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Decision Tree



Decision tree

특징

• Feature공간을 여러개의단순한영역으로분할
• Feature공간을 분할하는일련의규칙들은 tree의형태로 표현

장점

• 데이터나모델에 대한전제, 가정이 없음
• 간단하기때문에 이해나해석이용이함
• Classification과 regression에모두사용가능
• Numeric feature와 categorical feature모두처리 가능
• 스케일링, 중앙화 등 같은 데이터에 대한 전처리거의필요 없음
• 탐색적데이터 분석 (exploratory data analysis)에서유용

단점

• 데이터의회전이나작은변화에매우민감
• 예측정확도 측면에서다른알고리즘보다떨어지는 경우가 많음
= Bagging, boosting, random forests등을사용해 정확도 향상 1/21



Iris dataset

• 3개의클래스: iris setosa, iris versicolor, iris virginica
• 4개의 feature: sepal length/width, petal length/width
• 각클래스별로 50개의샘플
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Decision tree for iris dataset

Petal length <= 2.45

Gini = 0.667

Samples = 150

Value = [50, 50, 50]

Class = setosa

Gini = 0.0

Samples = 50

Value = [50, 0, 0]

Class = setosa

Petal width <= 1.75

Gini = 0.5

Samples = 100

Value = [0, 50, 50]

Class = versicolor

Gini = 0.168

Samples = 54

Value = [0, 49, 5]

Class = versicolor

Gini = 0.043

Samples = 46

Value = [0, 1, 45]

Class = virginica

True

False

True

False
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Gini impurity measure

Gini impurity measure

• 임의의 node i에서 impurity Gi는다음과같이정의

Gi = 1−
∑
k

p2i,k (1)

• pi,k: node i에서클래스 k에속하는 instance의비율
• e.g.,

G = 1−
(49
54

)2 − ( 5

54

)2 ≈ 0.168 (2)
gini = 0.168

samples = 54
value = [0, 49, 5]
class = versicolor
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Information gain measure

Information gain (entropy) measure

• 한노드에서의 엔트로피

H = −
∑
k

pi,k logpi,k (3)

• pi,k: node i에서클래스 k에속하는 instance의비율
• e.g.,

H = −49

54
log 49

54
− 5

54
log 5

54
≈ 0.31 (4)

gini = 0.168
samples = 54

value = [0, 49, 5]
class = versicolor
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Regularization hyperparameters

Decision tree와과적합 (overfitting)

• Decision tree는 데이터에대한가정이별로없음
• Tree growing에제약을주지않으면과적합되기쉬움

과적합방지를 위한정규화 (regularization)

• Tree growing에있어자유도에제한을가하는것
• Regularization방법은알고리즘에따라다름

Regularization hyperparameters

Hyperparamter Default Description

max_depth none 트리의최대깊이
min_samples_split 2 내부 node를 split하기위한최소샘플수
min_samples_leaf 1 leaf node가되기위한 node내샘플수
min_weight_fraction_leaf 0 min_samples_leaf와같으나샘플수 비율로 표시
max_leaf_nodes none leaf node최대수
max_features none 각 node에서 split을위해계산하는최대 feature수
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Instability of decision tree

Decision boundary가항상좌표축에수직 =⇒데이터셋의회전에민감

6 It randomly selects the set of features to evaluate at each node.

Instability
Hopefully by now you are convinced that Decision Trees have a lot going for them:
they are simple to understand and interpret, easy to use, versatile, and powerful.
However they do have a few limitations. First, as you may have noticed, Decision
Trees love orthogonal decision boundaries (all splits are perpendicular to an axis),
which makes them sensitive to training set rotation. For example, Figure 6-7 shows a
simple linearly separable dataset: on the left, a Decision Tree can split it easily, while
on the right, after the dataset is rotated by 45°, the decision boundary looks unneces‐
sarily convoluted. Although both Decision Trees fit the training set perfectly, it is very
likely that the model on the right will not generalize well. One way to limit this prob‐
lem is to use PCA (see Chapter 8), which often results in a better orientation of the
training data.

