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Abstract

Feature selection technique plays a significant role in machine learning.
Selecting features (variables) adequately can not only reduce the expenditure,
operating time in machine and the cost of labor but also prevent under fitting or
overfitting. Although lots of feature selection methods have been developed for
decades, it is impossible to apply a unique method to all types of data sets. In this
study, we propose a new method to calculate the correlation between variables based
on the Shannon entropy from information theory and SVM classifier. Variables are
grouped into several clusters and selected by the new correlation measurement.
Besides, we define the importance of variable by the test statistic of KS test using
Gaussian mixed model and E-M algorithm for the propose of result assessment. The
performance of proposed method on two simulated data and five real data are
demonstrated and compared with other feature selection methods. The predicted
results are stable through the proposed method with a reduced dataset.

Keyword: Machine learning, Feature selection, Dimension reduction, Support

Vector Machine, SVM, Entropy, Shannon Entropy, Mutual Entropy
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r ~ Feature selection via Mutual Entropy based on classified model
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5. #-#c i Mutual Entropy 4E"L 4 W] ik BB AT § = j2 “Tif 2. 2 %4 colsum »
colsum! P & 38 2 #F i i A 3 > 3% » 112 Silhouette Coefficient B~ 18 #. it 4 3 #ic
Ci o #2 ARt BT P T IaB P T Bw BT ~ o & B A L 0H o

6. B~F - #REX; | X; € C}2 B colsum i¥ 3 3%3 % #cif Podp 4%
Volume(Cy) = min{colsumy;, X;€Cy} °

T. Podolcolsum¥t o2 RHE B L4 » RIEFHP Y - =h £ & RgE >
B pEB TR R A HHEE L T0B R R HE R L B T o R 2

BAREL I SR Y L TIORBAE o F AN AR R TS AT

16
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— ~ Random forest(RF)

#4>* Leo Breiman (1996)# d! 2. bagging ¥ ;# (bootstrap aggregating)¥? Tin
Kam Ho(1995)% 1%+ & /% (random subspace method)*7 & 4 - &4 #FiF 5
E o A P BES A dk(random forest) Ak * K iE T 4 HE P~ (feature
selection) -

R4 F R 2 % #ic(variable ) £ & A (sample) & (7 B~ {8 3w e 40 4% 0 B
B33 - EmBHRAEn BPREEDTAFE D 54 bootstrap ¥ 2 ¢TI A 2

—-

L k2R AL ] B m ARt E RS 0 e DL Vi= 1. ko Bk E TR A B g

b

W3 & &3 Nl (decision tree)E -0 TP AL B HEBEY Y RIS B

pRZEHE > *p<n> §FATFHERF LG AE N K BATHTEFRE LT

[

S5 18 5| B fs IR R R o
A% k% %5000 pkTivn 4 Gini3rE FBFAFAE > £ E &5
FEHGN R FIBRERZIEDEAL (V),Vi=1.n » bR E

¥R R L Rk 0 B ] () RE R

17
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~ ~ F-score

F-score & — fj M™% Ffi>t - a4 2dpth > - ¥y ¥4~ 2

F-score i % p* % #cy %‘*,4 ERT R R~ ﬁ o Fe T BB BEan 4 33 0 F-

score FIN 4 mH - AR (FHKAP )2 2% P ERGE QN EFY o wirL0

{8 T (REMM BGPTSR > K- SFRT A B 184 1220

P % #X, 2 F

A Sy

-score BV T_& &
— 4] —\2 1 2
(R -%) + (%7 -%) (4-5)
1 R e 1 - (-] 112
—_12?=1(Xk,i — Xk ) +n——_12?=1(xk,i — Xk )
X B A 1 L ek T a0t
Xl R EEA A A0 2B AT ik
X, | % Hcz AT oMk
nt I EREE AN ] 2 Rk
nTEREE T A A 0 2 R A
bOEEE S 3 AV S R TS
Xep DR A 02 % 1B A
A w3 B & i % dcz. F-score & 0 ¥ #-F-score 4 3 » A F LA

Mutual Entropy 5 #ciE Bo4p e 0 & W3t 8 =& 3 F-score B 44 @ ik * FHHE 408

B PR TR EAA EER 0 R XX ER o R

18
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= ~ Least Absolute Shrinkage and Selection Operation(LASSO)

