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UNANLDATEIDINE

Discriminant analysis is a well-known multivariate statistical analysis for
solving classification problem, where two or more groups of populations are given for
measuring common characteristics that can best discriminate the distinct groups and
then apply the learned measurement to classify new observations. The discriminant
analysis has great potential to be applied to the medical domain as a core knowledge
base in the decision support system. However, applying discriminant analysis for the
decision support system is hindered by the excessive amount of predictive variables
when dealing with real-world data that record so many clinical measures and
treatments on each patient. The objective of this research project is to propose a
different technique of discriminant analysis by applying the association mining to learn
the discriminative characteristics among different groups of populations. Major criteria
of the proposed association mining based discriminant analysis are to obtain a high
accurate model as well as a small set of model suitable for transferring to be a
knowledge base. Therefore, this research proposes a combination of association rule
mining and data classification rule induction techniques. Association rule mining is good
at finding relationships among the whole data set and represents them as association
rules. This research also uses fuzzy set technique to control a continuous data to
enhance efficiency of the data classification. To evaluate the performance of the
proposed method, this research compares accuracy of the classification rules and the
number of rules obtained from different kinds of data classification algorithms. These
algorithms include the traditional data classification aleorithms, the associative
classification algorithms, and the fuzzy association rule-based classifier algorithms. The

experimental results confirm the efficiency of the proposed method.
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1.1 anuddgyuaziunvaslyniniside

qul (3

msleseiteyalunsafidedoyaiiosmsiinsziussneutuannuenyiatog
yiomuusinnnimilsiuls dhadfiendudsiilugnaulandnueanisiinseiindands
\vneviesiuUsn1u (dependent variable) uagi3enduusduiindainfudsiu viedh
w59y (independent variable) nguszasdvasnsiasziiuldvangysznis iy e
finnsaunmnuduiusseninadauds Weadsluealudnuugilaidunioaunisvesianusd
ansoduundeyasenidungudes Wieiilefumiuumdnifissunsiudsifiunumddy
Tunmssuunngudoys dnvazrutuidnadfonadonldmadanmslnszisuunissnn
NIONITIATIZARAATULUUA (discriminant  analysis) N153LATIZYN50A0BY (regression

analysis) WazN153LATIZALLUTUTIU (analysis of variance - ANOVA)

wmadiansiiassidoyaauuuuilinadnsludnvuefeatu wifinanu
uansnsiuivssianmseriateyavesiuusmaiidudmnevenisinsest msiasei
msannesuasMTlTEinILUTUT Lt muniddyde sudsnudeadudeyadiay
ludnwazdsiaiilos (continuous value) 1wy ftavgaungil As1eldl dudinarandnning

yarwanils 1Judu TnguszatAnanvein1sias1zin15annsslazni1siAIIsRaIY
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fuuudldiunsdindaudsidmuneduafuanuasld viaseninAingu (categorical value)
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ArfLankaslaildudnyaedydnvaivsotonulidnunnguteaya W ge-Urunaie-i
w38 Wn-tee Fnguizasirein1sinswifansduuunaziulanuiienisvinengy wenis

pruwdnuairteyalunay wasienisaumdadevanidiunumddglunisuduennay
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Usenaudedeyavansdnuarduiu iedeyailfuddoidouasdeyanduiduduania
1# wenanildeyaluusazngunieusazaaradaiauddylivhiudy feyavosiiaelsn
Housdinnuddgannnideyavesyaraunifiiniunimsaguamusesnd eideid
pnuddyfumsiiangiansiuuudinnniinisienesisemaiadu Wedeyadifenis
Suunrserinneaanaidumlideidesivanuadld dnadrensazidenltinainnisiinsizs

nsanaeeladain (logistic regression) NlkadnSIuaunsaduduieiiunsiase



AAASHLUUA giJLLUUﬁ’ﬂiJsuaqammsﬁwLLum]szJu Y = BiXy+ BoXo + oo + PXe + @ lilD Y
& o A v ° 1 A o a ° v Ao v a o
A9 AL UIIdIMUNENADINITIIUIEAT Xy, ..., X, ADAILUTDATEIIUIU Kk favimtiviune
AassUsdne By, ..., B PeduUTEANSIUONIZAUANNAIAYUDILAaZAILUT Uag o
& d'
ADANAIN

ddoyaludiuiiulsdasziin1snseareuuuund (normal  distribution) wag
Iuudeyaiiunniigans Mynseiaaasiuuualinsiiaunisiiensiuienuiugindy

[

madlansinsinisanaesladadn (Tabachnick & Fidell, 1996) fo&anniduduldainna
M5IATIEsAdeYa contact-lens (Cendrowska, 1987) mums1eil 1.1 AN uIudeya 24
318015 FLUTPATEUTIUIU 4 FuUT AD age, spectacle-prescription, astigmatic Wag
tear-production-rate fhudsianuniinsnszareuuulnd WinevesnTInsey fe s
afaaumadaduiieviuied wear-contact-lens daidunisiansanindfisidamenuanemn
srey 9 aansoldeouuiinaudlguiols (Ve %@Mﬂﬁ‘ﬁlauﬁﬂLLuﬂﬂizLﬂWmﬁﬁﬁ]ﬁﬂmi
Tdrpunnnaudiduanuyusennie soft, hard, none %ayjaiumwwﬁ 1.1 Wasuulasives
soft Wag hard 10U yes uaziUdguan none Wu no iileanduunsduuniduiissasanga

D yes/no)

M19°99 1.1 Jeyansidadennumnranvesnisidreuninaudlungudiidymauaenn

Age of the Spectacle Astigmatic  Tear production Wear contact
patient prescription rate lenses
young myope no reduced no
young myope no normal yes
young myope yes reduced no
young myope yes normal yes
young hypermetrope no reduced no
young hypermetrope no normal yes
young hypermetrope yes reduced no
young hypermetrope yes normal yes

pre-presbyopic myope no reduced no
pre-presbyopic myope no normal yes

pre-presbyopic myope yes reduced no




A15°9% 1.1 JoyanAitadumnuminzanvenisidaeuninaudlungudiitamauasni (se)

Age of the Spectacle Astigmatic  Tear production Wear contact
patient prescription rate lenses
pre-presbyopic myope yes normal Yes
pre-presbyopic  hypermetrope no reduced no
pre-presbyopic  hypermetrope no normal yes
pre-presbyopic  hypermetrope yes reduced no
pre-presbyopic  hypermetrope yes normal no
presbyopic myope no reduced no
presbyopic myope no normal no
presbyopic myope yes reduced no
presbyopic myope yes normal yes
presbyopic hypermetrope no reduced no
presbyopic hypermetrope no normal yes
presbyopic hypermetrope yes reduced no
presbyopic hypermetrope yes normal no

NamTAATzideyalunTed 1.1 semadanmsiiaszinisannosladanin was
WANANISIASITNRFASTLULA (USzunananiggananis WEKA version 3.6.5 (Hall et al,
2009)) uanaldissui 1.1(a) wag 1.1(b) a1y mnugndesesNsIuunINasie s 10-
fold cross validation ?5&LﬁuﬂwﬁwaLLUUI‘*U’?GU@Q%@;@?JﬂLLazﬁﬁmﬂamaaUﬁi’mauﬁUﬂ%ﬁ WaY
nanaFnANLgnABsTesNITIuunludnuuEaT1eTiiiend confusion matrix dadunisuan
wasmamsvhuedusienana serinsmanavesdeyaiiuiasafisuiuaanadildannnsinne
sheluna lefansanarlulwsdndnuinnsinsgsinnsanaesladainiurensidedels
gndfes 19 eanitavan 24 18 Anidudesazvosnugnioasinty 79.17% lusmeding
AnsesiRansiuuuivhuiensidadeldgnies 20 meanitanun 24 1o Andudosazves

ANNGNABUYINAY 83.33%



Classifier output

=== (Classifier model {(full training set)

Logistic Regression with ridge parameter of 0.0

Confusion Matrix ——

= b <—— classified as
T 2 | a = yes
3 12 | b = no

(a) Logistic regression

Coefficients...

Class
Variable yes
age=young 12.96%96
age=pre-presbyopic -5.8375
age=presbyopic -7.1321
spectacle-prescrip -1.294%
astigmatism -1.2948
tear-prod-rate 52.1745
Intercept —43.7475
0dds Ratiocs...

Class
Variakle yes
age=young 429147.8108
age=pre-presbyopic 0.0029
age=presbyopic 0.0008
spectacle-prescrip 0.274
astigmatism 0.274
tear-prod-rate 4.561605452373136E22

Classifier output

=== Claszifier
Claszification

Classifier for

contact-lenses

125 *
125 *
L0833 *
L0833 *
75 *
L2083

[ s s .

Classifier for

contact-lenses

[ e s s .

Confusico

- —
a
I b

Wwomop
MoE

model {full training set) ===

wia Regression

class with index 0:

Linear Regression Model

age=pre-presbyopic, young +
age=young +
spectacle-prescrip=myope +
astigmatism=no +
tear-prod-rate=normal +

class with index 1:

Linear Regression Model

age=pre-presbyopic, presbyopic +
age=presbyopic +
spectacle-prescrip=hypermetrope +
astigmatism=yes +
tear-prod-rate=reduced +

n Matrix

classified as
wes

= T

(b) Discriminant analysis

(meta.ClassificationViaRegression)

JUN 1.1 Wlsuiflgurnansinssideyaiiioddademnumnzanlunisldrauuinaudsog

33 (@) NM9AATILINSaNneeladaRn kag (b) NSILATILIRAASTLUUA



Classifier

EEIassiﬁcationUiaRegression - weka, classifiers, Functions, LinearRegression -- -5 1 -C -R. 0,0

Test options [ = _ . 3 | [
€3 weka.gui.GenericObjectEditar \ K )
~1 Use training set
B weka,dassifiers. meta.ClassificationViaR egression
(71 Supplied test set
i About
@ Cross-validation  Fol
B Class for doing classification using regression methods. | More
(71 Percentage split =
| Capabilities
More op
classifier Choose  |LinearRegression -5 1 -C-R 0.0
(Mom) contactlenses
F i " -5
— debug | False | €3 weka.gui.GenericObjectEditor l&]
Result list {right-dick for op| [ Open... | [ 3 weka, dassifiers. functions. LinearRegression
About
LS
Class for using linear regression for prediction. More |
Capabilities |
attributeSelectionMethod | No attribute selection =
debug  False -
eliminateColinearAtiributes | False -
ridge (0|
Open... | [ SaVE... | | QK | | Cancel |
5\

JUN 1.2 Msfmuarmiivesvessanaifiu ClassificationViaRegression

gaAwIs WEKA lLiifidanesiuilinsginaniiuuudlilaenss uiamsoldis
TnawReslameanisidendanesa ClassificationViaRegression ﬁ]'mﬂfju meta classifier Wy
fvuavnsiineslunisidendaneifiuuazivuanisidenuenyddoiauguil 1.2 9nwanis
Tasziteyanauwiiniaudaisinaianisinsgrinisonnesladadin wazn1snseinans
fuuud wudluealudnuazaunsBaduanansaldvihuedeyalmilai gdgwmauaen
aumsagldmouuiinauduiolsl wishvuzvesdunafidusuuunadamanslidetonis
23UIENYALNITTHUNUTINTTUUILAZBTUIBANG (reasoning) Yaen1s¥iwelaen

Fosoelusunmslidaunsosungvanaredanna Wudgmiddyivilivaia
MslAszRansLLuARevansaaRT Limvnzaufiazdszandldlunalneyuudeuusii
MnguAMNSTesruvatuayunsiaduladunsumg sideiiiansuniiorldinede
mAezieudiusludnvazveimivilesdeyatssavnsfunsuiuuiiusng ves
flagthlugnmsdanseimmuduiusvosinuuslusensieya

n13vinileatayalselANN1TAUNIANEUTUS (association  mining) 8l
AnuassalunsAumMANLEITUS SIS Anatnuatsunnimadanisiumiies
uunUszinm (classification mining) WATANIIAUNIAMNFURUGIITAMIUUIZENNINAIN

o v s

lunsuseyndldlununmsiesisvfaasiuuud winisldmadanisvinmilesnudusius

<

Tnenseesane3fufiduiifeuinly wu Aprior (Agrawal & Srikant, 1994) axlvinadniidu



nnARduiusTusuafunfiuly wasratengiinnuddou AILanIRIRg1 a1

Ypsdanasiiu Apriori fiudeyaneuwinaudlangui 1.3

Associator

Start Stop

|14:13:38 - Apriori

A-Mi00-TO-C1l0-DO0S-UL0-MO1-5-1.0-C-1

Assodator output

Resultlist (right-dick for ¢ | Beat rulea found:

. tear-prod-rate=reduced 12 ==> contact-lenses=no 12 coni: (1)

. contact-lenses=yes % =—> tear-prod-rate=normal 9 conf: (1)

. 3pectacle-prescrip=hypermetrope tear-prod-rate=reduced &€ => contact-lenses=no 6

. @3tigmatism=no tear-prod-rate=reduced & =—> contact-lenses=no & conf: (1)

coni: (1)

. spectacle-prescrip=myope contact-lenses=yes 5 ==> tear-prod-rate=normal 5 coni:

. astigmatism=yes tear-prod-rate=reduced & ==» contact-lenses=no &

L - I R

. astigmatism=no contact-lenses=yes 5 ==> tear-prod-rate=normal 5 conf: (1)

9. age=young contact-lenses=no 4 ==> tear-prod-rate=reduced 4 coni: (1)

10. age=young tear-prod-rate=reduced 4 ==> contact-lenses=no 4 conf: (1)

11. age=young contact-lenses=ye3s 4 =—> tear-prod-rate=normal 4 conf: (1)

12. age=young tear-prod-rate=normal 4 == contact-lenses=yes 4 conf: (1)

13. age=pre-presbyopic tear-prod-rate=reduced 4 =3 contact-lenses=no 4 conf: (1)
14. age=presbyopic tear-prod-rate=reduced 4 ==> contact-lenses=nc 4 conf: (1)

15. apectacle-prescrip=hypermetrope contact-lenses=yes 4 => tear-prod-rate=normal 4
16. astigmatism=yes contact-lenses=yes 4 =—3> tear-prod-rate=normal 4 conf: (1}

17. age=pre-presbyopic contact-lenses=yes 3 ==> tear-prod-rate=normal 3 conf: (1)

< | " |

. 3pectacle-prescrip=myope tear-prod-rate=reduced & ==» contact-lenses=no & conf: (1)

co

co

nf

nf

1%. spectacle-prescrip=myope astigmatisr=ye3 contact-lenses=no 3 ==> tear-prod-rate=reduced |
20. spectacle-prescrip=myope astigmatism=yes tear-prod-rate=reduced 3 => contact-lenses=no .
21. spectacle-prescrip=mycpe astigmatism=yes contact-lenses=yes 3 => tear-prod-rate=normal .
22. spectacle-prescrip=mycpt astigmatism=ye3 tear-prod-rate=normal 3 ==» contact-lenses=yes .

A mmmaron T e et e Voo P emh meman moaee A e e

L

18. spectacle-prescrip=myope astigmatism=no tear-prod-rate=reduced 3 ==> contact-lenses=no 3| |

=

JUN 1.3 uanenganuduiusaiuniavetayanauuiinaud 3nngvianun 64 nginsani

Tu

v

\naua support > 0.1 uag confidence = 1.0
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NueuUNsEngninsiuinteyalsyifUae Useifnissnul saudawanis
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Baszifarsiuuudilumaiiafiszaninsodinitisdieseideyadiae wWeadalunanse

swuuteyadmsuiulilugmuanudvesssuvativayunsdnduladunisunmg weldssuy

advayuillidudselonilunistigidadedUqelueunn urnandgvinisianuuazesune

wiaRalignvadlaaanlaanmelian1sTiAs e RRgATIkUUAAIENaNNIINEDRA Yinlagad

o

Y VA v
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1.2 dnguszasrvuadlasaniside

® ganuUUkATTRUIgANeSTUENTIATIERRAASHLLLAAIENANNITNTYI
Wilaaruduius sankuugIuAus nalnn1siAseikagdnnisnug
drudnnskuuinassnisinaulavavdiueuiemanavessuLatiuayung

FRFULIAUNITUNNE

[

® a1 lUSLNTUNSTVILBIANUAUNUSIADNSIAS IR ARSI LUUA N UTDUA

Y

sumsunmditaidudunuudmiusyuvaivayunisdndulasunisunme

1.3 YBULUAVBINISIY

1% i

dayanldlunisnaaeudanesin Uugadeyaninsgiuain UC  Machine
Learning Repository (http://www.ics.uci.edu/~mlearn/) UsznoUAIY training data tay
test data N1INTIVAOUAINNYNABIVOITANEINUIATIEVRAATIUUUG UaznTnaaBUAIY

gnAesvesszuvaiuayunsanaulasumsunmg agldnsiieunaniu test data

1.4 Uselgwiilasu

&g

miAdsilifunsoonuuuuarimundunuisnig eldldosdaulnlugu
myvwiiesrnuduiusiionsiessifansivuug wasinseenwuulasiadiavesszuy
atfuayumsinaulasnumsumdfiannsanuang A lunaanstuuusd Uselovin
I§5ulnenssfomainwazdanesfivlnd faunsoffiuinanuddelunsansivinmsidsiuau
1 UnAY wazkanuitefivausuasAiuly International Conference Proceedings 3n
7UU 3 UNANY

nsnAdeUsTULTioonuuULazianTuludnvae prototype vlRlaluswnsy
Funvuiianansoandeansladag 1 Tsunsa Téun Tsunsuduundseinndoyadeng

o

ANNFNTUSLUUARUIATONNEYINSA (data classification program with compact fuzzy

av a

association rules) uenanigyaeTenmduinfnwseiuuiygylnwazUsygen lilana

fdunululassmsifeiliveimunaiuaunsauasrinvglunsinnuldeseaugs
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LBNEITHATIUIVNN IV

2.1 A5 BHATITHREASAUUUA

L4 (%

N153LATsYRans kLAl UANYULYBIN1TIATIEANYFILUS (multivariate
analysis) Wilefinnsamininfnzavvessudslunguvdenmaiontu Tnefidletduys
wiaduanfinsusgnaufuudiazannsnusaduusidmine ¥erivasnanadeya)
I¥oghagniosnniian nmstieseiuuuiidumetemsadfinedandsiifonlslunsindes
Foyauszianmsfumlumaliioduunuszian (cassification)  feinguszasdvesnisly
Tumaviuneaanavesdoyalml (Fernandez, 2002) nfogsluinaansfiuuudluguil 2.1

sudredle amnsauanuluilsidunioaunsdadulanwinuyniievesyun 2.1

Classifier output - conta Ct—lenseS (yes) =

=== (Classifier model (full training set) ===

0.125 * age=pre-presbyopic,young

Classification via Regressicon

Classifier for class with index 0: + 0.125* age=young

+0.0833 * spectacle-prescrip=myope

Linear Regressiocn Model

contact-lenses = y 00833 X astigmatism:no
0.125 * age=pre-presbyopic,young + + 0.75 * tear-prod-rate=normal
0.125 #* age=young +
0.0833 * spectacle-prescrip=myope +
0.0833 * astigmatism=no + e (‘ 02083)
0.75 * tear-prod-rate=normal +
-0.2083

Classifier for class with dindex 1:

contact-lenses () =

Li E i Model . B
Teen Tearessten Toee 0.125 * age=pre-presbyopic,presbyopic
contact-lenses =

+ 0.125 * age=presbyopic

0.125 +#* age=pre-presbyopic,presbyopic +

0.125 #* age=presbyopic + .

