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M lti i t Ad ti R i S li (F i d 1991)Multivariate Adaptive Regression Splines(Friedman,1991)

• Model form• Model form
Regression model Basis function
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Ensembled MARS ith non negati e garrote（1/2）Ensembled MARS with non-negative garrote（1/2）g g
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Ensembled MARS ith non negati e garrote（2/2）Ensembled MARS with non-negative garrote（2/2）g g

ti t (B i 1995)non-negative garrote (Breiman,1995) 
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Literature exampleLiterature examplep

Prostate cancer data (Stamney et al 1989: Tibshirani 1996)Prostate cancer data (Stamney et al.,1989: Tibshirani,1996)

L l f t t ifi tiy• : Level of prostate-specific antigeny
T• : Clinical measuresT

81 ),...,( xxx
: Log of tumor size

81 ), ,(
x : Log of tumor size1x

: Weight of prostate2x : Weight of prostate 
P ti t’

2

: Patient’s age     3x
: Log of benign prostatic hyperplasia amount4x : Log of benign prostatic hyperplasia amount4x
: Dummy variables of whether it is metastasizing to seminal vesicle5x y g
: Log of capsular penetration

5

x : Log of capsular penetration     6x
: Gleason score7x : Gleason score
Gl ’ ti f 4 5

7

x : Gleason score’s ratio of 4 or 58x

• Sample size :        97Np
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• Number of trees• Number of trees
Bagging Ensembled MARS-NNG
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• Structure• Structure
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Small simulationSmall simulation

• Design• Design
 Model(Friedman 1991) Model(Friedman,1991)

510)50(20)sin(10 2   xxxxxy where is )10(N,510)5.0(20)sin(10 54321   xxxxxy where is                  . )1,0(N

 T i i l i 100 Training sample size： 100
 Testing sample size： 1 000 Testing sample size： 1,000
 Number of simulation： 100

M th d• MethodMethod
 MARS B i MARS E bl d MARS NNG MARS, Bagging MARS, Ensembled MARS-NNG

E l ti• Evaluation
MSE (St d di d )MSESTD(Standardized mean square error)( q )
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Small simulationSmall simulation
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Concluding remarksConcluding remarksg

• We proposed a new ensembled method of• We proposed a new ensembled method of p p
MARSMARS.
O h d d i bl d i blOur method proposed is stable and interpretable.p p p

• Ensembled MARS NNG provided superior• Ensembled MARS-NNG provided superior p p
or comparable results to MARS andor comparable results to MARS and p
Bagging MARSBagging MARS.gg g
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