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# Nab6opaTopHasa pab6ota M1

from sklearn.svm import SVC

from sklearn.tree import DecisionTreeClassifier, plot_tree

from sklearn.model_selection import (train_test_split, GridSearchcCvV,

RandomizedSearchCV,

StratifiedKFold)

from sklearn.metrics import (classification_report, roc_auc_score,
roc_curve, auc, precision_recall_curve,
average_precision_score)

from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler, label_binarize

from sklearn.ensemble import RandomForestClassifier

from imblearn.pipeline import Pipeline
from imblearn.over_sampling import SMOTE, RandomOverSampler
from imblearn.under_sampling import TomekLinks, ClusterCentroids

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import random

random.seed(42)
np.random.seed(42)

"""# Wine Quality dataset

B naHHou nabopaTopHou paboTe Mbl B3ANM AaTaceT, OLEHWBAWUMA KauyecTBO
KpacCHbIX BWH. [laHHble, MpeAcCTaB/ieHHble MO CCbIIKE HUXe, coaepxaT ABa
BapuaHTa: OAWH ANA KpPaCHbIX BWUH, BTopon Ans 6enbix. Co6CTBEHHO,
eQNHCTBEHHOE OT/MuYMe NUllb B COPTax BUHOTrpada ANIA W3rOoTOBMEHUS

Moapo6bHee no cchbifnke -
https://archive.ics.uci.edu/dataset/186/wine+quality




URL = 'https://archive.ics.uci.edu/ml/machine-learning-databases/wine-
quality/winequality-red.csv'

df = pd.read_csv(URL, delimiter="';")
df.head()

df.info()

X = df.drop(columns=["'quality']).values
y = df['quality'].values

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

scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

print(f'0O6bem obyuawuen Bbi6opkun X_train: {X_train.shape} | y_train:
{y_train.shape}')

print(f'0O6bem TecToBOW BbGOPKM X_test: {X_test.shape} | y_test:
{y_test.shape}')

print(f'CooTHoweHne fAaHHbIX paBHo {y_train.shape[@] / y.shape[0]:.4f} /
{y_test.shape[0] / y.shape[0]:.4f}")

# MNocTpoeHne mopenemn

= StratifiedKFold(n_splits=3, shuffle=True, random_state=42)
scoring = ['accuracy', 'precision_macro', 'recall_macro', 'fl_macro',
'roc_auc_ovr']

classes = np.unique(y_train)
y_test_bin = label_binarize(y_test, classes=classes)

[ ] nnn

##t [lepeBO pelleHUN

tree_grid = {

‘ccp_alpha': [0.005, 0.01, 0.015, 0.02, 0.025, 0.03, 0.035, 0.2,
0.8],

'criterion': ['entropy', 'gini']

}

tree = GridSearchCV(
estimator=DecisionTreeClassifier(random_state=42),
param_grid=tree_grid,
scoring=scoring,
refit="'roc_auc_ovr',
cv=cv,
n_jobs=-1,
verbose=1




tree.fit(X_train, y_train)

print(f"Mlyuwne napameTtpbl: {tree.best_params_}")
print(f"Myuwnn ROC-AUC (macro, OVR) Ha ob6yyawwmux OaHHbIX :
{tree.best_score_ :.4f}")

metrics_df = pd.DataFrame(tree.cv_results_)[[
‘mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test recall _macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="'mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)
"""Bplwe 6bIIM METPUKU NO 06ydvawWMM AaHHbIM. Tenepb MOMAYT METPUKM Ha
TeCcTOoBbIX AaHHbIX"""

clf = tree.best_estimator_
y_pred = clf.predict(X_test)
y_proba = clf.predict_proba(X_test)

print("\nClassification report:")
print(classification_report(y_test, y_pred, zero_division=np.nan))

roc_auc = roc_auc_score(y_test_bin, y_proba, multi_class="ovr',
average='macro')
print(f"ROC-AUC (macro, OVR): {roc_auc:.4f}")

plt.figure(figsize=(10, 8))

for i, class_label in enumerate(classes):
fpr, tpr, _ = roc_curve(y_test_bin[:, 1], y_probal[:, i])
roc_auc = auc(fpr, tpr)
plt.plot(fpr, tpr, label=f'Knacc {class_label} (AUC =
{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], 'k--', label='CnyuanHbii Bbi6op (AUC = 0.5)"')
plt.plot([0, 0, 1], [0, 1, 1], 'k:', label='WaeanbHaa NPOW3BOAUTENbHOCTb
(AUC = 1.0)"')

