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Abstract

Thereis alargeandgrowing mismatchbetweerthe
size of the relational data setsavailable for min-
ing andthe amountof dataour relationallearning
systemgcanprocess.In particular mostrelational
learningsystemscanoperateon datasetscontain-
ing thousandso tensof thousandsf objectswhile
mary real-world datasetsgrow atarateof millions
of objectsaday. In this paperwe explorethe chal-
lengeghatpreventrelationallearningsystemsrom
operatingpn massve datasetsanddevelopalearn-
ing systemthatovercomesomeof them. Our sys-
tem usessampling,is ef cient with disk accesses,
and is able to learn from an order of magnitude
more relationaldatathan existing algorithms. We
evaluateour systenmby usingit to minea collection
of massie Webcrawls, eachcontainingmillions of
pages.

1 Intr oduction

Many researchertave found thatthe relationsbetweenthe

objectsin a datasetcarryasmuchinformationaboutthe do-

main as the propertiesof the objectsthemseles. This has
leadto agreatdealof interestin developingalgorithmscapa-
ble of explicitly learningfrom therelationalstructurein such
datasets. Unfortunately thereis a wide and growing mis-

match betweenthe size of relationaldatasetsavailable for

mining andthe sizeof relationaldatasetsthatour stateof the

artalgorithmscanprocessn areasonablamountof time. In

particular mostsystemsor learningcomplex modelsfrom

relationaldatahave beenevaluatedon datasetscontaining
thousandso tensof thousand®f objects,while mary orga-

nizationstoday have datasetsthatgrow at a rate of millions

of objectsa day Thuswe arenot ableto take full advantage
of theavailabledata.

Thereare several main challengeghat mustbe metto al-
low our systemsto run on moderndatasets. Algorithmic
complity is one. A rule of thumbis thatary learningal-
gorithmwith a compleity worsethan (wheren
is the numberof training samples)s unlikely to run on very
large datasetsin reasonabléime. Unfortunately the global
natureof relationaldata(whereeachobijectis potentiallyre-
latedto every otherobject)oftenmeanghe compleity of re-

lational learningalgorithmsis considerablyworsethanthis.
Additionally, in somesituationsfor examplewhenlearning
from high speed openendeddatastreamsaven algo-
rithms may not be sufciently scalable.To addresshis, the
mostscalablepropositionalearningalgorithms(for example
BOAT [Gehrleetal., 1999 andVFDT [DomingosandHul-
ten,2000d) usesamplingto decoupletheir runtimesfrom the
sizeof training data. The scalability of thesealgorithmsde-
pendsnot on the amountof dataavailable,but ratheron the
compleity of the conceptbeingmodeled. Unfortunately it
is dif cult to samplerelationaldata(seeJensen1999 for
a detaileddiscussionpndthesepropositionaksamplingtech-
niqueswill needto be modi ed to work with relationaldata.
Another scalingchallengeis that mary learningalgorithms
make essentiallyrandomaccesgo training data. This is rea-
sonablewhendata ts in RAM, but is prohibitive when it
must be repeatedlyswappedfrom disk, asis the casewith
large datasets. To addresghis, researcherbave developed
algorithmsthat carefully ordertheir accesseto dataon disk
[Shaferet al., 1994, thatlearnfrom summarystructuresn-
steadof from datadirectly [Moore and Lee, 1997, or that
work with a single scanover data. Unfortunately it is not
directly clearhow thesecanbe appliedin relationalsettings.
Anotherclassof scalingchallengesomesfrom the natureof
the processeshat generatdarge datasets. Theseprocesses
exist over long periodsof time and continuouslygenerate
data,and the distribution of this dataoften changeddrasti-
cally astime goeshy.

In previouswork [HultenandDomingos,2002 we devel-
opeda framavork capableof semi-automaticallgcalingup a
wide classof propositionalearningalgorithmsto addressll
of thesechallengesimultaneously In the remainderof this
papemwe beginto extendour propositionakcalingframeavork
to thechallengeof learningfrom massve relationaldatasets.
In particular we describeasystemcalledVFREL, which can
learnfrom relationaldatasetscontainingmillions of objects
andrelations. VFREL works by using samplingto help it
very quickly identify the relationsthat areimportantto the
learningtask. It is thenableto focusits attentionon these
importantrelations,while saving time (anddataaccessed)y
ignoring onesthat are not important. We evaluateour sys-
temby usingit to build modelsfor predictingthe evolution of
the Web, andmine a datasetcontainingover a million Web
pageswith millions of links amongthem.



In the next sectionwe describethe form of the relational
dataour systemworkswith. Following thatwe brie y review
someof themethodsurrentlyusedfor relationalearningand
discusghechallengeso scalingthemfor verylargedatasets.
The following sectiondescribes/FREL in detail. We then
discussour applicationand the experimentswe conducted,
andconclude.

