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Abstract

We preseri the Flink systemfor the extraction, aggregationand visualization of on-
line sacial networks. Flink employs semariic technology for reasoningwith personal
information extracted from a number of electronic information sourcesincluding
web pages, emails, publication archives and FOAF pro les. The acquired knowl-
edgeis usedfor the purposesof social network analysis and for generating a web-
basedpresenation of the community. We demonstrate our novel method to sccial
sciencebasedon electronic data using the example of the Semariic Web researt
community.
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1 Intro duction

The possibility to publish and gather personalinformation (sud as the in-
terests, works and opinions of our friends and colleagues)has beena major
factor in the succes®f the Web from the beginning. Remarkably, it wasonly
in the year 2003that the Web hasbecomean active spaceof sccialization for
the majority of users.That year hasseenthe rapid emergencef a new breed
of web sites, collectively referredto as Sacial Networking Services(SNS). The
“rst-mover Friendster! attracted over 5 million registeredusersin the span
of a few months [13], which was followed by Google and Microsoft starting or
announcingsimilar services.
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Although these sites feature much of the sameconent that appear on per-
sonalweb pages,they provide a certral point of accessand bring structure in
the processof personalinformation sharingand online sccialization. Following
registration, these sites allow usersto post a pro le with basic information,
to invite others to register and to link to the pro les of their friends. The
systemalso makesit possibleto visualize and browse the resulting network
in order to discover friends in common, friends thought to be lost or poten-
tial new friendshipsbasedon sharedinterests. (Thematic sites cater to more
speci ¢ goals, sudh as establishing a businesscortact or nding a romartic
relationship.) The latest breed of social networking servicescombine sccial
networks with the sharing of content sud as bookmarks, documerts, photos,
reviews.The ideaof network basedknowledgesharingis basedon the saciolog-
ical theory that sacial interaction createssimilarity and vice versa,interaction
createssimilarity (friends are likely to have acquiredor dewelop similar inter-
ests). Lately, the notion of ratings and sacial networks-basedtrust are also
investigatedasa Itering medanismin looselycortrolled environmerts.

Despite their early popularity, usershave later discovereda number of draw-
bads to certralized social networking services First, the information is under
the control of the databaseowner who hasan interest in keepingthe informa-
tion boundto the site. The pro les storedin thesesystemscannotbe exported
in madhine processabldormats and thereforethe data cannot be transferred
from one systemto the next. (As a result, the data needsto be maintained
separatelyat di®eren services.)Secondcertralized systemsdo not allow users
to cortrol the information they provide on their own terms. Although Friend-
ster follow-ups o®erse\eral levels of sharing (e.g. public information vs. only
for friends), usersoften still nd out the hard way that their information was
usedin ways that were not intended.

Theseproblemshave beenaddressedwith the useof Semanic Web technol-
ogy. The Friend-Of-A-Friend (FOAF) project? is a rst attempt at a formal,
macdine processablerepresemation of user pro les and friendship networks.
Unlike with Friendster and similar sites, FOAF pro les are createdand con-
trolled by the individual userand sharedin a distributed fashion®. Much like
the way web pagesare linked to eah other by anchors, thesepro les link to
the pro les of friends by using the rdfs:seAlso relation, creating the so-called
FOAF-web.

The alert readermay note that for the purposesdescrited above, namely pro-
viding a structured represemation of userpro les, the useof XML technologies
would have suzced. In fact, the real value of FOAF is that it represefs an

2 http://www.foaf-  project.org
3 FOAF proles are typically postedon the personalwebsite of the userand linked
from the user'shomepagewith the HTML META tag.



agreemeh on key terms and that it is descrikedin a semartic format (namely,
OWL Full). These properties make FOAF the ideal basis for the semaric
integration of personalinformation extracted from heterogeneouknowledge
sources?

Flink, our systemto be introducedis the rst to our knowledgethat exploits
FOAF for the purposesof saial intelligence. By scacial intelligence we mean
the semarics-basedintegration and analysis of sacial knowledge extracted
from electronic sourcesunder diverseownership or cortrol. In our case,these
sourcesare largely the natural byproducts of the daily work of a community:
HTML pageson the Web about peopleand events, emails and publications.
From these sourcesFlink extracts knowledge about the sccial networks of
the community and consolidateswhat is learned using a common sematic
represemation, namely the FOAF ontology.

