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ABSTRACT:

This paper mainly aims about risk factor of heart disease using medical dataset. The symptoms of
heart disease are mainly Chest pain, chest tightness, shortness of breath and chest discomfort
(angina).Machine learning (ML) has proved to be vital in predicting heart disease. Using their medical
dataset is also a way to predict heart disease.
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I.INTRODUCTION

The term “heart disease” refers to several types of heart conditions. In the United States, the most common
type of heart disease is coronary artery disease (CAD), which can lead to heart attack. There are many types
of heart disease, and each one has its own symptoms and treatment. For some, lifestyle changes and medicine
can make a huge difference in improving your health. For others, you may need surgery to make your ticker
work well again. Logistic Regression is used to predict the chances of affecting heart disease by comparing the
medical data set of an individual with the given data set. CAD is the most common heart problem. With CAD,
you may get blockages in your coronary arteries — the vessels that supply blood to your heart. That can lead to a
decrease in the flow of blood to your heart muscle, keeping it from getting the oxygen it needs. The disease
usually starts as a result of atherosclerosis, a condition sometimes called hardening of the arteries.
Coronary heart disease can give you pain in your chest, called angina, or lead to a heart attack.

I.LRELATED WORKS:

Many old physicians thought that high BP was necessary to force blood through the stiffened
arteries of older persons and that it was a normal element of aging. The medical community believed that a
permissible systolic BP was 100 plus the participant's age in millimeters of mercury [1]

For those aged >70 years, some considered the acceptable upper limits of normal BP to be 210
mmHg systolic and 120 mmHg diastolic.[2]

The cardiovascular hazard of hypertension was believed to derive chiefly from the diastolic
pressure component. Consequently, elevated systolic pressure was considered harmless, especially in the
elderly.[3]

Blood pressure is now recognized universally that hypertension increases atherosclerotic CVD
incidence; the risk burden is 2-3-fold. CAD is the most common sequelae for hypertensive patients of all
ages.[4]

Hypertension predisposes to all clinical manifestations of CHD including myocardial infarction,
angina pectoris, and sudden death. Even high normal BP values are associated with an increased risk of
CVD.[5]

The risk ratio for intracerebral hemorrhage was greater than for atherothrombotic brain
infarction.[6]

It was found that hypertension was as strong a risk for atherothrombotic brain infarction as
intracerebral hemorrhage.[7]
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Framingham showed that the preponderance of hypertension-related strokes were atherothrombotic
brain infarctions whether the hypertension was severe or mild. The proportion of strokes due to
hemorrhage in mild hypertension was identical to that for severe hypertension.[8]

The Seventh JNC on hypertension established that those with BP of 120-139/80-89 mmHg are pre
hypertensives, that is, these individuals may become hypertensives in the future. Starting as low as 115/75
mmHg, the risk of heart attack and stroke doubles for every 20-point jump in systolic BP or every 10-point
rise in diastolic BP for adults aged 40-70.[9]

The presence of other risk factors for CVD such as high cholesterol, obesity, and diabetes is seen
more in people with prehypertension than in those with normal blood pressure. The CVD risk in pre
hypertensives increases with the number of associated risk factors present. Therefore, prehypertension
confers a greater risk for CVD.[10]

The other major risk for CVD was cholesterol. In 1953, an association between cholesterol levels
and CHD mortality was reported in various populations.[11]

It was shown that changes in cholesterol levels were associated with changes in CVD incidence
rate.[12]

1. METHADOLOGY

A.DATA PREPROCESSING

Data preprocessing is a manipulation or dropping of data before it is used in order to ensure or enhance
performance. It is a process of transforming raw data into an understandable format. We use logical
regression algorithm to predict heart disease dataset.
B.LOGICAL REGRESSION

This supervised learning method gives the probability of a target variable. Logistic regression uses
fairly common machine learning algorithm that's accustomed predict categorical outcomes. Logistic
regression uses classification algorithm, used when the worth of the target variable is categorical in nature.
Logistic regression is most ordinarily used when the information in question has binary output, so when it
belongs to at least one class or another, or is either a 0 or 1. The following steps for logistic regression:
e STEP 1: Generate a dataset and download necessary packages.
e STEP 2: Splinter the dataset into test and training dataset. Training set - used to train the model. Testing
set — describes the evaluation of the models.
e STEP 3: Visualization gives a better scope of interactivity of the algorithm to convey a better
understanding of the data set.
e STEP 4: Define a prediction value using logistic regression.
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C.FLOWCHART
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IV.RESULT

plt.show()

Jusr/local/lib/python3.7/dist-packages/seaborn/_decorators.py:43:
FutureWarning: Pass the following variable as a keyword arg: x. From
version 0.12, the only wvalid positional argument will be “data’, and
passing other arguments without an explicit keyword will result in an
error or misinterpretation.

FutureWarning

AxesSubplot(0.125,0.125;0.775x0.755)
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Figl represents the cholestral level.

predicted_value KnowO/P

313 4] 272
727 2 245
204 4 186
442 4] 265
400 2 255
498 4] 258
178 4 236
970 2 199
568 4 189
703 2 294

[300 rows x 2 columns]

#STATUS

#accuracy for HeartDisease
metrics.accuracy_score(test_Y,predicted_value)
0.53

#prediction heart disease
pd.DataFrame({ ' predicted value':predicted_value, 'Know0/P':test_Y})

predicted_value KnowO/P

313 1 1
727 1 1
204 4] 0
442 1 1
400 1 1
498 1 1
178 4] 0
970 4] 0
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970 8]
568 0
703 8]

P = B

[300 rows x 2 columns]

metrics.accuracy_score(test_Z,predicted_value)#5

0.13

Fig 2
Fig 2 represents the accuracy level of the score test

One of the common Heart disease symptom is chest pain. Almost 78% of the case, chest pain was
the common symptom but some people will not experience chest pain and some have other symptoms.
Using Logistic Regression risk factors are compared and the chances of affecting heart disease is predicted.
In the above picture, the known output in the dataset may be above or below 95% but the predicted values
will be above or below 95% by comparing the attributes.

V.CONCLUSION AND FURTHER WORK
In this paper, dataset incorporation, importing packages and visualization are performed in Colab notebook.
Logical Regression is used to predict the risk factor of the heart disease. To have constant and feasible
immunity every people should eat healthy and to stay fit.
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