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Evaluation of Attribute Selection Methods and Prior
Discretization in Supervised Learningl)
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Abstract

We evaluated the efficiencies of applying attribute selection methods and prior
discretization to supervised learning, modelled by C45 and Naive Bayes. Three
databases were obtained from UCI data archive, which consisted of continuous
attributes except for one decision attribute. Four methods were used for attribute
selection : MDI, ReliefF, Gain Ratio and Consistency-based method. MDI and ReliefF
can be used for both continuous and discrete attributes, but the other two methods
can be used only for discrete attributes. Discretization was performed using the
Fayyad and Irani method. To investigate the effect of noise included in the database,
noises were introduced into the data sets up to the extents of 10 or 20 2%, and then
the data, including those either containing the noises or not, were processed through
the steps of attribute selection, discretization and classification. The results of this
study indicate that classification of the data based on selected attributes yields higher
accuracy than in the case of classifying the full data set, and prior discretization does
not lower the accuracy.
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7Ie $A4EY £ A4S AF2 detd £ Joh 2HEY £} v S B A A
FFE "AA &' FHd(rrelevant)st . £Y 8 FH(redundant) £4S50] thd ¥ gHo gL &
et diolgojxe 27|17t wj$ 2 of RFYHain BEPed 2AHEL v AAT & Yo
GENTE 2L F AL BT oY B P88y d9rEe AL 2528 5 o 3838 &
BES AR E EAE v BAT EoldXE Bol °4:rl5]°1%l' Dﬂ HY QA Hopl Nz @
o] tFolx Rokolt}(Devijver and Kittler, 1982, Miller, 1990). & SAES A9 9%
P T 245480 448 %2 JHRAE Ao 99 H]°]E1 Eﬂi AbE3tE W d%
g &g olitsh(discretizing) A1 7] Fol ALEE 4 QE wWHol gl

5 oo RYPY 240 TFH] Y= ASY 4T oo} dolEuo)

re
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n
o,

zold 2% £4¢ dasts PUEL NEdAT A st Rolv ¥IL ATE A5t A7
o A%g doleol vz HEY & Y= SHADPER A5 dolHE o4s A T A
8¢ F & sAMETYoR Wra, UA doleuo)xs) A do|eWoze] & (noise) e

109, 20964 3718 dolEiMol el Heech HEA AEHEYE AFUHE C45% Naive
Bayes 29 AHgste] 7 Holeimol 28 Iz A8 2F 27, A4F dojHe w2
48 4 2le MY A £409 F EF B3 $4892 53 ouF A7 T

LA SE u@ YO, OAY delsel 48Y + gl SAdUwE Ao 489 4
4 %e 9A 43 ¥ FRE 542 Hdse 2RAJE Ax, R Ads wz 2A,

5}
9 3z o Wstst EHe oW G FEA Fojuax By
o QREPESel dhel Festm, A5 HolHE o
AFNA FRsnA s LGP Aol A}
& Rolste PEe J1edth oo 4gdAE
e

49} °1"P§} L éﬁ‘i“ﬁ’] TR WAe 9%E BAs L 53dAE o € AES 7

2. £RA09%Y R o] sy

%449 dHolguolzdM RAMGT EYLYE HRE Mo & wWol FHoplo AlAsE
#Aolth. dolH e AdS FAATE S5 HAo] Ho % fgHoE £y £ glon, &
® Mol g gs dxrt Bo 32 olsEly] 44 |k

448 BAle A2REHA 8¢S v 2ASHA dE T3 &4 o2 £HE HEHA
W 2UEAEY JY F AASHC S WA= M A S5 REIES FE B4
Aoy, gy 45 g Frhdye wet g SPAHEYHE] ATFHJUG £4
Ak 2 e (filter)9 LA (wrapper)WHoz2 EFEE 4 ded, Sy e £45S% Hrtg
b 3F dnFde SHHLE doHI MR dE AEE o83t WHoln, UYL
3t ¢S o BE JBVEE ALRed £HES Hrlsls wyolth BEHAA Hrto)
AegElE 52+ Z44(dependency), A & (distance), A X (information), ¥ ¥4 (consistency)?]

