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Introduction

• Prostate cancer (전립선 암)은 고위험군의 병으로 암 중에서 발병율이 높음

• 높은 사망률을 보이는 사회적으로 중요한 악성종양으로 조기 진단을 위한
노력이 필요함

• 전립선 암은 예측하기 어려운 병의 진행 행태를 보이기 때문에 예후를 통해
사전에 예측하는 것이 필요
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Introduction

• 우수한 예측 성능을 보임과 동시에 해석이 가능한 기계학습기반의 모델개발
은 필수 적임

• 본 논문에서는 이러한 문제 해결을 위해 ensemble learning 기반의 모델을
제안함

Classification performance Extract effective diagnostic rules

[Ensemble learning – Stacking] [Rule extraction method]
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Ensemble learning

• Ensemble learning의 방법은 크게 bagging, boosting으로 구분됨

Bagging (Bootstrap Aggregating) Boosting
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Ensemble learning

• 추가적으로, meta modeling 이라고 불리는 stacking 방법도 있음

Model 1
(kNN)

Input data

Model 2
(DT)

Model n
(SVM)⋯

"#$ ⋯ "#%
⋮ ⋱ ⋮
"#% ⋯ "#%

Meta model

Final 
prediction

Level 1

Level 2
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Ensemble learning

• 다양한 형태의 stacking 방법이 존재
• 각 Node는 개별 모델로 구성되며, Node로 구성된 여러 층의 layer를 쌓는

형태
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Ensemble learning

비교 Bagging
(Bootstrap Aggregation)

Boosting Stacking

특징
Overfitting 방지 가능

(majority voting, average)
Outlier에 취약 모델 간의 보완이 가능

연산량이 많음

학습 구조
병렬 앙상블 모델

(각 모델을 서로 독립적)
연속 앙상블 모델

(이전 모델의 오류를 고려)
병렬 앙상블 모델

(서로 다른 독립적인 모델)

목적 Variance 감소 Bias 감소 Performance 향상

대표 알고리즘 Random forest

Gradient Boosting
Adaboost
Xgboost

Light GBM

* 학습의 구조가 있으며 특
정 알고리즘은 없음

Sampling Random sampling
Random sampling with 

weight on error
-
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Proposed methodology

Step1
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Proposed methodology
Step1 base learner

• Base leaner는 meta-data를 생성하기 위한 절차
• Training set을 활용하여 다수의 Tree를 생성하고 이를 base leaner로 활용
• 학습의 다양성을 확보 Bootstrap sampling / Random feature selection

Training set

Validation set

Base model 1

Base model 2

Base model K

V1 V2 V3 ⋯ ⋯ Vm-1 Vm

1

2

⋮
n-2

n-1

n
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Proposed methodology
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Proposed methodology
Step1 base learner

• Base leaner는 meta-data를 생성하기 위한 절차
• Regression tree를 활용하여 base leaner를 구성
• Target variable은 binary classification이므로, 예측된 값은 [0, 1]

Training set

Validation set

Base model 1

Base model 2

Base model K

!"($%|')
!"($"|')

!)($%|')
!)($"|')

!*($%|')
!*($"|')

" − !"($"|')
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Proposed methodology
Step1 base learner

• Base leaner는 meta-data를 생성하기 위한 절차
• Regression tree를 활용하여 base leaner를 구성
• Target variable은 binary classification이므로, 예측된 값은 [0, 1]

Training set

Validation set

Base model 1

Base model 2

Base model K

!"($%|')
!"($"|')

!)($%|')
!)($"|')

!*($%|')
!*($"|')

Meta-data of training set
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Proposed methodology
Step1 base learner

• Base leaner는 meta-data를 생성하기 위한 절차
• Regression tree를 활용하여 base leaner를 구성
• Target variable은 binary classification이므로, 예측된 값은 [0, 1]

Training set

Validation set

Base model 1

Base model 2

Base model K

!"($%|')
!"($)|')

!*($%|')
!*($)|')

Trained

!)($%|')
!)($)|')

Meta-data of training set

Meta-data of validation set

Trained

Trained
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Proposed methodology

Step2
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Proposed methodology
Step2 optimal sub-ensemble selection 

≠

Robustness

Classification performance
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Proposed methodology
Step2 optimal sub-ensemble selection 

Q1. Which model we should choose?

