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ABSTRACT

Myocardial Infarction and Brain attacks are responsible for the fatalities of
individuals from cardiovascular diseases (CVDs), and especially the deaths occur
before age 70. 17.9 million people are thought to pass away from CVDs annually.
Accurate monitoring for each patient individually is not always possible, and
clinicians cannot consult with patients every 24 hours due to the additional time
and knowledge required. Using the patient's various cardiac characteristics and the
machine learning approach of logistic regression on a publicly accessible dataset
from Kaggle, we developed and examined models for predicting heart disease in
this research. The main objective is to ascertain of acquiring coronary heart
disease (CHD) up to 10 years of health risk. More than 4,000 records, 15
attributes, and patient data are included in the collection. To forecast outcomes, it
makes predictions about a dependent variable based on one or more sets of
independent variables. Both binary classification and multi-class classification can
use it. This study aims to establish the most significant heart disease risk factors
and estimate the overall risk using logistic regression. Machine Learning is used
across many ranges around the world. The healthcare industry is no exclusion.
Machine Learning can play an essential role in predicting presence/absence of
locomotors disorders, heart diseases and more. Such information, if predicted well
in advance, can provide important intuitions to doctors who can then adapt their
diagnosis and dealing per patient basis. We work on predicting possible heart

diseases in people using Machine Learning algorithms.
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CHAPTER 1
INTRODUCTION

What is Machine Learning?

Machine Learning is a system of computer algorithms that can learn
from example through self-improvement without being explicitly coded
by a programmer. Machine learning is a part of artificial Intelligence
which combines data with statistical tools to predict an output which can
be used to make actionable insights. A typical machine learning tasks
are to provide a recommendation. For those who have a Netflix account,
all recommendations of movies or series are based on the user's
historical data. Tech companies are using unsupervised learning to
improve the user experience with personalizing recommendation.
Machine learning is also used for a variety of tasks like fraud detection,
predictive maintenance, portfolio optimization, automatize task and so

on.

Machine Learning vs. Traditional Programming

Traditional programming differs significantly from machine learning. In
traditional programming, a programmer code all the rules in consultation
with an expert in the industry for which software is being developed.
Each rule is based on a logical foundation; the machine will execute an
output following the logical statement. When the system grows complex,
more rules need to be written. It can quickly become unsustainable to

maintain.

on a logical foundation; the machine will execute an output following the
logical statement. When the system grows complex, more rules need to

be written. It can quickly become unsustainable to maintain.
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Rules

Data =sssp- Computer mmmmPp- Qutput

Traditional Programming
Traditional Programming
Machine learning is supposed to overcome this issue. The machine learns
how the input and output data are correlated and it writes a rule. The
programmers do not need to write new rules each time there is new data.
The algorithms adapt in response to new data and experiences to improve

efficacy over time.

Data
Output =l

Machine Learning

Computer |[mmmmmlp Rules

Fig : 1.1 Machine learning vs Traditional programming
The life of Machine Learning programs is straightforward and can be
summarized in the following points:
1. Define a question
2. Collect data
3. Visualize data
4. Train algorithm
5. Test the Algorithm
6. Collect feedback
7. Refine the algorithm
8. Loop 4-7 until the results are satisfying
9. Use the model to make a prediction
Once the algorithm gets good at drawing the right conclusions, it applies
that



CHAPTER 2
LITERATURE SURVEY

2.1 Inferences from Literature Survey

AUTHORS: Rairikar, A., Kulkarni, V., Sabale, V., Kale, H.,
&Lamgunde, A.

The healthcare industry collects large amounts of Healthcare data, but
unfortunately not all the data are mined which is required for discovering hidden
patterns and effective decision making. We propose efficient genetic algorithm
with the back propagation technique approach for heart disease prediction. This
paper has analyzed prediction systems for Heart disease using more number of
input attributes. The System uses medical terms such as Gender, blood
pressure, cholesterol likel3 attributes to predict the likelihood of patient getting
a Heart disease.

AUTHORS: Gandhi, Monika, and Shailendra Narayan Singh

As huge amount of information is produced in medical associations (healing
facilities, therapeutic focuses) yet this information is not properly utilized. The
health care system is "data rich" however "knowledge poor ". There is an
absence of successful analysis methods to find connections and patterns in
health care data. Data mining methods can help as remedy in this
circumstance. For this reason, different data mining technigues can be utilized.
The paper intends to give details about various techniques of knowledge
abstraction by using data mining methods that are being used in today's
research for prediction of heart disease. In this paper, data mining methods
namely, Naive Bayes, Neural network, Decision tree algorithm are analyzed on

medical data sets using algorithms.



AUTHORS: Chen, A. H., Huang, S. Y., Hong, P. S., Cheng, C. H., &
Lin, E. J.

The diagnosis of heart disease in most cases depends on a complex
combination of clinical and pathological data. Because of this complexity, there
exists a significant amount of interest among clinical professionals and
researchers regarding the efficient and accurate prediction of heart disease. In
this paper, we develop a heart disease predict system that can assist medical
professionals in predicting heart disease status based on the clinical data of
patients. Our approaches include three steps. Firstly, we select 13 important
clinical features, i.e., age, sex, chest pain type, trestbps, cholesterol, fasting
blood sugar, resting ecg, max heart rate, exercise induced angina, old peak,
slope, number of vessels colored, and thal. Secondly, we develop an artificial
neural network algorithm for classifying heart disease based on these clinical
features. The accuracy of prediction is near 80%. Finally, we develop a user-
friendly heart disease predict system (HDPS). The HDPS system will be
consisted of multiple features, including input clinical data section, ROC curve
display section, and prediction performance display section (execute time,
accuracy, sensitivity, specificity, and predict result). Our approaches are
effective in predicting the heart disease of a patient. The HDPS system
developed in this study is a novel approach that can be used in the

classification of heart disease.

AUTHORS: Aldallal, A., & Al-Moosa, A. A. A.