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC-kpusbie (One-vs-Rest)')

plt.legend(loc="'lower right')

plt.tight_layout()

plt.show()




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

for i, class_label in enumerate(classes):

precision, recall, _ = precision_recall_curve(y_test_bin[:, i],
y_probal[:, i])

ap = average_precision_score(y_test_bin[:, i], y_probal[:, il)

plt.plot(recall, precision, label=f'Knacc {class_label} (AUC =
{ap:.2f})")

plt.plot([0, 1], [0.5, 0.5], 'k--', label='CnyyanHbin Bbi6op (AUC = 0.5)"')

plt.xlabel('Recall"')

plt.ylabel('Precision')
plt.title('Precision-Recall kpusble (One-vs-Rest)')
plt.legend(loc="best")

plt.tight_layout()

plt.show()

features = df.columns[:-1]

plt.figure(figsize=(15, 8))
ax = plt.gca()

annot = plot_tree(clf, feature_names=features, max_depth=2, fontsize=7,
filled=True, ax=ax)
plt.show()

## MalwmHa OMOPHbLIX BEKTOPOB

svm_grid = {
"kernel': ['linear', 'poly', 'rbf', 'sigmoid'],
'camma': ['scale', 'auto', 1, 10, 0.1, 0.01],
'coefo0': [0, 1, 2, 5, 10, 0.1, 0.01],
'degree': [2, 3, 4, 5],
'c': [0.01, 0.1, 0.5, 1, 2, 10, 20]

= RandomizedSearchCV(
estimator=SVC(probability=True, random_state=42),
param_distributions=svm_grid,
scoring=scoring,
refit="roc_auc _ovr',
cv=cv,
n_jobs=-1,
random_state=42,
verbose=1
)

svm.fit(X_train, y_train)




print(f"/lyuwne napameTpbi: {svm.best_params_}")
print(f"Ayywuin ROC-AUC (macro, OVR) Ha o6yyawuwmx AAHHbIX:
{svm.best_score :.4f}")

metrics_df = pd.DataFrame(svm.cv_results_)[[
'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test recall _macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)
clf = svm.best _estimator_

y_pred = clf.predict(X_test)
y_proba = clf.predict_proba(X_test)

print("\nClassification report:")
print(classification_report(y_test, y_pred, zero_division=np.nan))

roc_auc = roc_auc_score(y_test_bin, y_proba, multi_class="ovr',
average='macro')
print(f"ROC-AUC (macro, OVR): {roc_auc:.4f}")

plt.figure(figsize=(10, 8))

for i, class_label in enumerate(classes):
fpr, tpr, _ = roc_curve(y_test_bin[:, 1], y_probal[:, i])
roc_auc = auc(fpr, tpr)
plt.plot(fpr, tpr, label=f'Knacc {class_label} (AUC =
{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], 'k--', label='CnyyanHoir Bbibop (AUC = 0.5)"')
plt.plot([0, 0, 1], [0, 1, 1], 'k:', label='WaeanbHas Npou3BOAUTENbHOCTb
(AUC = 1.0)")

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC-kpuBbie (One-vs-Rest)')

plt.legend(loc="'lower right')

plt.tight_layout()

plt.show()

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

for i, class_label in enumerate(classes):




precision, recall, _ = precision_recall_curve(y_test_bin[:, i],
y_probal:, il)

ap = average _precision_score(y_test_bin[:, i], y_probal[:, i])

plt.plot(recall, precision, label=f'Knacc {class_label} (AUC =
{ap:.2f})")

plt.plot([0, 1], [0.5, 0.5], 'k--', label='CnyuainHbin Bbi6op (AUC = 0.5)")

plt.xlabel('Recall')

plt.ylabel('Precision')
plt.title('Precision-Recall kpusbie (One-vs-Rest)')
plt.legend(loc="best")

plt.tight_layout()

plt.show()

## CnydanHbin nec

metrics_df = pd.DataFrame(rf.cv_results_)[[
'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test _recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

