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An Implementation of Optimal Rules Discovery System:

An Integrated Approach Based on Concept Hierarchies,
Information Gain, and Rough Sets
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ABSTRACT

This study suggests an integrated method based on concept hierarchies, information gain, and rough set
theory for efficient discovery of optimal rules from a large amount of data, and implements an optimal rules
discovery system. Our approach applies attribute-oriented concept ascension technique to extract generalized
knowledge from a database, knowledge reduction technique to remove superfluous attributes and attribute
values, and significance of attributes to induce optimal rules. The system first reduces the size of database by
removing the duplicate tuples through the concept generalization of attribute values, reduces the number of
attributes by means of eliminating the condition attributes which have no influences on the decision attributes,
and finally induces simplified optimal rules by removing the superfluous attribute values by analyzing the
dependency relationships among the attributes. And we induce some decision rules from actual data by using
the system and test the rules to new data, and evaluate that the rules are well suited to them.
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begin

if n < T then return C;

/#* n: C = - 3H(distinet) 7S] T *

for i=1to T'—1 do
C;=subcluster which has maximum RE i C;
cut = BinaryCut(Cy);
create subcluster C;,, C» in C; using cut;

end for

return C,, G, -+, Cy

end

24322)%-2 BinaryCut(C)
begin
MinRE = MaxInteger;
for h=1ton-1do
partition C into subcluster C;={x;, -**,
C= 1y Xk
calculate RE(P); /* E&<] RE ¥/
if RE(P)<MinRE then

x;,} and

MinRE =RE(P); /¥ minimum RE */
cut=h; /* optimal partition */
end if
end for
return cut;

end
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HT: 71 ?4

T &4 48] %

F: 48 9AA */
output: GDB /* GDB: YRk} DB */
begin

fori=l1ton /*n
if A=HT then

L =0

repeat

substitute value of HTi for value of tuple;
L=L+1;

until i = L

end if

end for
merge duplicate tuples and accumulate count;
calculate frequency of each tuple;

if frequency<F then

eliminate the tuple;
end if
store GDB;
end

L5 5



43 74 97 299 78

N AZH AE o= B F=Al] A% 5 F2

) QEAF3E SPU2 J55E QA B8
S5 5, IS 2 T

MEE FA7IBR SAAFE »,
A EAEE O@ieltt.

3. £y 2T &Y

é«l FTE Allsle Wil BAEA A
= 2 A% 43, 23 Ed % 7|AERs
*1 AREBHE AR 05 2F[9], BFEA o]Eo)A9]
= éZ_ Z4x AL uy Bol e, olF HH ol
J wbo] e WA QoA $gslER
17], £ I3l e o] We ARSgi
ARFAE kF 7R e AR Ued e
I E =25 (Entropy)E YEFd 4 ot

E(K)=27, Plog,(1/P)=-37, Plog,P; @

7IM P S92 K7 AHEIRE KA AX|3k=
vl golt}.

&4 x7b | XGRS £4%E AR, Z9s K7t
&4 X2 Al A k2 RS A9 Zug
EX)e o3t 2t}

}XJI
!‘1

.I[n

._'

—

EX) = (5)
714 ESye X, 549 siA 2929 3 71X
€ 3% 3l AHI%J@ S8l BEzely, we 7R
2A g3t 2t
Sl Aol Ak o] 4
Kol A e] ApeE o] 4
AR KX S X2 2R 2% =g o
8] 53 JHF gain(X)y= 1:]—41L Ao N
gain(X)) = E(X) - E(X)

Wi*E(S)

VV‘,:

©)

Iy S AR 0|58 AR eE Hrleh] ¢
3 gain(X)S TSI 440 Fo= Sx)E thew
7o) A ejginy.

S(%) = gainQyVERK) ©)
A7 SEoe 098 178 ke S sl
o, 1] 7Hess 49 2awrst =0 24

o] FFE Bol Mtz £ 4 Yot

4. 2f=dz 4 S

4.1 2j=Al
AL 248 B7}5(indiscemnible) 2§ A 2] Fe)2

235

F 1. 2% Holg

U a b [ d e
1 0 0 1 0 0
2 1 0 2 1 1
3 1 1 1 0 0
4 0 2 1 1 1
5 1 2 1 0 1
6 1 0 1 0 0
7 1 2 2 1 1
8 0 0 2 1 1
2 A" BXNBAE 7|Eo=2 dll]. B Al

A Qi A4l drlo) ofd Quish 739} BAS
SeEe sk gl thle] AgFEclhe gl
2 Agen

£ AP A7 A2d Se vhes el B
BH
§={U, 4, V}
U= {xls x2: e xn}?_]_ Q@:H-Z]‘o/‘l %ﬂ’@?z}
A=CUDZEA, Ce 27%74, D 2344

V= U,edpol¥, e &4 p3 399

g8 Bo] U={l, 2, 3,4,5 6,7 8, C={a,
b, ¢, dj, D={e}, Va=Vd=Ve={0, 1}, Vb=Vc
={0, 1, 2}d W, AR A A=HS F 19 722 F
A3 HolEE vehd = Sith

PC4, xx€UY W U9 FXZA RS {(x, x)
EUXU: for every pEP px)=px)E Attt
2]. &, o = 47 PM peEPY p(x,)
=px)°l™ x2 x= $AIH, xo T3 W&
k& EEg}

PSRol® MNP E3F 8424 INDP)E E3
3t pol) thet AlBEIs AAR goi11].

