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1. import numpy as np # o7 L sowe olbidas slyola

2. import pandas as pd #0010 5y LSSGws sl auysae 3 LaDataFrame
3. import seaborn as sns #osny slyoooly sylel shlwls

4. import matplotlib.pyplot as plt # s o bl sl yausile 3 Syxie (SoSUwl sla
o las

5.

6. from sklearn.preprocessing import StandardScaler # pwliis sl 5, Sios siols

7. from sklearn.model_selection import train_test_split, cross_val_score # o505 powis sl o o La
JoLladis oy Lise |

8. from sklearn.linear_model import LogisticRegression # Juis ¢! oSbwx] Gouw,y Sy o) lw

9. from sklearn.metrics import (classification_report,

10. accuracy_score,

11. confusion_matrix,

12. ConfusionMatrixDisplay,

13. roc_curve,

14. auc) # Juo ouSlae byl sl
15.
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1. 1. !pip install pandas numpy scikit-learn seaborn matplotlib
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1. import numpy as np # o )T Lo sode oladae sl ooy sle 3 Lala

2. import pandas as pd # o010 5y LSGws sl aoyae o LaDataFrame
(Jgazonls sla)

3. import seaborn as sns # oo slyoodly gylal sHlw 5 olis> Oyew 40 La
4_?9)_>L51

4. import matplotlib.pyplot as plt # b liw 5 goidin slaylogas slasl sl o0l shluwlas
5.

6. from sklearn.preprocessing import StandardScaler # wliis sl o sibio(s) lwoylasliwl) Sios sla
RN

7. from sklearn.model_selection import train_test_split, cross_val_score # 4, ool pawis sl o
gl L iwybde | guden 5 AolodT g d)sel e

8. from sklearn.linear_model import LogisticRegression # < liwxd (suw, Sy Jaw asle s!yo( 5 SO
Jioaiyb slasain)

9. from sklearn.metrics import (classification_report, # Juo > Sdac gols ¢yl 35 sl o( cads
¢l o3I 4 3F1-score)

10. accuracy_score, # oJuo S a8y wlxo ¢l o

11. confusion_matrix, #opano woole csle ol o S, ( Js s
Juae 5,Sdac)

12. ConfusionMatrixDisplay, # pa )5 osSle swan golas ol 4o S50
13. roc_curve, # S bLis 4wlxs sl 3 ROC

14. auc) # i ) oslus 4awlxse !, 0ROC (AUC)

15.
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(o> ens b Outcome dowsl 53) oS o i 1) 0T ealss o 8 6 e ((Target Variable) Sun yiio o
el VgV o OT Sl e 95 o o alaly ot 6l 5 5les ((Correlation) Ko o
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Al GleMbl 45 0305 as gazes 53 Ji= glaasls ((Missing Values) ouind™ polio o

a0 wlie lads 5 ylacws, (Duplicate Data) &1 ,G svodls o

038 55 Sl amslin (sl (5,LT 0503 &K i(t-test) (J GgodT o

A b p 03 g s3> B o edalie gl 3l S s b oSl 4 am B sdalie Jlazl P (P-Value) sfado e
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1. df = pd.read_csv('diabetes.csv")

Q) oy

el « DataFrame ¢S « 5,05 5 455 0 5, CSV LG, 5us ylpd.read_csv('diabetes.csv') e

A4S o s df
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1. Pregnancies Glucose BloodPressure SkinThickness Insulin BMI
DiabetesPedigreeFunction Age Outcome
2. 0 6 148 72 35 0 33.6 0.627 50 1
3.1 1 85 66 29 0 26.6 0.351 31 0
4. 2 8 183 64 0 0 23.3 0.672 32 1
5.3 1 89 66 23 94 28.1 0.167 21 0
6. 4 0 137 40 35 168 43.1 2.288 33 1
7.
8.
Ols 61\.»‘)}:..:43-}&&@&3,&)}14{ Laosls a5 05 o0 O 95 Lo sy g opl
Wosls ST daw Ve i(10)dE. tail o
Pregnancies Glucose BloodPressure SkinThickness Insulin BMI
DiabetesPedigreeFunction Age Outcome
3. 758 1 106 76 0 0 37.5 0.197 26 0
4. 759 6 190 92 0 0 35.5 0.278 66 1
5. 760 2 88 58 26 16 28.4 0.766 22 0
6. 761 9 170 74 31 0 44.0 0.403 43 1
7. 762 9 89 62 0 0 22.5 0.142 33 0
8. 763 1 101 76 48 180 32.9 0.171 63 0
9. 764 2 122 70 27 (4] 36.8 0.340 27 0
10. 765 5 121 72 23 112 26.2 0.245 30 0
11. 766 1 126 60 0 0 30.1 0.349 47 1
12. 767 1 93 70 31 0 30.4 0.315 23 0
oS Jrolo Sliebsl s )L 5 o 5 on cbaesls (glgsl 5 1l O b
SO Sy T H9 Sl Aoy kT :)df.describe
1. Pregnancies Glucose BloodPressure SkinThickness Insulin \

