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ABSTRACT
Classification is one of the important issues in knowledge discovery and data
mining. The goal of classification is to define the characteristics for each class in

order to predict if a previously unknown object either belongs to the class or not.

In general, attribute data type can divide into two groups: numerical and
categorical. Numerical attributes are very common in real-world application. There
exist a large number of classification algorithms, which handle categorical attributes
only. Therefore, the process of the descretization is an essential task for data
preprocessing in knowledge discovery in databases (KDD). But during the
discretization of numerical attribute, some information hidden in the data set can be
lost, we will proposed classification algorithms can extract classified rules with

numerical and categorical attributes simultaneously.

The first step of this project is based genetic algorithm to develop more effective
classifier (GA-Classifier), which handle numerical and categorical attributes
simultaneously than traditional classification algorithm—Decision Tree (C4.5). The
second step of this project is based a novel evolutionary algorithm (Ant Colony

Optimization, ACO) to develop more effective and efficient classifier than



GA-Classifier and Decision Tree.

Keywords: Data mining, Descretization, Genetic algorithm, Ant colony optimization

BN

RS OSBEFTERIp FRA O FILE RS TR %fiji"’}/iém,
T OB EETARRTS E L EF liimﬁi%’-f“’ T EEE
:Ff‘%%friﬂ‘? FARF R TR TR AP A S R T R R R L A

,’;’ﬁ#jﬂ’, * m.r‘r'«e,\‘b“i R e ¥ L img ﬂhklﬁrﬁ'ﬁ%t']'lﬂ"lﬂﬁl _t{mlﬂr# erp]{
;’g% 7;| E’f"]’?‘f—'—jﬁﬁ""ﬁ * mF( :TL o Bl B B 7}"*7}‘#’5 méi/ﬁh-}j)“k /ﬁrz,}tg/{dﬁ_j}_tﬁ? %;IL b‘T_é‘_
Moo F LTORFEM T E G T B -

Cabena(1997) % & F R 4F ¥ Eo-L 5 % dvif > § seenT AR~ TAHE Y
Fed enidr 0 TR BN TR AR g

Hall(1995) % & F 35 2 £ 4L FehFR 2 pd AL pfhs e
Fadr o 5 & RSB RA R -

Berry(1997) % % T 41 45 8 % £ 3% 5 7 b chftjiv » 4o F 424 F * (Data
Visualization ) ~ #% % & % (Machine Learning ) ~ $t3* (Statistics) rEE
B (Databases) 1 j&f ~ FAHRE ¥ ZTEMRPA NS H s L E b
et

FHRFLT L ST mE T L F LR bl 2 AW CHBRT
R h S RAEE S £ AR TREFER Lomg R (Knowledge
Discovery in Databases, KDD) § ¢ - @3¢ o S < R¥ 4 &7 < 4 3
[Bruha, 2000] :

LB RERFER TR Y X8 02 REAAM T DERTR R Y OF
ALIF B P o

f?ﬂfﬂf‘ﬂ‘:ifﬁ‘i’{? °

FREORT R AR  SHPETAE Y 7 - RS LRIRER AR Ak

od WA B AP EFTHEF Y > BHEOTHREYUT A ES LM il

CEEEA] e BT R LAY ¢ P e ) TR GE AT o

By Lo 2 O RER L Lo oo

LT SR S A L L R

FdE o i H RRGEE TR B andvah s TG * chdri o~

&“m

2

FTARFES M TERY 7 %4 2 T fE[Collard, 2001] @ 7k 4 fcts it



( Description ) ~ 4 #f ( Classification ) ~ i i& 4 47 ( Association Discovery ) ~ "8 &
# ;% 4 47 (Sequential Pattern Analysis ) ~ i Fxﬁ?‘ (Regression ) °

GAT Y AR AFH TR LT E o ft?% T o
AR - B LR GET R AR ND PR R EF - B m**f“i"ﬁ@)""ﬁ
ER R R Xl S N ) m’Fle,lA,\ IR EPAR i 2 3
B> H A8 F L IF-THEN 2B » £ 4e™ #757 o

IF <sihif 4> THEN <#fw|iF B>

A-iE N d Bk 23 (terms) TS > & - BigiE S | BIEF Y 2
%(AND)@—M—@W—M SAF R Bt T 5

B o ,{4'\1% * 'ﬂ mﬁ,ﬂé ’F‘. » IF-THEN snavids £ é ’7/;(\ e ﬁ‘iﬁs? H % fi ﬁ"iﬁé T
Ei A '"L""fﬁ- °