LASSO & i 5 ¢ Tibshirani(1996)# ! » £ & 5 i3 resitie jF2

MSE > 7 I it fgmin 2, (vi — Bo —xTB)? » LASSO % &) i min 2= (i —

Bo— xTB)2 + AN, Bl » % L1 341 » 4t |4~ MSE #0355 » 5
A¢ F B2 Tl ¥ g I MSEFER-¢ A 4 B X g gt Bt
etk god 2 2 FEAIET D RUE R A8 & e g (overfitting) o B2 2R A ETFJ» X 13z
MSE #t & ] it MSE 53+ 8P 2 2 258 w2 3 72 ¢ #4517 0 ok fioir
= 0>m LASSO ¢ ¢ 74537 0 e/ 0 s> L 2 & » )t LASSO » ¥ 10 %
W HGEP > A AF 5 d cross validation * ;N4 Gt dRGE & gdE o

*EE 3 k02 cross validation P~ g £ 2 AfE o TR A E PEITE
ez BHH 500 B8 F 502 BET A FHEPER 2 P RS

GG P DU R I MR TR R SRR A K 2 )

19
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7 ~ Fast Correlation-Based Filter(FCBF)

FCBF % Lei Yu(2003)% % 112 £ ¥ 5= 2 » # A< £ * Entropy

Ao AR RET P MALY S R R P e S F 0 8 55

G B dele e R A AT BB AR 0 B o defe k2 Bk
YR AP M At B R F 5 U4 (redundant) e » e R E H(X )M E

—-

H (X | X)) 3 %3 F 34 & ¥ (information gain) &

16 (Xi|Xm) = H(X)) — H(Xi|X) (4-6)

AR LR EA 0D 1 2 F 0 T &k symmetrical uncertainty

I1G (X | Xim)
HX,) + H(Xm)l

SUXjey X)) = 2[ (4-7)

Av 58 S - 2 e A FE R > LA N EE B YRS C 2

RS

SU(X;, C)X 35 TP B8 » L#a13 SUX;, C) > STt e ds- 1 & » ¥t

% - 3 % > #_& Predominant Correlation ¥ Predominant Feature

20
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1. Predominant Correlation

REX;Z 5% C 5 Predominant 7 ¥ 2 FSUX;,C) > 61 & 30475 X 7
- BX; FSU(X, X;) > SUX;, C) Vi#jo & E550XKF 2 248X, & X 5
X;#hredundant peer - ¥ i * 3 ¥.Sp; k *_& X e redundant peer 7% £ & o Sp; &

A 7 ESpi 14 2 Spr o Spi = {X;|X;€Sp;, SU(X;,C) > SU(X;, C)}r2 % Spy =

{X;1X;€Sp;, SU(X;,C) < SU(X;, )} »

2. Predominant Feature
F - R¥H gy predominant F T 5 F s ¥HaE ] efp B M2 E

predominant & {%ﬁ“ d # “$ ts e redundant peer % = predominant °
T ORBH ML AR AP A R A AR B R R R 2
AR B H 8

1. #Sp} =0 BX; 5 predominant M"f Spi 7T e

2. FSPf # O ALEX P § £ TR ASPY R RH FiLG - B

predominant PI3% {7 % 1 B0 F RIS HPEX 2 AR LT HRSpr P R

3. 47 Bt SUX, C) i 7 11 (ASIpBE KB 2 6 Bk -
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=4

s
ol
.\T\\i
=
4%

FoRLe 31000 B P 1 BAWBRE B FRENEG T AL
o X40B~200 B A B e 0 fkze s 12842 100 % > e s 0
ZtAdp AEX+YXZ o tRen 1 244A5 900 Bgscd pX+YXZ 0 18
50 BB pX+YXZy > &2 K50 BRI LR P8 THARE B4

Bl o-1> &~ KA A4 e s 1 vk A oiice s 0 onfi 45 s

e
variable label
1000
0
X+YXZ,)
950 50 :
X+YXZ) X+YXZy)

£ X, X0, Y, 24,7, Z'gI%HEc AWK F s fedeT
X~Normal(0.5,sd = 0.01)

" 1
)
Y= ) 1
' 2
Z,~E _ 1
1~Exp(B = 552
1
Ly~ > Beta(5,1)
22
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tSNE dim 2

