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Abstract

Data stream has the tendency to change in patterns over time. Also known as concept drift,
such problem can reduce the predictive performance of a classification model. CVFDT and IOLIN
tried to solve the problem of a concept drift through incremental classification model updates. The
local changes in patterns, however, was revealed to be unable to resolve the problems of local
concept drift that occurs by influencing on total classification results. In this paper, we propose
adapted IOLIN system that improves system’s predictive performance by detecting the local
concept drift. The experimental result shows that adaptive IOLIN, the proposed method, is about
2.8% in accuracy better than IOLIN and about 11.2% in accuracy better than CVFDT.

» Keyword : &lAJZ} Hio|E{ ojol<l(Real-Time Data Mining), 2201 5(Online Learning), 74
E #i3}(Concept Drift), M2 mx| HEXI(Info-Fuzzy Network).

CHNAMA e RUXR : 0jFE

- Hel 2007, 12, 14, AAN 2008, 1.15, MARIEE @ 2008, 1.21.

* olaiystm 7= F,1 ARG qapy rAsidista PFE - Ry dababg
Trlstiistm AHE - ARy Fag

¥ o] =Re 9] o}I:HEﬂ'_!,] Aol ogte} dFHYL



38 #E AFEFEREE RmUEH(2008. 1)

.M E

—

<

LY

djoje] wlol oAl RHFA|= HolHe S-S Ash=
F8 AT Foolrh. tiF-Ee] AFAY vloly nlo]d #7
7IHEL dlolele] #igle] WA e B4 dolHd g+
2] o2 ek 1Ry H2 st=dle] vlew e,
A JESZ, $9805T 2L Tt e B Ve
o i3 3 2 Felo| dlelErt dARET. HEA
A Hole AFE 28 HolH 2EPL dAE &4
(temporally order), M2 WaH(fast changing), AA4L.
2 3 A7) 59 2L SASE /) b 71EH b
old 7 7S A&AF A= Be Aozt A1), =
2HA] Hole 2E-S /3517 8 A4 7YEc] g8
ol FHZ tlolE 2EH 27 B3 vt drge] Ay
=z o1, 21
dlole} 2EgE 27 Al TAske /M E Ao agle Al
o] ZA3gtel wabA o]dd FEHAYE +F 2de A5l
743 wolle ZAAE  ¥3lconcept drift)elH3].
Aggarwale ©|& dlcle] 2E® Z3}(data stream
evolution)Ztx TH3ATH4). ZAE Azl &7 249
& S A2, A BEEet a7 e viREe]
%E FPIAT dEed 2EQ Holgd] £F BIEL A
to] Aol whet 1 dlole gt Hho] thE 84S Bt
247 4 dlojele] TAESY Aole ELARI dolH
Y BFe Aolecle® XFdn. wed dxe 2R
23} dio|Ele] AN ES] XolE s H3}7] YA HE
9 18 dolHE FHA o wdsts B2 QFEorg
A E sl diofe] sigle] Wl 4ol weir] x93
W3l(local concept drift) & THE 4 UTH2). A
HE Hste 48 dlolEle] qERe £4980°] 7T
P 2h2 dfele] W3yl A dlo|ee] EfHl
Fol ARES A ZaA7)E A4S et
AE IS 1213 7|E viole 2E8 7IHER TN ES
Aed wle w2 APEAUCVFDT : Concept-adapting
Very Fast Decision Tree)(5), £21%1 X WESZ(OLIN ;
OnLine Information Network) (6], 32 22iR] B YESY
ZA(JOLIN ; Incremental OnLine Information Network) (7]
ol slth. 49l 71 EeM OLIN# IOLINS ZHIE ¥i3lE 8
Azp] gl A= Bde &It e 298 A4E
WskE mefela] Ralglr] wieel AeAzte] Ak PEEe]

A7} R,

Ju

r'\.l

y
m g

e
5

jins
i)

3!

to

&
oL
fm

Al

I | A
I
T L
ol

o
B3

|t

2 =pe Z4E Wal A Aeld AYE W8S Reow
¥ EF Rdg 58402 T4k A% IOLINA RS
() fe) -E‘L‘

IOLING} 71829] guzlEL A

270 483 al

b Bgsk) Qor 712 wdg e, ANE Ws}

wgeha Ax T Wakla) PRAT. Bef A4 2
[

NE Wzl 2dg ANskn, 134 ¥oid A2E 249
< FE3

A 7] SRS AR S8l 49 dHoleE
E8) CVFDTS IOLING that Fshaa} Azt thake
Hw A9 s 1 A0S AANYT. AL F-8F [OLINY]
W2 JOLINETH Whe APk B3ict w3 AE 8 3
o]ME CVFDT, IOLIN® Bliwsled & o) vhe 458 Bo
FAct.

