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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,l. Companiegroducing’mobile phones’
have madelarge profits by the greatsales,2. The
awarenesof 'global warming’ hasimproved the
ervironment of the earth by regulating exhaust
emissions3. Fatalillnesseanightbeconqueredy
thehumangenomeproject. However, sincewe can-
not completelydecodethe world surroundingus,
we cannotknow the topics and their mechanisms
in adwance. Consideringthis situation,thesephe-
nomenacouldbe abig chancefor our actiities. In
this paper we describeour approachor discover-
ing thefuturedirectionsof communitientheweb
to detectchances.

1 Intr oduction

Often, a new topic suddenlybecomespopular althoughit
seemsnsignificantatfirst sight. The Tipping Pointdescribes
this kind of phenomenormwherea 'little’ thing can makea
big differencéGladwell, 200q. We are deeplyconfusedby
changeghat happensuddenly However, sincewe cannot
completelydecodeheworld surroundingis,we cannoknow
the chancesaandtheir mechanismsn adwance. Considering
this situation, the Tipping Point could be a big chancefor
our actiities. We understandtopics’ in the broadsensehat
cover new items,problemsjdeasandsoon. Below, we shov
you somerecentexamplesof new topics:

Mobile Phone: Consideringhecontext of theappearancef
mobile phonestherewereessentiallytwo factors.First,
mobile phonesconqueredhe inconvenienceof beepers
that peoplehadto find a public phonewhen a beeper
rang. Second,mobile phoneswere equippedwith the
functions of the Internetand E-mail services. Due to
the synepy effectsof thesefactorssatisfyingour needs,
mobile phonesheaganto getpopular

Global Warming: The awarenesf global warming real-
ized the collaborationof automobileand ervironmen-
tal preserationcommunitiesandconsequentlyprought

abouthybrid automobileswvhich have minimal exhaust
emissiondor preservinghe ervironmentof theearth.

Human GenomeProject: Marny researcherin the field of
artificial intelligence,biology, and medicalscienceare
collaboratingon the humangenomeprojectto analyze
the humangenomeandto reveal its effects. As we ex-
pectthe conquesbf fatal illnessesthe humangenome
projectis in thelimelight.

Thesetopics were born when new collaborationsof ex-
isting topics satisfy our potential needsor demands. Al-
thoughthe hiddenfactorsmight only be 'submeged’ in the
humanmind, we believe thata few signscanbe minedfrom
a databaseeflectinghumans thought. For this purposethe
webis anattractize informationsourcefor its sheersizeand
sensitvity to trends. The web consistsof an atundanceof
communitie§Broderet al. , 1997;Kumaret al. , 1999 which
shav the smallestunit of potentialneedsor demands How-
ever, thecommunitiesarenotindependeribut arerelatedwith
eachotherin varying degrees. In our view, the relationsof
communitiesshav thefuture directionsof communitiesand
suggesthe potentialneedsor demands.

In this paperwe describeour approackor discoveringthe
future directionsof communitiesby exploring theweh We
have implementeda prototypesystemnamedChanceFinder
thatvisualizeghefuturedirectionsof communitiesandranks
promisingweb pagesandlinks. Empirically, ChanceFinder
shaved someinterestingdirectionsfor sometopics.

Therestof this paperis organizedasfollows. In Section2,
weintroducerelatedresearchesandin Section3, the process
of ChanceFindeis described.The evaluationsarediscussed
in Sectiond, andfinally we concludethis paperin Section5.

2 RelatedReseaches

Ourresearcltonsistof two parts: Thediscosery of commu-
nities, andthe discovery of relationsamongthesecommuni-
ties. In this section,we introduceresearcheselatedto these
two processes.

2.1 Discoveryof Communities

A community on the Web correspondgo a clusterof web
pageswhich sharecommontopics. BrodefBroderet al. |,
1997 reportedonanalgorithmof clusteringvebpagesased
on the contents. This approachcan be appliednot only to



hypertext(e.g.,web pages)out alsoplain-text. However, in-
dexing web pagesaccuratelyis difficult becauséhe contents
of webpagesarenot alwaysmeaningful.

In contrastto the content-base@pproach links in web
pagescan be reliable information becausethey reflect hu-
man judgement. Botafogoand ShneidermalBotafogoand
Shneiderman1991 proposedan ideafor abstractiorcalled
aggregate basedon graphtheory Their algorithmremaoves
'indics’(nodes with high number of out-links) and 'refer
ences’(nodewith highnumberof in-links) iteratively to clear
the graph. However, removed nodesoften becomevery im-
portantelementgo understandheweh

KumatKumaret al. , 1999 defineda communityon the
web as a densedirectedbipartite subgraph,and discovered
over 100,000communities.However, the scaleof subgraphs
dependn its parametersand the numberof communities
dependson the scale. This implies the difficulty in detect-
ing communitiesrom theweb sincethe communitiesareof-
tensomavhatrelatedwith eachother We think therelations
shaw thefuture directionsof thesecommunities.