0.0833 * spectacleprescrip=hypermetrope + + 0.0833 * spectacle-prescrip=hypermetrope
0.0833 * astigmatism=yes +

0.75 * tear-prod-rate=reduced + + 00833 * astigmatism:yes

0.0417

+ 0.75 * tear-prod-rate=reduced

+ 0.0417

1
=

UM 2.1 Tuwanldannnisinszifansiuuudiioidadenislanouninaud

Wasansiilunafansiuuuanlanugun 2.1 frslunisitiadeanumanzay

Tunslarauniniaudvosauldsieluni azdasrurunadnsvasisfandunlynaitadedu




yes uazilsridunlvinailu no Wevihuneranuaiigaign segragu dgiidymauanen

1 U dl
s19lnlianwaEAImIT1N 2.1

M19199 2.1 SwasBenteyaresnuldaelng

Age of the Spectacle Astigmatic  Tear production Wear contact
patient prescription rate lenses
young myope no normal ?

nsaumelnafansivuudnuaunislugui 2.1 velunsdnaiiadendu

yes Wag no aglnaansnneluil

contact-lenses (e = 0.125 * (1) + 0.125 * (1) + 0.0833 * (1) + 0.0833 * (1)

+0.75 % (1) -0.2083
= 0.9583

contact-lenses (o) = 0.125 *(0) + 0.125 * (0) + 0.0833 * (0) + 0.0833 * (0)

+ 0.75 * (0) + 0.0417
= 0.0417

NHANTTAIUIN LBlTBUTEUAILET 0.9583 Hegandn 0.0417 datuluing

Aansduuudzvinnegidymiuaemselnidannsaldaeuuinaudle

2.2 uAgingItes
dnuaizvesmsaialunafiansiiuuud (Fauansiediag1sdoyanounnniaud)
[ Vo1 Y a < ! 1% f U a aa saly v a o
zdunaladnilediwlsdaszidumuaniasls deidufansiuuudnlaazidnuiumenun
wagilaiduaze nunduilaiiuduuiudsdasyluyadeyaiin (training data) n1snileidu
UsgNauduaInNmening 9 Tuduiuin aiaaIn1sussiianaveinianauiiimes uas

9199z llalunanildnwuziaizasiuyadeyatinuiniiuly (overfitting) dn3denateauis

l@UOLUINISanANLgUta U BilentuRaaAs LU nanass Uy lunaiiangasiuld

LwIMRanAutudeuredlunafaasiuuud i iuladalauniniign Aanisan

Puudulsdase iindaamgiudsndsnaduunaaringy lunsatadesldinatianis
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IATIERRIAUTENEUNAN (principal component analysis -- PCA) A153tAs1z%Ua3Y (factor
analysis) Uagn1TLUaIunUNIolAYaYaMENAaNNITHUAIMIIANAAIEAT WY I8AUNILAY
Fadenameiudsadaiinaniunldlunisaidunaiansiuuud muddoluwuimnied
Usznoudie auwes Belhumeur wazamz (1997) Aldmadansilaszsiesdusznauvdn
$1YwBs Zhang ua Jia (2007) lnsulasiiideyaiieanmnududouvesiumna siuves Lin
uag Chen (2009) THuwimadggnuseAngimundunsiinseidansiuuud Tuuuio
483 Howland wag Park (2004) 1935n1sUsuusamsanafansiuuuilagnss anunse

nuiuyadeyarnfisensteyaivsinadssuaisnuuiiavsesuusuin

n15UszynAldimatiannIsiiAsIeRRaAS i UUARIUNISLNNELaEINYIANEN S

a1 Tlevanvanednuae 1wu luaun1sidadelsa dnstdfeidufansiwuudiioans

N

e o

oyaluszuufidervnfiolfadelsafiiendosfuiuila (Sengur, 2008) fiuiniduain
uTEa (Silva et al,, 2009) #lfinadian1siinseifaesiwuudfiosuunsanimsaiode
wuuifuiedeund esen wiellete fuideves Dogantekin (2009; 2010; 2011) 1a
Uspgndlfinadinfarsiuuudluiunounioudouaiedndenangiudsddny fvmnzay

azihldasralumaswunuszsinnludusdslumemaiaiiseatdnisa ialdluszuuitade

Tsawnusaslsalnsoss

3

luns@nwifediududuaslasiuley lussezusniinsussendldinalindinse

(% a

Aansfiuuudsiniungefanuissduwuuugimiedwunlastulounyud (Ledley et al,

1980) maNNNANIT8YRI Umene wazAny (2007) toldwaliani1sitasiennansduuuinu

q

124 a

ﬁuayjamLSULaLﬁaﬁué’uawﬁgmLﬁmﬁumuﬁmimjLLazmiLﬁm%’memL%@"La%’aisﬂL%m nau
Un3deanUseinedutazining (Li et al,, 2010) lalauauunAnnisiawunsianugnssulag
Usegndldinaiinlinszifaniiuudifioanduuiiideyaneufiandigiuneunissuun
MAdeiileg Cao wavauy (2011) Iaaususulsanatinfansiiuuivesiviyesuuindiiu
wedasuliifnduls ensieszsideyaiumluddy Jses Huang uavamy (2012) 1¢
fimumadaannmdnnshaniiuuuduesiiuve fiduffuudliifieTnguszasdnsiase
sanugnssy waglunuidedign Xu wasene (2012) laldinadafansiiuuudsiudunis
Ainsgriesdusznavndniiiefumilulomnsainesuioiuiniadinmdniunsiune

WU RANE D

AINATNUNIUITIUNTTUMNYITDS WUINIUITENNGIVBINUNTIATIENAEAS
fuwwd Tesanglusnuiunisunvduazinermansgunin nquindseaztauouuifau

ADILUINIG BUINILINABNIT YL NARANITILASIETAAASLLUUA L UTUADULINYBINTS
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a A o v

Wpseiteyadadudumisudeya Weandiivieduiuiudsluteyanounavdstoyaieiiu
AsSeunalluddanasiuinani1sdkun WU 9150aLHmasn dunasainmasuusTu
WUIN19NEDIAD T NATANITIATIEAR ARSI WUUALD U ANDSAUNDNITINUNLABATI el

USulsadenagniemsasumatindy iU N15IATIEeeRUsenaunan

faaoauumefinanutuineflinadnsdulmeaifionssuundseian u
Haitundamansludnuazvsandesd (black box) fillanansnesuielsognstaauinluina
fulsinanissuunlaefinsananesduszneuln deavele vieldingualalunssuunu
avdoya UssinuveanislianunsananimanansevInANaIusatun1swansRasuly inli

o

Judedesvaumadianisiinseifansduuudiieisnisvieeads Aesihanldlussuvaivayuy
nsdndula  fadulasinsideiifelagniaueiuieingussasanvimuivaiinlunis
AATIPARERTILULA Frendnn1sveInIsimilosauduius tiefazlinadnsidulunad

wlalpdrewazarusaesuiela
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M 3

N1509NBUUKASWAIULUSLNTH

3.1 NSOULUIAAYDIUIRY

ASBULUIAANANYDIIIUT

[y

3

X
Uunm

ca aa ¢ A

9 MINAUWATANTIATIZARAASHLUUGLND LY

lussuvadvayunisdndulaniunisunnd lassairaiugiuvesssuvatuayunisdnduls

Tngynluazlsenause 3 @uusenounan Ae

(1) diuvesgudoun uay/v3e §1UAN3

(2) draunsoniugly

(3) dUASILAZIANISHUUIIABINITANFULR

seuvatiuayunisinaulaniunsunmgveddasansidell lawuAuauauise

aunsimilesteya wWisndieludiuveimsasisuazinnisiuuinast laseasnevesssuy

Tngs wanalinagun 3.1

External | ; Data
data Management
//'
DB

User

r

| Maodeling DB —

Knowledge \
Modeling

Knowledge
Validation

|

Decision T T

|

v
Recommended Action
and Explanation

KB

UM 3.1 nseuresnuianssuvativayunsinaulamunsunme
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uazaIuUsEnouveIsyULes Ul

o luga Data Management Fuifisrusin Aauen USuUse LazNAUNTOY
foya et lUlflunmsiesmeilinauszneunisdadula

o luga Knowledge Modeling Huduuszneundnaedasinsisedd g
Snsziaansiuuudifioadislumaliion sifeds warlumaifionisesuie

[ v v

nenzauredtayatUrslunnaznay TumanlaasiadnIunISNSI9d8U

Y Y 9

R ¥ ¥

gudunugnaeenlsluga Knowledge Validation lunswaunszuuauluy
wa3lasin1sivelagldnisieuifisuiuteyanaasy Wueiesdelunis
guduanugnaeIveliing

v

o luga Decision  Modeling  viwmifidaguuuuvesaiuiiilaainluga
Knowledge Modeling Teglugtuvuiiminzaudiviunisdoasuazuans
muuzsionld

o luga Recommended Action and Explanation Judhudseneuiisiudiu
Anstoudly vihuthAsudnmangly wansdeuuzi sauduansdedue

Usenaufiudauuzinlunsaligldliveasdy

¥
v A g s qua\lyu

lgavdnilussdauilmivedasaimsideillawn luga Knowledge Modeling
yhnthinseisaasiuuudiioaidlueariientsidads uazlumariioniseduisdnume
wuvesdoyagtasludarngy nsaudanesfiureslugaildisnisaireangnissiuun
Uselnndayanignganuduiusuuuaquiasameiuifnvesiedion  Jefvundifyves
SaneifuRessdesairvamengiididyuarisiuavlinn venaningilieedesanunse

Arulddewaziussansninlumsdiunussnndeyalameninugnsieses

3.2 nseanuuulugaaielunaeanisitiady (Knowledge Modeling)

Sanes7iludiu Knowledge Modeling Usynausnesuneunisyine 5 diu e

(1) M3nIvdeUdayanaun1sUsEuIana

(2) Mswdanendeya

(3) MyasrslaiuenUsIngUosuUARNLATE

(4) Msarengn1sIunUssLandeyanlengauduiusiuuAguATe (Fuzzy
Classification with Association Rules -- FCARs)

(5) m3idenng FCARs titevluldlunisidededeyalm
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= ]

Taefidaud (2) fedud (@) lalddanasiinves Pach wazamz (2008) tUunugu

[ '
a

Tumsiaw Funeunuintuseusantduurunmlanagui 3.2 danesfiuimutuiligedn

A Y

ganesfudunUssinndayamenganuduiusuuunquiasaineyina (Classification with

Compact Fuzzy Association Rules -- CCFAR)

Data Partitioning]

4

Frequent Fuzzy
ItemSet Creation

4
% | % === FCARs Generation Results
al . .
O
= bl . FCARs
1 FCARs Selection I:>

SUN 3.2 Funaunsvinnuesdanesfiu CCFAR

3.3 dansnuiiuNUzNdayanen)ANNEINNSLUUARNLATENNE ISR
N15911971UYeI8aN851N CCFAR AMUTUABUNANTILAAIAIIUN 3.2 a1u1saesune

Teazdgansvululdastumetoyafisganunise 3.1

A13197 3.1 YeyariegrasenauniseSulgdanasiiu CCFAR

Id Age Health Expense Health Insurance | Class
1 18 10000 4000 2
2 20 18000 20000 1
3 19 17000 5000 2
a4 24 20000 10000 1
5 25 22000 9000 1
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TuneunTIvgevTeyaneunIsUszIana (Data Screening)

v ¥

Tunsalnteyardndudeyadiiay Tunsuilazulasdeyabieglugluuuvesiled

Y

Y

i Tnsazutasdoyadiavlidussdurasnuluanndnvonsaty 4 uaznisuladu
seauandugundnagiansanainienyitadidinane (Class Target) lneausiognsasiiuy
Jayanaautgnineein1sne lumsuseaianaszlidoya 4 wenn3dan Ao Age, Income,
Balance uaw Class daduwony3dadithnune uiarlilduonnitad Id fesnndudios

ToyaNuIueNiavINgaYUAIINTIY

TumeunIsuvauenteya (Data Partitioning)

| v I3 o § v Ao v S A & v
ﬂ']iLL‘UQLLEJﬂGUE’]%aLTJUﬂ"Ii‘W‘IeLWGUE]Ha‘VluﬁlLmqﬂqﬂﬁgmﬂlawauu Naﬂﬂmgl,ﬂumaﬂ,lua

¥
a v Al

wuuilefin Tnosuideillsdensanesiiu fuzzy c-means (Bezdek et al, 1984) uldidie
nsulsnguvideutauendeyalitidnuarfussiuvesanauduandnluwmsiig q Ssazdae
uidamdeyaisldnuaziduiavadeilesls feyalunenviddn Age, Income, Balance
e muamsuienguidu 3 sedufe Low, Medium wag High d¢ldvasvasteyasanisnsd
3.2 doyausazaemsiitisesendsl
foyasensil 1 Tvrsvesteyailu Age = Low, Exps = Low, Insur = Low
%’a;ﬁaswmiﬁ 2 ftavesdayaiu Age = Medium, Exps = Medium, Insur = High
foyarenisi 3 Tvasvesteyailiu Age = Low, Exps = Medium, Insur = Low
%’a;ﬁaswmiﬁ 4 fvraveaveyaslu Age = High, Exps = High, Insur = Medium

Joyasien1sn 5 dvsvesteyailiu Age = High, Exps = High, Insur = Medium

o aa [ 1 3 a J 1 v
13199 3.2 LannIuIn Age, Income, Balance LL@S?’T‘IF’]'NELILﬂUﬁMW%ﬂIULLWGS%’JﬂJBHQ

Id Age Health Expense (Exps) | Health Insurance (Insur)
Low | Medium | High Low | Medium | High Low | Medium | High

1109863 | 0.0127 | 0.0010 1 0 0 0.9909 | 0.0081 | 0.0010

2 | 0.0119 | 0.9862 | 0.0019 | 0.0031 | 0.9769 | 0.0199 0 0 1

3 10.4996 | 0.4900 | 0.0104 | 0.0060 | 0.9773 | 0.0167 | 0.9866 | 0.0123 | 0.0011

4 10.0074 | 0.0141 |0.9785|0.0111 | 0.1849 | 0.8040 | 0.0081 | 0.9894 | 0.0025

51 0.0053 | 0.0090 | 0.9857 | 0.0045 | 0.0329 | 0.9626 | 0.0122 | 0.9857 | 0.002
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TupeunsaTleuinenUrngueeuvunguinie (Frequent Fuzzy ltemset Creation)
Funouiiszneudne 2 funougdes Ao nsmAaTuayULUUARILAT DTS WAy
nsulainnusinguesiuuaguase nglowiuwausinguesazdediamaivayuiuy
AauLAaLNNIIAdus Indegrsdoyaniunsed 3.1 desuaudoyaomn (V) @ 5
uaz min(Class) nefesruaunfsiiusingluyedouavesranatoyadiutes lusegimu

a

M1314 3.1 aanadeyadiutesfionata 2 Fausingeraanudilu 2 A 1udanuYiea

ATUAYULUUARULATOTUAT (Minimum fuzzy support - ) kanalafaaunish 2-1 (Pach et

al.,, 2008) AglAAAUALULUUARULATOTUAN AD 0.2

Y = (min(Class)N) /2 =(2/5)/2 =0.2 (3-1)