1]




metrics_df = metrics_df.sort_values(by="'mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

clf = rf.best_estimator_
y_pred = clf.predict(X_test)
y_proba = clf.predict_proba(X_test)

print("\nClassification report:")
print(classification_report(y_test, y_pred, zero_division=np.nan))

roc_auc = roc_auc_score(y_test_bin, y_proba, multi_class="ovr',
average='macro')
print(f"ROC-AUC (macro, OVR): {roc_auc:.4f}")

plt.figure(figsize=(10, 8))

for i, class_label in enumerate(classes):
fpr, tpr, _ = roc_curve(y_test_bin[:, 1], y_probal[:, i])
roc_auc = auc(fpr, tpr)
plt.plot(fpr, tpr, label=f'Knacc {class_label} (AUC =
{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], 'k--', label='CnyyanHboir Bbibop (AUC = 0.5)')
plt.plot([0, 0, 1], [0, 1, 1], 'k:', label='WgeanbHas NPou3BOAUTENbHOCTb
(AUC = 1.0)"')

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC-kpuBbie (One-vs-Rest)')

plt.legend(loc="lower right')

plt.tight_layout()

plt.show()

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

for i, class_label in enumerate(classes):

precision, recall, _ = precision_recall_curve(y_test_bin[:, i],
y_probal:, il)

ap = average_precision_score(y_test_bin[:, i], y_probal:, i])

plt.plot(recall, precision, label=f'Knacc {class_label} (AUC =
{ap:.2f})")

plt.plot([0, 1], [0.5, 0.5], 'k--', label='CnyuaiHbin BbiGop (AUC = 0.5)")

plt.xlabel('Recall')
plt.ylabel('Precision')




plt.title('Precision-Recall kpusble (One-vs-Rest)')
plt.legend(loc="best")

plt.tight_layout()

plt.show()

# O6oraweHune BbIGOPKMK
## OverSampling

### Random Over Sampler

metrics_df = pd.DataFrame(tree_ros.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test _recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]




metrics_df.name = 'Metric'

display(metrics_df)

metrics_df = pd.DataFrame(svm_ros.cv_results_)[[
"'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test _recall_macro',
"'mean_test f1 macro',
'mean_test _roc_auc_ovr'

1]
metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]

metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(rf_ros.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test_recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]

metrics_df.name = 'Metric'

display(metrics_df)

nn Il### SMOTEII nn




metrics_df = pd.DataFrame(tree_smote.cv_results_)[[
'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test_recall_macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(svm_smote.cv_results_)[[
'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test recall _macro',
"'mean_test _f1 macro',
"'mean_test _roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(rf_smote.cv_results_)[[
"'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test recall _macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

"""## UnderSampling

#t##t Tomek Links




metrics_df = pd.DataFrame(tree_tomek.cv_results_)[[
‘mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test recall _macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="'mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(svm_tomek.cv_results_)[[
‘mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test _recall _macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

metrics_df = pd.DataFrame(rf_tomek.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test _recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'




metrics_df = metrics_df.sort_values(by="'mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

"tUasHt Cluster Centroids"""

metrics_df = pd.DataFrame(tree_cluster.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test _recall_macro',
'mean_test f1 macro',
'mean_test _roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(svm_cluster.cv_results_ )[[
'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test recall _macro',
"'mean_test _f1 macro',
'mean_test _roc_auc_ovr'

1]
metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]

metrics_df.name = 'Metric'

display(metrics_df)




metrics_df = pd.DataFrame(rf_cluster.cv_results_)[[
"'mean_test_accuracy',
"'mean_test_precision_macro',
'mean_test_recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

# CTpatundukauyms

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

scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

print(f'0O6bem obyuawuein BbI6opKKM X_train: {X_train.shape} | y_train:
{y_train.shape}')




print(f'O6bem TecToBOM Bb6OPKM X_test: {X_test.shape} | y_test:
{y_test.shape}"')

print(f'CooTHoweHne AaHHbIX paBHO {y_train.shape[0] / y.shape[0]:.4f} /
{y_test.shape[0] / y.shape[0]:.4f}")

##t [lepeBO pelleHnN

tree_grid = {

'ccp_alpha': [0.005, 0.01, 0.015, 0.02, 0.025, 0.03, 0.035, 0.2,
0.8],

'criterion': ['entropy', 'gini']