Modernization and commercialization of life lead to an unhealthy Lifestyle that
results in increasing non-communicable diseases such as heart diseases and
diabetes. Non-communicable diseases have direct impact on inaction, inactivity,
and idleness of people. Heart diseases and diabetes are two of the most
dangerous Kkillers affecting the society. This research aims to produce
application software to be used by doctors and other medical practitioners to
predict the occurrence or recurrence of non-communicable diseases (NCDs).
4



The predictive data-mining model was applied in this project. Patients records
obtained from Bahrain Defense Force Hospital were used to examine the
proposed software application. This application was executed and tested by the
actual practitioner in the mentioned hospital. The results showed that the
prediction system is capable of predicting NCDs' diseases effectively, efficiently
and most importantly, instantly. This application is capable of helping a

physician in making proper decisions towards

AUTHORS: Sultana, Marjia, Afrin Haider, and Mohammad Shorif
Uddin

Heart disease is considered as one of the major causes of death throughout the
world. It cannot be easily predicted by the medical practitioners as it is a difficult
task which demands expertise and higher knowledge for prediction. This paper
addresses the issue of prediction of heart disease according to input attributes
on the basis of data mining technigues. We have investigated the heart disease
prediction using KStar, J48, SMO, Bayes Net and Multilayer Perceptron through
Weka software. The performance of these data mining techniques is measured
by combining the results of predictive accuracy, ROC curve and AUC value
using a standard data set as well as a collected data set. Based on
performance factor SMO and Bayes Net techniques show optimum
performances than the performances of KStar, Multilayer Perceptron and J48
techniques.



CHAPTER 3
REQUIREMENT ANALYSIS

3.1 Machine Learning Algorithms and Where they are Used?
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Fig.no: 3.1 Machine learning Algorithms

Machine learning can be grouped into two broad learning tasks: Supervised

and Unsupervised. There are many other algorithms

Supervised learning

An algorithm uses training data and feedback from humans to learn the

relationship of given inputs to a given output. For instance, a practitioner can

use marketing expense and weather forecast as input data to predict the

sales of cans.

You can use supervised learning when the output data is known. The

algorithm will predict new data.
There are two categories of supervised learning:
« Classification task

« Regression task



obability

Regression

When the output is a continuous value, the task is a regression. For
instance, a financial analyst may need to forecast the value of a stock based
on a range of feature like equity, previous stock performances,
macroeconomics index. The system will be trained to estimate the price of
the stocks with the lowest possible error.

Logistic Regression
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Fig.no 3.2 Logistic Regression
Algorithm Description Type
Name
Linear Finds a way to correlate each feature
regressio to the output to help predict future Regression
n values.



Algorithm
Name
Logistic
regressio

n

Decision

tree

Naive
Bayes

Support
vector

machine

Random

forest

Description

Extension of linear regression that's
used for classification tasks. The
output variable 3is binary (e.g., only
black or white) rather than continuous
(e.g., an infinite list of potential colors)

Highly interpretable classification or
regression model that splits data-
feature values into branches at
decision nodes (e.g., if a feature is a
color, each possible color becomes a
new branch) until a final decision

output is made

The Bayesian method is a
classification method that makes use
of the Bayesian theorem. The theorem
updates the prior knowledge of an
event with the independent probability
of each feature that can affect the

event.

Support Vector Machine, or SVM, is
typically used for the classification
task. SVM
hyperplane that optimally divided the

algorithm  finds a

classes. It is best used with a non-

linear solver.

The algorithm is built upon a decision

tree to improve the accuracy
drastically. Random forest generates

many times simple decision trees and

8
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n

Regression
Classificatio

n

Regression
Classificatio

n

Regression
(not very
common)
Classificatio

n

Regression
Classificatio
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Algorithm

Name

AdaBoost

Gradient-
boosting

trees

Description

uses the 'majority vote' method to
decide on which label to return. For the
classification task, the final prediction
will be the one with the most vote;
while for the regression task, the
average prediction of all the trees is

the final prediction.

Classification or regression technique
that uses a multitude of models to
come up with a decision but weighs
them based on their accuracy in
predicting the outcome

Gradient-boosting trees is a state-of-
the-art classification/regression
technique. It is focusing on the error
committed by the previous trees and

tries to correct it.

Unsupervised learning

Type

Regression
Classificatio

n

Regression
Classificatio

n

In unsupervised learning, an algorithm explores input data without being

given an explicit output variable (e.g., explores customer demographic data

to identify patterns)

You can use it when you do not know how to classify the data, and you want

the algorithm to find patterns and classify the data for you

Algorithm

K-means

clustering

Description

Puts data into some groups (k) that
each contains data with similar
characteristics (as determined by

the model, not in advance by

9
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Algorithm Description Type
humans)

' A generalization of k-means
Gaussian ) )
' clustering that provides more .
mixture o _ Clustering
flexibility in the size and shape of

model
groups (clusters)
Splits clusters along a hierarchical
Hierarchical tree to form a classification system. _
: Clustering
clustering Can be used for Cluster loyalty-card

customer

3.2 HARDWARE REQUIREMENTS:

. System : Pentium IV 2.4 GHz.
. Hard Disk : 40 GB.

. Floppy Drive : 1.44 Mb.

. Monitor : 15 VGA Colour.

. Mouse : Logitech.

. Ram : 512 Mb.

SOFTWARE REQUIREMENTS:

» Operating system : Windows 7.
» Coding Language : Python
» Database : MYSQL

3.3 FUNCTIONAL REQUIREMENTS

o The model is about predicting if the person has

heart disease or not by considering some parameters.

. There are 13 parameters that act as attributes,
10



which are the patients’ information.

) These are considered as the functional
requirements, which are required by the model.

NON-FUNCTIONAL REQUIREMENTS

e Reliability: The structure must be reliable and
strong in giving the functionalities. The movements must
be made unmistakable by the structure when a customer
has revealed a couple of enhancements. The
progressions made by the Programmer must be Project
pioneer and in addition the Test designer.

e Maintainability: The system watching, and upkeep
should be fundamental and focus in its approach. There
should not be an excess of occupations running on
diverse machines such that it gets hard to screen whether
the employments are running without lapses.

e Performance: The framework will be utilized by
numerous representatives all the while. Since the system
will be encouraged on a single web server with a lone
database server outside of anyone's ability to see,
execution transforms into a significant concern. As the
structure should not capitulate when various customers

would use everything the while.

11



CHAPTER 4
DESCRIPTION OF PROPOSED SYSTEM

4.1 EXISTING_SYSTEM;

“ Yun et al. presented different techniques for different type of feature
selection, such as feature selection for high-dimensional small sample
size data, large-scale data, and secure feature selection. They also
discussed some important topics for feature selection have emerged,
such as stable feature selection, multi-view feature selection, distributed
feature selection, multi-label feature selection, online feature selection,
and adversarial feature selection.

