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Pattern mining

� Interestingpatterns:
� Frequentpatterns

� E.g.q : a1 ^ a2 ^ : : : ^ an

� Frequency f req(q)
� Associationrules

� E.g. r : if antecedthenconseq
� Support:supp(r ) = f req(anteced)
� Con�dence:

conf (r ) = f req(conseq)=f req(anteced)
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Main mining phases

� Hypothesisspacede�nition (bias)

� Candidategeneration

� Frequency testing! frequentpatterns

� Patterns! associationrules
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Problemde�nition

� Wewantaminingalgorithm:thatis both
� Expressive (semanticrelational)
� Ef�cient (bothspaceandtime)

Onef�cient miningof compactlyrepresentedsetsof frequentpatternsin relationallanguages– p.6/52



Representationlanguages

� Propositional

� Syntacticalrelational

� Semanticalrelational(with background
knowledge)
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Propositional language

� Itemsetswith whatcustomersbought

� Freq(pizza)=1,freq(beer)=0.75

customer beer wine pizza
John 1 1 1
Mary 1 0 1
Bart 0 1 1
Lisa 1 0 1
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Relational language

� Relationaldatabase

� freq(buys(X,wine))=0.5,freq(friend(X,Y),buys(Y,wine))=1

buys(john,beer). buys(bart,wine). friend(bart,mary).
buys(john,wine). buys(bart,pizza). friend(bart,lisa).
buys(john,pizza). buys(lisa,beer).
buys(mary,beer). buys(lisa,pizza).
buys(mary,pizza).
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With background knowledge

� Backgroundknowledgede�nesgeneralproperties

� freq(buys(X,wine))=0.5,freq(buys(X,Y),alcohol(Y))=1

buys(john,beer). buys(bart,wine). friend(bart,mary).
buys(john,wine). buys(bart,pizza). friend(bart,lisa).
buys(john,pizza). buys(lisa,beer).
buys(mary,beer). buys(lisa,pizza). alcohol(beer).
buys(mary,pizza). alcohol(wine).

friend(X,Y)
 friend(Y,X).
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Background knowledge?

� User's knowledgeon thedomain
� Includingbut not limited to

� Hierarchies:alcohol(X) X=beer.
� Symmetry:bond(X,Y) bond(Y,X).
� Transitivity: X<Y  X<Z, Z<Y.
� Structures:has_benzene(M):- atom(M,A1,c),

bond(M,A1,A2,7),atom(M,A2,c),bond(M,A2,A3,7),
atom(M,A3,c),bond(M,A3,A4,7),atom(M,A4,c),
bond(M,A4,A5,7),atom(M,A5,c),bond(M,A5,A6,7),
atom(M,A6,c),bond(M,A6,A1,7).
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Ef�ciency issues

� Speed:avoid redundantcomputations

� Space:usecompactrepresentations
� Knowledge(sharinginformationbetween

examples)[Struyf etRamon,ILP2003]
� Patterns/rules(usingtrees,combining

“tries” and“packs”)
� Condensedrepresentations
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Intr oduction

� Mine frequentpatternssuchas:
person(X ) ^ buys(X , pizza)^ friend(X , Y) ^

buys(Y, wine)
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Intr oduction

� Mine frequentpatternssuchas:
person(X ) ^ buys(X , pizza)^ friend(X , Y) ^

buys(Y, wine)

� Spaceof all conjunctivequeriesis very large

� De�ne constraintsongeneratedpatterns
� Only generate“interesting”patterns
� Not: person(X),friend(X,Y), buys(X,Y)
� Not: atom(M,A1,c),atom(M,A2,o)
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Intr oduction

! De�ne apatternlanguageL

� Consistsof typedeclarations:
type (buys(person,product)).

type (friend(person,person)).

� And modedeclarations:
rmode (buys(+ X , #)).

rmode (friend(+ X ,� Y)).

� Canbegeneratedsemi-automaticallybased
ondatabaseschema
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Intr oduction

� How to generatecandidatepatterns?
Propositional:addelementto itemset
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Intr oduction

� How to generatecandidatepatterns?
Propositional:addelementto itemset

Relational:usere�nementoperator�
pattern! patternset

� (person(X )) = f person(X ) ^ buys(X , pizza),
person(X ) ^ buys(X , wine),
person(X ) ^ friend(X , Y)g

� Recursively applying� generatesall c 2 L
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Search space

person(X) buys(X,pizza)

buys(X,wine)

friend(X,Y)
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Search space

person(X) buys(X,pizza)

buys(X,wine)

friend(X,Y)

buys(X,pizza)

buys(X,wine)

friend(X,Y)
...

buys(X,pizza)

buys(X,wine)

buys(Y,pizza)

buys(Y,wine)