}

tree = GridSearchCV(
estimator=DecisionTreeClassifier(random_state=42),
param_grid=tree_grid,
scoring=scoring,
refit="'roc_auc_ovr',
cv=cv,
n_jobs=-1,
verbose=1
)

tree.fit(X_train, y_train)

print(f"Mlyuwne napameTtpbi: {tree.best_params_}")
print(f"Ayywuin ROC-AUC (macro, OVR) Ha o6yuyawuwmx AAHHbIX:
{tree.best_score_ :.4f}")

metrics_df = pd.DataFrame(tree.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test_recall_macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

clf = tree.best_estimator_

y_pred = clf.predict(X_test)
y_proba = clf.predict_proba(X_test)

print("\nClassification report:")
print(classification_report(y_test, y_pred, zero_division=np.nan))

roc_auc = roc_auc_score(y_test_bin, y_proba, multi_class='ovr',
average='macro')




print(f"ROC-AUC (macro, OVR): {roc_auc:.4f}")
plt.figure(figsize=(10, 8))

for i, class_label in enumerate(classes):
fpr, tpr, _ = roc_curve(y_test_bin[:, i], y_probal[:, i])
roc_auc = auc(fpr, tpr)
plt.plot(fpr, tpr, label=f'Knacc {class_label} (AUC =
{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], 'k--', label='CnyuyanHboir Bbibop (AUC = 0.5)')
plt.plot([0, 0, 1], [0, 1, 1], 'k:', label='WaeanbHas NpPou3BOAUTENbHOCTb
(AUC = 1.0)")

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC-kpuBbie (One-vs-Rest)')

plt.legend(loc="lower right')

plt.tight_layout()

plt.show()

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

for i, class_label in enumerate(classes):

precision, recall, _ = precision_recall_curve(y_test_bin[:, 1],
y_probal:, i])

ap = average_precision_score(y_test_bin[:, i], y_probal[:, il)

plt.plot(recall, precision, label=f'Knacc {class_label} (AUC =
{ap:.2f})")

plt.plot([0, 1], [0.5, 0.5], 'k--', label='CnyyanHboin Bbi6op (AUC = 0.5)"')

plt.xlabel('Recall')

plt.ylabel('Precision')
plt.title('Precision-Recall kpusble (One-vs-Rest)')
plt.legend(loc="best")

plt.tight_layout()

plt.show()

features = df.columns[:-1]

plt.figure(figsize=(15, 8))

ax = plt.gca()

annot = plot_tree(clf, feature_names=features, max_depth=2, fontsize=7,
filled=True, ax=ax)

plt.show()

## MawnmHa OMNOPHbIX BEKTOPOB

svm_grid = {




'kernel': ['linear', 'poly', 'rbf', 'sigmoid'],
'gamma': ['scale', 'auto', 1, 10, 0.1, 0.01],
'‘coef0': [0, 1, 2, 5, 10, 0.1, 0.01],

'degree': [2, 3, 4, 5],

'c': [0.01, 0.1, 0.5, 1, 2, 10, 20]

= RandomizedSearchCV(
estimator=SVC(probability=True, random_state=42),
param_distributions=svm_grid,

scoring=scoring,

refit="roc_auc_ovr',

cv=cv,

n_jobs=-1,

random_state=42,

verbose=1

)

svm.fit(X_train, y_train)

print(f"Mlyuwne napameTtpbi: {svm.best_params_}")
print(f"Ayywuin ROC-AUC (macro, OVR) Ha o6yyawuwmx AAHHbIX:
{svm.best_score :.4f}")

metrics_df = pd.DataFrame(svm.cv_results_)[[
"'mean_test_accuracy',
'mean_test_precision_macro',
'mean_test recall _macro',
'mean_test f1 macro',
'mean_test_roc_auc_ovr'