- R B FAMITRR S e SR 2 S HEE TR G AT
% % AT (preprocessing) BAEY M-H HEcEH LA T 0 2 B E 1T FOoRE b
15 EBA R A e AR B A e 2 g g :,wv;vwh?«’“?ﬁ:i
FOONT ML T AT E LR - B AWIERIC i AR TR
S R T ARATECE A TR > B A SRR D B o

¥

Z~FZPn

AR B G N R R R A REAERID 2 A e P T ()
A TR R A mwﬁwmﬂm WFH 5110 AR

Bro AHI R A A BIFE S S - FEBENATFEZ (GA) 51288715
AR AR A TR R 0 sa S S K A B e g B 1 B i
(Decision Tree, DT)4# cia 58 & o % = P RA4395 40 B PR A M 853%32 35 (ACO)
WA e P AT B E ) 2 AR W) ]F‘ﬁ‘flﬁ’%\‘fﬁgg’l VL fd R W2 A uE

Frxb i R o

B

Bave 337 5 %5 Y (Machine Learning, ML) 1 & A i * ¢ & SE L > 4o ©
AR A SRR ATIRE AW AED RV AR i ET B
HipBEA AT 4 P 2 AR A PTR S EE SRR E I R
23 %% hlg H[Clare, 2000] ¢ o B b RBHAS HHCE A TS F AR L
(Knowledge Discovery in Databases, KDD ) 1% #1% ¥ &2 (preprocessing) i
F2. ¢ & * g4z £ (C4.5 Discretization)#-H gz g A T4 » 2 6 L 1% 7 8



2 (CAS)E (TP F B o 2Ra & el B3 TR 2 0 20 g g & R L E R
FORL§ ¢ enF R 4 [Bruha, 2000] 0 970 s e F AEATHCE ] TR T 8 (7 AR
FBeo F b A R RREA P PF AIR B B A T B A A TR e R H e
AR 5 2 44 (black box) 2 i 41 ehi & SR A R fu“%ﬂﬁﬂ 5T
NEEFERBERUZ G 28 iﬁ%"ﬂﬁxéﬁ#nh 4 gk, LAk B Y B*F’“ﬁ&v\ °
AP S VRS SRS R SR R S mA\z‘e;ﬂE/H 2 E o A AT E R T
LR T R T A SRR ehE P F\»’"E‘*/‘ TR TR R B ea e R P

B3 FRF SR v gAY AT &2 8 B 4 4 B [Congdon, 2000][Bandar,
1999][Lopes and Pozo, 2001][Fu and Mae, 2001][Pozo and Hasse, 2000][Shin and
Lee, 2002][Bruha, 2000][ Noda et al., 1999][ Fidelis et al., 2000] > 4p i < )I?%%iﬁg 1 *
AFE BT A Ffﬁ AUED FES AR A - RETE R ATFE 2
FFES AR ALLF SRR A S TR R g gper
R g P FGE Y R BEE R B A - T R A FRE A R
W RER AR S iR ’*'J*.#»'ia“a v HERTE o e PR LSRRI N et
BAEE BB R NEN (=) REF Y P52 B (AND) © 3T & kiR
AR AT AU TSR TROBITE 2 b
HP| ¢ At EFE B e )k H_j\m;z o ABEFE Y P ELR AN LiF AND
R

- ATFLREERT NS EHMFTL 2R

C - 1] ,a\ d __ » 3 E‘ﬂ ’:"‘
ey & g;’i;i P_\ cpaEg | TR g
# i g
Noda et al. 1999 o = AND -
Bruha et al. 2000 AT = AND -
Congdon 2000 e = AND --
B e A | a5 s 3
Fidelisetal. [2000| % 3gfzit A AND --
g ~N < p— ~N
P 4 f e A | 5 sl 3]
Hooea 2000 #dEct | FE | FH AND -
<.=>| =
P 1 J‘:"-‘;—,I ED
. N ol K SR STES 7
Shin and Lee |2002| 7 3E4zi BoR PR AND v o
P P LS

gd A- T U fRR Y ATURE 2 i A 4 hA #f 4o 4 2755 (IF-THEN)
H %IL F}ﬁk s, rﬂu. §o B HA TS 2R ‘?4}’ Pk N BELR LM
N RO Tl 2= L i = B U en S



