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The problem of frequent pattern discovery is defined as the process of
searching for patterns such as sets of features or items that appear in data frequently.
Finding such frequent patterns has become an important data mining task because it
reveals associations, correlations, and many other interesting relationships hidden in a
database. Most of the proposed frequent pattern mining algorithms have been
implemented with imperative programming languages. Such paradigm is inefficient
when set of patterns is large and the frequent pattern is long. We suggest a high-level
declarative style of programming apply to the problem of frequent pattern discovery.
We consider the constraint logic programming language: ECLiPSe. Our intuitive idea is
that the problem of finding frequent patterns should be efficiently and concisely
implemented via a declarative paradigm with constraint processing facility since pattern
matching is a fundamental feature supported by most logic programming languages.
Our frequent pattern mining implementation using the Prolog language with ECLiPSe
system confirms our hypothesis about conciseness of the program. Moreover, in this
research querying to extract frequent patterns has been designed to facilitate ease of
use. Users can pose query with several styles of constraints including finding the top-k
relationships, when association rules are ranked in descending order in terms of their
confidence and support scores, and specifying the items that users wish to
include/exclude. These facilities of constraint based querying are expected to help

users extracting the patterns most related to their interest.
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Savasere, E. Omiecinski wa S. Navathe (1995) wauslildinaiiansuusdoyaludiugoy
udmeesdumanudiiusiusngluudazdiugestiu  H. Toivonen (1996) lalduuamed
sseenlulnstauenslfinadansduiodumnanuduiusanndoyasuny  DW. Cheung

wazAny (Cheung et al, 1996) liawalnldivaiia incremental Msansvinuiutayanss

'
1 a

agliinn wazidlesdoyalmiiisifuasfiosanansafunganuduiusligniesasnandesiu
Foyalnadld uenanidefiunidusuauann (Park et al,1995; Agrawal & Shafer, 1996;
Cheung et al,, 1996; Zaki et al., 1997) lala@uauuinenisianuanmsilunisaumlediu
WRTUTINUBFINTUTLIANALULIUIL

MiAdeRnandsiaduduuslduuame APROR! Wuitugiuusiasudsyansam
Auswemalasig 9 du uaWIdEYes Jiawei Han, Jian Pei waz Yiwen Yin (2000) 161
iEeuLIvnaiuanseenly  shensenudeyansiunsadundiaiidasaieiulizonia
frequent pattern tree ¥3o FP-tree Lilatuiinloiumaiiusinglunsusadi gnild
danoifi  FP-growth  iiledumlaiiaiiusngueslaghifesaislownendinsoudn
Fnisnendudioratuayurengsdininnasimaduayudud  Bldendouiieutuis
ARIORI udranunsaifiumnandslunsduvnlodiueaiunnguesiagldvieanudniosnii

wwmInIsAulenuausIng Uesselasiasne FP-tree Falgsupuaulaanninideuay



WausoiiieanlngasusausivsUa.A. 2000 nallagiu (Agrawal et al,, 2001; Pei et al,
2001; Liu et al., 2002; Grahne & Zhu, 2003)

msldmatuayudusifieanuuinves search space uazifiuanmilun1sdum
lovuandiusngues daludeuly vie constraint aghsieuianis Fulilae R Agrawal
uaz R. Srikant (1994) siesnl@idinsvenensdnwnieaiunmsldteulaliannsassyleiud
alalel (Srikant et al., 1997) J. Pei uagany (Pei and Han, 2000; Pei et al., 2004) lafnw
nsimuaieulalusuuuuidenfuildlunien sQL wusmundiswesdilulowiues 1 1
Afing 15 (rangel) < 15) wiomuuaaadslulewiuwsliiaunnit 50 (ave() > 50)
gty S. Bistarelli uag F. Bonchi (2007) lfinausuwdnvesnislifouluiidangusaonis
Aunamunsdy  wdldsmnhesduieudssinledinesdidunldansalfidu
Ameuiinsafuieulviigliszyvielsl

TutheszornammsTuusnaeada.a, 1993 §3 2000 v Fisedmunsiumle
Wanemsnguesuazngeudiiud - weadanisfununganudiiusiaznsiumguuuud

a a [V 4

Usngueglasumsiaunegsaiosliiiusy@nsnimas waganunsasesiudeyavuintngld

v
=< Y 14

v a § 2 vy a = . c:;
wililowmelulagdumesinlasuanuieuady  dnvazveoyaldowan  offline  Ju
online wagU3unaesdeyaintuegdlifidndrinfndudnuaedoyaanin (data stream)
Toyaansusulasunistienudieda.m 2001 (Guha et al, 2001; Babcock et al, 2002;

Gaber et al., 2005; Jiang & Gruenwald, 2006) 111188

' 1%
a a

® Joyailiindueteriaiiles

e

£%
a

1TTeIAnluTovesUSInLasInauan

—

[ 1

L4 “Uallaﬂﬂﬁﬁ@@ﬂ%’]ﬂLL%ﬁQNE@ﬁQEJﬂ’J’]QJL%’JQQLLﬁ%@’]’*\]Q%ﬁﬂ’ﬁﬂi%ﬂ’]ﬁ“Uaﬂ

foyaiilingd

tnddelaneeuuulsanaianisaununganuduiusiiinnulatudeyaansy
WU M. Halatchev uag L. Gruenwald (2005) lausuussmafianisAunungainuduiusin
aunsaUsziiudeyaiimelUludoyaaniufisuinaneuwesfideinueietns H. Kargupta
uazAny (2004) éiamszuu VEDAS Tfanansansiadusiuminuglunaiads uenaniesd
AT uInluYesrezal 2004 fellaglu (Cai et al, 2004; Chang & Lee, 2004;
Charikar et al., 2004; Chi ey al.,, 2004; Gaber et al., 2004; Ghoting & Parthasarathy,
2004; Li et al.,, 2004; Teng et al., 2004; Yu et al., 2004; Mao et al., 2005; Kerdprasop et

a1 W a

al,, 2006) MyjsimunadalunIsAuMIULUUANNdNTUSLas L TusIngUaeludeoya

3

[y

ansu  9ane3viusne 9 Ngniausivianil usdanesruimunTuiiaseiulRnITULENNELA

Hu vdanasiuldaumanuduiusianizdayaluunsgin Wy awzdeyaniintuaianiy



an3u uavudanaiiuvihauiuleysansuludnuae  offline lassnsidedsasnisiam

WATANTAUNNLLAENITAUFULIUNIUIINGUBY k Suiulsniielilazunuunuduiusy

Unngueglunafisimiuasivieoanudeinsldnu  asdumenuduiiusuasuwuy

L0 =D

Usnguosazildnunirres constraint-based mining lnsmsAumsuuuuaglditeulvdisy
Tneglddunasilunisium

nsldfouloiszylaegldiduiunmadded R Srkant wazamz (1997) Idaue
wuadslaedslifinsiaulusunsatuldads seun R Bayardo wasiiuey (2000) l&wamn
Foulvfimwuonanmstmusmatuayuigauazandosusan  3endideuly  minimp
(minimum  improvement) WuleulvifiuunAnndronsivuaandesiumaniioanainy
Futeuveangmnuduiusiliangutoyavuslvguasliuadnsidungauduiusidle
$1eundld B. Jeudy wag J. Boulicaut (2002) Iiausnisldioulutsdivlugruteyaguibniie
WiUsgavsamlunsfuvinganuduiusuaslildiaiesilo Mine Rule Operator tilpdesie
MsfuvIngATIELTUS uves A Gallo wazamy (2005) Lausiigafunmaiinyussansnm
msfumnganuduiudiasldideulvtifuuiety fuiteilfiauesanesiiudeieluns
aouawdoya (query) lugrudeyaiiielsilsngeudiusmuiglddesnsuazdisannanly
nsAUM T. Trifonov uag T. Georgieva (2009) latnawenisuszgndldnisvinvilestoya
Wedumnganuduiusiedouludifuiemeuduiudvondoseds  Taswildaun
TUsunsusenwauagldnuasunudeya SQL iielildsuienazavansorldilsl
Indudedinnuinmasuaiudoya

Tassmsideilluumenisiiuuszsavsnmmsdunngauduiussenisld
Souluwuefuniddedu  useslideunnssannaudunsainmsldfouludafuludnuue

=

yosgUnuuTAnfnuideuiisgedaienin top-k patterns msWaulUsLATAULUUT
3unTei1 Topk frequent pattern mining 9glduuinian1siusunsdamssnednen1v
Prolog  wagRmuIUWANTLIASveweNdwss  ECLiPSe  7idu  constraint  logic
programming system vibanunsaldnuaudfves meta-programming Tunisivug rule
fassfuarmaulavesliuazannsonundeulalily rule  dwfunsouwuiAnvesnis
2ONLUUTEUUKAZMIHMUITEUUUSEINANATRA T 9B uTsUUT Uty atisTouaznns

TUSHASULTIRTINY

2.2 38n15lUswnsuuuiiaauly

nslusunsuwuuiideuly (constraint programming) Wuwuavmsnsilusunsy

[y

ninguszasdurdniieinausilunisussanalusunsy  senisanveuaaiduldla
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[

vosiuUsing o ezlunadnsgavinevadiisunsy nisanveulnaIlasnszyiiIuN1sIzy
Rouly (constraint) 3Fn1slusunsuuuidenlalununutyaussivguasanunaunuidl
anwaznIAuRaRasinsuReuly  Muisuludnvazasilinelanuteuludsdu

LLazmimmmmzﬁ?jm (constraint satisfaction and optimization)

2.2.1 wuaauaznannislusunsusuudiauly

[

mslUsunsuuuuiifeuluduinmsmsiannlusunsundingussasdlsns
JszananasniituaslusunsmuesFnalunsiauTumnsudies  uwundeddddisms
afuszuulszmanaiouly  (constraint  system)  Admsisilausiinsuduluszuy
Uszananaifievhmihiidnameuwsivesiuusing 9 lugldssylulusunsy feddums
yhanludiisSonidnuidymideuly  (constraint solver) msiaunauuAtlam
Foulvanunsaldnwsziugslsmannmatsaisn  usszuuUszananaleulvdiulngjasld
alusdenduiiugiulunisian  wanwsunwssuulssnanaidouladsguil 21) Tu
mATeisatuluiinslusunsunuuiidoulu@amssny (constraint logic programming) 7114
govliuag ECLiPSe iuanmwnndeumdnlumsiinnniiesniigluuumdsidnlaldheuas

ALY UAIFIFUNZIIASA

Prolog based Other base
language

Prologlll| |CLP(R)| | CHIP

CHIP
SEPIA
CAL
SNI Decision 5 -
Prolo Power Charme '
BNR I Pecos Cl"l|90
Charme |
Object
cc(FD) |#~—\, |CHIP v4 Solver Chlare
‘ Eclipse ‘ -
‘ CHIP lib

JUN 2.1 gavlawasdmiunisiauilusunsuwuuiiReuly (Simonis, 2008)
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?- X :: 0..10, Y :: 4..8, X #> Y. ?- X :: 0..5, Y :: 4..8, X #> Y.
X = X{5 .. 10} X =5

Y = Y{4 .. 8} Y = 4

(a) Xe[0..10] & Ye[4..8] & X>Y (b) Xe[0..5] & Ye[4..8] & X>Y

U 1

Ui 2.2 fregamislditeulededuluguuuuves ECLIPSe

ol

aal A Yo ° ' Y |
FBnstusunsunuuiReulvasldiinsivunveulnveswauys wu Tusy
71 2.2(a) WWunsimuadiduds X Wuardunududamegsenitg 0-10 wasdus ¥ iy
° & A ' ] = v oA o Y oA ] o
wyduuandegsening 4-8 ReulvdiduRemvesdiuls X gdelliAunnitA1vess
wUs Y feliuszuudseaianaieuluves ECLIPSe R9szydn X dgsiowliAnagsening 5-10 uag
Y avdesdiAnegsenin 4-8 Jeazvhlideuledina1nluads lngszuvissuianaioulvas
wansvaULRAIaNa 1 ludnYEYeIUanIY X{5..10} uax Y{4..8}
fiinsiaeureulunAuiuewiuls X 1 0-5 lnefideulvdudinaiy
(AagUT 2.2(b)) szuulszananateulvaunsafvuamfuuueuldviuiin X asseadandu 5

uay Y azdosdiandy 4

@ A a A Y v &
NFregekansuAntunsiusnsuLuuiiGeulatidy - anansaasuilu
nanmsvilusinsunuuiitouladsaulain (Apt & Wallace, 2007; Niederlinski, 2014) 113

vilusunsuagUseneumisdunen 3 Tuneu (Landasaaindusinsusguil 2.3) fAe
1) seylaussvesszuvssnanaeulviidedldlulusunsy
2) fmuaverkUskazvaunAtulUsuveikU a1y

3) Benldmdsduniiiemwaamaniedululdvesious

:— 1ib(..) i

solve (Variables) :- i define variables and then
et S€E CONSEraints on variables

setup constrains (Variables),

search (Varlables) B T, .

JUN 2.3 InssaisvedlusunsuwuuiiGeulvludnuazveanslusunsuimssne




12

wonAwIs ECLIPSe flausSsine q WigldGenmuusdasUssinnuasinys

Wy SUsAITUEvILILAL ausaltlauss fd wag ic Wusu s1eazidunlausisiiause

agulafannsneg 2.1

A157197 2.1 Taussvesszuuussuianaaululusenduwis ECLiIPSe

Solver library = Variable domains

suspend numeric

fd integer, symbol
ic real, integer
ic_global integer

ic_sets set of integer
ic_symbolic ordered symbols
propia inherited

eplex real, integer

Constraints class

Arbitrary arithmetic
in/dis/equalities

Linear in/dis/equalities and
some others

Arbitrary arithmetic
in/dis/equalities

N-ary constraints over lists of
integers

Set operations (subset,
cardinality, union, ...)

Dis/equality, ordering,
element, ...

any

Linear in/equalities

2.2.2 9819015 0Usunsusyvidisonly

Behaviour

Passive test

Domain propagation
Bounds/domain
propagation

Bounds/domain
propagation

Set-bounds
propagation

Bounds/domain
propagation

various

Global, optimising

AstuswnsukuuiNaululalasaas1atumeIn U IUSWATILTINGSNE HUAD

TUsNIUALUTENDUMEVDANULTINTINLATENIITDANULUUTDSY (Horn clause) SULUU
Y

YITDAULUUTDTULUTENDUMEINTALAR NAIUFURIYANNLAL Ul NdIuUeR  1Weu

agludnuarvesUselon “on-ui” Aswialuil

head(Arg) <— body1(Argl), body2(Arg2), ..., bodyN(ArgN).

% s @ v A & a A
“U’e]ﬂ']’]llLLUUEGEULUUﬂ’]’iﬂ’igﬂ']WUE]ﬂ’J'IJJVILUU‘«]NLLUUZJNE]U"LGU

a a CY ] a v A Y ! & a
L‘Wi@Lﬂ@‘VIﬁ’J'L!WJL‘U‘L!‘\]iﬂﬂ?LQE]UI?JVJﬂLQ@UlWIUﬁ’JUUE]@L‘Uu%iﬂ

WeuAgslatuianduluniwasuimasimiy

TAgsEUI

]

WNSALAR LN BTN TTNE

35n1stUswNsUL UL R Ul Ui A NWAE MALANINNNNSTUSNSULDINTINEATIN

finsssyreuwavaaAtfmnUstuduved  wasndinssyRaulyvuadmuysuainagldnig
Senwmsawas labeling Tivimsausmamdululavesinuds mndululatasidumneuves
TWsunsu segalusunsuluguil 2.4() WunsAumeavesaiudsasife X1, X2, X3 way

X4 YaunA1vaswlswaniaen 1 89 5 Wnedkeulvanudeulv@e
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(@) AYBIILUT X1 2eADRAIUINNIIRILUT X2

(o) AR X2, X3, X4 aydaslaidniu

(en) AURIRILUS X1 azaesldiviniuatvesiuls Xa

nsUszananavestusunsusetsiildlaus 3 ic vde interval constraint
iiofumAwesiudsiianunsavhlideulaimmadsduduass mssulusunsaldnsdenls
msAan solve(V) nanssulusunsusie ECLIPSe uandladsgudl 2.4(b) azdanaldidmey

AdulUsTnanemney AmauLsNAe X1= 2, X2 = 1, X3 = 2, X4 = 3

[eclipse  %|:
% CLP: example 1 —J
:— 1ib(ic) . Il run more II
solve (V) :-
vV = [X1, X2, X3, X41, - ‘ : i
v o:: 1 5 ?- solve(V).
o o v =1z, 1, 2, 31
X1 #> X2, Tes (0.00s cpu, solution 1, maybe more)
alldifferent ([X2, X3, X4]), v o= [z, 1, Z, 4]
X1 #\z X4, Tes (0.00s cpu, solution 2, maybe more)
labeling (V) e 2. 2. 2. S
a 9 . Tes (0.0ls cpu, solution 3, mavybe more)
v o= [z, 1, 3, 4]
Tes (0.07s cpu, solution 4, maybe more)
v = (2, 1, 3, 5]
Tes (0.07s cpu, solution 5, maybe more)
° ] Yo o oA Y] % .
(a)ﬂWMUQﬂWTWﬂUMQuﬂiaﬂﬂﬂwmalﬂ% (b)Nﬁﬂ?iiUTUi&ﬂiMﬂﬁﬂ ECLiPSe

JUN 2.4 fregrenislusunsunuuiiteuly

Tunsdlvaaniseilandgaunisuateskus a11150 193515 LU TR TULUUS

A

Roululdiguiu dsneg1aluguin 2.5 Nuaninsmavesianls X uag Y Inefnsaessiiuys

a1 I

fiAnegluyie 0-9 uazmvuaaumsiiaedaumsiie X+Y = 9 uag 2X + 4Y = 24 wadnsila
Ao X=6 uay Y=3

CLP: example 2 |eclipse solvet[}{,’x‘]i

o0 oP

X, Y e {0, ..., 9} rn |
% X +Y =09 (eql)
% 2X 4+ 4Y = 24 (eg2
Alr- solve([X, YI).
:— lib(ic) . =8
Y =3
solve ([X,Y]) :- Yes (0.00s cpu)
[X,Y] :: 0..9,
X+Y #= 9,

2*%X + 4*Y #=

24,
labeling ([X,Y]).