1]

metrics_df = metrics_df.sort_values(by="mean_test_roc_auc_ovr'
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)

clf = svm.best _estimator_
y_pred = clf.predict(X_test)
y_proba = clf.predict_proba(X_test)

print("\nClassification report:")
print(classification_report(y_test, y_pred, zero_division=np.nan))

roc_auc = roc_auc_score(y_test_bin, y_proba, multi_class='ovr',
average='macro')
print(f"ROC-AUC (macro, OVR): {roc_auc:.4f}")

plt.figure(figsize=(10, 8))

for i, class_label in enumerate(classes):




fpr, tpr, _ = roc_curve(y_test_bin[:, i], y_probal[:, i])

roc_auc = auc(fpr, tpr)

plt.plot(fpr, tpr, label=f'Knacc {class_label} (AUC =
{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], 'k--', label='CnyyanHboir Bbibop (AUC = 0.5)"')
plt.plot([0, 0, 1], [0, 1, 1], 'k:', label='WaeanbHasa NPOW3BOAUTENbHOCTb
(AUC = 1.0)")

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC-kpusbie (One-vs-Rest)')

plt.legend(loc="lower right')

plt.tight_layout()

plt.show()

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

for i, class_label in enumerate(classes):

precision, recall, _ = precision_recall_curve(y_test_bin[:, i],
y_probal:, i])

ap = average_precision_score(y_test_bin[:, i], y_probal[:, il)

plt.plot(recall, precision, label=f'Knacc {class_label} (AUC =
{ap:.2f})")

plt.plot([0, 1], [0.5, ©0.5], 'k--', label='CnyyanHbin Bbi6op (AUC = 0.5)')

plt.xlabel('Recall"')

plt.ylabel('Precision')
plt.title('Precision-Recall kpusbie (One-vs-Rest)')
plt.legend(loc="best")

plt.tight_layout()

plt.show()

## CnyuyanHbin nec




metrics_df = pd.DataFrame(rf.cv_results_)[[
'mean_test_accuracy',
"'mean_test_precision_macro',
‘'mean_test_recall_macro',
"'mean_test _f1 macro',
"'mean_test _roc_auc_ovr'

11

metrics_df = metrics_df.sort_values(by='mean_test_roc_auc_ovr',
ascending=False).iloc[0, :]
metrics_df.name = 'Metric'

display(metrics_df)




"""lab2.1pynb

Automatically generated by Colab.

Original file 1s located at
https://colab.research.google.com/drive/1juKy1KyIuONLO_89mwD1Xz111mN

p8Y7A

# Na6opaTopHasa pa6boTa M2

Ipip install -g catboost optuna

import matplotlib.pyplot as plt
import seaborn as sns

import numpy as np

import pandas as pd

import kagglehub
from kagglehub import KaggleDatasetAdapter

from sklearn.ensemble import AdaBoostClassifier,

GradientBoostingClassifier, HistGradientBoostingClassifier,
RandomForestClassifier

from sklearn.model_selection import train_test_split, StratifiedKFold,
GridSearchCV, cross_val _score

from sklearn.preprocessing import RobustScaler, OneHotEncoder

from sklearn.metrics import classification_report, fl_score

from xgboost import XGBClassifier

from lightgbm import LGBMClassifier

from catboost import CatBoostClassifier, Pool
import lightgbm as 1lgbm

import shap

import optuna

import warnings
warnings.filterwarnings('ignore"')

import random
random.seed(42)
np.random.seed(42)
"""# Heart Failure Prediction Dataset

11 clinical features for predicting heart disease events.




kagglehub.load_dataset(
KaggleDatasetAdapter.PANDAS,
"fedesoriano/heart-failure-prediction",
"heart.csv"

)
df.head()
df.info()

df.describe(include=['number'])

numerical_cols = ['Age', 'RestingBP', 'Cholesterol', 'MaxHR',

'"HeartDisease']
categorical_cols = ['Sex', 'ChestPainType', 'RestingECG',
"ExerciseAngina', 'ST_Slope', 'FastingBS']

## 3anmemca 06paboOTKON KaTeropuanbHbIX AAHHbIX

H## Sex

df['Sex'] = df['Sex'].apply(lambda x: 1 if x == 'M' else 0)

df['Sex'].value_counts()

""UHit# ChestPainType
TA: Typical Angina

ATA: Atypical Angina
NAP: Non-Anginal Pain

ASY: Asymptomatic

df['ChestPainType'].value_counts()

ohe = OneHotEncoder(drop="'first', sparse_output=False)
chest_pain_types = ohe.fit_transform(df[['ChestPainType']])
chest_pain_types = pd.DataFrame(chest_pain_types,
columns=ohe.get_feature_names_out())

chest_pain_types

ohe.categories_
pd.concat([df, chest_pain_types], axis=1)
df.drop(columns=["'ChestPainType'])
df.head()