2. count 768.000000 768.000000 768 .000000 768.000000 768.000000

3. mean 3.845052 120.894531 69.105469 20.536458  79.799479

4. std 3.369578  31.972618 19.355807 15.952218 115.244002

5. min 0.000000 0.000000 0.000000 0.000000 0.000000

6. 25% 1.000000 99.000000 62.000000 0.000000 0.000000

7. 50% 3.000000 117.000000 72.000000 23.000000 30.500000

8. 75% 6.000000 140.250000 80.000000 32.000000 127.250000

9. max 7.000000 199.000000 122.000000 99.000000 846.000000
1o.

1. BMI DiabetesPedigreeFunction Age Outcome

2. count 768 .000000 768.000000 768.000000 768.000000

3. mean 31.992578 0.471876  33.240885 0.348958

4. std 7.884160 0.331329 11.760232 0.476951

5. min 0.000000 0.078000 21.000000 0.000000

6. 25% 27.300000 0.243750  24.000000 0.000000

7. 50% 32.000000 0.372500 29.000000 0.000000

8. 75% 36.600000 0.626250 41.000000 1.000000

9. max 67.100000 2.420000 81.000000 1.000000




by gy (Jsla=)min sl 4 72 0 AT o3 0 U 5 (S3de uf}l) 26 ey (VOL B YOL) Syl

5 (Max) Slus «(min) Jlas (Std) jlas ol ol ((mean) ke Jio cage (sl T Sledbl Jgu o]
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LU 5 0t IS Jio oy g 4y S s (SlokiiaS uslie bacyl (ool ime i BMIL i 05 5Lis i)

L D ke 515 R e o

Qg g 0318 £lgil :df . dtypes

=

OVWoONOOUTE, WNER

Pregnancies
Glucose
BloodPressure
SkinThickness
Insulin

BMI

Age
Outcome
dtype: object

DiabetesPedigreeFunction

int64
inte4
int64
inte4
inte4
floate4
float64d
int64
inte4

7F olisl sue) float6d Cy‘jw};ﬂ‘j(@ﬁf‘\‘cﬁ»\p)int64 C};j\ o,uv&g@uq@b; oo

.r.l)b (@f

DataFrame 5" OleMb! :()df. info

VCoONOOTUTE WNBR

. dtypes: float64(2), int64(7)

. memory usage:

54.1 KB

Non-Null Count

# Column

@ Pregnancies 768
1 Glucose 768
2 BloodPressure 768
3 SkinThickness 768
4 Insulin 768
5 BMI 768
6 DiabetesPedigreeFunction 768
7 Age 768
8 Outcome 768

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 768 entries, © to 767
Data columns (total 9 columns):

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

float6e4
int64
int6e4




& (Non-Null Count) g & slie sldas «(8) O g 5lini ((VFA) s o slind oo JolS” SleMbl ) gns o]
amﬂa&ﬁﬁ&qaf@)bd@:ﬁbﬂ@wfﬂ a0 giw et 03 0 O35 9 O gt 2 0313 g5 305 2

b ogw p6 :df . columns

1. Index(['Pregnancies', 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin',
2. 'BMI', 'DiabetesPedigreeFunction', 'Age', 'Outcome'],
3. dtype="object")

3 g0 0555 5, DataFrame b0 s plas pb 51 2

DataFrame sl :df . shape

1. (768, 9)