A H(Das and Liy, 1997 Liu and Motoda, 1998). &4 L 3l A H ol AA&A Evlvt
AeA A= JEVHE FH}e Az, Ade AASAHY IS st ¢ HY EEd F

4 Qe zda4e FE Amoln, AuE 24449 ERAAE 2o F 4 A= 2A4H
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=2 AMEET E d3GL2 BE $4°] 4 ALHIAS wo 5934 2AEAHY @
T e A 2AEAHE 2l AL F e FAxol. SAAYYHEY HaF st
71¥ AFZE Dash and Liu(1997), Hall and Homes(2001)¢] |+ Fo] o}

M Mo
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o
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21 4494y
2 =%FdAM vl Bristnz ste SAMRYHE FEHHEE AHE3 = MDI(Lee and Huh,
2003), A=ZHEE AE43lE ReliefF(Kononenko, 1994), AR HEE A&3tE AKX FE5H)(Gain
Ratio, Quinlan, 1998), 2811 4#AHXEE Al 434 719 H (Consistency-based, Liu and
Setmo 1996)eltl. MDI®} ReliefF= dA&383 o]ty £HAJo] £33 o A5 vz 3L
F e doln, AR50 9 dAAIEL ojahy Aot HE4T £ gl Wy E
t’O

-
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oX [
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e
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725} MD], ReliefF HEEEY UYHE Fa3 & AE AFE whgola, g7
HHE 2AEHEY IF F 2AEH IS A MR A S4EY —E-ZJE‘JE T3
FE “o“?i"]‘:} ZF et rEFstA A g

(1) MDI'4 4

MDI(Measure of Departure from Independence) ol A& dHlolgH|o]2E& FA31 v §4
o] A&y, o]y o w, F A4 ARG FAHE Y8 F 439 E%VJ AR HE AL
£33, F '—’r"éo] 2% A48 A8 F £47%9 5YA FAL Spearman?] &HATAST A
Ae Algstn o, @458y ojaged A9+ Kruskal-Wallis Z2AE, 2812 5 4 EF
o]2t¥ Q) A$ Pearson? tolAFARZE AHESIE Uk oE AATAZFS A& F £43
o 294 AAL £YT 4 JeEUdE FAFE pE ol &3 45 B AFEE FHse A
o] MDI #¥o|t}

(2) ReliefF¥ Y (REL)

Relief#H¥(Kira and Rendell, 1992)& &4 E°] MZ 534 e, SHE

(strong dependency)& 7HA T & wox £AEY FREE FAsI AZEHA
QS £98 2R F U= ol o] HHE MDIS R/ RE £ E0] d5F, o

Ay ghe 7k dolEwel e A48 £ ot Relief ol e wlolEuo] oA shute) of
Ae JAZ FEte, o WA AAEA Fol B Tz b FH2ENY AT ox<
golm o] e £459 @ 7 FHzd &Ie HZH o T Fde £H=d #}<
vlwate) Ztzte] £459 HFE A AT o) FFL AHEAVL W A dEE
F7t B A wEate AFEA FdE wAE A4S €A A Bk oW K40

sesdd M2 gE Zg2d &3t dAEdME OE e /HAT, 22 ZdLdd £Fie
AEHE e e 7HA ok dt} Reliefs olald A vas & ZiOIE}. Reliefe= 4 A
o] ZHAE o] F AY o AT F Y dyold, dolgst AEF S ol X¥s: AU
AREA grol A A o)A AL AL £ JAES FAF o] ReliefFolth. o] WM E
229 gAY 2 ZYx = g2 Y222 v HIZY o2 e U kY 2
A o] & (k-nearest neighbor)& Zo} HFL F&ezA dolHd WAste F&e IFE €9
o A A o)ael AAEA e AL dolEe A bzt Fsd Ui HITH g F
ztzte] Ze)ae AR BE FOF HFAE R £HEY JAFE ANTH
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|
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(3) AR 5uUH(RATIO)
C% D& ZAFAZY AAHSAHold & W, 2USAHS BES7] A Fo AALA Y dEZR
e og A7 2.