The raisond'etre of Flink canbe summarizedin three points. First, Flink is a
demonstration of the latest Semartic Web technology (and assud a recipiert
of the Semaric Web ChallengeAward of 2004).In this respect, Flink is inter-
esting to all thosewho are planning to dewelop systemsusing Semairtic Web
technologyfor similar or di®eren purposesSecondfFlink isintendedasa por-
tal for anyonewho is interestedto learn about the work of the Semarnic Web
comnunity, asrepreseted by the pro les, emails, publications and statistics.
Hopefully Flink will also cortribute to bootstrapping the nasceh FOAF-web
by allowing the export of the knowledgein FOAF format. This can be taken
by the researbersasa starting point in setting up their own pro les, thereby
cortributing to the portal aswell. Lastly, but perhapsmost importantly, the
data collectedby Flink is usedfor the purposesof sacial network analysis,in
particular learning about the nature of power and innovativenessin scieri ¢
communities.

In this paper the focusis on the rst two aspectsof Flink. We beginwith the
introduction of the systemfrom a user perspective in Section2. In Section3
we descrile the architecture of Flink in detail and discussthe lessonsthat
have beenlearnedwhile deweloping its componerts. We brie°y introducethe
idea of network analysisusing Flink in Section4. Relatedand future work are
discussedn the last two sectionsof this paper.

4 While FOAF carriesa necessanyjevel of commitment, the maintainers of ontology
are also careful not to overly restrict the interpretation of the ontology in order to
keepits wide appeal to di®erent communities and usagescenarios.



2 Flink: A who is who of the Semantic Web

Flink is a preseration of the professionalwork and scocial connectivity of
Semaric Web researbers. For our purposeswe have de ned this comnunity
as those researtiers who have submitted publications or held an organizing
role at any of the past International Semaric Web ConferencesISWC02,
ISWCO03, ISWC04) or the Semartic Web Working Symposium (SWWS01).°
This meansa comnunity of 608researbersfrom both academiaand industry,
covering much of the United States, Europe and to lesserdegreeJapan and
Australia (seeFigure 1).

Fig. 1. Semaric Web researters and their connectionsacrossthe globe.

Flink takes a network perspective on the Semarnic Web comrmunity, which
meansthat the navigation of the websiteis organizedaround the sccial net-
work of researbers. Oncethe userhas selecteda starting point for the navi-
gation, the systemreturns a summary pageof the selectedresearber, which
includespro e information aswell aslinks to other researbersthat the given
personmight know. The immediate neighbourhood of the sccial network (the
ego-nework of the researber) is alsovisualizedin a graphical form (seeFig-
ure 2).

5 An common alternative way of de ning the boundary of sciertic communities
is to look at the authorship of represenativ e journals (seee.g.[10]). Howewer, the
Semartic Web has a dedicated journal only since 2004 and many Semaric Web
related publications appear in journals not ertirely dewted to the Semaric Web.
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Fig. 2. The social network of a researter.

The pro e information and the sccial network is basedon the analysisof web-
pages.emails,publications and self-createdpro Iles. (Seethe following Section
for the technical details.) The displayed pro Ie information includesthe name,
email, homepagejmage, atliation and geographiclocation of the researter,
as well as his interests, participation at Semanic Web related conferences,
emailssen to public mailing lists and publications written on the topic of the
Semarttic Web. The full text of emails and publications can be accessedy
following external links. At the time of writing ©, the systemcortained infor-
mation about 5147 publications authored by members of the community and
8185messagesert via ve Sematic Web-relatedmailing lists.

The navigation from a pro le can also proceedby clicking on the namesof
co-authors, addressee®r others listed as known by this researber. In this
case,a separatepage shavs a summary of the relationship betweenthe two
researbers,in particular the evidencethat the systemhascollectedabout the
existenceof this relationship. This includesthe weigh of the link, the physical
distance, friends, interests and depictions in common as well as emails sert
betweenthe researbersand publications written together.

