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Abstract

Mining for frequentitemsetscan geneite an overwhelm-
ing numberof patterns,oftenexceedinghe sizeof the original
transactionabatabase Onewayto dealwith thisissueis to set
filters and interestingnessneasues. Others advocatethe use
of constaintsto applyto the patternseitherontheform of the
patternsor ondescriptos of theitemsin thepatterns.However,
typically the filtering of patternsbasedon theseconstaintsis
doneas a post-pocessingphase Filtering the patternspost-
mining addsa significantoverhead still sufers fromthesheer
sizeof the patternsetandlosesthe opportunityto exploit those
constaints.

In this paperwe proposean approach that allows the effi-
cientminingof frequenitemsetpatternswhile pushingsimul-
taneouslyboth monotoneand anti-monotoneconstiaints dur-
ing and at differentstrategic stagesof the mining process.Our
implementationshowsa significantimprovementwhen con-
sidering the constaints early and a better performanceover
Dualminerwhich also consides bothtypesof constaints.

1 Intr oduction

FrequenttemsetMining (FIM) is akey componenbf mary
algorithmswhich extractpatternfrom transactionatlatabases.
For example, FIM can be leveragedto produceassociation
rules, clusters classifiersor contrastsets. This capability pro-
vides a strat@jic resourcefor decisionsupport,and is most
commonlyusedfor market baslet analysis.One challengefor
frequentitemsetmining is the potentiallyhugenumberof ex-
tractedpatternswhich caneclipsetheoriginal databasén size.
In additionto increasinghe costof mining, this makesit more
difficult for userdo find thevaluablepatterns Introducingcon-
straintsto the mining processelpsmitigatebothissues Deci-
sionmalkerscanrestrictdiscoseredpatternsaccordingto spec-
ified rules. By applyingtheserestrictionsasearly aspossible,
the costof mining canbe constrainedFor example,usersmay
be interestedn purchasesvhosetotal price exceeds$100, or
whoseitemscostbetweers50and$100.

Constraintbasedmining is an ongoing areaof research.
Two importantcategoriesof constraintaremonotonendanti-
monotong13]. Anti-monotoneconstraintsare constraintghat

whenvalid for a pattern they areconsequentiallyalid for any
subsetsubsumedy the pattern. Monotoneconstraintsvhen
valid for a patternare inevitably valid for ary supersetsub-
sumingthatpattern.The straightforvardway to dealwith con-
straintsis to usethemasa filter post-mining. However it is
moreefficientto considetheconstraintgluringthemining pro-
cess. This is what s refereedto as* pushingthe constaints’
[14]. Most existing algorithmsleverage(or push)one of these
typesduringminingandpostponeheotherto apost-processing
phase .New algorithmssuchasDualminerapply both typesof
constraintsat the sametime. [7]. It considerghesetwo types
of constraintdn a doubleprocesspnemirroring the otherfor
eachtype of constraint,henceits name. However, monotone
andanti-monotoneconstraintsdo not necessarilyapply in du-
ality. Especiallywhenconsideringthe mining processasa set
of distinctphasessuchasthebuilding of structureso compress
the dataandthe mining of thesestructuresthe applicationof
theseconstraintsdiffer by type. Moreover, someconstraints
have differentpropertiesand shouldbe consideredseparately
For instance minimum supportand maximumsupportarein-
tricately tied to the mining processtself while constraintson
item characteristicssuchas price, are not. Thereis no ex-
isting algorithmthat pusheshoth typesof constraintsearly in
the mining processandneithertraverseshe lattice of patterns
top-dowvn nor bottom-up. We introducehereinan algorithm
that pushesboth monotoneand anti-monotoneconstraintsby
wiselyjumpingseverallevelsin thepatternlatticefrom thebot-
tom andtop, andcleverly reducingthe unnecessargonstraint
checkingwhile consideringheintricaciesandpropertieof the
constraintandthe patternssoughtafter.

1.1 Problem Statement

The problemof mining associatiorrules over market bas-
ket analysiswas introducedin [1, 2]. The problemconsists
of finding associationdetweenitems or itemsetsin transac-
tional data. Formally, the problemis statedas follows: Let
I = {i1,12,...i,m } beasetof literals,calleditems.Eachitemis
anobjectwith somepredefinedattributessuchasprice,weight,
etc.andm is consideredhe dimensionalityof the problem.Let
D beasetof transactionswhereeachtransactior” is a setof
itemssuchthatT C I. A transactionl" is saidto contain X,
asetof itemsin I, if X C T. A constraini( is a predicateon
itemsetX thatyieldseithertrue or false An itemsetX satis-



fiesa constraint¢ if andonly if ((X) is true. An itemsetX

hasa supports in the transactionsetD if s% of the transac-
tionsin D containX . Two particularconstraintgertainto the

supportof anitemset,namelythe minimumsupportconstraint
andthe maximumsupportconstraint. An itemsetX is saidto

be infrequentif its supports is smallerthana givenminimum

supportthresholds; X is saidto betoo frequentf its support
s is greaterthana givenmaximumsupport::; and X is saidto

be large or frequentif its supports is greateror equalthano

andlessor equalthan:.

