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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns
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file path = 'C:/Users/IRS/Heart data.csv'
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df = pd.read_csv{file_path)
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I, Bl ol ol owilgse CSV LB 51 leosls b puiS o ooliiwl Pandas ailbuls read_csv ol 5l o cal> o ol 5o
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Age (age in chest blood blood - - heart exercisze
year) sex cholestoral electrocardiographic rate induced

pain pressure sugar depression slope ca thal c

0 63 1 1 145.0 233.0 1.0 20 150.0 0.0 23 30 00 60 O
1 7 1 3 130.0 230.0 0.0 0.0 187.0 0.0 35 30 00 30 0
2 4 0 2 130.0 204.0 0.0 20 172.0 0.0 1.4 10 00 30 0O
3 36 1 2 120.0 236.0 0.0 0.0 178.0 0.0 0& 10 00 30 0
4 57 0 4 120.0 354.0 0.0 0.0 163.0 1.0 0.8 10 0.0 30 0

oS eoliiul dfishape  jgiws 5w cvalin | b fgiw gyl slaws aSl 6l

(columns)le ;ysiw slass ;o550 sae (FOWS) o lans olaas : gl sae il sae g0 Jolis LG ol imedss

df.shape

(597, 14)

o ooliwl DataFrame <G sl oygiw sla o ioles sl gl ,o Pandas s abuls o df.columns g
o ygiw ol a4 b oS 0 SoS Lo as g uils 5 o |, DataFrame sle ygiw slo b 5l INdEX SO jgms opl 09l

df.columns

Index([ 'Age {(age in year)', 'sex', 'chest pain', 'blood pressure’,
‘cholestoral ', 'bleoed sugar', ‘electrocardiographic ', *heart rate’,
‘exercise induced’, ‘depression ', ‘slope', ‘ca’, 'thal', 'c'],

dtype="object')
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df.info()

<class 'pandas.core.frame.DataFrame’ >
Rangelndex: 597 entries, © to 596
Data columns {total 14 columns):

#  Column Mon-Null Count Dtype
& Age {age in year) 587 non-null inte4
1 sex 597 non-null intes
2  chest pain 587 non-null inte4
3  blood pressure 5896 non-null floated
4  cholestoral 574 non-null floated
5 blood sugar 589 non-null floated
6 electrocardiocgraphic 596 non-null floated
7 heart rate 596 non-null floatss
8 exercise induced 596 non-null floatsd
9  depression 597 non-null floates
12 slope 427 non-null floated
11 «ca 383 non-null floated
12 thal 32% pon-null floated
12 ¢ 587 non-null inte4

dtypes: floated(18), inte4{4)
memory usage: 85.4 KB

DataFrame _isle a4 bgs o Slowdais a5 a2 o], el (! Lo s Pandas s aillis’ ;o pd.set_option g
.‘—Q.:).Cbu) ).&A-’-’ ‘) L"b

SYsb s 9,5 obml cel sl (Sae b gt 5 b ylaw pled Lioled il S5 L DataFrame 514050

3 s ks | oS eolaiul 58 i Olendal 1 il oo «60)lse iz jo bl Gledo ol Gailes g 0ed
oS saslin df.tail L df.head ;loslaul b |, DataFrame

pd.set_option(“"display.max_rows™, None, "display.max_columns"”, MNone)

df

Age ‘EE:;E: SEX c::isl: pret;:;ﬁ'g cholestoral EL(;::: electrocardiegraphic hfﬂ; ?;g[:ﬂ:; depression slope ca thal c
0 63 1 1 145.0 2330 10 20 150.0 0.0 23 30 00 60 O
1 T 1 3 130.0 2500 0.0 0.0 187.0 0.0 35 30 00 30 0
2 41 0 2 130.0 204.0 0.0 20 1720 0.0 14 10 00 30 0
3 56 1 2 120.0 236.0 0.0 0.0 178.0 0.0 0.8 10 00 30 0
4 57 0 4 120.0 3540 0.0 0.0 163.0 1.0 0.6 10 00 30 0
5 57 1 4 140.0 192.0 0.0 0.0 143.0 0.0 0.4 20 00 60 0
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1 q = df.groupby(['c" , 'sex']).agg({ Age (age in year)' : np.mean, ‘blood pressure’': np.max, 'c':np.size})
2. q

Age (age inyear) blood pressure c

C Sex
0 51.035461 18000 141
’ 1 45.249763 1800 IN
0 55.913919 2000 37
! 1 33.110577 2000 208
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# lpip install Dtale

import dtale
dtale.show(df)

‘}-f# Actions Visualize Highlight Sattings
-

- Age (age in year) ¢ sex ! chest pain : blood pressure ! cholestoral : blood sugar : electrocardiographic : heart rate I exercise induced :

0 63 1 1 145.00 233.00 1.00 200 150.00 0.00 ~

1 7 1 3 130.00 250.00 0.00 0.00 187.00 0.00 .
2 41 0 2 130.00 204.00 0.00 200 172.00 0.00

