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Y v9 ~ Y 9 Y v 9 A v 1 @ 3
ﬂ"lii]ﬂﬂf}ll"l]@?;ljaLUJTJFITLILﬂEJ']ﬂuGL‘]f Fuzzy L“B@]iuﬂWiﬂﬂﬂQﬂJﬂlﬂHa Tﬂﬂmlayjmmazmmmﬂu

a1%n 1§nnn 1 nguluszauanuduaundniivandaiu Taedld X =

{Xl, X9, X3, e, XN} FHudavesdoyatiau N fignsanguliifiuaingnves C =
{c1,¢2,C3, v, e }udr1CL UC, UC3 U L.Cp = Xuazn GG N G = @
e 1 # j Widlussuaweld nquieyaiuewdundudeyaiimuiendu foyaii 1§anms

~ Y ] @ J 9 [ dy Y 1
5UN 2.3 maﬂnmiﬂﬂﬂamauaaﬂymzu"lmm Fuzzy

G Ll U

TanquieyanuumUNeINULdAs Iaas

C-means Clustering
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2.2 é’fana%ﬁuwuqmﬁ (Genetic Algorithm: GA)

o a o <3 o a { o aw 2 a

@aﬂﬂiﬁuWUﬁﬂWﬁ W%'ﬂ Genetic Algorithm lﬂu@aﬂf’]5ﬁl]ﬁinaﬂ\1ﬂ1333@1u1ﬂ15m9\3ﬁ\1ﬁ%3@§nﬂ
o o a o [ ¢ s

ﬂg]GUﬂﬂﬂTiﬂﬂ!aﬂﬂWﬂﬁ‘ﬂW¢ﬁﬁim%’]@] Qﬂunﬁu@ﬂﬁﬂlﬁﬂiu% f.7. 1975 Iﬂfﬁ]'ﬂﬂu gouLlaua [6]

GA gnih I lsuatdymlunaten s Tasmwizedssalymndgs liliaumsvsedanesinlu

Y 9y 1 ]
ﬂ"lilLﬂﬂﬂJW”lhlﬂ’f)EJNLmu@u

< a : a J
GA pngnuouilumatanilalumsdun (Search) voslyailszAvg (Artificial Intelligence)

A @ VR~ a = 1 A A v . =
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Computational Intelligence wennil GA duilumaiiausnvesdanesnuiszinn Evolutionary

Computation N

2.2.1  Tunoulu GA

9
Q/ %

o Y A
YUADUNITNNIUVDI GA 'ﬁ”lll”liﬂﬁ?ﬂllﬂ \Tglhﬂ 2.4

Random Number
Generator

Evaluation

Selection

-

Crossover

b

Mutation

GA Operatinni

New
Population

Termination
Caiteria
Satisfied?

No Increment
Generation

d‘ J o
517 2.4 09AdsznoUAZMITNUVDI GA

UG

d (Y] a (Y
2.2.2 ﬂ\iﬂﬂi$ﬂﬂﬂﬂlﬁﬁﬂﬂﬂﬂiﬁuwu§ﬂ1i (GA Components)

~ s Aa o v o 2
1Nz 2.4 sfisznovves GA ansnesuswoduvila Al

1. m3yadedsemnsFudu (Initial Population)

Y3291n5 (Population) FUAUVBITZLVY GA ADIEAUDY Individual IAeiuaas Individual Ao
Y

Solution ﬂJ@QﬂﬂJ‘H”I MILUNUAIYOY Individual H3® Chromosome ﬁu@gﬂuaﬂymmazmimm

an R Aa = Y . . A ' v ' ' Y . . A

Vo9 I5rHentenAe ¥ Bit String ¥30A1 ‘0° 1A ‘1’ @061 1Y 1F 8-bit String tWOLUNY
o & .. A A ' Y 3

ANRA1A AIUU Individual Nnataiga  o1vawnsaunua1 lailulasTuTaw (Chromosome)
.. = Y A Ty v

“11111111° uag Individual Nna1atiooNgaervawnsounual lailuTa TuTaw ©00000000° N3

J 1 | A A A ]
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(Y (% a Y~ o 1 9 A [ 3’, dg!
AIDNHIUASAUAVTIUTY llﬂllﬂ”li‘g]ﬂ‘lﬂll”llmuﬂ11?151%10]1%[1&%1(?11914?11! NIHYULNUENHUE

ewe

g
= ~
NUUADUN

v 9y v .
Ty ld GA egluvmziiu Tas TuTsunlidnyuzduuennn 0’ uaz 1’ nuneda

a 2

v 9 A a X . 1 A g @ v W SAq Y @
FUFDUNISINAUVUINN GA operation ﬂ1iLL‘VILlﬂ"ITﬂiiui%umﬂu%ﬁmﬂmjﬂﬂyiﬂNiﬁlﬁuﬂu@ﬂ

T [71,18]

2. M31szdiua (Evaluation)

a 1 o v X g’; dy @
madsziiiunndunszurumsdingnizuaumsniees GA Tuvuaeuil Taslulesy Nodaz

ya a

pnisziiumauauiia lag 15a9Nison Fitness function Moz Tas TuTsy dqlalinuauiia

D.

1 ] o ' o 1
auinalanazaumsunmsmu e luguda lduinualyvy mMseeniuy Fitness function #
= o A 1 49! " v a Ao o kY (= . . A
winzay lulivanmsiudueuiuegnusssunanunmawnlayn 16l Fimess function laf

awnsald ldnunnau

3. M5ABNAST (Selection)

madendssnemsduun Ias Ty Teunangausiuiunil ioilaTomalv s TuTaudndl

vada A v wa
ﬂmﬁuu@ﬂﬂ ‘JJImeﬁﬁWlfJﬂmﬁ‘JJ‘U 51]’?)\1@’31]11!!@\1 (Trait) ]’hJEN Generation ﬁﬂbh_] ’J‘ﬁﬂ'ﬁﬁu\ﬁ/]

lg}/d A

Heonl¥fonsgu (Random) LANILMIRENAIIAITHOARGOINUAMANLIAYDIAAE InT Tu Tarw

& 15y drlas TuTaumi 1 SpaauiaiannTas Tulsusad 2 udr TasTuTaudi 1 aasee

9
[ Y

A ' o A =2 A Yo ' Aan A
Qﬂlﬁ@ﬂﬂ”lﬂﬂ')'ﬂﬂii‘hjﬁ]ﬂlﬁjﬂ 2@\‘]1!‘1«!%\‘1 IZJJ ']Lﬁl!'f)')‘ﬁﬂ”li!ﬂ@ﬂﬁiﬁLL‘]J‘]J@]'I\‘]‘] BU IBTNIILEDN

LL‘U‘Uﬁ:lI, ﬁﬂﬁ!ﬁﬂﬂﬁiﬁ!mﬂ Elitism, ‘ﬁﬂﬁlﬁ@ﬂﬁﬁilm‘ﬂ Roulette wheel [6] 4194
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4. asoalonos (Crossover)

J I o w o = o A s A Y ~
ﬂi@ﬁi@i?@j!ﬂuﬂ§$UJUﬂ1jﬁ1 ﬂ!J, NOUNUNIUDY  GA G]Nlﬁ;ﬂﬂigﬁ\iﬂlW'ﬂa§1\1ﬂ5$%1ﬂj N

9

1aIN1a1wd M5y Generation @01l 353N liae lay TuTruazgnidonindiuiumiienn

ﬂ ~ A Aan A A S 1o & Y A o 9 =
ITFININUDY ’Jﬁﬂ”li!ﬂﬂﬂiﬂiI?JTQﬁJLW@ﬂTﬁﬂiﬂﬁTﬂL'JﬂSIINﬁ]”ll;ﬂ‘l!@]’f]ﬂﬂﬂ’:]n\lcﬁﬂcﬁﬂu AN

U

an

VoA g & Aa ¥ ¥ a e 2 Yo A A V1
quidonituIsmaniliten]s 101IUBUA (Gene) voelns IuTautivzgnladnu ooz lagu

an (Offspring) e luinazaslihilu 1szns 1u Generation Ao il
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a PPN Y o a o dy
manamMsasod lonosnionlenuil 2 35 A9l

]
an

. 2 ' < vy ¢ Y =
- 1-Point Crossover: 35M3tazualas Ty lasueanidlu 2 d1uae 1 yansea1aod LI

uaazdumveaaz Ins TuTauuladnuie 19 1dgneanun



#29819 15U 81 Parentl = 100|101 1@z Parent2 = 110100 tipyimsnsea lonesiuudd a
whtudenioanune | aldgniiialnaiflu Offspringl = 100/100 1182 Offspring2 =

110101

. ax it ' I J Y 4

- 2-Point Crossover: 1435M31i1n3 IuTauazgauiseenidlu 3 d14Ad8 2 yAnsed o183
Y =2 o Y 4 a g
udrvaiims lvdnlaeuduanu