Q2. How to combine the chosen models?

Multi-objective 
evolutionary process

Random Forest

Complexity Accuracy
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Proposed methodology
Step2 optimal sub-ensemble selection 

• 최적의 sub-ensemble을 선택하기 위해 bi-objective optimization problem
을 정의

• Elitist non-dominated sorting genetic algorithm (NSGA-II)를 활용하여
best sub-ensemble을 선택

!"#$%$&' ())*+ = 1 −
1
/01

2
345

601

7*+ #3 − 83
9

!$:$%$&' ;<%=>'#$?8*+ = 2
@45

A

B:C*+(E)

G= : the =th individual of the population in Gth generation
E : the number of base learner
7*+ #3 : the predicted label of the Hth testing sample
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Proposed methodology
Step2 optimal sub-ensemble selection 

Sub-ensemble 1 Sub-ensemble 2 Sub-ensemble 3 ⋯ Sub-ensemble P-2 Sub-ensemble P-1 Sub-ensemble P

Base leaner 1 Base leaner 2 Base leaner 3 Base leaner 4 Base leaner 5 ⋯ Base leaner K

1 0 0 1 1 ⋯ 1

Chromosome

L= 

Base leaner 1 Base leaner 2 ⋯ Base leaner k-1 Base leaner k

"#(%&|(#) "#(%#|(#) "*(%&|(#) "*(%#|(#) ⋯ "+,#(%&|(#) "+,#(%#|(#) "+(%&|(#) "+(%#|(#)

"#(%&|(*) "#(%#|(*) "*(%&|(*) "*(%#|(*) "+,#(%&|(*) "+,#(%#|(*) "+(%&|(*) "+(%#|(*)

⋮ ⋮ ⋮ ⋮ ⋮
"#(%&|(.,#) "#(%#|(.,#) "*(%&|(.,#) "*(%#|(.,#) "+,#(%&|(.,#)"+,#(%#|(.,#)"+(%&|(.,#) "+(%#|(.,#)

"#(%&|(.) "#(%#|(.) "*(%&|(.) "*(%#|(.) ⋯ "+,#(%&|(.) "+,#(%#|(.) "+(%&|(.) "+(%#|(.)
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Proposed methodology
Step2 optimal sub-ensemble selection 

Training RF 

[Meta-data of Training set]

[Meta-data of Validation set]
“0” or “1”

Prediction
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Proposed methodology
Step2 optimal sub-ensemble selection 
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Proposed methodology
Step2 optimal sub-ensemble selection 

Sub-ensemble 1 Sub-ensemble 2 Sub-ensemble 3 ⋯ Sub-ensemble P-2 Sub-ensemble P-1 Sub-ensemble P

"#$%&%'( )**+, = 1 − 1
012

3
456

712
8+, $4 − 94

:

"%;%&%'( <=&>?($%@9+, = 3
A56

B
C;D+,(F)

G번 반복 수행

Sub-ensemble 
G1

Sub-ensemble 
G2

Sub-ensemble 
G3 ⋯ Sub-ensemble 

GP-2
Sub-ensemble 

GP-1
Sub-ensemble 

GP

Pereto-optimal set
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Multi objective evolutionary process
Multi object 

• 목적함수가 여러 개 존재할 경우, 목적 함수 사이에 trade-off 관계가 존재
• 다수의 목적함수를 모두 만족하는 값은 하나가 아니라 여러 개가 존재할 수

있음
• 최적의 해의 집합을 찾는 것을 목적으로 함 (pareto-optimal set)



31

Multi objective evolutionary process
Multi object example 

Goals:
Minimal acceleration time 
Maximal range

Size Power Capacity
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Multi objective evolutionary process
Multi object example 

!"

