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Development of Automatic Rule Extraction Method in Data Mining :
An Approach based on Hierarchical Clustering Algorithm and
Rough Set Theory
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Abstract

Data mining is an emerging area of computational intelligence that offers new theories,
techniques, and tools for analysis of large data sets. The major techniques used in data mining are
mining association rules, classification and clustering. Since these techniques are used
individually, it is necessary to develop the methodology for rule extraction using a process of
integrating these techniques. Rule extraction techniques assist humans in analyzing of large data
sets and to turn the meaningful information contained in the data sets into successful decision
making. This paper proposes an autonomous method of rule extraction using clustering and rough
set theory. The experiments are carried out on data sets of UCI KDD archive and present decision
rules from the proposed method. These rules can be successfully used for making decisions.

» Keyword : T&|FEZ(rule extraction), 2{ZM(rough set), 2i=E(reduct)
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B 993 steld, 7AIEs, ERiaE 24, 39 84,
e UENA 53 o] e Eolojtt. HIde el
HolelEo] Oxd Fej2 A3l me} o} Eololl g 4
77 & A3 o

32 AE A FopillA w0l moldo] FEm Sl
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Aol HEt A AL 719G, e 223 AR
XY FEEA S} e o277k BEAR S8 £
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tlolg] mlo]de] F8 7M¥eze AWTFH VAL EF,
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EAsl datd s FoiAY £/ 232 THEAY Hlo
BES 33 st ARSETH1,2,3). T2 o8 71HE
MEHos AMgdte Aurke SRkl AAHQY ¥y
2 ou] g THES A He A2 32 e
83ttt of#l ol 713 & WHER ATto] i@ dlo|
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2 =R AFH 2828y 2uEE o83l 8
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< g vlo[H2RE vl gle HAES Wi e A
AR WHEelr}. 71N ALgHE HelHER WF B
gt opg} o4y wlolEE Zhedt, A% W (Eds &
A7t g HolHES ddez it B =79 At ¥
< 3t 2ol A o) 7K gAR FEE 3 A HA
<€ HlHES AAT ke Fold. ZEAU $AF v
Elo] tht o3} A& FAshe Foldt. F WA Sl
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g2elg da2EE o8l 2 7o 2FER v F.
AAE 273 HFE AT A dA 2le F A BA
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1. S AEHE

dlolg] nlold 7glA Fej2EYold B2 T 4
A ANEE A= v A5 FUaz 1538 ske o
oz, dhte] FHaEd S3ke AME e HE gE
2328 We AAEI= 7ROl He AME A 8
(1) E28y 7IMEL A8 (statistics), HHUA
(pattern recognition), Hl°JEl ¥4, |v]x] X7 1&gn
ANGZAE TG oS B2 SGEolA WA AR

3ol m N9 SHEZ o]FolR n 82Ee] Il
o 292E e ERe AT fAME & B ol
HolHES A FeAHER 58 3l ot &, &
AR dlolH S B Fel2E|d] ¥ & yhdd) ghds)
Al o] He Ho[HEL A2 g FHAHE 3o
HEE ke Aol

2268 7|HEL A AZ3 (hierarchical) Wi
E&(partition) P2 g 4 Ut AFH e 3o
7 delHES AFH oz Bas] Y= EeE, o9
AZA Bz} o] FoiRe7lel et B AY 24 W
Hog Lprozitt B3 Wy A3 Aol ANES F
vie] Fej2ER A% 3 F ol #4319 Al (3L fAIR)
& 7tz JP sk SRl2EH AN 7R f e T
gt HFA o2 ¢ ZelaE o] BE AAEc] T3HE o
74 $l9] T & whEgh Fe dhye 5 a2
A9 F4E A P

g WS oa HF e HAH AT kY]
&S 238 Wl dlos fERsst ARl S 7k Eo

2. 3= M o|&

19801 dtH 29 Pawlakel <J3 avj€ 2= Al o]&L o]
o oA BddlA FREe SR 24 FHLower
Approximation)# E34sA EHHe A A I3t
(Upper Approximation)< Fg ©o|&& Z3liA Jehick
(4,5]. E= A o]29] 7F¥ T3 A F shbes 383}
Ad B sta, o nEd 3A-E 71 diolee] BF &
2 BAlo] A 2Bl Aold, =3 dlojeldl o)
A o g AR B BbEl HEyE P g gicke Aol

