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Abstract

Recentwork has highlighted the importance of the
constraint-basedminingparadigmin thecontext of frequent
itemsets,associations,correlations, sequentialpatterns,
and many other interesting patterns in large databases.
In this paper, we studyconstraints which cannotbe han-
dled with existing theory and techniques. For example,
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 can con-
tain itemsof arbitrary values)��� �"!$# %'&)(�� , are customar-
ily regardedas “tough” constraints in that they cannotbe
pushedinsidean algorithm such asApriori. We developa
notionofconvertibleconstraintsandsystematicallyanalyze,
classify, andcharacterizethis class.We alsodeveloptech-
niqueswhich enablethemto bereadilypusheddeepinside
the recentlydevelopedFP-growth algorithm for frequent
itemsetmining. Resultsfromour detailedexperimentsshow
theeffectivenessof thetechniquesdeveloped.

1. Intr oduction

It hasbeenwell recognizedthat frequentpatternmin-
ing playsan essentialrole in many importantdatamining
tasks.However, frequentpatternmining often generatesa
very largenumberof frequentitemsetsandrules,which re-
ducesnot only the ef�ciency but also the effectivenessof
mining sinceusershave to sift througha large numberof
minedrulesto �nd usefulones.

Recent work has highlighted the importanceof the
paradigmof constraint-basedmining: the useris allowed
to expresshis focusin mining, by meansof a rich classof
constraintsthat captureapplicationsemantics.Besidesal-
lowing userexploration and control, the paradigmallows
many of theseconstraintsto bepusheddeepinsidemining,
thuspruningthesearchspaceof patternsto thoseof interest
to theuser, andachieving superiorperformance.

Itemsetconstraintshave beenincorporatedinto associ-
ation mining [10]. A systematicmethodfor the incorpo-
ration of two large classesof constraints—anti-monotone
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and succinct—in frequentitemsetmining is presentedin
[7, 6]. A methodfor mining associationrules in large,
densedatabasesby incorporationof user-speci�ed con-
straintsthatensureevery minedrule offersa predictive ad-
vantageover any of its simpli�cations, is developedin [2].
Constraint-basedmining of correlations,by explorationof
anti-monotonicity andsuccinctness, aswell asmonotonic-
ity, is studiedin [4].

While previous studiescover a large class of useful
constraints,many other useful and naturalconstraintsre-
main. For example,considerthe constraints���+�,�-
��.�/� ,

�0�+���

�����-
��1�2� , and �+�3�

�-
��)�2�2�-�4�5!$# %'&6(7� . The�rst
two areneitheranti-monotone,normonotone,nor succinct.
The last one is anti-monotonewhen � is & andall items
havenon-negativevalues. If 
 cancontainitemsof arbi-
trary values, �+�3�

�-
���&8� is ratherlike the �rst two con-
straints. Intuitively, this meanstheseconstraintsare hard
to optimize. In this paper, we investigatea whole classof
constraintsthat subsumestheseexamples. The main idea
is that constraintsthat exhibit no nice propertiesdo so in
thepresenceof certainitemorders.We makethefollowing
contributions.

9 We introduce (Section 3) the concept of convert-
ible constraints and classify them into threeclasses:
convertibleanti-monotone, convertiblemonotone, and
strongly convertible. This covers a good number
of usefulconstraintswhich werepreviously regarded
tough,includingall theexamplesabove.

9 We characterize(Section3) the classof convertible
constraintsusingthe notionof pre�x monotonefunc-
tions,andstudythe arithmeticalclosurepropertiesof
suchfunctions.Asabyproduct,wecanshow thatlarge
classesof constraintsinvolving arithmeticareconvert-
ible, e.g., �

��:;��

�=<$���+�,�-
��>& � is convertible anti-
monotoneand �0�+���

�����-
��@?

�0�

���-
A�B#C� is convert-
ible monotone.

9 Weshow thatconvertibleconstraintscannotbepushed
deepinto thebasicApriori framework. However, they
can be pusheddeepinto the frequentpatterngrowth
mining. We thus develop (Section4) algorithmsfor
fastmining of frequentitemsetssatisfyingthevarious
constraints.

9 We report our resultsfrom a detailedset of experi-



ments,which show theeffectivenessof thealgorithms
developed(Section5); and �nally , we concludethe
studyin Section7.

2. Problem De�nition: Frequent Itemset Min-
ing with Constraints

Let
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( be a setof all items, wherean
itemis anobjectwith someprede�nedattributes(e.g.,price,
weight,etc.).A transaction�
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�����

is a tuple,where
�

�-� is theidenti�er of thetransactionand
�������

. A transac-
tion database� consistsof asetof transactions.An itemset
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is a subsetof the set of items. A � -itemsetis an
itemsetof size � . We write itemsetsas 


�

����� ���! #"	"�" ���%$ ,
omittingsetbrackets.

An itemset
 is containedin a transaction�
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,
if andonly if 


�����

. Thesupport�+�('

�-
�� of anitemset
 in
a transactiondatabase� is thenumberof transactionsin �

containing
 . Givena supportthreshold)

��* &

)

&,+

�

+ � ,
anitemset
 is frequentprovided �+�-'

�-
�� #

) .
A constraint . is a predicateon thepowersetof theset

of items
�

, i.e., .0/214365
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( . An itemset 


satis�esa constraint. if andonly if .
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�� is true. Theset
of itemsetssatisfyingaconstraint. is �

�

�!:

�

�

�

�

!7
;+@


�

�=<

.

�-
��

�

true( . We call anitemsetin �

�

�
:

�

�

� valid.

Problem de�nition . Given a transactiondatabase� , a
supportthreshold) , and a set of constraints> , the prob-
lem of mining frequentitemsetswith constraints is to �nd
thecompletesetof frequentitemsetssatisfying > , i.e., �nd
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Many kinds of constraintscan be associatedwith fre-
quentitemsetmining. Two categoriesof constraints,suc-
cinctnessandanti-monotonicity, were proposedin [7, 6];
whereasthe third category, monotonicity, was studiedin
[3, 4, 8] in the contexts of mining correlatedsetsandfre-
quentitemsets.Webrie�y recall thesenotionsbelow.

De�nition 2.1 (Anti-monotone,Monotone,and Succinct
Constraints) A constraint.CB is anti-monotoneif andonly
if whenever anitemset
 violates .=B , sodoesany superset
of 
 . A constraint .


 is monotoneif andonly if when-
ever an itemset 
 satis�es .


