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UNANLDATEIDINE

In health informatics, all data related to people’s health are recorded in the
local database and stored at each healthcare organization. These distributed databases
have valuable hidden knowledge. A specific kind of knowledge revealing relations
among data attributes can be extracted by means of association mining. But the
normal assumption of such knowledge mining is that all data to be learned have to be
collected into a single file. However, in reality each database in health informatics
stores a lot of information. Therefore, gathering all tremendous data as a single source
will result in a too big file size to be practically processed by a typical processing unit.

This research proposes a distributed learning method to solve mining
association knowledge from distributed databases. The difficulties of such distributed
learning method are that the process of combining association rules may lead to
inconsistent rules, there may be too many number of association rules, and some
significant association rules are possibly missing. We thus propose the distributed
association rule mining method. In the combining process, association rules that appear
frequently in all knowledge bases are combined and then checked for inconsistency of
rules. This process can generate new association rules from original association rule set
with the inference feature of first-order logic. Finally, the efficient and consistent

association rules are obtained.
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Tassn3¥eil asldteyaiifudoyassifonguamdidnnsedndfidutoyadaunses
(www.emrbots.org) LLaz%’a;ﬂamﬂgwuﬁﬁ’agammgm UCI Machine Learning Repository
(https://archive.ics.uci.edu/mil/datasets.html)
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aglunateuvas ludnvazvaddusunsuduiuunie prototype  vilila
TUsunsudunuuiianansoandednslasiuan 1 Tsunsy leun Tswnsusiu
nnANudNRusienalnnsIiMANaIganssne (program  to  integrate
association rules with reasoning mechanism) AvAviSiaudi 11, 5360 oen
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wallansvimilesdayaiiossuinganuduius (association rule  mining)
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ngerwdiusly wiiosandeyatinszaefueeiuinisdniudoyanidnvausunnsiisiu
oonld Fsoravilvimsthdegamartnrufudaihlumngenuduiusiuldussansamd
laiwodwsunmsiluldou dafuinide W et al, 2003) IHausuunfnvesnisussdiumi
Adneadwvesdeyaneuiivziudoyadinszansfusgniuunassie o lasaunsaianiiu
Adnendsturasdeyaldainuinsinaiuadiends (Similarity  Measure) Fsduanildann
aunsf 2-1 (Ui et al, 2003) Fadumsinanundioadsvestoyadesynfieo Toya A uas B
TngAnuadieadsaziianogszndng 0 fis 1 miidlng 1 uansiidoya A waz B Tadnu

AReATaiuInn uwidAnd1lng 0 uansindeya A wag B Innuadeaiiuoy

Sm(A,B) = % (2-1)
1 2
Ingfiuuali
_y|ANA| AcAl)
Il_;mlog 1+m mln{CAi,CAj }
< [BAB B/~B)
I, = 26 U8, log 1+W mln{CBi,CBj }
_ Al mBi ‘AI mBj‘ .
Ig_; A B log 1+m mln{CAi,CBj }

W |A N A wnudwiudeyalu A N Aley A el lwavedkenvistiiiusing
Votludoyandueesil | vasyataya A
2/(; + 1) vty normalization factor

IA A B/ A U B| ldasiaaeuaundnsveuenges A uag B,



min{Cy, Cg} AoMmatuayutumvatangos A waz B wazaAlvimiidu

weight factor

megnsiueTinanuasgedsiululddmniunisseuinganuduiug lne
Foyaniruldldun grudeyafisanunaiiuainnisuszyuivinis 3 unas fe
Computational Geometry (COMPGEOM), Conference on Cryptography (CRYPT) @y
European Conference on Cryptography (EUROCRYPT) 1/%&a’mg’msﬂjauﬂaﬁﬁimm%wm%&
Tugrudeyaduwuuiiendu

nsAUMINANHEITUSIINUAgUTaLAAI8AT Minimum support = 1% Uag
Minimum confidence = 80% linadnsiduynvesngeuduiug lnsusazngileuaglu
JURUU a,b > c(x%, y%) dlo a, b, c Ao item vﬁaLLawm%ﬁ’sﬁﬁﬂsmgiugmﬁﬁayja X AB A"
support ¥89n4) WAz y AA confidence ¥83ng JUT 2.1 2.2 Uag 2.3 LARINQAINELTLS
filsindeya CRYPT daya EUROCRYPT wazdieya COMPGEOM mnaidniiy

: schem,secret — shar (1.9%,85.7%)

: schem,shar — secret (2.0%,80%)

: key,cryptosystem — public (1.6%,83.3%)
: public,cryptosystem — key (1.6%,83.3%)

I O R S

UM 2.1 nganuduiusileaindesa CRYPT (Li et al,, 2003)

€aNl

1. adapt — secur (1.2%,87.5%)

2. boolean — func (1.5%,90.0%)

3. digit — signatur (1.5%,80.0%)

4. public — key (3.0%,80.0%)

5. shar — secret (3.4%,82.6%)

6. logarithm — discrete (2.1%,100.0%)

7. low — bound (1.2%.,87.5%)

8: schem,secret — shar (1.8%,100.0%)

9: schem,shar — secret (2.1%,85.7%)

10: public,cryptosystem — key (1.3%,100.0%)

Ul 2.2 ngeuduiudiiléaindesa EUROCRYPT (Li et al., 2003)

. hull — convex (2.4%,94.1%)

. short — path (3.9%,89.3%)

. voronoi — diagram (3.9%,89.3%)

. diagram — voronoi (3.6%,96.2%)

. algorithm, convex — hull (1.1%,87.5%)
. simpl,visibl — polygon (1.1%,87.5%)

. minim,tree — span (1.2%,88.9%)

: minim,span — tree (1.1%,100.0%)

O -1 O h B L ) =

Ul 2.3 nganuduiudiilsanndoya COMPGEOM (Li et al,, 2003)
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nsssuimuduiuslunuunszaelagisouinnudazivadsdeya nallan1siseusiuy

n3¥eNlEIsn1sinAnuAa1eadavesauduiusluguteya (Li et al, 2003) 3¥inAMY

A ! [

AdN8YDIgIUTRLANAALA AD AYBIlaya CRYPT-EUROCRYPT  fuasdeya  CRYPT-

Y

COMPGEOM uazAueifioya EUROCRYPT-COMPGEOM azdunmldinursnganuduiusi
Fouslsanndeya CRYPT uazdoya EUROCRYPT fdnwazimiloutu uaziilofuiudiay

1 [

AdeAds nadnsildroguesdeya CRYPT-EUROCRYPT Isidnunndign lusaizfiguosteya
CRYPT-COMPGEOM  uag EUROCRYPT-COMPGEOM flenanundnaadasi dsdunisning
AudNTusuuUNIzate AN udeyadansanteentailu 2 ndu Aslunquusnidu
MsvngANuduiussEnitedoya CRYPT  uay EUROCRYPT lungufiasafunisming

AudURUEIINTaNa COMPGEOM HAdWSLALAAIAITUN 2.4

. logarithm — discrete (2.2%,87.1%)
: schem,secret — shar (1.8%,92.3%)
: schem,shar — secret (2.0%,82.8%)
: public,cryptosystem — key (1.5%,90.5%)

B =

ﬂzjll CRYPT-EUROCRYPT

. hull — convex (2.4%,94.1%)

. short — path (3.9%,89.3%)

. voronoi — diagram (3.9%,89.3%)

. diagram — voronoi (3.6%,96.2%)

. algorithm, convex — hull (1.1%,87.5%)
. simpl,visibl — polygon (1.1%,87.5%)

. minim,tree — span (1.2%,88.9%)

: minim,span — tree (1.1%,100.0%)

e eI e R

n&y COMPGEOM

U7 2.4 ngeudaniudiilsaniSeuduuunszateainassngudeya CRYPT- EUROCRYPT
wazdoya COMPGEOM (Li et al., 2003)

Mg eTiuTaINIsSauing ANdNTLSuUUNTZNY AzmulainIsSeus
ngANMUFTuSITAelin1TdnaIduAAa evetilanilugiudeyanesuiiazainang
AnudNusaINgIudeyaluUNTEAIY 1AsINITITELaUBLUINIILANA1RINFULUUATY

va o a

Aegeveauy loglunuifelauedidoiauanuifnveinisiseuinganuduiusainudas
wiaiguteyaladasslnslifesduindininuaaig nsaanaungigideuasiintuly
TURBUMRIINATIURAT NSNS Bulnanudazuvadlagefenalnniseuuuimssns deli

UseanSnnia



2.2 uAgiineItes
=) a a s = Y o 6 1 ¥
szilyuguandidnnselind vie EHR gneenuuuinligwigysslevideauld
g luaun1slasun131uEuIng MTILAEUAIN Laznsdeian1salainwag
< IS a a a A a A o v d =
TIsmaziiuszansam laedugiuveswuifnde lunsquasnuiguieaziesidvane
vieeusnileiu dsiunisiirmuauuuuiinsgiunasvesseilioudeyadidnnseidndd

1 1 1 a

groagndstenmiisnunilaludidnmiisnunils aziivsgleviuazneliiaUsydnsuad

2

gasian1sinwUIe wnsgiunaiinmualagmiieauleiedle (ISO/TR 20514, 2005)
& ¢ & = | D a & a o s o = a v oYy
Junaniugiunvdrglvdeyadidnnsedndiiflendusazaiuvuieiiuaniudsuiule
FENINMUIBU S18aslBundY 9 NiudnaInunsgIuleteale avTusgiunyigunans

Y

vausarUsEmAvIaLsazniinia (Hayrinen et al., 2008)

= a B Y o= v ¥ oV v I <, o
M3iszuy EHR Neliinnsifiedeyadeilasinsuasidussuy adean
ausagrannlrtuinIdeniauneItesiuteyaauain iuunfiansanlduselenian

Joyadiannselindivantl sruddinnuaulalunisussiumudue1vesssuu (Peterson et

al., 2011; Coorevits et al., 2013; Ravel at al.,, 2015)

¥
Y

uifausiazdiszuu EHR fidaelimsfudeyaviefislassairauarlaiflaseaine s
I¢oegnaauysal uinslivsslominndoyamandussduiFesiidedldunaiaundnunn uu
NINITRRLIANLLE kAT ANEEAINTUNITIATIERTeya INg T aYaaun I faenIslY
wadamilesdeyadunuimamiafilasuanualasgnanfrsvnandussezinaiu &
Usinglunuidevesiiauuazane (Delen at al., 2005) ﬁﬂi%qﬂfﬂ{ijmﬂﬁﬂiﬂiﬂﬂwﬂizmﬂ
diow suldidadula waznisliesginisannesladain aalunaiiieviuienisegsenves

auldanlsauzsasmulagldnisiseuilueaandeyaauld 200,000 598

Ausuvesiladu-isu (Phillips-Wren et al,, 2008) Aias1zunslguszlesiain
ninensassaguiienisguasnwaulilsauzisaven mensldmaliadulidndulasauiv
lassngUszamiien Maesnuideiidunsiunlesdeyaludnvuznisdiuundszian

(classification)

UL ve Tl urTTIzwarAy (Shinozawa et al, 2009) L@uanishuinaia
wilesdoyaUszinnisAumaudusiug (association)  Lilauaninuidenleswasdoyad
Usnglunansnideauarilaannzainmansaguamuszsnd warlutianaadtndainiy
(Sakata et al, 2013) fusuillfimuumanfinduliilugnssenuuussuufifsivey