UM 2.5 mMstusknsusuuilideulaiiiawilandaunisnanasiwls

Y



wenannstdulunmsunlanddammsadinaansiar  nslusunsuluull

Reulvdanunsaldlunudyausshivg

TudnwazwestyminsnonTiailasNLansn e

UoA1u (cryptarithmetic problem) fiaegslugun 2.6 waninsdsulusunsuwuuiiteuly

WD AUTNANYDILARLFISNEINAINITAYVINIARNAUIN SEND + MORE = MONEY 1Jua34

:— lib(ic).
solve (L) :-
L= [Ss, E, N, D, M, O, R, Y],
L :: 0..9,
S #\= 0, M #\= 0,
[R1, R2, R3] :: 0..1,

alldifferent (L),
D+ E #= Y + 10*R1,

Rl + N + R #= E + 10*R2,

R2 + E + O #= N + 10*R3,

R3 + S + M #= 0 + 10*M,
labeling (L), % Enumerate search
C: [lSl,lEl, lNl, lDl,

'M','O', 'R', 'Y'],
(foreach (Character, C),
foreach (Value, L)
do write(Character),
write(' = "),
write (Value), nl )

eclipse g:

run

more |

Mlr- solwe(l).
L=1([%, &, 6, 7,1, 40, &8, &]
Tes (0.0Zs cpu, solution 1, mayhe morel

Output

FADF3-2009-Nittaya/4-Courses/SUT/CLP/1-Z552 /o am
=3

ERE-I== =T
L[ | | | N A | B |}
MO -1 m

sU#t 2.6 nstusunsuuuuiifeuluilourland SEND + MORE = MONEY

UseleyiindaydnusznimilsresisnislusunsunuuiReulaaslalunis

wAdayn133an1s1e (scheduling problem) U7 2.7 wanwiiagamsifgulusunsuuwuudl

Rouluednassnudvinnululasiniseiie 9 uIuAunIzsuNIsInassiusegelidnu

o Ao ! a U
PuUlaTINsHAlATIN ST UREIAY

] ¢l ! Yo o v
%WNﬁﬂi%Iﬂ%UVWWXRNWUQﬁlﬂiUQWﬂﬂqiﬂﬂﬁﬁiﬂlﬂV

SuRaveunuluwsazlasinsliviiiy mswin 22 agdyadmaysylevinnisnuazlasy

InMsdnassaudau (W1, W2, W3, Wa) ihsuiinvevlulassnisalasems (T, T2, T3, T4)

H3oUlYY9NITINAULTNYNIUAD ANV UNTIAUALSURATRULNEITNIASINISIVINGY  waY

NauselevulngINiuIsUlasUEAallfIN1T 19 NadnsveIN1TSUIUILATY (F1UYIIVD

sUN 2.7) uanailangtgymiliilaannndmilsdneu lagdmeuusniuansiis mvuald Wi

SuRmraulAsINIs T1, W2 SuRawaulasans T2, W3 Suinvaulasenis T3, W4 Sulnvau

1A59N1S T4 agynbilesunalselewi = 7+2+7+43 = 19
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A ¢l Yo Y] v a !
HITNN 2.2 Naﬂ§318%UWQ31®3UQ7ﬂﬂqiﬂﬂaﬁiﬂu5UN@m@Uumaﬁiﬂiﬂﬂqi

T1 T2 T3 T4
wi 7 1 3 a4
w2 8 2 5 1
W3 4 3 7 2
w4 3 1 6 3

assign (Workers)
Workers = [W1l, W2, W3, W47,
Workers::1..4,
alldifferent (Workers),

% extract profit of each

o

* worker on each project

element (W1, [7, 1, 3, 4], WPl
element (W2, [8, 2, 5, 1], WP2
element (W3, [4, 3, 7, 2], WP3
element (W4 [3, 1, 6, 3], WP4

P #= WPl + WP2 + WP3 + WP4,
P #>= 19,

labeling (Workers),

write ('Assigning scheme = '),
writeln (Workers),
write (' Profit = "),

writeln (P) .

?- assign(L).

Yes

2,

3, 4]

(0.00s cpu, solution 1, maybe more)

Assigning scheme = [1, 2, 3,
Profit = 19

T1 T2 T3 T4

W1 7 1 3 4

w2 8 2 5 1

W3 4 3 7 2

W4 3 1 6 3

JUN 2.7 nslusunsuuvuiiReuluiiewntayminisdanisneine
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N1590NUUULATNAIUNTUSILATY Top-K-patterns

3.1 N9UVDINUIY

159831908l UTLNTUAUM FURUUNUTING UBE 1A Suduwsn (MSelsuntegeadn

LUsunsu Top-K-patterns) Usgnaumediudsznaunan 3 @ (Rauwanslugui 3.1) fie
o dulssinanaoulvdsAunsyylaegly (constraint processing)
o durumzluuunuIIngUesandeyalugiuteya (frequent pattern
. & v 44' an v
mining) InesuiuutuazAewmsamutoulungldsey
! a o Y A v v o ¢ = 1 Y a
o duviwihnaienganuduiusangliuunuinngusssieninud

494R LA BUAULSA (top-k rule generation)

luduRnsaiugly (user interface) lUsunsy Top-K-patterns azl¥nsaumtieing
= & ¥ & 13 4 . | [y [ v
query entry FUTUNTOUNUIANNUFIUVDIONALIT ECLIPSe TIMAUNITATNATOUNUING
Tamouielvigldszuieulusing q Adesnsliusnglunadns
Roulungldszyavianuiavgy Inedldonrssuiissimiives K Avaneda
Tuugusuuauduiusludnuaengi-udd AlAaNuweiuLagmatuauuTesE1AUIIN
ANANINARY TGN 1A SuAuLsn viseRldenvssymsdivesau q Wiuky launde

lowndaulavazfoamshiusinglunadns Aradvayudusiuazarnufostiudumaany)

Answer set Top-k rule generation

! il

Frequent pattern mining

3
Constraints l T — B
. -
User "

Interface Constraint processing

gﬂﬁ 3.1 Iassassvesaiutsenoululusunsy Top-K-patterns



3.2 N1599NULUULAZWAIUITUSLATY

nseenuuulUsunsy  Top-K-patterns  TdiuImen1sAumsukuuiusingues
Y049ane37iu Apriori (Agrawal and Srikant, 1994) 1Hufiugiulunsiaul Juneuisves

TUsun3 Top-K-patterns uansléaguil 3.2

Algorithm Top-K-patterns

Input: Database D
Output: Association rules set S

Step:

(1) Read the user-specified main constraint: K
and other possible constraints: RuleLength, Minsup, Minconf, Inclusive item,

Exclusive item, Target item
(2) Scan D to generate frequent itemset L

(3) Pruning L according to the Inclusive_item, Exclusive item, Target_item, and

Minsup constraints
(4) Generate association rule set S from the pruned frequent itemset L
(5) Rank rules in S in descending order according to the confidence support score

(6) Output the first k rules of S

o
Y

U7l 3.2 duneuisvediusunsy Top-K-patterns

CaNl

1%
Y

TunouLINVaIlUNITY  Top-K-patterns  azilunissnuieulvdsduigldssy
« & o < = Ao & £4 14 ! ! a" = o o A o
Reulvtduwunduteulendnludesssy laun A K ivunefiadiuaungiiainnudedu
wazAatuanugeEn 1 duduwsn wasReuluiglienvvessuiiudia laun vuinvesny se
RuleLength @sinandruiulewiunusnglung) matduayudusn (Minsup) A1ANTesy
U1 (Minconf) lewufidesnsTiusinglung (nclusive item) Ingoraazusingludiule
voengile lawuilidesnishiusnglung (Exclusive_item) waglaiiuiidosnisliusinglu
dunaazUvedny (Target_item) Reuluiandumaridgldlaissulusunsuasldamnmioul’

ADUALN




TudupeuigeweadlUsunsy  Wunssugiudeyaiieaduenvedlewiunusing
Uog  Tunouilagldnisvihauiudediudanesiiu Apriori (Agrawal and Srikant, 1994)
Y v 2 o . & o 2 v & & =
wasanlseavestaiunuinguey Tutusaunausilunisdnnslemiuennuiouly
A a Ay
TG

Jupsunidiiunisilougausazigninasingludnvazvesdoaudmssng
“61 X wdr Y7 iieuansnuduiusvesnsiintusesiuiuvedowiu X uaz Y 9ntulu
TunauNIzdunIsesEsungin-way  snumanudeiukarAmatuayy  Inei3eadey
nAwntutes luduneuasvneazidunsdndenngegludidugegn v d1duusn wand

\Dunasnsliglinsu

3.3 A29819N15bulUSASY

nsulusunsy  Top-K-patterns  WWldem  gldazdeasseudeyaidnlvioglu
sUuuvrestorudemssng  lasdeyariigudeyanduensfuuuiniweansiien data
wazszydelodiuiomafidulldlimeluo Rasndusnuoansiian U7 3.3 wanafoen
doyalusUuvuvestormndemsany deyaiiuvasnangrudeyaniuuseduiinaniusznay

ougneilovasnin

lassasnldduiingudeya ageglugluuuves

data( [list of items] — [list of each transaction] ).

Inausiaslawiuazegmeludaduazusaznsungatuazegnsludaddudentu ilianvas
¥ a @ a v 1 a ¢ ! a ¢ < a ¢ o
Toyanunngludaddousdneludad wu [[beer]] Fadveslaiunasdadvomsmuugndy

UYNDDNIINAUMIEBLATDMNY  “—”  stlieaudzmnlunisUszaienauuy  pattern

matching F9JugAALYRINBTMTINE

TID Itemns data(
1 {Cereal, Milk} . .
5 {Beer, Cereal, Diaper, Eed) [_[beer], [cereal], [diaper], [milk], [egg] ]
3 {Beer, Diaper, Milk} .
4 {Beer, Cereal, Diaper, Milk} [ [cereal, milk],
5 {Diaper, Milk} beer, cereal, diaper, egg],

beer, cereal, diaper, milk],

[
[
[beer, diaper, milk],
[
[diaper, milk] 1).

5UT 3.3 sUwuuteyaiinvediusunsy Top-K-patterns



douwlasgudoyansuwsatududonnudwssnzuas  Suiinduliddeniny
(U data.text) 91nuuUalWduazaeulwalusunsuy Top K patterns seeeanmuwis ECLIPSe
(Fegun 3.4) mMsaeuaudeyavzlinisleudednuiinsoutdeniiu Query Entry Aauandly

A = & v v o § v v U sal va LY &
E‘U‘Vl 3.5 ‘U\‘lL‘UUﬂ’]iﬁ’e}Uﬂ'mﬂ{]ﬂ’J’maN‘WUﬁ 3 2UAULSIN Naa‘Wﬁ‘Vﬂ,ﬂﬂ@ﬂaﬂ’l?iJﬁiJW‘L!ﬁG]’e)bLﬂu

(o) SrgnAdaides udrazarndaunn (Aratuayy 60% Audiasiy 100% wae 80%)

anee
(b) frgnénFediiuanarindenin udiasoiles (Aatuayu 40% Aol 100% wae 70%)

[
¥ Y A

(en) fgnénFeilesuasditon udavderndeuin (Aatuayy 40% auliedu 100% wde 70%)

@ ECLiPSe 6.1 Toplevel - O
File| Query Tools Help

Quer_v_Entr_v

Change directory ...

m Idle make interrupt
Use module ... 2 NERE

Edit ... R sunts

Edit new ...

[1e

Cross referencer ...
Source checker (lint) ...

Compile example ...

New module ...
Clear toplevel module

Exit
j A'§
= ¢ A a % v

JUN 3.4 e muansn1saaulnaliiosusuldnulusinsy Top-K-patterns

Query Entry
eclipse g:ltop_K_patterns (3 g
run | meore I Yes make interrupt
Results

~ [?- top K patterns(3).
Yez (0.08s cpu)

Output and Errcr Messages

1. If [beer] then [diaper] | Sup :60.0 | Conf :100.0 | Score :80.0
2. If [cereal, diaper] then [beer] | Sup :40.0 | Conf :100.0 | Score :70.0
3. If [beer, cereal] then [diaper] | Sup :40.0 | Conf :100.0 | Score :70.0

JUT 3.5 nMsdeunudeyaiiionansmaansidungainuduiug 3 susuusn
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TunsalfglddesnisssyRoulvlsdumuiinuennioainnisseya 1 @wnsai
lamensisantinsmes association(OutputRuleSet, RuleLength, Minsup, Minconf, K)
:.Il a Qlll o d‘ U ! ¥ o v Y o v Qlld
PINUUAGAAYLAIAS run Taglugun 3.6 uLansogransAumngAUEIRUSInduA UL AL
Jesiludhmnevesny wazimuadeulurwiavesngdewnnnd 0 Aaduayuduswazan
4 J P s oa o & Ay 14 Yaal 1 { 1%
puweiiutuinly 10 nsimualauiidesnsliusnglungldisseyriunaaddanau
antuna ok lugudl 3.7 wanmadnsiiedunisiieudieuinddldldssudmuneveng
(hemslddyanvaldaninsdaunume [ Tunaestennuiazna ok) uakeulvdu 9 Ju
A 1Y) % v sa ]
wuReanuazlinaansnunneanty

@ ECLiPSe 6.1 Toplevel - O
File Query Tools Help

Query Entry
|eclipse §:|associaticntR,O,lCl,1'3,5} g
run more Yes : . O
— % ec_stream_input_box —
Results |
A |?- association(R, 0, 10, 10, 5). i Input expected on ECLiPSe input stream:
R =[] - [[cereal, milk], [beer, cereal, d b
Yes (0.03= cpu) eeﬂ]
clear ok
WL 1
Output and Errur Messages
L Besult——————-

1. If [cereal, diaper] then [beer] | Sup :40.0 | Conf :100.0 | Score :70.0
2. If [diaper] then [beer] | Sup :60.0 | Conf :75.0 | Score :67.5

3. If [egg] then [beer] | Sup :20.0 | Conf :100.0 | Score :60.0

4. If [egg] then [beer, cereal] | Sup :20.0 | Comnf :100.0 | Score :60.0
3. If [cereal, egg] then [bkeer] | Sup :20.0 | Conf :100.0 | Score :60.0

PN ¥ P v v & v @ Aa a ¢ &
E‘U'VI 3.6 ﬂ’]iﬁ@UﬂWiJsllaiJuaLW@LLﬁﬂQﬂ{]ﬂ'ﬂNﬁﬂquﬁ 5 EJ‘LJG]ULLiﬂ‘VIlILUEJiL‘UUL‘{j’mﬂJ']EJ“U@Qﬂ{]

Query Entry
eclipse g:|asscciat_iantR,O,lO,lO,E}

*
run | more I Runnina make I in
& ec_stream_input_box =— mm h

B =11 - [lcereal, milk], [bes . .
Yes (0.05s cpu) Input expected on ECLiPSe input stream:

?- association(r, O, 10, 10, [

v < clear | ok
= —————————————————————————— | k‘
Output and Error Messages

» |1. If [beer] then [diaper] | Sup :60.0 | Conf :100.0 | Score :80.0
2. If [cereal, diaper] then [beer] | Sup :40.0 | Conf :100.0 | Score :70.0
3. If [beer, cereal] then [diaper] | Sup :40.0 | Conf :100.0 | Score :70.0
4, If [beer, milk] then [diaper] | Sup :40.0 | Conf :100.0 | Score :70.0
5. If [diaper] then [beer] | Sup :60.0 | Conf :75.0 | Score :67.3

Eﬂﬁ 3.7 ﬂ’TﬁﬁE]UﬂWllLW@LLﬁﬂQﬂ{]ﬂ')WQJaﬂJWUﬁ 5 'EJUWULLiﬂIﬂEJlﬂJ’i”ULﬂ’MJJ’]EJ‘UENﬂ{]
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A a [ 2 oy N 1Y % v 6
nsszyRauluieatulewiundeinmsvielidesnisliusngluraans  Tuswnsy
Top-K-patterns 1¥38asenaesdoanuliney 3 a3t woldldaunsassyleuleld 3 nsdl
A

e

% Al

(0) Msszyseslowiuigldaula wlundosdomnuusniivsngiuivinge
adldlifanuaulalulowaladufivey Tifuidydnuel (] wdana ok witdesnsseyd

Tunganuduiusdesdilowiudesuas@isoa Wi [ [oeer], [cereal] ] lunsdiffosnisszy

Ilungenuduiusdesusngiiesvsedisea Tafiun [ [beer, cereal] ]

(o)  msszylawiuilidesnisiusnnglung  svszylunassdenuiiaasiiaz

Usngiuinvtinae suiuumsseyasmilouiulunsdiusn

(en) MssyyamzanLdmanevong (@unusinguas then Tungauduiug)

sgszylunaastaninuiany



unil 4

nan1snagaulusunsy Top-K-patterns

NsNAdRUANNgNABNarUTEAVTNMYBIUIUNTY Top-K-patterns iy
TmlluenAdsel al9R3ouiiouiunadnédildaniusunsy Apriori (Agrawal and Srikant,
1994)  Fadulsunsumasgdifhazldlunmsdumsuiuuiivinguesiazuaninaguuuy
fuludnuagresngeuduius Snvaznavioudovaddneioufesuunguaslo
fusnglungiléainlusunsy Top-K-patterns waglusunsu Apriori Tneglumiseiiandou
Wsunsu  Apriori ludnwazaeanislusunsudemssneilditeulatefusazyszananauu
goWAurd ECLiPSe wainiielilusunsy Top-K-patterns waz Apriori Slannuindeud

