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Abstract

We present the Flink systemfor the extraction, aggregationand visualization of on-
line social networks. Flink employs semantic 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 used for the purposesof social network analysis and for generating a web-
basedpresentation of the communit y. We demonstrate our novel method to social
sciencebasedon electronic data using the example of the Semantic Web research
communit y.
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1 In tro duction

The possibility to publish and gather personal information (such as the in-
terests, works and opinions of our friends and colleagues)has beena major
factor in the successof the Web from the beginning.Remarkably, it was only
in the year 2003that the Web hasbecomean active spaceof socialization for
the majorit y of users.That year hasseenthe rapid emergenceof a new breed
of web sites,collectively referredto asSocial Networking Services(SNS). The
¯rst-mover Friendster1 attracted over 5 million registeredusersin the span
of a few months [13], which was followed by Googleand Microsoft starting or
announcingsimilar services.

Email address: pmika@cs.vu.nl (Peter Mika).
URL: http://www.cs.vu.nl/ » pmika (Peter Mika).

1 http://www.friendster.com
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Although thesesites feature much of the samecontent that appear on per-
sonalweb pages,they provide a central point of accessand bring structure in
the processof personalinformation sharingand online socialization. Following
registration, thesesites 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
system also makes it 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¯c goals, such as establishing a businesscontact or ¯nding a romantic
relationship.) The latest breed of social networking servicescombine social
networks with the sharing of content such as bookmarks,documents, photos,
reviews.The ideaof network basedknowledgesharingis basedon the sociolog-
ical theory that social interaction createssimilarit y and vice versa,interaction
createssimilarit y (friends are likely to have acquiredor develop similar inter-
ests). Lately, the notion of ratings and social networks-basedtrust are also
investigatedas a ¯ltering mechanism in looselycontrolled environments.

Despite their early popularity, usershave later discovereda number of draw-
backs to centralized social networking services.First, the information is under
the control of the databaseowner who hasan interest in keepingthe informa-
tion bound to the site. The pro¯les storedin thesesystemscannotbeexported
in machine processableformats and therefore the data cannot be transferred
from one systemto the next. (As a result, the data needsto be maintained
separatelyat di®erent services.)Second,centralized systemsdo not allow users
to control the information they provide on their own terms. Although Friend-
ster follow-ups o®erseveral 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 werenot intended.

Theseproblemshave beenaddressedwith the useof Semantic Web technol-
ogy. The Friend-Of-A-Friend (FOAF) project 2 is a ¯rst attempt at a formal,
machine processablerepresentation 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 fashion3 . Much like
the way web pagesare linked to each other by anchors, thesepro¯les link to
the pro¯les of friends by using the rdfs:seeAlso relation, creating the so-called
FOAF-web.

The alert readermay note that for the purposesdescribed above, namelypro-
viding a structured representation of userpro¯les, the useof XML technologies
would have su±ced. In fact, the real value of FOAF is that it represents an

2 http://www.foaf- project.org
3 FOAF pro¯les are typically postedon the personalwebsiteof the userand linked
from the user's homepagewith the HTML META tag.
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agreement on key terms and that it is described in a semantic format (namely,
OWL Full). These properties make FOAF the ideal basis for the semantic
integration of personal information extracted from heterogeneousknowledge
sources.4

Flink, our systemto be introducedis the ¯rst to our knowledgethat exploits
FOAF for the purposesof social intel ligence. By social intelligencewe mean
the semantics-basedintegration and analysis of social knowledge extracted
from electronicsourcesunder diverseownershipor control. 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 social networks of
the community and consolidateswhat is learned using a common semantic
representation, namely the FOAF ontology.

