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ABSTRACT

Designandimplementatiorof a researchsupportsystemfor
web datamining hasbecomea challengefor researcherwishing
to utilize usefulinformationon the weh This paperproposesa
framework for web datamining supportsystems.Thesesystems
are designedfor identifying, extracting, ltering and analyzing
datafrom web resources.They combinesweb retrieval anddata
miningtechniquesogethetto provide anef cient infrastructurdo
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
becomeanimportantresourcefor research.However, tra-
ditional dataextraction and mining techniquescan not be
applied directly to the web due to its semi-structurecbr
even unstructurechature. Web pagesare Hypertext doc-
uments,which contain both text and hyperlinksto other
documents.Furthermoreweb dataare heterogeneouand
dynamic. Thus, designandimplementatiorof a web data
mining researctsupportsystemhasbecomea challengeor
researcheri orderto utilize usefulinformationfrom the
weh

Usually, webminingis cateyorizedaswebcontentmin-
ing andwebusageamining. Web contentmining studiesthe
searchtandretreval of informationontheweb,while webus-
agemining discoversandanalyzesuseracces9attern[1].
A knowledgediscovery tool, WebLogMiner is discussed
in [8] which usesOLAP and datamining techniquesfor
mining web sener log ®les. In [5], a web mining frame-
work which integratedboth usageand contentattibutesof
a siteis described.Speci®ctechniquedasedon clustering
andassociatiorrulesare proposed.Yao[3, 6, 7] presenta
framavork andinformationretrieval techniquego support
individual scientistsdoing research.This paperproposesa
frameawork for designingweb datamining researctsupport

systems. Thesesystemsare designedfor identifying, ex-
tracting, ®ltering and analyzingdatafrom web resources.
They combinewebretrieval anddatamining techniquego-
getherto provide an ef®cientinfrastructureto supportweb
datamining for research.This framework is composef
several stages Featureof eachstageareexploredandim-
plementiontechniquesrepresentedA casestudyon min-
ing datafrom alargesoftwaredevelopmentiteis provided
as an example of how to usethis framework. Our work
providesa generakolutionwhich researchersanfollow to
utilize webresourcedn their research.

The restof this paperis organizedasfollows: Section
2 presentsa framework for web mining researchsupport
systemsanda brief overview of its componentsSection3
describeslesignandimplementatiorof web dataretrieval.
Section4 focuseson processingand analyzingweb data.
Section5 presentsa casestudy basedon this web mining
researctsupportsystem. Conclusionsandfuture work are
givenin Section6.

2. FRAMEW ORK OVERVIEW

In orderto explore web data, we constructa research
supportsystemframeavork for web datamining, asshovn
in Fig 1, consistingof four phases:sourceidenti®cation,
contentselectionjnformationretrieval anddatamining.

In the®rst phaseproperwebsitesshouldbe choserac-
cordingto researclmeeds.This includesidentifying avail-
ability, relevanceandimportanceof web sites. Key words
searchindoy usingsearchlenginecanbe usedto ®nd appro-
priatewebsites.

After ®nding all web sitesidenti®edby the ®rst phase,
the secondphaseis to selectappropriatecontentson those
websites,suchasdocumentatiomewsgroupsforums,mail-
ing lists, etc. Usually, a website containsmary webpages,
includingrelevantandirrelevantinformation. This phasds
importantbecausét decidesvhich webinformationshould
be extracted. The selectionof web pagesis basedon re-
searctpurposeandaresearches experience.

In theinformationretrieval phasea crawler is designed
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Fig. 1. Researclsupportsystemframenork for webdatamining

to automaticallyextractinformationselectedduringthe se-
lectionphase Speci®ctoolsandtechniquesireemployedto
effectively retrieve usefulknowledge/informatiorirom web
sourcesAdditional effort mayberequiredfor dynamiccon-
tentretrieval and spec®cdatasourcessuchas newsgroup,
forum, etc.

The ®nal phaseis to conductdatamining on extracted
web data. It includespreparingdatafor analysis. An ex-
tractedwebpagemaycontainmissingdata,extraneouslata,

wrongformatandunnecessargharacterskFurthermoresome

datashouldbe processedn orderto protectprivagy. Ad-
vanceddatamining techniquesare employed hereto help
analyzingdata.