@ ' X 44
AIDYNIBU '[?ﬁ Parentl = 100/101|110 48 Parent2 = 110[100|111 Tﬂﬂ 0’ Hﬁﬂ\iﬁqwu‘ﬂ‘ﬂ

4 a X 4 o 4 { a 13 .
msasod Teneszmaiu Wehmsnsodlonesuad vz lagninaluiilu Offspringl =

100{100/110 118 Offspring2 = 110[101|111

5. HAABU (Mutation)

a v A v =\ s A A
Haadunenszuumsnaieiuguedlas inlesy  Taslgallszasaiioinnunainnaleves
{ 3 v v 3’, =) v 3 { v
sznnsnszuvadniuluguaen 11l duasuiivaswiluiissnmsnasualulas TuTouves
o T oA = da! o o oA A 42' da{ (Y 9
MUMINNYAE@ENIUL TN ILHINNgNEoNYUNIVURgNUAMNEIVEY Ias Ty Taude Tu
dy 9y a g’/ A ~ 1 ] <3 I A A 9 .
WosdumsiuasuaomIlasun wu 910 <0’ 11w 1 wazan 1 Wy 0’ lunsainld Binary
. . ' o Y a o oA A & o
Bit String unuA11A3 14 Ty (70819 91 1 Parent = 10011101 LAZALHUIN 5 gRIAdNNDNIITN

Hundu dariu Tns Ta Teu1nui 1dAe Offspring = 10010101

Ay
2.3 ITIUNIIUNINEYIVOY

msdanquioyalaelfinaiinues  Evolutionary Algorithms gnilwnldlunaten aumide
Aao 1 dy 9 o a Y A Y 9 [ a R
155UNTINURINUIA1 IagnTIusImmaziIMs Ins 1z deauasdoaosvesdanasiulu
1 as = g’./ Y 9 o a ' .
usazas 13 [9] amnqm"l,ﬂagﬂuazuuauﬂmﬂuﬂeumgmaz Component Tu Evolutionary
. Yy Av A a d% 1 9 an 1 [ A o 9
Algorithms T3¢0 adteiinaduansogoulslaratey §a wu anvazauinillls
a . . A 9 a a e’dy 1 = an 1
matalu  Evolutionary Algorithms 01% a4  ludngrtinusivenannsludamsunua
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Tn5 Tu 191 (Representation) Wodvlall

2.3.1 Label Based Representation
msunua1Ias 1y Tgunip Label Based Ame11904 a3 Tu Tawvz Hunaminuswivvesdoya

Z ' o ' =2 o 1 9 A =
Nanualy Dataset Taguaazamniavedlas IuTsurunedadinritiavedtoyanod 1u Dataset 9

'
v A

9
aTunsazdumianiug ¥uneda Label ¥04 Cluster 1514 S190yad27 1 — 4 gninog1u Clusterl

U



9 o A v 1 9 o A [ ]
WoyadIn 5 — 8 gninedlu Cluster2 tazvoyadIn 9 — 10 9nIALY 1Y Cluster3 1A Ty Loy

1 3
annsagaunua lallu [1111222233]

Ao 3 a ] 1 { a a a v
v [10] 19 GA Wumaiinlumssangudoya Tasdeyanldmadeuilszansamluauide
) = ' ) "y oy A s ¢
tiludeyainiunguusdoyaogudd Toyadn1uznMIRUVDIBIANTANY 46 0IANTYN
o Y & o 2 J = Y = J A a a
s galuswouil 21 esdnslianuzduazasuazdn 25 osdnslanuzniamstulng wa
mMsnaaeei IaSeuieuny Traditional Clustering (Average Linkage, Single Linkage (g

Complete Linkage) WU ¥ Error 18 Hit Rate NANN

@ I a 1
GA tingnlfiilumatialunisn Optimal Solution ¥991lRy¥1 59WD9A1 Optimal ¥4 Cluster A28
I o @
Taelu [11] 1% Sum of Squared Euclidean 111 Fitness function ¥94 GA Laz¥in15NAaeeny

9 . = Y o Jas 1 A
VoUa Crude-Oil %QiﬁﬂﬁﬁW‘ﬁﬂﬂﬂ’)TJﬁﬂﬁﬂl@ﬂ K-Means

9 1 v
UoNINY GA mgnﬁmﬁ:}mu K-Means (fiodinilszaninmuazaanarlumsduiumsves
{ . Y )
GA [12] ey [13] UNUTN Crossover Operation Y939 GA A78 K-Means U938 German Town Data
.. o 9 ~ Aa A 1 . ~
(GTD) ttag British Town Data (BTD) Qﬂumﬂﬁmﬂ%ﬂumﬂuﬂizﬁ‘wﬁmwazmn GA Hybrid %

Y
Qﬂﬁwu1uﬂﬂ Evolutionary Strategies (ES), Evolutionary Programming (EP), GA (18g Alternating

Y
S o =2

. a Pl Aa
Best-First (ABF) Iagmatiannaunuu1lnn Accuracy 1001

2.3.2 Centroid Based Representation

Tumsunua Ias TuTeuuy Centroid Based YoyauaazdiuviiavedIas uTsuunuinaves
doyay Tumsvangudoyaluszuin 2 5@ TasTulaw [1.5 2.5 105 1.5 5.0 5.5 lFunuiing
VDIAINUYDA Clusterl ﬁi]ﬂ (1.5,2.5) Cluster2 ﬁfgﬂ (10.5,1.5) t1ag Cluster3 ﬁi]ﬂ (5.0,5.5)

3ty [14] MmatianmsdnsiaTaTuTwuuuy Centroid Based tWold lunsdanguioyais

U U

1 Attribute 110 Foyaxiagiam gniunldlumsiszidiulsz@nsamves
H v Y

A o ao Ao 9 A A o A @ A Aa Yo O fl
Tlsunsuiinaue audseldsldldmatianiuauetiswnumatanideuldnunlileds k-
A o o o Y Ay & A A A v
Means 1o U5uwaansgamenlann Ga Wlumamulszd@ninmlagsmvesszunaie uud
nemslfulialszaninmuesmssangudeyameomaiinues GA dgniiuaue lagauite

Y 1
[15] Tasam3dei 1@ nauomaiiniizendn Self-Adaptive Genetic Algorithm for Clustering 118

o a a A 9 =S [ =< 9 A [
u%ﬁuaﬂﬁﬂ1'§ﬂ'§$!3Ju‘ﬂﬁzﬁVI‘ﬁﬂWWUHﬂJ@NﬁEﬂﬂWWLﬂfJ’JﬂLlﬂ‘U [14] “Nhlﬂwﬁﬂi‘l”IW’f)Glﬁ]iﬂﬂﬂ’N

U

uenandeyasiazinmuds mstanqudeyanimatiswelns TuTwunny Centroid Based 69

gmiun1dlu [16] vazld)sz@ninmmsiangudeyananii :inmslideya Vowel Data, Tris

Data a2 Crude Oil Data (3i91N81N U K-Means
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2.3.3 Medoid Based Representation

@

Y v
Tumsunua Tas Ty Twuiun Medoid Based  Wudoyauaazdmmiaveslns luTauunudaod

4 I o ] o A
yosdeyalugadoyaiiolfiiluaaumu (Prototype) Y09 Cluster 194 [1 5 6 9] Wueddoyadan
9 9 3 o
156 uag 9 vIyatayavzgn I uANUYDY Cluster
u39e [17] Hmatinues GA tietden Cluster Prototype §1151 Hard C-Partitioning 91n403a
4 = s A Aa P . . . A
MHUA Iﬂﬂui}ﬂﬂizﬁﬁﬂmﬂ‘ﬁ”l Cluster NUA1 Within-Group Square Distance Criterion NANYA
Aa A a d’ ) dy = (% Aa A d‘ Y

UszaninmvounaiinMinauelignufieuieunuilszansamin ldvin Hard C-Means a2
Random Search ‘]Jusli}m;!ﬁ Goldfish wunl¥matianyinauelvia Within-Group Square Distance
da o
nann

1 . v Aq Y& ao AL o %
Maunua 1as I Tsunuy Medoid Based 890 1vmiuluaniae [18] A%ainer GA unlsegna

H Y ]
Dissimilarity neluudaznguiioeiganou 11niudaimnsy (Hybrid) 11 GA tWedansnuy
[ Y

ﬂtlul‘m Local Optimal 11019NAYUNY Local Search Heuristic wamimamﬂu%ga Gene
Expression 91494 2 gailonfiouiiounusanes nuanymzifeanued1n GCA [19] 1az RAR -

v 9 v 7 [ v 9 Aa
GA [20] W‘U'NulﬂWaaWﬁﬂ'l'iﬂﬂﬂQiJ"ll@llacﬂﬂﬂ31

U



YN 3 Adaptive Genetic Algorithm Approach to Clustering for

Numerical and Categorical data

Y 9
v A

&’ dy 1 = a Aaxy A EY a A A Y v Y o
e luuniinandunatiauazdsmsnezlelulassnuided  matanlaiuldusaivaiala