1.2 Motivation and Contrib ution

Theproblemof discoveringall frequentitemsetghatsatisfy
constraintss a difficult one. Thedifficulty stemsfrom thefact
that, firstly, testingfor minimum supportand maximumsup-
port cannot be donesimultaneouslysincewhenvalid, oneis
alwaystruefor subsetsvhile the otheris alwaystruefor super
sets.Secondly despitetheir selectve power, someconstraints
cannotbe checledto filter candidatatemsetsuntil a very late
stageof the mining processdependinguponthe type of con-
straintandthe searchspacdraversalstratgy used.

We introducea frequentitemsetmining algorithmwith the
following properties:

o A leaptraversal stratgyy is usedto apply constraint§rom
selectedhodesin the lattice, in contrastto bottom-upor
top-dowvn traversals.

e Both monotoneandanti-monotoneonstraintarepushed
efficiently by placingandtiming their respectie evalua-
tion strategically.

e Rgyionswhereone constraintneedsnot be evaluatedare
identifiedquickly usingproventheorems.

e PreviouslyknowndatastructuressuchasFP-treg12] and
COFI-tree[10], are used,but new algorithmsexploiting
thesestructuresareproposed.

e Constraintsaareusednot only to extractthe valid frequent
itemsetsbut alsoconcurrentlyto obtainthe valid frequent
closedand maximal patternsalong with their respectie
supports.

Theremaindeof thepaperis organizedasfollows: Therel-
evant typesof constraintsmonotoneand anti-monotoneare
discussedn Section2 with illustrative examples. Section3
presentsa new algorithm for frequentitemsetmining using
the COFI-treeidea but insteadof a bottom-upor top-davn
approach selectvely jumps within the patternlattice to find
thosepatternghatsatisfythe minimumsupportthreshold17].
How to pushbothmonotoneandanti-monotoneonstraintand
wheretheseconstraintsare evaluatedin this new approachs
presentedn Sectiond. A selectionfrom a batteryof testsfor
performancevaluationis presentedn Section5. In particular
we compareour approachio Dualminer[7]. Section6 presents
relatedwork. Finally, Section7 concludeghe paper

| MONOTONE | ANTI-MONOTONE
min(S) <wv min(S) > v
maz(S) > v maz(S) <v

count(S) > v

sum(S) > v(Va € S,a > 0)
range(S) > v

support(S) < w

count(S) <wv

sum(S) <v(Va € S,a > 0)
range(S) <w

support(S) > v

Table 1. Commonly used monotone and anti-
monotoneconstraints

2 Constraints

It is known thatalgorithmsfor discoveringassociatiomules
generatean overwhelmingnumberof thoserules. While mary
new efficient algorithmswere recently proposedto allow the
mining of extremelylargedatasetstheproblemdueto thesheer
numberof rules discoveredstill remains. The setof discors-
eredrulesis often so large thatit becomeauseless.Different
measure®f interestingnesandfilters have beenproposedo
reducethe discoveredrules, but oneof the mostrealisticways
to find only thoseinterestingpatternss to expressconstraints
on the ruleswe wantto discover. However, filtering the rules
post-miningaddsa significantoverheadandmisseshe oppor
tunity to reducethe searchspaceusingthe constraintsldeally,
dealingwith the constraintshouldbe doneasearlyaspossible
duringthemining process.

2.1 Categoriesof Constraints

A numberof typesof constraintdhave beenidentifiedin the
literature[13]. In this work, we discusstwo importantcate-
goriesof constraints- monotoneandanti-monotone

Definition 1 (Anti-monotone constraints)

A constraint( is anti-monotonef and only if anitemsetX
violates(, sodoesary supersebf X. Thatis, if ¢ holdsfor an
itemsetS thenit holdsfor arny subsebf S.

Many constraintsfall within the anti-monotonecategory.
The minimum supportthresholdis a typical anti-monotone
constraint. As an example,sum(S) < v(Va € S,a > 0) is
an anti-monotoneconstraint. Assumethat items A, B, and
C have prices$100, $150, and $200respectiely. Giventhe
constraint = (sum(S) < $200), thensinceitemsetA B, with
atotal price of $250,violatesthe  constraintthereis no need
to testary of its supersetge.g. ABC) asthey alsoviolatethe
¢ constraint.

Definition 2 (Monotone constraints)

A constraint¢ is monotonef andonly if anitemsetX holds
for ¢, sodoesary supersebf X. Thatis, if ¢ is violatedfor an
itemsetS thenit is violatedfor any subsebf S.

An exampleof amonotoneconstraints sum(S) > v(Va €
S,a > 0). Usingthe sameitems A, B, andC asbefore,and
with constraint = ( sum(S) > 500 ), thenknowing that ABC
violatesthe constraint is sufficientto know thatall subset®f
ABC will violate( aswell.



Table 1 presentcommonlyusedconstraintshatare either
anti-monotoner monotone Fromthe definition of bothtypes
of constraintave canconcludethat anti-monotoneconstraints
canbe pushedwhenthe mining-algorithmusesthe bottom-up
approachaswe canpruneary candidatesupersetf its subset
violatesthe constraint. Corversely the monotoneconstraints
can be pushedefficiently when we are using algorithmsthat
follow the top-dowvn approachaswe canpruneary subsetof
patterndrom theanswersetoncewe find thatits supersetio-
latesthe monotoneconstraint.

