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ABSTRACT
Recentwork in dataintegrationhasshown the importanceof sta-
tistical informationaboutthe coverageandoverlapof sourcesfor
ef�cient queryprocessing.Despitethis recognitionthereareno ef-
fective approachesfor learningtheneededstatistics.Thekey chal-
lengein learningsuchstatisticsis keepingthe numberof needed
statisticslow enoughto have the storageand learningcostsman-
ageable.Naive approachescanbecomeinfeasiblevery quickly. In
thispaperwepresentasetof connectedtechniquesthatestimatethe
coverageandoverlapstatisticswhile keepingthe neededstatistics
tightly undercontrol. Our approachusesa hierarchicalclassi�ca-
tion of the queries,and thresholdbasedvariantsof familiar data
mining techniquesto dynamicallydecidethe level of resolutionat
which to learnthestatistics.We describethedetailsof our method,
andpresentpreliminaryexperimentalresultsshowing thefeasibility
of theapproach.

1. INTRODUCTION
With thevastnumberof autonomousinformationsourcesavail-

ableon the Internettoday, usershave accessto a large variety of
datasources.Dataintegrationsystems[CGHI94,LRO96,ACPS96,
LKG99, PL00] arebeingdevelopedto provide a uniform interface
to amultitudeof informationsources,querytherelevantsourcesau-
tomaticallyandrestructurethe informationfrom differentsources.
In a dataintegrationscenario,a userinteractswith a mediatorsys-
temvia a mediatedschema.A mediatedschemais a setof virtual
relations,which are effectively storedacrossmultiple and poten-
tially overlappingdatasources,eachof whichonly containapartial
extensionof the relation. Query optimization in dataintegration
[FKL97, NK01] thusrequirestheability to �gure out whatsources
aremostrelevantto thegivenquery, andin whatorderthosesources
shouldbecalled.For this purpose,thequeryoptimizerneedsto ac-
cessstatisticsaboutthecoverageof theindividual sourceswith re-
spectto thegivenquery, aswell asthedegreeto which theanswers
they exportoverlap.
Example: Considera simplemediatorthat integratesinformation
sourcesexporting information aboutpapersin computerscience.

.

Supposethereis onerelationin the global schemaof this system:
paper(title, author, conference,year). Theremay be hundredsof
Internetsources,eachof which containonly a subsetof thepapers
of thewholeglobalrelation.Somesourcesmayonly have informa-
tion aboutarti�cial intelligence,somemayfocuson databases,etc.
In orderto answertheuser's queryef�ciently , we needto �nd and
queryonly therelevantsubsetof thesources.

Suppose,for example,theuserasksa selectionquery:
Q(title,author): � paper(title, author, conference,year),

conference=”AAAI”.
To answerthisqueryef�ciently , weneedto know thecoverageof

eachsource� with respectto thequery � . Sucha coveragecanbe
representedby �����
	 ��� , theprobabilitythatananswertuplefor the
querybelongsto thesource� . If wehave this information,thenwe
canrankall thesourcesin descendingorderof �����
	 �
� , andaccess
the�rst source(say ��� ) in theranking.

Although it would seemthat the rankingprovidesthe complete
orderin which to accessthesources,this is unfortunatelynot true
in general.For example,it is possiblethatthetwo sourceswith the
highestcoveragewith respectto � happento mirror eachothers'
contents.Clearly, callingbothsourcesis notgoingto giveany more
informationthancalling just onesource.

In general,afterwe accessthesource� � with themaximumcov-
erage����� � 	 �
� w.r.t. Q, we needto accessas the secondsource,
thesourcethathasthehighestresidual coverage(i.e., providesthe
maximumnumberof thoseanswersthat are not provided by the
�rst source). Speci�cally, we needto accessthe source � � � that
hasthemaximumvaluefor ������� ����������	 ��� . In orderto compute
����� � � ����� � 	 ��� , we needto know the overlap betweensources
� � and � � � w.r.t. to Q. This canbe representedby the probability
������� ��������	 ��� . Oncewe have theprobability, it is a simplematter
to compute

����� � � ����� � 	 ����������� � � 	 �
��������� � � ��� � 	 �
� 1.
This examplethusdemonstratestheneedfor coverageandover-

lapstatisticsin queryoptimization. �
Given that sourcestend to be autonomousin a dataintegration

scenario,gatheringthecoverageandoverlapstatisticsposesseveral
challenges.It is impracticalto assumethat thesourceswill export
suchstatistics. Consequently, dataintegration systemsshouldbe
ableto learnthecoveragesof sources.Althoughpreviouswork has
addressedtheissueof how to modelthesestatistics(c.f. [FKL97]),
andhow to use themaspart of queryoptimization(c.f. [NK01]),
therehasnot beenany work on effectively learningthestatisticsin

 
This formulacanbe generalizedto compute�����"!"�����  �$#%#&#'����)(*	 �
� , wherek is thenumberof selectedsources,and � refersto

a query.



the�rst place.
In this paper, we considertheissueof learningthecoverageand

overlapstatisticsfor sources.Thekey challengein this problemis
to keepthenumberof neededstatisticslow enoughto have thestor-
ageandlearningcostsmanageable.Naive approachescanbecome
infeasiblevery quickly. In the exampleabove, we wereassuming
the availability of coveragestatisticswith respectto every source-
querycombination,andoverlapinformationaboutevery subsetof
sourceswith respectto a query!

Weproposeasetof connectedtechniquesthatestimatethecover-
ageandoverlapstatisticswhile keepingtheneededstatisticstightly
undercontrol. Thebasicideaof our approachis to learncoverage
statisticsnot with respectto individual queriesbut with respectto
queryclasses.Speci�cally, we developa hierarchicalclassi�cation
of queriesstartingwith a hierarchicalclassi�cation of the values
of certainkey attributesof the global relations. The classhierar-
chy allows usto approximatethecoverageof a sourcewith respect
to a class + in termsof its coveragewith respectto a moregen-
eralclass+ � . By selectively decidingthelevel of generalityof the
classeswith respectto which thecoveragestatisticsarelearned,we
cantightly control the numberof neededstatistics(at the expense
of lossof accuracy). The lossof accuracy maynot bea critical is-
suefor usasit is the relative ratherthantheabsolute valuesof the
coveragestatisticsthataremoreimportantin rankingthesources.