B =R 742 vy 2} 289 e 7]1E9] dolE
2EZAMe] £F iz A4E WslE 43 RRTES
gt} 3l E 2 mRAA Alshs A9 AAHE &
43 JOLIN ¢3815& 7ledtt 499N ZHE 583
IOLIN €3a1E% 7|&9) Alzdae] A%2 Hlmaigith
op)et 5 E A8 9 g% AP disiA Zledtt

I 2 oA

2.1 VFDT2t CVFDT

Eg)7|¥e} VFDT(8)€ 7HE 2l 27 viofe ~Ed
Bt} VFDTY A& Egjrite 728 AMSSe
24 dolgg #E X&ng Zerh aey AAE Hg
o o) ARAYA HEEe] olx= BAE HA4E + 2
Ax, ol Wi A7k AP ATHS).

Hulten(5)¢ 2Ed dlojEle] AAE W3lE g7 9
8| VFDTES #4¢ CVFDT(Concept adapting Very
Fast Decision Tree)E AISIHTE CVFDTS] 784 ¥y
& Q2L dolEe AEl S wtd FRE (sub-tree)E A
FA BT 7120 FEER S FH HwE B LS
< Wit 71&9 FREEY A2 153 FEE}
H "oy HHE o] & ERE W, 718 FREZHE A

2 723 REEYZ wA3)



A24 AHE 424 IOLINAI2HE A48 bl 2E99)

M

a0 39

22 ME HX HWEAIIFN)

AE A2 YEYJAIFN: Info-Fuzzy Network): &
B o]Z(Information Theory)& ¥)422 AL 71o] o}
F A% WESZE 758k doly] 27 2dolt} PN
BE o] &(HolHY £4& Fejdke 71F) & AMRS s
9] sh}2A Last & Maimom(9)dl ol 7=},

IFNE JEEHE5 29 &4 Ay 23R MD
Mutual Information)& AXkel7] 3l o A2 WEY
A(multi-layered network) & T+&3c}. dHSNET &
HEA Aole] 2AR MIFES T3l /M & e 2=
£40] 3 MA Fol Hot. o|F MIgte] 00] 2 wj7ix) 24
2 MIgke] &2 AE 22 T8tk Migke] 0ol
SEE O ol REEA g o= g FYAz BE "ol
utebx IFNRE-2 242190 Migtol 0o] HAY 1 014 #)
35 e & Ude 40 ¢ YR 2d g T2 o]
1252 VES A2 AV EA Ee](decision tree)h o]
F £4(target attribute) S A&shedl AMLER|T T
DL E(leaf node) B B H(target layer)d RE
=SSR VEHAR QA e AoldE 23 k. a¥ 1e
AT 72 IFNS RoiFth dges 2 1.2, 1.1.1,
1125 &% w= 0, 17 948020 HEYA FRE o]
Bt ole Ef] 729 7P & Aolzolt,

IFNE 272 248k 283 98 $489 471 ¢
& ¢ vig) Ao Hof W dojele] As}
7Fsdtt. O olfie BHE A3E S4ES & o

BN dE $49] 8 Z0)7] wRelt)

/@:i@

‘\
H N
~

~

>~

rodn o

T

.......

oM = AN E SHHNE NoRS S|H &
fELLD MIDI Ot S HM 23 N BN SEE LS
=244 ] %4

T3 1. 3 vxe MR X HE}S
Fig. 1 Info-fuzzy network three layered structure

23 22121 M2 HWEZ(OLIN)

