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Abstract — We consider information fusion an ‘active service’,
which aims to adapt the presentation of the information to the
user. Our work concerns the Internet, a scale-free small world
graph, with the tasks being the evaluation of documents, novelty
detection and collecting novel documents of ‘high value’ for the
sake of the user. This procedure calls for user-computer interac-
tion. To this end, four algorithms have been designed and are
under testing in various Internet environments. The weblog algo-
rithm utilizes competitive value-estimating agents and shatters the
Internet domain. Bottom-up clustering develops tree-structured
cluster hierarchies and alleviates navigation. Keyword extraction
chooses the best keywords that match subsets of the clusters. Link-
highlighting makes use of user reinforcement, ranks Internet doc-
uments and closes the loop: It provides feedback to the weblog
algorithm to improve value estimation and the shattering of the
domain. Details about the algorithms are provided.

Keywords: Scale-free world, information shattering, information
fusion, user reinforcement.

1 Introduction

Oneof thedriving forcesof informationfusioncomesfrom
thefrustrationthatwe areunableto processandunderstand
informationsurroundingus, althoughsomeportion of that
informationmay be of extremelyhigh valueto us. It then
seemgeasonabl¢o askif we coulddesignbettersoftware
to make computergo procesgheinformationfor us In our
view, therearetwo basicquestiongo beansweredThe rst
oneis aboutthe processingf information. Whencanwe
saythatinformationis processed?Assumethat we know
the answetrto this questionandthe computemalesa per
fectjob, it “processesall availableinformation. Thenwe
have our next question:How muchis the valueof this pro-
cessednformation for us? Canwe useit? In our view,
informationis processedvhenit becomesamenabld un-
derstandabléo humanintelligence.In this casethesecond
guestion— by de nition — is also answeredbecauseun-
derstandinginformation meansthat we cantell its value.
This approachaimsa higherlevel of human-computein-
teraction.Thecontrolremaingn humanhandspecaus¢he
computersgoal' is to translateheinformationfor theuser
However, the computerbecomesan active andinteracting
partnerthat analyzesjuestions,nds out the conceptghe
useris missingandshould explain’ thosesomehav.
Anotherlevel of interactionarisesby noticing that typ-
ical information is typically unimportant,whereasnovel

(not-yet-experienced)nformation needsto be quickly de-
tectedandformulatedin termsof knawvn conceptsin most
casesconceptdevelopmentfollows a particularroute: the
obsenrationof novel phenomenandthe belongingsimilar

ity measuredearningof decisionsurfacego cateyorizethe
novel phenomenaand — later — a betterunderstandingf

the phenomendy establishingheir components,e., their
(early) symptoms.Clearly, learningalgorithmsandhuman
intelligenceneedto collaboratehere. The solutionto this
compl problemis not seenat the momentand may re-
quireabetterunderstandingf humanintelligence.”"Mean-
while', ourgoalis to developanadaptve systenthatworks
underuserreinforcementndfusesinformationto make it

amenabldor the user Ourtestareais a partially organized
databasethe Internet.

We are to develop an interactionloop, where concept
matching,conceptexplanationis in thefocusto enablehu-
manevaluation.Value,on the otherhand,may becomethe
driving force of informationreoiganization.Observinghat
humanassociationsthe structureof the Internetand most
evolutionary systemshave scale-freestructures,we limit
oursehesto the matchingof scale-freestructures. Asso-
ciationschangefrom personto personandthe matchingof
thestructuresmaybecomeuserdependent.

In what follows, an architectureshall be describedhat
aimsto optimize scale-freenetworks. First, Section2 ex-
plainsthe basicconceptsSection3 reviews our basictools
of thematchingprocedurePreliminaryresultsarealsopre-
sentechere.Thediscussiorsection(Sectiond) sketcheghe
architecturehatthesealgorithmsshallbeembeddedhto. It
is aninteractingsystemthat senesthe userandworks un-
deruserreinforcement.Conclusionsaredrawn in the last
section(Sectionb).