The statisticslearningitself is doneusingthreshold-basedvari-
antsof the well known associationrule mining techniques. The
thresholdsare usedto decidewhetherto learn statisticswith re-
spectto a givenclass+ , or oneof its generalizations.Speci�cally,
using thresholdson the supportcounts,we dynamically identify
“large” classes,and learn coveragestatisticsonly with respectto
theseclasses.The resolutionof the learnedstatisticsis thuscon-
trolled in an adaptive manner. An interestingby-productof this
adaptive approachis that by identifying classeswith high support,
it alsoprovidesa macrocharacterizationof the focusareasof the
mediator.

In the restof the paper, we describeour approachandprovide
anempiricalevaluationof its feasibility. Thepaperis organizedas
follows. In thenext section,we give anoverview of our approach
andde�ne theneededterminology. Next wediscusshow thesources
areprobedto generatetrainingdatafor mining statistics.We then
describethealgorithmsfor learningcoverageandoverlapstatistics.
This is followed by an empiricalevaluationof our approach.We
end with a discussionof the relatedwork and a summaryof our
contributions.

2. FRAMEW ORK
In this sectionwe give an overview of our approachandde�ne

theterminologywe usein thepaper. In orderto betterillustratethe
novel aspectsof ourassociationruleminingapproach,wepurposely
limit thequeriesto just projectionandselectionqueries.

2.1 Constructing Query Classes
Our approachconsistsof groupingqueriesinto abstractclasses.

Sinceweareconsideringselectionqueries,wecanclassifythequeries
in termsof theselectedattributesandtheir values.To abstractthe
classesfurther we assumethat the mediatorhasaccessto the so-
called“attributevaluehierarchies”for a subsetof the attributesof
eachmediatedrelation.

Note thathierarchiesdo not have to exist for every attribute,but
ratheronly for thoseattributesover which queriesare classi�ed.

We call theseattributesthe classificatory attributes. If we know
thedomains(or representativevalues)of multipleattributes,wecan
chooseastheclassi�catoryattributethebest, attributeswhoseval-
uesdifferentiatethe sourcesthe most2, wherethe number , is de-
cidedbasedon a tradeoff betweenpredictionperformanceversus
computationalcomplexity of learningthestatisticsby usingthese,
attributes. For example,supposea mediatorsystemjust hasthree
sources:source�  only haspapersin conferenceAAAI, �)- only
haspapersin conferenceIJCAI, and �). only haspapersin con-
ferenceSIGMOD.In orderto rankaccessto thesesources,weneed
only choosethe“conference”attributeastheclassi�catoryattribute,
evenif we know thedomainof the“year” attribute.

2.1.1 AttributeValueHierarchy
An AV hierarchy (or attributevaluehierarchy)overanattribute /

is a hierarchicalclassi�cationof thevaluesof theattribute / . The
leafnodesof thehierarchycorrespondto speci�c concretevaluesof
/ , while the non-leafnodesareabstractvaluesthat correspondto
theunionof valuesbelow them.Weusethetermfeature to describe
thenodesof anAV hierarchy. Classificatory Attributes refer to the
attributesfor which we have AV hierarchiesin themediator. Con-
tinuing theexamplein Section1, weshallassumethatthemediator
hastwo AV hierarchies(seeFigure1), oneis for the “conference”
attribute,andtheotherfor the“year” attribute.

2.1.2 QueryClasses
A class is adescriptionof asubsetof queries.Thesetof primitive

classes is thusjustthesetof all queries.Thesetof leaf classes is just
thesetof all primitive querieswith all classi�catoryattributesand
only theseclassi�catoryattributesbound. Our interestis to de�ne
abstract classes that cover multiple queries.Let 0 ! denotetheset
of leaf nodeand non-leafnodefeaturesin the 1 -th AV hierarchy
in the mediator. We shall assumethat the specialfeature 2435376
correspondsto theroot of thehierarchy. Thesetof abstractclasses8:9 is just thecartesianproduct

0  <; 0=- ; #&#&# ; 0�> .
We call 8 9 theclassSet of themediator.

TheAV hierarchiesinducesubsumptionrelationsamongtheab-
stractclasses.A class+ ! is subsumedby class+�? if every feature
in +@! is equalto or a specializationof thesamedimensionfeature
in + ? . Finally, a query � belongsto a class + if thevaluesof the
classi�catory attributesin � areequalto or specializationsof the
featuresde�ning + .
ExampleFor a mediatorwith two very simplefeaturehierarchies:

0  � � ��A*B5CD35E�FGE=HIFJ27353765� and
0 - � �LK:MNMPO F MNQ � MNM FR27353765� ,

the S:TVU�WXWX��Y:Z of themediatorwill be8:9 � � ����A*B5C[35E�F K:MNMPO �GFP����A*B5C[35E�F M\Q � M\M �GF
�]E=H=F K^M\M\O �GFP�]E=H=F MNQ � MNM �GFX����A*B5CD35EI�GF
�]E=H
�GF^� K^M\M\O �GFP� M\Q � M\M �GFR24353764�

Herethe class +  �_����A*B5CD35E�F K^MNMPO � refersto all the SIG-
MOD'94 papers,andthe class + - �`�]E=H=F M\Q � MNM � refersto all
thedatabasepaperspublishedfrom year1990to 1999. As we can
see +  is subsumedby + - . +  and + - areclasseswith multiple
features,eachof which comesfrom a distinct AV hierarchy. The
class ����A*B5C[35EI� = ����A*B5C[35E�FG24353767� is a classwith a single
feature. �
- The selectionof the attributesmay eitherbe doneby the media-
tor designeror usingautomatedtechniques(suchasdecisiontree
learningtechniquesto learn their informationgainsof classifying
thesources).
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Figure1: The Attribute Value hierarchies

2.2 An Overview of Our Approach
In this section,we show how to learnthe coverageandoverlap

statisticsby usingourassociationruleminingapproach,andhow to
mapa user's queryto anabstractclasswith statistics.