H(D)= — ;Dp(d)log(p(d))

H(DIC)= — Z;p(c) ;')p(a’IC) log (p(d|c))

AREA JdEZA/ HAihde & 2AEAH0 g8 ATHE 2ASAHAN dF FHHA A
g §ggsie Feoln #AZyg zAEFAY ¢, o Wi AR I S(Information  gain)
H(D)- H(DIC) % ZTH(Quinlan, 1986). IR YEE AAEA o] ZE o] Bobd w gto] AR
T ZA#o] 3ol ol By 98 dFY EEHE AESH °]& AW E 58] (Quinlan, 1998)}
tn &3 o] Hojie

il

g

GainR(D,C;) = H(D)—H(DI|C;) / H(C;)

YA E e 2A&4T RS Aold) ARYSulo] oa) 2ASHES £97 2

(4) & 71 Y (CON)

45 FEAFe AAESAA vXE IS Hrlste PP EA HolHuolA2E FAsE
BE SAEE O AHEEEE e YT AL S A= MR FA S S48 FEAEES B4
3= wdojth d#AA HEE tgm Zo] T3 (Liu and Setino, 1996).

A4 F diAol

AARE&A g trE 9 v dFA(inconsistency) & 7HX G H o dh, AA A
%x BE AX3E dAESd dis] vld#Y < (inconsistency count)e T
oA AALA ol BLH HAAEY + F /MF & &S W ol dE B9, » MY ¢

1 92, o /Me 2RASA D, &8 7IX3, @ e D, & NE D; &g 7HA
T (9G71M, d+2+B3=n), 37t 7HF & %W ¥dBAY FFE n—d ot Hd#AA A
& (inconsistency rate)& EE Hd#AA A4 L AA dAEY F2 U @olx, dHA
A 1A vgdBA v&e W golth oS Aoz A odEI Zrh

3 (1D — M)
CONs = 1- 1%
Q7M. s & SYES RRAGelL, JE s o S S4B 54 pEe =¥ %
DI S WA &4 @ 2T WAUES gl E 8 A §4 & 2 A 288
ol EAT WAES + F /A 2 Folth N & dolgulel e tRES F Folnk
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2.2 o]y

oA Y ATt {4 F AT SHAENEE A5 S ALEEY] YEiME dA d&5H
S FE oY &4 #goz WEE HAAo] Hasith E AYUFU A8 73& Fohde
AT 2L @2 dolEntelyd T3 & dugFL o4y &4 #&E 2= dojHd JjxE F1
ATt A&£d £48 ¥IEE dHolEd dE o)ars whge WA o]itd(global discretization)
gt A 9H o]itst(local discretizatiopn)® YE T AT, AFH ojidste TF duHFS AHE
8t7] olde] AHA dlojeje] tfa] P, NG ojtste ARUT Y WA FHAA oA} Zo] Z
RENAN I xEd =Yg HolHTE ol&3y REHOR oiEE FPTrh HMH A o1t

e AREgEY HAMEY APz FLIA AMEE F dern dthEAHA WHEHL Gin
Index(Breiman et al, 1984), AR S T E+ T A Z(impurity measure)o] ¥I8 & & Wl
ATFdAE A58 £HE FAA T8 A4S AGE AT dHH ojidse Axdg Y

& AHLsl7] Y Hg A o)as Wi o 24 Fayyad9 Irani(1992)2] MDL HH & A&3ic)

o] e ARIYS ulgE F olitst WHoezA B (split point) S HEEr] I FH
# & (candidate split point)E2l HT FdY2 AE 23 (average class entropy) E(C,T;S)
&gt}
SE HoHAY, C & 948 &4, T & FE #¥€H, 18932 S, & SE T =
7A%-e FEFolg & o S 9 FUYA JEZY 59 PF U dERVE deH 2

OEE.

e

F-l " ]
e o

o

EnS)=— 3 P(D, og(P(D, 9 , 714 KD,S) & S 54 2eh= D, o ¢ %%
o,

1S Enk(S,) , 4714 N = IS| olth,

N

1S

E(C.T.S) = EnfS)+—1

k
g (N—1) —2)—kE+k\E |+ k. E
Za]ig_:'z-_> lo ]IVV 1 + log(3 2) ~ 1~1 242

A71M log £ L& 2 2 88, E=Ent(S), E\=Ent(S), Ez=Ent(Sy) °13 kb © 7 2%
of &3 Y& Sz Foln.

