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Abstract

Discovering new topics which cover new items,
problems,and ideas (e.g., mobile phone, global
warming,humangenomeproject,etc)is truly prof-
itable, important, and interestingfor us. For in-
stance,1. Companiesproducing’mobile phones’
have madelarge profits by the greatsales,2. The
awarenessof ’global warming’ has improved the
environment of the earth by regulating exhaust
emissions,3. Fatalillnessesmightbeconqueredby
thehumangenomeproject.However, sincewecan-
not completelydecodethe world surroundingus,
we cannotknow the topicsand their mechanisms
in advance. Consideringthis situation,thesephe-
nomenacouldbea big chancefor our activities. In
this paper, we describeour approachfor discover-
ing thefuturedirectionsof communitiesontheweb
to detectchances.

1 Intr oduction
Often, a new topic suddenlybecomespopular althoughit
seemsinsignificantatfirst sight.TheTippingPointdescribes
this kind of phenomenonwherea ’little’ thing can makea
big difference[Gladwell, 2000]. We aredeeplyconfusedby
changesthat happensuddenly. However, sincewe cannot
completelydecodetheworld surroundingus,wecannotknow
the chancesandtheir mechanismsin advance. Considering
this situation, the Tipping Point could be a big chancefor
our activities. We understand’topics’ in thebroadsensethat
covernew items,problems,ideas,andsoon. Below, weshow
you somerecentexamplesof new topics:

Mobile Phone: Consideringthecontext of theappearanceof
mobilephones,therewereessentiallytwo factors.First,
mobilephonesconqueredthe inconvenienceof beepers
that peoplehad to find a public phonewhen a beeper
rang. Second,mobile phoneswere equippedwith the
functionsof the Internetand E-mail services. Due to
thesynergy effectsof thesefactorssatisfyingour needs,
mobilephonesbeganto getpopular.

Global Warming: The awarenessof global warming real-
ized the collaborationof automobileand environmen-
tal preservationcommunities,andconsequentlybrought

abouthybrid automobileswhich have minimal exhaust
emissionsfor preservingtheenvironmentof theearth.

Human GenomeProject: Many researchersin the field of
artificial intelligence,biology, andmedicalscienceare
collaboratingon the humangenomeproject to analyze
thehumangenomeandto reveal its effects. As we ex-
pectthe conquestof fatal illnesses,the humangenome
projectis in thelimelight.

Thesetopics were born when new collaborationsof ex-
isting topics satisfy our potential needsor demands. Al-
thoughthe hiddenfactorsmight only be ’submerged’ in the
humanmind, we believe thata few signscanbeminedfrom
a databasereflectinghuman’s thought. For this purpose,the
webis anattractive informationsourcefor its sheersizeand
sensitivity to trends. The web consistsof an abundanceof
communities[Broderet al. , 1997;Kumaret al. , 1999] which
show thesmallestunit of potentialneedsor demands.How-
ever, thecommunitiesarenotindependentbut arerelatedwith
eachother in varying degrees. In our view, the relationsof
communitiesshow thefuturedirectionsof communities,and
suggestthepotentialneedsor demands.

In thispaper, we describeourapproachfor discoveringthe
future directionsof communitiesby exploring the web. We
have implementeda prototypesystemnamedChanceFinder
thatvisualizesthefuturedirectionsof communitiesandranks
promisingweb pagesandlinks. Empirically, ChanceFinder
showedsomeinterestingdirectionsfor sometopics.

Therestof thispaperis organizedasfollows. In Section2,
we introducerelatedresearches,andin Section3, theprocess
of ChanceFinderis described.Theevaluationsarediscussed
in Section4, andfinally we concludethis paperin Section5.

2 RelatedResearches
Ourresearchconsistsof two parts:Thediscovery of commu-
nities,andthediscovery of relationsamongthesecommuni-
ties. In this section,we introduceresearchesrelatedto these
two processes.

2.1 Discoveryof Communities
A communityon the Web correspondsto a clusterof web
pageswhich sharecommontopics. Broder[Broderet al. ,
1997] reportedonanalgorithmof clusteringwebpagesbased
on the contents. This approachcan be appliednot only to



hyper-text(e.g.,webpages)but alsoplain-text. However, in-
dexing� webpagesaccuratelyis difficult becausethecontents
of webpagesarenot alwaysmeaningful.

In contrastto the content-basedapproach,links in web
pagescan be reliable information becausethey reflect hu-
man judgement. Botafogoand Shneiderman[Botafogoand
Shneiderman,1991] proposedan ideafor abstractioncalled
aggregate basedon graphtheory. Their algorithmremoves
’indics’(nodes with high number of out-links) and ’refer-
ences’(nodeswith highnumberof in-links) iteratively to clear
the graph. However, removed nodesoften becomevery im-
portantelementsto understandtheweb.

Kumar[Kumaret al. , 1999] defineda communityon the
web as a densedirectedbipartite subgraph,anddiscovered
over 100,000communities.However, thescaleof subgraphs
dependson its parameters,and the numberof communities
dependson the scale. This implies the difficulty in detect-
ing communitiesfrom thewebsincethecommunitiesareof-
tensomewhatrelatedwith eachother. We think therelations
show thefuturedirectionsof thesecommunities.