+« Jundong et al. discussed the challenges of feature selection (FS) for
big data. It is necessary to decrease the dimensionality of data for
various learning tasks due to the curse of dimensionality. Feature
selection has great inuence in numerous applications such as building
simpler, increasing learning performance, creating clean and
understandable data. The feature selection from big data is challenging
job and create big problems because big data has many dimensions.
Further, challenges of feature selection for structured, heterogeneous

and streaming data as well as its scalability and stability issues

DISADVANTAGES OF EXISTING SYSTEM:

% Existing approaches are low accuracy and high computation time and
these might be due the use of irrelevant features in dataset. In order to
tackle these problems new methods are needed to detect HD correctly.
The improvement in prediction accuracy is a big challenge and research
gap.

¢ Accuracy is very low

+» Computationally complex

+» More execution time required to generate results

12



4.2 PROPOSED SYSTEM:

% We proposed a machine learning based diagnosis method for the
identification of HD in this research work. The standard state of the art
features selection algorithms have been used to select the features.

% In the proposed system first try to address the problem of features
selection by employing pre-processing techniques for appropriate subset
of features and then applied these features for effective training and
testing of the classifiers that identify which feature selection algorithm
and classifier gives good results in term of accuracy and computation
time. The classifiers performances have been compared on features
selected by the standard state of the art FS algorithms with the selected
features of the proposed FS algorithm. Finally, suggests that heart

disease identification system effectively identify the HD.

ADVANTAGES OF PROPOSED SYSTEM:

% The system has been designed for the identification of heart disease.
The performances of various machine learning classifiers for HD
identification have been checked on selected features.

« The performance of the proposed method is high in terms of prediction

accuracy.

+* Low computation time.

4.3 USE CASE DIAGRAM

A use case diagram is a visual representation of the interactions
between users (actors) and the system, showing the various use
cases or functionalities provided by the system. In the context of the
Heart Disease Prediction Project, the use case diagram helps
identify the different types of users and the actions they can perform
within the application.

The use case diagram for the Heart Disease Prediction Project
includes two primary actors: User/Player and Quiz. The User/Player
is the individual interacting with the system, accessing the quiz and

viewing the results. The Quiz represents the functionality of the
13



system, which includes presenting questions, collecting answers, and
calculating scores.

The use case diagram showcases the flow of actions from the
User/Player accessing the quiz to viewing the result. It emphasizes
the primary functionalities offered by the system, allowing users to
interact with the quiz and obtain the prediction result. Each use case
is associated with actors and describes the main flow of events, post-
conditions, and possible termination scenarios. UML is the modeling
toolkit that you can use to build your diagrams. Use cases are
represented with a labeled oval shape. Stick figures represent actors
in the process, and the actor's participation in the system is modeled
with a line between the actor and use case.

To depict the system boundary, draw a box around the use case
itself,A use case diagram doesn't go into a lot of detail—for example,
don't expect it to model the order in which steps are performed.
Instead, a proper use case diagram depicts a high-level overview

of the relationship between use case.

run the model

get the

/ _ A

give the

attributes /\

user model

predict the
results

Fig.no : 4.1 Use Case Diagram
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4.4 CLASS DIAGRAM

A class diagram is a structural diagram that depicts the classes,
attributes, and relationships among objects in a system. In the Heart
Disease Prediction Project, the class diagram provides a high-level
view of the key entities and their attributes.

The class diagram for the Heart Disease Prediction Project includes
two main classes: User/Player and Quiz. The User/Player class
represents the users accessing the system, and it contains attributes
such as name, age, and gender to capture user-specific information.
The Quiz class represents the quiz functionality, with attributes like
questions, answers, and score to manage the quiz-related data. The
class diagram showcases the relationships between the classes,
indicating that a User/Player can access the Quiz functionality. It
helps in understanding the overall structure of the system and the
dependencies between different entities.

Class diagram is a static diagram and it is used to model the static
view of a system. The static view describes the vocabulary of the

system. Class diagram

is also considered as the foundation for component and deployment
diagrams. Class diagrams are not only used to visualize the static
view of the system, but they are also used to construct the
executable code for forward and reverse engineering of any system.
In a class diagram, you would illustrate the relationships between
classes using various types of associations such as aggregation,
composition, generalization (inheritance), and dependency. You can
also include additional details such as method signatures, access
modifiers, and multiplicity (to represent cardinality) for associations.

When designing a class diagram for a disease prediction system, you
would typically identify the main classes and their relationships within

the system. It's important to note that the actual design of a class

15



diagram can vary depending on the specific requirements and

context of your disease prediction system. The above examples

provide a starting point, but you may need to adapt and extend the

diagram based on your unique needs.

In the context of a disease prediction system, a class diagram would

represent the different classes or entities involved in the system and

their associations.
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Fig.no : 4.2 Class Diagram
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CHAPTER 5
IMPLEMENTATION DETAILS

AGILE DEVELOPMENT MODEL:

The Agile development model is an iterative and incremental
approach to software development. It emphasizes flexibility,
collaboration, and customer satisfaction. The Agile model breaks the
development process into small iterations called sprints, where each
sprint focuses on delivering a working software increment. The Agile
model promotes adaptive planning, continuous improvement, and
early delivery of valuable software. The Heart Disease Prediction
Project adopts the Agile development model as its chosen
methodology. Agile is a flexible and iterative approach that
emphasizes collaboration, adaptability, and customer satisfaction. It
allows for continuous improvement, early delivery of working
software, and the ability to respond to changing requirements

throughout the development process.

The Agile model is well-suited for this project as it involves
developing a software application for heart disease prediction. By
following the Agile principles, the development team can work
closely with stakeholders, gather feedback, and make necessary
adjustments to ensure the final product meets the desired objectives.
The iterative nature of Agile allows for incremental development,
where the project is divided into smaller iterations or sprints,
eachdelivering a functional increment of the software. The Agile
methodology promotes regular communication and collaboration

among team member

17



including developers, testers, and stakeholders. It encourages
adaptive planning, where requirements are continuously refined and
reprioritized based on feedback and changing needs. The
development process is driven by user stories and frequent
customer involvement, ensuring that the software aligns with the
users' expectations. By adopting Agile, the Heart Disease Prediction
Project benefits from increased flexibility, faster feedback loops, and
the ability to address risks and issues early in the development
cycle. It also allows for continuous integration and testing, ensuring
a high-quality software product. However, it is importantto effectively
manage scope and prioritize features to avoid scope creep and
deliver the most valuable functionality within the project's time and

resource constraints.

