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from sklearn.datasets import load iris

from sklearn.tree import DecisionTreeClassifier
iris = load__iris()

X =iris.datal:, 2:] # petal length and width

y = iris.target

tree_clf = DecisionTreeClassifier(max_depth=2)
tree clf.fit(X, y)
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from sklearn.tree import export_graphviz

export_graphviz(
tree_clf,
out_file=image_path("iris_tree.dot"),
feature_names=iris.feature_names[2:],
class_names=iris.target_names,
rounded=True,
filled=True
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gini = 0.6667
samples = 150
value =[50, 50, 50]
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(petal width (cm) <= 1.75
gini=0.5
samples = 100
value = [0, 50, 50]
\ class = versicolor
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Equation 6-1. Gini impurity
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>>> tree_clf.predict_proba([[5, 1.5]])

array([[ 0., 0.90740741, 0.09259259]])

>>> tree clf.predict([[5, 1.5]])
array([1])
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Equation 6-2. CART cost function for classification
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Equation 6-3. Entropy
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from sklearn.tree import DecisionTreeRegressor

tree_reg = DecisionTreeRegressor(max_depth=2)
tree_reg.fit(X, y)

x1 <= 0.1973
mse = 0.0978
samples = 200
value = 0.3539

Trui/ \:‘alse

X1 <=0.0917 X1 <=0.7718
mse = 0.0377 mse = 0.074
samples = 44 samples = 156
value = 0.6894 value = 0 2592

;

mse = 0.0131 mse D 0151 mse = 0. 0359
samples = 24 samples =110 samples = 46
value = 0.5522 value = 0.1106 value = 0.61 46

samples = 20

" mse =0.0176
value = 0.8539 |
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Equation 6-4. CART cost function for regression
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from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import VotingClassifier
from sklearn.linear_model import LogisticRegression
from sklearn.svm import SVC
log_clf = LogisticRegression()
rnd_clf = RandomForestClassifier()
svm_clf = SVC()
voting_clf = VotingClassifier(
estimators=[('lr', log_clf), ('rf', rnd_clf), ('svc', svm_clf)],
voting="hard'

)
voting_clf.fit(X_train, y_train)
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>>> from sklearn.metrics import accuracy score
>>> for clf in (log_clf, rnd_clf, svm_clf, voting_clf):
>>> clf.fit(X_train, y_train)
>>> y pred = clf.predict(X_test)
>>> print(clf. _class . name__, accuracy_score(y_test,y pred))
LogisticRegression 0.864
RandomForestClassifier 0.872
SVC 0.888
VotingClassifier 0.896
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from sklearn.ensemble import BaggingClassifier

from sklearn.tree import DecisionTreeClassifier

bag clf = BaggingClassifier|(
DecisionTreeClassifier(), n_estimators=500,
max_samples=100, bootstrap=True, n_jobs=-1

)
bag_clf.fit(X_train, y_train)
y_pred = bag_clf.predict(X_test)



A single Decision Tree versus a bagging ensemble of 500 trees

Decision Trees with Bagging
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e Scikit-Learn™, #!/%BaggingClassifierft|, X &
oob_score=True, Xt A] LLiGRAENZR4s R G B 3 T8
AN PP o

. T gfjﬁﬁrg@g/TTL K. WA & oob_score_ I LA
152 m AP 0 2

>>> bag_clf = BaggingClassifier(

>>> DecisionTreeClassifier(), n_estimators=500,
>>> bootstrap=True, n_jobs=-1, oob_score=True)
>>> bag_clf.fit(X_train, y_train)

>>> bag clf.oob _score

0.93066666666666664
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>>> bag_clf = BaggingClassifier(

i

>>> DecisionTreeClassifier(), n_estimators=500,
>>> bootstrap=True, n_jobs=-1, oob_score=True)
>>> bag_clf.fit(X_train, y_train)

>>> bag clf.oob_score

0.93066666666666664

>>> from sklearn.metrics import accuracy_score
>>>y pred = bag_clf.predict(X_test)

>>> accuracy_score(y_test, y_pred)
0.93600000000000005
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>>> bag_clf.oob_decision_function_
array([[ 0. . 1,
[ 0.60588235, 0.39411765],
1 ., 0. "

D O = o
O = O

.48958333, .5104166?5])
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Random PatchesFlIFEANL T 25 [8]
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FEATLAR A

from sklearn.ensemble import RandomForestClassifier

rnd_clf = RandomForestClassifier(n_estimators=500,
max_leaf nodes=16, n_jobs=-1)

rnd_clf.fit(X_train, y_train)
y_pred rf=rnd _clf.predict(X_test)
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« |l IBaggingClassifier K& 5 Bif
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bag clf = BaggingClassifier(