2 Scale free small worlds (SFSWs)

Thelastfew yearshave withessedhe evolution of a novel
andef cient way of describingcomples interactve systems
(CIS). The novel descriptionof CIS makesuseof graphs
with nodesand (directed)edges representingonstituents
of the systemand the interactionsamongthem, respec-
tively. Classi cationof CISsis basednthestatisticalprop-
ertiesof the network. Similar network structuresemepgein
mary different elds. Both thesesystemsand the corre-
spondingdynamicalmodelswhich de ne the formationof



thesenetworksmaybeof fundamentaimportanceo under
standthebehaiors of CISs. Theinterestin CISsis boosted
by the intriguing similarities of biological, social,andin-
formationprocessingietworks|1, 2, 3, 4, 5]. Theemening
structureshow scale-freesmallworld properties.

A graphis a scale-freenetwork if the numberof incom-
ing (or outgoingor both) edgesfollows a power-law dis-
tribution (P (k) o« k=7, wherek is integer, P (k) denotes
the probability that a vertex hask incoming (or outgoing,
or both)edgesand > 0). A graphis a smallworld net-
work if (i) its diameteri.e. the averageminimal distance
betweentwo nodesjs proportionalto log(N ), whereN is
thenumberof nodesin the graph,and(ii) its clusteringco-
efcient [1] doesnot corvergeto 0:0 asN goesto in nity ,
or alternatvely its clusteringcoefcient is larger with one
or two magnitudeghanthat of the correspondingandom
network.

Most of the processesywhich are consideredavolution-
ary, seemto developand/orto co-occurin scale-freestruc-
tures. Importantly semanticnetworksexhibit scale-free
structuretoo[6].

3 Algorithms

Theweblay algorithmutilizescompetitve value-estimating
agentsand shatterghe Internet. Bottom-upclusteringde-
velopstree-structuredlusterhierarchiesandalleviate nav-
igation. Keyword extractionchooseshebestkeywordsthat
match a subsetof the clusters. Link-highlighting which
makesuseof userreinforcementanksinternetdocuments
andclosestheloop: It providesfeedbacko the weblogal-
gorithm and enablesmproved value basedreorganization
of thedocuments.

3.1 Finding novel nodes of high clustering
coefficients

A particularfeatureof our taskis that novel nodesappear
within the scale-freeVWW. Thedirectconsequencef the
scale-fregropertyis thattherearenumerousJRLs or sets
of interlinked URLs, which have a large numberof incom-
ing links. Intelligentweb cravlers canbe easilytrappedn
the neighborhoodf suchjunctionsasit hasbeenshavn
previously [7, 8]. Our algorithmbuilds on competingin-
dividuals, the foragers, in a continuouslychangingworld,
wherethe rate of the emegenceof new resourcess lim-
ited. Fitnessof theforagersis notdeterminedy us, thess
isimplicit. Similarconcepthave beenstudiedin otherevo-
lutionary systemswhereorganismscompetefor spaceand
resourcesand, unlike our foragers,cooperatehroughdi-
rectinteraction(seeg.g.,[9]). Ourforagersare’intelligent’
web crawlers sincethey crawl by estimatingthe long-term
cumulatedpro t using reinforcementlearning (see, e.g.,
[10]). Thelack of explicit measureof tness, the lack of
our control over the environment,the value estimationex-
ecutedby theindividuals,andthe lack of directinteraction
distinguishour work from mostother studies. The algo-
rithm is detailedin Fig. 1(b).

Environment. The domainof our experimentswasthe
world wide web,which s scale-freeaccordingto our mea-

surementsoo. Thedistributionsof bothincomingandout-
goinglinks shav a power law distribution. (Fig. 1(a)).

Reward system. Foragersare searchingfor “food',
which is novel news, andthey sendthembackto the cen-
tral reinforcingagentwhich administergewardsandcosts.
Positive reward is deliveredonly to the rst senderof a
given news item only if the document time stampis not
olderthanadayaccordingo GMT. Thenrewardc,_is “pro-
vided'. Eachsendingof a documentgcostsc_ for the for-
ager The (immediate)prot is the differenceof rewards
andcostsat ary givenstep(Fig. 1(b)).

