
FasterAssociationRulesfor Multiple Relations

SiegfriedNijssen and JoostKok
snijssen@liacs.nl and joost@liacs.nl

LeidenInstituteof AdvancedComputerScience,LeidenUniversity
NielsBohrweg 1, 2333CALeiden,TheNetherlands

Abstract

Severalalgorithmshavealreadybeenimplemented
which combineassociationrules with first order
logic formulas. Although this resultedin several
usablealgorithms,little attentionwaspayeduntil
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 show that indeeda
speed-upis obtainedandthat,usingtheseideas,the
performanceis muchmorecomparableto original
associationrule algorithms.

1 Intr oduction
The formalism of associationrules was introduced by
Agrawal [1996] for the purposeof basket analysis. An im-
portantstepin thediscoveryof suchrulesis theconstruction
of frequentitem sets. Theseare, for instance,setsof items
thatarefrequentlyboughttogetherin onesupermarket trans-
action. As this discovery stepis time critical, it is obliga-
tory that it is performedreasonablyfast. Much researchhas
beendonein order to develop efficient algorithms. A well-
known algorithmresultingfrom this researchis APRIORI, of
whichmany variantshavebeendeveloped,suchasAPRIORI-
TID [Agrawal et al., 1996] anda breadth-firstalgorithmin-
troducedby Pijls andBioch [1999].

On the other hand,efforts have beendoneto extend the
usability of associationrules beyond the basiccaseof bas-
ket analysis.DehaspeandDe Raedt[1997] usethenotionof
atomsetsasa first orderlogic extensionof item sets.Thein-
corporationof techniquesfromInductiveLogicProgramming
allows for morecomplex rules to be found which also take
into accountbackgroundknowledge.Consequently, this also
allowsdataminingof datawhich is spreadover tableswhich
cannot reasonablybe mergedinto onetable. An algorithm
was implementedbasedon this notion, which was called
WARMR. Theusefulnessof this algorithmwasdemonstrated
in several real-world situations(see,for example,[Dehaspe
et al., 1998]). Theseexperiments,however, alsoshowedthe
majorshortcomingof thealgorithm: its efficiency provedto
bevery low, someexperimentseventakingseveraldays.

We proposeto obtaina gain in efficiency by tackling two
propertiesof theWARMR algorithm:

� while still usingthefirst orderlogic notation,weremove
theneedfor PROLOG;

� by using a more sophisticateddatastructureborrowed
from animplementationof APRIORI, ouralgorithmdoes
not dependon a timeconsumingtestfor equivalence.

Thealgorithmthatwe introducehassomeressemblancewith
thealgorithmthatwasdeveloppedin [Blockeelet al., 2000].
That algorithmhowever did not tackleoneof the mosttime
consumingstepsof WARMR: a testfor equivalenceunder

�
-

subsumption.Ouralgorithmpaysspecialattentionto thisstep
andoffersanalternativesolution.Undersomerestrictionswe
will show thatouralgorithmis equivalentto WARMR. Exper-
imentswith ouralgorithmthenshow aconsiderablespeed-up
comparedto WARMR.

The paperis organizedas follows. In the secondsection
we summarizethe associationrule algorithm on which our
work is based.In the third sectionwe discusssomeimpor-
tantnotionsintroducedin theWARMR algorithm.Thefourth
sectionintroducesour modifications,which are verified by
giving resultsof experimentsin the fifth section. The sixth
sectionconcludes.