EA A o) HR A AL FX 7 (equivalence
class) 2 TEE F gloH, oI5 BXF Y49 J3hs 7R
Agelal sta, o] 7|12 3 o8 F=HE AY NS
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TAHapproximation) F7telekal gt 2AF F3de] st
o] A g FE AN EFdhe A8 BG 71 F
3 ol JeRbAE Mz O 23S U Ao ae ¢
et old AR AFe] B-UR](inconsistency) & UERNI A
g3l7] flsliA = A o|BoliMe F 71A] SAME Aol @t)
shs A of8] UehiolAle 7id Xell 3% T3
€ 71E Ao o= a3 2Ako|x, tE ke Ad
Xeo} YAshe o] el ERlske BE 7EgfdeR
Ael=le gk SAteld)
£ A Agolet 1 RE Ul Ui 5X B4} 84
A=(U, R)& A} 7o) =, 37k 2419} 43 2Ake
&3} Zo] F¥AT

RX = {x€U : xJeX},
RX = x€U : x)NX = @},

A7A (x)e 94 x& ¥k RY TARE vehdn.
X9 BE AL o3 2ol Fodn

AR(X) = (BX, RX)

3, 3 SAMNA SR ZALE AYAIE B A
AST = e BE Jges X389 £ 9o, o] ZA
Jdolzt F20, Tt o] EHI

BNR(X) = RX - RX

A A UM &8 FE Co e 9a avl
IND(C) = IND(C-{a}) & 9&E 3%, &4 a= CIM &
I8 (dispensable)sti, 1%A %¥oH av ColA Hs8
(indispensable)oltt. &4 J3 CollM ole $48 &
gl QlojAM B ag 4738 W FAS47EE O
& o) ¢'c Aoli IND(C) = INDIC)YY A% C¢'E ¢d
dgegn gt} CdA e 2E £459 29, ¥
HEEe wigE c9 Zojgt &

HIZ A o]EE o] 8¢ AT EAMAN EAshs 28
A% Ho[HE thee ul glof uif f88icE Hke wn
A7l AL EoF wd dids] Yot dlE o] AT, o
273, 98 dlole ¥4, g4 53 2 3-8 FoWt
2lem, dolg uloly Folo= 2| &4 5o girth g
A 0]EE& EF 7Y o]83 AFR2E Kim(6)7} 3low,
L3Po] sHE o S37] UF AFEE McKee et. al.(7)7}
gdeny wted Ax FHo o]&% dTFEE Kusiak(8]7}
A}, =3 feature selection®l] thit B72Z%E Thangavel(9)
7} ghem, 3t dlojele] gk AT == Asharaf(10)0} it

a2 712 A GTEL tiRE dolg ol 3 £F
e} 826 Bl el H44 d7ERAS B
TN AteRe WA BEQ e A4HA] gsitt
AgA0l 73 32 Wi d1§ 91 2% Kusiak(8), Kusiak
et. al.(11}, Sakai(12] 5ol gleMth, ol BF £ A7elA
AQkhs WI Zo] SP2EE ol 83l EAE Fold
F RS sk Ao] oiet Fulavl Sl oAb Hlol
BolM FHES FE3R WS disl It

lil. 4TtA S8 AtS HiolH & F&

HHHE

1. ’gkste wiel Jie

oAHEA HolB2 1¥ 13 22 P2 x@Ech €2
el 453 24 Ae(F s $4)2 7Y, Pem
7he] diolel HRER o] Fo{r},

3

=41 42 48 n s
4
Gfiofed
25 1 d11 d12 din d1
EflolEf
235 2 d21 d22 d2n d2
GiiolE]
23 m dmt dm2 dmn dm

O 1. oA EE Hols
Fig 1. Decision Table

a9 29 <A dlol8 IS 5709 FEER A &l
1, 374 &4 Al A2, A3 £ 7R3 Sl Al&A4d
T a, b, cthe 7K $4 #E 7RIR A3, A28Adle
m, fehe 2713 &4 g& 7B3 St =3 o] wlolE] Aldf
€ A7 FolA A ¥4

Al A2 A3
1 b f z
2 a m z
3 c f y
4 b m z
5 c f z

T3 2. oA diole]
Fig 2. Example data
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2 =Rolde 2¥ 29 vojE AXY 24 wsrt gle
HolE1E-2 U dolE|2 A3l FAES AEA o2 s
Aotshe wEe 18 33 2e

AR o] FoZirt,

Step 1. Data preprocessing
(missing value, discretization)

Step 2. Hierarchical clustering algorithm
(class decision)

Step 3. Reduct creation using rough set theory
(data reduction)

Step 4. Rule extraction using reduct
(rule generation)

