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Heart Data Classification Project by Alireza

Kia
First Aspect

Import Initial Libraries

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt
from statsmodels import stats
from statsmodels import robust
import statsmodels

from scipy import stats

Import Data

df = pd.read_csv('C:/Users/Pooria/Heart data.csv')

General View of The Data

df.head()
Age
(ag.e sex che:f» t blood cholestoral
in pain pressure
year)
0 63 1 1 145.0 233.0
1 37 1 3 130.0 250.0
2 41 0 2 130.0 204.0
3 56 1 2 120.0 236.0
4 57 0 4 120.0 354.0

blood
sugar

1.0

0.0

0.0

0.0

0.0

electrocardiographic

2.0
0.0
2.0
0.0

0.0

<4

df.tail()
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592

593

594

595

596

Heart Data Classification

Age

(age sex Che? t blood cholestoral
in pain pressure

year)
52 1 4 140.0 266.0 0.0
43 1 4 140.0 288.0 0.0
41 1 4 120.0 336.0 0.0
44 1 4 135.0 491.0 0.0
49 1 4 150.0 222.0 0.0

electrocardiographic

X ]

df.columns

Index(['Age (age in year)',

'cholestoral ',

'exercise induced’,
dtype="object")

df.describe()

count

mean

std

min

25%

50%

75%

max

Age (age
in year)

597.000000
51.182580
9.074366
28.000000
44.000000
52.000000
58.000000

77.000000

'sex',

'blood sugar',
"depression
sex chest pain
597.000000 597.000000
0.701843 3.072027
0.457833 0.965776
0.000000 1.000000
0.000000 2.000000
1.000000 3.000000
1.000000 4.000000
1.000000 4.000000

‘chest pain',

blood
pressure

596.000000

132.129195

17.603812

92.000000

120.000000

130.000000

140.000000

200.000000

4 G—

df.info()
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heart
rate

0.0 134.0

0.0 135.0
0.0 118.0
0.0 135.0

0.0 122.0

'blood pressure’,
'electrocardiographic
, 'slope’,

‘ca', 'thal', 'c'],
cholestoral blood
sugar
574.000000 589.000000
248.655052 0.110357
59.784805 0.313600
85.000000 0.000000
211.000000 0.000000
242.500000 0.000000
278.750000 0.000000
603.000000 1.000000

exercise
induced

1.0

1.0

1.0

0.0

0.0

"heart rate’,

electrocard

5!
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Heart Data Classification

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 597 entries, © to 596

Data columns (total 14 columns):
Non-Null Count

#

VW oo NGOV WNEO

R R R
N R e

13

Column

Age (age in year)
sex

chest pain

blood pressure
cholestoral

blood sugar
electrocardiographic
heart rate
exercise induced
depression

slope

ca

thal

c

597

dtypes: float64(10), int64(4)
memory usage: 65.4 KB

Checking Records of The Features

for col in df.columns:
print(f"Columns: {col}")
print(df[col].unique())

print("-" * 50)
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Columns: Age (age in year)

[63 37 41 56 57 44 52 54 48 49 64 58 50 66 43 69 59 42 61 40 71 51 65 53
46 45 39 47 62 34 35 29 55 60 67 68 74 76 70 38 36 32 31 28 30 33 77]

Columns: sex

[1 @]

Columns: chest pain

[13 2 4]

Columns: blood pressure

[145. 130. 120. 140. 172. 150. 11@. 135. 160. 105. 125. 142. 155. 104.
138. 128. 108. 134. 122. 115. 118. 100. 124. 94. 112. 102. 152. 101.
132. 148. 178. 129. 180. 136. 126. 106. 156. 170. 146. 113. 190. 98.

nan 174. 158. 192. 154. 92. 117. 144. 200. 123. 164. 165. 114.]

Columns: cholestoral

[233. 250. 204. 236. 354. 192. 294. 263. 199. 168. 239. 275. 266. 211.
283. 219. 340. 226. 247. 234. 243. 302. 212. 175. 417. 197. 198. 177.
273. 213. 304. 232. 269. 360. 308. 245. 208. 264. 321. 325. 235. 257.
216. 256. 231. 141. 252. 201. 222. 260. 182. 303. 265. 309. 186. 203.
183. 220. 209. 258. 227. 261. 221. 205. 240. 318. 298. 564. 277. 214.
248. 255. 207. 223. 288. 160. 394. 315. 246. 244. 270. 195. 196. 254.
126. 313. 262. 215. 193. 271. 268. 267. 210. 295. 306. 178. 242. 180.
228. 149. 278. 253. 342. 157. 289. nan 339. 237. 284. 184. 468. 188.
230. 259. 224. 194. 365. 202. 297. 225. 412. 218. 163. 167. 100. 238.
229. 307. 147. 85. 179. 129. 241. 276. 272. 161. 292. 249. 291. 320.
187. 287. 312. 251. 328. 280. 132. 217. 173. 281. 200. 326. 171. 274.
305. 347. 344. 358. 190. 166. 335. 330. 172. 185. 282. 322. 299. 300.
206. 466. 338. 156. 117. 286. 290. 341. 293. 409. 327. 311. 169. 529.
329. 392. 603. 355. 353. 164. 319. 176. 131. 518. 388. 279. 404. 285.
407. 174. 393. 331. 336. 491.]

Columns: blood sugar

[ 1. 0. nan]

Columns: electrocardiographic

[ 2. ©. 1. nan]

Columns: heart rate

[150. 187. 172. 178. 163. 148. 153. 173. 162. 174. 160. 139. 171. 144.
158. 114. 151. 161. 179. 137. 157. 123. 152. 168. 140. 188. 125. 170.
165. 142. 180. 143. 182. 156. 115. 149. 146. 175. 186. 185. 159. 130.
190. 132. 147. 154. 202. 166. 164. 184. 122. 169. 138. 111. 145. 194.
131. 133. 155. 167. 192. 121. 96. 126. 105. 181. 116. 98. 120. 112.
118. 127. 134. 135. 110. 100. 106. 124. 176. 90. 136. 128. 129. nan
109. 99. 177. 141. 88. 195. 87. 103. 108. 113. 97. 117. 71. 092.
102. 91. 95. 82. 94. 119.]

Columns: exercise induced

[ . 1. nan]

Columns: depression

[2.3 3.5 1.4 0.8 0.6 0.4 1.
0.11.94.21.12. 0.7 0.
5.6 2.9 3.8 4.4 5. ]

2.6 1.5 3. 2.4
.53.44. 3.26.2

N
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Columns: slope

[ 3. 1. 2. nan]
Columns: ca

[ . 2. 1. 3. nan 9.]
Columns: thal

[ 6. 3. 7. nan]
Columns: c

[0 1]

First Correlation

plt.figure(figsize = (12,10), dpi = 890)
sns.heatmap(df.corr(), xticklabels = df.corr(),
yticklabels = df.corr(), cmap = "coolwarm",

annot = True)

plt.title("Correlogram of patient", fontsize = 22)

plt.xticks(fontsize = 12)
plt.yticks(fontsize = 12)
plt.show()
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Correlogram of patient

