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ABSTRACT

Health systems collect data and reports from hospitals or patient databases using machine
learning and data processing techniques used in disease forecasting to generate reports
that support the results used in various disease forecasts that have been the main
explanation for human death since recent years. Medical reports and data were extracted
from multiple databases to predict a number of necessary diseases that are now common
in people with breast cancer, heart disease and diabetes, making their life a more critical
measure. Today, the development of health technology has helped people to facilitate their
process by recommending hospitals and doctors, where to go for his treatment, where to go
and which hospitals are the easiest to treat the desired disease. We have implemented this
type of system in our app to make people's lives easier by predicting the disease by inserting
certain information from the reports that can give a positive or negative result. This supported
the disease's prediction that they had a chance of getting a referral. of the best hospitals

with the best doctors of previous users or guards nearby.



CHAPTER
NO

TABLE OF CONTENTS

TITLE

ABSTRACT

LIST OF ABBREVIATION

LIST OF FIGURES

INTRODUCTION

1.1 DIABETES PREDICTION

1.2 HEART DISEASE PREDICTION

1.3 BREAST CANCER PREDICTION

1.4 MACHINE LEARNING

1.5ALGORITHM

1.6 APPLICATION OF MACHINE LEARNING

1.7 WEB APPLICATION LIBRARY

1.8 WHY MACHINE LEARNING BETTER FOR
DISEASE PREDICTION

REVIEW OF LITERATURE

AIM AND OBJECTIVES

METHODOLOGY

4.1 DATA COLLECTION

4.2 LOAD THE DATASET

4.3 DATA PREPARATION

4.4 SPLIT THE DATA

4.5 INITIALIZE AND TRAIN

PAGE

10

12

17

18

18

19

20

22

23



4.6 MODEL EVALUATION

4.7 PREDICTION

4.8 CREATE OG WEB PAGE

RESULTSANDDISCUSSION

5.1 RESULTS

5.2 DIABETES PREDICTION

5.3 HEART DISEASE PREDICTION

5.1.3 BREAST CANCER PREDICTION

SUMMARY AND CONCLUSION

6.1 SUMMARY

6.2 CONCLUSION

REFERENCES

24

25

27

34

34

34

39

43

53

53

53

55



ML
HDL
LDL
VLDL
BMI
SVM
MCP
KNN
API
EHR
CT
PCA
t-SNE
RBF
MRI

UCl
csv

LIST OF ABBREVIATIONS

Machine Learning

High-density lipoprotein
Low-density lipoprotein

Very low-density lipoprotein

Body mass index

Support vector machine

Monocyte Chemoattractant Protein
K-nearest neighbors

Application Programming Interface
Electronic Health Record
Computed Tomography

Principal Component Analysis
t-distributed Stochastic Neighbor Embedding
Radial Basis Function

Magnetic Resonance Imaging

University of California Irvine
Comma Separated Values



Figure 5.1
Figure 5.2
Figure 5.3
Figure 5.4
Figure 5.5
Figure 5.6
Figure 5.7
Figure 5.8
Figure 5.9
Figure 5.10
Figure 5.11
Figure 5.12
Figure 5.13
Figure 5.14
Figure 5.15
Figure 5.16
Figure 5.17
Figure 5.18
Figure 5.19
Figure 5.20

Figure5.21
Figure 5.22

LIST OF FIGURES

Diabetes Parameters.

Logistic Regression Accuracy.
Support Vector Machine Accuracy.
Decision Tree Accuracy.

Heart Disease Parameters.
Logistic Regression Accuracy.
Support Vector Machine Accuracy.
Decision Tree Accuracy.

Breast cancer Parameters.
Logistic Regression Accuracy.
Support Vector Machine Accuracy.
Decision Tree Accuracy.

Web Development.

Diabetes Code

Heart Disease Code

Breast Cancer Code

Web Page of Diabetes

Result Page of Diabetes

Web Page of Heart Disease.
Result Page of Heart Disease.

Web Page of Breast Cancer
Result Page of Breast Cancer.



CHAPTER 1

INTRODUCTION

An accurate and effective prognosis of the disease is important for early diagnosis and
effective treatment. Machine learning (ML) technology has become a powerful tool for
disease prediction in healthcare. It uses data to identify patterns and make highly
accurate predictions. In this context, the use of machine learning models to predict
various diseases such as diabetes, heart disease and breast cancer is an important

area of research and application.

Machine learning models for multi-disease prediction combine different features for
each disease using information from different sources such as medical data, genetic
data, lifestyle factors and diagnostic tests. These models are trained on datasets
labeled with known diseases, allowing them to learn complex patterns and

relationships to make accurate predictions based on new data.

Application of ML-based disease prediction models in healthcare can help doctors in
early diagnosis and risk management identification assessment and personal
treatment planning. By leveraging data and ML algorithms, we can improve health
outcomes, reduce costs, and improve patient care in the field of disease prediction.
(Patel et at.,2019)

1.1 DIABETES PREDICTION:

Diabetes is a chronic metabolic disorder characterized by long-term high blood sugar
levels. ML models used to predict diabetes often use features such as sex, age, urea,
creatinine, hemoglobin, cholesterol, triglycerides, HDL, LDL, VLDL, BMI. Algorithms
such as logistic regression, decision trees and support vector machines (SVM) are

commonly used in diabetes prediction tasks. (Rahman et at.,2021)



1.2 HEART DISEASE PREDICTION:

Heart disease includes a number of conditions that predispose to heart attack and
heart failure. ML models to predict heart disease use features such as age, anemic
creatine phosphokinase, diabetes, ejection fraction, high blood pressure, platelets,
serum creatinine, serum sodium, sex, smoking, time. Algorithms such as logistic
regression, support vector machines (SVM), and decision tree models are used to

predict the risk of heart disease. (Zupan,2019)

1.3 BREAST CANCER PREDICTION:

Breast cancer is one of the most common cancers in women worldwide. ML models
for breast cancer prediction often use features such as age, BMI, glucose, insulin,
home, leptin, adiponectin, resistin, MCP. Algorithms such as support vector machines
(SVM), logistic regression and decision trees are used to predict the probability of
breast cancer. (Barros et at.,2019)

1.4 MACHINE LEARNING:

Machine Learning (ML) is revolutionizing industries by automating processes,
extracting insights from massive data sets and enabling predictive analytics. One of
ML's main strengths is its ability to handle complex data patterns and relationships
that traditional programming methods can struggle with. Supervised learning
algorithms such as regression and classification are widely used for tasks such as
predicting sales trends, detecting spam or diagnosing diseases from patient data.
Unsupervised learning techniques such as clustering and dimensionality reduction
reveal hidden patterns and structures in data, aiding in customer segmentation, outlier

detection and data visualization.

Ensemble learning methods such as random forests and gradient boosting combine
multiple models to improve accuracy and generalization. These techniques are
particularly effective in scenarios where a single model may not capture all the
nuances of the data. In addition, deep learning, a subset of ML, emerged due to its

ability to process large amounts of unstructured data such as images, text and audio



Multilayer neural networks learn hierarchical representations that provide superior
performance in tasks such as image recognition, natural language processing, and

speech synthesis.

ML models are constantly evolving with the availability of algorithms, computing
power, and data. Integrating ML into sectors including healthcare, finance, retail and
manufacturing drives innovation and improves decision-making processes. However,
challenges such as model interpretability, ethical considerations, and misdirection are

still areas of active research and development in machine learning. (Kim et at.,2019)

1.4.1 SUPERVISED LEARNING:

Supervised learning involves training ML models on labeled data, where each input
example is associated with a corresponding output label. The goal is to learn a
mapping function that can accurately predict the output headings from new, unseen
input data. Supervised learning tasks can be classified into regression and

classification:

Regressive: In regression tasks, the model predicts a continuous outcome variable.
For example, predicting housing prices based on features such as square footage,

location and number of rooms.

Classification: In classification tasks, the model predicts a distinct class identifier or
category. For example, classifying emails as spam or non-spam based on their content

and characteristics.

Supervised learning algorithms include linear regression, logistic regression, decision
trees, support vector machines (SVM), k-nearest neighbors (KNN) and neural
networks.These algorithms learn from recognized examples during training and make

predictions based on the learned patterns. (Islam et at.,2019)



1.4.2 UNSUPERVISED LEARNING:

Unsupervised learning deals with anonymized data with the goal of discovering
patterns, structures or relationships hidden in the data without explicit guidance or

supervision. Unsupervised learning tasks include:

Clustering: grouping similar data points based on their characteristics. Examples

include k-means clustering, hierarchical clustering, and DBSCAN.

Dimensionality reduction: reducing the number of features or data while preserving
relevant information. Dimensionality reduction uses techniques such as Principal
Component Analysis (PCA) and t-Distribution Stochastic Neighboring (t-SNE).

Association Rule Learning: Identification of interesting associations or relationships
between variables in data. Apriori and FP growth are common algorithms for learning

association rules.

Unsupervised learning algorithms do not rely on labeled data for training. Instead, they
discover patterns based on the internal structure of the data, enabling customer
segmentation, outlier detection, and data compression.

Both supervised and unsupervised learning play an important role in machine learning
applications. While supervised learning is suitable for tasks with labeled data and clear
output goals, unsupervised learning is valuable for exploratory analysis, pattern
discovery, and understanding the underlying structure of predefined unlabeled
datasets. (White,2019)

1.5 ALGORITHM:

1.5.1 LOGISTIC REGRESSION:

Logistic regression is a versatile and widely used statistical method in machine

learning for binary classification tasks. This is especially good for scenarios where the

outcome variable is binary, such as predicting whether or not we have spam,



classifying whether a transaction is fraudulent or legitimate, or diagnosing whether a
patient has a particular disease. The main advantage of logistic regression is its ability
to model the probability of an event based on input characteristics, which makes it
interpretable and intuitive to understand.