2 Breadth-first APRIORI

Ouralgorithmis basedonavariationof APRIORI thatwasin-
troducedby Pijls andBioch [1999]. Thealgorithmperforms
the sametaskasAPRIORI. Given a database� which con-
tains subsets� of a set of items �����
	���
�	���
�������
�	���� the
algorithmdiscoversall frequentitemsets, which arethesub-
sets ����� for which ��� �!�#"%$'&�()�+*,�.-��/�102�3-4�5�6�7�8-
exceedsapredefinedthreshold.An itemsetof size 9 is called
a 9;: itemset.An importantpropertyof �'� ���<"=$'&�(>�+* is:

�?�@�A�4�7BC�'� ���<"=$'&�(>�D��*8EF�'� ���<"=$'&�(>�G��*'
 (1)

asevery subset� � of � � occursin every transactionthatcon-
tains � � . This propertyturnsanefficient bottom-uplevelwise
searchpossible:it canapriori bedeterminedthata 9IHKJ -item
setis not frequentif a 9 -subsetis infrequent.

The breadthfirst-algorithmis sucha bottom-uplevelwise
algorithm. It startswith candidatesof sizeone,after which
a processis repeatedof counting 9;: candidateitem setsand
of usingthemto obtaincandidate9LH2J item sets.All these
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Figure1: A smallexampleof a trie datastructure

stepsareperformedon a trie datastructure,of which Figure
1 displaysan example. Every path from the root to a node
correspondsto anitemset;all leafsat thedeepestlevel corre-
spondto candidateitem sets.Pathswhich do not reachuntil
the deepestlevel aremaintainedonly whenthey correspond
to frequentitem setsandaredisplayedby dottedlinesfor the
sakeof clarity. Thetrie is usedin thefollowing fashion:� In thestepof candidatecounting,a treetraversalis per-

formedfor every transaction,asfollows: if an item oc-
cursin a transaction,all its childrenarecheckedrecur-
sively. If a leaf is reached,thesupportcountof thecor-
respondingitemsetis increased.

� In the stepof candidategeneration,for every frequent
itemsetnew childrenaregenerated,consistingof all fre-
quentright brothers.In theexample �=MN� is expandedby
its frequentright brothersO and P . This copying mech-
anismin combinationwith the orderof the itemstakes
careof generatingevery itemsetat mostonce.

In both steps,this mechanismdistinguishesitself from the
original APRIORI algorithm. Insteadof building a new tree
for eachround,thisprocedureefficiently constructsanew set
of candidatesby merelycopying nodes.Furthermore,during
thecountingphase,it passesthroughthetreeandchecksfor
theexistenceof candidatesin thecurrenttransaction.This in
contrastto theoriginalalgorithm,wherefor agivensubsetin
thetransaction,asearchin ahashnodeis performedto check
whetherthereis a candidateto be counted. It will appear
that thesebothcharacteristicsmake this variantof APRIORI
suitablefor ourpurposes.

3 WARMR

As afirst orderextensionof itemsets,DehaspeandDeRaedt
[1997] usesetsof atoms,which they alsorefer to asqueries
whennearlyall variablesareexistentiallyquantifiedandthe
setis ordered.Thefreevariablesareboundby a specialpur-
posekey predicate.The relationof the key andthe queryis
illustratedin thefollowing Hornclause:

9/(>QK*R S'T U
key

VXW �+Y��!()QZ
\[�
 ]�^%$D_ W "=`\�N� *'
G�a$D"��#b�$'&>Y\()QZ
�c�"=Y�^%cd*R S'T U
query

(2)

In thisexamplethepredicateW �+Y�� canbethoughtof asatable
which describesthe productsthat clients are buying, while
the �a$D"��#b�$'&>Y predicaterefersto a tablecontainingproperties
of clients. In the sequelwe will useabbreviationssuchas W
for W �+Y�� , � for �a$?"?�<be$'&>Y and ] for ]�^=$?_ W "=`\�N� . This example
showshow severaltablescanbecombinedmoreelegantlyin
a querythanin anitemset.

Thesupportof thequeryis formalizedusingthekey andis
definedto be the numberof variablebindingsfor which the

key predicatecanbeproved.In thegivenexamplethesupport
of � W ()QZ
\[f
�]�*e
g�h(>QZ
�cd*'� is thenumberof variablebindings
of Q for which 9i()QK* canbeprovedgiventheHornclausein
Formula(2) anda knowledgebasedefinedin PROLOG.