——

i

il

DecisionTreeClassifier(splitter="random", max_leaf nodes=16),

n_estimators=500, max_samples=1.0, bootstrap=True, n_jobs=-1



bbb

I B LA
o WRVRERBNDRER K, BEFREE AT Fe
IAE AR SAL S, A B PR IE A
SELM SALE (R2REAARID o HiL, mid
T E—DMREE RN A B W _ BRI, n] DAL
B — MR ) B AR R

Scikit-LearnfE W Zx 45 7K J5 H 31T B8RRI B 2L
iﬁiii}%featu re_importances_{Rgt A] LAV; [A] 21X N1

u.uu




bbb

HEEAE B

>>> from sklearn.datasets import load _iris

>>> iris = load_iris()

>>> rnd_clf = RandomForestClassifier(n_estimators=500, n_jobs=-1)
>>> rnd_clf.fit(iris["data"], iris["target"])

>>> for name, score in zip(iris["feature_names"], rnd_clf.feature_importances_):
>>> print(name, score)

sepal length (cm) 0.112492250999

sepal width (cm) 0.0231192882825

petal length (cm) 0.441030464364

petal width (cm) 0.423357996355



MNIST pixel importance (according to a Random Forest classifier)
Very important

Not important



i FENL A Extra-Trees
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AdaBoost
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Decision boundaries of consecutive predictors

learning rate = -0.5
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AdaBoost
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Equation 7-1. Weighted error rate of the j™ predictor
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AdaBoost
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Equation 7-2. Predictor weight
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AdaBoost
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Equation 7-3. Weight update rule
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Equation 7-4. AdaBoost predictions
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J(x) = argmax ), a; where N is the number of predictors.
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AdaBoost

from sklearn.ensemble import AdaBoostClassifier

ada_clf = AdaBoostClassifier(
DecisionTreeClassifier(max_depth=1), n_estimators=200,
algorithm="SAMME.R", learning_rate=0.5)

e ada_clf.fit(X_train, y_train)

Scikit-Learn s A it H 522 AdaBoost ) — N2 70 ZEh AN,
MYAYESAMME (3T 22 R 204 R BR B 1 IZ2 B TN s Y )
Y AP ZRE, SAMMERIZE[E]T-AdaBoost. IH4h,
R A& n] DIAS R AIME=R, Scikit-Learn2> 15 F —F#
SAMMEAEIE, FRONSAMME.R (RfLFE “Real”) , B
TR 2 S MR T AN A S TN, 38R SR R 4
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1 L $2 F+ Gradient Boosting
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1 L $2 F+ Gradient Boosting

from sklearn.tree import DecisionTreeRegressor
tree_regl = DecisionTreeRegressor(max_depth=2)
tree_regl.fit(X, y)

y2 =y - tree_regl.predict(X)
tree_reg2 = DecisionTreeRegressor(max_depth=2)
tree_reg2.fit(X, y2)

y3 =y2 - tree_reg2.predict(X)
tree_reg3 = DecisionTreeRegressor(max_depth=2)

tree_reg3.fit(X, y3)

y_pred = sum(tree.predict(X_new) for tree in (tree_regl, tree_reg2, tree_reg3))
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1 L $2 F Gradient Boosting

from sklearn.ensemble import GradientBoostingRegressor
gbrt = GradientBoostingRegressor(max_depth=2, n_estimators=3, learning_rate=1.0)

gbrt.fit(X, y)

learning rate=0.1, n_estimators=3 learning rate=0.1, n_estimators=200
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1 L $2 F+ Gradient Boosting

import numpy as np
from sklearn.model_selection import train_test split
from sklearn.metrics import mean_squared_error
X_train, X_val, y_train, y_val = train_test_split(X, y)
gbrt = GradientBoostingRegressor(max_depth=2, n_estimators=120)
gbrt.fit(X_train, y_train)
errors = [mean_squared_error(y_val, y pred)
fory _predin gbrt.staged predict(X_val)]

bst_n_estimators = np.argmin(errors)
gbrt_best = GradientBoostingRegressor(max_depth=2,n_estimators=bst_n_estimators)

gbrt_best.fit(X_train, y_train)

] B SEE A v 2 8 staged _predict () ¥ EEVIZGRIA
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Tuning the number of trees using early stopping

Validation error Best model (55 trees_)
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6 5 $#& - Gradient Boosting
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