The raisond'etre of Flink can be summarizedin three points. First, Flink is a
demonstrationof the latest Semantic Web technology(and assuch a recipient
of the Semantic Web ChallengeAward of 2004).In this respect, Flink is inter-
esting to all thosewho are planning to develop systemsusing Semantic Web
technologyfor similar or di®erent purposes.Second,Flink is intendedasa por-
tal for anyonewho is interestedto learn about the work of the Semantic Web
community, as represented by the pro¯les, emails,publications and statistics.
Hopefully Flink will alsocontribute to bootstrapping the nascent FOAF-web
by allowing the export of the knowledgein FOAF format. This can be taken
by the researchersasa starting point in setting up their own pro¯les, thereby
contributing to the portal as well. Lastly, but perhapsmost importantly, the
data collectedby Flink is usedfor the purposesof social network analysis,in
particular learning about the nature of power and innovativenessin scienti¯c
communities.

In this paper the focus is on the ¯rst two aspectsof Flink. We begin with the
introduction of the systemfrom a user perspective in Section2. In Section3
we describe the architecture of Flink in detail and discussthe lessonsthat
have beenlearnedwhile developing its components. We brie°y introduce the
ideaof network analysisusingFlink in Section4. Relatedand future work are
discussedin the last two sectionsof this paper.

4 While FOAF carriesa necessarylevel 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.
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2 Flink: A who is who of the Semantic Web

Flink is a presentation of the professionalwork and social connectivity of
Semantic Web researchers.For our purposeswe have de¯ned this community
as those researchers who have submitted publications or held an organizing
role at any of the past International Semantic Web Conferences(ISWC02,
ISWC03, ISWC04) or the Semantic Web Working Symposium (SWWS01).5

This meansa community of 608researchersfrom both academiaand industry,
covering much of the United States, Europe and to lesserdegreeJapan and
Australia (seeFigure 1).

Fig. 1. Semantic Web researchers and their connectionsacrossthe globe.

Flink takes a network perspective on the Semantic Web community, which
meansthat the navigation of the website is organizedaround the social net-
work of researchers.Once the user has selecteda starting point for the navi-
gation, the systemreturns a summary pageof the selectedresearcher, which
includespro¯le information aswell aslinks to other researchersthat the given
personmight know. The immediate neighbourhood of the social network (the
ego-network of the researcher) is alsovisualizedin a graphical form (seeFig-
ure 2).

5 An common alternativ e way of de¯ning the boundary of scienti¯c communities
is to look at the authorship of representativ e journals (seee.g. [10]). However, the
Semantic Web has a dedicated journal only since 2004 and many Semantic Web
related publications appear in journals not entirely devoted to the Semantic Web.
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Fig. 2. The social network of a researcher.

The pro¯le information and the social network is basedon the analysisof web-
pages,emails,publications and self-createdpro¯les. (Seethe following Section
for the technical details.) The displayedpro¯le information includesthe name,
email, homepage,image,a±liation and geographiclocation of the researcher,
as well as his interests, participation at Semantic Web related conferences,
emailssent to public mailing lists and publications written on the topic of the
Semantic Web. The full text of emails and publications can be accessedby
following external links. At the time of writing 6 , the systemcontained infor-
mation about 5147publications authored by membersof the community and
8185messagessent via ¯v e Semantic Web-relatedmailing lists.

The navigation from a pro¯le can also proceedby clicking on the namesof
co-authors, addresseesor others listed as known by this researcher. In this
case,a separatepageshows a summary of the relationship between the two
researchers,in particular the evidencethat the systemhascollectedabout the
existenceof this relationship. This includesthe weight of the link, the physical
distance, friends, interests and depictions in common as well as emails sent
betweenthe researchersand publications written together.

The information about the interests of researchers is also used to generate
an ontology of the Semantic Web community. The conceptsof this ontology

6 May 14, 2005
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are research topics, while the associations between the topics are basedon
the number of researchers who have an interest in the given pair of topics
(seeFigure 3). An interesting feature of this ontology is that the associations
createdare speci¯c to the community of researcherswhosenamesare usedin
the experiment. This meansthat unlike similar lightweight ontologiescreated
from a statistical analysis of genericweb content, this ontology re°ects the
speci¯c conceptualizationsof the community that was usedin the extraction
process(seethe following Section).Also, the ontology naturally evolvesasthe
relationshipsbetweenresearch topics changes(e.g.ascertain ¯elds of research
move closer to each other). For a further discussionon the relation between
sociabilit y and semantics, we refer the readerto [17].

