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Abstract

It hasbeenwell recognizedthat datamining is an interac-
tive and iterative process. In order to supportthis process,
oneof the long-termgoalsof dataminingresearch hasbeen
to build a KnowledgeDiscovery and Data Mining System
(KDDMS).Along this line, much research hasbeendoneto
providedatabasesupportfor miningoperations.

However, the focus in theseefforts has typically beenon
mininga singledataset.In manysituations,such asin a data
warehouse, the userusuallyhasa view of multiple datasets
collectedfromdifferentdatasources.In such scenarios,com-
paringthepatternsfromdifferentdatasetsandunderstanding
their relationshipscanbean extremelyimportantpart of the
KDD process.This requiressupportfor complex querieson
multipledatasetsin a KDDMS.

This paper addressesthe new functionality and optimiza-
tionsrequiredfor theaboveprocess,speci�cally focusingon
frequentitemsetmining. We make the following contribu-
tions: 1) We presentan SQL-basedmechanismfor querying
frequentitemsetsacrossmultipledatasets.2) Weestablishan
algebra for such queries.3) Wedevelopa numberof transfor-
mationson thisalgebra, andintroduceseveral new operators
for this purpose. 4) We presentseveral algorithmsfor �nding
the queryplan to reducethe executioncost. 5) We evaluate
our algorithmsonrealandsyntheticdatasets,andshowupto
anorder of magnitudeperformancegain.

1 Intr oduction
Within the last decade,datamining hasemergedasan im-

portantcomponentof databasesandinformationsystems.A
large body of researchexists on algorithmsfor a variety of
datamining tasks,targeting a variety of applications,data
types,andexecutionenvironments.

It has beenwell recognizedthat datamining is an inter-
active anditerative process,i.e., a dataminer cannotexpect
to get interestingpatternsandknowledgeby a singleexecu-
tion of onealgorithm. In order to supportthis process,one
of the long-termgoalsof datamining researchhasbeento
build a Knowledge DiscoveryandData Mining System(KD-
DMS) [10, 16, 18]. The vision is that sucha systemwill

provide an integratedanduser-friendly environmentfor ef�-
cient executionof datamining tasksor queries. Along this
line, muchresearchhasbeenconductedto provide database
supportfor mining operations. This includesthe work on
query languageextensions[14, 17, 24] and implementing
mining algorithmsin a databasesystem[8, 31, 37]. Logic
andalgebrabasedmethodshavealsobeenproposedto model
the mining process[7, 13, 19]. The sub�eld of constraint
associationmining allows mining of interestingassociation
rules by taking of a variety of constraintconditionsas in-
put [6, 20, 22, 25, 28, 32].

In theabove researchprojects,thefocushastypically been
onminingasingledataset.However, in many situations,such
asin a datawarehouse,theuserusuallyhasa view of multi-
ple datasetscollectedfrom different datasources. In such
scenarios,comparingthepatternsfrom differentdatasetsand
understandingtheir relationshipscanbeanextremelyimpor-
tantpartof theKDD process.This,however, requiressupport
for complex queriesonmultiple datasetsin aKDDMS.

Such supportinvolves new optimizationsas well as new
functionality. Supposea userneedsto �nd itemsetsthat fre-
quentwith a certainsupportin both � and � . While this can
be answeredby taking intersectionof the resultsfrom both

� and � , this is likely to be very expensive. Instead,we
cancomputeitemsetsfrequentin eitherof the two datasets,
andthensimply �nd which of thesearefrequentin theother
dataset.However, this leadsto two differentevaluationplans,
correspondingto usingthedataset� and � , respectively, for
theinitial evaluation.Thetwo evaluationplanscanhave dif-
ferentcosts,dependinguponthenatureof thedatasets� and

� . Furthermore,asthenumberof datasetsandthecomplex-
ity of the queryconditionincreases,the numberof possible
evaluationplanscanalsogrow. Thus,thereis aneedfor tech-
niquesfor enumeratingdifferentqueryplansandchoosingthe
onewith the leastcost,similar to whathave beendeveloped
for relationalqueries.

Moreover, simply combiningresultsfrom applyingmining
operatorsoneachdatasetmaynotevenprovidetheresultswe
desire.For example,supposeauserneedsto �nd itemsetsthat
arefrequentwith a certainsupportin eitherof thedatasets�
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or � , alongwith their frequenciesin boththesedatasets.This
requiresmorethanjust computingfrequentitemsetsin both

� and � andtakingtheirunion.This is becausewealsoneed
to determinethefrequency of itemsetsin a datasetwhich are
only frequentin theotherdataset.

Thispaperaddressestheabovetwo problems.Weprovidea
simplemechanismfor specifyingminingqueriesacrossmul-
tiple datasets.Then, by representingthesequeriesthrough
an algebra,anddevelopinga setof transformationandopti-
mizationtechniques,weestablishanapproachfor optimizing
thesequeries.Our work is speci�cally in thecontext of fre-
quentitemsetmining,which is a coredatamining operation.
Algorithmsfor frequentitemsetmining have formedtheba-
sisfor a numberof othermining problems,includingassoci-
ationmining,correlationsmining,andminingsequentialand
emergingpatterns[15].

To summarize,this papermakes the following contribu-
tions:�

We presentanSQL basedmechanismfor queryingfre-
quentitemsetsacrossmultiple datasets.�

We establishanalgebrafor suchqueries.�

We introduceseveralnew operatorsanddevelopa num-
berof transformationson this algebrato enableaggres-
siveoptimizations.�

We presentseveralheuristicalgorithmsfor �nding ef�-
cientqueryplans.�

We evaluateour queryoptimizationtechniqueson both
realandsyntheticdatasets,anddemonstrateup to anor-
derof magnitudeperformancegainsascomparedto the
naiveexecution.

Therestof thepaperis organizedasfollows. In Section2,
we describeseveralscenariosin which queriesover multiple
datasetscanarise.In Section3, our queryframework is pre-
sented.In Section4, we establishanalgebrafor theclassof
querieswe areinterestedin. An overview of thequeryopti-
mizationis presentedin Section5. Detailsof transformations
andqueryplan generationareconsideredin Section6. Our
experimentalevaluationis presentedin Section7. We com-
pareour work with relatedresearchefforts in Section8 and
concludein Section9.

2 Moti vating Examples
To furthermotivateandfacilitateourstudy, weconsidertwo

scenariosandlist many examplesof the kind of queriesour
framework targets.
Mining the DataWarehousefor a Nation-wideStore: Con-
sider a store that has three branches,in New Jersey, New
York, andCalifornia, respectively. Eachof themmaintains
a databasewith lastoneweek's retail transactions.To under-
standhow thegeographicalfactorsimpactshoppingpatterns,
queriesof thefollowing typearelikely to beasked:
Q1: Find the itemsetsthat are frequentwith supportlevel

0.1%in anyof thestores.
Q2: Find the itemsetsthat are frequentwith supportlevel

0.1%in each store.

Q3: Find the itemsetsthat are frequentwith supportlevel
0.05%in boththestoresoneastcoast,but areveryinfre-
quent(supportlessthan0.01%)in thewestcoaststore.

Finding Signature Itemsets for Network Intrusion : In a
signaturedetectionsystem,frequentitemsetscanserveasthe
patternsto signal well-known attacks[26]. Supposea tcp-
dumpdatasetcontainstheTCPpacket informationof several
differentnetwork intrusion attacks. We can split the avail-
abledatainto several datasets,with onedatasetcorrespond-
ing to eachintrusiontypeandanormaldatasetcorresponding
to thesituationwhennointrusionis occurring.Queriesof the
following type have beenusedto capturethe signaturepat-
terns[26]:

Q4: Find the itemsetsthat arefrequentwith a supportlevel
80% in either of the intrusiondatasets,but arevery in-
frequent(supportlessthan50%) in the normaldataset.

Q5: Find the itemsetsthat arefrequentwith a supportlevel
70% in each of the intrusiondatasets,but arevery in-
frequent(supportlessthan60%) in the normaldataset.

Q6: Find the itemsetsthat arefrequentwith a supportlevel
85%in oneof the intrusiondatasets,but arevery infre-
quent(supportlessthan65%)in all otherdatasets.

In this paper, we have the following two goals. First, we
want to have a systematicandsimpleway of expressingthe
above queries. Second,we want to be able to optimizethe
abovequeries.

3 SQL Extensionsfor Mining AcrossMultiple
Datasets

As we statedearlier, many researchprojectshave proposed
databaselanguageextensionsfor expressingmining opera-
tions, including �nding frequentitemsets.However, noneof
theseprovideconvenientbasisfor expressingandoptimizing
frequentitemsetcomputationsacrossmultiple datasets. In
this section,we introducea new approachto queryingfre-
quent itemsetsacrossmultiple datasets. Our approachin-
volvesusingavirtual table,andusingSQLqueriesto partially
materializethevirtual table.