3. INFORMATION RETRIEVAL

Informationretrieval is usedto provide accesso dataon
theweh Thisimpliesawebminingresearctsupportsystem
shouldbeableto searcHor andretrieve speci®ccontenton
thewebef®ciently andeffectively. Therearetwo majorcat-
egoriesof searchingools on the Web: directories(Yahoo,
Netscapegtc.) and searchengines(Lycos, Google,etc.).
It is hardto usedirectorieswith the increaseof web sites.
Searchengineannotmeetevery searchrequirement

In our system,a web crawler basedon advancedtools
andtechniquess developedto help®nd usefulinformation
from web resources Web crawlers arealsocalledspiders,
robots,worms,etc. A web crawler is a programwhich au-
tomaticallytraversesweb sites,downloadsdocumentsand
follows links to otherpageq4]. It keepsa copy of all vis-
ited pagesfor later uses. Many web searchenginesuse
web crawlersto createentriesfor indexing. They canalso
be usedin other possibleapplicationssuch as pagevali-
dation, structuralanalysisand visualization, updatenoti-
®cation, mirroring and personalweb assistants/agentsc.
[2]. Searchenginesare not adequatgor web mining for
aresearctproject. It is necessaryo designa web crawler
whichincludesmethodso ®nd andgatherthe researctre-
latedinformationfrom theweh Althoughdifferentresearch
projectshave differentwebinformationwhich leadsto dif-
ferentwebcrawlers,thosecrawlersstill have somecommon
designsasshavnin Figure2. They canbeimplementedy
Java, Perl,Python etc.

A web crawler shouldstartwith a URL, identify other
links onthe HTML page visit thoselinks, extractinforma-
tion from web pagesand storeinformationinto databases.
Thus, a web crawler consistsof a URL accessnethod,a
web pageparsemwith someextractors,anddatabasesThe
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Fig. 2. Thewebcrawler

accesgunction of awebcrawler shouldpreventrepeatedly
accessinghe sameweb addressand shouldidentify dead
links. The parserrecognizesstarttags,endtags,text and

commentsThedatabaseprovide storagefor extractedweb

information.

Thekey componenbf awebcrawleris theparserwhich
includesaword extractor, atableextractorandalink extrac-
tor. Theword extractoris usedto extractword information.
It shouldprovide stringcheckingfunctions.Tablesareused
commonlyin web pagesto align information. A table ex-
tractoridenti®esthe locationof the datain atable. A link
extractorretrieveslinks containedn awebpage.Thereare
two typesof links — absolutdinks andrelative links. An ab-
solutelink givesthefull addresof awebpagewhile arel-
ative link needgo be corvertedto a full addressy adding
apre®x.

4. DATA MINING TECHNOLOGY

To facilitateweb mining, the following datamining al-
gorithmscan be appliedto ®nd patternsandtrendsin the
datacollectedfrom the web: clustering,classi®cationas-
sociationrules. In thefollowing sectionswe will introduce
eachof thealgorithmsandexplain their applications.

4.1. AssociationRules

Associationrules mining tries to ®nd interestingasso-
ciationor correlationrelationshipamonga large setof data
items. A typical exampleof associatiorrulesmining is the
market baslet analysis. An associatiorrule is something
like "80% of peoplewho buy beeralsobuy fried chicken”.

Associationrulesmining canalsobe appliedto predict
web accesgatternsfor personalization.For example,we



may discover that 80% of peoplewho accesgpageA and
pageB alsoaccesgpageC. PageC might not have adirect
link from eitherpageA or pageB. Theinformationdiscov-
eredmight be usedto createa link to pageC from pageA
or pageB. Oneexampleof this applicationis amazon.com.
We oftenseesomethindik e "customerswvho buy this book
alsobuy book A”. Theassociatiorrulesmining canbe ap-
plied to web datato explore the behaior of webusersand
®nd patternsof their behaiors.

4.2. Classi cation

The goal of classi®cationis to predictwhich of several
classes casgor anobsenation)belonggo. Eachcasecon-
sistsof n attributes,oneof which is the targetattribute, all
othersarepredictorattributes. Eachof the targetattribute's
valueis aclassto be predictedbasednthen 1 predictor
attributes.

Classi®catioris a two-stepprocess.First, a classi®ca-
tion modelis built basedon training dataset. Secondthe
modelis appliedto new datafor classi®cation.In the mid-
dle of the two steps someotherstepsmight betaken,such
aslift computation.Lift computatioris a way of verifying
whethera classi®cationrmodelis valuable. A valuelarger
thanl is normallygood.

Classi®catiomodelscanbeappliedonthewebto make
businesdecisions. Applicationsinclude classifyingemail
messageasjunk mails,detectingereditcardfraud, network
intrusiondetectiongtc.