Y a Y] N o a ~ a
ﬂLﬂaLﬂENﬂull']ﬂV]Ej@LLagﬁ@ﬂ’mNaqL'P]EJQIUﬂ’]iLIJ‘JEJ'UW]EJ‘U

4.1 dayanltlunismagau

lunmegauAUgnAvILazUsEaNEA NYealUsINTYU Top-K-patterns 41u3dul
ld¥oya Churn  (mdlwanaldain  https/www.sgi.com/tech/mlc/db/  uazidendaya
churn.data)  YeyatiduiinyuaziBungnArvesuseninsdniuiamildulssmaanigeisn
A 9 va 5% Y Ao v a Y a a o
ialdimeranvarvesgnaniuuilinazenidnnislduinisvesu3un (chum = true)
Yoy Churn Useneusig 3333 1sarain Teyaluusagzisanasaduiinsivaziden
a % 6 v ! o a ¥ d' a L4
wonssunsiinsdnivesgnaudazste (FAesuieteyaasulunisnd 4.1) wginssunisld

o Ly

Insdnivuinlukuineau (feature, variable, or attribute) Usenaunie 21 Aaduil wily

Udenldiies 12 eedudl esnnmslaseideyaiUosmunuiteasidealy 9

[y

U
Aodutiinud Aoy wazaaduilvanillidwmadion1siaseningnasenidnnsidusnig
a v o VP = a a = = 1
YosuTEVnIell (WuAe churn = true wuEfENIANUIAT W38 churn = false nunedialil
gAENUINIT)
a Y =~ au & Y o v v a
nswseudeyaiieliluainidelavdesdinisulasguuuudeyn uazazdeuUdeu
v A K Y 1 a | . . gj dy P a ¢ A
Joyaimdumdiavliluaidangy (categorical or nominal) MatiilesanMsiaTeiive
o o va o @ & a ¢ =V o o v a2
mngaNuduiusldIsn studuiugiulunisiwsey  Fddanunsavinuiudeyaiduan
) oA [ ) v PN Y ) ' | Yo d' PN
savsiaiiiodld AnvuzvetoyaulassUluuuAILanwIag 19U ELlARIUN 4.1 Tikan
! <@ = | A & 1 [y 4 a [ L4
druvesmsusseelewin (e lululaluusazaedaul Tnsuanssvazideaanzaoaul

vMailPlan gz vMailMessage) wazguil 4.2 Nuansdiudeyalasuaniiiesauisanaso
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=i = % Y aw DA o e
AN5199 4.1 waviBuntoyagnAuIEng liuInisinsdny
Foiwus yiadoya  A1e5ue

state discrete Name of 50 states and District of Columbia

accountLength continuous  How long account has been active

areaCode continuous
intIPlan discrete Dichotomous categorical, yes or no
vMailPlan discrete Dichotomous categorical, yes or no

vMailMessage continuous  Number of voice mail messages

dayCalls continuous  Number of times customer used service during day time
eveCalls continuous  Number of times customer used service during evening
nightCalls continuous  Number of times customer used service during the night
intICalls continuous  Number of times customer used service for international
calls

custServCalls continuous  Number of times customer called the customer service
churn discrete Dichotomous categorical, true or false

data([

[vMailPlan_no], [vMailPlan_yes],

[VMailMessage 25],[vMailMessage 26],[vMailMessage 0],[vMailMessage 24],
[vMailMessage 37],[vMailMessage 27],[vMailMessage 33],[vMailMessage 39],
[vMailMessage 30],[vMailMessage 41],[vMailMessage 28],[vMailMessage 34],
[VMailMessage 46],[vMailMessage 29],[vMailMessage 35],[vMailMessage 21],
[VMailMessage 32],[vMailMessage 42],[vMailMessage 36],[vMailMessage 22],
[VMailMessage 23][vMailMessage 43],[vMailMessage 31],[vMailMessage 38],
[VvMailMessage 40],[vMailMessage 48],[vMailMessage 18],[vMailMessage 17],
[VMailMessage 45][vMailMessage 16],[vMailMessage 20],[vMailMessage 14],
[VMailMessage 19],[vMailMessage 51],[vMailMessage 15],[vMailMessage 11],
[VMailMessage 12],[vMailMessage 47][vMailMessage 8],[vMailMessage 44],
[VMailMessage 49],[vMailMessage 4],[vMailMessage 10],[vMailMessage 13],
[vMailMessage 50],[vMailMessage 9], ... 1 - [ // data part //1).

JUT 4.1 Taseadadeyadiuszyseazidonvadlowy
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data([ // item part // ]

-1

[state_KS,accountLength 128,areaCode 415,intlPlan_no,vMailPlan_yes,vMailMessage 25,
dayCalls 110,eveCalls 99,nightCalls 91,intlCalls_3,custServCalls 1,churn_False],

[state_ OH,accountLength 107,areaCode 415,intlPlan_no,vMailPlan_yes,vMailMessage 26,
dayCalls_123,eveCalls_103,nightCalls 103,intlCalls_3,custServCalls_1,churn_False],

[state IN,accountLength 65,areaCode 415,intlPlan_no,vMailPlan no,vMailMessage 0,
dayCalls 137,eveCalls 83,nightCalls 111,intlCalls 6,custServCalls 4,churn True],

-1

JUN 4.2 fegretayaauisnnain

4.2 Nan1Inagau

maveaeulUsunsuwUsdunsmageunugniesuaznsvageuUszansam Tu
duvesmmaaourugndedliiinisiiouiiouduiunguasdeleiuiiumnglungilés
nlUsLNTN Top-K-pattems (Wisuiflsuinaseiufungiiléuanlusunsy Apriori videlal
Tnerusaiiuayuuazaaudeiutusossisaeslusunsalinsety nadwsillduanad
U7l 4.3 Baldannnsimun Minsup = 50% uag Minconf = 100% (lulusunsu Apriori #in
atuayu 50% agvanefainnudoyatus 1666 1sannia) nafildiswiunguassneanden
lewunsatu Sedudulsinlusiunsy Top-K-patterns hamildgndes Sruaungilédl 4 ng fe
IF (vMailPlan=no) THEN (vMailMessage=0)
IF (vMailMessage=0) THEN (vMailPlan=no)
IF (churn=False & vMailPlan=no) THEN (vMailMessage=0)

IF (churn=False & vMailMessage=0) THEN (vMailPlan=no)

nsvieuvedlusunsy Top-K-patterns agldiialunisUszunana 1.78 Ui
Tuvazlusunsy Apriori T9ian 1.73 3wl anflusunsu Top-K-patterns @aslaunnnii
= A v ] = 1 Yy v & v W & Yy A o w
Wesnnledumlamiueniusinguesumaiiadungenuduius  agdossssadungey
ATLULRGEYRIAIAIRTuLasAaTuAYY INUUAREeNNNHlATIUYEIER 1A SuRULSN
Felusunsy Apriori aglifitumeunisfnidenng @ duduusn Favililusunsy Apriori

Uszananalaisinidntios
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eclipse §:|top_K_patternst10} 3
run more I Yes make interrupt
Results
A |?- top K patterns(10).
Yes (1.78s cpu)
W
Output and Error Messages
~ Result
1. If [vMailFlan no] then [vMailMessage 0] | Sup :72.2906403940887 | Conf :100.0 | Score :86.1453201970443
2. If [vMailMessage_0] then [vMailPlan nol | Sup :72.2906403940887 | Conf :100.0 | Score :86.1453201970443
3. If [churn_False, vMailPlan no] then [vMailMessage 0] | Sup :60.0677339901478 | Conf :100.0 | Score :80.0338669950739
4. If [churn_False, vMailMessage_0] then [vMailFlan no] | Sup :60.0677339901478 | Conf :100.0 | Score :80.03386699350739
v

|ecl.i.pse §:|ap:ciaritR,1666,100}

run more Yes

Results

A |7~ apricri(R, léee, 100).
E = [] - [[state ES, accountLength 128, areaCode 415, intlPlan no, vMailP.
Yes (1.73= cpu)

v <

Output and Error Messages
A |If [vMailPlan no] 2348 then [vMailMessage 0] 2348
If [vMailMessage 0] 2348 then [vMailPlan no] 2348
If [churn_False, vMailFlan no] 1951 then [vMailMessage 0] 1951
If [churn False, vMailMessage 0] 1831 then [vMailFlan no] 1831

JUN 4.3 Han1IageUANYNABIYBdlUIILNTY Top-K-patterns (nwuw) lWWisuiguiiu

TUsunsu Apriori (nwans)

=

Tudunaunmvegeuyszansnmuenganuduiusila  degldssyReulededu

]

A lemegeudunisidtaradiuiu 8 Jeminin [@eAiniui 2-8 1den Minsup uaz

Minconf 1 uULAgINUTBAIDNNLTA) AIT

Query 1: Rules are to be induced with the thresholds:

— minimum support (Minsup) = 1.5% (or 50 records from the total of 3333)

— minimum confidence (Minconf) = 80%.

Query 2: Rules must contain the feature churn_False (or non-churner).

Query 3: Rules must have at least three items.

Query 4: Rules must NOT contain the feature ‘churn_False’.

Query 5: Rules must contain the feature ‘churn_False’ as the target of the rule.

Query 6: Rules must contain either the feature ‘churn_False’, OR ‘churn_True’.

Query 7: Rules must contain both the features ‘churn_True” AND ‘vMailPlan_no’.

)

Query 8: Rules must satisfy these constraints:
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— has at least three items,
— must contain both ‘churn_False” AND ‘vMailPlan_no’,
— must NOT contain either the feature ‘vMailMessage 0’, OR ‘intlCalls 2’,

— the target clause of the rules must be ‘churn_False’.

NAN1IAERUTRAINILT 1 melusunsy Apriori wazlusunsu Top-K-patterns

wananmSeuLiigulacagui 4.4

Query Entry
eclipse g:laprioritR,SO,BO}
run more Yes make
Results

A |?— apriori(R, 30, 80).

R = [[churn False, custServCalls 0, custServCalls 1, intlCalls 2, wMailMessage 0, vMailFla

Yes (51.88s cpu)
v <

Output and Error MESSBQES

A |If [churn False, EustSeerallsZS, inthalls_ﬂ,_vMailPlan noT 52 then [vMailMesgﬁge_p] 52

If
If
If
If
If
If
If

[churn False, custServCalls 3, intlCalls 4, vMailMessage 0] 52 then [vMailFlan no] 52
[custServCalls 3, intlCalls 5, vMailPlan no] 58 then [churn False, vMailMessage 0] 351
[custServCalls 3, intlcalls 5, vMailMessage 0] 58 then [churn False, vMailFlan no] 51
[custServCalls 3, intlCalls 5, vMailMessage 0, vMailPlan no] 58 then [churn False] 51
[churn False, custServCalls 3, intlCalls 5] &l then [vMailMessage 0, vMailFlan no] 31
[churn False, custSerwCalls 3, intlCalls 5, vMailPlan nc] 51 then [vMailMessage 0] 51
[churn_False, custServCalls_3, intlCalls_ 5, vMailMessage 0] 51 then [vMailFlan no] 51

Query Entry
eclipse ﬂ:|assaciation[R,O,l.S,BO,lOOO}
run | more I Yes make
Results

A |2- association(R, 0, 1.5, 80, 1000).
R = [[churn False, custServCalls 0, custServCalls 1, intlCalls 2, vMailMessage 0, vM:
Yes (5B8.75s cpu)

Output and Error Messages

~ (281, If [eveCalls 96] then [churn False] | Sup :1.5086206EB965517 | Conf :81.66666666
482. If [nightCalls 100] then [churn False] | Sup :1.69334975369458 | Conf :80.88235!
483. If [nightCalls 106] then [churn False] | Sup :1.6625615763546E8 | Conf :80.58701:
484. If [nightCalls 106] then [vMailMessage 0] | Sup :1.66256157635468 | Conf :80.59
485. If [nightCalls 106] then [vMailPlan no] | Sup :1.66256157635468 | Conf :80.5970:
486. If [nightCalls 106] then [vMailMessage 0, vMailPlan no] | Sup :1.66236157633468
487. If [eveCalls 94] then [churn False] | Sup :1.87807881773399 | Conf :80.26315789:

JUT 4.4 Manegautarnui 1 melusunsy Aprior waglusinsu Top-K-patterns

(Query 1: Minsup=1.5% or 50 records, Minconf=80%)
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Tunsdlveademanudl 28 TWsunsu Apriori hianwisaUseananaldiiesnn
Tsunsu Apriori Lilsignesnuuulssyfeulvtadudu 9 uenmdleanratiuayuuazean
mudesiutus sufunsnageutemawd 2-8 SeildlemzAulusunsy Top-K-patterns
wanamalifagui 4.5-4.11 Tagluusaznmazuanindesdonimiiszylefindidesns lowi
laigoans warlowiunthmneg indevenmitilunadnduesmsdumngaudusiug

dugarhevesunildfasunaililumsssnanauazdedon  Sunungfild

dednwiuReululsduiinundu uanslugun 4.12

Input expected on ECLiPSe input stream:
[[churn_False]]

clear ok

(szylawiuiisosnstiusinglung)

Input expected on ECLiPSe input stre

[

clear ‘ ok

(szylawuiludesnmslivsinglung)

Input expected on ECLiPSe input stre
[

clear ‘

k
> (eylowiuluthmnegveiny)

‘—Query Entry

eclipse g: association(R,0,1.5,80,1000)
run more _] Yes make
Results

A [2- association(®R, 0, 1.5, 80, 1000).
R = [[churn False, custServCalls 0, custServCalls 1, intlCalls 2, vMailMessage 0, wMailPl
Yes (55.92s cpu)

v <

Output and Error MESS&QES

~ [323. If [custServCalls 3, intlCalls 3, vMailMessage 0, vMailPlan no] then [churn False] |
324. If [intlcalls 1] then [churn False] | Sup :3.879310344B82758 | Conf :80.2547770700637
325. If [custServCalls 0, intlCalls_ 2] then [churn False] | Sup :2.61699507389163 | Conf
326. If [eveCalls 86] then [churn False] | Sup :1.20862068363217 | Conf :E8l.666666666666T
327. If [nightCalls 100] then [churn False] | Sup :1.603340975368458 | Conf :80.8823528411
328. If [nightCalls 106] then [churn False] | Sup :1.66256157635468 | Conf :80.5970148253
329. If [eveCalls 94] then [churn_ False] | Sup :1.B7B07BE1773398 | Conf :80.2631578947368

JUT 4.5 Manegeutarnui 2 melusunsy Top-K-patterns

(Query 2: Minsup=1.5%, Minconf=80%, must contain ‘churn_False’)
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Input expected on ECLiPSe input stre Input expected on ECLiPSe input stre Input expected on ECLiPSe input stre
[ (0 [
clear | ok clear | ok clear | ok
Query Entry
eclipse g:|association(R,3,1.5,80,1000}|
run more I Yes make | interrupt
Results

v L

A |2- association(R, 3, 1.5, 80, 1000).
R = [[churn_False, custServCalls 0, custServCalls_ 1, intlCalls 2, vMailMessage 0, vMailPlan no], [churn False,
¥es (55.6ls cpu)

Output and Error Messages

» (243, If [custServCalls_3, intlCalls 5] then [vMailMessage 0, vMailPlan nol | Sup :1.783571428571429 | Conf :82.f
244. If [churn_True, intlCalls_3] then [vMailMessage_ 0, vMailPlan no] | Sup :2.49384236453202 | Conf :81.818181
245. If [custServCalls 3, intlCalls 3, vMailMessage 0] then [churn False] | Sup :1.60089B8522167488 | Conf :82.5:
246. If [custServCalls 32, intlCalls 3, vMailPlan no] then [churn False] | Sup :1.60098522167488 | Conf :82.538¢
247. If [custServCalls 3, intlCalls 3, vMailPlan no] then [churn False, wMailMessage 0] | Sup :1.6008852216748¢
24B. If [custServCalls 3, intlCalls 3, vMailMessage 0] then [churn_False, vMailPlan no] | Sup :1.6008852216748¢
249. If [custServCalls 3, intlCalls_ 3, vMailMessage 0, vMailFPFlan no] then [churn False] | Sup :1.6009852216748%

v <
JUN 4.6 MInagautarnui 3 melusunsy Top-K-patterns
(Query 3: Minsup=1.5%, Minconf=80%, must contain at least 3 items)
Input expected on ECLiPSe input stre Input expected on ECLiPSe input strear Input expected on ECLiPSe input stre
[ |[[chum_False]} (0]
clear | ok clear | ok clear | ok
Query Entry

|eclip3e g:|assoc.iationtR,O,l.S,SO,lOOO}

run | more ! Yes make |

Results

A |2- association(®, 0, 1.5, 80, 1000).
R = [[churn False, custServCalls 0, custServCalls 1, intlCalls 2, vMailMessage (0, vMailFlan no],
¥e= (52.362 cpu)

Output and Error Messages

|

v

A (152, If
153. 1f
154. 1f
155. If
156. If
157. 1f
158. 1f

[churn True, intlCalls 3] then [vMailMessage 0, vMailPlan no] | Sup :2.49384236453202 | C
[dayCalls_108] then [vMailMessage 0] | Sup :1.66256157635468 | Conf :81.8181818181E18 | 5
[dayCalls 108] then [vMailPlan no] | Sup :1.66256157635468 | Conf :B1.B1E81B1B18181E8 | Sco
[dayCalls 108] then [vMailMessage 0, wMailPlan no] | Sup :1.66256157635468 | Conf :81.B1E
[nightCalls 106] then [vMailMessage 0] | Sup :1.66256157635468 | Conf :B80.5970148253731 |
[nightCalls 106] then [vMailPlan no] | Sup :1.66256157635468 | Conf :80.55701485253731 | s
[nightCalls_106] then [vMailMessage 0, wMailPlan no] | Sup :1.66256157635468 | Conf :B80.5

SUN 4.7 Msvedeutemniud 4 melusunsy Top-K-patterns

Y

(Query 4: Minsup=1.5%, Minconf=80%, must NOT contain ‘churn_False’)
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Input expected on ECLiPSe input stre Input expected on ECLiPSe input stre Input expected on ECLiPSe input strear
[l (0] |Hchurn_Fa|sﬂ}
clear | ok clear | ok clear | ok
Query Entry

|eclipse g:|association(R,0,1.5,80,1000}

run | more I Yes make |

Results

~ |2- association(®, 0, 1.5, 80, 1000).
E = [[churn False, custServCalls 0, custServCalls 1, intlCalls 2, wMailMessage 0, vMailFlan no
Yes (53.84s cpu)