3 56 1 2 120.00 236.00 0.00 0.00 178.00 0.00

4 57 0 4 120.00 354.00 0.00 0.00 163.00 1.00

5 57 1 4 140.00 192.00 0.00 0.00 148.00 0.00

6 56 0 2 140.00 204.00 0.00 200 153.00 0.00

7 - 1 2 120.00 263.00 0.00 0.00 173.00 0.00

8 52 1 3 172.00 199.00 1.00 0.00 162200 0.00

9 57 1 3 150.00 168.00 0.00 0.00 174.00 0.00
10 54 1 4 140.00 239.00 0.00 0.00 160.00 0.00
1 48 0 3 130.00 275.00 0.00 0.00 139.00 0.00
12 49 1 2 130.00 266.00 0.00 0.00 171.00 0.00
13 o4 1 1 110.00 211.00 0.00 200 144.00 1.00
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print(df.c.value counts())
sns.countplot{x="c', data=df)
plt.show()
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1 # ,Lic! ad 4 G 1o ash Slol grjei Livlos
2 |df.describe().applymap(lambda x: " {x:.4f}" if isinstance(x, float) else x)

{:?E:ﬁ seX c;:ﬁf pregm cholestoral :L‘:;:: electrocardiographic h?:l'; ?I:S:E:E depression slope ca thal
count 597.0000 S597.0000 597.0000 596.0000 574.0000 559.0000 596.0000 596.0000 596.0000 597.0000 407.0000 303.0000 329.0000 S597.00
mean 51.1826  0.7018 3.0720 1321292 2436551 0.1104 0.6107 144 4564 0.3154 0.3162 1.6757 0.6331 45116 0.4
std  0.0744 04578 0.9658 176038 50.7548 03136 0.3694 237943 0.4651 1.0679 0.5728 1.0452 19289 049
min  28.0000 0.0000 1.0000 92,0000 25.0000  0.0000 0.0000  71.0000 0.0000 0.0000 1.0000 0.0000  3.0000 0.00
25% 440000  0.0000 20000 120.0000 211.0000  0.0000 0.0000 128.0000 0.0000 0.0000 1.0000 0.0000  3.0000 Q.00
50%  52.0000 1.0000 3.0000  130.0000 242.5000  0.0000 0.0000 146.0000 0.0000 0.2000  2.0000 0.0000  3.0000 0.00
75%  55.0000 1.0000 40000 1400000 2737500  0.0000 20000 162.0000 1.0000 1.5000  2.0000 1.0000  7.0000 1.00
max  77.0000 1.0000 4.0000 200.0000 603.0000 1.0000 20000 202.0000 1.0000 6.2000 30000  S.0000 70000 1.00
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1 # 1. v @i

2 plt.figure(figsize=(18, &))

3 sns.histplot(df[ Age (age in year)'], bins=38, kde=True)
4 plt.title('Distribution of Age")

5 plt.xlabel( Age")

& plt.ylabel(’Freguency"')

7 plt.show()

Distribution of Age
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# 2. G Rjgi

plt.figure(figsize=({18, &))
sns.countplot({x="sex', data=df)
plt.title( ' Count of Sex')
plt.xlabel('Sex (8 = Female, 1 = Male)")
plt.ylabel( ' Count")

plt.show()
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plt.figure(figsize={10, &)}
sns.countplot{x="chest pain', data=df)
plt.title('Chest Pain Types Count')
plt.xlabel('Chest Pain Type')
plt.ylabel( ' Count")

plt.show()
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Chest Pain Types Count
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# @ 50y ko Siwod

plt.figure(figsize=(12, 8))

corr_matrix = df.corr()

sns.heatmap(corr_matrix, annot=True, cmap="cococlwarm', fmt='.2f")
plt.title( 'Correlation Matrix')

plt.show()
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Age (age in year)
sex - -0.06

chest pain - 0.15

blood pressure - 0.24
cholestoral - 0.12
blood sugar- 0.18

electrocardiographic - 0.26

heart rate

exercise induced - 0.16
depression - 0.25
slope - 0.08
ca- 0.30
thal - 0.11
c- 0.22
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Correlation Matrix
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1 # Viswalize data distributions
2 |df.hist(figsize=(12, 18), grid = False)
3 | plt.show()
Age (age in year) sex chest pain
400 +
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100 A
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exercise induced depression slope
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Missing Datacsgise gl 00ld Cu o
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# Ooiew pd s dgdde SlD 3D ey | Goler 9 selealild

print("Missing values in each feature:\n", df.isnull().sum{))

Missing values in each feature:

Age (age in year) B
SEN a
chest pain a
blood pressure 1
cholestoral 23
blood sugar a2
electrocardiographic 1
heart rate 1
exercise induced 1
depression 5]
clope 198
ca 254
thal 268
C a

dtype: inte4
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# Cgiow pd o @lo g o jlado b sgddo Sld saly 05
def handle_missing_walues(df}:

'} 4

# alo [ _f.aj Sld asls L:-_"-d;_,.. M

for col in df.select_dtypes{include=[ 'number']).columns:
df[col] = df[col].fillna(df[col].median(})

# 1o b adS o5ld ashy oS

for col in df.select dtypes(include=['object"]).columns:
df[col] = df[col].fillna{df[col].mode()[@]}
return df

# ol Sy g goli Jloc!

df = handle_missing walues{df)

df.isnull().sum(}

w20 53y 3 &b onl Jeel L 5 DataFrame S, s saied polie o pae slp @l S Jold oS axkad oyl
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handle_missing_values xb iy, v
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Dgds oo 00ls CutS 3wl 9,5 laie 4wl sad Sy o ] eaied polie a5 DataFrame e oyl o
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DataFrame) a=.s 5 545 0 Jle! DataFrame df ¢4, ,» handle_missing_values &b oz ! o
05 Jlesl Lol DataFrame jo |, ol ess B ans oo o5l bo 4y ol 050 0 0,053 df i 10 0 Lgo (capdlol
odineS polae ddzxe w)p v