Algorithm 1 COFlLeap:Leap-Traversalwith COFI-tree
Input: D (transactionatiatabase)y (Supportthreshold).
Output: Typepatternswith their respectie supports.
F'1 « ScanbD to find the setof frequentl-itemsets
FPT « ScanD to build the FP-treeusing F'1
Global M aximals « ()
for eachitem I in Header{' PT) in increasingsupportdo

LF « Findlocal FrequentWithRespect(I)
if Not (I U LF) C Global Maximals then
ICT « Build COFI-Treefor I
FPB « FindFrequentBthBases(CT)
LocalMazimals — Frequent(F PB)
InFrequentF' PB «— notFrequent(FPB)
for eachpair (A, B) € InFrequentF PB do
Pattern — AN B
if Pattern is frequentandnot( then
Add Pattern in Local M aximals
else
Add Pattern in InFrequentF PB IF not{)
endif
endfor
for eachpatternP in Local M aximals do
if P is notasubsebfary M € Global Mazximals
then
Add P in Global M aximals
endif
endfor
end if
endfor
Patterns «+ GenerateRtterns¢' P B, Global M aximal s)
OutputPatterns

2.2 Bi-dir ectional Pushingof Constraints

Pushing constraintsearly means considering constraints
while mining for patterngratherthanpostponingthe checking
of constraintauntil afterthe mining process.Giventheintrin-
sic characteristicof existing algorithmsfor mining frequent
itemsetsgithergoingoverthelattice of candidatétemsetdop-
down or bottom-up consideringall constraintavhile miningis
difficult. Most algorithmsattemptto pusheithertype of con-
straintsduring the mining processhopingto reducethe search
spacein onedirection: from subsetdo superset®r from su-
persetsto subsets. Dualminer[7] pushesboth typesof con-
straintsbut at the expenseof efficiengy. Focusingsolely on

reducingthe searchspaceby pruningthe lattice of itemsetsis
not necessarilya winning stratgy. While pushingconstraints
early seemsconceptuallybeneficial,in practicethe testingof
the constraintcanaddsignificantoverhead.If the constraints
arenot selectve enoughcheckingthe constraintpredicategor
eachcandidatecan be onerous. It is thusimportantthat we
alsoreducethe checkingfrequeng. While the primary bene-
fit of early constraintcheckingis the eliminationof candidates
which cannot passthe constraint,it canalsobe usedto iden-
tify candidatesvhich areguaranteedo passthe constraintand
thereforedo notneedto bere-checled. In summarythegoalof
pushingconstraintsarlyis to reducetheitemsetsearchspace,
eliminatingunnecessargrocessinggndmemaoryconsumption,
while atthesametime limiting theamountof constrainttheck-
ing performed.

3 COFI with Leap

Most existing algorithmstraversethe itemsetlattice top-
down or bottom-up,and searchusing a depthfirst or breadth
first strat@y. In contrast,we proposea leap traversal strat-
egy thatfinds a supersebf pertinentitemsetsby “leaping” be-
tweenpromising nodesin the itemsetlattice. In additionto
findingtheserelevantcandidatétemsetssufficientinformation
is gatheredo producethefrequentitemsetpatternsalongwith
their supports.Here,we useleaptraversalin conjunctionwith
thecomplementanfCOFI idea[10], wherethelocally frequent
itemsetsof eachfrequentitem are explored separately This
createsadditionalopportunitiedor pruning. Whatis the COFI
ideaandwhatis this setof pertinentitemsetswith their addi-
tional information? This setof pertinentitemsetsis the setof
maximals.Wewill firstpresenthe COFltreestructurethenwe
will introduceour algorithm COFILeapwhich minesfor fre-
quentitemsetusingCOFI treesandjumpingin the patternlat-
tice. In the next section this samealgorithmwill be enhanced
with constrainitheckingto produceour algorithmBifoldLeap

3.1 COFI-tr ees

The COFI-treeideawas introducedin [10] asa meansto
reducethe memoryrequirementaindspeedup the mining strat-
egy of FP-grawth [12]. Ratherthanrecursvely building condi-
tional treesfrom the FP-tree the COFI stratgyy wasto create
COFI-treesfor eachfrequentitem and mine them separately
ConditionaltreesareFP-treesonditionedon the existenceof a
givenfrequentitem. The FP-tree[12] is a compactprefix-tree
representationf the sub-transactions the input data. Here,
sub-transactionare the original transactionswith infrequent
itemsremoved. The FP-treecontainsa headerandinter-node
links which facilitatedownwardtraversal(forwardin theitem-
setpattern)aswell aslateraltraversal(next noderepresenting
aspecificitem).