1 Y
A o =2

119179aN03NY Diana (DIvisive ANAlysis) [21] AWmL1YU Ias Kaufman and Rousseeuw 1141

I 1% a ) [ 1 . . . 1% ]
1990 Diana L‘]Juaaﬂaiﬁummmﬂﬂqu%’agmmu Hierarchy — Divisive ﬁmmsaﬂﬂﬂqwﬁbga

a o A o Y = o v 9 A v ad .
lmmmuua:mqaﬂymzllﬂ C]Nlfl’ill13E‘T"I‘Vii‘]_l"'IJi’)lquﬁﬂiﬂﬁﬂﬁi?ﬂiﬂﬂ‘ﬁiiu%imﬂuLL‘]J‘]J Hierarchy

E4
Aav

v Y
uasoteyaduluafinuluimivern limungdulaseafnimuell  Tassamideseld

]
Y

[ a R dy g a . o a o A I Y
AUDANDINVUVUNUVUNUIIULUIAADIN Diana Tagrunatinves GA 3J”I‘].Ii$falﬂmW’f)11/i“lﬂNﬁ

4 v g Y o '
smadangulugluuy  Partitional e luunidszneudieiidondng ldun  Divisive

Q

ﬁe

ANAlysis, Similarity Measure, Genetic Algorithm Unit, Adaptive Genetic Algorithm {QEHUINI

ﬂ?ilﬁ@ﬂ‘ﬁﬂ«!’lu Cluster NHWZAY

3.1 DIlvisive ANAlysis (Diana) clustering

9
HUIAANITNINIUYDY  Diana uu@ﬂu11ﬁﬂﬂﬂﬁllﬂﬂﬁ’]‘u@iwiiﬂﬂTiLﬁElﬂ ﬂﬁ']’)ﬁf)ﬁluWﬁﬁﬂ

A =< A~ o Y o a dy a A 3 1 ~ @
NITIUDIN LN maummmmwmumﬂimﬂmu FUIFNAUNUANUHTUANNGTA ISLUINAIDDNN
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ES y o 1 a { { a <
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) v a3 9 3’; 3’; A A o Aa AaA a <
ﬂa”IEJﬂ‘Llﬂi]g1/]38’088186]111’0’0ﬂ"lﬂﬁ]1!ﬂiz‘ﬂ\‘m\‘]ﬁf’N‘Wiiﬂ‘milllﬂQﬂJil”l‘L!’JuﬁﬂJ”lslfﬂ‘VlﬂJﬂ’ﬂiJﬂﬂﬁ/iu

H Y Y ' v !
NAR10AYU AITUTUADULTNUDINITHINUVDY Diana AOMIAUITNNTANULANANLINNAGA L]0

Y @ o 1 A a 49! Y [l o 1 9 Aaxy . ) o 9 A
Glmﬂumwnwumﬂqucl,wumzmmu AIVYNNTIANAUAIYITUDY  Diana d1HIUYAVDYAN

Y
Y

Y32A9UMY 7 Samples a1xsaaad lanail

v 1 Y
#9159 Distance Matrix (A laosue 13 luindon 3.2) vesdoyana 7 Sample Asaaslu

A
M1 NN 3.1
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M15199 3.1 Distance Matrix

1 2 3 4 5 6 7 Average Distance
1 - 0.45 | 0.57 | 0.49 | 0.48 | 0.31 | 0.77 0.51
2 1045 - 0.38 | 0.61 | 0.79 | 0.76 | 0.36 0.56
3 1057038 - 0.67 | 0.69 | 0.63 | 0.46 0.57
4 1049 | 0.61 | 0.67 - 043 | 0.55 | 0.46 0.54
5 1048 | 0.79 | 0.69 | 0.43 - 0.54 | 0.90 0.64
6 | 031076 | 0.63 | 0.55 | 0.54 - 0.81 0.60
7 1077 | 036 | 0.46 | 0.46 | 0.90 | 0.81 - 0.63

l i ] v
1pIENAY Samples NNA040E 11 Main Group 911U Sample NiiAUNALUDI Distance l1/§ann

A
J . ~ A Y ' Aa ' . =
@111 Main Group 3J1ﬂ‘1/]Qﬂﬂzgﬂuﬂﬂﬂﬂﬂllﬂmﬂﬁiﬁﬂ@uiﬁllmiﬂﬂ’ﬂ Splinter Group %3910

A ' o A A = . A A = Y
1971990 3.1 WU Sample AIN 5 UANURAYUDY Distance HINNTAND 0.64 iqu]ﬂLLEJﬂ’E)’f)ﬂ]’l‘]JﬁiN

Q

. ~ 9 a o~ v A ° ) a . 2
Splinter Group NsznouMIedNFNNEIAUASIND (5) mldaundnlu Main Group ¥i® 6

9 v
Samples AD ,2,3,4,6,7 NUUAMUIUNIAUNATUOY Distance EHIN Samples ‘nﬂm“l,u
. g . ' . 9 1Y d' Y d'
Main Group ale Splinter Group Q&3 ¥ 319 Sample 14 Main Group AYNULIDY o lanunae

9 9 v
Distance 114 2 ﬂ1!,LE%J’J%?QﬂOWH’Jﬂ!ﬁTWa@N"U’ENVNﬁ?NﬂW ﬂdll’dﬂdllﬁlﬂanﬁﬁ‘ﬁ 3.2

! ! 9 H
A15199 3.2 WaA19AUNAY Distance 551319 Main Group 0¥ Splinter Group UUN 1

Sample in Average distance to Average distance to main
main group splinter group (A) group (B) poa
1 0.48 0.52 0.04
2 0.79 0.51 -0.28
3 0.69 0.54 -0.15
4 0.43 0.56 0.12
6 0.54 0.61 0.07
7 0.90 0.57 -0.33

' , , , ' ) ' ' o ' o 2 P
910913199 3.2 WU HAANANRAIVDI Distance NUINNFAUVDI Sample N 4 AU Sample T
= 9 . v . ° Y At a . A g
999nd1991n Main Group 1183 Splinter Group vl Tuaniiau®nu Splinter Group iy 2

Sample Ao (5,4) LA ENIHN 1Y Main Group 11199 5 Sample Ao (1,2,3,6,7)
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A o g a A ¥ & Y v Jdo =
LHOMATUUUABUANDNATIN LN 5]3llﬂNaaW‘ﬁﬂ\ulﬁﬂ\iulmu@niﬁlﬂ‘ﬂ 33

v i v f
M13197 3.3 HAA1NAUNAY Distance 551319 Main Group 48 Splinter Group VU 2

Sample in Average distance to Average distance to main
main group splinter group (A) group (B) B-A
1 0.48 0.53 0.04
2 0.70 0.49 -0.21
3 0.68 0.51 -0.17
6 0.55 0.63 0.08
7 0.68 0.53 -0.15

9 Y H [
NVUABUUNLI Sample N1 6 YNAANANURNAGUDI Distance ¥HIN Main Group a2 Splinter
~ o ¥ Jr g ) . o . 0 q.¥ .
Group NNFA ANUU Sample UIIYNYIYIN Main Group 11 &4 Splinter Group 14 Main

Group NauFnmaeng 4 Sample Ao (1, 2, 3, 7) wazau1¥nlu Splinter Group HauFnmiu 3

Sample Ao (5,4,6)

i deishiuneumugisn Sample siazd1u Main Group nazgnnuasthe1da Splinter
Group UN5EHUIOHAMIANRABTZ1 IS Main Group 1@z Splinter Group 9NN Sample 1u
Main Group tponMAUInIoAARLTIMgANIIENAGY nnfedadeduiiienaansrihiay
HadNE N 1&fe Main Group 92MADaNIFN 2 Sample A9 (3,7) uaz Splinter Group HaINFNT I
5 Sample A0 (5, 4, 6, 1,2) M3¥1191UVYBY Diana mwqmﬁmgmﬁw%ﬁuﬁuﬂmsiwnmwiaz

{ 9 @ 1 1 a v
Subgroup ﬁl!ﬂﬂ@@ﬂlﬂlmﬂ] %uﬂizmzmgmazﬂqmwﬁaﬁuwmﬁmm@m

3.2  Similarity measure

< o w { a @ ' { .. .
Uszpudngidesinsanlumssanguideyadio msamwnsoNzuenaumiou (Similarity)
A ! ! NS 9 ' o Yy & A am
NIDANWUANANNTLHIN  (Dissimilarity) "llméuﬂu”almazﬁﬁllﬂ@&lwuli BINITLADNITNITNN
.. . Y 9 Y v 9 Ao o o @ Ty Ao & A
Similarity ﬂ’f]\‘]sl?iﬁf]ﬂﬂafJQﬂUﬂi$Lﬂﬂm@qmayaﬂﬂWQ\jﬂgﬂ’]ﬂ'ﬁ%ﬂﬂqyﬂjﬂ Glu\ﬂu’Ji]ElulafJﬂ