Long term cumulated profit. (LTP) Immediatepro t
is a myopic characterizatiorof an URL. Foragershave an
adaptve continuousvalue estimatorandfollow the policy
[10] that maximizesthe expectedLTP insteadof the im-
mediatepro t. Policy andprot estimationareinterlinked
concepts:pro t estimationdetermineshe policy, whereas
policy in uences choicesand, in turn, the expectedLTP.
Here,choicesarebasetnthegreedyL TP policy: Thefor-
agervisits the URL, which belongsto the frontier (seebe-
low) andhasthe highestestimated_TP. Visited URLsform
a path andeachpathis limited. At eachvisited page,the
foragerdownloadsthe neighboringdocumentsand deter
mineswhethera documentasa time stampof the current
(actual)date. If it does,this documentis sentto the center
(thesedocumentwill bereferredas’sent'documents).

URL lists and decisions. The forager maintainstwo
short-termmemorylists, oneto avoid loopsandanotherto
note the frontier, which containsthe URL's of pagesdi-
rectly accessiblérom the visited pagesgxcluding the vis-
ited URLs themseles. A foragerhasa long-termmemory
componentthe weblay, which is a limited list of URLS:
thosewhich have proved to be the beststarting points of
recentpaths.At the startof a paththeforagermalesaran-
dom choicefrom the rst 10 elementsof the weblogand
visits that URL. After a pathis nished the foragerselects
anew startingpointfor the next path.

For an URL A, the cumulatedreward is the sum of
immediaterewardscollectedduring the path after visiting
URL "A'. Denotingthe cumulatedreward of URL A’ by
Rpqtr(A), whena pathis completedthe valueof the URL
A, denotedby V (A) is estimatedasfollows:

Vnew(A) = (l - )Vold(A) + Rpath(A):

If URL "A' did not have a value before,thenV,,..,(A) is
setto R,q¢»(A). Thesevaluesarethenusedto updatethe
weblog after eachpath. URLs are orderedby decreasing
valueandthelist is clippedto form the new weblog.
Multiplying by bipartition, extinction and foraging
periods. Every foragercan multiply by bipartition if it
achievesa certainrewardcollectingrate. Theweblogof the
parentis randomlyseparate@nd passedn to the descen-
dants.Ontheotherhand,if theforagers reward collecting
ratefalls belov thresholdthenit diesout.
Resultsareshowvn in Fig. 2. Time-lagbetweernpublish-
ing news and nding thosedecreaseslreadyafter a few
days(seeFig. 2(a)): theratio of maximato minimaof the
cunesincreasesand also, fewer news publishedon Fri-
day were picked up on Saturday a day late, during the
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Fig. 1: Scale-free Internet domain and the rewards

(A:) Log-log scaledistribution of the numberof (incom-
ing andoutgoing)links of all URLs found duringthetime
courseof investigation. Horizontalaxis: numberof edges
(logk). Verticalaxis: relatve frequeng of numberof edges
at differentURLs (log P (k)). Black (gray) dotsrepresent
incoming(outgoing)edgesof URLS. Slopesof the straight
lines—2:0 + 0:3. Inset methodof downloading.The news
foragervisits URL "A’, downloadsthe not-yet-visitedpart
of theervironment(document®f URLs, whichURLshave
notbeenvisitedyetandarelinkedatURL 'A"). Download-
ing is followed by a decision,URL "B' is visited, down-
loadingstarts,andsoon. Series’A', 'B', 'C' ::: is called
path. Black (grey) link: (not) in database.Solid (empty)
circle: (not) in database.

(B): Example. Empty (solid) circles: (not) novel doc-
uments. Positve (negative) numbers: reward and pro t
(cost). Vertical dashedines: consecutie time steps.Dots
onthe (t + k)** dashedine: documentswvailableat time
stept + k — 1. Pathstartsat URL "A'. At start,documentsf
neighboringURLs 'B', 'C' and D' aredownloaded.URL
D' is visitednext; thistime stepis denotedoy t — 1. Docu-
mentsof URLs E', 'F' and’G' aredownloaded Document
of URL "G' hasanobsoletedate. Documentof URLS 'E'
and'F' aresentto thecenter Documenbf URL “F' is novel
tothecenter Prot 98is recevedby theforager URL "B’
is themostpromisingandis visited next.
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Fig. 2: Experimental results

(a): Therateof sentandrewardeddocumentshaveddaily

oscillations. Lighter (darker) gray curve: the ratio of re-
wardedto sent(rewardedto downloaded)documentsHor-

izontal lines: averagevaluesof the two curvesduringtwo

workdays. Light (darker) gray regions: numberof for-

agersis 6 (numberof foragersincreasegrom 14 to 18).