T8 3. Hipkshke dh
Fig. 3. The proposed algorithm

Adshe WHoR BE L if-then FElel 32
2 033 Zo] B9}

if (541 =dw and ($8 j = dw)
then AFWE = d,

71E A7EL2 Holy vleldel F8 7EEQ At
FAL BF, 282 52 volH Aol /EFezs 283

o guigle HEo AHES "‘0}"“‘4 %, HeoHEs £
Asle datdE FohiAY % 28-S HEAY HolH
& TR . 22y olE 7EE EA R Agske
ARrhe FEstele] AAH Wyez o) gle FHES
2 e 22 A2 g el gasitt. o voly
3 32 WHEL Aol diF HolEEE 48] ol
FE2RE 4TA dAEB L el =35 £ 5 W)
o B2 Eopl ©]8E & 3tk & o @AE AEHez
s FHEL Foph7ldle B A AgRert 2
s3tEe, & A7dA AAske FEH THY AE 73

32 8o B4 BAlel Ba] oKl B =35 F

2. Hlolef ®Az| 2ty

A A DA dolel AX g ARMe A B
g Xele} £X7 dlo|HES YT dolg R )4t} 3]
A% Az FHE Y. B =LdAMe Z2EAE At
71 9i8lM 2EX)7t TP o] e diofel & A Az HES
F33c},

dlole] A48 e WY BT o2} #1F Hgo
2% o]FojRt} wE E =4 AMSEHE HeHES
W3y wal ohg} o4y PYSE AMSE F UAES 7] A

3] o4 ZEE R S4ES WEY o= Ak
A3 olate) M| HAH S PP ol E Sl oﬂ__g:qa 7]
o2 3 Dougherty et. al.(13)7} A|¢tet a2 EL o
L3 olitg A& TP

3 ABN Baaey ¥Dels N8

2 eRoNE 5 e A% 2oia0Y YaeEe
Agh. kel HolEEE BelanY sk BAE 42
2 A$A n(o-1)/2he) A2 AT 2908 5
AEd, olFIA PR BE A% M L WIS e
e £ 09 2ei2HE PO 1WA W Fele
(oD (n1-1)/24) BBzt @3¢ nlsh, o)
Vi we BAES e FE Tl FeiaHE PEec
azﬂ_ab ol 7h4re) BeAAE7} g WA fe) 3

e wag,

% EEINE W2 A(1)S AHed
maximize Cf = 2 2 sim (i,j ) woeeeeemeeees 1
=1 r 1,jJEC,

o714, n2 Cr Y9 dlo|8 A<, ke
ASE SY2EY ¢ueEsy s

228 AE
a9 49 2t}

Step 1. Initialize
For all i
Ci<SieD

Step 2. Compute the value of
the criterion function
For each Ci, Cj € D
compute the criterion function (Eq.(1))

Step 3. Merge
Cnew < merge (Ci, Cj) for the max
value of the criterion function (Eq.(1))
Step 4. Check the condition
If (1Ci] ) k) then go to Step 2.
Else go to Step 5.

Step 5. Exit

O3 4. A ZeAE dels
Fig. 4. Hierarchical clustering algorithm

Step 1& 713} @A ZA dlolejMje]lx DE HA 23t
o Ztzte] dlolel& el FelaE2 4P Step 2
T 2267} o] © A9 it (19 #&E Tt
© YAE, €A o9l F22871 sidka 31, n (n-1)/2
el B #e ARG Step 3 W WAEA,
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Step 2014 A& S FE F M 2 AE FE F
7ie] S AEE FHPT} Step 45 2 A GAEM &
H2E9] Jlg7t A Fel2H JiFEo 39 Step 22
Wt 23R god Step 52 It} nlA=o R Step 5e
%8 WAEA daEs Bdch

dole] Axzl #3F-& AR doleEe FF W sl
S dlolEER o]FolA it} B =FolAe ol dolH
58 ASd Fel2Hy duelEE 2831 k MY 15
2 S92EY 3 F o] ZFE A w9 o= ARt

4, =AMl 0|28 0|83 2|lHE MM

A N 254 doleEays 34 #a& &3
71ele dHolelEel o) LT A=E o dAAME o
o|E1E9 V)& Fol7] AT B Mgt olE &
=4 o]29] YEE o]43c} HUYEE ol &3 dlolH
Aol 7|8 Zol7] YT AFEE Questier et. al.[14)3}
Ohrn(15]°] it

AEA elol B2 3t olde] HHYESS JH £ e
o], o]Fd] shiel SHES} HlolBg thilsl] A8 4= 3l
% AEA HolEdM RE ZYHESS Zophlls AL
NP-Hard &Ao]A%}, @& $-& ol §lof o|g 2%E
Zold dg glo] shje] AYEW FEsict