.ﬁ)b;;}:.u‘ujiu\/?/\@ai

845 b 4 310 ol 1B piie x395 (@

(0] e (Il 5 iz 5 (V) 0515 Cobis 8 ki S okl 55 ke (OutCOmE) O saduln it iy ol 5 o0 Yl

sns.countplot(x="'0Outcome', data=df)
plt.title('Distribution of Diabetes Outcome')
plt.show()

outcome_counts = df['Outcome'].value_counts()

total = outcome_counts.sum()

percentages = (outcome_counts / total) * 100

outcome_summary = pd.DataFrame({'Counts': outcome_counts, 'Percentages': percentages})
print(outcome_summary)
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Olas 15 ((bs @l Y ol sl ) Outcome piie 3l aiws o 3l o (glakeo 13 500 ¢S icountplot ;ldges @

.MJ@

‘outcome_summary 9> o

Counts Percentages Outcome
3. 0 500 65.104167
4. 1 268 34.895833
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1. feature_means = df.groupby('Outcome').mean()
2. print(feature_means)

" b5 s (Outcome = 0) "S.JL#“ o5 8 956l 9, ;}:) B uzf;l:,a Jad ! : feature_means  J3u\> oy

30 055 (Outcome = 1)
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ALl (K X)Wl sl 3l s (F0NF) (6 5N BMI oSGle b ol 31 (SN 08gF L) BMI e
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features_to_plot = ['Pregnancies', 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin',

'BMI', 'DiabetesPedigreeFunction’', 'Age']

. for feature in features_to_plot:

1.
2
3
4. plt.
5. sns.
6 plt.
7 plt.
8 plt.
9 plt.

figure(figsize=(7, 4))

boxplot(x="Outcome', y=feature, data=df)
title(f'Box plot of {feature} by Outcome')
xlabel('Outcome (©: No Diabetes, 1: Diabetes)')
ylabel(feature)

show()
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feature_means.T.plot(kind="bar"', figsize=(12, 6))
plt.title('Average Feature Values by Outcome')
plt.ylabel('Mean Value')

plt.xticks(rotation=45)

plt.show()

A St s1g05 Sy peai g

,Pregnancies ,BMI ,Glucose sl S5 ke 45 das oo 0L Cos % (Bar Plot) lake jls 505 cpl @
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Sl et 53 Al e o S5y ol 45 Las o OLS 5 it (Silwdibe (1 (o5 Loz o slis cpl @
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from scipy import stats

def perform_ttest(feature):
groupl = df[df['Outcome’'] == @][feature] # pllw o,4,5
group2 = df[df['Outcome’'] == 1][feature] # S Los 04,5
t_stat, p_value = stats.ttest_ind(groupl, group2, equal_var=False) # t-test
return p_value

. results = {}
. features_to_test = ['Pregnancies', 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin’,

'BMI', 'DiabetesPedigreeFunction’, 'Age']

. for feature in features_to_test:

p_value = perform_ttest(feature)
results[feature] = p_value

. results_df = pd.DataFrame.from_dict(results, orient='index', columns=['p-value']).reset_index()
. results_df.rename(columns={"'index"': 'Feature'}, inplace=True)
. print(results_df)

.MJUJ ol ;}1} A 6‘_).3 \) (p-Value) P J‘..LE.A d}v\> u.i\ :m p—value Jsu\? G&"bﬁs




Feature p-value
Pregnancies 6.821926e-09
Glucose 2.644161e-36

BloodPressure 8.735425e-02
SkinThickness 4.935586e-02

Insulin 1.046929e-03

BMI 6.566238e-17
DiabetesPedigreeFunction 6.100481e-06
Age 1.201513e-11
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1. significant_features = results_df[results_df['p-value'] < 0.05]
2. print("Significant Features (p-value < 0.05):")
3. print(significant_features)

:% Significant Features _f9J>

1. Feature p-value

2. Pregnancies 6.821926e-09

3. Glucose 2.644161e-36

4. SkinThickness 4.935586e-02

5. Insulin 1.046929¢e-03

6. BMI 6.566238e-17

7. DiabetesPedigreeFunction 6.100481e-06
8. Age 1.201513e-11
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1. for feature in significant_features['Feature']:

2 plt.figure(figsize=(7, 4))

3. sns.boxplot(x="Outcome', y=feature, data=df)

4. plt.title(f'Box plot of {feature} by Outcome (p<©.05)")
5 plt.xlabel('Outcome (©: No Diabetes, 1: Diabetes)')

