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Evaluating Variable Selection Techniques for
Multivariate Linear Regression

Nahyeon Ryu - Hyungseok Kim - Pilsung Kang
School of Industrial Management Engineering, Korea University

The purpose of variable selection techniques is to select a subset of relevant variables for a particular learning
algorithm in order to improve the accuracy of prediction model and improve the efficiency of the model. We
conduct an empirical analysis to evaluate and compare seven well-known variable selection techniques for
multiple linear regression model, which is one of the most commonly used regression model in practice. The
variable selection techniques we apply are forward selection, backward elimination, stepwise selection, genetic
algorithm (GA), ridge regression, lasso (Least Absolute Shrinkage and Selection Operator) and elastic net. Based
on the experiment with 49 regression data sets, it is found that GA resulted in the lowest error rates while lasso
most significantly reduces the number of variables. In terms of computational efficiency, forward/backward
elimination and lasso requires less time than the other techniques.

Keywords: Forward Selection, Backward Elimination, Stepwise Selection, Genetic Algorithm, Ridge Regression,
Lasso, Elastic Net

LA & 3 AA AzEls FEY o HSH = 39 ZFo|th(Kang et
al.,, 2009; Kang et al., 2011; Lastovicka and Sirianni, 2011; Lee et
T4 3 3] 7] &4 (multivariate linear regression : MLR)-> Th+  al,, 2014).
o] 4™ ¥ < (explanatory variables)<} 3}1}2] 33 4=(response
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FA43= A 7] o] th(Ross, 2004). A & 3] A £42 & 7}
A 1A ol HEE RS AR 70 a7}
ATk 43} o] 24 Aeuse] B4 oS £5T ;
2= 9lom 3 AmH o] Waly} weH o] m x| o Lowvariance | High variance

. = High bias . Low bias
< 76]%];5}?_} 5[: 9/1“4'1_ Xé, 13] 1,—_0]201] )\]-q];d o= 1:!]71— Dimensionality
A oM FAGe I Aths A 02 23ty with fixed data size

o] A3 A FANME BAE HAY A g S v Figure 1. Error rates(y-axis) with the number of variables(x-axis)
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A=
AR 33«] Héh* li
o7 Z713H 3 AR 0115 Aol Astd 7hsAd ol AA
Al A}, <Figure 1> tlo]El ol A #ZA7F 48T o) 2hL9
Z7lo) & o= C’X}(predlctlon error)«l H3E dweta 9l
o Az ME M7t 2SS o F 24} Haste
7aeFol AT 0124 FZ o] 49 ‘i‘i’“e A 7 AEE
dlolE thaj A= 2388 o5 A7t F7ete @S U
WA Aot nado e Ao H&4E 4R 95 4
AL 93 Bad B=X9 47 FA3 Z7)15
°J«I A (curse of dimensionality)2t £2
H 29| o s Ao s JJrZZH 7t F£57]
ol o5 AR WiFgo] ANERE Aol #&5E A
A= o5 eak= 718kl H = Aol th(Bellman, 2015; Mad-
huri and Rani, 2015). w2} A 3hEl 23] Ul A 21 2] A
£ 3| 2s7] Asii e dEFEDE P58 Y &AW
T S Tl oF Tt

AR AP ATA A BE ARSI FAFSE £
oJu|atA whgH o IS A= Aol ol 7] W&o Bk

Fo gt G o] =& WFE Agste] 1A 4=
Aol AdtE e TAE AN Z 4 Yl th(Mallick and Yi, 2013).
¥ 4221 & 9] (variable selection) o] = =& o] A %91 o) g w4
E Adsty QA o7t AU B AR MFE AATORE
A Rde o F s FHANE e I1=1(Blum and Langley,
1997; Guyon and Elisseeff, 2003) A+ Hlo]E oA o] A Y=
A2 Ut—lal/l gzmg_ ] 01]%9] $A4& .‘:-_?___] 2= o]

1 E #¥ Eolmﬂ

23re A ‘?i TFE {Jr‘ﬂé%} T 9}13}% 3 o] 9lth(Kohavi
and John, 1997; Smialowski et al., 2010).

(1

AZAA GEA A LA 4D 5 e WY
e Tk A G o 59 o] 249 S e AT H R
B QA QI welel, 4 BAE S Al Qo) 24 e
S AAR T AZHo2 wRP AY ATE Ta v FE
47olth. whebq T Holeol tid A9 Eahe] ofel
Wadd B EEL vl dTE 487 B0l
A 290 E 2T T 5 At o] B 9I3ke] & AT A=

TG 3 A8 o tisf A7 A e (forward selection), %
279 (backward elimination), T4 41 &3 (stepwise selection),
4 &8 F(genetic algorithm), L& Z4 FH < ridge
3] A (ridge regression), lasso(least absolute shrinkage and selection
operator), elastic net, & 4F 71X 9 AL HEY AHE

P H7Fsh A Bk AA WS ALE thul o) 2 AeEe
T 7‘* Hl &, A8 AZE 59 Ao A B S st on

CEERERE

e Y 7)Y 7t 315

o] = f3ke] F 497) ] tlo]Ef A& A&t

A 2 ATE T 2ol TSI Al 2ol M=
FAYY st dATFoRA Tl f‘éfilﬂ‘j’“@l o 3o
st Al 3ol M Ui 7HA o] Mad g7 E Sl th
Z1E Al 4ol A= el HUHE 2 A E ‘i“ﬁ‘ EL
Holel & dwetn, 4] 53oA 23 A3t F43 A E]
A7kl thell At npA A 6o £ 03?94 2
s UET

2. ;]..Ex-]sl;]:{.]_r.ﬂ

(Multiple Linear Regression)

AR L dhgH el oig AuHse] G S oSshe
W o2 ukg e M) AAS AR 84 o] 7hes)
o AR BT BAE dFHolet A A S
A3 Aol st o] AYA AAE dF Zds /M
st Al shea FEYoE O o3 AHFE 29 F AT
(James et al., 2013). o] 2|3+ o] froll M A A A 4k} &l A
A3 A EA o] 71 ol 2rola glom A HolHe AH
A Yo R AR S & £ e 4 s &8
fEo T A 4E 89 g3Ags A EN o] £2
AHgE T

Y =048 X + 5 Xy + - +,3po+5 (1)