While for item setsthe definition of the searchspaceis
straightforward,this is not thecasefor atomsets.Apart from
the choiceof predicate,therearealsomany possibilitiesfor
theusageof variablesin thequery. To definethebiasof the
searchspaceWARMR usesa refinementoperatorbasedon
modedeclarations. Every modedeclarationprescribesthe
way in which a predicatecanbe addedto a query. The fol-
lowing is anexampleof a mode:

W (jHf
�:k
�]�*e� (3)

It statesthat predicateW may be addedto a querywhenthe
first parameteris boundto an existing variable,the second
parameterintroducesa new variableand the last parameter
is boundto the constant] . The parametersarecalledmode
constraints; here,we will call H parametersandconstantpa-
rametersinput parametersand : parametersoutputparame-
ters. Oftenan integer is associatedwith every modeto indi-
catehow many timesat mostthemodemaybeappliedin the
samequery.

The usageof atomsinsteadof items turns it more diffi-
cult to createan efficient APRIORI-like algorithm: it is no
longer reasonableto usethe subsetrelation to expressrela-
tions betweenatomsets. As replacementfor the subsetre-
lation,andasapproximationof logical implication,WARMR
uses

� : subsumption. An atomset l subsumesan atomset
� , denotedby lnm�� , if thereis a substitution

�
suchthat

l � �A� . The
�
-subsumptionrelationinducesanequivalence

relation o , thatis definedasfollows: lpop� if f lqm�� and
�rm1l . It canbeshown thata propertysimilar to Formula
(1) alsoholdsfor

�
-subsumptionon atomsets:

�?�@mA�4�7BC�'� ���<"=$'&�(>�D��*8EF�'� ���<"=$'&�(>�G��*'� (4)

For a setof frequentqueriesof size 9 (denotedby sut ) anda
setof infrequentqueriesof size 9 (denotedby � t ), WARMR
usesthisalgorithmto generateanew setof candidatequeries
lvtew � :

warmr -gen
l t�w � = x ;
for all ]y0zsvt do

for all refinements]�{ of ] do
Add ] { to l t�w � unless:

(a) thereis a b|0z}L~>� t � ~�� b|m3]�{ , or
(b) thereis a b|0z}L~>� t s ~\� lvt�w � � b�o�]�{ .

Restriction(a) removesquerieswhichareapriori determined
to beinfrequent.Restriction(b) removesquerieswhich have
thesamemeaningaspreviously consideredfrequentqueries
or candidates.We will illustrate this on a small example.
Considerthefollowing setof modedeclarations:

� W (>Hf
)�'�+	d]�b�
�:7*'
�&�(>Hf
�]�*e
�&�(jHf
 b�c�b�]e&>$D"=`\	d]j�;�+$���b *'�
Thismayleadto thesetwo queries:

W ()QZ
d�\
<[/��*e
�&�(�[;��
�]�*e
 W ()QZ
�]%
\[\��*e
�&�(�[\��
 b�*W ()QZ
d�\
<[/��*e
�&�(�[;��
�b�*'
 W ()QZ
�]%
\[\� *'
�&�(%[\��
 ] *
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Theseclauseshowever have thesamemeaningandlogically
imply� eachother.

A major problemsof WARMR is that it heavily depends
on a good implementationof

� : subsumption.This is pro-
hibitive as

�
-subsumptionis anNP-completeproblem[Kietz

andLübbe,1994].