 , so doesany supersetof 
 .
Succinctnessis de�ned in steps,asfollows.

9 An itemset
�EDF���

is a succinctset, if it can be ex-
pressedas GIH

�

�

� for someselectionpredicate' , where
G is theselectionoperator.
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1K3 is a succinctpowerset,if thereis a �x ed
numberof succinctsets

�

�
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, suchthat

#J canbe expressedin termsof the strict powersets
of

�

�

%	���	�=%

��L

usingunionandminus.
9 Finally, a constraint.

D

is succinctprovided �

�

�
:PO

�

�

�

is a succinctpowerset.

Wecanshow thefollowing result.

Theorem 2.1 A constraint . is both anti-monotonic and
monotonicif andonly if .

�-
��RQ

�%7

��� for all itemset
 , or
.

�-
��SQT8��-9

��� for all itemset
 .

Theorem 2.2 Everysuccinctconstraint involvingonly ag-
gregate functions can be expressed using conjunction
and/or disjunction of monotoneand anti-monotonecon-
straints.

Thesethreecategoriesof constraintscover a large class
of popularlyencounteredconstraints.However, thereare
still many useful constraints,such as �����	��

� � � and

�����

��
��2�/� where ��� !@& % #)( (shown in the table)that
belongto noneof thethreeclasses.

Example1 LetTable1 beourrunningtransactiondatabase
� , with asetof items

�U�

!7��%%V7%!W7%

�

%

�

%%8�% �	%!X,( . Let thesup-

TransactionID Itemsin transaction
10 Y[Z�\EZ^]�Z�_[Z�`

20 \�Z�]�Za_[Zb`cZadIZ�e

30 Y[Z�]�Z^_[Z�fKZ�`

40 ]�Z�fKZ�`cZ�d

Table 1. Thetransactiondatabase� in Example1.

port thresholdbe )

�

1 . Itemset


�

�[W

� is frequentsince
it is in transactions*	g and h

g , respectively. The complete
setof frequentitemsetsarelistedin Table2.

Length i Frequenti -itemsets
1 Y[Z�\EZ^]�Z�_[Z�fKZ�`[Zad

2 YK]�Z�YK_[Z�Y-`[Z�\�]�Z�\�_[Z�\!`[Z�]!_[Z�]%f4Z�]�`[Za]�d[Z�_�`[Zaf	`[Z�`(d

3 YK]%_[Z�YK]�`[ZaYK_^`cZ�\�]!_[Z�\�]�`[Za\�_�`[Z�]!_^`cZ�]!f	`[Za]�`(d

4 YK]%_�`[Za\�]!_�`

Table 2. Frequentitemsetswith supportthreshold
)

�

1 in transactiondatabase� in Table1.

Let eachitem have an attribute value (suchas pro�t ),
with theconcretevalueshown in Table3. In all constraints
suchas �����

��
�� �6� , we implicitly referto this value.

Item a b c d e f g h
Value j�k k lnm�k o!k lSp	k p	k mEk lRo!k

Table 3. The values(suchaspro�t) of itemsin Ex-
ample1.

The constraint
7

��� �

�

�-
�� &q*�r requiresthat for an
itemset 
 , the value rangeof the items in 
 must be no
greaterthan *�r . It is an anti-monotoneconstraint,in the
sensethat if an itemset, say �IV , violates the constraint,
any of its supersetswill violate it; and thus �[V canbe re-
movedsafelyfrom thecandidatesetduringanApriori-like
frequentitemsetmining process[7]. However, the con-
straint .RB!s�t

Q �����	��

� #

1

r is not anti-monotone(nor
monotone,nor succinct, which can be veri�ed by read-
ers). For example, ���+�,�

�

8��

�

�u*	gwv

h

g@� <

1yxz1

r , vio-



latestheconstraint.However, uponaddingonemoreitem
� , �����	�-�

�

8��

�

�

�

gRvT*	gRv

h

g$�=<

h

#

1

r , �

�

8 satis�es .RB�s�t .

This examplescratchesthe surfaceof a large classof
usefulconstraintsinvolving ���+� , �������

��� , etc. aswell as
arithmetic. Exploiting themin mining calls for new tech-
niques,which is thesubjectof thispaper.

3. Convertible Constraints and Their Classi�-
cation

Beforeintroducingtheconceptof convertibleconstraint,
we motivateit with anexample.

Example2 Supposewe wish to mine frequent itemsets
over transactiondatabase� in Table 1, with the support
threshold)

�

1 andwith constraint.

Q �����	�-
�� #

1

r .
Thecompletesetof frequentitemsetssatisfying. canbe

obtainedby �rst miningthefrequentitemsetswithoutusing
theconstraint(i.e.,Table2) andthen�ltering out thosenot
satisfyingtheconstraint.Sincetheconstraintis neitheranti-
monotone,normonotone,norsuccinct,it cannotbedirectly
incorporatedinto an Apriori-style algorithm. E.g., itemset

8�� satis�estheconstraint,while its subset� andits superset
�

8�� donot.
If we arrange the items in value-descendingorder,




��%%8�% �	%
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%%V7%!X %%W7%

�

�

,wecanobserveaninterestingproperty,
asfollows. Writing itemsetsw.r.t. this orderleadsto a no-
tion of a pre�x. E.g., �[8

� has �[8 and � as its pre�xes.
Interestingly, theaverageof anitemsetis nomorethanthat
of its pre�x, accordingto thisorder.

3.1.Convertible Constraints

The observation madein Example2 motivatesthe fol-
lowing de�nition. Wewill frequentlymakeuseof anorder1

over thesetof all itemsandassumeitemsetsarewrittenac-
cordingto thisorder.

De�nition 3.1 (Pre�x itemset) Givenanorder � over the
setof items

�

, anitemset
��

�

�
�

�
�

"�"	" ��� is calledapre�x of
itemset


�

�
�

�
�

"�"�" �

 w.r.t. � , where ��9 &

�

� anditems
in bothitemsetsarelistedaccordingto order� . 
�� is called
a properpre�x of 
 if ��9

x �

� .

Wenext formalizeconvertibleconstraintsasfollows.

De�nition 3.2 (Convertible Constraints) A constraint .

is convertible anti-monotoneprovided thereis an order �

on itemssuchthat whenever an itemset 
 satis�es . , so
doesany pre�x of 
 . It is convertible monotoneprovided
thereis an order � on itemssuchthat whenever an item-
set 
 violates . , so doesany pre�x of 
 . A constraint
is convertible whenever it is convertible anti-monotoneor
monotone.