[V '
% o A

niuaslounLUUAgUASENEAATUAYLLUUARNLATEEIN I NN TUAT

[y

0.2 naziduwandouia 1 Towiy 2 lowiy 3 Towiy lanudsu ASaulaAatuayuLuy

9

ﬂqum%a (fuzzy support -- FS) LARITIANNNT 3-2

FS = 2(Membership-of-itemsets) / Number-of-transactions (3-2)

f0819N13AUIAT FS vadlatfiaan Age = Low museauAindiluaundn
Tupsn9t 3.2 wansldei
FS (Age=Low) =(0.9863 + 0.0119 + 0.4996 + 0.0074 + 0.0053) / 5
= 0.3021
Tunsdlewiueaisruaulewdiuuinniindslowiu Wy Ase=Low & Exps=Low
M3AIAA1 Membership-of-itemsets auidunagauvasinuluvandnvesusazlomuly
n Femusegnetl AonanmvesmuluauBnuedlowy Age=Low uaglowiy Exps=Low
YousarNTILUTATY uanwnegemsiaaAT FS Ided
FS (Age=Low & Exps=Low) = (0.9863*1) + (0.0119*0.0031) +
(0.4996*0.006) + (0.0074%0.0111) +
(0.0053*0.0045) / 5
=0.1979

Frurulomiuananusdasauin 1 lawin 2 Tawiu 3 lawiy luaugidu Ainss
AN AnLdanATURINTaNIAaTuat UL UUARuIATeaTULARINS1971 3.3 Tayaniy

LY 1 dy % @ ¥ <@
iegnilanansaaialewiuenldgn 3 Loy
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o & A 1 i ey o
M1919N 3.3 VL'E]L‘V]NL‘(j@]LL‘U‘UﬂquLﬂﬁ@mﬂiqﬂﬂUaﬁJiﬂQﬂjqLﬂm“ﬂmumq

1-ltemsets FS 2-ltemsets FS 3-ltemsets FS
Age=low 0.3021 | Age=medium & | 0.2891 | Age=high & 0.3427
Exps=medium Exps=high &
Insur=medium
Age=medium | 0.3024 | Age=high & 0.3472
Exps=high
Age=high 0.3955 | Age=low & 0.2941
Insur=low
Exps=low 0.2050 | Age=high & 0.3880

Insur=medium

Exps=medium | 0.4344 | Exps=high & 0.3489

Insur=medium

Exps=high 0.3606

Insur=low 0.3996

Insur=medium | 0.3991

Insur=high 0.2013

TunOUNITATINANNITIIMUNYSEIANToYaR180)AINFNNUSLUUAQULATE (FCARS
Generation)
FCARs 30n9n153uunuseinndayaniengaiuduiusuuunqunese (Fuzzy

Classification with Association Rules) azgnasnsaintemuianuuuaquia3afiusinguesgs

a0

niunasduen ngiadatuaziidrvesraradudriudmuieiusngaurindevesng n1s

o 1

MvueAvesearald ez oedanuteyansiu lagldrvesmatanuiiisinglusiens

¥

Joyaludlng uenaningilaaesedinisimunnziuuteIng Azkuungsmneiang

Y

fiindedio Mz (Score) 91438 msmuanns 3-3
Score (rule: a -> b) = FC X FCORR X Firing_strength (3-3)
JGE
FC vunes fuzzy confidence 904n5) AIUIUIINAT fuzzy support 984 a & b

M38A" fuzzy support U4 a
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FCORR wangfie fuzzy correlation 1utnausifilduanfiasefuanuduiusseming
wanisUng a uazienvstad b mnuduiusiiAregluyie [-1, 1] lag
1 = a [ v (4 a = (% 1 = a
AUINUUNERIEAMNFURUS I TuRAN19 R gAY Araununefiadl

AMNFUNUSATITUTIY wazAudnunefdaliadnuduiusiu an

FCORR 9830y a-> b Auaildniuaunis 3-4

FS(aUub)—FS(a)xFS(b)

(3-4)

JFS(a)x(l—FS'(a))xFS(b)x(l—FS(b))
Firing_strength 31889 AatUaLUYeINg AIaWREINUAT fuzzy support

ludumaunisasnang FCARs  zAnlaanianizng)ndaA1AzwuugInItaug ny

nanuanasuasAnionmenaasiuutuiaglanmien 3.4

A13197 3.4 NHNTIMUNUTHANTBYAMIENGAUFUNUSLUUAGULATE

FCARs (Fuzzy Classification with Association Rules) Score
Age=low > 2 1.1459
Age=medium > 1 0.0611
Age=high > 1 1.2725
Health expense=low > 2 0.5953
Health expense=medium > 2 0.0393
Health expense=high > 1 1.0602
Health insurance=low > 2 1.9225
Health insurance=medium > 1 1.2677
Health insurance=high > 1 0.4088
Age=me & Health expense=medium > 1 0.0577
Age=high & Health expense=high > 1 1.0330
Age=low & Health insurance=low > 2 1.1619
Age=high & Health insurance=medium > 1 1.2608
Health expense=high & Health insurance=medium > 1 1.0421
Age=high & Health expense=high & Health insurance=medium -> 1 1.0104
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TuROUNITIAONNNNITTIMUNUSHINNTBYANIIN)AINTUNUSUUUAGUIATE (FCARS
Selection)
nnN1sTwuNUsEINUayanIengANduTusLUUARNIATE (FCARS) N1lAain

Junauneuniniazgnaniiuiuatiaengudasauinvedlomiuuasusasaad aggnanidenl’y
a =

Ny ienzluugaign (Fuzzy Classification with Association Rules) Haawgsilaay

WWumunis1e 3.5

M19199 3.5 NYNITIMUNUTEANVBYAMIENYANNFURUTUUUARLLASONTIAAZULUEER

FCARs (Fuzzy Classification with Association Rules) Score
Age=high > 1 1.2725
Health insurance=low > 2 1.9225
Age=low & Health insurance=low > 2 1.1619
Age=high & Health insurance=medium > 1 1.2608
Age=high & Health expense=high & Health insurance=medium -> 1 1.0104

3.4 msuvadluwadugiunanug

lumaludnuuzreingnisdkunyszinndayanieng)AnuduiusuuuaquaIe

szgnulaadugiumiusludnuvazvesdennudmssnyasgui 3.3

Y

- health.kb - Notepad - =
File Edit Format View H_elp_ i B\ N\
% Knowledge base automatically created for the simple decision support system.

% top_goal 1s where the inference starts.

top_goal(X,V) - type(X,V).

% Generated rules:

type(class_1, 1.2725):-age(high).

type(class_2, 1.9225):-health_insurance(low).

type(class 2. 1.1619):-age(low), health insurance(low).

type(class_1, 1.2608):-age(high), health insurance(medium).

type(class_1, 1.0104):-age(high), health expense(high), health_insurance(medium).

% Generated menu:

age(X):-menuask(age, X,[low,medium high]).

health expense(X):-menuask(health expense,X,[low,medium,high]).
health_insurance(X):-menuask(health_insurance, X [low,medium high]).

class(X):-menuask(class, X,[1,2]).

%% end of automatic KB creation

JUN 3.3 g1uAnuiniaannngmswunyssiandeyanienganuduiusLuuaquLaTe
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nsldanugmuanuienseinsunalnniseutevesseuvatvayunisindula Tu

v v Y v a

MATelimunszuvatiuayunsanduleegisiemeniwlusaen (Prolog) dadulusunsy

Wanssng flASUlFUlUsuNTUAIgAde dss_shell Faungfaufonuenvesszuvatiuayy

o

mssndulafiagsimiiifasdetugiuaiud uagvimihfigudeifieAumdneulsifugld
Waenvesszuvianunsnldaufugiunuslivainvats flédsfesszydegiuanug lu
fhogsituiinguausiilude health.kb

Woszuguniud Baldaulusunsusmemas start msldaulusunsuasdy
Snwauglineu Tnelusunsuazdssonigldnou dmevasfunadenliildidondnoy
AIEFRILADNBENN LU 1/2/3 UnuAunNIY low/medium/high  A28871901501URBY
WRendumsduunusziamgtaedu class 1 v class 2 uanadisgud 3.4 fldannsaaeuny
winmatiszuulimnoufafiusnglddensldmds why sruvazuaniranavesnisldings
Ameudsuandlusuil 35 warlunsdidnidenludmevvesdliliunnguaasulugiuamiug

sruvarlidmaunuandlusui 3.6

vt SWI-Prolog -- e:/3-Research-Grants/NRCT/»%-2557-59-DiscriminantAnalysis... — L

File Edit Settings Run Debug Help

Velcome to SWI-Prolog (threaded. 64 bits, wversion 7.4.2)
SVI-Prolog comes with ABSOLUTELY NO WARRANTY. This is free software.
Please run 7= license. for legal details.

For online help and background, wisit http://www.swi-prolog.org
For built—in help, use 7- help(Topic). or 77— apropos(Vord).

?7— dss_shell.

This is the Simple Decision Support System Shell.
Tvpe help. load . start . why . quit .

at the prompt.

dss-shell>> load.
Enter file name in single quotes (ex.'l . kb'. )|: 'health.kb'.

dss-shell>> |: start.

What 1= the value for age?
[1-low, 2-medium, 3-high]

Enter the choice> |: 1.

What is the value for health insurance?
[1-low, 2-medium. 3-high]

Enter the choice> |: 1.

The answer 1s _ class 2 with confidence 1.9225

UM 3.4 mslanauiuguauivessyuvatuayunsindulasgisdne
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dss-shell>> |: start.

What i= the wvalue for age?
[1-low, 2—-medium, 3-high]

Enter the choice> |: 1.

What i= the wvalue for health_insurance?

[1-1low, 2—medium, 3-high]

Enter the choice> |: 1.

The answer is _ _class_ 2 with confidence 1.9225
dss-shell>> |: why.

The answer is ...class 2. .. with confidence = 1.9225.
Because the known storage are:

[health_insurance(low), agellow) ]

JUT 3.5 N5a0UNUMIANATDINITLALNTIARDUYBITEUY

we# SWI-Prolog - e:/3-Resea
‘File Edit Settings Run Debug Help

ants/NRCT... — B

dss-shells> |: start.

What is the value for age?
[1-low, 2-medium, 3-high]

Enter the choice> |: 2.
What is the wvalue for health_insurance?
[1-1low, 2-medium, 3-high]
Enter the choice> |: 3.

No answer found.

3UN 3.6 Amauvesszuvlunsaiiidfonvewlilunsaiutoyaniilugiuaiug
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nan1snagaulusunsy CCFAR

¥ '
IS (3 (% A

lasenM e dnquszasdnaniiioRmunisnisiinseiaaastuuudlugluuy

1B IN

' £
& @ a = a o =< 1%

Tmifldimadamilosteyaussiannisfumeanuduiug Sanesiuiwauiiy
Fanosiuduunussiandeyamenganuduiusuuuagueeiingiindn (Classification with
Compact Fuzzy Association Rules -- CCFAR) 8ane37is CCFAR ﬁlzgﬂwﬁ’mﬁ’]‘ﬁ'ﬁumluma
Foyadezidudmusznevddnlunisaiegiummddmivszuvativayunisinaulasy
nsunnd Tumailsazegluguuuuvesngdanunsavszyndldlunisidadofunisunnd
aLuvedaneifin CCFAR  Aeanunsadumanuduiusiuanssuuvuiisutnainteya
aeldorimuniisiuiungaiuduiudildasdeaiuiinamean uazngildagsesda
gndfesgafisanefiazuiinlilugruanuivesssuuatuayunisdaduladiunisumms fadu
nsnaaeuUsyansamindunimnaeuauaiuisaveslusunsy CCFAR  vieludnueiy
gndoswedumalumsitadueinsihlugnsifnlsn sudaiinsziszansamyeslunad

Iolusudununguazaungyiniaveang mmeaeuszliteyanineitesiunisunng

4.1 doyanldlun1smagau

TumsnaaeuaugniesazUszavsninvasnaanlaainlusunsy CCFAR aglyd
Joya 2 9a lnaludeyaneriuauldniiannudeatulsamila (heart  disease) wazdoya
Wenfuauldnfinnudsadulsaiuvau (Pima Indians diabetes) anwuglagaguvasdoya

eagpagulanamisnd 4.1

M5l 4.1 deyaililumsmaaeuussansnmvedanaiiliainlusinsy CCFAR
Foyntoya 1Y instances  §1WIU attributes 113U class
heart disease 270 14 2
Pima Indians diabetes 768 9 2
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£

Yoya heart disease iudeyaiivaiuauliifianudsniulsaiila doyad
wennsiuansisug (https://archive.ics.uci.edu/ml/datasets/Statlog+%28Heart%29)

FIUIULBNNTVIANTBAILUSAUNTTUTENDUNITINIRLL 13 Wann308 wannsUastnrune

a1 A

N39AUTAUE 1 wann3U7F Ao wannsad Class  FadladuldldaesAda 1 wnu
1 v gj 1 d' [~ Y] 1 v
AaunngIauldTetu 9 biflenudsssnislulsadala wag 2 uwnuanumnginauld

5199y 9 fernsvedlsaiala anunaneuazAldululsveswennsdidnauananalana

ANS9T 4.2
a519fl 4.2 MeaziBonuenviidadusadeya heart disease
Fouonv3ond AUNNBVDILDNNITUIA Uszian Y9VDIA
Yoiteya  Ueya
Age Age of patient real (29, 77]
Sex Sex of patient binary [0, 1]
ChestPainType Chest pain type (4 types) nominal (1, 4]
RestBloodPressure Resting blood pressure real [94, 200]
SerumCholesterol Serum cholesterol in mg/dl real [126, 564]
FastingBloodSugar  Fasting blood sugar > 120 mg/dl binary [0, 1]
ResElectrocardio Resting electrocardiographic results nominal [0, 2]
MaxHeartRate Maximum heart rate achieved real [71, 202]
ExinducedAngina Exercise induced angina binary [0, 1]
Oldpeak ST depression induced by exercise real (0.0, 62.0]
relative to rest
Slope The slope of the peak exercise ST order (1, 3]
segment
NumMajorVessels Number of major vessels (0-3) real [0, 3]
colored by fluoroscopy
Thal Thalassemia (3 = normal; 6 = fixed nominal [3, 71
defect; 7 = reversible defect)
Class 1 = absence; nominal 1, 2]

2= presence of heart disease
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[

Joya Pima Indians diabetes \Uudayaieniunisidedeinauldfinnudsiiay

a

Julsaiummuviselil lnefiansanainery #ansniassausugay arudulain 91uIuase

Y

v
S J

YBINIAIATIA Uazhenvsiniau 9 muiuanslunisnein 4.3 Joyallsiusinainngusiieds

Y

=2

WA 768 AL Vi uAuRa B uRsuLAdENTINTdnuvatefag usiis
nounatkarnaulivasizesluul Ussimaansgowsnt (Smith et al, 1988) Yeuaynil
a’mWiam’sﬂﬁaﬂlﬁﬁ]’mg’mﬁaga KEEL - Knowledge Extraction based on Evolutionary

Learning (http://sci2s.ugr.es/keel/dataset.php?cod=21)

M13199 4.3 S1wazBeauanyisinivesioya Pima Indians diabetes

Fouonv3ond AUNNBVDILDNNITUIA USELNnuee  Y9Ua9An
Joya Joya
Pregnancies Number of times pregnant real [0, 17]
Glucose Plasma glucose concentration a 2 real [0.0, 199.0]
hours in an oral ¢lucose tolerance
test
BloodPressure Diastolic blood pressure (mm Hg) real [0.0, 122.0]
SkinThickness Triceps skin fold thickness (mm) real (0.0, 99.0]
Insulin 2-Hour serum insulin (mu U/ml) real [0.0, 846.0]
BMI Body mass index (weight in real [0.0, 67.1]
kg/(height in m)/2)
DiabetesPedFunc Diabetes pedigree function real [0.078, 2.42]
Age Age of patient real [21, 81]
Class 0 = tested negative (no diabetes); nominal [0, 1]

1= tested positive (has diabetes)

4.2 wneuanntglunisnagau

n1snaasuyszaniaimnisduundeyaveclysunsy CCFAR  azldinmueing
NAADUABINMUIABAIAIUYNABILAYTINYDINITINUN (Accuracy) BINUTIAIUYNADS

vasluaalunisdwundayanaaeuluynaaladoya LasinueAIANUMNIZANVDING
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v o

(Suitability of rule set) wilenaaouUsIIULAzANUNETIRSATBINAIWIzaNiun1si Ty

lupsasegiuanud

'
=

nsUsEdiuAIANNgNABdlagsINveaIng AMualanuisnuansluaunisi 4-1 A

a J

Accuracy wilAnaglugae [0, 1] A1 0 vunedalunaiianuandnsalunisviunesinan el 1

q

vseAmdilng 1 vunefidunaianuaunsalunmsvhuedeyalagnaesgen

A True positive+True negative (a-1)
ccuracy = - -
y All data instances

Tagsn True positive vanefis Snnudeyaiteglunaaiivuslidu positive uazlina
yunegnéesideyatiuunaia positive
True negative e S1uuteyaiteglunanadiimusliiiu negative uazluina
yhunsgniesindeyatulunana negative