E =goME Ohrn(15)7F Aet W& Feld ggE
55 e dvide ol Moldhe 8oiE AYdtn, Ha
38 A& Aldlelr] el fAxl gaelgd o)4diH, o
714 ASEE ARE 3 f= ohes) Zo] g}

e cost{A) —cost{B)
f(B)=(1—-a)x ol

{ ![SESIlSSﬂIB#Q]l}

5 2IHEE o|E¢ 73 44
£ @Adide A gAdA Hopd HHES o] &3l
A& Agske DAt 73L& A Adide e
22 ] 7HA] fElag S o8t
D 22 2% ¥ de 7HE78 S2HIen.
2) e 3 HSE de 54 #ES &Y wEd
A2 Bt
3) #AE BN A AR e SAHE
gt

rlo

A A

4) $9E3} 2% AFES o183l AtEH HolES
if-then Hejel 3oz I,
a8 59 o] Al 71 S4EE o] Feizl FElEC] Utk

1 sk}

Al A2 A3 D
1 b f 1 high
2 a f 2 medium
3 c f 3 low
4 b f 2 high
5 c f 4 low

8 5. wElEe of
Fig. 5. Example of rules

a3y 525H 4 44 DEAE Aeshd g 2
a8 62 fert

Al A2 A3 D
1 b f 1 high
4 b f 2 high
3 c f 3 low
5 ¢ f 4 low
2 a f 2 medium

0 6. 7 bREH L2 FRE
Fig. 6. Patterns of rules from Fig. b

¥ 6o2XE 7F A4 2)wAE Aesd oL ¢
£ 1Y 7% ded

Al A2 A3 D
1.4 b f 1-2 high
36 c f 3-4 low
2 a f 2 medium

T8 7. 0@ pezHE LR RAE
Fig. 7. Patterns of rules from Fig. 6

a8 7258 7 44 3)eAE A e g 2e
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Al A3 D
1.4 b 1-2 high
35 c 34 low
2 a 2 medium

3 8. a7 728 LR RAls
Fig. 8. Patterns of rules from Fig. 7

a8 8278 Y& THEL if-then Feie] TSR ¥
ot 11 99 2o

if A1="b" and A3=(1-2)
then D="high’

if A1="c’ and A3=(3-4)
then D="low’

if A1="a" and A3=(2)
then D="medium’

O3 9. O3 82FE L2 S
Fig. 9. Patterns of rules from Fig. 8

Iv. &y Zn

ol AolMe B mRlA Atk Wl did 4¥d
T AAZTE WA B A A48 dojg A UCI
KDD ollolu(16)el EF=ol gl diolg Ae=zA,
Soybean® Zoo dlo|E] Alelt}.

# 194 B uie} 2o} Soybean & 47709 sE=9}
35709 £4¢ 719, Zoo € 101749 A= 17789 &
Aoz F45o] St} Soybean HolEH M& U] Jy|, &
719 e, Aotel A 5 35709 $HEE /R Foll A
71 ¥l 278 7T diolg Aot} Zoo ol A& ¢}
g9 7, m2le 47, Al 5% A3 5% 5
17709 £4E52 58 eRlE £573t Hojg Aol

E 1. ol Al
Table 1. Data set
Hjols Al GijolEd 7H &4 T
Soybean 47 35
Zoo 101 17

YL E 19 dolg Al & =M Adshs PEE
AHgSt] Feslgion], & 29 22 AAE AU} E 29
M ke 22E9 Agoln

2 A% Zn
Table 2. Experimental Results

cfole] A 2l=E g T T
k=2 2 5
k=3 2 5
Soybean
k=4 3 30
k=5 3 34
k=2 2 4
k=3 2 10
Zoo
k=4 2 10
k=5 3 15

AgolA dojzl FH 9 AEEL 9] 28 103 2t

if milk=1 and legs=4 and tail=0
then decicion = 2

if milk=1 and legs=4 and tail=1
then decicion = 2

if milk=0 and legs=0 and tail=1
then decicion = 1

if milk=0 and legs=2 and tail=1
then decicion = 4

T8 10, MME wEiEe o
Fig. 10. Example of extracted rules

1% 109 FHEL Zoo HiolH Ale] 7o, k=52
Ze268 3 To] JHEY} {milk, legs, tail} $HEZ
FAE ALolth o 59, 29 109 A AA FAL RS
How, tjrt i3, melrt glow, o) fe FEL B
o] 29RQl FEo|tt ke F3E Fdrt

V.E&

tlolE] mlolido]@d Mt A% Eokel M2 IHF sht
o, Z1AgE, 2el2H BY, HA Y, wE UEHAZ §
7} #zde] Y Fololth, I thakel diojelEe] tiA]
9 T2 ATl wel o] Hopoll thgt A7t Eds) A= gl
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¥ dFNE UCI KDD oblolge] i e
Soybean} Zoo Glo|E AlThE thido® A¥S P e
dl, FFole & =dA Atste WEE UCI KDD Ho]
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