Output and Error Messages
~ |249. If [custServCalls 3, intlCalls 3, vMailMessage 0, vMailFlan no] then [churn False] | Sup
250. If [intlCalls 1] then [churn False] | Sup :3.87931034482759 | Conf :80.2547770700637 | Sc
251. If [custServCalls 0, intlCalls 2] then [churn False] | Sup :2.61699507389163 | Conf :80.9
252. If [ewveCalls 98] then [churn False] | Sup :1.50862068965517 | Conf :B1l.6666666666667 | Sc
253. If [nightCalls_100] then [churn_ False] | Sup :1.69334975369458 | Conf :80.B823529411765 |
254. If [nightCalls 10&] then [churn False] | Sup :1.66256157635468 | Conf :80.5970149253731 |
255. If [eveCalls_94] then [churn False] | Sup :1.87807881773399 | Conf :80.2631578947368 | Sc

sUN 4.8 nsnadeuToAInIuil 5 aaelusinsu Top-K-patterns

Y

(Query 5: Minsup=1.5%, Minconf=809%, at target of rule must contain ‘churn_False’)

Input expected on ECLiPSe input stream:

Input expected on ECLiPSe input stre Input expected on ECLiPSe input stre
[[churn_False,churn_True]]
[ (0]
clear | ok clear ok clear | ok
Query Entry

eclipse g:|associationtR,O,l.S,BO,1000}

run more I Yes make |

Results

A |2- asscciation(r, 0, 1.5, 80, 1000).
R = [[churn False, custServwCalls 0, custServCalls 1, intlCalls 2, vMailMessage 0, vMailFlan no], [c!
Yes (56.06s cpu)

Output and Error Messages
A |3682. If [custServCalls 3, intlCalls_ 3, wMailMessage 0, vMailPlan no] then [churn False] | Sup :1.60(
366. If [intlcalls 1] then [churn False] | Sup :3.87931034482759 | Conf :80.2547770700637 | Score :¢
387. If [custServCalls 0, intlCalls 2] then [churn False] | Sup :2.81899507389163 | Conf :80.952380¢
368, If [eveCalls_96] then [churn False] | Sup :1.308620688965317 | Conf :E8l.666666EREEERET | Score i
369. If [nightCalls 100] then [churn False] | Sup :1.693348753689458 | Conf :B80.8B23528411765 | Scorxe
370. If [nightCalls 10&] then [churn False] | Sup :1.66256157635468 | Conf :80.5870149253731 | Scoxe
371. If [eveCalls_94] then [churn False] | Sup :1.878078B1773399 | Conf :80.2631578947368 | Score :¢

v < I

JUT 4.9 Manegeutarnui 6 melusunsy Top-K-patterns

(Query 6: Minsup=1.5%, Minconf=80%, must contain ‘churn_False’ OR ‘churn_True’)
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|
Input expected on ECLiPSe input stre

Input expected on ECLiPSe input stre Input expected on ECLiPSe input stre
[[churn_True], [vMaiIPIan_nD]]l
[ (0]
clear ok clear ok clear | ok
Query Entry
eclipse g H:
run | more I Yes make | il
Results

A |?- association(R, 0, 1.5, EBO, 1000).
B = [[churn_False, custServCalls 0, custServCalls 1, intlCalls 2, wvMailMessage 0, ¥MailPlan no], [churn_
Yes (47.80s cpu)

Output and Error Messages

£T. 1L [OUin ILiuc, CUSLOCLvoaiis 1] LISl [VEGIiRcSSagt U, VEGILlEiail O0] | Oup - L1 Il0&SUuUusseg 1 CoiL
25. If [churn True, custServCalls 2] then [vMailPlan no] | Sup :2.21674876847291 | Conf :85.714285714285
26. If [churn True, custServCalls 2] then [vMailMessage 0, vMailPlan no] | Sup :2.21674876847291 | Conf
27. If [churn True, intlCalls 4] then [vMailPlan no] | Sup :1.93965517241379 | Conf :84.0 | Score :42.96
28. If [churn True, intlCalls 4] then [vMailMessage 0, vMailPlan no] | Sup :1.893865517241379 | Conf :84.
29. If [churn True, intlCalls 2] then [vMailPlan no] | Sup :2.64778325123153 | Conf :82.68923076923077 |
30. If [churn True, intlCalls 2] then [vMailMessage 0, vMailPlan nc] | Sup :2.64778325123153 | Conf :82.
31. If [churn True, intlCalls 5] then [vMailPlan no] | Sup :1.53940B86699507 | Conf :83.3333333333333 |
32. If [churn True, intlCalls 5] then [vMailMessage 0, vMailPlan no] | Sup :1.53940886699507 | Conf :83.
33. If [churn True, intlCalls 3] then [vMailPlan no] | Sup :2.49384236453202 | Conf :81.81B1B18181818 |
34. If [churn True, intlCalls 3] then [vMailMessage 0, vMailPlan no] | Sup :2.49384236453202 | Conf :81.

x| 22022

JUN 4.10 Mnaaeutadnui 7 melusunsy Top-K-patterns

(Query 7: Minsup=1.5%, Minconf=80%, must contain ‘churn_True’ AND ‘vMailPlan_no’)

Input expected on ECLIPSe input str Input expected on ECLiPSe input str Input expected on ECLiP!

[[churn_FaIse],[vMaiIPIan_no]]l [[vMailMessage_0,intlCalls 2]]' [[chumfFaIse]]l

clear ok clear |

clear ok
Query Entry

eclipse g:|associationtR,3,l.5,80,1000}

run more I Yes make | inter

Results

/A [?- association(R, 3, 1.5, B0, 1000).
B = [[churn_False, custServCalls 0, custServCalls 1, intlCalls 2, wMailMessage 0, vMailPlan no], [churn Fal:
Yes (47.533s cpu)

v
Output and Error Messages

~ Result:
1. If [custServCalls 1, intlCalls 4, vMailPlan no] then [churn False] | Sup :4.2179802955665 | Conf :91.0946:
2. If [custServCalls_0, intlCalls 5, vMailPlan no] then [churn False] | Sup :2.0628078817734 | Conf :93.055!
3. If [custServCalls 3, intlCalls 4, vMailPlan nec] then [churn False] | Sup :1.60008522167488 | Conf :02.85
4. If [custServCalls 2, intlCalls_3, vMailPlan no] then [churn False] | Sup :2.95566502463054 | Conf :90.561
5. If [custServCalls 1, intlCalls 3, vMailPlan no] then [churn False] | Sup :4.1256157635468 | Conf :89.333]
6. If [custServCalls 1, intlCalls 5, vMailPlan no] then [churn False] | Sup :3.07881773399015 | Conf :88.49!
7. If [custServCalls_1, intlCalls 6, vMailPlan no] then [churn False] | Sup :2.40147783251231 | Conf :87.6841
8. If [custServCalls 2, intlCalls &, vMailPlan nec] then [churn False] | Sup :1.60008522167488 | Conf :88.13!
9. If [custServCalls_3, intlCalls 5, vMailPlan no] then [churn_False] | Sup :1.57019704433488 | Conf :87.03:
10. If [custServCalls 2, intlCalls 5, vMailPlan no] then [churn False] | Sup :2.0320197044335 | Conf :86.84!
11. I1f [custServCalls 0, intlCalls 3, vMailPlan no] then [churn False] | Sup :2.52463054187192 | Conf :86.3:
12. If [custServCalls_ 2, intlCalls_ 4, vMailPlan nc] then [churn_False] | Sup :2.40147783251231 | Conf :85.7.
13. If [custServCalls 0, intlCalls 4, vMa2ilPlan nc] then [churn False] | Sup :2.61690507380163 | Conf :83.3:
14. If [custServCalls_3, intlCalls_3, vMa2ilPlan no] then [churn_False] | Sup :1.60098522167488 | Conf :82.50

-

JUN 4.11 Manaaeutadinui 8 melusunsy Top-K-patterns
(Query 8: Minsup=1.5%, Minconf=80%, has at least 3 items, must contain both ‘churn_Flase’ and

‘VMailPlan_no’, must NOT contain ‘vMailMessage 0’ or ‘intlCalls_2’, target must be ‘churn_False’)
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5.1 #5Unani1sivy

ﬂ’ﬁé’umgmwuﬁﬂsmgﬂaa (frequent pattern discovery) LaglanINadNsUDs
sUuvvidunludnuarvesternudwmssng “d iamgnisal Sadeya) X ud oiAn
wgnsal (miedeya) Y sausdae” vie IF X THEN Y (@199sfsugdiuvgadu X => V)
Senimsiuvilesdeyaviinn1sAumanuduius (association mining) N1FIATIEVvRYA
Tudnwagnsdumaruduiust  Wunssuiumsdnluiffideddnmagudoyaningrudeya
vaesey Tuusiazseulusunsuaztiulewiu (tem, attribute, feature, or variable) fiUsIng
sufuluusasnsuusaty (ioisanesn) Wetumnuivesnsusngsuduveusazngule
i nauivanEizeninesvesleia vie lewiuen (temset)

msviwilosdoyaussianAurmarmduiuswiuiinisfumenddilowiudsng
Uow (frequent itemset) swiasausnislowin lUauimanedunienaedeslowiu nseu
gudoyavansseudfietuinauaiwesmisfniuturesngulorty  Sudunuilénauas

wiheaudn - lunsdifideyadidruauleiuuazdaunsuueadugunn  wudeyanm

Y Y

¥ v =

G & a 6 1 g v I = a a !
Joyatuiinnsidnldiu  insesreuiawmesdiuyananldeuiuniliennasiussansamll
=) = Yo &

WeanaNazUszutanalad e
v Y . a o W ¥ 3 1 )
n1sldieuladsdu (constraint) WeddnveulwanisAumlewinusinguey Ju
v aa Y A a = & A o aAo & w v
wwnaanidedlditoiuanuislunisussatana  wazanilennuiieaudinindudesld
dwsutufinanudvesmsiinsiuiuveslewmdlueaiiauls  wwimaddywnnuudunduly
16 1w Tnsussanasuuvunuiiedinamslunsdssanans Mlaswaidayaduliiie
Freaniiuineanudlunisiuiinuaansdingy  winmsldReuludsruilunisanveuwn
vosUinfidum (search space) Fadutadelnensaitivannisldilleniisanuiuazan
wainstsznana msldReulatidudszneudiunisfumenuduiusnusnguesdaiu

WUININANYBIUITT

Reulvdsdunldeglullsunsudumenuduiusaulvgsvuloulvmativayuy
TUAT (minimum support) kagAIMILTBLUTUAT (minimum confidence) AaTUALLTY
° = A8 o 3 | A v 1 v U sa 1 l
aasnueisaianudtuiveslainnusInguesigldaninayiinadnsiiiaula  lagen

advaywveaslawinen X uaz Y azdwaldanduunsuseedunusingiidlewia X uay Y
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MINET LN UBATUT IMUALUgIUTEYE (SUpport(XAY) = number of transactions

that contain (XAY) / number of all transactions) lewfiuwniiusinguoslsifanmusidus
wgnagiia esngldnnialillinadnsiidulsslonidonmai iy warluduneu
dsfiasiiiunsadieng “6 X udr v’ nnguuedleiuiivsnguesiunmsidusi agld
HouluteduiiFend aenuidesudusuesngeuduius faludpdumesmativayures
loviutanseraduayuresamyladuiivnngluterudin “817  vesngaudiiug
thufie confidence(X=>Y) = support(XAY) / support(X) nganuduiiuslanimanuidesi
laifanaeitusiiglisey arlignuanadunadng

TUsunsu Apriori (Agrawal and Srikant, 1994) L‘fJuIU'iLmeLLiﬂﬁT%ﬁﬁaﬁuaw
wazAanudesutuindudoulsddy  afiuanudivesmsfumsuuuuredleuanad
Usnguosuazuansuadmsludnuurnganudinius  Waunsuildunnudidagennluns
Ussgnaldrudeyalussusins 9 wiidlesandedrinvedusunsu Apriori ifldasdies
yanossznanadeyanaisnds  whidunenaedndildfiousumaliuayuuasanaim
esuduslimngauduioyavesny wananiingildazusnglediuiionasdamniala
nszeluluusazngauenudflodhniy 9 Wedwiulediudu 1 Tugnudoyaniuueaty
shlmdutiymdedldlunisdumngiiiniaturedlediviiuaulafie U lddsslovddoly
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nOUITAIAAN

v
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Aasilaifesseyteuleleduin laaiFenldids top K patterns(K) wagseusiiesdnuiung
A v L4 v 6 o ! o 1 dll o g.J/ ° Y 14
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=
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I I < o 1 <
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Ussmw%’a;ﬂa (classification) 1o
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U3AU (constraint logic programming) Uszaunadsamuinguszeasd Tufeanusaineu
Isignaeaifisunindulusunsy Aprior Mdeuldfuunsuanslutiogtiu uazlusunsy Top-k-
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Frequent Pattern Discovery with Constraint
Logic Programming

Nittaya Kerdprasop and Kittisak Kerdprasop

Abstract—Constraint logic programming is a declarative
programming style combining the features of logic programming and
constraint propagation to solve combinatorial and optimization
problems such as resource allocation, scheduling, and routing. We
consider the problem of mining frequent patterns within a setting of
constraint logic programming approach. Frequent patterns are
patterns such as sets of features or items in transactions that appear
frequently. Such patterns can reveal associations, correlations, and
many other interesting relationships hidden in a dataset. Constraints
can play an important role in improving the performance of mining
algorithms. The problem of constraint-based pattern mining can be
formulated as the discovery of all patterns in a given dataset that
satisfy the specified constraints. We present implementation of
problem modeling and solving with respect to pattern mining in
knowledge discovery in databases.

Keywords— Frequent pattern discovery, Itemset mining, Logic-
based programming, Constraint programming, ECLiPSe constraint
system.

. INTRODUCTION

HE main goal of data mining is to extract hidden
knowledge from data [8]. Knowledge is a valuable asset
to most organizations as a substantial source to enhance
understanding of data relationships and support better
decisions to increase organizational competency. Automatic
knowledge acquisition can be achieved through the
availability of the knowledge induction component. The
induced knowledge can facilitate various knowledge-related
activities ranging from expert decision support, data
exploration and explanation, estimation of future trends, and
prediction of future outcomes based on present data. The
methodology of knowledge induction is known as knowledge
discovery in databases, or data mining.
Data mining methods are broadly defined depending on the
specific research objective and involve different classes of
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mining tasks including regression, classification, clustering,
identifying meaningful associations between data attributes.
The later mining task refers to association mining, or market
basket analysis [9] in the retail business domain, which is the
main focus of our research.

Association mining is a popular method for discovering
relations between features or variables in large databases [11],
[12], [14], [19] and then presenting the discovered results as a
set of if-then rules, such as {milk, bread} => {butter} to
indicate that if a customer buys milk and bread, he or she is
more like to buy butter as well. Association rule generation
process is composed of two major phases: frequent itemset
mining and rule generation. Frequent itemset mining is to find
all items or features that are frequently occurred together [13],
[21]. It is an import phase of association mining because it is a
difficult task to search all possible itemsets. We thus pay
attention to the design and implementation of frequent itemset
discovery by applying the methodology of constraint logic
programming. Our implementation is based on the ECLiPSe
constraint system.

The organization of this paper is as follows. The problem of
frequent pattern discovery is defined in Section 2. Then the
logic-based and constraint programming implementation of
frequent pattern discovery is explained and demonstrated in
Section 3. Experimentation and results are presented in
Section 4. Finally, Section 5 concludes the paper with
discussion of our future research direction.

Il. CONCEPTS AND TECHNIQUES OF FREQUENT PATTERN
DISCOVERY

Frequent patterns are patterns such as sets of features or
items that appear in data frequently. Frequent pattern mining
focuses on the discovery of relationships or correlations
between items in a dataset. A set of market basket transactions
[1], [2] is a common dataset used in frequent pattern analysis.
A dataset is typically in a table format. Each row is a
transaction, identified by a transaction identifier or a TID. A
transaction contains a set of items bought by a customer. A set
of transactions might be organized in either an enumerated
(dense), or a sparse binary vector format [6]. In either format a
dataset can be processed horizontally or vertically. Figure 1
illustrates the data organization formats of a simple market
basket dataset.
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Fig. 1 horizontal and vertical organization schemes of transaction
database

In a horizontally enumerated data organization (Figure
1(a)), each transaction contains only items positively
associated with a customer purchase. It is a simplistic
representation of market basket data because it ignores other
information such as the quantity of purchased items or the
profit of item sold. A horizontally enumerated format is
sometimes referred to as a TidLists dataset organization.

In a vertical organization of items bought enumeration
(Figure 1(b)), each column stores an ordered list of TIDs of
the transactions that contain an item. This format of a dataset
occupies that same space as the horizontally enumerated
format.

Figures 1(c) and 1(d) represent a binary vector format. A
value in each vector cell is 1 if the item is present in a
transaction and 0 otherwise. A binary vector format is referred
to as a TidSets dataset organization.

Recent attention has been given to the influence of data
organization on the performance of the process of frequent
pattern discovery. A vertical vector organization has been

Issue 8, Volume 5, 2011

proven an efficient layout for the problem of frequent pattern
discovery, but it suffers from the memory usage. In this paper,
we study the performance of frequent pattern discovery based
on the horizontal item organization.

In frequent pattern mining, we are interested in analyzing
connections among items. A collection of zero or more items
is called an itemset. For example, the first transaction in
Figure 1 contains the itemset {Cereal, Milk}. Since this set
contains two items, it is called a 2-itemset. An itemset can be
an empty set, a 1-itemset, a 2-itemset, and so on. Figure 2
shows all combinations of distinct itemsets from the set of
items {B, C, D, E, M}, where B = Beer, C = Cereal, D =
Diaper, E = Egg, and M = Milk.