1Unlessotherwisestated,every orderusedin this paperis assumedto
betotal overthesetof items.

Note that any anti-monotone(resp., monotone)con-
straintis trivially convertibleanti-monotone(resp.,convert-
ible monotone):justpick any orderon items.

Example3 We show �����	�-
��2�.� where �"� !@& % #)( is a
convertibleconstraint.

Let � be the value-descendingorder. Given an item-
set 


�

�

�

�

��"	"�"

�

� satisfyingthe constraint���+�,�-
���# � ,
whereitemsin 
 arelisted in theorder � . For eachpre�x




�

�

�

� "�"	"

�

L

of 
 ��*)&

�

&;9�� , since �

L

# �

L��

�

#

"	"�"

#

�

�
	 �

# �

� , we have ���+�,�-
��-� # �����	��
��
��!7�

L��

�

(7� #

"	"�"

#

���+�	��
���# � . This implies 
�� alsosatis�es the constraint.
So, constraint �����	��

� # � is convertible anti-monotone.
Similarly, it canbe shown that constraint ���+�	��
��"& � is
convertiblemonotone.

Interestingly, if the order �

	 � (i.e., the reversedorder
of � ) is used,the constraint ���+�,�-
�� #C� can be shown
convertible monotone.For lack of space,we leave this as
anexerciseto thereader.

In summary, constraint���+�	��
��0�"� is convertible con-
straint. Furthermore,thereexists an order � suchthat the
constraintis convertible anti-monotonew.r.t. � and con-
vertiblemonotonew.r.t. �

	
� .

As anotherexample,let usexaminetheconstraintswith
function �+�3�

�-
�� .

Example4 Constraint �+�3�

�-
�� &C� is anti-monotoneif
itemsareall with non-negative values. However, if items
arewith negative,zeroor positivevalues,theconstraintbe-
comesneitheranti-monotone,nor monotone,nor succinct.

Curiously, this constraintexhibits a “piecewise” con-
vertible monotoneor anti-montonebehavior. If � # g in
the constraint,the constraintis convertible anti-monotone
w.r.t. item valueascendingorder. Given an itemset 


�

�

�

�

�
"�"	"

�

� suchthat �+�3�

�-
��.&8� , whereitemsarelisted
in value ascendingorder. For a pre�x 
��

�

�

�

�

�
"	"�"

�

�

��* &�� & 9-� , if �

�

& g , that means�

�

& �

�

&

"�"	"

&

�

��	
�

& �

�

&�g . So, �+�3�

�-
��-� & g & � . On theotherhand,
if �

���

g , we have g

x

�

�

& �

�

�

�

&

"	"�"

& �

� . Thus,
�����

��
��-�

�

�+���

�-
�� ?

�����

���

�

�

� "�"	"

�

�

�

x

� . Therefore,
�����

��
��-�2&8� in both cases,which means
�� satis�es the
constraint.

If ��& g in theconstraint,it becomesconvertiblemono-
tonew.r.t. item valuedescendingorder. We leave it to the
readerto verify this.

Similarly, we canalsoshow that,if itemsarewith nega-
tive,zeroor positivevalues,constraint�+�3�

�-
�� # � is con-
vertiblemonotonew.r.t. valueascendingorderwhen � #�g ,
andconvertibleanti-monotonew.r.t. valuedescendingorder
when � &�g .

The following lemmacanbe proved with a straightfor-
wardinduction.

Lemma 3.1 Let . bea constraint overa setof items
�

.

1. . is convertibleanti-monotoneif andonly if there ex-
ists an order � over

�

such that for every itemset




anditem �2�

�

such that
�

:.� 
�% :

�

� , .

��
 � !�� (��

implies .

�-
�� .

2. . is convertible monotoneif and only if there exists
an order � over

�

such that for every itemset
 and
item �5�

�

such that
�

: � 
�% :

�

� , .

�-
�� implies
.

�-
 ��!�� (7� .

Thenotionof pre�x monotonefunctions,introducedbe-
low, is helpful in determiningtheclassof a constraint.We
denotethesetof realnumbersas � .

De�nition 3.3 (Pre�x monotonefunctions) Given an or-
der � over a set of items

�

, a function 8

/ 1-3 5 �

is a pre�x (monotonically)increasingfunction w.r.t. � if
andonly if for every itemset 
 and its pre�x 
�� w.r.t. � ,

8;��
���� & 8;��

� . A function �

/ 143;5 � is calleda pre�x
(monotonically)decreasingfunctionw.r.t. � if andonly if
for every itemset
 andits pre�x 
�� w.r.t. � , �	��
��-� #��,�-
�� .

We have the following lemmaon the determinationof
pre�x monotonefunctions. The proof is similar to that of
Lemma3.1.

Lemma 3.2 Givenanorder � overa setof items
�

.

1. A function 8

/-143 5 � is a pre�x decreasingfunction
w.r.t. � if and only if for every itemset
 and item �

such that
�

:���
�% :

�

� , 8 �-
�� #y8 �-
 ��!�� (7� .

2. A function �

/-14365 � is a pre�x increasingfunction
w.r.t. � if and only if for every itemset
 and item �

such that
�

:���
�% :

�

� , �	��
�� & �	��
 ��!7� (7� .

It turnsout thatpre�x monotonefunctionssatisfyinter-
estingclosurepropertieswith arithmetic.An understanding
of this would shedlight on characterizinga wholeclassof
convertible functionsinvolving arithmetic. The following
theoremestablishesthe arithmeticalclosurepropertiesof
pre�x monotonefunctions.Wesayafunction 8

/(1-3 5 �

is positive,provided
�




���

/

8;��
��

�

g .

Theorem 3.1 Let 8 and 8 � be pre�x decreasingfunctions,
and � and � � be pre�x increasingfunctionsw.r.t. an order
� , respectively. Let W bea positivereal number.

1. Functions?C8 �-
�� , �

������� , W

"

�	��

� and �,�-
�� v � �=�-
�� are

pre�x increasingfunctions.Functions? �	��
�� , �

t

����� , W

"

8;��
�� and 8;��
��%v 8 � ��
�� arepre�x decreasingfunctions.

2. If 8 and � are positivefunctions,then 8;��
��
	�8 � �-
�� is
pre�x decreasing,and �,�-
���	.� � �-
�� is pre�x increas-
ing.