"t RestingECG

'Oldpeak’,




Normal: Normal

ST: having ST-T wave abnormality (T wave inversions and/or ST elevation
or depression of > 0.05 mV)

LVH: showing probable or definite left ventricular hypertrophy by Estes’
criteria

resting = pd.get_dummies(df['RestingECG'], prefix='RestingECG',
drop_first=True, dtype='float6s4')
= pd.concat([df, resting], axis=1)
df.drop(columns=[ 'RestingECG'])
.head()
""UHit#h ExerciseAngina
Y: Yes

N: No

df[ 'ExerciseAngina'] = df['ExerciseAngina'].apply(lambda x: 1 if x ==
'Y' else 0)

df[ 'ExerciseAngina'].value_counts()

""" ST _Slope
Up: upsloping
Flat: flat

Down: downsloping

slope = pd.get_dummies(df['ST_Slope'], prefix='ST_Slope',
drop_first=True, dtype='float6s4')

df = pd.concat([df, slope], axis=1)

df = df.drop(columns=["'ST_Slope'])

df.head()

# WTor
df.head()
df.info()
plt.figure(figsize=(10, 8))

ax = sns.pairplot(df[numerical_cols], kind="scatter",
hue="HeartDisease", markers=["o", "s", "D"], palette="Set2")




ax.fig.suptitle("Correlation plot", y=1.03)
plt.show()

plt.figure(figsize=(10, 8))
sns.heatmap(df.corr(), annot=True, cmap="Blues", annot_kws={"size": 7})
plt.show()

height = df['HeartDisease'].value_counts().tolist()
bars = ('Heart Disease', 'Normal')
x_pos = np.arange(len(bars))

container = plt.bar(x_pos, height, color=(0.5, 0.1, 0.5, 0.6))
plt.bar_label(container, padding=3)

plt.title('Heart Disease Bar Plot')
plt.xlabel('categories")
plt.ylabel('values')
plt.xticks(x_pos, bars)

plt.ylim(@, max(height) * 1.1)

plt.show()

# MoarotoBKa [AaHHbIX

X = df.drop(columns=["'HeartDisease'])
y = df['HeartDisease"']

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.4,
random_state=42)

scaler = RobustScaler().set_output(transform="pandas")
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

results: dict[str, dict[str, float]] = {}
cv = StratifiedKFold(n_splits=5, shuffle=True, random_state=42)

# Random Forest




print(classification_report(y_train, rf.predict(X_train)))
print(classification_report(y_test, rf.predict(X_test)))

importances = rf.best_estimator_.feature_importances_
pd.DataFrame(importances, columns=['value'],
index=rf.best_estimator_.feature_names_in_).sort_values('value',
ascending=False)

report = classification_report(y_test, rf.predict(X_test),
output_dict=True)

results[ 'Random Forest'] = {k: v for k, v in report['macro avg'].items()
if k !'= 'support'}

IIIIII# AdaBOOSt" nun

print(classification_report(y_train, ada.predict(X_train)))

print(classification_report(y_test, ada.predict(X_test)))




report = classification_report(y_test, ada.predict(X_test),
output_dict=True)

results['AdaBoost'] = {k: v for k, v in report['macro avg'].items() if k
= 'support'}

[ ] nuon

# Gradient Boosting

def objective_gb(trial):
params = {
"n_estimators": trial.suggest_int("n_estimators", 50, 500),
"learning_rate": trial.suggest_float("learning_rate", 0.005,
0.2, log=True),
"max_depth": trial.suggest_int("max_depth", 3, 10),
"subsample": trial.suggest float("subsample", 0.5, 1.0),
"min_samples_split": trial.suggest_int("min_samples_split", 2,
20),
"min_samples_leaf": trial.suggest_int("min_samples_leaf", 1,
20),
"max_features": trial.suggest _categorical("max_features",
["sqrt", "log2", Nonel),
"random_state": 42
}
model = GradientBoostingClassifier(**params)
score = cross_val_score(model, X_train, y_train, cv=cv,
scoring="'f1_macro').mean()

return score

study = optuna.create_study(direction="'maximize"')
study.optimize(objective_gb, n_trials=30)

gb = GradientBoostingClassifier(xxstudy.best_params)
gb.fit(X_train, y_train)

print(classification_report(y_train, gb.predict(X_train)))

print(classification_report(y_test, gb.predict(X_test)))

report = classification_report(y_test, gb.predict(X_test),
output_dict=True)

results['Gradient Boosting'] = {k: v for k, v in report['macro
avg'].items() if k != 'support'}

explainer = shap.TreeExplainer(gb)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)

explainer = shap.Explainer(gb, X_test)
shap_values = explainer(X_test, check_additivity=False)
shap.plots.waterfall(shap_values[0])