...
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BasicAlgorithm

algorithm WARMR(E,R,� ,minsup)
k = 0; C0 = f Rg; I = ;
while Ck 6= ;

computecount(c;E); 8c 2 Ck

Fk = f c 2 Ck j count(c) � minsup � jD jg
I = I [ (Ck � Fk); Ck+1 = ;
for eachc 2 Fk, c02 � (c)

if not tests(c0; c;Ck+1 ; I )
then Ck+1 = Ck+1 [ f c0g

k = k + 1 Onef�cient miningof compactlyrepresentedsetsof frequentpatternsin relationallanguages– p.18/52



BasicAlgorithm

� tests(c0; c;Ck+1 ; I )

� Equivalentto parent:
c � c0

� Equivalentto othercandidate:
9c002 Ck+1 ; c00� c0

� Morespeci�c thaninfrequent:
9i 2 I ; i � c0(monotonicity)
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Mor egeneralthan

� Propositional:I G � I S

� Relational:G� � S
� friend(X,Y) �

friend(X,Y), buys(Y,Z) �
friend(X,Y), buys(Y,beer)

� Semantical:S [ BGj= G
� buys(X,Y),alcohol(Y)� buys(X,beer)
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Equivalent

� A � B , (A � B) ^ (B � A)

� Propositional:I A = I B

� Relational:
buys(X,pizza),buys(X,Y) � buys(X,pizza)

� Semantical:
buys(X,Y),alcohol(Y),Y=beer� buys(X,beer)
friend(X,Y), friend(Y,Z) � friend(X,Z), friend(Y,Z)
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BasicAlgorithm

� Two expensivesteps:
� Candidategeneration

tests(c0; c;Ck+1 ; I )
� Candidateevaluation

(queryexecution/ databaseaccess)

! Proposeef�cient algorithmsfor thesesteps
basedon thetreerepresentationof Ck andI
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TreeRepresentation

person(X) buys(X,pizza)

buys(X,wine)

friend(X,Y)

buys(X,pizza)

buys(X,wine)

friend(X,Y)

buys(X,pizza)

buys(X,wine)

friend(X,Y)
...
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Monotonicity Test

� 9i 2 I ; i � c0

� Naive implementation:iterateoverall
infrequentqueries

� c0= person(X),buys(X,wine),friend(X,Y),
buys(Y,coconut)

I 1 = person(X),friend(X,Y), buys(Y,jam)
I 2 = person(X),friend(X,Y), buys(Y,coconut)

Candidatewill beinfrequentbecausethereexistsan
infrequentpatternthatis moregeneral
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Monotonicity Test

� Replacevariablesby uniqueconstants
person(p1),buys(p1,wine),friend(p1,p2),
buys(p2,coconut)

� Matchtreerepresentationof infrequent
patternson thisset
person(X) friend(X,Y) buys(X,jam)

buys(X,coconut)
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Monotonicity Test

� Replacevariablesby uniqueconstants
person(p1),buys(p1,wine),friend(p1,p2),
buys(p2,coconut)

� Matchtreerepresentationof infrequent
patternson thisset
person(X) friend(X,Y) buys(X,jam)

buys(X,coconut)X=p1 Y=p2

fails

succeeds
Pattern is infrequent
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EquivalenceTest

� Performbidirectional� -test

� Exploit treestructureto improveef�ciency

� (Step1) Findsetof canidatepatternsG thatis
moregeneral(or equal)
Similar to monotonicitytest,but now with tree
representationof Ck+1

� (Step2) Testif c0 � c;c 2 G
Matchc0alongapathin thetreerepresentationof G
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HashFunction

� Property:h(c1) 6= h(c2) thenc1 andc2 cannot
beequivalent

! Do nothave to performequivalencetestwith
eachcandidate,only testcandidateswith
equalhashvalues

� Only 1 or 2 candidates:N 2 becomesN

� Hashfunctioneasycomputablefor syntactic
� -tests,moredif�cult for semantic(needs
closure) Onef�cient miningof compactlyrepresentedsetsof frequentpatternsin relationallanguages– p.27/52



CandidateEvaluation

� Query-packevaluationexploits treestructure
of Ck [Blockeel'02]

� Query-transformations[SantosCosta'03]

� Ef�cient � -subsumption
[Maloberti andSebag'01]

� Coveragelists (for �rst few levels)

� In experimentsonly query-packs
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Experiments

� Carcinogenesis330(d=5,50%,5%)
(element,type)[Srinivasan'99]

� HIV 41768(d=6,5%,0.1%)
(element)[Kramer'01]

� CompareClassic,Optimized(exploits tree
structurein bothcandidategenerationand
evaluation,useshashfunction)andOptimized
with semanticbias(nohashfunction)
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CandidateGeneration