2 Relational Data

We will now describethe form of the relationaldatathatwe
mine. This formulationis similar to thosegivenby Friedman
etal. [1999 andby JenserandNeville [2002d. Dataarrives
asa setof objectsources eachof which containsa setof ob-
jects Objectsourcesare typed, and thus eachis restricted
to containobjectsconformingto a singleclass It may be
helpful to think of an objectsourceasatablein arelational
databasewhereeachrow in the tablecorrespondso an ob-
ject. In thefollowing discussiorwe will use to referto an
objectand to referto its class.Eachclasshasa setof
intrinsic attributes anda setof relations Fromthese,a set
of relational attributesis derived. We will describeeachof
thesein turn.

Intrinsic attributesare propertiesof the objectsin the do-
main. For examplea Productobject'sattributesmightinclude
its price,descriptionweight, stockstatus.etc. Eachattribute
is eithernumericor cateyorical. We denotethe setof intrinsic
attributesfor as and ‘s intrinsic attribute
named as

Objectscanberelatedto otherobjects.Theserelationsare
typed,andeachrelationhasa sourceclassanda destination
class. Following a relation from an instanceof the source
classyieldsa (possiblyempty)setof instance®f thedestina-
tion class.Onecritical featureof a relationis the cardinality
of the setof objectsthatis reacheddy following it. If arela-
tion alwaysreturnsa singleobjectit is calleda one-ielation;
if the numberof objectsreturnedvariesfrom objectto object
it is calleda many-elation Our notationfor arelation on
class is . We denotethe setof relationsfor

as . We will use to denotethe set
of objectsreachedy following relation from object , and
we will use to denotethe targetclassof therela-
tion. The seriesof relationsthatarefollowedto getfrom one
objectto anotheliis calledarelationalpath.Also notethatev-
ery relationhasaninverserelation. For example,theinverse
totheProduct producedByelationis the Manufactuer
producegelation.

An objects relational attributesare logical attributesthat
containinformationaboutthe objectsit is relatedto. For ex-
ample,one of a Product object's relationalattributesis the
total numberof productsproducedby its manuficturer Re-
lational attributesare de ned recursvely, andthe relational
attributesof an objectconsistof the intrinsic attributesand
relationalattributesof the objectsit is relatedto, andsoon. It
is commonto limit the depthof recursionin somemanner

Each object must have a x ed numberof relational at-
tributes for arny given depthto facilitate the use of exist-
ing tools on relationaldata. Unfortunatelyeachobjectwith
mary-relations(or that is relatedto an object with mary-

relations)hasa variable numberof relatedobjectsfor ary
givendepth. In orderto reconcilethis difference we aggre-
gatethe valuesof a setof instancesnto a x ed numberof
attributesusinga setof aggreyationfunctions. The attributes
for ary particularinstanceare a subsetof the attributesthat
arepossibleata classlevel (if amary-relationonaninstance
is empty someof the classlevel attributeshave no valuefor
theinstance).Thus,moreformally, let be the setof
relationalattributesfor  upto adepthof . Letthesetof all
attributes(intrinsic andrelational)for the classto depth be

1)

When isaone-relation is theidentity function. When

is a mary-relation appliesa setof aggreyationfunc-
tionsto andresultsin one attribute per aggreyationfunc-
tion. The aggreyationsuseddependon the type of ; in
our experimentswe usemin, max, mean,and standardde-
viationif is numericandmodeif is categorical. We also
include oneadditionalrelationalattribute per mary-relation,
which is the countof the numberof objectsthat satisfy the
relation. Eachrelationalattribute usesan intrinsic attribute
from a singleclass,andpassesdt throughthe setof aggreya-
tion functionsfor eachmary-relationbetween andthe
classwith the intrinsic attribute. For example,therelational
attributesof Manufactuer mightincludetheaverageprice of
productsit producesthe maximumprice of a productit pro-
duces,the countof the numberof productsit producesthe
mostcommoncolor of a productit producesthe maximum
of theaveragesaleprice of productst producesetc.

Thede nition of aboveis atthe classlevel, but we are
interestedn thevaluesfor theseattributesataninstancdevel.
This is simply a matterof startingfrom theinstancefollow-
ing relationsandcalculatingaggreyationsasspeci edin the
precedingde nition. We describethis proceduran morede-
tail (includingpseudo-coden Section4.1.

3 Relational Learning

One of the possiblegoalsfor relationallearningis to build

modelsto predictthe value of sometarget attribute (or at-
tributes)of atarget class(or classesjrom the otherattributes
of the objectsof the target classandthe objectsthey arere-
latedto. (Notethatthe targetattribute canbe intrinsic or re-
lational.) A training dataset—withthe valuesof the target
attributes lled in—is presentedo thelearnerandthelearner
mustproducea modelthat accuratelypredictsthe valuesof

the target attributeson someother dataset, wherethey are
unknown. This is thetype of relationallearningwe will fo-

cuson in the remainderof this paper Otherpossiblegoals
for relationallearningsystemsncludebuilding probabilistic
modelsover link existenceand objectexistence(seeGetoor
etal. [2001]).