The information about the interests of researbers is also usedto generate
an ontology of the Semarnic Web community. The conceptsof this ontology
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are researt topics, while the assaiations between the topics are basedon
the number of researbiers who have an interest in the given pair of topics
(seeFigure 3). An interesting feature of this ontology is that the assaiations
createdare speci ¢ to the comnunity of researberswhosenamesare usedin
the experimert. This meansthat unlike similar lightweight ontologiescreated
from a statistical analysis of genericweb content, this ontology re°ects the
speci ¢ conceptualizationsof the commnunity that was usedin the extraction
process(seethe following Section). Also, the ontology naturally ewlvesasthe
relationshipsbetweenreseart topics changes(e.g. ascertain elds of researt
move closerto ead other). For a further discussionon the relation between
scciability and semartics, we refer the readerto [17].
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Fig. 3. The ontology of researd topics.

The visitor of the website can alsoview somebasicstatistics of the sccial net-
work. Degree closenesand betweennesare commonmeasuref importance
or in°uence in Sccial Network Analysis, while the degreedistribution attests
to a general characteristic of the network itself (seeFigure 5). Geographic
visualizations of the Semartic Web o®eranother overview of the network by
showing the placeswherereseartiersare located and the connectionsbetween
them (seeFigure 1).

3 System design

Similarly to the designof most Semartic Web applications, the architecture
of Flink can be divided in three layers concernedwith metadata acquisition,



storageand visualization, respectively. Figure 4 showns an overview of the sys-
tem architecture with the three layers arrangedfrom top to bottom. In the
following, we descrite the layersin the sameorder.
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Fig. 4. The architecture of Flink from metadata acquisition (top) to the userinter-
face (bottom).

3.1 Acquisition

This layer of the systemconcernsthe acquisition of metadata. Flink usesfour
di®eren typesof knowledgesourcesHTML pagesfrom the web, FOAF pro-
‘Tes from the Semaric Web, public collections of emails and bibliographic
data. Information from the di®eren sourcess collectedin di®eren ways but
all the knowledgethat is learnedis represetted accordingto the sameontol-
ogy (seethe following Section). This ontology includes FOAF and minimal
extensionsrequired to represem additional information.

The web mining componert of Flink employs a co-accurrenceanalysis tech-
nigue rst appliedto scocial network extraction in the work of Kautz et al. [14].
Given a set of namesas input, this componert of the systemusesthe sear®
engineGoogleto obtain hit courts for the individual namesaswell asthe co-
occurrences(The term "(Semartic Web OR ontology)" is addedto the query
for disanmbiguation.) The strength of assaiation betweenindividuals is then
calculated by normalizing separatelywith the pagecouns of the individuals.
The resulting value is a non-negative real number from a power-law distribu-
tion. We considerthis value asevidenceof a directedtie if it reachesa certain



prede ned threshold and the hit courts for the individuals are also above a
certain minimum, in order to ensurethat the support for the co-cccurrenceis
high enough.

The web mining componert alsoperformsthe additional task of nding topic
interests, i.e. assaiating researtiers with certain areasof researt. Given a
set of namesand a list of interests (or any other kind of domain concept),
the system calculatesthe so-calledGoogle Mindshare for ead researber to
determinewhether a given personis assaiated with a certain interest or not.
The Google Mindshare of a personwith respect to an interest is simply the
number of the pageswherethe namesof the interest and the personco-accur
divided by the total number of pagesabout the person. Note that we do
not factor in the pagecourt of the interests, sincewe are only interestedin
the expertise of the individual relative to himself.” The resulting measureis
againa zeroor positive real term with a power-law distribution. We assignthe
expertiseto an individual if the logarithm of this valueis at leastonestandard
deviation higher than the mean of the logarithmic values.(Note that we are
following hereare a 'rule of thumb' in network analysispractice.)

FOAF pro les aregatheredfrom the Semartic Webin two steps.First,an RDF
crawler (a so called scutter) is started to collect pro les from the FOAF-web.
A scutter works similar to an HTML crawler in that it traversesa distributed
network by following the links (rdfs:se@Also properties) from one documert
to the next. Our scutter is focusedin that it only collectspotentially relevant
statemerts, i.e. thosetriples wherethe predicateis in the RDF, RDF-S, FOAF
or WGS-84namespaceThe scutter alsohasa medanismto avoid large FOAF
producersthat are unlikely to provide relevant data, in particular blog sites.
(The overwhelming presenceof thesesites also make FOAF characterization
dizcult, see[11].) The scutter also discardsdocumerts that are simply too
large and therefore unlikely to cortain a personalpro le. Theserestrictions
are necessaryto limit the amourt of data collected, which can easily reath
millions of triples after running the scutter for only an hour. In a secondstep,
the FOAF individuals found in the collection are matched againstthe pro les
of the members of the target comnunity to Tter out relevant pro les from
the collection. (Seethe following Section.)