S={U, 4, V}ollxl U8 82 xoll sl FX|3A
Re] FAEHELE 49 718l &, xcUd
W), X9 R-5AGY (positive region)y> THF 7o|
gelhni1l.

POSyX) = x€U | [x]:CX}

=, 2GR AN RS AMgalel WY xel Aa
2 3] EREe 4AY el
POCRAN, R4 o= A2 Pl KO<k<1)T+g

FTHE W, TET e USF 2] A"l

pry

!P 0SHQ)|
T a

k(P,Q) = ®



3 WA % A5

2¥3}3] =84 2000, Vol. 10, No. 3

k=108 Q= P ] &, 184 o
W BRAow F&olth pPE AR, 05 ARS
Aolgt & o, K= P, %1 2R HolEe F2
gt g 4 ok 47 S5 ARFE I

A

gl

9] FHAZE AHAT &4 AHe) JEeEE
ol-g-Hr}.
42 &4 Z&

-
=

ARTHE AZRloA £47ke] FAE A3 B
2a% £4-8 A o8 AAFeEN 7Ersie
F Aot £4 228 B993 &4 AAsl AA
£A7T 22 F4 FEE Ze J49 B 24
Aoz AoJgHs]

S={U, 4, V}olx A=CUD°)x BCCY d,
POSHDY=POS3..,,(DEYH Dol sl &4 pEBe B
o] &1 Q (dispensable) £4d0]x, 18A] gtow H
8 (indispensable) £do|tt. RE peEBt 8 &40l
H B= Syolth

53 &40) 3 Al&HA Edgsioid 9 A
ZHY FEAAY GRS FA YA 73 ALY
A AAE = Aok DAl giF ¢ol e g £33
ol €Y coreZ, £4 HAHAM AAY + Ye &
doltt.

CORE(C, D) = {a=C| POSAD) # POS¢.y(D)}

72 BXWA RS HFNT|A] gomeg A3t x
St FoAE POSX)= WA @¥=tt. ol Z
2 7N E 3] A AN EE Xl &
HE 259 Ao wsk gorz e &4
Agug 7A5g AMeshe AL o 7+43% 4443
< A F UL vF)

H 1904 C={a, b, ¢, d}, D={e}¥d W,

POSAD) = POSc.(u(D)
POSAD) # POSc.4(D)
POSAD) = POSc.(D)
POSAD) = POS.4(D)

Y2 E CORE(C, Dy={b}°Itt. W&tH Z5e] 7FsA4
< {b}, {a, b}, {b, ¢}, {b, d}, {a, b, c}, {b, ¢,
d}, {a, b, d}, {a, b, ¢, di%ltl], °1& BEF AN
R (b, ¢}, {b, d}Te] Dol UF] EHoluE &
RED(C, D) = {b, c}, {b, d}°Itt.

il 2AE R 7EL 3 22 -9 BEF
ol gt A5 7Feed g ARk 3k, ol A
FA AZF BREE /M B ohg), B #4EF o
= o] 7Fg T AR AEF 7t vk A

o olez e 2

236

et wen, B3 7P

2, & AtolMe BE 792
€ (heuristic)dt WHoR & =S FoYe
£ AMg-3iT) o] WAL Cercone[1]2] ATE 7]
2 g AR 7P T2 A5E Zohr] faiA
e FaE AR REIYS #As 7P WA

o
rlo ok [ 3ol

L

T

‘

2oz YYIE $47YE A4 pRo= ww
ig=

2He 244 WP 2RS4 B
core £XE FEITL core £ XFsh= £49
ZY o3l AES Adeke JEEH PHe A
£33}, B dFdMe ANt 2848 8 TS5

g AR WY
S={U, 4, 1},
AAREA DY FE5E7F KC, DY

AHE-Rt.
=CUDIN =187
=

X3
A4

KC-{a}, DPI¥ e=Ce BIo3 Y 1¥9x] ¢ow
¢ £4o|82, BS(, ¢€BY 1 T AL 1=

3 BE €9 Sl
kB, D) = KC, D) and KB, D) # KB-{a}, D)

&4 5 daEge daeEa¢ 2ok

=
1=

4312)E4 Attribute_Reduct
mput: GDB, C, D
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output: RED / * & FHFH %/
begin
generate discernible matrix from GDB,;
CO = core;
AR = C-CO; /* AR: 92 SAZTE ¥/
calculate significance for each attribute &=AR;
sort AR by significance;
RED = CO;
while K(RED, D) # K(C, D) do/* 735 B4 */
select next g; in AR;
RED = REDU {a};

AR = AR - {a};
calculate K(RED, D), /* F&% ALl ¥/
end while

N = [RED}; /* ZE5AYS] 44 v

forj=1to N /* EZQ &4 AL %
if g, ¢ CO then



A4 77 24 A2de 7Y A A oI5 2 =alel o9 B¢ g

RED = RED - {aq};
calculate K(RED,D);
if K(RED, D) # K(C, D) then
RED = REDU {a;};
else AR = ARU {a;};
end if
end if
end for
merge duplicate tuples and count;
end
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