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ABSTRACT

This thesis proposes a new classification algorithm that imitates an organism evolutionary
concept. A model focuses on imitative social behavior of human, which has social categorize to
in-group and out-group boundary. A same group member will be preserve social distance between
groups , have a positive attitude for each other and negative attitude toward out-group member. In
this research systematically combine a various method as follows create cluster, apply social
behavior to update center, delete cluster and find better center by random value. Results of model
are a cluster center and a cluster number that created less than another classification model while

having equal or better accuracy.
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fmuagduuudeyadh nqudeya wazdmaungudeyaliarenhudnnldlunsads
Tuaa Yoyalusdanldad e luaaszgnuriuiiu 2 d@au Ao Yoyananos (Training Data) Ao
JoyanlFlunmaaialuna uazdoyanadey (Testing Data) Ao Yoyanlylumsnadeu
v Ed 1 9
anugndesussTuwai 1d msvangudeyarzutsiunsunisiiauesmilu 3 duaoudail
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(1) Model Construction iluiumsumsaiialumalasssuinndeyanaasshdoyalanglu
[ =1 [ L a o [ q’: -:qyd ~ 9/ ] "y "
nquiarInuing lnenaansn ldainduaouiife lwaanlglunmsmisngudoya (Classifier
Model) TasTuaai ldarnnisianguerveglugiunuves Classification (IF-THEN) Rule,
4
Decision tree, Mathematical formulae 130 Neural Network [1] (2) Model Evaluation ﬁ‘]u VUADU
o 9 b4 Ay ¥ c’: ;
lumsihdeyanaaeuuimadouanugnaesvesluaanld  Tavluduasuiisiaise

v v v
PsunlaouTuealdsuniinnugndesszegluszauinimely  (3) Model Usage tludunou

¥
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Tunsihdoyalnundalignuiangy (Unseen Data) wiriuTumaiiedamingudoya

Mungauy

2.1 AUANDANDI NN (Genetic Algorithm)
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AMUNYNBITHHIATINFINNNTInezNgavoslas TuTyndgeldeFurodenuives

a
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a Ada
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srauAvedeliiiaunlszgnaldlunismanen 1y laoidinevinadiady
TnsTulow (3] FeudozTas InTeuezdssnoudaebunaien Buiinansfegmdnyms
(Variable) ¥041n3 Tu Tosys Taw Tas TuTwuiinezgnidonuiduduuuulunisadrsmneulmia
Funiloufuszuusisunainmsdansesdaiiin fimsunsiiug uaziimsaonoamaniug

mans 1ndszans luguda’ly (3]
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UUANDANDI NUTANBMEMTMNUNTDUN Directed search algorithm 139 Heuristic
° { o A g ~ a  a = 7 a

algorithm 70 MninAsunusaveamaeuidiull1d Tasdandanasnuez l4dsdsunam
i - ‘& = ot " 1

M2 @Y (Fitness  Function) 1oiden Tas TuTsuniianumang auyuilu Ias lu Tauwouwn)
(parents) 103 1y Tunousiazgniinis lvildsuguanyme (crossover)  1fioad1aily
o, ; :

a5 Tulamgn (offspring) uaz 1as IuTaugnazgnnaioiug (mutation) 1 1% 18 Tas Tu T

¥
unnuMaInaIe uasnnmivsgmmanunzauvod las lulyuweoutuaz Ins I lsugn

¥ 1 ’ v
Nanua nagsihmsiaenIns Iy Tsuganangaunduilszans lugudaly daulas T Toun T
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Inutialize Population

Evaluate of Ininal Population

>
>

Selection

Croszover

New Population

Mutation

New Population

Evaluation of the New Population

Find solution?

.

U 2.1 wanslaseadenmsimauvestiuAnsanosig

1as TuTsugnezgnasialasmsiugiuueslns TuTauviowi TaoTas TuTawumwens 1
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: |
gazilvinalas IuTawgn 2 Tas TuTaw vimlszansianuaiiaziilas Tu e vanua
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Cost function 91100 1u1n TasTasTulauniia cost Yovvztulns Iulsuna dou
Tas TuTasuniian cost wnozithilas Inlsui lua wieEvemuainnuminzauinuin 'l
vou Taolas luTsynsimanumuzauunaziiulas nTvung daulns Tulsuiiainny
mangauosazdlulas T Tasui lua

w ' Y o Vo ° a ° = o o

f0019 tmnualiiiandsesng= 6, Sauiin= 14, Sudu= 7 uag Henvu
ANMINNIZAUAD Max: f(x,y)=xsin(4x)+1.1ysin(2y) A4 U d1lasTulay fe
0000110101010 15192 171 x = 0000110 = 6, y = 1010110 = 86 HAZ AIANUUUIZEY =

61.6057

13192115504 103 1y Tsyaumanumuzaunnun ludes 1dasn1s1eahi 2.1

M15199 2.1 uanadee1amstaEeeIns Ty Teumumanumuizaynnuin 'l es

A : MANU
TasTlalay x |y andunnamanzan

Tnsiulay nzaw
1 00001101010110 | 6 | 86 | 6sin(4*6) + 1.1(86)sin(2*86) 61.6057
2 00100110011101 | 19 | 29 | 19sin(4*19) + 1.1(29)sin(2*29) | 42.4287
3 01010110000100 | 43 | 4 | 43sin(4*43) + 1.1(4)sin(2*4) 34.8255
4 01011000011010 | 44 | 26 | 44sin(4*44) + 1.1(26)sin(2*26) | 31.3306
5 00001000001010 | 4 | 10 | 4sin(d*4) + 1.1(10)sin(2*10) 8.8908
6 0010100011111 | 20 | 63 | 20sin(4*20) + 1.1(63)sin(2*63) | 2.9906

ad - | " '
2.1.1 Asmstaenlasulsuneny

2.1.1.1 Pairing of top to bottom ¥11m139a3041a5 InTwuainTas Tnlauianqga
mlas uleuineiga uazinmisduglas wlauwowinnuuasas [4] wudganmsied

] b b4
2.1 gvoelng Iulauin 1 Tao 1935 Thidudsi

Qs

A1 Iaslulaun 1 anu Tas TuTsui 2

s

g
h2:Taslulsun 3 giu TasTuTewui 4
7

eD. eI, gD,

n3:Iasulxsun s anu IasTulaud 6

2.1.1.2 Random pairing 1390 1as Iu Tauview Tasmsquauavaiudiom

szgnsnimua memdduvealns Tu T [4]



parent =roundup (N * random) (2.1)
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Taon N o umszming

random fin  @aavdIuesaluge 0-1 nldvinmsguam

sd o 5 a 4 4 § <
roundup Ao ansun1Flunsilanmus v suihuavs @y

=;. o/ 4:1' {1 3/ o o — v o
M13190 2.2 paasd@aavigu lauazdduveslag TuTeui ldnnmssuim

viigald 6 * aviiguld diduvealasTulaniild
0.1535 0.921 1
0.6781 4.0686 5
0.0872 0.5232 1
0.1936 11616 2
0.7021 4.2126 5
0.3933 2.3598 3

v
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b
1nA135199 2.2 92 TAguealns InTaudail

]
s

A1 laslulaun 1 any 1aslulesun s

7 7
An 2 Tnslulawn 1 gy Tas TuTewhn 2
7 )i

n3:Taslulaun s any Iaglyloun 3

o

2.1.1.3 Weighted random pairing m13¥1a1nnutinziiu1diyTas Tu Ty Tasa

= 1

] d?‘ Ta 1 o
annhezihuzivegiumanummzauveslng Tulyy TaoTas T Taunimanumanzay

= " o3 P A [l aa k] = 1
mm:ummm%mﬂungﬂmanqq ﬂ’JHIﬂSIﬂJI“ﬁMﬂNﬂ'Iﬂ’HMMN"ISﬁi!uﬂUi]z‘iJﬂ’J'lil‘uH}S

= é 1 z 1 ad dyl = o a
rf]um:gmﬁaﬂm UPUATINTII50n0 35191 Roulette wheel weighting W39 UNTAUD 2 INAUA
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1. Rank weighting M3smiamnmnitezusindrdwoveslas lulay ioya

| v " . ¥
vo31a5 I Tawdunuugnisosninlns TuTauiafige ldvi Tas Tulauhudiiqe dniuddu

¥

voa1as I Taudeannsovenlaiins Tuleuniug Sanumunzaynvzdlumaeuuinioous
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Tavi P Ao annheziuvesing lulsudwui n
N Ao uilsznng
n Ao aeuvealng 1y lasy

6—-n+1 _T1-n
1+2+3+4+5+6 21

1INA15199 2.1 AN =6 udnzldn P, =

Mm99 2.3 uaasmaninaduvesdas 1as TuTanlao 19435 Rank weighting

o n
mavlaslaulan Taslalay P, b s
7—1
1 00001101010110 —— =0.2857 0.2857
21
7—2
2 00100110011101 —— = 0.2381 0.5238
2]
7—3
3 01010110000100 —— = 0.1905 0.7143
21
7—4
4 001011000011010 —— = 0.1429 0.8572
21
7—5
5 00001000001010 —— = 0.0952 0.9524
21
7—6
6 0010100011111 —— = 0.0476 1.0000
21

514 2.2 nanaredozianiii 1d1nu1435 Rank weighting
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2. Roulette wheel N13¥IAIANUHIVzU Ao sAIA MM BT

¥V
A 1815 00NAUNAIINVDIAA NUMIIZTUINLA [2]

oI

n (2.3)
Yot fp

v
a —

manuzdluveslas lulsudwun

o))
@

laon P,

7 MaNurzauYed 1as Tu Tsudaudi n

Dk Db
[a]

(=]

NUIUY5TWING

Mavealng Ty oy

=]
o))
o]