Information from emailsis also processedn two steps.In this case,the rst
steprequiresthat the emailsare downloadedfrom a POP3 or IMAP storeand
the relevant headerinformation is captured in an RDF format, where FOAF
is used for represeting information about sendersand receiers of emails,

’ By normalizing with the hit court of the interests the measurewould assigna
relatively high score- and an overly large number of interests- to individuals with
many pageson the Web.) Sincewe normalize only with the pagecount of the person
involved we cannot comparethe assaiation strength acrossinterests. However, this
is not necessaryfor our purposes.



in particular their name (as appearsin the header) and email address.The
secondstep is then the sameas above.

Lastly, bibliographic information is collected in a single step by querying
Google Stholar with the namesof individuals (plus the disambiguation term).
From the results we learn the title and locations of publications as well as
the year of publication and the number of citations where available.® This
knowledgeis represeted in the SWRC ontology format (except for citation
courts, which cannot be expressed).An alternative source of bibliographic
information (usedin previous versionsof the system)is the Bibster peer-to-
peernetwork [9], from which metadata can be exported directly in the SWRC
ontology format.

3.2 Representation,inferene and storage

This is the middle layer of our systemwith the primary role of storing and
enhancingmetadata through reasoning.

The network ties, the interest assaiations and other metadataare represered
in RDF using terms from the FOAF vocabulary sud as foaf:knows for rela-
tionships and foaf:topic_interest for researt interests. (FOAF is the native
format of pro les collected from the Semaric Web.) A rei cation-based ex-
tensionof the FOAF maodel is necessaryto represen asseiation weights. (For
a more detailed treatment of current issuesin social ontology, we refer the
readerto [19]).

Extensionsto the FOAF model are also necessaryto record the provenance
of the statements collected.® Currently, this is also expressedisingthe RDF
rei cation medanism, which signi cantly addsto the amourt of data that
needsto be handled. We hope that in the future our storage facility will
provide native featuresfor context support, which would improve the exciency
of storing and queryingsud information. This support would be alsonecessary
to implement excient updatesof the information.

The aggregatedcollection of RDF data is stored in a Sesamesener. (For
more information about the SesameRDF storageand query facility, we refer
to [4].) Note that sincethe model is a compatible extension of FOAF, the
knowledgecan be further processedrom this point by any FOAF-compatible

8 Note that it is not possibleto 'nd co-authors using Google Scholar, sinceit sup-
presseghe full list of authors in caseswherethe list would be too long. Fortunately,
this is not necessarywhen the list of authors is known in advance.
9 Provenancein our system consistsof the sourceof a statemert and the time it
was collected. In future scenarioswe would like to add the date of



tool. An exampleof that is a genericcomponert we incorporated for nding

the geographicallocations (latitude, longitude coordinates) of place names
found in the FOAF pro les. This componert invokesthe ESRI Place Finder
SampleWeb Service,which providesgeographidocationsof over three-million
placenamesworldwide.® Web Serviceinvocation is facilitated by the Apache
Web Servicelnvocation Framework, which usesthe WSDL pro le of a Web
Serviceto generatethe code required to interact with the service.

Besidesstorage,inferenceis another major task of the middle layer. Sesame
appliesthe RDF closurerules to the data at upload time. This feature can

be extended by de ning domain-sgeci ¢ inferencerules in Sesame'scustom

rule language.(Note that barring a standard rule languagefor the Semariic

Web, this remainsas a practical alternative.) We usethis facility to express
mappings and metaknavledge, for example that co-authors of publications

and senders/receiers of emailsknow ead other in the FOAF sense.