3. A constraint X �-
�� # � (resp.,X;��

� & � ) is convertible
anti-monotone(resp.,monotone)if andonly if X pre�x
decreasing. Similarly, X �-
���# � (resp., X;��
���& � )
is convertible monotone(resp.,anti-monotone) if and
only if X is pre�x increasing.

Example5 As anillustration,noticethat ���+�,�-
�� is a pre-
�x decreasingfunction w.r.t. value-descendingorder, and

���+�	��
��2#

1

g is convertible anti-monotonew.r.t. thesame
order. Also, �

��: �-
�� is a pre�x increasing2 functionw.r.t.
this order. From Theorem3.1, it follows that *�<@���+�	��
��

is pre�x increasingand hence �

��:;��
�� <$�����	�-
�� is pre�x
increasing.3 Consequently, we immediatelydeducethat

�

��: �-
�� <@�����	��

� & � is convertible anti-monotonew.r.t.
thisorder.

We know from Theorem2.2 that a succinctconstraint
canbeexpressedin termsof conjunctionand/ordisjunction
of anti-monotoneandmonotoneconstraints.By de�nition,
every monotone/anti-monotoneis convertibly so.A natural
questionis, what is the relationshipbetweensuccinctcon-
straintsandconvertibleconstraints?Thefollowing theorem
settlesthisquestion.

Theorem 3.2 Every succinct constraint is either anti-
monotone,or monotone,or convertible.
Proof Sketch. Theproof of the theoremis constructedby
induction on the structureof �

�

�!:

�

�

� of a succinctcon-
straint . , accordingto thede�nition of succinctness.

3.2.Strongly convertible constraint

Someconvertible constraintshave the additionaldesir-
ablepropertythatw.r.t. anorder� they areconvertibleanti-
monotone,while w.r.t. its inverse�

	
� they areconvertible

monotone. E.g., ���+�,�-
�� & � is convertible monotone
w.r.t. valueascendingorderandconvertibleanti-monotone
w.r.t. valuedescendingorder (seealso Example3). This
propertyprovidesgreat�e xibility in dataminingqueryop-
timization.

De�nition 3.4(Strongly convertible constraint) A con-
straint .

D
�

is calleda strongly convertible constraint, pro-
videdthereexistsanorder� over thesetof itemssuchthat

.

D
�

is convertible anti-monotonew.r.t. � andconvertible
monotonew.r.t. �

	
� .

Notice that �0�+���

������

� � � ( � � !@& % #)( ) is also
strongly convertible. Clearly, not every convertible con-
straintis stronglyconvertible.E.g., �

��: �-
��=<$���+�,�-
��1& � 4

is convertible anti-monotonew.r.t. valuedescendingorder,
whenall itemshaveanon-negativevalue.However, it is not
convertiblemonotonew.r.t. valueascendingorder.

The following lemma links strongly convertible con-
straintsto pre�x monotonefunctions.

Lemma 3.3 Constraint 8;��

�1� � is stronglyconvertible,if
andonly if thereexistsanorder � overthesetof itemssuch
that 8 is a pre�x decreasingfunctionw.r.t. � anda pre�x
increasingfunctionw.r.t. �

	
� .

2It is alsopre�x decreasingw.r.t. thisorder.
3Assumingall itemshavenon-negativevalues.
4It saystheproportionof themaxpriceof anyitemin theitemsetover

theaveragepriceof theitemsin thesetcannotgo overcertainlimit.



For example,���+�,�-
�� and �������

�����-
�� arebothpre�x de-
creasingw.r.t. valuedescendingorderandpre�x increasing
w.r.t. valueascendingorder.

Therestill exist someconstraintsthat cannotbe pushed
by item ordering. For example, the constraint ���+�,�-
��)?

�0�+���

�����-
��

�

g 5 doesnot admit any naturalorderingon
itemsw.r.t. which it is convertible.Wecall suchconstraints
inconvertible.

3.3.Summary: a classi�cation on constraints

As a generalpicture,constraints(only involving aggre-
gate functions) can be classi�ed into the following cate-
goriesaccordingto their interactionswith thefrequentitem-
setminingprocess:anti-monotone,monotone,succinctand
convertible, which in turn canbe subdividedinto convert-
ible anti-monotone andconvertible monotone. The inter-
sectionof the last two categoriesis preciselythe classof
stronglyconvertibleconstraints(whichcanbetreatedeither
asconvertible anti-monotoneor monotoneby orderingthe
itemsproperly).Figure1 showstherelationshipamongthe
variousclassesof constraints.

anti-monotone monotone

convertible
strongly

convertible
anti-monotone

convertible
monotone

succinct

inconvertible

Figure 1. A classi�cationof constraintsandtheir re-
lationships

Somecommonlyusedconvertible constraintsarelisted
in Table4.

4. Mining Algorithms

In thissection,weexplorehow to minefrequentitemsets
with convertible constraintsef�ciently . Thegeneralideais
to pushthe constraintinto the mining processas deepas
possible,therebypruningthesearchspace.

In Section4.1, we �rst arguethat the
������� ���	�

algorithm
cannotbe extendedto mining with convertible constraints
ef�ciently . Then,a new methodis proposedby examining
an example. Section4.2 presentsthealgorithm

?�


>
� for
mining frequent itemsetswith convertible anti-monotone
constraints.Algorithm

?�


>�� , which computesthe com-
plete set of frequent itemsetswith convertible monotone
constraint,is given in Section4.3. Section4.4 discusses
mining frequent itemsetswith strongly convertible con-
straints.

5Theconstraintrequiresthemedianitem in theitemsetis with theav-
eragevalue.

4.1.Mining frequentitemsetswith convertible con­
straints: An example

We �rst show that convertible constraintscannot be
pusheddeepinto the

������� ���	�

-like mining.

Remark 4.1 A convertibleconstraint that is neithermono-
tone, nor anti-monotone,nor succinct,cannotbe pushed
deepinto the

������� �����

miningalgorithm.
Rationale. As observedearlierfor sucha constraint(e.g.,

���+�	��
��.&8� ), subsets(supersets)of a valid itemsetcould
well be invalid andvice versa. Thus,within the levelwise
framework, no direct pruning basedon sucha constraint
canbe made. In particular, whenever an invalid subsetis
eliminatedwithout supportcounting,its supersetsthat are
notsuf�x escannotbeprunedusingfrequency.

For example,itemset�

8 in our runningexampleviolates
the constraint���+�,�-
��.#

1

r . However, an
�����	� �����

-like al-
gorithmcannotprunesuchitemsets.Otherwise,its superset

�

�

8 , whichsatis�estheconstraint,cannotbegenerated.