6 plt.ylabel(feature)
7 plt.show()
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1. sns.pairplot(df, hue='Outcome")
2. plt.title('Pairplot of Features Colored by Outcome')
3. plt.show()
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plt.figure(figsize=(10, 8))

sns.heatmap(df.corr(), annot=True, fmt=".2f", cmap='coolwarm', square=True)
plt.title('Correlation Heatmap')

plt.show()
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1. Pregnancies  Glucose BloodPressure SkinThickness Insulin BMI

DiabetesPedigreeFunction Age Outcome

2. Pregnancies 1.000000 ©0.129459 0.141282 -0.081672 -0.073535
0.017683 -0.033523 0.544341 0.221898

3. Glucose 0.129459 1.000000 0.152590 0.057328 0.331357
0.221071 0.137337 0.263514 0.466581

4. BloodPressure 0.141282 0.152590 1.000000 0.207371 0©0.088933
0.281805 0.041265 0.239528 0.065068

5. SkinThickness -0.081672 ©.057328 0.207371 1.000000 ©0.436783
0.392573 0.183928 -0.113970 0.074752

6. Insulin -0.073535 0.331357 0.088933 0.436783 1.000000
0.197859 0.185071 -0.042163 0.130548

7. BMI 0.017683 0.221071 0.281805 0.392573 0.197859
1.000000 0.140647 0.036242 0.292695

8. DiabetesPedigreeFunction -0.033523 0.137337 0.041265 0.183928 0.185071
0.140647 1.000000 ©0.033561 0.173844

9. Age 0.544341 0.263514 0.239528 -0.113970 -0.042163
0.036242 0.033561 1.000000 0.238356
10. Outcome 0.221898 0.466581 0.065068 0.074752 0.130548
0.292695 0.173844 0.238356 1.000000
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1. strong_corrs = correlation_matrix[(correlation_matrix > ©.9) & (correlation_matrix != 1.0)]
2. strong_corr_pairs = strong_corrs.stack().reset_index()
3. strong_corr_pairs.columns = ['Variable 1', 'Variable 2', ‘'Correlation']
4. print("Strong Correlations (|Correlation| > 0.9):")
5. print(strong_corr_pairs)
e 43
1. Strong Correlations (|Correlation| > ©.9):
2. Empty DataFrame
3. Columns: [Variable 1, Variable 2, Correlation]
4. Index: []
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1. df.isnull().sum()
2. df["Glucose"].isnull().sum()

b >y 5

Pregnancies

Glucose

BloodPressure
SkinThickness

Insulin

BMI
DiabetesPedigreeFunction
Age

Outcome

dtype: inté64
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1. print(df.duplicated()) # s, S5 slayhw wy o
2. df.drop_duplicates(inplace = True) # s, S5 sla yhe Bi>

‘@ oy
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1. x_train, x_test, y_train, y test = train_test_split(x, y, test_size=0.2, random_state=42)
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1. x_train.shape, y_train.shape
2. x_test.shape, y_test.shape
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sns.set(style="whitegrid") # La,losas Joliwl puhis

plt.figure(figsize=(15, 10))

for i, column in enumerate(df.columns[:-1]):
plt.subplot(3, 3, i + 1)
sns.histplot(df[column], kde=True, bins=30)
plt.title(f'Histogram of {column}"')

plt.tight_layout()

plt.show()
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plt.figure(figsize=(15, 10))

for i, column in enumerate(df.columns[:-1]):
plt.subplot(3, 3, i + 1)
sns.boxplot(x=df[column])
plt.title(f'Box Plot of {column}")

plt.tight_layout()

plt.show()
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means = df.mean()

stds = df.std()

print("Means:\n", means)
print("Standard Deviations:\n", stds)
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Means:

Pregnancies
Glucose
BloodPressure
SkinThickness
Insulin
BMI
DiabetesPedigreeFunction
Age
Outcome

. dtype: floaté64
. Standard Deviations:

Pregnancies

. Glucose

. BloodPressure

. SkinThickness

. Insulin

. BMI

. DiabetesPedigreeFunction
. Age

. Outcome

. dtype: floaté64

3.845052

120.894531
69.105469
20.536458
79.799479
31.992578
0.471876
33.240885
0.348958

3.369578
31.972618
19.355807
15.952218

115.244002
7.884160
0.331329

11.760232
0.476951
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1.
2. x_train, x_test, y_train, y test = train_test_split(x, y, test_size=0.2, random_state=14,
stratify=y)
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1. scaler = StandardScaler() # s)lws,l Ul Lol osle