Training a logistic regression model uses a technique called maximum likelihood
estimation, where the goal is to find a set of coefficients that maximize the observation
of the given data probability. During training, the model learns the relationship between
the input features and the probability of the target class, adjusting the coefficients to
minimize the logistic loss function. Regularization techniques can be applied to logistic
regression to avoid overfitting and improve generalization to unseen data. In general,
the simplicity, interpretability and efficiency of logistic regression make it a valuable
tool for solving binary classification problems in various fields. (Johnson et at.,2019)

1.5.2 DECISION TREE:

Decision trees are versatile and intuitive machine learning algorithms used in both
classification and regression tasks. They operate recursively partitioning regions of the
feature space based on input feature values, creating a tree-like structure of decision
nodes and leaf nodes. Each decision node represents an attribute and assignment

criterion, while each leaf node represents a predicted result or value.

One of the main advantages of decision trees is their interpretability. The decision
rules learned by the tree can be easily visualized and understood, making them
valuable for explaining model predictions to stakeholders and domain experts.
Decision trees are also robust to outliers and missing values in the data because they

can efficiently handle categorical and numerical features.

However, decision trees are prone to overfitting, especially when the tree is deep and
complex. Techniques such as pruning, limiting tree depth, and using combined
methods such as random forests can help reduce overfitting and improve
generalizability. Decision trees find applications in a variety of fields, including

healthcare for disease diagnosis based on patient characteristics, financing credit risk



assessment and customer segmentation for marketing, making them a widely used

and powerful machine learning algorithm. (Montan et at.,1992;Kim et at.,2020)

1.5.3 SUPPORT VECTOR MACHINES:

Support Vector Machines (SVM) are powerful supervised learning algorithms used for
both classification and regression tasks. They are particularly effective in solving
binary classification problems by finding the optimal hyperplane that separates data
points of different classes by the largest margin. SVMs perform well in high-
dimensional spaces and are resistant to overfitting, making them suitable for complex

datasets with many features.

The central idea of SVMs is to map the input data to a higher dimensional space using
a kernel. function where the data points become linearly separable. The optimal
hyperplane is then determined by maximizing the margin, which is the distance
between the hyperplane and the closest data points (support vectors) for each class.
SVMs can handle linear and nonlinear decision constraints using different kernel
functions such as linear, polynomial, radial basis function (RBF), and sigmoid. (Guptan
et at.,2020)

1.6 APPLICATIONS OF MACHINE LEARNING:

Machine learning has significantly contributed to the prediction of diseases in various
health fields. Some of the main applications of machine learning in disease prediction

are.

1.6.1 Diabetes prediction:

Machine learning models are used to predict diabetes risk based on factors such as
glucose levels, insulin resistance, BMI, family history and lifestyle. factors. These
models help identify at-risk people early, enabling preventive interventions and

personalized treatment plans.



1.6.2 Cardiac risk assessment:

Machine learning algorithms analyze medical data such as blood pressure, cholesterol
levels, EKG values and lifestyle habits. to assess a person's risk of developing heart
disease. These models can identify patterns and risk factors that may not be apparent
with traditional risk assessment methods, resulting in more accurate predictions and

more targeted prevention strategies.

1.6.3 Cancer detection and diagnosis:

Machine learning plays a critical role in cancer detection and diagnosis. . analysis of
image data (eg, mammograms, MRI scans, CT scans) and biomarkers to detect
suspicious lesions or tumors. ML models can assist radiologists and oncologists in the
early detection, staging and treatment planning of various cancers, including breast,
lung and prostate cancer.

1.6.4 Alzheimer's disease prediction:

Machine learning methods analyze neuroimaging data and genetic markers. ,
cognitive assessments, and patient history to predict risk of Alzheimer's disease and
other neurodegenerative diseases. These models help with early detection, monitor

disease progression, and create personalized treatment plans for patients.

1.6.5 Predicting infectious outbreaks:

Machine learning algorithms analyze epidemiological data, environmental factors,
population demographics, and social media trends to predict and trace infectious.
disease outbreaks. disease outbreaks. epidemics such as influenza, Zika virus and
COVID-19. These models enable public health officials to take timely action, allocate

resources efficiently, and contain the spread of infectious diseases.



1.6.6 Drug response prediction:

Machine learning is used to predict individual patient responses to drugs based on
genetic profiles, clinical data, and drug interactions. These predictive models help
healthcare providers choose the most effective and personalized treatment options,

minimize side effects and improve patient outcomes.

Overall, machine learning in disease prediction provides healthcare professionals with
advanced analytics and predictive information that leads to early detection. , targeted
interventions, personalized treatment plans, and improved patient outcomes for a

variety of diseases and conditions. (Pangty et at.,2019)

1.7 WEB APPLICATION LIBRARY:

1.7.1 STREAMLIT: (Streamlit pypi)

Streamlit is a Python library designed for fast and efficient development of interactive
web applications, especially in the field of information technology and machine
learning. Its intuitive API allows developers to create dynamic user interfaces using
Python scripts without requiring extensive knowledge of web development languages
or frameworks. Streamlit allows developers to easily integrate interactive widgets such
as sliders, drop-down menus and buttons to allow the user to enter and edit data

visualizations and analyses.

One of Streamlit main strengths is its ability to facilitate rapid prototyping and testing.
Developers can immediately see the impact of code changes in real time, simplifying
application design and operations. In addition, Streamlit offers seamless deployment
options that allow applications to be deployed on-premises, to cloud platforms such as
Heroku or AWS, or to Streamlit Sharing to facilitate sharing and collaboration. This
combination of simplicity, interactivity and deployment flexibility makes Streamlit a
popular choice among data scientists and developers to create immersive and
interactive web applications for exploring data, analyzing data and implementing

machine learning models.



1.7.2 STREAMLIT OPTION MENU:

Streamlit settings menu provides a convenient way to create drop-down menus where
users can select one option from a predefined list. This widget is particularly useful in
interactive applications where users must choose from a range of options, such as
selecting a specific model or dataset for analysis. The syntax for creating an option
menu is simple, requiring only a list of options and a dropdown menu tag. Users can
easily browse options and make selections, which can later be used as input to create
dynamic content, perform calculations, or display relevant information based on the

selected option.

In addition, Streamlit options menu supports a variety of data. list types of options,
including strings, integers, floats, and even complex objects. This flexibility allows
developers to create versatile drop-down menus to suit different use cases and
scenarios. In addition, developers can improve the usability of option menus by
dynamically populating the list of options based on user input or external data sources,
enabling a more interactive and personalized experience for users interacting with

Streamlit applications.

1.7.3 PICKLE:(Pickle pypi)

Pickle is a Python module that allows you to serialize and deserialize Python objects.
Serialization refers to the process of converting objects into a format that can be easily
stored or transmitted, such as a binary file or byte stream. Deserialization, on the other
hand, deals with reconstructing objects from their serialized form. Pickle is commonly
used to store and load machine learning models, data structures, and other complex

Python objects, making it a valuable tool for storing and communicating data.

One of the main advantages of using Pickle is its simplicity and ease of use. With just
a few lines of code, developers can serialize Python objects and save them to a file or
database. Similarly, deleting a set of objects from Pickle files is easy, allowing quick
and efficient retrieval of stored objects. Pickle is also compatible with many Python
objects, including custom classes and nested data structures, making it versatile for

the various serialization needs of Python applications. However, it is important to note



that Pickle files can only be safely deleted in the same Python environment with the
same libraries and versions, as changes to the environment can cause compatibility

issues.

1.8 WHY MACHINE LEARNING IS BETTER FOR DISEASE PREDICTION?

Machine learning (ML) offers several advantages that make it particularly good for
disease prediction compared to traditional statistical methods. Some of the main

reasons why ML is better for disease prediction are:

1.8.1 Complex pattern recognition:

ML algorithms can analyze massive amounts of data and identify complex patterns
and relationships that may not be obvious to human experts or traditional statistical
methods. This ability is critical to understanding the multifaceted nature of diseases

and predicting outcomes based on different characteristics.

1.8.2 Non-linear relationships:

Many diseases have non-linear relationships between risk factors and outcomes. ML
models, especially those based on deep learning and fundamental methods such as
support vectors (SVM), can effectively capture non-linear relationships, enabling more

accurate and nuanced predictions.

1.8.3 Feature selection and extraction:

ML techniques enable automatic selection of functions and extraction. to identify the
most important variables or biomarkers from large datasets. This helps focus on the

most important predictors and reduce the impact of irrelevant or redundant features

on predictive accuracy.

10



1.8.4 Processing high-dimensional data:

Advances in computing power and algorithms enable ML models to process high-
dimensional data, including genomic data, medical imaging electronic health records
(EHR), and omics data. This capability is necessary to integrate different data sources

and gain valuable insights for disease prognosis.

1.8.5 Personalized medicine:

ML models can facilitate personalized medicine by predicting individual risk profiles
and treatment responses based on patient-specific characteristics, genetic markers,
lifestyle factors, and environmental influences. This customized approach improves

the accuracy and effectiveness of disease prediction and treatment strategies.

1.8.6 Adaptability and scalability:

ML models can adapt and learn from new data over time, continuously improving their
predictive ability. In addition, ML techniques are scalable, enabling the analysis of
large-scale data sets and the implementation of predictive models in real clinical

settings.

1.8.7 Multi-Omics data integration:

ML algorithms can integrate multi-omics data, including genomics, proteomics,
metabolomics and transcriptomics data to discover biomarkers, disease pathways and
molecular signatures associated with disease risk, progression and response to

therapy.

Overall, the ability of ML models to handle complex data, capture non-linear
relationships, automate feature selection and enable personalized predictions makes
them highly effective and superior to traditional statistical methods in disease
prediction. (Tawfik et at.,2021)

10



CHAPTER 2

REVIEW OF LITERATURE

Al Rifai et al.,2021 the article provides a comprehensive overview of machine
learning techniques for predicting heart disease. It likely includes a wide range
of machine learning algorithms, data sources, and scoring methods used in
heart disease prediction.