Beforegivingouralgorithmsfor miningwith convertible
constraints,wegive anoverview in thefollowing example.

Example6 Let us mine frequent itemsets with con-
straint .

Q �����	��

� #

1

r over transactiondatabase�

in Table 1, with the support threshold )

�

1 . Items
in every itemsetare listed in value descendingorder � :




���

�

g$�'%%8 �

h

g$� % �	�

1

g@� %

�

�u*	g@� %!V7��g@� %!X;� ? *�g$�'%�W7� ?

1

g$� %

�

� ?

h

g@�

�

.
It is shown that constraint. is convertible anti-monotone
w.r.t. � . Theminingprocessis shown in Figure2.

fg-proj. DB
dbc
ce
freq. items: c
C(fgc)=false

af-proj. DB
dc
dc

freq. items: d, c
C(afd)=true
C(afc)=false

ad-proj. DB
c
c
freq. items: c
C(adc)=false

a-proj. DB
fdbc
fdce

freq. items: f, d, c
C(af)=true

f-proj. DB
dbc
gdbc
dce
gce
freq. items: g, d, b, c, e
C(fg)=true

C(ad)=true
C(ac)=false

C(fd)=false

R: a-f-g-d-b-c-e

Tran. DB
afdbc
fgdbc
afdce
fghce

C(a)=true
freq. items: a, f, g, d, b,c, e

C(f)=true
C(g)=false

Figure 2. Mining frequentitemsetssatisfyingcon-
straint ���+�,�-
�� #

1

r .

By scanning� once,we �nd thesupportcountsfor ev-
ery item. Since X appearsin only onetransaction,it is an
infrequentitemsandis thusdroppedwithout further con-
sideration.Thesetof frequent1-itemsetsare � , 8 , � , � , V , W

and � , listedin order � . Amongthem,only � and 8 satisfy



Constraint Convertible Convertible Strongly
anti-monotone monotone convertible
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Z �
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Z����
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no yes no
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	��

ZuY��[k-Z

�

Z �

	���


Z����

�

yes no no
`

�����

�

� ( ` is a pre�x decreasingfunction) yes ! !

`

�����

�

� ( ` is a pre�x increasingfunction) ! yes !

`

�����"


� ( ` is a pre�x decreasingfunction) ! yes !

`

�����#


� ( ` is a pre�x increasingfunction) yes ! !

Table 4. Characterizationof somecommonlyused,SQL-basedconvertible constraints.( � meansit dependson the
speci�c constraint.)

theconstraint6. Since. is aconvertibleanti-monotonecon-
straint,itemsetshaving � , � , V , W or � aspre�x cannotsatisfy
theconstraint.Therefore,thesetof frequentitemsetssatis-
fying theconstraintcanbepartitionedinto two subsets:

1. The oneshaving itemset � as a pre�x w.r.t. � , i.e.,
thosecontainingitem � ; and

2. The oneshaving itemset 8 as a pre�x w.r.t. � , i.e.,
thosecontainingitem 8 but no � .

Thetwo subsetsform two projecteddatabases[5] whichare
minedrespectively.

1. Find frequentitemsetssatisfyingthe constraint and
having � as a pre�x. First, � is a frequentitemset
satisfyingthe constraint. Then,the frequentitemsets
having � asa properpre�x canbe found in the sub-
set of transactionscontaining � , which is called � -
projecteddatabase. Since � appearsin every transac-
tion in the � -projecteddatabase,it is omitted. The � -
projecteddatabasecontainstwo transactions:VEW

�

8 and
W

���

8 . Sinceitems V and � is infrequentwithin thispro-
jecteddatabase,neither �[V nor �

� canbefrequent.So,
they arepruned.Thefrequentitemsin the � -projected
databaseis 83%

�

%%W , listedin theorder � . Since �[W does
not satisfytheconstraint,thereis no needto createan

�[W -projecteddatabase.

To check what can be mined in the � -projected
databasewith �[8 and �

� , as pre�x, respectively, we
needto constructthetwo projecteddatabasesandmine
them. This processis similar to the mining of � -
projecteddatabases.The �[8 -projecteddatabasecon-
tainstwo frequentitems � and W , andonly �[8

� satisfy
theconstraint.Moreover, since�[8

�

W doesnotsatis�es
the constraint,theprocessin this branchis complete.
Since �[8 W violatesthe constraint,thereis no needto
construct �[8 W -projecteddatabase.The �

� -projected
databasecontainsone frequentitem W , but �

�

W does
not satisfy the constraint. Therefore,the set of fre-
quentitemsetssatisfyingthe constraintandhaving �

aspre�x contains� , �[8 , �[8

� , and �

� .

6Thefact that itemset$ doesnot satisfytheconstraintimpliesnoneof
any1-itemsetsafter $ in order % cansatisfytheconstraint&('�$ .

2. Find frequentitemsetssatisfyingthe constraint and
having 8 as a pre�x . Similarly, the 8 -projected
databaseis the subsetof transactionscontaining 8 ,
with both � and 8 removed. It hasfour transactions:

V�W

� , V�W

�

� , W

��� and W

�

� . Thefrequentitemsin thepro-
jecteddatabaseare�,%

�

%!V7%!W7%

� , listedin theorderof � .
Sinceonly itemsets8 � and 8

� satisfythe constraint,
we only needto explore if thereis any frequentitem-
sethaving 8�� or 8

� asa properpre�x which satis�es
theconstraint.Theprojected8�� -databasecontainsno
frequentitemsetwith 8 � as a properpre�x that sat-
is�es the constraint. Since V is the item immediately
after � in order � , and 8

�

V violatestheconstraint,any
itemsethaving 8

� asa properpre�x cannotsatisfythe
constraint.Thus, 8 and 8 � arethe only two frequent
itemsetshaving 8 asa pre�x andsatisfyingthe con-
straint.

In summary, thecompletesetof frequentitemsetssatis-
fying theconstraintcontains6 itemsets:� , 8 , �[8 , �

� , �[8

� ,
8�� . Ournew methodgeneratesandtestsonly a smallsetof
itemsets.

4.2.
?�


>�� : Mining frequentitemsetswith convert­
ible anti­monotoneconstraint

Now, let us justify the correctnessandcompletenessof
theminingprocessin Example6.