� Semanticbias

bond(A1,A2,T) bond(A2,A1,T).
element(A,E) elem2type(E,T),type(A,T).
constraint(bond(A1,A2, T), A1 6= A2).

elem2type(br,94).
elem2type(c,10).
elem2type(c,14).
...
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Experiments
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Experiments
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Conclusion

� Treerepresentationimprovesef�ciency of:
� Equivalencetest(+ hashfunction)
� Monotonicitytest
� Patternevaluationondatabase

� Databaseswith many examplesvs. with a large
hypothesislanguage

� Semanticbiasreducesthenumberof patterns(both
evaluatedandfrequent)
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� Mining frequentpatterns

� Mining associationrules
� De�nitions
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[Luc DeRaedt,JanRamon,KR2004]

� Conclusions
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Associationrules

� Queryextensions:

9Y : f r iend(X ; Y); buys(Y; pizza)

 9Y : f r iend(X ; Y)

� Relationalassociationrules(rangerestricted):

8Y : buys(Y; pizza)  f r iend(X ; Y)

8Y : alcohol(Y)  beer(Y)
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Mining associationrules

� Usingnegation:

b  a1 ^ a2 ^ : : : ^ an

,
: (: b^ a1 ^ a2 ^ : : : ^ an)

� Goodassociationrule iff
� Support:freq(a1 ^ a2 ^ : : : ^ an)> minfreq
� freq(: b^ a1 ^ a2 ^ : : : ^ an)<� )

con�dence> supp=(supp� � )
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Freepatterns

� If q frequentandp  q highcon�dence,then
p ^ q frequent.

) p ^ q is redundantif approximationgood
enough(=highcon�dence)

� Freepattern:no literal canbeprovenfrom
otherliterals
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Freepatterns

� Rulesfrom
� Minedassociationrules(� -free)

� � = maximumnumberof allowed
exceptionsto rule

� Backgroundknowledge(s-free)

� Applying rulesr1; r 2 : : : r n with atmost
e1; e2 : : : en exceptions) frequency candrop
by atmost

P n
i=1 ei
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Freepatterns

� Supposethat
buys(X,pizza) buys(X,Y),alcohol(Y)(� = 1)
freq(friend(X,Y),buys(Y,Z),Z=beer)=200.

) freq(friend(X,Y),buys(Y,Z), Z=beer,
alcohol(Z))=200

) freq(friend(X,Y),buys(Y,Z), Z=beer,
alcohol(Z),buys(Y,pizza))� 199
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Closedpatterns

� Patternp is closedwrt setof rulesR iff p� is
leastHerbrandmodelof R [ p� , i.e. anything
derivablefrom p by R is alreadyin p.

� Rulesfrom backgroundKB andfrom mined
assocrules.

� closinga rulegivesaclosedrulewhose
frequency approximatesthefrequency of the
original rule (dependingon thenumberof
addedliterals).
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Closedpatterns

� Supposethat
buys(X,pizza) buys(X,Y),alcohol(Y)(� = 1)

� not closed:friend(X,Y), buys(Y,Z), Z=beer.

� not closed:friend(X,Y), buys(Y,Z), Z=beer, alcohol(Z)

� not closed:friend(X,Y), friend(Y,X), buys(Y,Z),
Z=beer, alcohol(Z)

� closed:friend(X,Y), friend(Y,X), buys(Y,Z), Z=beer,
alcohol(Z),buys(Y,pizza)
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Sourceof rules

� Frommined� -freerules

� Frombackgroundknowledge

� Equivalent
� Let � =0, collect0-freerules
� addrulesto backgroundknowledge
� usesemanticfreeness

) sameresults
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Approximation

� 1 or morepatterncanbereducedto 1 free
pattern

� 1 or morefreepatterncanbeclosedto 1
closedpattern

� boundon frequency difference

) smallersetof queries,approximating
frequencies.
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Mutagenesis/ # patterns
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Mutagenesis/ timings
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Carcinogenesis/ # patterns
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Discussion

� Freepatternsreducebothspaceandtime
requirements

� Closedpatternsneedmorecomputationtime
but furtherreducethenumberof patternsin
approximation(currentclosure
implementationcanbeimproved)
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Conclusions

� Ef�cient techniquesfor miningcondensed
approximationof setof all frequentpatterns
andinterestingassociationfules.

� Usingmoreexpressivesemanticrelational
setting(backgroundknowledge)
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Further work

� Investigatemorecloselyinteractionbetween
differentoptimisations

� Investigatetrade-off syntacticaloptimisations
vs. semanticaloptimisations

� Useof closureto improvecandidate
generationstep.
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Questions?
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