Last(6)% IFNS 22]] oA Fd3 OLIN Ala'l &
AFsEtt IFNS 7]ute 2 3 OLIN Al&a"e AME |
glof we} Qx99 A7)5 AR 23 A& 2E
g dolHE A3k 38 28 OLIN A28S 2433
olt}. whek wlolg] 2EY AJolA HANE Wl Lyt
=R A7) E9oy AHE Wil UE o FE
olal A2 IFNS T&3t} F8Eo] Fon ANE
7L #AEl| gktta wdsle] fxsel A712 st
ARZE IFNE F&T). o2id B3 45S A7)9
A3l 23E 278 9ESET ¥ e AgES 1
o FAHE). 2t} OLIN Al28le =2 dolel7} ¢4#
d wuit} AHE Wl Jdglo] M2 YEHAE 758}
7] o] B FEH| &S 973

rE oo O o
N

K

2]

— Info Fuzzy Network /%

—

MEE GIOIE® $10 H2IC} |

Y E Bigt o33

&Fo| {0l Blw

eR9 3 BA 2o 30| MY

T3 2. 220l HE HEYI AlRE
Fig. 2 OnlLine Information Network system

24 XX zelel 32 WEIA(OUN)
Cohen(7)-& A&@A7te] =& OLINY A%g 7|
71§13k TOLINS A|gkalitt. IOLIN-S OLIN# g¢]
< Hlo[E & old Zdd igo A mdF S| wE vl g
I} AIZEE FoRlginh IOLING OLINe|Ae] 232 uigd
o= AU CLINIA o)A 2dx) d4 2d9] o]
Ao vimg 27, A4E ¥} BAskA] ogks o, o)A
o TEHAY 2l @4 759 249 80%7F AAMEE
Bolch UeA 20%014 2l vpaE) Zo] dREA
& gz} olzid A8 A¥E ukyddled, I0LINS 2
O

AE Her} CAsIR] 29kg ), A 2de njxjgt ab
7§xgct b IOLINS OLINECG dloleE 233

Fr




40 B A FHEREE H30E(2008. 1)

o

882 o7t SA T B WE AP HojFr)

¥ 32 IOLIN Al2=RE z213l8 Zo|o. dlojg AE
oA AAE eyl SAPA, Q59 A7)E Fol
NE2E IFNE 753, 24 E s} 2AskA] gect
A IFNE s 9599 72718 Sig 39 A=
& IFNE 75314 &2 ok dolg g glof u}. sixw
IOLINS A 94 AAE WslE AMejshes A} g7l iE
o, AYE Wz} A vl A2g JEYZE 750N |

&40 oAl EAEE 72 ok

(5]

o rd R oot

— Info Fuzzy Network 7%

M2 GIOIE/E 2101 ®OICH  f—

HYE Bzl otEst

Z8HESl X0l Bl

IFN2® 2| 4
=29 301 #0y

T8 3. TN 220l MR UEST Al
Fig. 3 Incremental OnLine Information Network system

A9 A KA

I XHH HHME & IOLIN

31 XN9H HME HM3H IOLN g12|F

£ HolXe IOLING X974 7AME W3} A] J5A 3t
AE AEs] Hsid 228 IOLINS Akt Alete &
€% IOLIN® ZHE W5 A X194 AHE Hale 29d
F 99 dlojel 2] 2dg B ol#F XA 74
E Wsle FEshe AYAAE Al2dd) wedgtoa 25
GES Fox, WINE 2 ATE v ES EUoEN A

e

ox,

PAZHE TN TR AgtE AdR AAYE Wl
& A4 [OLINZ 8| Zo|t}.

F 19 #¢¥ IOLIN9 gma)&e 23 3 7
IFNS 471 938 99 ez dA IFNT 9=%9 27
(WE 948 et E 1 ¢18)39 484 22 799 i

3ol W2 AME
Maxdiffe ©]
A EY AE o]

ik

i g

g
i

238719980 Maxdiffs AlLtaet.
Al 4 Hd AE FHie
o] 3t

1. 33% I0LN
Table 1. Adapted IOLIN

o
e

i
i
ol

H28 OLINUAN, W)

AEY HOE 28

1:

2: £, - EH B 278

3: Fo— 28 HEo 278

4: Maxar — Eyv 2 E AHOIS T QA8 A&t
5: if £ — Evar 2 Maxar then

6: TR0 3|8 &

7: AN 2L 22 OI0IHE BrEoted A
8: else

9: HER9 IINE F&

10: Cr— 22 HI0IES MOL JIE 52 54

11: For— IFNQEIQ] X SR} £2] 24Xl MI
12: it Ffor < G then

13: MEZ2 FN2EE 75

14: else

15: XA HYE HHg Ho| A¥

16: end if

17: end if

18: return

19: AolE N2

Maxdiff§ vshe 42 (1),(2)% 2ot

— E:fr(l “E;r) ELal(l _E;:al) .......... (1)
Vardiff - W AddCount
Mam,ﬁff = Zyg9 m: 9.326 Vardiff ..... (2)