As anotheruseof links, Kleinberg[Kleinberg, 1998] and
Brin andPage[Brin andPage,1998] usedthe link structures
for rankingwebpages.Their mainideawasbasedon mutu-
ally reinforcingthatthemoreawebpageis referred,themore
authoritative thewebpagebecomes,andthemoreauthorita-
tive a webpagebecomes,thehigherthewebpageranks.

2.2 Discoveryof Futur eDir ections
In thebroadsense,futuredirectionsreferto somemeaningful
relationsamongcommunities.Matsumura[Matsumuraet al. ,
2000] discoveredpromisingnew topicsonthewebby finding
new combinationsof communitiessharingcommontopics.
Thecombinationsdid not show generalfuturedirectionsbut
partialfuturedirectionsof communitieson theweb.

Ohsawa et al.[Ohsawa et al., 1999] proposedKeyGraph,
which is an algorithmfor extractingassertionsbasedon co-
occurrencegraphof termsfrom textual data. KeyGraphvi-
sualizesthe relationsbetweenassertionsandfoundationsto
helpusunderstandpotentialneedsor demands.Accordingly,
KeyGraphshows thefuturedirectionsof textual data.

Kautz[Kautz et al., 1997] createdREFERRAL WEB, a
social network graph designedto find an expert who is
both reliable and likely to respondto the user. And also,
Leonard[Leonard, 1997] describeda matchmakersystem
namedYentafor finding peoplewith similar interestsandin-
troducethemto eachother. Becausebothsystemsreveal the
potentialrelationsbetweenindividuals,they show thefuture
directionsof individuals.

Maarek[Maareket al., 1997] embodiedWebCutterwhich
outputsa tailored map of the web accordingto the user-
specifiedinterests.The mapmight suggestthe future direc-
tionsof theuserby showing essentiallyrelatedwebpages.

3 Futur eDir ectionsof Communities
For the discovery of new topicson the web, we aim to dis-
cover thefuturedirectionsof communitiesandto understand
thepotentialneedsor demands.In this section,we first rep-
resentour idea,andthendescribeour approachin detail.
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Figure1: An overview of the web. Communitiesareoften
relatedwith eachother. Here,solid lines meanestablished
relationsanddottedlinesshow futuredirections.

3.1 How to Discoverthe Futur e Dir ections?
Ourapproachfor discoveringthefuturedirectionsis basedon
link analysisbecauselinks canbemorereliableinformation
thanterms(see2.1). The outline of our processconsistsof
threephasesasfollows:

Phase1.Detectionof communitieson theweb.

Phase2.Findingtherelationsamongthesecommunities.

Phase3.Discovery of the futuredirectionsof thesecommu-
nities.

The accuratedefinition of a communityon the web is an
essentialproblemby itself. In Phase1,following Kumar’s
definition[Kumaret al. , 1999], weexpedientlydefineasim-
ple bipartitegraphasa communitywherea communitycon-
sistsof a muchcitedwebpage(core)andits surroundingweb
pages.Next, we focuson thepropertyof theweb that com-
munitiesareoftensomewhatrelatedwith eachotherasaweb
pageoftenbelongsto many communities.In ourview, there-
lationsfoundmayincludeestablished(well-known) relations
aswell asthefuturedirectionsof thesecommunities.Thede-
greeof relationamongtwo communitiescanbemeasuredby
thenumberof web pagesincludedin both thecommunities.
This ideais basedontheco-citationconceptoriginatedin the
bibliometrics[White andMcCain,1989]. In this way, we re-
gardstrongrelationsasestablishedrelationsin Phase2,and
weakrelationsas the future directionsin Phase3.Our idea
is graphicallyshown in Figure1. An establishedlink arises
only whena futuredirectiongrows, we only focuson future
links for understandingwherethechangeshappen.

3.2 The DetailedProcess
Here,we describeour approachsketchedin 3.1 in detail.

Phase1:DiscoverCommunities In preparation,we collect
sourceweb pages� by downloadingthefirst 500web
pagesof Google’s 1 outputfor thequerya userenters.
Then,wecountthefrequency of links includedin � , and
regardthetop ��� links � asthe’cores’of communities.

1Google is a search engine to which Brin and Page’s
algorithm[Brin andPage,1998] is applied. Googleis availableat
http://www.google.com/.



Figure2: An outputof ChanceFinderfor input query’Portal
Site’. ChanceFindershows threeclusters.

Phase2:DiscoverEstablishedRelations For every pair of
two coresin 	 , count the numberof links includedin
both the cores,andregardthe top 
��
��� pairsasestab-
lishedlinks ��� (solid linesin figure1).

Phase3:DiscoverFutur e Dir ections For every pair of two
coresin 	 exceptfor � � , countthenumberof links in-
cludedin both thecores,andregardthetop ��� pairsas
futurelinks ��� (dottedlinesin figure1).

We visualizethecoresandits relations(	 , � � , and � � ) to
pieceout the connectionsof communitiesandto understand
thepotentialneedsor demands.