SIMUDATA 1

$
. - . ‘ L] ~ -
1 . * L - . - -
L] - '.
1 0 1 )
tSNE dim 1

Bl 5-1 HE TR 1AL i B

23

class
0
s 1
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FALe 41000 B 5 p SR | BAUREL > B FRBIG 2T AL

)

feo> 24P~ 200 BieA > HP e s 08 e s 1 2422 100 > 35 0
kAP p ARX +HYXZ EEil2kcn 50 BRER X FYXZ 2
50 B fictw p X, +YXZo & T &S50 BREL LR Rl FHRMAL R4

W52 3 itk j 2od pATH R -

variable label
1000
X1 +Yx2) ’
950 50
X1 +YXZ) X, +YXZ) :

éf\ X11X21Y1Z11Z2 éﬁiﬁﬁ%&, &QJXE” K H?'Eﬁ&\]ﬁa—lir’_r ’

9
Xy~ 1o Beta(5,1)

9
X2~EBeta(2, 5)
1
1, =
Y= . 1
' 2

Z~Normal(0.1,sd = 0.005)

24

DOI:10.6814/NCCU201900996



tSNE dim 2

SIMUDATA 2

. = % ' .'
. % :' : : -
. . .0."' LA
F ..- .... . ...
© - PLENY
-, u:i L
4 0 )
tSNE dim 1

Bl 5-2 HER TR 240 1 B

25

class
0
s 1
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= ~ Wisconsin Diagnostic Breast Cancer

WEEF R UEALE > B~ p UCI Machine Learning Repository > %
William H. Wolberg % % »% 1995 & sz = 2 T4 » 2 g2 T kp 5%
B2 FERGSTEA WL FAe 7569 BikA 030 B p Rk
(dependent variable)#? 1 B 28 %] & % #ic(independent variable) - H ¥ @ 4 p % #c
FEEE SRR B RRAAE  HNEREL - - AAHLRE #H
Mtk A2 5 M(malignant) % 212 % > &4k ~ 3¢ 5 B(benign)% 357 & >

L

SEFHEENAE > FS53 A EFEEREC SR mER TR RS

,h»

MR AR EEFRRE RESFR R £ WEF AL D FBRMA HE R

AP PHER D RLRI PR RER R LR 64

Wisconsin Diagnostic Breast Cancer

'} diagnosis

tSNE dim 2

s, B
Y e L]
L]

tSNE dim 1

B 53 SR TR BRL B

26
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=~ Connectionist Bench(Sonar, Mines vs. Rocks)

B 4F R T4 E > B p UCI Machine Learning Repository » % Gorman
Sejnowski % A 3tFE gy P @ % > *F LR AERw A ETE R £ BHFHL > L EFTH
¢ 7 208 HA 60 By HH2 | BRENVAESER FERiRkF AT
#F 4 (particular frequency band)p e & f— ELPFRF PN e o 0 2 p 2
BeABERA 05 1 2F > sfs s - - ~ A2 Bl B8 %S
4 Btk ze 5 M(Metal Cylinder)+ 111 &% ~ #8135 % R(Rock) % 97 & >

L

ey

¥ FALE E NA B> TR R AL L hE Ao 54 FlHEe s M 2

i

pijud

fg;g*~ Rm’ﬁiﬂ&‘\i{{&kypé‘bg 1:‘,\;{“ b%;}—j;ﬂ&&rg],ﬁ:,‘\:{'\,_éi—
Tid ¥ - L i Flt it 0 RSO T R REA T §

r—‘g o

Connectionist Bench(Sonar, Mines vs. Rocks)

. .
) %
- -
5 .n . . ..o
.
- -
-
-
T : . . V61
E 0 o.'o' * o L .. . M
Zz D ° R
2 . et N .
- .. -
-5 * . . »
. : - . ..g. [
4
10 -5 V] 10
tSNE dim 1

B 5-4 B FALERE R

27

DOI:10.6814/NCCU201900996



7 ~ Credit Card Fraud Detection

[ ;rﬁﬁn?a‘i?p » B~ p Kaggle » = Worldline 2 ULB (Université Libre
de Bruxelles)# B 5 ¥ -] a2 Tl > gt S FR e 7 285299 B+ > 30 i
Fp Rl B LR FEYF AT S5 d PCA LB
304 A @i o U RREE - - R AN Rl MK SRR