(-itemset

Litemset

Litemset

itemset

BCDM  BCDE  BCEM  BDEM  CDEM Litemset
BCDEM Sitemset

Fig. 2 a lattice of possible frequent patterns from the five distinct
items

The discovery of interesting relationships hidden in large
datasets is the objective of frequent pattern mining. The
uncovered relationships can be represented in the form of
association rules. An association rule is an inference of the
form X = Y, where X and Y are non-empty disjoint itemsets.
To form association rules, we consider only valid itemsets. An
itemset is valid if it really occurs in a transaction. For instance,
from a dataset shown in Figure 1 an itemset {Egg, Milk} is
invalid because none of the customers buy both eggs and
milk.

The identification of all valid itemsets is computational
expensive. It can be seen from Figure 2 that a dataset of |
items has 2' distinct itemsets. To reduce the search space, the
measurements of support and confidence are used to constrain
the mining process.

The constraint support forces the mining process to
discover only relationships that occur frequently, while
confidence constrains the reliability of the inference made by a
rule.
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The support count for an itemset Z, denoted as o(Z), is the
number of transactions that contain a particular itemset Z. As
an example, consider a dataset in Figure 1, there are three
transactions (TID 2, 3, 4) that contain the item Beer, thus
o(Beer) = 3. Given the definition of support count, the metrics
support and confidence of the association rule X = Y can be
defined as follows [9].

Support, s(X 2> Y) = M )

where N is the number of all transactions.
o( X UY)

Confidence, c(X 2 Y) =
o(X)

Given a dataset as shown in Figure 1, an example of
association rule is the statement that "customers who buy beer
also buy diaper, with 60% supporting transactions and 100%
confidence." An itemset is called a frequent itemset if its
support is greater than or equal user-specified support
threshold (called minSup).

An association rule generated from frequent itemset with
the confidence greater than or equal a confidence threshold
(called minConf) is considered a valid association rule. With
the pre-specified minSup and minConf metrics, the problem of
association rule discovery can be stated as follows: Given a
set of transactions, find all the rules having support > minSup
and confidence > minConf. This problem can be decomposed
into two subtasks:

(1) Frequent itemset generation: find all itemsets that
satisfy the minSup threshold.

(2) Rule generation: generate from frequent itemsets all
high confidence rules.

It is the minSup constraint that helps reducing the
computational complexity of frequent itemset generation.
Suppose we specify minSup = 2/5 = 40% on a set of
transactions shown in Figure 1; the item {Egg} is infrequent.
As a result, all supersets of {Egg} are also infrequent. All
infrequent itemsets can then be pruned to reduce the search
space (see Figure 3).

This pruning strategy is called an anti-monotone property
and has been applied as a basis for searching frequent patterns
in the well known algorithm Apriori [1], [2]. The detail of this
algorithm is given in Figure 4.

The Apriori-like algorithms find all frequent itemsets by
generating supersets of previously found frequent itemsets.
This generate-and-test method is computational expensive.
Han et al [10] proposed a different divide-and-conquer
approach based on the prefix-tree structure that consumes less
memory space. Toivonen [20] employed sampling techniques
to deal with frequent pattern mining from large databases.
Zaki et al [22] tackled the problem by means of parallel
computation.
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Fig. 3 a reduced search space after pruning an infrequent item E

Algorithm Frequent pattern discovery
Input: Transaction database, DB, of itemset |
Minimum support threshold, minSup
Output: Sets of frequent patterns of length 1 to k,
P1, .., Pk

| 1. Py={x|xisanitemin | and s(P) > minSup }
| /[ 1-item pattern

| 2. For (k=1; P # @; k++) do
' 2.1 Cyu = Generate_candidate(Py )
|

2.2 Foreach T; e DB do

2.2.1 Increment the count ¢ of all candidates in Cy.1

that are contained in T;
2.3 Py={c|c € C, and c.count > minS }

3. Return Uy Py [/ return all sets of frequent patterns

Algorithm Generate_candidate

Input: Pattern at current level, P;;
Output: Pattern in larger level, C;

1. C;= & /linitialize candidate frequent pattern set
Il as an empty set

2. For each pattern J in P;; do

2.1 Foreach pattern Kin P;yand K = J do

2.1.1 If i-2 of the elements in J and K are equal then
2.1.2 If all subsets of {K U J } are in P;; then
3. Return C;

Fig. 4 a pseudo code of Apriori algorithm [1], [2]
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Some researchers [4], [7], [16], [17], [18] consider the issue
of search space reduction through the concept of constraints.
Our research is in the same direction as De Raedt et al [7]. We
consider the problem of mining frequent patterns within a
setting of constraint logic programming using the ECLiPSe
constraint system [3].

Constraints can play an important role in improving the
performance of mining algorithm. The problem of constraint-
based pattern mining can therefore be formulated as the
discovery of all patterns in a given dataset that satisfy the
specified constraints. In the next section, we present work in
progress of problem modeling and solving with respect to the
frequent pattern discovery in a transaction database.

I1l. LoGIC-BASED AND CONSTRAINT-BASED PROGRAMMING
PARADIGMS

The problem of frequent pattern discovery is to determine
how often a candidate pattern occurs. A pattern is a set of
items co-occurrence across a database. Given a candidate
pattern, the task of pattern matching is then applied to search
for its frequency looking for the patterns that are frequent
enough. The outcome of this search is frequent patterns that
suggest strong co-occurrence relations between items in the
dataset. We suggest that such pattern oriented task can be
efficiently implemented with logic-based languages.

A. Logic Program

In logic programming, a statement is called a clause, which
is a disjunction of literals (atomic symbols or their negations)
such as pvq and — pvr. A statement is in clausal form if it is
a conjunction of clauses such as (pv g) A(— pv r). Logic
programming is a subset of first order logic in which clauses
are restricted to Horn clauses.

A Horn clause, named after the logician Alfred Horn [15],
is a clause that contains at most one positive literal such as —
pv—qvr. Horn clauses are widely used in logic programming
because their satisfiability property can be solved by
resolution algorithm (an inference method for checking
whether the formula can be evaluated to true).

A Horn clause with no positive literal, such as —pv—q,
which is equivalentto —(p A q), is called query in Prolog and
can be interpreted as ‘:- p, ¢’ in which its value (true/false) to
be proven by resolution method. A clause that contains
exactly one positive literal such as r is called a fact
representing a true statement, written in clausal form as ‘r :-’
in which the condition part is empty and that means r is
unconditionally true. Therefore, facts are used to represent
data.

A Horn clause that contains one positive literal and one or
more negative literals such as — pv— qv r is called a definite
clause and such clause can equivalently written as (pa q)—r
which in turn can be represented as a Prolog rule as r :- p, g.
The symbol ‘:-’is intended to mean ‘<—’, which is implication
in first-order logic (it stands for ‘if’), and the symbol °,’
represents the operator A (or ‘AND”).
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In Prolog, rules are used to define procedures and a Prolog
program is normally composed of facts and rules. Running a
Prolog program is nothing more than posing queries to obtain
true/false answers. The advantages of using logic
programming are the flexible form of query posing and the
additional information regarding variable instantiation
obtained from the Prolog system once the query is evaluated
to be true.

The symbols p, g, r are called predicates in first-order logic
programming and they can be quantified over variables such
as r(X) :- p(X)Y), q(Y). This clause has the same meaning as
X (p(X,Y) A q(Y) — r(X) ).The scope of variables is within a
clause (delimit the end of clause with a period). Horn clauses
are thus the fundamental concept of logic programming.

The search for patterns of interest can be efficiently
programmed using the logic-based language such as Prolog.
In Prolog, the feature of pattern matching can be defined
through the use of arguments. For example, the following
program [5] demonstrates the length function (in Prolog it is
called predicate instead of function) to count the number of
elements in a list. Last argument is normally a place holder for
an output.

Variables in Prolog start with an uppercase letter such as
Xs, L, X. The first statement of the length predicate declares
the fact that the length of an empty list is zero. The last
statement of length predicate can be read as “length of the
list (X|Xs) is L is length of the list (Xs) is M and L is M+1.”

length([ ], 0). -- pattern 1: length of an empty list is O

length( (X|Xs), L) :- length( Xs, M), L is M+1.

-- pattern 2: length of a list whose first
-- element is X and remainder is Xs is 1+ length of Xs

In declarative language such as Prolog, programs are sets of
definitions and recursion is the main control structure of the
program computation. In imperative or procedural languages,
such as C and Java, programs are sequences of instructions
and loops are the main control structure. A logic programming
language like Prolog is a declarative language in which
programs are sets of predicate definitions.

Predicates are true or false when applied to an object or set
of objects. A predicate definition has a dual meaning: (1) it
describes what is the case, and (2) it describes the way to
compute something.

Declarative languages are mathematically sound. It is easy
to prove that a declarative program meets its specification,
which is an important requirement in software industry.
Declarative style makes a program better engineered, that is,
easier to debug, easier to maintain and modify, and easier for
other programmers to understand.

The following is the coding of frequent pattern mining
program in Prolog language with a simple transaction
database of five items as appeared in Figure 1(a).
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%% FrequentPattern.pl

% call ?- rl.

% ?- r2(X).

Y% ?- clear.

tid(5). % all transactions=5
s(3). % support=3 or 0.6
n([b,c,d,e,m]). % all items

item([c, m]).
item([b, c, d, e]).
item([b, d, m]).
item([b, c, d, m]).
item([d, m]).

rl :- n(X), cL1(X).
r2(X) :- cC2(X).
r3(X) :- cC3(X).

clear :- retractall(11())),
retractall(c1()),
retractall(c2()) ,
retractall(12()),
retractall(c3(_)),
retractall(13()).
cL1([]). % Create L1
cL1([H]|T]) :-
findall(X, f([H], X), L),
length(L, Len),
Len>=2,1!,
write( ok-head-H-len=Len),
nl,
cL1(T),
assert(11(([H], Len)))

cL1(T).

% Create C2, L2
cC2(X) :-

11((X, ),

11((X2, ),

X \==X2,

write(X-X2),

union(X, X2, Res),

assert(c2((Res))) ,

retract(11((X,_))) ,

nl.

crC2(L) :- findall(X, c2(X), L).

cL2([])-
cL2([H|T]) :-
findall(X, f(H, X), L),
length(L, Len),
Len >=2 |,
write( ok-head-H-len=Len),
nl,
cL2(T),
assert(12((H,Len)))

,cL2 (T).
cC3(X) :-
12((X, ),

12((X2,))),
X \==X2,
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write(X-X2),
union(X, X2, Res),
assert(c3((Res))) ,
retract(12((X,_))) ,
nl.

crC3(L) :- findall(X, c3(X), L).

cL3([])-

cL3([H|T]) :-
findall(X, f(H, X), L),
length(L, Len),
Len>=2,1,
write( ok-head-H-len=Len),
nl,
cL3(T),
assert(13((H, Len)))

cL3(T).
f(H, X) :- item(X),
subset(H, X).

The Prolog implementation of frequent itemset mining uses
the findall, assert, and retract predicates, which are higher
order. Higher-order predicate is a predicate in a clause that
can quantify over other predicate symbols [5]. As an example,
besides the rule r(X):- p(X,Y), q(Y), if we are also given the
following five Horn clauses (or facts): p(1, 2). p(1, 3). p(5, 4).
q(2). a(4).

By asking the query: ?- r(X), we will get the response as
‘true’ and also the first instantiation information as X=1. If we
want to know all instantiations that make r(X) to be true, we
may ask the query: ?- findall(X, r(X), Answer).We will get the
response: Answer = [1,5], which is a set of all answers
obtained from the predicate r(X) according to the given facts.
The predicate symbol findall quantifies over the variables X,
Answer, and the predicate r. The predicate findall is thus
called a higher-order predicate.

B. Constraint Logic Program

Constraint logic programming is a declarative programming
style that combines the features of logic programming and
constraint  propagation to solve combinatorial and
optimization problems. A constraint logic program is an
extension of logic program by including constraints in the
body of the clauses. Common structure of a constraint
program is consisted of the part to define variables and
constraints on variables and the part to search for a valid value
on each variable. This is the style of constraint-and-search.
The structure of constraint logic program is as follows:

solve(Variables) :-
setup_constraints(Variables),
search(Variables).

Figure 5 demonstrates the different between logic program
and constraint program on the same problem of map coloring
[3]. The problem is given four colors and four regions, the
program has to provide coloring scheme such that two
consecutive regions have different colors.
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% Map coloring problem
% Prolog style: Generate-and-test

color(red).
color(green).
color(blue).
color(yellow).
color_LP([A,B,C,D]) :-
color(4),
color(B),
color(C),
color(D),
A\=B, A\=C, A\=D,
B\=C, B\=D,
C \=D.

% Map coloring problem

% CLP style: Constrain-and-search

:- lib(fd).

color_CLP([A,B,C,D]) :-
[A,B,C,D]::[red, green, blue, yellow],
alldifferent([A,B,C,D]),
labeling([A,B,C,D]).

Fig. 5 Logic programming versus constraint logic programming

The following implementation is the coding of frequent
pattern mining in constraint logic programming using the
ECLIiPSe system (http://www.eclipseclp.org). The data set is
transactional database containing itemset | as appeared in
Figure 1(a). The constraint problem can be formulated as:
given a transactional database D and a minimum support
threshold o, find all frequent itemsets FS such that FS = { X <
I | support(X) > o }. Screenshots of ECLiPSe system when a
minimum support has been set to be 0.3 and 0.6 are shown in
Figure 6.

% Frequent pattern discovery with constraint
:-lib(listut).
:-dynamic(c/2).
item([[b], [c], [d], [e], [ml]]).
t([c, m]).
t([b, c, d, €]).
t((b, d, m]).
t([b, c, d, m]).
t({d, m]).
solve(Sigma) :- % Sigma=MinSupport
retract_all(c(_,_)),
findall(X,t(X),AllTrans),
length(AllTrans,NoTrans),
MinSup is Sigma*NoTrans,
item(IT),
% scan in all transactions
(foreach(Y,IT), param(MinSup)
do findall(Y,(t(T), subset(Y,T)), Res),
length(Res, Len),
(Len >= MinSup -> writeln(Y-Len),
assert(c(1,Y)) ; true)),
(for(K,1,5), param(MinSup)
do (findall(Y, c(K,Y), RR),
KK is K+1,
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findall(R1, (subset(S, RR),

myunion(S, R1),

length(R1,Len),

Len = KK), Resl1),
maplist(flatten, Res11, Res12),
remove_dups(Res12, Resl1),

(Res1=[] -> fail ; true), % break when [ ]
(foreach(Y1, Res1), param(KK),
param(MinSup)
do findall(Y1, (t(T), subset(Y1, T)), Res2),

length(Res2,Lenl) ,

(Lenl >= MinSup ->
writeln(Y1-Lenl),
assert(c(KK,Y1)) ; true) )

) ). % end solve
myunion([X,Y], Z) :- union(X,Y,Z).

ECLiPSe 6.0 Toplevel
File Query Tools Help

B

Query Entry

§:|solvew_s:_| é‘

n Ho make ‘

|eclipse

Results
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Fig. 6 Screenshots of ECLiPSe constraint system with 0.6 (top
screen) and 0.3 (bottom) minimum support values, respectively
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IV. EXPERIMENTATION

We comparatively study the performance of our
implementations of frequent pattern discovery using logic
programming (SWI Prolog) and constraint logic programming
(ECL.iPSe constraint system). All experimentations have been
performed on a 796 MHz AMD Athlon notebook with 512
MB RAM and 40 GB HD. We select four datasets from the
standard UCI Machine Learning Repository (http:/
www.ics.uci.edu/~mlearn/MLRepository.html) to test the
speed and memory usage of the programs. The details of
selected datasets are summarized in Table 1.

TABLE |
DATASET CHARACTERISTICS
Dataset Filesize  # Transactions  # Items
Vote 13.2 KB 300 17
Chess 237 KB 2,130 37
DNA 252 KB 2,000 61
Mushroom 916 KB 5,416 23

The frequent pattern discovery programs have been tested
on each dataset with various minSup values, ranging from
0.005 to 0.5. Performance comparisons of logic programming
(LP) and constraint logic programming (CLP) in terms of
speed and memory usage on four datasets are shown in
Figures 7 and 8, respectively. It can be noticed from the
experimental results that on both speed and memory usage
comparison CLP performs better than LP. However, the
degree of difference is insignificant.

V. CONCLUSION

Frequent pattern discovery is one major problem in the
areas of data mining and business intelligence. The problem
concerns finding frequent patterns hidden in a large database.
Finding such frequent patterns has become an important task
because it reveals associations, correlations, and many other
interesting relations among items in the databases. We suggest
that the problem of frequent pattern discovery can be
efficiently and concisely implemented with high-level
declarative language such as Prolog. Coding in declarative
style takes less effort because pattern matching is a
fundamental feature supported by most logic-based languages.
The implementation of Apriori algorithm using Prolog
confirms our hypothesis about conciseness of the program.

We also extend our study by implementing the algorithm
with constraint logic programming paradigm using the
ECLIiPSe constraint system. The performance studies also
support our intuition on the issue of efficiency because our
constraint-based implementation is slightly more efficient than
the conventional logic programming implementation in terms
of speed and memory usage.
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This preliminary study supports our belief regarding
constraint-based declarative programming paradigm towards
frequent pattern discovery. We focus our future research on
the design of constraint formulating and processing to
optimize the speed and storage requirement. We also consider
the extension of the algorithm in the course of concurrency to
improve its performance.
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Abstract

In the era of digital technologies, most enterprises have collected huge amount of data in
an electronic form. Business intelligence technology has emerged as a tool to support
information summarization, pattern extracting, knowledge discovery, and other knowledge-
related tasks. The main part of most business intelligence software is the data mining engine
to analyze and report relationships that exist in the stored data. Visualization tools are
created to help data analysts easily explore the induced information. For extremely large
amount of data stored in the data warehouse and data marts, simply explore information and
knowledge through the visualize tool is not possible. We thus propose to put more constraints
in the data mining engine of the BI software. We design the framework of the proposed Bl
system to predict customer churn in the telecommunication industry. The logic-based
implementation and performance testing results of the constraint-based pattern mining are
also illustrated in this paper.

