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Abstract

Severalalgorithmshave alreadybeenimplemented
which combine associationrules with first order
logic formulas. Although this resultedin several

usablealgorithms,little attentionwas payeduntil

recentlyto the efficiency of thesealgorithms. In

this paperwe presentsomenew ideasto turn one
importantintermediatestepin the processof dis-

coveringsuchrules,i.e. the discovery of frequent
item sets,moreefficient. Usinganimplementation
that we coined FARMER, we shov that indeeda

speed-ups obtainedandthat,usingtheseideas the
performancas muchmorecomparabléo original

associationule algorithms.

1 Intr oduction

The formalism of associationrules was introduced by
Agrawal [1994 for the purposeof baslet analysis. An im-
portantstepin the discovery of suchrulesis the construction
of frequentitem sets. Theseare, for instance setsof items
thatarefrequentlyboughttogethelin onesupermarkttrans-
action. As this discovery stepis time critical, it is obliga-
tory thatit is performedreasonablyast. Much researcthas
beendonein orderto develop efficient algorithms. A well-
known algorithmresultingfrom this researchs APRIORI, of
whichmary variantshave beendeveloped suchasAPRIORI-
Tip [Agrawal et al., 1996 anda breadth-firstalgorithmin-
troducedby Pijls andBioch[1999.

On the other hand, efforts have beendoneto extend the
usability of associatiorrules beyond the basiccaseof bas-
ketanalysis.DehaspendDe Raedt{ 1997 usethe notion of
atomsetsasafirst orderlogic extensionof item sets.Thein-
corporatiorof technique$rom Inductive Logic Programming
allows for more complex rulesto be found which also take
into accountackgroundknowledge.Consequentlythis also
allows datamining of datawhich is spreadovertableswhich
cannot reasonablybe memgedinto onetable. An algorithm
was implementedbasedon this notion, which was called
WARMR. Theusefulnes®f this algorithmwasdemonstrated
in several real-world situations(see,for example,[Dehaspe
etal., 1999). Theseexperimentshowever, alsoshovedthe
major shortcomingof the algorithm: its efficiency provedto
bevery low, someexperimentsventaking severaldays.
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We proposeto obtaina gainin efficiency by tackling two
propertief the WARMR algorithm:

o while still usingthefirst orderlogic notation,we remove
theneedfor PROLOG;

e by using a more sophisticateddatastructureborroved
from animplementatiorof APRIORI, ouralgorithmdoes
not depencbn atime consumingestfor equivalence.

Thealgorithmthatwe introducehassomeressemblanceith
the algorithmthatwasdeveloppedn [Blockeelet al., 200d.
That algorithmhowever did not tackle one of the mosttime
consumingstepsof WARMR: atestfor equivalenceunder§-
subsumptionOuralgorithmpaysspeciakttentionto thisstep
andoffersanalternatve solution.Undersomerestrictionswe
will shav thatouralgorithmis equivalentto WARMR. Exper
imentswith ouralgorithmthenshow a considerablespeed-up
comparedo WARMR.

The paperis organizedasfollows. In the secondsection
we summarizethe associatiorrule algorithm on which our
work is based. In the third sectionwe discusssomeimpor-
tantnotionsintroducedn the WARMR algorithm. Thefourth
sectionintroducesour modifications,which are verified by
giving resultsof experimentsin the fifth section. The sixth
sectionconcludes.

2 Breadth-first APRIORI

Ouralgorithmis basedn avariationof APRIORI thatwasin-

troducedoby Pijls andBioch [1999. Thealgorithmperforms
the sametaskas APRIORI. Givena databasdé which con-
tains subsetsT of a setof itemsZ = {1, iz,..., iy} the
algorithmdiscoversall frequentitem sets which arethe sub-
setsI C Z for which support(I) = |{T € D|I C T}|

exceedsapredefinedhreshold An item setof sizek is called
a k—item set.An importantpropertyof support(I) is:

I C L, = support(L) > support(L), (1)

asevery subsetl; of I, occursin every transactiorthatcon-
tains I,. This propertyturnsanefficientbottom-uplevelwise
searcltpossibleit canapriori bedeterminedhata k + 1-item
setis notfrequentif a k-subseis infrequent.