M1 2.4 uansmnnuiziiuveauaaz 1as TuTeu Tao1935 Roulette wheel

y LR e
aeulnslula Tasiulau AMANMHINZAN Pn=w
ZP:I fp
61.6057
1 00001101010110 61.6057 ——— =0
182.0719
42.4287
2 00100110011101 42.4287 A oy
182.0719
3 01010110000100 34.8255 248430 g
182.0719
4 001011000011010 31.3306 L5308
182.0719
8.
5 00001000001010 8.8908 B PRSP
182.0719
2.
6 00101000111111 2.9906 296 _ 4 5
182.0719
NS INVDIATIAIIUIMUIS T 182.0719




1.64%

4.88%

23.30%

1 ot .
Ui 2.3 naasaadesianyin1aTaold33 Roulette wheel
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iin lamanuiziiluvesuaas Tns Tulswuds insqudaanaiiouiifisieg

" ] o ¥ ¥ 1 a0 kvl " u‘)’ 1 1
g 0.1 mwswawlsznnsiisimualy udrginasiiqguldudazaiianaglusisves

Vv
Tas TuTaula fiden Tas TuTaaniuuuily Ing Ty Tesuwens

2.1.1.4 Tournament selection 1119v03 13 1 Tammiamansisdu laoluudazns
¥
nisiueziimsguarauveslas luTeniuun 2 &1 wazimslSouiouamanumme auves

Tns Tyl Taglas lulaunlamnnummngaumniigaeziludaus 4]

l=; =3 L") o1 i 1
MINN 2.5 naassivaziooamsuistuvesins T laun ldvinmsqu

AU YT auveslnslulaniiguld TnsTulaufivue
1 2Vs 1 1
2 7 5VS'5 5
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4 4VS 5 4
5 1VS1 1
6 4VS's 4

i ¥
winlas Ty leuivus luudazmsudsduliiinsiug Tas Tu lavnnuuasars dodu 02149
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3
voalas lyTsunousl fil

N1 Tas Ty Twun 1

' as

Ay 1as Tulwun s

o

A3:Iaslulawun 1 Aoy InsTulauh 4

@

7 7
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212 MAUHHMININUEN Y (Genetic Operation)

2.1.2.1 m3lvilasy (Crossover)
ar d’ L) 1] 1 £ o 9 .::{ ar
nasnnia laguealas nlaeuemiudnsiezdins lvinldougudnuuzves
Tas Tnlsuvoudmoadrauilulns TuTsugn Taseziimsdmuaiasiimedhuniluina

' = = 4 @ ° '
wztuinezlvdnldou () Falavia lhisngdmua p. 1Wiis 199 wievszuim 0.9 (8]

"
L=

ar nsj o [} [ [} c’i 9/ Yt 9 1 1 ] d' 3 9
Haamnuumm‘sqummﬂmf'sa 0-1 "‘h’ﬁﬂ'lﬂ'l‘l‘]ﬁll"lﬂNﬂ']‘LlBUﬂ’J]ﬂ']ﬂ’)'llJu'lilzlﬂuﬂﬂQuh

q

4 v ]
Ins TuTamiuezgn lvdldou Tdimuadumisfivzdins lvdiaou Taons guavimou
d Aa 1 i = = o = o o " a A
WuhNA1gINEI9 1 89 m-1 (m Ao Swamdulules Inley) S0 n @ muuamaiiag

r ¥ ' Vv
enly (31 luntwsivauomaiianis lvdaou s maiia el

"

1. Single-point  Crossover 11015 guAMUIBUNIZR N3 1vdn)dou 1

=

AWMU tazaaumBuNouNNograsd mangy lannou

Crossover point

parentl | 1 1| e 1| o offipringl | 1 1 o | o 1

offspring?

parent?

: f e |
31 2.4 namansludn/aoud 78 Single-point Crossover

v
"o = o

2. 2-point Crossover guatmisgunaziing ludnlaou 2 dumis uazi

E!.l\‘[yd s

msaaudduneminogaisluyisdumisngu1d nieaduardunemiiogaisusnyag

L]

Amuangu'la [s]

Crossover point

parentt | 1 | 1 | o | 1 | o offspringl | 1 1 [l ] e

parent2 | 0 f 1 [ o |0 |1 offspring | 0 | 0 1 1

[ ¥ - . )
U 2.5 uaens Tudnlaoudau3s 2-point Crossover
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3. Multi-point Crossover NanyuenMINIAd 0Ny Single-point Crossover
1ag 2-point Crossover lauyiimsguimmusiios luiadou (n_>3) Tavazsims lvddou

A A U ¥ A '
uumgszwmﬂﬂ"lmnﬂaummazi;ﬂ

9

Crossover point Crossover pont

) : i )
parentl 1 1 0 1 0 0 1 1 1

RS RERE
paent? 0 1 0 0 1 1 0 0 ! 1

offpringl | 1 | 1 [0 |1 [0 [0 [0 |0 |1

offgpning? | 0 | 1 [ o [0 |1 |1 |1 |1 |1

gﬂﬁ 2.6 uanams lAlaoualnis Multi-point Crossover
4.  Variable to variable Crossover m‘sﬁ'l?]&U?\ﬂﬁﬁﬂf)?ﬁMtUUiJW]‘Siﬂi
1 " o A o \ s ' n L)
NANYOITDYANTONGUYDIAIUAY (string) Tauanatadunsuaaziing gniniseonitiududon
. aad ﬂ o . . Y w '
(substring) Tugilvouavgiuaes Tav35Haz11lun15%1 Single-point  Crossover 1 fiuuAag

substring wselvnuuaazanilsiums [8]

Substringl Substring2 Substring
's ) ™ i ' \ )
parentl 1 1 0 1 0 0 1 1 1
() ; ; ] ; L] ;
peent2 | 0 L L T TE L [ 6| 06 |2
| i )
Crossover point Crossover poit Crossever pomt
Subshmngl Subshingl Substringl
i 4 Y R}

offpringl | 1 TP 1 |0 L] 1 |1

offpring2 | 0 | 1 |0 o f1 oo fo |1

g‘d‘ﬁ 2.7 mems"lm"isﬂ?wuﬁ’au?ﬁ Variable to variable Crossover
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2 Y ¥ " w
5. Uniform Crossover Lwﬁ’umamimn Crossover mask Tﬂumﬁqummm

0,1 awianduluing lulaw Tavdnavieglundazduziiudnoniilas Tulaugn

=

wassiinmsaaaenduanlns Iulaunenidr vy TaolasTulyugndaii 1 uaz 2 ozl

v ¥
a’ s 1 @ A

TUADUNMTAADDNTUIN 1T 11 Ty notiAail

L

— TasTuTwugndai 1 : 929 31818ulu Crossover mask 1luiav 1 Tas Ty Twugnagii

mannaontuInlns luTauvowidan 1 uad duly Crossover mask 1Huav 0 Tas luTaugn
wimsAnaenouIn1as Ty Teuwenadmn 2

o A Y -; = ¥ o

— TasTuleugndafi 2 : im3ad1e Crossover mask Yualniidn 1 ya udaih

n3zuIUNIaAeINy 1as T Taugndan 1 (8] n381% Crossover mask 590 Tas TuTwugna i

1 ualdngludnvasinssdwiunyns Tulysugndan 1 A4 [7)

Crossover mask 0 0 0 1 1

poaxventl 1 1 0 1 0

|:> oftqrimel | 0 | 1 | 0 [ 1 | o

paent 0 | 1

offguingl 1 1 0

31N 2.8 uansms lvin/auuA03s Uniform Crossover

2.1.2.2 M3N@ WU (Mutation)
‘; o = o ‘é o ‘:‘ " Qs
Wumsivdnvuzias 195 Tas TuTsugn Feorvziludnuaei il ludnvus
& A ¥ oA o < ' - v -
wugmvoslsznnssuAuadmua Taonig T luudazseuseidungnnatoiugiiios 1-
a d ' o ' ' a
5% msnawnugdaulngesi iannumuzavveslas Inlauanasudezdunisy
o 9 = o J w o o
anunannaw uazi Iisznnsianuuduswniy msizmsnaioiugiiunsium
Vv e o ' o 4 o
HunMsmnuITIUiuvesmnourslimaounmngauInusssuiuiiag [4)
n‘: v da [ J a4 ' 1 = '
TuppumInawiufEIduAIMstmuamaisaiiumnninziuiudaziue
w o & ™ o ' e 1
ganaoug (£,,) ¥elaoialuisesdimua p, Iiiadg wiedssuim 0.01 @nmsnaie
w o @ u’; v = o " 1w 3 1A r
WU 1%) [8] asnniuudaziuszimsduamauavszning o-1 Taotamnguldlianies
[ " - q’: Gy 0’/’ a o Y o H @ P2 " 1 a o
nhmaanihesduiia g szganmeiug 3] ihmsduaainvnegluyasismua
" v v '
Thnununmnegluduminiug niomimsguarauioiunlddmanswiuauanludy

v [
wuq e 1d 1A ua Iny
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213 9798197311 1UUDI Genetic algorithm

dmssmuamisudu i lsiee i
— NuYsErng =4
- UIUAMANHYE =2 (x UATy)
~ essunnumnzan
max : f(x, y)=xsin(4x) + 1.1ysin(2y) Tﬁﬂﬁ 1<x<10 oz 1<y <10
— s lums lv3wden - 0.9

-~ szt lumsaaniug = 0.0s

1. fmsduavinaueialdiu x uae y eadraulas TnlsuSuduauinny
Uszannsfidmuald Tassnidunihdusnunudnyus
TasTulawfi 1 ¢ x=27708,y =8.4617
TasTulwuiiz - x=7.6151,y=9.1032
TasTuloufi 3« x=9.1382,y = 52693