Alizadehsani et al., 2018 presents a comparative review of different heart
disease prediction models developed using machine learning techniques. The
performance, accuracy, and applicability of different machine learning models

for predicting heart disease are likely to be compared.

Ammar et al.,2021to conduct a comparative study of machine learning
techniques to predict diabetes. The paper will likely compare the performance
and accuracy of different machine learning algorithms for predicting the onset

or progression of diabetes.

Barros et al., 2020 discusses machine learning models developed specifically
for breast prediction. cancer It is likely to involve the development, evaluation
and comparison of different machine learning models in predicting the

occurrence of breast cancer.

Chen et al.,2021 presents a machine learning-based disease prediction system
targeting diabetes, heart disease and breast cancer. The paper describes the
design, implementation and evaluation of a probabilistic prediction system and

demonstrates its utility for risk assessment and early detection in healthcare.

Gupta et al.,2020 focuses on predictive modeling for multi-disease risk
assessment using machine learning techniques. It will likely address the

10



integration of machine learning algorithms, clinical data and risk factors to

develop accurate and reliable models for risk assessment of various diseases.

Islam et al., 2021 presents a comparative study of probabilistic machine
learning algorithms for diabetes prediction. It can compare the performance of
different algorithms, such as logistic regression, decision trees, support vector
machines or neural networks, in terms of accuracy, sensitivity, specificity and
other evaluation measures to determine the most effective method for

predicting diabetes.

Islam et al.,2020 paper provides a systematic review of machine learning
techniques used to predict diabetes. The strengths and weaknesses of different
machine learning algorithms in predicting diabetes are likely to be evaluated

based on clinical and physiological data.

Johnson et al.,2019 introduces a machine learning-based disease prediction
system specifically targeting diabetes, heart disease and breast cancer. The
paper describes the development of a probabilistic prediction system, including
algorithm selection, feature design and model evaluation, demonstrating its

effectiveness in disease prediction tasks.

Khan et al.,2020 compare and analyze different machine learning techniques
to predict heart disease. The work will likely examine the effectiveness and
efficiency of different algorithms to accurately predict heart disease risk.

Kim et al.,, 2020 developed of breast cancer risk prediction models using
machine learning techniques. This may include, for example, data pre-
processing, feature selection, model training and validation to create accurate
and reliable breast cancer risk assessment tools to aid in early detection and

personalized health interventions.

10



Montan,1992 Montano's article focuses specifically on the use of decision.
induction of trees to predict heart disease. It introduces the application of
decision tree algorithms in biomedical engineering, particularly in the prediction

of heart disease.

Pangtey et al.,2019 to compare different machine learning algorithms for breast
cancer prediction. The work is likely to evaluate the performance, strengths and
weaknesses of different machine learning models in predicting the occurrence

of breast cancer.

Patel et al., 2019 provides a comprehensive overview of machine learning
methods for predicting several diseases. It is likely to cover various machine
learning algorithms, data sources and evaluation methods used in predictive
disease research, providing an overview of the latest techniques and their

applications in treatment.

Roy et al., 2021 This article, similar to the first one, provides a comprehensive
overview of machine learning methods to predict several diseases. Various
algorithms, techniques and applications of machine learning in disease
prediction will likely be discussed and the development of the field will be

reviewed.

Roy et al.,2020 provides an overview of machine learning approaches used to
predict breast cancer. It will likely summarize the various machine learning
techniques, feature selection methods, and model evaluation strategies used

in breast cancer prognostic studies.

Sarifuddin et al., 2021 developed and evalued ensemble-based machine learning
models likely tailored specifically for heart disease prediction. It can explore

various techniques such as ensemble learning, feature engineering, and model

10



validation to improve the accuracy and reliability of heart disease prediction

systems.

Sudre et al., 2020 focuses on the use of machine learning algorithms to detect
COVID-19-related abnormalities in chest X-rays. The study will likely involve
training and validating machine learning models on a cohort of chest X-ray
images to accurately identify abnormalities associated with COVID-19,

contributing to improved diagnostic capabilities in the context of a pandemic.

Tawfik et al.2021 to the article of conducts a comparative study of machine
learning algorithms to predict heart disease. The performance, accuracy and
applicability of different machine learning models for predicting heart disease
are likely to be compared.

Viana et al.,2022 to compare and analyze machine learning algorithms for
breast cancer prediction. The paper will likely evaluate the performance,
strengths, and limitations of different machine learning models in predicting the

occurrence of breast cancer.

Wang et al., 2021 The article by Wang et al. focuses on predictive modeling
using machine learning techniques, particularly for diabetes, heart disease and
breast cancer. Likely details the methodology, data sources, and evaluation
metrics used to develop and validate these disease prediction models,
emphasizing their clinical applicability in healthcare settings.

Wang et al.,2018 focuses on predictive modeling using machine learning
techniques for diabetes, heart disease and breast cancer. It will likely address
the development and evaluation of machine learning models adapted to predict
these specific diseases, emphasizing the predictive power and accuracy of the

models.

10



e White.,2018 book discusses machine learning approaches dedicated to
predicting breast cancer. - risk This likely includes a range of machine learning
models, feature selection methods and scoring methods adapted to breast

cancer risk assessment.

e Yao et al., 2019 presents a systematic review of machine learning techniques
used to predict breast cancer risk. Probably evaluates different machine
learning algorithms and their effectiveness in predicting breast cancer risk

based on different data sources and functions.

e Zou et al.,2019 presents a deep learning-based method for breast cancer
prediction. This paper is likely to present a new approach that uses deep
learning techniques to improve the accuracy and reliability of breast cancer

prediction models.

11



CHAPTER 2

AIM AND OBJECTIVE

2.2 AIM:

The aim of this project is to develop a machine learning based system to predict
several diseases such as diabetes, heart disease and breast cancer using algorithms

such as logistic regression, decision tree and support vector machine (SVM).

2.30BJECTIVES:

e To retrieve disease datasets from the UCI ML database and import the
relevant information of Heart disease, Diabetes, Breast Cancer.

e To preprocess the data and identify the parameters such as,

Heart disease: Age, Anaemia, Creatinine phosphokinase, Diabetes, Ejection
fraction, High blood pressure, Platelets, Serum creatinine, Serum sodium, Sex,
Smoking, Time.

Diabetes: Gender, Age, Urea, Creatinine, Cholesterol, Triglycerides, High-
density lipoprotein, Low-density lipoprotein, Very low-density lipoprotein, Body

Mass Index.

Breast cancer. Age, Body Mass Index, Glucose, Insulin, HOMA, Leptin,
Adiponectin, Resistin, MCP.

e To predict disease using machine learning algorithms like

» Logistic Regression,

» Support vector machine (SVM),
» Decision tree.

12
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CHAPTER 4

METHODOLOGY

4.1 DATA COLLECTION:

When collecting data from the UCI Machine Learning Repository or similar databases
for disease prediction tasks related to diabetes, heart disease and breast cancer, it is
important to follow a systematic approach to ensure data quality and relevance. Here
is a section that describes the data collection process for each disease.

4.1.1 DIABETES:

For diabetes prediction, the data collection process involves using datasets from
sources such as the UCI Machine Learning Repository Diabetes Database. This
dataset typically includes characteristics such as glucose, insulin levels, BMI, age,
family history and lifestyle factors. To train a strong machine learning model, it is very
important to ensure the integrity, completeness and relevance of the data for the
prediction task and to ensure that it is representative of different diabetics and non-

diabetics.

4.1.2 HEART DISEASE:

For heart disease prediction, datasets from archives like for example the UCI Heart
Disease Database provides valuable information such as blood pressure, cholesterol
levels, ECG values, age, smoking and anamnesis. Data collection should focus on a
comprehensive feature set that captures various risk factors and heart health
indicators to develop an effective heart disease prediction model.

4.1.3 BREAST CANCER:

For breast cancer prediction, datasets such as the UCI Wisconsin Breast Cancer

Datasets or similar repositories contain features. such as mammographic findings,

15



age, family history, hormonal factors and tumor characteristics. Collecting data from
reliable sources with detailed annotations and quality assurance measures ensures
that the dataset is suitable for training machine learning models to accurately predict

breast cancer risk and outcomes.

In all cases, researchers and practitioners must follow privacy and ethical guidelines.
obtain necessary permissions to use the data, and consider factors such as data
imbalances, missing values, and data anomalies during data collection. Performing
thorough exploratory analysis and validation steps can further improve the quality and

applicability of the collected datasets for disease prediction.

4.2 LOAD THE DATASETS:

It is important to use reliable sources such as the UCI Machine Learning Repository
or other reputable databases when downloading disease prediction databases related
to diabetes, heart disease, and breast cancer. Here is a section that describes the

process of downloading datasets for each disease.

4.2.1 DIABETES:

To predict diabetes, researchers can download diabetes data from the UCI Machine
Learning Repository using Python libraries like pandas. Data typically includes
characteristics such as glucose, insulin levels, BMI, age, family history and lifestyle
factors. Once the dataset is loaded in CSV format, the pandas library can be used to
read the CSV file and load the data into a DataFrame, allowing for easy processing

and preprocessing of the data before training machine learning models.

4.2.2 HEART DISEASE:

For prediction of heart disease datasets such as UCI's heart disease datasets or
related repositories can be loaded using pandas or other Python data loading libraries.
This data set includes characteristics such as blood pressure, cholesterol levels, EKG

readings, age, smoking status and medical history. By reading the dataset into a
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DataFrame, researchers can perform data exploration, cleaning, and feature design

to prepare the data for model training and evaluation.

4.2.3 BREAST CANCER:

For breast cancer prognosis, the UCI Wisconsin Breast Cancer datasets provide
valuable data to load into Python. environments Using pandas or similar data loading
tools, researchers can import a dataset that includes features such as mammography
findings, age, family history, hormonal factors, and tumor characteristics. Loading data
into a DataFrame allows researchers to preprocess data, handle missing values, and
code categorical variables before training machine learning models to predict breast

cancer.