$53% 7235 £ d M. Dorigo 1996 7 = % % g * ffasz ﬁ—*‘:ﬁtéd K32 (TSP)>
PILAT gt s H s NP-Hard B 38 0 4o @ 2R4H4E50 32 f‘f‘k;ﬁﬁ’d it 48 (ATSP) ~
= FARBIF AL (QAP) »J-\lfk#%zﬁ%‘(ﬁm)lz£ ﬁﬁ%kinﬁi‘(VRP)
FAFEHDM)ESE o H ¢ 7 R B5RIZHA > T4 A 47 508 Parpinelli & 4 - %
i Parpinelli ¥ * & $f#c® _:t] 7oAl 2 B 41* gica & (C4.5 Discretisation)#-2 47
SEFUA T R F R F B L B E PR TR (=)0 2 2 B
(AND) = F]pt e h 3t 5 % = & R BRI 5 Ap e o - iﬁ*%ﬂ%i}e’ﬁf - 27 9%
Foo PELRI RS el R T e PR RIR B iE 3] 2w 3] TR

g

Fo EPREUATIREZFLALAY L A EET TN T
A H A B ARG RAR TR TRACDT R SR E ] TR R e )
EFRW (=) MEAREN () G RIEY FH 8 N A TR G )R
WS )AWER () F3 (=) MER RN (F) G EER B I
PIEF Y BN BT T 2B (AND) 288 (OR) HEeiEd - ¥ ¥ 516
B RGEE B BEE Y B E R B S BN EL S HE - PR
A R hlcp > Mg ii—?f;ﬁ % o B fs# GA-Classifier 4 %f % »z? B 3L
AL E -La‘;ﬁea Frbgiie AP AR H RediE S (JAVA) K - B A 255 »i @
Sk 33 B XA Fr eh GA-Classifier e

% = GA-Classifier # i 3P

) =R ol
wiw  |FEHTRA wparon (amsen
=N X
B | Fgwldl
! kL
GA-Classifier | # #t#c i ki <f*> AND - OR
< z=|= =
p— \#

# Fliw & % (genetic algorithm, GA) # % ¢ John Holland % % #% 1975 # &
Bk o 3 P 1980 & s A g RS At L F R o GA BT 4P
FORHE AT - B VRRDETNF (F2 ) EIr A BEH A A 4T
T - R e LR R G N L A R AR it GA KfE
FOAE 0 R MR AL P R S WS e 55 & i & Sk (fitness function) 5 &
RSB Ak SRIRE i i 4 0 AR E Tk v‘um'r* it %‘ﬁ o GA ¢ #-5 -
PEAERBERBFBIAUDN T - P £ EEFE A (recombmatlonal
operator) 2 A2 L BRI BT - R FH LR fgﬁiilg IPRUREVEURGRCE X
HfEe AR N A p RehA A BRI A4 L B4 DT
= R R R P IRTE BT A A R o



Bl- 5 GA fb% (A0 i f2 R NN 7 AR[2 575, 1996] » 11T 44
AL GRE

(1) =& &f RS 5ol -

(2) A& *Askpfa -

(3) =P it -

(4) 4o e ERHAFEA B 0 F 2 B EHBO) -

(5) BHFE A2 EE
(6) A2 FTENML > R fﬂﬁ%@) °
k&g RS K
(Fitness function)
S 75 (Encoding)
24 e O
(Inltlal Population)
P(t), t=0
I—— TR AR
(Evaluation P(t))

AT - REF RN
(New Generation)

Bl- ATFE2aEB[2RT, 1996]

I BERAHE

- EFFA R0 NedF S (JAVA)R - BAEE iR B, B
i #f(Decision Tree) ¥ i1 GA-Classifier - 5 7 i - # % 7% GA-Classifier 4 #f e
it o MRl E AT v A F R h3AT it g ¢ C4.5 discretization ~ Boolean
reasoning algorithm ~ Entropy/MDL algorithm - Equal frequency binning » & i& * =
# % 2% T4 E Cleveland ~ Australian ~ Iris 3£ {7 B|3& > B 373 Fe cnddg it Hpkst



AR SR PR R A 2 2 BIRETHEESRETRRP - A3 F 4N
& - B ﬁj‘iii i¢ * Five-Folds Cross-Validation = /& |3 w 6 47 14 Fopbeit -
WA RS R 2 B dw AT &I P PN T D0 SEAE RS o KA e ¢
AT U EAR Y 2 AT HOE 7 3] TR P s TR AR
AR EEDN 2R AHFES o B9 &% Cleveland FHE > & * C45
discretisation $jirers 55 £ Rd i &4 4 Australian T E > # * Equal frequency
binning Hikrens 57 % g i 5 444 Iris FALE 5 2 * Boolean reasoning algorithm
Frens i d b Feoips WP TR * A e adpigit :‘H:,H:rg 2% RARR r‘rJF\ 2

AT R E R AFEZFE- N FF R FAERL T EA L

BE -

2z FTHERP

TR FulA | AR E | TR
Cleveland 7 6 303
Australian 8 6 690
Iris 0 4 150
L A EBES
N Cleveland Australian Iris
BT P
C4.5 discretisation 43.9% 13.8% 6.0%
Equal frequency binning 47.2% 12.2% 5.3%
Entropy/MDL algorithm 44.2% 14.9% 6.7%
Boolean reasoning algorithm 44.6% 15.1% 2.7%

A %Je

Bandar, Z, H. Al-Attar and D. McLean, “Genetic algorithm based multiple decision
tree induction,” Proceedings of O6th International Conference on Neural
Information Processing, Piscataway, NJ, USA, pp.429-434 (1999).

