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Abstract

Games with a purpose, also known as GWAPs, are a genre of tfemhasns at addressing the
problem of creating difficult metadattor content. One of the most important factors involved

on any of these games is thprinciple of crowdsourcing. This principi@volves the
displacement of usual internal or professional labor to the general public, who willingly perform
such tasks either by personal motivation altruism These games achieviheir goal by
concealng the process of creatingnput, under a game that is fun to play. The first example of
such a gamevas launched on 2003 hyuis von Ahn and Laura Dabbéatd wasthe ESP game.

Its play style revolved around the idea of players providing helpful labels foresnag the
game was carried out. Since the pioneering start of ESP, there has been an array of new GWAPs
using the same paradigm that aim to create metadataatinsorts of content, such as sound,
videos and songs.

A notable example oSuchposterior GWAPSs the online video annotation Waisda?, launched

in 2009. Waisdathvited playersto describe what they see and hear and receive powiten

they produce a tagprovided thatit matches the tag their cplayer has enteredThe output
produced by the process, is a user generated collection of tags that describe an extensive
collectionof over 700,000 hours of tevision, radio, music and fitnthat originates fromThe
Netherlands Institute for Sound and Vision (Nederlandsiting voor Beeld en Geluid)This

type of indexingd describedvith the term folksonomywhich utilizes the knowledge of crowds

to acquire tags and offer an unstructured alternative scheme to professional cataloguing
paradigms. Yershavethe ability tofreely describe contentising natural language lohoosing
appropriatekeywords according to thejudgment However, due to the heterogeneity of users
and the variety in natural languages and expressive Walfsonomy tag spaceme more likely

to contan ahigheramount of incorret misspelled, imprecise or ambiguous tags, as opposed
to structured taxonomies that adhere to stricter indexing ruléd these cases of erroneous
tags are a result that emanates from the opeature ofsocial tagging can baescribed using

the term metanoise



Scope

The scope of the thesis is to conduct researclorder toinvestigate various tag filtering and
cleaningmethods thatmayimprove the overall quality of the tags games with a purposand
reduce the amount ofmeta-noise within a folksonomy. Additionally, a suite of 3 new mini
GWAPsSs proposed. These gamasn to expand the basic game style of the genre to include
alternative element combinations of board games and competitive gamegtidgs used in
general. This fusion of different types of game elements will presumably proveazsant
gaming experience to users, makitiggem want to play more;therefore produce more tags. In
order to achieve thisall the well known problems of sadal tagging paradigm and loait all the
specific issueshat lead to metanoise must be identified The most frequent cases of meta
noise areambiguity, variations of spaces and multiple words, synonyms, acronyms, plural and
singular forms, erroneous spely and esoteric specialized taghlext, we examine the
effectiveness obther folksonomy systems that utilizag filtering and correctionatechniques

for reducingmeta-noise Finally after having gathered #his information and we take a look at

the most important game design principles of GWAPs and propose an architecture that
embodies the best tagoise reduction solutions found in the study cases examinethén
investigation Finally the description anspecification of the three mini games is provided as
well as the mockup implementation of one of the three games.

1.1 Context

The Netherlands Institute for Sound and Vision (Nederlands Instituut voor Beeld en Geluid) is
one of the largest audiwisual achives in Europe and focuses on collecting, preserving and
making accessible most of the audisual heritage of the Netherlands. Its collection totals over
700,000 hours of television, radio, music and film, while new material is added on a daily basis.
This unique source of information is used for research by students, academics, journalists,
international production companies and broadcasting organizations. One of the primary
concerns of Sound and Vision was to increase the findability of their vidéecton. Even
though professional annotators manually add metadata to content, this is a costly and time
consuming process. Furthermore, since the volume of matésialready large and is being
enriched on daily basis, Sound and Vision does not haveginmanpower to annotate all the
material. This consequently leads to matetett with incomplete descriptionswvhich are hard

or impossible to find.

To provide solutions for the aforementioned problem Sound and Visioremployed a
crowdsourcing paradigrm order toactivelyinvolveusers in the indexing procesSpecifically,

the principle of crowdsourcing has been manifested through a video annotating game called

G2 AERPKAARI Ké SKARKY & QIGENA t isi gamenith-alpurgse (G K | k

! http://woordentikkertje.manbijthond.nl/
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launched in May 2009hat takes advantage of distributed human computation and embodies

Gl LdzN1322asS F2NJ GKS LS2LXS aSdaAay3da dzd 4KS 3IlLYS

& S U ([N.yrEeébasic idea behind games with a purpose is simjee $laying games is a
rather popular activity for all ages, some of that energy could be diverted in order to serve
some particular purpose. Luis von Ahn, who coined the term, has done the most notable work
in this genre, with six games available at wgwap.com.

The term crowdsourcing describes thesplacement of usual internal or professional labor to
the general public, who willingly perform such tasks either by personal motivatiaftrarsm
Essentially, such a practice delegates part of problem to a large number of users over the
Internet, who collaboratively workgo achievea common goa[2][3]. Such an activity is an
example of distributed human computing, or humbaased computatior{4]; which combines

the strengths of humans and machines in order to find solutions to probteatscould not be
solved by either computers or humans alor@&owdsourcing is considered to be one of the
core characteristics of Web 2.0. Every unit of contribut®mmportant and as the number of
contributions grows, the website is eventually drivera higher state of relevance [5].

Waisda aims at collecting user tags via a crowdsourcing paradigm concealed behind its game
functionality. Atag is a term associetl with assigning a piece of semantic information to a
document, in order to annotate and describe the content of a particular resource with
appropriate keywords in a structured mannf]. The basic functionality behind Waisda, as
well as other video taggg games, focuses on inviting useosplay the game and provide
relevant tags to video material displayed on their screens. The tagging process is achieved as
the game progresses. The game displays the same video on both players who are instructed to
describe whatthey see and hearf the tag they enter matches the tag their -ptayer has
entered, they receive reward points which are added into a total score. Players may choose to
keep providing tags for the same video or skip it and move with the nd&by The underlying
correctness factor of each tag depends on consensus between the playettse ireore players

state the same term about a specific video, the more likely the term is correct.

Thecollection of Sound and Vision is used by a large heterogeneous set of users; therefore it
should represent albf them. Hence, by employing a crowdsourcing paradigm Sound and Vision
is able to draw user tags as a side product of playing. This type efimgds described by the

term folksonomy[7]. Folksonomies and collaborative tagging have emerged as an important
method for collecting data about dat&olksonomies offer a useful uncomplicated method of
applying semantic information to content and lewcontent categorization costs. Theyre
designedn such a way, which allowke encapsulatiorand reflecton of disparate opinions of a

large number of heterogeneous users. That effectively meansitisééad of relying on a single
professional entity folksonomies drawon many users with different perceptions and cultural



background to classify content and set the index terfg. making use of such a scheme,
applications like Waisda and GWAPs have managed to circurtasemtomy related problems.
For examfe, annotations deriving from aatrolled vocabularies (thesayrdo not contain all the
words from natural languagenence, content descriptionsiay belimited to terms reflected
only bythe thesauri.

1.2 Problem Statement

Despite the potential of crowdsourcing paradigms and GWAPSs in collecting tags and making
content more findablethey are still far from being perfect.o beginfolksonomiegose several

tag consistency problems. In contrast to professionally developedralted vocabularies
(taxonomies) that offer more exact resultdye unsystematic and uncontrolled naturef a
folksonomy where a number of different opinions coexist in the same spaseound to
produceproblems such as inadvertent typographical erfagelling variations or irrelevant and
inaccurate descriptions of an item.

Furthermore, as an uncontrolled vocabulary is shared across an entire system with different
users, the terms in a folksonomyay lose some of their meaning abh@écome ambiguous as
different users apply terms to documents in different walsx The term jaguar might refer to

the animal or the car brand)Additionally, acronyms, multiple words, synonyms or cases of
pluralversussingular tags present songroblematic areas ofolksonomies (Ex The words car

and cars can be registered as two different tagbgrefore, a video tagging game should not
only gather user tags but should be able to clean tags and raffotksonomy without losing its
opennessAll these cases of e@neous tags can be described using tiien metanoise[21].

Finally another cruciapoint of interest is regarded with the overahjoymentand appeal of

the game to its users. The replay value ofideo game describes the entertainment value of
playing the game morethy 2y OS | Y R A facois siRISas Shaldhdllgh§era gante
sets to its players, the different ways a user can accomplish a task or the rethargsayer
receives for playingVhile games in generalve evolved toffer a great amount of depthnd
variety withintheir gameplay the case is different in games with a purpose. The main reason
that narrowsthe gameplayof such games is that they have a very spepifigpose;gathering
user tags for various resources.

