Inclass 17: Decision Tree and Random Forest

[SCS4049] Machine Learning and Data Science

Seongsik Park (s.park@dgu.ac.kr)

School of Al Convergence & Department of Artificial Intelligence, Dongguk University


mailto:s.park@dgu.ac.kr

Decision Tree



Decision tree
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Iris dataset

- 3702] ZalA: iris setosa, iris versicolor, iris virginica
- 47l 2] feature: sepal length/width, petal length/width

L 2t ZeYAHE S07HO| ME
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Decision tree for iris dataset

Petal length <= 2.45
Gini = 0.667
Samples = 150
Value = [50, 50, 50]
Class = setosa

True False

Petal width <= 1.75
Gini = 0.5
Samples = 100
Value = [0, 50, 50]
Class = versicolor

True False
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Gini impurity measure

Gini impurity measure

- 2lo|o| node iOf| M impurity G = Ct21} 2to| M 9|

G=1-p% (1)
k
* pi: node I0{|A] E2HA ROY| &3t= instancel| H|&
- eg,
49 5 gini = 0.168
G=1- (5—4)2— (5—4)2%0.168 (2) samples = 54
value = [0, 49, 5]

class = versicolor
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Information gain measure

Information gain (entropy) measure
- S =E0|AMe Al EZT]

H=— Z Piklogpik (3)
k

* pi: node I0{|A] E2HA ROY| &3t= instancel| H|&

- eg,
o 19 5 5 gini = 0.168
H = = log 5 log ke 0.31 (4) samples = 54
5 5 5 5 value = [0, 49, 5]

class = versicolor
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Regularization hyperparameters

Decision tree2} 1t &t (overfitting)
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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} E|7| {8t node L MZE %=
min_weight_fraction_leaf 0 min_samples_leaf2} ZIOL} MZE £~ H|F HA|
max_leaf_nodes none leaf node =|CH =

max_features none Zt nodeOf| M splitE sl AlAtst= =|CH feature 3=
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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

clo|e{o] &2 wsjo| = 0fL izt
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Random Forest



Ensemble learning

Ensemble learning

- Bt MEIto| oA vs. 012] AtZte| o|A
- St E2 0f|E7| vs. EE o|E7| E

Ensemble learninge| S &
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Ensemble learning

Ensembleg E5t &

- BRVIEY 2LF= A MEN sl MECHE 2FJE
tgé‘i/\l?l?(l IF 22 230 tisiME ety oz X|
- 02 ER7| £ 2 averagingst= A2 27 24=0]

averagmg out E[A BHE0{ MA| ensemble RIS 2B E ZiA
Decision tree} ensemble learning = random forest
- Decision tree= base modelEM 2| STt =2
- Low computational complexity: H|O|E{Q| 3 7|7} BICHSH =

= 2=
- Nonparametric: H|O|E{Q| E=0f CHSI 7}H0o| EHR gl

= HA

10/21



Ensemble learning: diversity

O N

CtS =AHE OtE&H i, ensemble modelO| base model ECt 2=

]]IO

=EsTolin]

- Base modelo| M2 =&IH
* Base model0| F2t9|2 ol F W ECt & S0| F oLt 22

Ensemble modelQ| A4

- EH OB MELHE B
- AFE2 7t St feature] MZ
subspace

1/21



Bagging = bootstrap aggregating

- Bootstrap 7|2 2 C}
- MME OB Z 2
- =O{ZE A 2= of cHaY

Subset 1 Subset 2 Subset N

Tree 1 Tree 2 Tree N
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Bootstrapping
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Result aggregating: hard voting

Hard voting, majority voting

Ensemble(x) = 1

Basel(x) = 1 Base2(x) = 1 Base3(x) = 2 Base4(x) = 1

[ [ [ I

New
instance
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Result aggregating: hard voting

Hard voting, majority voting

e ateurne Py=D Prediction
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Result aggregating: soft votin

Soft voting, weighted voting: training accuracy 0| &

et sy Py=h predicton

0% | 1

1

0

1 P(Ensemble = 0) = 0.186
m 1 P(Ensemble = 1) = 0.814
0 Weighted voting = 1
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Result aggregating: soft votin

Soft voting, weighted voting: prediction probability 0| £
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1 P(Ensemble = 0) = 0.199
[ Model 5| 1 P(Ensemble = 1) = 0.801
0 Weighted voting = 1
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Generalization error

- Z2+Zt9| decision tree= Ot& &t E|EHEHE

=]
- Random forest= 11 7} S 85| ACtH error7} HIREE

p(l —s?) (5)
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- p: decision tree A}O|2| H o AbZtEtA|
- s: SHIZ 0| &8t tree2| =2+ 2R of| 8k tree2| 5= X}0|2] B
© 70 treel| WEIEIL =2
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- Hd treel| WEIETL =10, 21240 SEIMO| =2+ MA ds

S7t

21/21



	Decision Tree
	Random Forest