Weatuayumsdnaulaniandin



9338910937 (Yuregir et al, 2010) lalausuulIAnveIsEULATUAYUNIS
dodulanisnisunmdiuiediu lnaliauenissiuluga self organizing map (SOM) 13lu
sruuiawenlesuusUdmiundunounissruinvedlsafiiinainiaiuailise Ligionella

pneumophila

nsinniesteyatuszuusziouguaiwdidnnsedind dsilvuinlnginin
gudeyagunmanizenu Fuusnglusmuddeiifuniusuiieszuinsinideainuidy
Lodwuuarfinddsarnuminerduladude Ussmaanigowini (Lee et al, 2011) iu3de
yualvyifinsgiuuusuiideust WefumanudeulosoannnsaifiAsrtesiuingan

g1udeya EHR vunalvgy

Tl 2013 Nu3dganUsemaaiiay (Banaee et al,, 2013) laAnwin1sidwmaia

¢ 1 o =

willesdayadmSuihfinmunszuiunsinnuveseteizing 9 dugunsaidedyayadadu

fdumesnliRnfidiung 9 ¥ee519n1e (wearable sensors)

fawinsuszendmaiamiestayaiugiudeyaguain ssuszauanudnialy
& Y o A av o v = & € 1
Wesiudanusingluauiddeduiunn lngansorunulumavisuuusuindudselevide
nmsvhngnsiialsa Aunuaulenleswaumauiinsiludn1isdseinisiinlsadeas
Hglinsdesiuinlaniuig witeyaguanludagdunailnglasunisduiinegluguuuy
didnselindiiviinaniuauegnamanselan vilinsinsenteyadudeyavuinlngdedld

WANALALISNSNTUSLANSAINUINTY (Herland et al., 2014)

1

wenaINBnaenilailvinisinszvideyaving uteya EHR vilainde

al

R NIV RUTRHGHS

<

Jugudayauuunszang (Atilsan & Dogan, 2008) N153LATIENIYYA

%9 Y

LY o o

sinnszifiunasdoya (on-site analysis) LU uAdeiauslaeiinauwiuwdndu

=a)))

;:JLﬁlemmzyﬁmaaﬂwﬁaﬂé (Banerjee et al.,, 2014) lAlEI5A153LATILNBNTINSTONTINTD S
auldfigudoyausazunas Mndusunuamemamsinnsiiunaaiunsie iy
gon (meta-analysis) finsufiamedaiunars vsiiudseldnsiwaudenisldioudiiioni
witlosayaluunsEaNe (Zaidi et al,, 2002) saluiamsiausandnenssuszuvativayy

nsdndulanisrdatinuuunszans (El-Sappgh & El-Masri, 2014)

nsiaunatansitniiesteyaliinuladdugiudeyaguain Nlanyue
M3dniutdoyauuunIzane uonaINNITEaNwUUINsILIsAkazan1dnenssuudy Sndudedl
s lusEiutuneuIsveInsEUIUMTYIIMilelaya N13IANSAUTRYAKUUNTEANEAY
ad v A < a Yo v a v
Basaumuuugdiameziienuduiuuguaseungu ulasuauaulaaninideluaan

nsiSeuIveLATaILAZNTIWEdaua (Yin et al, 2010; Lin et al,, 2013) WANITTILLUY
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E‘ULQ‘W’]E‘VI‘Viﬁ’]EJﬂﬁjlli‘ViLUuLLUUEUﬂi@‘UﬂQNLWBQﬂQNL@EJ’JENELILL‘L!’JV]'N‘VIﬂB‘LHJWQ%’]ﬂ@

(Sulzmann & Furnkranz, 2008)

lasans3deiFaflnuifalunisnissinuuusdiamiesy dussuilaainudas
FIutaya HIUNTEUIUNITOUNIULAENALNNTTTINNY LialilaluuURTauRguilusINgUay

1 1 1 v 4 A a ¥
DYNATUNIU LL@SVLZLIN?’YJ’]N‘UG]LLEJQIU@'J']&J‘M@JW?J?JBQLLU‘UE‘U‘VIL?EJ‘L!%ALW
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N139RNLUULAAIIISNsRATITIRUUFUANNFURUS N Tayavaeunas

3.1 NSOULUIAAYDIUIRY

£
L% U

Tassmsideddesnmamuuimaioudandeyauvunszane elildnadnéidu
wuugUeuduiusinandudnuazvesngauduiug “dufndnuae X whaziAndnume
Y $aushe” wiadeulugunuugeldidu X -> ¥ msfmunaiddearhildiduiimadanisii
ilesdoyauuumanuduiug (association mining) ilesainimadlaildeginlulutiagiiu i
UsgAnBamgaifismediniunsrumanuduiusaingiudeyauvaaies udlunsaiiiy
grudeyauvunszany Sududesiauivaiialnduidislunszurunisfuniuazsiung
s Ssnidduludnuasildunngliinnthuazdifesnmsnisduaiuuamasig 4 7
srtheinlsEdvBanmnmsnuanuiiGeusldanusasgutoya

[y

ALiuYedlAsINITITell 93NN1TORNUUUTURBUADINNNITAUNIAIUAURUST
laanudavundsteyaludnwasreswuuidianiei (local  patterns)  Famunediang
AudTusISEus g Iuleyadeos Wanaenislingmuduiussiuanynguteyatos

Jadeelinsriusuuglianiziwnasnaudiseiuliduluuuaseunau (global patterns)

a o

nduien Tudupeunissungenuduiusiunuugamed dududesfinadelunis
Annginazianistuusaznguueuustianied lulassnisitediaueuumadansane
Fremsldnalnnmsonunufiefieneianusdeuniensunmeluresauitldanusiay
gudeya swfseenuuunuimadianessisazinnisiuanudaudsitonasngluuuugy
anginldangruteyasiaivas nadnsgavneasduuuusuaseunquiissnguiiedieglu

dnwazngANFUTLS Nezausadssellidugiuanudvesssuvatvayunisdnduladiiu

guamla

wananUlunszuIumMTesgikuusUameinlianuiazguteya aldeou
Inlagdslunisiansananumneimileunsesmsiuluanuinseuiidanuiasgiudoya

GU‘HG]’EJ‘LJ‘Viaﬂ“U@N’WU’HEJULLﬁﬂQI@@QLLNUﬂ’]WELUE‘UVI 3.1



11

Health Decision Support
System

Global Association
Patterns

KB

Mechanism to integrate patterns, remove redundancy, check for inconsistency

Ontology of Ontology of
LP1 LPn
Local Patterns Local Patterns / " Local Patterns

(LP1) (LP2) //' (LPn)

r A a

Ontology of
LP2

Association Rule Mining Algorithm (APRIORI)

A A A

Local Health Local Health Local Health
DB1 DB2 DBn

UM 3.1 nseunsITemsduaseiiuuuanuduiusaseunauIndayananguvadite

ATUAYUAUNARNAN TAVATNIUUNTEAY

3.2 YUABUNITAUUINUIYY

masfunuvdnvesmifoiiae msunnalanisfumnuazsIuLuuIUamE
%ﬂiéjlm%umau Mechanism to integrate patterns, remove redundancy, check for
inconsistency luguil 2.1 sisilun1sedursseasiBenvasdunounisimuinalnisdum
uazsaLUUslanngd axdonuuuslianiziiingasduiudiiieanadlefideidesan
Fumeunisdumingauduiusdisdaneifiu APROR a1ngudoyafinszasoglunany

WAad TURBUNITAMTUULUIDDNTY 5 Tunau Al

Tupeuil 1 NsIngaNUduiusiuunIzeIngudeyaluateLma

I dl s 4 i

n1sviuluduneuiliiynyanuneieningauduiusaindeya

q q Y

=)

[
¥ U

nsrareiuey lngludunsuinszuiumamnganuduiusluudazyndeyatiuay

Y

e

Liusoiu nadnsildainduneutl fegiumiudiiunganuduiusandeyad

Y
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nsvneiued Feduiuvesguauinaglaiuaziuegivituiuvesyntayad
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TUROUN 2 NITIUNHANUFUNUS

nsvhauluduseuiiseilanintunaun 1 Ingashingauduius

o = o o

Piidnwazwmleuiueanu1angiuaNuIinseateiuediielilagiuninuiiies
!

ALRE

[
Y

= LYK Y a
TJupaui 3 nsulaingAanuduiuslidun1wsssuwa
= v o sav v ] = [ v v €
Wasnnganuduiusiliantuneui 2 Wungauduiusuuy
nsgentangudeyavalswnas Jeymiendasiintufoe1inAudaues
U009 ANFUTUS wazerainnisuiameluvaanganuduiusilodisy
fun1smnganuduiusiuugIutayasiy Amutuseulaziunisulasguuuy
vaangauduiusangusuumluiieglususuureaniwsssuaiveluly

Tutumnousald

[
Y

TURBUN 4 N1IATIVAOUAIIUTAEITDING AUFUNUS
ngANUFNITUSNegluFULUUVIN S TTUNIRTLAINTUABUT 3 9y

gninlunsivaeuaudauds lasnadnsnlaaintuneuilfionanisniivaaud

v

anunsavenlainngauduiusilaainnszurunisnaunini

=

AUTALLEI

(% (%
a

wsoli 9L AnANUTALEWNATIREYIINITaUNYANUFIRUSHUNalULagiIN1g

nyraaeuANtaLddlni Tutupeuidslaninuiindannganuduiusidegau

[
Y

N Y v o sa
YUHDUN 5 ﬂ'ﬁai'mﬂaﬂ’J"liJaﬂJWUﬁVl?J']@ﬂ']EJ"LU

91nANMUTIUNLAIINNTEUIUNTVRITUABLT 4 @runsauiluashs

[

Junganuduiusuarirluiiisiuainngeuduiiusvsanuifiogudala ddlu

Y

v

duilanunsnvaeng auduiuiivnmeluannsdeuslugiudeyanuy
nszeld gavheagligiuanuveangmnuduiudifissyaieafiinainasming
anuduiusuuunsznefiussansnmlndifesiunismnganuduiusuuuild
FUTDYATINNYIUNALAYT

[
Y

Tunaune 5 Tunsuiivanadudsnuladagui 3.2
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Start

¥

Read association rules

from multiple sources

Integrate association rules

Remove inconsistent

association rules

I’y
Transform to natural language

format

Inconsistent

Check inconsistency

wiith reasoner

Consistent

Association rules from

reasoner

L 4

Impute missing rules with

association rules from reasoner

Association rules from

multiple sources

L 4
End ]

U 3.2 Tumsunsimunalnnisfumuagsiunganuduiusnduwuuglianiz
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3.3 N1599NULUUIUABUITNS

3.3.1 35171559UNGAIUTUNUS

NsTINNYANNFUTUSTLAIINgIuTRYAKUUNTE LT FeTalagnuanIzNg
ANNFNTUENUTINYTUTUNNUMES eINngANUdNRuSIUTIng lunnuvasiuvinefiang
AMUELTUSTY 9 danudiAguaziiussansnnlunsiluldnulueuan weluniamssdiu

nsdmnNngANNFNRUsITINAY 919langanuduTusIunAulULaUIN g AUEUTUST

[
Y

Ippnaluifiusgansamiiganadmunsilvldusslosiiionsviunedeyalusuian daty
nsTINNgANNETuSaYTINsAwemgngANdiusTUsInglunn o undegrudeya
v Y 1 dl < ¥ 1 < v o £ a"l v
Fayaniegdlun1sen 3.1 WudeyagUlelsauzisuiiug nsiiassteyadli
Judnwargiuteyauuunszas wldnisudseyasenidu 3 yn Joyadosurazynazgn
Urluninganuduius lingaauduiusdnuiy 3 wefe R, R, Ry a7ntuling
AudRusTIlAlUdTunuYeINTTINNANENTUSAITEN1BUmeTIeNTU (intersection)

wlANadWSAIFUN 3.3

A13199 3.1 JayadiegadUaelsausise

age | menopause | tumor-size | inv-nodes | node-caps Class
40-49 premeno 15-19 0-2 yes recurrence-events
50-59 ged0 15-19 0-2 no no-recurrence-events
50-59 ged0 35-39 0-2 no recurrence-events
50-59 ged( 15-19 0-2 no no-recurrence-events
40-49 premeno 15-19 0-2 yes recurrence-events
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Ry R, R3

{Class=no-recurrence-

events}=>{inv-nodes=0-2}

{inv-nodes=0-2}=>{irradiat=no} | {inv-nodes=0-2}=>{irradiat=no} | {inv-nodes=0-2}=>{irradiat=no}

{irradiat=no}=>{node-caps=no} | {irradiat=no}=>{node-caps=no} | {irradiat=no}=>{node-caps=no}

U

R

{inv-nodes=0-2}=>{irradiat=no}

{irradiat=no}=>{node-caps=no}

SUN 3.3 HadN5YeINsTINNgANNENTuSMmEn T una Nt

3.3.2 Bmsuvasguuuungnaruaiius i dun 1915553y I8

msmngendiusIng utoNauUUn sz ety lianansamngeuduiusld
wuunsslunsan Wesnnnganuduiusuuunszanefimanldangudeyadesusazynlneg
dasy enavildngauduiusiiAamnadaudeiues fegramu

Rule 1: If X is a man, then X is a human.