10
Age (age in year) 016 025 @079 03 011 0322
sex 015 0.096 0076 004 035 027
08
chest pain- 015
blood pressure - 024
- 06
cholestoral - 012
blood sugar- 0.18
-04
electrocardiographic - 026 -0
heart rate 052 0.053
-02
exercise induced - 016 015 044 014 012 0063 0072
depression - 025 0096 028 019 0066 0051 018 026 031 048
- 0.0
slope - 0079 0076 021 013 0048 0059 0032 029 039
ca- 03 004 023 011 0099 012 0093 025 038
-0.2
thal- 611 035 025 013 0012 0069 -
C- 022 027 046 014 015 009 014 05 048 039 038 052
1 | i ' V i | | | i 1 | —-0.4
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= 4 Wi = T = + = e} O3]
= a v & - = & ] ]
= @ & 5 5] = @ = =
o = =] o =] = @ =3
o Y 8 € s F m g
= g :
& “ e 5
= ¥
o
¥}

df["c"].value_counts()

C
0 352
1 245

Name: count, dtype: int64

* Approximatley balance Data

Total heart positive heart disease and total in seprated way by
gender

plt.figure(figsize = (15,6))

plt.subplot(1, 2, 1)

sns.countplot(x = 'c', data = df, palette = 'bright', hue = "c")
plt.title("Count of c")

plt.subplot(1, 2, 2)
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sns.countplot(x = 'c', hue = 'sex', data = df, palette = 'bright")
plt.title("Count of c by Sex")

plt.tight_layout()
plt.show()

Count of ¢ Count of ¢ by Sex

count
count

Proportion of high-risk individuals (high BP & high
cholesterol) who have heart disease, by age group

In [12]: cholesterol_threshold = 239
bp_threshold = 130

df[ 'has_high_cholesterol'] = df['cholestoral '] > cholesterol_threshold
df['has_high bp'] = df['blood pressure'] >= bp_threshold

df[ "high_risk_combo'] = df['has_high_cholesterol'] & df['has_high_bp"]
df['age_group'] = df['Age (age in year)'].apply(lambda x: '50 and Over' if x >= 50
high_risk_df = df[df['high_risk_combo']].copy()

risk_by age group = high_risk_df.groupby('age group')['c'].mean().reset_index()
risk_by age group.rename(columns={'c': 'heart_disease proportion'}, inplace=True)

plt.style.use('seaborn-v@_8-whitegrid')
fig, ax = plt.subplots(figsize=(10, 6))

sns.barplot(

X = 'age_group',

y = 'heart_disease_proportion’,

data = risk_by_age_group,

hue = "age_group",

palette = "bright",

order = ['Under 50', '50 and Over']
)
ax.set_title('Heart Disease Risk for Patients with High BP & Cholesterol', fontsize
ax.set_xlabel('Age Group', fontsize = 12)
ax.set_ylabel('Proportion with Heart Disease', fontsize = 12)
ax.yaxis.set_major_formatter(plt.FuncFormatter('{:.0%}"'.format))
plt.ylim(e, 1)
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for index, row in risk_by age group.iterrows():
group = row[ 'age_group']
proportion = row['heart_disease_proportion’]
bar_index = @ if group == 'Under 50' else 1
ax.text(bar_index, proportion + 0.02, f'{proportion:.1%}', ha = 'center', va =

Heart Disease Risk for Patients with High BP & Cholesterol

100%

60.7%
60%

Proportion with Heart Disease

0%

Under 50 50 and Over
Age Group

Heart Disease Risk Factors in Patients with Normal Cholesterol

normal_cholesterol_threshold = 200
high_bp_threshold = 130
high_heart_rate_threshold = 100

normal_chol_df = df[df['cholestoral '] < normal_cholesterol_threshold].copy()

high_bp_group = normal_chol_df[normal_chol_df['blood pressure'] >= high_bp_threshol
risk_high bp = high_bp_group['c'].mean()

high_hr_group = normal_chol_df[normal_chol_df[ 'heart rate'] > high_heart_rate_thres
risk_high _hr = high_hr_group['c'].mean()

risk_data = pd.DataFrame({
"Factor': ['High Blood Pressure', 'High Heart Rate'],
'"Heart Disease Risk': [risk_high_bp, risk_high_hr]

})

plt.style.use('seaborn-vo_8-whitegrid')
fig, ax = plt.subplots(figsize=(7, 5))

sns.barplot(
x = 'Factor',
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In [14]:

Proportion with Heart Disease

Heart Data Classification

y = 'Heart Disease Risk',
data = risk_data,
hue = "Factor",

palette = "bright"

ax.set_title('Heart Disease Risk Factors in Patients with Normal Cholesterol', font
ax.set_xlabel('")

ax.set_ylabel('Proportion with Heart Disease', fontsize=10)
ax.yaxis.set_major_formatter(plt.FuncFormatter('{:.0%}"'.format))

plt.ylim(e, max(risk_high_bp, risk_high_hr) * 1.2)

for index, row in risk_data.iterrows():
ax.text(index, row['Heart Disease Risk'] + ©.01, f"{row['Heart Disease Risk']:.

Heart Disease Risk Factors in Patients with Normal Cholesterol

35%

32.1% 32.0%

25%

20%

15%

10%

5%

0%
: High Blood Pressure High Heart Rate

Heart Disease Risk by Sex, Chest Pain, and Exercise Angina

sex_map = {0: 'Female', 1: 'Male'}
df['sex_label'] = df['sex'].map(sex_map)

exang_map = {0: 'No Angina', 1: 'Has Angina'}
df[ 'exercise_angina_label'] = df['exercise induced'].map(exang_map)

cp_map = {
1: 'Typical Angina (1)',
2: 'Atypical Angina (2)',
3: 'Non-Anginal Pain (3)°',
4: 'Asymptomatic (4)'
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Heart Disease Risk

In [15]:

Heart Data Classification

}
df['chest_pain_label'] = df['chest pain'].map(cp_map)

catplot = sns.catplot(
data = df,
X ‘chest_pain_label",
y = 'c’,
hue = 'exercise_angina_label’,
col = 'sex_label’,
kind = 'bar’',
height = 6,
aspect = 1.2,
palette = 'viridis',

)
catplot.set_titles("{col_name}", size=16)
catplot.set_axis_labels("Chest Pain Type", "Heart Disease Risk", size=12)

catplot.set_xticklabels(rotation=45, ha='right")

<seaborn.axisgrid.FacetGrid at 0x1922eb649b0>

Male Female

08

)
o

exercise_angina_label
EEE No Angina
BN Has Angina

o
=

Chest Pain Type Chest Pain Type

Correlation between age and cholestoral seprated by gender
and heart disease

plt.figure(figsize = (13,5))

sns.scatterplot(x = "cholestoral ", y = "Age (age in year)", size = "c",
palette = "bright",
hue = "sex",

sizes = (10 , 100), linewidth = 2, edgecolor = "k", data = df)

<Axes: xlabel='cholestoral ', ylabel='Age (age in year)'>
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® o
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Amount of blood pressure and heart rate based on age
plt.figure(figsize = (30,7), facecolor = "w")
plt.subplot(2,1,1)
sns.stripplot(x = df["blood pressure"], y = df["Age (age in year)"], size = 10, lin
plt.subplot(2,1,2)

sns.stripplot(x = df["heart rate"], y = df["Age (age in year)"], size = 10, linewid

<Axes: xlabel='heart rate', ylabel="Age (age in year)'>

©
e
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b ° 8
% ° e ©
4 L] ) e
©“ e ®
°
» 1) °
@0 %0 ®0 000 1 1040 1050
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B ° °
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< ° e0doe
k4

Total correlation between important features based on heart
disease

numeric_cols = ['Age (age in year)', 'sex', 'chest pain', 'blood pressure’,
‘cholestoral ', 'blood sugar', ‘'heart rate',