TasTulound : x=9.0465,y = 8.3097

2. mamanumzauvewaas Ins TuTsunnflasdsua numanz aufismua 13
waziimstasealns Ty Tawawainnuminzaui ldonun liufes
TnsTulwuii 1 © x=2.7708,y = 84617 MANMHNIZAY = -11.4865
TasTulauii 2 : x=76151, y=9.1032 MIANWHWIZHY = -12.224
TasTulaufis : x-= 9.1382, y = 5.2693 AIANUHIILAN = -13.5287

Tnalulaund : x=9.0465,y = 8.3097 MIANUHIIZAY = -16.2561

' o A ‘;q’ e 4
3. @en1ns Ty Touvonasiuan 2 Tas Tu ey Faluiniiez 1935 Rank weighting 11D

¥ v b
mmmwuwxLﬂummumﬂﬂﬁTu'lqm AIUUIINTUNTITN 2.2 as"lsé’fﬁnmsmu

4—n+1 5—n
Pn: ==
I+24+344 10

3 1. . 5—1
Taslulown 1 : x=27708,y=84617 dimanuilu= — = 04
10
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! o i 2 5—2
Taslulamn 2 : x=7.6151,y=9.1032 dmanuheziu= — = 03
10
= a ' H—3
TasTulami 3 x=9.1382,y=52693 wimanuvnziu= — = 02
10
C: = 1] 5_4
TasTulouna  : x=9.0465,y=83097 Hamnnueztlu= — = 0.1
10
10%

20%

0%

31 2.9 uaasradegianivesdantnalau1d3s Rank weighting

e ldgaeanumieziluvewdaz Tas Tulouud 51ezsiinsadialas Tuleugn 4
14 v
Tns TuTou daiu szinmsdug Tas Tu Tauwoudswan 2 § Taesdimsguaaavsiuaues el

oy luag 0-1 waza N uavigu ldanoglugiaweslng Tulyyla

¥
=l

N1 :(04679,0.7344) > Taslylaw 2

s

v 1aslyTasy 3

[

0
gy Iaglylyy 2

?
N2 : (0.2872,0.6985) > Inslulaw

a. i las Inlewvouiudaz g lvidounaudnyusdinuuas iy (Neadailu

a3 Ty Taugn
—  Taslulywgad 1> qumanmivaifulums lvindeu = 0.61
> quwmnienms lviuldeu =2
Crossover point
i
parent2 7.6151 3.1032 offsprinst 76151

. o

parents | 5.1382 | 52683 offpring? | 31382 | s.10m




—  TasTuTawgai 2> duinaudiezilulums lvdnlaou = 0.67
> qudmmiams lvinldou =2

Crossover poimt

parentl | 27708 | 54617 offspring3 | 27708 5.1032
T
parent? 7.6151 $.1032 offspring4 76151 £.4617

o ~ by o v oA [ = Y = o
5. s I lgugni ldunihmsnawiugiedSunldounudnuuzvesdu Taoi

" ' 1 w Jdq ¥ 1 P! [ dy
msqummmuwmf]u‘lumiﬂawwmﬂmmazuu AU

Tns Tu Toagni 1 : 0.84,0.09
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Tnslulsuii s : x=7.6151, y=5.2693 UMANUMUIZEAY = -11.4201
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2.2 Particle Swarm Optimization (PSO)
matianedumsssiiiussaalonnnszuuneiinoiivaomaiin iy

Artificial Neural Network FaiiluTuaafidounuumsiinuvesaueyys niosmdn
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sgniiuluanminadou@oany 81950091 swarm intelligence Taomatini lasunuiion
fio Ant Colony (ACO) 11a% Particle Swarm Optimization (PSO) [6]

PSO QnWaIL11Au Dr. Russell C. Eberhart g Dr. James Kennedy 111) 1995 lag
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uwafiaves lumalimsaendouuuuszuuiug i lumsswnguiu Tavyjssiaesmssaungs
o A IS o s @ a oa ' ar g
nuyesgiunniodstar dalimsdivdalasldnaniainorlunissaunquiumadanu (5]
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PSO [BUIUUNO AN TUYOIRaun Fanquussunsziimsgumionms luiui Sudasnuiey
= ' 1 e = LY : 1 = 9/ o' PUE Aaa A& oA
UMD IMITaYINBIYAIRYY AU nquundsldnagnslunisvieimisin 1dwadIsnile Ae
nmstiumuundaneyIndiuemsuniga (6]
o 1 ¥ a Yy o ¥ ac o P
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ar ] ar ' 3 ‘I. A 1 da a
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. da a a & o 7w

(particle) N7 WisTiRavEiiMmANuMINzaNFIgnd Ul TagldHanFun i ay
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(Fitness Function) ttaziionsusaaldimuenmstuvesmisnifa uaazwismnaseiiu'lylu

a = a aa dad & [ o o ' ° daa
Armudninumisnidanange depso  TUlRSudszAudeg 1ddmouianiae (global

optimum) [6]
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Inseariamsiiauues PSO uaaslddegili 2.10 [6]

Ininahize Parncle

>
P

Evaluate Parucle

Set pBest, gBext

Calculate Parucle Velocity

Update Particle Position

Find solution?

=

317 2.10 R lAsIa319N15191UYS Particle Swarm Optimization

2.1.4 Ismsmm pBest la gBest

2.1.4.1 AUHHANANTAVDINIOY (personal best: pBest) HIN13H1A1 pBest VYOILLA
da a =1 1 1 o | e a = a
azwiiniaa lasmsifSeusumanumngauszn i siaigaiine 1 (pBest &)

o

vdwmisiid i 18nnseuilgiiulag
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[] []
Aol v

2.1.4.2 AUNHINANTAYOINGH (global best: gBest) 11/0'1éA1 pBest Yo aAATNITN

@wauds inisiden pBest ilvAnnummzanaigau iy gBest
2.1.5 Q2@ UUUNITUY Particle Swarm Optimization [5]
2.1.5.1 M31U5uMeasu32 (Velocity update)

s o " d‘a a

1. M3dsumensnanuduwuINasgIv (Standard PSO) LAazWIITIAA

- @ a . P 9 =Y Yo " da a a '

921M31UTUBATUTI (Velocity Vector) N5 lumsuennamisIinuuaazwisiiaa msdiven
@ = [ d ar o ' Y o | e
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AuNIN 2.4

Vig(t +1) =v;g (1) + cyrand (pbest 4 (1) — x,4 (1)) + corand, (ghest 4 (1) — x4 (1)) (2.4)

o a da a
Ty i fie  dwuveamsniAa
=) o ot
t Ao seumsvinuilegiiv
d s vwavesdunn lav d =1,...,N,
N, o $IuvLIAYEIBUNN
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vy e 6ATINNUTI
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Ty fe  Auvueilegiin
- o ' l:iddl ar
pbest,, fD  AWMMUINANTAVDIANO
s
ghest, Ao MumisnaNgAvoINgN
A ' o = @ @ A @ o Y
¢, Po masifuaasdsleionedinunseileivlunmsiGous

rand,, rand, fin  finldnnmsguavsuesiiegluge 0

2. msdsumenasinnuiNaslvussnandy (PSO with Inertia) 113 1998

' ¥
Shi uaz Eberhart lAiadue PSO Miin1s 1¥Animiinyousnandu (inertia weight) Taus

=t -

: o o as y a1 w < ' 1 =1 %
ihminvesuswanauil Tieniuguranssnuiinsasid udziinemoasuiailigiiu lao

Al oy - L% L 1 ; A 1 ﬂv -3
MANIIMITNYDIUTIHANAUNINIZTINTOAUNT global  1R4103U uAad ANV

o o (-] 1 J
USINANAUTIDOYE Y IHA LM local 1A 4103
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Vig (t +1)=w(t + 1)v;;(t) + c;rand | ( pbest (1) = x4 (1)) + corand, (gbest 4 (1) — x5 (1))  (2.5)
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w(t *1)= Wtar — (wsrar.' - wund{ J (2.6)
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= & i @ [ )
Tauh w(t+1) A9 ANNNUNYDUITIHANAY
= o o o
T . AD  IOUMINNUNAGINga
=) o @
t Ap  soumsiinuilegiiu
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W, 0D AUSHAUVEIRANIIMIINYB T ININAY
¥ ¥
W, Ao MAUGAVBIANIMITNUDIITINANAY

s o J da a o ar 1
2.1.5.2 M3U5uma s (Position update) Az WIS MiAavENIn1YSUAT
° ' @ o 1 w < 14y a a A — da
AV UIVDIA WD Iﬂﬂiﬂﬂ'IE]‘F‘I?1ﬂ')']3J15?1““W1ﬂﬂ1lﬂu¢nu3ﬂﬂﬁﬂ‘]QﬂTil.ﬂﬂEluVl‘UEJ\‘IWTiW

wanasvznaoun 1 luiiamiala
Xg(t+1)=x;(t) + vy (t +1) 2.7

2.1.6  M706194M5N19IUV0A Particle Swarm  Optimization Jagl¥nisd5uadns

AN IMUVINATHIU

ymsdmuamauduIid e dail
— WM iAa =4
~ NUMUAUANYUL =2 (x UDL y)
~ fardunnumuizay

max : f(x, y)=xsin(4x)+1.1ysin(2y) Taoh 1<x<10 wax 1<y<I0
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- cl,c2=2