Rule 2: If X is John, then X is a man.

Rule 3: If X is John, then X is not a human.

1ndegenganudiusAly szifuininanudaudeangaiuduiusi 2
way 3 lesnnilsanungdiBeudinnnigudeya dafudeidudesiiaiosdiodniunis
nsradeunLTaudsdlunuiseiild Attempto Controlled English wie ACE (Kuhn, 2014)
Jundesilevaslunisnsiaaey wineuflaznsrsasunudandsld azdoantasng
awduiuslvoglusuiuuvesniwissaued Ingldmedansdumuazunuiidenmiiiesi
Tingauduiuslusuuuuily Wy {A=B} => {B=CY agluguuuunwsssued LW “if X
is a n:A_equal B then X is a n:B_equal C’ tlusfu Fadenrumiossnusiiazdosgnuuas

Hnapolul

Lo

o LNUNF e Gf Xis a n:’
‘=>’ LNUNF e ‘then X is a’
‘= uNuiee “ equal ’
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WNUNA2E ‘and X is a n:’
Qv LNUNAQE ‘n’
p WUNAIY empty string

Tnsawsssuniluiifousslonnwsinguinll uiasdeulaefitormunves
A ACE Fafunmwissssmnavianiefiamsowunuiudahlvahaduesulnlasle
Faps9dl 3.2 wansiegamsuvasguuuungarmdisiusinlulfeslusuuuuntwsssund
21307 3.4 uansidasuduneunisuuasgluvungaruduiusitilulviegluguuuy
AMw1553umA Tagazfudoyaldungauduiuiiildainnissunganuduiudainumas
Aing 4 Fentsudassluvunganuduiuiiagldivaiavenisfumuasunuiiluns
ﬁumgﬂLLUUG{J@@U%IEJW'%aéfggé’ﬂaiﬁé’mmswuﬁéﬁaﬂiziaﬂwéaﬁmﬁﬂzﬁﬁﬁaﬂLmuﬁmiﬂ
wadnsldAenganuduiusieglusunuuresntwisssuvidnannsahluunuanuiiie

lva$radusaulnladle

o ea

M19°99 3.2 JUnuungAuduiusignulasiiuniwsssud

Y

Original association rules Association rules in ACE format
{Class=no-recurrence- If X is a n: Class_equal_no-recurrence-events
events}=>{inv-nodes=0-2} then X is a niinv-nodes_equal_0-2.

If X is a niinv-nodes_equal 0-2
{inv-nodes=0-2}=>{irradiat=no}
then X is a n:irradiat_equal_no.

If X'is a niirradiat_equal _no
{irradiat=no}=>{node-caps=no}
then X is a n: node-caps_equal_no.
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Algorithm Transform_to_Natural_Language
//Input: C, an association rule set.

//Output: CACE, an association rule set in the form of natural language.
1. Create CACE as empty list;

2. Create D as dictionary = { \A{" !'if X'is a n!'
3. '=>":"then X is a,
a. '=':" equal |,

5. otand Xis and,
6. {:'n,

7. g A

8. }

9. Fori=1 ¢ to length(C) do

10. RN = multiple_replace(D, C);

11. add RN to CACE;

12. End for

13. Return CACE

sUN 3.4 Juneumsuuasguiuunganuduiusmlvivedlusuiuun1wisssuni

3.3.3 35175932990 UAINTALEIYDINAIIISUNUS

Jupowislugud 3.4 Wuduseunisulasguuuunganuduiusialuliedlu

[

a A 9vo ° YR o I3 a A %] =
EULLUUQWMGSEN%W LW@IGU?{']‘WTUﬂqiuqﬂ{]ﬂquaNWUﬁf\aniqﬂLTJUBBUIV]IaﬂWi@i']USU@%aW

[

Hinssryauduiusvestoya auandlusui 3.5 Yunsuseanuuassuiuungauduius

Y
v
[ [ v

Tidusduuunuisssueffedunaun1snsisaeuaudaLdweng wazuoninileann

Y

Hadnsnlaingauduiusiinanudaudaiunseld Gwunsaadianusindnieny

Auduiusininnganuduiusilegdula danns1en 3.3 uansdregisauslnintaain

Y

N13MIVAOUAIUTALEIVDING ANUFUNUSTLANINUNA IR 9
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[ Cizsshierarchy | Cla=shisrarchy infersd) |
Class hierarchy: 11[=]0]

If X is a n: Class_equal_no-recurrence-events ¥ @ Thing
- - - @ deg-malig-2
inv_nodes_equal_0D-2 = no-node-caps = no-irradiat
- @ no-recurrence-events
left-breast
no-irradiat = inv_nodes_equal_0-2 = no-node-caps
no-node-caps = inv_nodes_equal_0-2 = no-irradiat
then X'is a n:irradiat_equal_no. . - ®@no-recurrence-events

i @ premeno-menopasue

then X is a niinv-nodes_equal_0-2.

If X'is a n:inv-nodes_equal 0-2

If X'is a n:irradiat_equal_no

then X is a n: node-caps_equal_no.

sUN 3.5 fedesaulnlagnaseanngauduiug

M13199 3.3 M98 19U83ANN3 MUTLA NS IAMANALTINTTNEANAWIFTIUYR

Entailment New rules in ACE format

If X'is a n:inv_nodes _equal 0-2 and X is a
Every inv_nodes equal 0-2 is a no- \ B -
B B B n:no-irradiat
irradiat that is a no-node-caps.
then X is a n:no-node-caps .

Every no-irradiat is an If X'is a n:no-irradiat and X is a
inv_nodes_equal 0-2 that is a no- n:inv_nodes equal 0-2
node-caps. then X is a n:no-node-caps .
Every no-node-caps is an If X'is @ n:no-node-caps and X is a
inv_nodes_equal 0-2 that is a no- n:inv_nodes_equal 0-2
irradiat. then X is a n:no-irradiat .

(%
[ [

TUNBUNIINTIVEBUANUTALTIVBINYAUFURUTNAIINUNE 1AI1UFAN 9

[

wanaliidumdaiionlaneguin 3.6 lngaziudoyadndunganuduiusieglugluuures
a Y o ! [ 1% ) a o U o Y v = =)
AMYETINYIR wdwsasngauduiusluaswlueeulnlagdmsunisinluldiuniedle
M3I@aUANTALES ndeanlangauduiusieglusluuuresesulnlaguaiaziily
ATIVADUAIUTALEINIY FaCT++ Reasoner (Tsarkov and lan, 2006) F901LANAIIUUALES
9z9IN1TAUNYAUFUTUSUY 9 Tnenaansiilafeaiuisavanlainngaiuduiusilaein

N15TIUNHANUAURUTIINUMEIRNFA 9 dudaudeiunTelil wazngaiuduiusivadale
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I1nngANFUTUSIA e lUu AL luduveIng A uduiusiviameld anvingazla
FIUAU3VBINYANUFURUSIHYIYALAINUIIINA1ITNING AUFUTUSUUUN TN

UsgangnmlndifesiunsmnganuLuuasiy

Algorithm Check_Inconsistency with_Reasoner
//Input: CACE, an association rule set in the form of natural language.
//Output: |, Inconsistency of Association Rules as true or false.

E, Association rules entailed from reasoner.

1. 1 =true
2. Ontology = ACE_views (CACE);
2. While | = truef

3. (I, E) = Reasoner (Ontology)

a4 If I = true

5. Ontology = Remove rules_inconsistent (CACE)
6. 1}

7. Return (I, E)

JUN 3.6 TuRBUNTATIEBUAIUTALEIVBINYANUEUTUSNTIVTINNMABUYEN
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N1INAFBUNAINNITAUNILAZTIUNYAUFUNUSIINUAIBUNET

Tassnsidediinausiznisimilosnuduiusuuunszans femseeniuy
uazWaunalndamssnsifienungauduiusinszveglunansgutoya samfemsiaasy
anudaudavnsnguareyuungienazaianiely namaaeulssanianuesinisiiaue
Julmidu agnaaeutszandamnalnnisfuniuazsunganuduiusainuaiounas
Wisuiflsusumaningaruduiusuuudafuiitoyanmuadegnirursliluwaaien

TngagRinnsananiuunganuduiusiladunasiiunisiSeudiay

4.1 dayanldlun1mageu

N1SNAABUNE LNNNTAUMILATTINNANFUNUSIINTa18Unas avlddaya
11M5§71U2 UCI Machine Leaming Repository @aidudoyarielsauzifasuu (Breast
Cancer) uazdoyaiUelsaviala (Heart Disease) Anluynuenvitdvestoyatisansgniign
wladlidudsziandeyailiangu (categorical data type) Lﬁaqﬁmmﬁﬁwmﬁaq%’agaﬂszmm
nMsfumanNduiug Mivdnnnsduamaivesudazarteyalunnuennidad Ussianues
Yoyadsoauvdaiianunsauasivly

foyadihelsnuziadnun Hudeyansifdadensindneseiss Sdeyarionun
286 L3AABIA WiazlsAARsAUTENEUAIY 9 wann3dad  a@1ursaanidluanldann
https://archive.ics.uci.edu/ml/datasets/Breast+Cancer 31882108 ALAZAITUNUILVOILLS
azuenvtadludeyaritelsauzifasnusuandlasnmsnsi 4.1

Yoyafihelsaidla iWudeyaiferfuauliifarudsniulsarla  deya
fanun 303 15ARain urarisaradail 14 uenv3dad arursoanadivandoyaldain
https://archive.ics.uci.edu/ml/datasets/heart+Disease  $188¥LDHALAZAINURUILUDILA

azwanviztifludeyadthelsaiilananslananisned 4.2



21

o = aa ¢ v X 8 v
M990 4.1 i']f]agL'E]EJ@LL@WW?U?@%@Q%@H@&J}TJ'JEJIiﬂiJgLiﬂL@WUlI

YauaNVINIA

age

menopause

tumor-size

inv-nodes

node-caps

deg-malig

breast

breast-quad

irradiat

Class

ANUNLNBVDILDNNTUIA

Age of patient (in the range 29-77)

Age of a woman at menopause

Size of the tumor in millimeters

The number (range 0 - 39) of
axillary lymph nodes that contain
metastatic breast cancer visible on
histological examination

Does the cancer metastasize to a
lymph node?

Degree of malignant tumor
Position of breast that cancer
occurs

Quadrant on the cancerous breast

Does the patient underwent the
radiation treatment?

Does this cancer a recurrent one?