FMIves  Gower dmSugAToyAITIANBUZIAZYATOYANHAUAUTZHNUTIAN YU AT

=

° . A d ax R Aa .. . 9 .
91UIU (Mixed-Mode) LU’ENﬁﬂﬂL‘]Ju’JﬁWu\‘W]uEJﬂJﬂf,:{ﬂﬁl,uﬂﬁWW Similarity Vadvuoiatiuy Mixed-

Mode ttaztdon 14 Euclidean distance d1%5Dyad0yaidas 1y
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3.2.1 Gower’s Similarity Measure

o v A 14 o an . . . o o
mumsiiiestoyaininenaasuazingda ldiauedsmswl  Similarity  dmSugadoya

. Y any o an 3 ax £ Aa ° Y A
WYL Mixed-Mode Wane3saeiu 33msved Gower Huismsnilenioniianldiesn
Similarity ¥09gAY0YANUD Mixed-Mode 198 Gower 1At uauoaunIsN511 Similarity 1311
[ A
[21] Haenunsaesuienaduvllld aail

dmsdeyaBednyae d1W150%1 Similarity 1daeaunsi 3.1

— \'P 14
Sij = Yhom1 WijkeSijie/ Zoe1 Wijik (3.1)
1o

. . . ! 9 o A . . @ o VoA
Sijk - Similarity 521719903229 i waz j lae vudmlsdumian k

1 4 1 @ o A [l
Wik = Hanilu o emvesdans k ludoyadai i nie j Tl

Y

p = Snudlsdeyaednyuznrue

S PA] S A . . J o A o A v a1 g Y
SijkﬁlgiJﬂ”IL']JLl 1 NEIDIUDAIUDN 1 1ag ] uumuﬂsmtmum kK UANHUDUNU B UUULIAD Sijk
=~
AU 0

dmspdeyaBasiuau anson Similarity laaaunish 3.2

_ |xik—=xji
Sy =1 - S (3.2)
4 : . _ v . 4
We  xp Uegxy = VI i 1AL j 1A VUAYsArUen k
1 9 o ?X’J Y
Ry = FvedvoyauuaIls k niualugadoya

(Y 1 o . . . ax Y o dy

AIDYWNITATUIUN Similarity Tﬂﬂ’)‘ﬁ"ll’t]\i Gower LLﬁﬂ\‘lllﬂﬂQLl

= o a . o = 4 Yy v 2

NATUIVDYATUA Mixed — Mode “'IJf’NLlﬂﬂﬂHTWﬂigﬂﬂﬂﬂﬁﬂﬂlﬂHaLWﬂ niamay 01y Lag
V) v =R A Y @ =) 1 [ A v 9

ﬂil!'ﬁll‘IJ@]“]J@QuﬂﬁﬂHTVI@ﬂQﬂiiﬁuﬂﬁliﬂuﬁﬂﬁﬁﬂﬂ%igiyﬂi%iu@nﬁ"lﬂﬂ 34 W‘U’mayjammmz

o =K 3 9y a o 9y = 3 9 Aa o A

mmuﬂﬂﬂwﬂuﬁuaﬁg’mmaﬂymz Llﬁgsllf’lial‘mﬂﬁﬂlﬂﬁﬂLLﬁS’;@TQLﬂHﬂJ@HaL%Qﬁ]”Iu’JuVIﬂJGIfTN‘Ui’N
A A ' 9 A

NIARAYAD 1.5 UAZTINVDIVOYADIYND 17

d‘ 9 v K
M1319N 3.4 Gll’f]lluﬁuﬂﬁﬂ‘HW

# Gender GPA Age Qualification
1 Male 2.8 28 Engineer

2 Female 3.89 29 Engineer

3 Female 3.2 28 logistic

4 Male 3.7 34 IT

5 Male 3.12 40 Science

6 Male 2.5 27 Art

7 Female 4 23 IT
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a2 9

Mndoyah laansafmuium Similarity szuNainAnyIaud 1 uazaun 2 mudaunmsi 3.1

Y
Yo A

g 3.2 1daatl

2.8 — 3.89|

1+1+1+1
v o .. . ! @ 4 <] .. . .
HAIINATUIMUN Similarity ig‘ﬁ’ﬂx‘luﬂﬁﬂ‘]&ﬂﬂ\‘] 7 ﬂuﬂiﬂ!tﬁjﬁﬂﬁWNﬁﬂﬁ%}N Similarity Matrix

_ 28-29

I1x0+1x|1 17

+1x1
= 0.55

S12 =
o R ?,‘, Y o d’
VDIUNANYING 7 ﬂuvlﬂ ANFNI NN 3.5

A15199 3.5 Similarity Matrix Y091{naAnu1

1 2 3 4 5 6 7
1 - [055]043|0.51)|0.52|0.69 023
2 1055 - 1062039021024 0.64
3 1043(062| - |033)031]037]0.54
4 1051(039]033| - |057)|045]0.54
5 1052(021(031(057| - |046]0.10
6 1069024 |037|045|046| - |0.19
7 102310.64|0.54)|054|0.10]0.19]| -

4 A o a a oRqy N I
e ldsunsuivinaus luInerdinust 19 Dissimilarity Matrix #30 Distance Matrix A9
D = a o . v A
91091 Similarity Tuasan 3.5 ansarlaewidu Distance lavnaunish 3.3
di,j =1- Si,j (33)

M13199 3.6 LAY Distance Matrix V89U nANIE1N 1@91A Similarity Matrix 14m1319% 3.5

A19199 3.6 Distance Matrix U9IMNANE1 A1875U99 Gower

1 2 3 4 5 6 7
1 - 0.45 | 0.57 | 0.49 | 0.48 | 0.31 | 0.77
2 1045 - 038 | 0.61 | 0.79 | 0.76 | 0.36
3 1057 0.38 - 0.67 | 0.69 | 0.63 | 0.46
4 1049 0.61 | 0.67 - 043 | 0.55 | 0.46
5 1048|079 | 0.69 | 0.43 - 0.54 | 0.90
6 | 031|076 | 0.63 | 0.55 | 0.54 - 0.81
7 1077] 036 | 046 | 0.46 | 0.90 | 0.81 -




16

3.2.2 Euclidean Distance
awv dy . . Y A o . . A g9 I Aa o
Glmmaimu Euclidean Distance gﬂi%twaﬂwuamm Distance Matrix L‘JJ’E)GIJ’EJQE]L‘]JMLGHW”IM’JM

‘91’/ o Y A
MINUA Tﬂﬂﬂ”lu'.lmllﬂil"lﬂ quuNIIN 3.4

dij= JZ;cl:l(xik — Xjk)? (3.4

Xy U0g Xjy = M3 i wag j 1aq vudlsaumuei k
o 1 . i Y . . 9 o = = Y
NIDYINNITH Distance Matrix Tﬂﬂl"]ﬂ Euclidean Distance VDIVDYAUNANY 7 auNlsznouae
) d' v A
“Ui’)?;ljaLﬂiﬂmﬁﬂlLﬁ%ﬂunﬁﬂQVlﬂ (11!@]151\1‘1/] 3.7

M151399 3.7 Yoy ansamasaze1gue NNy

# GPA Age
1 2.8 28
2 3.89 29
3 3.2 28
4 3.7 34
5 3.12 40
6 2.5 27
7 4 23

] v Y
INAUMIN 3.4 Distance IeHNWINANMIAUN 1 1Az 2 150U Tanall
di, =+/(2.8—3.89)2+ (28 —29)2 = 1.48
A o . 1 = Y ) Y . . [ PL
IWDATUIMYT Distance IEUINUNANHING 7 AUATULLAN ilzllﬂ Distance Matrix ﬂﬂuﬁﬂﬂﬂiu

A
AT NN 3.8

M15199 3.8 Distance Matrix ﬂlf)\iﬁﬂﬁﬂyﬁj"]ﬂa‘% Euclidean Distance

1 2 3 4 5 6 7
1 - 1.48 0.40 6.07 12.00 | 1.044 5.14
2 1.48 - 1.21 5.00 11.03 2.44 6.00
3 0.40 1.21 - 6.02 12.00 1.22 5.06
4 6.07 5.00 6.02 - 6.03 7.10 11.00
5 12.00 | 11.03 | 12.00 6.03 - 13.01 17.02
6 1.044 2.44 1.22 7.10 13.01 - 4.27
7 5.14 6.00 5.06 11.00 | 17.02 4.27 -
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3.3 Genetic Algorithm Unit

o J o J (% @ 1 a
ABMIINQUUDY Diana gniimniszgndsauny GA Tumsdangudoya Tagldimatiaves GA
IWOIADNAMNUYDINGN (Prototype) TUTIUIU Cluster MMM AN 1WOF319 Splinter Group LN