All data instances vin8de IuIutayariuanlinaaauliing

N3UTZRUAIAIANN T ALTRINgRBLNael Suitability of rule set 1Tun1s
UszifluseAumnuimsnzanveslunadiliindianugndesuazsuiungfilddanumnzauds
wnefdinnunevininiiiedla lnainae Suitability of rule set fr1eglugaa [0, 1] dnduen
0 wansilumaildlimnzauiosanniiianugniesiuaridnaungiundwinlinguin
AUNEASR widn Suitability of rule set fandu 1 wielland lng 1 waneinlunadils

WingauNn dupeliAiAnugndesgakazidnwiung Mdesnvinllnynvesng inevinde

nsAUanen Suitability of rule set fidnausiulullulpsensisedlineas
A1sENieANgNABdLazmnzTintaveng ludnvaeivdiuansuetin (harmonic mean)
pusTuandluaunsf 4-2 lnsfirAungiiagnvaing Rule compactness) 1435viTdu
Us9Ving U (normalize) WilelviAadsvess uungildeglusuuuuundfisireglugag [0, 1)

AMuIleANANNNST 4-3

Accuracy=Rule compactness

Suitability of rule set = 2 % (4-2)

Accuracy+Rule compactness

Rule-Compactmax—RuleCompactalgorithm

Rule compactness = (4-3)

RuleCompactmax—RuleCompactyin
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TneAn Accuracy manedia ArAnuduglunisiuneredunaiifwisiaieainnimaaey

waneads nelunuiseidldniseasannisaaouluna 10 Ads
%39 10-fold cross validation

Rule compactness e Aungsindavasngiiiansanaindnungiildainluieg
Tnsinfisainnisvaaou 10 A waginsueiifaladliogludas
[0, 1] fMBAISATUIUMLELNT 4-3

RuleCompact, ., 11889 a‘imauﬂgqqqmﬁlﬁmﬂimma Tunsdifinnaeunanelanag
vizansaoulumalieIwiUsTnanaaenss szdmdonainadi
Tduaunganniige

RuleCompact,;,, #1809 ﬁi’m’;uﬂgﬁaaﬁqmﬁiﬁmﬂimma Tunsdifinaaeunansluwa
visanaaeulualiivaudUssnanananends azdnidenanadi

AT uung eedian

[

RuleCompact,igoinm 81888 913U NlHNTUAaTa3 199 I daneTAuAfiee

C Y

NN LBABINISHUSIULTNIBUUTLANSAINATUANUNETASAVDS

ng\guiudaneinuey o

4.3 wammagauUszansnmn1suundeyavaslusunsu CCFAR

lunsnaaeuUseansnImnsILUNUayaIeia TNl Accuracy  Uag
Suitability of rule set lpginaa Accuracy ldUswIliuAIUgNADITRILIAG waTLNMI
Suitability of rule set HUszifiupnuvsnzauvesng Feldmnugniesuazsuiungi
Tauansangniuy

A15NANTUIAMINAINITATelUSWATH CCFAR M8ILA U Accuracy e

&

Suitability of rule set aziguieufvganesiuauneulylunuinmlestayawuudwun

nansouanmadnsluguuuuveny loud sane3iu C45 sdadIsuiiisuiudanesiy

saa a

NuhmilesdeyauuuinuundauuInimsaumanudiusiliuAnaaeadaiunuidy
{I8n 4 danediin ldun danaiiu CBA, OAC, FURIA, CFARC

v} a = d‘yvvd

Fanesiiy C4.5 (Quinlan, 1992) Wudanasiunsaniumnazdeuldlunissnwun

Y
v Y

Uszinndoya dane3iuiusuuaiuinaindanasfiy 1d3 (Quinlan, 1986) Tia1unsadanis

Y

futeyatiluaseidosidlagldndnnisfumuuudssannieasnewulidadula uagldmailn
Tun1sdnfsauldiiednnisiudamn overfitting Lagvinlioanssfiullanuisauseuianala

[ !

5057 Tawiuresdanesfiutifengilasutugldamnsoviarudilaliing
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9ana3iy CBA — Classification Based on Associations (Liu et al., 1998) W
Fanesfuildlunissuundoyaildsunsmaaeuindinuusiuglunissuuniigainin cas
Tngdane3iin CBA WusaneifiuusniithunAnvesmsvimilesdeyanuungarmduiuduay
n1svimilastayaluuIwunUsELAnu1vina Uy Tnstunounisvheuwes CBA  ae
Usznause 2 dau fe dufiadungainuduiudadenin CBARG uwavdrufiairongnns
Suunanngamdiius Bonin CBA-CB JaunAnndnvesdruainangemdusius CBA-RG
ok aiwﬂgmmamwuﬁ‘ﬁﬁmauuauumﬂmﬂmauuauumum wazngANuduusliazey
TusuUuUU <condset, y> @3 condset manefs lwmveadlewiu uay y mnefenanaitimaneg
dunnAnYesdu CBA-CB Ao vhnsAmidenngarudiiusifdamnuianaiatiesiian
dane37iu OAC — Optimal Association Classifier (Hu and Li, 2005) 1Ju
dane3fiudisiuszansainlunisdundeyaid Inoldndnnisadrengainudusiusie
9anasiy Apriori Wag ﬂ@Laaﬂﬂgmmamwuﬁmsmwﬂmaui&umﬂu (Bayardo et al., 1999)
diaidenngauduiiusiifaaatmnenudenis ndudonngiuanzaudimiunis
Suunusziandeyasengauduiussomaidenngilirmusiugigaiian (L et al,

2002)

gane39u FURIA — An Algorithm For Unordered Fuzzy Rule (Huhn and

1%
a = ddﬂ

Hullermeier, 2009) LJudanesiuiilifugiunnaIndane3yiu RIPPER usludanasiuilazly
BnshiiSeedndung (Unordered Rule Set) wiaannisaidesvasnanaidivanenan usivi
Tdndgmilndfengianudandsiuwaznglasuidnuwaslinseungu F9 FURIA widgym
Y  aa . @ aa N Aa dl o § v Ay ya

Ae38N15 Stretching 1 JwisNsidenngiliainsnsauaquuIniigatasinlingiladiaay

L91¥IUBYAY

gano37u CFARC -- Compact Fuzzy Association Rule-Based Classifier (Pach
et al,, 2008) \udanesiiudmivdansiudam ngmssuunyssiandeyafiisiuiunin
Al JymniidestmunAraduayutusiinazaanuideduduifngaslunmsatong
ANFURUS LLazﬂiymmﬁ@miﬁ’U%’agaﬁaLaﬁwial,ﬁaq %qﬁﬁﬂﬂiﬁlﬁﬂumiLLf’Tﬂzymamﬁi’ﬂu’gu

° v a ° o a i ! & Y A aa
ﬂgmimLL‘LAﬂUizLﬂWU@;J“aﬂE)miVHmimmmﬂ{] A1 FCORR v1UA%Aa U ARINIUAIFANEN

Amziuuganldlunmsyhuedeya

NANSNAEBUUSEANS AN IlumaNas1991nluswnsy CCFAR  ¥a991uia8il
WIbuiiguiudn 5 daneifiufde C4.5, CBA, OAC, FURIA, CFARC meyntayanadey
15A%219 (heart disease) waglsau1niu (Pima Indians diabetes) kanalaeannsned 4.4

wag 4.5 n3mnsiSeuiieuyssansnmuanslangui 4.1 uay 4.2
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M13197 4.4 nanmedeulsEAnSamveadusunsuiuynteya heart disease

110539

anaIny Accuracy | 91wung | Rule Suitability

(Lagﬁl) compactness | of rule set
C4.5 (Quinlan, 1992) 0.770 174 0.904 0.831
CBA (Liu, Hsu, and Ma, 1998) 0.815 52.0 0.680 0.741
OAC (Hu and Li, 2005) 0.811 157.0 0.000 0.000
FURIA (HUhn and Hullermeier, 2009) | 0.797 8.4 0.963 0.872
CFARC (Pach et al., 2008) 0.774 2.7 1.000 0.872
CCFAR 0.781 3.0 0.998 0.876

A13197 4.5 namsnaaeuUszansamvadlusunsuiuyateya Pima Indians diabetes

11ATIN

anaINy Accuracy | 3113uNg) | Rule Suitability

(La?ia) compactness | of rule set
C4.5 (Quinlan, 1992) 0.734 20.3 0.833 0.780
CBA (Liu, Hsu, and Ma, 1998) 0.724 45.0 0.609 0.661
OAC (Hu and Li, 2005) 0.781 112.0 0.000 0.000
FURIA (Hihn and Hullermeier, 2009) | 0.747 8.5 0.940 0.832
CFARC (Pach et al., 2008) 0.729 2.0 1.000 0.843
CCFAR 0.747 4.0 0.981 0.848
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F-!
a9 | :' Q87— . 0.BB
08 o --1--‘.------'
a7

0s 3 i

0.4 \ J

0s KN

X f «« 4+ Rule compactness
/

0.2 \ == Suitability of rule set
01

C45 CBA OAC FURIA CFARC CCFAR

= o= ACCUracy

UM 4.1 nsmliIeuiiigulszansamuedusunsuiuyateua heart disease

1 ”___,...l MaAdAIEEID |
08
0.85
08
0.7 ==
06
05
04
= o= ACCUrACY
03
«« 4+ » Rule compactness
0.2
01 e Suitability of rule set
0 T T

C45 CBA QAC FURIA CFARC CCFAR

UM 4.2 nsmlidIeuiiigulseansameedusunsuiuyadeya Pima Indians diabetes
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4.4 ?AUTIWNANIINAGDU

Tunsnageuanuansavedlusunsuiuyadeyavadou heart disease Wuin
Tusunsa CBA Trienauusiugilunsvirunenanavestoyaldgniesmnniian Aadu 81.50%
Turaug?l ca.5 Tidaruusiugisnfiand 77.00% waslsunsu CCFAR vaslasenisideildn
ogluddiudl 4 firamusugrlunisduundeyadadu 78.10% Tasdaruusiugiaingy

TUswnsuludsuindauszunn 3.4%

d' a @ o al' Yo %
Wedtasaunlulszinuduiungilasuannlusunsuuugadeyanaasy heart
disease  WuINUTUNTU OAC WidurungNaeniuseuas 157 ng luvaelusunsy
CFARC uag CCFAR Tidnwiungudeegil 2.7 war 3.0 lagaisu n1silusunsy OAC i
v} & @ ] a 1 v o 1 a0 I~
HaanslluduungUTInugIndmalinisAuinm Rule compactness A0y 0 waz
WUl UA I WIMTINAUAIAMUBLUEIA83TAIUIULUU harmonic mean  @dNaLyAN

Suitability of rule set vaslUsunsuiiianduaud Inelusunsuitlien Suitability of rule set

i
geianfalusunsy CCFAR a3u3del

U ISP

aiuiansAelusunsy FURIA wag CFARC @eilan
Suitability of rule set LA

=B

lunsaifineaeuiuyadaua Pima Indian diabetes lUsunsu OAC fiA1AIY

a

wsiughgefiandl 78.10% Tuvaedilusunsy CCFAR uaz FURIA egfludifufiassidnaiy
wiugviniufe 74.70% wiiesainlusunsy OAC nadwidungnisduuniiduianaan
fla 112 ng ¥ilsien Rule compactness fanduguduardsnaseliladlyia Suitability of
rule set fanduguiiuioatu lusmedilusunsy CCFAR taslassn1sidotdnadndidu
Srurungiities (Uszana 4 ng) vilvie Rule compactness g4 waziilowanduasiudiy
Apuiugilunisduunazliian Suitability of rule set figefigailleIeuiiiouiy

TUswNSUAUdN 5 MUSHNTY
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unagu

5.1 #@5Unani1sivy

v
o

uideildaueniseaniuuiasiautunewisnis welulassrainuilnily
AunsiimilssnNnudiusiiensiinseiRansiuuug uaziniseenwuulaseainees
sruvatuayunisdndulasiunisunndiaunsanuingiuainuiannluinaiansiiuud
Joiruandnvesidelelinafaniiuuud (M3eluaivinisiumileseyaisenitlumg

o o/ 1 = v/ [ 14 o/

ns9uun) azsseglusunuvvaingielansauvandugiuanuilaazain lunasedas
fianugnaesgazazdedivuiaveduaalilvgifulugaasilrlunadudeu uazilleniai
v liAanisigasivteyaiinasunniiuly (v3ei3endn overfitting)  duasdwaidsln

)

Tueaveenausiuguiletlldiudeyaduluouan

(%
[y 1 v [ =

AatiuanAdeldsjatulunisiaundsnsiiiorumuasiianngiiussdnsanluy

4
v Yo Ava v o Sad

nss1uuniigeuazng ildsuiisiuiues Jsdanesiuifidoimuriiigedn Classification
with Compact Fuzzy Association Rules 1138 CCFAR lagidudanesiiuiiumadanismng
AnuduiusItslunTileTgmaNuduTusiuveoya warldnadaflediwnuyiely
mauftymdeuadiavidnfitdnsausduadoides Snfunadeadinanduiuamiugnies
Tunssuundeyaiifinisdeuriuiuinndndae fedunouitnsvessided 18l4sane3iu
CFARC (Pach et al, 2008) t¥uiugiulunisimuy tnssniddeilfifufutuney n1s
ATIvdRUTeYAnaUNITUTEUIaANa (Funoudt 1) LLaz%umaumiﬁmﬁaﬂﬂg (Funoudl 5)
wenandfldusudsumaiamsmumnaziuuresng FCARs luduneuil 4 Tneasuudn
anedfiu CCFAR fifanniulssneudetunousuelul

(1) Suneunisasoudeyanounisusratana
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The Fuzzy Search for Association Rules with
Interestingness Measure

Phaichayon Kongchai, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract—Association rule are important to retailers as a
source of knowledge to manage shelf, to plan an effective
promotion, and so on. However, when we are mining with
association rule discovery technique, we normally obtain a large
number of rules. To select only good rule is difficult. Therefore,
in this paper we propose the fuzzy search technique to discover
interesting association rule. The comparative result of fuzzy
versus non-fuzzy searches are presented in the experiment
section. We found that fuzzy search is more flexible than the
non-fuzzy one in finding highly constrained rules.

Index Terms—Fuzzy set, fuzzy search, membership function,
association rule mining.

. INTRODUCTION

Association rule mining is a method to discover the
patterns of information, such as the pattern to reveal that
there are many people coming in the supermarket to buy
some specific set of products. Therefore, the owner would
like to know the buying patterns of customers. The owner
should perform by 2 steps, first step, to records the purchase
of individual customers in the tables. Second step, when get
enough information then bring it to association rule mining
and then the results are association rules. This method is
called “Market Basket Analysis” and this association rules
are usually used in business [1]. Therefore, to select the
appropriate association rules to apply, it is necessarily very
much and the researcher [2] proposes an algorithm to search
with many constraints and can be reduced the search space.

But the most researchers continue to straightforward
search association rules with normal constraint, For example
if the user required support value to be equal 1.0 and items in
the ‘then” must be X (The variable X means items that the
user wants.) [3]-[6] this searching technique is less efficient
than fuzzy searching technique because the results must be
support value as 1.0 only (Which makes it does not received
the close results, such as support 0.99 but the fuzzy searching
technique may be received the results with that support
0.99.). The Fuzzy set is very popular in a variety of major
because it can indicate the level of what is uncertain. There
are many researchers used it during processing, such as a data
support system for sales promotion analysis using fuzzy
query [7] this work used technical fuzzy and used probability
to search sales information by SQL language. Which the
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original searching was not able to searched some information
but fuzzy searching and weight with probability they can do
it. There are many tasks related to using SQL and fuzzy in
that searching [8], [9].

This research proposed the method to search association
rules by applying fuzzy set and search them from the measure
performance of association rule (Support and Confident). We
also proposed technique to select and to rank the association
rules with the scores, therefore the results are very
satisfactory in some case.

Il. RELATED THEORIES AND STUDIES

A. Basic of Association Rule

Association rule is a data mining to discover the patterns or
relationships of items from the large database [10]. Which is
can be using association rules to predict something happen in
the future.

Example 1

Beer, Coke => Diaper
or
If Beer, Coke then Diaper

It means if people who buy beer and coke then buy diaper
together. Therefore the association rule is important to
business or something that need to find relationships. To
create the association rules that have two steps.

Step 1, Find all frequent itemsets meaning itemsets whose
greater than or equal minimum support, and then we can find
the support with equation (1).

Support(A) = all transaction that contain A/all transaction (1)

Step 2, Generate association rules with the frequent
itemsets whose greater than or equal 2-itemsets and the
association rules must be greater than or equal minimum
confidence. We can find the confidence of the association
rules by an equation (2).

Confidence(A=>B) = support(A and B)/support(A) (2)

B. Fuzzy Set

Fuzzy sets are two words that come from the word "fuzzy"
that mean something is not clear, such as, The feeling of
people are differently to discriminate, such as someone open
air at 15 degrees, that is cool, but other people said that be
very cold, and another word is "set" in this case mean a set of
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mathematical sets that are composed a different member of
the set, for instance, that consists of people, animals and
objects. Therefore the term of “fuzzy sets” mean the sets that
are composed a fuzzy member. This uncertainty, we cannot
say whether it is true or not true, but we can tell level of the
fact by membership functions.

In detail of how to compute the membership functions we
explained in the next section. However, we can computed the
relationship of fuzzy sets by 3 fuzzy set operations [11].