~ rand,,rand, = 0.4642 112z 0.2749 MUAIAY
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WiSAaN 1 : x=2.7708,y = 8.4617
wWiiiRai 2 x=7.6151,y=9.1032
WSTRaR3  : x=9.1382,y = 5.2693
WiiiRan 4 x=9.0465,y = 8.3097
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WISRRAN 1 © x=2.7708,y=8.4617 AIAIMMINZAY = -11.4865
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pBest A1 x = 7.6151, y = 9.1032
WITTIRON 3 © x=9.1382,y=52693  AINMMIMLIZAY — -13.5287
pBest f19 x =9.1382, y = 5.2693
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pBest 1D x = 9.0465, y = 8.3097
- A - as ul: =1 [ daa o
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P daa o {
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4. 1i{018% pBest 1z gBest udMimsfinumsaT I lnivesRazfifa
Taoldauns 2.4 dafi
¥, WsTiAad |
vy = 0+[2*0.4642(2.7708 - 2.7708)] + [2 * 0.2749(2.7708 — 2.7708) ]
=0
v, = 0+[2*%0.4642(8.4617 - 8.4617)]+ [2%0.2749(8.4617 — 8.4617)]
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vy = 0+[2*0.4642(7.6151 - 7.6151)]+ [2* 0.2749(2.7708 - 7.6151)]
=-2.6634
vy = 0+[2%0.4642(9.1032 - 9.1032)] + [2 % 0.2749(8.4617 — 9.1032)]
=-0.3527
4 WSRAan 3
vy = 0+[2%0.4642(9.1382 -9.1382]+ [2* 0.2749(2.7708 - 9.1382)]
=-3.5008
v = 0+[2%0.4642(5.2693 - 5.2693)] + [2* 0.2749(8.4617 - 5.2693)]
= 1.7552
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vy = 0+[2%0.4642(9.0465 - 9.0465)] + [2* 0.2749(2.7708 - 9.0465)]
=-3.4504
vy = 0+[2%0.4642(8.3097 - 8.3097)]+ [2* 0.2749(8.4617 — 8.3097)]
= 0.0836
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WiSRRan 1 X,,=2.7708 + 0 =2.7708 ; X, =8.4617 + 0 =8.4617
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WISTIAAN 4 : x,,=9.0465 - 3.4504 = 5.5961 ; x,, = 8.3097 + 0.0836 = 8.3932
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2.3 UNANHNIHIBNING IV

2.3.1 A GAs based approach for mining breast cancer pattern [12]

am?%uifgnﬁﬂﬁuiﬂu Ta-Cheng Chen 110 Tung-Chou Hsu 113 2006 Tava135uii
11113111 Genetic Algorithms (GAs) 1aZARN13 UG (Prediction rules) 1szgna 195wy
wiol¥3fasoTsaueS adma Taoth Ga inlFlunsfumag lumsvinng

nglumsyinneezgnuans lnoyaysaavguana (String of binary digits) lasuaaz

. v ’ - ' A . aHq Y ° -
string 92135¥NOUAY substring 1111 3 d2usznov fio Attribute 114 1un139 1110, A5 DINLY
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] ¥
nldSouiioy (>, =, <) uaz AunusiveAazng (Threshold) TauTmaativziimsadang

1 (additional rule) lunsdiningitegneu himunsanvzinedeyaligndesld Taung

"
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no. of vaniables(n) in subset | Predictor 1 | Predictor 2 Predictor n

Vanablei | >/=/< | Threshold

Ui 2.11 namsgduuuveslas Tulawnidlumsdumngmsiu

Tasearfamsiiauves luaalsznoudls 3 dau fail

1) Data Preprocess
o o v o ¥ 1 ' & @ g 9
mmsnsoudeyalaoihgavesdoyauuniseenilu 2 du fe yadeyainlFluns
(50u3 1010 (training  dataset) uaz yadoyaildlumanaaeulunn (validating dataset)
ar c‘t’ o P ~ 9 o ﬂ ' o ° A
nasniwhmsienamanasimsszmingnisiiue (du/hidluuzisa) uazvinsiden
] ] ] ¥ v
sUuuvsuynnngadeyaildlumsSoui Tumamuamanidon’l nadwsn ldnndunoui

~ Y P - 3 = ) o -
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2) Rule Mining Process
L nsimuadszsinsisudulasmsqu
malaweiaz Ins Ty lau 1oy lugduuuves 75 Then rule

2
o ¥ P = 9/ = ' 9 ¥
3. deyaildlumisSoud Tumaunlsuiiua nugndesveairazng

&

ASIVABUMIUIVTIIUNY (Converge) voa1A3 11 Ta d11as Tu Tasnda Ty
vssvuiulfigavesing TuTaw Tr1u@Iduiiunsves GA (Selection, Crossover Az
Mutation) 1o 17 18udaTas Tu T ulmi qundulvidunoud 2. =§1%uni$ﬁ'mﬂ
Tas TuTawunussovnu

v
L3 ar

5. asnaeunsadnnginy Tashngifieg hisnsavinnodeyaldgndeai
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Lo

a

" v v
nuAud7 1319 sad 19 luduAeuYed Data Modification Process uadingiiiieg
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ﬁ']ll15Qﬂ“lu’lﬂ‘l!ﬂgﬁvlﬂgﬂﬂﬂﬂﬂﬂﬁllﬂlm')ﬂﬂxﬂ‘UﬂizU'J'Llﬂ'lTV!']\ﬂu IﬂUNﬁaWﬁﬂulﬂﬂ'lﬂ

> 4 a g @ o .
Tunouil An NN 1y lumsaadula (Decision rules)
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3) Data Modification Process

° ) 9/ @ a o 3/ P b1
imsUivdgegudeyalasnisdagduuuduyninisgnesnnngadoyanldlu
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nu3suil laviinsnaaeslaonlSvuifvuiuaewains PolyAnalysis Tagwuangw
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1NN LaznuITeTiANugnAn lunsiuI 96.995% FUNNNNAINNUYNADIN 14

910 PolyAnalysis® §14 0.425% Tavaunsovinnenu 1¥ieglunquidfunzisa1dgndes 100%

2.3.2 Intelligence Particle Swarm Classifier (IPS-classifier) [13]

am%’uﬂgﬂﬁﬂﬁu lay Seyed-Hamid Zahiri 11a¢ Seyed-Alreza Seyedin 111l 2005 Tae

¥ [
NuAeIMsUTulgasz@nEnmuea Particle Swarm  Optimization (PSO) 1o 1915
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1 dAaa °

Usz@ninnlunisimanguiatetu uazwoenimunguiie 1¥maniasasin Local
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' ¥

minimum 1AL ANz MImIAmIz auYes 3 aus e AnhiminveusIwdnday

(Inertia weight: @, ), ﬂﬂ%’u"luﬂm?uui'mmﬁama (Cognitive parameter: c,;) uag {Jovonis
¥

[5UU3N1NTINY (Social parameter: ¢,, ) 1AUNNTUININADS 3 fins fail

- ' o A
L fpese A0 MANUMMIETUNTINGA
. - " ' ° P Aad ' da a
2. P-dist 1D MIANUUANANYDIMIIMUINANgAYBIUARZWISTIAG (P) uag

° | et ' & o -
Aumisiiafigaueangu (£,) deimam ldnnaunish 2.8
H
P—dist =P, - P|= Y |, ~W,,| (2.8)
k=1

3.UN  fie Swauseumshauiisinnumuizauvoangu Lifimsalfouniag

WFTuTee 19 Sbest » P-dist oz UN Tumamsdauds o, , ¢, waz e, fimuizas
TAnia1 £, , P-dist A UN mﬁs"mi'luﬂg'lunm?uui'ﬁy'wuﬂ 6 N Fail

1) IF fpes islow and P-dist is low THEN @, is high, c,,is high, and c,, is low.

2) IF fpee is medium and UN is high and P-dist is high THEN @, is medium, ¢, is

high, and ¢,, is medium.
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3) IF fpes is medium and UN is low and P-dist is high THEN @, is medium, c,,is
medium, and ¢,, is medium.

4) IF fpeg is highand UN is high THEN @, is low, ¢, is low, and c,, is high.

5) IF fpeg islowand UN is high THEN @, is high, ¢, is low, and c,, is high.

6) IF fpes is highand P-dist is high THEN @, is low, ¢, is low, and c,, is high.

am?ﬁ’uﬁﬂlﬁﬁmﬁnﬂamﬁ’uyﬂ'ﬁ'ﬂga Iris, Wine 11ag Radar launfSouiivunanis
naa0adt 187y MLP uaz &NN Tavlugadoya iris naz Wine wudr lnvmaoudaaniseila
FIINNYNADININNT MLP 2.942% iount k-NN 1.095% uazlugadoyn Radar wuduile
signal-to-noise ratios (SNR) ﬁthqifuam?ﬁuf'fﬁ11:ﬁfhmmQnﬁ'm‘lumsﬁquqﬁué’hu
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2.3.3 Classification by evolutionary ensembles [14)
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4) nalglunisSeuiTuaavesygamanaasalude 1 Tasuaaslugiuy

2 Tuaunui
44.1.1 YAveyaInnIgIY

1) yavoya Iris
avoeawlsnldluTumaMinaus Ao Vigilance = 0.04, DistConst=0.05 A1U047
w5191y Fuzzy ARTMAP A9 Vigilance = 0.55, Learning rate = 1 iazaivesdnnlsnldly

LVQ f® Learning rate = 0.001 lagHan1inaaouand lananisiam 4.8

M7 4.8 UAAIHANIINARBIVDITOYA Iris

mwgndeunde | mmgndessga ANNYNABITIYA .
naniilylu
Tuna (%) (%) (%) .
” — ” — ———— msGoud
QnADY | AdmAes | Qndes | Admmes | gnees | Admaes
Model | 100 3.2 100 - 100 3 0:01:00
Model 2 100 5 100 5 100 5 0:00:33
Model 3 99.33 4.6 96.67 3 100 5 0:00:40
Fuzzy ARTMAP 100 4 100 - 100 4 0:00:006
LVQ 100 3 100 3 100 3 0:00:38

2) yAUeYQa Wine
awesnndsnlsluTuaaiinaue fie Viglance = 0.05, DistConst=0.15 AVIH)
udsnlelu Fuzzy ARTMAP fo Vigilance = 0.8, Learning rate = 1 naza1vesnusild