A . d' a ) d' as dyﬁ} (% 1 d' A
M3tAenuUY Diana No5u1e 13 luiaden 3.1 Jmslidoyaszgninnguain Prototype Ngnidon

U u

o Y v 7 ] VoA Y A v ~ " a3 o w g’; = 1
M?L!ﬁ%“l/l'lclﬂWﬁaWﬁGU’ENﬂTii]ﬂﬂQ111/]”1@’8']gclugﬂllﬂﬂW'liﬂ‘]fuu@aﬂUllllﬂua’]@ﬂ“b’u JgaIvYALA

A3

[

[ a Y =
ATAIUVDN GA f]‘ﬁ‘iﬂflllﬂ JU

3.3.1 Iaslulau (Chromosome Representation)

[

9y 1 v
Tas T lsnly GA wealasenudseilitlunuy Medoid based aanldoTuieliliniaden 2.3.3

v v
a v

Y
anuenvedIas T lanluamudseiiududeseniensuiluazdesmvua Iz au

v 9y ] v )
Tas T lsundunu lvwinedamsEuduues Cluster Manuin B9z liszuy GA ldnarlu

a9

[ ! v 9 o ~ a =
NITIANYTUUIUNIN Glu‘i/n\i@i\‘lﬂuslnll ﬂflﬁﬂ']ﬁu@IﬂjINIW?JV]&T?Lﬂuqﬂ 1803 Cluster LTHAY

A 1 ddy =2 [l o VoA 9 d’dd%} k4
VIIJﬂJ‘L!"Iﬂi‘Vi‘EIJu iuﬂsmuwmﬂmszuu GA i’)”ﬁ]]lllfﬁiﬂiﬂﬁ]ﬂﬂqMVILT?M”IS?T%J%”Iﬂ“lI@ZJaVIﬂJ“]Jullﬂ

U

9
[ Y [

a dyd [ 9y A o U 1 o
gy luInsenuIvetvesmrua linue1ve9 1as 1y Tsulens1dIuILHI199IUIU Cluster (k)

[

9 Y
Az IUIUVBITOYANINUA (N) Al

k X2, N < 200
L= {(k x N)/100, N > 200 (3.5)
A108193U YUIAANE1V09 a5 T TauRidoansiie l99anguuesgatoyauuIa 500 Sample
191311 3 Cluster fio L = E23%9 — 15 FananganunauiBngan 1 -5, 6- 10 uaz 11— 15 13u

100
Prototype Y04 Cluster 11 1, 2 1@ 3 AUa1A U

3.3.2  vinavesilszrins (Population Size)
ruReIRuAIANNEved Ias Tu Ty Tuauveslsznnsluudaziu navesiszanng) i

P v R AY A Y Y1 A A9 A ' v
@ﬂﬁ%ﬂﬂﬁuﬂﬂﬂﬂ\iwﬂﬁﬂlﬂﬂllﬂfnﬂ!ﬁiﬂgﬁll GUIHWU@Qﬂﬁg%Wﬂﬁﬂu@ﬂlﬂuqﬂi]gvlllﬁWNTiﬂﬁiN

[

anunarnvateld  luvacivnalszannsnnanulyd  semldszuy A ldnarlums

' v
o~ J Y

Uszurarawuwnuly Tagluinantszdunae ldnadnsnanin asiuvuavesdszsng (P)

v

dmiulaseaudtsgndmualiiiludadiuvestiuiudeyananua (N) dail
50, N <500
P = {(10 X N), 500 < N < 2,000 (3.6)
200, N > 2,000
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a Jd v . .
3.3.3  WeuuaWanyu (Fitness Function)
o { 3 1 1 1 3’; 4 I
waand Ins T Taugnadevulunaaz jundr Ins TuTsumanivez Idiieiu Prototype Tums
1ANQUALMANNTIREINY Diana Ao Sample 1AAZAI9$810991N Main Group 1183 Splinter
Aa Yo o A J A . Y A A Y 9 A v A K
Group N1# Ind@iuiiga (Aundoves Distance touiga) 1o ldnguuesdoyangniniiouios
9 o ' [ 1 ) d v a
dmSunaaz Ins IuTsuud¥eaunsaiananiwvoaaas Ins Iy Tsudroiauaiensu Ao
d v I o o 1 aw g
Wandu1dinms1diln Clustering Criteria lunanenmanymz lumsdangudoya luanidei
A 9y . . . A Ad Aa ) [ o Y '
nonly Clustering Criterion W‘LNTIL‘]J‘L!TMEJNﬁ”lﬁi‘]Jﬂﬁ’JﬂﬂmﬂWWU’fN Cluster Lngﬂi%m”lﬂ’t)u

T [22] 905010 1A Aaaunsn 3.7

Fitness = ZF=1(Dinter(Ci) - DIntra(Ci)) (3.7
&
¥\)3)
Dmtra = Distance JEUIN Sample nﬂ@‘f’ﬂu Cluster C;
Dinter = Distance FENIN Sample nﬂéfﬂu Cluster C; aléa Sample 5unﬂ

o A v I a
a1 1318l uasn¥nued Cluster C;

9 v
[ 1 [

A91UA Fitness NNNNAZROUDINITANGUNANTIT AI98191TU 91N Distance Matrix TUA1519
A Yy 9 (% U o = o A I

1 3.1 91AeINIIANGUTIUIY 3 Cluster 1a8T Sample #2991 1, 4 wag 7 11U Prototype V04
Cluster 91 k1, k2 uag k3 awaiay a21a 1as I Teunlanuenuminy 3 uazl@ Splinter Group
AIN1T 19N 3.9

A15191 3.9 Splinter Group FUAY

k1 1
k2 4
k3 7

Y v
NUUMUIUKIAUNAYVOS Distance TEHIN Sample unazal 1y Main Group lunag Splinter
= ) U ~ s = Y 9 ~ [ ~
Group FI0INHAMSAIUIUNLN Sample 1 6 AunaslUds k1 Wesnga dwaasldluaisid
@ 2’_, 3 o a A g o
3.10 #44Y Sample 13990818910 Main Group 11/ k1 tazyih 14 k1 Samnaiudlu 2 @1 fe (1,6)

£l

v [l 9
A15197 3.10 ANRAYUDY Distance 11/64 Splinter Group VYULTN

Sample Average Distance
in main
k1 k2 k3
group
2 0.45 0.61 0.36

3 0.57 0.67 0.46
5 0.48 0.43 0.90
6 0.31 0.55 0.81
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D.

v IS)

1 Y H v
WoMUINIDUIANBNATINDI Sample 7 2 ARGV Distance 1167 k3 tiosNganian

A o & o At ) o o q ¥ ~ a A g o A
1&“@131\1% 3.11 994UU Sample @]’Ju’ﬂﬂﬂﬂﬂ”lflllﬂflﬂ k3 Llag‘ﬂ1iﬁ k3 llﬁll”IGIfﬂL'WllL']JLl 297900 (7,

2)

v v 9 v
A15199 3.11 ANABUD4 Distance 1163 Splinter Group Vuh 2

Sample Average Distance

in main

group k1 k2 k3
2 0.60 0.61 0.36
3 0.60 0.67 0.46
5 0.51 0.43 0.90

] v
= s 1 =

' Y ]
Lﬁﬂﬁ"m’Jm&tﬂﬂ!ﬂﬂaﬂﬂﬁﬂﬂ%Wﬂ’ﬂ Sample AN 3 UAURAYVDI Distance llﬂEN k3 ﬁﬂﬂﬁq@ N
a v 3 o At ) o 0o q ¥ o a A g
Llﬁﬂ\ill@ﬁu@niﬁ‘ﬂ 3.12 #NUU Sample @]’Juil\igﬂfﬂﬂ]’lﬂﬂﬂ k3 il Cluster HUaWBNNLAIY 3

(J

A . A A A o oa A o A
A7 AD (7, 2, 3) 1AL Main Group Ha® @UIBNINGIAAUAYIND Sample AIN 5

M ] 9 ]
A15199 3.12 ANRAV4 Distance 11/63 Splinter Group YT 3

Sample Average Distance

in main

group k1 k2 k3
3 0.60 0.67 0.42
5 0.51 0.43 0.84

¥y A

1 v Y
JugameiiofMuIUMIAURAVOL Distance 531319 Sample @27 5 11 Main Group 1'l1/gann