First,weshow thatthecompletesetof frequentitemsets
satisfyinga givenconvertibleanti-monotoneconstraintcan
bepartitionedinto severalnon-overlappingsubsets.It leads
to thesoundnessof ouralgorithmicframework.

Lemma 4.1 Considera transactiondatabase� , a support
threshold) and a convertible anti-monotone constraint .

w.r.t. an order � overa setof items
�

. Let �

�

% �

�

%����	�=% �




betheitemssatisfying. . Thecompletesetof frequentitem-
setssatisfying. canbepartitionedinto � disjoint subsets:
the �

��)

subset��* & �0&

�

� containsfrequentitemsetssat-
isfying . andhaving �

� asa pre�x.

We mine the subsetsof frequent itemsetssatisfying
the constraintby constructingthe correspondingprojected
database.



De�nition 4.1 (Projecteddatabase) Given a transaction
database� , anitemset� andanorder � .

1. Itemset
�

is calledthemax-pre�x projectionof trans-
action


a�

���

%

� � �

�

� w.r.t. � , if andonly if (1) �

� � �

and
�

�y� �

; (2) � is apre�x of
�

w.r.t. � ; and(3) there
exists no propersuperset� of

�

suchthat �

� � �

and
� alsohas � asa pre�x w.r.t. � .

2. The � -projecteddatabaseis the collection of max-
pre�x projectionsof transactionscontaining � , w.r.t.
� .

Remark 4.2 Given a transactiondatabase� , a support
threshold) anda convertible anti-monotoneconstraint . .
Let � be a frequentitemsetsatisfying. . Thecompleteset
of frequentitemsetssatisfying . and having � as a pre�x
canbeminedfromthe � -projecteddatabase.

Themining processcanbefurther improvedby the fol-
lowing lemma.

De�nition 4.2 (Ascendingand descendingorders) An
order � over a setof items

�

is calledan ascendingorder
for function X

/ 14365 � if and only if (1) for items �

and V , X �-���

x

X ��V'� implies �

�

V , and (2) for itemsets
� � !7� ( and � � ! V�( suchthat both of themhave � asa
pre�x and �

�

V , 8 ��� ��!�� (7�A&y8 ��� ��!KV+(�� . �

	
� is called

a descendingorder for function X .

For example,it canbe veri�ed that thevalueascending
orderis an ascendingorderfor function ���+�,�-
�� anda de-
scendingorder for function �

��:;��
�� <$�����	�-
�� .

Lemma 4.2 Givena convertible anti-monotoneconstraint
.

Q 8 �-
��2�.�.�-�"�B!$& %'#)(�� w.r.t. ascending/descending
order � overa setof items

�

, where 8 is a pre�x function.
Let � bea frequentitemsetsatisfying. and �

�

% �

�

%	����� % �




be thesetof frequentitemsin � -projecteddatabase,listed
in theorder of � .

1. If itemset� ��!����=(6�u* &

�#x �

� violates . , for � such
that �#x

� &

� , itemset� ��!��

�

( alsoviolates . .

2. If itemset� �"!��

�

( �u* & �

x �

� satis�es . , but � �

!��

�

% �

�

�

�

( violates . , no frequentitemsethaving � �

!��

�

( asa properpre�x satis�es . .

Based on the above reasoning, we have the algo-
rithm

?�


>�� asfollows for mining FrequentItemsetswith
ConvertibleAnti-monotoneconstraints.

Algorithm 1 (
?�


>�� ) Given a transactiondatabase� , a
supportthreshold) anda convertible anti-monotonecon-
straint . w.r.t. an order � over a setof items

�

, the algo-
rithm computesthecompletesetof frequentitemsetssatis-
fying theconstraint. .
Method: Call 8

�

W

B

��� %

�

� ;
function 8

�

W

B

��� %

�

+ ��� 7

7 	 is theitemsetaspre�x and 
�� 
 is the 	 -projecteddatabase.

1. Scan�

+ � once,�nd frequentitemsin �

+ � . Let
�

� be
the setof frequentitemswithin �

+ � suchthat
�

�B�

�

� %

.

��� ��!�� (��

���%7

�3� .

2. If
�

�

�

� return,else
�

� �

�

� , output � � !�� ( asa
frequentitemsetsatisfyingtheconstraint.

3. If . is in form of 8 �-
�� �6� where8 is apre�x function
and �B�>!$& %'#6( , using Lemma4.2 to optimize the
mining by removing items V from

�

� suchthat there
existsnofrequentitemsetsatisfying . andhaving � �

! V�( asaproperpre�x.

4. Scan �

+ � oncemore,
�

� �

�

+ � , generate���5!�� ( -
projecteddatabase�

+

�����

B��

.

5. For eachitem � in
�

+ � , call 8

�

W

B

��� ��!�� (�%

�

+

�����

B��

� .

Rationale. Thecorrectnessandcompletenessof thealgo-
rithm hasbeenreasonedstep-by-stepin this section. The
ef�ciency of the algorithm is that it pushesthe constraint
deepinto theminingprocess,sothatwedonotneedto gen-
eratethecompletesetof frequentitemsetsin mostof cases.
Only relatedfrequentitemsetsareidenti�ed andtested.As
shown in Example6 and in the experimentalresults,the
searchspaceis decreaseddramaticallywhentheconstraint
is sharp.

4.3.
?�


>�� : Mining frequent itemsetswith mono­
toneconstraints

In the last two subsections,an ef�cient algorithm for
mining frequent itemsetswith convertible anti-monotone
constraintsis developed.Undersimilar spirit, analgorithm
for mining frequent itemsetswith convertible monotone
constraintscan also be developed. Due to lack of space,
insteadof giving detailsof formal reasoning,we illustrate
theideasusinganexampleandthenpresentthealgorithm.

Example7 Let us mine frequent itemsetsin transaction
database� in Table1 with constraint.

Q �����	�-
��4&

1

g .
Supposethesupportthreshold)

�

1 . In this example,we
usethevaluedescendingorder � exactly asis usedin Ex-
ample6. Constraint. is convertiblemonotonew.r.t. order
� .

After onescanof transactiondatabase� , thesetof fre-
quent1-itemsetsis found.Amongthe7 frequent1-itemsets,
� , � , V , W and � satisfy the constraint . . According to
thede�nition of convertiblemonotoneconstraints,frequent
itemsethaving oneof these5 itemsetsasa pre�x mustalso
satisfy the constraint. That is, the � -, � -, V -, W - and � -
projecteddatabasecanbe minedwithout testingconstraint

. , becauseadding smaller items will only decreasethe
valueof ����� . But � - and 8 -projecteddatabasesshouldbe
minedwith constraint. testing.However, assoonasits fre-
quent � -itemsetsfor any � satisfytheconstraint,constraint
checkingwill notbeneededfor furtherminingof theirpro-
jecteddatabases.