THEEERELS 0B R Lot AG 4925 > R i 0tk A3
284807 £ > FIW X TR F A F T HEFR Y A7 § E A4 TR bootstrap500
o F]Ptu R A F 2seed HiRie i 0 ek A AR 1476 £ > A5 - £ 30
B p RB | BN RS 1968 B AZ TR P EFHLENAE

4eB 55 BEG A tRie s 1 B e 0 A gy > Foac i AR AR

40 -
=. e T8 =
«t
o m? o
o0 e A"
I TR
20 . * .:5 . . -
- L]
L™ 'ﬁ" g .o »
-
rE - A ‘: - Class
= >l & ot *
m ] - e 0
= - . . ol ¢
@ b - . v *
2 ol n i
. L]
-20
.
-40
20 10 0 10 20
tSMNE dim 1

Bl 5-5 & * F3Fs T ALK B
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- ~ Oxford Parkinson’s Disease

Mg FR T E G Max Little 2= 0 fid 4 5 F #3555 Rl £ (biomedical
voice measurements) A 3 3% - A R A FE R G A g 2RIE 31 4R
LARBIREF A SLATHES Z 105 BHRA 22 BRFEp FHE 1 B

e #c & B glict & - A4 235 5 P £ (particular voice measure) > & ¥k &

ETIES

ARSd 2BER A TEESF R REEE - - AL R R

LBl 124 UTB > mbpihes 053 485 0 » £ FHL & NA
o AT AR 56 ¢ e s 0 T A MR 5 Ll

TR IRy FPREER L s ERAE status 5 0 R A LA 0 2 TR

=

RAR R BHBRL > BRI A e TR S e b 1 ena
Bt 0 AT 22 mER 0 AANRRLAEER G Fli b &332
FTRFT RS 0 78 A% ~ £1ie 5 1 2 % AR 5 0R -

Oxford Parkinson’s Disease

']
L] - L]
L]
., -' ..-. . .
., L %
. - : - * L
(E , P e . * status
© . - ... 0
% :'. o" e @ * .
(2 < il syt !
- - .. :.. ]
b .. L] .l - .. .
. -' - c e, g
L]
.
10 1 . -t
., -
...
10 -5 0 5 10
tSNE dim 1

B 5-6 tak S p T AL B
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= ~ APS Failure at Scania Trucks

ZTFRA AT HE S Scania T d 1 i Ao FE 2 > g UCI
Machine Learning Repository » # f Scania + & p % $#icdp > B3t 3 5 B4 kit
f& (Air Pressure System, APS)* v+ & chrd iy > Gldof0d {odi i > $30F 3 &
R Her R F Ay 5 B4 kA B 2 LT RAE e 7 76000 B4k
A 170 B p R ] BRESRRE FaaEz F RS LSRG Mo MRS
pos. (positive) » F£ 7 B4 s ia ¥ > Pl{kz 5 neg. (negative) » J* & F
27 NAEZ Rl 7 -8 00 ¥ A7 @2 T F bootstrap500 =% > 7]
$L 12 R $0k8 B ¥_seed $11E3e 5 neg R AE (TR 1359 % 2 F T AT A
FAeh i E R B A T NA @7 4646

1.%NA@ﬁﬁﬁi%ﬁﬁi%%M%’ﬁ%wﬁﬁiﬁﬁlwm%NA@z

2. FI% 53 NA2Z 4 0 bR e & NA & o
3. ¥HiE:e i neg. 2 $ A4k 1359 &

RICSEES RS SRR R 2 S

Ao X112 R p BHe | BT REEE G 1812 K AL TR B
R¥cd 7 453 B pos(F A thie 5 1) 1359 B neg(frfitkse 5 0) » s pEFT LT

& NA & o

B S-7 ZR#FHEFCSRECHER —é pos. 7 neg. #bsE

T
—=\
"

Al fe BIRGe 5 pos £k & oneg A AR A R F PAHEA I KB F

B RER XS
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tSNE dim 2

-20

APS Failure at Scania Trucks

10 20 30

0
tSNE dim 1

B 57 %4 B4 ASETHEERE R

31

class
* neg

*  pos
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ALY R 2 TR etk Al WlEE ®