Division of work: (b,c) Horizontal axis in “month.day’
units. (b): Numberof sitesvisited by only one forager
relative to the numberof all visited sitesin a nite time
period(~ 75mins). Contrikbution of a singleforageris su-
perimposedn cumulatedcontritutions of older foragers.
The differencebetweenl.0 andthe upperboundaryof the
curvescorresponds$o theratio of sitesvisitedby morethan
oneforager Duration: aboutthreedays. (¢): Samefor 16
day period. Theratio of differenttwo steptrajectoriegela-
tiveto all two steptrajectoriecconditionedhatthetwo step
trajectoriesstartfrom the samesite variesbetween/0-80%
(notshown).

secondweelend of the experimentthan during the rst.
Furthergains in downloading speedare indicatedby the
relative shift betweenlighter gray and darker gray peaks.
The darker peaks(ratio rewarded/davnloaded)keeptheir
maximaat aroundmidnight GMT, lighter peaks(ratio re-
warded/sentkhift to earliertimes by about6 hours. The
shift is dueto changesn the numberof sentdocuments.
Theminimaof thisnumbershiftsto around6:00P.M. GMT,
when it is around3:00 A.M. in Japan. (Identical dates
can be found for a 48 hour period centeredaroundnoon
GMT.) Maxima of the relevant documentsare at around
11:00PM. GMT (around6:00 PM. EST of the US). Dur-
ingthe rst week,thehorizontallines(averagevaluesof the
correspondingurvesduring 2 workdays)arevery closeto
eachother Both averagesincreasefor the secondweek.
The ratio of sentto reinforceddocumentsncreasesnore.
Thereis a darker grey region in the gure. At the begin-
ning of this region, more crawlers undego multiplication
andtherelative shift of the two curvesbecomedarger At



theend,whenmultiplicationslows down, it is small. Later,
becaus®f similar reasonsthe shift increasesgain.

Division of work is illustratedby Fig. 2(b)- 2(c). Ac-
cordingto Fig. 2(c) large proportionof the sitesarevisited
exclusively by not morethanoneforager Only about40%
of the sitesis visited by morethanoneforager Fig. 2(b)
demonstrateghat new foragersoccupy their territories
quickly. Similar datawere found for few (2-4, Fig. 2(b))
andfor mary (22, Fig. 2(c)) foragers(upperboundaryis
aboutthesame).The gures depictthe contritutionsof in-
dividual foragers:as new foragersstart,they quickly nd
goodterrainswhile the olderonesstill keeptheir goodter-
ritories. The ervironmentchangesery quickly, cca. 1200
nev URLswerefoundevery day.

The ratio of differenttwo step trajectoriesrelative to
all two steptrajectoriesconditionedthat the two steptra-
jectoriesstart from the samesite varies between70-80%
(not shawvn). Consideringthat the rst stepof the two-
stepdrajectoriesareevaluatedas good' choiceshy thefor-
agerghisratio shavsthatforagersexhibit different’beha-
iors'. Suchdifferencesshouldbe even more pronounced
if naws of different kinds were searchedor. In turn, a
relatively large numberof siteswere visited by different
foragersandif siteswere visited by more than one for-
ager then they typically followed different paths. Dif-
ferencesbetweenhunting/foragingterritories and/or dif-
ferencesbetweenconsumedood are called compartmen-
talization (sometimescalled niche formation) The experi-
mentsdemonstratghat compartmentalizationis fastand
efcient in ouralgorithm.

We note that clustering coefcients of elementsof the
weblaysweretypically high.