1) Fuzzy Complements may be called a complement of any
set, which is a set has a relationship with another set, and
then we can compute this relationship by equation as
follows (3).

fip —(X) =1 1, (X) ®3)

2) Fuzzy Intersections is to extract the duplicate
memberships of two sets or more, and then we can
compute this relationship by equation as follows (4).

Hprg (X)) =min[zz, (X)), 225 (X)] 4)

3) Fuzzy Unions are to include the fuzzy members of sets
with the relationship. By equation as follows (5).

Hae (X) =max] 1, (X), 115 (X)] ®)
In this paper we used two operators to be computed the

relationship of fuzzy sets are fuzzy intersections and fuzzy
unions.

Ill. THE FuzzyY SEARCHING ASSOCIATION RULES

TECHNIQUE

The methodology of this research to search the association
rules with fuzzy set technique is composed of three steps:
(Fig. 1) first step user is defining user-constraint to search
association rules from measure support and confidence, The
second step computes a membership value of the association
rules from membership function, and the last step the results
were to calculate the score for select appropriate association
rules and ranking, details of all the methods to describe as

follows.
Association
Rule Mining Membership fn ]

[ Compute Score ]

Fig. 1. The process of fuzzy search for association rules.

A. Searching

Association rule discovery based on user-constraint, the
user can be defined the support and confidence value of the
association rules by wusing the word ‘“approximately”,
“approximately more than”, “approximately less than”,
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“and” and “or”.

Example 2

User require association rules with the support
approximately 0.7 and

The confidence approximately 0.8

Example 3

User require association rules with the support
approximately less than 0.7 or

The confidence approximately 0.8

Example 4

User require association rules with the support
approximately 0.7 and

The confidence approximately more than 0.8

From examples, you can be seen that the words (the words
use Italics) used are different from normal search (Example,
equal, less than, more than) because the user can define the
conditions in the word form of approximately (Notice: the
numbers are defined as 0.7 and 0.8 because we make it easier
to explain, but you can change the value that you want.).

B. Association Rule

This research used association rules are the input to search
the approximately rules. By association rules will be
formatted as if — then. And the "if" and "then" contain
information are call item, such as if A and B then C, if A and
B then C and D. In addition, each rule has relation values that
indicate the quality of association rules. Typically, most
people used the support and confidence as the criterion to
selected association rules, the support measure will indicate a
number of transactions or the number of rows that support
association rules, and the confidence measure can indicate
the validity of the rules, which these measures will be
important in determining selection association rules.

TABLE I: THE EXAMPLE OF ASSOCIATION RULES.

NO. Rules Support Confidence
1 GthenF 0.1 0.4
2 B then C 0.2 0.44
3 F then E 0.3 0.45
4 AorBthenC 0.48 0.56
5 Aand BthenE 0.5 0.58
6 G and B then E 0.6 0.59
7 Fand T and B then C 0.79 0.62
8 Aand B and G then F 0.83 0.75
9 G and R then F and B 0.9 0.76
10 A and F then C and B 1 0.8

C. Membership Functions

The Membership functions are intended to indicate the
degree of the fuzzy sets. In this research we choose three
functions are Triangular membership function (Fig. 2 a), R
membership function (Fig. 2 b) and L membership function
(Fig. 2 c¢). Which we will choose the triangulation
membership function for conditions with the word
"approximately" because the center point of the function
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(Fig. 2 a, point b), with a maximum membership value is 1
which corresponds a user-defined the word about it, the R
membership function is selected when the condition has the
word “approximately less than” because of the value of most
preferred users, they must be less than or equal to the value of
user-defined then they have the membership value is 1, and
the values which greater than the value of user-defined that
will be had the membership value is reducing, and the L
membership function be selected when the condition has the
word “approximately more than” because of the value of
most preferred users, they must be more than or equal to the
number of user-defined then they have the membership value
is 1, and the values whose less than the value of user-defined
that will be had the membership value is reducing. From the
Example 4 the user requires the association rules with the
support approximately 0.8 and the confidence rather than 0.7.
In the process of membership can be achieved by the
following.

x<a
.‘;;o. a=x<h -
uix) = p—
; b=Z=x=c¢ I:> 0
0 x<c a b c
(a)
S L
1 xX<a 1
W =] 225 i< \ ‘
b—a o 0 g
0 x=h a b
(b)
0 X <a 1 _ ‘
Xx—a
u[x]={ b a ai—.\:Ebf’} o1 e
1 x=b '
a b |
(©)
Fig. 2. Three membership functions.
The first condition is the user-defined support

approximately 0.8, the word "approximately" (approximately
only), it means the function must be a triangulation
membership function (For example we used information
from the Table I). The values of the variables a, b and ¢ from
the triangulation membership function they are meaning, the
variable a is the minimum value of data, it is 0.1 but to
increase the flexibility of the results, in this research will be
decreasing the minimum value with minus 0.05 for increase
the chances to discover the association rule with the
minimum support, therefore the new minimum value is 0.05,
the value of the variable b is 0.8 because user-defined and the
neighboring of this value is the most important than the other
values, the variable ¢ is the maximum value of data, but to
increase the flexibility of the results, in this research will be
increasing of the maximum value to add 0.05 to increase the
chances to discover the association rule with the maximum
support, the new value of variable ¢ is 1.05. And then we
concluded the value of variables that showed in the Table Il
and instead support value of each association rule into an
equation (Fig. 2 a), after that the results showed in the Table
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IV (notice: u,(X) From the Table IV if there have variables

which has value more than 1 then we will be decreased itto 1,
such as there has one variable it has membership value is 1.05
that is more than 1 then we will be decreased it to 1.00).

The second condition is the user-defined confidence
approximately more than 0.7, it means the function must be
an L membership function because the word "approximately
more than", and this function composed two variables a and b
are meaning, the variable a is the minimum value of data, the
value of the variable b is 0.7 because same the reason variable
b in triangulation membership function, And then We are
concluding the value of variables in the Table 11l and instead
confidence of each association rule into an equation (Fig. 2
c), the results showed in the Table V. In this research does
not explain the R membership function because its method is
similar to the L membership function.

TABLE Il: THE VALUES OF TRIANGULATION MEMBERSHIP FUNCTION

Variable Support
a 0.05
b 0.8
c 1.05

TABLE IlI: THE VALUES OF L MEMBERSHIP FUNCTION

Variable Confidence
a 0.4
b 0.7

TABLE IV: THE RESULTS OF L MEMBERSHIP FUNCTION
AND TRIANGULATION MEMBERSHIP FUNCTION

Support H“a(X) Confidence g (X)
0.1 0.06 0.4 0
0.2 0.2 0.44 0.13
0.3 0.33 0.45 0.16
0.48 0.57 0.56 0.53
0.5 0.6 0.58 0.6
0.6 0.73 0.59 0.63
0.79 10651.0 0.62 0.73
0.83 0.88 0.75 1
0.9 0.6 0.76 1

1 0.2 0.8 1

TABLE V: THE SCORES OF EACH ASSOCIATION RULE.

z
o

Hp(por) (X)

0
0.13
0.16
0.53

0.6
0.63
0.73
0.88

0.6

0.2

© 00 N o o b~ W NP

=
o

D. Computation Score to Rank
This step is the final step to compute the scoring of
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association rules for select and rank them. Which association
rules are selected there score of them must be more than a
scoring of user-defined, and in this research we defined the
scoring is 0.6. And then we rank the association rules which
any association rules have a score more than other rules, they
will be ranked in the first order. The computation score with
this method, if the user selects the term connected by "and" is
used an equation (6), but if the user selects the term
connected by "or" is used in equation (7). And then sort the
association rules with the scores.

/’l(AandB)(X) =min[z, (X), 15 (X)] (6)

;u(AorB)(X) =max[ z, (X), 115 (X)] (7)

From the example 4 with the condition is "and", which can
be calculated from the Table 1V instead into Equation (6), the
results are shown in the Table V and then we selected the
association rules with the scoring more than 0.6 the results
are No.6, 7, 8 and then we ranked them which any association
rules that have a score more than other rules, they will be
ranked in the first order, therefore the results are No.8, 7, 6
respectively.

IV. EXPERIMENT

This research used data from a random support and
confidence (the values are 0.01 to 1.00) to 10k, 50k, 100k and
150k records to test performance of fuzzy searching and to
compare non-fuzzy (normal) searching with the various
conditions. And the scoring of user-defined in fuzzy
searching association rules we defined it to be greater than
0.8. The results are shown in the Table V1.

It can be noticed from the results (Table VI) that the
condition can be reduced the number of association rules
very much. In particular, the conditions “s = 0.52 and ¢ =0.
52” because condition “and” to find the minimum value of
membership functions, which most association rules do not a
predetermined threshold. Therefore, the association rules that
have more quality. But the condition “s <= 0.52” and
condition “s >= 0.52” to give similar results because the
association rule where the member is 1 will be support begin
at the 0.52 (Middle), lead to a similar number of association
rules but the most association rules are differently.

TABLE VI: THE RESULTS FROM 5 CONDITIONS OF THE FUZZY SEARCHING

Constraint 10k 50k 100k 150k

s=0.52 2,175 11,042 22,002 32,956

s <=0.52 6,132 30,613 61,002 91,516

s>=0.52 6,043 30,431 61,231 91,440

s=0.52 and 468 2,422 4,845 7,225
c=052

s=0.520r 3,876 19,596 39,200 58,743
c=0.52

By the words from Table VI.
symbols.

“Approximately” represented by “="

“Approximately less than” represented by “>="

“Approximately more than” represented by “<="

“Support” represented by “s”

Represented by these
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“Confidence” represented by “c”

TABLE VII: THE RESULTS FROM 5 CONDITIONS OF THE NON-FuzzY

SEARCHING
Constraint 10k 50k 100k 150k
s=0.52 103 490 144 1,485
s<=0.52 4,906 25,011 75,332 75,016
s >=0.52 5,197 25,479 76,113 76,469
s=0.52 and 0 0 3 5
c=0.52
s=0.52 or 209 992 285 2,988
c=0.52
ma® mifuzzy =—e= non-fuzzy
10,000
5,000 RN, el

. o———0,
+* @
A B C D E

Fig. 3. Fuzzy searching Vs. non-fuzzy (10K).

DATA=50K

PR URERS 77y == non—fuzzy

40,000 |
@ruiEy g
. »
20,000 RS X S
./ o“
0 o st——oe
A B C D E
Fig. 4. Fuzzy searching Vs. non-fuzzy (50K).
DATA=100K
mweImify zZy —— non-fuzzv
100,000
50,000
.
..' “0
0 L] ."‘—. ®
A B C D E
Fig. 5. Fuzzy searching Vs. non-fuzzy (100K).
DATA=150K
mmmsmi fyzz === non
150,000
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*> o :“.
50,000 o’ \ °
4 *
0 L clJ———' ]
A B C D E

Fig. 6. Fuzzy searching Vs. non-fuzzy (150K).
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This results of non-fuzzy (Table VII) is decreased more
than fuzzy searching in all cases (Fig. 3 to Fig. 6 Note: the
symbols in graphs they mean A: s =0.52,B:s>=0.52,C: s =
0.52 and ¢ =0.52, D: s=0.52 or ¢ = 0.52), in condition “s <=
0.52” and condition “s >= 0.52” to give a little different form
fuzzy searching, and conditions “s = 0.52 and ¢ = 0.52” and
conditions “s = 0.52 or ¢ = 0.52” have decreased by almost of
10x. From fuzzy searching, but the condition “s = 0.52 and ¢
= 0.52” do not give the results in data 10k and 50k because
don’t have association rules are supported = 0.52 and
confidence = 0.52, but the fuzzy searching can give the
results, such as the association rules have support = 0.51 and
confidence = 0.53, support = 0.52 and confidence = 0.53, etc.

Therefore to search the association rule for match the
users-requirement should be using non-fuzzy searching, but
in some cases this approach cannot provide an answer.
However, from that problem should be using the method are
flexible and able to give an answer that is close to the most
users-requirement this method is fuzzy searching.

V. CONCLUSION AND FUTURE WORK

This research proposed methods to search association rules
with fuzzy technique from interestingness measures are the
support and the confidence. The fuzzy searching are flexible
and able to give an answer in some case that is close to the
most users-requirement while the non-fuzzy searching do
not. In particular, the use of condition “and” can find the rules
on stricter conditions than the other conditions then the
results are quite similar to the requirements. The conditions
“Approximately less than” and “Approximately more than”
they give the more results because they are quite flexible
conditions. And other conditions the results will be good
quality. For future work, we will use this technique to
incorporate weight in the association rule discovery with
constraint logic to optimize the number of association rules.
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Abstract

Data classification mining is a method to find data
generalization in a form of rules then used these rules to
predict some unknown value in the future data. But in
actual applications, the rules may be of low accuracy and
the number of rules may be so overwhelmed that users
could not efficiently apply them. Therefore, this research
proposes the development of data classification algorithm
with compact fuzzy association rules to optimize accuracy
and interpretability of the model. To evaluate the
performance of the proposed method, this research will
compare accuracy of the classification model and the
number of rules against 9 different data classification
algorithms. The results showed that our CCFAR algorithm
is comparable in terms of accuracy. When considering both
accuracy and size of model, our algorithm is the best one.

Keywords: Data Classification, Associative Classification,
Fuzzy Classification Association Rule, Fuzzy Set.

1. Introduction

Data classification technique is one of a data mining
widely used to predict the future data by inducing the
model from sophisticated data. For instance, in a medical
science the model is used to predict a patient who is risky
of having a breast cancer . In a commercial bank, the
model is used to screen credit requests and evaluate the
credit rating of consumer. For its potential benefits, many
researches have long been concentrating on improving the
efficiency of data classification by proposing algorithms
like C4.5® and OneR®.

DOI: 10.12792/iciae2015.010
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But these algorithms have a low predictive accuracy.
Therefore, Liu and Ma® proposed a new method call the
"associative classification” which is a combination between
the association rule mining technique and the data
classification technique. Their proposed algorithm was
called the Classification based on Association Rules (CBA).
The CBA has been tested its predictive performance by
comparing with the C4.5, and it turns out that has high
accuracy than C4.5 algorithm. This CBA has drawn
attention from many researches to develop algorithm based
on associative classification technique, such as GARC®
algorithm, OAC® algorithm, and many more. However, the
inherent problem of associative classification is that the
association process can handle only symbolic and binary
values. It cannot process continuous values. To solve this
problem, we propose to use a fuzzy set to transform the
continuous value to the degree of membership™.

In this paper, we present the idea and the development
of an algorithm called data classification with compact
fuzzy association rules (CCFAR). Our main focus is to
optimize both an accuracy and interpretability of the model.
In addition, we applied the concept of OneR® algorithm to
select the best rules and reduce the number of rules in the
final result.

2. Related Works

Classification task is the mainstream of many
researches are concentrating on developing algorithms for
increasing the accuracy and reducing the number of rules.
We can summarize the researches that are related to our
works into 3 groups, that are group of data classification,
group of associative classification, and group of fuzzy

© 2015 The Institute of Industrial Applications Engineers, Japan.



associative classification. The details of 3 groups are as
follows:

Firstly, the group of data classification is the initiative
concept of data mining to classify target variable with some
related features. Examples of this group are as follows:

- Quinlan® proposed C4.5 algorithm which is well
known in the classification because the algorithm is able to
process quickly and the model is easily understandable. The
main concept of this algorithm is the use of heuristic search
to construct a decision tree and prune tree.

- Cohen® proposed an algorithm called RIPPER
(Repeated Incremental Pruning to Produce Error
Reduction) developed from the IREP* algorithm by the
principle of growing and pruning techniques to select the
low error rate rules.

- Holte® proposed an algorithm named OneR or
One-Attribute Rule, which is an algorithm that
easy-to-understand algorithm and the model is a compact
set of rules. OneR is simple because it select a single
attribute with the fewest error to build the model.

Secondly, the group of associative classification uses
the association mining to build the association rules, then
using many techniques of data classification to make
association rules appropriate for classification. Examples of
this group are as follows:

- Liu and Ma® proposed CBA algorithm, which
produced is a high accuracy for the data classification. The
CBA composed of 2 steps: to build the model with
CBA-RG (to create the association rules), and CBA-CB (to
make association rules for classification by selecting the
low error rate rules).

- Chen and Zhang® proposed an algorithm called
GARC (Gain Based Association Rule Classification) with a
efficacy in classifying data used the model is a compact.
Because of the GARC was using the information gain
threshold to create frequent item-sets and then it used
redundant and conflictive techniques to build the class
association rules.

- Hu and Li® proposed an algorithm named OAC
(Optimal Association Classifier) with a good efficacy in
classifying data. The principle of OAC was to generate
association rules by using the constraint of apriori®®
algorithm, then it selected the class association rules by the
method call OCARM (Optimal Class Association Rule
Mining“).

Finally, the group of fuzzy associative classification
uses the fuzzy set to controll the continuous value in the
association rule mining processing. Examples of this group
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are as follows:

- Pach et al. ” proposed an algorithm called CFARC
(Compact Fuzzy Association Rule-Based Classifier) to
resolve the problem of how to define the minimum support
and minimum confidence in association rule mining by
applying fuzzy correlation threshold. In their experimental
results, they showed a good accuracy and a compact set of
model.

Chen® proposed an algorithm named CFAR
(Classification with Fuzzy Association Rules). It generated
rules by using the apriori algorithm, then it selected the
rules that have highest confidence value and deleted
remaining rules with lowest confidence value.