Let
�

����� ������	
	
	�� ����
 be thesetof datasetswe aretarget-
ing. Eachof thesecomprisestransactions,which aresetof
items.Thedatasetsarealsohomogeneous, i.e,anitemhasan
identicalnameacrossdifferentdatasets.Let ������� betheset
of all thepossibleitemsin all datasets.

We de�ne thefollowing schema,
���

����������� �"!#�$� �
�

� �
�

��	
	
	
� �
��%

For a table
�

of this schema,the columnwith attribute
�'&

�

storesall possibleitemsets,i.e, the power-setof �(����� . The
columnwith attribute

�'&

��) storesthe frequency of the item-
setsin thedataset��) . For example,considertwo transaction
datasets�

� and �
� , asshown in Table1. Thesetof distinct

itemsin thetwo datasets,������� , is
�

�*� �+�-,��/.0�/12
 . Table2
containsa portionof the

�

tablefor thedatasets�*� and ��� .
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Dataset��� Dataset���

TransID Items TransID Items

1 � A,B,E � 1 � A B D E �

2 � B,D � 2 � B C E �

3 � A, B, E � 3 � A, B, E �

4 � A,C, D � 4 � A, B, C �

5 � B,C,D� 5 � A, C �

6 � A,C ,D � 6 � C, D �

7 � A, B �

8 � A, B, C, D, E �

Table 1. Datasets ��� and ���

�

��� ���

� A � 6/8 4/6
� B � 6/8 4/6
� C� 4/8 4/6

� D � 6/8 2/6
� E � 3/8 3/6

� A,B � 4/8 3/6
� A,C � 3/8 2/6

: : :
� A,B,C,D,E � 1/8 0

Table 2.
�

Table for the Datasets �
� and �

�

In realscenarioswherefrequentitemsetmining is applied,
the numberof distinct itemsetscan easily be in hundreds,
thousands,or evenmore. Consequently, the total numberof
itemsetsis likely to be too large for the table

�

to be mate-
rializedandstored.Thus,sucha tablecanonly beusedasa
virtual tableor a logical view.

With this, a query to partially materializethe virtual fre-
quency table

�

hasfollowing format:
SELECT

�'&

� �

�'&

��)
�

�

�'&

��)
�

�
	�	
	��

�'&

� )
	

FROMFrequency( � � �
�

�
	
	�	
� �
� )

�

WHERECondition ,

where,
�

� )
�

�
	
	�	 � ��)�	�

�

�

�
�

��	
	
	�� �
�


 anda conditionis
de�ned asfollows:

1.
�'&

��)���� and
�'&

��)���� areconditions,where�������

�

.
2. ( ,

� AND ,
� ) and( ,

� OR ,
� ) areconditionsif ,

� and
,'� areconditions.

3. ( ����� ! ,
% ) is a conditionif , is acondition.

Theabovequeryformatandthesetof allowableconditions
can be usedto expressa rich classof queries. However,
thenumberof infrequentitemsetsin a singledatasetis usu-
ally much larger than the numberof frequentitemsets,and
enumeratingall infrequentitemsetsandcomputingtheir fre-
quenciescan be extremely expensive. To avoid generating
sucha large numberof infrequentitemsets,we requirethat
eachquery involving infrequentitemsetson a given dataset
mustbeconstrainedby at leastonequeryinvolving frequent
itemsets.This is formalizedastheadmissibleconditionon a
query.

Formally, let
�'&

��� �!� be considereda positive predicate
and

�'&

� )"�#� be considereda negative predicate.A condi-
tion is mappedto alogicalformula,whichis thentransformed
into thefollowing disjunctivenormalform (DNF).

,%$ , ��& ,'��&0	
	
	 ,('

where,, ) is aconjunctive-clause, i.e., it involvesAND oper-
ationononeor morepredicates.

With this,wede�ne thefollowing:
De�nition 1 A conjunctive-clauseis constrained if it in-
cludesa positivepredicate.

De�nition 2 A condition is admissible if every
conjunctive-clausein its DNF formatis constrained.

For example,thefollowing conditionto querythe
�

tableon
datasets� � � � � � �*) is not admissible.

�'&

���*���

&

�

OR (
�'&

���"���

& +

AND
�'&

� ) ���

&

�-, % )

This is becausethe�rst conjunctive-clause,
�'&

� �
�.�

&

�

, is
not constrained.

In therestof this paper, we will only focuson querieswith
admissibleconditions.

4 Algebra for Queries
In the previous section,we introduceda query format for

expressingfrequentitemsetoperationson multiple datasets.
This sectiondevelopsan algebraformulationfor processing
thesequeries.

We begin with the de�nition of a view of the
�

table. A
view of the

�

table is a tablewith a subsetof the rows and
columnsof the

�

table,whichalwayscontainsthecolumnof
theattributes � , andtheexact frequency of anitemsetcanbe
replacedby aNull value(denotedas / ).

Giventhis, we de�ne threebasicoperators,which cangen-
eratesimpleviewsof the

�

table.

1. The fr equent itemsetmining operator 0

�

! �
�

�1�
%

com-
putesthefrequentitemsetfrom a singledataset�*� with sup-
portlevel � . It returnsasetof two-tuples,comprisingitemsets
andtheir frequency ondataset�2� .

2. The negative fr equent itemset mining operator
0

�

! ���(�3�
% computesitemsetsin ��� with supportlevel less

than � . Formally, assuming
+-43576

� to be the power-set of
�(����� , and 0

�
4

! �
�

�1�
%

is theprojectionof 0

�

! �
�

�1�
%

onthe
columnof attributes� , we have

0

�

! �
�

�1�
%

$ !

+

43576

�98

0

�

4

! �
�

�3�
% %;:

�

/ 


3. The counting operator < !7=0� �
�

%
countsthe frequency

for eachitemsetin the set = on dataset�
� . To simplify its

evaluation,this operatoris only de�ned ona set = thatsatis-
�es thedown-closureproperty, i.e, if anitemsetis in = , then
all of its subsetsarealsoin = .

Note that each operatordiscussedabove generatessim-
ple views of the

�

table. Table 3 shows someexamples
of the basic operators,where the datasets�

� and �
� are

as shown in Table 1, and = is
�(�

��
��

�

� 
 ,
�

1 
��

�

��� � 
 ,
�

�*�/12
 �

�

�+�/12
 �

�

��� �+�/12
�
 .
Next, we de�ne two operationsthatcancombinetheviews

of the the
�

table. Let
�

� and
�

� be two views of the
�

table.Let
�>4

�

and
�>4

�

betheprojectionsof
�

� and
�

� on the
attribute � . We de�ne thefollowing two operations:

1. Intersection ( ? ):
�

��?

�

� is de�ned as

!

�

4

�A@

�

4

�

%�B

4

�

��B

4

�

�
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�����

�������
	 �
�

�����

�������
	 ���

�����

�������
	 ��� �

���

� �����

I ��� I ��� I ��� I ���

� A � 6/8 � A � 4/6 � D � � � A � 6/8
� B � 6/8 � B � 4/6 � A,C � � � B � 6/8
� C� 4/8 � C � 4/6 � A,D � � � E � 3/8

� D � 6/8 � E � 3/6 � A,E � � A,B � 4/8
� A,B � 4/8 � A,B � 3/6 : : � A,E � 3/8
� C,D� 4/8 � A,B,C, � � B,E� 3/8

D,E �

� A,B,E � 3/8

Table 3. Basic Operator s on
�

Table
�����

�������
	 �
���

�����

� �����
	 ���

�����

�������
	 �
���

�����

�������
	 ���

�

��� � �

�

��� � �

� A � 6/8 4/6 � A � 6/8 4/6
� B � 6/8 4/6 � B � 6/8 4/6
� C� 4/8 4/6 � C � 4/8 4/6

� A,B � 4/8 3/6 � D � 6/8 �

� E � � 3/6
� A,B � 4/8 3/6
� C,D� 4/8 �

Table 4. Inter section and Union Operation

In this operation,we �nd the itemsetsthat arecommonto
�

� and
�

� , i.e. theset !

�
4

�
@

�>4

�

% . We reportthe frequency
countof suchitemsetsfor all datasetsincludedin either

�

� or
�

� . This is doneby essentiallytakinga join over theattribute
� of !

�
4

� @

�>4

�

%
with

�

� and
�

� .
B

is thestandarddatabase
join operation,with one importantdifference. Any column
thatis commonbetween

�

� and
�

� is merged. In mergingthe
columns,anactualcountis preferredovera / (Null) value.