BT hed b-1 -

%051 & FAR R 2 RETR
Dataset Samples Features

Simulation data 1 200 1000 (1, 0)=(100, 100)
Simulation data 2 200 1000 (1, 0)=(100, 100)
Breast Cancer 569 30 (M, B)=(212, 357)
Sonar 208 60 (M, R)=(111, 97)

Fraud Detection 1968 30 (1, 0)=(492, 1476)
Parkinson’s Disease 195 22 (1, 0)=(147, 48)

Aps failure 1812 112 (pos, neg)=(453, 1359)
32
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S ERNERERE D IF T AR
R FIMAERARLY FTORER MR &2 0§ ¥R & 7] (Gaussian mixed
model)37ie EM ji & i 4 0l 535 5% L5 B RUcs A e 0 £ 45 B R AH B
2 i 1 M2 pos.z A2 dichafied » KStha» BHEB T #
(test statistic) » 4 T4 B g1+ R A REEBPLAF - nh 2 7 25 LR
TALRIGE 3 23R 4 4oB 6-1 0 &t S0 B L& FH(H ¢ 3%4) 0 TR

B bt o & 950 BH & RH? (¢ INA) AR R f b 0 1R

variable importance(simulation data 2)

variable importance(simulation data 1)
05 indicator

indicator

important variable important variable

the others variable the others variable

w

=
test_statistic

test_statistic

i

=

variable variable

2 4

W
(ﬂ.
e

Fl 61 T RE& P2

lp ﬂb
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B 6-2 1 B 6-6 & o= I8 T4 50 =t bootstrap ¥ 50 B £ & ¥ #uif B~
SRR BRES AT S R ARTEREE S

Fo RIS FTHESRE B O6TIRO31 2 4631467 =
B Aazf TR Bz gL £ Ed ~£3 ] > Y barchart # 71 » = B
5%9?3ﬁ%’@%?%&EMMW@%ﬁ§&ﬁ’ﬁﬁﬁﬂﬁgi’?@
R 4 3% % #ict bootstrap 5 X E PP o AFE PP St Bk bar chart 0 A F B
R A3 SR TIRFSRITL  BRE A AT 2 AR E L PR G

FefEE G A grek 0 T AR FHER 2 FH SVM EHEER] > T

&l

W
S
(=)

= bootstrap 2. LIoATR B ~ LTHaEF B R A T OB m R v - LB LT
B hdrd 6334 67 BRAARY AT S A E 2 Bl TR

LGRS
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|

3
R}
=
i
7‘“’

- TR R ERTR

A2 FHERY ¢ TRELFE S LHIRTHE 1000 B p g 2V
50 Bt A 2 EARY ¢ TAR LR FP A RGFAREY > Bl 6-2 1 Kl 6-6
SHE T A - 2 HEL TR - 2 bootstrap 50 = ¢ 50 B E & FHE B #e H

1000 B F P TIHEP- R #HikE 4ok 6-1 & 62 fﬁ U RGEE T ERET

AT ERRENSEHE 0 A2 A BRRETEFR 227 FTRY E5
R & V3T A R ¢ ME(R] 6-2)22 RF(B 6-3) A £ {5 7R 4

R A iR F B LR RAgGUR § E 5| F-SCORE(R 6-4) & st 7
1o (R 6-4+)F FieiEAR > AR (64 )2 EE L P Rid
WA et E G M 0 F-SCORE # % g7 S#cT A % > Flpt gk &
KA TR § FRAL DR R(F5-1) 0 P BERGTR Y (B 5207 i
¢h4 3 » FCBF(B] 6-5)% 3 £ T4 ¢ 2 § 2 #E it 4 > LASSO(®) 6-6)iF
Beip 4 PIE o YR TR Z (R 6-2)7 > LASSO ¥ 22050 B £ & $i#cTion
EP 414 B BAS FTALY W2 50 BEL ghG it LE

WA LTRSS > YRR ETM G R 7 TGN AH
18 % ME~RF & FCBF 2 e 3 % > P A FH % %Y MEZ RFx § 5 &
* FCBF-ME A f7 b FH » 2k 2AMEZE L5 PEERM G ¥ 22

;
ER RN W N
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times
5 P

# 6-1 BT A 1 & 3 230 L3550 = bootstrap L #2:% B2 ¥ #iclic &

SIMUDATA1 Average num. of variable
ME 48.84
RF 49.12
F-SCORE 50.98
FCBF 51.66
LASSO 67.68