D20 oo yiles g el |, DataFrame ygiw o )0 coied polide olass oS las oyl

»olie sl True) el Boolean yolie Jolis a5 o355l oo Cows 4 0> DataFrame G L, isnull() 5l eolaal b

dwlore ygiw o 5l (eoieS polie) s True slaws ,0SUM 5l solitwl b e (89290 polis sl False g ooiad
Aty

Age (age in year)
sex

chest pain

blood pressure
cholestoral
blood sugar
electrocardicgraphic
heart rate
exercise induced
depression
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SeaS Lo s b ol ol Slulils .a)ls o sl DataFrame <G 5l fgiw wiz b G jo luSs polie a5 (6,55 sl ools

oS 6 S el s o Sl g S yob sl Julos 5L oS
L9550 b aie (pl oS eolaxwl pandas abls s duplicated o 5l g oo 5,55 sl sols olulis sl p
WS oo asine False L True jlaioe b g aiies 6,1,S5 oyl plas a5

2,5 B 1) 6,15 sl law oles  drop_duplicates b ;i esliiwl b olgs o 25,55 slo ol B>

Colys 40 09 oo 00l islei Shape S5 5l eolaiwl b la o] slows g wigd co slwlils (6,1,5 loylaw S ol o
053 o Pl e df

# |_f__|.'lf.._‘::- S aoly | puliol L

df duplicates = df.drop duplicates()
print(df.shape, df duplicates.shape)
duplicates = df.duplicated()
print("Duplicated Rows:™)
df [duplicates]

:.l I_F__I'L.._qp'\_n I_J'Tl\[ﬂ-."_J_IELLU 91

df cleaned = df.drop duplicates()

print("\nDataFrame atter removing duplicates:™)
df cleaned

@y Gidu » 080 e Ginled | @l g aizls , DataFrame G jo 6,150 slaools Bds g olulils 4y oS askd )
S (0 o Jralls

655 saosls slulis v

aS oS oll DataFrame df | aos ases O b oS o oolawl drop_duplicates() &b 5l b s ol 5o
Sgb o0 0,3 df_duplicates e jo sl (ol dmes e 6,1, Gloylaw Jolis

oS B> 1) 61,5 sl o >y 4 euilyi o Lo, drop_duplicates() 5l eolaww! b

Lol DataFrame (la g ¢ o law olass) slel L print(df.shape, df_duplicates.shape) ;| eolaul b rascs

3929 (5,1, Jlaw Kz pries B oS 0 SaS Lo I8 ol s o isled |y (6,15 sl ylaws 50 DataFrame
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Qils 3 a1y (True/False) Jg polic 5l (SEries) s mw G a5 1S oo oolitwl duplicated () o 5l Lo dox! jo
L 6L oo b oS o S8 Lo ay il ol el (6,85 abogy o Slas a5 ceul ol saimslis True Jluis ,»
5heoliinl b s 9 oS o0 2> 1, sy 6 L print("Duplicated Rows:") ;l eolaiwl b oS ololis
23 oo imles |y (6,1, o,k df[duplicates]

S5 slo sl Bl ¥

1y A g oS Ba 1y 61,5 sl ylan b 0iS o colwl drop_duplicates() &b ;i o,bss Lo el 0 ol o
Al (6,1, slo o (g0 g jes DataFrame G b aas o o5l bo a5 S ol 0uiS o0 0 w35 df_cleaned s
o 9 S 0 ol 1) plo S L print("\nDataFrame after removing duplicates:") ;I solitl b .euisl

Dy o s e8> 61,85 sla s B3> | o DataFrame oS oo b eues o Lisles |, df_cleaned

(597, 14) (596, 14)
Duplicated Rows:

DataFrame after removing duplicates:

Age [53:;:; £ cII;:is: pre:::.lorg cholestoral gluc;]c;c: electrocardiegraphic hf:g ?rfgru?:g depression slope ca thal c
0 63 1 1 1450 233.0 1.0 20 150.0 0.0 23 30 00 60 O
1 37 1 3 130.0 250.0 0.0 0.0 187.0 0.0 35 30 00 30 O
2 4 ] 2 130.0 204.0 0.0 20 172.0 0.0 14 10 00 30 0
3 56 1 2 120.0 236.0 0.0 0.0 175.0 0.0 0.8 10 0.0 30 0
4 57 0 4 120.0 354.0 0.0 0.0 163.0 1.0 0.6 10 00 30 0
5 57 1 4 140.0 192.0 0.0 0.0 148.0 0.0 0.4 20 0.0 60 O
[ 56 0 2 140.0 2940 0.0 20 153.0 0.0 13 20 00 30 O

Noisy data 3 o5 sl cols o Llwlils

S oo oy ] 358 o o0lit] Jgene paé (sloaiie sy b 6olel o | Vgane g sl ools mlulids sl
e b0yl 899 e b i pé polis o ools o LT aS

(oS ololid |y 593 b Jaern e polie puilyy oo U5l bdws o Gioles 1) gt ;2 08 4 pastie polie oS oyl
@ 5ka ST el alils Jloges sl ools cunl (Sew il Sy o> 3l o b i polde sl goae g S Mo
3,5 auplem pladl aslol jo il Mol

# g sl asls ._,'-._'II_-\.-.-'II._...,-.- Ju':l.p Cgiew o 309 @ peaoeio .Lp_:-\';l:'_-ﬂ L Floaus s

for column in df.columns:
print(f"{column}: {df[column].unique()}}")
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1 # 1 Soar Sl oo aod Sy oA wSU sl
2 plt.figure(figsize=(15, 1@))
3 for i, col in enumerate(df.select_dtypes(include=["'number’]).columns):
= plt.subplot{4, 4, i+l1)
5 sns.boxplot(x=df[col])
6 plt.title{col)
7 plt.tight_layout()
8 plt.show()
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3  sns.boxplot(data=df)

plt.xticks(rotation=9@)
plt.show()
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Outliers data @ 5 b ool Cu g 9 (o Lwlils