Perhapsthe simplest method for performing relational
learningis to atten the datainto a propositionaldataset,
andpassit to anexisting propositionalearningsystem.Flat-
teningproceedasfollows: atargetdepth is selectedanda



propositionakraining exampleis constructedor eachobject
in thetargetsourceby calculatingthe valuesof the attributes
in the set . The adwantageof this methodis
its simplicity, but it hasseveraldisadwantagesOneis thatit is
very slow: calculatingthevaluefor eachattribute potentially
requiresloading a large portion of datasetfrom disk, and,
even for modestvaluesof , therecan easily be thousands
or tensof thousand®f attributesfor eachobject. This prob-
lem grows worsethanlinearly with the sizeof the relational
dataset,becausdargerdatasetshase moreobjectsthatneed
their attributescalculatedandeachof theseobjectsis related
to moreobjectsin the larger dataset; the exact costdepends
onthedensityof therelationalstructurein the data. Another
disadwantageof this methodis thatit producegropositional
learningproblemswith very large attribute spacesLarge at-
tribute spacedead mary learningalgorithmsto overt the
training data. Further this often meansthat the size of the
atteneddatasetis muchlargerthantherelationalone,which
leadsto additionalscalingchallenges.

Onemethodusedto addressheseproblemss to avoid at-
teningthe entiredatabaseandinsteadperforma searchover
the spaceof possiblerelationalattributes. This is the method
usedby PRMs|[Friedmanet al., 1999. PRMswork by rst
selectinga smallsubsebf the possibleattributesusingsome
form of featureselection.Sufcient statisticsaregatheredor
the selectedattributesand passedo a propositionallearner
(PRMsusea BayesiarNetwork learningalgorithm,modi ed
to learncoherenjoint distributionsin the presenceelational
data). Whenthe learnerproducesa model,a new setof at-
tributesis selectedy performinganotheroundof featurese-
lection, taking into accountthe informationcontainedn the
partially learnedmodel. The systemgathersary new suf-
cientstatisticdt needsandthepropositionalearneris called
to re ne its existing model with the new set of attributes.
Thesestepsarerepeatedintil resourcesreexhaustedr until
the quality of theresultingmodelasymptotes.

Theseapproacheimprove on attening, but they still do
notscaleto very large datasets.Onereasoris thatthey must

atten eachattribute they areconsideringfor every objectin
the target sourcebeforethey can do ary featureselection.
Thisis wastefulbecausehefeatureselectiortaskis oftenrel-
atively easy anddecisionscould be mademuchsoonemwith
high con dence. Additionally, the greedysearchprocedures
they usemay miss interestingfeaturesthat could be easily
found with more systematicsearch. In the next sectionwe
will presenbur systemwhich addressetheseproblems.

4 ScalingUp Relational Learning

Our system,which we call VFREL, hasthreemain compo-
nents. The rst is a query plannerdesignedo provide ef-
cient accesgo training dataon disk as neededby the rest
of our system.The seconds a Iter -basedfeatureselection
algorithmthat is acceleratedvith sampling. The third is a
propositionallearningalgorithm. At a high level, VFREL
works by usingsamplingto selecta promisingsubsebf the
possiblerelationalattributes,saving time by attening those
while ignoring the others,and then calling a propositional
learneron the attened values. In particular it begins by

scanninga sampleof the target objectsand attening all at-
tributesup to a large depth. This is very slow, but VFREL

only doesit for a small sampleof the target objects. It then
pausesandusesstatisticalteststo identify attributesthatare
poor enoughthat, with high con dence, they would not be
selectedy thefeatureselectioralgorithmif it couldseetheir
valuesfor all of the target objects. As soonasit identi es

ary suchclearlosers VFREL savestime by eliminatingthem
from further consideration.VFREL repeatshis procedure,
generatingewer andfewer attribute values(requiringfewer
disk accesseandlessprocessotime) on moreand more of

the dataset. After computingattribute valuesfor all of the
target objects,VFREL performsa nal round of featurese-
lection, constructsa propositionaldatasetfrom the nal set
of selectedattributes,and passest to a propositionallearn-
ing algorithm. We will now describethe component®f our
systemin moredetail, startingwith our dataaccessnodule.

4.1 Efcient Data Access:Traversal Tree

VFREL needsto calculatethe valuesof somerelationalat-
tributesfor eachtarget object. In orderto do this, every re-
latedobjectthatis relevantto oneof theseattributesneedgo
be loadedfrom disk and processed.VFREL candetermine
whichrelationsit needgo follow to gatherthis setof objects
from theinformationit hasat classlevel. It builds a tree of
theserequiredrelationalpaths.It thentraverseshetree,fol-
lowing eachrelation at mostonce, loading datainto RAM
only asit is neededandcomputingtherequiredattribute val-
ues. TraversalTreeswork with binary relations. If the do-
main containsN-ary relations,they are encodednto binary
relationsin the usualway.