4 Experimentsand Discussions
We have implemented a prototype system named
��������� �"!$#%��&'�"( on a Sun Enterprise450with perl5
andPerl/Tk. ChanceFindervisualizesfuture directions. In
this section, we show three experimentsof ChanceFinder
with ����)+*-, , ���.)0/-1 , and ���.)324, , anddiscussthem
(Theseexperimentsweredoneon 17thof Januaryin 2001).

4.1 Futur e Dir ectionsof Portal Sites
The outputof ChanceFinderfor input query’Portal Site’ is
shown in figure 2. Eachnodestandsfor a community, and
especiallyeachwhite noderepresentsa corewith many fu-
ture links. Strongrelationsof communitiesareexpressedby
thick lines(establishedlinks), andpromisingfuturedirection
of communitiesare shown by thin lines(futurelinks). The
URL below eachnodeshows the core of eachcommunity.
Consideringthe nearfuture, future links might changeinto
establishedlinks or disappear. In eitherevent,we shouldfo-
cuson only future links to predictthe future. That is to say,
theoutputshows thepresentandfuturemapof communities.

Wecanperceivethreeclustersin figure2. Thelowerright-
handclusteris constructedby 4 majorportalsites:’Yahoo!’,
’Infoseek’, ’Excite’, and ’Lycos’. The clusteris considered
to be maturedsinceevery nodelinks to eachotherby estab-
lished links, and this assumptionactually matcheswell ac-
ceptednorms.

Figure3: An outputfor ’Book Site’.

All the communitiesin the lower left-hand cluster are
stronglyrelatedto ’Bfound.co.uk’ which is a company con-
ductingwebdesign,internetsolutions,ande-commerce.This
clusterseemsto beacommunityin earlydevelopment.

The upper middle cluster consists of web pages be-
longing to ’internet.com’ communities. According to the
100hot.com2 which is the Web’s leading rankeddirectory
wherethe rankingsarebasedon the Internethabitsof more
than100,000Websurferseachmonth,internet.comgot 77th
in the samedateas the experiment. This meansthat ’inter-
net.com’is not a major portal site at present.However, we
canseethat the clusteris in energetic developmentbecause
the cluster is composedof 13 communities,17 established
links, and8 futurelinks.

4.2 Futur eDir ectionsof Book Site
Wecanrecognizeabig clusterandtwo tiny clustersfrom the
outputfor inputquery’Book Site’ shown in figure3.

The upper-middle cluster is composedof two ’book-
wire.com’ sitesand one ’abebooks.com’site. The former
is thebookindustry’s mostcomprehensive andthoroughon-
line informationsource,andthelatteris a theworld’s largest
sourseof out-print books. That is, this clustershows infor-
mationsourcesof books.

The upper-right cluster includes two communities of
’mcgraw-hill.com’ sites. Thesesitesare the web pageof
McGraw-Hill company which is a time-honoredpublisher
foundedin 1909.

The largestclustercomprises14 about.comcommunities.
Theclusterseemsto bealreadyconnecteddenselysinceit has
25establishedlinks, and11futurelinks. In fact,accordingto
thesurvey on ’PortalsleapfrongupMediaMetrix chartof the
Web’s top sites’ in December1999,About.comis described
asfollows 3:

Excite@HomeCorp., NBC Internet Inc. and
About.comInc. areontherise,accordingto thelat-

2http://www.100hot.com
3http://www.zdnet.com/zdnn/stories/news/0,4586,2424687,00.html



Figure4: An outputfor ’Artificial Intelligence’.

esttraffic numbersfrom Internetmeasurementfirm
MediaMetrix Inc.

However, ’about.com’is not yet a major site in the areaof
’Book Site’ (’about.com’doesnot appearin the rankingsof
100hot.com).That is, ’about.com’is consideredto bestrug-
gling to expandtheinfluences,andthis considerationcanbe
readfrom figure3.

Interestingly, ’amazon.com’,the most famousand giant
book site exists alonein the middle-right in figure 3. This
implies thatalmostall thecommunitiesrival eachother, and
figure3 clearlyshows thissituation.

4.3 Futur e Dir ectionsof Artificial Intelligence
The outputfor input query’Artificial Intelligence’ is shown
in figure4. Viewing figure4, we canrecognizeonly onebig
chunkof communitieswhere20communities,28established
links, and 11 future links are denselyconnected.Figure 4
is essentiallydifferentfrom above two examplesin thepoint
that theclusterin figure4 consistsof differentcommunities.
This mayshow thematurityof theareaof ’Artificial Intelli-
gence’. If this assumptionis true, we mustseeka new area
which collaborateswith ’Artificial Intelligence’to createfu-
turedirections.

5 Conclutions
In this paper, we describethe ideaof discovering future di-
rectionsby chainingprimitivecommunitiesto understandthe
trendor potentialneedsor demands.

ChanceFindercertainlyshows the relationsof communi-
ties. However, we expect thatwhetherthe relationsbecome
thefuturedirectionsdependsontheuser’svisionor imagina-
tion basedon accurateinformation.
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