Building COFI-treesbasedon the FP-tree For eachfre-
quentitem in the FP-tree,in order of increasingsupport,one
COFl-treeis built [10]. This treeis basedon sub-transactions
which containthe root item and are composednly of items
locally frequentwith the root item that have not alreadybeen



usedasrootitemsin earlierCOFI-treesThe COFI-treeis sim-
ilar to the FP-tree put includesextra links for upwardtraversal
(earlierin the itemsetpattern),a new participation counterin
eachnode,anda datastructureto allow traversalof all leaves
in the tree. This participationcounteris usedduring the min-
ing processto countup the participationof eachnodein the
generatiorof afrequentpattern.

Algorithm 2 BifoldLeap: PushingP() andQ()
Input: D (transactionatiatabase)y; 33; P(); Q().
Output: FrequenpatternssatisfyingP(), Q()
PF1 « ScanD to find thesetof frequentP1-itemsets
FPT « ScanD to build FP-treeusing PF'1 andQ()
PGM(PGlobalMazimals) —
for eachitem I in Headerf" PT') do
LF « Findlocal FrequentWithRespect(I)
if (Not Q(I U LF)) then break
if (P(IULF))thenAdd (I U LF)to PGM andbreak
if Not (I U LF) C PGM then
1CT «+ Build COFI-Treefor I
FPB « FindFrequentBthBases(CT)
PLM (PLMazimals) < {P(FPB) andfrequent
InFrequentF PB «— notFrequent(FPB)
for eachpair (A4, B) € InFrequentF PB do
header — AN B
Add header in PLM and Break IF (P(header)
AND is frequentandnot ()
Deleteheader andbreakIF (Not Q(header))
tail — Intersection(FPBsotin header)
deleteheader andbreaklF (Not P(header N tail))
Do not checkfor () in ary subsetof header IF
(Q(header N tail))
endfor
for eachpatternP in PLM do
Add P in PGM IF ((P not subsetof ary M €
PGM)
endfor
endif
endfor
PQ-Ratterns— GPatternsQf PB, PG M)
OutputPQ-Ratterns

3.2 COFlLeap algorithm

COFlLeapis differentthanthe algorithmpresentedn [10]
in the sensehatit generatesnaximalpatternswherea pattern
is saidto be maximalif thereis no otherfrequentpatternthat
subsumeg. COFILeapratherthantraversingthepatternattice
top-dowvn it leapsfrom onenodeto the otherin searchof the
supportborderwheremaximalssit. Oncemaximalsarefound,
with the extra information collected,all otherpatternscanbe
generateavith their respectie support.

Following is a brief summaryof the COFILeapalgorithm.
First,afrequentpatternFP-tred12] is createdusingtwo scans
of the database Secondfor eachfrequentitem, a COFI-tree
is createdncludingall co-occuranfrequentitemsto the right

(i.e. in orderof decreasingupport). EachCOFlI-treeis gen-
eratedfrom the FP-treewithout returningto the transactional
databasédor scans.Uniquesub-transactions the COFI-tree
along with their count (called branch suppor) are obtained
from the COFI-tree. Theseuniquesub-transactionare called
frequenpathbaseqFPB).Thesecanbeobtainedoy traversing
upwardfrom eachleafnodein the COFI-tree updatingthe par
ticipation counterto avoid over-countingnodes.Clearly, there
is at mostone FPB for eachsub-transactioin the COFI-tree.
FrequentFPBsare declaredcandidatemaximals. Infrequent
FPBsareintersectedteratively, producingsubsetsvhich may
be frequent. Whenan intersectionof infrequentFPBsresults
in a frequentitemset,that itemsetis declaredas a candidate
maximalandis not subjectto further intersections.Whenan
intersectioris infrequent;t participatesn furtherintersections
looking for maximals. This is indeedhow the leapsin the lat-
tice aredone. Theresultof the intersectionof FPBsindicates
the next nodeto explore. How is the supportof a patterncal-
culated?Giventhe setof frequentpathbasesalongwith their
branchsupportsit is possibleto countthe supportof ary item-
set.Thisis doneby finding all FPBswhich aresupersetsf the
tamgetitemset,andsummingtheir branchsupports.For exam-
ple,if therearetwo FPBs,ABC and ABC D, eachwith branch
supportl, ABC hassupport2, and ABC D hassupportl.

Algorithm 1 shavsthemainstepsof COFILeap Noticethat
COFI-treesarenot generatedystematicallyfor all frequentl-
itemsets. Thereis no needto look for maximalslocally with
respecto anitem I, if I andits locally frequentitemsareal-
readysubsef known global maximals. Finally, in the func-
tion Generate Patterns thesetof candidatenaximalpatterns
is usedalongwith thefrequentpathbasedo producethe setof
all frequentitemsetghatsatisfythe constraintalongwith their
supports.Maximal itemsetscanbe found by filtering the can-
didatemaximalsto remove subsetsSupportsor the candidate
maximalpatternasverecomputedaspartof theintersectiorpro-
cesg(to discover thatthey werefrequent),andthereforedo not
needto be recomputed Oncethe maximalitemsetshave been
found, the all frequentitemsetscanbe found by iteratingover
all subsetsof the maximals, suppressingluplicatesresulting
from overlapwith other maximal patterns. Supportcounting
for the frequentitemsetds doneasfor the FPBs,i.e. by sum-
mingthebranchsupportf all FPBswhicharesupersetsf the
pattern.