Fig. 3. The ontology of research topics.

The visitor of the websitecan alsoview somebasicstatistics of the social net-
work. Degree,closenessand betweennessare commonmeasuresof importance
or in°uence in Social Network Analysis, while the degreedistribution attests
to a general characteristic of the network itself (seeFigure 5). Geographic
visualizations of the Semantic Web o®eranother overview of the network by
showing the placeswhereresearchersare locatedand the connectionsbetween
them (seeFigure 1).

3 System design

Similarly to the designof most Semantic Web applications, the architecture
of Flink can be divided in three layers concernedwith metadata acquisition,
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storageand visualization, respectively. Figure 4 shows an overview of the sys-
tem architecture with the three layers arranged from top to bottom. In the
following, we describe the layers in the sameorder.

Fig. 4. The architecture of Flink from metadata acquisition (top) to the user inter-
face (bottom).

3.1 Acquisition

This layer of the systemconcernsthe acquisition of metadata. Flink usesfour
di®erent typesof knowledgesources:HTML pagesfrom the web, FOAF pro-
¯les from the Semantic Web, public collections of emails and bibliographic
data. Information from the di®erent sourcesis collectedin di®erent ways but
all the knowledgethat is learnedis represented accordingto the sameontol-
ogy (seethe following Section). This ontology includes FOAF and minimal
extensionsrequired to represent additional information.

The web mining component of Flink employs a co-occurrenceanalysis tech-
nique¯rst applied to social network extraction in the work of Kautz et al. [14].
Given a set of namesas input, this component of the systemusesthe search
engineGoogleto obtain hit counts for the individual namesaswell as the co-
occurrences.(The term "(Semantic Web OR ontology)" is addedto the query
for disambiguation.) The strength of association betweenindividuals is then
calculatedby normalizing separatelywith the pagecounts of the individuals.
The resulting value is a non-negative real number from a power-law distribu-
tion. We considerthis value asevidenceof a directed tie if it reachesa certain
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prede¯ned threshold and the hit counts for the individuals are also above a
certain minimum, in order to ensurethat the support for the co-occurrenceis
high enough.

The web mining component alsoperformsthe additional task of ¯nding topic
interests, i.e. associating researchers with certain areasof research. Given a
set of namesand a list of interests (or any other kind of domain concept),
the system calculatesthe so-calledGoogle Mindshare for each researcher to
determinewhether a given personis associated 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-occur
divided by the total number of pagesabout the person. Note that we do
not factor in the pagecount of the interests, sincewe are only interested in
the expertise of the individual relative to himself.7 The resulting measureis
againa zeroor positive real term with a power-law distribution. We assignthe
expertiseto an individual if the logarithm of this value is 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 Semantic Webin two steps.First,an RDF
crawler (a socalled 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:seeAlso properties) from one document
to the next. Our scutter is focusedin that it only collectspotentially relevant
statements, i.e. thosetriples wherethe predicateis in the RDF, RDF-S, FOAF
or WGS-84namespace.The scutter alsohasa mechanismto avoid largeFOAF
producersthat are unlikely to provide relevant data, in particular blog sites.
(The overwhelming presenceof thesesites also make FOAF characterization
di±cult, see[11].) The scutter also discardsdocuments that are simply too
large and therefore unlikely to contain a personalpro¯le. Theserestrictions
are necessaryto limit the amount of data collected, which can easily reach
millions of triples after running the scutter for only an hour. In a secondstep,
the FOAF individuals found in the collection are matched against the pro¯les
of the members of the target community to ¯lter out relevant pro¯les from
the collection. (Seethe following Section.)

Information from emails is also processedin two steps.In this case,the ¯rst
steprequiresthat the emailsaredownloadedfrom a POP3 or IMAP storeand
the relevant headerinformation is captured in an RDF format, whereFOAF
is used for representing information about sendersand receivers of emails,

7 By normalizing with the hit count of the interests the measurewould assign a
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 association strength acrossinterests.However, this
is not necessaryfor our purposes.
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in particular their name (as appears in the header) and email address.The
secondstep is then the sameas above.