O3 ARY S dutsield 9 A3 Z2or 7|4 Y

= ST, X AT, Be A IAA T, e 2400
ol ex= 7| gk 003 E4ko] YA A EEE GETHIL
7t g A3 AEA Y 3 ATE FAE] HEllA tE
A0 2 A5 (ordinary least square; OLS)S AF&-3tH T
v 2ol oA AFqE Hastste 39 A4E FH5H
o

ﬁZargmlnﬁie? 2

i=1
—argmmﬂil(y By B0 — Bayo ﬁ;xm)Q
SAEN L Ao} vheH s ARAAV 21 A

M7t AE S ol 714 shellA o] A AW AR ST} A
E Sy v 74 Ay Agde] g0 a8y 4
A FRE dolHE2 AgeEe] 48 58 A< vl
- SEAR Y A 24 & 2AF HA gt 8t
ANk A 7 vF Ay (nonorthogonallty)ol ER=ASS =]
AR 540l ME FASHA 3 A FAHFY WEol
AAA Bt o] H AW Aol 9 O:‘JJr’“Ol =o} A3}
© TAE deddd IE} gtk (Frisch, 1934). ThE3A 4 9
A AQE FA F AR Us e AR 357 W
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3. WA 9 (Variable Selection)
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ZAASG AAE GAA T AT R £ @HAE R
HAAZ A3l B2 HMA = A KA (reproduction) &2
A& GAAE THEo] Wtk A A2 <Figure 3>AH H 1
ZF(crossover)$} ¥ o] (mutation) 2 TEETH wAb= BE G
AZFH 7hsd o8 29 “”4‘34 £ hsol B U
e 1S T F s S & s, Hole
PR @A ZRH YeE L—r«l J l of7he] 4494 94
£ 7 e %E‘re AR oM 2e W 23] 7]E ¥
TF AL E b8 F9E AT e ke s Foste
&S YAt <Figure 3>(0)E 7HHE HA 3 E e A S
FHIACE FH dugFolA wA APl a3t (¢
= A3 = RE WAL} AGF o] mEste Hole
Ads NEHORE HArste Aot At A9 24&
SAATE AR HE & ADE vk AL E FAA =
OA A4 = ghapol] ofstel th& Alth o] R FAA 7L A,
A% Fr4r(fitness function)= A A o] AR E=E Hrlsto
F A GAA F Bl 7Hd A A E 2 RS &)
e g2 WHESAAY F443% FAsY, WA E
S ol = 2%}7} 7P A A5 AR E AEe s
gtn] & Aol e OE 7WI A R o S ZE 9
T AR HEBICE H4% st T G 2AEE A%
g AAsAt ol g3 #4E m X*«IEJ ghEe
AHE AA FHEEHIL AE ZF v {7 =
S$edY. 18 EE 4 ¢Sl 7%4‘%57} B
AAA O FAA ()7L AE °€!’»‘Hxﬂ°ﬂ AL FAH

£ olX
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3.5 Ridge 3] 7] (Ridge Regression)

A QA7 AA Yege
g} o] & Sﬁﬁé}ﬂ 213l Hoerl and Kennard(1970)
% %%é*é A A AP AATY 2718 ZF2AA B

£ 383 o2ZH o= A (prediction preci-

A ridge 3 A E AlQtstATh e 4>
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ridge 3191 9] &2 4] o] <Figure 4>l A alpha”} 0] 7 $-2 4
E]' = ‘T‘ A E}
B: argminﬂ\Y—Xﬁ\Q + /\1\,5\2 (3)
ridge 3719 FAAE BFAY3 A B4 FH A L2-
norme] Al ¢F 2710 Q= AL 2 AP By 49 A
T Y A7NE AaAA e3P T dF eAE F
ojA it oW} A Al ghe A7]= 73] Fopd = AA
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3.6 Lasso(Least Absolute Shrinkage and Selection Operator)
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Figure 3. Genetic algorithm process for variable selection



318 Fud - 3

7Hs 3t ©A o] 9107 Tibshirani(1996)0] 21344 lasso7} A
b ATk, lasso s ridge 3 A1 HeHato] WA g o] 7Hs8l e
29 2434 oy o 48 B34 02 g} <Figure
4> A= alpha7} 191 750l 3@}

B= argminﬁ|Y—Xﬁ|2 + )\2|ﬂ|1 (4)

Lasso EA A oA AF zA

T Y 2718 % &Jlﬂﬂb} 001 g 2T E gAY 1
EHH lasso= ridge 3 A9} Y 249 AHE BT FEld o

Hoz uekE At

<Figure 4>= 3 AA G2 & Aol A ridge 3] 7, lasso, elas-
tic nete] Aok 3 FAA G FAHA po] B2 E 1 Zlojth
Ridge ¥ #¢] L2-norm reqularizer= (5K ¥ o2 9O 2
FE 3 s AF 20& YeEpATh W E o ridge 3179}
AAT Bxo] e Aol ofd 7 Y g Aol 7}
54 0] mj$ =1} 3hA T lasso 2] L1-norm regularizers ¢4 3}

o A7k Aol A 74 E7] el S AA s Ex A

Aol 2 Aol Art. mWebA lassod] FFAATE 00] He
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Figure 4. Comparison of different penalties of shrinkage
methods

3.7 Elastic Net

A7t oS g el B39 471 vl A& A
S AYHSE Aol =& ARAAT A & gl =2
ABBAT Qe AL ELS 47 2FS ol Ut 1
g ek 25 Ulol ol ¥F AFE AYsta &S I
H IF U AYFHA G g2 A4S AR wol &4E
SE7F o fouet A4 Yo At 4 9tk
elastic net2 lassoS R gste] 71 ¢k A 49 158 4

1
st A HEE AEE 4 e WHES YA =1 elastic net
o AL v 2,

ottt
>

- 7aA
B= argminglY —XBP + A\,J81 + A, I8P (5)
o] 5222 | 1-norm3} L2-norm2) % ol Ak =2AL 74
°l Ak Y A g 2718 E0l IF0| FAHE
= FETh E

= wWE A9 (grouped SE|eCtI0n)°}7ﬂ b, Elastic net<
<Flgure 4> 4] alpha7} 091 4] 14te] ¢} s=o] 1] alphazt 1¢f 7}
M5 lasso®} A 00 77k % ridgest FAbsHo.
H oo = alpha7} 0.59] elastic net-< 0] st AHL 5=