2.2.1 CoverageandOverlap
The coverage of a datasourcefor a classrefersto thedegreeto

which the sourcecovers the class. We usethe notation �����
	 +5�
to denotethe coverageof source � for class + . We assumethat
theunionof thecontentsof theavailablesourceswithin thesystem
covers 100% of the class. In other words, coverageis measured
relative to theavailablesources.

The overlap among , sourcesfor a classrefersto the degreeto
which thesesourcescover thesamepartof thedatain theclass.We
usetheformula �����  �
� - �a#%#&#V�
�"(�	 +5� to denotetheoverlapamong
source�  , � - ,..., �"( for class+ .

2.2.2 Mining associationrules
In order to de�ne the term associationrule, we �rst de�ne the

term source set. Let 8Xb � � �  FR� - F:#&#&#&F:�dc5� be a set of all the
sourcesavailable to a mediator. A subsetof 8Xb is referredto asa
sourceset. A sourcesetthatcontainsk sourcesis a , - W:ePfhg\SiYP��Y:Z .
For example,

� �  FR�"-X� is a j - W:ePfhg\SiYP��Y:Z .
An association rule representsstrongassociationsbetweenaclass

anda sourceSet.It' s an implication of the form +lknm� , where
+po 8i9 and m�_q 8 b . Notice that a classmay be de�ned by a
single leaf nodefeature,a singlenon-leafnodefeatureor a com-
bination of features. For example, /a/7/rAskt�  , /rAsku�  ,
/rAwv�� K^M\MNQ � K:MNM\M �xky�  and � K^M\zNQ � K:MNzNM �Iky�  �$� - are
all possibleassociationrules.

Rulesupportandcon�dencearetwo measuresof a rule's signif-
icance.Thesupportof theclass+ (denotedby ����+5� ) refersto the
percentageof tuplesin the global relationthat belongto the class
+ . Thesupportof therule +[k m� (denotedby ����+�{ m�|� ) refersto
thepercentageof the tuplesin theglobal relationthatarecommon
to all thesourcesin set m� andbelongto class+ . Thecon�denceof

the rule (denotedby ��� m�@	 +5�5�~}��&�)����L�}��%� � ) refersto thepercentage
of the tuplesin the class + that arecommonto all the sourcesin
W:ePfhgPS:YP��Y^Z<m� .

As wediscussedin Section1, it maybeprohibitively expensiveto
learnandstorethecoverageandoverlapstatisticsfor everypossible
class.In orderto keepthenumberof associationruleslow, weprune
classesandsourcesetsin thefollowing way:

� Discovering largeclasses:Weuseathresholdonthesupport
of theclassesto discover largeclasses(any classwith support
higherthanagiventhreshold)andprunesmallclasses.In this
paperwepresentanalgorithmto ef�ciently discover thelarge
classesby usingtheanti-monotone property3([HK00]).

. If a setcannotpassa test,all of its supersetswill fail thesametest

� Discovering strongly correlatedsourcesets:In orderto re-
membersmallnumberof overlapstatistics,wejuststoreover-
lap statisticsfor stronglycorrelatedsourcesets. For the un-
correlatedsourcesets,we assumethatthesourcesfollow the
independenceassumption(FKL97])4. In thepaper, wediscuss
how to usetheApriori algorithm([AS94])todiscoverstrongly
correlatedsourcesetsfor all thelargeclasses.

After discovering the large classesandstronglycorrelatedsource
sets,we cancomputethecoverageandoverlapstatisticsin thefol-
lowing way:

� For eachlargeclass+ andeach
K
- W^ePfhgPS:YP��Y:Zrm� , wegenerate

a rule +�k�m� . Thecon�denceof therule, ���^m�@	 +5� , denotes
thecoverageof thesinglesourcein m� for class+ ;

� Foreachlargeclass+ andeachstronglycorrelated, - W:e\fhgPS:YP��Y:Z
m� (where,x� K ), wegeneratearule +[k�m� . Thecon�dence
of the rule, ��� m�
	 +5� , denotestheoverlapamongthesources
in m� for class + . For example, /aA�k��  ��� - with con�-
dence= 40%meansthatsources�  and �)- have40%overlap
AI papers.

2.2.3 Mappingusers' queriesto abstractclasses
In orderto usethe learnedcoverageandoverlapstatisticsof the

large classes,we needto mapa user's queryto a discoveredlarge
class.Thenthecoverageandoverlapstatisticsfor thecorresponding
classcanbeusedto predictthecoverageof thesourcesandoverlap
amongthesourcesfor thequery.

Themappingcanbedoneaccordingto thefollowing algorithm.

1. If theclassi�catoryattributesareboundin thequery, then�nd
the lowest ancestorabstractionclasswith statistics5 for the
featuresof thequery;

2. If no classi�catory attribute is boundin the query, then we
shoulddooneof thefollowing,

� Checkwhetherwe have learnedsomeassociationrules
betweenthenon-classi�catoryfeaturesin thequerywith
classi�catoryfeatures6. If we did, usethesefeaturesas
featuresof thequeryto getstatistics,go to step1;

aswell.�
If source �  and �)- are independent,then the probability that a

tuple is presentin source�  is independentof the probability that
thesametupleispresentin �)- . Thus �����  ���)-^���������  � ; �����"-:� .�
If wehavemultipleancestorclasses,thelowestancestorclasswith

statisticsmeanstheancestorclasswith lowestsupportcountsamong
all thediscoveredlargeclasses.�
In orderto simplify the problem,we did not discussthis kind of

associationrulemining in this paper, but it is just a typical associa-
tion rule mining problem.A simpleexamplewould beto learnthe
ruleslike:��# �7T�T���U*>�kpE�ULZ�U*�GU�WXYPW with high enoughcon�dence
andsupport.



