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from sklearn import datasets, preprocessing
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from sklearn.model selection import train test split
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from sklearn.linear model import LinearRegression
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from sklearn.metrics import r2 score
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from sklearn.datasets import load iris
iris = load iris()
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X = iris.data
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y = iris.target
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1. from sklearn.model selection import train test split
2. X train, X test, y train, y test = train test_split (X, y, random_state=
12, stratify=y, test size=0.3)
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from sklearn.preprocessing import J§ 4 FX
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1. #ffiff] scikit-learn #E475UEIR1EAL

2. from sklearn.preprocessing import StandardScaler
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4. scaler = StandardScaler( )

5. #HUA Mt

6. scaler.fit transform(X train)
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2. from sklearn import feature selection as fs

R HEA BT k AFAE (top k Jrak)
fs.SelectKBest (score func, k)
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fs.RFECV (estimator, scoring="r2")
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from sklearn.linear model import LinearRegression
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lr = LinearRegression(normalize=True)

# Y ZRA A

lr.fit (X train, y train)
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y pred = lr.predict (X test)
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2. from sklearn.tree import DecisionTreeClassifier
3. #E AR
4. clf = DecisionTreeClassifier(max_depth=5)
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6. clf.fit(X train, y train)
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8. y pred= clf.predict(X test)
9. #y_prob NEDFEATM N 0 F1 1 KRR
10. y prob = clf.predict proba(X test)
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1. #MEEEMPEF A KMeans

2. from sklearn.cluster import KMeans
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4. kmeans = KMeans(n _clusters=3, random state=0)
5. #ilG

6. kmeans.fit(X train)
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8. kmeans.predict (X test)
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from sklearn.decomposition import J4 4 FX
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2. from sklearn.decomposition import PCA
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4. pca = PCA(n_components=3)
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6. pca.fit(X)
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8. print(pca.explained variance ratio )
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from sklearn.metrics import accuracy score
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accuracy_score(y test, y pred)
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2. from sklearn.model selection import cross val score



3. clf = DecisionTreeClassifier (max depth=5)
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5. scores = cross_val score (clf, X train, y train, cv=15, scoring="'fl

weighted')
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from sklearn.model selection import GridSearchCV
from sklearn import svm
svc = svm.SVC( )
# LS B A 1 7
params = {'kernel':['linear', 'rbf'], 'C':[1, 101}
# HEAT AR K, A T SR AL AR, DR HEAT 5 4T a8 U EE TR
grid search = GridSearchCV(svc, params, cv=>5)
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. grid search.fit (X train, y train)
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from sklearn.model selection import RandomizedSearchCV
from scipy.stats import randint

svc = svm.SVC( )
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param dist = {'kernel':['linear', 'rbf'], 'C':randint (1, 20)}
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8. random search = RandomizedSearchCV(svc, param dist, n iter=10)
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10. random search.fit(X train, y train)
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12. random search.best params_
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1. from sklearn import datasets
2. X, y= datasets.load boston(return X y=True)
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