IQR (Interquartile g, jloolatwl L1, &y slo ools ou3l0 oo &y slrosls o o g ololiss ) bo cal> o ol 4o

wlyle T s cpen s aaims 8 5t cou 1) (g3l Jow gl asily oo & slo 0ols 0uiS oo luliis Range)

2 Ok L b gt plo ©p gl osls g ailo L) (ol b (g I (pan oS (o0 oy W0 O 50

# a wd=o Q1. Q3 g IQR

Q1 = df.quantile{d.25)

Q3 = df.quantile{d.75)

I0R = Q3 - Q1

lower_bound = Q1 - 1.5 * IQR
upper_bound = Q3 + 1.5 * IQR

Ql oS o anlxe DataFrame ;o 5w ;0 slp 1) (pgw 0,03) Q3 5 (p ez 0,03) QL polie Lo o 2w cpl jo
o o9l IQR (Interquartile Range) .cwl Yb a0 VO saiaoylis Q3 g leosls ol duo,o YO sosmsylis

Al oo Wools ailes diels saumoylis a5 sl Q1 4 Q3
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# oy Sld sl eulielins
outliers = df[(df <« lower bound) | (df > upper_bound)].dropna(how="all")
print("Number of All outliers detected:", cutliers.shape[@])

(df <lower_bound) | (df > upper_bound) L& jl eolitul b .ouiS oo ololiss 1, & slaools Lo does! o
D on (Slwlids abl oald posd 390> 5l 25 S 5 lade o

Qi (NAN) loob oyl polie ples a5 cusl oo ,lans B3> 1, dropna(how="all')

Bg o ol ol olulil Oy glaosls IS slawy asecs jo

P oy ;8 Oy slaosls sluls V7

# ,-__.-"!L'-‘ sld UM ear )3 Trpy Sl ashy aeloul s
outliers_specific = df[

(df['blood pressure'] < (Q1['blood pressure'] - 1.5 * IQR['blood pressure'])) |
(df['blood pressure'] » (Q3['blood pressure'] + 1.5 * IQR['blood pressure'])) |
(df['chelestoral '] < (Q1["cholestoral '] - 1.5 * IQR['cholestoral ']))
(df['cholestoral "] * (Q3["cholestoral '] + 1.5 * IQR['cholestoral "]))

(df[ 'depression '] < (Q1[''depression "] - 1.5 * IQR['depression "]))

(df[ 'depression '] » (Q3['depression "] + 1.5 * IQR['depression "]))

(df[ "heart rate'] « (Ql[ 'heart rate'] - 1.5 * IQR["heart rate'])) |

(df['heart rate'] » (Q3['heart rate'] + 1.5 * IQR['heart rate'])})

]

print{“"Number of outliers detected in specific columns :

', outliers_specific.shape[@])

w2l p o0 (CdB (Lo g (50l (g udS y95 jLad) Lol giw jlaz 0 & slacsls olulid 4 Lo iu (pl yo
Sy slrosls o e gl Lol sresls 3l S v

# O oSl ash cupro STy alsl sle sxl a5
data_no outliers = df.copy()

o2 plosl Lol glaosls 5 56 e |y Sl ass plein U oS oo ol| Lol DataFrame 5 5 G s ol jo
P Glaygiw jo caied polas 0,5 4 v

# wgui ey Al b pols Sl Ogis
special columns = ['blood pressure’, ‘cholestoral ', ‘depression ', “heart rate']
data_no_outliers[special_columns] = data_no_outliers[special columns].fillna(data_no_outliers[special_columns].median())
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# g o g cpvle U D ogiee pl
data no outliers = data no outliers.fillna({data no outliers.mode())

30 lade (p i guly Gliss 4 v 1S o0 layein J (mOde)..\.ol.j‘) b ygimw plo 0 ouieS polie bo cdas ol o

0l p 9 Dy e slaools ioled v

# ool g Oy Cal Sld axh | Gulos
print(“Data without outliers and filled missing values:")
data_no_outliers

o2 o i led Iy (o0 o ooied polao b g &y slrosls ygas) el slrosls Lo jusw ol o

Mumber of All outliers detected: 196 -
Number of outliers detected in specific columns : 44 .
Data without outliers and filled missing walues:

Age {aggﬂi:ll SEX cg:?: pre::;?::g cholestoral 2l|.|°g(:3dr electrocardiographic hf:tr; ?:S[:::igz depression slope ca thal c
0 83 1 1 145.0 2330 1.0 20 150.0 0.0 23 30 00 60 O
1 37 1 3 130.0 2500 0.0 0.0 187.0 0.0 35 30 00 30 0
2 41 0 2 130.0 204.0 0.0 20 172.0 0.0 14 10 00 30 0
3 56 1 2 120.0 2360 o0 0.0 178.0 0.0 0.8 10 00 30 0
4 57 0 4 120.0 3540 0.0 0.0 163.0 1.0 0.6 10 00 30 0
5 57 1 4 140.0 192.0 0.0 0.0 148.0 0.0 0.4 20 00 60 O

L cumz g b (S ol
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X = df.drop(’c’, axis=1)
df['c']
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gl oo oolitul Jow o390l slp b cols (Training Set): %70 _ij9el acgome @
gl oo oslitul Jowe ol g el )b ol s 6l s ools I (Validation Set): %15 v lucl acgome @