� Presentthediscoveredclassesto theuser, andtake the
user's feedbackto selecta class;

� Usetherootof thehierarchyastheclassof thequery.

2.2.4 Rankingsourcesfor a class
In thissectionwediscusshow werankthesourcesfor themapped

class+ usingthestatisticswe learned.At �rst we selectthesource
with thehighestcoverage7 asthe�rst source,thenwe usetheover-
lap statisticsto computethe residualcoveragesof the rest of the
sourcesto �nd thesecondbest,andsoon, until we geta planwith
theutility we want. However aswe discussedearlier, we only keep
overlapstatisticsfor highly correlatedsourcesets.For sourcesets
without overlap statisticswe usethe independenceassumptionto
estimatetheir overlapinformation.

Example: Suppose�  , �"- and�d. aresourcesexportingtuplesfor
class+ . Let �����  	 +5� , �����"-N	 +5� and �����".'	 +5� bethelearnedcov-
eragestatistics,and �����  �<�"-'	 +5� and �����)-L�<�d.L	 +5� bethelearned
overlapstatistics. With the independenceassumption,it' s easyto
estimatetheoverlapof thesourcesin the j - W:e\f�g\SiY\��Y:Z����  FJ� . �

�����  ��� . 	 +5�|�������  	 +5� ; ����� . 	 +5�
But computing �����  �$�"-7�$�d.L	 +5� becomesnon-trivial, sinceit
containsboth independentand highly correlatedsubsets. In this
casewe begin by choosingthe j -sourceSetwith maximaloverlap
among ���  FR�"-^� , ���"-\FR�".:� and ���  FR�d.^� . Let ���"-\FR�d.^� bethemaxi-
mally overlappingj - W^ePfhgPS:YP��Y:Z . Thenassuming�  is independent
of � - ��� . , we compute

�����  ��� - ��� . 	 +5���������  	 +5� ; ����� - ��� . 	 +5� .
Similarly, theoverlapfor , sourcescanbeestimatedastheproduct
of theoverlapof themaximallyoverlapping�],
� K � sourcesandthe
coverageof theremainingsource.

3. GENERATING DATASET BY PROBING
In orderto useassociationruleminingapproachto learnthecov-

erageandoverlapstatistics,we have to collect theinput datasetfor
mining. However in a dataintegrationscenario,we cannot getall
thedatafrom thesourcesdirectly becauseof their autonomousna-
ture. Sotheonly way we canextractfeaturesfrom theautonomous
sourcesis to probethe sources.In this sectionwe discusshow to
generateprobingqueriesandstoretheprobingresults.

3.1 Probing queries
Oncethe designof global schemaandAV hierarchiesof a data

integrationsystemis done,a setof probingquerieshave to begen-
erated.The probingqueriescanbe generatedby just includingall
the featuresof the leaf nodesof a singleAV hierarchy. Note that
even if multiple classi�catoryattributes' featurescanbe served as
probingqueries,we still just needoneclassi�catoryattribute's leaf
nodefeaturesasthe probingqueries.This is becausequeryingall
thesourcesby bindingall the leaf nodefeaturesof a classi�catory
attributewill give you thewholerelationor a representative subset
of the relation. For example,in our motivating example,if all the
sourcescanbequeriedby giving a conferencename,thentheprob-
ing queriesarejustselectionqueriesontheconferencenamesin the
leaf nodesof theAV hierarchy.

3.2 Datasets
�
We can also rank the sourcesbasedon the combinedutility

with otherquality parameterssuchas responsetime, freshnessof
the data, etc. For a detaileddiscussionon ranking sourcessee
[FKL97],[NLF99] and[NK01].

CID Conference Year Count

1 ICDE 2001 79
2 ICDE 2000 67
3 ICDE 1999 70

Table1: Tuplesin the tableclassInfo

CID Source Count

1 ���)-XFR� � � 79
2 ���  FR� - FR� . � 38
2 ���  FR� - � 20
2 �d. 9
3 ���"-\FR�d.\FR� � � 63
3 ���  FR�)-XFR�".NFJ� � � 7

Table2: Tuplesin the tablesourceInfo

After we get the list of probing queries,we can query all the
sourcesusingqueriesfrom the querylist. Oncewe get all the an-
swersbackfrom thesources,we uniontheresultsby deletingover-
lap tuples,andkeepthe resultsin the resultdataset.This dataset
will be usedas input for our associationrule mining algorithm.
Speci�cally theresultdatasetconsistsof two tables,classInfo(CID,
/ 9�� ,...,/ 9�� , Count)andsourceInfo(CID, Source,Count), where
/ 9�� refersto the �'� � classi�catoryattribute. The leaf classeswith
at leastone tuple in the sourcesare given a classidenti�er, CID.
The total numberof distinct tuplesfor eachleaf classareentered
into classInfo, andaseparatetablesourceInfo keepstrackof which
tuplescomefrom whichsources.If multiple sourceshave thesame
tuplesin a leaf classthenwe just needto rememberthe total num-
ber of commontuplesfor thatoverlappedsourceset. In theworst
case,wehaveto keepthecountsfor all thepossiblesubsetsfor each
class(j\¡ of them,where> is thenumberof sources)8.
Example: Continuingthe examplein Section1, we shall assume
thefollowing queryis the�rst probingquery:

Q(title, author, conference,year): �
paper(title, author, conference,year),
conference=”ICDE”.