Keywords: Constraint data mining, Pattern induction, Business intelligence, Customer
churn prediction, Constraint logic programming

1. Introduction

Business intelligence (BI) is a broad term normally used to refer to any aspect of
computer-based business applications including decision support, information
management, marketing automation, and intelligent data analysis [5, 10, 14]. The task
of automatically extracting patterns from data related to decision making is normally
done by applying statistical techniques [5]. Such methods cannot keep pace with the
exponential growth of electronic data. Business analysts are gradually exploiting a
faster tool of data mining techniques. Therefore, current Bl software in the market
contains more or less some modules of intelligent analysis based on data mining to
extract useful information hidden in the enterprise databases. The extracted information
from this automatic process is however tremendous in its quantity. Analysts have to
post-process the analysis results by thoroughly exploring and selecting only the most
informative knowledge reported to executives. Constraint data mining is thus lately
proposed by several researchers [6, 13, 22, 23, 24] as a technique to alleviate the
problem of superfluous knowledge.

In this paper, we propose a framework of incorporating a constraint-based pattern
mining as a knowledge discovery module in the Bl software. Such module can help
analysts filter from large amount of knowledge the most relevant ones to their interest.
The design and implementation of our pattern mining feature are based on the
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association rule induction [1]. Querying the induced rules can also be performed
through the logic-based language based on the Prolog syntax. The mining steps of our
system are constrained by preferences, which are to be identified by analyzer. The
experimentation to evaluate to performance of the proposed system has been done
through the analysis of customer churn.

Customer churn, also known as customer attrition or customer turnover, is the loss of
existing customers to another company or service provider. Business sectors take
customer churn as a serious subject because the cost of retaining current customers is
much lower than acquiring the new ones [25]. Conventional statistical methods such as
logistic regression analysis [17] are normally adopted to analyze and predict churning
customers. In the context of business intelligence, emerging techniques from the data
mining research field can also be applied to help analyzing churn customer in more
various aspects than the conventional methods. Automatic data analysis by means of
data mining and machine learning technologies has long been applied to the problem of
churn analysis (as summarized in Table 1).

Table 1. Summary of data mining techniques applied to churn analysis and

prediction
Literature Year Business Sector Data Mining Techniques
[15] 1997 Finance “Rough set theory
[11] 1998 Finance Genetic algorithm, Rough set theory,
~ Decision tree induction, Logistic regression
[18] 2003  Telecommunication  Naive Bayes
[28] 2005 Telecommunication Support vector machine, Neural network,
A Decision tree induction, Naive Bayes
[27] 2006  Telecommunication  Decision tree induction, Logistic regression
[17] 2006  Finance ~Logistic regression
[2] 2007  Telecommunication  Decision tree induction
[20] 2009  Telecommunication Hybrid of decision tree induction and
__logistic regression
[4] 2009 Finance, Decision tree induction, Logistic regression

Telecommunication,
Mass media, Retail

[21] 2010 Telecommunication Principal component analysis and clustering

[7] 2010 Finance, Supermarket  Probabilistic tree, AdaBoost

[9] 2010 Finance Support vector machine with rule
representation

[8] 2011 Finance, Retail, Boosting, Bagging

Telecommunication

[26] 2011  Telecommunication Ant colony optimization, Support vector
machine with rule representation

[19] 2011  Shipping Rule induction

[12] 2011 Finance Similarity-based approach
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Most work on customer churn analysis aims at inducing an accurate churner/non-
churner classification model. Besides high predictive accuracy of the model,
comprehensibility is also an important issue as pointed out in recent work on churn
prediction [12, 19, 26]. We also agree to the comprehensibility and applicability issues
in customer churn analysis. The model representation should be in a form that is easy to
understand by most users, not just the experts. We thus consider deliver model
induction results as a set of association rules. In this paper, we also propose a
framework to incorporate induced model to the decision support system. The design and
implementation of constraint-based rule induction module are main contribution of this
paper.

2. Pattern Analysis Framework and Mining Method

We design the inductive customer churn analysis framework (Figure 1) with the main
purpose of providing early suggestion to strategic planners before customers actually
leaving the company. The content management module is the part to access customer
details from the stored data. Not every single detail is to be used by the inductive
module, therefore the three modules (that is, content segmentation, content conversion,
and DM format manager) are necessary for screening and extracting potentially useful
features from the database. Selected data in an appropriate format are then sent to the
knowledge management module to analyze and induce model that can characterize
customers’ patterns and predict future events from current situation. These induced
models are considered valuable knowledge that will be finally sent back to generate
actionable suggestion to the strategic planners.

s
3

V Knowledge Mining Er?gine i
Knowledge Analyie:

~ Knowledge Converter

Knowledge
Module

_Strategic Planner |

Figure 1. The pattern analysis framework to induce knowledge for
supporting strategic decision
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The focus of our design is the knowledge mining engine, which is the main part of
the proposed business intelligence framework. The inductive algorithm in our
framework is the extension of Apriori [1], which is the most well-known algorithm for
association mining. We extend (in Figure 2) conventional association mining steps by
considering constraints that can possibly post by analyzers or strategic planners to
search for association rules that are really related to their objectives. Any irrelevant
rules will automatically be removed.

Algorithm Constraint-Association-Mining
//Input : Database D, Length, Subset, NotSubset, Minimum_support.
//Output: L, frequent itemsets in D.

(D L, = find_ frequent_litemset(D)

(2) for(k=2;Ly_; # O;k++){

3) C,. = apriori_gen(Ly_4, Minimum_support);
4) for each transaction t € D { // scan D for counts

(5) C; =subset(Cy, t)

(6) for each candidate c € C; {

(7N c.count++

8) }

9 C, = checkcondition(Length, Subset, NotSubset, C;)
(10) Ly = {c € C, | c.count = Minimum_support}

(11 }3

(12)  return Ly

Figure 2. A constraint-based association mining method

3. Implementation and Running Results

We implement knowledge mining engine with the constraint-based logic
programming paradigm using Eclipse 6.0 constraint system. The implementation of the
constraint-based association mining is illustrated in Figure 3. On running the
implemented program, we use the churn data in telecommunication industry [3, 16].
The data set contains information of 3333 customers. In the original data set, each
customer record has 21 features (or variables) in which the last one is the label
churn/non-churn. Details of these features are explained in Table 2. The first step of our
experimentation is feature selection; the selected 12 features are state, account length,
area code, international plan, voice mail plan, number vmail messages, total day calls,
total eve calls, total night calls, total intl calls, number customer service calls, and
churn. The other nine features are removed because of their insignificance in inducing
model.
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:-lib(ordset).
;- compile("filename.txt"). % load file.

association(R,Lengthl,Subset,NotSubset,MinSup,Conf) :- data(Data), Data =_-_,
( count(l,2,6), fromto(Data,S0,S1,R), param(MinSup,Lengthl,Subset,Conf,NotSubset) do
( S0=A-B, findCL(A-B-MinSup,R-_-_, Lengthl,Subset,NotSubset,Conf),
allunion(l,R,NewltemSet), S1=NewltemSet-B),! ).

findCL (ItemSet-Items-MinSup,R-Items-MinSup,Lengthl,Subset,NotSubset,Conf) :-
ItemSet = [H|_],length(H,Lenltem),
Lenltem =1 -> findSubOk(ltemSet,Items,MinSup,R,_) ;
(findLength(Lengthl,ltemSet,ItemSetl),
findSubset(ItemSet1,R1,Subset), findNotSubset(R1,R2,NotSubset),
findSubOk(R2,Items,MinSup,R,Lenltem1) ), findRule(R-Items-Conf,Lenltem1).

findLength(Cons,Re,R) :- (foreach(l,Re), fromto(R,S1,S0,[]), param(Cons) do
length(l,Lenltem),Lenltem > Cons -> S1=[1]S0],!; S1=S0 ).

findSubOk(R2,Items,MinSup,R,R1) :-
(foreach(X,R2), fromto(R,S1,S0,[]),fromto(R1,S3,S2,[]), param(ltems,MinSup) do
supOK(X,Items,MinSup,Len) -> S1=[X|S0],S3 = [Len|S2], ! ; S1=S0, S3=S2 ).

findSubset(X,X,[]).
findSubset(ItemSet,R1,[Subset|Tr]) :- Subset =[] -> R1 = ItemSet ;
(foreach(X,ItemSet), fromto(R,S1,S0,[]), param(Subset) do
intersection(Subset,X,ReSub),ReSub\=[] -> S1=[X|S0], !; S1=S0), findSubset(R,R1,Tr).

findNotSubset(X,X,[]).

findNotSubset(ItemSet,R1,[NotSubset|Tr]) :- NotSubset =[] -> R1 = ItemSet ;
(foreach(X,ItemSet), fromto(R,S1,S0,[]), param(NotSubset) do
intersection(NotSubset, X,ReSub),ReSub=[] -> S1=[X|S0], !; S1=S0),
findNotSubset(R,R1,Tr).

supOK(X,Items,MinSup,Lenltem) :- (foreach(l,Items), fromto(R,S1,S0,[]), param(X) do
(my_subset(X,1) ->S1=[1]|S0],!; S1=S0) ),
length(R,Lenltem), Lenltem >= MinSup.

findRule([]-_-_.[D).
findRule([X|ltemSet]-1tems-MinConf,[Lenltem|Lenltem1]) :- ItemSet =0 -> ! ;
findall(Re,powerset(X,Re),PwSet),
(foreach(ltemX,PwSet), param(X,Items,Lenltem,MinConf) do
(ltemX =X ; ItemX =[] ->!; supOK(IltemX,ltems,0,LenltemX),
conOk(Lenltem-LenltemX-MinConf) -> createRule(ItemX,X,Re),
write('lf "), write(ItemX), write(' '), write(LenltemX), write(' then '), write(Re),
write(' "), writeln(Lenltem), ! ; 1)), findRule(ItemSet-Items-MinConf,Lenltem1).
createRule(],X,X).
createRule([H|Tr],X,Result) :- delete(H,X,Re),createRule(Tr,Re,Result).

conOk(Lenltem-LenltemX-MinConf) :- Re is (Lenltem/LenltemX)*100,Re >= MinConf .

Figure 3. Implementation of the proposed constraint-association-mining
algorithm

15




International Journal of Multimedia and Ubiquitous Engineering
Vol. 8, No. 3, May, 2013

Table 2. Variable details of the customer churn data

state

account length
area code

phone number
international plan
voice mail plan
number vmail messages
total day minutes
total day calls
total day charge
total eve minutes
total eve calls
total eve charge
total night minutes
total night calls
total night charge

total intl minutes

total intl calls

total intl charge

number customer service calls

churn

discrete

continuous
continuous
discrete

discrete

discrete

continuous
continuous
continuous
continuous
continuous
continuous
continuous
continuous
continuous
continuous

continuous

continuous
continuous
continuous

discrete

Name of 50 states and District of Columbia

How long account has been active
A surrogate for customer ID
Dichotomous categorical, yes or no
Dichotomous categorical, yes or no

Number of voice mail messages

Minutes customer used service during the day

Minutes customer used service during evening

Minutes customer used service during the night

Minutes customer used service to make international
calls

Dichotomous categorical, true or false

We then performed a series of eight experiments on the selected churn data set to
induce association rules with various constraints:

Exp. 1: Rules are to be induced with thresholds: minimum support = 50 (that means there
must be at least 50 records from the total of 3333 satisfying the rule’s content) and
minimum confidence = 80%. (The other experiments also specify the same minimum

Exp. 2:
Exp. 3:
Exp. 4:
Exp. 5:

16

support and confidence.)

Rules must have at least three features.

Rules must contain the feature churn_False (that is, customer is non-churner).

Rules must NOT contain the feature ‘churn_False’.

Rules must contain the feature ‘churn_False’ at the then-part of the rule.
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Exp. 6: Rules must contain either the feature ‘churn_False’, or ‘churn_True’.
Exp. 7: Rules must contain both the feature ‘churn_True’ and ‘vMailPlan no’.

Exp. 8: Rules must have at least three features, must contain both ‘churn False’ and
‘vMailPlan no’, must NOT contain either the feature ‘vMailMessage 0°, or
‘intlCalls_2’, and the target clause of the rules must be ‘churn_False’.

Running result of experiment 8 is shown in Figure 4. We comparatively illustrate the
eight experimental results in Figure 5.
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Figure 4. Running results of experiment 8: minimum support = 50 and
minimum confidence = 80%. The results must contain rules that has at

least three features, must contain both ‘churn_False’ and ‘vMailPlan_no’,
the results must NOT contain either the feature ‘vMailMessage_0’, or
‘intICalls_2’, and the target
clause of the rules must be ‘churn_False’
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Figure 5. A comparison of computational time usage and number of rules
received from varying constraints in each of the eight experiments

In Figure 5, we plot graph on a logarithmic scale for ease of comparison. Experiment
1 represents the conventional Apriori association mining in which the inherent
constraints are minimum support and confidence. From experiments 2 to 8, we extend
the constraints to the specification of the desired association rules such as features that
must appear/not-appear in the final result, number of features in the rules, or specific
feature in the consequent part of the rules. It can be noticed that when we increase the
number of constraints, the number of association rules in the final result decreases
considerably. We observe that running time also decreases as we add more constraints,
but not at a significant rate.

4. Conclusion

A major task of customer relationship management department in many companies is
customer churn analysis. The objective of this kind of analysis is to gain insight into
consumers’ behavior who are about to leave for another service company. Timely
detection is believed to prevent these customers from attrition. Retaining current
customers are known to take less effort and budget than acquiring new customers. The
cost effectiveness is even higher if customers are valuable ones. Most business is
therefore taking the customer retention issue seriously. Customer churn prediction
models are a kind of tool that help marketing planners to sense the churning before it
actually happens. Prediction models are conventionally built by the systematic process
using statistical methods such as regression analysis. Since the emergence of new
technology such as data mining, more and more business analysts have paid attention to
this new technology. Many data mining methods including decision tree induction,
support vector machines, rule induction, and so on, have been applied to the churn
analysis task.

We propose in this paper that data mining methods suitable for business applications
should not only yield high accuracy models, but they should provide comprehensible
models for non-experts to understand. Black box models are obviously not easy to
understand. We consider the rule induction method based on the association mining
algorithm. Our proposed method of rule induction also incorporates module for users to
specify constraints on the induced rules. The implementation based on the concept of
constraint logic programming is illustrated in the paper. We present the design
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framework of our rule induction module as a part of an inductive decision support
system. The completion of other supporting modules in our design is our future research
direction.
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Abstract

Decision tree induction has gained its popularity as an effective automated method for
data classification mainly because of its simple, easy-to-understand, and noise-tolerant
characteristics. The induced tree reveals the most informative attributes that can best
characterize training data and accurately predict classes of unseen data. Despite its
predictive power, the tree structure can be overly expanded or deeply grown when the
training data do not show explicit patterns. Such bushy and deep trees are difficult to
comprehend and interpret by humans. We thus propose a logic-based method to query over a
complicate tree structure to extract only parts of the tree model that are really relevant to
users’ interest. The implementation using ECLiPSe constraint language to perform
constrained search over a decision tree model is given in this paper. The illustrative examples
on medical domains support our hypothesis regarding simplicity of constrained tree-based
patterns.

Keywords: Constraint data mining, Pattern induction, Querying, Classification tree,
Decision tree induction, Constraint logic programming

1. Introduction

A decision tree is a hierarchical structure comprising of nodes and edges. Each
internal node, including the root of a tree, represents a decision choice. All possible
decision choices are represented as branches from a node. The terminal decision
outcome appears at the leaf node [13, 20, 24]. Machine learning and data mining
communities consider the automatic process of building a decision tree from the
training data with labeled decision outcomes as a classification problem (if the decision
outcomes are continuous values rather than the nominal ones, it is referred to as a
regression problem).

Given a training data set with decision attributes and the labeled outcome, the
classification process aims at constructing an optimal classifier (or a tree) with
minimum classification error. The tree-based classification process is thus composing
of the tree-building phase and the pruning phase [12].

Building a decision tree from a set of training data is to partition data with mixing
decision classes down the tree until each leaf node contains data instances with pure
class. For a large data set with many attributes, constructed tree may contain branches
that reflect chance occurrences, instead of the true relationship underlying the data
subset. Many tree induction algorithms [5, 16, 18, 19] apply pruning strategies as

ISSN: 1738-9984 |JSEIA
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subsequent steps following the tree-building phase. A tree pruning operation, either pre-
pruning or post-pruning, involves modifying a tree structure to be more simplified.

The built tree is considered corresponding to a collection of decision rules when
traversing from the root node down to its leaves. A tree, or a set of decision rules, is
normally applied as a classifier to help identifying appropriate decision on the future
event or predicting class of unseen object. A classifier also serves as a generalized
model of the training data set. Due to its simplicity and efficiency, decision tree
induction has been applied in many research and application areas ranging from grid
computing [4], finance [15], engineering [22], health care industry [1, 14], medicine
[11], to bioinformatics [23].

Even with a tree pruning operation, a final tree structure can become a complex
model when applying to the real world data with so many instances and attributes.
General users and decision-makers normally prefer less complex decision trees. Many
researchers solve this problem by simplifying tree structure with the trade off in
classification accuracy [3], or applying some constraints during the tree-building phase
[8, 9]. Our proposed method is different from most existing mechanism in that we deal
with complexity problem after the tree induction phase.

We propose to construct a complete decision tree with the top-down induction
approach [17]. Then we suggest that the users can manipulate the structure to be less
complicate and truly reflect their interest by posing querying on this tree structure.
Querying the tree model also appears in the literature [2, 6] but with quite a different
purpose. Previous work on querying tree aims at extracting meta-data and statistical
information from the model. Our work, on the other hand, focuses on serving users to
extract only parts of the tree model that are of their interest.

We present the method and the detail of our implementation in Section 2. The
prototype of our implementation based on the logic programming paradigm is also
illustrated. Tree induction is normally implemented with SQL language [10, 21]; we
demonstrate in this paper that it can be more effective to implement with constraint
logic programming using ECLiPSe. Section 3 shows querying techniques. Efficiency of
our implementation on medical data [7] is demonstrated in Section 4. Conclusion
appears as the last section of this paper.

