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Abstract

Fuzzy logic is used to represent qualitative knowledge and provides interpretability to a

controlling system model in bioinformatics. This paper focuses on a bioinformatics data

classification which is an important bioinformatics application. This paper reviews the two
traditional controlling system models. The sequence-based threshold controller have problems of
optimal range decision for threshold readjustment and long processing time for optimal threshold
induction. And the binary-based threshold controller does not guarantee for early system stability
in the GPCR data classification for optimal threshold induction. To solve these problems, we
proposes a fuzzy-based threshold controller for ART1 clustering in GPCR classification. We

implement the proposed method and measure processing time by changing an induction recognition
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success rate and a classification threshold value. And, we compares the proposed method with the

sequence-based threshold controller and the binary-based threshold controller.

threshold controller continuously readjusts threshold values

The fuzzy-based

with membership function of the

previous recognition success rate. The fuzzy-based threshold controller keeps system stability and

improves classification system efficiency in GPCR classification.

» Keyword

.M E
HEIQ1A 71 (1)L dlolH tigh K F RS FZ31
L a93l= 7&EM oul 7|7t AT AL n 1 Ans
[e]

A 5 g SAT FASHE AdoR tha 4
2oz 1 WEAS] Fe5v JRYEAL A7A

EollA w—&ﬂ Zéig A Ze| 2T} B3 7% o] 2L o] &5}

Holel £51} AAelN F28pl edke .AES ﬂlfﬂé}
oq }\]/\EJL] A J,} es 61:1\1—}\] ]T:Eﬂ ;ﬂl_&Q 9\’4—
RE A Aatgelx AE oM AE H2 ?“E

£ AR A5 AR 1 /1R GBI oltt,
22}, Abde] BAslel 21

Oﬂ:rL"ﬂ"i A
GPCR(G-protein coupled receptor) (4)o] &3k

GPCR HlolHE $EL vl AR E o] 83
F Z2AE 2451 u, Pl AlEa ]°]E1°ﬂ 7]
23t GPCR HlolElS EFala o 2sls WEe A&l
ATE B3l A84<1 72 AHEr ogk GPCR Hlo]
o 3] thekst A% 012 7HEe] AHo] EREHA B
< 9] 1A A EE 1 Aol He 24t
AZAe] s UEH]IS] F4lA F
o] Ao k= 22A] AT (57 FA B
otz gl Tl dlojeld| tigh Q14o] Badr]
FEetn AHgH g a8 = e A7l U aFe
8 Skt 3l

I

F93 7%% o)

rlr r

9l47
}AJ_

: HX|(Fuzzy), GPCR, HIolE Z&lS}

25, HA AlE0[M(DEVS Simulation)
TR 8} BROIA dAIG] tigk WS AF e U 5

<2F 71 AAIZ(Sequence-based Threshold) o171
(6)2 2% WY 114 ZHo] olHx FA% fe A=
HZEAQ o] Sla, ozl 7|9t AAIZ(Binary-based
Threshold) A7 (7] AR W9 248 97F 271 o
ol Q14 & 9 wE FEARto] BAER] g dHol st
olg|gt TS Heksl] §la £ =wolA= ARTI= ©l&
g GPCR 7ellA w3iste] 7180l s B/ dAfE 37
o2l A9 QIXEH} FEAIE A Fse dARE st
=t oA QXEH TEAE WHE &8l A5 F
IAFIE Aol 7S AlRtete] 2t 719k AAIRE Aol 713}
ozl 719k Ak Ao] 7H-E Q12 Eel| wE FEARE Wsket
AR W} Sl WE T AR HskE Blwsl
Adsks &5 71 HelHE A7) S8 EAER

TFAE o} Aldte] 7153 GPCR HICIEIE 2% 7153 H|o]
B2 #4289, ART1 VIEYAES o] &8 T4E wbi S

Ealo] BRE 2slgin, olnf ART1 7712 752171
OAE" B3 B/ QAR Fa] et HA o] & o
4319

2 2] PHE et ok 29eIAE B 9o )7
W R stelAe] 37 ol g3 712 Ak Alel]
W 7153 33914 E ARTL 24318 A3 471 o
A%k A7) ol Tl A8, 44l E GPCR
HlolElE 7128l ART1 HlolE) B5tola] s2)7]w
Ak Aoie] Faskel ABE B Ak WSl A
#69 9590. 2elw 5PNE 2eg Ber)