3. 4%

2 A78 9% APUANAE thedt 2L 67h1 2ABE DA
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¥l C4.5, Naive Bayes

1 AxgE

2. &4 ek MDI, ReliefF, A X 854, QA 719 4y

3. dlo]E: UCI dHlo]¥ #3112 Ionosphere, Wine Recognition, Pima Indians Diabetes

4. 59 93 10%, 20%S] F2<& dolgd H3}

5. £4& HH3led AxdES e I &4 HAAE ARTgFd HAEA7E Uy

6. 9E5F £HE oA A7l AxdFo HEse WHAMA ojidshd d48 $X4& ad=E

g

sshgel H4A7E P,

ol 8REE 1ty APHAE 1, & 4¥L 10-F 2AeLFA(10-fold cross Vahdat1on)
AL 108 93 7234 FFste vl Frigo SAHA9H FoliA MDI ¥
R(haka and Gentleman, 1967)& AME-3t%o™, Uma] BYPEL 37 LZEL WEKA(Wltterl
and Frank, 1999)& A}43tct. WEKA ExplorerdlA &A4Ad9H & A8 o, Attribute
Evaluator24] ReliefF W¥ & ReliefFAttributeEval, AR EE8 WYL GainRatioAttributeEval,
A A 7|9 E & ConsistencySubsetEvale AH&3t o™, &4y (Search Method)2 ReliefF%
Hit AR gSu o= Ranker, QA7 1WA = Best Firstg A3t ]”‘Pﬁ}% A
#Me R ZT2aW WEKASQ DiscretizeFilter 2132 FAso AL &840 E72dd4e
WEKA®|  Experimentero) Al  Destination®  InstanceResultListener, Result generatorr‘:—
AveragingResultProducerg Al&3ld don EFEE L WEKAS classifier j48, NaiveBayes
g AHEEH A 18 AMYS ALt 43kt

AYgHe FAHLR 71&dd dEg 2o

31 {4449, o3, 27} o €A
1. MDI, ReliefF #g A gaa] $ANYL st A
ol WHlel A%, (S, oatsl BRI £ W e gL gl da) 4
sach,

() $4HNG>EF : 499 A
& A

g dlolg ] tlsl MDI® ReliefFH& AH&3te T8%
3 F,EFREES HEAUH
el dolele ts) T8 £4& AT F, HolHE o]t}
71z EFEFS HEA0H.
(3) AR} ->HZHHEYSERF : A5 Y dolge TUE AHEE F AE PPIAT o4t
FFS dotry] A3 ANA ojits A
I EFRYS HEANG
2. AR 5N, ARG/ Y S Ao FAAYE st A5
o] YHEL o]Ay ol ALY £ Jon g g A wt 4P
o] g->& g YR F
Z, do]HE AR olitst A7 3, F e we T8
At

g deusn EREYe 4%

Jl')
mlo



Evaluation of Attribute Selection Methods and 885
Prior Discretization in Supervised Learning

32 F8% 4499 7&
{ C,Co....,Ch Y& p 719
MDI, ReliefF, AR & 5] &4
ZAEHES ABSAHAN 9%
Cn.C@,.....Cp» B 8AL oAl MY ZASATY AAEHoz o]Fd
Sy & s el HEH S ={ Cw»,C»y...,C», D ). BT B4~
9 FEREH AAEHOR o|FojA doly A= A o)A S,
W3l WEKAS®S Experimenterg AH83te] C45% Naive Bayes E 39 ojgh
109 83, EF274 4 S, o sldstes FEE  (accuracy)
] F7rettt7h o= AN ZAaskA Hed #Zasty] JA
oz deg,

&1&4018t dtu D & ZHALAolE & dolE o]z
*15—‘.“%“@% HEA AT, Z+ el 93 %Bf& 4oz T
< & =z H} & 3} 31 ol &
2 doly %
IRk oz

3.3 A8 dHlolg o]~

B =52 Agd AL&3% dolgjuol2~E UCI dol¥ #Fii(Merz and Murphy, 1996)] 9+
Ionosphere, Wine Recognition, Pima Indians Diabetes®24 ZAEHEL 2F 443y s Ze
o},

(1) Ionosphere o] € Hj] o] ~(IONO)
o]l we] 9] mL7|E= 3510]3 27) 9 23 44 (good(225), bad(126))3 34719 A&

&e e

g 2AEH R o7 Jon AZge gl #Aee 7+ 10%, 20%% F-o 3l

IONO+10, IONO+20 dlolgjuo]~E AT}

(2) Wine Recognition B]°]E #o] ~(WINE)
dolejwlo] 9] AY|E 1780] 1 3719 & ZE AAEA(1(59), 2(71), 3(48)F 13789 A%
B ZAEHOE o)Fox lon A& o FLE TZ 10%, 20%8 FA 3t
WINE+10, WINE+20 Ho]Ej¥lo]2= & A3t}