Nodesin thetraversaltreecorrespondo classesandedges
correspondo relations. During its run, VFREL maintainsa
treethat containsexactly the relationsthat mustbe followed
to calculatethevaluesof therelationalattributesof thetarget
objectthathave not beendeterminedo be clearlosers.And
so,ateachnodein thetree,VFREL maintainsa list of the at-
tributeswhosevaluesneedto becalculatedrom theinstances
of that classthat are encounteredat that point in a traver-
sal. In VFREL's rst iterationthe traversaltreeis simply an
unrolled versionof the classgraph,and canbe constructed
in time proportionalto the size of
asfollows. The root noderepresentghe classof the tar
getobject. A child is addedto this nodefor eachclassin

, andsoon recursvely until thetreeis
depth . Let beanode, betheclassrepresentetyy the
node, beanedge,and betherelationrepresentetyy the
edge. Next, we build a list on eachnode(let  bethelist
on node ) thatrepresentshe attribute valuesthat mustbe
calculatedat that point in the traversalasfollows. We com-
putethe set . Eachof theseattributes
is basecbn oneof the attributesof oneclass(seeEquationl)
andis addedo theassociatediodes list. Following cyclesin
therelationalstructurecanleadto someobviously redundant
attributes. Many suchattributesareremovedat this point by
removing lengthonecyclesthatinvolve aone-relatiorandits
inverse.

WhenVFREL needdo calculatethevalueof therelational
attributesfor a particulartargetobjectit useshetraversaltree



Table1: Pseudo-codéor calculatingattribute valueswith a
traversaltree.

Procedurd@raverse(, )
is atraversaltree
is aninstanceof class
Let betheresultsof thetraversal

Recordin thevaluesfor attributesin ~ from
For
Let bethenodereachediia
Let be
If is empty every attributein andall of

its childrenis missing,notethisin
If isaonerelation,let betheobjectin
Traverse( )
Else isamary relation,let
For
Traverse( )
Performneededhggreyations notevaluesin
Return

to determinewhich objectsto load from disk andwhen. Ta-
ble 1 containgpseudo-codéor theprocedure.

As therunprogressesndattributesareeliminatedby fea-
ture selection,VFREL will remove the eliminatedattributes
from the attribute lists on the traversaltree's nodes. Notice
thata leaf with an emptyattribute list correspondso an ob-
ject whereevery attribute hasbeendeterminedo be aloser
Suchobjectsdo not needto be loadedfrom disk andso the
leaf is prunedfrom thetree (internalnodesmay have empty
lists asthey canstill contribute throughthe objectsthatthey
arerelatedto).

This traversalstratgy allows VFREL to follow eachedge
in the traversaltree only once(insteadof onceper attribute,
asmight be doneif following anedgerequiredjust a pointer
dereferencénsteadof adisk access}. It alsoallows VFREL
to bevery ef cient with its RAM usage.In particular atarny
point in the traversalit requiresthat one objectbe in RAM
per edgein the path from the root to the currenttraversal
treenode. It alsorequiresRAM to storethe partially com-
putedattribute values.(The maximumspaceequiredfor this
is on the orderof the numberof relationalattributesof the
targetclass,sincerelationalattribute valuesare computedn
anonline mannerasobjectsareloadedfrom disk.) For each
mary-relation VFREL alsomaintainsa list of hashkeys for
theobjectsit will needto loadto nish following therelation.

4.2 Feature Selectionwith Sampling

Our systemuses lter -basedfeatureselection[Kononenlo,
1994, [Kohavi andJohn,1997] to explore the spaceof re-

INoticethatthedescriptiorheremayrequireanobjectbeloaded
from diskmorethanoncepertraversalif it is reachedsia severaldif-
ferentrelationalpaths. The full VFREL systemusesseveral forms
of cachingto reducethisredundang, but they arenotreportedon or
evaluatedn this paper

lational attributes. The goalis to identify the relationalat-
tributesthataremostrelevantto thelearningtaskandacceler
ateour systernby only calculatingthevaluesof theserelevant
attributes,while ignoring the rest. VFREL usessamplingto
acceleratehis processandis ableto eliminateattributes(and
thuspathsfrom thetraversaltree)with lessthanonescanover
the dataset. This allows it to be moreef cient thanstandard
PRM learning.

Filter-basedeatureselectionworksasfollows. The utility
of eachfeatureis estimatedon training datawith a scoring
function (commonlyinformationgain). The bestN features
areselectedandtherestarediscarded.Traditionally, calcu-
lating the informationgain of an attribute requiresknowing
the value of the attribute for every training example. In our
context, this meansthat the entire datasetneedsto be at-
tenedbeforefeatureselectioncantake place,which results
in no speedgain. If we arewilling to accepta smallchance
of makingan error, we canusesamplingto do much better
VFREL usegechniqueslevelopedby HultenandDomingos
[2004 andothersto do just that. Standardstatisticalresults
canbe usedto obtaina high con denceboundon the differ-
encebetweerthe gain obsenedfor a featureon a sampleof
dataandthe true gain of the feature. For example,the Ho-
effding bound[Hoeffding, 1963 saysthefollowing. Let be
arandomvariablewith range . Let bethemeanof ni.i.d.
(independenaind identically distributed) obsenations of
Then,with probability , theHoeffding boundguarantees
that where

)