4.3. Clustering

Clusterings usedo ®nd naturalgroupingf data.These
naturalgroupingsare clusters. A clusteris a collection of
datathat are similar to oneanother A good clusteringal-
gorithm producestlusterssuchthat inter-clustersimilarity
is low andintra-clustersimilarity is high. Clusteringcanbe
usedto groupcustomerswith similar behaiior andto make
businesslecisiondn industry

5. CASE STUDY: OPEN SOURCE SOFTWARE
(OSS)DEVELOPMENT

The OSScommunityhasdevelopeda substantiahmountof
theinfrastructureof the Internet,andhasseveral outstand-
ing technicalachiezementsjncluding Apache Perl, Linux,
etc. Theseprogramswverewritten, developedanddehugged
largely by parttime contributors,who in mostcaseswere
not paid for their work, andwithout the bene®tof ary tra-
ditional projectmanagementechniques.A researctstudy
of haw the OSScommunityfunctionsmayhelpIT planners
malke moreinformeddecisionsanddevelop moreeffective
stratgiesfor usingOSSsoftware.

The OSS developmentcommunityis a global virtual
community Thus,we have the advantagen thattheir digi-
tal interactionarearchivedandcanbedatamined. With ap-
proximately70,000projects90,000developersand700,000
registeredusers,Sourcelrge.net,sponsoredy VA Soft-
wareis thelargestOSSdevelopmentandcollaborationsite.
Thissiteprovideshighly detailednformationabouttheproj-
ectsand the developers,including project characteristics,
mostactive projects,and“top ranked” developers.

5.1. Data Collection

After informing Sourcelerge of our plansand recei-
ing permissionwe gathereddatamonthly at Sourcelrge.
Sourcelergeprovidesprojectmanagemertbols, bugtrack-
ing, malil list services,discussionforums, versioncontrol
softwarefor hostedprojects. Datais collectedat the com-
munity, project,anddeveloperlevel, characterizinghe en-
tire OSS phenomenonacrossmultiple numbersof proj-
ects,investigatingoehaiors andmechanismsatwork atthe
projectanddeveloperlevels.

The primary datarequiredfor this researchtaretwo ta-
bles— projectstatisticsand developers. The project statis-
tics table, shavn in Figure 1, consistsof recordswith 9
®elds: projectID, lifespan,rank, pageviews, downloads,
bugs, support,patchesand CVS. The developerstable has
2 ®elds: projectIlD anddeveloperlD. Becauseprojectscan
have mary developersanddeveloperscanbeonmary projects,
neither®eld is uniqueprimarykey. Thusthe compositekey
composedf both attributessenesasa primary key. Each
projectin Sourcelerge hasa uniquelD when registering
with Sourcelerge.

A webcrawler, implementedy PerlandCPAN (Com-
prehensie PerlArchive- therepositoryof PeriImodule/libr
aries)modulestraversedheSourcelergewebsenerto col-
lectthe necessaryglata. All projecthomepagesn Source-
Forge have a similar top-level design.Marny of thesepages
aredynamicallygeneratedrom adatabase.Theebcrawler
usesLWR, the libwww-Perl library, to fetch eachproject's
homepage.CPAN hasa genericHTML parserto recog-
nize starttags,endtags,text andcommentsgtc. Because
both statisticaland memberinformation are storedin ta-
bles, the web crawler usesan existing Perl Module called
HTML::TableExtiact and string comparisongrovided by
Perlto extractinformation.Link extractorsareusedif there
aremorethanonepageof members.

5.2. Data Mining

Thereareseveraldatamining algorithmsthatcanbe ap-
plied to thewebdata. AmongthemareNaive Bayes,Clas-
si®cationandRegressionTree(CART), for classi®cationA
Priorifor associatiomulesmining, K-meansandOrthogonal-
Clusterfor clustering.Let's ®rst focuson the classi®cation



Table 1. Projectstatistics

projectlD | 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 | O 17 1 1 26 0 13,896

algorithms:Naive BayesandCART.

5.2.1. Classi cation

TheNaive BayesalgorithmsmalespredictionusingBay-
es' Theorem. Naive Bayesassumeghat eachattribute is
independenfrom others. In this casestudy thatis not the
case. For example,the “downloads”featureis closelyre-
latedto the “cvs” feature,the “rank” featureis closelyre-
latedto otherfeaturessinceit is calculatedrom otherfea-
tures.