As anotheruseof links, Kleinbeg[Kleinbelg, 1994 and
Brin andPagdBrin and Page,1999 usedthe link structures
for rankingweb pages.Their mainideawasbasedon mutu-
ally reinforcingthatthemoreawebpageis referred themore
authoritate the web pagebecomesandthe moreauthorita-
tive awebpagebecomesthe higherthewebpageranks.

2.2 Discoveryof Futur e Directions

In thebroadsensefuturedirectionsreferto somemeaningful
relationsamongcommunitiesMatsumurégMatsumuraet al.
2004 discoveredpromisingnew topicson thewebby finding
new combinationsof communitiessharingcommontopics.
The combinationgdid not shav generalfuture directionsbut
partialfuture directionsof communitieson theweh

Ohsava et al[Ohsava et al., 1999 proposedkeyGraph,
which is analgorithmfor extractingassertiondasedon co-
occurrencegraphof termsfrom textual data. KeyGraphvi-
sualizesthe relationsbetweenassertionsand foundationsto
helpusunderstangbotentialneedor demandsAccordingly,
KeyGraphshaws the futuredirectionsof textual data.

KautdKautz 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,
LeonardLeonard, 1997 describeda matchmakersystem
namedYentafor finding peoplewith similarinterestsandin-
troducethemto eachother Becauséoth systemgeveal the
potentialrelationsbetweenindividuals,they show thefuture
directionsof individuals.

MaarekMaareket al., 1997 embodiedwWebCutterwhich
outputsa tailored map of the web accordingto the user
specifiedinterests. The mapmight suggesthe future direc-
tionsof the userby shaving essentiallyrelatedwebpages.

3 Future Directionsof Communities

For the discovery of new topicson the web, we aim to dis-
cover thefuture directionsof communitiesandto understand
the potentialneedsor demands|n this section,we first rep-
resentouridea,andthendescribeour approactin detail.
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Figurel: An overview of theweh Communitiesare often
relatedwith eachother Here, solid lines meanestablished
relationsanddottedlines shawv future directions.

3.1 How to Discoverthe Futur e Dir ections?

OurapproacHor discoreringthefuturedirectionsis basedn
link analysisbecausdinks canbe morereliableinformation
thanterms(see2.1). The outline of our processconsistsof
threephasessfollows:

Phasel.Detectionof communitieson theweh
Phase2.Findingtherelationsamongthesecommunities.

Phase3.Discovery of the future directionsof thesecommu-
nities.

The accuratedefinition of a communityon thewebis an
essentialproblemby itself. In Phaselfollowing Kumar’s
definition[Kumaret al. , 1999, we expedientlydefinea sim-
ple bipartitegraphasa communitywherea communitycon-
sistsof a muchcitedwebpage(corepndits surroundingveb
pages.Next, we focuson the propertyof the web that com-
munitiesareoftensomavhatrelatedwith eachotherasaweb
pageoftenbelonggo mary communitiesIn ourview, there-
lationsfound may include established(well-knen) relations
aswell asthefuturedirectionsof thesecommunitiesThede-
greeof relationamongtwo communitiescanbe measuredby
the numberof web pagesncludedin boththe communities.
Thisideais basednthe co-citationconceptriginatedin the
bibliometricdWhite andMcCain, 1989. In this way, we re-
gardstrongrelationsas establishedelationsin Phase2and
weakrelationsasthe future directionsin Phase3.Our idea
is graphicallyshowvn in Figurel. An establishedink arises
only whena future directiongrows, we only focuson future
links for understandingvherethe change$appen.

3.2 The Detailed Process
Here,we describeour approactsketchedn 3.1in detail.

Phasel:DiscoverCommunities In preparationwe collect
sourceweb pagesD by downloadingthe first 500 web
pagesf Googles ! outputfor thequerya userenters.

Then,we countthefrequeng of linksincludedin D, and
regardthetop V; links C' asthe’cores’ of communities.

'Google is a search engine to which Brin and Pages
algorithn{Brin and Page, 1999 is applied. Googleis available at
http://www.google.com/.
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Figure2: An outputof ChanceFindefor input query’Portal
Site’. ChanceFindeshaws threeclusters.

Phase2:DiscoverEstablishedRelations For every pair of
two coresin C, countthe numberof links includedin
both the cores,andregardthe top (N,) pairsasestab-
lishedlinks L, (solidlinesin figurel).

Phase3:DiscoverFutur e Dir ections For every pair of two
coresin C' exceptfor Lq, countthe numberof links in-
cludedin boththe cores,andregardthetop N3 pairsas
futurelinks Lo (dottedlinesin figurel).

We visualizethe coresandits relations(C, L1, and L») to
pieceout the connection®f communitiesandto understand
thepotentialneedsor demands.