# 6-2 B F R 2 & 3 2T 550 = bootstrap T 39E B2 ¥ ficlicE
SIMUDATA2 Average num. of variable

ME 55.6

RF 51.58

F-SCORE 50.9

FCBF 54.42

LASSO 4.14

times(Mutual Entropy, simulation data 1) times(Mutual Entropy, simulation data 2)

times
P

variable variable

Bl 6-2ME st Tl 1 2 Higm R 2 2 231
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times

ﬁmas

times

times(Random Forest, simulation data 1)

2

&

]

8

2

EEEEEEEEREEEE R LR
variable

ﬂmss

times(Random Forest, simulation data 2)

EEEEEEEEEEE R R LR R R
variable

B 6-3RF*HAFH | 2 HmFa 22 20

times(FSCORE, simulation data 1)

0|| Ll ks || |..‘..||I| I

BRI EEEEREEEEEECREEEEEFEE IR EEEREEE

| T

times(FCBF, simulation data 1)

EEEEEEEEREEEE R LR

variable

¥ 6-

times(LASSO, simulation data 1)

20

OII‘Illlll--II--lll-l I||III.|||..||II|‘|I.I.|I

FEHEN GG PRI EEREEEECCEEGEC IR EEEEEE
variable

-
-

ﬂmss

—

ﬂmss

o .)8
HHEETA ] 2 TR

hmss

times(FSCORE, simulation data 2)

x§§5§§5§§§§Hﬁ§§§§!§§EEEEEEEEEEiiﬂiﬂ!iﬂiiiﬁﬁiﬂ&&ﬁﬂg

e e |

times(FCBF, simulation data 2)

30

10

EERREEEEEEEREE R R LR LR R R 5
variable

\J -

times(LASSO, simulation data 2)

FEAFEEEFHIAEEEEEsEEREREFEFEEREIERS
variable

Bl 6-6 LASSO * " Hft FAl 1 2 TR 22 2 T
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= ~ Wisconsin Diagnostic Breast Cancer

EFRETREY o Y L7 RETRT > ME(Mutual Entropy)
RF(Random Forest) ~ F-SCORE ¥ FCBF » & & & M4 B E P2 5 » F B3| %
By R W67 W61 P WG R A% £ 10 ME & F-
SCORE & & i % & + $#c? > % 500 = bootstrap ¥ &7 ¢ B rrE # (4 ¢ #F
FR4) > ME j2 T 328 B~ 5 2 F-SCORE & B % #ic> + F* &5 B & & $ff &
i 2o > RFBES 5 2 45enmEfa 4 > 7o FIHFE 2 @AY gl
#7 F G E Il @ FCBF GiE 4 120 2 FlBes 4 ]
AR > L AT AR EE RS 9 G 400 % =+
Vo BEBPRBEER T RKG AT A L FRY
ER T ad e B R L oL 637 o FR L TRERREG 0 L

L

B REBRREMHERE AL Fh- BEBELR > 2 LASSO 5 hF -

~

fes * 3L HE 3 LA 2L Ll
% 6-3 Wisconsin Diagnostic Breast Cancer % 7 a‘f;; 7=
ME ME RF F-SCORE FCBF LASSO
Sensitivity 0.8841+0.0506 0.9077+0.0448 0.9075+0.0420 0.9418+0.0328 0.95234+0.0292
Specificity 0.973610.0219 0.970410.0220 0.9703+0.0216 0.983910.0141 0.989+0.012
Accuracy 0.9404+0.0216 0.9473+0.0183 0.9471+0.0176 0.9683+0.0146 0.9754+0.0123
Dimension 6.522 5.458 4.48 5.35 11.89
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variable importance indicator
(Mutual Entropy, Wisconsin Diagnostic Breast Cancer) !
00

4
500
300
%0 400
04 100
o
& ¢ o 300
= o
, E
® * 200
Eﬂ
100
0 0
: g g
4
[ 3 i i
[ i i
variable

B 6-7 Wisconsin Diagnostic Breast Cancer

times
(Mutual Entropy, Wisconsin Diagnostic Breast Cancer)

indicator

. selected

i o

e
coransapas

variable
ME £ & % #ci P iHin

(Random Forest, Wisconsin Diagnostic Breast Cancer)

indicator

. selected

tont s

5
i
8

rovpet

H
g
¥

i o
coransapas

variable
RF € & % g P~ fin

(F-SCORE, Wisconsin Diagnostic Breast Cancer)

5 .