We apply this bound to our setting as follows. Let
be the informationgain obsened for attribute
on a sampleof n examplesand similarly for . Re-
call thatthe rangeof theinformationgainfunctionis thelog
basetwo of the numberof valuesof the targetattribute. Let
. Webound with theHoeffding

boundandthus,if , weknow with con dence
that truly hasahigherinformationgainthan , andthus
thatthe featureselectionalgorithmwould select  over
if the gainswere computedfrom the entire training set, in-
steadof from thesample.Thus,whentryingto nd thetopN
featuresin the training set,and after the valuesof relational
attributeshave beengeneratedor the rst ntamgetobjectswe
canstatethefollowing. Let betheattribute with the
bestgain on the sample. Then,with con dence , any
attribute with a gainlessthan is notoneof the
bestN attributes.  is differentfrom the in the Hoeffding
boundbecausenary comparisongreinvolvedin the feature
selectionandthustheboundneedgo beappliedmary times
to assurea global level of con dence. We usea Bonferroni
correctionandset by dividing , thedesiredglobalcon -
dence by the numberof boundsthatneedto hold duringthe
algorithm'sentirerun.

Samplingfrom relationaldatamay violate the i.i.d. re-
quirementof the Hoeffding bound. Taking this into account,
usingnon-i.i.d. extensionsof Hoeffding-stylebounds,is an
importantdirectionfor future research{seealsoJenserand
Neville [20024 [200204).



Table2: Pseudo-codéor the VFREL algorithm.

Let

Let Initial Traversaltreefor

Let Initial stepsize

Let Databaseursorfor thetargetobjectsource
While isnot nished

Calculatevaluesfor onnext objectsfrom
Computeinformationgainfor attributesin
Order by informationgain

Let begainof the bestattribute
Remoefrom everyattributewith gain
Update by droppingtheremovedattributes
Call the StepSizdunctionto nd next

Returntheresultof the propositionalearneron the
bestN attributes

4.3 The VFREL Algorithm

Wewill now describe/FREL, our algorithmfor mining mas-
sive relationaldatasets,in detail. Theinputsarearelational
dataset,atamgetclassandtargetattribute of thatclass adepth
cutoff , aglobalcon dencetarget , atargetnumberof fea-
turesN, a function that speci eshow mary samplego take
beforeperforminga roundof featureselection(StepSizebe-
low), anda propositionalearningalgorithm. Table2 contains
pseudo-codéor VFREL.

VFREL iteratesover the tarmget objectsand startsgener
ating valuesfor all of the attributesthat are at most depth

away. It periodically pausego perform a round of fea-
ture selection,informedby the datathat hasbeengenerated
up to that point. The information gain for eachof the at-
tributes being considereds computed,and they are sorted
by their informationgain. The bestattribute is deter
mined, andits informationgainis noted. From the Hoeffd-
ing bound,we know with high probability thatarny attribute
with a scorelessthan will not be selectedas one
of the nal N attributes,anddoesnot needto be considered
further. In orderto assurea globalcon denceof thatthe
correctattributesareselectedeachlocal is determinedvith

,where isanestimate

of the total numberof iterationsof VFREL's mainloop that
will beperformed. WhenVFREL nishes with all thetarget
objectsit performsone nal roundof featureselectionkeep-
ing only thetop N featuresFinally, apropositionabatasetis
createdrom the attribute valuesthat were calculatedduring
thefeatureselectionandthe propositionalearningalgorithm
is calledto producea model.

Notice that this algorithm assumeshat objects are re-
trieved from the target objectsourcein randomorder, which
is usuallypossible.In our application for example,we iter-

2If theestimates exceededve reportthe globalcon dencethat
wasactuallyachieved,or thealgorithmcanberunagainwith abetter
estimatdf neededOurexperimentsequiredust13iterationsof the
mainloop.

ate over the keys of a DBM style hashtable, which returns
keysin essentiallrandomorder Othersettingsmay require
ascanoverthedatasetto randomizei.

Earlyiterationsof VFREL takerelatively long, asthey gen-
eratevaluesfor mary attributes,andthusrequiremary ob-
jectsbe loadedfrom disk. As the algorithm proceedshow-
ever, it is ableto eliminateattributesthatare clearly not go-
ing to be selected,stop following the relationsassociated
with them, focus its attentionon the promising attributes,
andthusgeneratettribute valuesfor later objectmuchmore
quickly. VFREL will be mosteffective whentherearemary
unpromisingattributes that can be eliminatedquickly, and
whenthe promisingattributesare all found alongthe same
set of relational paths. In the next sectionwe describean
applicationwe developedto evaluatethe performancesf our
algorithm,andto determindf it cansuccessfulljearnfrom
massie relationaldatasets.

5 Predicting the Evolution of the Web

The World Wide Web has receved much study in recent
years.Researchertave studiedwaysto classifyWeb pages
into categories (e.g., Slattery and Craven [2001]), search
for high quality pages(e.g., Kleinberg [1994, Pageet al.