Lastly, bibliographic information is collected in a single step by querying
GoogleScholar 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.8 This
knowledgeis represented in the SWRC ontology format (except for citation
counts, which cannot be expressed).An alternative sourceof bibliographic
information (used in previous versionsof the system) is the Bibster peer-to-
peernetwork [9], from which metadatacan be exported directly in the SWRC
ontology format.

3.2 Representation, inference and storage

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

The network ties, the interest associationsand other metadataarerepresented
in RDF using terms from the FOAF vocabulary such as foaf:knows for rela-
tionships and foaf:topic interest for research interests. (FOAF is the native
format of pro¯les collected from the Semantic Web.) A rei¯cation-based ex-
tensionof the FOAF model is necessaryto represent association 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.9 Currently, this is alsoexpressedusing the RDF
rei¯cation mechanism, which signi¯cantly adds to the amount of data that
needsto be handled. We hope that in the future our storage facility will
provide nativefeaturesfor context support, which would improvethe e±ciency
of storing andqueryingsuch information. This support would bealsonecessary
to implement e±cient updatesof the information.

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

8 Note that it is not possibleto ¯nd co-authors using Google Scholar, sinceit sup-
pressesthe 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 statement and the time it
was collected. In future scenarioswe would like to add the date of
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tool. An exampleof that is a genericcomponent we incorporated for ¯nding
the geographicallocations (latitude, longitude coordinates) of place names
found in the FOAF pro¯les. This component invokes the ESRI Place Finder
SampleWebService,which providesgeographiclocationsof over three-million
placenamesworldwide.10 WebServiceinvocation is facilitated by the Apache
Web ServiceInvocation 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
applies the RDF closurerules to the data at upload time. This feature can
be extendedby de¯ning domain-speci¯c inferencerules in Sesame'scustom
rule language.(Note that barring a standard rule languagefor the Semantic
Web, this remainsas a practical alternative.) We use this facility to express
mappings and metaknowledge, for example that co-authors of publications
and senders/receiversof emailsknow each other in the FOAF sense.

Flink alsomakesuseof the rule languagefor carrying out identit y reasoning,
otherwise known as smushing. Identit y reasoning is required to determine
the identit y of instances(in this caseindividuals) acrossmultiple information
sources.The methods for smushing in Flink are based on name matching
and object identi¯cation basedon the inverse-functionalproperties (IFPs) of
FOAF. IFP-basedmatching is directly axiomatizedin the rule language.IFPs
of the foaf:Person classinclude mailbox, mailbox checksum, homepageand
several 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. Namematching is implemented in code and is
basedon the similarit y of namesasstrings. (Di®erencesin the last namesare
disallowed, however.) When matchesare found, the match is again recorded
using the owl:sameAsproperty.

The mergingof pro¯le information is basedon the semantics of the owl:sameAs
relation. SinceSesamehasno built-in support for OWL equivalence,weaxiom-
atize the owl:sameAsproperty using the rule languageaswell. The rule-based
expansionof equivalencehas the disadvantage that it requires the storage
of the sameinformation about all the equivalent instances.In principle, the
repository could be 'cleaned' by removing all but one of the equivalent in-
stances.However, the sizeof the repository is still moderate (also due to the
¯ltering of irrelevant Personinstances)and the removal of statements would
likely require signi¯cant additional processing.

From a scalability perspective,weareglad to note that the Sesameserver o®ers
very high performancein storing data on the scaleof millions of triples, es-
pecially usingnative repositories.(Native storagerefersto a ¯le-system based

10 http://www.esri.com/software/arcwebservices/

10



back-endasopposedto repositoriesbuilt on top of relational databases.)Speed
of upload is particularly important for the RDF crawler, which itself hasa very
high throughput. Unfortunately, the speedof upload drops signi¯cantly when
custom rules needto be evaluated.