The breadthfirst-algorithmis sucha bottom-uplevelwise
algorithm. It startswith candidate®f size one, after which
aprocesss repeatedf countingk—candidatatem setsand
of usingthemto obtaincandidatet + 1 item sets.All these
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Figurel: A smallexampleof atrie datastructure

stepsare performedon a trie datastructurepf which Figure
1 displaysan example. Every pathfrom the root to a node
correspondso anitemset;all leafsatthe deepestevel corre-
spondto candidatatem sets. Pathswhich do not reachuntil
the deepestevel are maintainedonly whenthey correspond
to frequentitem setsandaredisplayedby dottedlinesfor the
sale of clarity. Thetrie is usedin thefollowing fashion:

¢ In thestepof candidatecounting,atreetraversalis per
formedfor every transactionasfollows: if anitem oc-
cursin atransactionall its childrenarechecledrecur
sively. If aleafis reachedthe supportcountof the cor-
respondingtem setis increased.

e In the stepof candidategenerationfor every frequent
item setnew childrenaregenerated;onsistingof all fre-
quentright brothers.In theexample{2} is expandedy
its frequentright brothers3 and4. This copying mech-
anismin combinationwith the orderof the itemstakes
careof generatingevery item setat mostonce.

In both steps,this mechanismdistinguishedtself from the
original APRIORI algorithm. Insteadof building a new tree
for eachround,this procedureefficiently constructsa new set
of candidate®y merelycopying nodes.Furthermoreduring
the countingphasejt passeshroughthe treeandchecksfor
the existenceof candidate$n the currenttransactionThisin
contrasto the original algorithm,wherefor a givensubsein
thetransactionasearchn ahashnodeis performedo check
whetherthereis a candidateto be counted. It will appear
thattheseboth characteristicenake this variantof APRIORI
suitablefor our purposes.

3 WARMR

As afirst orderextensionof item sets,DehaspendDe Raedt
[1997 usesetsof atoms,which they alsoreferto asqueries
whennearlyall variablesare existentially quantifiedandthe
setis ordered.Thefreevariablesareboundby a specialpur-

posekey predicate.The relationof the key andthe queryis

illustratedin thefollowing Horn clause:

kE(X) « buys(X, Y, cardbonus), property(X, loyal) (2)
— ~ ~ .
key query

In thisexamplethepredicatebuys canbethoughtof asatable
which describeghe productsthat clients are buying, while
the property predicaterefersto atablecontainingproperties
of clients. In the sequelwe will useabbreviationssuchasb
for buys, p for property andc for cardbonus. This example
shavs how severaltablescanbe combinedmoreelegantlyin
aquerythanin anitemset.

Thesupportof thequeryis formalizedusingthekey andis
definedto be the numberof variablebindingsfor which the
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key predicatecanbeproved. In thegivenexamplethesupport
of {b(X,Y,c),p(X,1)} is the numberof variablebindings
of X for which £(X) canbeprovedgiventheHorn clausen
Formula(2) anda knowledgebasedefinedin PROLOG.

While for item setsthe definition of the searchspaceis
straightforvard,this is notthe casefor atomsets.Apart from
the choiceof predicate thereare alsomary possibilitiesfor
the usageof variablesin the query To definethe bias of the
searchspaceWARMR usesa refinementoperatorbasedon
modedeclamtions Every modedeclarationprescribeshe
way in which a predicatecanbe addedto a query Thefol-
lowing is anexampleof amode:

b(+,—,C). (3)

It statesthat predicateb may be addedto a querywhenthe
first parametelis boundto an existing variable,the second
parametetintroducesa new variableandthe last parameter
is boundto the constantc. The parameterare calledmode
constaints here,wewill call + parameterandconstanpa-
rametersnput parametes and— parametergutputparame-
ters. Oftenanintegeris associatedvith every modeto indi-
catehow mary timesat mostthe modemay be appliedin the
samequery