P39t

3. 43 A

B AFAN 33 g ARA A Mgy
o) &3 AF A A e <Figure 5>l e vloF 2o}, HlolH &
<Table 1> YeR vEe} 2+o] UCI(http://archive.ics.uci.edu/ml/)
tlol ¥ Ao 2271, KEEL(http://sci2s.ugr.es/keel/datasets.
php) tlol el Aol A 2170, 18] 3 R(http://www.r-projec-
torgl) 3 71t AHOZFE 77 F 4970 8] Tk A F 3 A 24

o] 7}53k dolH AlS st Ay ALEsSiTh AHd
FMEE HA T, HU 9570l HEA| NeE HA 32,

FH 5153447 0]k, Z} vloJE] Al FHAHE HAA #ZA|
o 238 FE3t3 FES FAA 5E FYsta U A
1U3& A% HolHE AE3to o & 28-S A&t §
AR FRE Grat7] 9Jste] o] aE 7 wlolHA-H g
Ad 7ottt 303 HHE AP S FPstdon, d ¢ugFE
o rHoHHUP 103] ¥HE A 9& s335t9. @_té 2 AA g
TREAESAL A dueFY AP AR 2HSEE A
rﬂ AL 2= 108, Al 27) 5070, Lk A A A ngos 1 o] Hl
£ 012 Attt 4 74 7WY 48 2doEE
10,0007 9] A & 7t Hlo|HA B & H A9 gk AEste] A4
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¥ Have the prediction accuracy been preserved adequately 7
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Figure 5. Process of evaluating variable selection techniques for
multivariate linear regression
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Table 1. Description of the datasets

Dataset source records variables Dataset source records variables
abalone KEEL 4,177 9 OVCTT _bitrate UClI 68,784 16
akbilgic UcCl 536 8 OVCTT_framerate UCl 68,784 16
ANACALT KEEL 4,052 8 OVCTT_height UClI 68,784 16
autoMPG8 KEEL 392 8 OVCTT_width UClI 68,784 16
baseball KEEL 336 17 ParkinsonsTele UcCl 5,875 21
Buzz UCl 28,179 95 PersonalLoan etc. 2,500 13
california KEEL 20,640 9 PCASP UClI 45,730 10
Carseats R 400 11 pole KEEL 14,998 27
CBM_C UClI 11,934 15 puma32h KEEL 4,124 33
CBM_T UcCl 11,934 15 SML2010 UClI 4,137 24
compactiv KEEL 8,192 22 solar flare_C UCl 323 11
concrete KEEL 1,030 9 solar flare_M UCl 323 11
dee KEEL 365 7 solar flare_X UCl 323 11
delta_elv KEEL 9,517 7 stock KEEL 950 10
elevators KEEL 16,599 19 student UClI 382 51
EnergyEfficiency_C ucl 768 9 tic KEEL 9,822 86
EnergyEfficiency_H ucCl 768 9 ToyotaCorolla etc. 1,436 34
forestFires KEEL 517 13 UScrime R 47 16
Hitters R 263 20 Wage R 3,000 10
house KEEL 22,784 17 wankara KEEL 1,609 10
housing ucCl 506 14 winequality UCl 6,497 12
machineCPU KEEL 209 7 wizmir KEEL 1,461 10
mortgage KEEL 1,049 16 wphc UCl 194 34
mv KEEL 40,768 11 yacht UClI 308 7

nuclear R 32 11

stgith Ae FaF4 < T 9 JAAFE driv S48A A
Aated 2ol $O2 MV E45 SAAF 277t Bel &

55 Hol gt 1 9 b A4 a3 A A, %
AW, BAH A 244 B2 R 71 2A #e A
gom RE Mgyl tfste] Bayesian Information
Criterion(BIC) & M/ dl 7|& 2.2 A A1t

A da 2 o5 Zdof o7t Had F¢ Wes Al
shed dubd oz wmElof Sk Q Ftraining error)= A=
dloJefol thgt AF S F(test error) et Y2 &S H2
upehA] st 2ol AlokE Hete] o] & HA A E50|
T 7| E 02N FE AHS-HTHJames et al., 2013). Y
Aoz & gzl wiAd e 710 2= Akaike information
criterion(AIC), BIC, 5+ R-A % & (adjusted R2)7} 91t BICE
HolE 9 Aol =&FE AICKTH A& M-S HYT -
UEE 3k A Fo] 3 (Shumway et al., 2010), adjusted R2= 2] 3}
A @2 Ha7E AU o2 22w AH-Shs A o]t (James
etal, 2013). WehA BICE Edo] £33t wf o Bedt B2

N

Ho 1=

r&—ﬂ

A9% 5242 5 9
= 3.

2 SEREDE RV EREEY
CREEEREXRE 22

2 % 97 2] & 2glA

EBICE 7|22 HEE Adsgith & 24 v ey 9

Al e GA oA BICY ol H47t 2 v o] WS Mg st
of I Aol & Hlu 4350 BICE T 4 (6)F 2T

BIC = %(RSS +do?In(n)) (6)

21 6)N A ne BZX 9 FFolH g Wge 4 2_9__ )

B4k, RSS(Residual Sum of Squares)= £} l%i}gi

1
Hd g7y o] 371 7] 7 7§ & (error rate improve-
variable reduction) 2 2t2 = H 8 &

ol B A Fol ] k& A (1)} 4

3

[1°]
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K

rE

I

o

B

=9

ox,
_11}1, ES
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ol tha AdtE e e Bt A3 Aoy &%
e 75 Ao ZE HolHA HejA ZE HFE *P%&
ARG H )5 S A 2ol & YA o, F4

AW, £3] lasso<} elastic nete] 75 495 B do| EW\Oﬂ
A }\l-q]x-l 0 E 3o o= AsS el Yt EA, WA
4 S A A FYo] FHEFE ARG 5ol 2
7heol S7hat EAA AdEoly 4 dueFof A+
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Ael 30 F&o] Tl 0] 4H100% ©] A Z713F 750l & -100
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F AL APR AESUE Ut AR, 4 FEH L W
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Figure 6. Error rate improvement of variable selection technique for each dataset