Figure 6-7. Sensitivity to training set rotation

More generally, the main issue with Decision Trees is that they are very sensitive to
small variations in the training data. For example, if you just remove the widest Iris-
Versicolor from the iris training set (the one with petals 4.8 cm long and 1.8 cm wide)
and train a new Decision Tree, you may get the model represented in Figure 6-8. As
you can see, it looks very different from the previous Decision Tree (Figure 6-2).
Actually, since the training algorithm used by Scikit-Learn is stochastic6 you may
get very different models even on the same training data (unless you set the
random_state hyperparameter).

188 | Chapter 6: Decision Trees
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Instability of decision tree

데이터의작은 변화에도매우민감

Original Iris Dataset Removing the widest Iris-Versicolor
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Random Forest



Ensemble learning

Ensemble learning

• 한전문가의 의견 vs. 여러사람의의견을종합
• 하나의좋은 예측기 vs. 보통예측기집단의예측

Ensemble learning의목표

• 여러다양한 의견을고려
• 논리적과정을 통해결합
• 결정에대한 신뢰성을높임
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Ensemble learning

Ensemble을통한변동성축소

• 분류기들의오류는각샘플에대해서로다른오류를
발생시키지만, 옳은 분류에 대해서는 일반적으로 일치

• 여러분류기 출력을 averaging하는것은오류요소들이
averaging out되게만들어전체 ensemble모델의오류를감소

Decision tree와 ensemble learning = random forest

• Decision tree는 base model로써의활용도가높음
• Low computational complexity: 데이터의크기가 방대해도
빠르게구축

• Nonparametric: 데이터의분포에대한가정이필요없음
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Ensemble learning: diversity

다음조건을 만족할때, ensemble model이 base model보다우수

• Base model이서로독립적이고
• Base model이무작위로예측할때보다성능이뛰어난경우

Ensemble model의 성능을확보하기위한핵심: 다양성과 무작위성

• 훈련데이터의 서로다른부분집합을사용 bootstrap
• 사용가능한 feature의서로다른부분집합을사용: random
subspace
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Bagging = bootstrap aggregating

• Bootstrap기법으로다수의학습데이터생성
• 생성된데이터로 모델구축
• 주어진새 입력에 대해예측을종합

Training data

Subset 1

Tree 1

Subset 2

Tree 2

…

…

Subset N

Tree N
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Bootstrapping

• 각모델은 서로 다른학습데이터셋을이용
• 각데이터셋은 복원추출을통해원래데이터수만큼의크기를
갖도록샘플링

• 개별데이터셋을 bootstrap set이라부름
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Result aggregating: hard voting

Hard voting, majority voting
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Result aggregating: hard voting

Hard voting, majority voting

Training 

accuracy

0.80

0.76
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Result aggregating: soft voting

Soft voting, weighted voting: training accuracy이용
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Result aggregating: soft voting

Soft voting, weighted voting: prediction probability이용

Training 
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Random subspace

원래변수들 중에서모델구축에쓰일입력변수를무작위로 선택

Subset 1

Tree 1

원래 변수 x1 x2 x3 x4 x5 x6 x7 x8

입력 변수 x1 x3 x4 x7
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Random subspace

선택된입력변수중에분할될변수를선택

x4

원래 변수 x1 x2 x3 x4 x5 x6 x7 x8

입력 변수 x1 x3 x4 x7

Subset 1

Tree 1
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Random subspace

분할된노드에서 동일한과정을반복

x8

x4

원래 변수 x1 x2 x3 x4 x5 x6 x7 x8

입력 변수 x2 x4 x5 x8

Subset 1

Tree 1
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Generalization error

• 각각의 decision tree는과적합되더라도
• Random forest는그수가충분히많다면 error가바운드됨

e ≤ ρ̄(1− s2)
s2 (5)

– ρ̄: decision tree사이의평균상관관계
– s: 올바로 예측한 tree의수와잘못예측한 tree의 수차이의평균

• 개별 tree의정확도가높을수록 s가증가함
• Bagging과 random subspace로모델사이의상관관계감소
• 개별 tree의정확도가높고, 각각의 독립성이 높을수록 전체 성능
증가
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