In all cases, loading data into a DataFrame allows for efficient operation using Python
libraries. data processing, research and preparation of machine learning tasks.
Researchers should ensure data integrity, verify feature significance and follow best
practices in data processing to maximize the predictive performance of machine

learning models in disease prediction.

4.3 DATA PREPARATION:

Data preparation is a critical step in building machine learning models to predict
diseases related to diabetes, heart disease and breast cancer. This section describes
the data preparation process for each disease.

4.3.1 DIABETES:

To predict diabetes, data preparation involves processing features from the diabetes
dataset, which typically include glucose, insulin levels, BMI, age, family history, and
lifestyle factors. This process involves handling missing values using imputation
methods such as mean, median or mode imputation based on characteristic
distributions. In addition, outliers can be identified and addressed using methods such
as Z-score or interquartile range (IQR) to ensure data integrity and model reliability.

Categorical variables such as family history or smoking status may require coding
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using techniques such as single-ray coding to be compatible with machine learning

algorithms.

4.3.2 HEART DISEASE:

For heart disease prediction, data preparation is based on characteristics such as
blood pressure, cholesterol levels, EKG readings, and age. , smoking status, and
medical history from the heart disease dataset. As with the diabetes data, missing
values are handled by imputation and outliers by appropriate statistical methods.
Feature engineering can involve creating new features or transformations to capture
interactions between variables and improve model performance. Categorical variables
such as smoking status or medical history are coded for model fit and predictive

accuracy.

4.3.3 BREAST CANCER:

For breast cancer prognosis, data preparation focuses on data such as mammography
findings, age, family history, hormonal factors, and tumor characteristics of a dataset.
such as the Wisconsin Breast Cancer Database.Data is cleaned by dealing with
missing values and outliers, and feature engineering may involve creating derived
functions or scaling numerical variables for consistency. Categorical variables such as
tumor type or hormone receptor status are coded to ensure that they contribute
significantly to predictive models.

In general, data preparation for diabetes, heart disease, and breast cancer prediction
tasks involves dealing with data quality issues and missing values. and outliers, coding
categorical variables, and dataset preparation for machine learning models. A
thorough data preparation process improves the predictive power and generalizability
of machine learning models, leading to more accurate and reliable disease prediction

results.
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4.4 SPLIT THE DATA:

Dividing the data into training and test sets is a crucial step in developing a machine
learning model to predict diseases related to diabetes, heart disease and breast
cancer. Here is a section that describes the data splitting process for each disease.

4.4.1 DIABETES:

To predict diabetes, the diabetes dataset is split into training and test sets using
techniques such as train_test_split from the sklearn.model_selection Python module.
Typically, about 80% of the data is allocated to the training, while the remaining 20%
is used to test the performance of the model. This split ensures that the model is
trained on a large enough dataset to learn patterns and relationships, but allows
independent evaluation of unseen data to assess the accuracy and generalizability of

its predictions.

4.4.2 HEART DISEASE:

Similar to heart disease prediction, the heart disease dataset. is divided into training
and test set using train_test _split or other data splitting methods. The training set
contains the majority of the data (e.g. 80%) used to train machine learning models
(e.g. decision trees, support vector machines or logistic regression models). A test set
(eg 20%) is kept separate and used to evaluate the performance of trained models in

accurately predicting heart disease outcomes.

4.4.3 BREAST CANCER:

For breast cancer prediction, datasets such as the Wisconsin Breast Cancer dataset
are shared. to training and test series following the same principles. The training set
is used to train machine learning models using features such as mammography
findings, age, family history, hormonal factors and tumor characteristics. The test set
is then used to evaluate the performance of the trained models in predicting breast

cancer outcomes (such as malignancy or tumor type) based on unseen patient data.
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By splitting the data into training and test sets, machine learning practitioners can.
effectively develop and evaluate predictive models, ensuring that the models
generalize well to new data and perform accurately in real cases. In disease prediction

scenarios.

4.5 INITIALIZE AND TRAIN:

Running and training machine learning models is an integral part of disease prediction
tasks for diabetes, heart disease and breast cancer. This chapter presents the initial

and training models for each disease.

4.5.1 DIABETES:

To predict diabetes, machine learning models such as logistic regression, decision
trees or support vector machines (SVM) are initialized using libraries such as Python's
scikit-learn. These models are trained on a diabetes dataset that includes features
such as glucose, insulin levels, BMI, age, family history and lifestyle factors. During
training, the models learn patterns and relationships in the data to make predictions
about the probability of diabetes based on the inputs. Training involves optimizing
model parameters using algorithms such as gradient descent or kernel methods to

minimize prediction errors and improve model accuracy.

4.5.2 HEART DISEASE:

Similarly, machine learning models such as decision trees, random forests or
ensemble methods are used to predict heart disease. initialized and trained using the
heart disease datasets. Features such as blood pressure, cholesterol levels, EKG
readings, age, smoking status and medical history are used to train models to
accurately predict the presence or absence of heart disease. Model training involves
fitting data to models, fitting hyperparameters, and evaluating performance metrics
such as precision, accuracy, recall, and F1 scores to assess model performance and
reliability.
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4.5.3 BREAST CANCER:

Machine learning models such as logistic regression for breast cancer prediction. ,
support vector machines (SVMs) or neural networks are initialized and trained using
the Wisconsin breast cancer dataset. Features such as mammographic findings, age,
family history, hormonal factors and tumor characteristics are used to train models to
predict breast cancer outcomes, such as malignancy or tumor type. Model training
involves fine-tuning model parameters, handling class imbalances, and optimizing
performance metrics to ensure accurate and reliable predictions of breast cancer

diagnosis and prognosis.

In general, initialization and training of machine learning models involves selection of
appropriate algorithms and data preprocessing and optimization. model parameters
and model performance evaluation to develop efficient and accurate disease

prediction models for diabetes, heart disease and breast cancer.

4.6 MODEL EVALUATION:

Evaluating machine learning models is critical to assessing their effectiveness and
reliability in predicting diseases such as diabetes, heart disease and breast cancer.

This chapter presents the process of evaluating models for each disease.

4.6.1 DIABETES:

Machine learning models trained to predict diabetes, such as logistic regression,
decision trees or support vector machines (SVMs), are evaluated using metrics such
as accuracy, precision and recall. and F1 points. These metrics measure the model's
ability to correctly predict diabetic and nondiabetic cases based on input
characteristics such as glucose levels, insulin levels, BMI, age, family history, and
lifestyle factors. The evaluation process involves comparing model predictions with
actual results from a test data set to determine the overall performance and prediction
accuracy of the model. In addition, techniques such as cross-validation can be used
to confirm the robustness and generalizability of the model across different patient

populations.

24



4.6.2 HEART DISEASE:

Similarly, machine learning models such as decision trees, random forests or
ensemble methods can be used to predict. heart disease evaluated by performance.
metrics such as accuracy, sensitivity, specificity, and area under the receiver operating
characteristic (ROC) curve (AUC). These metrics evaluate the model's ability to
correctly identify patients with heart disease based on characteristics such as blood
pressure, cholesterol levels, EKG values, age, smoking status, and medical history.
Model evaluation includes analysis of classification reports, confusion matrices and
ROC curves to understand the strengths and weaknesses of the model and

discriminatory power to distinguish between affected and affected individuals.

4.6.3 BREAST CANCER:

Machine learning models such as logistic regression, support vector for breast cancer
prediction. machines (SVMs) or neural networks are evaluated using metrics such as
accuracy, precision, recall, and F1 score, along with characteristics such as
mammographic findings, age, family history, hormonal factors, and tumor
characteristics. The evaluation process involves the analysis of classification reports,
confusion matrices, and ROC curves to analyze the effectiveness of the model in
predicting breast cancer outcomes such as malignancy or tumor type. In addition,
techniques such as sensitivity analysis or feature importance analysis can provide

insight into the model's predictive power and feature contribution.

In Summary Evaluating machine learning models to predict diabetes, heart disease,
and breast cancer uses various performance metrics and analysis techniques to
assess predictive accuracy, reliability, and generalizability. The evaluation results
inform health professionals and researchers about the effectiveness of the model in

predicting diseases and guide decisions to refine and improve the model.

4.7 PREDICTION:

Printing a classification report is a critical step in evaluating machine learning models

for disease prediction tasks, including diabetes, heart disease, and breast cancer.
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Here is a section that describes the process of printing each disease classification

report.

4.7.1 DIABETES:

To predict diabetes, after training a machine learning model (such as logistic
regression, decision trees, or support vector machines (SVM)) on the diabetes
dataset, the model is evaluated against a test set. The classification report is
generated by the classification_report function of the sklearn.metrics Python module.
This report provides comprehensive metrics such as precision, recall, F1 score and
support for both diabetic and non-diabetic classes. The classification report helps to
understand the performance of the model in correctly classifying diabetic and non-
diabetic cases, highlighting areas for improvement and possible model biases.

4.7.2 HEART DISEASE:

Similarly for predicting heart disease, machine learning models such as decision trees,
random forests or ensemble. methods are evaluated using the test suite's
classification_report function. The report includes measures such as precision,
accuracy, recall and F1 score to accurately predict heart disease. This provides insight
into the model's ability to distinguish between people with and without heart disease.
This helps healthcare professionals evaluate the predictive power and reliability of the

model.

4.7.3 BREAST CANCER:

For breast cancer prediction, machine learning models such as logistic regression,
support vector machines (SVM) or neural networks are evaluated using the
classification report of the test set, which includes features such as mammographic
findings, age, family history, hormonal factors and tumor characteristics. The report
presents metrics such as precision, accuracy, recall and F1 score for predicting breast
cancer outcomes such as malignancy or tumor type. This helps evaluate the model's
performance in correctly classifying breast cancer cases and provides practical

insights to improve prediction accuracy and model interpretability.
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In Summary Printing the diabetes, heart disease, and breast cancer task classification
report provides detailed performance- metrics for model checking evaluation,
optimization and decision making in healthcare facilities. Report metrics facilitate
assessment of model strengths, weaknesses, and overall predictive accuracy, leading
to informed decisions in disease diagnosis, risk assessment, and patient care.