(3) Pima Indians Diabetes H]o]¥] ] o] 2 (PIMA)
diolE Mol 29 A7|E 768°): 2709 & Zte ZAEHA(0500), 1(268)7 8719 A<H
ZA&EHog oFod 9o A=ZL fid FSS 747 10%, 20%% Fo3t PIMA+10,
PIMA+20 ©lolgjuo] 28 A Fhe},

34. ¥R
Agol A dolE ol wal WA WA F TAAL 10%, 20%9] dAdg desd 2
A5 ke Ue &S FAA TRz Te poad
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4. 494 2 2Y

41. £AAEL & % %%ﬂh 744 MDI$ ReliefF ¥ &
MDI¢}t ReliefF(REL)E €38 dolEed HEE 4 v SAX98Y
2 Wele] A8S vmI

] 7
ojlmZ

L A7AE o 5 7t

411 349 A3}e] v

MDI¢ ReliefF ¥ & 2 43le] IONO, WINE, PIMA tHlo]El¢} o7]9) 10%, 20%9 FL& A
74eh dlolE oA, Taxd mg Y 24453 € 95 [E 1], [E 2], [E 3]8 2 9]
A HelE #3 IONOS WINE dHiolEle] A5 Ae 107] &4 AFse £4UIR 7A3 49
t}.

[& 1] IONO vwlolgfel M £40d Ax Foro] e &4 ML

IONO IONO +10 IONO +20
MDIf1, 3, 7, 5, 27, 33, 31, 9, 8, 15 (1,27, 3,7,5, 9, 31, 8, 14, 33 1, 27, 3, 7, 5,9, 31, 8, 14,33
REL (24, 3, 8, 5, 14, 7, 16, 34, 29, 9 |3, 5, 27, 24, 8, 15, 33, 11, 12, 22 |3, 5, 27, 24, 8, 15, 33, 11, 12, 22

[ 2] WINE dlojglollX &Y 23 Foxd npE £4 HE

WINE WINE +10 WINE +20
MDI}7, 13, 10, 1, 12, 6, 11, 4, 9, 2 |7, 12, 10, 13, 1, 6, 11, 4, 2, 8 7, 13, 6, 10, 12, 11, 1, 9, 4, 2
REL|12, 7, 13, 1, 10, 6, 11, 8, 2,9 |13, 10,1, 12,7, 8,6, 2, 11, 3 10, 13,1, 7, 12, 6, 8, 3, 11, 9

[¥ 3] PIMA ©dlolElolA] £AXY A FoTo WE &4 s

PIMA PIMA +10 PIMA +20

MDI1|2, 6,8 1,7, 3, 4,5 2,6,8 1,7 3, 4,5 2,6,8 1,7 3,5, 4

REL|2, 6, 4, 1, 8, 7,3, 5 2,4,6,1,8,3,5,7 2,1,6,4, 3,87, 5
o] H¥AFNE B F ZAMANYH g3 Fa3 EAHES £HE Wy o griel Ao
7t Aok ZAEE #H7EE dolgeA Add £4E50] 4 dielgoN Medd &3 2L HeE
AstA FASG=d, IONO HlolEo] thdt ReliefFH S AYsA ToEd g &M 2T
gaxg ddg £HEL ALY Aol x| gt ety F /A SAAMAENHE vuy FE

o 2% AL & + Utk

412 £379g F olg Ao EFdE A¢ AP v

A dolEd Fox RE ZUEHE 74 $-(FULL)$} MDI 2 ReliefFHH o= 32
Aol A A 71Eo wet ddd 2354 A 2o tia]l C459 Naive Bayes =l
g3t BFdoh v 71EL 10-3F 0 38t 73 BRdae &=
(%)olth. 2= [E 4], [B 5), [E 6] 2o 23 ¢ Hdd 1S4 Aes 14 =24

oh‘. —o

I’N
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vebdth, FULLY sl dte doe 10-F axetd4d HdS 108 53
o FT(%)E YR, deRA o] Fojz A8E FULLSl gk
Zolt}. & Eo] IONO +10 dlojel g %T, C45 EFwdol W MDIMe HBFEE
81.59%°]™ °]& FULLel disl 103%<] 4o AF=dS vehixn i