[1999), modelthe way Web pagesacquirelinks over time

(e.g., Barabasiand Albert [200d, etc.) One commonality
amongmuchof thiswork is thatanalyzingthe contentof Web
pagesn isolationseldomproduceghe bestresults—thdinks

betweerpagesftencontaincritical informationthatmustbe
takeninto account. Unfortunately aswe have seen stateof

theart systemdor building comple relationalmodelsarein

incapableof scalingto datasetsthe sizeof the Weh

In this sectionwe describean applicationof VFREL to
mining a massve Web dataset. The goalis to build a model
thataccuratelypredictsif aWebpages popularitywill riseor
fall in thefuture. Suchmodelswould be useful,for example,
to helpimprove searchengineresultsfor new pagesandto
helpdesignersreatepageghatpeoplewill referenceWe es-
timatethe popularitychangein a Web pageby countingthe
numberof pagesthat point to it in onecrawl, andtrying to
predictif thepagewill belinkedto by veor moreadditional
pages, ve or morefewer pages,or within ve of the same
numberof pagesn afuture crawl. We take into account47
intrinsic attributesof nearlytwo million Web pages.We also
make useof relationalinformationthatincludessesenobject
sourcesandmillions of relations.

Our applicationbegins with a crawl of approximatelyl.7
million Web pagesfrom .edudomainsthat was gatheredn
early Juneof 2001. The crawl containspagesfrom 31k
unigueWeb hostsanduses23 GB of disk spacelt wasgath-
eredstartingfrom a small setof seedWeb pages(Googles
top 20 resultsfor the query “university') and performinga
breadth- rstcrawl until no more les would t on the disk®.
Thecrawl ranonaclusterof ve1 GhzLinux machinesand
took approximately3 daysto nish. We gathereda second
crawl, usingthe sameprocedureand set of seedpages,in

3Theversionof Linux we usedfor thesestudiedimited thenum-
berof les in apartitionto 1.7 million. We planon removing this
limitation in afuture study



Novemberof 2002. Therewere563k pageshatappearedn
bothcrawls.

We put eachof the pageghatappearedn bothcrawls into
adatabas€anobjectdatabasevhich we implementecbn top
of GDBM). We usedseven object sourcesto representhe
domain,andtheir propertiesareasfollows:

WebPage Thereare 563,083Web pageobjectsin our data
set. Eachhas47 attributes, including binary attributes
to indicatethe presenceof the top 10 words according
to information gain on the training set; the numberof
images;characterizationsf alt text usagescriptusage,
color usagegtc? andthe PageRanKPageetal., 199§
of the pagewithin the subsebf the Web coveredby the

rst crawl.

WebPageLink Thereare2,154,420Web pagelink objects,
onefor eachlink betweerthepagesn ourdataset.Each
of theseobjectshasa one-relationfor its sourceanda
one-relatiorfor its destination.

Domain Thereare 21,069domainobjectsin our dataset.
Each has a single cateyorical attribute, the Carngyie
Classi cation(a publicly availableclassi cationof uni-
versitieshy their types)of the schoolit belongso.

WebPageDomainLink Thereare 563,083links from Web
pagedo theirdomain,onefor eachwebpage.Eachlink
hasone numericattribute, the depthof the pagein the
domain.Eachalsohasa one-relatiorfor the pageanda
one-relatiorfor thedomain.

Site We identi ed 412 sitesin our crawl. A siteis distinct
from a domainby being manageddy a small group of
peopleand beingabouta well de ned topic. We used
a setof handcraftedegular expressionghat examined
URLs andidenti ed sitesincludinghomepagesgcourse
pages.group pages,and project pages. The very low
numberof sitesidenti ed by our heuristicsis problem-
atic, andin future work we hopeto improve this. Each
site hasanattributethatspeci esits type.

WebPageSiteLink There were 1411 links betweenWeb
pagesandsites.Eachcontainsa one-relatiorto thepage
andaone-relatiorto thesite.

SiteDomainLink Therewere 412 links from sitesto their
domains. Eachhasa single attribute, the depthof the
sitein the domain. Eachalsohasa one-relatiorfor the
siteandaone-relatiorfor thedomain.

Notethatconceptuallythis domaincouldbe modeledwith-
outthelLink objects.We modeledit this way for severalrea-
sons: it is the bestway to encodethe mary-mary relation
betweenWebRageobjectsin our databaseit is conceptually
simplerto have all links modeledthe sameway; it is cleaner
andmoreextensibleaswe addadditionalfeaturedo thelinks
(which we planto do in future work); andit doesnot hurt
ef ciency comparedo the othermethod.

We built index structuressothatary relationcould be fol-
lowed by accessinghe index on disk, andthenloadingthe

“Mary of these attributes were gatheredwith the WebSA™
toolkit: http://zing.ncsl.nist.goWebTools/

relatedobjectsfrom the GDBM on-diskhashtablethatcon-
tainsthem.Theresultingdatabasandassociatethdex struc-
turestook on orderof a dayto constructon a 1GhzPIIl, and
occupy approximately900MB of disk space Readingall the
objectsfrom disk in randomordertakesabout450 seconds.
Noticethatmary of theattributesin our domainarenumeric.
We turn theseattributesinto categorical onesas neededby
dividing the attribute into tenapproximatelyequal-frequeng
regions. EachWebRageobjecthasa target attribute, whose
valueis “Gain5'if thenumberof links to the pagein the new
crawl is at least5 greaterthanin the original crawl, "Lose5'
if the numberof links to the pagein the new crawl is at least
5 lessthanin the original crawl, and"Same'otherwise.We
evaluatedhelearningalgorithmsin this domainby removing
thetargetattributefrom arandomlyselected0%of the Web-
Pageobjects,usingthe learningalgorithmsto build models
on the dataset,andusingthe modelsto Il in thesemissing
labels.