2. Union ( � ):
�

���

�

� is de�ned as

!

�

4

���

�

4

�

%

 

!�"

4

�

�

 

!�"

4

�

�

In this operation,we �nd theitemsetsthatarein either
�

� or
�

� , i.e. theset !

�
4

�
�

�
4

�

% . Wenow takeanouterjoin[34]. We
reportfrequency countfor theseitemsetsandall datasetsthat
arein

�

� or
�

� . Null is insertedfor entriesfor which values
arenotavailablefrom either

�

� or
�

� .

Notethat theresultsof thetwo operationsarestill views of
the

�

table.Table4 providesexamplesfor eachof thesetwo
operations.

Baseduponthede�nitions of theabove operations,we can
easilyprovethefollowing:

Lemma 1 The operations, intersection ! ?
% and union !��

% ,
satisfytheassociative, commutative, anddistributiveproper-
ties.

Next, we discusshow a query can be modeledusing the
above operatorsandoperations.Let us considera query #

with the condition , . As statedearlier, the condition ,

can be restatedin the DNF form, with conjunctive clauses
, ���

&�&
&

� ,(' . Formally,

, $ ,
�

&

&�&
&

& ,
'

� , ) $ , )
�%$

&
&�&

$
, )

�
�

�

�'&��)(

If ,
)+* is a positivepredicate,wecanreplaceit by theopera-

tor 0

�

! �
�

�1�
%
. Similarly, we replacea negativepredicateby

0

�

! � � �3� %
. We canrepresentthequeryby

�-,

$

�-,/.

� 	
	
	0�

��,21

where,each
� ,�3

is computedusingintersectionoperations.
Thus,we have captureda condition , usingthe operators

andoperationswe have de�ned. Oneparticularissue,how-
ever, still needsto be addressed.The table

� ,

can con-
tain / (Null) values. An exampleof this is 0

�

! �*���1�

&

, % �

0

�

! �����1�

& 4

%
in theTable4. To correctlyevaluatetheoriginal

query, thenull valueof anitemsetneedsto bereplacedby its
actualfrequency. This canbedoneby applyingthecounting
operatorwe havede�ned.

It turns out that a modi�ed versionof the query can bet-
ter capturethe intentionsof the userandavoid the costsas-
sociatedwith countingoperators.A null valueof an item-
setsuggeststhat the itemsetis infrequentwith respectto the
speci�ed supportlevel. In suchcases,a usercould simply
be interestedin knowing that the itemsetis infrequentin the
particulardataset,andmaynotneedto know thespeci�c fre-
quency value. We introducea new notation, 5 , for this pur-
pose.In theSelectclauseof original query, replacing�

) by
5�! �

)

%
denotesthat thenull valueis acceptableif the itemset

is infrequent.Thesigni�canceof 5"! ��)
% for ourqueryevalua-

tion is thatthecountingoperatoron ��) is not required.
Giventhis, thequeriescanbegeneralizedasfollows:

SELECT
�'&

� �76

�'&

�
)

�98 5�!

�'&

�
)

�
%;:

�
	�	
	��06

�'&

�
)�	

8 5"!

�'&

�
)
	

%<:

FROMFrequency( �$� ���
�
	�	
	 � � � )
�

WHERECondition ,

where,
�

� )
�

�
	
	�	 � ��)�	�
>�

�

�
�

��	
	
	�� �
�


 .
For sucha generalquery # , whosecondition , is captured

usingtheexpression
�%,

, theresultcanbeexpressedas
=

!�#
%

$

��,

B

4

< !?>

�
4

,

� � )
� %�B

4

	
	�	
B

4

< !?>

�
4

,

� � )

5

%

where,
�

�
)

��� �
)

�(�
	
	�	 � �
)

5


 , denotedas , 0 1 � , is thesetof
datasetsappearingin theSELECTclausewithout the 5 nota-

tion, and >

�
4

, is theminimal extensionof
�
4

, which satis�es
thedown-closureproperty.

5 Query Optimization Overview
Thissectiongivesanoverview of theissuesinvolvedin cor-

rectly andef�ciently evaluatinga queryof the form de�ned
in theprevioussection.

To facilitateour discussion,we usethefollowing query, de-
notedby @ , asa runningexample.
SELECT

�'&

�$�A5"!

�'&

�
%

�B5�!

�'&

�
%

�

�'&

,��B5�!

�'&

.
%

FROMFrequency ( �$� �*� � � ,��/. )
�

WHERE(
�'&

� ���

&

�

AND
�'&

� ���

&

�

AND
NOT(

�'&

,!� �

&

�-, OR
�'&

. ���

&

� , ))
OR (

�'&

,!� �

&

�

AND
�'&

. ���

&

�

AND
NOT(

�'&

� ���

&

� , OR
�'&

� ���

&

�-, ))
Thequeryinvolves�nding the itemsetswhich arefrequent

with supportlevel �

&

�

in both the datasets� and � , but in-
frequent(supportlessthan �

&

�-, ) in thedatasets, and . , or
viseversa.TheDNF form of thecondition C is:

! � ���

&

�

$
� ���

&

�

$
,#���

&

� ,
$

. ���

&

�-,
%

& ! ,!���

&

�

$
. ���

&

�

$
�%���

&

� ,
$

� ���

&

�-,
%

4



���

canbeexpressedas:

! 0

�

! ���3�

&

�

% ? 0

�

! �+�3�

&

�

% ? 0

�

! ,��3�

&

� , % ? 0

�

!#. �1�

&

� , %�%

� ! 0

�

! ,��3�

&

�

% ? 0

�

! . �3�

&

�

% ? 0

�

! �*�3�

&

� , % ? 0

�

! � �1�

&

� , %�%

Theansweringsetof this querycanbeexpressedas
=

!�# % $

���

B

4

< !

>

� 4

�

� , %

As suggestedin theexpression
=

!�# % , the naive methodto
evaluatethe query @ , needsto invoke the 0

�

operator
�

timesandthe countingoperator< once. Note that the neg-
ative frequentitemsetmining operator, 0

�

, is actually im-
plementedby frequentitemsetmining operator, 0

�

, andits
resultview doesnot needto bematerializedin orderto eval-
uatethequery. Thereasonfor this is asfollows. Recallthat
every conjunctive-clausein the DNF format of the admissi-
ble conditioncontainsat leastonepositive predicate.There-
fore, in

� �

, eachnegative frequentitemsetmining operator,
0

�

! ��)��3� )
% , will intersect( ? ) with somefrequent itemset

mining operator, 0

�

! �2�(�3� �
% . By applying the propertyof

the operation ? , 0

�

! ��)/�3� )
% canbe moreef�ciently evalu-

atedas

! 0

�

4

! �
�

�3�
�

%

8

0

�

! �
)

�3�
)

%

4

%;:

�

/ 


Now, let usconsiderthecostsassociatedwith evaluatingthe
expression

=

!�#
%
, andtheopportunitiesfor optimizingit. The

�rst observation is that thecostsof 0

�

and < operatorsare
typicallymuchhigherthanthoseof unionandintersectionop-
erations.Therefore,weneedto focuson 0

�

and < operators
in ouroptimizationprocess.

Let us considerthe naive evaluation of
=

!�#
%
. The key

observation is that a large fraction of the computationis ei-
ther repetitiveor unnecessary. By repetitivecomputation,
we imply �nding the frequency of an itemseton a dataset
morethanonce,due to differentmining operators.For ex-
ample,the computationof 0

�

! ���1�

&

�

%
is repetitive. This is

because0

�

! �*�3�

&

� ,
% is also evaluatedand 0

�

! ���3�

&

�

%
�

0

�

! �*�3�

&

� ,
% . By unnecessarycomputation,we imply �nd-

ing the frequency of the itemsetswhich do not appearin the
result

=

!�#
% . For example,thecomputationof frequency for

eachitemsetin theset 0

�
4

! ���1�

&

�

%

8

�>4

� on thedataset� is
unnecessary.

In optimizingthequeryevaluationprocess,our �rst goal is
to try andremove repetitive andunnecessarycomputations.
This is doneby introducingnew operatorsandusingcontain-
ing relations,respectively. Theseare discussedin the next
two subsections.
5.1 NewOperators

To reducetheunnecessarycomputation,two new operators,
,

�

and �

�

, areintroduced.
1. Frequent itemset mining operator with constraints

,

�

! �(�(�1� �3=
% �nds the itemsetsthat are frequent in the

dataset��� with support� andalsoappearsin theset = . = is
asetof itemsetsthatsatis�esthedown-closureproperty. This
operatoralso reportsthe frequency of theseitemsetsin �

� .