Most GWAPs can only offer a straightforward game environment designed solely within their
limitation of their intended purposeSuchlimited depth may consequently lead to a stringent
lifespan and stale replay valwé the game The introduction of new minGWAPSs that combine
elements from other successful genres of games such as board games, or competitive
elimination type gameszould presumably attract players who seek to engage in competitive
game modes or games with more elaborate graphical environmefisrthermore, in
combination with the previous assumption; the introduction of mini games that utilize the fact



that people within the GWAP community may possibly share common interests with other
users, would give greater flexibility to players to choos$er preferred topic. Such could
consequently attract players that seek to engage in knowledge competition games and provide
tags with greater semantic value on a specific topic. The overall outcome of the introduction of
new gamesould possibly give a freshing tone on the genre, prolong its lifespan and enhance
the overall enjoyment of users.

In order to find solutions to these problems we must take a closer look at folksonomies and
their flaws in order to determine various reasons that lead to ratése of tagsThenwe need

to look at other similar systems and applications and investigag& tinethods of dealing with
meta-noise.Finally we must look existing similar video tagging games as well as the principles
of GWAP game design and formulate new mini games that aim to solve specificonsta
problems, while offering at the same time aitractive game environment and delightful
gaming experience

1.3 Research Questions
This thesis will focus on the following research questions:

1. What are the sources occurring in video tagging games using folksonomies that result in
low of tags andmeta-noise?

2. How effective are the tag filtering and tag correctional mechanisrisat have been
employed by similar systems using folksonomigsimproving the overall quality of their
tags?

3. Can the existing gamestyle of GWAPSs be combined elements from ethsuccessful game
genres (board games) and competitive game styles in order to craa& mini games
that offer with increased rephyability and enjoyment factors, takes advantage of mutual
common interest topics between users, in order to provide greaféxibility and expand
the gameplay at the same time?

1.4 Approach

To answer the above questionghe paper will initially providea relevantand extensive
literature studyregarding the various reasons that may lead to low quality tags generally. These
reasons mainly derive from the differences and variations of expression occurring in natural
languages, such as ambiguity of words, homonyms, synonyms, abbreviatonss well as
from the numerous cases amproper, irrelevant, oblique or erroneouslygded descriptions.

The outcome of the first research question aims at gathering and presenting information on the
most important sources for metaoise.

As soon as gather all the relevant information from firet questionis establishedresearch
will continue with the second research question which will focusearsting methodsthat



reduce metanoise used insimilar folksonomygames and applicationslhis stage aims at
reviewing existingmethods for improvingthe quality of tagsin folksonomy systemsThe
literature study will present a number of case studies and analyze their corresponding methods
for dealing withthe matter. Additionally this stage aims at providing positive evidence that
folksonomies indeed can be refined to outpubre qualitativetag sets. This will be achieved by
presenting the correspondingsults for each method.

As soon as the previous are establishéte thesis will proceed on the definition of 3 video
tagging mini games which will 1) prompt to the first research quesithdefine theintended
category ofmetanoise they intent to improve and 2) identifgnd suggest viablsolutions
found from the second research question abé encapsulated within tharchitecture of the
mini game suiteln tandem, the thesis will focumn providing a mockip implementation of one
out of thethree proposed mini games.

For the mini games that will remain unimplemented, attention will be given in suggesting ideas
for enriching their gameplay and making theas interesting as possible.Such gameplay
suggestios might regard various game modes (ex. Elimination round, tearopgoteam
tournaments, and ladder) andyame experience enhancements such ashievements,
unlockable content, special challenges and rewar@sis also includes suggestios about
ranking and achievement practicéom other games whicthave managed tdkeep players
motivated and retaiing interest.

Finally, the game will be put online for a limited amount of time in order to evaluate its overall
usefulness and appealinghis concluding step aims at gathering the evaluation criteria through
guestioners



2. Taxonomies and folksonomies

Historically, the first attempts to classify and organize information sldieck in ancient
repositories such as the library of AlexandmaHgypt People used taxonomic methods to
create organized accurate records about plants and aniraalsvell as store knowledge of
various domains. As we are now crossing the modern era of digital information, it is evident
that information has dramaticgl increased in terms of availability as well as size and
abundance. The widespread and rapid advancement in communication and computing
technologies have allowed the evolution and expansion of the World Wide Web. Since -Sir Tim
Berners Lee had the incepfio 2F G(KS ARSI (2 adzAS KeLISNISEIQ
information of various kinds as a web of nodes where the user can browse %t*itle World

Wide Web has evolved into fauge global information space where usease able to search,
browse, access, manipulate apdblish vast volumes of data daifyor example, a fast evolving
aspect of the WWW is Web 2.0. The tewas coined in January 1999 by Darcy DiNucci and it is
used to describe the new generation of applicas and Web services which access and
retrieve data,while facilitatingat the same time a number of principles that enhance the
notions of information sharing, interoperability, openness, user centered design and
collaboration between userf8]. Some exaples of Web 2.0 applications that employ such
functionalities are various social networking sites and applications, blogs, wikis, video sharing
sites, web applidgons mashups and folksonomies.

Because of the vast amount of information that resides ia lthternet, consistent classification

has become an increasingly important matt&his classification of resources comes in many
casesthrough tags and metadata. More precisehhe act of attaching a piece of semantic
information to an item is called tggng and results in metadataMetadata is often

OKIF N} OGSNAT SR a aRFGlF Fo2dzi RFEGFES gKAOK A&
the data and most usuallgresentedin the form of tagsin essencea tag describes an item

through a set of tetual keywords which reflects the relationship between the item and the
concept in a users mind. Thus, metadata is structured data about data and they are formed by
keywords and category namé¢3y.

2.1 Taxonomies, Advantages and Disadvantages

Traditionaly, the taskof categorization and classificatitvas been approached in a professional
way. For example, libraries and organizations formed their records using professiwhate
purpose is to apply relevant terms to an iteMhether it is a book or a web documerthe
applied termsaccurately describe its content and uniquely distinguish or group that ftem

2 Jonathan Barnes, e@he complete works of AristotlEBrinceton: Princeton University Press, 1984, p. 4.
% Tim Berners Ledattp://www.w3.org/Proposal.html
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the rest. In a case of a digital librarythe records must forma consistent and accurate
taxonomythat abides to speific rules Hence,a professional cataloguer needs to have special
training and do the job according to standard schemes for cataloging, classification and
categorization such as the Dewey DecinSaisterfi, the Library of Congress Classification
Scheme® and the MachineReadable Cataloging records (MAREndarf. The resulting
taxonomy is a controlled high quality ontology that describes all the items in the library,
arranged in a toglown hierarchical structurethat maintains all the supertypesubtype
relationships of thos¢6].

The major disadvantage pfofessionally created metadaia their cost in economical ternes
well asin terms of time and effor{6]. If somebody considers the amount of existing content
and the fast rate that new content is added loeingupdated, then scalability problems is the
first thing that comes to mindit isclear thatprofessional cataloguersolely,would never be
able to categorize everything adequately fast. Another disadvantage that priofesis
taxonomies pse directly comesfrom the fact that they rely on specific ruledlthough a
controlled taxonomy createthy using dedicated cataloging systemsd schemesvould most
probably offerhigher quality and more accurate relevance of the indexed elementspteisall
quality is impededoy the use oflimited vocabularies. These vocabularies usually foktnet
terminology as used byspecific domais and reflectthe vocabuary of the indivdual
professional cataloger forming the taxonomy;leaving aside the vocabularies used by
untrained usersNo matter how rich a taxonomy might lie terms it will never be able to fully
reflect different vocabularieof users with different cultural and social backgroundsing
everyday language.

2.2 Shift to user created metadata and folksonomies

An improvement to the problems mentioned above was the movement towards author created
tags, heralded by SGNjlthe WWW, and the Dublin Cotdetadata Initiativé. Since theadvent

of Web 2.0 applicatios) many web resources have been bookmarked tagbed by their own
authorswith freely chosen keyword€seneally, Web 2.0 applications aoharacterized by their

rich user experience, dynamicraent, scalability and metadatfl0]. These characteristics are
manifested through the freedom given to its users, who are able search, contribute, label and
identify relevant information according to their liking.

A basic principle shared amongst suclplagationsis that they rely on their users t@sponsibly
and accuratyy enter metadata before theifiles are disseminated to othefd1]. Outright, a

4 http://www.oclc.org/dewey/

° http://www.loc.gov/catdir/cpso/lcco/

6 http://www.loc.gov/marc/

" http://www.is -thought.co.uk/sgml.htm
8 http://dublincore.org/
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person that makes use of a typical Web 2.0 site is given the chance to become the author of
user generated content, which in turn may be published and distributed within virtual
communities.By letting authors attach their own individual tags to their camtt some of the
scalability issues found in professionally created metadagaresolved[6]. However the most
notable advantage that Web 2.0 applications enabled was the ability of collaborative tagging. In
such a schemaisers are encouraged to parfte in the categorization of content and make it
increase its findability. This type of collaborative classification systems are described with the
term folksonomy.