4 FARMER

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

4.1 Knowledgebase
When taking a closerlook at the modedeclarations,it can
easily be seenthat they can be mappedto procedures.As
an example,considerthe following facts: W (GJ!
 ^%`a^=`;^���
�]�* ,W (GJ�
)�'�+	d]�b�
�b�* . Given mode W (>Hf
���
'Hy* , this mode could
be associatedwith a procedurewhich returns &>$'�<b for
(GJ!
d�\
 b�* andreturns�e^=c���b for (GJ!
 ^<
 ] * . Furthermore,a modeW (>Hf
�:k
�:7* could be associatedwith a procedurewhich for
input J returns�N(D^<
 ] *'
 (��<
�b�*�� . In FARMER this ideais incor-
poratedby binding all modedeclarationsto a procedureof
oneof thesetwo types:

� booleanprocedures,whichfor aninputvectorreturntrue
or false;

� outputtingprocedures,which for an input vectorreturn
asetof outputvectors.Of course,thissetmaybeempty
andneednot be computedentirely beforeall elements
areused.

Thefirst kind of proceduresshouldbe usedin modeswhich
do not have outputparameters.The secondkind is usedin
outputtingmodes.

A datastructurefor a knowledgebaseof PROLOG facts
is createdandaccessedby procedures,asfollows: for every
modedeclarationa multidimensionalmatrix is allocated;ev-
ery elementin thematrix correspondsto a setof input values
andcontainsa truth valueor a list of outputvalues.Whena
fact for a predicateis read,all correspondingmodematrices
areupdatedaccordingly. Theadvantageof thismechanismis
that it takesa constantamountof time to determinethetruth
of an atom,especiallyin our currentimplementationwhich
storesthe matricesin corememory1. Knowledgecanhow-
everonly bespecifiedusingfactsor ad-hocprocedures.

4.2 Search
The searchwhich FARMER performsdiffers in two aspects
from theoriginal WARMR algorithm:� it doesnot use

�
-subsumption;� it manipulatesatrie datastructureto generatethequeries

which aredefinedby thebias.
The trie datastructureis a treewhich containsall candidate
queriesasa pathfrom theroot to a leaf. An exampleof such
a trie is givenin Figure2. Thetreeis usedfor bothcounting
andgeneratingcandidates.

1For large datasets,this could be a disadvantage.However, as
ouralgorithmfits within thelearningfrom interpretationsapproach,
similarargumentsholdwhenpartof a databaseis ondisk.

b(X,j,Y  )2

1

1 1

k(X)

b(X,a,Y   ) b(X,j,Y   )

t(Y  ,e)1 t(Y  ,c) t(Y  ,e) b(X,j,Y   )

1

1

1

1
t(Y  ,c)

1
2b(X,a,Y   )

32
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1
1

1
2

3

Figure2: A trie in FARMER

Counting
Wewill describethealgorithmby giving pseudo-code.In this
pseudo-code,we usethefollowing notation:

� a capital � refersto anatomin thetree;
� acapital � refersto asetof variableassignments,which

is a setcontaininga mappingfrom variablesto values;
� �;(j�y
���* is aninterpretationfunction,which returnstrue

if anatom � canbeprovedusingassignment� . In this
function,oneof theaforementionedproceduresis used;

��� (>�k
��|* is anassignmentfunction. Theassignmentset
� givesa value to somevariablesoccuringin � . For
the remainingunboundvariables,this function returns
all setsof possibleassignments.The aforementioned
outputtingprocedureis usedhere.

For all valuesof thekey variables,thetreeis traversedrecur-
sively, asfollows:

Count(A,B)
if �;(>�y
'�|*��q&)$'�<b then

if � is a leaf then
disable�
increasesupport�
return true

else
for all �k{v0 � (>�k
��|* do

_ � ��&)$'�<b
for all ��{i0 childrendo

if ��{ notdisabledthen
_ � � Count(��{ , � � �k{ ) ��_

if d = true then
disable�
return &>$'�<b

return �e^=c��eb
Initially all nodesareenabled.For agivennodeall valuesfor
the outputsarechecked as long astherearechildrenwhich
have not beensatisfied. A similar idea is also applied in
[Blockeeletal., 2000]. Weshow theintegrationof theproce-
duresandmodedeclarationshere.