CART builds classi®catiorandregressiortressfor pre-
dicting continuouslependentariableqregressionjandcat-
egorical predictor variables(classi®cation). We are only
interestedin the classi®cationtype of problemssincethe
softwarewe are using only handlesthis type of problems.
Oraclesimplementatiorof CART is calledAdaptive Bayes
Network (ABN). ABN predictsbinary and multi-classtar-
gets.Thusdiscretizingthe targetattributeis desirable.

In this casestudy we try to predict downloadsfrom
otherfeatures.As statedpreviously, the "downloads”fea-
tureis binnedinto ten equalbuckets. We predictthe down-
loadsresideswhich buckets basedon the valuesof other
features. As expected,the Naive Bayesalgorithmsis not
suitablefor predicting“downloads”, sinceit is relatedto
otherfeaturessuchas”cvs”. Theaccurag of Naive Bayes
is lessthan 10%. While Naive Bayesperformsbadly on
predicting “downloads”, the ABN algorithmscan predict
“downloads”quite accuratelywhich is about63%. At ®rst
sight,theaccurag 63%is notattractie, but it is agoodpre-
diction sincewe could only get 10% of correctpredictions
without classi®cation. The lift computationcon®rmsthat
theresultingclassi®catiormodelis quitegood,asshovn in
Figure3. This ®guresshavs thatwe found all the records

whose'downloads’featureis 1 in justthe®rst20%of records.

The rulesbuilt by the ABN classi®catiormodelshow that
“downloads”is closelyrelatedto “cvs”.

We concludethat the ABN algorithmsis suitablefor
predicting“downloads”in our casestudy Thefollowing ta-
ble compareghe two algorithms,namely ABN andNaive
Bayes.Fromthetable,we seethat ABN takesmuchlonger
time to build a classi®catiormodel,but theresultingmodel
is muchmoreaccurate.

Mame: PrjClassLift4
Classification Model Lift
8/21/03

11:12 AM

8721703

11:18 AM

Type:
Start Date:
Start Time:
End Date;
End Time:

Model: PriClassBuildd

Input Data

Schema:  ODM_MTR

Table/View: TRANSFORMATIONSPLITITEST
Lift Chart:

) Cumulative Lift ® Cumulative Target

Cumulative Target Chart

CQurnulative Target

Lift Tabla:

Fig. 3. Thelift chart

Table 2. Comparisorof ABN andNaive Bayes

[ Name [ Build Time [ Accuragy |
[ABN [ 0:1956]  63%]
| Naive Bayes | 0:0:30 | 9% |

5.2.2. AssociatiorRules

Theassociatiomulesmining problemcanbedecomposed
into two subproblems:

Find all combinationof items, calledfrequentitem-
setswhosesupportis greatethenthe minimumsup-
port.

Usethe frequentitemsetso generatdhe association
rules. For example,if AB andA arefrequentitem-

sets,thentherule A | B holdsif theratio of sup-

port(AB) to support(A)is greaterthenthe minimum

con®dence.

Oneof the mostfamousassociatiorrulesmining algo-
rithmsis calledA Priori. Oracleimplementghis algorithm
usingSQL. We usethe algorithmto try to ®nd correlations
betweernfeaturesof projects. The algorithmstakestwo in-
puts,namely the minimum supportandthe minimum con-
®dence.We choose0.01 for minimum supportand0.5 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 rulesdiscoveredare of
interest.

5.2.3. Clustering

We areinterestedn puttingtheprojectswith similarfea-
turestogetherto form clusters.Two algorithmscanbe used
to accomplishthis: k-meansand o-cluster The k-means
algorithmis a distance-basedlusteringalgorithm, which
partitionsthe datainto prede®nechumberof clusters.The
o-clusteralgorithmis a hierarchicaland grid-basedalgo-
rithm. The resultingclustersde®nedenseareasin the at-
tribute space. The dimensionof the attribute spaceis the
numberof attributesinvolvedin the clusteringalgorithm.

We apply the two clusteringalgorithmsto projectsin
this casestudy Figure4 andFigure5 shaws theresulting
clustersandtherulesthatde®nethe clusters.

6. CONCLUSION AND FUTURE WORK

This paperdiscusses framework for web mining re-
searchsupportsystemanddescribests procedureslt then
discussesmplementingtechniquesn web dataextraction
andanalysis. A sourcefoge web mining caseis presented
asanexampleof how to applythis framework.

This work is an exploratorystudyof web dataretrieval
anddatamining on web data. We try to evaluatethe data
extraction processand datamining software which canbe
usedto discover knowledgein the web data. The actual
interestingdiscoveriesarestill in progressWe areexpected
to discoverinterestingpatterndrom the data.

Fig. 5. Therulesthatde®neclusters
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