- Huhn and Hullermeier™ proposed an algorithm
called FURIA (An Algorithm For Unordered Fuzzy Rule)
based on the Ripper algorithm. But the FURIA used
unordered rule set to reduce bias of the target class and it
used stretching technique to obtain the generalized rules.

3. Preliminaries

In this section, we introduce the basic definitions of
fuzzy sets, fuzzy association rules and fuzzy associative
classification rules.

3.1  Fuzzy Sets

Fuzzy sets are sets that cannot explain something
clearly. For example, an explanation of the people who are
very tall, someone say that the people who are 180 cm. high
are very tall, but others may say that the people who are
185 cm. high are very tall. So, we can see from this
example that it is impossible to tell exactly regarding who
is very tall. Therefore, to solve such problem Zadeh™
proposed the concepts of fuzzy sets to explain something
that is not clear with the degree of membership function
(rang value of the degree is [0, 1]). For instance, the people
who are 180 cm. high; they are medium tall at the degree of
0.7 and very tall at the degree of 0.3. The people who are
185 cm high, they are medium tall at the degree of 0.1 and
very tall at the degree of 0.9. From this example, we can see
the people who are 180 cm. high and 185 cm. high would
be moderately tall and very tall, respectively with the
different degrees.

Therefore, this research applied the concept of fuzzy
sets to explain the continuous value of numeric data. We
used fuzzy partitions with fuzzy c-means (FCM“Y)
algorithm.



3.1.1 Fuzzy partitions

In this section, we present the important step of our
CCFAR algorithming for transform the continuous value
(Fig. 1 a) to partitions with the FCM algorithm. The FCM is
used to indicate the degree of membership in a set with the
value ranging from 0 to 1 (Fig. 1 c), which is different from
the k-means algorithm that indicates the degree of
membership in a set with the discrete value (Fig. 1 b).

The processes of FCM are composed four main steps.

1) Initialize Cand

2) Calculate the center vectors by Eq.(1)

Cj(t) = X Hij (t)mxi/Z}\jI P-ij(t)m @)

3) Compute and update membership of data by Eq.(2)

[1%— 5|y s
Hij(t+1)m =1/¥¢ ,((—)mD

[1xi=cxl|

)

4) If O™ — ;O™ < g then STOP; otherwise

repeat step 2.

Where x; is data vector, m is fuzziness that can be any
real number equals or greater than 1, i; is the degree of
membership of x; to be in the cluster j, N is data for

clustering, C is number of clusters and ¢; is center of
cluster j.
> x
(SIS IS0 6 U I | @ @I ID D
(a) Continuous Values
m {membership function)
A
1
0 L
[F I I TS 1S T ) I L QRN QS 1% JEW TS e |
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(b) Set partitioning with k-means
m (membership function)
A i
1 4
0.15
0 » X

(c) Set partitioning with FCM

Fig. 1. The membership functions of k-means and FCM.
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3.2 Fuzzy Association Rule

Association rule is originally an analysis of customer
purchases (also called Market Basket Analysis) by storing
the items in the basket of the customer into transaction.
Then, it analyzed these transactions to discover the
association rules. The association rules are expressions of
the type X — Y, where X and Y are sets of items. This
means that if customers buy item X, then customers buy
item Y together. But the processing of the association rule
mining is unable to handle the continuous value (Table 1).
So, we used fuzzy set to convert the continuous value into a
degree of belonging to a set. For example, the Table 2
shows the degree of attribute age associated with linguistic
values low, medium and high.

In recent years, many researches have proposed
methods to mining fuzzy association rules from continuous
value™® . The processing of fuzzy association rules are
composed of 2 steps. First step, create frequent Item-sets by
counting item-sets that have fuzzy support (Eq.3) higher
than the minimum fuzzy support. Second step, create fuzzy
association rules from frequent item-sets that have fuzzy
confidence (Eqg.4) higher than the minimum fuzzy

confidence.
Z¥=1 H<zi:Aij>e<Z:A> tx(z;)
FS(<Z:A>) = N @)
FS(<X:A>U<Y:B>)
FC(<X:A> — <Y:B>) = (4)

FS(<X:A>)

Let <Z: A> be a fuzzy item-set denoted as <Z: A> =
[<zi1:Ajj > U <zjp:Aj; > U ..U <Ziq:Aiq,j>]x where
g<n+1,z Iis an attribute, such as Age, Income and
Balance, Aj;; is afuzzy interval, such as Low, Medium and
High, t, is a transaction, and N is the number of
transactions.

Table 1. The example of data.
Age
18
20
19
24

25

Id

OB [W|IN|[F




Table 2. The degrees of attribute age with FCM algorithm.

Id Age
Age =Low | Age = Medium Age = High
1 0.9863 0.0127 0.0010
2 0.0119 0.9862 0.0019
3 0.4996 0.4900 0.0104
4 0.0074 0.0141 0.9785
5 0.0053 0.0090 0.9857
3.3 Fuzzy Associative Classification Rule

Fuzzy associative classification rule and Fuzzy
association rule are similar techniques in terms of
processing steps, but they differ at consequent part of rule.
The fuzzy associative classification rule must contain only
one class label at consequent part of rule (C = {Cy,.., Cy}).
Therefore, the fuzzy confidence of fuzzy associative
classification rule can be defined as follows:

Thoy H<Ziyck:Ai‘Ck'j>e<Z:A> tk(zicy)

FS(<Z:A>) = <

®)

FS(<X:A>U<Y:C>)
FS(<X:A>)

FC(<X:A> — <Y:C>) = (6)

4. Our Proposed Methodology: CCFAR

In this section, we described our algorithm that has
been named data classification algorithm with compact
fuzzy association rules (CCFAR) to obtain the fuzzy
associative classification rules with optimum combination
of accuracy and interpretability of the model. Our
methodology is composed of five steps (Fig 2).

1) Data Screening: The data characteristic of CCFAR
must be numeric data because of the transformation of
fuzzy set that will convert numeric data only. At current
stage, our algorithm assumes that there is no missing value
in the data.

2) Data Partitioning: ~ This step is transforming the
numeric data to fuzzy intervals or fuzzy sets. In the CCFAR
algorithm, we used FCM to make the transformation
because of it easy-to-understand property and high
performance. As an example, we used the data from Table
1 and we defined fuzzy intervals to be 3 partitions; the
results were represented in table 2.
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Data Screening

Y

Data
Partitioning

JL

Frequent Fuzzy
Item-sets Searching

U
( FCARs
Generation
2%
—
FCARs Selection |:> FCARs

_/

Fig. 2. The development of data classification algorithm

with compact fuzzy association rules.

3) Frequent Fuzzy Item-Sets Searching: The fuzzy
frequent item-sets are fuzzy item-sets that have fuzzy
support more than minimum fuzzy support (y). At this step,
the process are the same as CFARC" algorithm (Fig. 3).

4) Fuzzy classification association rule (FCARS)
generation: This step is similar to the CFARC'” algorithm
(Fig. 4), but it differed in the computation of score values of
all rules. In this research we computed score values of all
rules by using our new metric as shown in Eq.9 fuzzy
correlation (Eq.7), fuzzy confidence (Eq.6) and firing
strength() (Eq.8). The intuitive idea is that we need a high
correlated, high confidence, as well as high support rules.

FCORR (<X: A> — <Y:C>) =
FS(<X:A>U<Y:C>)—-FS(<X:A>)xFS(<Y:C>)

JFS(<X:A>)x(1-FS(<X:A>))xFS(<Y:C>)X(1-FS(<Y:C>)) ()
B(<X: A> - <Y:C>) =

lejzl H<Zi:Ai‘j>E<Z:A> tk(Zi) (8)

SCORE = FCORR X FC x Firing_strength(f3) 9)



Frequent fuzzy item set searching (an Apriori fuzzy
implementation)
Input: DF fuzzy data
Output: the set of frequent fuzzy item set
Method:

1. Determine the supports of the classes by the
distribution of classes;

2. Set the minimal fuzzy support (y) to the half of
the minimum frequency of classes;

3. Generate the 1- candidate fuzzy items;

4. Calculate FS values then select the frequent fuzzy
items from the 1- candidate which has FS >y, and n =2,

5. While there exist some n-1 size frequent item
sets: Generate the n-size candidate sets from n-1 size
frequents (and 1-size frequents);

Fig. 3. The frequent fuzzy item set searching'”.

Fuzzy classification association rule generation
Input: a set of frequent fuzzy item sets

Output: positive correlated FCARs separated by size
Method:

1. Generate association rules with class label
consequent from all the frequent item sets to consider
the size of item sets

2. Calculate the Score values of all the rules;

3. Select rules with positive SCORE value for all
size;

Fig. 4. The fuzzy classification association rule generation”

5) Fuzzy Classification Association Rule  Selection:
This step is selecting the FCARs to be used in the data
prediction. It’s composing of 4 parts as follows (Fig.5):

- Frist part: The rules that have the same class label
and the same size will be grouped together. After that, this
algorithm will select rule with the highest SCORE from
each group.

- Second part: The rules with the highest SCORE in
each group will be counted the frequency of attributes in
antecedent of rule. For example:

From Table 3, the frequency of attribute Age is 5 (No.
1, 2, 3, 4 and 5), attribute Inc is 3 (No. 3, 5 and 6) and
attribute Bal is 1 (No. 2). Thus, the highest frequent
attribute is the attribute Age. *If frequencies of attributes
are equal, attributes will be randomly selected.
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Fuzzy classification association rule selection
Input: a set of FCARs

Output: the Compact FCARS

Method:

1. Select rules with the highest SCORE for each
class in each size of the rules;

2. Find maximum frequent attribute from step 1
then select OneR;

3. Select highest SCORE and shortest rule from a
set of FCARs with OneR. (If a set of FCARs does not
have a set of OneR then create new rule);

4. Remove redundancy rules by select the shortest
rule;

Fig. 5. The fuzzy classification association rule selection.

- Third part: A set of FCARs with the highest SCORE
and shortest rule from each fuzzy interval is selected. For
examples, the rules from Table 3 that contain attribute Age
(the highest frequency) are No.1, 2, 3, 4 and 5. After that, it
selects the FCARs from the rules No. 1-5 with the highest
SCORE and the shortest rule, which are rule No. 1(Shortest
rule of Age = high), 2 (Highest SCORE of Age = high), and
4 (highest SCORE and shortest rule of Age = medium). But
this selection is incomplete became the rule that contains
Age = low is missing. Therefore, this algorithm will create
new rule that contains Age = low with don’t cared support
and SCORE values, such as:

Rule 1: Age = low — yes, SCORE =-0.12

Rule 2: Age = low — no, SCORE = 0.12

In this algorithm, the Rule 2 will be selected because
it has positive SCORE value. Thus, we can conclude the
results as follows:

1. Age = high — yes

2. Age = high and Bal = low — no

3. Age = medium — no

4. Age=low — no

- Fourth part: we will remove rules that are superset in
antecedent part (left-hand-side) with the same class as other
rules. For instance,

Rule 1: Age = low — yes,
Rule 2: Age = low and Bal = high — yes

From example, we removed the Rule 2 because of it is

superset in antecedent part and has same class of Rule 1.



Table 3. The FCARs with SCORE.

No. FCARs SCORE
1 Age = high — yes 1.2725
2 Age = high and Bal = low — no 1.9225
3 Age = high and Inc = me — no 1.1619
4 Age = medium — no 1.2608
5 Age = medium, Inc = high — no 0.8432
6 Inc = high — yes 1.1232

Table 4. Data sets.
Data Set Size # Attribute # Class
Iris 150 4 3
Heart 270 13 2
Pima 768 8 2

5. Experimentation and Results

In this section, we evaluated our CCFAR algorithm
using three measurements accuracy: Acc (Eq.10), number
of the models (Compact Value: CV) that we normalized it
to be the Normalization of Compact Value: NCV (Eq.11),
and the combination of Acc and NCV in which we call
Suitable_Rule: SR (Eq.12). Our algorithm was tested on
three different data sets and compared with nine different

algorithms. These algorithms are grouped as: data
classification, associative classification and fuzzy
associative classification. The nine algorithms are namely
C4.5, RIPPER, OneR, CBA, GARC, OAC, FURIA, CFAR,
and CFARC. The data are taken from the UC Irvine
Machine Learning Repository, namely Iris, Heart, and Pima
(details shown in Table 4). The classification performances
of all algorithms were measured by ten-fold cross
validation.

TP+TN

A =
ce TP + TN + FP + FN

(10)

Where TP is the number of true positive examples, FP
is the number of false positive examples, TN is the number
of true negative examples and FN is the number of false
negative examples.

_ Avg(CV)max—Avg(CV)aL

NCV L = e V) max—AVE(CV)min (1)
Avg(Acc)aL+NCV ar,
SRy, = , (12)

Let Avg(CV) is an average of compact value, AL is
an Algorithm.

Table 5. The Accuracy (Acc) of classification of CCFAR algorithm and other algorithms.

CLASS AC FCAR

Data

Set RIP FU CFA

C45 OneR CBA GARC OAC CFAR CCFAR*
PER RIA RC

Iris 0.933 0.933 0.940 0.929 0.960 0.940 0.947 0.913 0.959 0.960
Heart 0.770 0.822 0.729 0.815 0.880 0.811 0.797 - 0.774 0.781
Pima 0.734 0.747 0.724 0.724 0.762 0.781 0.747 0.651 0.729 0.747

Avg(Acc) 0.812 0.834 0.797 0.822 0.867 0.844 0.830 0.782 0.820 0.828

Rank. 8 3 9 6 1 2 5 10 7 4

Table 6. The number of classification rules (Compact Value) of CCFAR algorithm and other algorithms.

CLASS AC FCAR
Data
Set RIP FU CFA
C45 OneR CBA GARC OAC CFAR CCFAR*
PER RIA RC
Iris 4.9 3.6 3.0 5.0 7.0 9.0 4.4 9.1 3 3
Heart 17.4 4.1 2.0 52.0 12.0 157.0 8.4 - 2.7 3
Pima 20.3 41 7.8 45.0 6.0 112.0 8.5 2.0 2 4
Avg(CV) 14.2 3.9 4.2 34 8.3 92.6 7.1 5.5 2.6 3.3
NCV 0.86 0.983 0.980 0.64 0.93 0 0.94 0.96 0.99
Rank. 8 3 4 9 7 10 6 5 2
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Table 7. The complete rules of CCFAR algorithm and other algorithms.

CLASS AC FCAR
Data
Set RIP FU CFA
C45 OneR CBA GARC OAC CFAR CCFAR*
PER RIA RC
SR 0.840 0.908 0.888 0.735 0.900 0.422 0.889 0.873 0.9100 0.9104
Rank. 8 3 6 9 4 10 5 7 2 1

The results in Tables 5-7 were summarized and
discussed as follows:

- Table 5 shows the accuracy of classification of
CCFAR algorithm compared to the 9 algorithms. The
symbol “-” means no available published result. GARC
algorithm shows the highest accuracy (0.867) in all dataset
and it has been ranked number 1 in the comparison among
classifier data from 10 algorithms. Our proposed CCFAR
algorithm was ranked number 4 (0.828) in classification
accuracy.

- Table 6 represents the number of classification rules
of CCFAR algorithm and the other 9 algorithms. The
measure NCV is a normalization of the compact values
computed as in Eg.8. The CFARC algorithm gives the
smallest number of rules (2.6) comparing from 10
algorithms. Our CCFAR algorithm was ranked number 2
with average number of rules equals (3.3).

- From table 7, we showed the combination of accuracy
and normalization of compact value which is called the SR
values of CCFAR algorithm and other nine algorithms. We
can see that the best SR is our presented method CCFAR
(0.9104). It means our algorithm is a good classifier in
terms of both accuracy and good compact of fuzzy
associative classification rules considered all together.

6. Conclusions

This paper proposes the development of data
classification algorithm with compact fuzzy association
rules called (CCFAR) to optimize both an accuracy and
interpretability of the classification model. To evaluate the
performance of the proposed method, our algorithm was
tested on three different data sets and compared the results
with the other nine different algorithms. The results showed
that our proposed CCFAR algorithm was ranked number 3
based on accuracy of classification, and it was ranked
number 2 based on the smallest number of rules. CCFAR is
the best algorithm when we combine accuracy and compact
value together.
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Abstract

Data mining can identify patterns of data, find
relationships within the data to predict the outcome or predict
future data trends. Association rule mining is part of data
mining and it has been applied in many fields. The
performance of association rule mining depends on the
support and confidence measures. In this research, we
perform a comparative of number of rules that is affected
form different kinds of measures. We propose the idea of
using a combination of measures (such as
support*confidence, confidence*lift) instead of considering
only support value or confidence. The main objective is to
reduce the number of rules in the process of fuzzy association
rule mining, in which a compact rule set is important to the
real application of the fuzzy system. The experimental
results reveal that our idea of combining multiple measures
for fuzzy association rule mining can significantly reduce the
number of association rules.

Keywords: Data mining, Association Rule, Fuzzy
Association rule mining, Measure for Association Rules.

1. Introduction

At present, data mining has been very popular because
it helps extract, search, predict, and many other knowledge-
intensive tasks. Usefulness is from employing existing data
to predict future trends in data, extracting patterns of the data,
and finding the relationship within the data group. These
benefits make data mining been widely applied. In medicine,
it is used in the data analysis of the patient to see a trend
whether or not the patient is likely to be ill from a disease.
The business side also uses data mining to analyze the buying
patterns of consumers.