CKS g2NR F2flazy2yvye Aa | Fdzaazy 2F (KS8bys2NRA
the information architect Thomas Vander Wal in August of 2004. In his words, the definition of
afolksonomyish X G KS NBadzZ & 2F LISNER2yFf FNBS (I 33Aay3
a URL) for one's own retrieval. The tagging is donesiocal environment (shared and open to

others). The act of tagging is done by the person consuming the informatnn’ contrast

with a taxonomy which is a hierarchical approach for categorization, a folksonomy is a bottom

up approach consisted from s arranged in a flat namespgcand does not maintain an

explicit hierarchy or specific supertyyseibtype relationships between the terms artéments

[6].

Additionally a folksonomy does not hold any specific predetermined vocabulary or set of
classiOlF A2y (GSN¥a 2N floSfad LG dzaSa LIS2LX SQa 2
[12] In other words, a folksonomy is consisted from a set of terms that a group of users tag
content with, which implies a broader number of vocabularies, thus aenflexible approach

for describingdocuments. The immediate effect is that tagging has moved from being an
individual process of categorization towards an open cooperative social process of indexing and
knowledge construction.

Such an approach is an exampof distributed human computingor humanbased
computation. Essentially this techniquembines the strengths of humans and machines and
provides a tangible solution to tagging by delegating part of the problem to a larger number of

users [4][13]. ThisRA aLX I OSYSy (G 2F 1 062N Aa OIFffSR &/ N
willingness and altruistic spirit of useto aid towards the accomplishment of each purpose.

2.3 Kind s of tags

Tagscan be distinguished into a number of different typdepending on theipurpose. The
following classesre as mentioned in [14] angpresent the entirety of tag typemet within
any usual folksonomy:

ContentBased tags:These tags identify the actual content of the resource. Examples of
content based tags are: Batman, Ferrari, Open source, Logitech, etc.



ContextBased tagsThese types of tags provide the actual context of an object in which the
object was created or sad as well as they provide descriptions of locations and time.
Examples of contexbased tags are: Amsterdam, Dam Squarel1-2011, etc.

Attribute tags: These tags are associated witinerent attributes of an object buhey may not

be derived from thecontent directly. Furthermore, their purpose is to identify what or who the
resource is about (e.g., the author of some resource), as well as to identify various
characteristics of the resource (e.g., funny, scary).

Ownership tagsThese tags identify thewner of a resource.

Subjective tagsThese tags are placed with the motivation of self expression and are used to
SELINB&E |y AYRAODGARZ £t Qa SY2i0A2y 2N LISNE2Y Il f 2
are used to recommend or evaluate an object. Ex®f such tags are: cool, bad, useful,
beautiful, etc. Note that subjective tags can be related with attribute tags.

Organizational tagsThese tags relate with personal tasks or specific interests of an individual
that have to do with the documerdand serve aorganizational or remindepurpose to the user
applying them Examples of such tags are-read, mywork, mypicture, etc. These tags are
often not useful to the general public.

Factual tagsThese tags argenerally helpful tags that arased to dentify facts about an
object suchas people, places or concepts and help describe objects in a way that most people
would agree with. ConteAbases, context based and objective attribute tags are considered to
be factual tags.

Tag bundlesA tag bundle isa group of related tags used to organize a tag cloud. In other
words, itis the tagging of tags that result in the creation of hierarchical folksonamies

2.4 Folksonomy and tag issues

Despite theoverall importanceand usefulness of folkmomies there exist a number of
problems which impede the quali of tags being registered in any folksonomystem. In
comparison with taxonomies who suffer from scalabibtyd practicality issueshe problems
associated with folksonomies lie on thepmsite side of the spectrunin a folksonomy system,
users are given the chance to become individual interpreters of any document and furthermore
are allowed to insert keywords freely according to their individual interpretatamd
background [15]Moreover, since the set of term are added in an uncontrolled manner and do
not follow any formal guidelines, this effectively means that there are cases of ambiguous,
imprecise and inadvertent tag4d6][17][18]. This is also due tthe heterogeneity of usersm



combination withthe variance in linguistiexpressiongnd \ocabularies, as well dse diversity

of human language itself. Finallplksonomy systems usually do not impose any judgment on
user tags and this turns out in a chaotic set of terms thagsdwt support effective searching
as a controlled vocabulary wouldlhe examples presented below are as mentioned in
[6][18][19][20][22] and consist the maircasesof problematic tags All the cases can be
summarized and described using the word metase R1].

Ambiguity: Ambiguity of tags can emerge because there are no clear guidelines and scope
notes in the usage of term as different users try to descalimcument in different ways. For

example,a documentii F 33SR gAGK (GKS ¢ 2 NRg résditd fangiSg\iom O y N
cigarette filters, water filters, car filters or filtering methods as used by various Internet
providers. Effectively that means that a number of different domains and ideasnated

together in the same tagybfuscating the interpetation of the given document.

Spacs, Multiple Words This problem arises whaisers provide tagasingmultiple wordsand

spaces to separate words from one another, while others might conjoin words together to form

a long unified term.The latterpracticeresultsin useless compound termBor example, a user

dzaAy 3 aLl 0Sa FyR YdzZ G§ALX S g2 NRaaothafmight deoM@dA RS
GKS UGSNXY dofdzSaleéeéd 2KAETS 020K GSN¥Ya RSEONAOG
registered aglifferent tags, apart from the fact that the second term is harder to search for.

Synonyms Users may describe a document using synonyhhissleads todifferent tags, which
nevertheless describéd KS &1 YS O2y OSLIJid® C2NJ SEF YLX ST | dza!
a2YS2yS StasS YAIKG dzasS GKS g2NR al dzi2Y20Af Sé ¢
same thing, the words car and automobile would be registered as different tags.

Plural and singlar: Plural versus singular is another problem that appears ofteiolksonomy

systems Users may describe a document using the same word but in a different form. In this
OFasS | dzaSNJ O2dzZ R LINPDARS G(GKS g2NR ODONRE dPgKS
again, these words would be registered as different tags.

Specialized / personal tag€$&roups of users may providsoterictagsin order to give a highly

personal description of a concept. Usually these tags can be understood by a limiteémaimb

users which may belong to the same work groupcommunity, but are rather unhelpful or

nonsense to the vast majority of usenfSor example, dedicated fans of the rock group Primus

have a runningnner joke of the band and make use of the phrasé NR& Y dzad & dzO1 &aé¢ (2
their liking for the band. While that phrase is recognizable between dedicated fans and implies

a positive enunciation, othermay misunderstandhe humorous concepand take the literal

meaningof the phrase Additionally, everif thetagd & dzO1 aé¢ Kl a y20KAy3 (2
band joke, it reflects a personal subjective opiion LY G KS &1 YS YIFI Yy SN 4+
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as unique makers for individual users and their purpose is to help them when submitting them.
However they do not reflect to the broader set of usersdornot add any helpful meaning to
the content.

Spelling errorsOne last categy of problems in folksonomies éases of erroneous spelling.
Users may inadvertently dgpelling errors. For example a user may want to provide the tag
Goftl Ol OFNE o0dzi R2WaGSEROGEQEWNEGOE L O Ol NE

3. Improving tag quality

When we go into thegask of finding methods$o improve the overall quality of termwithin a
folksonomy, we need to keep in mind th#ie usefulness of folksonomies is not called into
guestion We also need to consider the very nature of the folksonomy itself. Ihisgeen,
inherently uncontrolledcategorizatimm system constructed by peopknd therefore it should
remain like that.Thus, the primary goal i® trefine metadata within dlksonomy and remove

as much metanoise as possible without restricting or tidying it up too tightfyorder toensure

its openness Themore control somebody applies to a folksonomy, the more it will resemble a
taxonomic categorization systerithere are two general ways that could be followed in order
to improve the metadata created in folksonomies; the first oseta educate users to add
better tags and guide them accordingly with a loose set of rules. The second approach is to
improve the system in order to allowetter tags to be added. Thiseans thatsystem which

use folksonomieshould equipmechanisns for proces#ng inserted tags and normalizinigem

in an appropriate way. Nevertheless, een if folksonomies liein the opposite side from
taxonomies there is evidence that tags within a folksonomy can closely follow standard
guidelines for controlled vocabaties. Thuspefore proceedng on describingany of the two
suggestionsnentioned above, we first need to take a closer look on the structure of tags in a
folksonomy.