2. Building a Decision Tree Model with Logic Programming

We implement the decision tree induction method based on the ID3 algorithm [17]
using logic programming paradigm and run with the ECLiPSe constraint programming
system (http://www.eclipseclp.org). Program and data set are in the same format: that
is, Horn clauses. Example of breast cancer data set [7] is shown in Figure 1. Format of a
data set is data([[data instances]+[attribute set]]).

Program coding is given in Appendix. To run the program, users may simply call the
predicate “run” as shown in Figure 2. The output of the program is a tree model that has
been displayed as a textual format. Each branch of the tree has also been transformed as
a decision rule.
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data([ [age-"30-39", menopause-premeno, tumor_size-"30-34", inv_nodes-"0-2",node_caps-no,
deg_malig-3,breast-left,breast_quad-left_low,irradiat-no,class-no_recurrence_events],

[age-"40-49", menopause-premeno, tumor_size-"20-24", inv_nodes-"0-2",node_caps-no,
deg_malig-2,breast-right,breast_quad-right_up,irradiat-no,class-no_recurrence_events],
+
[ [class-no_recurrence_events, class-recurrence_events],
[age-"10-19", age-"20-29", age-"30-39", age-"40-49",age-"50-59", age-"60-69", age-

"70-79",age-"80-89",age-"90-99"],

[menopause-1t40, menopause-ge40, menopause-premeno],

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

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

[node_caps-yes, node_caps-no],

[deg_malig-1, deg_malig-2, deg_malig-3],

[breast-left, breast-right],

[breast_quad-left_up, breast_quad-left_low, breast_quad-right_up, breast_quad-
right_low, breast_quad-central],

[irradiat-yes, irradiat-no]

D).

Figure 1. Breast Cancer Data Set in a Horn Clause Format

|%& ECLiPSe 6.0 Toplevel

File Query Tools Help

eclipse &l |cun

| = —

- |2- run_
¥Yes (1.14s cpu, scluticn 1, maybe more)

Qutput al

“ |[iao_eco loaded in 0.02 seconds

Choose : [breast_guad — left_up, breast_guad - left_low, breast_gquad — right_up, breast_gq|
=|| 2t : breast_guad — left_up
| ans: elass - recurrence_events

rule :if breast_gquad — left_up then class - recurrence_svents

At : breast_guad — left_lowChoose : [inv_nodes — O — 2, inv_nodes — 3 — S, inv_ncdes - &

At : inv_neodes — 0 — ZChoose : [tumorsize — 0 — 4, tumorsize — 5 - 3, tumorsize - 10 - 1

At : tumorsize — O — 4

Zns: class - no_recurrence_svents

rule :if breast_guad — left_low inv_nodes — 0 — 2 tumcrsize — 0 - 4 then class - no_recu

At : tumorsize — 5 — 3

Zns: class - no_recurrence_svents

rule :if breast_guad — left_low inv_nodes — 0 — 2 tumcrsize — 5 - 3 then class - no_recu

At : tumorsize — 10 — 14

Zns: class - no_recurrence_svents

rule :if breast_guad — left_low inv_nodes - 0 — 2 tumcrsize — 10 - 14 then class — no_re

At : tumorsize — 15 — 15Choose :© [menopause — 1t40, menopause - ged4(, menopause — premen

At : mencpause — 1t40d

Zns: class - no_recurrence_svents

rule :if breast_guad — left_low inv nodes - 0 — 2 tumorsize — 15 - 13 mencopause — 1t40

At : mencpause — gedd

Zns: class - no_recurrence_svents

rule :if breast_guad — left_low inv _nodes - 0 — 2 tumorsize — 15 - 13 mencpause — ge40

At : menopause — premencChoose - [age — 10 — 15, age — 20 — 25, age — 30 — 35, age — 40

Figure 2. A Screenshot of Program Running on the Breast Cancer Data Set
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3. Querying a Tree Model

Once a decision tree model has been created as shown in Figure 2, user can then
query the model with 7 different styles of constraints:

findRule([]) : to display all rules extracted from a decision tree model.

findRule([X]) : to display only rules that are relevant to the attribute X (such as irradiat for
rules that contain the attribute “irradiat” or irradiat — yes as a query to show
all rules with “irradiat with value yes™); number of attributes is not limited.

findRule([\+X]) : to display all rules except the ones with attribute X (\+ means “not”).

findRule([X1,X2]) : to display all rules that satisfy the condition X1 AND X2 (negation \+ can
also be applied to the attributes X1, X2).

findRuleOr([[X1],[X2]]) : to display all rules satisfied either the attribute X1, or X2 (negation
\+ can also be applied to the attributes X1, X2).

findRuleOr([[\+X1],[\+X2]]) : to display all rules extracted from a decision tree model

findRuleOr([[X1\+X2],[\+X3,X4]]) : to display all rules that satisfy the compound
operations “(X1 AND (NOT X2)) OR ((NOT X3) AND X4)”.

We show the result of findRule([]) querying over a tree model induced from the
breast cancer data set in Figure 3. Then constraining the result with the query findRule
([class - recurrence_events]). The query result is shown in Figure 4.

if breast_quad - left low inv_nedes - 15-17 age - 40-43 then class -
if breast_quad - left low inv _neodes - 15-17 age - 50-53 then class -
if breast_quad - left low inv_ncdes - 24-Z& then class - recurrence ew
if breast quad - right_up tumor size - (-4 then class - no_recurrence_
if breast_quad - right up tumor size - 5-9% then class - no_recurrence |
if breast_quad - right up tumor size - 10-14 then class - no recurrenc

if breast_quad - right up tumor size - 15-15 then class - no recurrenc
if breast_quad - right up tumor size - 20-Z4 inv_neodes - 0-Z then cla
if breast_gquad - right up tumeor size - 20-Z4 inv_nodes - 3-5 then cla
if breast_gquad - right up tumor_size - 25-2Z5% deg malig - 1 then class
if breast_quad - right up tumeor size - 25-23 deg malig - Z age - 40-
if breast quad - right up tumor size - 25-2Z3 deqg malig - 2 age - 50-
if breast_gquad - right up tumor_size - 25-2Z% deg malig - 2 age - 50-
if breast_gquad - right up tumor size - 25-2Z3% deg malig - 2 age - &0-
if breast_gquad - right up tumor_size - 25-2Z3% deg malig - 3 age - 30-
if breast_gquad - right up tumor_size - 25-2Z3% deg malig - 3 age - 40-
if breast_gquad - right up tumor_size - 25-2Z% deg malig - 3 age - 50-
if breast_gquad - right up tumor size - Z25-2Z% deg malig - 3 age - &0-
if breast_gquad - right up tumor size - 30-34 deg malig - 1 then class
if breast quad - right up tumor size - 30-34 deq malig - Z node_caps
if breast_gquad - right up tumeor size - 30-34 deg malig - 2 node_caps
if breast_gquad - right up tumor size - 30-34 deg malig - Z node_caps
if breast_gquad - right up tumor size - 30-34 deg malig - Z node_caps
if breast_gquad - right up tumor size - 30-34 deg malig - Z node_caps

Figure 3. A Set of Rules Obtained from the Query findRule([])
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left low
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left low
left_low
left_low
left_low
left low
left_low
right_up
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right_up
right_up
right_up
right_up
right_up
right_up
right_up
right_up
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inv_ncdes
inv_nodes
inv_nodes
inv_nodes
inv_nodes
inv_ncdes
inv_nodes
inv_nodes
inv_nodes
inv_nodes
inv_ncdes
inv_ncdes
inv_nodes
inv_nodes
inv_nodes
inv_nodes
inv_ncdes
inv_nodes
inv_nodes
inv_ncdes
inv_nodes

tumor size -

tumcr size
tumor_ size
tumcr_size
tumcr_size
tumor_ size
tumcr_size
tumcr_size
tumcr_size
tumcr size
tumcr size

0-2 tumcr size - 30-34 age - 50-53% breast - left oy
0-2 tumor size - 35-3% age - 30-33 then class - recuy
0-Z tumor size - 35-39% age - 50-53% deg_malig - Z thy
0-2 tumor size - 40-44 age - 40-4% deg malig - 1 thy
0-2 tumor size - 40-44 age — 60-63 then class - recuy
0-2 tumecr size - 50-54 breast - right then class - =x¢
3-5 deg malig - 2 age - 30-39 then class - recurrence
3-5 deg malig - Z age - 40-43 breast - left then cl:
3-5% deg malig - 2 age - £0-%€5% then class - recurrence
3-5 deg malig - 3 age - 30-39 then class - recurrence
3-5 deg_malig - 3 age — 40-45 then class - recurrence
2-5% deg malig - 3 age - 50-55 then class - recurrence
3-5 deg malig — 3 age — &0-63 tumor size — 40-44 thy
£-8 tumor size - 15-1% then class - recurrence events
€-8 tumer size - Z5-29% then class - recurrence events
6-8 tumor size — 35-39 then class — reacurrence avents
£-8 tumcr size - 40-44 then class - recurrence events
59-11 age - 20-35 then class - recurrence_events

5-11 =age - 70-73 then class - recurrence_svents

15-17 =age - 40-43 then class - recurrence_events
24-2¢ then class - recurrence events

20-24 inv_ncdes - 3-5 then class - recurrence_events
25-2% deg malig - Z age - 50-53% breast - lefit then
25-2% deg malig - £ age - 80-&3 then class - recurrs
25-2% deg malig - 3 age - 30-33 then class - recurrce
25-2% deg malig - 3 age - 40-43 then class - recurre
Z5-2 deg malig — 3 age - 60-63 then class - recurrs
20-24 deg malig - Z node_caps - yes age - 40-43 thg
30-34 deg malig - Z node_caps - yes age - 50-53 the
30-34 deg malig - Z node_caps - yes age - &0-83 iy
20-24 deg malig - 2 age - 40-49% ncde caps - yes thyg
30-34 deg malig - 3 age - 50-59 then class - recurre

Figure 4. Result of Constrained Search with the Query findRule ([class -
recurrence_events])

4. Experimentation and Results

To test the performance of the proposed method to query over a discrete tree model,
we use the standard UCI data repository [7] including the hepatitis data set (155
instances and 15 attributes), breast cancer data set (286 instances, 10 attributes), and
thyroid disease data set (2800 instances and 16 attributes). Query result over a hepatitis
data set with the query is shown in Figure 5. For each data set we test the system with
seven different kinds of queries as summarized in the followings.

Hepatitis data set

findRule([])
findRule([bilirubin - "0.1-1.0"])
findRule([\+bilirubin - "0.1-1.0"])
findRule([bilirubin - "0.1-1.0" , class - live])
findRule([\+bilirubin - "0.1-1.0", class - live])
findRuleOr([[ascites - yes],[bilirubin - "0.1-1.0,age - "31-40"]]) % Version 1
findRuleOr (][ [ascites - yes],[bilirubin - "0.1-1.0" ,age - "31-40"]]) % Version 2

Breast cancer data set
findRule([])
findRule([breast_quad - right_up])
findRule([\+breast_quad - right_up])
findRule([breast_quad - right_up , class - no_recurrence_events])
findRule([\+breast_quad - right_up , \+class - no_recurrence_events])

findRuleOr([[breast_quad - left_low , inv_nodes - "6-8" ], [breast_quad - left_low,
inv_nodes - "6-8", tumor_size - "15-19"]]) % Version 1

Copyright © 2013 SERSC
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findRuleOr([[breast_quad - left_low , inv_nodes - "6-8" ] , [breast_quad - left_low,
inv_nodes - "6-8", tumor_size - "15-19"]]) % Version 2

Thyroid disease data set

findRule([])

findRule([pregnant - false])

findRule([\+pregnant - false])

findRule([query_hyperthyroid - true , query_hypothyroid - true , sex - male ,
on_antithyroid_medication - false])

findRule([\+query_on_thyroxine - false , \+on_antithyroid_medication , \+class -
sick])

findRuleOr([[query_hyperthyroid - true , query_hypothyroid - false] , [\+
query_hypothyroid - true] , [\+class - negative]]) % Version 1

findRuleOr([[query_hyperthyroid - true , query_hypothyroid - false] , [\+
query_hypothyroid - true] , [\+class - negative]]) % Version 2

File Query Tools Help

eclipse ¥ |:|findRule([1)
rumn | more I 3

Q

A |2— run.
" ||¥es (0.563 epu, scluticon 1, maybe more)
=|?- findRule{[]1).
" |l¥es to0.0z2s cpul
- 4
Output an
a |[bilirubin — 0.1-1.0, age - 51-&0, sgot - 101-200, class - die]
[bilirubin — 0.1-1.0, age - 51-&0, sgot - Z01-300, class — liwve]
[bilirukbin — 0.1-1.0, age - €1-70, albumin - Z2.1-3, class — liwve]
[bilirubin — 0.1-1.0, age - &1-70, albumin - 3.1-4, class - die]
[bilirukbin — 0.1-1.0, age - €1-70, albumin - 4_.1-5, class - liwve]
[bilirubin — 0.1-1.0, age - T71-80, class — liwve]
[bilirukbin — 1.1-2.0, spiders - yes, wvarices — yes, class - liwve]
[bilirubin - 1.1-Z2.0, spiders - yes, varices — no, class - diel
[bilirubin — 1.1-2.0, spiders — mo, sex - male, age — 21-30, class - liwe]
[bilirubin — 1.1-Z2.0, spiders - no, sex - male, age — 31-40, ascites - yes, class - liwve]
[bilirubin — 1.1-2.0, sgpiders - neo, Sex — male, age - 31-40, ascites — no, class — diel]
[Bilirukin — 1.1-Z.0, spiders - no, sex - male, age — 41-50, =got — 1-100, class — die]
[bilirubin — 1.1-2.0, spiders - no, sex - male, age — 41-50, sagot — 101-200, class - die]
[bilirubin — 1.1-Z2.0, spiders - no, sex - male, age — 41-50, sgot — Z01-300, class - liwve]
[bilirubkin — 1.1-2.0, spiders - neo, sex - male, age — 51-&0, agot — 1-100, class — liwvel
[bilirubin - 1.1-Z2.0, spiders - no, sex - male, age — 51-&0, sgot — 101-Z200, class - diel
[bilirubin — 1.1-2.0, spiders - no, sex - male, age — 51-&0, sagot — 201-300, class — die]
[Bilirukin - 1.1-Z.0, spiders - no, sex - male, age — €1-70, class - die]
[bilirubin — 1.1-2.0, spiders - no, sex - female, claas — liwve]
[Bilirukin - Z2.1-3.0, age - 11-20, clasa - liwve]
[bilirubin — Z2.1-3.0, age — Z1-320, malaise — yes, claas — liwe]
[Bilirukin - Z2.1-3.0, age - Z1-30, malaise - no, class - diel
[bilirubin — Z2.1-3.0, age - 31-40, class - die]
[Bilirukbin - Z2_.1-3.0, age - 41-50, stercid - yes, clagas - diel
[bilirubin — 2.1-3.0, age - 41-50, stercid — no, class - liwve]
[Bilirukin - Z2_.1-3.0, age - 51-80, classa - die]
[bilirubin — 3.1-4.0, stercid - yes, class — liwvel]
[Bilirukbin - 3.1-4.0, stercid - no, clags - diel
— | [bilirubin — 4.1-5.0, age - 21-30, class — liwve]
[Bilirukin - 4_.1-5.0, age - 41-50, clasa - die]
E|[bilirubin - 4.1-5.0, age - 51-%0, spleen palpable - yes, class — die]
[Bilirubin - 4.1-5.0, age - 51-80, spleen_palpzsble — no, class - liwve]

Figure 5. Running Result of Querying Hepatitis Data Model with the Query
findRule([])
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As a demonstration of querying the model, we show only one example. For the query
“findRuleOr ([ [\+referral_source-svhc, \+ query_hypothyroid - false, class - sick], [ \+
query_ hypothyroid - false] ])”, its result is as follows:

Rule 1: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
female on_thyroxine - false query_hyperthyroid - false psych - false
query_on_thyroxine - false on_antithyroid_medication - false pregnant - false
thyroid_surgery - false lithium - false goitre - false hypopituitary - false
then class - negative

Rule 2: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
female on_thyroxine - false query_hyperthyroid - false psych - true
then class - negative

Rule 3: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
female on_thyroxine - false query_hyperthyroid - true
then class - negative

Rule 4: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
female on_thyroxine - true
then class - negative

Rule 5: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
male query_hyperthyroid - false on_thyroxine - false query_on_thyroxine - false
on_antithyroid_medication - false pregnant - false thyroid_surgery - false lithium
- false goitre - false hypopituitary - false psych - false
then class - negative

Rule 6: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
male query_hyperthyroid - false on_thyroxine - true
then class - negative

Rule 7: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
male query_hyperthyroid - true on_antithyroid_medication - false
then class - sick

Rule 8: if referral_source - other sick - false tumor - false query_hypothyroid - true sex -
male query_hyperthyroid - true on_antithyroid_medication - true
then class - negative

Rule 9: if referral_source - other sick - false tumor - true
then class - negative

Rule 10: if referral_source - other sick - true sex - female query_hyperthyroid - false
query_hypothyroid - true
then class - negative

Rule 11: if referral_source - other sick - true sex - female query_hyperthyroid - true
then class - negative

Rule 12: if referral_source - other sick - true sex - male
then class - negative

Rule 13: if referral_source - stmw
then class - negative
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Rule 14:

Rule 15:

Rule 16:

Rule 17:

Rule 18:

Rule 19:

Rule 20:

Rule 21:

Rule 22:

Rule 23:

Rule 24:

Rule 25:

if referral_source - svhc query_hypothyroid - true on_thyroxine - false sick - false
sex - female psych - false
then class - negative

if referral_source - svhc query_hypothyroid - true on_thyroxine - false sick - false
sex - female psych - true query_on_thyroxine - false on_antithyroid_medication -
false pregnant - false thyroid_surgery - false query_hyperthyroid - false lithium -
false goitre - false tumor - false hypopituitary - false

then class - sick

if referral_source - svhc query_hypothyroid - true on_thyroxine - false sick - false
sex - male
then class - negative

if referral_source - svhc query_hypothyroid - true on_thyroxine - false sick - true
then class - sick

if referral_source - svhc query_hypothyroid - true on_thyroxine - true
then class - sick

if referral_source - svhd query_hypothyroid - true sex - female
then class - negative

if referral_source - svhd query_hypothyroid - true sex - male
then class - sick

if referral_source - svi query_hypothyroid - true sex - female sick - false
on_thyroxine - false query_on_thyroxine - false on_antithyroid_medication - false
pregnant - false thyroid_surgery - false query_hyperthyroid - false lithium - false
goitre - false tumor - false hypopituitary - false psych - false

then class - negative

if referral_source - svi query_hypothyroid - true sex - female sick - false
on_thyroxine - true query_on_thyroxine - false on_antithyroid_medication - false
pregnant - false thyroid_surgery - false query hyperthyroid - false lithium - false
goitre - false tumor - false hypopituitary - false psych - false

then class - sick

if referral_source - svi query_hypothyroid - true sex - female sick - true
then class - negative

if referral_source - svi query_hypothyroid - true sex - male sick - false
on_thyroxine - false query_on_thyroxine - false on_antithyroid_medication - false
pregnant - false thyroid_surgery - false query_hyperthyroid - false lithium - false
goitre - false tumor - false hypopituitary - false psych - false

then class - negative

if referral_source - svi query_hypothyroid - true sex - male sick - true
then class - sick

Performance of running results in terms of rule reduction, that is the simplification of
a tree model, can be graphically shown in Figures 6-8.
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5. Conclusion

Classification is a data mining task that aims to induce general concept from training
data. The induced concept not only explains major characteristics of the underlying
data, but also acts as a classification model to predict classes of unseen data. Several
learning algorithms have been proposed to induce classification concept, but the most
applicable algorithm is decision tree induction. The main reason for its popularity is a
simple and understandable form of a tree that has been used to represent the induced
concept.