Formally, ,

�

! � � �3� � = %
computesthefollowing view of the

�

table:
= ? 0

�

! � � �1� %

Thetypicalscenariowherethisoperatorhelpsremoveunnec-
essarycomputationis asfollows. Supposethefrequentitem-
setoperatorintersectswith someview of the

�

table,such
that theprojectionof this view on theattribute � is = . This
operatorpushestheset = into thefrequentitemsetgeneration
procedure,i.e., = servesasthesearchspacefor thefrequent
itemsetgeneration.Thus, the unnecessarycomputationfor
theitemsetsthatarenot in = canbesaved.
2. Group fr equentitemsetmining operator �

�

!�� % , where
� $

�

� � � �1� ��� ��	
	�	 � � ��	 �3�
	 � 
 , �nds theitemsetsthat
arefrequentin eachdataset� ) with support � ) , andreports
their frequency in eachof thesedatasets.Formally, �

�

!�� %

computesthefollowing view of the
�

table:

0

�

! � � �1� � % ? 	
	�	 ? 0

�

! ��	 �1��	 %

The basicidea behindthis operatoris as follows. The fre-
quency count for all datasetsin � is carriedout in parallel.
Thus,all supersetsof an itemsetthat is determinedto be in-
frequentin any of thedatasetsis pruned.

We usethe following exampleto illustratetheuseof these
operators.Considerthefollowing view of the

�

table,

! 0

�

! ���3�

&

�

%
? 0

�

! �+�3�

&

�

%/%
� ! 0

�

! ���3�

&

�

%
? 0

�

! ,��1�

&

�

% %

Applying the ,

�

operator, we canevaluate0

�

! ���1�

&

�

%
�rst,

andthenintersectit with

! ,

�

! �+�3�

&

�

�10

�

4

! ���1�

&

�

%/%
� ,

�

! ,��3�

&

�

�10

�

4

! �*�3�

&

�

%/% %

Comparedwith the naive method, this evaluation reduces
the unnecessarycosts of 0

�
4

! �+�3�

&

�

%

8

! 0

�

! �*�3�

&

�

%
?

0

�

! �+�3�

&

�

% %

4

on the dataset � and 0

�
4

! ,��1�

&

�

%

8

! 0

�

! ���1�

&

�

%
? 0

�

! ,��3�

&

�

%/%

4

on thedataset, . However, the
computationfor 0

�
4

! ���1�

&

�

%

8

! 0

�

! �+�3�

&

�

%
� ! 0

�

! ,��1�

&

�

%/%

4

on thedataset� is still unnecessary.
Applying the �

�

operator, this view canbeevaluatedas

�

�

!

�

� ���1�

&

�

�
� � � �3�

&

�

�



%
�
�

�

!

�

� �*�3�

&

�

�
� � ,��3�

&

�

�



%

No unnecessarycomputationis involved now. However,
the computationof the itemsetsin the set ! 0

�

! ���1�

&

�

%
?

0

�

! �+�3�

&

�

%
? 0

�

! ,��1�

&

�

% %

4

for dataset� hasnow become
repetitive.
5.2 Containing Relation

An importanttool to removerepetitivecomputationis based
on the containingrelation for the setsof frequentitemsets.
The containingrelation is as follows: 
 � � , 0

�

! �2�(��

%

containsall the frequentitemsetsin 0

�

! �2�(�3�
% . Therefore,

if the �rst oneis available, invocationof the secondcanbe
avoided. Instead,a relatively inexpensive selectionoperator,
denotedas � , canbeapplied.Formally, for 
 ��� , we have,

0

�

! �
�

�3�
%

$�����������! 0

�

! �
�

��

%/%

This containingrelationscanbealsoextendedto theour two
new operators,,

�

and �

�

.
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Let usrevisit our runningexample.In view of this relation,
at most one invocationof the mining operator 0

�

on each
datasetis required.Thus,weonlyneedfour invocationsof the

0

�

operator, i.e., 0

�

! ���1�

&

� , % , 0

�

! � �1�

&

� , % , 0

�

! ,��3�

&

� , % ,
and 0

�

!#. �1�

&

� , % . This method,which removesall repeti-
tive computationdue to 0

�

operator, but doesnot use ,

�

and �

�

operators,is referredto astheOptimizationRR(Re-
move Redundant).It shouldbenotedthat thoughtherepeti-
tive computationdueto 0

�

operatoris removedhere,much
unnecessarycomputationis still involved.
5.3 Overview of Query Plan Generation

The discussionin the previous two subsectionsfocusedon
removing unnecessaryand repetitive computations,respec-
tively. Eachwasconsideredindependently. In generatingan
ef�cient planfor evaluatingaquery, it is importantto consider
both.As ourexamplehasshown, removingunnecessarycom-
putationcanintroducerepetitivecomputation,andvice-versa.
Clearly, this makesqueryoptimizationa challengingtask.In
many cases,removing bothunnecessaryandrepetitive com-
putationfor a queryevaluationis not possible.Particularly,
if negativefrequentitemsetminingoperatorandcountingop-
eratoroccurin thequery, �nding an ef�cient queryplancan
becomeverydif�cult.

In the next section,we presenta systematicapproachfor
�nding ef�cient queryplans.Our approachincludesthefol-
lowing threesteps.

1. Transformations: This stepremovesboth thenegative
frequentitemsetmining operator0

�

andcountingop-
erator < from

=

!�#
% . The formatof

=

!�#
% without 0

�

and < is referredto asthestandard formof
=

!�#
% .

2. M table Formulation : The standardform of
=

!�#
%

is
encodedinto an � table. In the � table, eachcol-
umn representsa conjunctive-clausein the condition,
andeachrow representsa dataset.Eachcell in the ta-
blecontainsapredicatethatappearsin theconditionand
needsto beevaluated.Further, thequeryevaluationpro-
cesscanbedepictedasacoloringschemeof the � table.

3. Query Plan Generation: Theef�cient queryplansare
generatedwith the help of the coloring schemeof �

table.

6 Query Transformation, Evaluation, and Op-
timization

This sectionpresentsour approachfor queryplan genera-
tion. The transformationsare introducedin Subsection6.1.
The � tableandits coloringschemearediscussedin Subsec-
tion 6.2. Finally, Subsection6.3 presentsseveralalgorithms
for generatingef�cient queryplans.
6.1 Transformations for Query Optimization

In the following, we introducetwo transformationswhich
can remove the the negative frequentitemsetsoperator 0

�

andthecountingoperator< from
=

!�#
% , andreplacethemby

�

! �
�

�1�
%

operators.As statedearlier, thetransformed
=

!�#
%

is referredto asthestandardform.

Transformation 1: (Removing Counting Operator) This
transformationtakes threesteps. In the �rst step, for any
dataset����� , 0 1 � , whichsuggeststhatacountingoperator

< might beneeded,we addthebooleanclause�*� � � into
every conjunctive-clausein theDNF formatof condition , .
Thus,wegenerateanew condition,denotedas ,�� . Clearly, in
this new condition,two booleanclauseson thesamedataset
mayappearin asingleconjunctive-clause.In thesecondstep,
we removetheseredundantbooleanclausesby thefollowing
rule. If the booleanclausebesidesthe new one is positive,
thenew oneis dropped,andif thebooleanclausebesidesthe
new oneis negative, thenegative booleanclauseis dropped.
Finally, weconstruct

� ,��

correspondingto condition , � after
thesecondstep,andapplytheselectionoperatorwith condi-
tion , to get

=

!�# %
. Formally,

=

!�# % $ �

,

!

� , �

%

Let usillustratethistransformationonourrunningexample.
Theset , 0 1 � includesonly thedataset, . In the �rst step,
thenew condition C�� is

! �%���

&

�

$
� � �

&

�

$
,#���

&

� ,
$

. � �

&

�-,
$

, ���
%

&

! , ���

&

�

$
. ���

&

�

$
� ���

&

� ,
$

� ���

&

�-,
$

, ���
% %

In thesecondstep,thecondition C�� becomes:

! �%���

&

�

$
� ���

&

�

$
,!� �

$
. ���

&

� ,
%

&

! ,!���

&

�

$
. ���

&

�

$
�%���

&

� ,
$

� ���

&

� ,
%/%

In the�nal step,weconstruct
�
���

,
�����

$ ! 0

�

! ���3�

&

�

%
? 0

�

! �+�3�

&

�

%
? 0

�

! ,��3�
%

? 0

�

!#. �1�

&

� ,
%

� ! 0

�

! ,��3�

&

�

%
? 0

�

!#. �1�

&

�

%
? 0

�

! ���3�

&

�-,
%

? 0

�

! �+�3�

&

�-,
%�%

Theansweringset
=

!�#
% becomes�

�

!