HEo]

==

P FE sl EHXo| 2
A Hetell M Ao EE A3 AgAl

ol Aol Agsle] AHeE R St ASA »
HA] 7t 7|k ER716A HEE Feio]

RN

N

e e



GPCR &%

oA ART1 s A HA7Iw AA G Ao

71 169

AR oZ ABA|A o] & &-83le] Tl o] S T2 o5
Al Tjrﬂgl R ]i%i"% H o uA F WA el st
}

ﬁm HMM(Hldden Markov Model) (9] 57314}
Agrlo] SA] 93 HMM B8 WHe 92 AE3} 73
o clHER goElo] HA| 71 tiAlsle] HMM &
2 ool 345 Adeiglth. 28l FGMM(Fuzzy
Gaaussian Mixure Model)< 7421 3 dugjFo=
273912417} olw]] Q12el A-gxlo] Fr(10].

7 HAE v AT vIEYSIA HA] Aolgt dag
Fo2 AAHT 7o 2 725 Bl WA FEH A4S
o] AP s wEa7] fsf FAZTH11).

o= SVM(Support Vector Machines) & ZHE
ARl &3 Aste] HlolE &5 o JEE EF/E 7Fsdt
A atack12].

22 7| &S| AL HOi7|H

2.2.1 &3 Tl AR} Fop |

EA 719 QAR AR 54 (1)3) ol %3 7]
RS A 6ol L3 B0 DAL 7 1
W Alolahe e, g 24 1AL Aleks 2
HES AUa 243 Qe ANES = }%—sm
B TR ARG} BolA7] W] TEA HEEH
ol el YA 2 1AE ke A ARt
Ao FEAE A7 AR, QHES A =
e W ohieh Aaks ANES AR 23
Wil WERAS FAZL WA ek

e

}-J

z!
o

357t

FF

Ty =T, +a(h Ty = Min(T)) oo m
FH (DA Te AARS vlsh ae 9AIRE 24
A= enldtt. a2la Toe A 271302 ARTL &
H3E f1e 2719k 1ol
=2 7 Ak A7 E freshs 24 ARkl A
Ho| RolAW FEAZNe] &L A 5 glu A 2
3 W9t 29 geke QAR fE ARE BRE S gle
@] itk

2.2.2 O 72t AL

o 71 <Gt Ao} 71
o 2PUAE AT PAG a @ A
Fo2 Ak 24 29 WIS AR F, o182 A
QB B2 A PGS DA% 24 24 Wels W

2
o
>,
(i
o
I
o,

on

o
o

Vke QA 23 29 waE
olek. olu) Azt 23 24
24 2% H9E 22 o) 2430

@

Maz(T) — Min(T)) oo 2
s Ty = Min(T))

5 (%, =

T i/Hn(

ﬁn+l =
I:l+1

4
mlo
Lo
=
o
=
ko)
S
rir

o

F2(2)01M BE YAIF =3 3H
Az HAdge nlsle Max(T)9 H4gE on
(T)9] 7H4< omsta, ART1 #43= 93 27

B
Qo] I HE FEALE 49 £ FE e 3
TR 59 AgtE £ A W A9 2HE B 2

. ART1 Z&=HE 28t HX|7[g8t
AZL Mol 7Y

£ =fd4e GPCR HlolE EF/ellA ART1 sk
gk #AZIE AR Aol JTHEE ARG oriAE
ART1 &7 UES] I g 27l ART1 - Sl ALE-
s AR tid A dAIRS 23] S8 28E
HA 716 QAL Ao} 71l el A 7]&gict,

3.1 ART1 2/ UWEL3

ART1(Adaptive Resonance Theory 1)(13] £57F Ul

EglaE vlole] A g5 ool S 7L'5]'°4
Aokt AAs 2y nd 2 T YEYI AT AL
3 #AE WAL, 53] FAE £/ Ve A= Y
Zo| g5EE A thelo] A2 Sl el AYAA] &
3 AFACR 7)E AA A4 vlo|zo 4 UA st
o FHEn

ARTI1& RHEAQ] 452 Falo] AdsH] mjx = A=
+ AEE 7|2 vl U85S FAIsIe] s, Q14 7F
glxele] g52 9l AR fuls Y] A= dE
TS sk, 7198 GHAIE dole =S 99
o g} 7]l 53 W&ol AYAA| L%U} %7 W&
o A&ASI o ] 1 dolt Agk gle Aol thaia] ARl
o Mme] &S AR A fiRle TR dAte s