LVQ 719 Learning rate = 0.001 Tagnanisnaaouianlaasnisnah 4.9

A15190 4.9 uﬁmnammﬂaawaﬁaua Wine

mmgndeands | aamgndeaga ANUYNABITIA ;
iyl
Tuaa (%) (%) (%) P
- —— — ——— maBeui
gnAva | ndmaes | gndiea | mdmaes | gnfies | Admmes
Model 1 97.04 9.8 96.59 12 98.86 9 0:03:16
Model 2 95.45 6.60 94.32 7 97.73 5 0:02:12
Model 3 95.91 21.6 90.91 26 98.86 21 0:00:23
Fuzzy ARTMAP | 96.36 33 95.45 33 96.59 32 0:00:002
LVQ 93.18 3 93.18 3 93.18 3 0:00:29
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3) qm‘faqa Ionosphere

]
= o

ArvesaulsnlgluTuaaiinaue Ao Vigilance = 0.04, DistConst=0.05 A1YBIH7
w5141 Fuzzy ARTMAP fie Vigilance = 0.9, Learning rate = 0.1 ttazfvoadunlsilely

LVQ 10 Learning rate = 0.001 Iagnanisnaasauaal1dninisiad 4.10

M319N 4.10 LAAINANITNARBIVBIYBYA Tonosphere

anugndeaniy anugndesdiga ANNPNABIZITA ;
nalilu
T (%) (%) (%) .
v [ < v @ < v s < s liﬂui’
QnMea | namines | gades | Admnes | gndes | mdmnes
Model 1 94.70 39.6 92.72 39 95.36 37 2:05:47
Model 2 94.70 50.40 90.73 50 97.35 51 3:21:50
Model 3 94.57 34.6 92.72 37 96.03 33 0:21:12
Fuzzy ARTMAP | 97.75 130.6 97.35 133 98.01 124 0:00:31
LVQ 67.55 2 67.55 2 67.55 2 0:01:08

4) qﬂ'ﬁaya Haberman
avesdmlsn g luTuaaninaus fie Vigilance = 0.01, DistConst=0.02 A198347
w51 1911 Fuzzy ARTMAP i Vigilance = 0.35, Learning rate = 0.9 nagavesdnnlsily

14 LVQ A0 Learning rate = 0.001 Taswan1snaneauaalldaamsian 4.11

A3197 4.11 LAAIHANITNATBIUDITBYA Haberman

ANugnABamdy | ANugndpaiiga ANUYNABIFITA .
naildlu
Taaa (%) (%) (%) .
v @ 4 a d v [y d ﬂ'l‘iﬁﬂuf
gnaed | naainos qnﬁm fAaaneg 2nfoed AaTIANDI
Model 1 7435 | 164 | 73.91 16 75.00 16 0:30:58
Model 2 75.22 16 73.91 17 76.09 14 0:30:36
Model 3 75.65 | 6.2 72.83 3 78.26 7 0:03:28
Fuzzy ARTMAP | 7239 | 9.2 66.57 9 75.00 9 0:00:03
LVQ 76.09 2 76.09 2 76.09 2 0:01:03

5) 'lgﬂ'l’l‘mdﬁ Heart-Statlog
Arveaansn 14 luTuaaMminaue Ao Vigilance = 0.07, DistConst=0.2 A1UD57
ulsnlely Fuzzy ARTMAP f® Vigilance = 0.8, Learning rate = 0.4 uaza1vo4au)snldlu

LVQ 719 Learning rate = 0.001 Iasnamsnaasauansldadsn1siai 4.12
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augndeands | anugndesiiga ANuPnFvIgIga ;
naililu
Taaa (%) (%) (%) -
— — ————1 aGeui
gndes | ndmned | gades | aamnes | gndes | ndmnes
Model 1 84.89 14.8 80.74 14 88.15 15 0:11:40
Model 2 84.00 13.60 82.22 15 85.93 13 0:09:30
Model 3 84.15 11.8 80.74 14 85.93 11 0:01:58
Fuzzy ARTMAP | 82.07 64.6 77.78 61 85.19 67 0:00:07
LVQ 84.44 2 84.44 2 84.44 2 0:00:40
v d' Vo aas ;
4.4.1.2 yaveyanginIdbaivMes

1) yaveya Flowerl

myvesdulin 14y Tumaiinaue fio Vigilance = 0.004, DistConst=0.05 A1YBIA?

)5 1914 Fuzzy ARTMAP A9 Vigilance = 0.9, Learning rate = 0.1 taga1vesdauilsn 14l

LVQ A9 Learning rate = 0.001 lagHanminaaoauand ldnanisien 4.13

A13197 4.13 LAAINANITNARBIVBITOYA Flower]

anwgndeunds | namgndesiiga ANNYNABIFIYA :
Al
Taaa (%) (%) (%) -
— ——y ————— maseug
gnies | ndmaes | gndes | ndmees | gades | ndmnes
Model 1 98.44 40.4 98.20 39 98.80 24 12:40:48
Model 2 97.05 15.40 97.05 15 97.2 15 4:56:20
Model 3 96.54 44 95.45 33 97.50 49 4:25:50
Fuzzy ARTMAP | 97.69 144.2 97.45 139 97.85 142 0:03:30
LVQ 61.2 2 61.2 2 61.2 2 0:09:48

MNHANINARBIN TATINI0UAAS Scatter plot YadOYA Flower 1dRI31/% 4.3 1Az

4.4 Tan
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3 4.6 namluaasswaundmaeiildlumssouinSouisuduiauseumsiau

E
VDIYAUDYA Flowerl

2) yaUoya Flower2
AvednlsildluTumafinaue fio Vigilance = 0.004, DistConst=0.1 f1983417
w5191 Fuzzy ARTMAP fie Vigilance = 0.9, Learing rate = 0.3 uaza1vesdulsn ey

LVQ fi0 Learning rate = 0.001 Taunamsnaaauandlanenisiem 4.14



A13190 4.14 LTAIWANTNAADIVDITOYA Flower2
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mmgndeands | anmgndessiga ANUYNARIIA .
il
Taaa (%) (%) (%) -
— —— ———— maseui
Qndies | nammAes | Qndies | Aamwed | gndes | mamwes
Model | 98.06 43.2 97.60 43 98.40 45 12:26:39
Model 2 97.49 16.40 96.55 15 98.05 16 5:26:36
Model 3 95.56 17 94.75 16 96.30 16 1:48:37
Fuzzy ARTMAP | 97.83 145.6 97.55 148 98.20 142 0:03:45
LVQ 60.35 2 60.35 2 60.35 2 0:09:47

MINHANIINARBIN IAAsONAAT Scatter plot Y89903A Flower2 1dAa31/7 4.7
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ypayadoya Flower2

3) yadeya Sawtooth

mwesanlsnlsluTumaainineaue fie Vigilance = 0.008, DistConst = 0.1 AUDIA?

w5194 Fuzzy ARTMAP fi® Vigilance = 0.9, Learning rate = 0.1 taza1veadauilsnldlu

LVQ f© Learning rate = 0.001 1AgHaN15NARDAEAL 1ARIN1319N 4.15

A15190 4.15 LAAIHANITNAABIVBITBYA Sawtooth

mmgndeainds | armgndessiga ANNGNABIgIgA .
Al
Tiaa (%) (%) (%) .
—— — ——— naseui
gnfies | namaes | gndes | ndmees | gndes | mdmnes
Model 1 99.25 19.20 99.05 22 99.55 19 3:58:45
Model 2 96.56 15.40 96 15 97.2 15 1:35:05
Model 3 97.67 26.2 96.85 24 98.10 26 3:33:33
Fuzzy ARTMAP | 99.76 132.6 99.70 136 99.80 111 0:02:20
LVQ 95.55 2 95.55 2 95.55 2 0:09:48

MINHANIINARDIN IAEIINIOUAAY Scatter plot YDITBYA Sawtooth TARIzN 4.11
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4) yaveya Fan
Avernsi1duTumaminaue Ao Vigilance = 0.05, DistConst=0.1 A1UDIH2
ulsnldlu Fuzzy ARTMAP flo Vigilance = 0.5, Learning rate = 0.9 wazarvesnusnldlu

LVQ 10 Leaming rate = 0.001 lngamsnaasuanslddsniziaf 4.16
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ﬁ]‘J'Nﬁ 4.16 LLTAAINDNTING ﬁﬂﬂﬂﬂﬂ‘i’l’ﬂy’ﬂ Fan

augndends amgndeadiga ANNYNABIZIA ;
nalilu
Tauna (%) (%) (%) .
ar d ar d [ d n1§!1ﬂ“il
gnées | ndmmes | gndes | ndmaes | gndes | Admnes
Model 1 100 4 100 -+ 100 4 0:03:12
Model 2 99.98 - 99.90 4 100 4 0:03:46
Model 3 99.99 6 99.95 5 100 5 0:00:40
Fuzzy ARTMAP 100 4 100 4 100 + 0:00:002
LVQ 100 4 100 4 100 4+ 0:10:47
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4.4.2 MINAROIN 2
Tunmsnanesil ldimsnfSeuioauissiiuaueiuluaa Radial Basis Function
& o 1 o 1 o dy o
(RBF) F3iim3fimuamensinsiGouvealuaa RBE ti1iu 0.01 Taslunismaaeafivgii
=t = ' ¢ o o v ° o 7 ¥ & 4
nisulsouivuswlediruannugndesgaga uazdmaundmaesngnadie aaldnans

v
NANDIAIL
4.42.1 yadoyannsgIu

1) yavoya Iris
mvesdanlsnldluTuea 1 fie Vigilance = 0.04 taz DistConst = 0.05 Tuiaa 2 A
Vigilance = 0.07 1ag DistConst = 0.2 uaz 1uiaa 3 fiv Vigilance = 0.09 1182 DistConst = 0.2