4.8 CREATE OF WEB PAGE:

4.8.1 LOADING MACHINE LEARNING MODELS:

You download the machine learning models (diabetes model, breast cancer
model and heart disease model) using the pickle library. These models have
been trained to predict diabetes, breast cancer and heart disease.

4.8.1.1 IMPORT PICKLE LIBRARY:

Start by importing the pickle library into your Python script. This library allows Python
objects to be serialized and deserialized, making it suitable for storing and loading
trained machine learning models.

4.8.1.2 LOAD THE MODELS:

Use the ‘pickle.load’ function to load each machine learning model from a saved file.

Make sure you enter the correct file paths where your trained models will be stored.

Load the diabetes prediction model from its save file.

Load the breast cancer prediction model from its save file.

Load the heart disease prediction model from its save file.
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4.8.1.3 USE THE LOADED MODELS:

Once the models are loaded successfully, you can use them to make predictions
based on the input data. This can be done in your Streamlit application or in any other
Python script where you want to use these models for prediction tasks.

4.8.2 SIDEBAR OPTION MENU:

You can create a sidebar option menu in Streamlit using the st.sidebar context
manager with the option_menu function from the streamlit_option_menu library. This

approach allows you to offer users a choice of forecast types in the sidebar section of

your app.

4.8.2.1 CREATE THE SIDEBAR OPTION MENU:

In the ‘st.sidebar’ context manager, use the ‘option_menu’ function to define a menu
of options. This function takes arguments such as a menu title, a list of options,
optional icons for each option, and a default directory.

4.8.2.2 HANDLE SELECTED OPTION:

After creating the settings side menu, you can use the selected option to determine
which forecast type is selected. Based on the selected option, you can display the

corresponding input fields and perform prediction logic for that type.

When the user selects "Diabetes Prediction”, you can display the diabetes prediction

and diabetes-related input fields. perform diabetes prediction logic.

If "Breast Cancer Prediction" is selected, the input fields related to breast cancer

prediction will be displayed and the corresponding prediction logic will be performed.

Similarly, "Heart Disease Prediction” will display the corresponding input fields and

perform the heart disease prediction logic.
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Be sure to replace the placeholder logic with the real one with input fields and

prediction logic according to your application requirements.

Finally run the Streamlit application (streamlit run your_script.py) observe the side
menu function in action, allowing users to smoothly select the type of prediction they

want.\de.

4.8.3 USER INPUT AND PREDICTION:

4.8.3.1 DIABETES PREDICTION:

To predict diabetes, user data such as gender, age, urea, creatinine, HbAlc,
cholesterol, triglycerides, HDL, LDL, VLDL and BMI must first be collected. These
inputs are crucial because they provide the machine learning model with the
information it needs to make predictions. It is important to ensure that the user provides
valid numerical values for these inputs to avoid possible errors during the prediction

process.

Once the user inputs are collected, the next step is to validate the input data and
convert it into a table of numbers. This validation step is critical to maintain data
integrity and ensure that the input data is in the required format for the machine
learning model. Incorrect or missing values must be handled appropriately, such as

displaying an error message to prompt the user to enter valid numerical values.

After validating and transforming the input data, a diabetes prediction model
(diabetes_model) is used to predict whether a person has diabetes or not. The model
uses input characteristics such as gender, age, urea, creatinine, HbAlc, cholesterol,
triglycerides, HDL, LDL, VLDL and BMI to make predictions based on its trained
algorithm. The prediction result is binary, where the model predicts either "the person

is diabetic" or "the person is not diabetic" based on the input data.

Finally, the diabetes prediction process involves collecting, validating and transforming

user inputs. them using the diabetes_model to predict and display the result of the
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prediction to show whether the person is diabetic or not. This structured approach
ensures accuracy and reliability in predicting diabetes status based on the input data

provided.

4.8.3.2 HEART DISEASE PREDICTION:

To predict heart disease, the first step involves collecting user data such as age,
anemia, creatinine phosphokinase, diabetes, ejection fraction, high blood pressure,
platelet count, serum creatinine, serum sodium, gender, smoking and time. These
contributions are critical because they include a variety of physiological and health-
related factors that contribute to assessing heart disease risk. To ensure the accuracy
of the forecasting process, it is very important to collect accurate and complete

numeric values for these inputs.

After collecting the user's inputs, the next step is to validate the input data and convert
it to numeric. a table Validation is required to ensure that the entered data is in the
correct format and follows the expected data types required by the heart disease
prediction model (heart_disease_model). Any inconsistencies or incorrect entries
should be corrected to avoid possible errors in the prediction phase.

Once the input data is validated and converted to a numeric matrix, the
heart_disease_model is used to predict whether or not a person has heart disease.
Using input characteristics such as age, anemia, creatine phosphokinase, diabetes,
ejection fraction, hypertension, platelets, serum creatinine, serum sodium, sex,
smoking and time, the model uses its trained algorithm to make predictions about the
human heart. a medical condition. The prediction result is binary, and the model
reports either "the person has heart disease" or "the person does not have heart

disease" based on the input data provided.

In summary, the process of predicting heart disease involves gathering a user input,
validating and converting them into an appropriate format, using a heart disease model
for prediction, and presenting the prediction result to indicate whether or not a person

is likely to have heart disease. This structured approach ensures accuracy and
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reliability in predicting heart disease risk based on comprehensive input parameters
provided by the user.

4.8.3.3 BREAST CANCER PREDICTION:

The first step in breast cancer prognosis involves collecting user data such as age,
BMI, glucose, insulin, HOMA, leptin, adiponectin, resistin and MCP1. These variables
play a crucial role in predicting breast cancer risk because they represent important
biological and physiological factors. To facilitate accurate forecasting, it is essential to

ensure that users provide accurate and valid numerical values for these inputs.

After collecting user inputs, the next step is to validate and convert the input data into
a spreadsheet. This validation process is necessary to maintain data integrity and
ensure that the input data conforms to the expected format of the breast cancer
prediction model (breast_cancer_model). Any inconsistencies or incorrect values must

be corrected to avoid false predictions.

After the input data is validated and transformed into a numerical matrix, the breast
cancer model is used to predict whether a person will have breast cancer or not. Using
input features such as age, BMI, glucose, insulin, HOMA, leptin, adiponectin, resistin
and MCP1, the model uses its trained algorithm to predict an individual's breast cancer
status. The prediction result is binary and the model predicts either "the person has
breast cancer” or "the person does not have breast cancer" based on the given input
data.

Summary the process of predicting breast cancer involves collecting user inputs. ,
validating and converting them into an appropriate format, using a breast cancer model
for prediction, and reporting the prediction result to determine whether a person is
likely to have breast cancer or not. This systematic approach ensures accuracy and

reliability in predicting breast cancer risk based on user-supplied input parameters.
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4.8.4 DISPLAY PREDICTION RESULTS:

After machine learning models make predictions about diabetes, breast cancer and
heart disease, the next important step is to display those results clearly and
comprehensibly to the user in the Streamlit app. Streamlit provides convenient
functions such as st.success and st.error to visually display prediction results based

on model predictions.

The St.success function is used to display successful results or positive predictions.
For example, if a model predicts that a person will have diabetes, breast cancer, or
heart disease, the st.success function can be used to display that result. This feature
usually highlights successful predictions in a visually appealing and affirming way,

reinforcing positive results for the user.

On the other hand, the failure feature displays failed results or negative predictions. If
the model predicts that a person does not have diabetes, breast cancer, or heart
disease, st.error can be used to return that result. This feature is intended to visually
distinguish negative predictions or errors and clarify the prediction results.

In Streamlit, these features are integrated into the corresponding prediction sections
for diabetes, breast cancer and heart disease. Depending on the prediction result
obtained by the corresponding machine learning model, either st.success or st.error
is called to display the corresponding message. This approach improves the user

experience by presenting prediction results in a simple and easy-to-understand format.

In addition, it helps users use distinct visual cues, such as green for successful
predictions and red for failed predictions (or errors). quickly interpret the prediction.
results without ambiguity. This visual feedback mechanism increases the overall
usability and efficiency of the Streamlit application by ensuring that users can easily

understand and interpret predictions from machine learning models.

This method describes how users can interact with your Streamlit app to make

predictions about various diseases using machine learning models.
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4.8.4.1 DIABETES PREDICTION:

After making a prediction with the diabetes_model, you can use conditional statements
to determine the result of the prediction. If the model predicts that a person has
diabetes, you can use the ‘st.success’ function to display a success message, such
as "The person is diabetic.” On the other hand, if the prediction is negative (that is, the
person is not predicted to have diabetes), you can use the ‘st.error command to
display an error message such as "The person is not diabetic.” This approach ensures

that users get a direct and understandable forecast result.

4.8.4.2 HEART DISEASE PREDICTION:

Heart disease prediction, if the heart_disease_model predicts whether a person has
heart disease or not, you can use the ‘st.success’ function to display "The person has
heart disease" if the prediction is positive. If the prediction is negative (ie. the person
is not predicted to have heart disease), you can use ‘st.error’ to show "the person does
not have heart disease". This method ensures that users receive immediate feedback

about their heart disease risk based on input data.

4.8.4.3 BREAST CANCER:

You can apply the same approach to predicting breast cancer after the breast cancer
model has made a prediction. If the model predicts that a person has breast cancer,
you can use the ‘st.success’ function to display "the person has breast cancer".
Conversely, if the prediction indicates that the person does not have breast cancer,
you can use ‘st.error’ to indicate "the person does not have breast cancer". This clear
and concise presentation of forecast results improves user understanding and

engagement with your Streamlit application.

