
A RESEARCH SUPPORT SYSTEM FRAMEW ORK FOR WEB DATA MINING

Jin Xu YingpingHuang Gregory Madey

Dept.of ComputerScience
Universityof NotreDame

NotreDame,IN 46556
Email: f jxu1, yhuang3, gmadeyg@cse.nd.edu

ABSTRACT

Designandimplementationof a researchsupportsystemfor
webdatamining hasbecomea challengefor researcherswishing
to utilize useful informationon the web. This paperproposesa
framework for web datamining supportsystems.Thesesystems
are designedfor identifying, extracting, �ltering and analyzing
datafrom web resources.They combinesweb retrieval anddata
mining techniquestogetherto provideanef�cient infrastructureto
supportwebdatamining for research.
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1. INTRODUCTION

The evolution of the World Wide Web hasbroughtus
enormousandever growing amountsof dataandinforma-
tion. With the abundantdataprovided by the web, it has
becomean importantresourcefor research.However, tra-
ditional dataextractionandmining techniquescannot be
applied directly to the web due to its semi-structuredor
even unstructurednature. Web pagesare Hypertext doc-
uments,which contain both text and hyperlinks to other
documents.Furthermore,web dataareheterogeneousand
dynamic. Thus,designandimplementationof a web data
miningresearchsupportsystemhasbecomeachallengefor
researchersin order to utilize useful information from the
web.

Usually, webmining is categorizedaswebcontentmin-
ing andwebusagemining. Webcontentmining studiesthe
searchandretrevalof informationontheweb,while webus-
agemining discoversandanalyzesuseraccesspattern[1].
A knowledgediscovery tool, WebLogMiner, is discussed
in [8] which usesOLAP and datamining techniquesfor
mining web server log ®les. In [5], a web mining frame-
work which integratedboth usageandcontentattibutesof
a site is described.Speci®ctechniquesbasedon clustering
andassociationrulesareproposed.Yao[3,6,7] presentsa
framework andinformationretrieval techniquesto support
individual scientistsdoingresearch.This paperproposesa
framework for designingwebdatamining researchsupport

systems. Thesesystemsare designedfor identifying, ex-
tracting, ®ltering and analyzingdatafrom web resources.
They combinewebretrieval anddatamining techniquesto-
getherto provide anef®cient infrastructureto supportweb
datamining for research.This framework is composedof
severalstages.Featuresof eachstageareexploredandim-
plementiontechniquesarepresented.A casestudyon min-
ing datafrom a largesoftwaredevelopmentsiteis provided
as an exampleof how to usethis framework. Our work
providesa generalsolutionwhich researcherscanfollow to
utilize webresourcesin their research.

The restof this paperis organizedasfollows: Section
2 presentsa framework for web mining researchsupport
systemsanda brief overview of its components.Section3
describesdesignandimplementationof webdataretrieval.
Section4 focuseson processingand analyzingweb data.
Section5 presentsa casestudybasedon this web mining
researchsupportsystem.Conclusionsandfuturework are
givenin Section6.

2. FRAMEW ORK OVERVIEW

In order to explore web data,we constructa research
supportsystemframework for web datamining, asshown
in Fig 1, consistingof four phases:sourceidenti®cation,
contentselection,informationretrieval anddatamining.

In the®rst phase,properwebsitesshouldbechosenac-
cordingto researchneeds.This includesidentifying avail-
ability, relevanceandimportanceof web sites. Key words
searchingby usingsearchenginecanbeusedto ®nd appro-
priatewebsites.

After ®nding all web sitesidenti®edby the®rst phase,
thesecondphaseis to selectappropriatecontentson those
websites,suchasdocumentation,newsgroups,forums,mail-
ing lists,etc. Usually, a websitecontainsmany webpages,
includingrelevantandirrelevantinformation.This phaseis
importantbecauseit decideswhichwebinformationshould
be extracted. The selectionof web pagesis basedon re-
searchpurposeanda researcher'sexperience.

In theinformationretrieval phase,a crawler is designed
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Fig. 1. Researchsupportsystemframework for webdatamining

to automaticallyextract informationselectedduringthese-
lectionphase.Speci®ctoolsandtechniquesareemployedto
effectively retrieveusefulknowledge/informationfrom web
sources.Additionaleffort mayberequiredfor dynamiccon-
tent retrieval andspec®cdatasourcessuchasnewsgroup,
forum,etc.

The ®nal phaseis to conductdatamining on extracted
web data. It includespreparingdatafor analysis. An ex-
tractedwebpagemaycontainmissingdata,extraneousdata,
wrongformatandunnecessarycharacters.Furthermore,some
datashouldbe processedin order to protectprivacy. Ad-
vanceddatamining techniquesareemployed hereto help
analyzingdata.