Evaluating Variable Selection Techniques for Multivariate Linear Regression 321

T s g A & U ot A dugdge  sAY FAAE 7 aeF W da el M
A5 dZg "azt 9AF deRiel we) 24 deivde 3 Yehde A& 4 5 Ak ole A dagES o &
o, ol A% B Arfe) MESS AYHoR AA A so] WEHEL AT o] A Aol E FAT
g3k Zlo] g 717 YRl o2 A &d 4 9l= &40 2 M (Kang et al., 2009; Kang et al., 2011; Kim et al.,
<Table 2> 7 A4 8719 Aolo) 07 A &ol 5 2015), B4 o] FAHAA R} B e Wah HeAgE A
Af wed 8= A5 Y A< ol 8ot TAR Aol o FRaE ok v O R HFAEH JHE HEA
o A A NS FASAE F 0 NG d Zo)A] by BEHOR MGy 8 BN FolE
o) $5F ALY FlaH, 2AE AAS FEE  REL v HEEQ Aoz Yyt wAd due
(p-valug) & oJPIRTE. <Table 2>9 A5 A3HE £ o, B3 durzgog AR Ao 93 Mg Fung 2AY 3e
©2 GAY 7 A&l 71 $A e, dB APEe So) WgE Aday] Wi A 71X WA 3 7
EAH Aol= felulaha ghe A0R vehyth wHed  FgHoz MeMES Sgse 2o HH,
AR A, 9 A7, A S A A lassoshelas-  <Table 3>& 7H A8 7] Abol o] W Za o] )3t B
tic netoll M3} FAH 2 fFojulaA 2F Ad&ol ¥ AR f94E 3 AR AL ol g3t 3T Ao
e FAT F Uk o] Al 7HA AF A7 Aol e & o 2 Ao g A E 7| 2 $2249] oju]& <Table 2>9 5Y
AR Ag-ou AAH-AN HHH $02 0F fAdEo]l St} <Table 359 AZATNE E 1 lasso/} BE HAE )
EA GEt o, of Aol tig FEF SA FALLS & W ZoA MF A0 HEAYLS £ AL A 5 9
BEA g A2 e o 3 GAS A3 HEaFA 7R HeAE 7 24
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& 4= oleh Whd ridge 3191 thREo] HOlE Aol ALl mz) Foridge 31 A-TAH AEy o2 avAl Ao
EEMSE UE G e & oled, oleridge 3 glyton] W A g ZHAAE lasso-TA A Auw-5
A AA7L A ATE LR NEE AE FHOR st Zlo]  AAW 02 F&A Ao eyt =3 A4 A &
FZ YO E FFAE F Uk EA, HIFAFE 71N g4 BHNAE AF AE -9 A7 W-lasso] w20 2 W
Table 2. Rank-sum test of error rate improvement
Forward Backward Stepwise GA Ridge Lasso Elastic Net
Forward Backward Stepwise GA Ridge Forward Forward
0.382 0.644 0.974 0.246 2.16e-8 1.99e-8
Backward Backward Stepwise GA Ridge backward Backward
0.382 0.738 0.983 0.294 3.70e-8 2.33e-8
. Stepwise Stepwise GA Ridge stepwise Stepwise
Stepwise 0641 0738 0.935 0168 1305 | 8265
GA GA GA GA GA GA GA
0.974 0.983 0.935 1.000 0.962 1.000
Ridge Ridge Ridge Ridge GA Ridge Ridge
0.246 0.294 0.168 1.000 1.000 2.10e-6
Lasso Forward Backward Stepwise GA Ridge ENet
2.16e-8 3.70e-8 2.13e-8 0.962 1.000 0.398
Elastic Net Forward Backward Stepwise GA Ridge ENet
1.99¢-8 2.33e-8 1.82¢-8 1.000 2.10e-6 0.398
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Figure 7. Variable reduction rate of variable selection technique for each dataset

Table 3. Rank-sum test of variable reduction rate

Forward Backward Stepwise GA Ridge Lasso Elastic Net
Forward Backward Stepwise Forward Forward Lasso Forward
0.481 0.470 0.000 6.45¢e-9 0.251 0.026
Backward Backward Stepwise Backward Backward Lasso Backward
0.481 0.486 0.000 5.04e-9 0.286 0.032
Stepwise Stepwise Stepwise Stepwise Stepwise Lasso Stepwise
0.470 0.486 0.001 1.95¢-8 0.272 0.034
GA Forward Backward Stepwise GA Lasso ENet
0.000 0.000 0.001 1.000 0.000 0.027
Ridge Forward Backward Stepwise GA Lasso ENet
6.45e-9 5.04e-9 1.95¢-8 1.000 9.35e-10 1.000
Lasso Lasso Lasso Lasso Lasso Lasso Lasso
0.251 0.286 0.272 0.000 9.35e-10 0.043
Elastic Net Forward Backward Stepwise ENet ENet Lasso
0.026 0.032 0.034 0.027 1.000 0.043
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Table 4. Rankings of each variable selection techniques for three criteria

Variable selection technique Error rate improvement Variable reduction rate Computational efficiency
Forward 5 4 1
Backward 4 3 2
Stepwise 3 2 6
GA 1 6 7
Ridge 2 7 5
Lasso 7 1 3
Enet 6 5 4
EAAAE e T AR EUHN AT ABA 0 E AN AEy, 30 LAY, dA A A

Ho] 2 QF o] 2ol A A EZE AR FY A BH(prior) WA o] dF AFEY W Fas FHAA AR RS
of W3l & Fof A E (posterion) ol 2 JALAA | G =S W A= dehgon, 1A HolHd MY bEy
oAk JAAAR A JZE AR U H Ao g B AR A s AE A ridge 317, lasso, elastic net-& HlFAF
FY40| 20150 Aol 7Phe A AW ek Ae A Ve ASAA I H T 34 L %S YehiAE ¢
sl Stk B ATE AH ASAY Y A A e £ AR FARAT ridge 3= 71 A WEE

Ae AAd 3 BN L 299F AoE Andt o F  Ashs W 52 AREE B0, lasso= o FHo| 713
Sof, & AT M GAE A4 o 2266%(F 8R4 Arf of AW £ WS 4288 HelFo 1 H W)
34,4212 (%F 10A7H) S Al 7ko]l A B S st 2850t Mo & SE A AL & 5 Al
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7h A doE o A8 BE 283 A vtEdgy O g des dFH ez Hu - WrItE
o Be Azt 299 Zolth B ATAL AgT Holg Ao Utk tRiel dolentold L vy LagZe

o A3 7ML 7] Yt BE WSAE JPES Ags) A EEe 2E A0 SRR} ol H o) HatE(d ol H
EOd 4T B Aol 289 Aotk AFA A Al o A7)l EFH R GFe etk Ao HHolH &4
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A F AN HEL B ATE B $AHoE wgs] FAHAHOE Fol AT WolA A w4E Addste
22908 otk ghebd B AFE Moz st dole o Fed REPHES AgHnE AL BUHOR B}
of &40 W} o2 AVE WS Tag AN AL S 7] T Aotk oy e 2 oA nd &4 AH(HLS
Zo) O3 SME07 BY A, WY e AEE WSS AT RdS H3) o2 A% BSOS
of glo} Hote] AL AYA7I dadFe By HHo AHIEE Yee BdS HI)oA A e g 7
R ML HEE E o R ER Rl e o $ME9E Rojatr B Ao Ago) 72 ARE