2. x_train = scaler.fit_transform(x_train) # @j.oiscaler ool so,07 Jlas! 5 bisel sla

3. x_test = scaler.transform(x_test) # Jlac! hisscaler ool sy doloyT sla( @isel (s
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1. logreg = LogisticRegression(max_iter=1000) # <ooiwx) Jouw,yS) Jiwo asle(max_iter o1, YLy
o= Sas)
2. logreg.fit(x_train, y_train) # o015 6oy Jiw @ieel b)ssl sla
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logreg_pred = logreg.predict(x_test) # guywdsS aesly sy Ladola)T sls
logreg_score = accuracy_score(y_test, logreg_pred) * 100 # _J< «3s 4uwlxa
print("\nClassification Report for Logistic Regression:")
print(classification_report(y_test, logreg_pred)) # s ,Slac zol> ! 35
print("Accuracy Score:", logreg_score) # 1S oo

: Accuracy Score §Classification Report =>9§

. Classification Report for Logistic Regression:

precision recall fl-score support

0 0.78 0.93 0.85 100

1 0.80 0.52 0.63 54

accuracy 0.79 154
macro avg 0.79 0.72 0.74 154

. weighted avg 0.79 0.79 0.77 154

. Accuracy Score: 78.57142857142857
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1. ConfusionMatrixDisplay.from_estimator(logreg, x_test, y_test)
2. plt.title('Confusion Matrix for Logistic Regression')
3. plt.show()

Osew S 5 Jus ), (Confusion Matrix) Q_i;;wrﬁﬁ sl s gas ol 2] B 3 30 Ly 5o (6 p g g
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(R63) Y o0l wsm (W) * 100 (Sw
False Positive (FP) True Negative (TN) | (/W) « : (9
True Positive (TP) False Negative (FN) | ( sobs) ) : 19
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plt
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10. plt

y_pred_proba = logreg.predict_proba(x_test)[:, 1] # gu Jlad>l 58,8 ande @S ol o Hua(1)
fpr, tpr, thresholds = roc_curve(y_test, y pred_proba) # «..lx.FPR ,TPR
roc_auc = auc(fpr, tpr) # < uwlx.AUC

.figure()
plt.
plt.
plt.
. plt.
.xlabel('False Positive Rate')
11. plt.
12. plt.
13. plt.
14. plt.

plot(fpr, tpr, label='ROC curve (area = %0.2f)"' % roc_auc)

plot([@, 1], [0, 1], 'k--', label='No Skill') # 4 ks, 55Las siis
xlim([@.0, 1.0])

ylim([0.0, 1.05])

ylabel('True Positive Rate')

title('ROC Curve for Diabetes Classification')
legend()

show()
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1. cv_scores = cross_val_score(logreg, x, y, cv=5) # 5-fold cross-validation
2. print("Cross-validation scores:", cv_scores)
3. print("Mean cross-validation score:", cv_scores.mean())

43

1. Cross-validation scores: [0.77272727 ©.74675325 0.75324675 0.81045752 ©.77777778]
2. Mean cross-validation score: 0.7721925133689839
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AU Cubs Jlasl ) ptir S35 Osles o0 055 S ol (Coefficient) o o ¢ Sy o «cSKanad 05 £ 5o

030 Sl al o opl 5l Gy s &S 2 0dds Ratio .el3 e

coefficients = logreg.coef_[0] # Jus wol yo

features = x.columns # _S5,, alils

coef_df = pd.DataFrame({'Feature': features, 'Coefficient': coefficients})
coef_df['0Odds Ratio'] = np.exp(coefficients) # <+, ol » Jou,30dds Ratio
print(coef_df)
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: Odds Ratio _J9u>

1. Feature Coefficient
2. 0 Pregnancies 0.064372
3.1 Glucose 0.034094
4, 2 BloodPressure -0.013879
5. 3 SkinThickness 0.003291
6. 4 Insulin -0.001803
7. 5 BMI 0.102608
8. 6 DiabetesPedigreeFunction 0.626886
9. 7 Age 0.037097

0dd

1.

RRRORO®R

s Ratio
066489
.034682
.986217
.003296
.998198
.108057
.871772
.037794

2510 Sabs Jll b (bl s (S35 0T ow 10dds Ratio = 1 7
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1. plt.figure(figsize=(10, 6))

2. sns.barplot(x='0dds Ratio', y='Feature', data=coef_df.sort_values(by='0dds Ratio',
ascending=False))

3. plt.title('Feature Importance Based on Logistic Regression')

plt.xlabel('0Odds Ratio')

plt.ylabel('Feature"')

plt.show()
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1. from sklearn.tree import DecisionTreeClassifier

2.