09.,.» ° oolaw! Jd..o Q)il‘o.c Lg’Ler’ Lg’l"))‘ 6‘).’ > ool )‘ (TeSt Set): %15 uyo)T @M ®

from sklearn.model selection import train_test_split

# aceieglich g -'..-'_;-.-G_J.'I. q_?-.\.\-'/'}ﬂ.'l. Sld acgozoe ar @ a3l o cuds
# \Z-}q_n."-_g ._5‘-\.'\-'_]}'3.". acgozxe ar (@ ool jouwdr (o
X_train_val, X test, y train wval, y test = train_test split(X, y, test size=0.2, random state=42)

# ooxiuglicl g .__'-\_..-\-J_:,-o."- ACQOTED Oaantdi | pakssar

X_train, X val, y_train, y_val = train_test_split(X_train_wval, y_train_wval, test_size=0.25, random_state=42)
# (@ acgozo ojlul iz

print(f"Training set size: {X_train.shape[@]
print(f"Validation set size: {X val.shape[@]
print(f"Test set size: {X test.shape[@]}")

)
)
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i0lS oy eadd w1y (250 5 Wlee jled a4 eile (650l la e bl

train_test_split xb 0,5 )1y v

s (6l 2l opl . 0iS oo o,y Sklearn.model_selection abls 511, train_test_split &b L oas ol 5o
@ ol ]y laosls a5 sas e 1y Sl ol L 4 train_test_split .ogs oo solitw] calises sladc gomo 4 laools
sl 63970 ele 6 xS0l Sl o Shas b3yl sl S (nl &S oS e 3051 5 (D590 slaasgere

0525] 5 shisel Slaassere 4 oodld i v/

5 (y_train_val ¢ X_train_val) s lacl g bjg0] dcgommo 10uiS oo o Lidu 90 au |y brodls Lo cdas ol jo
(y_test g X_test) g3 acgome

il el
(J..e,.m.a dlmﬁi;‘..o )'| 6‘“9‘-’.“’) lassls 6b§}i9 X o
(sl 6o yiio 5l (Slegoe) b 29> b locnz iy @
g oo 03l olaisl faejl dsgama (sl osls jl oo ,o test_size=0.2:20 e
2ll 050 o el a5 g o 0olaul (Gaiseamds (0g Solal ool sl el)l ol random_state=42 e

sl S5
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oS oo s Y_train_val ¢ X_train_val ;l1, s loel g o590l acgame bo cal> o ol o
il il
obais! oo lael acgome gl y_train_val o X_train_val slasols 5l oo o test_size=0.25:25 e
@ do 0 YO g (Y_train ¢ X_train) _o;sel acgeme 4 brosls 3l oo ,o YO a5 cusline s (pl 098 o o0ls
Db o olaisl (y_val s X_val) i Ll e gomme
y_test ¢ X_test g ow luel gl y_val g X_val « ij9el sl y_train ¢ X_train :o s acgomme aw o ;g5
o903 sl

lbds gozxo o5l Gl> v/

dcgazme ;0 40 (ladiged) o o oloss [-1shape sleslaiwl b oS oo Gl 1) bracgomme 51 SO yo o3lasl o ide (ol yo
sy 4o 2ools a5 g yhedae B auS co SS Lo s IS ol euiS 0 ol Llgs &y a0 1) lagyT g 4o 9l oo Cms a0
RGP

Training set size: 357
Validation set size: 120
Test set =size: 128

Ol gy’ Jloe! 31 g ouinoS gy olio duo Cuy e

b o 5l can ;0 Lo (eog0ae s ools sloml) ol JB wals b sols o5LuS bl jo Ol jgiws sl >l 5lan 28

oS oo s |y 009800 sl old duzme (g 3lws lailinl g g3le Jloy 5l LB S aed 4 pugd oo

from sklearn.impute import SimpleImputer
# a1.ia’ polis cupae
imputer = SimpleImputer(strategy="ms=an’)

X train_imputed = imputer.fit transform(X_train)
X _test imputed = imputer.transform(X test)

20 S oo eolaul IS cpl sl sCikit-learn Gbuls 51 g o5l 5 oo ools ;o saied polie o poe 4 AS dxkad oyl

oS (50 sy Jwadi 4 1508 pl 5l isu e sl
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from sklearn.preprocessing import StandardScaler

o

# D 2> -\'_q_,'\l._n.ﬂ.'_:_.l.'l.Lr'-\l._l_u-'.'l
scaler = StandardScaler()

# Lodjgol acpazo Silud il
X_train_scaled = scaler.fit_transform(X_train)

# pxiwnglic! acgozxoe Sl il
X_wval_scaled = scaler.transform{X_wal)

# x.'-go__u.". acgoses o5l il ol
X_test_scaled = scaler.transform(X_test)

o

L.-la".C _'-\'. -"‘." Lu\.u II.A:U

print(f"Scaled Training set shape: {X_train_scaled.shape}")
print(f“Scaled Validation set shape: {X wal scaled.shape}")
print(f"Scaled Test set shape: {X_test_scaled.shape}™)

A Sl e ST S5 (gslws sl ojls o uiile (680l Joe G0 eols (gilws laslinl 4y oS aslad )
oS ol 5 i o S e S8 (S jleme Bl g jo 5:Siko b Ygane) Jlos @55 o & o Ty (p3mliio
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StandardScaler « & sbx! v/
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Scaled Training set shape: (357, 13)