A4 Addcounts Well 7HtEE =49 Z7]0]
o, Etro} Eval2 8 A3 2F&(error rate)d 84
HERRHEBRCECS=

A E Wil F 0F8 Etrs) Evalzte] A8 Maxdiff
o} vlaslel TR} wHeF Etr-Eval®] ko] Maxdiff2oh
Ao, AHAE st dEA elsktka dddsta 7]E
w2 4 goleE Waddle] IFNS A7), sA|Tt
2 zpo]7} Maxdiffit} Zoid #4E Way) dadcin
313, Fmist Cmi®) ¥inE Z3) 98 A4 E Wsles +
gt
F 19 1294 22 X498 AdEe
olt}h. Cmie 48 wlolele] 21 MIZF 71 &2 &4

Hors



A

ol
&

A

aA

E A

=

2.8
S

3 IOLINA &Y S A4 Hols 2EY ¥5

41

°|3, Fmiw IFNEHe] A WAl Zo] 274 MI 3ot}
ek Fmi 2} Cmiol gtol o] A Al28 [FNS 123)
o 23R gy, X9A ANE Wt Basgithn B
3],0;1 x]oﬂ7<4 74/1111;_ hﬁﬁ}ﬂa x%i}_a )\lsgah:]. IFN.CL :rLZ
&7 we ML 3 2 $40) R WA 207 Fadrn
(6, 9). %3 o] A WA 3 HolE 2 EFaherl
SJoIA 40~50%9) AFe
155 &49 MI #tel 91
Ho} Ay, REIFNEDE F&3hs slolu)
MI(6]E Fshe 42 (3)3} 2

MIA,., A [ 2)=

-1 -1

Y X PV

j=0,"=0q

A
2EF

=% o

o= Q

AV /)
sz) . Ing( 7

e Py @)

¥ 2= 4

\_.

\:

1(3)ell M MIE 83k 718 248o|t)

¥ 2 =Rl Mgl TR 24
Tabte 2. Basic elements of Conditional Mutual
Information

P2
P(V/"/'/j/ 2)
PV

s Vi 2)

32 X9y HME 2| &

Ao ARE A2 Qe ol doldls] &4 9 o
olBle] Ws} Al Ao 27 31‘_1 MI%%% B]Eﬂ*&‘:}. ol %
3 dHlolele] AjdA se W 1 IFNEY
£ REFo= A} o

e datoltt,

E 3. XN FHE wist A| HA}
procedure when Local concept drift detecting

Table 3.

for/*EtO/—D}X! 1

=

2 Froi— [FNDEO| ST =0 T2EQ! M|

3 Cor— 22 GIOIEI2] XTI M} IE =2 &4

4: if Fod)*95%<C{) then

5 i BB Z2| FANE Cal)S HH22 TR

6: 22| 2E FAZ A3

7: retum

8: dse

9 B 2 2X6I0 08 202 0l

10: end if

11 if /JF OFKI9 Z0[2481 then

12 22| 2E ZIAE A

13 end if

39 A9H 7HE H3l A dAle T A 2EE o}
A 2712 [FN 2o @3] Fof 274 MI(Fmi) 9} ¢

Holele] A MI (Cmi)E ¥mdth ¥HeF Cmizk

¥ & ZEH, Cmid $42 84 208 TED,

F olgte] RE F2 AAEta B HE A A3

Tkl Fmigh 1 t A @A) %a AL The 22

2 01 gt E 39 4¥A £9 95%= FAY #oldE

(significant probability) 241 -n—-J FL

o olelgt MIgke] vMmE B AHH AHE Wil $A
& 29 oF 2= 9]

e AE 2AHT e 24 o] Hajr|ao] 48 Rgo
BYE ALt 20380 Ml AR 93-S BweAE 4T
gt F 4% £ AF A} ARlelet