Taoranminaasauaad 19ams19n 4.17

MI3137 4.17 LAAIHANITNAADIVBITBYA Iris ionSvuifivusiy RBF

ANNYNABA (%) -
Taaa - ————1 nalumsiseuiluna
ANugnAes | admnes
Model 1 100 3 0:01:00
Model 2 100 3 0:00:38
Model 3 100 3 0:00:32
Radial Basis Function 96.61 3 0:00:01
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2) yAYo3Q Wine
Aweaausn1¥luTumaaiinaue fio Vigilance = 0.005 1@z DistConst = 0.15
Tuiaa 2 fiv Vigilance = 0.01 1Az DistConst = 0.15 wagluiAa 3 Av Vigilance = 0.1 naz

DistConst = 0.05 TAUNANIINARDIAAL IAAIAITIIN 4.18

MM 4.18 LTAINANIINATBIVOITBIYA Wine iionlvuifiousiu RBF

ANNUYNADA (%) -
Tauaa = ———1 nalumaseuiluaa
AUYNADI fAaames’
Model 1 100 18 0:12:07
Model 2 100 22 0:00:24
Model 3 98.86 4 0:00:09
Radial Basis Function 96.59 3 0:00:15

3) wi’aya Tonosphere
avesiandshisluTumaiminaue Ao Vigilance = 0.06 1Az DistConst = 0.05
TuiAa 2 A0 Vigilance = 0.09 #a¢ DistConst = 0.15 uaz TuiAa 3 Aiv Vigilance = 0.05 1Az

DistConst = 0.2 TagHan1snaaoaas lanin1519 4.19

MI3191 4.19 LAAINANIINATBIYDITBYA Tonosphere Wipif3suifibuiy RBF

ANUGNADA (%) -
Taan ” ——— nalumsieuiluag
ANNPNABY AAaIADS
Model 1 97.35 28 0:58:01
Model 2 97.35 17 0:28:33
Model 3 96.69 40 0:27:12
Radial Basis Function 98.68 7 0:00:19

4) yaveya Haberman
Aveadusn 14 luTuaaiinaus Ao Vigilance = 0.1 1az DistConst = 0.1 Tuiaa 2
fo Vigilance = 0.09 1422 DistConst = 0.1 tiag 1u1Aa 3 A Vigilance = 0.05 t1ag DistConst =

0.2 TAUHaN1INAADILAAL IARIAIT 19N 4.20



MM 4.20 HAAINANITNANDIVDITDYA Haberman tilonf3uuifoufiu RBF

AUYNABI (%) u
Tuna ——— nalumsiseuiluna
ANGNALY AdaIND3
Model 1 77.17 2 0:01:40
Model 2 78.26 2 0:02:00
Model 3 78.26 3 0:01:55
Radial Basis Function 73.91 2 0:00:10

5) YAveya Heart-Statlog

avesaansn ¥ uTumaMminaue fie Vigilance = 0.07 1Az DistConst = 0.2 Taaa
2o Vigilance = 0.07 1o DistConst = 0.05 uag luiaa 3 Ao Vigilance = 0.04 1482 DistConst

=0.1 Taowamsnaaoauaad ldadnis1an 4.21

M990 4.21 UTAINANITNARDIYBITOYA Heart-Statlog iion)Svuifivuiy RBF

AHYNADY (%) -
Tauaa ” ——— nalumsiteuiluna
ANNYNADY naanes
Model 1 88.15 15 0:12:40
Model 2 86.67 11 0:07:03
Model 3 87.41 43 0:16:57
Radial Basis Function 87.41 11 0:00:38

ipme oy 3
4.4.2.2 yaveyangIduaiisiues

1) yaveya Flowerl

Avedulsn 1 uTumaminaue fie Vigilance

Tuiaa 2 Ao Vigilance = 0.01 1A DistConst = 0.2 1oz 1uAa 3 A Vigilance = 0.003 1Ay

DistConst = 0.15 lagHan1snaaoaas lafn15197 4.22

0.004 uae DistConst = 0.15
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M3191 4.22 HTAINANITNATDIUDIUDYA Flowerl tion/Souiivuiiy RBF

ANNYNABA (%) .
Tuaa - — nalumsGeuiluaa
ANNPNABI AAINDS
Model 1 98.90 38 11:20:47
Model 2 97.25 16 5:10:23
Model 3 97.50 49 5:19:18
Radial Basis Function 62.05 27 0:10:13

2) yaveya Flower2
Aol snlgluluaaiviueaue fie Vigilance = 0.004 uaz DistConst = 0.05
Tuian 2 fie Vigilance = 0.007 uag DistConst = 0.1 az luiaa 3 fie Vigilance = 0.009 1az

DistConst = 0.2 Tagnan1inaaaiaas laam1s 19N 4.23

M990 4.23 UAAIWANTINANBIVOITBYA Flower2 iiioifFouifivuiy RBF

ANNYNABI (%) .
Tuna = ——— nalumsiGeuilung
ANYNADY naanes
Model 1 98.70 43 14:05:53
Model 2 98.10 22 9:06:00
Model 3 96.60 16 1:29:26
Radial Basis Function 50 2 0:03:58

3) yaveya Sawtooth

Ao nlsin 1 luTuaaiinaue Ao Vigilance = 0.001 uag DistConst = 0.15

TuiAa 2 fie Vigilance = 0.01 uaz DistConst = 0.15 taz TuiAa 3 A Vigilance = 0.006 LA

DistConst = 0.05 TﬂUHﬁﬂTﬂ’lﬂﬂﬂQllﬂ'ﬂ\l155‘1915Nﬁ 4.24

A13197 4.24 LAAINAN1INAADIVBITDYA Sawtooth BN vUHL LY RBF

AUGAALA (%) .
laaa = ——— nalumsiteuiluna
ANUGNABI Aaanes
Model 1 99.80 23 1:36:26
Model 2 97.20 15 1:25:39
Model 3 98.45 27 3:43:13
Radial Basis Function 92.60 26 0:08:08
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4) yadoya Fan
mvesdusildluTumaiineaue fie Vigilance = 0.05 1ag DistConst = 0.1 Tuaa
2 fio Vigilance = 0.08 112z DistConst = 0.15 uaz 1uiAa 3 v Vigilance = 0.07 112z DistConst

=0.2 Taowanmisnaananaas lddemsean 4.25

M3131 4.25 LAAINANITNARBIVBITDYD Fan oS ouifivudy RBF

ANUYNABA (%) X
Tiaa . 1 nalumsiseuiluaa
ANGNADY AAINDS
Model 1 100 4 0:01:46
Model 2 100 4 0:05:32
Model 3 100 4 0:03:43
Radial Basis Function 99.9 20 0:14:04

4.5 ayUwamnaans
45.1 ajlwamnaaesvesyaveyainnsgiu

1) YoyaIris  AnnugndeunivvesTumaiinaveiisufiouiifudnay
QNADuRAou0s Fuzzy ARTMAP Az LVQ HATFINNAINNUYNABIVOY RBF 3.33% waz
donfouiedesnundamesnindasmunsaneivos Fuzzy ARTMAP 181171
mnnd laadiiuaue 1.25 wih

2) YoYa Wine fhmmqﬂﬁ’mm%‘wm'Imﬁa'ﬁﬁuﬂuﬂﬁtham'whmmqnﬁm
{3009 Fuzzy ARTMAP 0.68% ganiminnugndounioves LVQ 3.86% Hazgannm
ANYNADIYEI RBF  3.41% uaziilonfiouieudavimnundmaoiindonds Fuzzy
ARTMAP ii$1uaundmansinnni Tumaihiuaue 3.37 wh

3) 4oy Tonosphere  MnMgRABuRABYE TIAaTinaueiisdInTIA I
QnéouUnAuuos Fuzzy ARTMAP 3.05% ganhrminnugndeaniiovos LVQ 1.74% wazd
ANAINNNYNABIVDI RBF 1.33%

4) Yo3ya Haberman ﬂ'mﬂuqnﬁ'ﬂqmﬁwmimaaﬁﬁuﬁuaﬁfi'tqam'whﬂ'mj
QndounAuuns Fuzzy ARTMAP 1.74% Mndimnnugndeaunioues LVQ 1.74% Hazga
niviANugnAeaed RBF 3.26% uaziflonSouifioudaediundanesids RBF
Swauadmmesinnd lumaiiiuaue 12 wh

5) doya Heart-Statlog MnugnAvamAsveslmaiinaueiinganitminy

QNADURABYDY Fuzzy ARTMAP 2.82% qaniiannugndeanivss LVQ 0.45% Hazge
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i 0 9/ P ot ° [ ]
NNAINNUYNABIYDY RBF 0.74% uaziilonfiouiivudvsnaundmnesindouda Fuzzy

ARTMAP Hiauadmaesinnni lueaiiaue 4.36 i
iy, a K’
4.5.2 apluamimaaesvesyadeyanidiiniduadiavies

1) Yo3a Flowerl fhmmqnss’fam?;wmTmﬁaif’iﬁuﬁuaﬁthqm'ﬁummm
QNABARAYYBI Fuzzy ARTMAP 0.75% qaniifnanignaeanaoes LVQ 37.24% Az ga
N11A1ANNQNABIVEI RBF  36.85% uaziilonSouifvudasswiundmnodindouds
uIUNTNAD3 Y09 Fuzzy ARTMAP S8 nnumnn Tumainiueue 3.57 o

2) Y83a Flower2 ﬂ'mﬂuqnﬁmmﬁ'waﬂmﬂﬂﬁﬁnﬂuaﬁthqm'whmm
gnAeaRALYD Fuzzy ARTMAP 0.23% ganiinmgndeuniioyes LVQ 37.71% uazqa
niinnugnAeeves RBF 48.7% uaziflenSouifivudoimaundmaoiindouds Fuzzy
ARTMAP i§naundmassinni luaainiuaue 3.37 wh