Candidategenerationalgorithm
Wewill first introducethemechanismof candidategeneration
by giving the algorithm. Afterwardswe will comparethis
generationmechanismwith the

�
-subsumptionbasedmethod

of WARMR.
Thegenerationmechanismis basedon thefollowing idea:

whenan atomwith an input variableis moved to 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
canoccur� without violation. All atomsthat canbe addedto
the endof a querycanbe subdivided in the following three
classes:

1. atomsthat could not have beenaddedat an earlierpo-
sition, as they useat leastonenew variableof the last
atomin thequery;we call thesedependentatoms;

3. atomsthatareacopy of thelastatomin thequery, except
for thenamesof theoutputvariables;

2. otheratomsthatcouldhavebeenaddedat anearlierpo-
sition.

Examplesof theseclassesare given by the superscriptsin
Figure2.

Duringtheconstructionof thetreethissubdivisionis used.
Givena trie andanorderedsetof modedeclarations,thetrie
is expandedasfollows:

Expand(A)
if � is internalthen

for all ��{i0 childrendo
Expand( ��{ )

elseif � is frequentthen
addaschild from left to right:

1. all dependentatomsof �
2. all frequentright brothersof �
3. a copy of � with new outputvariables,

if allowed
else

remove �
The treein Figure2 is obtainedusingthis mechanismwhen
it is assumedthatall queriesof thefollowing (typed)biasare
frequent:

� W (>Hk�k
 ^<
�:@��*'
g��(>Hk�k
d�<
�:@�|*e
�&�(jHk��
 ] *'
�&�(>Hk�,
 b�*�� (5)

Thesuperscriptsalsoin this casedenotethemechanismthat
wasusedto createa node.

The first mechanismserves the purposeof introducing
atomswhich could not be addedpreviously. The atomsare
introducedin thesameorderasthecorrespondingmodedec-
larationsandadeterministicmechanismis usedto gothrough
all theinputvariables.

The dependentatomsare brothersof eachother;the sec-
ondmechanismtakescarethatall subsetsaregeneratedafter-
wards– if not infrequent. By keepingthe childrenin order,
everysubsetis generatedonly once,or, equivalently, only one
permutationout of a setof dependentatomsis considered.If
necessary, thesecondmechanismgivesnew namesto output
variablesto makesurethey remainoutputs.

The third mechanismis intentionally separatedfrom the
othertwo. Generationof repeatingnodesis not desirablein
many situationsandshouldin any casebeboundto a maxi-
mum.In oursettings,thebiasshouldexplicitely statewhether
duplicationof anatomis allowed.

Atomsof thethird kind do not fit very well in thedistinc-
tion thatwasintroduced.A repeatingnodecouldin any case
be exchangedwith its parent. It would however not be effi-
cient to introducea setof identicalnodesto overcomethis
problem. Later on, we will alsoseesomeadditionaldisad-
vantagesof theseatoms.

Candidategenerationdiscussion
Due to the absenceof

�
-subsumption,it caneasilybe seen

that FARMER doesnot pruneas many queriesas WARMR
does.In this sectionwe will show which restrictionsshould
beappliedto thebiasin orderto makesurethatFARMER will
generatethesameoutput.

In WARMR
�
-subsumptionis usedfor two purposes:� to pruneinfrequentqueriesbeforecounting;

� to remove querieswhich “mean the same” as other
queries.

Only the
�
-subsumptionrelationthatis usedfor thelatterpur-

posewill beconsideredhere,asonly this relationinfluences
the setof queriesthat is found. Infrequentquerieswill not
occurin theresultsevenif they arenot pruned.

The
�
-subsumption equivalence relation is only one

method for determiningthat queriesmean the same. A
lessstrict relationis the equalityrelationundersubstitution,
whichwewill denotewith � hereandis definedfor two (un-
ordered)setsof atomsas follows: l��X� if f thereexist
substitutions

� � and
� � suchthat l � ���n� and � � ���.l .