Thenwe canupdatethesetuplesinto thedataset:classInfo(seeTa-
ble 1) andsourceInfo (seeTable2). In thetableclassInfo, we use
attributeCID to keepthe id of theclass,attributesConferenceand
Yearto keeptheclassi�catoryattributevalues,andattributeCount
to keepthetotal numberof distinct tuplesof theclass.In thetable
sourceInfo, we useattribute CID to keepthe id of the class,at-
tributeSourceto keeptheoverlapsourcesin theclass,andattribute
Countto keepthenumberof overlappedtuplesof thesources.For
example,in the leaf classwith classCID=2, we have threesubsets
of overlappedsourceswhichdisjointly export thetotal67tuples.As
wecansee,all thesourcesin theset ���  FG� - FR� . � export38tuplesin
common,all thesourcesin theset ���  FJ�)-:� exportanother20tuples
in common,andthesinglesource�". itself exportanother9 tuples.

¢
Although in practicetheworst caseis not likely to happen,if the

resultsaretoo many to remember, we cando oneof thefollowing:
usea singlescanmining algorithm(seeSection4.1.2),thenwe can
countqueryby queryduring probing, in this way we just needto
remembertheresultsfor thecurrentquery;justrememberthecounts
for thehigherlevel abstractclasses;or justrememberoverlapcounts
for upto , - W:ePfhg\SiYP��Y:Z s,where , is a prede�nedvalue(,�£�> ).



Algorithm 1 LCS algorithm
input : the AV hierarchies;dataset: ¤N¥�¦h§^§^¨G©�ª�« , §:«­¬�®P¤N¯*¨i©�ª�« ;
min sup:minimumsupportthreshold;
output: ruleSet: the learnedrules, classSet:discovered large
classes;
beginSiT�U�WXWP��Y:Z�� � � , gPf­T�YP��Y:Z�� � � ;
for ( ,=� K\° ,�£a�±> ° ,5²�² ) doSiT�U�WXWP��Y:ZJ(a� � � ;

for (eachleaf classT�S4o�³LULZ�U�W^Y:Z ) do+@´ 9 �¶µ*YX>)+4T�U�WXWX��Y^Zi�],dF�T�SPF^#%#&# � ;
for (eachclassS4o·+@´ 9 ) do

IF( S=¸o�SiT�U�WXWP��Y:ZJ( )
THEN S:T�U�WXWX��Y:ZJ(a�±S:T�U�WXWX��Y:Z�(
¹ � S^� ;S\# SiePfh>­Zº��SP# SiePfh>­Z�²»T�SP# +7ePfh>­Z ;
for (eachsource�¼o�Zi# W:e\f�g\SiY\W ) do

IF(rule g 9�½ b ¸o�g\f­T�Y\��Y:Z )
THEN g\fhT�YP��Y:Z��±gPf­T�YP��Y:Z)¹ � g 9�½ b � ;T�S\# +7ePfh>­Z ��¾ total numberof tuplesin Source� and
ClassTVS ;g 9�½ b # SiePfh>­Z|�±g 9�½ b # SGe\fh>­Z�²¼T�S\# +7ePfh>­Z � ;

end for
end for

end forSiT�U�WXWP��Y:ZJ(a� � S4o�SiT�U�WXWP��Y:ZJ(w	 S\# SiePfh>­Z<�a�±��1]> W:f'¿"� ;
remove rules of correspondinglow support classesfromgPf­T�YP��Y:Z ;SiT�U�WXWP��Y:Z��±SiT�U�WPWX��Y:Z)¹xSiT�U�WPWX��Y:Z ( ;

end for
for (eachrule g 9�½ b o�g\fhT�YP��Y:Z ) dog 9�½ b # SieP>)À�1]³wYX>dSiY5�ÂÁ�Ã�Ä<Å:Æ 9�ÇRÈ ¡ �9 Æ 9�ÇRÈ ¡ �end for
return g\fhT�YP��Y:Z ;
end

Procedure genClassSet(k: number of features; lc: the leaf class; the
AV hierarchies; classSet; classSet ( )
for (eachfeatureÀP!�o�T�S ) doÀ�Z���Y^Z ! � � À ! � ;À�Z���Y^Z�!º��À�Z���Y^Z�!d¹ � Uw>dS:YPWiZ�ePg���ÀX!��J� ; � //root of thehierarchy

is not includedin ancestorof À ! �
end forSGUw>"³L1]³LULZ�YP��Y:Z��DÉ ? À�ZJ��Y:Z]?  ; À�ZJ��Y:Z]? - ; #&#&# ; À�Z���Y^Z ? ( ; � //Using
cartesianproductto generateall , featureclasses.��
//This pruningprocedurecanbe implementedinsidethe carte-

sianproductprocedure�
for (eachclassS7o�SGU*>d³L1]³LULZ�YP��Y:Z but S=¸o�S:T�U�WXWX��Y:ZJ( ) do

if (any classc' (with ,¼� K subsetfeaturesof classc) ¸oSiT�U�WXWP��Y:ZJ(XÊ  ) then
deletec from SGUw>"³L1]³LULZ�YP��Y:Z ;

end if
end for
return SiUw>d³L1]³LUwZ�YP��Y:Z ;

4. ALGORITHMS FOR LEARNING COVER­
AGE AND OVERLAP

As wediscussedearlier, weuseassociationrulesto learnthecov-
erageandoverlapstatistics.In this section,we introducean algo-
rithm, LCS, to ef�ciently discover large classes,generateassocia-
tion rulesbetweentheseclassesandsources,andcomputethecon-
�dence of therulesusingthe input dataset.We alsoshow how the
Apriori algorithmcanbeappliedto learntheoverlapstatistics.

4.1 The LCS Algorithm
TheLCS algorithm(seeAlgorithm 1) requiresthedataset:

SiT�U�WXW^AL>)À�e and W^ePfhgPS:Y^AL>)À�e , theAV hierarchies,andtheminimum
supportas inputs,anddynamicallydiscovers the large classesin-

sidea mediatorsystem.As mentionedearlier, in orderto avoid too
many smallclasses,wecansetsupportcountthresholdsto prunethe
classeswith supportcountbelow the threshold.We usea uniform
minimum supportfor all the classes. We use the anti-monotone
property(which meansthat if a setcannotpassa test,all of its su-
persetswill fail thesametestaswell) to improve theef�ciency of
thealgorithm.