F-SCORE £ & % #ciE B~ %

indicator

. selected

i o

e
coransapas

variable

(FCBF, Wisconsin Diagnostic Breast Cancer)

indicator

. selected

variable importance indicator times
(Random Forest, Wisconsin Diagnostic Breast Cancer) [~ 400
300 500
200
04 100 400
z 4 300
& 2
B, £
*g 02 200
100
00 0
¥ F B ¥ L ¥
; H P :
i i P4 i
& 8 f g &
variable
Bl 6-8 Wisconsin Diagnostic Breast Cancer
variable importance indicator times
(F-SCORE, Wisconsin Diagnostic Breast Cancer) ! 500
400
500
300
00 400
0.4 100
Z 0 5 300
& 2
B, £
*g 02 200
100
00 0 .
R
3
variable
B] 6-9 Wisconsin Diagnostic Breast Cancer
variable importance indicator times
(FCBF, Wisconsin Diagnostic Breast Cancer) a0
200 500
200
04 100 o0
z 4 300
& 2
B, £
*g 02 200
100
00 0 .

variable

] 6-10 Wisconsin Diagnostic Breast Cancer

39

b e

tont s

e
concan e man
coransapas

variable

FCBF £ & % $cig B~ fiin
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indicator

l 400

times

variable importance

(LASSO, Wisconsin Diagnostic Breast Cancer)

indicator

. selected

s s o s s s
g g 2 g g
] g 2 & E

sauw

(LASSO, Wisconsin Diagnostic Breast Cancer)

300
200
100

4

3 3
ojsiels s8]

00

e B

o e

variable

variable

LASSO € & % #E P-fiin

Bl 6-11 Wisconsin Diagnostic Breast Cancer
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= ~ Connectionist Bench(Sonar, Mines vs. Rocks)

BEFTHES

SCORE # FCBF -

15 i

shigdc > 7 x 7 g
EPIEP 2

LASSO & $#c'# 85 % % >

L

it £ # % =t » F-SCORE ¥ FCBF :

' RF %

BE R REER

Pz B R T

EPG A A ke d

PRI

» ME(Mutual Entropy) ~ F-

oo AR LB 6-12 ~ B 6-14 22 B 6-

\

BA ALY B G okt

;j&: ;ﬁ};ﬁq; » e I imy b ME %

BB EATSBELEE REER G

vb

»TiE B~ 0 3t 500 = bootstrap ¥

- B2+

S

) K= L
~ I 5c 1 FE

E AT R Mo

EPE R FhHo 4 64

P BFERINVSE TR T % E RN LASSO hH 2 ¢ g 4gi 0.8 0 RF »
FSCORE ¥ FCBF *# ME % > % i~ * ME % @& * 1-2 B%# > &> 22 -
BRLFES G A -
4 6-4 Connectionist Bench(Sonar, Mines vs. Rocks) % 7 dp
ME ME RF F-SCORE FCBF LASSO

Sensitivity 0.804410.1416 0.8232+0.0950 0.8365+0.0943 0.8413+0.0877 0.9076+0.0641

Specificity 0.6510+0.1754 0.7324+0.1150 0.7047+0.1091 0.7357+0.1043 0.8510+0.0898

Accuracy 0.7368+0.0849 0.7832+0.0643 0.7772+0.0608 0.7938+0.0601 0.8828+0.0462

Dimension 4.878 6.714 5.426 5.506 30.146
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7= ~ Credit Card Fraud Detection
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# 6-5 Credit Card Fraud Detection & 7 45 1%

ME ME RF F-SCORE FCBF LASSO
Sensitivity 0.8397+0.0312  0.85081+0.0347  0.8689+0.0309  0.82091+0.0367  0.8817+0.0297
Specificity 0.9991+0.0022  0.9981+0.0028  0.9962+0.0035  0.989610.0064  0.9938+0.0046
Accuracy 0.9592+0.0081  0.96131+0.0084  0.9644+0.0077  0.947440.0101  0.9658+0.0075
Dimension 7.178 5.142 5.562 5.098 17.318
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7 ~ Oxford Parkinson’s Disease
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# 6-6 Oxford Parkinson’s Disease & 7 4 %