3.2 Making order in SFSWs and evaluating the
order quickly

Our bottom-upclustering(BUC) algorithmis a local pro-
cedurethat works by messageassageto neighbors;.e.,
to nodesthatnodesaredirectly pointingonto. BUC trans-
forms a generalscale-freestructureinto a scale-freetree,
amenableor humanintelligence. It is a hierarchicalag-
glomeratve algorithmbasedon local decisions.At the be-
ginning, every nodeis a different cluster Eachof them
decidesf it is a centerof a clusteror if it belongsto one
of its neighbors.The decisionis basedon informationre-
guestedfrom the neighbors. In turn, clustersare formed
aroundcenternodes.In the next step,clustersare consid-
eredasordinarynodes.Neighborsandtheir local informa-
tion arerecalculatedo maintainscale-fregproperties.We
have investigatedthe speedf the BUC algorithmby com-
paringit to our previoustop-daovn clustering(TDC) algo-
rithm. (TDC is atypical top-dawvn graphclusteringalgo-
rithm which usesglobal information. In this methodthe
nodeswhich have themostdisjunctsetof neighborsarethe
clustercenters. Other nodesbelongto the nearestcenter
node.)Runtimesof TDC andBUC arecomparedn Fig. 3.
BUC is very fast.

Our key assumptioris thata clusteringalgorithmshould
produceclusterscontainingdocumentshat are relatedto
eachother: A subnetof the Internetcanbe quali ed onthe
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Fig. 3: Run times of top-down and bottom-up cluster-
ings.

Comparisongremadeon small-world networks generated
by the Watts-Strogtz algorithm. Horizontalaxis: Number
of nodesin network. Vertical axis: Time of clusteringin
secondsusingordinaryPCsTop row: Top-dawvn clustering
(TDC). Right (Left): whenthe bestparametersf similar-
ity andsizeare(not) known. Notethat TDC of 3600nodes
took 3 days(left) andcca. 3 hours(right). Middle row:
Bottom-upclustering(BUC). Left: estimatedunningtime
on parallelPCs.Right: runningtime on a singlePC.Note:
The strongnon-lineardependencef the left gure is due
to nodesformed by BUC that have low clusteringcoef-
cientsandare connectedo mostothernodes.This canbe
avoidedby slight modi cation of the algorithmthat keeps
scale-fregproperty Bottomrow: Sameasmiddle row but
only for the rst iterationof clustering.Thesedataprovide
an estimationof the runningtime of the algorithm, which
keepsscale-fredeatureqseenoteaboutmiddlerow).

basisof coherenc®f documentsn the clusters.The evalu-
ationof networkswasexecutedon thefollowing domaing:

1. American Heart Association (AHA):
http://www.americanheart.orgq. It is

well equippedvith keywordsandkeyphrases

2. Centerfor devicesandradiologicalhealth(General):
http://www.fda.gov/ cdrh/ index.html.
It is moderatelywell equippedwith keywords and
keyphrases

3. Collaboratve Hypertext of Radiology (Radiology):
http://chorus.rad.mcw.edu. It is moder
atelywell equippedwith keywordsandkeyphrases

We have usedthe keywords constructedby the expertsof
the domain. We usedour keyword extractionmethodsand
measurechow well the keywords representedheir own
clusters. Explanationof the clustering gures is provided
in Fig 4.

INote that the clustering algorithm may spoil the coherence
of documents in the clusters. BUC — under certain conditions —
showed similar performance to TDC.
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Sum
Sum

KW =unique keywords of cluster
OR = docs with at least one KW
AND = docs with all KWs

Number of 30% keywords (N3K) =5 (B, C, E, O and U)

Number of ‘OR documents’ = 3(100%), 2(50%), 0(0%), 2(100%)

‘OR’ quality =100*7/12% = 58%

Number of ‘AND documents’ = 1(33%), 2(50%), 0(0%), 2(100%)

‘AND’ quality =100*5/12% = 41%

‘Sum Sum’ = N3K and gray level for KW qualities
Fig. 4: Explanatory example for the figures.
Left: 4 clusters, 12 documents,10 keywords, occur
rence threshold (30%) for de ning representate key-
words, Right: sizeorderedtablewith numberof keywords
in clustersgray scalecoloringshavedtherelative number
of documentscontainingthe belov threshold(i.e., good)
keywordsfor 'OR’' (i.e., at leastoneof the keywords)and
for 'AND' (all keywordswithoutexception)relations.