AHEE ol A 02 7 dE,
5.2 &

A2Ed
B APoAE AA 4% BRI 7HE Bol A4E T Qe
gAY AEA 7] thete ofgl 7}x] HEAHA 7S Bellman, R. E. (2015), Adaptive Control Processes : A Guided Tour, Princeton
A4S wo) A7E wnstuz 72+ 7]He] qlgg o= A university press. '
I 305 8509 K94 50E SHOE Sapsl P ILII L S e
slelE ol s 5 o< 714 9] %'?4—@7]%%% dgHoz Chatterjee, S. and Hadi, A. S. (2015), Regression Analysis by Example, John
3718tk Wiley and Sons.

& AT 2 FAHA S E, ridge 37, GAA Fernandez-Delgado, M., Cernadas, E., Barro, S., and Amorim, D. (2014), Do
A T AW AR A elastic net, lasso 2202 9 we need hundreds of classifiers to solve real world classification pro-
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<Appendix> Z} wloJE] Aol T3k Ad WA Y v Ee] ol S 93 B HeA Y H &

Table A-1. The average and standard deviation of prediction errors of each variable selection techniques for each dataset(part 1)

Data set Original Forward Backward Stepwise GA Ridge Lasso Elastic Net
Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev.

abalone 0.676 | 0.025 | 0.676 | 0.025 | 0.676 | 0.025 | 0.676 | 0.025 | 0.677 | 0.018 | 0.700 | 0.027 | 0.757 | 0.082 | 0.757 | 0.084
akbilgic 0.422 | 0.036 | 0.417 | 0.038 | 0.417 | 0.038 | 0.417 | 0.038 | 0.429 | 0.040 | 0.659 | 0.036 | 0.731 | 0.102 | 0.734 | 0.103
ANACALT 0.753 | 0.026 | 0.754 | 0.026 | 0.754 | 0.026 | 0.754 | 0.026 | 0.751 | 0.025 | 0.755 | 0.028 | 0.805 | 0.071 | 0.807 | 0.073
autoMPG8 0.425 | 0.042 | 0.422 | 0.045 | 0.422 | 0.045 | 0.422 | 0.045 | 0.413 | 0.050 | 0.432 | 0.049 | 0.573 | 0.167 | 0.589 | 0.181
baseball 0.590 | 0.058 | 0.596 | 0.054 | 0.596 | 0.056 | 0.595 | 0.056 | 0.578 | 0.066 | 0.579 | 0.055 | 0.684 | 0.127 | 0.690 | 0.130
Buzz 0.196 | 0.016 | 0.196 | 0.016 | 0.196 | 0.016 | 0.196 | 0.016 | 0.187 | 0.018 | 0.231 | 0.022 | 0.426 | 0.211 | 0.434 | 0.215
california 0.603 | 0.010 | 0.603 | 0.010 | 0.603 | 0.010 | 0.603 | 0.010 | 0.602 | 0.014 | 0.625 | 0.009 | 0.717 | 0.098 | 0.721 | 0.105
Carseats 0.369 | 0.025 | 0.365 | 0.024 | 0.365 | 0.024 | 0.369 | 0.024 | 0.361 | 0.031 | 0.373 | 0.025 | 0.580 | 0.207 | 0.585 | 0.206
CBM_C 0.371 | 0.005 | 0.373 | 0.006 | 0.374 | 0.006 | 0.373 | 0.006 |65.430| 0.024 | 0.765 | 0.013 | 0.658 | 0.224 | 0.701 | 0.216
CBM_T 0.340 | 0.005 | 0.454 | 0.023 | 0.457 | 0.006 | 0.411 | 0.060 | 0.343 | 0.005 | 0.916 | 0.012 | 0.882 | 0.137 | 0.855 | 0.146
compactiv 0.515 | 0.021 | 0.515 | 0.021 | 0.515 | 0.021 | 0.515 | 0.021 | 0.519 | 0.024 | 0.520 | 0.023 | 0.629 | 0.128 | 0.641 | 0.137
concrete 0.629 | 0.024 | 0.629 | 0.024 | 0.631 | 0.024 | 0.629 | 0.025 | 0.623 | 0.027 | 0.636 | 0.023 | 0.736 | 0.114 | 0.740 | 0.117
dee 0.421 | 0.041 | 0.422 | 0.041 | 0.422 | 0.041 | 0.420 | 0.040 | 0.411 | 0.052 | 0.425 | 0.040 | 0.561 | 0.162 | 0.576 | 0.173
delta_elv 0.606 | 0.013 | 0.606 | 0.013 | 0.606 | 0.013 | 0.606 | 0.013 | 0.610 | 0.017 | 0.609 | 0.013 | 0.689 | 0.097 | 0.701 | 0.104
elevators 0.431 | 0.013 | 0.432 | 0.013 | 0.432 | 0.013 | 0.432 | 0.013 | 0.425 | 0.009 | 0.470 | 0.015 | 0.650 | 0.175 | 0.649 | 0.175
EnergyEfficiency_C | 0.335 | 0.016 | 0.398 | 0.017 | 0.413 | 0.014 | 0.397 | 0.014 | 0.334 | 0.013 | 0.362 | 0.024 | 0.517 | 0.173 | 0.532 | 0.192
EnergyEfficiency_H | 0.290 | 0.011 | 0.400 | 0.016 | 0.406 | 0.017 | 0.392 | 0.017 | 0.496 | 0.023 | 0.315 | 0.018 | 0.497 | 0.191 | 0.514 | 0.211
forestFires 0.842 | 0.528 | 0.830 | 0.541 | 0.831 | 0.541 | 0.830 | 0.541 | 0.782 | 0.489 | 0.815 | 0.547 | 0.832 | 0.529 | 0.832 | 0.529
Hitters 0.763 | 0.131 | 0.775 | 0.139 | 0.782 | 0.138 | 0.779 | 0.139 | 0.644 | 0.112 | 0.718 | 0.142 | 0.800 | 0.159 | 0.799 | 0.160
house 0.864 | 0.024 | 0.864 | 0.024 | 0.864 | 0.024 | 0.864 | 0.024 | 0.859 | 0.024 | 0.867 | 0.025 | 0.897 | 0.044 | 0.897 | 0.045
housing 0.543 | 0.051 | 0.557 | 0.052 | 0.559 | 0.052 | 0.562 | 0.050 | 0.544 | 0.055 | 0.546 | 0.054 | 0.639 | 0.122 | 0.647 | 0.128
machineCPU 0.441 | 0.129 | 0.441 | 0.128 | 0.441 | 0.128 | 0.445 | 0.129 | 0.384 | 0.106 | 0.424 | 0.154 | 0.603 | 0.268 | 0.634 | 0.296
mortgage 0.039 | 0.004 | 0.040 | 0.004 | 0.040 | 0.004 | 0.04 | 0.004 | 0.038 | 0.005 | 0.115 | 0.007 | 0.361 | 0.246 | 0.372 | 0.249
mv 0.432 | 0.004 | 0.432 | 0.004 | 0.432 | 0.004 | 0.432 | 0.004 | 0.433 | 0.004 | 0.440 | 0.003 | 0.592 | 0.163 | 0.609 | 0.173