ADVANTAGES OF AGILE DEVELOPMENT MODEL

e Flexibility: Agile allows for changes and modifications
throughout the development process, accommodating
evolving requirements.

e Customer Satisfaction: Agile involves the customer in
the development process, ensuring their continuous
feedback and satisfaction.

e Iterative Development: The project is divided into small
iterations, allowing for frequent releases of working
software and early feedback.

e Superior quality product: Testing is an integrated part
of the project execution phase, which means that the
overall quality of the final product is greater.

e Adaptability: Agile allows teams to adapt to changes
and make adjustments based on feedback and

18



DISADVANTAGES OF AGILE DEVELOPMENT MODEL

e Lack of Predictability: Due to the flexible nature of Agile,
it can be challenging to estimate and predict project
timelines and costs accurately.

e Resource Requirements: Agile development requires a
highly skilled and dedicated team, as well as frequent
communication and collaboration.

e Documentation: Agile focuses more on working software
rather than extensive documentation, which can be a
challenge for maintaining comprehensive documentation.

e Scope Creep: Without proper management, the project
scope can expand continuously during each iteration,
leading to potential delays and increased costs.

e Fragmented Output: Incremental delivery may help bring
products to market faster, but it's also a big disadvantage
of Agile methodology.

e Limited Documentation: In Agile, documentation
happens throughout a project and often “just in-time” for
building the output, not at the beginning.

e Limited Scope: Agile Methodology focuses on delivering
small increments of the software solution at a time.

e More time and commitment: Communication and
collaboration is great but the constant interaction takes
more time and energy for everyone involved.

e Difficult Measurement: Since Agile delivers in
increments, tracking progress requires you to look across

cycles. You can’t set many requirements at the start of the

19
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Requirements 01 3 02 Design
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DEVELOPMENT

Review 06 03 Development

Deployment O 5 . 04 Testing

Fig.no : 5.1 Agile Cycle Model

REQUIREMENT

e Gather and analyze all the requirements for the Heart
Disease Prediction project.

¢ |dentify the stakeholders, their needs, and the expected
functionality of the system.

¢ Document the requirements in a requirement specification
document.

DESIGN

e Based on the requirements, design the system architecture
for the Heart Disease Prediction project.

e Specify the hardware and system requirements necessary for
the project.

20



DEVELOPMENT

e Develop the Heart Disease Prediction system in small units
or modules.

e Each module should be developed and tested

e Unit testing should be performed to ensure that

each module works as expected.
TESTING

¢ Integrate the developed modules into a complete
Heart Disease Prediction system.

e Test each integrated module for any faults or failures.

e Conduct regular testing throughout the development
process to ensure the system functions correctly.

DEPLOYMENT

e Once the Heart Disease Prediction system has
undergone functional and non-functional testing,
deploy it in the customer environment.

e Ensure the system is ready for use and meets
the requirements of the stakeholders.

¢ Release the system into the market or customer's
environment.

e Agile deployment may be seen as simply another
testing step since multiple development

deployments

21



AGILE DEVELOPMENT APPROACH

Agile development emphasizes flexibility, adaptability,
and iterative development.

e The Heart Disease Prediction project can be
implemented using an Agile framework such as Scrum
or Kanban.

e Instead of following a sequential waterfall model,
Agile focuses on delivering working software in
short iterations called sprints.

e The project team collaborates closely with
stakeholders, continuously gathering feedback and
adapting the system accordingly.

e The Agile software development cycle relies on
the iteration or single development cycles.

¢ The development teams must keep the software running
smoothly while also teaching users exactly how to use it.

e Agile development allows for regular inspection and
adaptation, ensuring that the Heart Disease Prediction
system meets evolving requirements and customer

5.1 COLLECTION OF DATASETS

Initially, we collected a dataset for our heart disease prediction system.
After the collection of the dataset, we split the dataset into training data
and testing data. The training dataset is used for prediction model learning
and testing data is used for evaluating the prediction model. For this
project, 70% of training data is used and 30% of data is used for testing.
The dataset used for this project is Heart Disease UCI. The dataset
consists of 76 attributes; out of which, 14 attributes are used for the
system.
22
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Fig.no :5.2 Collection of Datasets

5.2 SELECTION OF ATTRIBUTES

Data Split

After the collection of the dataset, we split the dataset into training

data and testing Attribute or Feature selection includes the selection

of appropriate attributes for the prediction system. This is used to

increase the efficiency of the system. Various attributes of the

patient like gender, chest pain type, fasting blood pressure, serum

cholesterol, exang, etc are selected

Correlation matrix is used for attribute
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Fig.no: 5.3 Correlation matrix
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5.3 PRE-PROCESSING OF DATA

Data pre-processing is an important step for the creation of a machine
learning model. Initially, data may not be clean or in the required
format for the model which can cause misleading outcomes. In pre-
processing of data, we transform data into our required format. It is
used to deal with noises, duplicates, and missing values of the
dataset. Data pre-processing has activities like importing datasets,
splitting datasets, attribute scaling, etc. Preprocessing is required to
increase the efficiency and production of the given model.

o 4

Preprocessing

€

Fig.no : 5.4 Data Pre-Processing




5.4 BALANCING OF DATA

Imbalanced datasets can be balanced in two ways. They are Under
Sampling and Over Sampling. In Under Sampling, dataset balance
is done by the reduction of the size of the ample class. This process
is considered when the amount of data is adequate. In Over
Sampling, dataset balance is done by increasing the size of the
scarce samples. This process is considered when the amount of
data is inadequate.

Imbalanced data is not always a bad thing, and in real data sets,
there is always some degree of imbalance. That said, there should
not be any big impact on your model performance if the level of
imbalance is relatively low. Over- sampling increases the number of
minority class members in the training set. The advantage of over-
sampling is that no information from the original training set is lost,
as all observations from the minority and majority classes are kept.

On the other hand, it is prone to overfitting.

Gender V/s target

N heart disease
no heart disease
100 4
80
w
§
s 60
A
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Fig.no : 5.5Balancing of data
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5.5 PREDICTION OF THE DISEASE

Various machine learning algorithms like SVM, Naive Bayes, Decision
Tree, Random Tree, Logistic Regression, Ada-boost, Xg-boost are
used for classification. Comparative analysis is performed among
algorithms and the algorithm that gives the highest accuracy is used
for heart disease prediction.