Scaled validation set shape: (128, 13)
Scaled Test set shape: (128, 13)
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L3 s ool s podlS o jies (6l a5 Soluced e o,550! SG :K-Nearest Neighbors (KNN) v/
S oo b S wlol p ) Slogeas 45 queas <50 Jaw S :Decision Tree v/

ol B3 i | oS 5 &S Bolas JSi> Jow X, :Random Forest v

23318 3 o0 LS o g3lolas e oy 8L 4 4 i ,68)1 s :Support Vector Machine (SVM) v/
23,55 0k 1 sz sl Wil oo a5 AYaus cac aSii S :Neural Network v/
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from sklearn.linear_model import LogisticRegression

from sklearn.neighbors import KMeighborsClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.svm import SVC

¥rdm sklearn.neural network import MLPClassifier

from sklearn.metrics import accuracy score

from sklearn.model selection import train_test split, KFold, cross_wval score

from sklearn.metrics import accuracy_score, fl score, roc_suc_score, precision_recall curve
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# I Jio wdeger
models = {
"Logistic Regression”: LogisticRegression(max_iter=188@),

"K-Nearest MNeighbors": KNeighborsClassifier(),

"Decision Tree™: DecisionTreeClassifier(},

"Random Forest™: RandomForestClassifier(random_state=42),
"Support Vector Machine": SWC(probability=True),

"Meural Metwork": MLPClassifier({max_iter=1eee)

¥

I ] J ] 5
# @ Jo bjl 9 srjgol

results = {}

for model name, model in models.items():
model.fit(X_train_scaled, y_train) # .l L;;gaf
y_test_pred = model.predict(X test_scaled) # _psiwgluic! acge=e SS9 p (i b
accuracy = accuracy score(y_test, y _test pred) # o9 a .ul=o
results[model_name] = accuracy
A€F1™)

At E " MAada ] = Fmed, — Vel 5 dafa A~ ——mo AT =i "y
= print({f "Model: {model name}, Validation Accuracy: {accuracy:.4f}")
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Sl copmzen il 1S5 B s U sl ool es random_state=42 Random Forest Jo. sl :aisS
Sgd dmlire by s s Jlei| b ol ooy oulas probability=True SVC

loJae byl 5 Ghygel v
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models 508 o Jow o glyl 4 for aal> G 5l eslain! b adl>

s X_train_scaled) _u;90l sleesls L Jow model.fit(X_train_scaled, y_train) :Jos _ij9e! @
el 00 oliie (sly S oaimsylis Ysens X_train_scaled .ses oo ools 3550l (y_train

o liel degema slp olo o i Y_test_pred = model.predict(X_test_scaled) : oo i @
g oo plsl (X_test_scaled)

&b 5l eoliiwl by o i cds @accuracy = accuracy_score(y_test, y_test_pred) :cds aculxe ®
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mb ol (6,3 v

ConlS Il 51 s cpl F10uS oSS ] 80 5 Jae pb ol 4 (Sl oo cnlS Jol> > 0 aS) oS L3

Al dolem ool ioles jliel o8, Loz bosds G 3 O jgo as Joo po S8 gl S 7yl

l!bJMC«éégC«g.%g‘tsm)).g
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# b Jwo  objyl Sy K-Fold Cross-Validation il eolaicf

kf = KFold(n_splits=5, shuffle=True, random_state=42)
cv_results = {}

for model_name, model in models.items():
cv_scores = cross_val_score(model, X_train_scaled, y_train, cv=kf, scoring="accuracy')
cv_results[model _name] = cv_scores.mean()

# print(f"Model: {model name}, Cross-Validation Score: {cv_results[model name]:.4f}")

5 .35l 5 o K-Fold Cross-Validation g, 5l eslaiwl b cuiile 550l calizes sloJae b)) 40 oS dankad

(e o0 zoyl Jeadd 4 |y 05l 5l sy s ol

K-Fold Cross-Validation < ,=s v/

05 oo sl sklearn.model_selection abslis 5 KFold oS 51 e oo SO Lo cdas ol o
il el
Digdh oo el ES0 O as bdosls doxl jo aiS o et |y (fOlAS) wlewds olows :n_splits=5 e
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K-Fold Cross- sl=il sl sklearn.model_selection alls ;| &b (.l : cross_val_score(.) e
Dgd oo oolatul Jaw ,2 (59, » Validation

el 2by) b o a5 Lad Joe: Model e

Diloads (gos pwlidie (ol 5l ies a5 bigel sla S5g: X_train_scaled e

il Sloez  ty_train e

g oolatul sadsiay a5 K-FOId clownss 3l a5 oS o aseie s CV=KF @

sals ol (@CCUrAcy) Cds doxil 40 09 oo eoliiuwl Jow b)) sl a5 (5, Lee s SCOFING="accuracy ' e
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pbLev_results s, aSos 10 g 09 oo dmle Jad Jow sl obj,l Ol pes 255l :)CV_SCOrES.Mean o
g o0 0,33 o
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@\# e B> b ogd oolaiwl Jowe ,o @l,t)’)l =l ol sl 4315369 (Cos| oa.J)o CinlS Oygo 4 aS) Loz oyl
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# azxiwglacl guls | doles
results_df = pd.DataFrame(results.items{), columns=['Model®, 'Validation Accuracy’])

# ghleio aaiwglac! zuls | bolos
cv_results_df = pd.DataFrame{cv_results.items(), columns=['Model', "Cross-Validation Score'])
cv_results_df.sort_wvalues(by="Cross-Validation Score', ascending=False, inplace=True)