Flink also makesuseof the rule languagefor carrying out idertity reasoning,
otherwise known as smushing. Identity reasoningis required to determine
the idertit y of instances(in this caseindividuals) acrossmultiple information
sources.The methods for snmushing in Flink are based on nhame matching
and object identi cation basedon the inverse-functionalproperties (IFPs) of
FOAF. IFP-basedmatching is directly axiomatizedin the rule language.lFPs
of the foaf:Person classinclude mailbox, mailbox chedksum, homepageand
seweral other properties. For example,if we nd that instanceA and instance
B of the foaf:Person classhave the samevalue for the foaf:mbox property, we
can concludeA owl:sameAsB. Name matching is implemerted in code and is
basedon the similarity of namesas strings. (Di®erencesn the last namesare
disalloved, howewver.) When matchesare found, the match is again recorded
using the owl:sameAs property.

The mergingof pro e information is basedon the semattics of the owl:sameAs
relation. SinceSesaméiasno built-in support for OWL equivalence we axiom-
atize the owl:sameAsproperty usingthe rule languageaswell. The rule-based
expansionof equivalence has the disadvantage that it requiresthe storage
of the sameinformation about all the equivalert instances.In principle, the
repository could be 'cleaned' by removing all but one of the equivalert in-
stances.However, the size of the repository is still moderate (also due to the
‘Ttering of irrelevant Personinstances)and the removal of statemerts would
likely require signi cant additional processing.

From a scalability perspective, we aregladto note that the Sesamesener o®ers
very high performancein storing data on the scaleof millions of triples, es-
pecially using native repositories. (Nativ e storagerefersto a le-system based

10 http://www.esri.com/software/arcwebservices/
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badk-endasopposedto repositoriesbuilt ontop of relational databases.Speed
of uploadis particularly important for the RDF crawler, which itself hasa very
high throughput. Unfortunately, the speedof upload drops signi cantly when
customrules needto be evaluated.

While the speedof uploadsis important to keepup with other componerts
that are producing data, the time requiredfor resolvingqueriesdeterminesthe
responsivenesf the userinterface. At the momen query optimization is still
a signi cant challengefor the sener. In many casesthe deweloper himself can
improve the performanceof a query by rewriting it manually, e.g.by reordering
the terms or breakingthe queryin two. The trade-o®betweenexecutingmany
small queriesversusexecuting a single large query also requiresthe careful
judgemen of the deweloper. The trade-o®is in terms of memory footprint
vs. communication overhead:small, targeted queriesare inexcient dueto the
communication and parsing involved, while large queriesproducelarge result
setsthat needto be further processedn the client side.

3.3 Browsingand Visualization

The userinterfaceof Flink is a pure Java web application basedon the Model-
View-Controller (MV C) paradigm. The key idea behind the MV C pattern is
a separationof concernsamongthe componerts responsible for the data (the
model), the application logic (controller) and the web interface (view). The
Apache Struts Framework usedby Flink helps programmersin writing web
applications that respect the MV C pattern by providing abstract application
componerts and logic for the pattern. The role of the programmeris to extend
this skeletal application with domain and task speci ¢ objects.

The model objects of Flink usethe graph model of the JUNG programming
toolkit. JUNG ! is a Java library (API) that providesan object-oriented rep-
resertation of networks aswell asimplemertations of important measuresand
algorithms usedin (social) network analysis. The model objects loosely map
the underlying ontology and retrieve data dynamically from the RDF store
as neededfor the presenation. > The network itself and the most commonly
accesseaobbjects are caded to improve performance.

In the view layer, servlets, JavaSener Pages(JSP) and the Java Standard
Tag Library (JSTL) are usedto generatea front-end that hides much of the
code from the designerof the front-end. This meansthat the designof the

1 http://jung.sourceforge.net

12The danger of a close mapping between the ontology and the run-time model
is that the application needsto be rewritten whenewer the underlying ontology
changes.
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web interface may be easily changed without a®ectingthe application and
vice versa.In the current interface, Java applets are alsousedon parts of the
site to allow the userto interact with the visualization.

We considerthe °exibilit y of the interfaceimportant becausehere many pos-
sibilities to presen sacial networksto the userand the bestway of preseration

may depend on the sizeof the commnunity aswell asother factors. The possi-
bilities range from "text only" proles (such asin the SNSOrkut 12) to fully

graphical browsing basedon network visualization (as in the FOAFnaut

browser). The uniquenessof presening sacial networks is also the primary

reasonthat we cannot bene't from using Semarnic Web portal generators
suth as HayStad [5], which are primarily targeted for browsing more tradi-

tional object collections.