Definitions. Occurrenceratio of a keyword in a cluster.
A documentcontainskeyword K or not. The numberof
documentf clusterC containingkeyword K relative to
all documentsn that clusteris calledthe occurrenceatio
of keywordK in clusterC. Keywordsof a cluster. keyword
K belongsto clusterC if the occurrenceatio of keyword
K is atits maximumin clusterC. In caseof a tie, ran-
dom choiceis madebetweenthe candidateclusters. The
maximum occurrenceratio of keyword K is denotedby
rmax(K ). Threshold Thresholdis a numberbetween0
and1l. Repesentativekeywords If maximumoccurrence
ratio of keyword K is achieved by clusterC, if threshold
issetto 0 < < 1 andif the occurrenceratio of key-
word K in eachclusterB # C is lower thanor equalto

xrmax(K ), thenwe saythatkeywordK is representatie
to the clusterhierarcly atthreshold . Similarly, if the oc-
currenceratio of keyword K in aclusterB # C is higher
than =« rmax(K), thenwe saythatkeyword K is notrep-
resentatie to theclusterhierarcly atthreshold . 100« %
keyword: A keyword is called 100« % keyword, if it is
a representatie keyword at threshold . "TAND' and "OR’
relationsof keywords: If documenD of clusterC contains
all representate keywordsof clusterC thenthedocument
is an"AND' documentSimilarly, if documenD of cluster
C containsat leastone of the representatie keywords of
clusterC thenthe documenis an OR' document.”AND'
and OR' qualitiesof clustes: The numberof "AND' doc-
umentsof a clusterto the numberof all documentof that
clusteris calledthe "AND' quality of the cluster Similarly
for the 'OR' quality of acluster "AND' and "OR' qualities
of clustering Thenumberof "AND' document®f all clus-
tersrelative to the numberof all documentf all clusters

is the "AND' quality of clustering. Similarly to the "OR'
quality of clustering.

Different versions of the algorithm have beentried. To
all methods10differentrunswereexecutedo seethevari-
ances. We developedmethodsto balancethe size of the
clustergFig. 5).
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Fig. 5: Results of balanced clustering.

Threshold : 0.3. Numberson the horizontalaxis: First
(secondandthird) 0 to 9 columns:AHA, GeneralandRa-
diology data-basesespectrely. Numberson the vertical
axis: Clusternumber Thelargerthe numbeythelargerthe
clusteris. (a): Method 'small clustersdo not count' (b):
Method “'small clustersjoin closestrelative' (¢)-(d): Clus-
tersizedistributionsin thedifferentrunsfor database8HA
(left), Generalmiddle)andRadiology(right)

Thresholdedor balanced)clusteringalgorithm (TCA):



TCA makesuseof minimal clustersizeparametes. Given
a sequencef clusteringphasesthat clusteringis selected
in which therearethe mostclusterswith sizelargerthans
andif morethanonesuchclusteringexists,thenfrom these
clusteringsthe oneis selectedn which therearethe least
clusterswith sizesmallerthans.

Smallclustes do not count: TCA wasused rst. After
TCA hasstoppedall small clusterswerejoinedto form a
singlecluster Mutual informationbasedkeyphraseextrac-
tion wasappliedto the setof clustersformed. Keyphrase
evaluationusedthesekeyphraseon the setof clustersnot
containingthejoinedone.

Smallclustes join closestrelative: TCA wasused rst.
After TCA hasstoppedsmall clusterswerejoinedto their
“closestrelative’. The closestrelative is determinedby
meansof the representadie keywords of clusterA - doc-
umentsof clusterB matrix. Theij ** elemenbf this matrix
is 1 (0) if theit* keyword of clusterA occurs(doesnot
occur)in thej ** documenbf clusterB. The closestrela-

densematrix. Closestrelative of a small clusterwascho-
senfrom the set of large clusters. The small clusterwas
includedinto its closestrelative. This procedurewasfol-
lowed by keyphraseevaluation.

Thebalancednethodsshav improvedclusteringproper
ties. Representate keywords are presentin mediumand
large clusters,too for all threedatabasesFurtherproper
tiesof keyword extractionfor differentinternetdomainsare
shawvnin Fig. 6

012345678901234567890123456789

Fig. 6: All words used for keyword extraction

First (secondandthird) 0 to 9 columns:AHA, Generaknd
Radiologydata-basesiespectiely. Numberson the ver-

tical axis: Thresholdvalues. Numbersin boxes: number
of representatie key-words chosenfrom all words. Gray
scale:OR qualitiesof clusteringat differentthresholds.