While the speedof uploads is important to keepup with other components
that areproducingdata, the time requiredfor resolvingqueriesdeterminesthe
responsivenessof the userinterface.At the moment query optimization is still
a signi¯cant challengefor the server. In many cases,the developer himself can
improvethe performanceof a queryby rewriting it manually, e.g.by reordering
the terms or breakingthe query in two. The trade-o®betweenexecutingmany
small queriesversusexecuting a single large query also requires the careful
judgement of the developer. The trade-o® is in terms of memory footprint
vs. communication overhead:small, targeted queriesare ine±cient due to the
communication and parsing involved, while large queriesproducelarge result
setsthat needto be further processedon the client side.

3.3 Browsingand Visualization

The userinterfaceof Flink is a pure Java webapplication basedon the Model-
View-Controller (MV C) paradigm. The key idea behind the MVC pattern is
a separationof concernsamongthe components responsiblefor 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 MVC pattern by providing abstract application
components and logic for the pattern. The role of the programmeris to extend
this skeletal application with domain and task speci¯c objects.

The model objects of Flink usethe graph model of the JUNG programming
toolkit. JUNG 11 is a Java library (API) that providesan object-oriented rep-
resentation of networks aswell asimplementations of important measuresand
algorithms usedin (social) network analysis.The model objects looselymap
the underlying ontology and retrieve data dynamically from the RDF store
as neededfor the presentation. 12 The network itself and the most commonly
accessedobjects are cached to improve performance.

In the view layer, servlets, JavaServer 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

11 http://jung.sourceforge.net
12 The danger of a close mapping between the ontology and the run-time model
is that the application needs to be rewritten whenever 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 user to interact with the visualization.

We considerthe °exibilit y of the interfaceimportant becausethere many pos-
sibilities to present social networksto the userand the bestway of presentation
may depend on the sizeof the community aswell asother factors. The possi-
bilities rangefrom "text only" pro¯les (such as in the SNSOrkut 13 ) to fully
graphical browsing basedon network visualization (as in the FOAFnaut 14

browser). The uniquenessof presenting social networks is also the primary
reasonthat we cannot bene¯t from using Semantic Web portal generators
such as HayStack [5], which are primarily targeted for browsing more tradi-
tional object collections.

The user interfacealsoprovidesmechanismsfor exporting the data. For more
advancedanalysisand visualization options, the data can be downloaded in
the format usedby Pajek, a popular network analysispackage[3].Userscan
also download pro¯les for individuals in RDF/XML (FOAF) format. Lastly,
we provide marker ¯les for XPlanet, an application that visualizesgeographic
coordinatesand geodesicsby mapping them onto surfaceimagesof the Earth
(seeFigure 1).

4 Social Net work Analysis

The information extraction in Flink is not only the basisof the webapplication
described above, but alsoprovides the data for a sociologicalstudy about the
role of networks in scienti¯c innovation.

Social Network Analysis [20,22] is a specialization of the study of networks
[1] and it has beenapplied to a variety of social settings including networks
of entrepreneurs, terrorist networks, health (sexual) networks, networks of
innovation etc. Network analysisprovides the necessarytechniques to prove
hypothesis(theories) that link network participation to e®ectson substantial
outcomessuch as the performanceof an individual or groupsof individuals.

A key idea in the structural approach to social scienceis that the way an
actor (an individual or a group) is embeddedin a network o®ersopportuni-
ties and imposesconstraints on the actor. Occupying a favored position or
having preferredkinds of personalconnectionsmeansthat the actor will have
better accessto valuable information, resources,social 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 packagessuch as Pajek or UCINET.

be exceedinglythought after for such opportunities by actors in lessfavorable
positions. In short, social network participation (social capital) might explain
a signi¯cant proportion of the di®erencesin performancewhen looking at
di®erent, but comparableactors.

With our study of the Semantic Web community our goal is to verify and
extend existing theories that relate network participation to innovation in
science.In context of the related work (seealso Section5) our methods o®er
a unique opportunit y in terms of the sizeof the network, the amount of data
available and the possibility to observe the dynamicsof the network.