[£ 4] IONO dlolgjd] W ZFAHTE

IONO IONO +10 IONO +20
C4.5 NB C4.5 NB C4.5 NB
FULL 89.74 82.17 79.26 75.61 65.92 69.88
MDI 102 107 103 105 109 102
(5/14.7%) (5/14.7%) (3/8.8%) (3/8.8%) (3/8.8%) (3/8.8%)
REL 103 110 103 109 107 104
(4/11.8%) (5/14.7%) (4/11.8%) (7/20.6%) (3/8.8%) (5/14.7%)
[E 5] WINE dlojEe] dig E7F =
WINE WINE +10 WINE + 20
C4.5 NB C4.5 NB C4.5 NB
FULL 80.26 85.61 64.39 73.67 58.85 69.84
MDI 119 112 112 102 115 96
(3/23.1%) (4/30.8%) (4/30.8%) (4/30.8%) (3/23.1%) (2/15.4%)
REL 113 112 114 103 108 102
(3/23.1%) (7/53.8%) (4/30.8%) (4/30.8%) (4/30.8%) (4/30.8%)
[E 6] PIMA dico]go] dig 2/ HTT
PIMA PIMA +10 PIMA +20
C4.5 NB C4.5 NB C4.5 NB
FULL 74.49 75.75 67.73 69.12 65.84 69.14
MDI 100 101 101 102 103 102
(2/25%) (2/25%) (4/50%) (3/37.5%) (3/37.5%) (2/25%)
REL 100 101 99 101 102 101
(2/25%) (2/25%) (1/12.5%) (4/50%) (4/50%) (3/37.5%)
o] 27 & R MDIS} ReliefF ol os) Add £A49E AL&43ld /& stviadx o
o] A9(36H F 34W) RE & o AL ARt AZger Foid AS ¢ F Uvk

s
IONO diole] o] 7§ HA 3478 4]

A &4 FoA 378 T Y 22

AE T ALHAFE

4% e e
fo 4 o me

27 A¥dze v$ F2 AL & olth. WINE, PIMA dHolg 9 Ze: d#f =144

50% ©He AlgEd £2o ARE AYD. F MR SAAHEUH F MDI Wl oF ATt
ReliefF Wlo] 218 AFARD o] £ A$7 A4 1899 EFAn 5 79, ReliefFS 2747 o
FL A7 7ol FE B §-7F 4d o)t



838 Woon Ock Cha, Moon Yul Huh

4.13. £449% F ojiste
L dolge] Foiz E%— 2154E o AHgste 73-?—(FULL)9} MDI % ReliefF® o 2 3
il &%

£ & Fayyad®} Irani Wy o2 o]Atst Alzich o]Ats}

S
=
50}
p ox
oX

" do 51 % *}%3}"4 C4.59 Naive Bayes &
Z7HXZ 10-% uAEgA H4F 1088 59
71, [¥ 8], [¥ 9]¢} 2t} 23 ¢re Mg x

gol AEs] ERHT ML 71Fe Fo|Ne o}
s 78 ERATY FRE@)oL AHE (E
A

&R E0 e A 2ALA g5 HBge

Ebd T
[¥£ 7] IONO dlo]g o] 2o g BRAZE
IONO IONO +10 IONO +20
C4.5 NB C4.5 NB C4.5 NB
FULL 90.2 89.29 81.79 81.96 70.82 73.87
MDI 100 103 100 100 102 98
(3/8.8%) (5/14.7%) (3/8.8%) (3/8.8%) (3/8.8%) (3/8.8%)
REL 103 104 101 100 100 96
(6/17.6%) (4/11.7%) (8/23.5%) (3/8.8%) (3/8.8%) (3/8.8%)
[ 8] WINE djo]gjujo]2o] thE EFASE
WINE WINE + 10 WINE + 20
C4.5 NB C4.5 NB C4.5 NB
FULL 90.9 98.71 72.71 75.24 66.08 70.27
MDI 105 98 101 101 105 94
(3/23.1%) (4/30.8%) (5/38.5%) (5/38.5%) (2/15.4%) (2/15.4%)
REL 102 99 103 103 104 101
(4/30.1%) (7/53.8%) (4/30.8%) (4/30.8%) (4/30.8%) (4/30.8%)
[ 9] PIMA dlolgjueo] o] e EFAHZE
PIMA PIMA +10 PIMA +20
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