Thecorrespondencebetweentheserelationscanbeexpressed
usingPlotkin’s reducedclauses.

Definition 4.1 A clause� is calledreducediff l���� and
lpoF� imply l5�5� . [Plotkin,1969]

Theorem4.1 Let l and � be reducedsetsof atoms.Then
lp�F� iff l5op� .

Proof ” B ”: this is clearas l � � ��� and � � � ��l .
” � ”: as lnm�� , l � ����� , andas �.m�l , l � � � ����l .
Let l7{���l � � � � . Becausel7{��1l and l � � � ���1l7{ , also
l�o�l7{ holds(by definition),andthen l���l7{ becausel
is reduced.Thus l � � � � � l . In thesameway, � � {� � {� �p� .
As -¡l � ��-!��-dlf- and l � �y�F� , - �¢-#E�-¡lf- . As - � � {� -
��- �¢- ,
-dlf-�E1- �z- , andfinally - �z-v��-dlf- . By combining -¡l � �!-v�
- �¢- and l � � �1� , l � � ��� is shown. This provesthat
�£� l . ¤
Fromthistheoremit alsofollowsthatif atomsetsarereduced,
they canneverbesubsumptionequivalentwhenthey differ in
length.

We will show that for a restrictedbias, FARMER will al-
ways generatereducedatom sets. Then we will show that
FARMER doesnot generatetwo differentatomsetsthat are
substitutionequivalent. Fromthis we concludethat,givena
restrictedbias, FARMER will not generatequeriesthat sub-
sumeeachother.

Definition 4.2 A redundancyrestrictedbiasshouldobey the
following rules:

1. no functionsmaybeused;

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

3. notwomodesfor thesamepredicatemayexist for which
theconstraint parameters differ, unlessthecorrespond-
ing parametersarebothconstantparameters.

The second rule prevents queries such as W (>�k
 ^<
�� � * ,W (>�y
�^#
'���=* from being generated. The third rule disal-
lows the biases ( W (>Hf
�^#
�:7* , W (>Hf
�:k
�:7*4* and ( W (jHf
 ^<
�:7* ,
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k(A)

b(A,j,B  )2

b(A,a,B   )1 1t(B  ,c)

s(A,B   ,B   )1 2

Figure3: A partialorderfor aquery

W (>Hf
 ^<
�Hy* , &�(>Hf
�:7*4* , andconsequentlyqueries( W (>�k
 ^<
�� � * ,W (>�y
!l � 
'� � *4* and ( W (j�y
�^#
'� � * , &�(j� � 
�� � * , W (>�k
 ^<
�� � *D* ).
Query W (j�y
 ^<
��8� *'
�&�(>�8�=
�]�*e
 W (>�k
d�<
'����* remainspossible.

Theorem4.2 For a redundancyrestrictedbiasFARMER will
alwaysgeneratereducedatomsets.

Proof Assumethat � is a queryin thetrie, obtainedby us-
ing a redundancy restrictedbias. We will show that for any
subsetl�¥2� , � � �¦l canneverbetrue. In orderfor this,
theremustat leastbe two atoms �@� and ��� in � which are
mappedto the sameatomin l : � � � �n� � � . For any pair
we will try to constructsucha substitution.By definitionof
the bias,both atomsmusthave inputsat the samepositions
(restriction2), while theinputvariablesmustbedifferent(re-
striction 1 in combinationwith the treebuilding procedure,
wheresuchatomscouldonly begeneratedasbrothers).Con-
structa substitutionwhich unifies �7� and ��� . This substitu-
tion will alwaysmapvariablesto variables,asno functions
areallowedandno modeswith constantsandvariablesat the
sameparameters.Apply

�
to thewholequery. Considerthe

setof atomsthatintroducedthevariablesusedin �7� and ��� ,
thentherearetwo possibilities:

1. Thissetcontainsoneatomwhichhastwo outputtingpa-
rameters. By

�
theseare boundto the samevariable.