# HistGradientBoosting

def objective_hgb(trial):
params = {
"max_iter": trial.suggest_int("max_iter", 100, 1500),
"learning_rate": trial.suggest_float("learning_rate", 0.005,
0.2, log=True),
"max_leaf_nodes": trial.suggest_int("max_leaf_nodes", 15, 255),
"max_depth": trial.suggest_int("max_depth", 3, 15),
"min_samples_leaf": trial.suggest_int("min_samples_leaf", 10,
100),
"12_regularization": trial.suggest_ float("12_regularization",
le-8, 10.0, log=True),
"max_bins": trial.suggest_int("max_bins", 50, 255),
"early_stopping": True,
"n_iter_no_change": 15,
"random_state": 42
}
model = HistGradientBoostingClassifier(xxparams)
score = cross_val_score(model, X_train, y_train, cv=cv,
scoring="'f1_macro').mean()

return score

study = optuna.create_study(direction="'maximize')
study.optimize(objective_hgb, n_trials=30)

hgb = HistGradientBoostingClassifier(*xstudy.best_params)
hgb.fit(X_train, y_train)

print(classification_report(y_train, hgb.predict(X_train)))
print(classification_report(y_test, hgb.predict(X_test)))

report = classification_report(y_test, hgb.predict(X_test),
output_dict=True)

results['Hist Gradient Boosting'] = {k: v for k, v in report[ 'macro
avg'].items() if k != 'support'}

explainer = shap.TreeExplainer(hgb)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)

explainer = shap.Explainer(hgb, X_test)
shap_values = explainer(X_test, check_additivity=False)
shap.plots.waterfall(shap_values[0])

nn Il# XGBOOSt" nun




def objective_xgb(trial):
train_x, val_x, train_y, val_y = train_test_split(X_train, y_train,
test_size=0.2, random_state=42)

params = {
"n_estimators": trial.suggest_int("n_estimators", 500, 2000),
"learning_rate": trial.suggest_float("learning_rate", 1le-3, 0.1,
log=True),
"max_depth": trial.suggest_int("max_depth", 3, 12),
"min_child_weight": trial.suggest_int("min_child_weight", 1,
20),
"subsample": trial.suggest float("subsample", 0.5, 1.0),
"colsample_bytree": trial.suggest_float("colsample_bytree", 0.5,
1.0),
"gamma": trial.suggest_float("gamma", 1e-8, 1.0, log=True),

"lambda": trial.suggest_float("lambda", 1e-8, 10.0, log=True),
"alpha": trial.suggest _float("alpha", 1e-8, 10.0, log=True),

"tree_method": "hist",
"early_stopping_rounds": 100,
"n_jobs": -1

}

model = XGBClassifier(**params)
model. fit(
train_x, train_y,
eval_set=[(val_x, val_y)],
verbose=False

)

preds model.predict(val_x)
score f1_score(val_y, preds, average="macro")

return score

study = optuna.create_study(direction="'maximize')
study.optimize(objective_xgb, n_trials=30)

xgb = XGBClassifier(**study.best_params)
xgh.fit(
X_train, y_train,
eval_set=[(X_test, y_test)],
verbose=False