Machine learning model predictions allow businesses to make highly
accurate guesses as to the likely outcomes of a question based on
historical data, which can be about all kinds of things — customer
churn likelihood, possible fraudulent activity, and more. These provide
the business with insights that result in tangible business value. For

example, if a model predicts a customer is likely to churn.

Heart Disease Predictor

You dont have any Symptoms of the
heart disease

Fig.no : 5.6 Prediction of Disease
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CHAPTER 6
RESULT AND DISCUSSION

In this study, an efficient machine learning based diagnosis system has been
developed for the diagnosis of heart disease. Machine learning classifiers include
LR, K-NN, ANN, SVM, NB, and DT are used in the designing of the system. Four
standard feature selection algorithms including Relief, MRMR, LASSO, LLBFS,
and proposed a novel feature selection algorithm FCMIM used to solve feature
selection problem. LOSO cross-validation method is used in the system for the
best hyperparameters selection. The system is tested on Cleveland heart disease
dataset. Furthermore, performance evaluation metrics are used to check the
performance of the identification system. According to the specificity of ANN
classifier is best on Relief FS algorithm as compared to the specificity of MRMR,
LASSO, LLBFS, and FCMIM feature selection algorithms. Therefore for ANN with
relief is the best predictive system for detection of healthy people. The sensitivity
of classifier NB on selected features set by LASSO FS algorithm also gives the
best result as compared to the sensitivity values of Relief FS algorithm with
classifier SVM (linear). The classifier Logistic Regression MCC is 91% on selected
features selected by FCMIM FS algorithm. The processing time of Logistic
Regression with Relief, LASSO, FCMIM and LLBFS FS algorithm best as
compared to MRMR FS algorithms, and others classifiers. Thus the experimental
results show that the proposed features selection algorithm select features that are
more effective and obtains high classification accuracy than the standard feature
selection algorithms. According to feature selection algorithms, the most important
and suitable features are Thallium Scan type chest pain and Exercise-induced
Angina. All FS algorithms results show that the feature Fasting blood sugar (FBS)
is not a suitable heart disease diagnosis. The accuracy of SVM with the proposed
feature selection algorithm (FCMIM) is 92.37% which is very good as compared
previously proposed method the performance of machine learning based method
FCMIMSVM is high then Deep neural network for detection of HD. A little
improvement in prediction accuracy have great influence in diagnosis of critical

diseases. The novelty of the study is developing a diagnosis system for
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identification of heart disease. In this study, four standard feature selection
algorithms along with one proposed feature selection algorithm is used for features
selection. LOSO CV method and performance measuring metrics are used. The
Cleveland heart disease dataset is used for testing purpose. As we think that
developing a decision support system through machine learning algorithms it will
be more suitable for the diagnosis of heart disease. Furthermore, we know that
irrelevant features also degrade the performance of the diagnosis system and
increased computation time. Thus another innovative touch of our study to used
features selection algorithms to selects the appropriate features that improve the
classification accuracy as well as reduce the processing time of the diagnosis
system.

In the future, we will use other features selection algorithms, optimization methods
to further increase the performance of a predictive system for HD diagnosis. The
controlling and treatment of disease is significance after diagnosis, therefore, i will
work on treatment and recovery of diseases in future also for critical disease such

as heart, breast, Parkinson, diabetes.
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CHAPTER 7
CONCLUSION AND FUTURE WORK

CONCLUSION

In conclusion, heart disease prediction projects hold great potential for
improving risk assessment and early intervention. However, these
projects come with their limitations and challenges. The accuracy of
heart disease prediction models is influenced by the quality and
representativeness of the data used, as well as the complexity and
dynamic nature of heart disease itself. False positives and false
negatives can occur, and predictive models may not capture all relevant

risk factors or adequately account for temporal changes.

Ethical considerations surrounding privacy, consent, and potential
discrimination also require careful attention. Additionally, integrating
prediction models into clinical practice and ensuring their effective

implementation pose practical challenges.

Despite these limitations, heart disease prediction projects offer
valuable insights and can guide preventive strategies. Collaborative
efforts between researchers, healthcare providers, and technology
experts are essential for refining these models, incorporating additional

risk factors, and addressing ethical concerns.

By continuously improving data quality, refining algorithms, and
considering personalized risk assessment, heart disease prediction
projects can contribute to more effective preventive measures,
personalized interventions, and ultimately reduce the burden of heart

disease on individuals and healthcare systems.
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Despite these limitations, heart disease prediction projects offer
valuable insights and can guide preventive strategies. Collaborative
efforts between researchers, healthcare providers, and technology
experts are essential for refining these models, incorporating additional
risk factors, and addressing ethical concerns.

By continuously improving data quality, refining algorithms, and
considering personalized risk assessment, heart disease prediction
projects can contribute to more effective preventive measures,
personalized interventions, and ultimately reduce the burden of heart

disease on individuals and healthcare systems.

General physicians can utilize this tool for initial diagnosis of cardio-
patients. There are many possible improvements that could be explored
to improve the scalability and accuracy of this prediction system. As we
have developed a generalized system, in future we can use this system
for the analysis of different data sets.

The performance of the health’s diagnosis can be improved significantly
by handling numerous class labels in the prediction process, and it can
be another positive direction of research. In DM warehouse, generally,
the dimensionality of the heart database is high, so identification and
selection of significant attributes for better diagnosis of heart disease

are very challenging
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FUTURE WORK

The correct prediction of heart disease can prevent life threats, and
incorrect prediction can prove to be fatal at the same time. In this paper
different machine learning algorithms and deep learning are applied to
compare the results and analysis of the UCI Machine Learning Heart
Disease dataset. The dataset consists of 14 main attributes used for
performing the analysis. Various promising results are achieved and are
validated using accuracy and confusion matrix. The dataset consists of
some irrelevant features which are handled using Isolation Forest, and
data are also normalized for getting better results. And how this study
can be combined with some multimedia technology like mobile devices
is also discussed. Using deep learning approach, 94.2% accuracy was

obtained.