3.1 Structure of terms in folksonomies

In order to create a rule set for flat name spaces need to take into account the fact that
despite the lack of clear guidelines for term creation in folksonomies, in principle many
folksonomy systems correspond to various NISO recommendations. Thegit&lineg9] for
thesaurus construction constitute a set of recognized guidelines for controlled vocabularies
construction.While folksonomies differ from controlled vocabulariesnethelesshey are lists

of terms that describe contentBased on the @search performed by Louise F. Spitdrr],
results show thathe structure of tagsn folksonomies reflectthe widely accepted standasd

for controlled vocabulariest KS LJdzN1J2 &S 2F {LIAGSNAR Q& addzRe
form of folksonomies gainst section 6 of the NISO guidelines for the construction of obedr

)



vocabularies (NISO, 2005). It particulddgksat the choice and form of termén order to find

if there were any similaritiesThe taggut under testwere chosen over a thirtgay period from
three popular folksonomy sitedelicious, Furl and Technoratmainly because they provide
daily logs of the most popular tags assigned on any given datest of unique tagswas
compiled and the analysis of tag structure was conductgdjplying the NISO guidelines. The
number of tags per site was 76 for Delicious, 208 for Furl and 229 for Techiitmtiesults of
the study indicate the following:

Rules: Delicious Furl Technorati
Homographs 22% 12% 20%
Single vs. Plural 93% (singleerm) 76% (single term) 80% (single term)
Unique Entities 22% 14% 49%
Nouns 18% (count nouns) 35% (count nouns) 23% (count nouns)
36% of count nouns in  62% of count nouns in  34% of count nouns in
plural form plural form plural form
Spelling 4% spelledncorrectly 3% spelled incorrectly 2% spelled incorectly
Abbreviation, 22% 16% 19%
Initialisms, Acronyms
Neologisms,Slang, 3% 10% 6%
Jargon
Delicious Furl Technorati
Nouns 88% 71% 86%
Verbal nouns 5% 6% 4%
Noun phraseg; premodified 1% 15% 4%
Noun phraseg Postmodified 0% 2% 3%
Adjectives 6% 6% 3%
Adverbs 0% 0% 0%

Explanations of NISO rules are provided in Index 1.

The results show that the tags from the three sites closely corresponded to the NISO guidelines
outlined above namelywith the types of concepts expressed by tags, the predominance of
single tags, the predominance of nouns, the use of recognized spelling and the use of primarily
alphabetic characters. Additionally, all three sites closely corresponded to the rules regarding
the grammatical structure of tags as suggested by NISO. (Chapter 6.4) The rules state that terms
should be mainly nouns or noun phrases, while adjectives and adverbs should be kept to a
minimum. The main problentags mostly presens their potential for anbiguity, and polysemy

(i.e homographs)even though the proportion of such tags was less than onertgr of the

tags in each site. An extra case@@npound wordsUsers who provide compound tags seek the
richness that a structured sentence can providecs a single word may not be adequate to



provide a fully understood meanintn all other areas, tags presented a close correspondence
with the NISO guidelines for controlled vocabularies.

3.2 Educating Users

Snce we have established that tags withinkiebnomies indeed follow some basic taxonomic
rules, we can proceed to describe and explain the first approach of educating tosacsl

better tags and guide them accordingly with a loose set of n8@se untrained users provide

tags that resemble thestructure of tags well within NISO standards, inducing a loose set of
rules would notimit freedom in a large extend [17].he approach of creating a rule set for
folksonomies is also backed up by people in the folksonomy comm{2®y as they have
presented many ideas on blogs and folksonomy discussion sites about various practices for tag
selectionsSome of these suggestionse:

1 Using plurals rather than singular&iven that users follow this rule, even if only a
limited number of users do so, suahmeasure would @hinate a portion of metanoise
and produce a more uniform set of tagsdditional measures would be to provide clear
explanationson how to use singular and plural forms.

1 Using lower case or Camel Cékematting each word with amitial uppercase letter
to improve readability)

T Grouping words using an underscase any other symbolSince most compound tags
are difficult to parse and they arrendered essentially uselesspcouraging their
replacement with tags separated by amderscorewould be a wise method for
concatenating terms.

1 Following tag conventions started by others

T Adding synonyms in order to extend the keyword pool.

Thus,if we attempt to improve tag literacypy educating users, weteps need to be considered:
Initially, the creators and communityehind folksonomy systemseedto create a set of rules

that will define an acceptable staadd for tag format Since there are no clear guidelines and
standards on tagging practices for folksonomies, these rules brisbrmed according to the
desiresof the creators Secondly, as soon as these rules are formed, they must be made aware
to users who respectively have to follow them as much as possitlis. could be achieved
either by the users themselves who are driviey altruism and a sense of correctness towards
their participation in the system, or by enforcing these rules indirectly to the users. For
example, in a GWAP, users could gain more points or get a greater score if the adhere to the
rule set.

Again,A (inBc&ssary to remind that such a rule séould haveno intention to tightly restrict
user freedom of tag selection or control the overall openness of the folksonomy. Instead these



rules should be treated as a loose guide that aims to reduce a portioretgnoise and induce
a uniform approach that will produce a certain amount of consistency amongst users and
therefore to the tags being added.

4. Improving systems

So far we have seen that the major problems in collaborative tagging systems are caused
mainly due tothe heterogeneity of usersvtho make use of such systems as well as because of
linguistic reasons. The diversity of user behavior, background, culture, country and language,
combined with the open nature of folksonomies would inevitably causesca$ inconsistency,
inaccuracy and ambiguity. As we explained, one step towards the improvement of tags would
be to create a clearly defined set of rules that would guide users to tag in a urfiéonnat. In

that way some of the metenoise would disappearhowever that measure alone is far from
enoughto rectify the situationadequately

The outmost improvemenfor drastically reducingneta-noise would emerge ifolksonomy
systems encapsulated mechanisrfr correcting and making tags more relevarilany
researchers have tried to addressetie challengs using different approachesThe most
notable method for reducing metaoise such as spelling errors, spaces, multiple words and
camel case is by employing filtering methods that clean up user tags angl them into a
correct state. On the other hand, the problem of resolving tag ambiguity has been tackled by
integrating user tags with professional annotatio&ssentially this approach tries to combine
Web 2.0 and Semantic Web through the process of nappinduser tags from folksonomies
with semantic counter parts from ontologi@sd lexical vocabularies.

The Semantic Web and Social Web are two rapidly growing areas, evolving independently
but complementing each othefhe Semantic Web & web of data that presents ontological
aspects in a togown model and allows machines to understand the semantics of information,
leading to an effective way of finding and sharing informatidBne crucial attribute of the
Semantic Web is that it reliesn the authorto create rich annotated data [26]This data is
organized and categorized into machine processable formal ontologies with precise and
rigorous structure. However, the Semantic Web struggles from flexibility and scalability, in
addition to facing technical challenges of deployment on the current web. On the other hand,
Social Web makes use of folksonomies and unstructured data. Folksonomies represent a
bottom up categorization method where data come from users who freely chose keywords to
describe content.However these annotations carrgssersemantic value andhay suffer from
inconsistency oimaccuracy

® The World Wide Web Consortiutnttp://www.w3.0rg/2001/sw/



The following sections provide study of differenttechniquesthat seeks to improve on both

these matters The important point of thesecase studies is to provthe effectiveness of
filtering methods in correcting tags, as well @#st folksonomies are a potential source for
generating semantic metadata wheombined with the Semantic Webince there is a strong
relationship betweenfolt 2 y 2 YA S& 6AGK GKS KdzYly AYRSESND&

4.1 Case study 1- FolksAnnotation Tool

The first example is ol for annotatinglearning resourceby using folksonomies and domain
ontologies, implemented by Hend S.-Kflalifa and Hugh C. Da\J@&4][25]. Their system is
comprised of two pipelines, namely the tag extraction and normalization process and the
semantic metadatareation.

The normalization pipeline is done automatically and aims in reducing the noise ofltagss
achievedby extracting allthe tags assigned to a web resource (for that instance, in the
del.icio.us service) and normalizing them into a likely forn¥dte system architecture of
FolksAnnotation tool ist®wnin the image below.
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The process works as follesw

Initially, tags ae converted to lower case in order to apply string manipulation eablekt, all
non-English characters are dropped in order to ensure that only English written tags are present
during the semantic annotation processhirdly, tags are converted from phlrto singular
(stemming process) and grouped together according to their similarity (inclusion of substrings).
Finally, general concept tags are eliminated.

As soon as all tags have gone through the normalization pipeline and brought to the desired
format, the normalized list is ready to be used in the semantic annotation pipeline. The purpose
of this process is to generate semantic metadata by mapping eachatiaed folksonomy tag

to different ontologies concepts.

The processis responsible for matching normalized folksonomy terms from the bookmarked
resource against term in the ontology which work as a controlled vocabulary and it only selects
those terms that appear in the ontology. After tags have been matched accordingheto
general, specific and resource type ontologies, they reach the inference engine which
associates these semantics to the annotated web resource. For the case of FolksAnnotation
tool, the semantics correspond to pedagogical notions (difficulty leveliastductional level).
These two values are generated from a set of reasoning mutesn enough information is
available in the basisemantic descriptors.

4.2 Case study 2:Merging Folksonomies and Ontologies in Authoring of

Adaptive Hypermedia

Fawaz GHa Mike Sharp and Alexandra |. Cristea propose a mechanism for mapping
unstructured data from Social Web folksonomies with structured ontologies from the Semantic
Web [27]. As stated by the authorsush merge would lead into the following advantagés:
Creation ofsemantic relations between tags afolksonomy; 2) Enableeasonirg on the Social
Web. 3) Augmenthe authoring process of adaptive hypermedia, by providing rich, free, but
also hierarchically structured data from the combined Social and SimaMeb. Their
methodologymakes use on a set of unstructured tags taken from Flickrfaodses on three
main phasesi) Filtering migselled tags from the Social Web, 2pgping unstructured tags
based on co-occurrence valuesand 3) mapping grouped tag®nto matching elements of
ontologies (using Swoodfeand Jen&). The figure below summarizes the three phases.