170 &FE 74::}:1 ]:Eéﬁ‘!—‘El uI'HI)LwL (2007 12)

e e Sd 4 e MEga Tzl o)
o T Ashe 4BYR Do) P75 o
iz AZe B Feael s PAsH: el JoiE
2% 4% & 4 9k

aEh} RS BRE B GAUS vias) Az2e o
£ 240 A% o) A7) vz Aol v
HESY F glon], 53 e 5o UE HEES A9
7} g whiel U SHele] Alde] Sl B9} ek

F7F Asizict.

GPCR 75 9% ART1 ¥R 3llME dA#M 71+ H
7t moRRle A4S FE2E KA} Eolok a7] Wi
T EC] Bol AGHEY. o] A$E vl vide] BolA] 7]
ol B2 FRENA M2 wolele} 7P fARRE sEs
A 4= glo] Q1 Eo] FoRzlthe Aol ot Agd
FHET M 28E BT slFolof sl7] Wi TEAIRL
< ol Hlglsled SRR}, Telm FREC] wet
AHA BF FHES] el tigk Aol uig a4 2 B
ols 18] wejglogit}, Wil <dAlgte] &

& o] A B=o] FEAE A 4 9lovt
FAket S| Ao Asfahs 297 s BAsk] Q12

AC)

=2

P =
E

N Fﬂ
O{N'

ART1 5 3}E o83 vlolE £+ A& 7823t
= este] JA9 A48 o A ES AT ARk
AoRdt ¢ gle dAE Hellolit & =Rolde dAw
< Aal7] el wA|o] &5 ol8sto] HlolH 7S st
ANET} TBAE Bl Adslo] dAGE 78T

33 HX|7|8F 43t Hof

ARTI 298H% 918 94718 Qg Aot Yeh =
W(14)¢ olg3t] FE3ka GBS Al PS4
(151 AHgsigint.

Ak AE 92 914 249 9 sAelEE GPCR
Hole] ERalAlel QAEX)3} HelE ER7le) TFA

oI, 4 249] &2 selels #5 AAR@ I,

X(AHgeE ) =

Iy 18 ART1
157K19] #A] 3E Asto] &7 A4 EF tlolH &F71¢]
TEAIR ] HAg {1
© YARE A g 29 WA E VERE Blojt)

ARTl 5771 2w dolele] Q14&T A

HIGH, VERY HIGH }

Y ( #8217 ) = { FAST, NORMAL, SLOW }
Z (2% 7ZA% ) = { LOW, NORMAL, HIGH }

U8 9% PG A 9l

WA st 308 S )

VERYLOW Low NORMAL HGH VERY HIGH

{ VERY LOW, LOW, NORMAL,

05 06 07 08 03 0
Recagiton Sucess Rete

(a) 27 oMiE

(a) Recognition Success Rate of Data Classification
A

v

| FAST NORMAL SLOW

05

0 >

01 03 05 10
Pracessing Time

(b) 27 7=ARE
(b) Processing Time of Data Classification

Low NORMAL HIGH

05

14 15 16 17 1
Threshold Value

(c) ZAl LAHRL
(c) Threshold Value
a2 1. 2/Z3 miejole wAl sl
Fig. 1 Fuzzy Sets of Input and Output

=
S

Qs 715 ol s Tle R BY Ak
sk gl Aehd 4 glon I 2

4 Bl ok B 5 ok



GPCR &%

A ART1 s A #A7Iw A Aol 71

171

Rule 0: IF [ X is VERY LOW ) AND { Y is SLOW )
THEN ({ Z iz HIGH }

Rule 1: IF { ¥ is VERY LOW ) AND { ¥ is NORMAL )
THEN ({ Z is HIGH )

Rule 2: IF [ X is VERY LOW ) AND { Y is FAST )
THEN { Z iz NORMAL )

Rule 3: IF { ¥ is LOW ) AND { ¥ is SLOW )
THEN ({ Z is HIGH )

Rule 15: IF { X is VERY HIGH ) AND | ¥ is FAST |

THEN ( Z is NORMAL )
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Fig. 2 Fuzzy rules for threshold value control
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