. 1 I ~ Y o A ~ [ ~
Splinter Group 4agWUI1 k2 11l Cluster n1na Sample 1990 5 UINNFA fauaaelalumsan 3.13
[ ?:}/ dyd 9

a1 Sample H39gndo’ll k2 vl k2 HaunFaiiudlu 2 dade (4, 5)

v ' ] '
M13197 3.13 ARA8UD4 Distance 1163 Splinter Group VUM 4

Sample Average Distance
in main
group k1 k2 k3
5 0.51 0.43 0.79

v

paansganen lannmssanquie ki = (1, 6), k2 = (4,5) 1o k3 = (7, 2, 3) uagilomuiama

Woanaun1in 3.7 1d192 14 Fitness 1M10U 16.46

3.3.4  DM51AdNAI5 (Selection)
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i, Elitism: 35mastazshmany Tas Tu ey Aanga S waunianedy dszans Tn
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Tu Generation o0l stiivedlosnumsgapdeas Tulaunanga liiiioannmseh

Crossover ‘Vﬁiﬁ) Mutation

Y v
ii. Roulette Wheel: TunszuaumsAa@oniul Roulette Wheel # Ton1d# Parent 9290

A lé! L% 1 1 1 A d'd
1APNIUBYNVAN fitness VO sz 1A3 1 Tww na1dne Ias IuTey NUAT fitness 1IN 92

IS) A J
‘JJI@ﬂ”IﬁQﬂLﬁ’E)ﬂiﬂﬂﬂ’J”l

E4
iii. Random: 35M3H Tas TuTay vzgnidenuuugu

d
3.3.5 nsoalones (Crossover)
a P Y a o d’}d . . Ay
matamMinsod 105N 1% 11u91UI8UAD 1-Point Crossover Hag 2-Point Crossover 35N13V0N
v Y H 1] Y
13 2 malail ldeTuenazenatedna 3 luiden 2.2.2 Tasdoulvlumslduaazimaiiniiueg

Aumsisu asu Tnuaves GA n'ldesunelilusiaden 3.4

3.3.6 HUATY (Mutation)
A q ¥ o o A 1
LW@UliJﬁlﬁﬂWiﬂNWuéUf)\‘] GA G]ﬂJGlff]uLﬂﬂvlﬂlﬂﬂuﬂﬂWﬁiJ’JL@‘Hu‘Vlcl“lfﬁluﬂu JIYUADNITHY

(Random) 1 fums aafi Idesnenazendieda 13 luriatedn 2.2.2

A o
3.3.7 Nf:m"lﬁllm‘i‘ﬁQWmiﬂN1u (Stopping Criteria)
A 0 Aa Yt ax ] 3 o o Yo
Roulumsvgmsinauues GA fenldina1e3s wu ldnaniluaidmua ldsausenlu
g . Y1 . ' ao dy Jax & Aa YA
MINAMUT (Generation) Hazl¥A1 Fitness ualulnsanuiveulsismsviiantionlsne gms

v Y
NAUIUDY  Solution ﬁ%meuﬁﬁwmmﬁuimmaz Generation ﬂﬁTJﬁ’ﬂ MINNIUVDITLU

A

= a A = o Y Aa
evgalelmsasuIvuansy 4 sey @’IUJN'E)HUI,EU"U’ENﬂ1§Ll]ﬁEJUI1’TlIWU’EN GA @Nllﬂ’ﬂ‘ﬁ‘]flfﬂl!

a

v 9
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3.4 M3USuA WM WA (Adaptability)

'
v A

. . I a & o o 2
Local maxima Plateau 118¢ Ridge (Hutfymanigfansamnaiuldlumsauminig T duiu
A o dsl =R o Y = = A 1 dy a o dy Y o
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= . [ 9 1 4 A [ o A
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¥y X gy A o . a A A
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M3199 3.14 THuan1siauues GA
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Crossover 1-Point 1-Point 2-Point
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A g A ' Aa

I { 1 3
Mode 1 — ilumsGuduuunugiuniag luTsunauregd Tomaadalns I lsunavusn la
A Y A 1 (2
Mode 2 — 1Wf3sutMiauns 14 lenanisgniaenved 1as 1y TsuauaNumMzauvoLnaza?
= 1 Y g Y v A [ ) di’ .
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dy A w 1 ] a 1 9 ]
Tu Mode timilounums Reset dauInavosszuudn Tasaanszamnsondilyriinms i
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au A A Yy . 3 . o @ o A
luau2veiiaenly Silhouettes Index [25] 1y Quality Index a1 IUHIIUIU Cluster NHUISTY
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Purity(C,P) = %Zk max;|C, N P (4.1)
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13197 4.3 wamslsoufey Purity Value

Missing Purity
Title
value GA PAM SOM

Wisconsin Diagnostic Breast No 0.91 0.87 0.85
Cancer (WDBC)
Vertebral Column No 0.72 0.68 0.68
Car Evaluation No 0.71 0.70 0.70
Congressional Voting Yes 0.87 0.86 -
Records
Credit Approval Yes 0.81 0.79 -
Cylinder bands Yes 0.64 0.58 -
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A Y A ~ J . 9y gl-'
1 3.3 a1 13197 4.4 1f5e0NeVAT Inter — Intra Distance ﬂjawayaﬂizm‘n Unlabeled 114 6 %@

M13199 4.4 #an51J5eUNeVAT Inter — Intra Distance

Missing Inter — Intra Distance
Title

value GA PAM SOM
Seed No 133,140.23 132,264.17 132,909.47
Stock Price No 4,154,977.415 | 4,110,586.23 | 4,109,644.34
Weather No 90.4 85.20 88.40
Solar Flare No 237,182.65 232,008.18 175,870.36
Dresses Yes 9,119.91 232.67 -
SIT Student No 1,202,798.50 | 1,190,689.83 | 874,436.49

4.3.3 mylsziivgadoya Unlabeled laalym McClain-Rao
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2 = .
9197 4.5 a3y McClain-Rao

Missing McClain-Rao
Title

value GA PAM SOM
Seed No 0.38 0.38 0.38
Stock Price No 0.32 0.33 0.32
Weather No 0.53 0.56 0.56
Solar Flare No 0.58 0.62 0.73
Dresses Yes 0.90 0.93 -
SIT Student No 0.57 0.57 0.91

4.3.4 m‘sﬂizgﬁuqﬂ%’aga Unlabeled Inal¥m Lack of Homogeneity
aiNTUTZiIuAUANMTIANGUILIL Lack of Homogeneity [1] WO1TBIHATIY Djpprq 919
uaed1@luaumsii 4.3

h = Z’c=1 Dintra (Ci) (4.3)

Dintra = Distance FENIN Sample nﬂ@‘f’ﬂu Cluster C;

Y H [
A9UA Lack of Homogeneity Ntoondudainelszansnimvesmssangudoyananin wa

9
msifFeuiiioy Lack of Homogeneity ¥04903a1321nN Unlabeled 1910a 6 auaad Ia aga1319

4.6

15139 4.6 #anN1511/58017 8D Lack of Homogeneity

Missing Lack of Homogeneity
Title

value GA PAM SOM
Seed No 592.41 588.78 587.32
Stock Price No 1,648.48 1,622.66 1,602.89
Weather No 0.59 0.63 0.62
Solar Flare No 30.76 33.05 46.67
Dresses Yes 102.09 106.93 -
SIT Student No 253.51 254.38 372.97
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Abstract—Acquiring a Master Degree is becoming a common
practice to ensure successful life and good career path, especially
in developing countries. Master Degree in Information
Technology is one of the most popular programmes with prolific
number of applications and students. This work has two main
objectives. First is to discover the number of clusters of
applicants and the characteristics of each cluster. Another is to
develop a Genetic Algorithm based Partitioning Clustering
Program. This is achieved by incorporating distance matrix and
its application in Divisive Analysis and Gower’s measure of
similarity. The Genetic Algorithm based Partitioning Clustering
program developed was proven superior to some common
clustering techniques.

Keywords—Clustering, Divisive Analysis, Genetic Algorithms,
Gower's Measure of Similarity, Master Degree in Information
Technology, Partitioning Clustering

L INTRODUCTION

Education is the key to the successful life and career path,
especially in developing countries. In 2013, the Thai's Office
of the Higher Education Commission reported that there are
more than 2 million students in the country currently studying
in higher education. Almost 10 percent of these are in the
Master Degree programmes and this trend is likely to increase.
One of the most popular Master Degree programme is the
M.Sc. in Information Technology. School of Information
Technology (SIT), King Mongkut’s University of Technology
Thonburi (KMUTT), has the highest number of students in
this programme in the country. Nevertheless, apart from
observation, there has never been an attempt to discover how
many types of applicants/students are interested in pursuing
the programme and characteristics that each type possesses.

This work has two main objectives. First is to answer the
above queries and second is to develop a partitioning
clustering program which incorporates Genetic Algorithm
(GA) in its process. The program should also offer an
advancement in clustering approach and also yields superior
performance to commonly known clustering techniques.