4 Leap with constraints

The conjunctionof all anti-monotoneonstraintsomprises
apredicatethatwe call P(). A secondpredicate)() contains
the conjunctionof the monotoneconstraints.A commonap-
proachis to includethe ubiquitousminimumsupportconstraint
aspartof P(). Similarly, the monotonemaximumsupportcon-
straintcanbeincludedaspartof Q(). In this way, a frequent
itemsetmining algorithmcanbe extendedto pushP() deeply
by replacingchecksfor minimumsupportwith checksfor P().
In our algorithm, we separatehe constraintson the support
from otherconstraints.Thus,the minimum supportconstraint
and the maximum supportconstraintare extractedfrom P()



andQ() respectiely. This is becauseheckingfor supportis
anintegral partof thefrequentitemsetenumerationywhile other
constraintonitem attributesareusedfor searctspacepruning.
The algorithm COFILeapoffers a numberof opportunitiesto
pushthe monotoneandanti-monotonegredicatesP() and@()
respectrely. We startthis processy definingtwo termswhich
arehead(H) andtail (T') whereH is afrequentpathbaseor ary
subsetgeneratedrom the intersectionof frequentpathbases,
andT is theitemsetgeneratedrom intersectingall remaining
frequentpathbasesot usedin the intersectionof H. Thein-
tersectiorof H andT’, H N T, is thesmallestsubsebf H that
mayyet be consideredThusLeapfocuseson finding frequent
H thatcanbedeclaredaslocal maximalsandcandidateglobal
maximals.BifoldLeapextendsthis ideato find local maximals
thatsatisfy P(). We call theseP-maximals.

Although we further constrainthe P-maximalsto itemsets
whichsatisfyQ(), notall subset®f theseP-maximalsareguar
anteedto satisfyQ(). To find the itemsetswhich satisfyboth
constraintsthe subsetof eachP-maximalaregeneratedn or-
derfrom long patterngto short. Whena subsets foundto fail
Q(), further subsetsio not needto be generatedor thatitem-
set,asthey areguaranteedo fail Q() also.

Therearethreesignificantplaceswhereconstraintscanbe
pushed:(a) while building the FP-tree,(b) while building the
COFI-treesand(c) while intersectinghe frequentpathbases,
which is the main phasewhere both typesof constraintsare
pushedatthe sametime (Algorithm 2).

Constaint pushingopportunitiesduring FP-treeconstruction.
First, P() is appliedto eachl-itemset. Items which fail this
testarenot includedin FP-treeconstruction.Secondwe use
theideafrom FP-Bonsai5] wheresub-transactiong/hich do
not satisfyQ() arenotusedin the secondohaseof the FP-tree
building processThesupportdor theitemswithin thesetrans-
actionsare decrementedThis may resultin somepreviously
frequentitems becominginfrequent. Suchitemswill not be
usedto constructCOFI-treesn thefollowing phase.
Constarint pushingopportunitiesduring COFI-tree construc-
tion. Let X be the setof all itemsthatwill be usedto build
the COFlI-treej.e. theitemswhich satisfy P() individually but
have not beenusedasthe root of a previous COFI-tree. If X
fails Q(), thereis no needto build the COFI-tree,asno subset
of X cansatisfy@(). Alternatively, if X satisfiesP(), there
is alsono needto build the COFI-tree,as X is a candidateP-
maximal.

Constaint pushing opportunities during intersection of
Frequent-Rth-Bases. Thereare two high-level stratejies for
pushingconstraintsduring the intersectionphase. First, P()
and@() canbeusedto eliminateanitemsetor removetheneed
to evaluateits intersectionsvith additionalfrequentpathbases.
Second () and@() canbeappliedto the“headintersectail”
(H NT), whichis thesmallessubsebf thecurrentitemsetthat
canbe producedby furtherintersections.Thesestratgjiesare
detailedin thefollowing four theorems.

Theorem 1: If anintersectionof frequentpath bases(H)
fails Q(), it canbe discardedandthereis no needto evaluate
furtherintersectionswvith H.

Proof: If anitemsefailsQ(), all of its subsetareguaranteetb

fail Q() basedon the definition of monotoneconstraints.Fur
therintersectingd will producesubsetsall of which areguar
anteedo violate Q().

Theorem?2: If anintersectiorof frequentpathbaseg H) passes
P(), it is a candidatd?-maximal,andthereis no needto evalu-
atefurtherintersectionsvith H.Proof: Furtherintersectingd
will producesubsetof H. By definition,no P-maximalis sub-
sumedby anotheritemsetwhich alsosatisfiesP(). Therefore,
noneof thesesubsetof H arepotentialnev P-maximals.
Theorem 3: If anodes H N T fails P(), the H nodecanbe
discardedandthereis no needto evaluatefurtherintersections
with H. Proof: If anitemsetfails P(), thenall of its supersets
will alsoviolate P() from thedefinition of anti-monotoneon-
straints.Sinceanodes H N T representshe subsebf H that
resultsfrom intersectingH with all remainingfrequentpath
basesH andall combination®f intersectiondbetweend and
remainingfrequentpathbasesresupersetsf HNT andthere-
fore guaranteedb fail P() also.

