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1
HEART DISEASE PREDICTION BY ZAINAB

2
Importing essential libraries

[image: image1]
['.ipynb_checkpoints', 'data.log', 'Decision tree.ipynb', 'KNN.ipynb',
'Thesis2.ipynb', 'Untitled.ipynb']
[2]: df = pd.read_excel('C:/Users/hp/Desktop/KNN.xlsx')

3
Importing and understanding our dataset
[3]: 
[image: image2]df
[3]:
age sex cp trestbps chol fbs restecg thalach exang oldpeak \
0 37
1
0
140 200
0
1
175
0
1.0
1 32
0
1
130
204
0
0
172
0
1.4
2 56
1
1
120
236
0
1
178
0
0.8
3 57
0
0
120
354
0
1
163
1
0.6
4 57 1 0 140 192 0 1 148 0 0.4 .. … … .. … … … … … … …
299 45
1
3
110
264
0
1
132
0
1.2
300 68
1
0
144
193
1
1
141
0
3.4
301 57
1
0
130
131
0
1
115
1
1.2
302 57
0
1
130
236
0
0
174
0
0.0
303 57
0
1
130 236
0
0
174
0
0.0
slope ca thal target
0 1
0
2
1
1 2
0
2
1
2 2
0
2
1
3 2
0
2
1
4 1
0
1
1

..
… ..
…
…
299 1
0
3
0
300 1
2
3
0
301 1
1
3
0
302 1
1
2
0
303 1
1
2
0
[304 rows x 14 columns]

4
Verifying it as a ‘dataframe’ object in pandas

[image: image3]
[4]: pandas.core.frame.DataFrame

5
Description

[image: image4]
[49]:
age
sex
cp
trestbps
chol
fbs \
count 304.000000 304.000000 304.000000 304.000000 304.000000 304.000000
	mean
	54.243421
	0.674342
	0.944079 131.838816 246.720395
	0.138158

	std
	9.104814
	0.469393
	1.024533
17.709901
51.856403
	0.345635

	min
	29.000000
	0.000000
	0.000000
94.000000 126.000000
	0.000000

	25%
	47.750000
	0.000000
	0.000000 120.000000 211.000000
	0.000000

	50%
	55.000000
	1.000000
	1.000000 130.000000 240.500000
	0.000000

	75%
	61.000000
	1.000000
	2.000000 140.000000 275.000000
	0.000000

	max
	77.000000
	1.000000
	3.000000 200.000000 564.000000
	1.000000

	
	restecg
	thalach
	
exang
oldpeak
slope
	ca \


count 304.000000 304.000000 304.000000 304.000000 304.000000 304.000000
	mean
	0.536184 149.740132
	0.328947
	1.034868
	1.404605
	0.730263

	std
	0.531521
22.786024
	0.470605
	1.156201
	0.605894
	1.021035

	min
	0.000000
71.000000
	0.000000
	0.000000
	0.000000
	0.000000

	25%
	0.000000 133.000000
	0.000000
	0.000000
	1.000000
	0.000000

	50%
	1.000000 153.000000
	0.000000
	0.800000
	1.000000
	0.000000

	75%
	1.000000 166.250000
	1.000000
	1.600000
	2.000000
	1.000000

	max
	2.000000 202.000000
	1.000000
	6.200000
	2.000000
	4.000000



thal
target
count 304.000000 304.000000
	mean
	2.315789
	0.539474

	std
	0.607120
	0.499261

	min
	0.000000
	0.000000

	25%
	2.000000
	0.000000

	50%
	2.000000
	1.000000

	75%
	3.000000
	1.000000

	max
	3.000000
	1.000000



[image: image5]
<class 'pandas.core.frame.DataFrame'> RangeIndex: 304 entries, 0 to 303 Data columns (total 14 columns):
	#
Column
Non-Null Count Dtype
--- ------
-------------- -----

	0
age
304 non-null
	int64

	1
sex
304 non-null
	int64

	2
cp
304 non-null
	int64

	3
trestbps 304 non-null
	int64

	4
chol
304 non-null
	int64

	5
fbs
304 non-null
	int64

	6
restecg
304 non-null
	int64

	7
thalach
304 non-null
	int64

	8
exang
304 non-null
	int64

	9
oldpeak
304 non-null
	float64

	10 slope
304 non-null
	int64

	11 ca
304 non-null
	int64

	12 thal
304 non-null
	int64

	13 target
304 non-null
	int64


dtypes: float64(1), int64(13) memory usage: 33.4 KB

6
Let’s understand our columns better:
[7]: info = ["age","1: male, 0: female","chest pain type, 1: typical angina, 2:␣
↪atypical angina, 3: non-anginal pain, 4: asymptomatic","resting blood␣ ↪pressure"," serum cholestoral in mg/dl","fasting blood sugar > 120 mg/
↪dl","resting electrocardiographic results (values 0,1,2)"," maximum heart␣
↪rate achieved","exercise induced angina","oldpeak = ST depression induced by␣
↪exercise relative to rest","the slope of the peak exercise ST␣
↪segment","number of major vessels (0-3) colored by flourosopy","thal: 3 =␣
↪normal; 6 = fixed defect; 7 = reversable defect"]