Aiidulule

{10-19, 20-29, 30-39, 40-49,
50-59, 60-69, 70-79, 80-89,
90-99}

{lt40, ged0, premeno}

{0-4, 5-9, 10-14, 15-19, 20-24,
25-29, 30-34, 35-39, 40-44,
45-49, 50-54, 55-59}

{0-2, 3-5, 6-8, 9-11, 12-14, 15-
17, 18-20, 21-23, 24-26, 27-
29, 30-32, 33-35, 36-39}

{yes, no}

{1, 2, 3}
{left, right}

{left-up, left-low, right-up,
right-low, central}

{yes, no}

{no-recurrence-events,

recurrence-events}
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YauaNVINIA

age

sex

cp

trestbps

chol

fbs

restecg

thalach

exang

oldpeak

slope

ca

thal

num

ANUANB VDN TR

Age of patient (in the range 29-77)

Sex of patient

Chest pain type (4 types):

1 = typical angina, 2 = atypical angina,

3 = non-anginal pain , 4 =asymptom

Blood pressure when resting (in mm Hg),
values are in the range 94-200

Serum cholesterol in mg/dl, values are in the
range 126-564

Blood sugar when fasting (> 120 mg/dl)
Electrocardiographic results when resting:

0 = normal, 1 = having ST-T wave
abnormality, 2 = showing probable or definite
left ventricular hypertrophy by Estes' criteria
Maximum heart rate achieved (in the range
71-202)

Exercise induced angina

ST depression induced by exercise relative to
rest (values are in the range 0-62)

The slope of the peak exercise for the ST
depression segment

Number of major vessels (0-3) colored by
fluoroscopy

Thalassemia (3 = normal; 6 = fixed defect; 7
= reversible defect)

Risk factor of heart disease:

<50 = no disease,

>50 1 = presence of heart disease

Adidulule

{29-45, 46-60, 61-77}
{male, female}
{typ_angina,
atyp_angina,
non_anginal, asympt}
{94-129, 130-164,
165-200}%

{126-272, 273-418,
419-564}

{t, f}

{left_vent hyper,

normal, abnormal}

{71-114, 115-158,
159-202}
{yes, no}

{1, 2,3}

{down, flat, up}

{0, 1, 2, 3}

{normal, fixed defect,

reversible defect }

{<50, >50 1}
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y A A
Association Rule Association Rule Association Rule Association Rule
Mining Mining Mining Mining
A y y
Integrate Association
Rilles
v
Transform Association
Rules to Natural Language
A
Check Inconsistency with
Reasoner
v A 4

Association Rules

Benchmark

Association Rules
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a v v Ay I aal a v Y] S 6
M99 4.3 ﬂaﬂquaNWUﬁWQUWUimﬁﬂﬂqﬂ')ﬁﬂ"lilfm@ﬁiﬂgLLagisﬁﬂanUaHUGZJuﬁq 0.1

Result
Entailment If-Then Rules
Dataset
Breast Every age_equal 50-59 is an inv- If age=50-59
Cancer nodes_equal 0-2. Then inv-nodes=0-2

Every inv-nodes_equal_0-2 is an
iradiat_equal_no that is a node-

caps_equal no .

If inv-nodes=0-2 and irradiat=no

Then node-caps=no

Every irradiat_equal no is an inv-
nodes_equal_0-2 that is a node-

caps_equal no .

If irradiat=no and inv-nodes=0-2

Then node-caps=no

Every node-caps_equal no is an inv-
nodes_equal 0-2 that is an

iradiat_equal_no .

If node-caps=no and inv-nodes=0-2

Then irradiat=no

Every deg-malig equal 1is a

Class_equal_no-recurrence-events .

If deg-malig=1

Then Class=no-recurrence-events

Every Class_equal_no-recurrence-events

is an inv-nodes_equal_0-2..

If Class=no-recurrence-events

Then inv-nodes=0-2

Every age equal 50-59 is a node-

caps_equal no .

If age=50-59

Then node-caps=no

Every Class_equal_no-recurrence-events

is an irradiat_equal no .

If Class=no-recurrence-events

Then irradiat=no

Heart Disease

Every sex equal female is a

thal equal_normal.

If sex=female

Then thal=normal

Every cp_equal atyp anginais a

fbs_equal f.

If cp=atyp_angina
Then fbs=f
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a v v Ay I aa a v Y] S 6
M990 4.4 ﬂaﬂquaNWUﬁWQUWUimﬁﬂﬂqﬂ')ﬁﬂ"lilfm@ﬁiﬂgLLageLsUﬂ']aUUaHu"Uumq 0.2

Result
Entailment If-Then Rules
Dataset
Breast Every age_equal _50-59 is an inv- If age=50-59
Cancer nodes_equal 0-2. Then inv-nodes=0-2
Every inv-nodes_equal_0-2 is an
If inv-nodes=0-2 and irradiat=no
iradiat_equal_no that is a node-
Then node-caps=no
caps_equal no .
Every irradiat_equal_no is an inv-
B B If irradiat=no and inv-nodes=0-2
nodes_equal_0-2 that is a node-
Then node-caps=no
caps_equal no .
Every node-caps_equal _no is an inv-
If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an
Then irradiat=no
irradiat_equal_no .
Every Class_equal_no-recurrence-events | If Class=no-recurrence-events
is an inv-nodes_equal 0-2 . Then inv-nodes=0-2
Every age equal 50-59 is a node- If age=50-59
caps_equal_no . Then node-caps=no
Every Class_equal_no-recurrence-events | If Class=no-recurrence-events
is an irradiat_equal_no . Then irradiat=no
Heart Every num_equal less than 50 is a If num=< 50
Disease thal_equal normal . Then thal=normal
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A19197 4.5 ngAnuduiusidunulalmiandsnsdwmssnsuasldaatuayudus 0.3-0.5

Result
Entailment If-Then Rules
Dataset
Breast Every inv-nodes_equal_0-2 is an
If inv-nodes=0-2 and irradiat=no
Cancer irradiat_equal_no that is a node-
Then node-caps=no
caps_equal no .
Every irradiat_equal_no is an inv-
B B If irradiat=no and inv-nodes=0-2
nodes_equal 0-2 that is a node-
Then node-caps=no
caps_equal no .
Every node-caps_equal _no is an inv-
If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an
Then irradiat=no
irradiat_equal _no .
Every Class_equal_no-recurrence-events | If Class=no-recurrence-events
is an inv-nodes_equal 0-2 . Then inv-nodes=0-2
Every Class_equal_no-recurrence-events | If Class=no-recurrence-events
is an irradiat_equal_no . Then irradiat=no
Heart
Disease

A19197 4.6 N ANNFUusTIAUNULAlaINISNmTInsuagldrnatiuayuun 0.6

caps_equal no .

Result
Entailment If-Then Rules
Dataset
Breast Every inv-nodes equal 0-2 is an
= 1 If inv-nodes=0-2 and irradiat=no
Cancer iradiat_equal_no that is a node-

Then node-caps=no

Every irradiat_equal _no is an inv-
nodes_equal_0-2 that is a node-

caps_equal no .

If irradiat=no and inv-nodes=0-2

Then node-caps=no

Every node-caps_equal_no is an inv-
nodes_equal 0-2 that is an

irradiat_equal_no .

If node-caps=no and inv-nodes=0-2

Then irradiat=no

Heart Disease
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A5 4.7 LWS8UiEUTIUIUNANNFIRUS TE TN ININGAMUAUTUSLUUALANLAE NS

mnganuduiusIndeyananeunatiudayartelsauzisaduy

# Original  # Association rules # Association % Improvement

Association from multiple Rules from by Reasoner
Support rules sources without Reasoner
value reasoner
0.1 883 372 380 2.15%
0.2 203 119 126 5.88%
0.3 62 30 35 16.67%
0.4 24 19 24 26.32%
0.5 24 10 15 50.00%
0.6 9 6 9 50.00%
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A1599 4.8 LUS8UEUTIUIUNYANUFURUSTENINANIININYAUAUTUSLUUAIANLAE NS

mngauduiusIInteyaateuvadluteyarUlglsala

Support # Original =~ # Association rules # Association % Improvement
value Association from multiple Rules from by Reasoner
rules sources without Reasoner
reasoner
0.1 7245 2158 2160 0.09%
0.2 726 282 283 0.35%
0.3 118 42 42 0.00%
0.4 18 10 10 0.00%
0.5 4 4 4 0.00%
0.6 1 0 0 0.00%
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Minimum Support
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H# Original Association rules
H # A=ociation rules from multiple sources without reasoner

B # Association Rulesfrom Reasoner
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4.5 HANIINAFAUANNYNABIVBINITAUNINGANUTUNUSIINVABUNAS

N15NAABUITAITAUNINGAIUFURUTIINGIUTOYARUUNTEIY WONIA N
finrsuniisinuvesnganuduiusiduny sududesfinnsaunluduanugnieswesng
arudusitus Tneldinasiuieudisuiuisnsdumnganuduiusuuudufuiideyasiuogly
giuteyaifior nanmsnaseutudeyatoyaduaslsausSaduufiaaivayudust 0.4 uans
1#fann319 4.9 uagwanismaaeuiuteyaiiaelsailafeatiuayud 0.4 uanslds
p15197 4.10 1A Imaaevaziiiuitludeyaguielsauzifaiulviaaugndesueiny
Auduiusanlu 87.50% wazdeyadUrelsamilalinugnisvesngainuduiusanidu
100%

M13197 4.9 WUSBULTIBUANYNABITENINNG ANUFUTUSLUUALANKANYAUEUTUSAN

Joyavianeunaseaatuauu 0.4 ludeyagUislsaussauduy

NHAMUTUNUSLUUALAY

NHAMUTURUSIINVAIBULES

{Class=no-recurrence-events}=>{inv-

nodes=0-2}

{Class=no-recurrence-events}=>{inv-

nodes=0-2}

{Class=no-recurrence-

events}=>{irradiat=no}

{Class=no-recurrence-

events}=>{irradiat=no}

{Class=no-recurrence-events}=>{node-

caps=no}

{Class=no-recurrence-events}=>{node-

caps=no}

{inv-nodes=0-2}=>{irradiat=no}

{inv-nodes=0-2}=>{irradiat=no}

{irradiat=no}=>{inv-nodes=0-2}

{irradiat=no}=>{inv-nodes=0-2}

{inv-nodes=0-2}=>{node-caps=no}

{inv-nodes=0-2}=>{node-caps=no}

{node-caps=no}=>{inv-nodes=0-2}

{node-caps=no}=>{inv-nodes=0-2}

{irradiat=no}=>{node-caps=no}

{irradiat=no}=>{node-caps=no}

{node-caps=no}=>{irradiat=no}

{node-caps=no}=>{irradiat=no}

{inv-nodes=0-2,Class=no-recurrence-

events}=>{irradiat=no}

{inv-nodes=0-2,Class=no-recurrence-

events}=>{irradiat=no}

{irradiat=no,Class=no-recurrence-

events}=>{inv-nodes=0-2}

{irradiat=no,Class=no-recurrence-

events}=>{inv-nodes=0-2}

{inv-nodes=0-2,irradiat=no}=>{Class=no-

recurrence-events}
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A13197 4.9 WUIBUIBUANYNABITENI NN ANUFUTUSLUUALANKAE N AIEUTUSN

Joyavaneunasnigeaiuayy 0.4 ludeyaithelsaiila (ve)

NfANUTUNUTUUUALAY

N§ANUFUNUSIINVABUNES

{inv-nodes=0-2,Class=no-recurrence-

events}=>{node-caps=no}

{inv-nodes=0-2,Class=no-recurrence-

events}=>{node-caps=no}

{node-caps=no,Class=no-recurrence-

events}=>{inv-nodes=0-2}

{node-caps=no,Class=no-recurrence-

events}=>{inv-nodes=0-2}

{irradiat=no,Class=no-recurrence-

events}=>{node-caps=no}

{irradiat=no,Class=no-recurrence-

events}=>{node-caps=no}

{node-caps=no,Class=no-recurrence-

events}=>{irradiat=no}

{node-caps=no,Class=no-recurrence-

events}=>{irradiat=no}

{node-caps=no,irradiat=no}=>{Class=no-

recurrence-events}

{inv-nodes=0-2,irradiat=no}=>{node-

caps=no}

{inv-nodes=0-2,irradiat=no}=>{node-

caps=no}

{inv-nodes=0-2,node-

caps=no}=>{irradiat=no}

{inv-nodes=0-2,node-

caps=no}=>{irradiat=no}

{node-caps=no,irradiat=no}=>{inv-nodes=0-

2}

{node-caps=no,irradiat=no}=>{inv-nodes=0-

2}

{inv-nodes=0-2,irradiat=no,Class=no-

recurrence-events}=>{node-caps=no}

{inv-nodes=0-2,irradiat=no,Class=no-

recurrence-events}=>{node-caps=no}

{inv-nodes=0-2,node-caps=no,Class=no-

recurrence-events}=>{irradiat=no}

{inv-nodes=0-2,node-caps=no,Class=no-

recurrence-events}=>{irradiat=no}

{node-caps=no,irradiat=no,Class=no-

recurrence-events}=>{inv-nodes=0-2}

{node-caps=no,irradiat=no,Class=no-

recurrence-events}=>{inv-nodes=0-2}

{inv-nodes=0-2,node-

caps=no,irradiat=no}=>{Class=no-

recurrence-events}
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ndeyavanguvawneAaiuayy 0.4 ludeyarUielsaila

NfANUTUNUTUUUALAY

N§ANUFUNUSIINVABUNES

{slope=up}=>{fbs=f}

{cp=asympt}=>{fbs=f}

{restecg=normal}=>{fbs=f}

{thalach=115-158}=>{fbs=f}

{trestbps=129-164}=>{fbs=f}

{trestbps=129-164}=>{fbs=f}

{num=<50}=>{exang=no}

{num=<50}=>{exang=no}

{num=<50}=>{fbs=f}

{num=<50}=>{fbs=f}

{oldpeak=0}=>{fbs=f}

{oldpeak=0}=>{fbs=f}

{thal=normal}=>{exang=no}

{thal=normal}=>{fbs=f}

{thal=normal}=>{fbs=f}

{age=46-60}=>{fbs=f}

{ca=0.0}=>{fbs=f}

{ca=0.0}=>{fbs=f}

{exang=no}=>{fbs=f}

{exang=no}=>{fbs=f}

{sex=male}=>{fbs=f}

{sex=male}=>{fbs=f}

{chol=126-272}=>{fbs=f}

{chol=126-272}=>{fbs=f}

{chol=126-272,ca=0.0}=>{fbs=f}

{chol=126-272,exang=no}=>{fbs=f}

{chol=126-272,exang=no}=>{fbs=f}

{sex=male,chol=126-272}=>{fbs=f}
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Abstract— This research aims at studying the method for
association rule mining on multiple datasets. Current with
technology and information systems enabling agencies or
organization has a data-storage system, but the problem is
that those with a larger data set, which is difficult in the
association rule mining, because it requires a computer with
a high-performance to process, which was followed by a cost
increase. How it can help solve this problem is to distribute
data process according to multiple computers, then
combined rules of each machine using Fact + + Reasoner for
check conflicts of rules, and will therefore have powerful
association rules similar to the method for association rule
mining on one dataset. We thus propose a technique for
association rule mining on multiple datasets.