3. INFORMA TION RETRIEVAL

Informationretrieval is usedto provideaccessto dataon
theweb. Thisimpliesawebminingresearchsupportsystem
shouldbeableto searchfor andretrievespeci®ccontentson
thewebef®cientlyandeffectively. Therearetwo majorcat-
egoriesof searchingtoolson theWeb: directories(Yahoo,
Netscape,etc.) andsearchengines(Lycos,Google,etc.).
It is hardto usedirectorieswith the increaseof web sites.
Searchenginescannotmeeteverysearchrequirement

In our system,a web crawler basedon advancedtools
andtechniquesis developedto help®nd usefulinformation
from web resources.Web crawlersarealsocalledspiders,
robots,worms,etc. A webcrawler is a programwhich au-
tomaticallytraversesweb sites,downloadsdocumentsand
follows links to otherpages[4]. It keepsa copy of all vis-
ited pagesfor later uses. Many web searchenginesuse
web crawlers to createentriesfor indexing. They canalso
be usedin other possibleapplicationssuchas pagevali-
dation, structuralanalysisand visualization,updatenoti-
®cation, mirroring andpersonalweb assistants/agentsetc.
[2]. Searchenginesare not adequatefor web mining for
a researchproject. It is necessaryto designa web crawler
which includesmethodsto ®nd andgatherthe researchre-
latedinformationfrom theweb. Althoughdifferentresearch
projectshave differentwebinformationwhich leadsto dif-
ferentwebcrawlers,thosecrawlersstill havesomecommon
designs,asshown in Figure2. They canbeimplementedby
Java,Perl,Python,etc.

A web crawler shouldstartwith a URL, identify other
links on theHTML page,visit thoselinks, extract informa-
tion from web pagesandstoreinformationinto databases.
Thus, a web crawler consistsof a URL accessmethod,a
web pageparserwith someextractors,anddatabases.The
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Fig. 2. Thewebcrawler

accessfunctionof a webcrawler shouldpreventrepeatedly
accessingthe sameweb addressandshouldidentify dead
links. The parserrecognizesstart tags,end tags,text and
comments.Thedatabasesprovidestoragefor extractedweb
information.

Thekey componentof awebcrawler is theparser, which
includesawordextractor, atableextractorandalink extrac-
tor. Thewordextractoris usedto extractword information.
It shouldprovidestringcheckingfunctions.Tablesareused
commonlyin web pagesto align information. A tableex-
tractoridenti®esthe locationof the datain a table. A link
extractorretrieveslinks containedin a webpage.Thereare
two typesof links – absolutelinks andrelativelinks. An ab-
solutelink givesthefull addressof a webpage,while a rel-
ative link needsto beconvertedto a full addressby adding
a pre®x.

4. DATA MINING TECHNOLOGY

To facilitatewebmining, the following datamining al-
gorithmscanbe appliedto ®nd patternsand trendsin the
datacollectedfrom the web: clustering,classi®cation,as-
sociationrules.In thefollowing sections,wewill introduce
eachof thealgorithmsandexplain their applications.

4.1. AssociationRules

Associationrulesmining tries to ®nd interestingasso-
ciationor correlationrelationshipamonga largesetof data
items.A typical exampleof associationrulesmining is the
market basket analysis. An associationrule is something
like ”80% of peoplewhobuy beeralsobuy fried chicken”.

Associationrulesmining canalsobeappliedto predict
web accesspatternsfor personalization.For example,we



may discover that 80% of peoplewho accesspageA and
pageB alsoaccesspageC. PageC might not have a direct
link from eitherpageA or pageB. Theinformationdiscov-
eredmight beusedto createa link to pageC from pageA
or pageB. Oneexampleof this applicationis amazon.com.
We oftenseesomethinglike ”customerswhobuy this book
alsobuy bookA”. Theassociationrulesmining canbeap-
plied to webdatato explore thebehavior of webusersand
®nd patternsof their behaviors.

4.2. Classi�cation

The goal of classi®cationis to predictwhich of several
classesacase(or anobservation)belongsto. Eachcasecon-
sistsof n attributes,oneof which is the targetattribute,all
othersarepredictorattributes.Eachof thetargetattribute's
valueis aclassto bepredictedbasedon then � 1 predictor
attributes.

Classi®cationis a two-stepprocess.First, a classi®ca-
tion modelis built basedon training dataset. Second,the
modelis appliedto new datafor classi®cation.In themid-
dle of thetwo steps,someotherstepsmight betaken,such
aslift computation.Lift computationis a way of verifying
whethera classi®cationmodel is valuable. A valuelarger
than1 is normallygood.

Classi®cationmodelscanbeappliedonthewebto make
businessdecisions.Applicationsincludeclassifyingemail
messagesasjunk mails,detectingcreditcardfraud,network
intrusiondetection,etc.