3. clf = DecisionTreeClassifier(max_depth=5, random_state=42) # _551.> Lo prons o) Jio asle
k_§_a_c5

4. clf.fit(x_train, y_train) # Juo @)ool

@ oy
e 5 Jdbe ol ¢l p WS DecisionTreeClassifier e
(Overfitting) (31 9w 3| ¢, g 4 H8 1 S o 350000 & |y 5t y5 Gos Sl max_depth=5 e
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predictions = clf.predict(x_test) # g i

clf_score = accuracy_score(y_test, predictions) * 100 # _l< «i»
print(f'Model accuracy score with criterion gini index: {clf_score:0.4f}")
print(classification_report(y_test, predictions)) # 4i.b @)1 3 Ssaiy
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: Classification Report §Accuracy Score >9,

1. Model accuracy score with criterion gini index: 73.3766
2

3 precision recall fl1-score

4

5. 0 0.75 0.89 0.81

6. 1 0.69 0.44 0.54

7

8 accuracy 0.73

9 macro avg 0.72 0.67 0.68
10. weighted avg 0.73 0.73 0.72

support

100
54

154
154
154
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1. ConfusionMatrixDisplay.from_estimator(clf, x_test, y_test)

2. plt.show()
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(Cross-Validation) bl oxwlis! £

1. clf_cv = np.mean(cross_val_score(clf, x, y, cv=5)) * 100
2. print("5-Fold Cross-Validation score:", clf_cv)

:ué?915'

1. 5-Fold Cross-Validation score: 74.8781937017231

el YEAAL 5500 fline i jlzel el Kl @
Gridsearchcv b (Hyperparameter Tuning) gof )l wold s 0

u,ublm,_ugT.;JsJ_H_,.o;;uﬁL;IxGridSearchcv;l‘rgleu\:;)m.ps&J>Jw5\wdﬁ&g\dlﬁ

@5‘5‘ oslain!

. from sklearn.model_selection import GridSearchCV

1
2.
3. param_grid = {

4, 'max_depth': [2, 3, 4, 5, 6, 7, None], # as,5 gas ,3SIuas(None syuxaols xy)
5 'min_samples_split': [2, 5, 10], # 0,8 SO pwiS sl 4Ssas JBas

6. 'min_samples_leaf': [1, 2, 4] # Sy 0,8 SO oy dadgas JB1us

7.}

8.

9. grid_search = GridSearchCV(DecisionTreeClassifier(random_state=42), param_grid, cv=10,
scoring="accuracy")

10. grid_search.fit(x_train, y_train)

11.

12. print("Best Hyperparameters:", grid_search.best_params_)

13. print("Best Cross-Validation Score:", grid_search.best_score_ )




: GridSearchCV >3 &

1. Best Hyperparameters: {'max_depth': 5, 'min_samples leaf': 4, 'min_samples_split': 2}
2. Best Cross-Validation Score: 0.7541512427287149
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1. from sklearn.ensemble import RandomForestClassifier

2.

3. rf_clf = RandomForestClassifier(n_estimators=100, random_state=42) # L, _$sLlas J8i> Jue o5 lw
100 (W IN]

4. rf_clf.fit(x_train, y_train) # Jus @)ool

@ oy

2ol Ji:— Jbe Cslo (gl 6«}&5 ‘RandomForestClassifier e
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1. rf_pred = rf_clf.predict(x_test) # ju i

2. rf_clf_score = accuracy_score(y_test, rf_pred) * 100 # _ls s>

3. print("Random Forest Model Accuracy:", rf_clf_score)

4. print(classification_report(y_test, rf _pred)) # i b {1 3 Ssuin
: Classification Report §Accuracy Score >3y

1.

2. Random Forest Model Accuracy: 77.92207792207793

3.

4. precision recall fl-score support

5.

6. 0 0.79 0.89 0.84 100

7. 1 0.74 0.57 0.65 54

8.