Table A-2. The average and standard deviation of prediction errors of each variable selection techniques for each dataset(part 2)

Original Forward Backward Stepwise GA Ridge Lasso Elastic Net
Data set
ala se Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev.
nuclear 0.598 | 0.347 | 0.679 | 0.374 | 0.625 | 0.378 | 0.657 | 0.360 | 0.518 | 0.348 | 0.625 | 0.650 | 0.727 | 0.438 | 0.736 | 0.446

OVCTT _bitrate 0.977 | 0.006 | 0.987 | 0.006 | 0.987 | 0.006 | 0.987 | 0.006 | 1.237 | 0.005 | 0.977 | 0.006 | 0.984 | 0.009 | 0.984 | 0.009

OVCTT_framerate | 0.990 | 0.003 | 0.994 | 0.003 | 0.994 | 0.003 | 0.994 | 0.003 | 1.850 | 0.003 | 0.990 | 0.003 | 0.993 | 0.004 | 0.993 | 0.004

OVCTT_height 0.849 | 0.005 | 0.850 | 0.005 | 0.85 | 0.005 | 0.850 | 0.005 | 0.850 | 0.004 | 0.850 | 0.005 | 0.877 | 0.036 | 0.882 | 0.040

OVCTT_width 0.846 | 0.005 | 0.848 | 0.006 | 0.848 | 0.006 | 0.848 | 0.006 | 0.896 | 0.006 | 0.847 | 0.005 | 0.875 | 0.037 | 0.880 | 0.040

ParkinsonsTele 0.862 | 0.016 | 0.861 | 0.016 | 0.861 | 0.016 | 0.861 | 0.016 | 0.860 | 0.021 | 0.861 | 0.016 | 0.893 | 0.039 | 0.895 | 0.041

PersonalLoan 0.234 | 0.010 | 0.234 | 0.010 | 0.234 | 0.010 | 0.234 | 0.010 | 0.233 | 0.011 | 0.233 | 0.010 | 0.249 | 0.021 | 0.250 | 0.022

PCASP 0.848 | 0.004 | 0.848 | 0.004 | 0.848 | 0.004 | 0.848 | 0.004 | 0.846 | 0.003 | 0.854 | 0.004 | 0.904 | 0.045 | 0.896 | 0.044
pole 0.731 | 0.007 | 0.731 | 0.007 | 0.731 | 0.007 | 0.731 | 0.007 |55.53248.985| 0.732 | 0.007 | 0.813 | 0.089 | 0.817 | 0.091
puma32h 0.885 | 0.021 | 0.882 | 0.020 | 0.882 | 0.020 | 0.882 | 0.020 | 1.214 | 0.190 | 0.885 | 0.020 | 0.908 | 0.035 | 0.904 | 0.036
SML2010 0.341 | 0.012 | 0.405 | 0.013 | 0.468 | 0.110 | 0.405 | 0.013 | 0.339 | 0.011 | 0.362 | 0.011 | 0.505 | 0.158 | 0.490 | 0.174

solar flare_C 0.411 | 0.058 | 0.414 | 0.062 | 0.414 | 0.064 | 0.187 | 0.034 | 0.187 | 0.051 | 0.393 | 0.059 | 0.407 | 0.061 | 0.407 | 0.061

solar flare_M 0.508 | 0.170 | 0.509 | 0.171 | 0.508 | 0.170 | 0.218 | 0.035 | 0.232 | 0.034 | 0.492 | 0.171 | 0.508 | 0.167 | 0.507 | 0.166

solar flare_X 0.129 | 0.063 | 0.123 | 0.070 | 0.122 | 0.072 | 0.123 | 0.070 | 0.111 | 0.080 | 0.115 | 0.076 | 0.126 | 0.067 | 0.125 | 0.067

stock 2.338 | 0.121 | 2.335 | 0.121 | 2.335 | 0.121 | 2.339 | 0.122 | 2.723 | 0.113 | 2.423 | 0.097 | 3.665 | 1.194 | 3.766 | 1.300
student 2.273 | 0.290 | 2.357 | 0.288 | 2.421 | 0.283 | 2.381 | 0.292 | 2.286 | 0.409 | 2.180 | 0.280 | 2.373 | 0.398 | 2.380 | 0.405