�
���

% .
Transformation 2: (Removing Negative FrequentItemset
Operator) This transformationis baseduponthe following
Lemma.

Lemma 2 Let , beanycondition,and
�

,

is thesetsatisfy-
ing thiscondition,thenwehave

��,

? 0

�

! �(�(�1�
%

$ �

,�	�


���
�����

!

�-,

� !

��,

? 0

�

! ���(�3�
% %/%

Note that the ��������! /
%

valueis treatedas � . The detailed
proof is omittedhere,but the correctnessof this lemmacan
beobservedfrom thefactthat

�
,

? 0

�

! �
�

�1�
%

�

�
,

� !

�
,

? 0

�

! �
�

�1�
%/%

Thislemmasuggeststhatthenegativefrequentitemsetopera-
tor canberemovedby applyingtheunion( ? ), intersection( � ),
andselectionoperator.

By applyingLemma2, all thenegativefrequentitemsetop-
eratorcanbedroppedfrom

�
���

. Let
�

,

��$ 0

�

! �
)

���3� �
%

?0	�	
	 0

�

! �
) 	

�3�
	

%
?

0

�

! �

)




	��
���

�3�
	��

�
%

?0	�	
	 ? 0

�

! �
)
	

�3�
	

%
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�

�

�

�

�

)

��� ���

A 0.1 0.1 0.05
B 0.1 0.1 0.05
C 0 0 0.1 0.1 0.1
D 0.05 0.1 0.1 0.1

Table 5. M Table for the quer y @

We denote
�

,��

�

to containonly thesetsof frequentitemsets

for , � , suchas
�

,

�

�

$.0

�

! � ) ���3� � % ? 	�	
	 ? 0

�

! � ) 	 �1� 	

%

Therefore,we have thefollowing equality:
�-,

�2$ �

,

� !

�

, �

�

�0!

�

, �

�

? 0

�

! �

)




	�� ���

�3�
	�� � %/% �

	
	
	0� !

�

, �

�

? 0

�

! ��)�	��1� 	 %/% %

Further, wecanseethatfor each
�%,

� , theselectionoperator
( � ) canbedroppedbecauseof theoutsideselectionoperator.
In sum,this transformationremovesall thenegative frequent
itemsetminingoperator, suchas 0

�

! �
�

�3�
%
, in

�
,

�

by apply-
ing this equalityanddroppingtheselectionoperatorfor each
conjunctiveclause,

� .
After thesetwo transformations,theentirecomputationcost

to evaluatethequery # hasbeenshiftedto compute
�

,
�

. To
simplify the discussion,we treat computing

�
,

�

as an in-
stanceof this generalizedproblemof evaluatingexpression

�

, where,
�

$

�

�%�0	
	�	0�

�

5

and,
�

��$ 0

�

! �(�
�

�3� �
�
%

? 	�	
	 ? 0

�

! �(���$�3� ���
%

Therefore,in ourexample,wehave
�
	��
�

�

	��������������������! "������#$�%�������! "������&'���(����)*�

�

+

�����������,�-�����
 .������#/�%�-�����
 .������&0�%�(�1 2������32�%��� �545����)*�

�

+

��������&0�%���6�7�! "�8����32���-��������)*�!9

+

��������&0�%�-���7�! .������32�%�������! .�8�����:����� �545����)*�!;

+

��������&0���-���7�! 2������32�%���6�7�! "�8����#/�%��� �545����)*��<

6.2 A Uni�ed Query Evaluation Scheme
Thissubsectiondescribesageneralschemefor queryevalu-

ationbasedonthestandardform of answeringsetfor queries.
As we had shown toward the end of previous subsection,

afterapplyingthetwo optimizationsandtwo transformations
wehadlisted,thestandardqueryhastheform

�

$

�

���*	
	�	<�

�

5 . Let � bethenumberof distinctdatasetsthatappearin
�

.
Wecandepictthequeryevaluationproblemby usingatable

� with � rows and � columns. The row & in the table �

correspondsto thedataset��) , andthecolumn = corresponds
to theclause

�

� . If 0

�

! ��)/�3�
% appearsin

�

� , thecell at = -th
columnand & -th row will have � , i.e., � )�> � $ � , otherwise,
thecell �

)�> � is empty. In our example,the tablehas
4

rows
and , columns,andis shown in Table5.

We introducethenotionof necessaryinformationfor anon-
emptycell. For a cell �

)�> � , thenecessaryinformationis for-
mally de�ned as

�

4

�

B

4

0

�

! � )/� � )�> �
%

Intuitively, thisis thesetthatneedsto becomputedto evaluate
this cell of thetable.

Next, wecapturetheevaluationprocessfor aqueryby using
a simplecoloringschemefor thecells in the table. Initially,
all thecellsareblack. If thenecessaryinformationfor a cell
is available,or its supersetis available,thecell is coloredred.
Clearly, the query evaluationprocessis completewhen all
non-emptycellsarecoloredred.

To facilitatethediscussion,wede�ne achainof setsoneach
row (i.e. for eachdataset)of the � table. Suppose�

)

�

�

	
	�	 � �

)

	

arethe distinct supportlevels appearingin row & .
We constructthe sets 0 )�> ? to include the cells at row & that
hasa supportlarger thanor equalto �

)

?

. Formally, for each
�

�

�

�

�

� � ,

0 )�> ? $

�

= 8 � )�> � � �

)

?

�

�

�@= � � 


For example,the �rst row for the dataset� in the � table
of the query @ hastwo supportlevels, �

�

�

$ �

&

�

and �

�

�

$

�

&

� , , andthecorrespondingchainof setsis 0
�

>
�

$

�

�

�

+


 and
0

�
>

�
$

�

�

�

+

�

4


 .
It is easyto seethat 0�)�>

�BA
	�	
	

A
0")�> 	 . Thus,we have a

chainbasedon thecontainingrelation.
The query evaluation process proceedsin steps. In

each step, one or more non-emptycells are colored red.
At a stage C , suppose for any column = , the cells

� !�(

�

�D=
%

��	
	�	 � � !�( � �,=
%
arecoloredred,while theothersare

still black. Then,the informationavailableat this stagecan
bedenotedby:

�

6 C
:

$ � ��E
�

E

5

! ?

)�FHG
'��

>JIJIJI�>
'

	-K

0

�

! �
)

� � ! &-�,=
% % %

Next, we look at how the operators, 0

�

! �
)

�3�
%
,

,

�

! �
)

�1� �3=
%
, and �

�

!��
%

cancolor the table. In eachin-
vocationof a mining operatorwith �x eddatasetandsupport
level, we considerhow thesetof frequentitemsetscanmaxi-
mally provideinformationfor thecells,andhencecolorthem.
Frequentmining operator 0

�

! ��) �1�
% : Let � rank

�

in the
sequenceof supportlevels for the row & andhave thecorre-
spondingset 0")�> ? . An invocationof the frequentmining op-
eratoron thedataset��) , with support� , will turneachcell at
row & whosecolumnappearsin theset 0 )�> ? red.Thecoloring
that will occur is independentof the currentcoloring of the
table � .
Frequentmining operator with constraint ,

�

! �
)

�3� � =
%
:

Again, let � rank
�

in thesequenceof supportlevels for the
row & andhave thecorrespondingset 0

)�> ? . Thecoloring im-
pactedby this operatoris dependenton the currentcoloring
of the table � . Let 0 be thesetof columnswhich meetthe
following threeconditions:1) they arein theset 0

)�> ? , 2) they
have at leastonecell coloredred,and3) their cell at row & is
black. Let = be the setof frequentitemsetsextractedfrom
thecolumnsin 0 . Then,by applyingthis operatoron dataset

� ) with support � and the set = , all cells on row & whose
columnappearsin 0 will turn red.
Group fr equent itemset mining operator �

�

!��
%
: Invok-

ing this operatoris also independentof the coloring of the
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�

�

�

�

�

)

��� ���

A 0.1 0.1 0.05
B 0.1 0.1 0.05
C 0 0 0.1 0.1 0.1
D 0.05 0.1 0.1 0.1

Table 6. Colored M Table for the quer y @

table. Let � $

�

� � �

�

�1� � � �
	�	
	 � � � �

	

�3� 	

� 
 . Let
the dataset� �

'

�

�

� (%� � correspondto the row &A( . Let
the support ��' rank =�( at row &A( , andhencecorrespondto
the set 0 ) ' > � ' . Let 0 $ 0 ) � > � �

@

	
	�	

@

0 ) 	 > ��	 . Invoking
this operatorwill turn every cell in the rectanglede�ned by

�

&

�

��	
	
	 ��& � 
 : 0 red.
Considerapplying 0

�

! �*�3�

&

� , % , ,

�

! � �1�

&

�

�10

�
4

! ���1�

&

�

%/% ,
and �

�

!