!#

Pareto frontier

Acceleration time 0-100km/h

R
an

g
e

Kalyanmoy, D., Pratap, A., Agarwal, S., & Meyarivan, T. A. M. T. (2002). A fast and elitist multiobjective genetic algorithm: 
NSGA-II. IEEE Transactions on evolutionary computation, 6(2), 182-197.
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Proposed methodology
Step2 optimal sub-ensemble selection 

Sub-ensemble 
G1

Sub-ensemble 
G2

Sub-ensemble 
G3 ⋯ Sub-ensemble 

GP-2
Sub-ensemble 

GP-1
Sub-ensemble 

GP

Pareto-optimal set

• 최적의 sub-ensemble을 찾기 위해 구해진 pareto-optimal set 중 예측 성능
이 높은 sub-ensemble을 선택

0.84 0.83 0.82 ⋯ 0.89 0.81 0.82

Sub-ensemble accuracy
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Proposed methodology

Step3
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Proposed methodology
Step3 Rule extraction

Best Sub-ensemble

Base leaner 1 Base leaner 2 Base leaner 3 Base leaner 4 Base leaner 5 ⋯ Base leaner K

1 0 0 1 1 ⋯ 1

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v10 > 2
THEN class = 0

⋮

IF v4 = yes
AND v70 >= 33
THEN class = 1

⋮

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

?

IF v7 > 70
AND v9 < 1
THEN class = 1

IF v7 > 60
AND v9 < 1
THEN class = 1
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Proposed methodology
Step3 Rule extraction process

• Best sub-ensemble에 대해 meta learner로 Random forest를 사용
• RF를 통해 각 base leaner에 대해 Importance score를 얻을 수 있음

Training RF 

[Meta-data of Training set]

[Meta-data of Training set]
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Proposed methodology
Step3 Rule extraction process

Base leaner 1 Base leaner 2 Base leaner 3 Base leaner 4 Base leaner 5 ⋯ Base leaner K

1 0 0 1 1 ⋯ 1

0.4 - - 0.1 0.05 0.3

• Importance score를 통해 각 base leaner의 규칙 셋에 가중치를 부여

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

IF v4 = yes
AND v70 >= 33
THEN class = 1

⋮
0.4

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v10 > 2
THEN class = 0

⋮

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

IF v7 > 70
AND v9 < 1
THEN class = 1

IF v7 > 60
AND v9 < 1
THEN class = 1

0.1 0.05 0.3
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Proposed methodology
Step3 Rule extraction process

• 규칙 중 중복되거나, 혹은 규칙이 포함관계 있는 규칙을 제거
• 이 과정에서 규칙의 부여된 가중치를 더하여 규칙의 중요도를 업데이트

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

IF v7 > 70
AND v9 < 1
THEN class = 1

IF v4 = yes
AND v70 >= 33
THEN class = 1

⋮

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v10 > 2
THEN class = 0

⋮

IF v7 > 60
AND v9 < 1
THEN class = 1

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

중복된 규칙

포함관계
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Proposed methodology
Step3 Rule extraction process

• 규칙 중 중복되거나, 혹은 규칙이 포함관계 있는 규칙을 제거
• 이 과정에서 규칙의 부여된 가중치를 더하여 규칙의 중요도를 업데이트

IF v1 > 60
AND v2 < 1.6
THEN class = 0

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

IF v7 > 70
AND v9 < 1
THEN class = 1

IF v4 = yes
AND v70 >= 33
THEN class = 1

⋮

IF v10 > 2
THEN class = 0

⋮

IF v3 > 120
AND v6 >= 3
THEN class = 1

⋮

중복된 규칙

포함관계

"## = "## + "&#

"'# = "'# + "(#

0.4  +  0.1

0.5 0.35

0.05  +  0.3
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Proposed methodology
Step3 Rule extraction process