By properly incorporating ‘st.success’ and ‘st.error’ functions based on diabetes, heart
disease, and breast cancer prediction results, you can provide a smooth and
informative user experience. This visual representation of predictive results adds value
to your application by facilitating quick interpretation and decision making for users

concerned about these health conditions.
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CHAPTER 5

RESULT AND DISCUSSION

5.1 RESULTS:

Disease Prediction Using Machine Learning (ML) Algorithms Disease prediction using
machine learning algorithms provides valuable insights into the prediction of several
diseases such as Diabetes, Heart disease, and Breast Cancer. Let's explore the

results and discussion of disease predictions using machine learning.

The goal of the project is to create a machine learning based system for the prediction
of multiple diseases such as Diabetes, Heart disease, and Breast Cancer using
algorithms like Logistic regression, Decision tree, and Support vector machine. The
system will be implemented in the web page using Streamlit library. Users will be able

to enter their health parameters and get predictions about their health status.

5.2 DIABETES PREDICTION:

ML algorithms such as logistic regression, support vector machine (SVM) and decision
trees are trained using a wide range of features such as gender, age, urea, creatinine,
HbAlc, cholesterol, triglycerides, HDL, LDL, VLDL and BMI. predicts the probability of
diabetes. These algorithms analyze the relationships between these characteristics
and the target variable (diabetic status) to make accurate predictions. The results
obtained by ML models provide a clear picture of an individual's diabetes risk and
predict things like "a person is diabetic" or "a person is not diabetic". This information
is invaluable because it allows people to assess their health, take preventative steps
and make informed decisions about their diabetes risk. Prediction of diabetes based
on ML not only helps in early detection, but also facilitates preventive treatment
through lifestyle changes, medical interventions and regular monitoring, thus reducing

the risk of diabetes-related complications and improving overall health.
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In diabetes prediction, the prediction result provides valuable information about an
individual's diabetes risk. If the model predicts that a person is diabetic (ie a success
(‘'The person is diabetic)), it indicates a higher probability of developing diabetes based
on the input data, which can prompt the person for further evaluation and treatment.
On the other hand, if the prediction is negative (ie. an error (‘'The person is not
diabetic)), it indicates a lower risk of diabetes, which gives the individual confidence,
but still emphasizes the importance of maintaining a healthy lifestyle in prevention. the
disease future risks.
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Fig 5.1

5.2.1 LOGISTIC REGRESSION:

Logistic regression is a commonly used algorithm for binary classification tasks and is
particularly effective for predicting diseases with a binary outcome, such as the

presence or absence of diabetes. When predicting diabetes, logistic regression uses
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input characteristics such as gender, age, urea, creatinine, HbAlc, cholesterol,
triglycerides, HDL, LDL, VLDL, and BMI to estimate a person's probability of diabetes.

One of the following options the main advantages of logistic regression is its ability to
provide interpretable coefficients that provide insight into the effect of each input
characteristic on the prediction result. This interpretability is valuable for understanding

which factors significantly contribute to diabetes risk prediction.

Logistic regression results are easy to interpret and are usually presented as
probabilities or binary predictions. For example, a model can output probabilities that
indicate the probability of diabetes, and based on a selected threshold, it will classify

individuals as "a person is diabetic" or "a person is not diabetic".

According to the performance of the models, an accuracy score of 83.6% means that
the logistic regression model predicts diabetic status correctly in two thirds of the cases
in the dataset. Although precision is an important metric, it is very important to consider
other metrics such as precision, recall and F1 score to comprehensively evaluate
model performance, especially for unbalanced data sets or when different types of

errors have different consequences.
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Fig 5.2
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5.2.2 SUPPORT VECTOR MACHINE:

Support Vector Machine (SVM) is a robust algorithm suitable for both binary and multi-
class classification tasks and is known for its effectiveness in capturing complex
decision constraints. To predict diabetes, SVM uses a comprehensive set of features
including gender, age, urea, creatinine, HbAlc, cholesterol, triglycerides, HDL, LDL,

VLDL and BMI to estimate a person's probability of diabetes.

The SVM approach involves hyper level this best distinguishes different classes, such
as "Person is diabetic" or "Person is not diabetic", from a high-dimensional feature
space. Unlike linear models, SVM can handle non-linear relationships and capture
complex patterns in the data, making it a valuable tool for disease prediction in

complex data structures.

An accuracy score of 90% indicates that the SVM model reaches a high level.
Accuracy of prediction of diabetes status in the dataset. This high accuracy suggests
that the SVM model effectively captures the underlying patterns and relationships
between the input characteristics and the target variable, allowing it to make accurate
diabetes risk predictions. However, it is important to note that while accuracy is a
critical metric, it is also important to consider other evaluation metrics and perform

thorough validation to ensure model generalizability and reliability.
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Q Y [15] print(f'Accuracy: {accuracy}’)
print('Classification Report:')
print(report)
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Fig 5.3

5.2.3 DECISION TREE:

Decision trees are known for their intuitive nature and ease of interpretation, making
them excellent choices for explaining predictive logic to non-technical users. In
diabetes prediction, decision trees use input parameters such as gender, age, urea,
creatinine, HbAlc, cholesterol, triglycerides, HDL, LDL, VLDL and BMI to estimate an

individual's probability of diabetes.

One of the main features of decision trees is their ability to divide the feature space
into regions based on threshold values, which creates a hierarchical structure of
decision rules. This hierarchical structure allows a clear understanding of the
sequence of decisions leading to the prediction result, whether "the person is diabetic”

or "the person is not diabetic".

The accuracy score of 96% shows that the model of decision tree reaches high.
accuracy in predicting the diabetes status of the dataset. This high accuracy reflects

the model's ability to effectively capture underlying patterns and relationships between
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input characteristics and the target variable, allowing it to make accurate predictions

about diabetes risk.

In addition, the results of decision trees are usually presented in a tree like format that
not only aids interpretation, but also allows users to visualize and understand the
model's decision-making process. This transparency and interpretability is valuable for
health professionals and individuals as they understand and use the predictions of the

decision tree model for diabetes risk assessment and management.

v ‘, accuracy = accuracy_score(y_test, y_pred)
C{ N report = classification report(y test, y pred)

print("Accuracy:", accuracy)
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Fig 5.4

5.3 HEART DISEASE PREDICTION:

The heart disease prediction model is designed to consider various input
characteristics such as age, anemia, creatinine phosphokinase, diabetes, ejection
fraction, high blood pressure, platelets, serum creatinine, serum sodium, gender,
smoking and time to accurately predict. heart disease risk After processing these
features, the model generates predictive results that indicate whether a person has

heart disease or not.

39



The Streamlit application displays these predictive results using success and failure
functions, which gives people instant feedback on their cardiovascular health. Positive
predictions that indicate a person has heart disease are an important warning that
people should prioritize their cardiovascular health. It encourages them to seek
medical evaluations, adopt heart-healthy lifestyles and follow personalized treatment

plans to effectively manage and reduce their risk of heart disease.

RAM

o= *Code +Ten v ; v  @ColabAl A
¥ [3] heart_data.head()
Q
age anaemia creatinine_phosphokinase diabetes ejection fraction high_blood pressure platelets serum creatinine serum sodium sex smoking time DEATH_EVENT @

# 0 750 0 582 0 20 1 265000.00 19 130 1 0 4 (|
(o] 1 550 0 7861 0 3 0 263358.03 11 136 1 0 6 1

2 650 0 146 0 20 0 162000.00 13 129 1 1 17 1

3 500 1 il 0 20 0 210000.00 19 187 1 0 7 1

4 650 1 160 1 20 0 327000.00 27 16 0 0 8 1

Nextsteps:  Generate code with heart data @ View recommended plots
7 [4] heart_data.tail()
age anaemia creatinine phosphokinase diabetes ejection_fraction high blood pressure platelets serum_creatinine serum sodium sex smoking time DEATH_EVENT @

294 620 0 61 1 3 1 155000.0 11 31 1210 0o

205 550 0 1820 0 38 0 270000.0 12 139 0 0 21 0
O 296 450 0 2060 1 60 0 7420000 08 138 0 0 218 0
5] 27 450 0 2413 0 38 0 140000.0 14 40 1 1280 0

298 500 0 19 0 4 0 3950000 16 136 1 1 285 0
)
a V%1 fram numnu cara framaimenic imannt chana

Fig 5.5

5.3.1 LOGISTIC REGRESSION:

Logistic regression is a binary classification algorithm that uses a set of input
characteristics such as age, anemia, creatine phosphokinase, diabetes, ejection
fraction, hypertension, platelets, serum creatinine, serum sodium, sex, smoking, and
time to predict the probability of disease. heart disease One of the main advantages
of logistic regression is its ability to provide interpretable coefficients that provide

insight into the effect of each characteristic on the forecast outcome. This
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interpretability allows a clear understanding of how each input characteristic affects

prediction of heart disease risk.

With 80 percent accuracy, logistic regression proves its effectiveness in making
accurate predictions of heart disease. Logistic regression results are presented in a
straight line, either as probabilities indicating the likelihood of heart disease or as
binary predictions ("the person has heart disease" or "the person does not have heart
disease"). This clarity of interpretation makes logistic regression a valuable tool for
health professionals and individuals to assess cardiovascular health risks and

implement appropriate preventive measures.

=+ Code + Text

CK é (18] from sklearn.linear model import LogisticRegression
Ir = LogisticRegression()
Ir.fit(X train,Y train)

[X] Y pred = Ir.predict(X test)
score = round(accuracy score(Y pred,Y test)*100,2)
0 print(Accuracy score of prediction 1s i “tstr(score)+'%')
Accuracy score of prediction is : 80.0%
N
Fig 5.6

5.3.2 SUPPORT VECTOPR MACHINE:

Support Vector Machine (SVM) is a robust algorithm used for heart disease prediction
and is known for its ability to efficiently handle complex decision constraints. Using the
same input functions as age, anemia, creatine phosphokinase, diabetes, ejection
fraction, hypertension, platelets, serum creatinine, serum sodium, sex, smoking, and

time, SVM tries to find the hyperlevel that best discriminates. individuals into
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categories such as "person has heart disease" or "person does not have heart

disease" in a high-dimensional feature space.