3) doya Sawtooth  A1ANYNABARALYEL TuiAATI I NAURTIEINTIAIAIY
QNADUNFOYDY Fuzzy ARTMAP 0.51% gandiminnugndeaniouss LVQ 3.7% uazgands
fAWYNABIYes RBF 7.2 % waziilonlSouifioudavimaundmassuda RBE fi$ 1o
adaaosnn lumafieue 1.13 o

4) Yoya Fan fimamqnw’faamﬁwmTmﬂa'ﬁﬁuﬁuaﬁf{nﬁummﬁm'ngnﬁ’{m
1nA6Y04 Fuzzy ARTMAP 1102 LVQ UAZgINTIAININQNABIVB RBE 0.1 % wuaziile

nSvuifisudssaundmaesudl RBE ismaundmneninnnii lumaiinaus s wh

¥ ' "
@ &

° =t ~ U d o (3 9/ ' o o ol
anivdenimsulivuisuandesisuannugndesnuii luaaiinaueiia
o o o 9 A = @ a :lv
wediuannugnasiion/Suufivuny Fuzzy ARTMAP, LVQ way RBF #4il
" © 3 = .
~ QNN Fuzzy ARTMAP Uag LVQ 143U 4 gAdoya Ao Wine, Heart-
Statlog, Flowerl uaz Flower2 1azg4n31 RBF $112u 8 gadoya A0 Iris, Wine, Haberman,
Heart-Statlog, Flowerl, Flower2, Sawtooth 11ai¥ Fan
~ 1Hvui1 Fuzzy ARTMAP tiae LVQ §112u 2 yadioya Ao Iris 10 Fan
- MM Fuzzy ARTMAP §1479U 2 ‘Q’ﬂ‘i’fﬂyﬂ Ao Ionosphere 1A% Sawtooth @1
N LVQ $117u 1 4adoya Aiv Haberman tiaz@nd1 RBF §112u 1 yadoya fio Tonosphere
P2l — o a o ' o o 1 Y a 3
donfToumoumedusaundmaesvenui lumaiinaueadindane e
A9 Fuzzy ARTMAP 31472 6 ‘l{ﬂ‘l’fﬂl‘.‘lﬂ flo Wine, Ionosphere, Heart-Statlog, Flowerl,
Flower2 1az Sawtooth iazai1andmnesioundt RBF $1uau 3 gadoya fie Haberman,

Sawtooth L10% Fan
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deviinsulSouisunanisnanesvesluaaiinauens 3 gduuuwuim
o d { 4 . - ¥
wesiwuannugndeundvvesluaa 1 denfSoudouiuluan 2 uazluaa 3 Hudsil
— g luwaan 2 91991 6 yAdoya Ao Wine, Heart-Statlog, Flowerl,
Flower2, Sawtooth lag Fan uazgand1luaai 3 $1u9u 8 yadoya fie Iris, Wine, Heart-
Statlog, Ionosphere, Flowerl, Flower2, Sawtooth IL1@% Fan
=) " 4:‘ o v -~ % r=1 '
~ ey luaad 2 §1u9u 2 gadoya fle Iris 1A Tonosphere HAZIABLIN
Tuaadi 3 1191 1 gadoya Ao Fan
— fmnhluwaai 2 $119u 1 gadeya Ao Haberman
P = 9 o ar o 1 P i ar d [
donfFouimsunedinnundmasisenuluaa 1 imsadeadmassiioonn
Tuea 2 919U 1 gadoya fie Tonosphere tazadundmaeiiioondnTunn 3 $1uau 8 A

3 -~

Yoya o Iris, Wine, Flowerl, Sawtooth L10¥ Fan
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¥ ' [
nuatsil ldiuauedTnisdangudeya (Classification) nuulnaiildmdnnis
REUIUDITAINSYDITTFIA (Evolutionary Algorithms) Tasau3softinauovzweioiy
ﬁ%’NTntﬂaﬁtﬁuuuuquﬁﬂs'sunNf‘f'@fm-uawqyJﬁﬁmsﬁ%"mwwﬂvmmju (group
boundary) M1¥iAangu231u (in-group) 1az nquIauen (out-group) Tasaundneeiivieund
Tundivandudheglunguidvaiu nazezihimuaaludauiudieganndy wazaunues
nquIeTuaEiims In¥IT s 1aNIdInY (Social  distance) fUngusuen Tasnisadie
9 R o or 1 d'l
ANNANoAANUNQUDY
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5.2 UY9AUBIITHIVY

1. mindeyaiiviminaansiiau 9 yadeya wuh Tumafiiiaueimsadenda
e$¥ipeni1 Fuzzy ARTMAP 17w 5 qadoya $a91n s qﬂifaagafhmﬂaﬁﬂuﬁuaﬁms
adundmaeiiosnifadiusundoniiy 3.182 v wazTwaaiinaueiimsairenda
ime3iouni RBF $117u 2 gadoya davin 2 yadoyail lumairiiaueiimsaduadmans
Yountiailudundomiiy 3.06 v

2. nindeyaiithimsnannsian 9 yadeya wuh weaiiigueiinnugndos
TunsuIegania Fuzzy ARTMAP §117u 5 gadoya Fan 5 wi’n’agaﬁiumaﬁﬁnﬁua

S 1

damnnugndealunisinngenhidadiuaundomiifiy 1.152%, gand1 LvQ $1u s ya
A ﬂ” 4 o o -] T = U 4
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Bus from Fukushima airport: about 1.5 hours




85

Seventh International Conference on Computer and Information Technology

Classification Algorithm Based on Human Social Behavior
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Abstract

This paper proposes the new approach to deal with
the classification problems by employing the
sociological concept of “in-group” and “out-group.”
The main idea of the concept is about the behavior of
in-group members that try to unite with their own
group as much as possible, and at the same time
maintain social distance from the out-group members.
The performance of the proposed model was compared
with the fuzzy ARTMAP neural network. The results on
Jive benchmark problems are very encouraging.

1. Introduction

Classification is the process of finding a set of
models that describe and distinguish data classes or
concepts, for the purpose of being able to use the
model to predict the class of objects whose class label
is unknown [1]. A variety of techniques have been
applied to deal with the classification problems, such
as artificial neural networks, a decision tree, and
statistical methods. Among a number of classification
methods in use, artificial neural networks are the most
widely known. Neural networks are a family of
naturally inspired models. Many previous research
works [2, 3, 4, 5, 6] show that neural network
classifiers  have  better  performance, lower
classification error rate, and more robust to noise than
other classification methods. However, it is not without
disadvantage. The disadvantage of the artificial neural
networks is that their efficiency depends highly on the
user’s ability to specify appropriate neural network
architecture, e.g. the number of hidden neurons in the
backpropagation neural network, the number of basis
functions in the radial basis function neural network,
and the vigilance parameter in the fuzzy ARTMAP
neural network.

0-7695-2983-6/07 $25.00 © 2007 IEEE
DOI 10.1109/CIT.2007.94
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Other naturally inspired models such as the genetic
algorithm and the particle swarm optimization are also
widely used by the research community to solve
various types of problems. However, on their own,
they are not intended to be used as the classifier. In this
paper, therefore, the new algorithm, which is inspired
by the human social behavior, is proposed. This
proposed algorithm is designed to be a classification
algorithm. The performance of the proposed method is
evaluated against the fuzzy ARTMAP neural network.

This paper is divided into 4 sections. Following this
introduction, section 2 describes the theoretical
background of the human social behavior and the
learning algorithm of the proposed approach. A brief
description of the experimental data and the
experimental results are given in section 3. Finally,
section 4 is the conclusion.

2. Proposed Algorithm

Sociologists have created the concept of “in-group”
and “out-group” to help identify the group boundary.
Members of the in-group are people who are accepted
by the group as belonging to the group, while the out-
group members are those whom in-group members
consider not belonging to their group. In-group
members, even when far away from the group, try to
unite with their own group as much as possible, and at
the same time maintain social distance from the non-
members by creating negative attitude or taking a
hostile stance against them. However, among the in-
group, each member tends to have their own territory
instead of staying tightly close to one another.

According to the above theory of human social
behavior, the proposed algorithm is developed. The
detailed procedure of the proposed algorithm is as
follows:

A. Arbitrarily select one input patten from the
training data set of each class, and assign them to
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be the initial cluster centers. At first, there are a
total of Q clusters, which is equal to the number of
target output classes.

. Calculate the accuracy of the model as follows:

P

2A;
—i=l 1
Accuracy P (1)
1, ifJeY;
= {O, otherwise (2)
J=argmin (d;(X) (3)
j
d;x) =[X; -z @)

where P is the total number of patterns in the
training data set.

J is the index of a cluster whose reference
pattern is the closest match to the incoming input
pattern X;.

Y; is the target output of the i input pattern.

z; is the center of the j* cluster.

d(X;) is the Euclidean dlstance between the
input pattern X; and the center of the j* cluster.

- Update the center value of each cluster (z) by using
the following formula:

Zj = zﬂd +Az) (5

jk = ZnJmBJ Jm(zmk Zjh) z'ﬂjnB, jn(znk _zjk)
6)

where k = 1, 2, 3, ..., K. K is the number of

features in the input pattern.
q is the class to which the j* cluster belongs.

) ]
e and T]Jn =€ 9

B; is the velocity of the j" cluster with
respect to its own ability to move in the search
space.

2
Zjy ~Zmk

njm=e[

8m is the velocity of the j™ cluster with
respect to 2 factors: (1) the distance between the i
cluster and the m™ cluster, and (2) the territorial
boundary of the clusters (T). If the distance
between the j cluster and the m™ cluster is less
than T, the value of &, will be decreased by a
predefined amount.