'exercise induced', ‘'depression ', 'c']

sns.pairplot(
df[numeric_cols],
kind="scatter",

hue="c",

height=2.5,

plot_kws={'alpha': 0.6, 's': 30}
)
plt.show()
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Total correlation between important features based on gender

In [18]: numeric_cols = ['Age (age in year)', 'sex', 'chest pain', 'blood pressure’,

‘cholestoral ', 'blood sugar', 'heart rate',

'exercise induced', 'depression ', 'c']

sns.pairplot(
df[numeric_cols],
kind="scatter",
hue="sex",
height=2.5,
plot_kws={'alpha': 0.6, 's': 30}

plt.show()
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Heart Data Classification

i
i
i
i

aaaaaa

§
i
i
i
I
H
i

Profile of Patients with High Blood Sugar but No Exercise

I
fa
: H
T B g
Angina
In [19]:
other_patients

special_group_disease_rate
other_patients_disease_rate

profile_comparison

'Other Patients':

1)

fig, axes =

disease_rates_data
"Group': ['Special Group',

file:///D:/desktop/Heart Data Classification.html

= pd.DataFrame({
'Special Group': special_group[['Age (age in year)',
other_patients[[ 'Age (age in year)',

= pd.DataFrame({
'Other Patients'],

df.drop(special_group.index).copy()

special_group['c'].mean()
= other_patients['c'].mean()

plt.subplots(1l, 2, figsize=(14, 6))

'blood pressure',
'blood pressure’,

special_group = df[(df['blood sugar'] == 1) & (df['exercise induced'] == 0)].copy()

'cholest

13/53



10/5/25, 9:48 PM Heart Data Classification

'Rate': [special_group_disease_rate, other_patients_disease_rate]
}
sns.barplot(data=disease_rates_data, x='Group', y='Rate', ax=axes[@], hue = 'Group'
axes[@].set_title('Comparison of Heart Disease Rate', fontsize=14)
axes[@].set_ylabel('Heart Disease Proportion')
axes[@].yaxis.set_major_formatter(plt.FuncFormatter('{:.0%}"'.format))
for i, rate in enumerate(disease_rates_data['Rate’']):

axes[0].text(i, rate + 0.01, f'{rate:.1%}', ha='center', va='bottom', fontsize=

special_group['Group'] = 'Special Group'
other_patients['Group'] = 'Other Patients'
combined_df = pd.concat([special_group, other_patients])

sns.boxplot(data=combined_df, x='Group', y='Age (age in year)', ax=axes[1], hue =
axes[1].set_title('Comparison of Age Distribution', fontsize=14)

plt.suptitle('Profile of Patients with High Blood Sugar but No Exercise Angina', fo

Out[19]: Text(0.5, 1.02, 'Profile of Patients with High Blood Sugar but No Exercise Angin
a')
Profile of Patients with High Blood Sugar but No Exercise Angina

Comparison of Heart Diseaseﬁ%géﬁe Comparison of Age Distribution

o

70
35%
30.8%
30%
5 60
g 5
5 25% ES
L £
2 g
$ 20% 2 50
a] 1]
£ 2
3
T 15%
40 o
10%
5%
30
0% . . - -
Special Group Other Patients Special Group Other Patients

Group

Each level of chest pain seprated by gender

In [20]: cp_map = {
1: 'Typical Angina (1)',
2: 'Atypical Angina (2)',
3: 'Non-Anginal Pain (3)°',
4: 'Asymptomatic (4)'
}
df['chest_pain_label'] = df['chest pain'].map(cp_map)

color_map = {
'Typical Angina (1)': '#e74c3c’,
"Atypical Angina (2)': '#3498db',
"Non-Anginal Pain (3)': '#flcdef’,
"Asymptomatic (4)': '#2ecc71'
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male df = df[df['sex'] =
female_df = df[df['sex'] == 0]

male_counts = male_df['chest_pain_label'].value_counts()
female_counts = female_df['chest_pain_label'].value_counts()

male_colors = [color_map[label] for label in male_counts.index]
female_colors = [color_map[label] for label in female_counts.index]

plt.style.use('seaborn-vo_8-whitegrid')
fig, (ax1l, ax2) = plt.subplots(1, 2, figsize = (18, 9))
fig.suptitle('Distribution of Chest Pain Types by Gender (Custom Colors)', fontsize

axl.pie(
female_counts,
labels = female_counts.index,
autopct = "%1.1f%%',
startangle = 90,
colors = female_colors,
shadow = True,
textprops = {'fontsize' : 12}

axl.set_title('Female Patients', fontsize=16)
axl.axis('equal')

ax2.pie(
male_counts,
labels = male_counts.index,
autopct = "%1.1f%%',
startangle = 90,
colors = male_colors,
shadow = True,
textprops = {'fontsize' : 12}
)
ax2.set_title('Male Patients', fontsize = 16)
ax2.axis('equal')

(-1.0999998855428739,
1.0999976006164218,
-1.0999999987298414,
1.0999999999395162)
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Distribution of Chest Pain Types by Gender (Custom Colors)

Female Patients Male Patients

Typical Angina (1) Typical Angina (1)

Atypical Angina (2) Non-Anginal Pain (3)

Non-Anginal Pain (3)

Asymptomatic (4)

Atypical Angina (2)

Asymptomatic (4)

Delete Useless Features Created by EDA

In [21]: df = df.drop(['has_high cholesterol’,
‘has_high_bp',
"high_risk_combo',
'age_group',
'sex_label’,
'exercise_angina_label’,
'chest_pain_label'], axis=1)

Preprocessing

Data renaming

In [22]: df.rename(columns = {"Age (age in year)" : "Age",
"cholestoral " : "cholestoral”,
"depression " : "depression",

"electrocardiographic : "electrocardiographic"},
inplace = True)

df
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592

593

594

595

596

Age sex che:st blood
pain pressure

63 1 1 145.0
B 1 3 130.0
41 0 2 130.0
56 1 2 120.0
57 0 4 120.0
52 1 4 140.0
43 1 4 140.0
41 1 4 120.0
44 1 4 135.0
49 1 4 150.0

597 rows x 14 columns

Heart Data Classification

cholestoral

233.0

250.0

204.0

236.0

354.0

266.0

288.0

336.0

491.0

222.0

blood
sugar

1.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

electrocardiographic

2.0
0.0
2.0
0.0

0.0

0.0
0.0
0.0
0.0

0.0

4 G

Outlier handeling

Boxplot -> Detect

columns = df.select_dtypes(include="number"').columns

n_co

1s 2

n_rows = (len(columns) + n_cols - 1) // n_cols

fig,

axes

axes = plt.subplots(n_rows, n_cols, figsize=(12, n_rows * 3))

= np.ravel(axes)

for i, col in enumerate(columns):
sns.boxplot(y=df[col], ax=axes[i])
axes[i].set_title(f"Boxplot of {col}")

for j in range(i+l, len(axes)):

plt.
plt.

axes[j].axis("off")

tight_layout()
show()
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heart
rate

150.0

187.0

172.0

178.0

163.0

134.0

135.0

118.0

135.0

122.0

exercise
induced

0.0

0.0

0.0

0.0

1.0

1.0

1.0

1.0

0.0

0.0
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Histogram -> Detect

columns = df.select_dtypes(include="number"').columns

n_cols = 2
n_rows (len(columns) + n_cols - 1) // n_cols

fig, axes = plt.subplots(n_rows, n_cols, figsize=(12, n_rows * 3))
axes = np.ravel(axes)

for i, col in enumerate(columns):
sns.histplot(df[col], bins=20, ax=axes[i], color="skyblue")
axes[i].set_title(f"Histogram of {col}")

for j in range(len(columns), len(axes)):
axes[j].axis("off")

plt.tight_layout()
plt.show()

file:///D:/desktop/Heart Data Classification.html

19/53



10/5/25, 9:48 PM

120

100

Count

300

200

Count

100

300

200

Count

100

200

175

150

100

0.00

0o

1.00

]