Index Terms—Association rule mining, Controlled language,
Attempto Controlled English

|. INTRODUCTION

Current, with the rapid development of technology
allows agencies and organizations have adopted various
technologies applied to the agency or the organization
even more. These technologies make it possible to easily
and systematically, but what follows is data that is stored
large, which is difficult in association rule mining. As it
required a computer with high-performance to processing
and high cost, which the large organizations to have the
financial resources to association rule mining from large
data set. There is a technique to help fix this problem is to
distribute the data set to be processed by multiple
computers, by the computer, it does not require a high-
performance to processing in association rule mining.
However, it may have a conflict with the association rules
in the process of combining association rules from each
machine, and association rules from multiple datasets
may be inefficient compared to the association rules from
only data set. So in the process of combining association
rules requires a technique to help fix the problems
mentioned above.

Step in the combine association rules from distributed
data is essential as well, as association rules from
multiple datasets must be close to the most powerful
association rules from one datasets and association rules
must be inconsistency. Examination of conflict in
association rules is used Fact + + Reasoner [7] and need
to write rules in the form of Attempto Controlled English
(ACE) [2], which is a Controlled Natural Language (CNL)
on the Protégé.

Researches related to association rule mining on
multiple datasets have to appear very little. Probably, due
to the association rule mining on multiple dataset that is
difficult process of combined association rules from
distributed data, association rules with efficient close to
that of association rule mining from one datasets. The
researchers appeared, there was an inefficient comparison
clearly. [1, 3, 8]

From the above it can be seen that association rule
mining relations from large dataset it is difficult, there is
a need to distribute data processing according to multiple
computers. Combining association rule from each of
computers may be a problem in the conflict of association
rules and the efficiency of association rules. We thus
propose a technique to association rule mining on
multiple datasets.

Il. BACKGROUND

A. Association Rule Mining

Association Rule Mining is a process that has been
popular in the relationship between the data that is how
most association rule mining in a variety of ways. In this
paper, the algorithm Apriori [6] of the association rule
mining.
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2013; accepted December 31, 2013.
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TABLE 1
PURCHASE TRANSACTIONS OF ALL CUSTOMERS
QOrder Milk Water Candy Sausage
1 1 1 0 0
2 0 1 1 0
3 0 0 0 1
4 1 1 1 0
5 0 1 0 0
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Table 1 is show a purchase transaction of all customers
and then fined the frequency pattern of purchases of
customers in each piece, to find the relationship of each
product which is shown in Table 2, after which it will be
used with high frequency items set to generate
association rules, which is in the form of IF condition
Then result by the criteria used in the present are the
following:

e Support is the frequency of the event occurring
e Confidence is the frequency of the incident with
other events occurring together.

TABLE 2
THE FREQUENCY OF CUSTOMER PURCHASES.
Milk Water Candy Sausage
Milk 2* 2 1 0
Water 2 4* 2 0
Candy 1 1 2% 0
Sausage 0 0 0 1*

B. Attempto Controlled English

ACE is a controlled natural language that is based on
first-order logic language, which combines the
advantages of natural languages °1 , formal language to
want to make the writing language in the form of human
and machine can understand, can be written in the form
of simple English sentences [2], as shown by Figure 1 is
an example of comparison between FOL, DL, OWL,
UML, and ACE. ACE is a plugin of Protégé editor, in
this research association rules are written in the form of
ACE because will lead association rules to check
conflicts with Fact++ Reasoner in Protégé editor. Table 3
shows an example of converting association rules in the

C. FaCT++ Reasoner

FaCT + + is reasoner was developed from FaCT
algorithm using C + + language development, which is
based on Description Logics (DL), to be used for
checking the inconsistency of Ontology [7], for example
following:

Every man is a human.
John is a man.
John is not a human.

For example, it can be seen that the conflict in the
sentence “John is not a human”, because two sentences
have previously said that “John is a human” and could
not use sentences in an example to created ontology. In
this research, association rule mining from distribute data,
may be association rules is a conflict, so it need FaCT++
Reasoner to checking the conflict of the association rules
from multiple datasets

I1l. METHODOLOGY

This research proposed a technique for association rule
mining on multiple datasets, the data is divided according
to multiple computers to help in the association rule
mining, replace association rule mining from large
dataset, which require a computer with high-performance
to process. But in the process of combined association
rules from multiple datasets is difficult, because to the
association rules with performance close to the
association rule mining from large dataset and association
rules that may conflict.

/Association rule

form of ACE.

i N\ \
4

D,

e

(=2 =2
R1

D,

Ro

Y
M A~ A

A

N AP

first-order logic Y X (protein(X) — 3Y (terminus(Y) A has(X,Y)))
DL Protein C Shas. Terminus
<owl:Class rdf:ID="Protein">
<rdfs:subClass0f>
<owl:Restriction>
7 nTa ' <owl:ozProperty rdf:rescurce="#has"/>
OWL (RDF/XML) <oul:someValuesFron 242 iresources"#Teraizus" />
</owl:Restriction>
</rdfs:subClass0f>
</owl:Class>
1
UML e
ACE Every protein has a terminus
Figure 1 Example of comparison between FOL, DL, OWL, UML, and
ACE
TABLE 3

EXAMPLE OF CONVERTING ASSOCIATION RULES IN THE FORM OF ACE

Original association rules Association rules in ACE

{CLASS=crew} => {SEX=male} If X is a crew then X is a male.

If X is a crew and X is an adult then
X is a male.

{CLASS=crew, AGE=adult} =>
{SEX=male}

If X 'isa crew and X is an adult and X
is a n: not-survivor then X is a male.

{CLASS=crew, AGE=adult,
SURVIVED=no} => {SEX=male}

©2014 ACADEMY PUBLISHER
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Figure 2 Conceptual framework of the research
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Ry Ry

GE=adult}
=male} [CLASS=crew
{CLASS=crew] == [AGE=adult]

S=crew| == [SEX=male]
{CLASS=crew| == [AGE=adult}

AGE=adult]

CLASS=crew)]
{CLASS=crew} =

SEX=male}

E=adult}

Figure 3 Example combined association rules

Figure 1 shows conceptual framework of the research.
First, association rule mining from multiple datasets by
By, Dy e, By with £ =1,2,...,%. Second, combined
association rules from first step by
F= Rﬂ_ﬁﬂ'z [k} ..-IETR} with ; = 'l|| z.l .....'FL which is
shown in figure 3. Third, converting association rules in
the form of ACE. Forth, checking the conflict of the
association rules with FaCT++ Reasoner. Finally, the
association rules from multiple datasets with similar
efficient to the association rules from one dataset, this can

be checked from the ontology created from Protégé editor.

IV. EXPERIMENT RESULT

This research experimented to compare the results from
the association rule mining on multiple datasets and the
association rule mining on one dataset used Breast-cancer
dataset from the UCI Machine Learning Repository.
Breast-cancer dataset has 10 attributes and 286 data
instances, figure 4 is an example of Breast-cancer dataset
are 5 instants.

The experiment will divided breast-cancer dataset for
association rule mining to three datasets, which use
minimum support for association rule mining at 0.3 and
0.5. Table 4 show comparative results of association rule
mining on multiple dataset and association rule mining on
one dataset with minimum support 0.3, it can be seen that
the association rules from multiple dataset missing a lot,
and when considering ontology Figure 5 shows that
association rules from multiple dataset and association
rules from one dataset are clearly different. Table 6 show
comparative results of association rule  mining on
multiple dataset and association rule mining on one
dataset with minimum support 0.5, it can be seen that
there are some association rules from multiple dataset
still missing, and when considering Ontology of Figure 6
shows that association rules from multiple dataset
effectively close association rules from one dataset.

Association rule mining with minimum support 0.3 and
0.5, table 8 show association rule mining from multiple
dataset with minimum support 0.5 it provides the number
of rules closely to association rule mining from one
dataset more than minimum support 0.3. Association rule
mining from multiple dataset there is a missing, can be
certain association rules of table 5 and table 7 to fill in
some missing association rules.

©2014 ACADEMY PUBLISHER
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Figure 4 Example of Breast-cancer dataset

TABLE 4
COMPARATIVE RESULTS OF ASSOCIATION RULE MINING ON MULTIPLE
DATASET AND ASSOCIATION RULE MINING ON ONE DATASET WITH
MINIMUM SUPPORT 0.3

Original association rules

Combined association rules

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast then X is a n:no-node-caps.

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:left-
breast then X is a n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:left-
breast then X is a n:inv_nodes_equal_0-2.

if X is a n;premeno-menopasue and X is a
n:inv_nodes_equal_0-2 then X is a n:no-
node-caps.

if X is a n;premeno-menopasue and X is a
n:inv_nodes_equal_0-2 then X is a n:no-
node-caps.

if X is a n:premeno-menopasue and X is a
n:no-node-caps then X is a
n:inv_nodes_equal_0-2.

if X is a n:premeno-menopasue and X is a
n:no-node-caps then X is a
n:inv_nodes_equal_0-2.

if X is a n:left-breast and X is a n:no-irradiat
then X is a n:no-node-caps.

if X is a n:left-breast and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:left-
breast then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:left-
breast then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast then X is a n:no-irradiat.

if X is a n:left-breast and X is a n:no-irradiat
then X is a n:inv_nodes_equal_0-2.

if X'is a n:left-breast and X is a n:no-
irradiat then X is a n:inv_nodes_equal_0-
2

if X isa n:inv_nodes_equal_0-2 and X is a
n:left-breast and X is a n:no-irradiat then X
is a n:no-node-caps.

if X isa n:inv_nodes_equal_0-2 and X is a
n:left-breast and X is a n:no-irradiat then X
is a n:no-node-caps.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:left-breast then
X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:left-breast
then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:left-
breast and X is a n:no-irradiat then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:left-
breast and X is a n:no-irradiat then X is a
n:inv_nodes_equal_0-2.

if X is a n:;premeno-menopasue and X is a
n:no-irradiat then X is a n:no-node-caps.

if X is a n;premeno-menopasue and X is a
n:no-irradiat then X is a n:no-node-caps.

if X is a n:premeno-menopasue and X is a
n:no-node-caps then X is a n:no-irradiat.

if X is a n:premeno-menopasue and X is a
n:no-node-caps then X is a n:no-irradiat.

if X is a n;premeno-menopasue and X is a
n:inv_nodes_equal_0-2 then X is a n:no-
irradiat.

if X is a n:premeno-menopasue and X is a
n:no-irradiat then X is a
n:inv_nodes_equal_0-2.