The usageof atomsinsteadof items turns it more diffi-
cult to createan efficient AprIORI-like algorithm: it is no
longerreasonabldo usethe subsetrelationto expressrela-
tions betweenatomsets. As replacemenfor the subsetre-
lation, andasapproximatiorof logical implication, WARMR
usesf—subsumption An atomset C subsumesin atomset
D, denotedby C > D, if thereis a substitutiond suchthat
C0 C D. Thef-subsumptiomelationinducesanequialence
relation~, thatis definedasfollows: C' ~ D iff C > D and
D = C. It canbe showvn thata propertysimilar to Formula
(1) alsoholdsfor §-subsumptioron atomsets:

L = L, = support(L) > support(h). (4)

For a setof frequentqueriesof sizek (denotecby L) anda
setof infrequentqueriesof sizek (denotedby Ir,), WARMR
useghis algorithmto generatea new setof candidatejueries
Chy1:
warmr-gen
Cry1 = 0;
forall ¢ € Ly do
for all refinements:’ of ¢ do
Add ¢’ to Cr41 unless:
(@)thereisae € |J,, Ii : e > c',or
(b)thereisae € |J;«f Li U Cry1 : e~ .
Restriction(a) removesquerieswhich areapriori determined
to beinfrequent.Restriction(b) removesquerieswhich have
the samemeaningas previously consideredrequentqueries
or candidates. We will illustrate this on a small example.
Considerthefollowing setof modedeclarations:

{b(+, juice, —), t(+, ¢), t(+, electronicpurse) }
This mayleadto thesetwo queries:

b(X’ja Yl),t(Yl,C),b(X,C, Y2)at(Y2ae)
b(X,j, Yl)at(ylae)ab(Xaca YZ)at(YZaC)
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Theseclauseshowever have the samemeaningandlogically
imply eachother

A major problemsof WARMR is thatit heavily depends
on a good implementationof §—subsumption.This is pro-
hibitive as@-subsumptioris an NP-completeoroblem[Kietz
andLiibbe,1994.

4 FARMER

We proposetwo modificationsof WARMR in orderto make
this algorithmmoreefficient. Eachof the following two sub-
sectionswill discussoneof them.

4.1 Knowledgebase

Whentaking a closerlook at the modedeclarationsjt can
easily be seenthat they can be mappedto procedures.As
an example, considerthe following facts: b(1, ananas, c),
b(1, juice, e). Given mode b(+,#, +), this mode could
be associatedwith a procedurewhich returns true for
(1,4, e) andreturnsfalse for (1, a, ¢). Furthermorea mode
b(+,—, —) could be associatedvith a procedurewhich for
input1 returns{(a, ¢), (4, €)}. In FARMER thisideais incor
poratedby binding all modedeclarationgo a procedureof
oneof thesetwo types:

e booleamproceduresyhichfor aninputvectorreturntrue
or false;

e outputtingprocedureswhich for aninput vectorreturn
asetof outputvectors.Of coursethis setmaybeempty
andneednot be computedentirely beforeall elements
areused.

Thefirst kind of procedureshouldbe usedin modeswhich
do not have output parameters.The secondkind is usedin
outputtingmodes.

A datastructurefor a knowledge baseof PrRoLOG facts
is createdandaccessetby proceduresasfollows: for every
modedeclaratiora multidimensionammatrix is allocated;ev-
ery elementn thematrix correspondso a setof input values
andcontainsa truth valueor a list of outputvalues.Whena
factfor a predicatds read,all correspondingnodematrices
areupdatedaccordingly Theadwantageof this mechanisnis
thatit takesa constaniamountof time to determinethe truth
of an atom, especiallyin our currentimplementationwhich
storesthe matricesin corememory. Knowledgecanhow-
everonly be specifiedusingfactsor ad-hocprocedures.