0.25

125

200

0.2

Heart Data Classification

Histogram of Age

Age
Histogram of chest pain

20 25 3.0 3.5 40
chest pain

Histogram of cholestoral

400

300

500 600
cholestoral
Histogram of electrocardiographic

0,50 075 1.00 1.25 1.50 1.75 2.00

electrocardiographic

Histogram of exercise induced
04 06 08 10
exercise induced

Histogram of slope

150 175 2.00 225 250 275 300
slope

Histogram of thal

file:///D:/desktop/Heart Data Classification.html

Count
B
=]

Count

Count

Count

Count

100

120

100

500

400

Count
<]

250

200

150

100

175

150

125

100

75

25

00

Histogram of sex

02 04 06 08 10
sex

Histogram of blood pressure

140 160 180
blood pressure

200

Histogram of blood sugar

02 04 0.6 08 1.0
blood sugar

Histogram of heart rate

100 120 140 160

180 200
heart rate
Histogram of depression
8

depression

Histogram of ca

Histogram of ¢

20/53



10/5/25, 9:48 PM Heart Data Classification

125 250

5 100 S 200
S 75 g 150
50 100

25 ] 50

o o L
30 35 40 45 5.0 55 6.0 6.5 7.0 0.0 0.2 0.4 06 0.8 1.0
thal c

Distribution -> Detect

columns = df.select_dtypes(include="number').columns

2
(len(columns) + n_cols - 1) // n_cols

n_cols
n_rows

fig, axes = plt.subplots(n_rows, n_cols, figsize=(12, n_rows * 3))
axes = np.ravel(axes)

for i, col in enumerate(columns):
sns.kdeplot(df[col], ax=axes[i], fill=True, color="skyblue")
axes[i].set_title(f"KDE of {col}")
axes[i].set_xlabel(col)

for j in range(len(columns), len(axes)):
axes[j].axis("off")

plt.tight_layout()
plt.show()
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Cheking Outlier for Cholestoral, Blood Pressure, Depression

In [26]: df_cols = ["cholestoral", "blood pressure", "depression"]

for col in df _cols:
sns.jointplot(x = df[col], y = df["Age"], kind = "scatter")

plt.show()
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IQR noise and outlier detection

In [27]: out = []

def iqgr_outlier(entry):
gl = entry.quantile(©.25)
g3 = entry.quantile(0.75)
igr = g3 - q1
lower_tail = g1 - 1.5 * igr
upper_tail = g3 + 1.5 * igr
for i in entry:
if i > upper_tail or i < lower_tail:
out.append(i)

outlier_features = ["cholestoral"”, "blood pressure", "depression"]
for j in outlier_features:

igr_outlier(df[j])
print(f"{j} Outliers:", out, end = '\n\n")
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Heart Data Classification

cholestoral Outliers: [417.0, 564.0, 394.0, 468.0, 412.0, 100.0, 85.0, 394.0, 466.0,
409.0, 529.0, 392.0, 603.0, 518.0, 388.0, 404.0, 407.0, 393.0, 491.0]

blood pressure Outliers: [417.0, 564.0, 394.0, 468.0, 412.0, 100.0, 85.0, 394.0, 46
6.0, 409.0, 529.0, 392.0, 603.0, 518.0, 388.0, 404.0, 407.0, 393.0, 491.0, 172.0, 17
8.0, 180.0, 190.0, 180.0, 180.0, 180.0, 180.0, 174.0, 192.0, 180.0, 200.0, 180.0, 20
0.0, 178.0, 180.0, 180.0]

depression Outliers: [417.0, 564.0, 394.0, 468.0, 412.0, 100.0, 85.0, 394.0, 466.0,
409.0, 529.0, 392.0, 603.0, 518.0, 388.0, 404.0, 407.0, 393.0, 491.0, 172.0, 178.0,
180.0, 190.0, 180.0, 180.0, 180.0, 180.0, 174.0, 192.0, 180.0, 200.0, 180.0, 200.0,
178.0, 180.0, 180.0, 4.2, 4.0, 6.2, 5.6, 4.0, 4.2, 4.0, 4.0, 3.8, 4.4, 5.0]

Z-score noise and outlier detection

df_outliers = df[["cholestoral”, "blood pressure", "depression"]]
outlier_features = ["cholestoral"”, "blood pressure", "depression"]

def zscore_outliers(entry):
lower = entry.mean() - 3 * entry.std()
upper = entry.mean() + 3 * entry.std()
out = entry[(entry < lower) | (entry > upper)].tolist()
return out

for j in outlier_features:
out = zscore_outliers(df_outliers[j])
print(f"{j} Outliers:", out, end='\n\n")

cholestoral Outliers: [564.0, 468.0, 466.0, 529.0, 603.0, 518.0, 491.0]
blood pressure Outliers: [190.0, 192.0, 200.0, 200.0]

depression Outliers: [4.2, 6.2, 5.6, 4.2, 4.4, 5.0]

Modified Z-score noise and outlier detection

® Cause using NumPy & Statsmodel & Median, We need to handle the missings

df.head()
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chest blood blood . . heart exercise
Age sex . cholestoral electrocardiographic .

pain pressure sugar rate induced
0 63 1 1 145.0 233.0 1.0 20 1500 0.0
1 37 1 g 130.0 250.0 0.0 0.0 187.0 0.0
2 4 0 2 130.0 204.0 0.0 20 1720 0.0
3 56 1 2 120.0 236.0 0.0 0.0 178.0 0.0
4 57 0 4 120.0 354.0 0.0 0.0 163.0 1.0
<4 G >
df.isnull().sum()
Age 0
sex 0
chest pain 7]
blood pressure 1
cholestoral 23
blood sugar 8
electrocardiographic 1
heart rate 1
exercise induced 1
depression %]
slope 190
ca 294
thal 268
C 0

dtype: int64

df_nomiss = df.copy()

columns = ["blood pressure"”, "cholestoral", "blood sugar", "electrocardiographic",
for col in columns:

if col in df_nomiss.columns:
df_nomiss[col] = df_nomiss[col].fillna(df_nomiss[col].median())

df_nomiss.isnull().sum()
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Age

sex

chest pain

blood pressure
cholestoral

blood sugar
electrocardiographic
heart rate

exercise induced
depression

slope 190
ca 294
thal 268
C 0
dtype: int64

O O O OO OO0

def M_Zscore_outlier(series, threshold=3):
med = np.median(series)
ma = statsmodels.robust.mad(series)

if ma == 0:
return []

z_scores = [(i - med) / ma for i in series]
outliers = [val for val, z in zip(series, z_scores) if np.abs(z) > threshold]
return outliers

outliers_dict = {}
columns = ["blood pressure", "cholestoral"”, "blood sugar", "heart rate", "depressio

for col in columns:
outliers_dict[col] = M_Zscore_outlier(df_nomiss[col])