The userinterface also provides medanismsfor exporting the data. For more
advancedanalysisand visualization options, the data can be downloadedin

the format usedby Pajek, a popular network analysis padage[3].Userscan
also download pro les for individuals in RDF/XML (FOAF) format. Lastly,

we provide marker Tes for XPlanet, an application that visualizesgeographic
coordinatesand gealesicsby mapping them onto surfaceimagesof the Earth

(seeFigure 1).

4 Social Network Analysis

The information extraction in Flink is not only the basisof the web application
descrilked above, but also providesthe data for a sociological study about the
role of networks in scierti ¢ innovation.

Sacial Network Analysis [20,22]is a specialization of the study of networks
[1] and it has beenapplied to a variety of sccial settings including networks
of ertrepreneurs, terrorist networks, health (sexual) networks, networks of
innovation etc. Network analysis provides the necessarytechniquesto prove
hypothesis(theories) that link network participation to e®ectson substartial
outcomessud asthe performanceof an individual or groupsof individuals.

A key idea in the structural approad to sccial scienceis that the way an
actor (an individual or a group) is embeddedin a network o®ersopportuni-
ties and imposesconstrairnts on the actor. Occupying a favored position or
having preferredkinds of personalconnectionsmeansthat the actor will have
better accesdo valuable information, resourcessccial support etc. and will

13 http://www.orkut.com
14 http://www.foafnaut.org/
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Fig. 5. Simple network statistics such as the degreedistribution of the network
(show on the bar chart) and the most common importance measures(show in the
table) are available through the web. Other statistics can be computed by exporting
the data to network analysis padkagessudc as Pajek or UCINET.

be exceedinglythought after for sud opportunities by actorsin lessfavorable
positions. In short, sccial network participation (social capital) might explain
a signi cant proportion of the di®erencesn performancewhen looking at
di®eren, but comparableactors.

With our study of the Semanic Web community our goal is to verify and
extend existing theories that relate network participation to innovation in
science.ln cortext of the related work (seealso Section5) our methods o®er
a unique opportunity in terms of the sizeof the network, the amourt of data
available and the possibility to obsene the dynamicsof the network.

A coupleof notesare in order about the quality of the data that we obtain,
especially in light of usingthis data for the purposesof sccial network analysis:

2 Interpretation of the networks

Onemight have noted alreadythat the network obtained from mining the
Webis a multiplex network onits own, possiblyre°®ecting the co-authorship
network, the discussionnetworks obtained from emailsor someother rela-
tionship. A closerlook at the resultsfor a single person(Frank van Harme-
len) shows that 44 of the rst 100 results returned (from a total of about
ten thousand) relate to publications and 9 to emails. (Note that the same
publication may be referencedin di®eren web pages.) Newertheless,this
network may complemen the other networks for di®eren types of rela-

13



tionships (sudch asinformal relationships) and data missingfrom the other
sourceqe.g.we may not be aware of all mailing lists related to the Semairtic
Web).

Errors in the extraction of specic cases

The network is also bound to cortain errors due to the method of col-
lection. The seart for co-accurrenceis carried out on the syntactic level
and shaows the typical drawbadks of internet seart. For example, it is pos-
sible that someof the returned pagesare about a di®eren personthan the
oneintended by the query. Ambiguity particularly e®ectgpeoplewith com-
mon names,e.g. Martin Frank. This dangeris mitigated by including the
disambiguation term in the query.

Queriesfor researbers who commonly use di®eren variations of their
name (e.g. Jim Hendler vs. JamesHendler) or whosenamescortain inter-
national characters(e.g. JBrdbme Euzenat) may return only a partial set of
all relevant documerts known to the seard engine.’®> Name ambiguity also
e®ectg500gle Stholar. For example,the person"Y ork Sure" is iderti ed as
a co-author of publications that are publishedin New York.

With respect to our use case,the situation is analogousto obtaining
incorrect data on a network questionnairefor a part of the responderts,
namely those with problematic names.Howe\er, this doesnot represen a
problemin computing statistics if the fraction of the casese®ectedhis way
remainssmall.