Heart disease prediction models have several limitations that need to be
considered. First, the quality and availability of data can impact the
accuracy of predictions. Inconsistent data collection practices, missing
or incomplete data, and limited access to relevant variables can hinder
the development of robust prediction models. Additionally, the predictive
power of these models is limited by the complexity of heart disease,
with numerous risk factors, variable interactions, and individual

variability making it challenging to achieve perfect accuracy.
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Furthermore, heart disease prediction models may not adequately
capture the dynamic nature of risk factors, as they can change over
time due to lifestyle modifications, medical interventions, and aging.
This can lead to reduced accuracy and relevance of the models without
regular updates and recalibration. Moreover, while some models
incorporate genetic information, many predominantly focus on
traditional risk factors, potentially overlooking the complex genetic

component of heart disease risk.

There is also the issue of uncertainty associated with predictions.
Despite advancements in predictive analytics, there is always a degree
of uncertainty in predicting individual health outcomes. False positives
and false negatives are possible, leading to both overdiagnosis and
missed diagnoses, potentially causing unnecessary medical

interventions or overlooking individuals at risk.

Moreover, ethical considerations arise regarding privacy, consent, and
potential discrimination. Proper handling of sensitive health data,
obtaining informed consent, and addressing bias and fairness concerns
are essential to ensure the responsible and equitable use of heart

disease prediction models.

Finally, the implementation and adoption of heart disease prediction
models in real-world clinical settings pose challenges. Integrating these
models into existing healthcare systems, training healthcare
professionals, and ensuring effective communication of predictive

results to patients require careful planning and considerations.

Predictive models rely on data inputs to make accurate predictions. If
the dataset used to develop the model lacks comprehensive or up-to-
date information, it may not capture all
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APPENDIX
A.Source code

from flask
import nu
import p
import pa

app = Flask{_ name_ )

file = open(’'final model.pkl®,’'rb")
ml model = pickle.load(file)

@app.route('/")

@app.route( " findex")
def index():
return render template(’index.html®)
@app.route(’/
def login():
return rends emplate( login.html")
@app . route( :
def abstract():
return render
@app.route(’
def elements():
return render_ template

@app.route( ' /chart")
def chart():
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@app.route( ' /upload")
def upload():
return render_template('upload.html"®}
{@app -route( : me [P 1)
def p w():
if request.method == "POST':
dataset = request.files[’
df = pd.read csv(dataset,enc
df.set_index('Id", in
return render_templat

@app.route(’ /home")
def home():
return render_template('heart.html”)

@app - route(
def predict(}):
if request._method == "POST":
print(request.form)
cp = request.form[‘cp"]
trestbps = request.form[’
chol = request.form[ chol’]
fbs = request.form['fbs']
restecg = request.form[ 'res
thalach = request.form[ 't
exang = request.form["
pred args = [cp,trestbps,chol,fbs,restecg,thalach,exang]
pred_args_arr = np.array(pred_args)
pred_args_arr = pred_args_arr.reshape(1,-1)

output = ml_model.predict(pred_args_arr)
print( it)

if (int{output
prediction
else:
prediction = "You dont hawv

return render_template("result.html”,p

if _ name main
app.run
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HEART DISEASE IDENTIFICATION

PREVIEW

*

HEART DISEASE IDENTIFICATION
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Abstract: Myocardial infarction and strokes are major contributors to the
fatalities associated with cardiovascular diseases (CVDs), often occurring
before the age of 70. Annually, an estimated 17.9 million people succumb to
CVDs. Due to the limitations of accurate individual patient monitoring and
the constraints on clinicians consulting patients every 24 hours, a more
efficient approach is needed. In this research, we utilized a machine
learning technique, specifically logistic regression, on a publicly available
dataset from Kaggle, incorporating various cardiac characteristics to
develop predictive models for heart disease. Assessing the risk of
developing coronary heart disease (CHD) over a ten-year period was the
main goal of our investigation. The dataset comprised over 4,000 records,
featuring 15 attributes and patient data. For binary and multi-class
classification, logistic regression—a technique for predicting a dependent
variable based on sets of independent variables—was used. The main goals
were to determine the most important heart disease risk factors and use
logistic regression to estimate the total risk.Globally, machine learning is
extensively used in many different fields, and the healthcare sector is no
exception. It is useful in determining if cardiac conditions, movement
abnormalities, and other conditions will manifest or not. Healthcare
practitioners can customize their diagnostic and treatment plans for each
patient with the help of accurate predictions, which can provide insightful
information.Our work revolves around Ileveraging machine learning
algorithms to predict potential heart diseases in individuals, contributing to
the ongoing advancements in healthcare predictive analytics.

Keywords: cardiovascular diseases (CVDs), ML, Logistic regression, Kaggle.
I.INTRODUCTION
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Heart disease claims 12 million lives globally, emerging as a predominant
cause of mortality,worldwide.

Rising Burden and Silent Threats

The escalating burden of cardiovascular disease over recent years
underscores the urgency of predictive analytics in the realm of data analysis.
Heart disease's often silent manifestation, leading to fatalities without evident
symptoms, accentuates the need for proactive measures.

As cardiovascular diseases surge, the exploration of predictive analytics
becomes imperative. Machine learning, a powerful tool in data analysis,
stands out as a key player in forecasting heart-related ailments.

Project Objectives

Using patient data and machine learning algorithms, our initiative attempts to
forecast future heart disorders by categorizing people according to whether or
not they have heart disease. The goal is to create a predictive model that is
both user-friendly and successful.

Logistic Regression: An Analytical Engine

Logistic regression, a popular supervised learning algorithm, takes center
stage in our project. It predicts categorical dependent variables by fitting an
"S"-shaped logistic function, offering probabilistic values between 0 and 1.
Advantages and Utility

Logistic regression's simplicity, ease of implementation, and efficiency in
training make it a suitable choice. Its ability to provide insights into feature
importance and associations enhances model interpretability.

Limitations and Challenges

While logistic regression offers advantages, it faces challenges such as
overfitting on high-dimensional datasets and the inability to address non-linear
problems. These limitations prompt the need for careful consideration and
potential feature transformations.