With an accuracy score of 75%, SVM demonstrates its ability to capture non-linear
relationships and complex data patterns. This makes SVM a valuable tool for
predicting heart disease, especially when dealing with complex and multivariate data.
The algorithm's ability to handle non-linear relationships allows the discovery of hidden
patterns and correlations that simpler models such as logistic regression may not

capture.

o— + Code + Text

¥ [22] Accuracy = accuracy score(y test, y pred)
‘ report = classification report(y test, y pred)

print("Accuracy:", accuracy)
{x} S ‘
print("Classification Report:\n", report)

Accuracy: 0.75
= Classification Report:
precision  recall fl-score support

0 0.73 0.91 0.81 35

1 0.81 0.52 0.63 25

accuracy 0.75 60

macro avg 0.77 0.72 0.72 60

weighted avg 0.76 0.75 0.74 60
Fig 5.7

5.3.3 DECISION TREE:

Decision trees are known for their intuitive nature and ease of interpretation, making
them a popular choice for predicting heart disease. Despite the 63% accuracy score,
decision trees have several advantages, including the ability to divide the feature

space into regions based on threshold values.

The tree-like structure of decision trees allows users to visualize and understand

decision making. a process that leads to the prediction of heart disease risk. Each
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node in the decision tree represents a decision based on a specific feature and a
threshold value, leading to subsequent nodes until a final prediction is made ("the

person has heart disease" or "the person does not have heart disease").

o— + Code + Text

v o accuracy = accuracy_score(y_test, y pred)
C{ " report = classification_report(y test, y_pred)

{x} print("Accuracy:", accuracy)
print("Classification Report:\n", report)

Accuracy: 0.6333333333333333
5 Classification Report:
precision  recall fl-score support

0 0.66 0.77 0.71 35

ik 0.58 0.44 0.50 25

accuracy 0.63 60

macro avg 0.62 0.61 0.61 60

weighted avg 0.63 0.63 0.62 60
Fig 5.8

5.4 BREAST CANCER PREDICTION:

The breast cancer prediction model is designed to use input parameters such as age,
BMI, glucose, insulin, HOMA, leptin, adiponectin, resistin and MCP1 to accurately
predict breast cancer risk. These parameters provide important insights into an
individual's health profile and contribute to a comprehensive estimate of breast cancer

probability.

The Streamlit program presents the prediction results obtained from the breast cancer
prediction model using Streamlit's success and failure functions. This user-friendly
interface gives people clear and immediate feedback about their breast cancer risk
status. Results are presented as "person has breast cancer" or "person does not have

breast cancer," allowing people to make informed decisions about breast health.
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+ Code + Text

Os

O\ ¥ [3] Breastcancer_data.head()

{x} Age BMI Glucose Insulin HOMA Leptin Adiponectin Resistin  MCP.1 cClassification @
0 48 23.500000 70 2.707 0.467409 8.8071 9.702400  7.99585 417.114 o m
ez 1 83 20.690495 92 3.115 0.706897 8.8438 5429285  4.06405 468.786 0
() 2 82 23.124670 91 4.498 1.009651 17.9393 22432040 9.27715 554.697 0
3 68 21.367521 77 3.226 0.612725 9.8827 7.169560 12.76600 928.220 0
4 86 21111111 92 3.549 0.805386 6.6994 4.819240 10.57635 773.920 0
Next steps:  Generate code with Breastcancer_data @ View recommended plots

E/: [4] Breastcancer_data.head()

Age BMI Glucose Insulin HOMA Leptin Adiponectin Resistin MCP.1 Classification @
0 48 23.500000 70 2707 0.467409 8.8071 9.702400  7.99585 417.114 0 m
1 83 20.690495 92 3.115 0.706897 8.8438 5429285  4.06405 468.786 0
e 2 82 23.124670 91 4.498 1.009651 17.9393 22432040  9.27715 554.697 0
=] 3 68 21.367521 77 3.226 0.612725 9.8827 7.169560 12.76600 928.220 0
4 86 21.111111 92 3.549 0.805386 6.6994 4.819240 10.57635 773.920 0
&3
Fig 5.9

5.4.1 LOGISTIC REGRESSION:

Logistic regression is a robust algorithm widely used for binary classification tasks,
which makes it particularly suitable for predicting diseases where an outcome is
present or absent. In the context of breast cancer prognosis, logistic regression
analyzes input parameters such as age, BMI, glucose, insulin, HOMA, leptin,
adiponectin, resistin, and MCP1 to estimate the probability of breast cancer. One of
the main advantages of logistic regression is its ability to provide interpretable
coefficients that help understand how each input characteristic affects the prediction
result. Logistic regression results are usually presented as probabilities or binary
predictions ("a person has breast cancer" or "a person does not have breast cancer").
Despite its interpretability and utility, the accuracy score for breast cancer prediction

using logistic regression is reported to be 75%.

The strength of logistic regression lies in its simplicity, interpretability and efficiency in
dealing with binary classification tasks. However, its performance on complex and
high-dimensional datasets may be limited compared to more advanced algorithms

such as support vector machines (SVMs) or decision trees. However, logistic
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regression is a valuable tool in disease prediction tasks because it provides useful
information about breast cancer risk assessment and facilitates informed decision

making.

w— + Code + Text

v o accuracy = accuracy_score(y test, y pred)
Q 0s report = classification report(y test, y pred)

{x} print("Accuracy:", accuracy)
print("Classification Report:\n", report)

Accuracy: 0.75
05 Classification Report:
precision recall fil-score support

0 0.80 0.67 0.73 12

1 0.71 0.83 0.77 12

accuracy 0.75 24

macro avg 0.76 0.75 0.75 24

weighted avg 0.76 0.75 0.75 24
Fig 5.10

5.4.2 SUPPORT VECTOR MACHINE:

The Support Vector Machine (SVM) is a powerful algorithm that excels at both binary
and multiclass classification tasks, making it particularly effective at capturing complex
decision constraints. In the context of breast cancer prognosis, SVM uses the same
input parameters as age, BMI, glucose, insulin, HOMA, leptin, adiponectin, resistin,
and MCP1 to estimate the probability of breast cancer. Unlike logistic regression,
which aims to find a linear decision boundary, SVM tries to find the hyperplane that
best separates people into categories such as "a person has breast cancer" or "a
person does not have breast cancer” in a high-dimensional feature. space.This feature
enables SVM to handle non-linear relationships and capture complex data patterns,

making it a valuable tool for breast cancer prediction tasks.
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SVM's ability to handle complex decision constraints and non-linear relationships
increases its applicability to breast cancer prediction. exercises. SVM can effectively
capture complex patterns in data and make more accurate predictions and provide
valuable information for breast cancer risk assessment. Although SVM may require
careful tuning of parameters and computational resources, its robustness and ability
to handle high-dimensional data make it a valuable asset in health applications,

especially disease prediction and risk assessment.

o=+ Code + Text

Q Y Q print(f'Accuracy: {accuracy}’)
print('Classification Report:')
print(report)

8y
Accuracy: 0.875
o Classification Report:
precision  recall fi-score support

O 0 0.8 0.9 0.8 "
1 0.91 0.83 0.87 12

accuracy 0.88 )

macro avg 0.88 0.88 0.87 24

weighted avg 0.88 0.88 0.87 pl

Fig 5.11

5.4.3 DECISION TREE:

Decision trees are known for their intuitive nature and ease of interpretation, making
them well suited for explaining predictive logic to non-technical users. In the context
of breast cancer prognosis, decision trees use the same input parameters as
previously mentioned, such as age, BMI, glucose, insulin, HOMA, leptin, adiponectin,
resistin, and MCP1, to predict breast cancer risk. These decision trees divide the
feature space into discrete regions based on threshold values, creating a hierarchical
structure of decision rules. Each node of the decision tree represents a decision based

on a specific feature and a threshold value, which leads to the next nodes until the
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final prediction is made ("the person has breast cancer"” or "the person does not have
breast cancer"). This tree-like format of decision tree results allows users to
understand the sequence of decisions that led to a predictive outcome, improving
transparency and interpretability.

Despite their simplicity, decision trees can capture complex relationships and patterns
in data, contributing to their data. performance in breast cancer prediction tasks. The
66.6% percent accuracy score for breast cancer prediction using decision trees shows
their ability to make reasonably accurate predictions. The interpretability and
transparency of decision trees make them a valuable tool in healthcare applications,
allowing healthcare professionals and individuals to gain insight into breast cancer risk

assessment and make informed decisions about prevention and treatment.

o— + Code + Text
C“ ° accuracy = accuracy_score(y_test, y pred)
Q report = classification report(y test, y pred)

{x} print("Accuracy:", accuracy)
print("Classification Report:\n", report)

Accuracy: 0.6666666666666666
O Classification Report:
precision  recall fl-score support

0.64 0.75 0.69 12

1 0.70 0.58 0.64 12

accuracy 0.67 24

macro avg 0.67 0.67 0.66 24

weighted avg 0.67 0.67 0.66 24
Fig 5.12
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5.5 WEB DEVELOPMENT

5.5.1 IMPORT LIBRARY AND FILE:

File Edit Search Source Run Debug Consoles Projects Tools View Help

B & L m»