II. CLUSTERING

Clustering is one of the well known tasks in Data Mining
and Knowledge Discovery. Its definition is multifarious, from
abstract to mathematical oriented descriptions. In its simple
terms, clustering can be defined as dividing a dataset into an
intended number of groups whereby intra-similarity is

maximized while inter-similarity is minimized. [1].[2].
Clustering can be considered as NP class problem and,
therefore, several techniques have been invented for this with
various degrees of success and it can be domain dependent
too. From machine learning perspective, clustering is an
unsupervised learning method. Since clustering can also be
seen from several perspectives, leaders in the machine
learning had categorized clustering into various types
depending on different perspectives, One perspective is from
its outcome, which can be described into three categories,
partitioning, overlapping and hierarchical [2]. A partition of a
dataset X={x,X,, ....Xxy}, where N is number of samples in
data set and x,(i=l_ .... N) stands for an n-attribute vector, is a
collection C={C,,C, ..., Ci}, therefore, C, U Cou ... G =
Xis:

Partitioning Clustering, if C; m C; = @ for i # j. This is
often referred to as hard partitioning.

Overlapping Clustering, if C; n Cj # @ for i # j. This is
often referred to as soft partitioning where each object may
fully belong to one or more clusters.

Hierarchical Clustering, if partitioning cluster is a nested
sequence of partition, each of which presents a hard partition
of the data set into a set of disjoint clusters.

Applications of clustering are plentiful ranging from
finance (such as determining different types of investors) to
bioinformatics (such as finding number of suitable groups for
DNS sequences). Clustering presents an interesting challenge
to Data Mining, Knowledge Discovery and Machine Learning
communities and a lot is yet to be discovered.

III.  GOWER’S SIMILARITY MEASURE AND DIVISIVE
ANALYSIS

As Divisive Analysis and Gower’s similarity measure are
utilized in the GA-based clustering program in this work,
therefore, they merit a short description of each method for
ease of understanding of the later Sections which describe the
work in more detail.

Among several methods to construct proximities for
mixed-mode data, Gower’'s similarity measure offers
simplicity and ease of computation. In this method these
proximities are known as similarity matrix. For categorical
and binary attributes, a component in the matrix is given by :

i = TRy WijkSiji/ Tey Wik (1)
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where S is the similarity between the ith and jth
individual as measured by the kth variable, and w;j; is set to
zero if the outcome of the kth variable is missing for either or
both individuals i and j. S;;; is one when two both individuals
have the same value. For continuous variable this similarity
measure is given by :

Sij=1— |xg — x| /Ry 2)

where R), is the range of observations for the kth variable.

(i.e. the city block distance is used after scaling the kth

variable to unit range.). A detail determination and application
of Gower’s similarity measure can be found in [3].

Divisive Analysis is a clustering method. In this method,
an individual which is different from others splits out to form
a new group and some others may follow. First, a distance
matrix (also known as dissimilarity matrix) of a kind is
constructed, the one which average distance from other
individuals is highest initiates the splinter group. Next, the
average distance of each individual in the main group to the
individual(s) in the splinter group is determined. This may
cause individual(s) to shift to a new group of create another
new group altogether. This process continues until equilibrium
is attained. A detail description of Divisive Analysis can be
found in [4].

IV. [EVOLUTIONARY ALGORITHMS FOR CLUSTERING

In the recent years, there have been a number of researches
which propose clustering techniques that based on
Evolutionary  Algorithms (EA). There exist EA-based
algorithms for all types of data. A comprehensive survey in
this topic is well documented in [5]. In this section, previous
EA-based clustering techniques are briefly summarized in
terms of chromosome encoding scheme, as it is an aspect
which can clearly differentiate different approaches and their
intended applications. Chromosome encoding scheme can be
categorized into three types as follows:

A. Label based Representation

In this representation, chromosome is encoded into a string
length of N, where N is the number of samples in a data set.
Each position in the chromosome represents a particular
sample in a dataset. Each bit has a value from 1 to K, where K
is cluster number. For example, if a dataset of 10 samples is to
be clustered into 3 clusters and the cluster solution is the first
four samples in a dataset are grouped into cluster 1, the next
four samples are grouped into cluster 2 and the rest are
grouped into cluster 3, so, the chromosome representation of
this solution is [1111222233]. This chromosome encoding
scheme is adopted in [6], [7], [8] and [9].

B. Centroid based Representation

In this representation, the value of each is position of
chromosome is real number which represents a coordinate of
cluster prototype and length of chromosome is n x K, where n
is the number of attributes in dataset and K is the number of
clusters. For example, if a 2-dimention numerical dataset is to
be clustered into 2 clusters, a chromosome [5.0, 1.5, 10.5, 1.5,
5.0, 5.5] represents three coordinates of cluster prototype by

[5.0, 1.5] and [10.5, 1.5] are cluster 1 and cluster 2 prototypes,
respectively. The works in [10], [11] and [12] have adopted
this chromosome encoding scheme and cluster results were
found to be better than the results from traditional algorithms.

C. Medroid based Representation

In Medroid based representation, each position in a
chromosome represents cluster prototype and the value of
each position is an integer from 1 to N, where N is the number
of samples in dataset. For example, if a dataset is to be
clustered into 2 clusters, a chromosome [3, 5, 7, 9] represents
that sample 3 and 5 are prototypes of cluster 1 while 7 and 9
are prototypes of cluster 2. This chromosome encoding
scheme was adopted in [13] to select prototypes for hard c-
partitioning of unlabeled data. The results showed that GA
based clustering algorithm was superior than Hard C-Means
and Random Search in terms of within-group square distance
criterion.

To date, there has not been an EA-based approach to
partitioning clustering which utilizes in Divisive Analysis and
Gower’s similarity measure in its chromosome encoding and
manipulation of genetic operators, that is also capable of
dealing with both numerical and categorical attributes.

V. DATASET

As mentioned in Section I, one of the main objectives of
this work is to find characteristics of applicants and number of
types there are among applicants to M.Sc. programme. Hence,
there must be past applicants available for the GA-based
clustering program developed. Dataset in this work comprises
2070 applicant records from 1995 to 2013. Each record
contains many attributes, however, not all attributes may be
representative of any cluster which may result in. For
examples, intuitively, telephone number and citizen ID
number should be disregarded. Therefore, preprocessing in
this work is to remove all attributes which are considered
irrelevant to the outcome and to carefully consider those
which are. After careful consideration of all attributes
available in a record, eight are considered relevant to the
clustering. Their name, type and value are shown in Table I.

TABLE L ATTRIBUTES IN THE DATASET
Name Data Type Value
I'| Gender Categorical Male; Female
2| Age Integer Range from 21 to 51
3| Marital status Categorical Single; Married;
Divorced
4| IT related in Categorical | Yes; No
Bachelor degree
5 | Bachelor degree’s | Categorical | 7 different categories
major
6 [ GPA in Bachelor Real From 2.00 to 4.00
degree
71 Type of Institutes Categorical | 6 different categories
in Bachelor degree
8 | Employment Status | Categorical Employed; Unemployed
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VI.  ADAPTIVE GENETIC ALGORITHM APPROACH TO
PARTITIONING CLUSTERING

The GA-based Partitioning Cluster program developed is
adaptable. Its adaptability is described in the sub-Section VL.b.
The main GA unit of the program developed follows the
conventional GA operations, with chromosomes generation
being the most crucial operation. The number of clusters (k)
should be known prior to clustering. The sub-Section VI.c
explains the determination of the suitable number for k. The
main components of the GA-based Partitioning Clustering
Program and their operations are described in the following
sub-Section.

A. Components and their Operations

The program developed comprises the following :

1) Number of Population: A good number of population
(i.e. chromosomes) in each generation has to be a good
compromise between generating good variety and reasonable
computation time. The number of population in the GA unit is
proportional to number of clusters (k), and number of samples
available (N). This is set to be 10% of N, but no more than 200
if N is greater than 2,000.

2) Chromosomes Generation ; Chromosome encoding is
Medriod based (as described in Section IV, therefore, each
value in a chromosome is a cluster prototype). Once a
chromosome is generated, the distance/dissimilarity matrix is,
as used in Divisive Analysis, is created. This matrix records
the dissimilarity values. A component in the matrix adapts
Gower’s similarity measure, but it is the complement of the
Gower’s similarity value (i.c. 1 - S;; as described in Section
1L, since S;; is the similarity value). Hence, a distance matrix
is created for every chromosome.

3) Fitness Function ; This value indicates how well the
clustering represent by that chromosome is. Several methods
have been suggested to evaluate the clustering, this works
employs one of the most popular method and is also used in
[14]. As distance matrix is now available, determination of
fitness value follows the same steps as in Divisive Analysis,
Hence, the fitness value is determined by the following
equation.