Theorem4:If anodes H N'T passes)(), Q() is guaranteedo
passfor ary itemsetresultingfrom the intersectionof a subset
of thefrequentpathbaseausedto generatetd plustheremain-
ing frequentpathbasesyetto beintersectedvith H. Q() does
notneedto bechecledin thesecasesProof: Q() is guaranteed
to pasdor all of thesdtemsetdecausehey aregeneratedrom
asubsebf theintersectionsisedto producethe H N'T" andare
thereforesupersetefthe H N T.
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Figure 1. Pushing P() and Q().

The following example,shovn in Figure 1, illustrateshow
BifoldLeapworks. An A-COFI-treeis madefrom fiveitems, A,
B, C, D, andE, with prices$60,$450,$200,$150,and$100
respectiely. In our example,this COFI-treegenerates fre-
quentpathbases,ACDE, ABCDE, ABCD, ABCE, and
ABDE, eachwith branchsupportone. The anti-monotone
predicate,P(), is Sum(Prices) < $500, andthe monotone
predicate)(), is Sum(prices) > $100. Intersectinghe first
FPB with the secondproducesAC D E which hasa price of
$510,andthereforeviolates P() andpasses)(). Next, we ex-
aminethe H N T, theintersectiorof this nodewith theremain-
ing threeFPBs,whichyields A with price$60,passingP() and
failing Q(). Noneof theseconstraintchecksprovide anoppor
tunity for pruning,sowe continueintersectinghis itemsetwith



theremainingfrequentpathbasesThefirst intersectioris with

the third FPB, producing AC D with price $410, which sat-
isfies both the anti-monotoneand monotoneconstraints. The
secondintersectionproducesAC E, which also satisfiesboth
constraints. The samething occurswith the last intersection,
whichproducesA D E. Goingbackto thesecondrequentpath
base ABCDE, we find thatthe H N T', AB, violatesthe anti-

monotoneconstraintwith price $510. Therefore,we do not
needto considerABC D E or ary furtherintersectionswith it.

Theremainingnodesareeliminatedin the samemannerIn to-

tal, threecandidate®P-maximalswverediscovered.We cangen-
erateall of their subsetsvhile testingonly against)(). Finally,

the supportfor thesegenerategubsetsanbe computedrom

theexisting frequentpathbases.

5 PerformanceEvaluation

To evaluateour BifoldLeap algorithm, we conducteda set
of experimentdo testthe effect of pushingmonotoneandanti-
monotoneconstraintseparatelyandthenbothin combination
for the samedatasetsTo quantify scalability we experimented
with dataset®f varying size. We alsomeasuredhe impactof
pushingversuspost-processingonstraintson the numberof
evaluationsof P() andQ(). Likein [7], we assignedricesto
itemsusingbothuniformandzipf distributions.Our constraints
consistedf conjunctionsof testsfor aggreyate,minimum,and
maximumpricein relationto specificthreshholds.

We comparecdbur algorithmwith Dualminer[7]. Basedon
its authors’recommendationsye built the Dualminerframe-
work ontop of the MAFIA [8] implementatiorprovidedby its
original authors.Our experimentswere conductedon a 3GHz
Intel P4 with 2 GB of memoryrunningLinux 2.4.25,RedHat
Linux release9. The timesreportedalsoincludethetime to
outputall matchingitemsets.We have testedthesealgorithms
usingbothrealdatasetprovidedby [11] andsyntheticdatasets
generatedising[3]; we usedretail’ asour primaryrealdataset
reportedhere. A datasetwith the samecharacteristicas the
onereportedn [7] wasalsogenerated.

We receved an FP-Bonsaicode(baseon FP-Gravth) from
its original authors[5]. Unfortunately not all pruning and
clever constraintconsiderationsuggestedn their FP-Bonsai
paperwere implementedn this code. Moreover, the imple-
mentationasreceved producedsomefalsepositivesandfalse
negatives.Thisis why we optednotto addit to our comparison
study Although, with simple and only monotoneconstraints,
the receved FP-Bonsaimplementationvas indeedfast. FP-
Bonsaiasdescribedn the paperhasmerit but becausef lack
of time we couldnotimplementit oursehes(albeitaddingim-
plementatiorbias)or fix therecevedcode.

5.1 Impact of P and Q Selectvity on BifoldLeap and
Dualminer

To differentiatebetweenour novel BifoldLeap algorithm
andDualminer we experimentedagainstthe retail dataset.In
thefirst experiment(Figure2.A), we pushedP(), thenQ(), and
finally P() AQ(). We usedthezipf distributionto assignprices

toitems.Both P() and@() consistedf constraint®nthesum
of the prices. The constraintthresholdsvere choserto not be
very selectve. Figure 2.B presentghe sameexperimentwith
moreselectve constraints.