4.3. Clustering

Clusteringisusedto®ndnaturalgroupingsof data.These
naturalgroupingsareclusters.A clusteris a collectionof
datathat aresimilar to oneanother. A goodclusteringal-
gorithm producesclusterssuchthat inter-clustersimilarity
is low andintra-clustersimilarity is high. Clusteringcanbe
usedto groupcustomerswith similar behavior andto make
businessdecisionsin industry.

5. CASE STUDY: OPEN SOURCESOFTWARE
(OSS)DEVELOPMENT

TheOSScommunityhasdevelopedasubstantialamountof
the infrastructureof the Internet,andhasseveraloutstand-
ing technicalachievements,includingApache,Perl,Linux,
etc.Theseprogramswerewritten,developed,anddebugged
largely by part time contributors,who in mostcaseswere
not paid for their work, andwithout thebene®tof any tra-
ditional projectmanagementtechniques.A researchstudy
of how theOSScommunityfunctionsmayhelpIT planners
make moreinformeddecisionsanddevelopmoreeffective
strategiesfor usingOSSsoftware.

The OSS developmentcommunity is a global virtual
community. Thus,we have theadvantagein that their digi-
tal interactionsarearchivedandcanbedatamined.With ap-
proximately70,000projects,90,000developers,and700,000
registeredusers,SourceForge.net,sponsoredby VA Soft-
wareis thelargestOSSdevelopmentandcollaborationsite.
Thissiteprovideshighlydetailedinformationabouttheproj-
ectsand the developers,including project characteristics,
mostactiveprojects,and“top ranked” developers.

5.1. Data Collection

After informing SourceForge of our plansand receiv-
ing permission,we gathereddatamonthly at SourceForge.
SourceForgeprovidesprojectmanagementtools,bugtrack-
ing, mail list services,discussionforums, versioncontrol
softwarefor hostedprojects.Datais collectedat thecom-
munity, project,anddeveloperlevel, characterizingtheen-
tire OSS phenomenon,acrossmultiple numbersof proj-
ects,investigatingbehaviorsandmechanismsatwork at the
projectanddeveloperlevels.

The primary datarequiredfor this researcharetwo ta-
bles– projectstatisticsanddevelopers.The projectstatis-
tics table, shown in Figure 1, consistsof recordswith 9
®elds: project ID, lifespan,rank, pageviews, downloads,
bugs,support,patchesandCVS. The developerstablehas
2 ®elds:projectID anddeveloperID. Becauseprojectscan
havemany developersanddeveloperscanbeonmany projects,
neither®eld is uniqueprimarykey. Thusthecompositekey
composedof bothattributesservesasa primarykey. Each
project in SourceForge hasa uniqueID when registering
with SourceForge.

A webcrawler, implementedby PerlandCPAN (Com-
prehensivePerlArchive- therepositoryof Perlmodule/libr-
aries)modules,traversedtheSourceForgewebserverto col-
lect thenecessarydata. All projecthomepagesin Source-
Forgehave a similar top-level design.Many of thesepages
aredynamicallygeneratedfrom adatabase.Thewebcrawler
usesLWP, the libwww-Perl library, to fetch eachproject's
homepage.CPAN hasa genericHTML parserto recog-
nize starttags,endtags,text andcomments,etc. Because
both statisticaland memberinformation are storedin ta-
bles, the web crawler usesan existing Perl Module called
HTML::TableExtract and string comparisonsprovided by
Perlto extractinformation.Link extractorsareusedif there
aremorethanonepageof members.

5.2. Data Mining

Thereareseveraldatamining algorithmsthatcanbeap-
plied to thewebdata.AmongthemareNaive Bayes,Clas-
si®cationandRegressionTree(CART), for classi®cation,A
Priori for associationrulesmining,K-meansandOrthogonal-
Clusterfor clustering.Let's ®rst focuson theclassi®cation



Table 1. Projectstatistics
projectID lifespan rank pageviews downloads bugs support patches all trackers tasks cvs
1 1355days 31 12,163,712 71,478 4,160 46,811 277 52,732 44 0
2 1355days 226 4,399,238 662,961 0 53 0 62 0 14,979
3 1355days 301 1,656,020 1,064,236 364 35 15 421 0 12,263
7 1355days 3322 50,257 20,091 0 0 0 12 0 0
8 1355days 2849 6,541,480 0 17 1 1 26 0 13,896

algorithms:NaiveBayesandCART.

5.2.1. Classi�cation

TheNaiveBayesalgorithmsmakespredictionusingBay-
es' Theorem. Naive Bayesassumesthat eachattribute is
independentfrom others.In this casestudy, that is not the
case. For example,the “downloads”featureis closelyre-
latedto the “cvs” feature,the “rank” featureis closelyre-
latedto otherfeatures,sinceit is calculatedfrom otherfea-
tures.