We presentthe algorithm
?�


> � for mining frequent
itemsetswith convertiblemonotoneconstraintasfollows.



Algorithm 2 (
?�


>

� ) Given a transactiondatabase� , a
supportthreshold) anda convertible monotoneconstraint

. w.r.t. anorder � overasetof items
�

, thealgorithmcom-
putesthe completeset of frequentitemsetssatisfyingthe
constraint. .
Method: Call 8

�

W




��� %

�

%�*�� ;
function 8

�

W




��� %

�

+ � %!W�X

�

W

�

8 9-� � � 8

1. Scan �

+ � once, �nd frequent items in �

+ � . If
W�X

�

W

�

8 9-� � is 1, let
�

�

� be the set of frequentitems
within �

+ � suchthat
�

� �

�

�

�

%

.

��� � !�� (��

� �%7

��� ,
and

�

	

� be the setof frequentitemswithin �

+ � such
that

�

V �

�

	

�

%

.

��� � ! V+(7�

�

8��-9

��� . If W�X

�

W

�

8 9-� � is
0, let

�

�

� be the setof frequentitemswithin �

+ � and
�

	

� be � .

2.
�

� �

�

�

� , output � � !�� ( asafrequentitemsetsatisfy-
ing theconstraint.

3. Scan�

+ � oncemore,
�

�4�

�

+

�

�

�

�

+

	

� , generate� � !7� ( -
projecteddatabase�

+

�����

B �

.

4. For eachitem � in
�

+

�

� , call 8

�

W




��� � !7� (�%

�

+

�����

B��

%!g$� ;
For eachitem � in

�

+

	

� , call 8

�

W




��� � !7� (�%

�

+

�����

B��

%�*�� ;

Rationale. Thecorrectnessandcompletenessof thealgo-
rithm canbeshown basedon thesimilar reasoningin Sec-
tion 4.2. Here,we analyzethedifferencebetween

?�


>
�

with an
������� �����

-like algorithmusingconstraint-checkingas
post-processing.

Both
?�


> � and
������� �����

-like algorithmshave to gener-
atethecompletesetof frequentitemsets,nomatterwhether
thefrequentitemsetssatisfytheconvertiblemonotonecon-
straint. The frequentitemsetsnot satisfyingthe constraint
cannotbepruned.Thatis theinherentdif�culty of convert-
ible monotoneconstraint.

The advantageof
?�


> � againstApriorix-lik e algo-
rithms lies in the fact that

?�


>

� only testssomeof fre-
quentitemsetsagainsttheconstraint.Onceafrequentitem-
setsatis�estheconstraint,it guaranteesall of frequentitem-
setshaving it asa pre�x alsosatisfytheconstraint.There-
fore,all thattestingcanbesaved.An

�����	� �����

-like algorithm
hasto checkevery frequentitemsetagainstthe constraint.
In thesituationsuchthatconstrainttestingis costly, suchas
spatialconstraints,thesaving over constrainttestingcould
benon-trivial. Explorationof spatialconstraintsis beyond
thescopeof thispaper.

4.4.Mining frequent itemsetswith stronglyconvert­
ible constraints

The main valueof strongconvertibility is that the con-
straintcanbetreatedeitherasconvertibleanti-monotoneor
monotoneby choosinganappropriateorder. Themainpoint
to notein practiceis whenthe constrainthasa high selec-
tivity (fewer itemsetssatisfyit), converting it into an anti-
monotoneconstraintwill yield maximumbene�tsby search

8 	 is the itemset as pre�x, 
 �

 is the 	 -projecteddatabase,and

��������� �	�

&�$ is the�ag for constraintchecking.

spacepruning. Whentheconstraintselectivity is low (and
checkingit is reasonablyexpensive), thenconvertingit into
a monotoneconstraintwill save considerableeffort in con-
straint checking. The constraint ���+�	��
��"& � is a classic
example.

5. Experimental Results

To evaluatetheeffectivenessandef�ciency of thealgo-
rithms,weperformedanextensiveexperimentalevaluation.

In thissection,wereporttheresultsona synthetictrans-
actiondatabasewith 100Ktransactionsand10K items.The
datasetis generatedby thestandardproceduredescribedin
[1]. In this dataset,the averagetransactionsizeandaver-
agemaximalpotentiallyfrequentitemsetsizearesetto 25
and20, respectively. Thedatasetcontainsa lot of frequent
itemsetswith variouslength.Thisdatasetis chosensinceit
is typical in dataminingperformancestudy.

The algorithmsare implementedin C. All the exper-
iments are performed on a 233MHz Pentium PC with
128MBmainmemory, runningMicrosoft Windows/NT.

To evaluatetheeffect of a constrainton mining frequent
itemsets,we makeuseof constraintselectivity, wherethe
selectivity
 of a constraint. on mining frequentitemsets
over transactiondatabase� with supportthreshold) is de-
�ned as




�

# of frequentitemsetsNOT satisfying .

# of frequentitemsets

Therefore,aconstraintwith g	� selectivity meanseveryfre-
quentitemsetsatis�estheconstraint,while aconstraintwith

*	g(g	� selectivity is the onecannotbe satis�ed by any fre-
quentitemset.Theselectivity measurede�ned hereis con-
sistentwith thoseusedin [7, 6].

To facilitate the mining using projecteddatabases,we
employa datastructurecalledFP-tree in theimplementa-
tionsof

?�


>

� and
?�


>

� . FP-tree is �rst proposedin [5],
andalsobeadoptedby [8, 9]. It is a pre�x treestructureto
recordcompleteandcompactinformationfor frequentitem-
setmining. A transactiondatabase/projecteddatabasecan
be compressedinto an FP-tree, while all the consequent
projecteddatabasescanbe derived from it ef�ciently . We
refer readersto [5] for detailsaboutFP-tree andmethods
for FP-tree-basedfrequentitemsetmining.

Since FP-growth [5] is the FP-tree-basedalgorithm
mining frequentitemsetsand is much fasterthan

������� ���	�

,
weincludeit in ourexperiment.Comparisonamong

?�


>
� ,
?�


> � andFP-growth makesmoresensethanusingpure
������� ���	�

astheonly referencemethod.