Fitness = Tl Dinier (€) = Dinera (€)) @

where Dj,.(C;) is the intra-distance of cluster C; and
Dine(Ci) is the inter-distance between C; and other clusters.
Therefore, the fitness function in this work is actually the
measure of quality of the result from clustering too.

4) Selection ; Three methods of GA selection operators
are employed. These are, Elitism, Roulette Wheel and
Random, their applications are discussed in sub-Section VI.b.

5) Crossover ; The program developed employed both 1-
point and 2-point crossover methods, their applications are
discussed in sub-Section VL.b.

6) Mutation ; Random mutation is adopted in this work.

7) Termination criterion ; The program developed
incorporates an ability to change the operating mode, this is

discussed in sub-Section VL.b. The process terminates when
no improvement occurs after four changes of operating mode.

Several trails had been carried out to find suitable rate for
each GA operators until satisfactory ones were found. Table IT
summarizes the parametric values and methods used for the
GA based Partitioning Clustering program developed.

TABLE II. GA PARAMETRIC
Selection Methods
GA Operator Roulette
Elitism ‘Wheel Random
Crossover Rate 90 % 95 % 95 %
Mutation Rate 10 % 10 % 10 %
Reproduction
Rate 5% 5% 5%
Duplication Rate 5% . -
10% of samples (N,) but no more
?umll’c:. al than 200 if N is greater than
opulations 2.000

B. Adaptability in the GA-based Partitioning Clustering
Program

As mentioned earlier, the GA-based Partitioning
Clustering program developed is adaptable. The adaptability
in this work is the ability to change its operating mode (i.e. the
crossover and selection operations). This adaptability is the
attempt to overcome situations where the GA process
encounters the commonly known problems in searching, such
as local optimal, plateau and ridge. Adaptability in this work
comprises 3 modes. The process starts with Model and, at any
instance, the current operating mode is altered if no progress
(i.e. fitter chromosome) is found within 50 generations. The
circular switching of operating mode is : Model => Mode2 =>
Mode3 then it goes back to the initial Model and so on. Table
III shows the selection and crossover operations in each
operating mode.

TABLE [Il.  THE THREE OPERATING MODES IN THE GA-BASED
CLUSTERING PROGRAM
Model Mode2 Mode3
Selection s Roulette
Elitism Random
Wheel
Crossover 1-Point 1-Point 2-Point

C. Determination of the Suitable Number of Clusters

In clustering, unless the number of clusters (k) is specified
prior to clustering, there is no way of knowing what the best
value of k should be. Many have suggested various methods to
determine the best value for k [15], [16]. Each requires some
kind of calculation which is similar to a shorter version of
clustering. Nevertheless, none is proven optimal in all
circumstances. This work adopts the Silhouettes Index [17] for
its computation simplicity.
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Prior to clustering the dataset for this work, Silhouettes
Index was determined and the result was five. Therefore, the
target number of clusters (k) was taken to be 5.

Figure 1 depicts the overview process of the GA-based
Partitioning Clustering Program

Setto Mode1
Mode Slack=0

GA Based
Operations

Mode Slack = 0

i

Change the
operation mode

Increment Mode
Slack by 1

The Best Chromosome
is the Result

Fig. 1. Overview Process of the GA-based Partitioning Clustering Program

Mode Slack =
507 No

VIL. RESULT AND ITS INTERPRETATION

The GA-based Partitioning Clustering program was
applied to cluster the dataset. Several trails had been carried
out to guarantee validity of the result. The best result and its
comparison to other techniques were carried out and is shown
in Table V. Many researchers in this field have suggested
several measures of quality of the clustering results. This
aspect is discussed and the comparison is shown in Section
VIIL

Characteristic(s) of each cluster was determined by
analyzing which attribute(s) is(are) most common among all
samples in that cluster. Finally, Accuracy of each cluster is
determined. This is the percentage of retrieved samples in the

cluster which matches the determined characteristic(s). Table
1V reveals the result of the clustering.

TABLEIV.  RESULT FROM THE GA-BASED CLUSTERING PROGRAM
et Accuracy
Cluster Characteristic(s) of
(%)
samples
1 (Female) AND 472 100
(Employed)
2 (Bachelor Deg. in Non- 383 85
IT related) AND
(Employed)
3 (Bachelor Deg. from 395 78
Public Uni.) AND
(Unemployed)
4 (Male) AND (Bachelor 485 100
Degree in IT related)
AND (Employed)
2 (Bachelor Deg. in 335 73
Administration) AND
((Bachelor Deg. from
Private Uni.) OR
(Bachelor Deg. from
Rajamangala Inst.))

As M.Sc. programme under this study is operated outside
working hours. Employment status is an intuitive
characteristic and this works affirms this. Finding of other
characteristics in each cluster is useful to management of the
programme and its future sustainability. However, the
implication of the finding in this work is constrained by the
working culture, educational practice and the environment of
the country. Hence, further analysis and any new measures
that ought to be implemented from the result of the finding
may not be applicable to global educational community at
large but may be worthy of discussion in other forums (e.g. in
the social educational field of research).

VIII. COMPARISON WITH SOME WELL KNOWN CLUSTERING

TECHNIQUES

There are plentiful of clustering techniques, some are
available in a public domain software package such as Weka
[18]. It was also the objective of this work to produce a GA-
based Partitioning Clustering program whose performance
must at least be as good as commonly known techniques.
While comparison may include all kind of aspects such as
computation time, memory requirement, etc. They are not of
the main concern and, therefore beyond the scope of this
work, the quality of each cluster the program developed
produces is the prime objective.

A well known clustering k-means analysis is inappropriate
for the comparison. While it can be adapted to cluster mixed
data type, it is more suitable for numerical data. Two different
type of clustering techniques were selected for comparison,
these are Partition Around Medriods (PAM) and Neural
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Network. PAM was selected as it shares similarity to this work
in employing distance matrix. It is a well known clustering
technique which is applicable to mixed data type and was
reported to be more robust than k-means analysis [4]. Self
Organizing Map (SOM) was the selected neural network
architect for the comparison as its application in partitioning
clustering is prolific. Both PAM and SOM are publicly
available.

There are several measures of quality (i.e. how good the
result is) for clustering available in the literatures [19]. Values
which are used to determine these measures usually involve
inter-distance and intra-distance value. The most popular one
is probably the ‘inter-distance — intra-distance’ value (higher
value indicates better performance). This work compares the
results from SOM, PAM and the program developed using
three quality of measures. the popular ‘inter-distance — intra-
distance’, the McClain-Rao Index (lower value indicates better
performance) and the Lack of homogeneity Index (lower value
indicates better performance). Determination of these indices
can be found in [20] and [21].

Several trails were performed on the dataset, with attempts
to adjust for their suitable parametric values, for both PAM
and SOM to ensure validity of comparison. The best result of
each technique was taken. Table V shows the comparison
among SOM, PAM and the GA-based Partitioning Clustering
program developed.

TABLE V. COMPARISON AMONG THE THREE CLUSTERING TECHNIQUES
Clustering Inter — Intra | McClain- Lack of
Technique Distance Rao homogeneity

Self Organizing
Map (SOM) 874.436.49 0.91 372.97
Partition
Around
Medriods 1,190,689.83 0.57 254.28
(PAM)
The GA-Based
Partioning 1,202,798.50 0.57 253.51
Clustering
As shown in Table V, in overall, the GA-Based

Partitioning Clustering Program developed is superior in
performance to the two well known clustering techniques for
this particular task.

IX. CONCLUSION AND FUTURE DEVELOPMENT

The two objectives in this work have been met. The work
discovers the number of types of M.Sc. applicants/students in
Information Technology at SIT, KMUTT and their
characteristics. The discovery is directly useful in its strategic
educational planning as well as suitable syllabi development.
This should enable SIT to equip itself to meet with future
requirements of applicants/students better. In turn, authority
may be better informed from the finding too.

From knowledge discovery and machine learning
perspectives, both distance matrix and its application in
Divisive Analysis and Gower’s measure of similarity are
separate techniques in clustering. The GA-based Partitioning
Clustering Program developed incorporates these two
techniques successfully. Therefore, the work offers yet another
alternative GA-based approach to partitioning clustering.
While the program was developed with the mentioned
application in mind, in a broader context, there is no legitimate
reason to prevent its application on other datasets. Hence, the
work also offers a new partitioning clustering technique in
general too.

Future development can be carried out on several aspects.
Firstly, the program ought to be applied to other public
domain datasets to find out its full potential and, perhaps, its
shortcomings too. Other similarity measures and distance
matrices used in clustering may be experimented in the GA
process. This may lead to entirely new GA approach to
clustering. Finally, GA operations in this work are a suitable
candidate for parallel computation, which may lead to an even
more efficient program in terms of computation time.
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