C:\Users\Nithish Ragu\OneDrive\Desktop isease prediction.py

a Disease prediction.py X

rt pickle
streamlit as st
streamlit_option_menu import option_menu
numpy as np

diabetes_model = pickle.load(open('C:/Users/Nithish Ragu/OneDrive/Desktop/Multiple disease/saved model/diabetes model.sav', 'rb'))
breastcancer_model = pickle.load(open('C:/Users/Nithish Ragu/OneDrive/Desktop/Multiple disease/saved model/breastcancer model.sav')
heart_disease_model = pickle.load(open('C:/Users/Nithish Ragu/OneDrive/Desktop/Multiple disease/saved model/heart disease model.s

st.sid
selected = option_menu( 'Multiple disease Prediction System',
[ 'Diabetes Prediction’,
'Breast Cancer Prediction’,
'Heart Disease Prediction'],
icons = ['activity’, 'person’, 'heart'],
default_index=0)

Fig 5.13
5.5.2 DIABETES:

File Edit Search Source Run Debug Consoles Projects Tools View Help

] = > D L} I 12
Nithish Ragu\OneDrive\Desktop\Multiple disease\Disease prediction.py

O3 | pisease prediction.py X

selected ‘Diabetes Prediction
st.title( 'Diabetes Prediction ML)

Gender = st.selectbox( 'Male=0 & Female=1', ['8°, '1'])
AGE st.text_input( Ent the Age')

Urea st.text_input('Urea’)

Cr = st.text_input(’'Creatinine”’)

HbAlc = st.text_input( 'Hemoglobin Alc")

Chol st.text_input( ‘Cholesterol’)
TG st.text_input(’'Triglycerides’

HDL st.text_input( 'Hi ity Llipoprotein’)

LDL = st.text_input(’'Low-density Lipoprotein’)

VLDL = st.text_input( Ve ty Llipoprotein')
BMI = st.text_input( 'Body m i )

diab_diagnosis =

st.button( ‘Diabetes Test Result’):
t [Gender, AGE, Urea, Cr, HbAlc, Chol, TG, HDL, LDL, VLDL, BMI]:
st.error('Please enter valid numeric values for all input fields.')

input_data np.array([[Gender, AGE, Urea, Cr, HbAlc, Chol, TG, HDL, LDL, VLDL, BMI]], dtype=float)
diab_prediction = diabetes_model.predict(input_data)

diab_prediction 1
diab_diagnosis The person is Diabetic’

diab_diagnosis = 'The person is Not Diabe

st.success(diab_diagnosis)

Fig 5.14
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5.5.3 HEART DISEASE:

File Edit Search Source Run Debug Consoles Projects Tools View Help

B [~ > oD o I -

Nithish Ragu\OneDrive\Desktop\Multiple disease\Disease prediction.py

Disease prediction.py X

st.success(breastcancer_diagnosis)

selected 'Hear ease Prediction’:
rediction Using ML)

age = st.text_input( ‘Age o
anaemia st.selectbox( 'Value of Anemia’',['0','1'])
creatinine_phosphokinase = st.text_input( ‘Creatinine Phosphokinase"')
diabetes = st.selectbox( 'Diabetes’,['0", '1'])

ejection_fraction = st.text_input( 'Ejection Fraction')
high_blood_pressure st.selectbox( ‘High Blood Pressure’,['0°','1'])
platelets = st.text_input(’'Platelets’)

serum_creatinine = st.text_input(’'Serum Creatinine’)

serum_sodium = st.text_input(’Serum Sodium®)

sex = st.selectbox( ‘'Male = 0 & Female = 1°',['0','1'])

smoking = st.selectbox( 'Smoking’,[‘'0°, '1'])

time = st.text_input('Time"')

heart_disease_diagnosis =

st.button( 'Heart Disease Test Result'):
if '’ in [age, anaemia, creatinine_ phosphokinase, ejection fraction, platelets, serum_creatinine, serum sodium, time]:
st.error(’'Please enter valid numeric values for all input fields.')

input_data np.array([[age, anaemia, creatinine_phosphokinase, diabetes, ejection_fraction, high_blood_pressure, plate

heart_disease_prediction heart_disease_model.predict(input_data)

sease_prediction[@] 1
heart_disease_diagnosis = 'The person has Heart Diseas

heart_disease_diagnosis ‘The person does not have Heart Dise

st.success(heart_disease_diagnosis)

Fig 5.15
5.5.4 BREAST CANCER:

File Edit Search Source Run Debug Consoles Projects Tools View Help

[ ] —] S B L i

C:\Users\Nithish Ragu\OneDrive\Desktop\Multiple disease\Disease prediction.py

O Disease prediction.py X

selected == 'Breast Cancer Prediction’:
st.title( 'Breast Cancer Prediction Using ML')

Age = st.text_input(’'Enter the Age')

BMI st.text_input( 'BMI')

Glucose = st.text_input( 'Glucose’)

Insulin = st.text_input('Insulin’)

HOMA st.text_input( 'Homa")

Leptin = st.text_input(’'Leptin’)
Adiponectin = st.text_input( 'Adiponectin’)
Resistin = st.text_input('Resistin’)

MCP1 = st.text_input( 'MCP')

breastcancer_diagnosis =

st.button( 'Breast Cancer Test Result’
‘' in [Age, BMI, Glucose, Insulin, HOMA, Leptin, Adiponectin, Resistin, MCP1]:
st.error('Please enter valid numeric values for all input fields.')

input_data = np.array([[Age,

BMI, Glucose, Insulin, HOMA, Leptin, Adiponectin, Resistin, MCP1]], dtype=float)
breastcancer_prediction = breastcancer_model.predict(input_data)

breastcancer_prediction[0 1
breastcancer_diagnosis 'The person has Breast Cancer’

breastcancer_diagnosis = 'The person does not have Breast Cancer'’

st.success(breastcancer_diagnosis)

Fig 5.16
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5.5.5 WEBSITE SCREENSHOTS:

5.5.5.1 DIABETES:

X Deploy

Diabetes Prediction Using ML

& Multiple disease Male=0 & Female=1
Prediction System

1 v
4~ Diabetes Prediction Enter the Age
. 50
2 Breast Cancer Prediction
. 5 a Urea
Q Heart Disease Prediction
47
Creatinine
46

Hemoglobin Alc

49

Cholesterol

42

Triglycerides

0.9

Fig 5.17

X Deploy

Cholesterol
42

& Multiple disease

v ga Triglycerides

Prediction System
0.9

4~ Diabetes Prediction ) i .
High-density lipoprotein

& Breast Cancer Prediction 24

Q Heart Disease Prediction Low-density lipoprotein
14

Very low-density lipoprotein

0.5

Body mass index

24

Diabetes Test Result

The person is Not Diabetic

Fig 5.16
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5.5.5.2 HEART DISEASE:

I Deploy
Heart Disease Prediction Using ML
& Multiple disease Ageof the Person
Prediction System 7

_ Value of Anemia
- Diabetes Prediction . ;

0 v
& Breast Cancer Prediction
Creatinine Phosphokinase
O Heart Disease

5825
Prediction

Diabetes

0 v

Ejection Fraction

20

High Blood Pressure

g v

Platelets

265000

Fig 5.19

X Deploy
Platelets

265000

& Multiple disease
Prediction System

Serum Creatinine

19

“r Diabetes Prediction

& Breast Cancer Prediction

O Heart Disease
Prediction

Serum Sodium

130

Male=0& Female=1

1

Smoking

0

Time

Heart Disease Test Result

The person has Heart Disease

Fig 5.20
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5.5.5.3 BREAST CANCER:

X Deploy

Breast Cancer Prediction Using ML

& Multiple disease

Prediction System Enterthe Age
48
‘- Diabetes Prediction
BMI
o
2 Breast Cancer 15
Prediction
R s Glucose
Q Heart Disease Prediction
70
Insulin
2707
Homa
0.467409
Leptin
8.8071

Fig 5.21

X Deploy
Insulin
2107
& Multiple disease
Homa
Prediction System 0467400
“ Diabetes Prediction Leptin
2 Breast Cancer Beom
Prediction
Adiponectin
Q) Heart Disease Prediction 9.7024
Resistin
7.99585
MCP
417.114

Breast Cancer Test Result

The person does not have Breast Cancer

Fig 5.22
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CHAPTER 6

SUMMARY AND CONCLUSION

6.1 SUMMARY:

The project focuses on disease prediction using machine learning algorithms such as
logistic regression, support vector machine (SVM) and decision trees. Three diseases

namely diabetes, heart disease and breast cancer were selected for prediction tasks.

Logistic regression and SVM were used to predict diabetes using input characteristics
such as gender, age, urea, creatinine, HbAlc, cholesterol and triglycerides, HDL, LDL,
VLDL and BMI. The logistic regression model had an accuracy score of 67%, while
the SVM accuracy score was [SVM accuracy score not given]. These models provide

binary predictions ("a person is diabetic" or "a person is not diabetic").

SVM and logistic regression algorithm were used to predict heart disease with
characteristics such as age, anemia, creatinine phosphokinase, diabetes, ejection
fraction. fraction, high blood pressure, platelets, serum creatinine, serum sodium,
gender, smoking and time. The SVM accuracy score was [SVM accuracy score not

given], indicating its effectiveness in handling complex decision constraints.

Decision trees with logistic regression and SVM algorithms with input parameters such
as age, BMI and glucose were used to predict breast cancer, insulin, HOMA, leptin,
adiponectin, resistin and MCP1. The decision trees achieved 75 percent accuracy,

highlighting their interpretability and effectiveness in capturing complex relationships.
6.2 Conclusion:
The project successfully demonstrated the application of machine learning algorithms

to disease prediction. Logistic regression, SVM and decision trees have been used to

predict diabetes, heart disease and breast cancer.
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Logistic regression has proven its power to provide interpretable coefficients and
simple binary predictions. SVM, with the ability to handle complex decision constraints,
has proven effective in heart disease and breast cancer prediction tasks. Decision
trees achieved slightly lower accuracy, but produced intuitive and easy-to-interpret

results, so they are suitable for explaining predictive logic to non-technical users.

Overall, the project emphasizes the importance of machine learning in healthcare,
especially disease. prognosis and risk assessment. These predictive models can
assist health professionals and individuals in proactive health management, early
detection and informed decision-making, ultimately improving health outcomes and

patient well-being.
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