tic 0.979 | 0.036 | 0.98 | 0.037 | 0.981 | 0.037 | 0.980 | 0.037 |26.332|57.648| 0.976 | 0.037 | 0.981 | 0.037 | 0.981 | 0.037
ToyotaCorolla 0.438 | 0.258 | 0.548 | 0.356 | 0.470 | 0.261 | 0.560 | 0.375 | 0.310 | 0.037 | 0.320 | 0.023 | 0.497 | 0.200 | 0.503 | 0.210
UScrime 0.823 | 0.333 | 0.849 | 0.299 | 0.854 | 0.289 | 0.875 | 0.296 | 0.687 | 0.214 | 0.609 | 0.201 | 0.756 | 0.233 | 0.750 | 0.234
Wage 0.299 | 0.025 | 0.299 | 0.025 | 0.299 | 0.025 | 0.299 | 0.025 | 0.302 | 0.030 | 0.318 | 0.029 | 0.484 | 0.196 | 0.521 | 0.207
wankara 0.103 | 0.004 | 0.103 | 0.004 | 0.103 | 0.004 | 0.103 | 0.004 | 0.141 | 0.009 | 0.139 | 0.006 | 0.382 | 0.240 | 0.400 | 0.252
winequality 0.735 | 0.019 | 0.737 | 0.019 | 0.736 | 0.019 | 0.736 | 0.019 | 0.731 | 0.021 | 0.736 | 0.019 | 0.767 | 0.039 | 0.770 | 0.041
wizmir 0.089 | 0.007 | 0.089 | 0.007 | 0.089 | 0.007 | 0.089 | 0.007 | 0.091 | 0.005 | 0.124 | 0.009 | 0.372 | 0.244 | 0.398 | 0.256
wphc 0.887 | 0.110 | 0.878 | 0.070 | 0.903 | 0.073 | 0.879 | 0.076 | 0.843 | 0.073 | 0.830 | 0.079 | 0.880 | 0.086 | 0.878 | 0.088

yacht 0.583 | 0.053 | 0.571 | 0.052 | 0.571 | 0.052 | 0.571 | 0.052 | 0.572 | 0.051 | 0.570 | 0.070 | 0.668 | 0.148 | 0.668 | 0.149




326

Fiha - 23

ol

4 - 324

Table B-1. The average and standard deviation of the proportion of the selected variables by each variable selection techniques for

each dataset(part 1)

Data set Forward Backward Stepwise GA Ridge Lasso Elastic Net
Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev.
abalone 0.875 | 0.000 | 0.875 | 0.000 | 0.933 | 0.063 | 0.825 | 0.121 | 1.000 | 0.000 | 0.850 | 0.076 | 0.883 | 0.032
akbilgic 0.424 | 0.026 | 0.424 | 0.026 | 0.424 | 0.026 | 0.629 | 0.138 | 0.729 | 0.266 | 0.476 | 0.102 | 0.629 | 0.071
ANACALT 0.519 | 0.070 | 0.519 | 0.070 | 0.519 | 0.070 | 0.714 | 0.202 | 0.748 | 0.186 | 0.486 | 0.221 | 0.681 | 0.061
autoMPG8 0.429 | 0.000 | 0.429 | 0.000 | 0.429 | 0.000 | 0.729 | 0.125 | 0.952 | 0.087 | 0.610 | 0.091 | 0.729 | 0.044
baseball 0.369 | 0.034 | 0.373 | 0.042 | 0.371 | 0.040 | 0.738 | 0.082 | 0.788 | 0.223 | 0.700 | 0.125 | 0.752 | 0.102
Buzz 0.515 | 0.050 | 0.460 | 0.032 | 0.469 | 0.039 | 0.800 | 0.058 | 0.726 | 0.242 | 0.053 | 0.007 | 0.132 | 0.011
california 1.000 | 0.000 | 1.000 | 0.000 | 1.000 | 0.000 | 0.963 | 0.060 | 1.000 | 0.000 | 0.958 | 0.060 | 1.000 | 0.000
Carseats 0.636 | 0.000 | 0.636 | 0.000 | 0.727 | 0.000 | 0.790 | 0.088 | 0.808 | 0.163 | 0.692 | 0.079 | 0.761 | 0.072
CBM_C 0.902 | 0.035 | 0.902 | 0.035 | 0.902 | 0.035 | 0.929 | 0.000 | 0.995 | 0.018 | 0.681 | 0.036 | 1.000 | 0.000
CBM_T 0.926 | 0.013 | 0.895 | 0.036 | 0.895 | 0.036 | 0.857 | 0.000 | 0.969 | 0.045 | 0.686 | 0.044 | 0.983 | 0.041
compactiv 0.646 | 0.030 | 0.646 | 0.030 | 0.659 | 0.025 | 0.886 | 0.078 | 0.860 | 0.112 | 0.573 | 0.015 | 0.610 | 0.038
concrete 0.746 | 0.023 | 0.688 | 0.064 | 0.625 | 0.000 | 0.888 | 0.092 | 0.996 | 0.023 | 0.825 | 0.062 | 0.883 | 0.046
dee 0.811 | 0.058 | 0.811 | 0.058 | 0.833 | 0.000 | 0.900 | 0.086 | 0.928 | 0.084 | 0.833 | 0.000 | 0.833 | 0.000
delta_elv 0.833 | 0.000 | 0.833 | 0.000 | 0.833 | 0.000 | 0.933 | 0.086 | 0.917 | 0.129 | 0.667 | 0.000 | 0.722 | 0.080
elevators 0.619 | 0.019 | 0.619 | 0.019 | 0.633 | 0.043 | 0.800 | 0.054 | 0.904 | 0.058 | 0.720 | 0.045 | 0.872 | 0.030
EnergyEfficiency_C | 0.567 | 0.063 | 0.625 | 0.000 | 0.554 | 0.063 | 0.875 | 0.000 | 0.904 | 0.097 | 0.375 | 0.000 | 0.525 | 0.076
EnergyEfficiency_H | 0.675 | 0.062 | 0.675 | 0.062 | 0.550 | 0.062 | 0.875 | 0.000 | 0.925 | 0.078 | 0.404 | 0.054 | 0.625 | 0.033
forestFires 0.083 | 0.000 | 0.083 | 0.000 | 0.083 | 0.000 | 0.433 | 0.146 | 0.619 | 0.356 | 0.461 | 0.408 | 0.461 | 0.406
Hitters 0.307 | 0.084 | 0.311 | 0.068 | 0.302 | 0.070 | 0.468 | 0.128 | 0.748 | 0.152 | 0.452 | 0.221 | 0.553 | 0.188
house 0.817 | 0.023 | 0.825 | 0.038 | 0.925 | 0.030 | 0.850 | 0.067 | 0.948 | 0.049 | 0.917 | 0.030 | 0.923 | 0.027
housing 0.695 | 0.133 | 0.690 | 0.133 | 0.649 | 0.098 | 0.900 | 0.109 | 0.931 | 0.068 | 0.874 | 0.145 | 0.897 | 0.123
machineCPU 0.794 | 0.084 | 0.794 | 0.084 | 0.828 | 0.178 | 0.717 | 0.158 | 0.911 | 0.150 | 0.717 | 0.078 | 0.767 | 0.094
mortgage 0.858 | 0.067 | 0.789 | 0.061 | 0.787 | 0.069 | 0.847 | 0.077 | 0.940 | 0.064 | 0.267 | 0.000 | 0.467 | 0.000
mv 0.500 | 0.000 | 0.500 | 0.000 | 0.537 | 0.127 | 0.830 | 0.095 | 0.920 | 0.113 | 0.300 | 0.000 | 0.400 | 0.000