�

,��3�

&

�


��

�

. �1�

&

�


 % consecutively on an initially
black-coloredtable � of the query @ . The �rst operator,

0

�

, will turn thecells �
�

>
� , �

�
>

� , and �
�

>

�

red;thesecond
operator, ,

�

, will turn thecells �
�

>
� and �

�
>

� red;thethird
operator, �

�

, will turn the cells the right-bottomrectangle
de�ned by

�

�

�

4



:

�

�

�

4

�1, 
 red.Table6 showstheresulting
coloredtable.

By theaboveformulation,thequeryevaluationproblemhas
beenconvertedinto theproblemof coloringthetable � . Dif-
ferentoperatorscanbe used,andin differentorder, to color
theentiretablered. Therearedifferentcostsassociatedwith
each. The next subsectionaddressesthe problemof �nding
ef�cient queryevaluationplans.
6.3 NewQuery Plans

Usingthetablecoloringformulationfrom theprevioussub-
section,we now discussapproachesto �nding an ef�cient
queryevaluationplan.

The key dif�culty in this optimizationprocessis that it is
very hardto associatecostfunctionsfor the threeoperators.
Wearenotawareany researchonpredictingtherunningtime
for a speci�c mining algorithmon a given dataset.The use
of the operator,

�

that we have introducedfurther compli-
catesthis,becausetheperformancecanvarydependingupon
the statusof the table. Therefore,we usea setof heuristics
andgreedyalgorithmsfor this purpose.We �rst presenttwo
algorithmsthat are basedupon the useof the 0

�

and ,

�

operators.Then,we describeanotheralgorithmthat further
exploits the �

�

operator.
6.3.1 UsingConstraint BasedOperator
The constraintbasedmining operator ,

�

! �2� �3� � =
% helps

reducethe computationalcost as follows. At any stageC ,
supposethat we needto color the cell � )�> � . As long asan-
otherred cell is availablein the samecolumn, ,

�

operator
canbeused.

Thealgorithmswepresentherearebaseduponaggressively
usingthe ,

�

operator. In orderto applythisoperator, aquery
planneedsto besplit into two phases:�

In the�r stphase,weusethe 0

�

! �
�

�1�
%
operatorssothat

eachcolumnhasat leastoneredcell.�

In thesecondphase,weusethe ,

�

! �2�(�3� � =
% operators

to computeall othernon-emptycellsin thetable.

Ourapproachinvolvesusingheuristicsto minimizecostsfor
eachof thetwo phases.

Approach for PhaseOne: To understandthe complexity
of optimizing the cost for this phase,let us assumethat we
know the cost for the operator 0

�

! �2�(�3� % . Our goal is to
�nd the setof operationswhich hasthe leastcost in color-
ing all columnsof the table. This problemcanbe general-
izedandformulatedasfollows. For a set 0 $

�

0 � �
	�	
	 � 0�� 
 ,
0 �

�

	
	�	

�

0�� $

�

�

��	
	
	 �/� 
 , whereeachset 0�) hasa cost
function andcorrespondsto a chainset in the table � , we
needto �nd thea subsetof 0 who cancover

�

�

��	
	�	 � � 
 with
theleastcost.This is ageneralizedset-coveringproblem, and
is NP-hard [9].

Note,in our case,eachrow only needsat mostoneinvoca-
tionof the 0

�

operator, dueto thecontainingrelation. There-
fore,wecanenumeratethecoloringschemesand�nd theone
with theminimalcostin �2! =(�

:
	�	
	

:
=��

%
$.�2! �

�

%
timecom-

plexity. Here, � and � arethenumberof rows andcolumns
respectively in table � , and=

) is thenumberof differentsup-
port levelsin therow & .

In practice,thesizeof thetableisusuallysmall,sotheabove
enumerationcanbedonewithout a veryhigh cost.However,
the problemstill is that precisecost functionsarenot avail-
able.

The heuristicapproachwe useis basedon the observation
that no repetitive computationdueto the 0

�

operatoris in-
volvedin thephaseone.So,we cansolelyfocuson reducing
the unnecessarycomputation. A naturalheuristicfor mini-
mizingunnecessarycomputationis throughthesupportlevel.
For a singledataset,highersupportlevel for the 0

�

operator
implies lower unnecessarycomputation.We usethis in our
implementation.

Input: table � afterphase-onecoloring
Algorithm 1

Finddatasetswhosecorrespondingrows hasblackcells;
For eachrow, �nd thelowestsupportlevel amongblackcells;
Oneachrow, we invoke the

&'�

operatorwith thelowest
supportlevel. Acrosstherows, this operatoris invokedin the
decreasingorderof supportlevel usedfor the

&'�

operator.

Algorithm 2
Remove all theredcellsfrom eachchainset

����� 	

;
Find thenon-emptychainsetwith thehighestsupport

andinvoke the
&'�

operatorto color theset;
Remove all new redcellsfrom thechainset;
Repeattheabove stepsuntil all cellsarecolored.

Figure 1. Algorithms for Phase Two

Approach for PhaseTwo: We can use either of the two
greedyalgorithms,Algorithm 1 andAlgorithm 2, which are
listed in the Figure 1. The �rst algorithm tries to reduce
therepetitivecomputationby invoking ,

�

operatorfor each
datasetatmostonce.Therefore,frequency of any itemsetwill
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Input: table � without coloring
Algorithm 3

Build a collectionof candidatesetsby runningtheenumeration
algorithmfor

���������(���8�

operator;
For thecandidateset

�

, let
�8�������(���8��� �

andcorrespondingto thechainset
� � � 	

. If thereexistsanother
chainset

�

�

�

� 	

�

equivalentto
��� � 	

, transform
���������(���8��� �

into �

���	��
 ��� ���
� ��
 �

�

�

���

	

�

��� �

.
Repeattheabove stepto seeif any moresetcanbeaggregated

into a �

�

operation;
Selecta setfrom thesetransformedcandidatesetsbasedon

someheuristic,e.g.,theaveragesizeof theparameterset �

for the �

�

operation.

Figure 2. Using GF operator for Phase One

becountedat mosttwo timesfor a dataset:onefrom the 0

�

operatorin thephaseoneandsecondfrom the ,

�

operator
in the phasetwo. However, muchunnecessarycomputation
is involved since ,

�

operatoralwayspicks the lowestsup-
port level for eachdataset.Thesecondalgorithmtargetsthe
unnecessarycomputation,sincefor eachsupportlevel, ,

�

operatorwill usethesmallestpossibleset = to constraintthe
itemsetgeneration. However, much repetitive computation
canbe generated,sincean itemsetcanbe computedseveral
timesfor adataset.

Let us considerthe query # . Combiningphaseone and
phasetwo, the�rst algorithmgivesthefollowing queryplan.

���������(��� �������:���-���7� � �8����&0�%���������

��������� �!� &'���������-� �(4 � �8����&0�%�������#" ���

&'����#$�,�-� �(4 � ���8�����:�����6�7�

+

�8����&0�%���������#" ���

&'����32� �-� �(4 �����������������������! .�8����#/�����������

+

�8����&0�,�-�������#" �

&'����&0�%�-�������������,�-�����
 .������#/�%�-�������
"

���

Thesecondalgorithmgivesthefollowing queryplan.
���������(��� �������:�%�-����� � ������&0�%���6�7���

��������� �!� &'����#/�%���6� � ���������%���6�7�#" ���

&'����32� �-���5� ������&0�%���6�7�#" ���

&'�������%��� �54�����������&0�%�-���7�! .������32� ���6�7���#" ���

&'����#/�%��� �54�����������&0�%�-���7�! .������32� ���6�7���#" ���

&'����32� �-� �(4 �������������%���6�7�! "�8����#/�%���6�7���#" ���

&'����&'���-�7�������������,�-�����! .������#$�,�-�������#" ���

We canseethat both queryplanscan reducethe costsby
aggressively utilizing the available informationandthe ,

�

operator.
6.3.2 Using the Group Operator
Thegroupminingoperator�

�

canhelpremovesomeunnec-
essarycomputationdueto 0

�

operator. In theabove exam-
ple,supposethat 0

�

! ���3�

&

�

%
?20

�

! � �3�

&

�

% and 0

�

! ,��1�

&

�

%
?

0

�

!#. �1�

&

�

% aregeneratedin phaseone.In thisway, eachcol-
umnis alsocovered,andtheunnecessarycomputationof set

0

�>4

! ���3�

&

�

%

8

! 0

�

! ���3�

&

�

%
? 0

�

! �+�3�

&

�

% %

4

on dataset� is
alsosaved.