For theseexperimentswe setVFREL s parameterssfol-
lows: maximumdepth, ; globalcon dence, ;
N, numberof featuresto select ; and StepSizebegan
at 1,000 and was doubledin every iteration where feature
selectiondid not shrink the size of the traversaltree. We
usedthe C4.5 decisiontree learner[Quinlan, 1993 asthe
propositionallearner We selectecdthis learnerover a scal-
able propositionallearnerfor two reasons:the N-attribute

attened training examplesfor the 563k Web pageobjects
t in RAM, andwe wantedto make the contribution of our
relationalfeatureselectionalgorithm easierto evaluate. In
future work we plan on combining VFREL with the scal-
ableVFDT decisiontreeinductionalgorithm[Domingosand
Hulten,200d. We ranour systemin parallelon a clusterof

ve 1GhzPentiumlll workstationgunningLinux with RAM
sizesrangingfrom 256MBto 512MB.

We comparedur systemto simply attening the database
and passingthe attened datato C4.5. With our comput-
ing resourcesve wereableto atten depthsupto 2, andthe

attened datasetsare FlatO (no relationalattributes), Flat1,

and Flat2 below. We also comparedto one of the leading
modelsof Web evolution, the preferentialattachmenmodel
[Baralasiet al., 2000. The preferentialattachmenmodel
proposeghat links are constantlybeing addedto the Web,
andthatthe probability thatany particularpageis the target
of the next link is proportionalto the numberof links thatit
alreadyhas.We could not estimatethe parameterseededo
applythis modeldirectly in our setting.Instead we usedthe
insightit is basedon andbuilt a decisiontreeon a singlere-
lationalattribute: the numberof pageghatpointto thetarget
page(non-discretized).

We ran VFREL and Flat0-2 with all of their attributes(-
full below) and also after performingadditionalfeaturese-
lectionto selectthe best20 attributesin eachsetting.Table3
containsthe resultsof our experiments.Using 20 attributes
yielded the bestresultsfor every system. VFREL with its
20 bestattributesachievedthe highestaccurag of ary of the
algorithmswe consideredNote thatwhile the differencesn
errorratearesmallonapercentagéasis they weremeasured
on 169k testobjectsandrepresenteal differencesn perfor
mance. Also notice that increasingthe depth of attributes



Table3: Resultsof the comparisorbetweenVFREL, atten-
ing depthO - 2, the preferentialattachmentmodel,and pre-
dicting the mostcommonclass,MCC, which wasSame.We
shav VFREL andFlatO- 2 with their full featuresetandafter
doingadditionalfeatureselection.

Algorithm TestSetError | # Nodes| # Attribs
MCC 10.2% 0 0
PrefAtt 8.2% 5 1
Flat0 10.9% 18,372 20
Flatl 8.5% 11,663 20
Flat2 8.2% 9,741 20
VFREL 8.1% 7,465 20
FlatO-full 11.2% 10,197 47
Flat1-full 8.8% 15,117 50
Flat2-full 8.3% 10,308 330
VFREL-full 8.6% 14,289 100

consideredesultsin smaller more accuratemodelsin our
experiments.This suggestshatthesedeeperattributesactu-
ally do containvaluableinformationfor our task,andthatit
may be bene cial to explore further thandepth5 — we plan
ondoingthisin futurework. Theruntimesfor generatinghe
attened datasetswere(in CPU + systemhours):Flat0,.27;
Flatl,.30; Flat2,12.9. We estimatefrom generatinghe rst
10k examplesthat Flat4 would have taken 54 days,andwe
estimatefrom generatinghe rst 1,000examplesthat Flat5
would have taken 261 days. Our systemwasableto gener
atevaluesfor the best100 featuresup to depth5 in 20 days
of CPUtime (4 daysof wall time becausdt ranin parallel).
VFREL is thusanorderof magnituddasterthandirectly at-
teningthedata,andproduceghe mostaccuratemodelof any
of thesystemave evaluated.

At the beginning of its run, VFREL was forced to fol-
low 56 relational paths from each Web page to gather
the objects neededto calculate the 3,536 attributes in

(after the obviously redundantones
wereremoved). By the endof the run it wasfollowing just
14 pathsfor eachWeb page. Every selectedrelationalpath
beginsby following the linkedfrom' relationfrom thetamget
object(thatis, all selectedelationalattributesareproperties
of pagesthat point to the targetpage). After that, the “links
to', “linked from', and “domain' relationswere used. None
of the Site relatedattributesor relationswere usedto calcu-
latethe 100 bestattribute values.We believe thiswill change
whenwe improve our siteidenti cation heuristics.