4.2 Search
The searchwhich FARMER performsdiffersin two aspects
from theoriginal WARMR algorithm:
e it doesnotusef-subsumption;
¢ it manipulatesitrie datastructuréo generatéhequeries
which aredefinedby the bias.

The trie datastructurés a treewhich containsall candidate
gueriesasa pathfrom therootto aleaf. An exampleof such
atrie is givenin Figure2. Thetreeis usedfor both counting
andgeneratingandidates.

1For large datasetsthis could be a disadantage. However, as
our algorithmfits within thelearningfrom interpretationspproach,
similar amgumentshold whenpartof a databasés on disk.
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koX)*

b(X,a,Y1 } b(X,jY1 )

1 1 2 3 1 1 3
t(Y1,c) t(Y1,e) b(X,j,Y2) b(X.a,Y2 ) t(Y1,C) t(Y1,e) b(X Y2 )

Figure2: A trie in FARMER

Counting
Wewill describehealgorithmby giving pseudo-codén this
pseudo-codaye usethefollowing notation:

e acapital A refersto anatomin thetree;

e acapital B refersto a setof variableassignmentsyhich
is a setcontaininga mappingfrom variablesto values;

e I(A, B) isaninterpretatiorfunction,which returnstrue
if anatom A canbe provedusingassignmeng. In this
function,oneof theaforementionegiroceduress used,;

e B(A, B) is anassignmentunction. The assignmenset
B givesa valueto somevariablesoccuringin A. For
the remainingunboundvariables,this function returns
all setsof possibleassignments.The aforementioned
outputtingproceduras usedhere.

For all valuesof thekey variablesthetreeis traversedrecur
sively, asfollows:

Count(A,B)
if I(A, B) = true then
if Aisaleafthen
disabled
increasesupport4
return true
else
forall B' € B(4, B) do
d = true
for all A’ € childrendo
if A’ notdisabledthen
d := Count(4’,B U B') Ad
if d=truethen
disable4d
return true
return false

Initially all nodesareenabledFor agivennodeall valuesfor
the outputsare checled aslong asthereare children which
have not beensatisfied. A similar idea is also appliedin
[Blockeeletal., 200d. We shav theintegrationof the proce-
duresandmodedeclarationsere.

Candidate generationalgorithm

Wewill firstintroducethemechanisnof candidateyeneration
by giving the algorithm. Afterwardswe will comparethis

generatiormechanisnwith thef-subsumptiorbasednethod
of WARMR.

Thegeneratiormechanisnis basedn thefollowing idea:
whenanatomwith aninput variableis movedto the begin-
ning of a query that variablecould becomean outputvari-
able, herebyviolating the modedeclarations.However, for
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every atomin a querythereis onefirst positionat which it

canoccurwithout violation. All atomsthatcanbe addedto

the end of a query canbe subdvidedin the following three
classes:

1. atomsthat could not have beenaddedat an earlier po-
sition, asthey useat leastone new variableof the last
atomin the query;we call thesedependenatoms

3. atomsthatareacopy of thelastatomin thequery except
for thenamesof the outputvariables;

2. otheratomsthatcould have beenaddedat anearlierpo-
sition.
Examplesof theseclassesare given by the superscriptsn
Figure?2.

Duringthe constructiorof thetreethis subdvisionis used.
Givenatrie andanorderedsetof modedeclarationsthetrie
is expandedasfollows:

Expand(A)
if A isinternalthen
for all A’ € childrendo
Expand( 4’)
elseif A isfrequentthen
addaschild from left to right:
1. all dependenatomsof A
2. all frequentright brothersof A
3. acopy of A with new outputvariables,
if allowed
else
remove A

Thetreein Figure?2 is obtainedusingthis mechanisnwhen
it is assumedhatall queriesof thefollowing (typed)biasare
frequent:

{b(+A7 a, _B)ap(+A7.]7 _B)> t(+B7 C)7 t(+B7 6)} (5)
The superscriptglsoin this casedenotethe mechanisnthat
wasusedto createa node.