General noise

Information extraction will not only e®ectspeci ¢ cases,but create a
generalnoise.For example,a co-cccurrenceof nameson a web page need
not indicate any sccial relation in the scciologicalsenseand may be in fact
a pure coincidence(e.g. namesin a phone directory). Reliability may also
be e®ectedby Googleitself: the phenomenonof Google Dancecan alter the
measuredassaiation valuesdependingon the time of the query. Sud noise
in the data, howeer, will not skew scacial network statistics aslong asit is
distributed in an independert manner.

Despite the above ditculties in data collection, we are con dent that the
quality of the data will allow usto useit for the purposesof network analysis.

To verify our method, we also plan to executea separatestudy, where we

comparethe resultsfrom atraditional questionnairemethod to the acquisition

methods described here.

The results of our study of the Semaric Web commnunity may be of interest
to both this comnunity and the areaof researt policy in general,therefore
we plan to report on this work in future publications.

15Worthwhile to note that the ambiguity of querieswith respect to the corntent is

precisely the problem addressedby Semaric Web technology, in particular FOAF
for nding people.
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5 Related Work

Due to the interdisciplinary nature of the work, namely a technologicalinno-
vation supporting a sccial sciencestudy, the related work is far and wide.

Semarttic Web researt has produceda number of demonstrationsin the area
of semarnics-based knowledge managemet in particular semanic portals
for browsing large collectionsof documerts or other objects. Ontology-based
knowledge managemeh was the focus of the European On-To-Knowledge
project [18]andthe morerecert SEKT project ®. The speci ¢ areaof ontology-
basedportals has beenthe subject (among others) of the early work on the
SEAL portal generator[16]and the morerecen dewelopmern of the Haystadk
framework [5]. Flink sharesa technological basisand architecture with these
projects, with the di®erencethat the "collection” to be preserted is a set of
personsand the links betweenthem are provided by their sccial connectiv-
ity. The focus on these connectionsstrongly in°uencesthe presenation. For
example,the ties themsehes are preserted as individual objects on separate
pages.Also, network visualizations (sociograms) are usedto orient the user
and to provide relevant cortext information.

In traditional works of scietometrics, scierti ¢ networks are investigated by
collecting data manually (through interviews or questionnaires),by investi-
gating co-authoring and co-citation in scierti ¢ publications [6,2] using com-
mercially available databasesor by looking for other kinds of evidenceof co-
participation in researt activities, sud as public information about project
grants [10,8].

Our approad to data collection is part of the more recen trend of applying
methods of Computer Scienceto mining networks from electronic data. As
these methods are advanced by computer sciertists with an interest in net-
works, the focus of this literature is clearly on the methods of extraction or
analysisrather than the sacial theory. Emails are the sourceof sacial networks
in [7,21],while other projects extract networks from web pageswith methods
similar to ours[14,12]or -somewhatlesssuccessfullyby analyzingthe linking
structure of the Web[10]. As rst to publish suc a study, Paolillo and Wright
o®era rough characterization of the FOAF webin [11].

With our interdisciplinary approad, we hope to cortribute both to the meth-
ods of network analysis and to the theory of researt and innovation. We
build our work on the possibilitieso®eredby Semarnic Web technologyin the
collection of data, in particular, the aggregationof information from hetero-
geneoussources We complemen this with the methodology of sccial network
analysisto learn new insights about the role of the networks in the work of

16 http://www.sekt-  project.com
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the community, thereby bene tting both network theory and the community
under investigation.

Lastly, it is important to note with respect to Flink that the systemis ap-
plicable to a broader range of communities than the one that is featured in

the current application. The few comparative studies in webometrics (web-
based sciertometrics) suggestthat real-world networks of largely academic
researb comnunities (such asthe Semaric Web commnunity) are closelyre-
°ected on the Web [10,15]. This suggestthat our system could be usedto

generatepresettations of scierii ¢ comnunities in di®eren areas,potentially

on much larger scalesWith di®eren sourcesof data, the framework could also
be usedto visualizecommunities in areasother than scienceg.g.communities
of practice in a corporate setting.