Liqistic Fagresson

sigroiciX|
~

Fig.1 Logistic Regression
II.LITERATURE SURVEY
Accurate cardiovascular disease (CVD) risk assessment is paramount for
effective preventive strategies and personalized healthcare. The need for a
sufficiently large and representative sample cannot be overstated in ensuring
the reliability of risk prediction models. Age, sex, and ethnicity-based sample
stratification recognizes the differences in CVD risk factors among groups.
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But disagreements emerge about how well-suited the current instruments are
for a range of age groups, which forces one to carefully evaluate the
inclusion requirements.
Age has a significant effect on the risk of CVD; Lloyd-Jones and colleagues
found that if a person had cardiovascular risk factors, a critical age of 50
years old increases their lifetime risk of developing CVD. However, the
underrepresentation of elderly people (70-80 years old) and younger adults
(30—40 years old) in earlier studies raises concerns regarding the applicability
of these techniques for these particular populations. A balance must be
struck to prevent an unnecessary increase in the age range, potentially
blunting the incidence of CVD events.
Sex-specific differences in risk factors necessitate the inclusion of
representative samples from both men and women. Longitudinal prospective
cohorts offer a valuable approach to observe actual outcomes based on
existing lifestyles and risk factors, minimizing selection bias. This
methodology aligns with the shift towards prevention medicine research,
providing a robust foundation for assessing CVD risk.
Existing risk-assessment instruments, which were developed from research
done in the 1970s and 1980s, continue to face difficulties. The high incidence
of diabetes and CVD events in the historical setting restricts the applicability
of these methods to the present day. A critical evaluation of a 5- or 10-year
follow-up period becomes essential for clinically relevant risk management
strategies.
Distinguishing between coronary heart disease (CHD) and overall CVD risks
poses critical questions, as they are correlated but not equivalent. The
utilization of the Cox proportional hazards model, with its incorporation of
event timing, enhances the precision of risk assessments compared to
logistic regression.
The selection of risk factors for inclusion in assessment tools remains a point
of contention, influenced by measurement methods, resource availability, and
their impact on predictive accuracy. Lifestyle factors, aside from smoking, are
underrepresented, partly due to the challenges in their assessment and their
limited independent significance in multivariate models.
Uncertainties about the relative relevance of cholesterol and blood pressure
components in predicting CVD risk continue despite improvements.
Innovations in risk assessment, such as exploring novel risk factors and
adapting tools to local epidemiological data, are crucial for enhancing
predictive accuracy and relevance.
In conclusion, while existing risk-assessment tools provide valuable insights
into CVD risk, continuous validation, and adaptation to population trends are
essential.
Addressing the challenges and uncertainties surrounding age groups, sex-
specific differences, and evolving risk factors will contribute to the refinement
and precision of CVD risk prediction models in diverse populations.
II.LRELATED WORKS
Existing system:
Heart disease, often dubbed as a silent killer due to its ability to lead to a
person's demise without apparent symptoms, has become a major source of
concern. The elusive nature of the disease has sparked growing anxiety,
prompting continuous efforts to predict its occurrence in the future. Many
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instruments and methods are being continuously tested to meet the demands
of modern medicine in response to this urgent health concern. In this
endeavor, machine learning approaches show great promise. Although there
are many different ways that heart disease might present itself, Many people
are susceptible to the disease because they have a similar set of risk
factors.The approach involves collecting data from diverse sources,
categorizing them under relevant headings, and conducting a comprehensive
analysis to extract pertinent information. This methodology is deemed effective
in predicting heart disease, aligning with the adage, "Prevention is better than
cure." Early prediction and subsequent intervention hold the potential to
reduce mortality rates associated with heart disease.
Proposed system:
The proposed system operates by initiating the process with data collection
and the selection of crucial attributes. Preprocessing is done on the collected
data to ensure that it is in the format needed. Separate sets of data are then
created for testing and training purposes. The model is trained with the
designated training data by applying machine learning methods. The system is
then evaluated using separate testing data to find out how accurate it is. The
predictive model is constructed with several modules, and each one helps it
work smoothly. The systematic workflow ensures that relevant data is
identified, processed, and utilized for training and testing purposes. The
suggested method is an attempt to proactively address the significant health
problem of heart disease by using machine learning algorithms to improve the
accuracy of illness prediction.
IV.METHODOLOGY

Collection of data sets:

We gathered information for our heart disease prediction model throughout

the first phase. After that, the dataset was divided into subgroups for testing

and training. The training dataset is essential to the prediction model's

learning process, whereas the testing data is vital for assessing the

prediction model's efficacy. Thirty percent of the data in this project is set

aside for testing, while the remaining seventy percent is used for training.

Heart Disease UCI is the dataset used in this study, and the algorithm

focuses on using twenty-four of the 76 attributes that are present in the

Source

Data

dataset.
Fig.2 Data set

Attributes selection:

After acquiring the dataset, we proceeded to partition it into testing and
training sets. The selection of appropriate attributes for the prediction system
constitutes a crucial aspect of the attribute or feature selection process,
aimed at enhancing the system'’s efficiency.

Numerous patient characteristics contribute to the prediction, encompassing
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factors such as gender, type of chest pain, fasting blood pressure, serum
cholesterol, and exang, among others. The attribute selection process of this
model leverages the correlation matrix to discern the interrelationships

» Wi o oses i ¥
.

among various attributes. = - - == - e SRS RS
Fig.3 Coorelation matrix

Data pre-processing

An essential part of developing a machine learning model is getting the data
ready. Incorrect findings might have resulted from the model first receiving
data that was not clean or properly prepared. Data must be transformed into
the required format during pre-processing. Dataset issues including noise,
duplication, and missing values may be remedied with it. Data pre-processing
comprises activities such as loading and dividing datasets, scaling attributes,
and comparable tasks. To improve the model's productivity and efficiency,
preprocessing is necessary.

Integration Transformation

Data
Preprocessing

Data
Reduction
or
Dimension
Reduction

Fig.4 Data pre- processing

Balancing of data:

Using strategies like under- and oversampling is part of managing
imbalanced datasets. When sufficient data is available, undersampling, which
lowers the size of the majority class, produces balance. On the other hand,
Over Sampling, which is used when the dataset is insufficiently informational,
expands the size of the minority class. The type and volume of the available
data determine which of these approaches is best.

While imbalanced datasets are prevalent in real-world scenarios, their
presence doesn't necessarily lead to a negative impact on model
performance. A certain degree of imbalance is expected, and it typically
doesn't significantly affect the model's performance, especially when the level
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of imbalance is relatively low.

Over Sampling specifically focuses on augmenting instances from the
minority class within the training set. Its advantage lies in retaining all
observations from the original training set, encompassing both minority and
majority classes. However, Over Sampling introduces a potential drawback:
the risk of overfitting.

A model is said to have overfit when it incorporates noise or random
fluctuations into its learning of the training data to an excessive degree. While
Over Sampling ensures adequate representation of the minority class, it
elevates the likelihood of the model tailoring itself too closely to the training
data, potentially hindering generalization to new, unseen data.