After each center is updated, recalculate the
accuracy of the model according to equation 1 to 4.
If the accuracy is higher, save this new center value
and then continue updating the next cluster center.
If the accuracy of the model is lower, discard the
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new center value and return to the previous center.
However, if the accuracy does not change, save the
new center value and decrease the value of B by a
predefined amount. As long as the accuracy
remains unchanged, the values of f; are
continuously decreased. In doing this, the algorithm
allows the cluster center to move around the search
space, however with a slower and slower pace,
even if its move does not do any good at the
moment.

. This step is the cluster reduction step. The cluster

which satisfies the following equation will be

deleted.
n; Y nj
[ P Inj = W

where n; is the number of input patterns in the j"
cluster.

n{is the number of input patterns in the j*

cluster whose target outputs (Y) arc q.
q is the class to which the j* cluster belongs
P is the total number of patterns in the
training data set.
p is the vigilance parameter.

. Recalculate the accuracy of the model according to

equation 1 to 4.

. For each cluster, if the distance between the new

center updated in step C and the previous center is
less than 0.0001 (2™ - 23] < 0.0001), randomly

pick K small numbers between -0.1 and 0.1 and
then add them to the center value of the cluster.

new old

Zj Zji |

new old

I P 0 I (8)
new old

Zik Zik Tk

If the above operation makes the accuracy
higher, save this new center value and then
continue with the next cluster center. However, if
the accuracy does not improve, discard the new
center value and repeat this step until the accuracy
improves or a predetermined number of iteration is
reached.

. If a predetermined number of iteration is reached or

the end condition is satisfied, stop the loop. If not,
add new clusters to the model according to the
following conditions:



G.1. If the accuracy of the model improves over
the previous iteration, randomly select one
input pattern from the training data set of
each target output class that still has error,
and assign them to be the new clusters. Then
g0 to step B.

However, if the accuracy does not improve,
randomly select the input patterns, a number
equal to the number of clusters deleted in
step D, from the training data set of each
target output class, and assign them to be the
new clusters. Then go to step B.

G.2.

3. Experimental Results

To test the performance, the proposed algorithm
was benchmarked against the fuzzy ARTMAP neural
network. The experiments were conducted on 5
benchmark data sets:

1. The first data set is the well-known iris data (Figure
1). The iris data [7] has been widely used in the
classification problem. The sepal length, sepal
width, petal length, and petal width of 150 iris
flowers from 3 species (Iris-setosa, Iris-versicolor,
and Iris-virginica) are measured in centimeters, and
are used as the input of the problem. The training
set contains 120 records, while the testing set
contains 30 records.

2. The second data set is the Haberman’s survival data
(Figure 2). It is publicly available from the UCI
machine learning database repository [8]. This
dataset contains 306 cases from a study that was
conducted between 1958 and 1970 at the University
of Chicago’s Billings Hospital on the survival of
patients who had undergone surgery for breast
cancer. Three numerical attributes are used to
predict the output class (1 or 2). The class value of
1 is corresponded to “the patient survived 5 years
or longer” and the value of 2 is corresponded to
“the patient died within 5 years.” There is no
standard split between the training and testing sets.
In this paper, the data was divided into a training
set of 214 examples and a testing set of 92
examples.

3. The third data set (Figure 3) is the ionosphere data
created by the Space Physics Group at Johns
Hopkins University. The data is taken from the UCI
machine learning database repository [8]. It
contains the radar data collected by a system in
Goose Bay, Labrador. This data set has 200
instances in the training set and 151 instances in the
testing set. Each instance is described by 34
continuous attributes and belongs to one of two
classes (“‘good” or “bad”). “Good” radar returns are
those showing evidence of some type of structure in
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the ionosphere. “Bad™ radar returns are those that
do not.

4. The fourth data set (Figure 4) is the heart disease
problem. It is retrieved from Statlog Project
Datasets [9]. The problem concerns the prediction
of the absence (1) or presence (2) of heart disease
given the results of various medical tests carried out
on a patient. This data set contains 13 attributes and
270 records. There are 150 records of class 1 and
120 records of class 2. In this paper, the 270
records in the database were randomly divided into
a training set of 135 records and a testing set of 135
records.

5. The fifth data set is the wine recognition data
(Figure 5). It is retrieved from the UCI machine
learning database repository [8]. This data is the
result of a chemical analysis of wines grown in the
same region but from three different cultivars.
Thirteen continuous attributes are used to determine
the type of wine (class 1, 2, or 3). There are 59
instances of class 1, 71 instances of class 2, and 48
instances of class 3. In this paper, the 178 instances
in the database were randomly divided into a
training set of 90 instances and a testing set of 88

instances.
5.1 35 14 0.2 Iris-setosa
49 30 14 0.2 Iris-setosa
70 3.2 47 1.4 Iris-versicolor
64 32 45 1.5 Iris-versicolor
63 33 6.0 2.5 |Iris-virginica
58 27 51 1.9 lIris-virginica

Figure 1. Samples of the iris data

33,58,10,1
33,60,0,1
34,59,0,2
34,66,9,2

Figure 2. Samples of the Haberman’s survival data

1,0,0.99539,-0.05889,0.85243,0.02306,0.83398,
-0.37708,1,0.03760,0.85243,-0.17755,0.59755,
-0.44945,0.60536,-0.38223,0.84356,-0.38542,
0.58212,-0.32192,0.56971,-0.29674,0.36946,-0.47357,
0.56811,-0.51171,0.41078,-0.46168,0.21266,-0.34090,
0.42267,-0.54487,0.18641,-0.45300,g
1,0,1,-0.18829,0.93035,-0.36156,-0.10868,-0.93597,1,
-0.04549,0.50874,-0.67743,0.34432,-0.69707,
-0.51685,-0.97515,0.05499,-0.62237,0.33109,-1,
-0.13151,-0.45300,-0.18056,-0.35734,-0.20332,
-0.26569,-0.20468,-0.18401,-0.19040,-0.11593,
-0.16626,-0.06288,-0.13738,-0.02447,b



1,0,1,-0.45161,1,1,0.71216,-1,0,0,0,0,0,0,-1,0.14516,
0.54094,-0.39330,-1,-0.54467,-0.69975,1,0,0, 1,
0.90695,0.51613,1,1,-0.20099,0.25682,1,-0.32382,1,b

Figure 3. Samples of the Johns Hopkins university
ionosphere database

70.0,1.0,4.0,130.0,322.0,0.0,2.0,109.0,0.0,2.4,2.0,3.0,
221%2,0.0,3.0, 115.0,564.0,0.0,2.0,160.0,0.0,1.6,2.0,0.0,
;70;)', 1.0,2.0,124.0,261.0,0.0,0.0,141.0,0.0,0.3,1.0,0.0,
240;.')2,] .0,4.0,128.0,263.0,0.0,0.0,105.0,1.0,0.2,2.0,1.0,
E{;%0.0,Z.O, 120.0,269.0,0.0,2.0,121.0,1.0,0.2,1.0,1.0,

Figure 4. Samples of the heart disease problem

14.23,1.71,2.43,15.6,127,2.8,3.06,0.28,2.29,5.64,1.04,
3.92,1065,1
12.37,0.94,1.36,10.6,88,1.98,0.57,0.28,0.42,1.95,1.05,
1.82,520,2
12.86,1.35,2.32,18,122,1.51,1.25,0.21,0.94,4.1,0.76,
1.29,630,3

Figure 5. Samples of the wine recognition data

The performance is measured in terms of the
classification accuracy and the number of clusters
created. In each experiment, the parameters of both
models - p, and B for the fuzzy ARTMAP, and p and
T for the proposed model — are varied throughout their
ranges in order to get the best out of the two models.
Results of the experiments are shown in Table 1.
Considering the number of clusters created during the
training process, the proposed model creates much
fewer clusters than the fuzzy ARTMAP while having
equal or better classification accuracy.

For the iris data (data set 1), both models — the
fuzzy ARTMAP neural network and the proposed
model — give a perfect accuracy (100%). These best
prediction performance are obtained from the fuzzy
ARTMAP neural network using the vigilance
parameter (p,) = 0.5 and the learning rate (B) = 0.1, and
from the proposed model using p=0.06 and T = 0.1.

For the data set 2, the best performance of the fuzzy
ARTMAP (75%) is obtained when the vigilance
parameter is equal to 0.65 and B = 0.4, while the best
performance of the proposed model (77.17%) is
obtained when p=0.03 and T = 0.2.

For the data set 3, the fuzzy ARTMAP produces 2
misclassifications out of a total of 151 examples; this
corresponds to an accuracy of 98.68%. The vigilance
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parameter and the learning rate are set at 0.8 and 0.6
respectively. On the other hand, the proposed model
with p = 0.005 and T = 0.1 yields accuracy of 96.03%.

For the data set 4, the proposed model with p =
0.05 and T = 0.2 marginally outperforms the fuzzy
ARTMAP with p, = 0.5 and B = 0.5 (85.93% versus
84.44%)).

For the data set 5, the two models obtain the same
accuracy of 97.73%. The vigilance parameter and the
learning rate of the fuzzy ARTMAP are set at 0.7 and 1
respectively, while p and T of the proposed model are
set at 0.18 and 0.15 respectively.

Table 1. Experimental results

Fuzzy ARTMAP Propc_)sed
D Algorithm
ata set
Correct Cluster Correct Cluster
(%) (%)
Iris 100 4 100 5
Haberman 75 15 77.17 12
lonosphere | 98.68 94 96.03 48
Heart 84.44 35 85.93 9
Wine 97.73 18 97.73 3

4. Conclusion

An approach which employs the concept of the
human social behavior is proposed and its performance
is compared with the Fuzzy ARTMAP neural network.
In comparison to the fuzzy ARTMAP, the time used
for training the proposed algorithm is larger. However,
its classification accuracy compared with fuzzy
ARTMAP is found to be superior. In addition, the
number of reference patterns of the proposed approach
is also less.
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