As we cansee,the LCS algorithmmakes multiple passesover
thedata.Speci�cally, we �rst �nd all thelargeclasseswith justone
feature,thenwe�nd all thelargeclasseswith two featuresusingthe
previousresultsandtheanti-monotonepropertyto ef�ciently prune
classesbeforewe startcounting,andso on. We continueuntil we
get all the large classeswith all the > features.For eachtuple in
the , -th pass,we �nd thesetof , featureclassesit falls in, increase
thecount W:f'¿N¿he\gXZ:��+5� for eachclass+ in theset,andincreasethe
count W:f'¿N¿he\gXZ:��+¼{I��� for eachsource� with this tuple.Weprune
theclasseswith total supportcountlessthantheminimumsupport
count. After identifying the large classes,we caneasilycompute
thecoverageof eachsource� for every largeclass+ asfollows:

SGe\>)À�1]³wY^>"SiYL��+ËkÌ����� b È:ÍGÍiÇ Á � �%�)� �w�b È^ÍRÍiÇ Á � �&� �
4.1.1 The“g enClassSet”function

In thealgorithm,we �nd all thecandidateclasseswith , features
for a leaf classT�SÎ� � +7AwE�FR/ 9�� F:#&#%#&FR/ 9�� FR+7ePfh>­ZR� by a procedure
genClassSet. The procedureprunessmall classesusing the large
classset SiT�U�WXWP��Y:ZJ(PÊ  foundin the �],�� K � th pass.We explain the
procedureusingthefollowing example.
Example: Assumewe have a leaf class T�S = � 1, ICDE, 2000,67�
andk=2. We�rst extractthefeaturevalues

� / 9�� �±A*+4E=Ï�FJ/ 9�Ð �
j Q\QNQ � from the leaf class. Then for eachfeature,we generatea
featuresetwhich includesall theancestorsof thefeature.Thenwe
will get two featuresets: À�ZJ��Y:Z  � � A*+4E=Ï�FJE=HÑ� and À�ZJ��Y:ZJ-7�� j QNQ\Q FP� QNQ � Q*K �J� . Supposetheclasswith thesinglefeature“ICDE”
isnotalargeclassin thepreviousresults,thenany classwith thefea-
ture“ICDE” cannotbealargeclassaccordingto theanti-monotone
property9. We canprunethefeature“ICDE” from À�ZJ��Y:Z  , thenwe
getthecandidateclasssetfor theleafclassS ,

SGU*>d³L1]³LULZ�YP��Y:Z��DÀ�ZJ��Y:Z  ; À�ZJ��Y:Z -
� � E=H�v�� QNQ � Q*K �GFRE=H�vÎj Q\QNQ � .

4.1.2 SingleversusMultiple Scansof Data
In theLCS algorithm,we assumethatthenumberof classeswill

be high. In order to avoid consideringa large numberof classes,
we pruneclassesduring counting. By doing so, we have to scan
the datasetmultiple times. However if the numberof classesare
smallandthecostof scanningthewholedatasetis very expensive,
then we have to usea onepassalgorithm. For eachleaf class T�S
of every probingquery's results,the algorithmhasto generatean
candidateclasssetof T�S , increasethecountsof eachclassin theset.
By doing so, we have to rememberthe countsfor all the possible
classesduringthecounting,but we don't needto rememberall the
probingqueryresults.

4.2 Learning Overlap amongSources
Oncewe discover largeclassesin themediator, we canlearnthe

overlapbetweensourcesfor eachlargeclass.Herewe alsousethe
dataset:classInfo andsourceInfo. In this sectionwe discusshow
to learntheoverlapinformationbetweensourcesfor a givenclass.
Ò
In orderto improve theef�ciency of thealgorithm,we canprune

thesmallclassesduringthecartesianproductprocedure.



From the table classInfo we can classify the leaf classesinto
the large classeswe learnedin the previous section. Here a leaf
classcan be classi�ed into multiple classes.For example,a leaf
classabouta paperin Conference:“AAAI”, andYear:”1999”,can
be classi�ed into the following classes:AAAI, AI, 1999, 90-99,
AAAI&1999, AAAI&90-99, AI&1999, AI&90-99, if all of these
classesarelargeclassesin themediator.

After weclassifytheleafclassesin classInfo, for eachdiscovered
large class + , we can get its descendentleaf classes,which can
beusedto generatea new table W:e\f�g\SiYXAL>)À�e 9 by selectingrelative
tuplesfor its descendentleaf classesfrom sourceInfo.

Next we apply the Apriori algorithmto �nd stronglycorrelated
sourcesets. The candidatesourcesetswill includeall the combi-
nationsof the sources,with

K
- W:ePfhgPS:YP��Y^Z�W , j - W:ePfhg\SiYP��Y:Z�W ,...,> -

W:ePfhgPS:YP��Y^Z�W , where > is the total numberof sources.In order to
useApriori, wehaveto decideaminimumsupportthreshold,which
will beusedto pruneuncorrelatedsourcesets.

Oncethefrequentsourcesetsfrom thetable W^ePfhgPS:Y^AL>)À�e 9 have
beenfound,it is straightforwardto calculatetheoverlapstatisticsfor
thesecombinationof stronglycorrelatedsources10. Wecancompute
theoverlapprobabilityof thesecorrelatedsources�  FR�"-PF:#&#&#&F:�"( in
class+ by usingthefollowing formula:
�������  ���"-��·#&#%#X���)(\�:	 +5��� b È:ÍRÍ:Ç Á � 9�ÇRÈ ¡ � � � � � � Ð � Æ Æ Æ � �NÓ:�b È^ÍRÍ:Ç Á � 9�ÇRÈ ¡ � �%� �Herethe W:f'¿'¿hePgPZ SiePfh>­Z:��+5� is just thetotalnumberof tuplesin the
table W:e\fhgPS:Y^AL>)À�e 9 .