2 < - e I raFrame . cula
# 93 Sy DataFrame S o DataFrame _solps

'F:'Lhal_r‘esults_df = pd.merge(results_df, cv_results_df, on="Model', how="outer")

# oulps Joas cuolas

final results_df
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aS cre (pl 4 g oolizul (OULEr JOIN) Sgyw pléol £45 51 a5 0iS o cund a5 0l : how="outer' o
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Model WValidation Accuracy Cross-Validation Score

0 Support Vector Machine 0.841667 0.528912
1 Meural Metwork 0841667 0770031
2 Random Forest 0833333 0500973
3 Logistic Regression 0.825000 0.5320618
4 K-MNearest Meighbors 0.808333 0.526213
5 Decision Tree 0800000 0728169

Glizo 2U 55l syl 31 colawl
109 o0 ool b Jaw o, Sles yioriw gl calizes ‘531.1)‘) LY PEPI PV ESU RN IR

Lo gt IS 4 oo sba i Cod s (Accuracy)cds e
(&Il § ods Sge,la (1 Sile F1 Score o

.(Receiver Operating Characteristic) s Slae — 2l ;0 cmvie (wlol p Jow o Slee b5,/ AUC-ROC  ®

.m.:Sb_gl.l)')\ Lg)sénl.’?)j.bd.g‘) b Jow 8,5es b oS o0 oS b 4y b jlxs o2

from sklearn.metrics import accuracy_score, fl_score, roc_auc_score

# LS o8 X troin_scaled g X_test _scoled sla -:1___:.-')-."' NumPy L wady
X train scaled = pd.DataFrame(X train_scaled)
X_test_scaled = pd.DataFrame{X_test scaled)

# l_'.'_-;uc:*__u."._g ,\_EL\.A.-'__I_;,'L{I.'I. Sld asls ACgoses 33 Al ,05 _u_m.';ﬂ..':- Par)
print("Missing values in X_train_scaled:")

print{pd.isnull{X_train_scaled).sum())

print{“Missing values in X test scaled:")
print({pd.isnull{X_test_scaled).sum())

# alo b ,il'...a- L osads o8 walio l_','_*,_n_‘i. e

X_train_scaled.fillna(X_train_scaled.mean(}, inplace=True)
X_test _scaled.fillna(X_test_scaled.mean(), inplace=True)

GLulS 3l pizmen g aiSlo Qyﬂ 3 L;i‘,)'sﬂ o3ls sladcgaze ;0 sdieS polie Copie g oy A A5 dslad o)
S (0 oy Sl @ 1) iSu e S e oolatul udle 5,50k sl Joe byl sl Sklearn.metrics
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DataFrame 4 NumPy slaal,] Los v
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ol B s e o3l Lo 4 S el ouiS oolitil laosls o e (sl PANAAS (glacierlls §1 ailsts b 58 o Lo
oS eoliiwl Pandas wlgs 5l g oS 15 leools b
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X_test_scaled 4 X_train_scaled slo DataFrame ,o (NaN) coisd polie cw,p a0 b (idu cpl o

DataFrame giv ;o 0 cdieS polie olaw s pl ¢ pd.isnull(X_train_scaled).sum() e
Qo3 oo iales g oS e amla |, X_train_scaled
DataFrame o coied polie slaw L pl w@wlin ,eb 4 : pd.isnull(X_test_scaled).sum() e

Qo oo ialed § 4wl 1, X_test_scaled
.J,,_i-liM)bomﬁawdoﬁﬁg)‘lﬁjlﬂwbM@Mugab)&ldl AzS o
Sl b oaied palie 0,5 5 v
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38 odieS  polie ks opl X_train_scaled.fillna(X_train_scaled.mean(), inplace=True) e
QS oy abg e slagie (Sle L |, DataFrame X_train_scaled
soineS polie Lyl cline ,9b 4 :X_test_scaled.fillna(X_test_scaled.mean(), inplace=True) e

QS o abgs e slogygie S5l L |, DataFrame X_test_scaled ,s



S9) p oS polie e 3l 5L oS o SaS Lo aS col Jglate by, o el b oS ppolie 9,5
S S5 sl Jo

Missing walues in X_train_scaled: Missing values in X_test_scaled:
a ] a a
1 a 1 a
2 =] 2 a
3 =] 3 a
4 =] 4 a
5 2 5 a
& o <] a
7 e 7 a
g @ ] a
g o 9 a
18 a 1@ a
11 e} 11 a
12 a 1z a

dtype: intéd dtype: inte4d

U3 65 bre dwlxo g (9031 Acgazmo 59y 31 (S Uiy

# oulejy sldles Qonl=o g -'...:q.c_;.". Acgosrs 59) g P e
test_results = {}

for model _name, model in models.items():

model.fit(X train_scaled, y _train) # Lﬁ+{gﬂ;.ﬂ;}a3ﬂ Sg; p Jio ddzo jgal
y_test pred = model.predict(X test scaled) # uogejl acgomo S5 v fiw ey
accuracy = accuracy score(y_test, y test pred)
fl = f1_score(y_test, y_test pred)
roc_auc = roc_auc_score(y_test, model.predict proba(X test scaled)[:, 1])
test _results[model _name] = {

‘Accuracy’: accuracy,

'F1 Score': 1,

"AUC-ROC": roc_auc

}

# zvly dulas
pd.DataFrame(test results).T

iz bl sl lae 5 035 12 ysesl dcgozme (59, 2 1) edle (6550l sbaJae b ans o (Sl Lo 4 oS aslad )|
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I, AUC-ROC (Area Under the Receiver Operating Characteristic Curve) o,.; :roc_auc e
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il S o |y Cadie WS oyt Jlei>! 45 090 0 eolazu! predict_proba