6 Conclusions and Future Work

With the spreadof the rst computerswe believed that as madinesreplace
humans we will interact with them more than with ead other, making the
world lessof a sccial space.Paradaxically, it seemghat nothing could be less
true: in the end we shaped our information systemsto our form and made
them the carriers of excient forms of communication (from emailsto blogs),
which allowed us to move much of our sccial life in the electronicdomain.

Our sccial connectivity might have even increasedin importance in the last
yearssimply by the virtue of the information overload we are facing. Browsing
the Web has becomealmost futile: the likelihood of nding valuable informa-
tion by simply following links from pageto page has dropped considerably
due to the sheersize of the Web. Picking up the valuable piecesof informa-
tion from the mailings lists or blogsthat we pretend to follow would require
reading them all. That is impossible,unlesssomeonehas informed us before
about the relevanceof an item.

Our sccial connectionsnot only direct our seard in infospaceby alerting
us to relevant information, but also help to weigh in the authority of the
information. When forming a " rst impression”, the cortent of a webpageis
almost secondaryas to how we got there. Was it an email from someonewe
consideran expert? Wasit a link from a website we cameto trust? (In fact,
this is the thinking behind Google's PageRankalgorithm: a webpageis only
as authoritativ e asthe onesreferring to it.)

If we only had a way to program the underlying reasoninginto our macdines
and provide them with the necessarypad<ground information, they could help
us much further in distinguishing relevant from irrelevant, trustworthy from
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corrupt. Howewer, aswith most of the cortent in the electronicdomain, almost
none of the existing electronic information about our sccial connectionsis
directly processabldgo our information systems.Most of it is lockedin formats
that were not chie°y intended to carry this information. This information
needsto be extracted and represeted in more formal ways. We may alsoneed
these represemations to allow the usersto erter additional information not
directly accessibldrom an information system. (After all, much of our sccial
life still occursoutside of our systems...)

Thusthe rst challengein the areaof sccial software is the extraction, repre-
sertation and aggregationof sccial knowledge.In this article we have shavn
how advanced technologiesfrom the Semanic Web domain (applied infor-
mation extraction, knowledgerepresetation, ontology mapping) can help in
this process.While technology is important, keepingin touch with sccial sci-
encewill bejust asimportant in the future. For example,a practical question
we encourtered in our work concernsthe multiplexity of social relations: a
relationship betweentwo individuals may have a di®eren signi canceto dif-
ferert areasof sccial life. (The most trivial exampleis the occasionaloverlap
betweenwork and private relations.) Creating a sccial ontology that would
allow to classify sccial relationships along seeral dimensionsis among the
future work and sois the nding of patterns for identifying theserelationships
using electronic data.

In terms of technology, the current bottlened in scalability is the performance
of aggregation(identit y reasoning)due to the lack of standard query and rule
languagesand excient implemertations in RDF stores.Represeting cortext
information in a standard and excient manner will also be necessaryto ex-
changeconext information amongseners.

The extracted and aggregatedinformation, possibly complemered by addi-
tional input from the usersin the form of a userpro le, providesthe valuable
data neededfor adding more intelligenceto knowledgeintensive applications,
in particular improving the navigation of large information stores through
collaborative Ttering. In our work, the information is constituted by publica-
tions and emails, the works and comnunications of the commnunity. Howewer,
networks themsehesmay also be the focus of interest. Network analysiscan
bene t comnunities by idertifying the network e®ectson performanceand
helping to devisestrategiesfor the individual or for the community accord-

ingly.

In terms of sacial network analysis,the useof electronicdata providesa unique
opportunity to obsene the dynamicsof comnunity developmen. (This is dif-
“cult, if not impossible,with the traditional questionnaire methods of data
collection due to the amourt of work required from both participants and
researters.) In the future, as our sccial lives will becomeeven more accu-

17



rately traceablethrough ubiquitous, mobile and wearablecomputers,the op-
portunities for sccial sciencebasedon electronic data will only becomemore
prominert.

We concludeby noting that the aggregationof sacial information from dis-
parate sourceswithout permissionfrom the individuals involved is alsolikely
to be the subject of much debatein the future, especially if thesesourceswvere
originally createdfor a di®eren purposeand thus their integration could not
have beenforeseenStandard represemations, distributed storageand privacy
medanismsshould provide the answer by providing protection over one'sown
scacial information, but still allowing it to be exdhangedwith relative easevhen
required.
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