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

² In terpretation of the net works
Onemight havenoted alreadythat the network obtainedfrom mining the

Web is a multiplex network on its own, possiblyre°ecting the co-authorship
network, the discussionnetworks obtained from emailsor someother rela-
tionship. A closerlook at the results for a singleperson(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®erent web pages.)Nevertheless,this
network may complement the other networks for di®erent types of rela-
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tionships (such as informal relationships) and data missing from the other
sources(e.g.wemay not beawareof all mailing lists related to the Semantic
Web).

² Errors in the extraction of speci¯c cases
The network is also bound to contain errors due to the method of col-

lection. The search for co-occurrenceis carried out on the syntactic level
and shows the typical drawbacks of internet search. For example,it is pos-
sible that someof the returned pagesare about a di®erent personthan the
oneintendedby the query. Ambiguity particularly e®ectspeoplewith com-
mon names,e.g. Martin Frank. This danger is mitigated by including the
disambiguation term in the query.

Queries for researchers who commonly use di®erent variations of their
name(e.g. Jim Hendler vs. JamesHendler) or whosenamescontain inter-
national characters(e.g. J¶erôme Euzenat) may return only a partial set of
all relevant documents known to the search engine.15 Nameambiguity also
e®ectsGoogleScholar. For example,the person"York Sure" is identi¯ed as
a co-author of publications that are published in New York.

With respect to our use case, the situation is analogousto obtaining
incorrect data on a network questionnaire for a part of the respondents,
namely those with problematic names.However, this doesnot represent a
problem in computing statistics if the fraction of the casese®ectedthis way
remainssmall.

² General noise
Information extraction will not only e®ectspeci¯c cases,but create a

generalnoise.For example,a co-occurrenceof nameson a web pageneed
not indicate any social relation in the sociologicalsenseand may be in fact
a pure coincidence(e.g. namesin a phone directory). Reliabilit y may also
be e®ectedby Googleitself: the phenomenonof GoogleDancecan alter the
measuredassociation valuesdependingon the time of the query. Such noise
in the data, however, will not skew social network statistics as long as it is
distributed in an independent manner.

Despite the above di±culties in data collection, we are con¯dent that the
quality of the data will allow us to useit for the purposesof network analysis.
To verify our method, we also plan to executea separatestudy, where we
comparethe resultsfrom a traditional questionnairemethod to the acquisition
methods described here.

The results of our study of the Semantic Web community may be of interest
to both this community and the area of research policy in general,therefore
we plan to report on this work in future publications.

15 Worthwhile to note that the ambiguit y of querieswith respect to the content is
precisely the problem addressedby Semantic 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 technological inno-
vation supporting a social sciencestudy, the related work is far and wide.

Semantic Web research hasproduceda number of demonstrationsin the area
of semantics-based knowledge management, in particular semantic portals
for browsing large collectionsof documents or other objects. Ontology-based
knowledge management was the focus of the European On-To-Knowledge
project [18]and the morerecent SEKT project 16 . The speci¯c areaof ontology-
basedportals has beenthe subject (among others) of the early work on the
SEAL portal generator[16] and the more recent development of the Haystack
framework [5]. Flink sharesa technological basisand architecture with these
projects, with the di®erencethat the "collection" to be presented is a set of
personsand the links between them are provided by their social connectiv-
it y. The focus on theseconnectionsstrongly in°uencesthe presentation. For
example,the ties themselvesare presented as individual objects on separate
pages.Also, network visualizations (sociograms) are used to orient the user
and to provide relevant context information.

In traditional works of scientometrics, scienti¯c networks are investigatedby
collecting data manually (through interviews or questionnaires),by investi-
gating co-authoring and co-citation in scienti¯c publications [6,2] using com-
mercially available databasesor by looking for other kinds of evidenceof co-
participation in research activities, such as public information about project
grants [10,8].