QueryConditions CSET
$

� �
%'& �)(+*,%'& �)(.-/%'& �0(.12%3& �

$

�

�

�/%'& �)(+*,4'& � ��5

�

*6%'& �)(*�74'& ��� � A �

$

9

�

�7%3& �8(.*6%3& �8(.-94:& �;(.1<4'& � �=5 � C �

�

-9%'& �)(+12%3& �8(2�/43& �0(+*,43& � �

$

;

�

�/%'& � 5+*,%'& � 5.-/%'& � ��(.1<4'& � � D �

$

<

�
%'& �)(+*,%'& �)(.-/%'& �8(.1243& � � D �

$?> �

�7%3& �8(.*643& �0(.-94:& �;(.1<4'& � �=5 � D �

�

*,%'& �)( �743& �0(.-94:& �;(.1<4'& � �=5

�

-9%3& �8(*�743& �0(.*64:& �;(.1<4'& � �=5

Table 7. Test Queries for Our Experiments
Theuseof �

�

operatoronly changesthephaseone,i.e,our
methodfor coloring at leastcell in eachcolumn. Insteadof
�nding 0

�

! � � �3� %
operationsto covereachcolumn,we now

needto �nd �

�

operationsto meetthesamegoal.Algorithm
3, describedin Figure2, usesthe �

�

operatorin a ef�cient
way. It resultsin the following queryplan for our example
query:

���������(���

�

���	��
 �:�%�-����� ��
 #/�%�-������� ���

�

���	�@
 &'���-����� ��
 32� �-������� ���

��������� �!� &'�����:�%�-� �(4 ����������&'���-�����
 .������32�%�-���7���#"5���

&'����#/�%�-� �(4 ����������&'���-�����
 .������32�%�-���7���#"5���

&'����32���-� �(4 � ���������:���-���7�! 2������#/���-���7���
"

���

&'����&0�%���7���������������������! .�8����#/�����������#" ���

7 Experimental Evaluation
This sectionreportsa seriesof experimentswe conducted

to demonstratetheef�cacy of theoptimizationandtransfor-
mationtechniqueswe have developed.Particularly, we were
interestedin thefollowing questions:

1. What are the performancegains from the useof new
mining operators,,

�

and �

�

, and what are the key
factorsimpactingthelevel of gain.

2. Comparedwith the naive evaluationmethod,what per-
formancegainsareobtainedfrom the of differentopti-
mizations,andnew queryplansgeneratedusingthethree
algorithmswehavepresented.

Initially, we brie�y describehow thethreenew operatorswe
introducedwereimplemented.
7.1 Implementation of Operators

Theoperatorsusedin our queryevaluationarethefrequent
miningoperator, thecountingoperator, the frequentitemset
with constraintsoperator, andthegroupfrequentitemsetop-
erator. For ourexperimentalstudy, Borgelt's implementation
of the well-known Apriori algorithm[5] is usedas the fre-
quentminingoperator. Theotherthreeoperatorswerederived
from it asfollows:
Counting operator < ! =0� �

�

%
: Initially, the setof itemsets

= is organizedasa pre�x tree,whereeachnodecorresponds
to an itemset.Then,a singlepasson thedataset�*� is taken
to projecteachtransactionontothepre�x tree,usingadepth-
�rst traversal.
Frequent itemset mining operator with constraints:

,

�

! �����3� � =
% : Initially, the setof itemsets= is put into a

hashtable. The processingof ,

�

is similar to the frequent
itemsetmining operator, with oneexceptionin thecandidate
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Query Naive ORR CF-1 CF-2 GF-1
�

�

���5���"���(�����

397 168 158
�

�

���5���"���(�����

626 352 158
�

95���5���"���(�����

914 619 236 386 277
�

�

��4 ���"���(4	���

1024 279 265
�

�

��4 ���"���(4	���

1381 687 265
�

95��4 ���"���(4	���

2206 1558 394 484 471

Table 8. Performance (in seconds) on IPUMS
datasets

Query Naive ORR CF-1 GF-1
�

; ��
(4��$� 454�� �

1229 1085
�

< ��
(4��$� 454�� �

1178 1032 301 218
�

>

��
(4��$� 454�� �

2502 1350 1304
�

; ���5���$���(��� �

1525 1361
�

< ���5���$���(��� �

1313 1152 491 216
�

>

���5���$���(��� �

2634 1392 1470

Table 9. Performance (in seconds) on DARPA
datasets

generationstage.While placingan itemsetin the candidate
set,not only all its subsetsneedto befrequent,but the item-
setneedsto bein thehashtableaswell.
Group fr equentitemsetmining operator �

�

!��
% : Thepa-

rameter� $

�

� �����3� �
�

��	
	
	
� � �
	

�3�
	

�

 , speci�esthe

supportlevel �
) for thedataset� ) . Therearethreedifferences

betweenthe implementationof this operatorandthe imple-
mentationof the commonfrequentmining operator. First,
eachnoderepresentingan itemsetin the pre�x treehasone
count�eld for eachdatasetin � . Second,thecountsfor each
datasetareupdatedindependently. Finally, in the candidate
generationstage,anitemsetis treatedasa candidatesetif all
of its subsetsarefrequentin everydatasetin � .

7.2 Datasets
Ourexperimentswereconductedusingthreegroupsof data,

eachof themcomprisingfour differentdatasets.
IPUMS: The �rst group of datasetsis derived from the
IPUMS 1990-5%censusmicro-data,which provides infor-
mation about individuals and households[1]. The four
datasetseach comprises50,000 records,correspondingto
New York, New Jersey, California, and Washingtonstates,
respectively. Every recordin the datasetshas57 attributes.
After discretizingthenumericalattributes,thedatasetshavea
totalof 2,886distinct items.
DARPA's Intrusion Detection: The second group of
datasetsis derivedfrom the�rst threeweeksof tcpdumpdata
from the DARPA datasets[26]. The threedatasetsinclude
thedatafor threemostfrequentlyoccurringintrusions,Nep-
tune, Smurf, andSatan. The �rst two areDenial of Service
attacks(DOS) and the last one is a type of Probe. Further,
anadditionaldatasetincludesthedataof thenormalsituation
(i.e., without intrusion). Eachtransactionin thedatasetshas
40 attributes,correspondingto the�elds in theTCPpackets.
After discretizingthenumericalattributes,therearea totalof

Query Naive ORR CF-1 CF-2 GF-1
�

� 3825 727 338
�

� 7048 3384 1138
�

9

10369 7617 1344 1462 977
�

;

2828 1395
�

<

2753 1324 693 283
�

>

10105 7368 1815

Table 10. Performance (in seconds) on QUEST
datasets with quer y parameter s � � $ �

&

�
�

and
� � $ �

&

���

Query Naive ORR CF-1 CF-2 GF-1
�

� 5120 971 351
�

� 9016 4379 1599
�

9

13285 9764 1743 1827 1042
�

;

3823 2039
�

<

3662 1876 904 364
�

>

13034 9394 2511

Table 11. Performance (in seconds) on QUEST
datasets with quer y parameter s �

�
$ �

& +

,

�

and
� �*$ �

&

�

���

343distinct itemsets.Theneptune,smurf,satan,andnormal
datasetscontain107,201,280,790,1,589,and97,277records,
respectively.
IBM' s Quest: The third group of datasetsrepresentsthe
market basket scenario,and is derived from IBM Quest's
syntheticdatasets[2]. The �rst two datasets,dataset-1and
dataset-2,aregeneratedfrom the �

+

�

&

�

�

&

�

+

� � � datasetby
someperturbation.Here,thenumberof itemspertransactions
is 20,theaveragesizeof largeitemsetsis 8,andthenumberof
distinctitemsis 2000.For perturbation,werandomlychange
a groupof itemsto other itemswith someprobability. The
othertwo datasets,dataset-3anddataset-4,aresimilarly gen-
eratedfrom the �

+

�

&

�

�

�

&

�

+

� � � dataset. Thereare a total
of 1943distinct itemsin the four datasets,andeachof them
contains1,000,000transactions.
7.3 TestQueries

Our experimentsusesix differentqueries,which arelisted
in the Table 7. The �rst three queries, #2����#�� , and #

) ,
areapplicableon IPUMS datasets,andthe New York, New
Jersey, California, and Washingtondatasetsare labeledas
the datasets� , � , , , and . , respectively. The other three
queries,#

�

��#

�

, and #�� , correspondto thequeriesin themo-
tivatingexampleon�nding thesignatureitemsetsfor network
intrusion,presentedin Section2. Theneptune,smurf,satan,
andnormaldatasetsarelabeledasthedatasets� , � , , , and

. , respectively. Further, in theTable7, the , 0 1 � is speci-
�ed. Finally, eachqueryrequirestwo differentsupportlevels,

� � and � � . TheevaluationusingtheIBM Questdatasetused
all six queries.