5. EMPIRICAL EVALUATION
In this sectionwe presentresultsof experimentsconductedto

studythevariationin pruningpowerandaccuracy of ouralgorithms
for differentclasssizethresholds.In particular, givenasetof sources
andprobingqueries,ouraimis to show thatwith increasein thresh-
old valueof large classes,the time (to identify large classes)and
space (numberof large classesremembered)usagedecreasesbut
with a reductionin accuracy of thelearntestimates.

We have implementeda prototypestatisticslearningsystemus-
ing the algorithmsdescribedin the paper. Currently our system
only implementsLCS algorithmto learnthecoverageinformation
of sources.We alsodesigneda dataintegrationsystemthatmimics
the simplemediatorexampleprovided earlier (seeSection1) and
usesthe sourcecoveragestatisticslearnt by our statisticslearner.
Both the systemsare written in Java 2. All the experimentspre-
sentedherewereconductedon a Linux systemwith 256MB main
memoryrunningunderRedHat Linux 6.1. Accordingly we gen-
eratea setof 15 datasourcesexporting the mediatorrelationpa-
per(title,author,conference,year).Thesourcescontainpublications
of 15leadingresearchgroupsin Arti�cial IntelligenceandDatabase
research.We assumeno binding restrictionsfor the sourcesand
henceimplementthemastablesin a Cloudscapedatabase([C36]).
We performour experimentsusingsourceswith sizesrangingfromÔ QNQ

to
K^QNQ\Q

tuples. ConferenceandYeararetheclassi�catory at-
tributesin our mediatorrelation.

Sinceour learningapproachis highly dependenton theAV hier-
archy, we assumemostsystemdesignerswill want to startwith a
simplehierarchythat re�ects all the levels of abstractionbut con-
tainssmallnumberof featuresateachlevel. Basedontheef�ciency
of thestatisticslearnt,they mayaddadditionalnodesto thehierar-
chy. To seehow goodouralgorithmwouldwork in suchascenario,
we designedtwo setsof attributevaluehierarchiesfor our classi�- �Õ
Thereis only a smallvariation:we needto addtheactualnumber

of countsfor eachtuplein steadof just addone.
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Figure2: LCS learning time for variousthresholds
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Figure3: Pruning of classesbyLCS

catoryattributes,calledLar geHierar chiesandSmall Hierar chies
basedon Figure1. Both hierarchiescontainthreelevelsof abstrac-
tion from leaf to theroot but differ in thenumberof nodesat each
level asshown in Figure5 andFigure6.

5.1 Time and SpaceUsage
To learnthecoveragestatisticsfor thedatasourcesto beusedby

the mediator, we usedthe leaf nodefeaturesfrom the AV hierar-
chiesof theclassi�catoryattributesasprobingqueries.To evaluate
the performanceof our statisticslearner, we varied the threshold
valuefor alargeclassandmeasuredthenumberof largeclassesand
theamountof time usedfor learningsourcecoveragestatisticsfor
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Figure6: Lar geHierar chies

thelargeclasses.We assumethattheresultsof theprobingqueries
arematerializedbeforeLCS startslearningrules. We do acknowl-
edgethe fact that actuallearningtime shouldinvolve the time to
probeandgenerateresults,andgiventhehigh latency involvedwith
Internetsources,theprobingtime will vary basedon thenumberof
probingqueries,numberof sourcesqueriedandtime of querying.
Sincevariationsin thresholdvaluesdonotnecessitatere-probingof
thesources,wechoseto ignoretheprobingtime. Figure2 compares
the time takenby LCS to learnrulesfor differentthresholdvalues.
For a given thresholdwe note the averagetime taken by LCS to
generatethe rules for differentsetsof probingqueries. Figure 3
comparesthe numberof prunedclasseswith increasein threshold
values. As canbe seenfrom Figure2, for lower thresholdsLCS
takesmoretime to learnthe rules. As expected,for lower values
of supportthreshold,LCS will prunelessnumberof classesand
hencewill endup learningmorenumberof rules for the classSet
of themediator. This in turn explainstheincreasein learningtime
for lower thresholdvalues.But a contradictionis seenfor support
thresholdvalueof

Q
. HereLCStakeslesstimebut learnsmorerules

thansayfor thresholdvalue Ö Ô . This canbe explainedby noting
that for thresholdvalueof

Q
, no calls to a pruningroutinearenec-

essary, while for higherthanzerowedohave to testandpruneeach
abstractclassgeneratedby cartesianproductof the featuresof the
AV hierarchies. For thresholdvaluesabove Ö Ô , someof the leaf
nodefeaturesgetpruned,which leadsto lessernumberof abstract
classesbeinggeneratedby way of cartesianproductsandhencere-
ducesthetime for pruning. This leadsto a reductionin theoverall
learningtime of LCS for thresholdsabove Ö Ô . Comparedto Fig-
ure 2, Figure3 holdsno surprises.As is intuitive with increasein
thresholdvalue,the numberof small classesprunedincreasesand
hencewe seea reductionin the numberof large classes.For any
thresholdvaluegreaterthanthesupportof thelargestabstractclass
in theclassSet,LCS returnsonly theroot astheclassto remember.
In Figure 3, wegetonelargeclassfor thresholdvalue × QNQ and

Ô QNQ
for SmallandLargehierarchyrespectively. Figures 2 and 3 show
LCSperforminguniformly for bothSmallandLargehierarchy. For
both hierarchies,LCS generateslarge numberof classesfor small
thresholdvaluesandrequiresmorelearningtime. For the caseof
zero thresholdvalue, LCS shows the contradictionexplainedear-

lier.