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

With our interdisciplinary approach, we hope to contribute both to the meth-
ods of network analysis and to the theory of research and innovation. We
build our work on the possibilitieso®eredby Semantic Web technology in the
collection of data, in particular, the aggregationof information from hetero-
geneoussources.We complement this with the methodology of social network
analysis to 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 system is 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-
basedscientometrics) suggestthat real-world networks of largely academic
research communities (such as the Semantic Web community) are closelyre-
°ected on the Web [10,15]. This suggestthat our system could be used to
generatepresentations of scienti¯c communities in di®erent areas,potentially
on much larger scales.With di®erent sourcesof data, the framework could also
be usedto visualizecommunities in areasother than science,e.g.communities
of practice in a corporate setting.

6 Conclusions and Future Work

With the spreadof the ¯rst computerswe believed that as machines replace
humans we will interact with them more than with each other, making the
world lessof a social space.Paradoxically, it seemsthat nothing could be less
true: in the end we shaped our information systemsto our form and made
them the carriers of e±cient forms of communication (from emails to blogs),
which allowed us to move much of our social life in the electronicdomain.

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

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

If we only had a way to program the underlying reasoninginto our machines
and provide them with the necessarybackground information, they could help
us much further in distinguishing relevant from irrelevant, trustworthy from
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corrupt. However, aswith most of the content in the electronicdomain,almost
none of the existing electronic information about our social connectionsis
directly processableto our information systems.Most of it is locked in formats
that were not chie°y intended to carry this information. This information
needsto be extracted and represented in moreformal ways. We may alsoneed
these representations to allow the usersto enter additional information not
directly accessiblefrom an information system.(After all, much of our social
life still occursoutside of our systems...)

Thus the ¯rst challengein the areaof social software is the extraction, repre-
sentation and aggregationof social knowledge.In this article we have shown
how advanced technologiesfrom the Semantic Web domain (applied infor-
mation extraction, knowledgerepresentation, ontology mapping) can help in
this process.While technology is important, keepingin touch with social sci-
encewill be just as important in the future. For example,a practical question
we encountered in our work concernsthe multiplexit y of social relations: a
relationship betweentwo individuals may have a di®erent signi¯cance to dif-
ferent areasof social life. (The most trivial exampleis the occasionaloverlap
between work and private relations.) Creating a social ontology that would
allow to classify social relationships along several dimensionsis among the
future work and sois the ¯nding of patterns for identifying theserelationships
using electronicdata.

In terms of technology, the current bottleneck in scalability is the performance
of aggregation(identit y reasoning)due to the lack of standard query and rule
languagesand e±cient implementations in RDF stores.Representing context
information in a standard and e±cient manner will also be necessaryto ex-
changecontext information amongservers.

The extracted and aggregatedinformation, possibly complemented by addi-
tional input from the usersin the form of a userpro¯le, provides the valuable
data neededfor adding more intelligenceto knowledgeintensive applications,
in particular improving the navigation of large information stores through
collaborative ¯ltering. In our work, the information is constituted by publica-
tions and emails,the works and communications of the community. However,
networks themselvesmay also be the focus of interest. Network analysiscan
bene¯t communities by identifying the network e®ectson performanceand
helping to devisestrategiesfor the individual or for the community accord-
ingly.

In termsof social network analysis,the useof electronicdata providesa unique
opportunit y to observe the dynamicsof community development. (This is dif-
¯cult, if not impossible,with the traditional questionnairemethods of data
collection due to the amount of work required from both participants and
researchers.) In the future, as our social lives will becomeeven more accu-
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rately traceablethrough ubiquitous, mobile and wearablecomputers,the op-
portunities for social sciencebasedon electronic data will only becomemore
prominent.

We concludeby noting that the aggregationof social information from dis-
parate sourceswithout permissionfrom the individuals involved is also likely
to be the subject of much debatein the future, especially if thesesourceswere
originally createdfor a di®erent purposeand thus their integration could not
have beenforeseen.Standard representations, distributed storageand privacy
mechanismsshouldprovide the answer by providing protection over one'sown
social information, but still allowing it to beexchangedwith relativeeasewhen
required.
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