Berry, M. J. A. and L. Gordon, Data Mining Techniques for Marketing, Sales, and
Customer Support, John Wiley and Sons, New York, NY (1997).

Bruha, 1., P. Kralik and P. Berka, “Genetic learner: Discretization and fuzzification of
numerical attributes,” Intelligent Data Analysis, vol:4, no:5, pp.445-460 (2000).

Cabena, P., P. O. Hadjinian, R. Stadler, J. Vehees and A. Zanasi, Discoverying Data
Mining from Concept to Implementation, Prentice Hall, New York, NY (1997).

Collard, M, D. Francisci, “Evolutionary data mining: an overview of genetic-based
algorithms,” Proceedings of &8th International Conference on Emerging
Technologies and Factory Automation, Piscataway, NJ, USA, pp.3-9 (2001).

7



Congdon, C. B., “Classification of epidemiological data: a comparison of genetic
algorithm and decision tree approaches,” Proceedings of the 2000 Congress on
Evolutionary Computation, Piscataway, NJ, USA, pp.442-449 (2000).

Dorigo, M., V. Maniezzo and A. Colorni, “Ant system: optimization by a colony of
cooperating agents,” IEEE Transactions on Systems, Man, and Cybernetics—Part
B:Cybernetics, vol:26, no:1, pp.29-41 (1996).

Fidelis, M. V., H. S. Lopes and A. A. Freitas, “Discovering comprehensible
classification rules with a genetic algorithm,” Proceedings of the 2000 Congress
on Evolutionary Computation, Piscataway, NJ, USA, pp.805-810 (2000).

Fu, Z. and F. Mae, “A computational study of using genetic algorithms to develop
intelligent decision trees,” Proceedings of the 2001 Congress on Evolutionary
Computation, Piscataway, NJ, USA, pp.1382-1387 (2001).

Hall, C., “The devil’s in the details: techniques, tools, and application for database
mining and knowledge discovery part 11,” Intelligent Software Strategies, vol:6,
no:9, pp.1-16 (1995).

Lopes, F. M. and A. T. R. Pozo, “Genetic algorithm restricted by tabu lists in data
mining,” 21st International Conference of the Chilean Computer Science Society,
Los Alamitos, CA, USA, pp.178-185 (2001).

Noda, E, A. A. Freitas and H. S. Lopes, “Discovering interesting prediction rules with
a genetic algorithm,” Proceedings of the 1999 Congress on Evolutionary
Computation, Piscataway, NJ, USA, pp.1322-1329 (1999).

Parpinelli, R. S., H. S. Lopes and A. A. Freitas, ”Data mining with an ant colony
optimization algorithm,” IEEE Transactions on Evolutionary Computation, vol:6,
no:4, pp.321-332 (2002).

Pozo, A. R. and M. Hasse, “A genetic classifier tool,” Proceedings 20th International
Conference of the Chilean Computer Science Society, Los Alamitos, CA, USA,
pp-14-23 (2000).

Shin, K. S. and Y. J. Lee, “A genetic algorithm application in bankruptcy prediction
modeling,” Expert Systems with Applications, vol:23, no:3, pp.321-328 (2002).

IR ORTEBFE 2R AT A REFEZFE AP R A1 1 ey
TR L~ 0 1996.

P EERAE

A E S - EA BT Re2E 2 (JAVA)R - BASESE e @A g B
A 5 HHE Fr e GA-Classifier > #* GA-Classifier #-it 7 #ic#c @3 TR K RT >
PR alEed@fuiFfl -pntdRFEREFH PR L BT



GA-Classifier 25" %38 2 - 2\ HRF R S P> T 2 p w e R 722444

AR ELRE A A AN AR AT E SRR
Beii @ AMFEERFIBAFEMI 2 AR - T > 52 Fiiely E2t
¥ &gy rgdd eV P EEHF VAR ER G R APH S22 4
R fzpangERipyg X LRDTHRFLFIT B ’Q—Ei"fl;\jim)ﬁb IF
o RS E A R afeNERN A 2 B EE RS