• 계산된 가중치에 따라 전체 규칙에 Rank를 부여함
• 각 규칙에 대해 Coverage와 complexity를 정의하고 산출

Index Rules weights Ranks

!"" IF v1 > 60 AND v2 < 1.6 THAN class= 1 0.5 1

!"# IF v3 > 120 AND v6 >= 3 THEN class = 1 0.4 2

!#" ⋯ ⋯ 3

!#% ⋯ ⋯ 4

⋮ ⋯ ⋯ ⋮

!'" ⋯ ⋯ n-1

!'( IF v3 > 120 AND v6 >= 3 THEN class = 1 0.24 n

)*+', =
.+/01234/_+',
.+/01234/6

)*7', =
.+/01234/_7',
.+/01234/8

)*/0129:7;', =
<2+74=234/',
<2+74=234/6

Training set 중 해당하는 관측치 비율

validation set 중 해당하는 관측치 비율

전체 변수 중 규칙에 포함되는 변수 개수
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Proposed methodology
Step3 Rule extraction process

• 산출된 coverage와 complexity를 정규화
• 정규화 된 값을 통해 각 규칙의 score를 산출함

∗ "#$%& ∗ "#'%& ∗ "#()*+,&'-%&

0.8 0.61 0.2

0.6 0.2 0.1

⋯ ⋯ ⋯

⋯ ⋯ ⋯

0.9 0.9 0.1

* Minmax scaling

/012345 = 745(01945 + 01;45 + 1 − 01>?@3AB;C45 )

Index Rules weights

EFF IF v1 > 60 AND v2 < 1.6 THAN class= 1 0.5

EFG IF v3 > 120 AND v6 >= 3 THEN class = 1 0.4

EGH ⋯ ⋯

⋮ ⋯ ⋯

E4J IF v3 > 120 AND v6 >= 3 THEN class = 1 0.24

K"#L+%&

0.805

0.68

⋯

⋯

0.648
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Proposed methodology
Step3 Rule extraction process

• 산출된 score를 기반으로 재정렬 이후 각 규칙에 대해 평균정확도 산출
• 평균 정확도가 기준치 이상*인 규칙을 최종적으로 추출함

∗ "#$%& ∗ "#'%& ∗ "#()*+,&'-%&

0.8 0.61 0.2

0.6 0.2 0.1

0.9 0.9 0.1

⋯ ⋯ ⋯

⋯ ⋯ ⋯

Index Rules weights

/00 IF v1 > 60 AND v2 < 1.6 THAN class= 1 0.5

/01 IF v3 > 120 AND v6 >= 3 THEN class = 1 0.4

/23 IF v3 > 120 AND v6 >= 3 THEN class = 1 0.24

⋮ ⋯ ⋯

/15 ⋯ ⋯

6"#7+%&

0.805

0.68

0.648

⋯

⋯

89:;<<=>8<?2@ =
1

2

<D>>E<F_82@

H8IJKEL=I_82@
+

<D>>E<F_F2@

H8IJKEL=I_F2@

Training set / validation set 에 속하는 관측치에 대해
규칙ki를 만족하는 관측치 중 정확하게 분류된 관측치 개수

$NOP""%&

0.76

0.7

0.8

⋯

⋯

* User parameter
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Results
Data

Prostate cancer dataset
(http://clinic ncmi.cn)

2007 ~ 2013년 환자 기록
관측치 수 : 1657개
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Results
Subspace size / pareto-optimal solution set

[Misclassification rate vs complexity 
of the pareto-optimal solutions from one run]

[the results different subspace sizes]
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Results
Validation and test results
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Results
Test results
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Results
Comparison with other machine learning methods
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Results
Extracted rules

• 최종 best sub-ensemble의 개수는 11개의 base learner를 갖음
• 최종 규칙의 수는 190개 à 제안하는 규칙 추출 방법론을 적용
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Results
Extracted rules

• 추출된 19개의 규칙 중 평균 정확도가 90% 이상인 규칙 13개를 추출
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Conclusion

• Ensemble learning 중 stacking 기법을 활용하여 예측 성능을 향상

• 최적의 Sub-ensemble을 선택하기 위해 Multi-objective evolutionary 
process를 적용

• Decision tree 기반으로 생성된 규칙을 종합하고 해석력을 증대 시키기 위해
규칙 추출방법론을 제안함
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