Suchan atomcannever be generatedaccordingto the
modemechanismusedby FARMER;

2. This sethasat leasttwo differentatoms.Of bothatoms
anoutputis boundto thesamevariableby

�
. In whatever

ordertheseatomsareplaced,oneof themhasnow anin-
put at a positionwherean outputoccured.This would
requireanothermode,which is not allowed in this re-
strictedbias.

Thustherecannotexist redundantqueries. ¤
Theorem4.3 Givena redundancyrestrictedbias, FARMER
will never generatetwo queriesthat are substitutionequiva-
lent.

Proof We first remark that for orderedatom sets,suchas
queries,adeterministicvariablenumberingcanbeused.Fur-
thermorewe notethat two queriesmustbeof equalsizeand
that the substitioncanonly mapfrom variablesto variables.
Thus,to determinewhethertwo queriessubstitutionequalea-
chother, it sufficesto find a permutationof atoms,followed
by avariablerenumbering,thatmakestwo queriesequal.We
will show thatFARMER generatesonepermutation.

The restricted bias is such that for every atom in an
(unordered)atom set, there is only one possible mode
declaration. The usageof input and output parameters

determinesa partial order on the atoms, which can be
depictedin a graph such as in Figure 3 for the atom set
� W (>�k
 ^<
�� � *e
 W (>�k
d�<
'� � *e
�&�(j� � 
 ] *'
e�
(>�y
'� � 
�� � *'� and the
bias ( W (>Hk�k
 ^<
�:@�|*e
 W (>Hk�k
d�<
�:@�|*e
�&�(jHk��
 ] *'
��!(>Hk�k
�Hk�,

Hk�|*D* . Usethis strategy to orderthenodesin aquery § :

order(A)
add � to theendof §¨

:= nodeswith incomingarrow from � and
no incomingarrow from outside §

order
¨

accordingto modedeclarationsand
adeterministicinputvariablenumberingstrategy

for all ��{/0 ¨
in orderdo

order(��{ )
Theorderobtainedby this strategy correspondsto the order
of FARMER: the set

¨
correspondsto the setof dependent

nodes;thetreebuilding mechanismwhich placesnew nodes
beforecopiednodestakescareof therecursionby actingasa
sortof LIFO queue. ¤
Corollary 4.1 Givena redundancyrestrictedbias FARMER
will nevergeneratequeriesthat

�
-subsumeeachother.

5 Experimental results
We have comparedFARMER and WARMR on two datasets.
We shouldremarkthat in our experimentswe usedan im-
plementationof WARMR that did not yet usethe treedatas-
tructurediscussedin [Blockeel et al., 2000]; a comparison
of both algorithmsis thereforenot completelyfair. Experi-
mentsin [Blockeelet al., 2000] revealedspeed-upsof 20 for
WARMR in somesituations.

Bongard
The Bongarddataset[Bongard,1970] containsdescriptions
of artificial images. The task is to discover patternsin the
images.Every imageconsistsof several figuresthat canbe
includedinto eachother. No redundancy restrictedbiascan
beused.

In Figure 4 the resultsof the experimentsare depicted.
Figure4(a)shows thenumberof queriesthateachalgorithm
finds.Thenumberof FARMER is higherin all cases,which is
alsoexpectedfor thisbias.In Figure4(b) theexecutiontimes
of thealgorithmsarecompared2. Payingattentionto thefact
that the scaleis logarithmic,the speed-upsareconsiderable
for thisdataset.

Frequentitemsets
In this experimentwe comparetheperformanceof FARMER
to a specialpurposealgorithm. As test casea binary digit
datasetis usedwhich contains1000binary codednumbers.
The specialpurposealgorithmwhich is usedascomparison
is thebreadth-firstimplementationof APRIORI by [Pijls and
Bioch, 1999]. FARMER usesmany of themechanismsintro-
ducedin that algorithm and shouldperform comparableto
thatalgorithm.