Despite its simplicity and efficiency, it could be a problem when communicating
sophisticate concept as a large tree model to general users who are not an expert in
decision science or computer technology. Large tree model is difficult to comprehend at
a glance. Therefore, simplifying tree structure is necessary for conveying concept
model to novice users. Many researchers propose a constraint-based approach during
the tree-building phase to make a tree structure more simplified. We, however, consider
tree simplification as a post-process of decision tree induction. We propose to grow a
full decision tree. Then, apply users’ preferences as a constrained search over a tree
model. Only branches of a tree model that correspond to the user-specified constraints
are displayed in a simple form of decision rules to the users.

The implemented prototype is expected to ease users in searching for useful
knowledge from the tree model. The usability test with users who are practitioners in
the field is nevertheless essential to confirm our assumption. In our future work, we
also intend to consider other aspects of pushing constraints in the tree induction
process.
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Appendix

A source code of decision tree with findRule predicates to query a tree model,
implemented with constraint logic programming language ECLIiPSe, is given as follows.

%% Program Discrete-Tree Induction with findRule queries
:- lib(listut).

:- lib(sd).

:-dynamic rule_me/1.

:-dynamic allrule/1.

append_me([H|T],L,[H|RT]) :- append_me(T,L,RT).
append_me([],L,L).

findRuleOr([H|T]) :- ( findRule(H) -> true ;! ),
findRuleOr(T).
findRuleOr([]).

findRule(X) :- allrule(L),
findRule(X,L).
findRule(_,[]).
findRule(X,[H|T]) :- (findQuery(X,H)-> split_rule(H) ; true),
findRule(X,T).

findQuery([\+X|TX],H) :- (findAtt(X,H) -> false ; (findAttLabel(X,H) -> false ; true)),
findQuery(TX,H).
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findQuery([X|TX],H) :- (findAtt(X,H) -> true ; (findAttLabel(X,H) -> true ; false )),
findQuery(TX,H).
findQuery((],.).

findAtt(X,[X-_]|_]).
findAtt(X,[_| T]) :- findAtt(X,T).
findAtt(_,[]) :- false.

findAttLabel(X,[X]|_]).
findAttLabel(X,[_| T]) :- findAttLabel(X,T).
findAttLabel(_,[]) :- false.

run :- retractall(rule_me(_)),
retractall(allrule(_)),
compile("//C/Users/ASUS/Desktop/id3_ok/data-sickthyroid_OK.txt"),
data(Data+Attrs),
main(Data,Attrs,|]),
retractall(rule_me([_])),
findall(X,rule_me(X),R),
assert(allrule(R)).

main([],_, ).
main(_,[], ).
main(Data, Attrs,OldAttr) :- all_info(Data+Attrs, R1),

(\+*hasOneClass(R1) -> (maplist(avg_info,R1,0ut),
chooseMin(Out, nil/11,00),
00=0/_,
writeln('Choose :00),
[listut]:delete(Attrs,O,NewAttrs),
(foreach(X,0),param(Data,NewAttrs,OldAttr) do
(filterData([X],Data,NewData),
write(' At":X),
append_me(OldAttr,[X],0AL),
main(NewData,NewAttrs,OAL))

) ) ; writeln("),
getlast_goal(Data,Att-Ans),
write(" Ans: "), writeln(Att-Ans),
append_me(OldAttr,[Att-Ans|,NOAL),
write('rule :'),
split_rule(NOAL)),
assert(rule_me(NOAL)).

split_rule(NOAL) :- mem_last(NOAL,L,RL),write('if),
(foreach(RLL,RL) do write(' '),write(RLL),write(' '),
write('then'),write(' '), writeln(L).

%]last member in list
%mem_last([1,2,3,5,6],L,RL).
mem_last([H],H,]]).

mem_last([H|T],L,[H|RL]) :- mem_last(T,L,RL).

%mem(Data+Attrs),all_info(Data+Attrs,R).
all_info(Data+[P | Attr],R):-maplist(info(Data,P), Attr, R).

%mem(Data+_), info(Data,[p-y,p-n],[o-s,0-c,0-1], R).
%R=[2,3], [4,0], [3,2]]

info(Data, P, O, O-R) :- maplist(infol(Data,P),O,R).
infol(Data, P, O, R) :- maplist(mcount(Data,O),P,R).

mcount(Data,O,P,Sum) :- foreach(L,Data),fromto(0,I,R,Sum),param(O,P) do
((member(O,L), member(P,L))->R is I+1; R is I).

%avg_info(o-[[2,3],[4,0],[3,2]],R).

avg info(O-LL,O/Info ):- flatten(LL,L), sumlist(L, Sum),
(foreach(X,LL), fromto(0,I,N,Info),param(Sum) do
(sumlist(X,SumX),
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(Sum>0 -> Ratio is SumX/Sum, ! ; Ratio is 0),
logInfo(X,InfoSub),
N is I+(Ratio*InfoSub)

)

sumlist(L,[],L):-!.
sumlist([], [],[]):-!.
sumlist([H1 | T1],[H2 | T2],[HR|TR]) :- HR is H1+H2,sumlist(T1,T2,TR).

sumlists([],R,R):-!.
sumlists([H | T],PR,NR) :- sumlist(H,PR,R), sumlists(T,R,NR).

hasOneClass([]):-!.
hasOneClass([_-VL|T]) :- sumlists(VL,[],NR), hasOneClass(T,NR).

hasOneClass([],[]):-!.
hasOneClass([_-VL|T],PR) :- sumlists(VL,PR,NR), hasOneClass(T,NR).
hasOneClass([],[H|T]) :- (H=0 -> hasOneClass([],T) ; find(T)).

find([]):-!.
find([H|T]) :- (H=0 -> find(T) ; false).

% get the Last data in Fist of list in list
getlast_goal([H|_]|,R) :- getlast(H,R).
getlast([H],H).

getlast([_| T],R) :- getlast(T,R).

%filterData

filterData(_,[],[]).

filterData(L,[H | Data],[H | R]) :- msubset(L,H), !, filterData(L,Data,R).
filterData(L,[H | Data],R) :- \+msubset(L,H), !, filterData(L,Data,R).

msubset(S1,S2) :- foreach(X,S1), param(S2) do member(X,S2), !.
allmem([H],L) :- member(H,L), !.

allmem([H|T],L) :- member(H,L), allmem(T,L).

logInfo(XL, R) :- sumlist(XL,Sum), Sum==0, R=99, |.

logInfo(XL, R) :- sumlist(XL,Sum),

(foreach(X,XL), fromto(0,S,N,R), param(Sum) do
( Ratio is X/Sum,
(Ratio>0->[iso]:log(Ratio,Log) ; Log is 1), %log(0) is undefined
[iso]:log(2,Base2),
N is S-(Ratio*(Log/Base2))) ).

chooseMin([],0/Tmp,O0/Tmp).
chooseMin([A/H|T],0/Tmp,Min) :- (H<Tmp -> NextMin = A/H ; NextMin = O/Tmp),

chooseMin(T,NextMin,Min).

% ===== End of Program =============
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ABSTRACT
The discovery of association rules is a search for relationships from large data to obtain
patterns or models that are useful for marketing planning. But current techniques in
association mining take much time. Moreover, the discovered rules are normally abundant,
redundant, and some of them are useless. Therefore, this research proposes a constraint-
based technique to scope the search space and also to reduce the search time by allowing
user to specify the items of interest and length of the association rules. From experimental

results we found that with specific constraint such as the condition “and”, the running time
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and number of discovered rules can be reduced up to 96% when compared to mining with
no constraint.

KEYWORDS: Data mining, Association Rule Mining, Constraint Logic Programming
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% Program Top-K-patterns
% Created by Phaichayon Kongchai and Nittaya Kerdprasop

% Data Engineering Research Unit, Suranaree University of Technology, Thailand.
%

% Start the program by calling the top_K_patterns predicate with user-specified K, such as
% top_K_patterns(3)

%

%  To specify more constraints, user may use the following predicate

% association(R, Lengthl,MinSup,Conf,K)

%  where R is the output top-k rule set

% Lengthl is the length of itemset

% MinSup is minimum support threshold

% Conf is the minimu confidence threshold

% K is the number of top rules, in which top is ranked by confidence-support value.

:- compile('sample_data.txt"). % load file, the file name can be changed.
:- lib(sd).
:- lib(ic).
:- lib(ordset).
:- assert(rules()).
:- assert(k()).
:- writeln('This is the Mining Association Rule.'),
writeln('Put the query as ?- top_K_patterns(K).'),
writeln('You can also query by ?- association(R,Length,MinSup,Conf,K).').

top_K_patterns(K) :- association(R,0,30,30,K). % these default constraints can be changed

association(R,Lengthl,MinSup,Conf,K) :-

writeln('Please specify member in [[_]] :'),read(Subset),
writeln('Please specify member do not need in [[_]] :'),read(NotSubset),
writeln('Please specify member in [[_]] :'),read(Goal),

data(Data),Data=_-_,
retractall(rules(X)),retractall(k(X)), assert(k(0)), writeln('------ All-Rules----'), % fix to 6 loops
( count(1,2,6), fromto(Data, S0,S1,R),param(Lengthl,Subset,NotSubset,Conf,MinSup,Goal) do
( SO=A-B,
findCL(A-B-MinSup,R-_-_,Lengthl,Subset,NotSubset,Conf,Goal),
allUnion(I,R,NewItemSet),
S1=NewltemSet-B ),!
), findall(Point,rules([_ - _ - _ - _- Point]),Bag), sort(0,>,Bag,SPoint),
findall(All,rules(All),AllIR), writeln(' Result ,
topk(SPoint,AllR,K).

topk([],_, ).

topk([Chk | T],Bag,K) :-
sortRule(Bag,Chk,K),
topk(T,Bag,K).

sortRule([],_,_).

sortRule([Rule | T|,Chk,K) :-
k(Count),
Count=K ->1!;
[L-R-S-C-P]=Rule,
(P =:= Chk -> k(Count), CC is Count+1, write(CC),write('. If ),
write(L),write(' then '),
write(R), write(' | Sup :'),write(S), write(' | Conf :'),write(C),
write(' | Score :'),writeln(P), % Score is average of Supp and Conf
retractall(k(_)), asserta(k(CC)) ; ),
sortRule(T,Chk,K).
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% findCL([[a],[b],[c].[d],[e]]-[[a, c, d].[b, c, €],[a, b, ¢, €],[b, €]]- 2,
% R-[[a, ¢, d],[b, ¢, e],[a, b, ¢, e],[b, e]]- 2,0,[[]],[l],100,[[])-
findCL(ItemSet-Items-MinSup,R-Items-MinSup,Lengthl,Subset,NotSubset,Conf,Goal) :-
(foreach(X,ItemSet), fromto(R,S1,S0,[]), param(Items,MinSup) do
(supOK(X,Items,MinSup,Lenltem) -> S1=[X-Lenltem | SOJ, ! ; S1=S0)
), notlltem(R,Rel),
findLength(LengthI,Re1,Re),
findSubset(Subset,Re,R1),
findNotSubset(NotSubset,R1,R2),
findRule(R2-Items-Conf,Goal).

% Check Item set length > 1
notlltem(R,Re):- R=[H-_|_],length(H,Lenltem),Lenltem =1 -> Re =[] ; Re=R..

% findLength(0,[[a,b]-2,[a,c]-2],R).
findLength(Cons,Re,R):-
(foreach(I,Re), fromto(R,S1,S0,[]), param(Cons) do
I =X-_, length(X,Lenltem),Lenltem > Cons -> S1 =[1 | SO, !; S1=S0
).

%o findSubset([[b],[C]],[[a,b]-2,[b,C]-2,[b,c,d]—2],R1).
findSubset([],X, X).
findSubset([Subset | Tr],Re,R1):-

Subset =[] -> R1 = Re ;

(foreach(I,Re), fromto(R,S1,S0,[]), param(Subset) do
I=X-_,
Subsetl&::Subset, Y&::X, Subsetl&=Y ->S1 =[1 | SO],!; S1=S0O
),
findSubset(Tr,R,R1).

% findNotSubset([[b],[c]],[[a,b]-2,[b,c]-2,[b,c,d]-2],R1).
findNotSubset([],X, X).
findNotSubset([NotSubset | Tr],Re,R1):-
NotSubset =[] -> R1 =Re ;
(foreach(I,Re), fromto(R,S1,S0,[]), param(NotSubset) do
I=X-_,
NotSubset1&::NotSubset, Y&::X, \+NotSubsetl&=Y -> S1 =[I | SOJ,!; S1=S0O

),
findNotSubset(Tr,R,R1).

% findGoal([[a]],[a,b],R).
findGoal([],X, X).
findGoal([Subset | Tr],Re,R1):-
Subset =[] -> R1 = Re ;
Subsetl&::Subset, Y&::Re,
Subset1&=Y -> R1 = Re, findGoal(Tr,Re,R1).

% supOK([a],[[a,c,d],[b,c,e],[a,b,c,e],[b,e]],2,L) .
supOK(X,Items,MinSup,Support) :-
(foreach(I,Items), fromto(R,S1,S0,[]), param(X) do
(my_subset(X,]) -> S1 =[1] S0O], !; S1=S0)
),
length(R,Lenltem),
length(Items,Transctions),
Support is (Lenltem /Transctions)*100, %/
Support >= MinSup.
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% findRule([[b,c,e] - 2]-[[a,c,d],[b,c,e],[a,b,c,e],[b,e]]-100,[[b]])-
findRule(ItemSet-Items-MinConf,Goal) :-
(foreach(Set,ItemSet), param(Items,MinConf,Goal) do
Set = X-Lenltem,
findall(Re,powerset(X,Re),PwSet),
(foreach(ItemX,PwSet), param(X,Items,Lenltem,MinConf,Goal) do
(ItemX = X ; ItemX = [] -> ! ; createRule(ItemX,X,Re),findGoal(Goal,Re,R1) ->
supOK(ItemX,Items,0,LenltemX),
confOk(LenItem-LenltemX-MinConf,ItemX,R1),! ; | %,write('rrrrr'),write(R1)
)
)
).

% createRule([a],[a,b,c],Result).
createRule([],X,X).
createRule([H | Tr],X,Result) :- delete(H,X,Re),createRule(Tr,Re,Result).

% Check Confident
confOk(LenItem-LenltemX-MinConf,ItemX,Re) :- Rel1l is (Lenltem/LenltemX)*100,Rel1 >= MinConf ->
%/

write('If '),

write(ItemX),write(' then '),AvgSupConf is (Lenltem+Rel1)/2,

write(Re),write(' | Score : '),writeln(AvgSupConf),

Rule = [[temX-Re-Lenltem-Rel1-AvgSupConf], assert(rules(Rule)) ; ! .

% my_subset compare([1],[1,2]) return T or F
my_subset(Sub,S) :- toSet(Sub,OrdSub), toSet(S,0rdS),
ord_subset(OrdSub,OrdsS).

%allUnion(2,[[1],[2],[3]],[[1,2],[1,3],[2,3]])-
allUnion(I,ItemSet,NewltemSet) :- combi(ltemSet,R ), flatten(R_,R),
(foreach(X,R), fromto(NewItemSet_,S1,S0,[]), param(I) do
First-Sec=X,
(unionN(I,First-Sec,Out) -> S1=[Out|SO0], !;S1=S0)
),
toSet(NewltemSet_,NewltemSet).
unionN(N,First-Sec,Out) :- toSet(First,F), toSet(Sec,S),
ord_union(F,S,0Out),
length(Out,Len), Len=N.

% combi([[a]-2,[b]-2,[c]-2,[e]-2],R). P = [a-b,a-c,a-e,...]
combi((],[)).
combi([H|T],[HR| TR]) :- (foreach(X,T), foreach(Y,HR), param(H) do
X = Set2-_,H = Setl-_, Y=Setl-Set2),
combi(T,TR).

toSet(X,S) :- list_to_ord_set(X,S).

% powerset([a,b],X).

powerset([],[]).

powerset([_| Rest],L) :- powerset(Rest,L).
powerset([X | Rest],[X|L]) :- powerset(Rest,L).
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