Similar resultswerefoundfor the casewhenrepresenta-
tive key-wordswere chosenfrom all keywords (the words
of keyphrasemetatagspf thedatabasesAs it hasbeenex-
pectedon the basisof Fig. 6, our keywords are betteron
databas&Radiologythanon databas@HA. The keywords
of databas®adiologyandthestructureof this databasare
bettermatched.This could be the resultof the highly spec-
ied eld treatedby this Internetdomain. AHA is more
generahndis in betweerdatabaseRadiologyandGeneral.

Also, databasdRadiologyis morefor specialistswhereas
thetwo otherdatabasearemorefor the public.

3.3 Representing clusters: Keyword extraction

Keyword and keyphraseextraction algorithmswere used
for representingclustersand evaluatingthe ef ciency of

clusteringalgorithms. Different methodswere tried, in-

cludingthe KEA algorithm[11], wordsof the “keyphrase'
metatagmutualinformationcomputedfor wordsand mu-

tual information computedfor keywords. Computationof

mutualinformationwasappliedsimilarly to the technique
describedby Joachimg12]. It wasfound that mutualin-

formation is aboutas good or betterthan KEA with the
bottom-upclusteringalgorithm.

3.4 Adaptation to the user

The last componentof our algorithmsaims adaptationto
user: The algorithm highlights the links in the browset
which mostprobablymatchthe goal of the user This way
we canhelpthe userby restrictingthe numberof links to
choosdrom. Thegoalwasestimatedy therecentstepsof
the user Thealgorithmis basedon a setof text classi ers
which have outputvaluescloseto +1 or —1. Output+1
(—1) meanghattheinput belongs(doesnot belong)to the
text classof theclassi er, thatis, aclassi er canbeseenas
anexpertof its class.

We have assumedhat the behaior of ary usercanbe
approximatedoby a relevance (or weight) vectorw 7 =

scalarproductof the outputvector (ST =
concatenatedrom the outputsof the classi ers) and the
weight vector wheresuperscripflT denotegransposition.
The goal of the link highlighting systemis to optimizeits
weightsto theuser Ourassumptiorallows us—in principle
— to adaptto a large numberof users.To give aroughes-
timation, let usrestrictthe choiceof weightsto +1. Then,
for n, the numberof possibleusersis 2". Of course,the
real issueis not to increasen but to choosethe right text
classes.

Thelink highlighting taskis to predictthe next decision
to bemadeby theuser Two typesof questionsanbeasled
during the process. (i) Which is the next documentto be
chosenrby the user?(ii) If we rankthelinks, how goodis
thisranking?We shall saythatthe goodnes®f ourranking
is90%onaveragejf onaverageonly 10%of thedocuments
hasbeengiven betterranksby the learningalgorithmthan
the documentselectedby the user Thatis, if goodnes®f
ranking is above 90% then about10% of the documents
couldbehighlighted.

In our experimentsthe model user correspondedo a
classi er. This classi er wasexcludedfrom the classi er
setusedby thelink highlightingalgorithm. Themodeluser
alwayschosethe documentwhich hadthe highestsimilar-
ity valueaccordingto the singleclassi er (seelater). The
link-highlighting systemhadto mix differentclassi ersto
identify the modeluser In someteststhe modelusercould
changethe topic of interestin order to testthe speedof
adaptation.



We testedour methodwith differentkinds of classi ers.
On a downloadedportion of the Geocitiesdatabasdi.e.,
90,000html documentsyve separated0 basicclustersby
Boley's classi cationmethod[13] known to performwell
ontexts. For classi cationof documentsn theclustersthe
probabilisticterm frequeng inversedocumentfrequeny
(PrTFIDF) classi cation method[12] was used. We de-
velopeda larger classi er setby building context graphs
aroundtheBoley clustersandtrainingclassi ersto its one-
step,tow-step,etc. contexts [14] .