The first mechanismsenes the purposeof introducing
atomswhich could not be addedpreviously. The atomsare
introducedn the sameorderasthe correspondingnodedec-
larationsanda deterministianechanisnis usedto gothrough
all theinputvariables.

The dependentitomsare brothersof eachotherthe sec-
ondmechanisntakescarethatall subsetaregeneratedfter
wards— if notinfrequent. By keepingthe childrenin order,
everysubsets generate@dnly once or, equivalently, only one
permutatiorout of a setof dependenatomsis consideredIf
necessarthe secondnechanisngivesnen namego output
variableso make surethey remainoutputs.

The third mechanisnis intentionally separatedrom the
othertwo. Generatiorof repeatingnodesis not desirablein
mary situationsandshouldin any casebe boundto a maxi-
mum. In oursettingsthebiasshouldexplicitely statewhether
duplicationof anatomis allowed.

Atoms of thethird kind do not fit very well in the distinc-
tion thatwasintroduced.A repeatinghodecouldin ary case
be exchangedwith its parent. It would however not be effi-
cientto introducea setof identical nodesto overcomethis
problem. Later on, we will alsoseesomeadditionaldisad-
vantage®f theseatoms.
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Candidate generationdiscussion
Due to the absenceof §-subsumptionijt caneasily be seen
that FARMER doesnot pruneas mary queriesas WARMR
does. In this sectionwe will shov which restrictionsshould
beappliedto thebiasin orderto make surethatFARMER will
generatéhe sameoutput.

In WARMR 6-subsumptiors usedfor two purposes:

¢ to pruneinfrequentqueriesbeforecounting;

e to remave querieswhich “mean the same” as other
queries.

Only thed-subsumptiomelationthatis usedfor thelatterpur-

posewill be considerechere,asonly this relationinfluences
the setof queriesthatis found. Infrequentquerieswill not

occurin theresultsevenif they arenotpruned.

The 6-subsumption equivalence relation is only one
method for determiningthat queriesmeanthe same. A
lessstrict relationis the equality relationundersubstitution,
whichwe will denotewith ~ hereandis definedfor two (un-
ordered)setsof atomsasfollows: C ~ D iff thereexist
substitutiongd; andf, suchthat C6; = D andD8, = C.
Thecorrespondendeetweertheserelationscanbeexpressed
usingPlotkin’sreducedlauses.

Definition 4.1 A clauseD is calledreducedff C C D and
C ~ D imply C = D. [Plotkin, 1969

Theorem4.1 Let C and D be reducedsetsof atoms. Then
C~Diff C ~D.

Proof "=": thisisclearasC#, C D andDé, C C.

"<". asC = D, C#, C D,andasD > C, C6.6, C C.
Let C' = (C0,0,. BecauseC’ C C and (C#6,6, C C', also
C ~ (' holds(by definition),andthen C = C' because’
is reducedThusC#6,6, = C. In thesameway, D66}, = D.
As|C6,| = |C|andC8, C D, |D| > |C|. As |D#@}| = |D|,
|C| > |D|, andfinally |D| = |C|. By combining|C#6:| =
|D| and C8; C D, C#; = D is shavn. This provesthat
D~ C. O

Fromthistheoremit alsofollowsthatif atomsetsarereduced,
they canneverbe subsumptiorequivalentwhenthey differin
length.

We will show thatfor a restrictedbias, FARMER will al-
ways generatereducedatom sets. Thenwe will shav that
FARMER doesnot generateéwo differentatom setsthat are
substitutionequivalent. From this we concludethat, givena
restrictedbias, FARMER will not generatequeriesthat sub-
sumeeachother

Definition 4.2 A redundancyestrictedbias shouldobey the
followingrules:

1. nofunctionsmaybeused;

2. repetitionof an atomby an attomwhich differs only in
thenameof the outputvariablesis not allowed;

3. notwomodedor thesamepredicatemayexistfor which
the constaint parametes differ, unlessthe correspond-
ing parametes are both constantparametes.