5.1.Evaluation of
?�


> �

To test the ef�ciency of
?�


>�� w.r.t. constraintselec-
tivity in mining frequent itemsetswith convertible anti-
monotoneconstraints,we run a test over the datasetwith



Figure 3. Scalability with
constraintselectivity.

Figure 4. Scalability with
supportthreshold.

Figure 5. Scalability with
numberof transactions.

supportthreshold)

�

g � * � . The result is shown in Fig-
ure3. Varioussettingsareusedin theconstraintfor various
selectivities.

As canbe seenfrom the �gure,
?�


> � achievesan al-
most linear scalability with the constraintselectivity. As
theselectivity goesup, i.e., fewer itemsetssatisfythecon-
straint,

?�


>�� cutsmoresearchspace,sinceonefrequent
itemset not satisfying the constraint meansall frequent
itemsetshaving it asa pre�x canbepruned.

We compare the runtime of both
������� ���	�

and
FP-growth in the same�gure. All thesetwo methods
�rst computethe completeset of frequentitemsets,and
then use the constraintas a �lter . So, their runtime is
constantw.r.t. constraintselectivity. However, only when
theconstraintselectivity is g � , i.e., every frequentitemset
satis�estheconstraint,does

?�


> � needthesameruntime
as FP-growth. In all other situations,

?�


> � always
requireslesstime.

We also testedthe scalability of
?�


> � with support
thresholdandthenumberof transactions,respectively. The
correspondingresultsareshown in Figure4 andFigure5.
From these�gures, we can seethat

?�


>
� is scalablein
bothcases.Furthermore,thehighertheconstraintselectiv-
ity, themorescalable

?�


>�� is. That canbe explainedby
the fact that

?�


>�� alwayscuts more searchspaceusing
constraintswith higherselectivity.

5.2.Evaluation of
?�


>��

Asanalyzedbefore,convertiblemonotoneconstraintcan
beusedto save thecostof constraintchecking,but it cannot
cut the searchspaceof frequentitemsets. In our experi-
ments,sincewe userelatively simpleconstraints,suchas
thoseinvolving ���+� and ����� , thecostof constraintcheck-
ing is CPU-bound.However, thecostof thewholefrequent
itemsetmining processis I/O-bound.Thismakestheeffect
of pushingconvertiblemonotoneconstraintinto themining
processhardto beobservedfrom runtimereduction.In our
experiments,

?�


>

� achieveslessthan h

� runtimebene�t

in mostcases.
However, if we look at the numberof constrainttests

performed,theadvantageof
?�


> � canbeevaluatedobjec-
tively.

?�


>�� cansave a lot of effort onconstrainttesting.
Therefore,in theexperimentsabout

?�


> � , thenumberof
constrainttestsis usedastheperformancemeasure.

We test the scalabilityof
?�


>�� with constraintselec-
tivity in mining frequentitemsetswith convertible mono-
toneconstraint.The result is shown in Figure6. The �g-
ure shows that

?�


>�� hasa linear scalability. When the
constraintselectivity is low, i.e.,mostfrequentitemsetscan
passtheconstraintchecking,mostof constrainttestscanbe
saved. This is becauseoncea frequentitemsetsatis�es a
convertiblemonotoneconstraint,everysubsequentfrequent
itemsetderivedfrom correspondingprojecteddatabasehas
that frequentitemsetasa pre�x andthussatis�esthe con-
straint,too.

We also testedthe scalability of
?�


> � with support
threshold.Theresultis shownin Figure7. The�gure shows
that

?�


>�� is scalable. Furthermore,the lower the con-
straintselectivity, thebetterthescalability

?�


> � is.

In summary, our experimental results show that the
methodproposedin this paperis scalablefor mining fre-
quentitemsetswith convertibleconstraintsin largetransac-
tion databases.The experimentalresultsstronglysupport
our theoreticalanalysis.

6. Discussions:Mining FrequentItemsetswith
Multiple Convertible Constraints

We have studied the push of single convertible con-
straintsinto frequentitemsetmining. “Can we pushmul-
tiple constraintsdeepinto thefrequentpatternminingpro-
cess?”

Multiple constraintsin aminingquerymaybelongto the
samecategory (e.g. all are anti-monotone)or to different
categories. Moreover, differentconstraintsmaybe on dif-
ferentpropertiesof items(e.g.somecouldbeonitemprice,



Figure 6. Scalability with
constraintselectivity.

Figure 7. Scalability with
supportthreshold.

othersonsalespro�ts, thenumberof items,etc.).
As shown in our previous analysis, unlike anti-

monotone,monotoneandsuccinctconstraints,convertible
constraintscanbe minedonly by orderingitemsproperly.
However, different constraintsmay require different and
evencon�icting itemordering.Ourgeneralphilosophyis to
conducta costanalysisto determinehow to combinemul-
tiple order-consistentconvertibleconstraintsandhow to se-
lecta sharperconstraintamongorder-con�icting ones.The
detailswill notbepresentedherefor lackof space.

7. Conclusions

Constraintsinvolving holisticfunctionssuchas �������

��� ,
algebraicfunctionssuchas ���+� , oreventhoseinvolvingdis-
tributivefunctionslike �+�3� oversetswith positiveandneg-
ative itemvaluesaredif�cult to incorporatein anoptimiza-
tion processin frequentitemsetmining. Thereasonis such
constraintsdonotexhibit nicepropertieslike monotonicity,
etc.A maincontributionof thispaperis showing thatby im-
posinganappropriateorderonitems,suchtoughconstraints
canbeconvertedinto onesthatpossessmonotonebehavior.
To this end,we madea detailedanalysisandclassi�cation
of the so-calledconvertible constraints.We characterized
themusingpre�x monotonefunctionsandestablishedtheir
arithmeticalclosureproperties. As a byproduct,we shed
light on theoverall pictureof variousclassesof constraints
that canbe optimizedin frequentsetmining. While con-
vertibleconstraintscannotbe literally incorporatedinto an
Apriori-style algorithm, they can be readily incorporated
into the FP-growth algorithm. Our experimentsshow the
effectivenessof thealgorithmsdeveloped.

We have beenworking on a systematicimplementation
of constraint-basedfrequentpatternmining in a datamin-
ing system. More experimentsare neededto understand
how bestto handlemultiple constraints.An openissueis
givenan arbitraryconstraint,how canwe quickly checkif
it is (strongly)convertible.We arealsoexploring theuseof
constraintsin clustering.
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