)
print(classification_report(y_train, xgb.predict(X_train)))

print(classification_report(y_test, xgb.predict(X_test)))




report = classification_report(y_test, xgb.predict(X_test),
output_dict=True)

results['XGBoost'] = {k: v for k, v in report['macro avg'].items() if k
= 'support'}

explainer = shap.TreeExplainer(xgb)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)

explainer = shap.Explainer(xgb, X_test)
shap_values = explainer(X_test, check_additivity=False)
shap.plots.waterfall(shap_values[0])

nn Il# LightGBM" nun

def objective_lgb(trial):
train_x, val_x, train_y, val_y = train_test_split(X_train, y_train,
test_size=0.2)

params = {
"n_estimators": trial.suggest_int("n_estimators", 500, 2000),
"learning_rate": trial.suggest_float("learning_rate", 1le-3, 0.1,
log=True),
"max_depth": trial.suggest_int("max_depth", 3, 15),
"min_child_samples": trial.suggest_int("min_child_samples", 5,
100),
"feature_fraction": trial.suggest_float("feature_fraction", 0.5,
1.0),

"bagging fraction": trial.suggest_float("bagging fraction", 0.5,

1.0),

"bagging freq": trial.suggest_int("bagging freq", 1, 10),

"lambda_11": trial.suggest_float("lambda_11", 1e-8, 10.0,
log=True),

"lambda_12": trial.suggest_float("lambda_12", 1e-8, 10.0,
log=True),

"verbosity": -1,

"n_jobs": -1,

"random_state": 42

}
model = LGBMClassifier(**params)

model.fit(
train_x, train_y,
eval_set=[(val_x, val_y)l],
callbacks=[1gbm.early_stopping(stopping_rounds=100),
lgbm.log_evaluation(period=0)]
)

preds model.predict(val_x)
score f1_score(val_y, preds, average="macro")




return score

study = optuna.create_study(direction="'maximize')
study.optimize(objective_1gb, n_trials=30)

LGBMClassifier(**study.best_params)
Lfit(
X_train, y_train,
eval_set=[(X_test, y_test)],
callbacks=[1gbm.early_stopping(stopping_rounds=100),
lgbm.log_evaluation(period=0)]
)

print(classification_report(y_train, 1lgb.predict(X_train)))

print(classification_report(y_test, lgb.predict(X_test)))

report = classification_report(y_test, lgb.predict(X_test),
output_dict=True)

results['LightGBM'] = {k: v for k, v in report['macro avg'].items() if k
I= 'support'}

explainer = shap.TreeExplainer(lgb)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)

explainer = shap.Explainer(lgb, X_test)
shap_values = explainer(X_test, check_additivity=False)
shap.plots.waterfall(shap_values[0])

nn Il# CatBOOSt" nun

def objective_cat(trial):
train_x, val_x, train_y, val_y = train_test_split(X_train, y_train,
test _size=0.2, random_state=42)

params = {

"iterations': trial.suggest_int('iterations', 100, 2000),

'learning_rate': trial.suggest_float('learning_rate', 0.001,
0.3, log=True),

'depth': trial.suggest_int('depth', 4, 10),

'12_leaf_reg': trial.suggest_float('l12_leaf_reg', 1e-8, 10.0,
log=True),

"bootstrap_type': trial.suggest_categorical('bootstrap_type',
[ 'Bayesian', 'Bernoulli', 'MVS']),

'random_strength': trial.suggest_float('random_strength', 1e-8,
10.0, log=True),

'od_type': 'Iter',

'od_wait': 50,

'verbose': False,




'random_state': 42

model = CatBoostClassifier(xxparams)

model. fit(
train_x, train_y,
eval_set=(val_x, val_y),
early_stopping_rounds=100,
use_best model=True

preds = model.predict(val_x)
score f1_score(val_y, preds, average="macro"

return score

study = optuna.create_study(direction="'maximize"')
study.optimize(objective_cat, n_trials=30)

cat = CatBoostClassifier(**study.best_params)
cat.fit(
X_train, y_train,
eval_set=(X_test, y_test),
early_stopping_rounds=100,
use_best _model=True

)

print(classification_report(y_train, cat.predict(X_train)))

print(classification_report(y_test, cat.predict(X_test)))

report = classification_report(y_test, cat.predict(X_test),
output_dict=True)

results['CatBoost'] = {k: v for k, v in report['macro avg'].items() if k
I= 'support'}

explainer = shap.TreeExplainer(cat)
shap_values = explainer.shap_values(X_test)
shap.summary_plot(shap_values, X_test)

explainer = shap.Explainer(cat, X_test)
shap_values = explainer(X_test, check_additivity=False)
shap.plots.waterfall(shap_values[0])

# Pe3ynbTaThl

res = pd.DataFrame.from_dict(results)
display(res)