In our experiments,up to � ve different query planswere
implementedfor eachquery. The exact numberdepended
upon the applicability of speci�c optimizationstrategieson
thegivenquery. The� vequeryplansareasfollows:
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1. Naive : usingthenaiveevaluationmethod.
2. ORR: applyingOptimizationRRandTransformation1 to

removethenegativepredicate.
3. CF-1 : applyingthe constraintfrequentitemsetmining

operator,

�

andusingtheAlgorithm1.
4. CF-2 : applyingthe constraintfrequentitemsetmining

operator,

�

andusingtheAlgorithm2.
5. GF-1 : applyingthegroupfrequentitemsetmining op-

erator �

�

andusing the Algorithm 3 (in Phase1, and
Algorithm1 in Phase2).

7.4 Experimental Results
This subsectionreportstheresultswe obtained.All experi-

mentsareperformedona933MHZPentiumIII machinewith
512MB mainmemory.

Table8 presentstherunningtime for the �rst threequeries
on IPUMS datasets.Table9 shows theresultsfrom theother
threequeries,#

�

��#

�

, and #
� , onDARPA datasets.Also, all

six querieswereusedwith theQUESTsyntheticdatasets,and
the resultsarepresentedin Tables10 and11. Eachqueryis
executedwith two differentpairsof supportlevels.

Thequeries#
� and #

�

mainly show how the ,

�

and �

�

operatorscanreducethe evaluationcost. The ,

�

operator
amountsto anaverageof morethan3 timesspeedupon both
real and syntheticdatasets. The speedupsare higher with
Query #

� thanquery #

�

, sincethe ,

�

operatoris applied
threetimes in # � and only two times in #

�

. Further, the
�

�

operatorperformsbetterthan ,

�

operatorfor both the
queries,andgainsan averageof

4

timesthe speedupon the
real datasets,and up to

�

4

times speedupon the synthetic
datasets.

Thequeries#*� , #
) , #

�

, and #
� bene�t from theOptimiza-

tion RRandareableto usethe ,

�

operator. The ORRver-
sionscanachieveup to two timesthespeedupin thesecases,
andCF-1 alwaysperformsbetterthanORR. Thequeryplan
CF-1 canachieveanadditionalspeedupof morethan5. Fur-
ther, in all testcases,theversionsCF-1 performalittle better
thantheversionCF-2 . This suggeststhat in thephasetwo,
reducingthe repetitive computationis more important. At
last,thequery #

�

canbeoptimizedby removing thenegative
predicate,but the ,

�

and �

�

operatorscannotbeapplied.
The resultsfrom the query #

� give rise to the following
question: “Why doesthe GF-1 query plan perform better
thantheCF-1 planonQUESTdatasets,andCF-1 performs
better than GF-1 on IPUMS datasets”. A relatedissueis
thatdependingon the datasetsandqueries,the performance
gainsfrom the ,

�

and �

�

operatorscanvary signi�cantly.
For example,the differencein speedupvariesfrom 3 to 14
in our experiments.By furtheranalyzingthedetailedcostof
eachquery, we believe thatoneof thekey factorsimpacting
the performancegainsfrom both ,

�

and �

�

operatorsis
theratio of thesizeof theintersectionsetwith sizeof theset
generateddirectly from thecommonfrequentitemsetmining
operator. Thelesstheratio is, themoregainwe cangetfrom
the �

�

operatorby reducingthe unnecessarycomputation

and lesserrepetitive computationis introduced. For exam-
ple, in thequery #2��! , �

�

�

�

,

�

%
on IPUMS datasets,thesize

of intersectionset is
���

timessmallerthan the total sizeof
the four setsof frequentitemsets.However, in query # � on
QUEST syntheticdatasets,the sizeof the intersectionset is
morethan

�

� � � timessmallerthanthe total sizeof the four
setsof frequentitemsets.

To summarize,thenew queryplansCF-1 andGF-1 do re-
sult in improved performance,provided they areapplicable
ona givenquery. In our experiments,they show animprove-
ment rangingfrom a factorof 2 to 15. Moreover, the size
of intersectionsetis a signi�cant factorimpactingtheperfor-
mancegainsfrom theuseof ,

�

and �

�

operators.

8 RelatedWork
Muchresearchhasbeenconductedto providedatabasesup-

port for mining operations.Han,Meo, Imielinski, andtheir
colleagueshave proposedextensionsof the databasequery
languagesto supportmining tasks[14, 17, 24]. Sarawagiand
Agrawal [31] andChaudhuriandhiscolleagues[8] havestud-
ied implementingApriori associationmining algorithmand
decisiontreeconstruction,respectively, onadatabasesystem.
ATLas[37] appliesuser-de�ned functions(UDFs)to express
dataminingtasks.However, all of theseeffortsfocusonmin-
ing asingledatasetwith relatively simpleconditions.

A numberof constraintfrequentitemsetmining algorithms
have beendevelopedto useadditionalconditionsandprune
thesearchspace[6, 20, 22, 25, 28, 32]. However, thesealgo-
rithmscannotef�ciently answerour queries,sincethecondi-
tionsin our queriescorrespondsto a setof (in)frequentitem-
sets.Thesecannotbedirectlyusedto reducethesearchspace
with theirmethods.Wehavedevelopedasystematicapproach
for �nding ef�cient queryplansansweringthesequeries.

Raedtand his colleagueshave studiedthe generalizedin-
ductivequeryevaluationproblem[21, 23, 30]. Althoughtheir
queriestargetmultipledatasets,they focusonthealgorithmic
aspectsto apply versionspacetree and answerthe queries
with thegeneralizedmonotoneandanti-monotonepredicates.
In comparison,weareinterestedin answeringqueriesinvolv-
ing frequency predicatesmoreef�ciently . Wehavedeveloped
a tablebasedapproachto generateef�cient queryplans.

Our researchis also different from the work on Query
�ocks [33]. While they target complex query conditions,
they allow only a singlepredicateinvolving frequency, and
on a singledataset.The work on multi-relationaldatamin-
ing [4, 12, 29, 36] hasfocusedon designingef�cient algo-
rithmsto mineasingledatasetmaterializedasamulti-relation
in a databasesystem.

Finally, a number of researchershave developed tech-
niquesfor mining thedifferenceor contrastsetsbetweenthe
datasets[3, 11, 27, 35]. Their goal is to developef�cient al-
gorithmsfor �nding sucha difference,andthey haveprimar-
ily focusedon analyzingtwo datasetsat a time. In compari-
son,we have provideda generalframework for allowing the
userstocompareandanalyzethepatternsin multipledatasets.
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Moreover, becauseour techniquescanbe a part of a query
optimizationscheme,theusersneednot beawareof thenew
algorithmsor techniqueswhichcanspeeduptheir tasks.

9 Conclusionsand Future Work
Thework presentedin this paperis drivenby two basicob-

servations. First, analyzingand comparingpatternsacross
multipledatasetsis critical for many applicationsof datamin-
ing. Second,it is desirableto provide supportfor suchtasks
aspart of a databaseor a datawarehouse,without requiring
the usersto be awareof speci�c algorithmsthat could opti-
mizetheir queries.

Wehavepresentedasystematicapproachfor expressingand
optimizingfrequentitemsetqueriesthatinvolvecomplex con-
ditions acrossmultiple datasets.Speci�cally, we have pro-
posedanSQL-basedmechanismandhave establishedanal-
gebrafor suchqueries.We have developeda numberof new
optimizations,new operators,transformations,andheuristic
algorithmsfor �nding query planswith reducedexecution
costs. Our experimentshave demonstratedup to an order
of magnitudeperformancegainson both real andsynthetic
datasets.Thus,we believe thatour work hasprovidedanim-
portantsteptowardsbuilding anintegrated,powerful, andef-
�cient KDDMS.

Our future work will concentrateon several issuesthat re-
main open. First, our techniquescould be extendedto sup-
port multiple query optimizationproblem,and independent
queriescouldbeoptimizedsimultaneouslyor incrementally.
Second,our techniqueswill need some modi�cations for
dealingwith evolving datasets,or wherethereis a temporal
orderbetweenthe datasets.Third, providing cost functions
for mining operatorsis anopenandimportantissue.Fourth,
implementingnew mining operatorsef�ciently needsmore
work. Finally, researchis neededto incorporateothercondi-
tions,suchasthosede�ned in constraintitemsetsmining,and
apply othermining operators,suchasthe maximalfrequent
itemsetoperator.
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