# Tidy print
for col, outliers in outliers_dict.items():
print(f"{col}: {outliers if outliers else 'No outliers'}")

blood pressure: [178.0, 180.0, 190.0, 180.0, 180.0, 180.0, 180.0, 192.0, 180.0, 200.
0, 180.0, 200.0, 178.0, 180.0, 180.0]

cholestoral: [417.0, 564.0, 394.0, 468.0, 412.0, 85.0, 394.0, 466.0, 409.0, 529.0, 3
92.0, 603.0, 518.0, 388.0, 404.0, 407.0, 393.0, 491.0]

blood sugar: No outliers

heart rate: [71.0]

depression: [2.3, 3.5, 1.4, 1.3, 1.6, 1.2, 1.8, 1.6, 2.6, 1.5, 1.8, 1.4, 1.6, 1.2,

1.4, 1.4, 1.6, 1.5, 3.0, 1.8, 1.4, 1.2, 1.4, 2.4, 1.2, 1.6, 1.6, 1.2, 1.9, 4.2, 1.5,
1.1, 2.0, 1.9, 2.0, 1.5, 1.2, 1.1, 2.3, 1.6, 1.2, 1.5, 3.0, 1.5, 2.8, 2.0, 1.5, 2.0,
2.0, 2.0, 2.0, 2.0, 2.6, 3.1, 1.8, 1.4, 2.2, 2.2, 3.0, 3.6, 1.8, 2.8, 1.2, 1.4, 1.6,
1.8, 2.4, 1.6, 1.2, 2.1, 1.4, 1.8, 2.0, 1.9, 1.2, 1.5, 3.0, 2.0, 1.5, 1.5, 1.5, 2.0,
2.0, 1.5, 2.5, 2.0, 3.0, 1.5, 1.4, 1.4, 1.2, 1.4, 2.8, 3.4, 1.2, 3.6, 3.0, 1.2, 2.8,
1.2, 1.9, 2.0, 1.9, 3.4, 1.6, 2.6, 1.8, 2.2, 1.8, 3.0, 2.8, 2.8, 4.0, 3.4, 2.0, 1.5,
1.5, 2.0, 2.0, 3.0, 2.0, 3.0, 2.0, 1.5, 2.0, 1.5, 3.6, 3.2, 2.0, 2.5, 1.2, 1.6, 6.2,
2.6, 2.0, 1.2, 1.8, 5.6, 4.0, 2.8, 1.4, 2.2, 2.9, 4.2, 3.0, 2.0, 3.2, 2.0, 1.2, 1.5,
2.0, 3.0, 2.0, 4.0, 2.0, 2.0, 1.5, 2.0, 2.0, 1.5, 2.0, 1.5, 2.0, 2.0, 2.0, 2.4, 2.5,
2.6, 4.0, 2.6, 2.0, 3.8, 3.6, 4.4, 2.0, 2.5, 2.5, 3.0, 3.0, 5.0, 2.0, 2.0, 3.0, 2.0]

Winsoration noise and outlier detection
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In [34]:
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Heart Data Classification

df_wins = df.copy()
for col in df_wins.columns:

plt.figure(figsize=(18, 4))

plt.subplot(1, 3, 1)
sns.histplot(df_wins[col], kde=True)
plt.title(f"{col} - Distribution")

plt.subplot(1, 3, 2)
sns.boxplot(x=df_wins[col])
plt.title(f"{col} - Boxplot")

plt.subplot(1, 3, 3)
stats.probplot(df_wins[col], plot=plt)
plt.title(f"{col} - Q-Q Plot")

plt.tight_layout()
plt.show()
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Last Outlier and Noise Handling

Handle Normal Distribution Outlier and Noise For df1

zscore_features = ["heart rate", "cholestoral"]

for col in zscore_features:

mean = df[col].mean()

std = df[col].std()

lower = mean - 3 * std
upper = mean + 3 * std
median = df[col].median()

df[col] = df[col].apply(lambda x: median if (x < lower or x > upper) else Xx)

Handle UnNormal Distribution Outlier and Noise For dfl

igr_features = ["depression", "blood pressure"]

for col in iqr_features:

ql = df[col].quantile(0.25)
g3 = df[col].quantile(0.75)
igr = g3 - q1

lower = g1 - 1.5 * igr
upper = g3 + 1.5 * igr
median = df[col].median()

df[col] = df[col].apply(lambda x: median if (x < lower or x > upper) else Xx)
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Result

Heart Data Classification

® depression and blood pressure detected by iqr cause of unnormal distributition and

they got handled by median

® heart rate and cholestoral detected by zscore cause of normal distribuition and they got

handled by median

print(df[["heart rate", "cholestoral", "d

heart rate cholestoral depression
count 596.000000 574.000000 597.000000
mean 144.582215 245.272648 0.737186
std 23.602698 51.360259 0.939097
min 82.000000 85.000000 0.000000
25% 128.000000 211.000000 0.000000
50% 146.000000  242.250000 0.200000
75% 162.000000 276.000000 1.400000
max 202.000000 417.000000 3.600000

features = ["heart rate", "cholestoral”,

plt.figure(figsize = (10,6))
plt.subplot(1,2,1)

sns.boxplot(data = df[features])
plt.subplot(1,2,2)

sns.boxplot(data = df["depression"])
plt.title("After Outlier Handling (Median
plt.show()
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Missing Data Handeling

Total view of nulls

df.isnull().sum()

Age 0
sex 0
chest pain %]
blood pressure 1
cholestoral 23
blood sugar 8
electrocardiographic 1
heart rate 1
exercise induced 1
depression 7]
slope 190
ca 294
thal 268
C 0

dtype: int64

Delete features with so many missings

® These features got so many missing data roughly 32% to 49% and its better to delete
this feature in this type of dataset with only 600 record

df_na = df.dropna(thresh = 450 , axis = 1)
print(df.shape, df_na.shape)

df = df_na

print(df.shape)

(597, 14) (597, 11)
(597, 11)

Frequnency of each feature

columns = df.columns

for col in columns:
print(df[col].value_counts(dropna = False))
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Name: count, dtype: int64

Name: count, dtype: int64

Age

54 41
52 30
58 28
48 26
55 23
57 22
59 22
41 21
56 21
51 21
43 20
53 20
46 20
49 20
50 19
44 18
45 16
42 15
47 15
39 15
60 14
62 13
65 11
63 10
37 10
40 10
61 10
64 10
35 9
67 9
38 9
66 8
34 6
36 5
70 4
32 4
68 4
71 3
29 3
69 3
31 2
33 2
76 1
74 1
28 1
30 1
77 1
sex

1 419
0 178
chest pain
4 267
2 156
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3 140

1 34

Name: count, dtype: int64
blood pressure

130.0 107

12e0. 102

140. 82

150. 40

110. 40

160. 31

125. 19

128. 13

138. 13

112. 12

135. 11

100. 10

145.
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170.
132.
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1e8.
122.
134.
115.
152.
136.
142.
105.
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146.
144.
106.
102.
94.0
155.
148.
129.
154.
165.
164.
123.
117.
92.0
158.0
NaN
98.0
113.0
104.0
156.0
101.0
114.0 1

Name: count, dtype: int64
cholestoral

NaN 23

246.0 8
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230.0 8
211.0 8
204.0

347.0 1
344.0 1
358.0 1
190.0 1
336.0 1

Name: count, Length: 196, dtype: int64
blood sugar

0.0 524
1.0 65
NaN 8

Name: count, dtype: int64
electrocardiographic

0.0 386
2.0 154
1.0 56
NaN 1
Name: count, dtype: int64
heart rate
150.0 36
140.0 27
160.0 22
130.0 21
170.0 19
194.0 1
NaN 1
192.0 1
176.0 1
119.0 1