Differentadaptatioralgorithmswerealsotried. Our best
method,VEMW technique,utilized moving windov and
modulateccorrectiongy theerrorof valueestimation.The
algorithmis asfollows:

(t+1) = WT@)(S*(t+ 1) — S(t+ 1) (1)

Wen) = = (ErDWO+  (+ DS+ 1)
(- (t+ )W () + (t+ 1)S(t+ 1)

)

where was set to constantto follow online changes,

S*(t + 1) is the bestselectionaccordingto the value es-
timation,S(t + 1) is theselectionof theuserand (t + 1)
isthevalueestimatiorerrorcomputedatsurfstept+ 1. It is
easyto seethattheestimatedrzalueof theuserselectedink
will beincreasedy Eqg. (2), providedthatthe S vectorsat
eachsteparenormalizedS(t)| = 1fort = 1;2;::. In this
caseW (t+ 1)TS(t+ 1) > W (1)TS(t + 1).
Performancesnthe Internetaredetailedin Fig. 7

4 Discussion

The algorithmsthat we have introducedor are using, in-
clude(i) fastorderingof Internetdomains(ii) keyword ex-
traction, (iii) novelty detection,and (iv) adaptatiorto and
interactionwith the user This interactioncanassumedif-
ferentforms. We list afew exampleswhich couldbeof use
for not-yet-seemlomainsof the Internet.

1. The useradaptationalgorithm, as describedin sub-
section 3.4, develops a weight vector which con-
tainssomeinformationaboutthe users interest. This
weight vectorcanbe usedto lter out a certainper
centageof the documents.The remainingdocuments
canbereoganizedby thefastclusteringalgorithmand
canbe presentedo the user Having a setof possible
usersthedatabaseanbe pre- Itered by theappropri-
ateweightvectors.

2. The keyword extraction algorithm can provide key-
wordsfor documentsdocumentsetsand Internetdo-
mains. The BUC algorithm and keyword extraction
togethercanindicate,which portion of the novel do-
main may containcohereninformation.

3. Pre- Itering canbe executedby providing keywords,
“and', “or', "near',relationsamongsthem,andsoon.

4. Searchand pre- Itering of novel documentsshould
be feasibleby combiningthe novelty detectingagent
communitywith oneor moreof the pre- Itering meth-
ods.
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Fig. 7: Performances and individual cases.

(a): all Boley classesareusedfor userestimation(b): the
users Boley classis excludedfrom theestimationand(c):

sameasb andthesetof classi ersusedfor estimations ex-

tendedby classi ersbelongingto levels of context graphs.
(d): ThebesthighlightingresultontheInternetfor thecase
(b) of this gure, (c): highlightingwith the worstresulton

the Internetfor the same(d): case(a) of this gure with a
userchangingoehaiors. Inset:fastadaptatiorat stepnum-
ber100. Uppercunes: performanceslower curves: value
estimatiorerrors.Error barsdenotevariances.

Thesetypesof interactionsare certainly of usefor top-
ics, which arewell known or at leastfamiliar to the user
They could be of usefor topics,which the useris unfamil-
iar with. However, importantinformationmay be Itered
out by thesemethodsand careis neededvhennovel top-
ics aresearchedor. Novel topicsmight containwordsthat
we do notunderstanar have differentmeaningghenthose
we know. Theseare typical problems,realizedlong ago.
Theworstcasescenarids that(i) thematerialis nothaving
keywordsor it is having wrong keywords, (i) the material
is nev andwe andour “experts' are unfamiliar with it. In
this case novel methodsarein needthat have explanatory
power andcanhelpin theunderstandingf the material.

Methodsthat have explanatorypower arerare. One of
themis the useof synoryms. Although for novel materi-
als synoryms may not be available in books,the domain
thatwe arelooking at, or novel contenton the Internetcan
reveal suchrelations. Suchalgorithmhasbeendeveloped
by Turney [15]. The mostintriguing approachfor under
standingunknovn phrasesf unknovn materialshasbeen
initiated by Turney andLittman [16]. Their algorithmaims
to nd analogieso explain the meaningof a word in the
givencontet. In anothempaperit is mentionedhatcombi-
nationof differentmodulescanbe of usefor the synorym
andanalogyproblems[17]. In their work, they usestatis-
tical informationavailableon thenternetto provide expla-
nations.Clearly, for afastchangingworld andfor partially
orderedknowledge,this shouldbe a usefulapproachpro-
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