9. accuracy 0.78 154

10. macro avg 0.77 0.73 0.74 154

11. weighted avg 0.77 0.78 0.77 154
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1. ConfusionMatrixDisplay.from_estimator(rf_clf, x_test, y_test)
2. plt.show()
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(Cross-Validation) bl o lis! £

1. rf_cv = np.mean(cross_val_score(rf_clf, x, y, cv=5)) * 100
2. print("5-Fold Cross-Validation score:", rf_cv)

43

1. 5-Fold Cross-Validation score: 76.69977081741789 ‘
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1. importances = rf_clf.feature_importances_ # _Si.y cuea! gl jxSwi@ieel Juao 1 Leoaso

2. indices = np.argsort(importances)[::-1] # e, 0psld silw auanl wle! s La(SiaS 4o oo 1)
3. importances_df = pd.DataFrame({'Feature': x.columns, 'Importance': importances}) # o=l
DataFrame cooa! 1 La

4.
5. print("Feature ranking:")

6. for f in range(len(importances)):

7. # 0T comal Jluinl 5 (Sioy plD cS) QL

8 print(f"{f + 1}. Feature {x.columns[indices[f]]} (importance:
{importances[indices[f]]:.4f})")

: Feature ranking >9,

Feature ranking:

. Feature Glucose (importance: 0.2687)

. Feature BMI (importance: 0.1573)

. Feature DiabetesPedigreeFunction (importance: ©.1307)
. Feature Age (importance: ©0.1295)

. Feature BloodPressure (importance: 0.0915)

. Feature Pregnancies (importance: ©.0861)

. Feature SkinThickness (importance: 0.0682)

. Feature Insulin (importance: ©.0679)
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plt.figure(figsize=(10, 6)) # o505 o)l a5l auhis

plt.title("Feature importances") # 1505 ol gie

# oo Hlosasd pujslt exaX S3og Jold Hexe g LY ool LSl Jela
plt.bar(range(x.shape[1]), importances[indices], align="center")

#oowzyo pbhis jeme slaX (S1os pls Lo gy 5 90 iy LSl o5 sl 420
plt.xticks(range(x.shape[1]), x.columns[indices], rotation=90)

plt.xlim([-1, x.shape[1]]) # sxo odguno pauihiX

plt.show()
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# SO slxolDataFrame wods sl o lis ) le
df_results = pd.DataFrame.from_dict({
'Accuracy Score': {
'Logistic Regression': logreg_score, # oliwxld (saw Sy Jdo obds

'Random Forest': rf_clf_score, # o olal S5 Jue ade
'Decision Tree': clf_score # opoaas o5y Jae aldo

¥

'Cross-Validation Score': {
'Logistic Regression': logreg cv, # St Gaaws Sy Joliis xiwyliiel Hladial
'Random Forest': rf _cv, # oo las JShs Joliis abiwyladiel )Ll
'Decision Tree': clf_cv H opuons osyo Joliis abwyladiel Ll

}

- b

. # gule.oDataFrame i Joi> SO ol she 4o
. print(df_results)

. H Oix_3l_/a_3DataFr‘ame Jod> o ol gde 4_;HTML San sl yohix o HO e ) lw 6u]upyter
. from IPython.display import display
. display(df_results)

:m df_results (Jou= 955

B WN R

Accuracy Score Cross-Validation Score
Logistic Regression 78.571429 77.219251
Random Forest 77.922078 76.699771

Decision Tree 73.376623 74.878194
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#

u b wnNn R

plt.

from matplotlib import pyplot as plt

figure(figsize=(10, 6)) # 13505 o)l a5l ayhis

ol yboel slyo s ylosas awyCross-Validation
. df_results['Cross-Validation Score'].plot(kind="1line"', marker='o', color=['blue', ‘'orange',

‘green'])

6. plt.
7. plt.
8. plt.
9. plt.
10. plt.

)
11. plt

title('Comparison of Cross-Validation Scores Across Models') # 15505 ol gie
Xlabel('Model') # Jex0 q.u.\_?)_xx

ylabel('Cross-Validation Score (%)') # oxo cuus Y

grid(True, linestyle='--', alpha=0.6) # i, L5145 sl 4oy 8 Go,S 45ls!
gca().spines[['top', 'right']].set_visible(False) # <!, ylosas cwly 5 Yl bghs Gi>

.xticks(rotation=45, ha="right"') # cuws o @5,> jex0 slaX
12. plt.
13. plt.

tight_layout() # Slbsian 31 sooSed> ol ylosal Gladas arhis
show()
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