Name: count, Length: 103, dtype: int64
exercise induced

0.0 408
1.0 188
NaN 1
Name: count, dtype: int64
depression
0.0 288
1.0 55
2.0 40
0.2 23
1.5 21
1.2 17
0.8 14
0.6 14
3.0 14
1.4 13
1.6 11
1.8 10
0.4 9
0.5 7
0.1 7
2.6 6
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2.8 6
1.9 5
2.5 5
3.6 4
2.2 4
3.4 3
0.3 3
0.9 3
2.4 3
3.2 2
2.3 2
1.1 2
3.1 1
0.7 1
2.1 1
3.5 1
1.3 1
2.9 1
Name: count, dtype: int64
C

0 352

1 245

Name: count, dtype: int64

Index of null values

columns = df.columns
for col in columns:
null values = df[col].isnull()
if null_values.any():
print(f"Null values in column: {col}")
print(df.loc[null_values, col])
print()
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Null values in column: blood pressure
347 NaN
Name: blood pressure, dtype: float64

Null values in column: cholestoral

166 NaN
185 NaN
189 NaN
204 NaN
221 NaN
251 NaN
257 NaN
258 NaN
262 NaN
265 NaN
267 NaN
272 NaN
286 NaN
305 NaN
332 NaN
336 NaN
345 NaN
346 NaN
490 NaN
492 NaN
505 NaN
550  NaN
566  NaN

Name: cholestoral, dtype: float64

Null values in column: blood sugar

183 NaN
213 NaN
289 NaN
301 NaN
314  NaN
316 NaN
421 NaN
431 NaN

Name: blood sugar, dtype: float64

Null values in column: electrocardiographic
562  NaN
Name: electrocardiographic, dtype: floaté64

Null values in column: heart rate

347 NaN

Name: heart rate, dtype: float64

Null values in column: exercise induced

347 NaN
Name: exercise induced, dtype: float64

handle other features
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Heart Data Classification

columns = ["heart rate", "blood pressure", "cholestoral"]

for col in columns:
df.loc[:, col] = df[col].fillna(df[col].mean())

columns = ["blood sugar", "electrocardiographic”, "exercise induced"]

for col in columns:
df.loc[:, col] = df[col].fillna(df[col].mode()[0])

df.isnull().sum()

Age

sex

chest pain

blood pressure
cholestoral
blood sugar
electrocardiographic
heart rate
exercise induced
depression

C

dtype: int64

O 0O 0O 0O OO0

Label encoding

¢ All of the features are quantitative and we dont need to label encode anyting

Normalization

"""from sklearn.preprocessing import MinMaxScaler
float_features = ['Age', 'chest pain', 'blood pressure', 'cholestoral', 'heart rate

sc = MinMaxScaler()
df_scaled = df.copy()

df_scaled[float_features] = sc.fit_transform(df[float_features])

df = df_scaled"""

# we need to normalize after train and test seprating!!!

"from sklearn.preprocessing import MinMaxScaler\n\nfloat_features = ['Age', 'chest
pain', 'blood pressure', 'cholestoral’', 'heart rate', 'depression', ‘electrocardio
graphic']\n\nsc = MinMaxScaler()\ndf_scaled = df.copy()\n\ndf_scaled[float_feature

s] = sc.fit_transform(df[float_features])\n\ndf = df_scaled"

df.head(5)
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Age sex che.s t blood cholestoral blood electrocardiographic heart .exercise
pain pressure sugar rate induced
0 63 1 1 145.0 233.0 1.0 2.0 150.0 0.0
1 37 1 3 130.0 250.0 0.0 0.0 187.0 0.0
2 M 0 2 130.0 204.0 0.0 20 1720 0.0
3 56 1 2 120.0 236.0 0.0 0.0 178.0 0.0
4 57 0 4 120.0 354.0 0.0 0.0 163.0 1.0
4 — >

Detecting Duplicated Data

df_nodup = df[df.duplicated(keep = False)]

df_nodup

Age sex c::is: pr(:)slsouc:': cholestoral :L;:? electrocardiographic h:::: ie:::zi::
221 49 0 2 110.0 245.272648 0.0 0.0 160.0 0.0
265 49 0 2 110.0 245.272648 0.0 0.0 160.0 0.0
d4 >

df_dup = df.drop_duplicates()
print(df.shape, df_dup.shape)
df = df_dup

(597, 11) (596, 11)
Modeling

Decision Tree - Modeling - Optimization -
Evaluation

from sklearn.preprocessing import MinMaxScaler

from sklearn.model_selection import train_test_split, GridSearchCV

from sklearn.tree import DecisionTreeClassifier

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
import matplotlib.pyplot as plt

import seaborn as sns

X
y

df.drop("c", axis = 1)
d_F[IICII]

X_train, X_test, y_train, y test = train_test_split(
X, y, test_size = 0.20, random_state = 369, stratify = y)
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float_features = ['Age', 'chest pain', 'blood pressure', 'cholestoral’,
"heart rate', 'depression', 'electrocardiographic’]

DecisionTreeModel = DecisionTreeClassifier(random_state = 369, class_weight="balanc

param_grid_dt = {
"criterion':['gini', ‘'entropy'],
'max_depth': [2, 3, 4, 5, 6, 7],
'min_samples_split': [2, 4, 5, 6],
'min_samples_leaf':[2, 3 ,4]

grid_search_dt = GridSearchCV(
estimator = DecisionTreeModel,
param_grid = param_grid_dt,
cv = 5,
scoring = 'accuracy',
n_jobs = -1,

grid_search_dt.fit(X_train, y_train)
print("Best Parameters:", grid_search_dt.best_params_, grid_search_dt.best_score_,
y_pred = grid_search_dt.predict(X_test)

print("Accuracy on Test Data:", accuracy_score(y_test, y pred))
print(classification_report(y_test, y pred))

train_acc_dt = grid_search_dt.score(X_train, y_train)
test_acc_dt = grid_search_dt.score(X_test, y_test)

print("Best CV Accuracy (5-Fold):", grid_search_dt.best_score )
print("Train Accuracy:", train_acc_dt)
print("Test Accuracy:", test_acc_dt)

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize = (6,4))
sns.heatmap(cm, annot = True, fmt = "d", cmap = "Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual™)

plt.title("Confusion Matrix")

plt.show()
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Best Parameters:

{'criterion’: 'entropy', 'max_depth': 4, 'min_samples_leaf': 2, 'min_samples_split':

2}

0.7793640350877193
Accuracy on Test Data: 0.8083333333333333

precision recall fl-score support

0 0.84 0.83 0.84 71

1 0.76 0.78 0.77 49

accuracy 0.81 120
macro avg 0.80 0.80 0.80 120
weighted avg 0.81 0.81 0.81 120

Best CV Accuracy (5-Fold): 0.7793640350877193
Train Accuracy: 0.8130252100840336
Test Accuracy: 0.8083333333333333

C:\Users\Pooria\anaconda3\Lib\site-packages\numpy\ma\core.py:2820: RuntimeWarning: i
nvalid value encountered in cast
_data = np.array(data, dtype=dtype, copy=copy,

Confusion Matrix

Actual

Predicted

KNN - Modeling - Optimization - Evaluation

from sklearn.neighbors import KNeighborsClassifier

from sklearn.model_selection import StratifiedkKFold, GridSearchCV
import warnings

warnings.filterwarnings('ignore")

X = df.drop("c", axis=1)
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y = d_F [ n C n ]