10 http://swoogle.umbc.edu/
1 http://jena.apache.org/
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The first stage is concernedth correcting misspelled tagé order toachieve thisthe set of
unstructuredtags are prompted for filtenng and analyzd with the Gagle API spell checker
software.The Google ARakes a word query andheckswhether or not the tag represents the
most used version of a word.itffinds alternative related search resultgith different spelling

then the kewvord is replaced with the suggested one based on occurrences of all keywords on
the Internet.

As soon as the spelling of keywords is reformed into a consistent state, similar keyaverds
grouped together based on statistical information retrieved fromroogurrence values. This
process is the second phase of the approach and it is done using the Flitkr TRl co
occurrence valueeepresent how many times these twags are used together iagging
multiple resourcesFor example, considerthé g 2 | Se@ 6 2NRa af 20S¢ | yR
to tag two imaged on Flickr. Their-ococurrence value is 2. If these tags are used together
again, their values would be incremented accordingly, meaning that the relatedness is
determined by the number fothe times these two tags appeared together in the whole
dataset.

Finally, the third stage matches grouped keywords with ontologies in order to enrich the
grouped tags with semantic relations and provide information about the type and structure of
the relation between the tags. This procedure is achieved using Swookieh ¢ a search
engine for Semantic Web ontologies, documents, terms and data published on the Web that
discovers RDF and HTML documents with embedded RDF cowtéditionally, because
Swoogle does not provide reasonirgd extraction of fully automatedemanticrelations
between the grouped tags, this taskpsrformed usinglena Jenais an open sourceesnantic

web framework for Java whigharses and serialized RDF files retrieved from Swooglader

to determine thesemantic relations between the ¢g within a group.

12 http://www.flickr.com/groups/api/
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4.3 Case study 3- Dealing with multi -linguality

One of the problemseported in many systems using folksonomies, as well &garsda[28] is

the difficulty when stemming keywordsas this procedure is language dependent. Thus far,
Waigla did not present such a problem, as almost all tags were in Dutch; hence the appropriate
stemmer was used. However, Waisda is deployed on the web which is a multilingual
environment with heterogeneous users who may use a number of different languages. As
result, the stemming proceswould require determining the language of the tag and having a
different stemming algorithm for each languagevo solutiondgnitially proposedwere: Try to
predict the language of the tag based on profile data of each usgrarticular the language
preference. The second solution involves looking at the tagging history of each user in order to
determine the language by the majority of the tags created by him/her.

In the past, Waisda? has made use of GTAhd Cornettd®. The former is a domain
vocabulary andthe latter is a general lexical source ah covers common lexical terms.
Specifically, GTAA (Dutch acronym for Common Thesaurus Audimal Archives) is the
thesaurus used by profsonal casloguers in the Sound anWision documentation preess.
Cornetto is a lexical sem#c database of Dutch that cteins 40K entries, including the most
generic and centrgbart of the language.

A third solution, however, would be to make use of the lexical ontology WordNetd
EuoWordNet®. Incorporating such holds advantages as it may prove helpful with organizing
tags into categories and assist searchiRglevant research [29][30][3B®] has shown the
fruitful potential of employing WordNet when aiming to solve miiliguality, as well as tag
ambiguity. WordNet includes all common parts of speech; nouns, adjectives, verbs, and
adverbs, as well as a set of synonym words, called synset, that defiggmaicular concept.

The synsets and words are linked together and hold aofolexical and semantic relations
between them.EuroWordNetexpands orthat ideaand unites WordNet in different languages
(Dutch, Spanish, ltalian, German, FrenCagchand Estonian) in a single multilingual lexical
resource.

Specifically, the EuroWord will find equivalent words that match the tag the languages
mentioned above using the Intdringualindex (ID!. The InterLingualindex isa standardized
index of sensalistinctions that can be used as a universal and cliagsial standard for sense
differentiation. ThelLl, developed in EuroWordNés partially adapted to provide a better

13 http://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http://data.beeldengeluid.nl/gtaa/GTAA
14 http://www?2.let.vu.nl/oz/cltl/cornetto/

15 http://wordnet.princeton.edu/

' http://www.illc.uva.nl/EuroWordNet/

7 http://www.sfs.uni-tuebingen.de/lsd/ili.shtml
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matching across the languagesd has been expandintp include various concepts and
domains(for example, computer terminology) al the aforementioned languages

As an exampleake1 KS 62 NR 0SSk dziAFdz ¢ 6KAOK A& dzaSR
| RRAGAZ2Y I f adyz2yeévYz2dza #28NR¥I BNEFTXQBGEE &2 NJaadap |
case, the WordNet ontology contains many synonyms that correlate with the word beautiful.

Thus when a user adds a synonymous tag the systamd consult the WordNet ontology to

check if it contains the inserted tadf it does not then it is added to the existing set of
adyzyevyzdz ¢g2NRad® hy (GKS 20KSNJ KIyRZ gKSy |
WordNet ontology could retrieve and show all the synonyms along with the original search
keyword, thus ensurinthe retrieval of relevant results.

Of course, when considering searching for tags, there are two €diffeways that could be

followed; save time or save space. More specificalther the words included in the WordNet

and EuroWordNet should be replieat and stored in the folksonomy as system tags, or these

words and relations could be deduced from the lexical resources at search time. Using the same
SEFYLX S 6AGK GKS 62NR GoSldziATdz ¢ 6KSy | dzi e
the resultswould be retrieved much faster, whereas in the second case, the keyword would

have to be sent to the WordNet and the results sent back to the folksonomy. This
communication between the folksonomy and the ontology is time consuming whileigbeis

waiting for a response.

4.4 Case study 47 News@Hand

A related alternative method of filtering tags has been suggested28]. The research is
considera with the retrieval andconsolidation of tagnformation from multiple sourcesnto
ontologieswithin a common semantic layer that unifies and classifies social tags from several
Web 2.0 sitesThis idea is put to the tesigainst different personalized information retrieval
frameworks. These frameworks includewulti-facet hybrid recommendations [32fsemantic
guery-based searching [33 personalized contexaware contentretrieval [34], and group
oriented profiling [35].

Specifically, their propos# to feed to the previous strategiesser profiles built from personal

tag cloudson Flickr and del.icio.us web si#te The mapping of those social tags to the
ontological structures involve three steps: 1) Filtering of tags, 2)attguisition of semantic
information from the Web tomap the remaining tags into @e@mmon vocabulary, ang) the
categorization of the obtaed concepts according to thexisting ontology classeall these
techniques are fused and tested in News@hand[29], an application that recommends news.
The ontological knowledge bases and user profiles within News@hangdearerated from
public social tagging informatiofhe application embodies a mechanism for the creation of
ontology instances from retrieved tags, according to semantic information collected from the



Web. It additionally uses a filtering method that perfos morphological and semantic
transformation to the tags, in order bring them in an appropriate format and associate them
into a common vocabulary.

All the different steps that occur during the filtering process are summarized in the picture
below and exm@ined afterwards.

Row Tags Filtering process _ |Fitered Tags
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Figure 2. The tag filtering process

Step 1: Lexical filtering

The first point of interest is the process of filtering and correcting tags. This process tries to
address the same problem that every folksonomy presents; cleaning tags fromnois@and
provide good quality tags annotationshe filtering process begnmmediately after the tags

have been harvested from folksonomy sites. These tags are still in a raw and unprocessed state.

Tags are passed onto the Lexical Filter whose purpose is to apply several filtering operations.
For example, tags that are too sthdength =1) or too large (length >25) are removed entirely,
resulting in a discarding rate of approximately 3% of the initial dataset. Then, all special
characters such as accents, dieresis and caret symbols are converted to their basg, @y (

a, a4, & are converted into a). Additionally in order to maintain notable tags that contain
numbers (e.g dates, 2010, 2011; common references, 911, 666; popular combinations of letters
and numbers, 4 x 4, 7up), all tags are passed through filtering baseal sat of custom
heuristics. Tags which do not pass a certain global frequency threshold are discarded. Finally,
any common stopvords such aspronouns, articles, prepositions andonjunctions are
removed.



After lexical filterinchas finished applying itgperations the tagsare passed onto the WordNet
Manager for matching with the thesaurus of WordNet. If a match is made, the tag is passed
directly to the set of filtered tags in ordéo save further unnecessary processing.