CART builds classi®cationandregressiontressfor pre-
dictingcontinuousdependentvariables(regression)andcat-
egorical predictorvariables(classi®cation). We are only
interestedin the classi®cationtype of problemssincethe
softwarewe areusingonly handlesthis type of problems.
Oracle's implementationof CART is calledAdaptiveBayes
Network (ABN). ABN predictsbinary andmulti-classtar-
gets.Thusdiscretizingthetargetattributeis desirable.

In this casestudy, we try to predict downloadsfrom
otherfeatures.As statedpreviously, the ”downloads”fea-
tureis binnedinto tenequalbuckets.We predictthedown-
loadsresideswhich buckets basedon the valuesof other
features. As expected,the Naive Bayesalgorithmsis not
suitablefor predicting“downloads”, since it is relatedto
otherfeatures,suchas”cvs”. Theaccuracy of Naive Bayes
is lessthan 10%. While Naive Bayesperformsbadly on
predicting“downloads”, the ABN algorithmscan predict
“downloads”quiteaccuratelywhich is about63%. At ®rst
sight,theaccuracy 63%is notattractive,but it is agoodpre-
diction sincewe couldonly get10%of correctpredictions
without classi®cation. The lift computationcon®rmsthat
theresultingclassi®cationmodelis quitegood,asshown in
Figure3. This ®guresshows thatwe foundall the records
whose“downloads”featureis1 in justthe®rst20%of records.
The rulesbuilt by theABN classi®cationmodelshow that
“downloads”is closelyrelatedto “cvs”.

We concludethat the ABN algorithmsis suitablefor
predicting“downloads”in ourcasestudy. Thefollowing ta-
ble comparesthe two algorithms,namely, ABN andNaive
Bayes.Fromthetable,we seethatABN takesmuchlonger
time to build a classi®cationmodel,but theresultingmodel
is muchmoreaccurate.

Fig. 3. Thelift chart

Table 2. Comparisonof ABN andNaiveBayes

Name Build Time Accuracy

ABN 0:19:56 63%
NaiveBayes 0:0:30 9%

5.2.2. AssociationRules

Theassociationrulesminingproblemcanbedecomposed
into two subproblems:

� Find all combinationsof items,calledfrequentitem-
sets,whosesupportis greaterthentheminimumsup-
port.

� Usethe frequentitemsetsto generatetheassociation
rules. For example,if AB andA arefrequentitem-
sets,thenthe rule A ! B holdsif the ratio of sup-
port(AB) to support(A)is greaterthentheminimum
con®dence.

Oneof themostfamousassociationrulesmining algo-
rithmsis calledA Priori. Oracleimplementsthis algorithm
usingSQL. We usethealgorithmto try to ®nd correlations
betweenfeaturesof projects.Thealgorithmstakestwo in-
puts,namely, theminimumsupportandtheminimumcon-
®dence.We choose0.01for minimumsupportand0.5 for



Fig. 4. Theclusters

minimum con®dence. we ®nd that the feature“all trks”,
“cvs” and“downloads”are“associated”.More rulescanbe
seenfrom Figure5. Not all of the rulesdiscoveredareof
interest.

5.2.3. Clustering

Weareinterestedin puttingtheprojectswith similar fea-
turestogetherto form clusters.Two algorithmscanbeused
to accomplishthis: k-meansand o-cluster. The k-means
algorithm is a distance-basedclusteringalgorithm, which
partitionsthedatainto prede®nednumberof clusters.The
o-clusteralgorithm is a hierarchicaland grid-basedalgo-
rithm. The resultingclustersde®nedenseareasin the at-
tribute space. The dimensionof the attribute spaceis the
numberof attributesinvolvedin theclusteringalgorithm.

We apply the two clusteringalgorithmsto projectsin
this casestudy. Figure4 andFigure5 shows the resulting
clustersandtherulesthatde®netheclusters.

6. CONCLUSION AND FUTURE WORK

This paperdiscussesa framework for web mining re-
searchsupportsystemanddescribesits procedures.It then
discussesimplementingtechniqueson web dataextraction
andanalysis.A sourceforgeweb mining caseis presented
asanexampleof how to applythis framework.

This work is anexploratorystudyof webdataretrieval
anddatamining on web data. We try to evaluatethe data
extractionprocessanddatamining softwarewhich canbe
usedto discover knowledgein the web data. The actual
interestingdiscoveriesarestill in progress.Weareexpected
to discover interestingpatternsfrom thedata.

Fig. 5. Therulesthatde®neclusters
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[8] OsmarR.Zäiane,ManXin, andJiawei Han.Discoveringweb
accesspatternsandtrendsby applyingOLAP anddatamining
technologyon web logs. In Advancesin Digital Libraries,
pages19±29,1998.