5.2 Accuracy of EstimatedStatistics
To calculatethe error in our coverageestimates,we make use

of the prototypedataintegrationsystemanda subsetof our prob-
ing queriesastestingqueries.Givena query, theintegrationengine
mapsit to the lowest abstractclassfor which coveragestatistics
have beenlearnt.Theenginethenissuesthequeryto thesourcesin
descendingorderof their coveragesfor themappedclass.Suppose
thetestingqueryis +7e\>)ÀhY^g\YX>dSiYÑ����A*B5CD35E , andthestatistics
areavailablefor classE=H while class ��A*B5CD35E wasprunedby
LCS.FromFigures5 and 6 onecanseethat E=H is thenext lowest
abstractclassfor thequeryandhencethecoveragestatisticsfor E=H
wouldbeusedto identify thesourcesto call to answerthegiventest-
ing query. Thetuplesreturnedby sourcesarethenmaterializedand
coveragestatisticsareagainlearntfor eachsourcefor themapped
class.We call thenewly learntstatisticsastherealcoverageof the
sourcesandusethesameto calculatetheaccuracy of theestimated
coveragesfor the class. Supposethe real coverageof sources�  
to � ¡ for a query � ! is SiePØ �! � F�SGe\Ø �! Ð F:#&#&#&FRSiePØ �! � (n is thenumberof
sources)for the query. ConsideringSiePØ ! � F�SiePØ ! Ð F^#&#&#&FJSiePØ ! � as the
learnedcoveragesfor theclassto which ��! is mapped,wecompute

the meanabsoluteerror as Ï�+
!Î�
Ù ���Ú � � Û 9�ÇGÜGÝÞ � Ê 9�ÇGÜ Þ � Û �¡ . Given a

threshold,theerror in estimationof thelearneris theaveragevalue
of themeanabsoluteerror for the testqueries.Sincewe arereally
interestedin relative orderingof sourcesgivena query, this method
of calculatingtheaccuracy of estimatesimposesa tightercontrol11

thanis required.
FromFigure 4, we canseethat theerror in estimationincreases

with increasein supportthreshold.This is intuitive,giventhatwith
increasein thresholdvalues,thenumberof classesprunedincrease
andsoa querywill bemappedto a high level abstractclassinstead
of the leaf nodeclassto which it actuallybelongs.Theestimation
error will have a maximumvalueof one,andascanbe seenfrom

 � 
In facteventhoughtherankingof sourceswith realandestimated

coveragemay be same,the absoluteerror might be high. On the
contrary, for low absoluteerror onemay seea hugedifferencein
relative ranking.



thegraphin Figure 4, LCS degradesgracefully.
Altogethertheexperimentsshow thatourLCSalgorithmusesthe

associationminingbasedapproacheffectively to controlthenumber
of statisticsrequiredfor dataintegration. For our samplemediator,
an ideal thresholdfor LCS would bearound Ö Ô , whereLCS effec-
tively prunesa largenumberof smallclassesandyet doesnot have
high estimationerrors.

6. RELATED WORK
Theutility of quantitativecoveragestatisticsin rankingthesources

is �rst exploredby Florescuet. al. [FKL97]. Theprimary aim of
theirwork howeverwasonthe“use” of coveragestatistics,andthey
do not discusshow suchcoveragestatisticscould be learned. In
contrast,our main aim in this paperis to provide a framework for
learningthe requiredstatistics.We do sharetheir goal of keeping
thesetof statisticscompact.Florescuet. al. achieve thecompact-
nessby assumingthateachsourceis identi�ed with asingleprimary
classof queriesthat it exports. They “f actorize”thecoverageof a
sourcewith respectto anarbitraryclassin termsof (a) thecoverage
of thatsourcewith respectto its primaryclassand(b) thestatistics
aboutinter-classoverlap. In contrast,we considerandlearnstatis-
tics abouta source's coveragewith respectto any arbitraryquery
class. We achieve compactnessby dynamicallyidentifying “big”
queryclasses,andkeepingcoveragestatisticsonly with respectto
theseclasses.Froma learningpointof view, webelieve thatourap-
proachmakesbettersensesinceinter-classoverlapstatisticscannot
belearneddirectly12.

The work by Gruseret. al. [GRZ ß 00] considersmining re-
sponsetime statisticsfor sourcesin an informationgatheringsce-
nario. Given that both coverageand responsetime statisticsare
importantfor queryoptimization,our work canbeseenascomple-
mentaryto theirs.Indeed,in [NK01], we describea framework that
usesboth coverageandresponsetime statisticsto jointly optimize
thecostandcoverageof queryplansin dataintegration.

Therehasbeensomework on rankingtext databasesin thecon-
text of key word queriessubmittedto meta-searchengines.Recent
work ([WMY00], [IGS01]) considersthe problemof classifying
text databasesinto a topic hierarchy. While their approachinvolves
estimatingtherelevanceof a databasefor a giventopic, the textual
natureof the databasesprecludesany sophisticatedestimationof
coverageandoverlap.

7. CONCLUSION
In thispaperwemotivatedtheneedfor automaticallylearningthe

coverageandoverlap statisticsof sourcesfor ef�cient querypro-
cessingin a dataintegrationscenario.We thenpresenteda setof
connectedtechniquesthatestimatethecoverageandoverlapstatis-
tics while keepingthe neededstatisticstightly undercontrol. Our
speci�c contributionsinclude:

� A modelfor supportinga hierarchicalclassi�cationof theset
of queries.

� An approachfor estimatingthecoverageandoverlapstatistics
usingassociationrulemining techniques. - They would have to be estimatedin termsof statisticsaboutthe

coveragesof thecorrespondingqueryclassesby varioussources,as
well astheinter-sourceoverlapstatistics.In thissense,thestatistics
in [FKL97] canbethoughtof asa post-processingfactorizationof
thestatisticslearnedin our framework.

� A threshold-basedmodi�cation of themining techniquesfor
dynamicallycontrolling the resolutionof the learnedstatis-
tics.

We describedthedetailsof our approach,andpresentedprelim-
inary experimentalresultsshowing the feasibility of the approach.
Themining algorithmspresentedin this paperarebeingintegrated
into aprototypesystemcalledHAVASU 13thatwearedevelopingfor
supportingqueryprocessingin dataintegration. Havasusystemis
intendedto supportmulti-objective queryoptimization,�e xible ex-
ecutionstrategiesfor parallelplans,aswell asminingstrategiesfor
learningsourcestatistics.
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