[image: image6]

age:
age

sex:
1: male, 0: female

cp:
chest pain type, 1: typical angina, 2: atypical angina,
3: non-anginal pain, 4: asymptomatic
	trestbps:
	resting blood pressure

	chol:
	serum cholestoral in mg/dl

	fbs:
	fasting blood sugar > 120 mg/dl

	restecg: 0,1,2)
	resting electrocardiographic results (values

	thalach:
	maximum heart rate achieved

	exang:
	exercise induced angina

	oldpeak:
relative to rest
	oldpeak = ST depression induced by exercise

	slope:
	the slope of the peak exercise ST segment

	ca:
	number of major vessels (0-3) colored by flourosopy

	thal: defect
	thal: 3 = normal; 6 = fixed defect; 7 = reversable



7
Analysing the ‘target’ variable

[image: image7]
	[8]: count
	304.000000

	mean
	0.539474

	std
	0.499261

	min
	0.000000

	25%
	0.000000

	50%
	1.000000

	75%
	1.000000

	max
	1.000000


Name: target, dtype: float64

[image: image8]
[9]: array([1, 0], dtype=int64)
8 Clearly, this is a classification problem, with the target variable having values ‘0’ and ‘1’

9
Checking correlation between columns
[10]: print(df.corr()["target"].abs().sort_values(ascending=False))
	target
	1.000000

	oldpeak
	0.442058

	exang
	0.434707

	thalach
	0.428380

	cp
	0.420493

	ca
	0.386921

	slope
	0.367071

	thal
	0.335241

	sex
	0.275914

	age
	0.238809

	trestbps
	0.149143

	restecg
	0.137623

	chol
	0.085682

	fbs
	0.050834


Name: target, dtype: float64

10
First, analysing the target variable:

[image: image9]
Name: target, dtype: int64
[image: image10.jpg]160

140

target




[12]: print("Percentage of patience without heart problems:␣
↪"+str(round(target_temp[0]*100/303,2))) print("Percentage of patience with heart problems:␣ ↪"+str(round(target_temp[1]*100/303,2)))
#Alternatively,
# print("Percentage of patience with heart problems: "+str(y.where(y==1). ↪count()*100/303))
# print("Percentage of patience with heart problems: "+str(y.where(y==0). ↪count()*100/303))
# #Or,
# countNoDisease = len(df[df.target == 0])
# countHaveDisease = len(df[df.target == 1])
Percentage of patience without heart problems: 46.2
Percentage of patience with heart problems: 54.13
11 We’ll analyse ‘sex’, ‘cp’, ‘fbs’, ‘restecg’, ‘exang’, ‘slope’, ‘ca’ and ‘thal’ features

12
Analysing the ‘Sex’ feature

[image: image11]
[13]: array([1, 0], dtype=int64)

[image: image12]
[14]: <AxesSubplot:xlabel='sex', ylabel='target'>
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13 We notice, that females are more likely to have heart problems than males

[image: image14]
[50]: array([0, 1, 2, 3], dtype=int64)

14
As expected, the CP feature has values from 0 to 3

[image: image15]
[16]: <AxesSubplot:xlabel='cp', ylabel='target'>
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15 We notice, that chest pain of ‘0’, i.e. the ones with typical angina are much less likely to have heart problems

16
Analysing the FBS feature

[image: image17]
	[17]: count
	304.000000

	mean
	0.138158

	std
	0.345635

	min
	0.000000

	25%
	0.000000

	50%
	0.000000

	75%
	0.000000



max
1.000000
Name: fbs, dtype: float64

[image: image18]
[18]: array([0, 1], dtype=int64)

[image: image19]
[19]: <AxesSubplot:xlabel='fbs', ylabel='target'>
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17
Nothing extraordinary here 18
Analysing the restecg feature

[image: image21]
[20]: array([1, 0, 2], dtype=int64)

[image: image22]
[21]: <AxesSubplot:xlabel='restecg', ylabel='target'>
[image: image23.jpg]restecg




19
We realize that people with restecg ‘1’ and ‘0’ are much more likely to have a heart disease than with restecg ‘2’

20
Analysing the ‘exang’ feature

[image: image24]
[22]: array([0, 1], dtype=int64)

[image: image25]
[23]: <AxesSubplot:xlabel='exang', ylabel='target'>
[image: image26.jpg]07
0.6
0.1
0.0




21 People with exang=1 i.e. Exercise induced angina are much less likely to have heart problems

22
Analysing the Slope feature

[image: image27]
[24]: array([1, 2, 0], dtype=int64)

[image: image28]
[25]: <AxesSubplot:xlabel='slope', ylabel='target'>
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23 We observe, that Slope ‘2’ causes heart pain much more than Slope ‘0’ and ‘1’ 24 Analysing the ‘ca’ feature

[image: image30]
[26]: array([0, 2, 1, 3, 4], dtype=int64)

[image: image31]
[27]: <AxesSubplot:xlabel='ca', ylabel='count'>
[image: image32.jpg]175

150

125

uno>

75

50

25





[image: image33]
[28]: <AxesSubplot:xlabel='ca', ylabel='target'>
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25
ca = 0 and ca = 4 has astonishingly large number of heart patients

26
Analysing the ‘thal’ feature

[image: image35]
[29]: array([2, 1, 3, 0], dtype=int64)

[image: image36]
[30]: <AxesSubplot:xlabel='thal', ylabel='target'>
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[image: image38]
[31]: <AxesSubplot:xlabel='thal', ylabel='Density'>
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27
Train Test split

[image: image40][ ]:

[image: image41]
[34]: (61, 13)

[image: image42]
[35]: (243,)

[image: image43]
[36]: (61,)

28
Model Fitting

[image: image44]

29
Decision Tree

[image: image45]

30
Output final score
[40]: score_dt = round(accuracy_score(Y_pred_dt,Y_test)*100,2) print("The accuracy score achieved using Decision Tree is: "+str(score_dt)+" %")
The accuracy score achieved using Decision Tree is: 77.05 %
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