G riSS 5o bl 0,58 v

Joe pb (6,a800 oS 0gd e 03 test_results s iSis o Jow o Glp sdbawbre i e ol o
Sl 2bl sl Jolis (6,2500 S o] lade 9 (Model_name)

2 Gl v

LS (eolgsl ) T. 5l eolatul b o 3 oS o0 o5 DataFrame G « |, test_results ¢,0eo0 Lo s opl jo
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Accuracy F1 Score AUC-ROC

Logistic Regression  0.825000 0.740741 0.391145
K-MNearest Meighbors 0808333 0722892 0855915
Decision Tree  0.791667 0.736842 0792464

Random Forest 0833333 0751805 0.594435
Support Vector Machine 0841667 0771034 0907595
Meural Network 0833333 0777778 0881280
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ol oLl 4y )15 pl gl co o)y eCawl 00,5 ciw (i ol 4y Jow o yige a5 oo dged > o ol 0
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# Jdao opaps Sl Wlas | Loy

best_model _name = test_results_df['Accuracy”].idxmax()
best_model = models[best_model_name]
y_test_pred = best _model.predict(X_test scaled)

# lalh> | Ll
error_df = pd.DataFrame({'Actual': y_test, "Predicted’: y_test_pred})
error_df[ "Error'] = error_df[ Actual'] - error_df['Predicted’]

&

# ol ¢_:_;_‘f Pt | gLy ol a Jio as ol LI T ‘_’;,u._-l'.a.-
misclassified = error_df[error_df[ 'Error’'] != @]
print(“"Misclassified Samples:")
misclassified.head()

oy Joe o0,Slas U asS oo SaS Loy oS (pl 03lop oo (Somiion e (e o bllas Ldod 4 oS axkad o
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oS oo olwlin T (Accuracy) cdo ulol p 1, Joe ooy pb b o idu cpl 4o

Sl C8s YL b e (Lasle) WSonl &b opl ¢ test_results_df['Accuracy'].idxmax() e
S o loy DataFrame test_results_df

30 dbge Jow 4 b (Jow oy pb 5l eolaul L : best_model = models[best_model_name] e

oS o0 o g yws models s aSos
Joe e b st v
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A (505 dsgemme (5l ondwliie sla Ss Jelis Weosls ol X_test_scaled e
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oo 6lp ol g 9o el o 1iSus opl - {Actual': y_test, 'Predicted’: y_test_pred'} e
(y_test_pred) Joo slo o i 1y 5,500 5 (Y_test) sl



@ W g o Lo das ol o :error_df['Error'] = error_df['Actual’] - error_df['Predicted'] e
o ylis Cuite polie S co dulore 1) 00l S i 9 (2Bl polie o OB AT o uS e adlal ErTOr U
A (2Bly e 5l iy sla co i caimolis ik polie g 23l lade 5l ST sla o ion
Sl 03,5 i oliil 4y Jae a5 Sladiges iales V1
oS o0 el el 00,57 o s oLl 4y Jow a5 1) psleaiged Lo o idu cpl o
el 4 wo> DataFrame < L3 .l : misclassified = error_df[error_df['Error'] != 0] e
Oole a4 Cancs oo bl (Error) Uas o] jo a5 sl slaylan Joli a5 oS e slu] misclassified
Sl cillas o28ly jlade b Jow S yion 4 it gladigad Jold baylaw ol 0
0l i sloaises Lo, Misclassified.head() 4 print("Misclassified Samples:") ;l soliiwl b azcs ;o
oS eamline 1) ol diges iy b om0 el Lo 4y head() e oo toled 1) s yols
Misclassified Samples:

Actual Predicted Error

416 1 0 1
247 0 1 -1
4569 1 0 1
404 1 0 1
434 1 0 1

PCA ;1 o5l

lad S ol ool b usS oSS Ly 5 ol 05 oo oolaiwl b sols slul zalS gl PCA 5l ial> o ol jo
oS S0 e |y 09790 SagSl g 0ulS s S oS

from sklearn.decomposition import PCA

# o d__l.'l_Lu'. P WY

print(f"Size of X_train: {X_train.shape[@]}, Size of y_train: {y_train.shape[@]}")

# slel GdlS sy PCA I aslaz.uf
pca = PCA(n_components=2)
X _pca = pca.fit_transform({X_train_scaled)

# adl adls osle esl aawi

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

plt.scatter(X pca[:, @], X pca[:, 1], c=y_train, cmap="viridis', edgecolor="k', s5=5@)
plt.title('PCA Result')
plt.xlabel('Principal Component 1')
plt.ylabel('Principal Component 2')
plt.colorbar(label="c")

plt.show()
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print(“Best Model Performance:")

print(f Accuracy: {accuracy:.4f}")
print(f"F1 Score: {fl:.4F}")
print(f"AUC-ROC: {roc_auc:.4f}")
test _results df
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Best Model Performance:
Accuracy: @.3333

F1 Score: @.7778
AUC-ROC: @.8813

Accuracy F1 Score AUC-ROC

Logistic Regression 0525000 0740741 0391148
K-Nearest Neighbors 0805333 0722892  0.835915
Decision Tree 0500000 07445831  0.799043

Random Forest 0533333 0761905 0894438
Suppert Vector Machine 0841667 0771084 0907395
MWeural Network  0.525000 0.764045 0575000
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