Therefore, when choosing a balancing technique, it's essential to strike a
balance between addressing class imbalance and averting overfitting. The
objective is to enhance the model's capacity to recognize patterns in both
minority and majority classes without compromising its ability to generalize
effectively to new, unseen data. Each balancing method presents its
advantages and trade-offs, and the selection should be guided by the specific
characteristics and requirements of the dataset under

Gender V/s target

- heart desease
heart dsease

consideration.

Fig.5 Data balancing
Prediction of disease:
Heart disease prediction uses a variety of machine learning methods for
classification, including SVM, Naive Bayes, Decision Tree, Random Tree,
Logistic Regression, Ada-boost, and Xg-boost. To determine which of these
algorithms has the best accuracy in predicting heart disease, a thorough
comparison study is carried out.
In the realm of machine learning, predictive models generated by these
algorithms empower businesses to make highly accurate predictions based
on historical data. The applications of these predictions span a broad
spectrum, encompassing areas like identifying potential fraudulent activity,
predicting customer churn likelihood, and more. The tangible insights derived
from these models deliver substantial business value, offering precise
estimations, such as the probability of a customer

-

W

|

- ’I
churning.
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Fig.6 Prediction of Disease
Agile Architecture Methodology:
The Heart Disease Prediction Project was built using the Agile development
style, which is known for being an incremental and iterative approach to
software development. Emphasizing flexibility, collaboration, and customer
satisfaction, Agile breaks down the development process into small,
manageable iterations known as sprints, each dedicated to delivering a
functional software increment. This framework promotes adaptive planning,
continuous improvement, and the early delivery of valuable software.
The Heart Disease Prediction Project's alignment with the Agile development
model is driven by its flexibility, iterative characteristics, and the emphasis on
collaboration and adaptability. Adhering to Agile principles allows the
development team to engage closely with stakeholders, collect timely
feedback, and make necessary adjustments throughout the project's
lifecycle. The iterative nature of Agile facilitates incremental development,
with the project segmented into smaller sprints, each delivering a functional
increment of the software.
The Agile methodology fosters contact between developers, testers, and
stakeholders by encouraging regular communication and collaboration
among team members. It facilitates adaptive planning, which allows
requirements to be continuously improved and rearranged in accordance with
input and changing needs. User stories serve as a roadmap for the
development process, and customer involvement is encouraged to make
sure that the software meets user expectations as intended.
Adopting the Agile model offers several advantages for the Heart Disease
Prediction Project:
Flexibility: Agile accommodates changes and modifications throughout the
development process to address evolving requirements.
Customer Satisfaction: Involving customers in the development process
ensures continuous feedback and satisfaction.
Iterative Development: The project is divided into small iterations, allowing
for frequent releases of working software and early feedback.
Superior Quality Product: Testing is integrated into the project execution
phase, ensuring overall product quality.
Adaptability: Agile allows teams to adapt to changes and make adjustments
based on feedback and lessons learned during development.

Requirements O 1 O 2 Design
Review O 6 ‘DEVEA:.%:’EAENT .'H O 3 Development
Al
Deployment O 5 04 Testing

Fig.7 Agile Architecture methodology
Requirement:
Gathering and analyzing all requirements for the Heart Disease Prediction
project involves identifying stakeholders, understanding their needs, and
specifying the expected system functionality. These requirements are
documented in a requirement specification document.
Design:Based on the requirements, the system architecture for the Heart
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Disease Prediction project is designed. Hardware and system requirements
are specified to guide the development process.

Development:

The system is constructed in manageable chunks, or modules, and the
functionality of each module is tested separately. Every module is put
through unit testing to make sure it functions as intended.

Testing:

Integrated modules are tested for faults or failures. Regular testing
throughout the development process ensures the system functions correctly.
Deployment:

Once the Heart Disease Prediction system undergoes testing, it is deployed
in the customer environment. The system is released into the market or the
customer's environment.

Review:

Ongoing maintenance, updates, and enhancements are performed based on
customer feedback, ensuring the continuous improvement of the Heart
Disease Prediction system. Addressing issues and releasing patches
contribute to the system's robustness and effectiveness. Agile deployment is
considered a continuous process, allowing for adjustments and

improvements even after the initial
Medical Data
Data Preprocessing
Handle
Missing Value
Random Shuffling
v
v v
Train Set Test Set
Learn Parameters Heart Disease Prediction
release.

Fig.8 Flow diagram
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Fig.9 When the person does not have heart disease
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2) When the person has heart disease

Fig.10 When the person have heart disease
V.CONCLUSION
In conclusion, heart disease prediction projects present significant potential
for enhancing risk assessment and facilitating early intervention. However,
these endeavors are not without their limitations and challenges. The
accuracy of heart disease prediction models is intricately tied to the quality
and representativeness of the data utilized, compounded by the complex and
dynamic nature of heart disease itself. False positives and false negatives
may arise, and predictive models may not comprehensively capture all
relevant risk factors or adequately adapt to temporal changes.
Ethical considerations surrounding privacy, consent, and the potential for
discrimination demand careful attention in the implementation of these
projects. Additionally, integrating prediction models into clinical practice and
ensuring their effective implementation pose practical challenges that must
be navigated.
Despite these limitations, heart disease prediction projects offer valuable
insights that can guide preventive strategies. Collaborative efforts between
researchers, healthcare providers, and technology experts are indispensable
for refining these models, incorporating additional risk factors, and
addressing ethical concerns. A continuous commitment to improving data
quality, refining algorithms, and embracing personalized risk assessment is
crucial. This evolution in heart disease prediction projects has the potential to
contribute to more effective preventive measures, personalized interventions,
and ultimately alleviate the burden of heart disease on individuals and
healthcare systems.
Future works:
As we go forward with this project, primary care doctors may be able to use
this tool to make the first diagnosis of heart patients. Important factors to
examine include investigating potential enhancements to the prediction
system's scalability and accuracy. The developed system, being generalized,
holds the potential for application in the analysis of diverse datasets.
A promising direction for future research involves improving the performance
of health diagnosis by addressing numerous class labels in the prediction
process. This approach represents a positive trajectory for further exploration
and development in the field of heart disease prediction. Collaborative
endeavors and a commitment to ongoing research will contribute to
advancing the capabilities and impact of heart disease prediction projects,
ultimately benefiting healthcare professionals and individuals alike.
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