4 Experimentsand Discussions

We have implemented a prototype system named
ChanceFinder on a Sun Enterprise450with perl5
and Perl/Tk. ChanceFindevisualizesfuture directions. In
this section, we shav three experimentsof ChanceFinder
with N7 = 30, Ny = 29, and N3 = 10, anddiscussthem
(Theseaxperimentsveredoneon 17thof Januaryin 2001).

4.1 Future Directionsof Portal Sites

The outputof ChanceFindefor input query’Portal Site’ is
shawn in figure 2. Eachnodestandsfor a community and
especiallyeachwhite noderepresents core with mary fu-
turelinks. Strongrelationsof communitiesareexpressedy
thick lines(establishetinks), and promisingfuture direction
of communitiesare shovn by thin lines(futurelinks). The
URL belonv eachnodeshaws the core of eachcommunity
Consideringthe nearfuture, future links might changeinto
establishedinks or disappearln eitherevent, we shouldfo-
cuson only future links to predictthe future. Thatis to say
the outputshaws the presentandfuture mapof communities.

We canpercevethreeclustersin figure2. Thelowerright-
handclusteris constructedy 4 major portalsites:’Y ahoo!’,
'Infoseek’, 'Excite’, and’Lycos’. The clusteris considered
to be maturedsinceevery nodelinks to eachotherby estab-
lishedlinks, andthis assumptioractually matcheswell ac-
ceptednorms.

Figure3: An outputfor ‘Book Site’.

All the communitiesin the lower left-hand cluster are
stronglyrelatedto 'Bfound.co.uk’ which is a compary con-
ductingwebdesign,jnternetsolutions ande-commerceThis
clusterseemgo beacommunityin earlydevelopment.

The upper middle cluster consists of web pages be-
longing to 'internet.com’ communities. According to the
100hot.com which is the Web's leading ranked directory
wherethe rankingsare basedon the Internethabitsof more
than100,000Web surferseachmonth,internet.congot 77th
in the samedateasthe experiment. This meansthat 'inter-
net.com’is not a major portal site at present. However, we
canseethatthe clusteris in enegetic developmentbecause
the clusteris composeddf 13 communities,17 established
links, and8 futurelinks.

4.2 Futur e Dir ectionsof Book Site

We canrecognizeabig clusterandtwo tiny clustersfrom the
outputfor inputquery’Book Site’ shavn in figure 3.

The uppermiddle cluster is composedof two ’book-
wire.com’ sitesand one 'abebooks.com’site. The former
is the bookindustry’s mostcomprehensie andthoroughon-
line informationsource andthe latteris a theworld’s largest
sourseof out-printbooks. Thatis, this clustershaws infor-
mationsourcef books.

The upperright cluster includes two communities of
'mcgraw-hill.com’ sites. Thesesitesare the web page of
McGraw-Hill compary which is a time-honoredpublisher
foundedin 1909.

The largestclustercomprisesl4 about.comcommunities.
Theclusterseemdo bealreadyconnectedlenselysinceit has
25establishedinks, and11 futurelinks. In fact,accordingto
thesuney on’Portalsleapfrongup MediaMetrix chartof the
Web’s top sites’in December1999, About.comis described
asfollows 3:

Excite@Home Corp., NBC Internet Inc. and
About.cominc. areontherise,accordingo thelat-

2http://mww.100hot.com
3h’[tp://WWW.zdnet.com/zdnn/storiesAme/O,4586,2247,00.h'[m|
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Figure4: An outputfor 'Artificial Intelligence’.

esttraffic numberdrom Internetmeasuremerfirm
MediaMetrix Inc.

However, "about.com’is not yet a major site in the areaof
'Book Site’ ("about.com’doesnot appeaiin the rankingsof
100hot.com).Thatis, 'about.com’is consideredo be strug-
gling to expandtheinfluencesandthis consideratiorcanbe
readfrom figure 3.

Interestingly 'amazon.com’,the most famousand giant
book site exists alonein the middle-rightin figure 3. This
impliesthatalmostall the communitiesrival eachother and
figure 3 clearly shows this situation.

4.3 Future Directionsof Artificial Intelligence

The outputfor input query’Artificial Intelligence’is shavn
in figure4. Viewing figure 4, we canrecognizeonly onebig
chunkof communitiesvhere20 communities 28 established
links, and 11 future links are denselyconnected. Figure 4
is essentiallydifferentfrom above two examplesin the point
thatthe clusterin figure 4 consistsof differentcommunities.
This may showv the maturity of the areaof 'Artificial Intelli-
gence’. If this assumptioris true, we mustseeka new area
which collaborateswith 'Artificial Intelligence’to createfu-
turedirections.

5 Conclutions

In this paper we describethe ideaof discovering future di-
rectionsby chainingprimitive communitiego understandhe
trendor potentialneedsor demands.

ChanceFindecertainly shavs the relationsof communi-
ties. However, we expectthatwhetherthe relationsbecome
thefuturedirectionsdepend®ntheusersvision orimagina-
tion basedon accuraténformation.
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