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Iris dataset
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Decision tree for iris dataset

Gini = 0.667
W Samples = 150
Value = [50, 50, 50]

Class = setosa

2% Petal length <= 245
&
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Petal width <= 1.75 L’
Gini = 0.5
Samples = 100
Value = [0, 50, 50]
Class = versicolor

False
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Decision tree for iris dataset
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Gini impurity measure
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Information gain measure

Information gain (entropy) measure
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Regularization hyperparameters
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Hyperparamter | Default | Description
max_depth none Eg|o| X[cH Zlo|
min_samples_split 2 LHE nodeE splitstr| 8t A ME £
min_samples_leaf 1 leaf nodeZ} =|7| 2|&t node L ME 5=
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max_leaf_nodes none leaf node =|CH =
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Instability of decision tree
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Figure 6-7. Sensitivity to training set rotation
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Instability of decision tree
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Instability of decision tree
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hase model X “on Semélé = Mandom forest.
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Ensemble learning
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Ensemble learning
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Ensemble learning: diversity
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Bagging = bootstrap aggregating
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Result aggregating: hard voting
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Result aggregating: hard voting

Hard voting, majority voting O/ 7—
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Result aggregating: soft voting

Soft voting, weighted voting: training accuracy 0| &
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Result aggregating: soft voting
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Random subspace
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Random subspace
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Generalization error
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