Table B-2. The average and standard deviation of the proportion of the selected variables by each variable selection techniques for

each dataset(part 2)

Data set Forward Backward Stepwise GA Ridge Lasso Elastic Net
Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev. | Avg. | Sdev.
nuclear 0.573 | 0.131 | 0.600 | 0.053 | 0.567 | 0.071 | 0.560 | 0.178 | 0.667 | 0.278 | 0.717 | 0.238 | 0.740 | 0.246
OVCTT _bitrate 0.176 | 0.000 | 0.176 | 0.000 | 0.176 | 0.000 | 0.467 | 0.000 | 0.556 | 0.272 | 0.261 | 0.059 | 0.278 | 0.058
OVCTT _framerate | 0.176 | 0.000 | 0.176 | 0.000 | 0.176 | 0.000 | 0.667 | 0.000 | 0.357 | 0.264 | 0.228 | 0.051 | 0.246 | 0.063
OVCTT_height 0.237 | 0.011 | 0.237 | 0.011 | 0.245 | 0.031 | 0.733 | 0.000 | 0.880 | 0.156 | 0.267 | 0.023 | 0.272 | 0.017
OVCTT_width 0.239 | 0.015 | 0.241 | 0.024 | 0.251 | 0.038 | 0.600 | 0.000 | 0.889 | 0.153 | 0.267 | 0.023 | 0.274 | 0.014
ParkinsonsTele 0.553 | 0.018 | 0.550 | 0.000 | 0.550 | 0.032 | 0.785 | 0.078 | 0.873 | 0.117 | 0.665 | 0.044 | 0.712 | 0.022
PersonalLoan 0.561 | 0.037 | 0.561 | 0.037 | 0.561 | 0.037 | 0.758 | 0.100 | 0.950 | 0.068 | 0.767 | 0.077 | 0.778 | 0.091
PCASP 1.000 | 0.000 | 1.000 | 0.000 | 1.000 | 0.000 | 0.944 | 0.108 | 1.000 | 0.000 | 0.944 | 0.057 | 1.000 | 0.000
pole 0.454 | 0.033 | 0.554 | 0.042 | 0.456 | 0.032 | 0.769 | 0.073 | 0.999 | 0.007 | 0.591 | 0.024 | 0.710 | 0.028
puma32h 0.038 | 0.013 | 0.038 | 0.013 | 0.038 | 0.013 | 0.359 | 0.123 | 0.403 | 0.186 | 0.257 | 0.206 | 0.372 | 0.193
SML2010 0.166 | 0.009 | 0.175 | 0.029 | 0.168 | 0.010 | 0.748 | 0.076 | 0.949 | 0.036 | 0.427 | 0.201 | 0.544 | 0.034
solar flare_C 0.122 | 0.057 | 0.113 | 0.057 | 0.120 | 0.053 | 0.400 | 0.000 | 0.637 | 0.276 | 0.441 | 0.342 | 0.462 | 0.361
solar flare_M 0.098 | 0.036 | 0.128 | 0.065 | 0.108 | 0.072 | 0.300 | 0.000 | 0.768 | 0.176 | 0.443 | 0.326 | 0.456 | 0.319
solar flare_X 0.063 | 0.045 | 0.097 | 0.052 | 0.068 | 0.046 | 0.200 | 0.000 | 0.376 | 0.392 | 0.265 | 0.344 | 0.270 | 0.336
stock 0.889 | 0.000 | 0.889 | 0.000 | 0.989 | 0.045 | 0.967 | 0.054 | 1.000 | 0.000 | 0.778 | 0.000 | 0.841 | 0.056
student 0.195 | 0.038 | 0.156 | 0.040 | 0.166 | 0.020 | 0.540 | 0.189 | 0.860 | 0.096 | 0.625 | 0.190 | 0.646 | 0.190
tic 0.126 | 0.018 | 0.120 | 0.016 | 0.122 | 0.011 | 0.313 | 0.037 | 0.586 | 0.216 | 0.503 | 0.187 | 0.511 | 0.180
ToyotaCorolla 0.435 | 0.068 | 0.457 | 0.061 | 0.437 | 0.062 | 0.736 | 0.120 | 0.836 | 0.086 | 0.450 | 0.098 | 0.514 | 0.070
UScrime 0.247 | 0.111 | 0.276 | 0.099 | 0.278 | 0.096 | 0.253 | 0.117 | 0.927 | 0.088 | 0.518 | 0.267 | 0.616 | 0.239
Wage 0.176 | 0.000 | 0.176 | 0.000 | 0.176 | 0.000 | 0.711 | 0.119 | 0.996 | 0.014 | 0.102 | 0.021 | 0.111 | 0.000
wankara 0.889 | 0.000 | 0.889 | 0.000 | 0.893 | 0.020 | 0.967 | 0.075 | 0.856 | 0.134 | 0.341 | 0.028 | 0.556 | 0.000
winequality 0.621 | 0.107 | 0.718 | 0.134 | 0.697 | 0.127 | 0.855 | 0.098 | 0.948 | 0.052 | 0.764 | 0.051 | 0.785 | 0.056
wizmir 0.622 | 0.055 | 0.622 | 0.055 | 0.667 | 0.000 | 0.800 | 0.126 | 1.000 | 0.000 | 0.222 | 0.000 | 0.437 | 0.028
wphc 0.128 | 0.021 | 0.134 | 0.032 | 0.135 | 0.019 | 0.242 | 0.055 | 0.711 | 0.164 | 0.566 | 0.261 | 0.642 | 0.241
yacht 0.167 | 0.000 | 0.167 | 0.000 | 0.167 | 0.000 | 0.350 | 0.200 | 0.756 | 0.262 | 0.167 | 0.000 | 0.239 | 0.095