X_train, X_test, y_train, y test = train_test_split(
X, y, test_size = 0.2, random_state = 369, stratify = y)

float_features = ['Age', 'chest pain', 'blood pressure', 'cholestoral’,

"heart rate', 'depression’', 'electrocardiographic’]
sc = MinMaxScaler()

X_train[float_features] = sc.fit_transform(X_train[float_features])
X_test[float_features] = sc.transform(X_test[float_features])

KnnModel = KNeighborsClassifier()

param_grid_knn = {
'n_neighbors': list(range(2, 15)),
'weights': ['uniform'],
"metric’': ['euclidean', 'manhattan’'],
'p'r [1, 2],
'algorithm': ['auto'],
'leaf_size': [10, 20]

grid_search_knn = GridSearchCV(
estimator = KnnModel,
param_grid = param_grid_knn,

cv = 5,
scoring = 'accuracy',
n_jobs = -1,

verbose = 1

grid_search_knn.fit(X_train, y_train)

print("Best Parameters:", grid_search_knn.best_params_, grid_search_knn.best_score_

y_pred = grid_search_knn.predict(X_test)
print("Accuracy on Test Data:", accuracy_score(y_test, y pred))
print(classification_report(y_test, y pred))

train_acc_knn = grid_search_knn.score(X_train, y_train)
test_acc_knn = grid_search_knn.score(X_test, y_test)

print("Train Accuracy:", train_acc_knn)
print("Test Accuracy:", test_acc_knn)

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize = (6,4))
sns.heatmap(cm, annot = True, fmt = "d", cmap = "Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual")

plt.title("Confusion Matrix")

plt.show()
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Fitting 5 folds for each of 104 candidates, totalling 520 fits

Best Parameters:

{'algorithm': 'auto', 'leaf_size': 10, 'metric': 'manhattan’', 'n_neighbors': 9, 'p':
1, 'weights': 'uniform'}

0.7878728070175439

Accuracy on Test Data: 0.8083333333333333

precision recall fl-score support

0 0.80 0.90 0.85 71

1 0.82 0.67 0.74 49

accuracy 0.81 120
macro avg 0.81 0.79 0.79 120
weighted avg 0.81 0.81 0.80 120

Train Accuracy: 0.8172268907563025
Test Accuracy: 0.8083333333333333

Confusion Matrix

B0

7 a0

2 40
[5]
g

30

i 16 O
20
10
0 1
Predicted

Neural Network - Modeling - Optimization -
Evaluation

from sklearn.neural_network import MLPClassifier

x
1]

df.drop("c", axis=1)
df["c"]

<
]

X_train, X_test, y_train, y test = train_test_split(
X, y, test_size = 0.2, random_state = 42, stratify = y)

float_features = ['Age', 'chest pain', 'blood pressure', ‘'cholestoral’,
"heart rate', 'depression', 'electrocardiographic']
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sc = MinMaxScaler()

X_train[float_features] = sc.fit_transform(X_train[float_features])
X_test[float_features] = sc.transform(X_ test[float_features])

mlp = MLPClassifier(
max_iter = 500,
early stopping = True,
random_state = 42

)

param_grid mlp = {
"hidden_layer sizes': [(32,), (32,16), (64,), (64,32), (128,64), (100, 120)],
'activation': ['tanh', 'relu'],
'solver': ['adam', ‘'sgd'],
'alpha': [0.0001, ©.001, 0.01],
'learning_rate': ['constant', 'adaptive'],
'learning_rate_init': [0.01, ©.001],
'tol': [1le-4, le-5],
'momentum': [0.8]

grid_search_mlp = GridSearchCV(
estimator = mlp,
param_grid = param_grid_mlp,

cv = 5,
scoring = 'accuracy',
n_jobs = -1,

verbose = 1

grid_search_mlp.fit(X_train, y_train)

print("Best Parameters:", grid_search_mlp.best_params_)
print("Best CV Accuracy:", grid_search_mlp.best_score_)

y_pred = grid_search_mlp.predict(X_test)

print("Accuracy on Test Data:", accuracy_score(y_test, y pred))
print(classification_report(y_test, y pred))

train_acc_mlp = grid_search_mlp.score(X_train, y_train)
test_acc_mlp = grid_search_mlp.score(X_test, y test)

print("Train Accuracy:", train_acc_mlp)
print("Test Accuracy:", test_acc_mlp)

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize=(6,4))
sns.heatmap(cm, annot = True, fmt = "d", cmap = "Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual™)

plt.title("Confusion Matrix")

plt.show()
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Fitting 5 folds for each of 576 candidates, totalling 2880 fits

Best Parameters: {'activation': 'relu', 'alpha': ©.0001, 'hidden_layer_sizes': (128,
64), 'learning_rate': 'constant', 'learning_rate_init': .01, 'momentum': 0.8, 'solv
er': 'adam', 'tol': 0.0001}

Best CV Accuracy: 0.8256359649122806

Accuracy on Test Data: 0.8

precision recall fl-score support

0 0.78 0.93 0.85 71

1 0.86 0.61 0.71 49

accuracy 0.80 120
macro avg 0.82 0.77 0.78 120
weighted avg 0.81 0.80 0.79 120

Train Accuracy: 0.8151260504201681
Test Accuracy: 0.8

Confusion Matrix

& h]

A 50

=z A
[5]
g

30

- 19 30 20

10

0 1

Predicted

SVM - Modeling - Optimization - Evaluation

from sklearn.svm import SVC

X
y

df.drop("c", axis=1)
df["c"]

X_train, X_test, y_train, y test = train_test_split(
X, y, test_size = 0.2, random_state = 969, stratify = y)

float_features = ['Age', 'chest pain', 'blood pressure', ‘'cholestoral’,
"heart rate', 'depression', 'electrocardiographic’]

sc = MinMaxScaler()
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X_train[float_features] = sc.fit_transform(X_train[float_features])
X_test[float_features] = sc.transform(X_test[float_features])

svm = SVC(probability = True, random_state = 969)

param_grid_svm = {
'kernel': ['linear', 'rbf', 'poly'],
'C': [0.1, 1, 10, 50],
'gamma': [0.01, 0.1, 10],
"degree': [2, 3, 4]

grid_search_svm = GridSearchCV(
estimator = svm,
param_grid = param_grid_svm,

cv =5,
scoring = 'accuracy',
n_jobs = -1,

verbose = 1

grid_search_svm.fit(X_train, y_train)

print("Best Parameters:", grid_search_svm.best_params_)
print("Best CV Accuracy:", grid_search_svm.best_score_)

y_pred = grid_search_svm.predict(X_test)
print("Accuracy on Test Data:", accuracy_score(y_test, y pred))
print(classification_report(y_test, y pred))

train_acc_svm = grid_search_svm.score(X_train, y_train)
test_acc_svm = grid_search_svm.score(X_test, y test)

print("Train Accuracy:", train_acc_svm)
print("Test Accuracy:", test_acc_svm)

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize=(6,4))
sns.heatmap(cm, annot = True, fmt = "d", cmap = "Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual™)

plt.title("Confusion Matrix")

plt.show()
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Fitting 5 folds for each of 108 candidates, totalling 540 fits

Best Parameters: {'C': 50, 'degree': 2, 'gamma': 0.1, ‘'kernel': 'rbf'}
Best CV Accuracy: 0.7962499999999999