In Figure5 theresultsof theexperimentsaredepicted.A
characteristicof thedatasetis givenin Figure5(a).Thenum-
berof frequentitemsetsappearsto increaserapidly whenthe

2Experiments were carried out on a Sun Enterprise 450
4x400MHzUltraSPARC2CPUw/4MB E-cache4GB RAM.
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Figure4: A comparisonof FARMER andWARMR ontheBon-
garddataset.(a)Thenumberof queriesin theoutput.(b) Ex-
ecutiontimesin seconds.Notethatthescalesaredifferent.
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Figure 5: Comparisonof resultsfor the digit dataset. (a)
Thenumberof frequentitemsetsfor eachminimumsupport.
(b) Theexecutiontimesof thealgorithms.(c) Theexecution
timesconsumedfor eachitemset.Notethatthescaleis loga-
rithmic onbothaxis.

minimumsupportis beneath­<��J . In Figure5(b) theexecution
timesof thealgorithmsaregiven.Thetimegraphof FARMER
is comparableto thatof APRIORI, althoughstill exponentially
larger. WARMR hasa completelydifferent behaviour than
bothotheralgorithmsandhadsuchhigh executiontimesthat
no experimentswerecarriedout for low supports.

In Figure5(c) bothpreviousgraphsarecombinedandthe
executiontime for eachitemsetis shown. It makesclearhow
thealgorithmsreactwhentheamountof solutionsthey have
to find increases.While the executiontimesof WARMR in-
crease,thetimesof theotheralgorithmsdecrease.Although
the overheadfor eachitemsetis larger in FARMER, which
could be explained by the additional mechanismsthat are
hookedin, thedifferenceis acceptable.Thedecreasingtrend
can be explainedby the increasingnumberof overlapping
evaluationswhenthenumberof itemsetsincreases.

6 Conclusionsand further work
We introducedanefficient algorithmfor discoveringqueries.
It usesatreedatastructurebothto countqueriesasto generate
queries. We showed that for a restrictedtype of bias, this

algorithmis equivalentto apreviousalgorithm,WARMR, and
performsmuchbetter.

Although we believe that our restrictedbiasalreadyadds
considerableexpressive power to propositionalassociation
rules,we arelooking at somepossibilitiesto overcomethese
restrictions. It appearsthat in casethe secondrestrictionis
lifted, therangeof possiblerulesalreadyincreasesconsider-
ably. We areinvestigatingthe possibility of usingthe order
of the treein combinationwith a moresophisticateddefault
orderof queries.

Furthermore,we plan to performmoreexperiments.We
successfullyperformedsomeexperimentsonadatabasewith
onemillion records,but moreexperimentsarenecessaryto
find out thebehaviour of FARMER on datasetsof thissize.
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cientsubsumptionalgorithmfor inductive logic program-
ming. In S. Wrobel,editor, Proceedingsof the 4th Inter-
nationalWorkshopon InductiveLogic Programming, vol-
ume237,pages97–106.Gesellschaftfür Mathematikund
DatenverarbeitungMBH, 1994.

[Nijssen,2000] S.Nijssen.Dataminingusinglogic,master’s
thesis,LeidenUniversity, 2000.

[Pijls andBioch,1999] W. Pijls and J. C. Bioch. Min-
ing frequent itemsets in memory-residentdatabases.
In E. Postma, editor, Proceedings Eleventh Bel-
gium/Netherlands Artificial Intelligence Conference,
pages75–82,1999.

[Plotkin,1969] G. D. Plotkin. A noteon inductive general-
ization. In B. MeltzerandD. Michie, editors,MachineIn-
telligence5, pages153–163,Edinburgh,1969.Edinburgh
UniversityPress.

896 MACHINE LEARNING AND DATA MINING