DOI: 10.12792/iciae2015.050
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Data mining techniques can be practiced in various ways.
The technology that has been adopted widely is association
rule mining in relation to the incident and bring those things
that occur together to create the association rules.

Finding association rules was proposed by Agrawal® to
be used in data mining. To find efficiently association rules
a criterion for calculating the support of rule is necessary. A
confidence criterion is also needed to reduce the number of
rules.

The most relevant research to ours is to reduce the
number of rules in different ways, such as the work of F. P
Pach et al.®. They proposed the concept to reduce the
number of fuzzy association rules with pruning technique,
which makes the association rules smaller in their size. The
research of M. M. Ballesteros et al.®) aimed to improve the
algorithm and they compared the fitness function obtained
from the various developed algorithms as well as there is
quite a few the traditional algorithm. However, research
work that compares the number of rules based on different
measures, especially a multi-criteria measure. Therefore, we
propose this research that was performed to compare the
number of rules for different measures and also apply more
than one measures to reduce the number of discovered
association rules.

2. Background

2.1  Association Rule Mining

Association rule mining is a process that gained much
popularity in data mining. The process to find relationships
that hidden in a dataset can be explained with the following
example.

From Table 1 which is a set of ten transactions, the

© 2015 The Institute of Industrial Applications Engineers, Japan.



frequency of the purchases for each product type in
association to other products are shown in table 2.

From Table 2, one can create an instance of the
relationships that can be represented as “if antecedent then
consequence” (or “antecedent = consequence”) as follows:

If customer buy milk, then they also buy bread.

If customer buy beer, then they also buy potatoes.

If customer buy bean, then they also buy potatoes.

Table 1 Transactional database of customer’s purchases.

Transaction ID Item

1

Milk, Bread, Butter, Water
Milk, Bread, Cola

Beer, Bean, Potatoes
Milk, Bread, Water

Water, Cola, Beer

Milk, Butter, Potatoes

Cola, Potatoes, Bean
Milk, Bread
Milk, Bread, Potatoes

2
3
4
5
6
7
8
9

10 Beer, Bean, Potatoes

Table 2 Frequency of each combination of two product
types.

Mil Brea Butte | Wate Col Bee Bea Potatoe
k d r r a r n S

Milk 6* 5 2 2 0 0 0 2
Bread 5 5* 1 2 1 0 0 0
Butter 2 1 1* 1 0 0 0 1
Water 2 2 1 3* 1 1 0 0
Cola 0 1 0 1 3* 1 1 1
Beer 0 0 0 1 1 3* 2 2
Bean 0 0 0 0 1 2 3* 3
Potatoe 2 0 1 0 1 2 3 4*
s

*Purchases counted as one-item frequency.

Table 3 Measures for finding support of rules.

Measure Equation Range
support(X) n(X)/N [0,1]
support(X=Y) n(XNY)/N [0,1]
confidence(X=Y) support(X=Y ) /support(X) [0,1]
lift(X=Y)® support(X=Y) / (support(X) * support(Y)) [0,00]
conviction(X=Y)® (1 - support(Y)) / (1 - confidence(X=Y)) [0,00]
gain(X=Y)® confidence(X=Y) — support(Y) [-0.51]
leverage(X=Y)? support(X=Y) — (support(X) * support(Y)) [-0.25,0.25]
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2.2  Different Measures of Association Rule Mining

(a) Support measure
Support measure is frequency of each purchased item.
This measure supports usefulness of association rules. The
higher the frequent that association occur. The boundary of
support measure ranges between 0 to 1 and can be computed
as in the following equation:

€]

support(X =Y) = hxav)

where:
n(XNY) is the number of time that the item X
happened together with Y in the same transaction.

N is the total number of transaction.

Example 1: finding the value of support of rule with the
support measure.

From Table 1 when using the support measure to find
the value of support of rule that customers buy milk and also
buy bread, the computation is as follows:

support(milk = bread) = 15—0 =0.5

That means the value of support of rule “if milk then

bread” is 0.5, or 50% of the whole transactions.

(b) Confidence measure
Confidence measure is the measure to indicate the
reliability of the rule. The boundary of confidence measure
is between 0 to 1 and can be computed as follows:
support(X = Y)

confidence(X =Y) = support(X)

@

where:
support(X=Y) is the frequency that both items X
and Y occur in the same transaction,
support(X) is the support that X has happened
counted from all transactions.
Example 2: finding the value of confidence of rule with
the confidence measure.
From Table 1 when using the confidence measure to find
the value of confidence of rule that customers buy milk and
also buy bread, the computation is as follows:

0.5
confidence(milk = bread) = 06 0.833

That means the value of confidence of rule that if milk
is bought then bread also be bought is 0.833, or 83% of
confidence.



(c) Lift measure
Lift measure has its boundary of value between 0 to
infinity. If the value is less than 1, it means that X and Y are
related in a negative way. If a value equal 1, it means that X
and Y are independent. If a value is greater than 1, it indicates
that X and Y are correlated in a positive way. The
computation is shown in the following equation:

support(X = Y)

liftx =) = support(X) * support(Y)

®3)

where:
support(X=Y) is the frequency that X and Y
occur in the same transaction,
support(X) is the support that X happened against
all transactions,
support(Y) is the support that Y happened against
all transactions.

Example 3: finding the value of lift of rule with the lift
measure.

From Table 1 when using the lift measure to find the
lifted confidence that customers who buy milk also buy
bread, the lift value computation can be illustrated as
follows:

lift(milk = bread) = = 1.667

0.6 x 0.5
That means the value of lift of rule milk = bread is
1.667; that is, milk and bread have a positive relationship.

(d) Conviction measure

Conviction measure has its boundary value between 0 to
infinity. If the value is less than 1, it means that X and Y are
related in a negative way. If a value equal 1, it means that X
and Y are independent. If a value is greater than 1, itindicates
that X and Y are correlated in a positive way. The conviction
measure can be computed as in the following equation:

(1 — support(Y))
(1 — confidence(X = Y))

(4)

conviction(X =Y) =

where:
support(Y) is the support value that Y happened
against all transactions,
confidence(X=Y) is the reliability of the X and Y
co-occurring in the same transaction.
Example 4: finding the value of conviction of rule with
the conviction measure.
From Table 1 when using the conviction measure to find
the conviction of rules that customers who buy milk also buy
bread, the computation is as follows:
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(1-0.5)
(1-0833)
That means the conviction of rule that if milk is bought
then bread is also bought is 2.99. That means milk and bread
have a positive relationship.

conviction(milk = bread) = = 2.99

(e) Gain measure
Gain measure is a measure that is used to compute added
value or change of rules. The boundary of gain measure is
between -0.5 to 1. Its computation is as follows:

gain(X = Y) = confidence(X = Y) — support(Y) (5)

where:
support(Y) is the support that Y happened against
all transactions,
confidence(X=Y) is the reliability of the X and Y
co-occurring in the same transaction.
Example 5: finding the gain value of rule with the gain
measure.
From Table 1 when using the gain measure to compute
usefulness of rules that customers who buy milk also buy
bread, the computation is as follows:

gain(milk = bread) = 0.833 — 0.5 = 0.333

That means the gain value of rule that if milk is bought
then bread is also bought is 0.333.

(f) Leverage measure
Leverage measure is a measure that indicates the
strength of the rule. If the leverage is less than 0, it means
that X and Y are related in a negative way. If the value is
equal to 0, it means that X and Y are independent, and any
value greater than O indicates that X and Y are positively
dependent. The computation is as follows:

leverage(X = Y) = support(X=Y)

—(Support(X) * Support(Y)) (6)

where:
support(X=Y) is the support that X and Y co-
occurring in the same transaction,
support(X) is the support that X happened against
all transactions,
support(Y) is the support that Y happened against
all transactions.



Example 6: finding the value of leverage of rule with the
leverage measure.

From Table 1 when using the leverage measure to
evaluate the rule milk = bread, the computation is as
follows:

leverage(milk = bread) = 0.5 — (0.6 * 0.5) = 0.2

That means the value of leverage of rule that if milk is
bought then bread is also bought is 0.2, which implies milk
and bread have a positive relationship.
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Figure 1 A research framework for comparing the effect of different measure for fuzzy

Frequent Fuzzy Item Set Generation

Input Fuzzy data
Output Frequencies item set
Method:

1. Define the support value by the distribution of each class.

2. Define the support value at least half the frequency of that class.

3. Create a representative.

4. Calculate the membership value after selecting the representative
group from steps 3 which must be worth the membership value.

Figure 2 Frequent fuzzy item set algorithm®

Input
Output
Method:

Fuzzy Association Rule Generation

Frequencies item set
Fuzzy association rules

1. Create association rules from all item set.

2. Calculated the correlation with the measure.

3. Select the association rules with the support of the rules more
than the minimum.

Figure 3 Fuzzy association rule-base generation algorithm®
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3. Methodology

Researchers have designed the process and findings of
the comparison of single measure and multi-measure for the
discovery of fuzzy association rules as show in Figure 1.

From figure 3 can explain the process of the research are
as follows:

- Input data partitions

In the process of the associative-based classification is
the partitioning of an attribute whose value is continuous. It
is a transformation of continuous values to be discrete
intervals based on the concept of fuzzy sets.

- Frequent fuzzy item set generation

At this process, we will search and count the frequency
of items and combination of items. These items are to be used
in the creation of rules, regardless of the support of the rule.
The procedure is shown in the Figure 2.

- Fuzzy association rule generation

In this process, we will create the rules that are screened
by different measures and will vary various minimum
support thresholds in order to create various final rule sets.
The procedure works as shown in figure 3.

4. Experimental Results

This study used Breast Cancer Wisconsin data that are
obtained from the UCI Machine Learning Repository. This
dataset has 699 instances with 10 attributes and a target
attribute of two classes. We used this data to find fuzzy
association rules with various single measures and different
combinations of two measures. The support of the rules has
been set to be 90%, 80%, 70% 60%, and 50%. The setting of
each measuring value is summarized and shown in Table 4.
The experimental results are shown in Tables 5-7.

The results shown in Table 5 are the comparison of
number of rules obtained from using different single measure
with the support of rules ranging from 90%, 80%, 70%, 60%,
and 50%. It can be seen that the each single measure gives a
number of fuzzy association rules different from the value in
each criteria. There are some measures of screening fuzzy
association rules that appeared to produce rules less than the
minimum support of the rule. We noticed that the number of
rules in each measure is not equal.

Table 4 Percentage value for each measure used in the experimentation compared with the boundary value for each measure.

50% 60% 70% 80% 90% 100%
support 0.5 0.6 0.7 0.8 0.9 1.0
confidence 0.5 0.6 0.7 0.8 0.9 1.0
lift 0.5 0.6 0.7 0.8 0.9 1.0
conviction 0.5 0.6 0.7 0.8 0.9 1.0
gain 0.475 0.58 0.685 0.79 0.895 1.0
leverage 0 0.05 0.1 0.15 0.2 0.25

Table 5 Number of rules and average values obtained of each single measure (SOR is minimum support of rule).

Measure
Support Confidence Gain Leverage Lift Conviction
SOR =90% | Number of Rules 0 105 0 0 252 21
Average 0 0.9392 0 0 1.327 2.0459
SOR =80% | Number of Rules 0 105 0 84 252 21
Average 0 0.9392 0 0.1657 1.327 2.0459
SOR =70% | Number of Rules 0 238 0 210 252 21
Average 0 0.8801 0 0.1487 1.327 2.0459
SOR =60% | Number of Rules 22 252 0 252 252 21
Average 0.6293 0.8680 0 0.1351 1.327 2.0459
SOR =50% | Number of Rules 252 252 0 252 252 21
Average 0.5651 0.8680 0 0.1351 1.327 2.0459
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Table 6 Number of rules and average values obtained from a combination of support and other five criteria (SOR is
minimum support of rule).

Measure

Support* Support* Support* Support* Support*

Confidence Gain Leverage Lift Conviction
SOR =70% Number of Rules 0 0 8 216 21
Average 0 0 0.1009 0.7630 1.2289
SOR = 60% Number of Rules 4 0 210 252 21
Average 0.625 0 0.0831 0.7479 1.2289
SOR =50% Number of Rules 108 0 252 252 21
Average 0.5356 0 0.0759 0.7479 1.2289

Table 7 Number of rules and average values obtained from a combination of confidence and other criteria (SOR is minimum

support of rule).

Measure
Confidence * Confidence * Confidence * Confidence * Confidence *
Support Gain Leverage Lift Conviction
SOR =70% Number of Rules 0 0 208 252 21
Average 0 0 0.1307 1.1537 1.4265
SOR = 60% Number of Rules 4 0 234 252 21
Average 0.6250 0 0.1236 1.1537 1.4265
SOR =50% Number of Rules 108 0 208 252 21
Average 0.5356 0 0.1180 1.1537 1.4265

When using more than one measures for determining the
number of fuzzy association rules, we set the support of the
rule from 70% were not able to give any rule.

It can be seen from Table 6 that a comparison in terms
of of number of rules obtained from using different 2
measures by using support measure as the main measure and
varying support of the rule from 70% down to 60% and 50%
can produce a small set of fuzzy association rules. Using
more than a single measure as the condition in the selection
of rules will result in less fuzzy association rules because the
support of rules when combined with other calculation
criteria results in the decrease of the rules that satisfy the
threshold.

When we use more than a single measure to screen rules
using the confidence as the main measure with the support
of the rule ranging from 70%, 60%, to 50%, the results are
shown as in Table 7.

It can be seen that the number of fuzzy association rules
by using confidence measure as the main measure is different
from using support measure as the main measure. Using the
confidence as the main measure can provide a slightly larger
number of fuzzy association rules than the use of support
measure as the main measure. This may be can see from the
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fact that confidence is a more relax criteria than the support
measure.

5. Conclusions

Association rule mining is one technique of data mining
that has been widely used in a number of applications. For
some numeric and continuous values, mining for association
rules cannot be applied directly because of the enormous
amount of possible values. Fuzzy set concept can be applied
to handle this situation and gives rise to the new sub-area
called fuzzy association rule mining. A small number of rules
given by the fuzzy association rule mining process is
important to the performance justification of the process. In
the work we propose the findings from our experimentation
that a combination of measures to select the final rule set
gives a better result than a single measure. Moreover, we
found that the two-measures such as support*lift and
confidence*leverage yield a reasonable set of fuzzy
association rules.
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Dissimilar Rule Mining and Ranking Technique
for Associative Classification

Phaichayon Kongchai*, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract—This research presents an associative classification
with dissimilar rules (ACDR) algorithm to discover association
rules with the highest priority and the top frequency. The
proposed algorithm has the abillity to reduce redundant rules
and to sort rules in decreasing order by their priorities. The
results are dissimilar rules that can be used to predict
information in the future. This algorithm can be applied as an
associative classification technique and then sorted the results
by interestingness measures. We develop the program with
Rstudio, which is a very popular software package in statistical
analysis and data mining. In the experimentation, we used the
post-operative patients dataset to evaluate efficiency of the
algorithm. The results confirm effectiveness of the ACDR
algorithm by discovering a minimal but powerful set of
association rules.

Index Terms—R Language, Association Rule, Algorithm
Apriori, Associative Classification

I. INTRODUCTION

ssociation rule mining is to find the relations among

data items from large database. The results can be used
to predict future information or explain current relation.
Apriori algorithm [1] is a popular method for association
rule mining. This algorithm was developed based on AIS
algorithm and focused on the pruning infrequent item sets.
Many open-sources software can be used to discover the
frequent patterns such as WEKA, which is software that can
import data into the program and the final results are
association rules, RapidMiner that has many tools for data
mining and users can use operator chaining technique for
mining with many algorithms in a single execution. But in
this research we select the Rstudio for mining association
rules because with this software, users can implement and
extend algorithm easier than WEKA and RapidMiner that
are Java implementation.

Rstudio is a suite of program environment to run the R
language program, which is commonly language used to
compute the statistics applications. This program
environment provides several types of graphical display and
has many libraries for discovering classification and
association rules. In this research, we use the library arules
because it can find the patterns with only a few lines of
code. Moreover, this library was designed to allow users to
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specify the mining for association rules with the constraints.
With the constraint mining feature, it was thus easier and
faster to find associative patterns with the proposed ACDR
(Associative  Classification  with  Dissimilar  Rules)
algorithm.

The main contribution of this research is proposing the
ACDR algorithm. It can be used to discover dissimilar rules
for classification. The algorithm has 5 main steps: searching
for association rules, categorizing rules into target
association rules and general association rules, classifying
rules into groups by their right-hand-side item (RHS),
analyzing with selected agent of each group, and sorting
rules.

The proposed algorithm works with any dataset, but for
the demonstration purpose, we apply the algorithm to the
post-operative patients dataset.

Il. RELATED WORK

This research aims to reduce the number of association
rules that are redundant and retain the remaining rules that
are important for predicting the future events. Kannan and
Bhaskaran [4] proposed algorithm for reducing redundant
rules by clustering association rules into many groups then
cut redundant rules by interestingness measures. Mutter et
al. [5] used CBA (Confidence-Based Association Rule
Mining) algorithm to reduce the number of association rules.
They ranked rules by confidence values then output rules for
top hundred association patterns. Our work presented in this
paper is different from others in that we used associative
classification technique to rank and reduce association rules.