ME ME RF F-SCORE FCBF LASSO
Sensitivity 0.9602+0.0556 0.97024+0.0410 0.9409+0.0424 0.9498+0.0433 0.9813+0.0307
Specificity 0.5296+0.1842 0.5039+0.2071 0.5750+0.1619 0.6164+0.1614 0.5968+0.156
Accuracy 0.8540+0.0495 0.8545+0.0507 0.8510+0.0441 0.8680+0.0443 0.886+0.0405
Dimension 4,206 6.77 2.212 3.536

DOI:10.6814/NCCU201900996

12.412



times
(Mutual Entropy, Oxford Parkinson’s Disease))

500 indicator
. selected

400

300

times

200

o

2 $ ¥ 2§ g2 35 2 2 g5 §

R ]

vin

variable

Bl 6-22 Oxford Parkinson’s Disease ME & & % #icif B~ Fin

variable importance indicator
(Mutual Entropy, Oxford Parkinson’s Disease)) -
300
200
015
100
o
o
Eum
B
Ll
7
g
0.05
0.00
g 8% 5 £ g 2 % $ ¢ 2 § ¥ ® 5 8 2 2 5 37 8 B 2
variable
variable importance indicator
(Random Forest, Oxford Parkinson’s Disease))
200
175
015 150
125
o
o
Eum
B
Ll
7
g
0.05
0.00

2 2 ¢ 2 % £ ¥ 2z §8 £ 2 35 2 % %2 2 &

variable

times
(Random Forest, Oxford Parkinson’s Disease))

500 indicator
. selected

400

times

200

B $ ¢ 2§ 22 5 % 32 25 3§35 % %

=

o

vin

E

variable

B] 6-23 Oxford Parkinson’s Disease RF & & % #icif B~ »

variable importance indicator
(F-SCORE, Oxford Parkinson's Disease)) - 500
400

=)
=

test_statistic

o
=
&

% £ ¢ 3 § £ 2% 3 8 3 £ 5 § % %

vin

variable

300
0.15 200
100
0
2§ 8z g :

times
(F-SCORE, Oxford Parkinson’s Disease))

500 indicator
.sslecled
400
300
200
100 I
EE-

times

o

g 2 ¢ £ 2§ 228 35 8 2 g T 2 ¥ g

variable

B] 6-24 Oxford Parkinson’s Disease F-SCORE ¢ & % $#cif B~/

variable importance indicator
(FCBF, Oxford Parkinson’'s Disease))
300
200
015 100
o
o
B
E 0.10
]
Ll
7
2
0.05
0.00

v
e
2
1

3 % 8 %
variable

B] 6-25 Oxford Parkinson’s Disease

times
(FCBF, Oxford Parkinson’s Disease))

500 indicator

. selected

s 2 2 g 58 § = s

400

) I |
B B

o

2 § g 2

variable

FCBF £ & % #cE P

48

DOI:10.6814/NCCU201900996



test_statistic

variable importance indicator times
(LASSO, Oxford Parkinson’s Disease)) 100 (LASSO, Oxford Parkinson’s Disease))
I 500
300

o

0.15 200
100
300
0.10 o
o
200
0.05
100
0.00 I
£ 85232 8% 5 3 2% § 2 L £ ¥ % g 25 % 53 3 8§ 2 % 5 % 2 2 5§38 53

\\\\\ 3 2 8 2 % . B g g
variable variable

B] 6-26 Oxford Parkinson’s Disease LASSO ¥ & % #ic:iE B~ F /=

49

indicator

. selected

DOI:10.6814/NCCU201900996



- ~ APS Failure at Scania Trucks
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ME ME RF F-SCORE FCBF LASSO
Sensitivity =~ 0.8428+0.0710  0.8752+0.0333  0.8781+0.0322 0.87731+0.031 0.9056+0.0279
Specificity 0.9737+0.0080  0.976940.0084  0.973710.0089 0.97940.008 0.984+0.0069
Accuracy 0.9409+0.0189  0.9515+0.0093  0.9498+0.0094  0.9535%+0.0095  0.9644+0.0087
Dimension 7.486 6.928 7.53 6.726 36.444
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