Step 2: Compound nouns and msslings

If matching withWordNetin step 1proves unsuccessfiihey are assumed to be misspelled or

being compound nouns.hE& unmatched terms are passed to Google which searches for more

NEf SOyl aSIFNOK NBadzZ 6a sA@Rdd tYSENK I YEOK ¥ LAty
spell checker is based on occurrences of words on the Internet, thus it is able to suggest
common spellings for proper nouns that would not appear in a standard dictiomaeyGoogle

d RA R @ 2rdecher&iaysdprovides a wayf dealing with compound words, even though

it is likely to fail when dealing with words comprised from more than two terms. For example

the tag Sanffancisco is correted to San Francisgdbut the tag unitedkingdomsouthamjoin

cannot be resolved.

In order to deal withthese cases, a complementaglgorithm that sorts the tags in alphabetic
order and processes the tag list sequentially is employed. By caching previous lookups and
matching the first shared characters of the current tag string, tig@rthm is able to split the

tag into a prefix (previously resolved by Google) and a postfix. Afterwards, a second lookup is
performed using the postfix to seek any further possible matchd® process is iteratively
repeated until o splits are obtainedrom the Google ConnectorThe advantage of this
technique is its low computational coststs efficiency and speedivhen compared to any
bespoke stringsplitting heuristic. Likewise with step 1, the resulting tags are sent again to the
WordNet manager fowalidation. Unprocessed tags aradded to the pending tag stack, and
unmatched tags are discarded.

Step 3: Wikipedia correlation

¢CKS GKANR aiSLIQa LlzN1J32a&aS Aa G2 LINRPGARS +y |3l
appear in grammar dictionariegither becausehey represent proper names, contemporary
terminology or because theyare widely used acronymdn order to provide an agreed
representation for such tagshey arecorrelatad to their appropriate Wikipedia entries using
the Wikipedia Conngtor. Wikipedia is a multilingual, open access, free content encyclopedia on
the Internet, with over 90,000 contributors and about 20 million pag&skipedia contains
classification and relatedness categoraslaboratively and supports term disambiguatiand
dereferencing of acronymsFurthermore, the Wikipedia Connector is responsible for
consolidating agreed terms for filtered tags, as well as retrieving semantic information about
each obtained entry. This semantic informati@exploited by the ontmgy population and
annotation processes described below.



Step 4: Morphologically similar terms

This step deals with the various npdiological variations adimilar termsthat refer to the same
concept. An example of such discrepancy is the various cases of singular and plural forms (e.g
blog, blogs) or other morphological variations (blogging, web log). The reduction of
morphological variations is done using the stemmfmgctions provided by the Snowball library

10, which essentially converts similar tags to a single tag. For each graumilalr tags, the
shortest term found inVordNetis used as the representative tag.

Step 5: WordNet synonyms

The synonym problem & well known problem within folksonomieseéplerefer to a certain
concept using differenterms that have the same meaning, but with different morphological
forms.In this case the solution to the synonym problem is provided by WordNet, which offers
synamym relations between synsets of the terms. By merging pairs of synonyms into single
terms, a simple filtering is achieved, however since many terms refer to possibly more than one
meanings, not all of them should be taken into consideration. The mergmgeps comprises

of three stages. The first one is considered with the creation of a matrix of synonym relations by
using WordNet. The second phase, non ambiguous synonym pairs are recognized and based on
the number of synonym relations found for each tddpe third stage finallyeplaces each of

the synonym pairs with the most popular terfBxample®of thus processed synonym pairs are
androidand humanoid thesisand dissertationfunicular and cable railway, stein and beer mug,

or poinsettia andChristma flower.

4.5 Case study 5z FLOR Mechanism

Another example of related work in theamefield is described if31]. Thar goal was to
automatically enrich folksonomy tags with formal semantiog associating them to relevant
concepts with online ontologiesn order to achieve thighey introduce a mechanism which
combines knowledge from WordNet and online ontologies, named FLOR (FoLksonomy Ontology
ENrichment).

The mechanism takes a set afjsas inputand automatically relates them to relevant semantic
entities (classes, relations, and instances) defined in online ontoldgiesder to output a set

of semantically enriched FLORtagéus, tags within flat folksonomies tag spaces are tinke
with Semantic Web Entities (SWEs) and transformed into rich semantic representdtifans.
immediate advantage of this approach is that tags are automatically associated with the
semantic neighborhood provided by the corresponding ontoltiyggy are matchd to. For
example, take the word canine. Following that approach, apart from identifying that canine is a
sub class ofarnivore;the relation canindlisjointwith-feline could also be acquired.



FLORSs consisted from three different componenénd performs athree step methodology
that leads to the fulfillment of its goal

The firstcomponentis called Lexical Processing and aims at cleaning tags fromnoist or
potentially useless tags based on a set of heurislités step is performed in der to decide
GKAOK GF3& INB dzaS¥dz |yR 6KAOK |NB y2i YR
tags found in folksonomies. The result of the fimskis the so called Lexical Representations
that comprisesa list of lexical forms for theag, such as plural and singular form for nouns and
delimited types of compound tagd'he secondcomponentis named Sense Definition and
Semantic Expansioph YR AU Q& O2yadARSNBR gAGK FaaAadayay3
its content. Additionally iextracts all relevant synonyms and hypernyms so that migration to a
richer representation of the tag is possible. Lastly, the Semantic Enrichment stage associates
every tag to the appropriate SWEemantic Web Entitiesind generates a list that contaiadl
entity-SWE linksThe three componentsre shownin the image belowand their respective

tasks are explained afterwards
bild 105005, buildings : <buildings, building>
corporation, - 3 E 2
road Lexical corporation . <cCOrporation>

Processing road ©<road>

england,
england : <england>

bw, neill0l

Disambiguation
Semantic Expansion

buildings . < <buildings, building>, <edifice>, < structure construction, artefact, ... > =
corporation . < <corporation=, <corp>, < firm, business, concern,..> =
road < <road>, <route>, <way, artifact, object,.> >
england < <england>, S <European_Country, European_Nation, land,.> >
Semantic Enrichment
buildings :< <buidings, building=, <edifice=, < structure construction, artefact, ...>, <URNM#Building, URI2#Building= >
corporation < <corporation=, =corp=, = firm, business, concem,..=, <URN#Corporation, URIZ#Corp> >
road < <road=, <route=,  <way, artifact, object, =, =URN#Route> =
england < <england=, =<>®, =European_Country, European_Nation, land,. =, <URN#England, URIZ#England= =

Tags Lexical Synonyms Hypernyms Semantic Web Entities
Repltions

Stage 1: Lexical Processing
The role of the Lexical Processing component is to clean up tags fromnwmisty identify
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be included in the semantic enrichment process. Meaningless and sdelgs derive from the



open nature of folksonomies, which gives its user the freedom to choose tag without any
restrictions. The result is a wide variety of different tags types within the folksowathymany
morphological variationgPluratsingular, conpound words, tags with special characters, xaion
English tags, ambiguous terms, spelling variations,Ryious work36][37][38] has identified
different conceptual categories of tags such as events, locations and persons, as well as tag
categories that can be describe by syntactic characteriskies.process of deciding which tags

are to be further used is done in two steps:

Initially, the Lexical Isolation phase identifies, isolates and excludes tags that contain numbers,
special characters and ndfnglish tags. The reason of exclusion of-Boglish tags is due to

the fact that FLOR is associated mainly with external knowledgecss that are primarily in
English. However, extending the mechanism to include other languages could be achieved by
making use of EuroWordNet.

The next step continues with the Lexical Normalization phase and aims to solve the various
naming conventiorincompatibilities between folksonomies, ontologies and thesauri, such as
WordNet. The output of this phase is a list of all possible Lexical Representations for each tag.
This is done in order to maximigee coverage of this tag by all the different resoeisas much

as possibleFor example, the compound tag santabarbara in folksonomies appears in various
other forms in ontologies and WordNet (Samt®arbara, Santa + Barbara, Santa Barbara). The
outcome of the Lexical Normalization would be a list ottadl possible lexical representations

of that term (santaBarbara, santa.barbara, santa Barbara, santabarbara, santa+Barbara, etc).

Stage 2: Sense Definition and Semantic Expansion

The sense definition and semantic expangpbraseincludes two separate step3he firststep

of Sense definitioraimsto provide the intended sense of a tag in the given context, in order to

be connected with a relevant SWEemantic Web Entities)his is due to polysemy cases of

tags, where the sameetm can have different meanings within different contexts. For example
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it appears.The context is defined by a set of tags thatamur with the given tag durgnthe

description of a resource.

The WordNet lexical ontology is used as a sense repository in order to compute the similarities
between the senses of all tags in a tagset and achieve the disambiguation of a term. For
example, in the tagset (panther, jagy jungle, wild) the context of the word jaguar is (panther,
jungle, wild), wherea#f the same wordis usedwithin the tagset §ports car, Britain, jaguar,
road) it would indicate the context (sports car, Britain, road), which clearly demonstrates the
different meaning of the term. Therefore in order to define the senses of tags, all the lexical



representations for each tag are identified in WordNet. If more than one meaning is found
within the synsets, then the contextual information of the tagset isetaknto account and the
similarity between all the combinations of tags is calculated using the Wu and Palmer similarity
formula [39].