Figure2.C presentpushingextremelyselectve constraints,
using anti-monotoneand monotoneconstraintson the sum of
the prices,and on the minimum and maximumitem price. In
this experiment,we found that BifoldLeap in mostcasesout-
performsDualminerandin somecasedy morethanoneorder
of magnitude The mostinterestingobsenationwe foundfrom
this experimentwasthatif we pushonetype of constrainte.g.
P(), thattakes T'1 secondsand the other type of constraint,
Q(), takesT2 secondsvhereT'1 < T2, in Dualminerpushing
bothconstraintsogethemwill take 1’3 secondswherel'3 is al-
waysbetweeril'1 and72. In contrastBifoldLeapalwaystakes
lesstime with the conjunctionof the constraintshanwith ei-
therconstraintin isolation. Monotoneandanti-monotoneon-
straintscanindeedbe mutually assistingeachotherin the se-
lectivity. BifoldLeap took betteradvantageof this reciprocal
assistancen thepruning.

5.2 Scalability Tests

Scalability is an importantissuefor frequentitemsetmin-
ing algorithms. Syntheticdatasetsvere generatedvith 50K,
100K, 250K, and 500K transactionswith 5K or 10K distinct
items. In this experiment BifoldLeap demonstrate@xtremely
good scalability versusincreasingdatasetsize. In contrast,
Dualminerreached point whereit consumedlmostthreeor-
dersof magnitudemoretime thanthat neededoy BifoldLeap.
Figure 3.A depictsone of theseresultswhile mining datasets
with only 5K unique items. As anotherexperimentexam-
ple, we testedboth algorithmson datasetavith up to 50 Mil-
lion transaction&nd 100K items. Dualminerfinishedthe 1M
datasetin 8534 secondswhile BifoldLeap finishedin 186s,
190s,987sand 2034sfor the 1M, 5M, 25M and 50M trans-
actionsdatasetsespectiely.

5.3 Constraint Checking: Pushing Constraints ver-
susPost-processing

One of the major challengingissuesfor constraintmining
is reducingthe numberof evaluationsof P() andQ(). In the
following experimentwe generated syntheticdatasetith the
samecharacteristicasthe onereportedin [7]. Specifically it
wasgeneratedvith 10,000transactionsanaveragetransaction
length of 15, an averagemaximal patternlength of 10, 1000
unigueitems, and 10,000patterns. We found that Dualminer
wasindeedgoodon this datasetasreportedin [7]. However,
BiFoldLeapoutperformedt with the sameorderof magnitude
asthetestson timing. This shows thatthe predicatechecking
is indeeda significantoverheadand BiFoldLeap outperforms
Dualminerin time primarily becausét doessignificantlyless
predicatechecks.

The goal of theseexperimentswas to test the numberof
evaluationsand the effect of pushing constraintsearly ver-
suspost-processinghem. We ran our experimentsusing this
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Figure 2. (A) Pushing P(), Q(), and P() A Q().
constraints

datasetwith absolutesupportequalto 25, 50, and 75 using
the two differentdistributions. We useda modifiedversionof
MAFIA with post-processings the post-processingounter
partto Dualminer Our implementatiorof Dualmineralways
testsminimum supportand P() together while BifoldLeap’s
minimum supportchecksoccur at differenttimes and do not
contribute to the countfor P(). Figure 4 depictsthe results
of theseexperiments. Our first obsenationis that Dualminer
performsa hugenumberof constraintevaluationsascompared
to BifoldLeap. Evenin caseswherewe only generated?55
patterns,Dualminer neededmore than 50 thousandevalua-
tions for both P() and (), comparedto almost6 thousand
neededy BifoldLeap. Our seconcbbsenationis that MAFIA
with post-processingequiresfewer constraintevaluationsthan
Dualminer
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Figure 3. (A) Scalability test. (B) Effect of chang-
ing the price distrib ution

5.4 Different Distrib utions

All of ourexperimentsvereconductedisinguniformand/or
zipf price distributions. In mostof the experimentswe found
thatthe effect of changingthe distribution on Dualminerwas
greaterthanfor BifoldLeap. This canbejustified by the effec-
tivenes®f thepruningtechniquesisedby BifoldLeapthatalso
reducethe numberof candidatecheckswhich consequentlyaf-
fectedits performanceFigure 3.B depictsoneof theseresults
for theretail dataset.

6 Relatedwork

Mining frequentpatternswith constraintshasbeenstudied
in [13] wherethe concepiof monotoneandanti-monotoneand

(B) More selective constraints.

(C) Extremel y selective

Uniform-distribution
me10K1KD154_Absolute support = 25 | Absolute support = 50 | Absolute support = 75
Early Push [Post Proc. [Early Push |Post Proc.|Early Push [Post Proc.

BifoldLeap (#P) 2266 3166 1483 1581 1212 1319
BifoldLeap (#Q) 7156 4650 299 351 166 189
DualMiner (#P) 25722 25649 18389 18028 14038 13720
DualMiner (#Q) 24946 298| 17602 187 13221 160
| # of generated | 255 158 134
patterns

(A)

Z-distribution
me10K1KD15L1—AbSOIUte support = 25 | Absolute support = 50 | Absolute support = 75
Early Push |Post Proc. |Early Push|Post Proc.|Early Push |Post Proc.