if X isa n:inv_nodes_equal_0-2 and X is a
n:deg-malig-2 then X is a n:no-node-caps.

if X is a n:inv_nodes_equal_0-2 and X is a
n:deg-malig-2 then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:deg-
malig-2 then X is a n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:deg-
malig-2 then X is a n:inv_nodes_equal_0-
2

if X is a n:left-breast and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:left-breast and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast then X is a n:no-recurrence-
events.

if X is a n:menopasue-ge40 and X is a
n:inv_nodes_equal_0-2 then X is a n:no-
node-caps.

if X is a n:zmenopasue-ge40 and X is a n:no-
node-caps then X is a n:inv_nodes_equal_0-
2.

if Xis a n:inv_nodes_equal_0-2 and X is a
n:right-breast then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:right-
breast then X is a n:inv_nodes_equal_0-2.

if Xis a n:left-breast and X is a n:no-
recurrence-events then X is a n:no-node-
caps.

if X is a n:premeno-menopasue and X is a
n:inv_nodes_equal_0-2 and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:premeno-menopasue and X is a
n:inv_nodes_equal_0-2 and X is a n:no-
node-caps then X is a n:no-irradiat.

if X is a n:premeno-menopasue and X is a
n:no-node-caps and X is a n:no-irradiat then
Xis an:inv_nodes_equal_0-2.

if X'is a n:left-breast and X is a n:no-
recurrence-events then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:left-breast and X is a n:no-recurrence-
events then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:left-
breast and X is a n:no-recurrence-events
then X is a n:inv_nodes_equal_0-2.
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if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:left-breast then
X is a n:no-recurrence-events.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:menopasue-ge40 and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:menopasue-ge40 and X is a n:no-
node-caps then X is a n:no-irradiat.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a n:no-node-
caps.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a n:no-node-
caps.

if X is a n;premeno-menopasue and X is a
n:no-recurrence-events then X is a n:no-
node-caps.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:no-
irradiat then X is a n:no-recurrence-events.

if X is a n:deg-malig-2 and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:deg-malig-2 and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:deg-
malig-2 then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:deg-
malig-2 then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-recurrence-events then X is a n:no-
irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-recurrence-events then X is a n:no-
irradiat.

if X is a n:right-breast and X is a n:no-
irradiat then X is a n:no-node-caps.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:right-
breast then X is a n:no-irradiat.

TABLE 5
ENTAILMENT FROM REASONER ASSOCIATION RULES WITH MINIMUM
SUPPORT 0.3

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-irradiat then X is a n:no-recurrence-
events.

if X is a n:zinv_nodes_equal_0-2 and X is a
n:no-irradiat and X is a n:no-recurrence-
events then X is a n:no-node-caps.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-irradiat and X is a n:no-recurrence-
events then X is a n:no-node-caps.

Entailment

ACE If-then

if Xis a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:no-recurrence-
events then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:no-recurrence-
events then X is a n:no-irradiat.

Every inv_nodes_equal_0-2 is a
no-irradiat
that is a no-node-caps .

If X is a n:inv_nodes_equal_0-2
and X is a n:no-irradiat then X is
a n:no-node-caps .

if X is a n:no-node-caps and X is a n:no-
irradiat and X is a n:no-recurrence-events
then X is a n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:no-
irradiat and X is a n:no-recurrence-events
then Xis a n:inv_nodes_equal_0-2.

Every no-irradiat is an
inv_nodes_equal_0-2
that is a no-node-caps .

If X is a n:no-irradiat and X is a
n:inv_nodes_equal_0-2 then X is
a n:no-node-caps .

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps and X is a n:no-irradiat then

X is a n:no-recurrence-events.

Every no-node-caps is an
inv_nodes_equal_0-2
that is a no-irradiat .

If X is a n:no-node-caps and X is
an:inv_nodes_equal_0-2 then X
is a n:no-irradiat .

TABLE 7
ENTAILMENT FROM REASONER ASSOCIATION RULES WITH MINIMUM
SUPPORT 0.5

Entailment

ACE If-then

Cammawsn | Clemsanhy b

v BT
deg-malig-2
¥ Simv_nodes_squal_0-3 = ne-node-caps 5 no-irradiat
no-recurrence- events
Ieft-breast
menopasue-ged
¥ @ mo-irradiat = bav_nodes_equal_0-2 = no-node-caps
e eecurremee rvests
¥ @ po-node-caps = bv_nodes_equal_0-2 = no-irradiat
e eecurreme svests
EARMANG-MENORIELE
right-Eeasst
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¥ 8Thng
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norecarrence evenks
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Figure 5 Ontology from association rule mining on one dataset (a) and
association rule mining on multiple dataset (b) with minimum support

TABLE 6
COMPARATIVE RESULTS OF ASSOCIATION RULE MINING ON MULTIPLE
DATASET AND ASSOCIATION RULE MINING ON ONE DATASET WITH
MINIMUM SUPPORT 0.5

Every no-recurrence-events is a
no-irradiat .

If X is a n:no-recurrence-events
then X is a n:no-irradiat .

Every inv_nodes_equal_0-2 is a
no-irradiat
that is a no-node-caps .

If X is a n: inv_nodes_equal_0-2
and X is a n: no-irradiat then X is
a n:no-node-caps .

Every no-irradiat is an
inv_nodes_equal_0-2
that is a no-node-caps .

If X is a n:no-irradiat and X is a
n:inv_nodes_equal_0-2 then X is
a n:no-node-caps .

Every no-node-caps is an
inv_nodes_equal_0-2
that is a no-irradiat .

If X is a n:no-node-caps and X is
an:inv_nodes_equal_0-2 then X
is a n:no-irradiat .

Original association rules

Combined association-rules

if X is a n:inv_nodes_equal_0-2 then X isa
n:no-node-caps.

if X is a n:inv_nodes_equal_0-2 then X isa
n:no-node-caps.

if X is a n:no-node-caps then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-node-caps then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-irradiat then X is a n:no-node-
caps.

if X is a n:no-irradiat then X is a n:no-node-
caps.

if X is a n:no-node-caps then X is a n:no-
irradiat.

if X is a n:no-node-caps then X is a n:no-
irradiat.

if X is a n:inv_nodes_equal_0-2 then X is a
n:no-irradiat.

if X is a n:no-irradiat then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-irradiat then X is a
n:inv_nodes_equal_0-2.

T ]

Thing

v iw_modes_equal_0-2 = mo-node-caps = no-irradiat
& o eecrrence weents.

¥ @ no-irradist = inv_nedes_squal_0-2 = ne-nodé-aps
% B0 PeCSTRnCR-Svents
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T B theg
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T W no-node-cags £ inv_nodes_equal_0-2 & mo-irradiat
no-recumence-events
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Figure 6 Ontology from association rule mining on one dataset (a) and
association rule mining on multiple dataset (b) with minimum support

TABLE 8
COMPERATIVE RESULTS OF NUMBER OF RULES FROM ONE DATASET AND
NUMBER OF RULES FROM MULTIPLE DATASET

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-irradiat then X is a n:no-node-caps.

if Xis a n:inv_nodes_equal_0-2 and X is a
n:no-irradiat then X is a n:no-node-caps.

Minimum support

Number of rules
from one dataset

Number of rules
from multiple dataset

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps then X is a n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-node-caps then X is a n:no-irradiat.

0.3

37

if X is a n:no-node-caps and X is a n:no-
irradiat then X is a n:inv_nodes_equal_0-2.

if X is a n:no-node-caps and X is a n:no-
irradiat then X is a n:inv_nodes_equal_0-2.

0.5

19

if X is a n:no-recurrence-events then X is a
n:no-node-caps.

if X is a n:no-recurrence-events then X is a
n:no-node-caps.

if X is a n:no-recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-recurrence-events then X is a
n:inv_nodes_equal_0-2.

if X is a n:no-recurrence-events then X is a
n:no-irradiat.

if X is a n:inv_nodes_equal_0-2 and X is a
n:no-recurrence-events then X is a n:no-
node-caps.

if X is a n:zinv_nodes_equal_0-2 and X is a
n:no-recurrence-events then X is a n:no-
node-caps.

©2014 ACADEMY PUBLISHER
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V. CONCLUSION

Association rule mining from large dataset, need a

computer with high-performance to process and high cost.

There is a technique to help fix this problem is to
distribute datasets to be processed by multiple computers.
The process combined association rules from distribute
datasets take the same association rules and checking the
conflict of the association rules.

From such experiments can be seen that association
rule mining from multiple dataset with minimum support
that many have a closely efficient the association rule
mining from one dataset. This consider from ontology
and inconsistency association rules, but association rule
mining from multiple dataset there is a missing, can be

result of reasoned process to fill missing association rules.
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A Method to Clustering the Feature Ranking on Data
Classification Using an Ensemble Feature Selection

Nuntawut Kaoungku, Kittisak Kerdprasop, and Nittaya Kerdprasop

Abstract—The aim of this paper is to improve the predictive
performance of the classification process by means of building
multiple data classification models based on the output from
feature selection methods that use ensemble strategy to find the
optimal set of features. Currently, the data volume has grown at
an extreme rate causing a variety of problems. The big data
situation has made automatic analysis tasks such as data
classification facing low performance and high computational
time problems when dealing with big data that are huge in both
volume and dimensions. In this research work, we tackle the big
data problem in the high dimensionality aspect. We propose an
ensemble method to reduce data dimension by means of feature
clustering to rank the potential features and also return suitable
subset of features for further classifying the training data. The
two paradigms of feature selection based on ensemble strategy
are proposed and evaluated. Experimental results confirm the
efficacy of our proposed feature ensemble method.
ensemble

Index Terms—Feature selection,

clustering, classification.

learning,

I. INTRODUCTION

Traditional data classification seems to be an easy and
straightforward task when applying a single classification
model to predict future data. Currently, electronic
equipments are ubiquitous and extensively used, thus,
causing a variety of data forms such as numeric, categorical,
time series, images, and so on. It is difficult to build a single
model from these data to make a high performance classifier
for accurately predicting future or unseen data. The basic
solution idea is to build multiple models from the same
dataset and then combine the predicted results from those
multiple models to output a final prediction. This technique is
called an ensemble learning.

Ensemble learning is basically a technique to use multiple
models or multiple learning algorithms to predicted future
data with the major purpose of better classification in terms
of accuracy. Which combining results from multiple models
built from various methods, the popular result combining
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method is a simple voting [1]. Typically, ensemble learning
can be achieved from a wide range of methods, but the
popular methods are bagging [2] and booting [3]. The two
ensemble methods have long applied by many researchers,
and they have been proven to provide better classification
performance.

From the continuous and increasing advancement of
software and hardware technologies, new structured and
unstructured data have been generated every day. It is
difficult to analyze and build a model from these mixed type
data, even with the aid of ensemble learning method, because
these data are high in dimensionality. The technique to solve
this problem is the use of filter of find and extract only the
optimal set of features for building classification model. The
filtering techniques can be generally divided into 2 groups:
feature selection and feature extraction. The research
focusing on feature selection method uses some measures to
calculate weight and then choosing a subset of features
ordered by the weight [4], [5]. The feature selection methods
can be further divided into 2 sub-groups: those that
automatically return optimal set of features, and those that
return weight of features. It is, however, difficult to choose
the optimal weight of features for data classification.

Therefore, many researchers try to solve the optimal
feature selection problem by proposing the ensemble feature
selection method. Bolcn-Canedo et al. [6] have shown that
data classification using an ensemble of filters by using five
groups of different feature selection methods for building
instance-based learning (IB1) model [7] and support vector
machine (SVM) model [8]. Seijo-Pardo et al. [9] propose
technique to select optimal set of features by using several
different threshold values, such as fisher discriminant ratio,
log,(n), and top percent of features, for ensemble feature
selection. These research works [6]-[9] report a promising
performance of ensemble feature selection strategy to
increase classification accuracy.

This research, thus, aims at proposing a method to improve
data classification accuracy by means of an ensemble feature
selection. We propose a hybrid ensemble feature selection
method by both automatically return optimal set of features
and return weight of features. Our proposed method selects
the optimal set of the feature from the return weight of
features reported by the clustering method using k-Means
algorithm [10], [11].