The similarity degre between two senses depends dhe number of common ancestors
between themin the hierarchy of WordNet, anthe length of their connecting paths. he

result of any calculation is a couple of senses and a respective similarity degree for each of
those. The senses that return the highest similarity degree (also higher thampre-specified
threshold0.8, which indicatesorrect relatedness in most of the cajese selectedif a tag has

a low similarity, it is compared to all other tags in its cluster and assigned to the most popular
WordNet sense. It has to be noted that the teheld value of 0.8 was empirically established to
lead to reasonable results. Any lower values could potentially lead to unrelated tags, as for
SEFYLX S Ay GKS GF3&aS0 603IANI I SIHdAy3azr NBRI | LL
0.7 for the seses Bolshevik, Marxist, Pinko, Red, Bolshie, (terms which refer to extreme
radicals of the Russian revolution) Girlfriend, Girl, Lady friend.

The second step isalled Semantic Expansioh Y R cdnsid@rad with semantically expanding

tags based on previous identified senses. This step is necessary because online ontologies might

not contain concepts that are syntactically equivalent to given tags; they just might contain
concepts that refer to oyl one of its synonyms. Therefotbe Semantic Expansion includes the
synonyms and hypernyms of a tag in theofRrag.WordNet is used to extract the correct sense
synonymsl YR (KS &adéy2yeévya 2F (GKAa aSyasSQa KeLISNYEeE
again,if the word refers to an animal in a specific context, then the semantic expansion would
include a list of synonyms (panther, panthera onca, felis onca) as well as a list of hypernyms (big

cat, feline, carnivore).

Stage 3: Semantic Enrichment

This is thdast stage in the entire methodology of FLQORI #éhe final output consisting of a set

of enriched EORags is produced.h& results of lexical cleaning and semantic expansion
performed in the previous steps are brought to FLOR for identification of relevant SWEs for
each tag.These SWEs are selected by querying the WATSON semantic web gd@ywapich

will in turn give acess to all online ontologies. Only those ontologies that contain one of the
lexical representation or synonym of a tag in their local name or labels are chosen.

In many cases there can be a number of corresponding SWEs, thus in order to reduce the
number of these and furthermore reduce redundancy; an entity integration process similar is
performed, which essentially integrates entities that have a high similarity into a single



semantic object. The similarity of two entities is computed in the following:warst a
comparison is made between their semantic neighborhoods (sufaesses, subclasses, disjoint
classes for classes; domain, range, sygeperties, and suiproperties) and their locahames
and labels.

The formula for calculating similarity sigifor two SWESs el and e2 is the following:
simDgr = W1 * SimLexical(el,e2) + Wg * simGraph(el,e2) where:

simLexical (el, e2) is the similarity between the lexical information of two entities (their labels
and localnames, computed with the Levenshtdistance metric) and
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neighborhood element is computed based on string similarity.

W1 = Q 3and Wg = 07 (the similarity of the semantic neighborhoods are congidenore
important that the similarity of labels)

Entities are merged by integrating their neighborhoods into one when the similarity between
the two is higher than a threshold. Then the process is repeated until all entities are sufficiently
different from each other. When the entities are merged, then the tag is enriched with relevant
entities by comparing the ontological parents of the merged entity with the hypernyms
retrieved from WordNet. An example of an enriched FlorTag is shown in the image below.

Lexical Synonyms Hypernyms Entities
Representations

moon satellite http://www.ida liu.se/~adrpo/modelicalrdffinheritan
celestial_body ce.owl#moon
heavenly_body type (of)
natural_object http: /v ida liu se/~adrpo/madelica/rdffinherita
object nce owlkCelestialBody
physical_object
subClassOf
http fAiveeaw cyc.comy2003/04/01/cyc#NaturalStaellite
type
http: fhvaeaw cyc .comy2003/04/01/cyc#EarthsMoon




4.6 Case Study 6z SAP Algorithm

The finalstudy [41] is concerned with constructing folksonomjdsy integrating structured
metadata with relational clusteringlhis approach is based in previous researches about the
construction of conceptual hierarchies from social metadatéore specifically, the SAP
algorithm is an extension of collective relational clustering approach used for entity resolution
as describedni [42]. That particular study alsmanagedto identify and disambiguate entities

by utilizing intrinsic and extrinsic types of evidenc&he SAP algorithmpresents a similar
approach that uses these two types of evidence to identify and disambiguate concept names
from names and tagsntrinsic) and neighboring nodeatures (extrinsic). Intrinsic evidence are
associated with specifimstances, such as auih names;while extrinsic features are derived
from structural evidence, such as-aathor names in a citation database.

Similarly, the SAP algorithosesstructured social metadatéags)and user specified shallow
hierarchies driven by similarity measures thailize statistics of metadatal his is donén order
to incrementally transform individual hierarchjesto a larger complete global folksonon¥.
shallow hierarchys a shallow tee representing a personal hierarcagd it is composed of a
root node and its children or leaf nodes, also known sepdings.

For example on Flickr, usegsoup their photos in albunrtike folders, called sets. Users can also
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hierarchies containing collections of collections, etc., but ttast majority of users create

shallow hierarchies, consisting of collections and their constituent Be¢screated shallow

KASNI NOKe O2y il Ay2FeKSBEEGA2VIRALKSOBIBANBY (K
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constituent sets of the collection which inherit their names. Tgieture below shows an

example of personal hierarchies spdied by a FlickR user and contains: &me of the

collections created by the usgfb) sets associated with the Plant Pests collection, and (c) tags
associated with an image in ti@@aterpillarsset.



maxi milllpede s photostream oro

Collections Sets Gallenes ags Archive Favorites Profile

Mushrooms & Fungi Invertebrates Plant Diseases

(2)

? ‘l sl oiec g
max milipede > Colect +

h Plant Pests

sl pests

Plant Parasites Sap Suckers Plant Eaters Caterpillars
% ot 26 phet S99 photos: 29 phet

(b) (c)

Moreover, SAP addresses the following relatptbblems namely: sparseness (lack of
aggregated social metadata from many different users), noisy vocabulary (spelling errors,
idiosyncratic naming conventions), ambiguity (same term describes more dha concept),
structural noise and conflicts (differences in individual organization preferences, vocabulary
differences amongst individual users, variations in degree of knowledge about a topic) and
inconsistent granularity and the various conflicts guced by the diversity of users (differences

in user level of expertise and expressivenesgain, these problemarise, when structured

user generatedmetadata are integrated from FlickR. Some examples of such problems are
shownin the images below.
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(a) Ambiguity b) Conflict Varymg granularity

4.6.1Similarity scores and merging operations

An effective approach to combine personal hierarchies into a global folksorsmpaggregate
saplings both horizontally and vertically. What this means is that saplings will be merged
according to contextuainformation from their neighborsbasedon the similarity measure
between a pair of nodes. The horizontal aggregatiealswith merging saplingwith similar

roots that expand the breadth of the &e by adding leaves to the rootekical aggregation
deals with merging leavesf one sapling vth the root of another saplingThisconsequently
extends the depth of the tree.The similarity measure between nodes in different saplings is a
combination of local simakity and structural similarity, expressed:

nodesim(a,b) = a x localism(a,bjl+a) x structSim(a,byhere0<a<1
Local Similarity

Local similarityis defined adocalSim(a,b) and is the similarity between two nodeg and b

and its based on the intrinsic features of the nodes,their names and tag distributionsocal
similarity is composed of two componentd) the name similarity an®) the tag distribution
similarity. Name similarity can be any string similarity metric which returns values ranging from
0 to 1.Tag similaritycan be expressed as a simple function that checks the number of common
tags in the top K tags of a and b and returns 1 if this number is greater than J; otherwise returns
0.

Structural Similarity

Structural similarity is defined as structSim(a,b) aegpends on the features of neighboring
nodes such as the position of nodes within saplinger example ifa) is the root of a certain



sapling, then its neighboring nodes are its children as weh) 1§ a leaf node, the neighboring
nodes are its parents and sibling§wo versions of structural similarity are defined
structSImRR(,) which computes structural similarity between two root nodes -{oaatot
similarity), andstructSimLR(,) which evaluatesructural similarity between a root of one
sapling and the leaf of another (letd-root similarity).

The root-to-root similarity establishes that two saplings are likely to describe the same concept
if their root nodes share the same stemed name andgome of their leavealsohave the same
names The rootto-root similarity computation is based on: (1) how many of the children have
a common stem name (match) and (2) the tag distribution similarity of thiesdo not have

the same name. The latés an optimistic estimate that child nodes of two saplings refer to the
same concept while having different names.

When theroots of sapling(@) and (b) are similar, they are merged and the result is a new
sapling that combines structures and tag statistics. As from the leaves of the new sapling, the
come from the union of leaves of the two saplings, where if there are leaves from a and b that
share the ame stemmed name, their tag statistics are combined and attached to the
corresponding leaf in the new sapling. The width of the new sapling will increase as more
saplings are merged. This operation deals with the sparseness challenge.