Accuracy on Test Data: 0.825

precision recall fl-score  support

0 0.82 0.90 0.86 71

1 0.83 0.71 0.77 49

accuracy 0.82 120
macro avg 0.83 0.81 0.81 120
weighted avg 0.83 0.82 0.82 120

Train Accuracy: 0.8487394957983193
Test Accuracy: 0.825

Confusion Matrix

Actual

10

Predicted

Naive Bayes - Modeling - Optimization - Evaluation

from sklearn.preprocessing import MinMaxScaler

from sklearn.naive_bayes import GaussianNB, BernoulliNB

from sklearn.ensemble import VotingClassifier

from sklearn.model_selection import train_test_split, GridSearchCV, StratifiedKFold
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix

binary_features
float_features

['sex"', 'blood sugar', 'exercise induced']
["Age', 'chest pain', 'blood pressure', 'cholestoral’,
"heart rate', 'depression', 'electrocardiographic']

X_binary = df[binary_features]
X_float = df[float_features]
y = df['c']
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X_train_f, X _test_f, y_train, y_test = train_test_split(
X_float, y, test_size=0.2, random_state=45, stratify=y)
X_train_b, X_test_b, _, _ = train_test_split(
X_binary, y, test_size=0.2, random_state=45, stratify=y)

sc = MinMaxScaler()
X_train_f = sc.fit_transform(X_train_f)
X_test_f = sc.transform(X_test_f)

gnb = GaussianNB()

param_grid_gnb = {'var_smoothing': [le-9, 1le-8, 1le-7, 1le-6]}

grid_gnb = GridSearchCV(gnb, param_grid_gnb, cv=StratifiedKFold(5), scoring='accura
grid_gnb.fit(X_train_f, y_ train)

best_gnb = grid_gnb.best_estimator_

bnb = BernoulliNB()

param_grid_bnb = {'alpha': [0.1, 0.5, 1.0]}

grid_bnb = GridSearchCV(bnb, param_grid bnb, cv=StratifiedKFold(5), scoring="'accura
grid_bnb.fit(X_train_b, y_train)

best_bnb = grid_bnb.best_estimator_

X_train_nb
X_test_nb

np.hstack((X_train_f, X _train_b))
np.hstack((X_test_f, X _test_ b))

ensemble_nb = VotingClassifier(
estimators=[('gnb', best_gnb), ('bnb', best_bnb)],
voting="'soft',
weights=[2, 1]

)

ensemble_nb.fit(X_train_nb, y_train)

y_pred_nb = ensemble_nb.predict(X_test_nb)

train_acc_nb = ensemble_nb.score(X_train_nb, y train)
test_acc_nb = ensemble_nb.score(X_test_nb, y test)

print("Train Accuracy:", round(train_acc_nb,3))
print("Test Accuracy:", round(test_acc_nb,3))
print("\nClassification Report:\n", classification_report(y_test, y pred_nb))

cm = confusion_matrix(y_test, y pred _nb)
plt.figure(figsize=(6,4))

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual")

plt.title("Voting Naive Bayes Confusion Matrix")
plt.show()
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Train Accuracy: 0.809
Test Accuracy: 0.8

Classification Report:

precision
0 0.79
1 0.82

accuracy
macro avg 0.81
weighted avg 0.80

Heart Data Classification

recall f1-score

0.90 0.84
0.65 0.73

0.80
0.78 0.78
0.80 0.80

support

71
49

120
120
120

Voting Naive Bayes Confusion Matrix

Actual

Logistic Regression - Modeling - Optimization -

Evaluation

Predicted

from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import train_test_split, GridSearchCV

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix

import matplotlib.pyplot as plt

import seaborn as sns

X
y

df.drop("c", axis=1)
df["c"]

X_train, X_test, y_train, y test = train_test_split(

X, y, test _size=0.2, random_state=369, stratify=y

)

float_features = ['Age’,

file:///D:/desktop/Heart Data Classification.html
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'heart rate', 'depression', 'electrocardiographic']
sc = MinMaxScaler()

X_train[float_features] = sc.fit_transform(X_train[float_features])
X_test[float_features] = sc.transform(X_test[float_features])

logreg = LogisticRegression(max_iter=500, random_state=369, class_weight="balanced’

param_grid = {
'‘C': [0.01, 0.1, 1, 10, 50, 100],
"penalty': ['11', '12', 'elasticnet'],
'solver': ['liblinear','saga'],
'11_ratio': [0, ©.25, 0.5, 0.75, 1]

grid_logreg = GridSearchCV(
estimator=logreg,
param_grid=param_grid,
cv=5,
scoring="accuracy',
n_jobs=-1,
verbose=1

grid_logreg.fit(X_train, y_train)

print("Best Parameters:", grid_logreg.best_params_)
print("Best CV Accuracy:", grid_logreg.best_score_ )

y_pred = grid_logreg.predict(X_test)

print("Accuracy on Test Data:", accuracy_score(y_test, y pred))
print(classification_report(y_test, y pred))

train_acc_lr = grid_logreg.score(X_train, y_train)
test_acc_lr = grid_logreg.score(X_test, y_test)

print("Train Accuracy:", train_acc_1r)
print("Test Accuracy:", test_acc_1lr)

cm = confusion_matrix(y_test, y pred)
plt.figure(figsize=(6,4))

sns.heatmap(cm, annot=True, fmt="d", cmap="Blues")
plt.xlabel("Predicted")

plt.ylabel("Actual")

plt.title("Confusion Matrix - Logistic Regression™)
plt.show()
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Fitting 5 folds for each of 180 candidates, totalling 900 fits

Best Parameters: {'C': 0.1,

'11_ratio': o,

Best CV Accuracy: 0.7983552631578947

Accuracy on Test Data: 0.8

precision
0 0.83
1 0.76

accuracy
macro avg 0.79
weighted avg 0.80

'penalty': "'12', 'solver':

recall fl-score  support
0.83 0.83 71
0.76 0.76 49
0.80 120

0.79 0.79 120
0.80 0.80 120

Train Accuracy: 0.8130252100840336

Test Accuracy: 0.8

Confusion Matrix - Logistic Regression

Actual

Predicted

Final Results of Models

train_acc
test_acc
cv_acc = [

models = ['Decision Tree',

"KNN*,

grid_search_dt.best_score_,

grid_search_knn.best_score_,
grid_search_mlp.best_score_,
grid_search_svm.best_score_,

np.nan,

grid_logreg.best_score_
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‘liblinear'}
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df_metrics = pd.DataFrame({
'Train Accuracy': train_acc,
'Test Accuracy' : test_acc,
'CV Accuracy' ¢ cv_acc

}, index=models).round(2)

print(df_metrics)
plt.figure(figsize=(10,6))

sns.heatmap(df_metrics, annot=True, cmap='Blues', fmt=".3f")
plt.title("Model Comparison - Train/Test/CV Accuracy")

plt.show()

Train Accuracy Test Accuracy CV Accuracy
Decision Tree 0.81 0.81 0.78
KNN 0.82 0.81 0.79
MLP 0.82 0.80 0.83
SVM 0.85 0.82 0.80
Voting Naive Bayes 0.81 0.80 NaN
Logistic Regression 0.81 0.80 0.80

Model Comparison - Train/Test/CV Accuracy

0.85
Decision Tree
0.84
KMNMN
0.83
MLP 0.800 0.830 |-
SVM 0.81
0.80
Voting Naive Bayes
079
Logistic Regression 0.810 0,800 0.800
078

Train Accuracy Test Accuracy CV Accuracy

Special thanks to my instructor Dr.
Amirreza tajally
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