The contributions of this paper are as follows:

e With the proposed method, k-Means clustering can be
applied as feature selection tool to select the optimal
subset of the features.

e The proposed method can be applied to ensemble
learning using a variety of learning algorithms and can
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increase the predictive accuracy.

Il. MATERIALS AND METHODS

A. Ensemble Learning

Ensemble learning is a technique to build multiple models
from training data. The main purpose of this technique is to
increase the model accuracy. Fig. 1 shows the main concept
of ensemble learning. The ensemble process starts by taking
the training data to build multiple models using either the
same algorithm, or different algorithms. Then, combine the
results from all the models to generate a single output. There
are various strategies to combine results, but the most
applicable one is a majority vote.

Model 1 ]—P[ Output 1 ]—b
Model 1 ]—b[ Output 1 ]—)

Output
Combiner

Model N ]—P[ Output N ]—>

Fig. 1. The concept of ensemble learning.

Ensemble learning can be divided further into three classes
of techniques [1]:

e Vote ensemble. It performs ensemble learning by
building multiple models from one training dataset. To
classify new data, it uses a majority vote to predict class
of the new data.

e Bagging. It starts ensemble learning by dividing data,
using random sampling technique, into several equal
subsets. Each data subset is used to build the model. All
built models are then used for classifying new data
based on a majority vote.

e Random forest. It is ensemble learning method that is
similar to bagging technique but it selects some of the
features to each data subset.

B. Feature Selection Method

Feature selection is a method to handle high dimensional
data by reducing the data features based on some selection
criteria. This method can reduce data dimensions and at the
same time can increase the model accuracy. The examples of
criteria for selecting feature subsets and returning the feature
ranking score are as follows:

e Association rule mining-based feature selection (AFS)
[12]. It is a method based on association analysis for
analyzing features that are most influencing the class
attribute. The calculation of frequent features from
association rules is shown in equation (1). If the feature
has the highest FrequentFeature score, that feature is
the most influencing factor to the class attribute.

AppearFreaquency(A)
#Rules

FrequentFeature(A) = 1)

e Information Gain (IG) [13]. It selects features by

82

measuring entropy, which is the measurement for purity
of data with the same class. The computation of IG is
shown in equations (2) and (3). The feature with high
value of IG means the high potential of that feature on
classifying data into class c; to c,.

InfoGain= Entropy(initial) —[P(c, )x Entropy(c,) +... @)
+P(c,)x Entropy(c, )]
where
Entropy (Cl,CZ,...,Cn)=—P(Cl)|ng P(Cl) 3)

—P(c,)log, P(c,)-...
—P(c, )log, P(c,)

C. k-Means Clustering

k-Means clustering [10], [11] is an unsupervised learning
algorithm for partitioning data into groups such that data
subsets sharing similar attributes are assigned to be in the
same group. This algorithm groups data into clusters by
measuring the distance between data points. The most
popular measure is Euclidean distance [14], as shown in
equation (4).

dist(a,b)= an(ai b, )2 (4)

Fig. 2 presents the detail of the k-Means algorithm, which
consists of five steps.

Step 1: at line 1, define the number of clusters (K) and the
initial centroid, or central point, of each cluster.

Step 2: from lines 2 to 3, assign all data points to the
closest centroid by measuring the distance between a data
point to each centroid.

Step 3: at line 4, recompute the centroid of each cluster by
calculating the average attribute value among all the points in
each cluster.

Step 4: repeat steps 2 and 3 until the centroid does not
change.

Algorithm k-Means
1. Select K point as the initial K centroids.

2. Repeat

3. Form K clusters by assigning all points to the closet
centroid.

4.  Recomputed the centroid of each cluster.

5. Until the centroid does not change

Fig. 2. k-Means algorithm.

In this section, we present the proposed process of
clustering the feature ranking on data classification using an
ensemble feature selection. The idea is that we use the
k-Means algorithm to find the best cluster of the features
from feature ranking scores and use these results to build the
model for data classification. The objectives are to reduce the
data dimensions and to increases the predictive accuracy.

PrROPOSED WORK
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classification using an ensemble feature selection is

Training
Data

graphically shown in Fig. 3 and 4.

_>[ Voting H Output ]

AFS ]—b[ K-Means H Model 3 ]-—b
Corr. H K-Means H Model 4 ]—b
1G ]—>[ K-Means H Model 5 ]—b

Fig. 3. The concept of ensemble 1.

4

A 4

Training AFS H K-Means ]_,-;[ Voting H Classifier H Output ]
Data
Corr. H K-Means ]—P
IG ]—>[ K-Means ]—)
Fig. 4. The concept of ensemble 2.
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Fig. 5. The concept of cluster the feature ranking score.

Our method consists of two parts: ensemble 1 and
ensemble 2. Fig. 3 shows the steps in ensemble 1, which
consists of three phases. The first phase of ensemble 1 feature
selection method is reducing dimensions of the training data
by using 5 feature selection methods including the
correlation-based feature selection (CFS) [15], the
consistency-based filter (Cons.) [16], the association rule
mining-based feature selection (AFS), the correlation-based
filter (Corr.), and the information gain (IG).

Ensemble 1 phase 2 is the clustering of feature ranking
scores with the k-Means algorithm. The three ranking score
methods used for clustering are the scores from the AFS,
Corr, and IG methods. Fig. 5 shows running example for
phase 2 of ensemble 1. The feature weight in Attr.1 to Attr.10
are clustered by k-Means (set k=2, user can increase k when
the optimal set of feature is needed to be small size). The
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classification algorithm can be any one such as SVM and
C4.5.

IV. EXPERIMENTAL RESULTS

The proposed ensemble feature selection methods have
been experimented with data taken from the UCI Machine
Learning Repository (http://archive.ics.uci.edu/ml/). Table |
shows details of the five data sets used in our experimentation.
Each of these datasets has been divided into training dataset
(70%) and test dataset (30%). We use the C4.5 and SVM
algorithms for classification and use five feature selection
methods, which are correlation-based feature selection (CFS),
consistency-based (Cons.), association rule mining-based
feature selection (AFS), correlation-based (Corr.), and
information gain-based (1G).

Table II shows comparative results of classification
accuracy and error. It can be seen that the ensemble 1 on C4.5
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algorithm can improve the performance of accuracy on
Spambase (92.72%) and Arrhythmia (66.91%) data sets. The
proposed ensemble 1 and 2 on SVM algorithm can improve
the performance of accuracy on Splice (96.68%) data set
when compared to raw data set with no feature selection
method and other feature selection algorithms.

accuracy on C4.5 (1G = 86.63%) and SVM (Corr. = 88.39%).
Table IV shows comparative results of the number of features
selected by five feature selection algorithms. It can be seen
the all five feature selection methods can reduce data
dimensions.

TABLE I: DETAILS OF DATASETS

Table Il shows comparative results of average
P Datasets # Instances # Features
classification accuracy and error. It can be seen that the Spambase 2501 =
ensemble 1 performs well on the C4.5 algorithm (87.66%)  gpjice 3190 62
when compared to ensemble 2 that is good on SVM Opt digits 5620 65
algorithm (88.43%). When compared against other feature Ozone 2534 74
selection algorithms, it can be seen that our proposed Arrhythmia 452 280
ensemble feature selection algorithms using k-Means to
cluster feature ranking can improve the performance of
TABLE Il: COMPARATIVE RESULTS OF CLASSIFICATION ACCURACY AND ERROR
Methods Spambase Ozone Splice Arrhythmia Opt digits
Acc. Err. Acc. Err. Acc. Err. Acc. Err. Acc. Err.
Raw Data
Raw + SVM 92.65%  7.35% 94.00%  6.00% 66.35%  33.65%  60.29%  39.71%  98.92%  1.08%
Raw + C4.5 92.13%  7.87% 92.09%  7.91% 9357%  6.43% 62.50%  37.50%  89.70%  10.30%
SVM
CFS +SVM 88.75%  11.25%  92.36%  7.64% 96.57%  3.43% 63.97%  36.03%  98.73%  1.27%
Cons. + SVM 89.71%  10.29%  93.86%  6.14% 93.03%  6.97% 60.29%  39.71%  86.33%  13.67%
AFS + SVM 89.63%  10.37%  93.45%  6.55% 94.75%  5.25% 63.77%  36.23%  98.98%  1.02%
Corr. + SVM 90.59%  9.41% 94.00%  6.00% 96.14%  3.86% 62.50%  37.50%  98.73%  1.27%
IG +SVM 88.60%  11.40%  93.45%  6.55% 96.46%  3.54% 62.50%  37.50%  98.61%  1.39%
ca5
CFS +C4.5 91.91%  8.09% 91.27%  8.73% 9357%  6.43% 66.18%  33.82%  89.88%  10.12%
Cons. + C4.5 92.06%  7.94% 91.95%  8.05% 9325%  6.75% 61.76%  38.24%  80.48%  19.52%
AFS. + C4.5 92.06%  7.94% 93.04%  6.96% 93.68%  6.32% 62.50%  37.50%  90.42%  9.58%
Corr. + C45 91.47%  8.53% 94.13%  5.87% 94.00%  6.00% 60.29%  39.71%  90.48%  9.52%
IG +C45 91.91%  8.09% 93.18%  6.82% 94.00%  6.00% 65.44%  34.56%  88.61%  11.39%
Ensembles
Emsemblel + SVM 90.07%  9.93% 93.45%  6.55% 95.61%  4.39% 63.24%  36.76%  98.67%  1.33%
Emsemblel+ C4.5 92.72%  7.28% 93.86%  6.14% 9368%  6.32% 66.91%  33.09%  91.14%  8.86%
Emsemble2 + SVM 89.78%  10.22%  93.04%  6.96% 96.68%  3.32% 6397%  36.03%  98.67%  1.33%
Emsemble2 + C4.5 91.54%  8.46% R.77%  7.23% 94.00%  6.00% 65.44%  34.56%  89.28%  10.72%

TABLE I1l: COMPARATIVE RESULTS OF NUMBER OF FEATURES BY FIVE
FEATURE SELECTION ALGORITHMS

Datasets Raw A B C D E

Spambase 58 16 18 15 21 13
Splice 62 20 11 8 24 23
Opt digits 65 36 10 42 40 33
Ozone 74 15 23 26 23 13
Arrhythmia 280 32 19 50 46 25

TABLE IV: COMPARATIVE RESULTS OF AVERAGE ACCURACY AND ERROR

SVM C4.5
Methods

Accuracy  Error Accuracy  Error
Raw data 82.44 17.56 86.00 14.00
Features Selection
CFS 88.08 11.92 86.56 13.44
Cons. 84.64 15.36 83.90 16.10
AFS 88.12 11.88 86.34 13.66
Corr. 88.39 11.61 86.07 13.93
1G 87.92 12.08 86.63 13.37
Ensembles
Ensemble 1 88.21 11.79 87.66 12.34
Ensemble 2 88.43 11.57 86.61 13.39
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V. CONCLUSION

This research aims at studying a method to clustering the
feature ranking on data classification using an ensemble
feature selection. The problem of learning efficient model
from data with high dimensionality can cause trouble to most
algorithms. Thus, we propose to use the ensemble method at
the feature selection step prior to the application of learning
algorithm in order to increase accuracy and reduce learning
problem due to dimensionality. We present clustering
method using the k-Means algorithm to cluster the feature
ranking scores for choosing an optimal set from feature
ranking score.