BifoldLeap (#P) 1814 2184 1428 1778 1207 1436

BifoldLeap (#Q) 420 625 125 312] 99 254

DualMiner (#P) 11971 11722 8019 7790 6148 5950

DualMiner (#Q) 11185 197 7178 119 5282 100

# of generated | 130 | 76 | 62 |
patterns

(B)

Figure 4. No. of P() and Q() evaluations, using
constraint pushing vs. post-pr ocessing

succinctwere introducedto prunethe searchspace. Jian Pei
etal. [14, 15] have alsogeneralizedhesetwo classeof con-
straintsandintroduceda new corvertible constraintclass. In
theirwork they proposeda new algorithmcalled #1C™ which
is an FP-Gravth basedalgorithm[12]. This algorithmgener
atesmostfrequentpatternsbeforepruningthem. Its main con-
tribution is that it checksfor monotoneconstraintsearly and
oncea frequentitemsetis foundto satisfythe monotonecon-
straint,thenall itemsetshaving thisitem asa prefix aresureto
satisfythe constraintand consequentlyhereis no needto ap-
ply furtherchecks.Dualminer[7] is thefirst algorithmto mine
bothtypesof constraintsat the sametime. Nonethelesst suf-
fers from mary practicallimitations and performancessues.
First, it is built on the top of the MAFIA [8] algorithmwhich
produceghe setof maximalpatternsandconsequenthyall fre-
quentpatterngyeneratedisingthismodeldo nothave theirsup-
portattached Secondjt assumeshatthewhole datasetanfit
in mainmemorywhich is not alwaysthe case.FP-Gravth and
our approactusea very condensedepresentatiomamelyFP-
Tree,which usessignificantlylessmemory[12]. Third, their
top-dowvn computationexploiting the monotoneconstraintof-
ten performsmary uselessestsfor relatively large datasets,
which raisesdoubtsaboutthe performancegainedby pushing
constraintsn theDualmineralgorithm.In arecentstudyof par



allelizing Dualminer[16], the authorsshaved that by mining
relatively small sparsedatasetsonsistingof 10K transactions
and 100K items, the sequentialversionof Dualminertook an
excessve amountof time. Unfortunately the original authors
of Dualminerdid not shav ary singleexperimentto depictthe
executiontime of theiralgorithmbut only thereductionin pred-
icateexecutiong[7]. A recentstratgy dealingwith monotone
and anti-monotoneconstraintssuggestseducingthe transac-
tional databasénput via pre-processingpy successiely elimi-
natingtransactionghat violate the constraintsandthenapply-
ing ary frequenttemsetminingalgorithmonthereducedrans-
actionset[4, 6]. Themaindravbackof this approachs thatit
is highly 1/0 bounddueto the iterative processeededn re-
writing the reduceddataseto disk. This algorithmis alsosen-
sitive to the resultsof theinitial monotoneconstraintchecking
whichis appliedto full transactionsln otherwords,if awhole
transactiorsatisfiesthe monotoneconstraint,thenno pruning
is appliedandconsequentlyio gainsareachievedevenif parts
of thistransactiordo not satisfythe samemonotoneconstraint.
To overcomesomeof theissuedn [4], the sameapproachas
beentestedagainstthe FP-Gravth approachin [5] with new
effective pruningheuristics.

7 Conclusion

Sincetheintroductionof associatiomulesa decadeagoand
thelaunchof theresearchn efficient frequentitemsetmining,
thedevelopmenbf effective approachefor mininglargetrans-
actionaldatabasebasbeenthefocusof mary researctstudies.
Furthermorejt is widely recognizedhat mining for frequent
itemsor associatiorrules, regardlessof its efficiency, usually
yields an overwhelming,crushingnumberof patterns.This is
oneof thereasond is arguedthattheintegrationof datamining
anddatabasenanagementiechnologiess required[9]. These
large setsof discoveredpatternscould be queried. Express-
ing constraintsusing a querylanguagecould indeedhelp sift
throughthelarge patternsetto identify theusefulones.

We arguethat pushingthe consideratiorof theseconstraints
atthemining processeforediscoveringthe patternss an effi-
cientandeffective way to solve the problem.This doesnot ex-
cludethe integrationof datamining anddatabaseystemsput
suggestshe needfor datamining querylanguagesntricately
integratedwith the datamining process.

In this paperwe addressthe issueof early consideration
of monotoneandanti-monotoneconstraintdn the caseof fre-
guentitemsetmining. We proposea leaptraversalapproach,
BifoldLeap that traversesthe searchspaceby jumping from
relevant node to relevant node and simultaneouslychecking
for constraintviolations. The approachwe proposeusesexist-
ing datastructuresfFP-treeand COFI-tree but introducesnewn
pruningtechniquego reducethe searchcosts.We conducteda
batteryof experimentsto evaluateour constraint-basedearch
andreporta fraction of themhereinfor lack of space.The ex-
perimentsshowv the advantage®of pushingboth monotoneand
anti-monotoneconstraintsas early as possiblein the mining
procesgespitethe overheadof constraintchecking. We also
comparedur algorithmto Dualminer a state-of-the-aralgo-

rithm in constraint-baseffequentitemsetmining, andshaved
how ouralgorithmoutperformst andcanfind all frequenitem-
setstheclosedandthemaximalpatternghatsatisfyconstraints
alongwith their exactsupports.
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