Associative classification technique is an integrated of
classification rules and association rules. The goal of this
technique is to search for the results having the format “If
one item or more items have occurred, then another item
must occur”. It is like the classification rules.
Hranchotchuang et al. [3] used associative classification
technique for predicting unknown class label by guessing
the class label with association rules then the results will be
classified with classification rules. Tang and Liao [7]
proposed a new Class Based Associative Classification
algorithm (CACA). Their algorithm tried to reduce the
searching space and results are better accuracy of
classification models.

Further this research also does the top ranking after the
discovery of important association rules. The ranking
technique is to sort rules in decreasing order by their
priorities. There are many researches which focus on sorting
rules [2], [6], [9], [10]. In this research, we use four criteria
to rank priorities of the association rules. The four certeria
are the size of the association rules, confidence, support and
target rules.

IMECS 2013



I1l. METHODOLOGY

In this section we present ACDR algorithm for
discovering association rules with the highest priority and
the top frequency in descending order. The process of
ACDR of two main parts, (1) to mine for association rules,
and (2) to analyze association rules for finding important
rules. We do the ranking priorities of the association rules
with RStudio program. The details of ACDR algorithm, are
shown in Fig. 1. Its diagrammatic flow is presented in Fig.2.
Each subsection, A to E, is explanation of ACDR algorithm
through the simple running example.

Algorithm ACDR
Input; Dataset D, Target items T.
Output: Dissimilar Rules DR.

(1) Ryps=q =apriori(D) # Ryps=1 = RHS equal 1 item
(2) ForeachRERs-1 {

(3) M RHS==T{

(4) Gy =group(R)

(5) }else G, =group(R)

6) }

(7) Rmerge = merge(RevDup(G,), RevDup(G,))
(8) MG = group_by_RHS(R erge)

(9) Foreach G e MG {

(10) agent = find_agent(G)

(1)}

(12) DR =sort_by_4condition(agent)

(13) return DR

Fig. 1 ACDR (Associative Classification with Dissimilar
Rules) algorithm.

Association
Rule Mining

' Ny
[ Extract Target ] [ Extract General ]

Association Rules Association Rules

Ny W

Remove Remove
Conflict Cases Conflict Cases

Ny ® 4
Merge
/
Classify Rules Perform Rule Sort Dissimilar
by RHS Analysis Rules

Fig. 2 The process of ACDR algorithm.

A. Association Rules Mining

This research uses apriori algorithm [1] as a basis for
further extension because its association rule mining steps
are simple but highly efficient pruning strategy to remove
infrequent item sets with minimum support measure (eql).
Support measure of item A is proportion of number of
transactions that contain A to the total number of
transactions in the database.
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Al

t(A) = —— 1
support(A) |[transactions| M

The results are frequent item sets that can be used further
association rules constrained by the minimum confidence
measure (eq2).

support(A N B)

confidence(A - B) = support(A)

()

To implement the proposed methodology we are
developed a program with R language which is suitable for
data mining and the R system has many libraries for
discovering association rules. For example to find
association rules, the R code is as simple as the one show in
Fig.3.

library(arules) # call library arules
Tr <- read.transactions("test.txt",format="basket"
sep=",")

# read file and storing data in format transaction.
rules <- apriori(Tr, parameter= list(supp=0.1,
conf=0.6, minlen = 2))

# association rule mining by apriori algorithm and
set parameter with minimum support as 0.1, minimum
confidence as 0.6 and the size of rules to contain at
least 2 items.
inspect(rules)

# show all rules

Fig. 3 The R code for association rule mining.

From the commands in Fig.3 and the data as shown in
Table 1, the result of program execution displayed in Table
2. With the simple six transactions given as the input, the
output is a set of 17 association rules displayed in Table 2.
These association rules have been constrained to contain
exactly 1 item in the consequent part (or right-hand-side,
RHS). This constraint is for later pruning the association
rules.

B. Extract Target Association Rules and General
Association Rules

This ACDR algorithm aims to predict or make decision on
data that may occur in the future. Therefore, we applied a
technique to include classification rules and association
rules and call this technique is an associative classification.
For our associative classification technique, we divided
association rules into two groups, The first group is the rules
to be defined by users contain target items (called Target
Rules), and the second group is the rules not defined to
contain target items (called General Rules). Target and
general rule extraction is the step between lines 2-6 in Fig.1.
Suppose the target item defined by users are item C and D,
then the extracted target association rules are those
illustrated in Table 3, whereas the rest (Table 4) is a set of
general association rules.
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TABLE 1
EXAMPLE TRANSACTION DATABASE
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TABLE 4
GENERAL ASSOCIATION RULES

ID Item NO. Rules Support Confidence
1 A B, C 1 {D} => {A} 0.333 1
2 B, C 2 {D} => {B} 0.333 1
3 A B, D 3 {C} => {A} 0.333 0.667
2 ABC.D 4 {C} => {B} 0.5 1
5 A 6 {A} => {B} 0.5 0.75
5 B 7 {B} => {A} 0.5 0.6
8 {C,D} =>{A} 0.167 1
TABLE 2 9 {C,D} =>{B} 0.167 1
ASSOCIATION RULES WITH A SINGLE ITEM IN THEIR RHS 10 {AD} => {B} 0.333 1
NO. Rules Support Confidence 11 18,0} =>{A} 0.333 1
1 {D} => {A} 0.333 1 13 {AC} =>{B} 0.333 1
2 {D} => {B} 0.333 1 14 {B,C} =>{A} 0.333 0.667
3 {C} => {A} 0.333 0.667 16 | {ACD}=>{B} | 0.167 1
4 {C} => {B} 05 1 17 {B,C,D} => {A} 0.167 1
5 {B} => {C} 0.5 0.6
6 {A} = {B} 0.5 0.75 TARGET RULES AFTEEQEI\I;(E\?ING CONFLICT CASES
7 {B} => {A} 0.5 0.6
8 {C,D} =>{A} 0.167 1 NO. Rules Support Confidence
9 {C,D} =>{B} 0.167 1 5 (B} => {(C} 0.5 0.6
10 {AD} =>{B} 0.333 i
11 {B.D} =>{A} 0.333 1 GENERAL RULES AFT;—I;ARBEI;/IEO?/ING CONFLICT CASES
12 {AB} =>{D} 0.333 0.667
13 {AC} =>{B} 0.333 1 NO. Rules Support Confidence
14 {B,C}=>{A} 0.333 0.667 6 {A} => {B} 0.5 0.75
15 {AB} =>{C} 0.333 0.667 7 {B} => {A} 0.5 0.6
16 {AC,D}=>{B} 0.167 1 10 {AD} =>{B} 0.333
17 {B,C,D} => {A} 0.167 1 11 {B.D} =>{A} 0.333
13 {AC} =>{B} 0.333
TARGET ASSOCIA'-I'FSEIF_%ESES THAT CONTAIN 14 {B’C} = {A} 0.333 0.667
THE TARGET ITEMS C AND D IN THE RHS 16 {A,C,D} => {B} 0.167
NO. Rules Support Confidence 14 {B.C.D} = {A} 0.167
5 {B} => {C} 0.5 0.6
12 {AB} => {D} 0.333 0.667 C. Classify Rules by RHS (Right-Hand-Side) Item
15 {AB} =>{C} 0333 0.667 The step at line 8 of the ACDR a_lgorithm is to aI_Iocate
rules into groups according to the items appeared in the

The rules in Tables 3 and 4 may contain conflicting cases
such as rule number 12 and 15 have exactly the same
antecedent parts, but they predict different consequences.
We call such case a conflict. At line 7 of the ACDR
algorithm (Fig.1), we remove conflicting cases from both
the target and general association rules. The remaining rules
are shown in Tables 5 and 6.

RHS of the rules. The rule classifying strategy s as follow:

1. All items on the right hand side of association rules
must be the same items. For example, from Table 6 rules 6,
10, 13 and 16 have the same item on their right hand side,
which is B. Therefore, they are allocated as the same group.

2. Items on the right hand side are not the same, they will
be allocated to the different groups.

From Tables 5 and 6, target and general rules are then
classified into groups and the results are three groups as
shown in Tables 7-9.
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TABLE 7
GROUP C OF ASSOCIATION RULES
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E. Sort Dissimilar Rules

The final process is to combine the three groups into one
group and then sort the rules by the following criteria (Fig. 1
line 12).

NO. Rules Support | Confidence 1. If association rule was the shortest size, it will then be
5 {B} => {C} 0.5 0.6 in the first order. If the rules are the same size, they will be
considered by the next criterium.
TABLE 8 2. If association rule is defined target item, it will be in the
GROUP B OF ASSOCIATION RULES first order.
3. If association rule has the maximum confidence value, it
NO. Rules Support Confidence will be in the first order. But if the rules have the same
6 {A} => {B} 05 0.75 confidence value, they will be ranked by the next criterium.
- 4. If association rule has the maximum support value, it
10 AD} =>{B 0.333 1 . ; . ’
{AD} — {B} will be in the first order. But If the rules have the same
13 {AC} =>{B} 0.333 1 support value, they will be ranked by order number.
16 {A,C,D} => {B} 0.167 1 The rules in Tables 7, 10 and 11 will be merged and then
sorted with the four criteria. The results are shown in Table
TABLE9 12.
GROUP A OF ASSOCIATION RULES
TABLE 12
ASSOCIATION RULES AFTER SORTING
NO. Rules Support Confidence
7 {B} => {A} 0.5 0.6 NO. Rules Support Confidence
1 {B.D} =>{A} 0.333 1 5 {B} => {C} 0.5 0.6
14 {B.C} =>{A} 0.333 0.667 {A} => {B} 05 0.75
17 {B,C,D} => {A} 0.167 1 7 {B} => {A} 0.5 0.6
16 {A,C,D} => {B} 0.167
D. Rule Analysis 17 {B,C,D} => {A} 0.167

After classifying rules into groups, the next step is to
select agent of each group (Fig. 1 line 9-11). These agents
are for rule ranking and selecting. The criteria for rule
selection are:

1. Select association rules with the longest size. The
reason is that they can describe the complex conditions. For
example, the patient who had a first degree of the tumor, had
irradiated, had surgery and a healthy body then decision is
that the patient is recovered from cancer.

2. Select association rules with the shortest size for
describing the causes that may incur the damage. For
Example, the patient who had the tumor and is in the final
stage then the patient is cancerous.

From the rules in Tables 7-9, after analyzing rules with
two criteria, we obtain the results as shown in Tables 10 and
11. Note that a single rule in group C remains the same one
as shown in Table 7.

TABLE 10
GROUP B AFTER RULE SELECTION
NO. Rules Support Confidence
6 {A} => (B} 0.5 0.75
16 {A,C,D} => {B} 0.167 1
TABLE 11
GROUP A AFTER RULE SELECTION
NO. Rules Support Confidence
7 {B} => {A} 0.5 0.6
17 {B,C,D}=> {A} 0.167 1

ISBN: 978-988-19251-8-3
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From Table 12 association rules NO. 5 contains defined
items by user (item C and D), thus it is ranked first.
Association rules NO. 6 and 7 are rules of the same size,
they must be ranked by confidence value. Rule NO. 6 has
higher confidence value than rule NO. 7, it is therefore
ranked preceding rule No.7. Association rules NO. 16 and
17 are the same size and also the same confidence value and
support value, they will be ranked according to the order
number. The result is that NO. 16 has been ranked preceding
rule NO. 17.

IV, EXPERIMENT

This research experimented with the post-operative
patients dataset obtained from the UCI Machine Learning
Repository [8]. The dataset has 8 attributes (explained in
Table 13) and 90 transactions.

To perform the experiment, we developed a program using
Rstudio environment and coding with R language for
discovery association rules by apriori algorithm. We set
minimum support and minimum confidence to be 0.01 and
we define target items as ADM-DECS=I, ADM-DECS=S
and ADM-DECS=A.

The objectives of this experiment are to observe a decrease
in the number of rules in each step of pruning associative
classification rules and the efficiency of ranking important
rules process (Fig. 4 and Table 14).
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TABLE 13
DESCRIPTION OF POST-OPERATIVE PATIENTS’ DATASET

Attribute Description
L-CORE patient's internal temperature in degree
celsius:
high (> 37), mid (>= 36 and <= 37), low (<
36)
L-SURF patient's surface temperature in degree
celsius :
high (> 36.5), mid (>= 36.5 and <= 35),
low (< 35)
L-02 oxygen saturation in %
excellent (>=98), good (>= 90 and < 98),
fair (>= 80 and < 90), poor (< 80)
L-BP last measurement of blood pressure
high (> 130/90), mid (<= 130/90 and >=
90/70), low (< 90/70)
SURF- stability of patient's surface temperature :
STBL stable, mod-stable, unstable
CORE- stability of patient's core temperature :
STBL stable, mod-stable, unstable
BP-STBL | patient's perceived comfort at discharge,
measured as an integer between 0-10 and
11-20
ADM- discharge decision :
DECS | (patient sent to Intensive Care Unit),
S (patient prepared to go home),
A (patient sent to general hospital floor)

TABLE 14
THE PROCESS OF ACDR ALGORITHM AND NUMBER OF RULES AFTER
PERFORMING EACH PROCESS

Process Number of rules (Rules)
1. Association Rule Mining 88,423
2. Extracting Target 5,231
Association Rules and
General Association Rules
3. Classifying Rules by 5,231
RHS items
4. Performing Rule 1,048
Analysis
5. Sorting Dissimilar rules 1,048

The results from Table 14 are important rules discovery
with five sub-processes. The first sub-process is association
rule with the consequent part containing 1 item and the
result contains 88,423 rules. The second sub-process is to
find target rules and general rules and also removing
conflicting cases. The result contains 5,231 rules. The third
sub-process is classifying rules by their RHS, the result is
the same set of rules because this step classifies rules then
inserts into group but does not remove any rules. The fourth
sub-process is analyzing and selecting association rules by
their sizes. The results are 1,048 rules. The last sub-process
is sorting association rules, and the results are 1,048 rules.
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1. {L-BP=low} => {ADM-DECS=A}

2. {CORE-STBL=mod-stable} => {ADM-DECS=A}

3. {BP-STBL=stable, CORE-STBL=unstable} => {ADM-DECS=S}

4. {BP-STBL=stable L-CORE=high} => {ADM-DECS=S}

5. {COMFORT=?,L-CORE=low} => {ADM-DECS=I}

6. {BP-STBL=stable, COMFORT=?} => {ADM-DECS=I}

7. {COMFORT=?,L-02=good} => {ADM-DECS=I}

8. {COMFORT=?,L-SURF=mid} => {ADM-DECS=I}

9. {COMFORT=[11 - 20],CORE-STBL=unstable} => {ADM-DECS=S}

10. {CORE-STBL=unstable,L-BP=high} => {ADM-DECS=S}

11. {CORE-STBL=unstable,L-O2=good} => {ADM-DECS=S}

12. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-BP=mid,L-
CORE=mid,L- O2=excellent,L.-SURF=mid,SURF-STBL=unstable} => {ADM-
DECS=A}

13. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-BP=high,L-
CORE=mid,L-O2=excellent,L-SURF=mid, SURF-STBL=stable} => {ADM-
DECS=A}

14. {BP-STBL=mod-stable, COMFORT=[0 - 10],CORE-STBL=stable,L-BP=high,L-
CORE=low,L-O2=excellent,L.-SURF=mid,SURF-STBL=stable} => {ADM-
DECS=A}

15. {BP-STBL=stable, COMFORT=[0 - 10],CORE-STBL=stable,L-BP=mid,L-
CORE=low,L-O2=excellent,L-SURF=low,SURF-STBL=stable} => {ADM-
DECS=A}

77. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-BP=mid,L-
02=excellent,L-SURF=mid,SURF-STBL=unstable} => {L-CORE=mid}

78. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-CORE=mid,L-
02=excellent,L-SURF=mid,SURF-STBL=unstable} => {L-BP=mid}

79. {BP-STBL=stable, COMFORT=[11 - 20],L-BP=mid,L-CORE=mid,L-O2=good,L-
SURF=mid,SURF-STBL=unstable} => {CORE-STBL=stable}

80. {BP-STBL=stable, COMFORT=[11 - 20], CORE-STBL=stable,L-BP=mid,L-
02=good,L-SURF=mid,SURF-STBL=unstable} => {L-CORE=mid}

Fig. 4 The results from ACDR algorithm.

The authors proposed an associative classification with
dissimilar rules algorithm to discover association rules with
the highest priority and the top frequency. The experimental
results are composing of target rules and general rules.
Target rules are the rules number 1-76 and general rules are
the rules number 77-1,048. The rule number 1 can be
interpreted as “if last measurement of blood pressure is low
then discharge decision is to send the patient to general
hospital floor”. The symbol “?” in rule number 5 means that
the attribute comfort has some effect to the decision ADM-
DECS=I but we do not know the value.

V. CONCLUSION

This research introduces a design approach called ACDR
(Associative Classification with Dissimilar Rules) to reduce
redundant target and general association rules, then the
results can be used to predict information as most
classification rules. The ACDR algorithm consists of 5 main
steps which are (1) finding association rules, (2) clustering
target association rules and general association rules into
two groups then removing redundant rules, (3) classifying
rules into groups by their RHS item, (4) performing rule
analysis with selected agent of each group, and (5) sorting
rules according to proposed criteria. The dataset for
algorithm evaluation is the post-operative patients dataset.
The final result after processing the dataset through the five
main steps of the ACDR algorithm is a minimal rule set
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containing 1,048 rules, which are significantly decreased
from the original 88,423 rules.
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