Thetop 20 attributesincludedattributesformedusing ev-
ery aggreationwe allowed exceptfor mode.Elevenof them
were aggrgationsof the PageRankof pagesthat pointedto
the target, or werelinked (in eitherdirection)to pagesthat
pointedto thetarget. Otherselectedeaturesncludedaggre-
gationsof countsof Web pagesof depthsof pagesin their
domain,of the numberof wordsin link anchorsand of the
sizeof relatedpagesn bytes.Thebestattribute wasthe pref-
erentialattachmenbne,thecountof thenumberof pageshat
pointto the target. By examiningthe decisiontreeproduced
by C4.5we determinedhatthe informationin the PageRank
attributeswasmostly capturedoy the preferentialttachment

attribute. We foundthe attributesthat contributedto our sys-
tem's improvementover the preferentialattachmenimodel
were propertiesof other pagespointedto by the pagesthat
pointedto thetamet, like the varianceof the domaindepths
of the otherpagespointedto by pagespointingto the target,
and the popularity (as measuredyy the numberof inlinks)

of the otherpagesthey pointto. Thesefeaturesarea depth
of 5 from the target class,andit is unlikely thatthey would

have beenfound by other relationallearning systems. We

believe that propertiesof the pagespointingto thetargetare
importantfor this predictiontaskbecausg@eople nd thetar

getpage(a prerequisiteo linking to the page)throughthese
links.

Generatingattribute valuesfor the medianhundredwWeb
pagesout of the rst thousandbeforeary featureselection)
took 3,488secondsaindrequiredthat nearly5 million object
be loadedfrom disk. In the lastiterationof VFREL'S main
loop, whenit wasexploring just 14 relationalpaths,the me-
dian1000bjectstook just 153 secondsnd420k objectloads
—animprovementof anorderof magnitudeby eithermetric.
Therewasagreatdealof variancan thetime it tookto gener
ateattributesfor 1000bjects.In fact,somesingleWebpages,
evenon the nal iterationwith only 14 relationalpaths,re-
quiredthousand®f secondsndmillions of objectloads.We
examinedsomeof theseWeb pagesandfoundthemto be ex-
tremelyhighly connectedtensof thousand®f in links), on
very large domains(with mary tensof thousand®f pages),
or both. In future work we plan on exploring the useof on-
line aggreyations[Hellersteinetal., 1997 to reducethetime
neededo generatattributevaluesfor thesehighly connected
objects.

6 RelatedWork

Learningfrom relationaldatahasbeenextensviely studiedby
the inductive logic programming(ILP) community [Lavrac
andDzeroski,1994. In general ILP learnsmodelsfrom a
richer classthan our work (for example,learningrecursve
concepts)butis alsogenerallybelievedto beveryinef cient

for large databasesBlockeeletal. [1999 developeda scal-
ablelLP systemnamedTILDE thateffectively attens rela-
tional datainto whatthey call interpretationandthenusesa
versionof FOIL [Quinlan,199d, modi ed to make ef cient

accesso datafrom disk, ontheséanterpretationsTILDE was
evaluatedon a syntheticdatasetwith 100,000trainingexam-
ples. VFREL scalesto muchlarger datasetsby usingsam-
pling to focus on relevant attributesand relations. Slattery
and Craven [2001] extensiely studiedthe useof relational
learningfor hypertext documentsThey developeda hybrid
algorithmthat combinesNaive Bayes,FOIL, and mary in-

sightsinto the natureof the Web, and appliedit to several
Web mining tasks.Their focus,however, wasnoton scaling,
andthelargestdatasetthey considereaontainecntheorder
of thousand®f Web pageswhile ourscontainamillions.

7 Future Work

Directionsfor futurework on VFREL include: moreclosely
integratingit with ascalablgpropositionalearningalgorithm



(for exampleVFDT); modifying learnergto exploit informa-
tion from thedatageneratiomprocesgfor example whenare-
lationis missing,mary relatedattributessimultaneoushhave
missingvalues);extendingit to the casewherethe contents
of objectsourceshangeovertime; modifyingit to iteratebe-
tweenfeatureselectionandlearningphasesandapplyingit
to otherdomains.

Future directionsfor our Web applicationinclude: per
forming a similar studywith alargerWeb crawl; performing
asimilar studyonamorevolatile portionof theWeb (perhaps
.com); addingmoreintrinsic attributesto the objects(words
on links, moretext, etc.); building modelsto predictwhich
links will appearover time; and building modelsfrom the
streamof pageghata cravler nds asit nds them.

8 Summary

In this papemwe exploredsomeof theissueghatpreventrela-
tionallearningalgorithmsfrom scalingto verylargedatasets.
WedevelopedasystemVFREL, whichusesf cient dataac-
cessandsamplingto ef ciently explorethespaceof relational
attributes.We usedVFREL to mine datasetscontainingmil-

lions of objectsandlinks, andfound it to build modelsthat
were more accuratethanthoseproducedby ary of the sys-
temswe evaluated,discover novel relationalattributes,and
work an order of magnitudefasterthan the alternatve ap-
proaches.
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