The second rule prevents queries such as b(A4, a, By),
b(A, a, By) from being generated. The third rule disal-
lows the biases(b(+, a,—), b(+,—,—)) and (b(+, a,—),
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b(A,a,B1 ) t(B1,cC)

k(A)

b(A,j,B2) s(A,B1,B2)

Figure3: A partialorderfor aquery

b(+, a,+), t(+, —)), andconsequentlyueries(b(4, a, By ),
b(A, Cl,BQ)) and( (A a Bl) (Bl,Bg) (A 1) BQ)))
Queryb(A, a, By), t(Bi, c), b(A,j, B2) remalnspOSS|bIe

Theorem 4.2 For aredundancyestrictedbias FARMER will
alwaysgenematereducedatomsets.

Proof Assumethat D is aqueryin thetrie, obtainedby us-
ing a redundanyg restrictedbias. We will show thatfor ary
subsetC C D, DO = C canneverbetrue. In orderfor this,
theremustat leastbe two atomsA; and A, in D which are
mappedto the sameatomin C: A;0 = A.60. For ary pair
we will try to constructsucha substitution.By definition of
the bias, both atomsmusthave inputs at the samepositions
(restriction2), while theinputvariablesmustbedifferent(re-

striction 1 in combinationwith the tree building procedure,

wheresuchatomscouldonly begeneratedsbrothers).Con-
structa substitutionwhich unifies A; and A». This substitu-
tion will always map variablesto variables,asno functions
areallowedandno modeswith constantandvariablesatthe
sameparametersApply 6 to thewhole query Considerthe
setof atomsthatintroducedthe variablesusedin 4; and 4,,

thentherearetwo possibilities:

1. Thissetcontainsoneatomwhich hastwo outputtingpa-
rameters. By 6 theseare boundto the samevariable.
Suchan atom can never be generatedaccordingto the
modemechanisnmusedby FARMER,;

2. This sethasat leasttwo differentatoms.Of bothatoms
anoutputis boundto thesamevariableby 6. In whatever
ordertheseatomsareplaced oneof themhasnow anin-
put at a positionwherean outputoccured. This would
requireanothermode,which is not allowed in this re-
strictedbias.

Thustherecannotexist redundantjueries. m|

Theorem4.3 Givena redundancyestrictedbias, FARMER
will never genemte two queriesthat are substitutionequiva-
lent.

Proof We first remarkthat for orderedatom sets,suchas
gueriesadeterministicvariablenumberingcanbe used.Fur-
thermorewe notethattwo queriesmustbe of equalsizeand

thatthe substitioncanonly mapfrom variablesto variables.

Thus,to determinewhethertwo queriessubstitutiorequalea-
chother it sufficesto find a permutationof atoms,followed
by avariablerenumberingthatmakestwo queriesequal.We
will shaw thatFARMER generatesnepermutation.

The restricted bias is such that for every atom in an
(unordered)atom set, there is only one possible mode

determinesa partial order on the atoms, which can be
depictedin a graph suchas in Figure 3 for the atom set
{b(A, a, Bl), b(A,], Bg), t(Bl, C), S(A, Bl, Bz)} and the
bias (b(+A4,a,—B),b(+A4,j,—B),t(+B,c),s(+4,+B,
+B)). Usethis stratey to orderthenodesn aquery Q:

order(A)

add A totheendof @

S := nodeswith incomingarrow from A and
noincomingarrow from outside@

orderS accordingo modedeclarationsand
adeterministianputvariablenumberingstratey

forall A’ € S in orderdo
order(4’)

The orderobtainedby this stratgyy correspondso the order
of FARMER: the setS correspondso the setof dependent
nodes;the treebuilding mechanisnwhich placesnew nodes
beforecopiednodestakescareof therecursiorby actingasa
sortof LIFO queue. |

Corollary 4.1 Givena redundancyestrictedbias FARMER
will never genemte queriesthat §-subsumeadother

5 Experimental results

We have compared=ARMER and WARMR on two datasets.
We shouldremarkthatin our experimentswe usedan im-
plementatiorof WARMR that did not yet usethe tree datas-
tructurediscussedn [Blockeel et al., 200d; a comparison
of both algorithmsis thereforenot completelyfair. Experi-
mentsin [Blockeelet al., 200q revealedspeed-upsf 20 for
WARMR in somesituations.