E 4 22| 45 =AER
Table 4. New Split Validation Process
22 B AN, W
1 for /=110 /=2Y% /MY &29 &
2: if = /2t 22iECH then
3 fFSHE £49 BIME ZAHHO MIE Aot
4: /2 JtsEHllikelihood ratio)E Hid
5 JtsTHl EHY UREE Aot
6 if 2 JHsZHl #8 > =59 22| JIEE then
7: L jZE &2l HA
8: else
9 2oiE L 08 HAHEl g oeLee U5
10: end if

end if




42 BE AFEEREE #2008, 1)

E 49 495 2L A xor) 2 Lc_ee,
EH] A2 (likelihood-ratio test)(6)& A
== g% A8 g2=39] el

Z=2 7
Rith E*(2)E

GHA; 5 A,/2) =2+ (In2) « E™(2) « MEA,:4,/z) - (4)

% 49 59 22 Psur] B AREE)E AND
o ot WEYR =8 7] 98 A4ge a4
SI7t Pseinl AP 0.1%% 71 gte. Belagk

G’Q(Air;Ai/z)Z

X (VA=)

V. &€&

ot

o
iy
B

A94 AAE A% JIOLINY Ae%7t L IOLIN
3 CVFDTZ 5% Hlw d3sle) 3as3 A
SAs5t. 48 §7€ Pentium 4 D 3.2G Z2AA 9
1GB #, Windows XP Professional $3##19} 150GB
TE Al dlole A AMgslgT

dele] L ddFAU3GN  de
200(KOSPI200; Korea Stock Price Index 200)o) %3}
10074 3AFee] 39 Btel dd FA714E 7 3 97}
gt} D13 D2& ¥ deld yge)m, D3, D4, D5= 2
AE WskE Ze wAY dolg Aol

F 23

41 257 F=E oju oY

A WA AF HrleMe oy A2y $Re B85S
54 adth 2% 4¢ BEES ZAo|tt. CVFDTHEL}
IOLIN® 283 IOLIN®] & 3888 B9t 19 49
D1 D2 dlol8 A&l IOLIN® #23 IOLINg] =2l
7} 2E olfre ZAE Wabl 2AEA odske o), £ o

TEFE 2L AAE HP) gioltt. 2 198 A
AE H5HE 2 dloElzt Y=o, IOLINS A28 2
& FEIT) ol L oA Hlojele ARE v
doun 4 dole A A7) Whiolt). alx]T o]
g owe AME Wl Ag dolgdNE w3
(overfitting) &Ate] HAS)o] mHlo) =g Hojmalt)
2¢% TOLINS X978 ANE Wslo] Aglol|A] ©x] 734
e F3Ysh, ol old HeolElY ARE §AF 4 A
=k 483 IOLINS IOLINED 2 8% =& A7 38

BeiZqrh, £3 CVFDTRT 3 11.2% A& 35

nqm

QL
3R o
S

# CVFDT

!
} mIOLIN ‘
|

| Adapted
IOLIN

Aocuracy

D1 D2 D3 D4 DS
DataSet

08 4. 257 HEgE £ Zol s
Fig. 4 Comparison of Classification Accuracy

42 ME#AIZH BT MH

5 9 AE HrllA e dojy 2EY BR APzt
< vmeigict :L@ 5%: 2gYAZte] Agdateld. CVFDT
< AP 0‘1‘1‘21‘5:“3] I ol
517} uﬂz:(one-pass) k) = ged A
2 wgeltt. A 9A AQE Wyl #A8FE o, IOLIN
o] ZAEd AH-gHQ IOLINEL} HgA|7te) =& olfe
A2E 2ds pPEeed Ze vE gioldt gy
IOLINE IOLINET} BY F3e] YILE S 10%01d %5
F UANL, o= IOLINE Ak Al2wlo] B S W A3
AN 7S Rl Algtd Aladle SRoA
IOLINEC} ¢ 9.8% 339 &= Vet

300
250
# CVFDT
g 200
W JOLIN
E 150
B Adapted
E 100 TOLIN
50
o]