From experimental results, it has been revealed that the
proposed ensemble feature selection method can increase the
accuracy of data classification, and can reduce high
dimensional data problem by obtaining a small set of features.
However, in some datasets our proposed ensemble method
shows lower accuracy than the raw dataset with no feature
selection applied. Even though the proposed method can
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reduce data dimensions and hence expected to remedy the
over-fitting problem, it still needs further improvement to
perform well on every dataset. Such improvement is
obviously planned as our future work.
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The Silhouette Width Criterion for Clustering and
Association Mining to Select Image Features

Nuntawut Kaoungku, Keerachart Suksut, Ratiporn Chanklan, Kittisak Kerdprasop, and Nittaya
Kerdprasop

Abstract—Image data are normally unstructured and high
dimensional due to the photography technology advancement
such that an image can be taken at a wide range of resolution
levels. To overcome such problem, data miners may consider
selecting only a minimal set of features that are really important
for classifying their images. Feature selection is a popular
method for reducing dimensions in data. However, most feature
selection algorithms return results in form of score for each
feature. It is still difficult for data miners to choose features
based on such scoring scheme because they may not know which
score range is the best for their data classification at hand.
Therefore, in this research, we aim to assist data miners and
novice data analysts on solving dimensionality problem by
finding for them the best optimal set of features, instead of just
reporting the scores of all features and leaving the selection step
to be the burden of miners. We select optimal set of features by
firstly apply clustering technique to group similar features
based on their scores. We thus propose the silhouette width
criterion for selecting the optimal number of clusters during the
cluster analysis step. After that we perform association mining
to analyze relationships that may exist among different subsets
of features toward the target attribute. Our method finally
reports user the best subset of features to be potentially used
further for data classification. We demonstrate performance of
our proposed method on the satellite forest image data in Japan.

Index Terms—Image data, feature selection, clustering,
silhouette criterion, forrest type classification.

I. INTRODUCTION

With the rapid development of current electronic devices
such as sensors and cameras, the outputs from these devices
are of high quality and also high dimensions. Unfortunately,
high dimensionality is still an unsolvable issue for many
existing data mining and machine learning algorithms. Data
with overwhelming attributes or dimensions can be a major
cause of low computational performance. It can be even
worse when such data may cause a creation of classifying
model with low predictive accuracy due to the search for
discriminative set of features is obscured by so many
irrelevant features. Most classification algorithms are not
designed to efficiently handle such high dimensionality
problem.

Therefore, the numerous feature selection techniques have
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through the funding of Knowledge Engineering Research Unit.
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been proposed as a pre-classification step for solving the high
dimensionality problem. Several research teams introduce
many ways to reduce the number of features. The reduced set
of features has been proven experimentally increasing the
performance of learning process and also being able to build
an accurate classification model. Generally, feature selection
techniques can be divided into three classes [1]. The first class
is called filter method, such as CfsSubsetEval [2],
Information Gain, and Chi-Square [3]. The second class is the
wrapper method [4], [5]. The filter method introduces some
form of scoring computation without actually building a
model, whereas the wrapper approach scoring the selected set
of features by observing the error made by the classifying
model. The last class is called the embedded method; it
combines the advantages from both the filter and wrapper
methods [5].

Xie et al. [6] proposed the association rule mining
technique to calculate weight for find the optimal features that
are closely correlative with the class attribute, but the
proposed technique is quite complex and performance test
with cross validation. Nuntawut et al. [7] proposed the filter
method for feature selection based on association rule mining
such that the specific set of association rules that the rules’
consequence is the target class. But this feature selection
algorithm does not work automatically because human is the
one who select the features one by one based on the feature
scores reported from the algorithm. Therefore, Nuntawut et al.
[8] improved the algorithm by proposing clustering technique
to cluster the feature scores to assist users on finding an
appropriate groups. of features. The clustering process is
supposed to be automatic in the sense that the number of
clusters should be judged by the process itself. However, the
clustering algorithm is still semi-automatic in the sense that
users must specify the suitable number of feature clusters.

This research, thus, aims at extending the previous work of
Nuntawut et al. [7], [8] by proposing a silhouette width
criterion for automatic setting of initial cluster numbers. We
also add confidence criteria into feature selection based on
association rule mining technique to increase performance.
Experimental results confirm the efficacy of our proposed
method that can extract only relevant set of image features
from ASTER satellite resulting in better recognition for each
forest type.

Il. MATERIALS AND METHODS

A. Feature Selection Based on Association Rule Mining
Association rule mining is finding the frequent patterns in
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database and present them in the form of association rules [9].
Generally, there can be so many possible association rules
from this technique. Therefore, some constraints are
necessary for reducing such exponential growth. There are
two popular criteria: support and confidence. Support is the
frequency of the occurring event, as shown in (1). Confidence
is the proportion of frequency of co-occurring events to the
frequency of antecedent event, as shown in (2).

Support, Supp(X =Y )=P(X AY) (1)
Confidence, Conf (X —>Y )= Supp(X —>Y) @)
Supp(X)

This technique had been successfully applied to multiple
disciplines such as marketing to increase sales. Nuntawut et
al. [7] applied this technique to find optimal feature set from
high dimensional dataset by finding association rules that the
target class appears in the consequence of the rule. Then,
consider the features or attributes that are most influencing the
target class. The algorithm consists of 4 steps:

Step 1: define minimum frequency threshold, support, and
confidence. Find frequent patterns and then generate
association rules based on the Apriori algorithm [10].

Step 2: select only association rules that their consequence
is target class.

Step 3: count features that appear on association rules.

Step 4: calculate frequent features in percentage, as in (3).
Then, remove any feature having percentage of frequency
appearance in the set of association rules lower than the
specified minimum frequency threshold.

AppearFrequency <100
#Rules

©)

FrequentFeature =

B. k-Means Clustering

Intra-cluster distances
are minimized

Inter-cluster distances
are maximized

Fig. 1. Forming three clusters with minimized intra-cluster distance but
maximized the inter-cluster distance.

k-Means algorithm is unsupervised learning method to
form data into clusters based on data similarity regardless of
the target class information. Fig. 1 depicts the idea of
clustering such that distance between data in the same cluster
(intra-cluster) is low, whereas the distance between data in
one cluster to data in another cluster (inter-cluster) is high
[11], [12]. The k-means algorithm can be explained by the
following 4 steps:

Step 1: define the number of clusters (K) and randomly
pick k instances as the initial cluster centroids.

Step 2: assign all data points to the closest centroid by
measuring the distance such as the Euclidean distance.
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Step 3: re-compute the centroid of each cluster by
calculating mean value of all the data points in the cluster.

Step 4: repeat steps 2 and 3 until the centroid does not
change.

C. Silhouette Coefficient

The shortcoming of k-means clustering is the appropriate
choice of k, which is the number of clusters. Silhouette
coefficient is a popular measure for considering such
parameter. The silhouette coefficient can be computed by
using average distance between data points in the same cluster
compared against average distances between data points in
other clusters. Fig. 2 shows main concept of the silhouette
coefficient to calculate the silhouette average of all cluster.

;)= avg

b, = min

Fig. 2. Concept of the silhouette coefficient.

Input Outputs

Output Layer

Hidden Layer
Input Layer

Fig. 3. The architecture of artificial neural networks.

Define K to be cluster composing of data x(i) and ayg is
average distance between X to every data point in the cluster
K. The notation by is minimum average distance between x(i)
and every data point in other clusters that are not a member in
K. The calculation [13] of the silhouette coefficient of x(i), the
silhouette average of each cluster, and the silhouette average
of all cluster can be shown as in (4), (5), and (6), respectively.

by — )
max(a,,, by,)

(4)

Sx(i) =

where
x(i) = data point in the cluster,i=1, 2,3, ..., n,
ay) = average distance between x; and every data point in
the same cluster, and
by = minimum average distance between x; and every data
point in other clusters.

Ly ©)
k n ; x(i)
where k = number of clusters, and
n = number of data points in the same cluster.
1 m
Savg =— 2. Sy (6)
miz

where m is number of all clusters.
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D. Artificial Neural Networks

Artificial neural networks is a simulation of human brain
with computer program that can self-adjusting from learning
the input values. The remarkable feature of this technique is
that it consists of many nodes in the hidden layer in which
parallel connections are effective for data classification [14].
Fig. 3 shows general architecture of artificial neural networks

consisting of nodes and edges between nodes. Form the figure

the network can be partitioned based on node layout into 3
layers. The first layer is input layer; the second is hidden layer
(this layer can have more than 1 layer), and the final layer is
output layer.
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I1l. PROPOSED WORK

In this section, we present the proposed process of
silhouette width criterion consideration for automatic
clustering of feature sets with the main focus of finding
optimal feature to be discovered by association rule mining.
The idea is that we use the silhouette coefficient to find the
appropriate number of clusters for clustering the feature
scores from feature selection obtained from the association
rule mining. The objectives are to increase the predictive
accuracy and to reduce the data dimensions of forest type
dataset.
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Fig. 4. The concept of feature selection based on association rule mining.
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Fig 4 shows the steps of the proposed process, which
consists of three phases: phase 1, read the dataset from file or
database and then perform discretization with chi-square
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Fig. 5. Comparative graphs showing average silhouette widths of different cluster numbers.
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algorithm if the data type is numeric. This discretization step
is necessary for association rule mining that can handle only
categorical values. Phase 2 is the feature selection method that
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consists of three steps:

Step 1: find frequent patterns and generate from these
patterns association rules in a format “IF condition THEN
consequence.” This step is done through Apriori algorithm
with initial 2 thresholds: support and confidence. We also
constrain the algorithm to generate rules with target class
appeared in the consequence part of the rule. The result from
this step is a set of features with scores computed as feature
frequency in association rules and average confidence of each
feature.

Step 2: cluster the features based on their scores with
different number of clusters. For each number of clusters,
calculate the silhouette coefficient to find the best number of
clusters. The higher silhouette coefficient means the better
formation of clusters. The result in this step is the optimal
parameter k to be used in the k-means clustering on step 3.

Step 3: perform k-means clustering with the initial number
of cluster (k) according to the recommend value from step 2.
We then select a set of features from a cluster showing mean
confidence higher than other clusters. The result in this step is
optimal feature set to be used for classification.

Finally, phase 3 is the building of classifier using artificial
neural networks.

TABLE I: COMPARATIVE RESULTS OF CLASSIFICATION ACCURACY,
NUMBER OF FEATURES, AND AVERAGE SILHOUETTE WIDTH

Number of Accuracy  Number of Average

Clusters (k) Features Silhouette Width
2 80.31% 20 0.59
3 81.54% 14 0.61
4 82.77% 11 0.61
5 82.77% 11 0.78
6 82.77% 11 0.84
z 84.62% 10 0.85
8 80.00% 7 0.84
9 79.69% 5 0.78
10 78.46% 3 0.70

IV. EXPERIMENTAL RESULTS

To test performance of the proposed method of feature
selection based on the silhouette width criterion for clustering
relevant featured discovered by association rule mining, we
use the forest type with high-resolution imaging from ASTER
satellite that has been publicly available at the UCI Machine
Learning Repository (http://archive.ics.uci.edu/ml). The data
are divided into training dataset (198 instances) and test
dataset (325 instances). We initialize Apriori algorithm to
discover feature sets with support = 0.1 and confidence = 0.1.
We experiment with number of clusters (k) between 2 to 10
clusters.

Table | shows comparative results of classification
accuracy, number of features, and average silhouette. Fig. 5
shows comparative average silhouette widths of different
clusters. It can be seen that when the number of cluster =7, the
average silhouette coefficient is maximized (0.85). At this
maximum coefficient value, the predictive accuracy is as high
as 84.62%. Moreover, the number of features can be reduced
from 26 down to 10. Characteristic of number of features
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according to the changing number of clusters has been
captured and shown in Fig. 6.

30

Number of Features

s

o
Raw
Dataset

k=2 k=3 k=9 k=10

Number of Clusters

Fig. 6. The effect of cluster numbers to the number of features.
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Fig. 7. The accuracy and average silhouette width characteristics.

Fig. 7 shows the comparisons of predictive accuracy and
average silhouette width as the number of clusters has been
varied from 2 to 10. It can be seen that the average silhouette
has direct and positive impact to the classification accuracy.
This is observed from the graph that when the silhouette width
is low, the accuracy is also low. When the silhouette width is
high, the accuracy is high as well.

V. CONCLUSION

This research aims at studying a novel method to use
silhouette width criterion for cluster analysis with the main
focus of finding optimal feature set to be used for building
classification model. Set of features are discovered with the
association rule mining method. The proposed feature subset
selection method is to be applied on classifying data with high
dimensionality such as satellite image data. Our proposed
method works with three main phases. Firstly, find and score
relevant set of features based on association rule mining
technique. Secondly, apply silhouette width criterion to find
optimal parameter k for the next phase of feature clustering
and add average confidence threshold of each cluster to
feature score for increasing clustering performance. From the
experimental results, we can conclude that the proposed
method can select a discriminative set of features resulting in
a highly accurate classification model.
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