Status 

We've created a line chart that illustrates the relationship 

between breast cancer status and radiotherapy. 

 
Figure 40: Line Chart between Breast Cancer Status and 

Radio Therapy 

We've created a line chart that illustrates the relationship 

between breast cancer status and tumor size. 



 
Figure 41: Line Chart between Breast Cancer Status and 

Tumor Size 

We've created a line chart that illustrates the relationship 

between breast cancer status and tumor stage. 

 
Figure 42: Line Chart between Breast Cancer Status and 

Tumor Stage 

 

III. TECHNIQUES USED 

After performing the above steps, we have split the data 

into 2 parts that is training and test data. Standardization is also 

performed to standardize the data to improve the performance 

of machine learning models. We have selected only some 

independent variables such as 'Age at Diagnosis', 'Neoplasm 

Histologic Grade', 'Lymph nodes examined positive', 'Tumor 

Size', 'Tumor Stage', 'Chemotherapy', 'Radio Therapy', 'Type 

of Breast Surgery', 'Hormone Therapy' and patient vital status 
is taking as dependent variable. 

A. Logistic Regression: 

Logistic Regression is a supervised learning algorithm that 

works on binary classification where the dependent variable 

has 2 outcomes only. It finds the interpretable coefficient 

which shows the impact of the features. It can handle large 

datasets very easily and efficiently. It uses the 2 types of 

regularization techniques: lasso and ridge. 

 
Figure 43: Logistic Regression 

 

B. XG Boost: 

 

It is an ensemble learning method that combines 2 things 

that is multiple decision trees and gradient boosting whose 

aim is to combine weak learners and find a strong learner. It 

is highly robust in nature and tends to compute nonlinear 

relationships as well. It uses 2 regularization techniques, 

shrinkage, and pruning which increase the learning rate and 

help in reducing the overfitting respectively. 

 
Figure 44: XG Boost 

 



C. Naïve Bayes: 

This algorithm is based on the Bayes algorithm which 

performs the assumption on feature importance. In this 

method, all features are conditionally independent which is 

sometimes dangerous but can simplify the model. It is a most 

efficient algorithm. It is efficient for noisy data because it 

ignores the dependencies between the features. 

 
Figure 45: Naive Bayes 

 

IV. CONCLUSION 

 The use of artificial intelligence models plays an important 

role in predicting the survival rate of breast cancer. Big data 

datasets can be collected from anywhere. In this research work, 

we understand that breast cancer is increasing day by day and 

most of the time, it is found in women. We have collected the 

data from Kaggle which contains information on breast cancer 

for women only. We have implemented the exploratory data 
analysis and understand the feature variation and how it is 

upgrading and downgrading. We have implemented 3 machine 

learning models such as logistic regression, XG Boost, and 

Naïve Bayes. The accuracy score of logistic regression is 72%. 

The accuracy score of the XG boost is 68%. The accuracy score 

of Naïve Bayes is 68%. 

V. FUTURE SCOPE 

 

The future scope of breast cancer prediction is to 

merge the various risk factors to model the techniques that help 

to diagnose breast cancer at an early stage because, in most 
developing countries, treatment for most diseases is still not 

found on time so for this, we can use the deep learning and 

neural network methods to make the disease management 

effective. 
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