DataSet

7 5. AR 2 Mg 23t d|w
Fig. 5 Comparlson of Run Time



Add AAE B8 OLINA AR S A3 doje] ~EQS] 25 43
Workshop, Brighton UK, 2004.
V. 2= (8) P. Domingos and G. Hulten. "Mining high-speed
== data streams” In Proceedings of the Sixth ACM
Hole] AEZ Haid] Qoix N ; SIGKDD International Conference on Knowledge
L s 2 A T 4 ‘E‘ “L:‘ AlZE . ..
o] 7ol qua}momavﬂ ]qu i 2" " K A 41] " ] Discovery and Data Mining, Pages 71-80,
dlo ) [} B HAE ¥ 3lo
g ;]o:m ﬂxgz;i].ﬁ ?jﬂj:ql = F—o ; j ] Boston, MA, 2000. ACM Press.
AAE Hsle ZAE At A] 32 dleie] W3 . :
7}'7(@]_‘[;;0]]3 o B oﬁ_t; ~ i;l} Jj} 5 f} (9) O. Maimon and M. Last, Knowledge Discovery
fu A B! E=Y t il ass . 'E Z_A . .
£ Maloq x| ;ron,; _T; ° ]H ETaqﬂ 4 and Data Mining - The Info-Fuzzy Network
A 3= 3l H=2Zo I R=i)
o R HE usE B 0}0:1_ el 49 (IFN) Methodology, Kluwer Academic Publishers,
AP DL e 92 AAE 223 [OLINES A
s} December 2000.
‘_7\].0“4 e Hey o e e s [10) L. Cohen, G. Avrahami, M. Last, A. Kandel,
= TR o w L}\ - S S A & . “ ] 1
a]’\E—;ﬂ $Jo1A ;;:;EELIN EJ = & 0201] 1 ﬁ and O. Kipersztok, Incremental Classification
= /I ] e x2s . " .
o IOLINE® & v me H2) of Nonstationary Data Streams’, Proceedings of
52 B0 w3 AEEd SloiM: CVFDTS IOLING h 1 : ksh
dla) £ 458 HoiZeDh o) Aok Aladlo] Meia the Second International Workshop on
ﬂ}ﬂ;:;ﬂfjaa%w: A . el }\_U _'};' Knowledge Discovery in Data Streams, pp.
AN E Z 1eg 2] P2 A AHEE A7
o e a S = S s 117-124, October 7, 2005, Porto, Portugal,
7| Wzoltt, ¥k o A3t F3E & 2o vt . . s
El,\* . Pzt sk e ) 2l (11] R. Klinkenberg, Learning drifting concepts: example
PN £7 FFEL AT . . .
selection vs. example weighting, Intelligent Data
Analysis, Special Issue on Incremental Learning
A28 Systems Capable of Dealing with Concept Drift, 8
(3), 2004.
(1) C. Aggarwal, Data Streams: Models and Algorithms, ~ (12) H. Wang, W. Fan, Yu P.S., Han J., Mining
354Page, Springer, 2007. concept-drifting data streams using ensemble
(2] A. Tsymbal, The problem of concept drift: definitions classifiers, Proc. 9th ACM SIGKDD Int. Conf.
and related work, Technical Report TCD-CS-2004-15 on Knowledge Discovery and Data Mining
Department. of Computer Science, Trinity College KDD-2003, ACM Press, 2003, 226-235.
Dublin, Treland, 2004. {13] daisin securities web site at http://www.daishin.

(3) G. Widmer and M. Kubat, Learning in the Presence
of Concept Drift and Hidden Contexts, Machine
Learning, Vol. 23, No. 1, pp. 69-101, 1996,

(4] C. Aggarwal, A Framework for Diagnosing Changes
in Evolving Data Streams. Proceedings of the ACM
SIGKDD Conference, 2003.

(6] G. Hulten, L, Spencer, and P. Domingos, "Mining
Time-Changing Data Streams’, Proc. of KDD
2001, pp. 97-106, ACM Press, 2001.

(6) M. Last, “Online Classification of Nonstationary
Data Streams’, Intelligent Data Analysis, Vol.
6, No. 2, pp. 129-147 2002.

(7) L. Cohen, M. Last, G. Avrahami, “Incremental
Info-Fuzzy Algorithm for Real Time Data
Mining of Non-Stationary Data Streams’, TDM

co.kr/



44 BE AFEBREE (2008, 1)

20074 24 ¢ QIethskm ek A
20074 ~ @Al : QlshEm viEkd
A
PARoL: ool dlolEinio]
q, ARgA

ofF %
20014 2¢ : ¥ 33 el A
FE T8 At

20024 ~ A - AskiEhw AFE)

T Y

Bok: dolelelold, Holeull
, BuEA, 4, 7]
Agis