Bongard
The Bongarddatasef{Bongard,1970 containsdescriptions
of artificial images. The taskis to discover patternsin the
images. Every imageconsistsof several figuresthat canbe
includedinto eachother No redundanyg restrictedbias can
beused.

In Figure 4 the resultsof the experimentsare depicted.
Figure4(a) shavs the numberof queriesthateachalgorithm
finds. Thenumberof FARMER is higherin all caseswhichis
alsoexpectedor thisbias.In Figure4(b) the executiontimes
of the algorithmsarecompared. Payingattentionto thefact
thatthe scaleis logarithmic, the speed-upsre considerable
for this dataset.

Frequentitemsets
In this experimentwe comparethe performanceof FARMER
to a specialpurposealgorithm. As testcasea binary digit
datasets usedwhich contains1000 binary codednumbers.
The specialpurposealgorithmwhich is usedas comparison
is the breadth-firsimplementatiorof APRIORI by [Pijls and
Bioch, 1999. FARMER usesmary of the mechanisméntro-
ducedin that algorithm and should perform comparableo
thatalgorithm.

In Figure5 the resultsof the experimentsaredepicted. A
characteristiof thedatasets givenin Figure5(a). Thenum-
berof frequentitemsetsappeardo increaseapidly whenthe

2Experiments were carried out on a Sun Enterprise 450

declaration. The usageof input and output parameters 4x400MHzUltraSRARC2 CPUw/4MB E-cache4GB RAM.
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Figure4: A comparisorof FARMER andWARMR ontheBon-
garddataset(a) Thenumberof queriesn the output.(b) Ex-
ecutiontimesin secondsNotethatthe scalesaredifferent.
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Figure 5: Comparisonof resultsfor the digit dataset. (a)
The numberof frequentitemsetsfor eachminimum support.
(b) The executiontimesof the algorithms.(c) The execution
timesconsumedor eachitemset.Notethatthe scaleis loga-
rithmic on bothaxis.

minimumsupporis beneatt).1. In Figure5(b) theexecution
timesof thealgorithmsaregiven. Thetime graphof FARMER

is comparabléo thatof APRIORI, althoughstill exponentially
larger WARMR hasa completelydifferentbehaiour than
bothotheralgorithmsandhadsuchhigh executiontimesthat
no experimentsyverecarriedout for low supports.

In Figure5(c) both previous graphsarecombinedandthe
executiontime for eachitemsetis shavn. It makesclearhow
the algorithmsreactwhenthe amountof solutionsthey have
to find increases.While the executiontimes of WARMR in-
creasethetimesof the otheralgorithmsdecreaseAlthough
the overheadfor eachitemsetis largerin FARMER, which
could be explained by the additional mechanismshat are
hoolkedin, thedifferences acceptableThe decreasingrend
can be explained by the increasingnumberof overlapping
evaluationswhenthe numberof itemsetdncreases.

6 Conclusionsand further work

We introducedan efficient algorithmfor discoveringqueries.
It usesatreedatastructur®othto countqueriesasto generate
gueries. We shaved that for a restrictedtype of bias, this
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algorithmis equialentto a previousalgorithm,WARMR, and
performsmuchbetter

Although we believe that our restrictedbias alreadyadds
considerableaxpressve power to propositionalassociation
rules,we arelooking at somepossibilitiesto overcomethese
restrictions. It appearghatin casethe secondrestrictionis
lifted, the rangeof possiblerulesalreadyincreasesonsider
ably. We areinvestigatingthe possibility of usingthe order
of thetreein combinationwith a more sophisticatedlefault
orderof queries.

Furthermorewe plan to perform more experiments. We
successfullyperformedsomeexperimenton a databasevith
one million records,but more experimentsare necessaryo
find outthe behaiour of FARMER on dataset®f this size.
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