Rootto-leaf similarty is the operation thaextendsthe depth of the folksonomy. It is reminded
that this operation is concerned with merging the root node of a sapling with the leaf nodes of
another. One concern is that since nodes may have different roles, their corresygond
neighboring nodes are likely to have different roles. However, there is some overlap between
siblings of one sapling and the children of another sapling, as showcaste@ ifollowing
picture (varying granularity).

Gk 2 S8,
Geotond

Varying granularity

Assume that bothsaplings(UK) have been merged and therare: (UK (Scotland, Glasgow,
Edinburgh, Londom)and (Scotland (Glasgow, Shetlaidyvhich should be merged. SinggK)
and (Scotland sapling both contain Glasgow and the user contained Glasgow ufgr



instead of (Scotland, this shortcut contributes to the similarity between Scotland nodes.
Hence, the structural similarity of such types of leadt nodes measures the overlap between
them.

SAPAIlgorithm

The algorithm that embodies all the above mechanisms relies on ateemdused as the root

of a tree. This term simply corresponds to the name of the desired concept which a larger tree
will be built upon. The procedure starts with clustering individual saplings whose roots have the
same name as the name of the seed. Thipérformedby using similarity measures in order to
identify similar saplingsThe merging itself is done witihe operation mergeByRoot( , ) and
each merged sapling corresponds to a different sense of the seed term.

Then,the conceptgrowth is startedoy selecting one of the merged saplingbe name of each

leaf of the initial sapling is used as a refererfoe retrieving all other saplings that have similar
root names. Saplings whose root is most similar to the leaf are linked to it, whereas 8 case
that several saplings match the leaf, all of them are merged together before the actual linking
takes place.

Clustering saplings into different senses and merging saplings to leaves of the tree is performed
incrementally until a certain threshold is #ed. As an example, take the trees shown in
picture aboveand suppose thatUK) is the seeding term. The process will first clusteth (UK
termstogether. Now imagine that there is only one sense of UK resulting in a single gaj{ing

with the same mame The procedure will continue by selecting one of the unlinked leaves say,
Glasgow, to work on. All saplings with rq@asgowwill be clusteredand linked to the sapling

(UK)

Handling Shortcuts:The attachmentof a sapling A to a tree F mdgad in structural
inconsistenciewithin the tree,for example,a shortcut. A shortcut arises when a leaf of A is
similar to a leaf of FAn example is shown in the following picture.



Dockland

Imagine that the current tree is U (London, England, Scotland) and ave about to attach

the sapling (Londor> (British museum, Dockland, England)). If some user places England under
(London), the attachment of the sapling will create a shortcut to Englarmiresolvethis, the
similarity between UK.ondon and UfEnglandis compared Since England sapling is closer
toUK than London sapling, we simply attach Engkaling to the tree; while ignoring London

leaf underUK.

Ideally, the shortest path would be dropped as the longer one is more likely to contain more
specificinformation. However there are cases where the decision of dropping a shorted path
cannot be taken immediatelyThis isdue to lack of information of whether another shortcut
would be created if a sapling is attachéthus at this point, the decision taap the shorter

path ispostponed until all relevant saplindsr possible mergéo the present leaf are retrieved.

Another problem lies in thathere is no information whether attaching the England sapling will
create a shortcut to London from the rootkUNow suppose that leaf/K,England does match

the root of sapling(England-> (London, Manchester, LiverpgoBnd mutual shortcuts to
England and London appear once the saplings are attached to the tree. Then, the decision to
drop the shorter path must be made and that decision must be based on similarity. The sapling
that is more similar to roetUK should be liked to the tree.

Handling LoopsAnother undesirable structure that could result by attaching a sapling to a leaf

is a loop. In many cases loops indicate synonymous concepts that arise because of variations in
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by synonyms, the similarity between the root of the sapling and the root of thatesdhecked.

If it is high enough, the similar leafs are removed from the tree and then the merging takes
place. For insnce, take a look at the picture used before amtippose that the(Londor)



sapling is about to be attached t@&ngland sapling at its London node. In order to do so, the
England Node of Lond@apling must be removed first.

Mitigating other structural nase: There are casesvherea sapling containing a spécisense is
merged with a treeand the sense is relevant with a le&iut totally irrelevant with the tree

root. Consider for example the hierarchiower -> rose-> black &vhite. There is a chance that

the sapling black & white> (macro, portrait, landscape) will be judged relevant to the leaf
white of the tree, since they share common tags. This is due to the similarity measure between
the root andleaf, which is based otontextual information from neighboring saplings. Hernte

this sapling is attached to the tree, the tree would end up containing mixed concepts from
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that is destined to be attached is relevant to the ancestors of the laakt be performed This

is doneusinga continuity measure, which examisthe tag overlap and decides not to attach

the sapling if it has less than L tags in common with the grandparent niddeitionally,
saplings that are the result of input from more than one user are only attached to leaf nodes.

Mitigating noisy vocabulariesNoisy nodes can appear due to idiosyncratic vocabularies used
by different users. These nodes can be identifiedi®/number of users who specify them in a
certain merged sapling. Specifically, 1% of the number of all users who contribute to the sapling
is used as a threshold. Leaves of the sapling that are specified by fewer than that are removed.

5. Results and evaluation of case studies

This section will now present the results and evaluation criteria of each of the case studies
presented m chapter 4. The purpose of this chapter to prove theoverall usefulness,
correctness and effectiveness difiet tag correctional mechanismd&.he results are grouped
according to the evaluation criteria the original authors have provided. Heheeresults of
study cased, 2 and 5 which are concerned with the potential of filtering methods seeking to
reduce noisein tags are presented firstNext comesthe evaluation of study case. 3t is
concerned with providing a solution for multilingualisrsing WordNetThe evaluation of study
case 3can be consideredomplementary tahe evaluation and results of case stusly

Furthermore, the results of casstudy 4 follow. Besides the tagorrectional part,this isalso
concerned with semantic enrichment using folksonomies dreddffectiveness of such method
as an overall refinement to a tag based system. Finally, thiiation and result of study case
6 are presented. The methodology of study case 6 is concerned clutering similar
hierarchiesby using their structure and tag statisticthen it incrementally weavethem into
deeper, bushier treewnhile providing a solution foavoiding or resolvintag ambiguity.



5.1 Filtering Methods evaluation
Case study 2

We begin with presenting the evaluatidior mapping unstructured data from Social Web
folksonomies with structured ontologies from the SertianWWely by Fawaz Ghali, Mike Sharp

and Alexandra |. Cristedhe criterion for this case study is to check whether or ,narious
filtering methods can reduce metaoise and by how much. The evaluation for this approach
was put to with annitial subsetof the 145 most populatags of Flickr. The initial tag cloud was
then extended to a larger set of 11.138 tags, in orderdiieve related tags andapture the
relations between tags and quantifiensecessary for coccurrence analysis amongst the tags.
The experiment was set upon two conditions: 1) Each tag had to occur at least 10 times in order
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spam andunrelated tags have a lower average ofaxxurrence value. 2) Every group that
shares more than five tags with another must be combined into a single group, in order to
avoid redundancy.

The filtering process is of particular interest. As mentioned keferroneous spelling is one of

the problems that folksonomy sites and applications present, leading to-matse. In this case

Flickr tags suffexd from quality aspects as they are generated in abundance by a number of
people who inadvertently misspelll them. In this case, 2.124 out of the total number of tags
were misspelled. During the filtering phase 1,854 tags ofrth&spelled tags were ceected,

which is about 87,288%, while the rest were discarded because th@caarence value was
below the tireshold. After the filtering process the remaining 8710 tags were put into relevant
groups based on their eoccurrence values between tags. For example, the processing of the
GFr3 aF22R¢E NBadzZ SR Ay GKS NBGNR Qgond of tBRef T m N
experimentand filteringmethod, a set of 14 tags was obtained as follows: {food, fruit, dessert,
pasta, cake, red, seafood, fish, meat, grape, spaghetti, vegetable, bread, green}. Then, these 14
tags were mapped onto the elements of ontoleg using Swoogle to retrieve ontologies that
contain the selected tag; and Jena in order to define relations among tags in this gitoeip.
results for study case 2 are presented in the table below.

Study case2 ¢ Folksonomies and Ontologies in Authoringf Adaptive Hypermedia
methodology

Initial dataset # of tags # percentage

145 most popular tags of Flicki 11138 100%

Used to retrieve relevant tags

Removed tags (eoccurrence| 2302 20,667%
value below threshold)




Misspelled tags 2124 19,06%
After Filtering # of tags # percentage
Corrected tags 1854 87,288%
Uncorrected tags 270 12,712%
Total 8710 100%

Besides the positive results of filteringjditional findings of thdiltering method includes the
following:

1 The filtering procedure outlines the effect of decreasing the cost of creating and
authoring semantic content.

1 Tags are context specific; different users apply the same tag with different meanings.

9 Tags can also be system specificthe specific experient, tags were obtained from
Flickr by using its API. However since many social websites exist, it is reasonable to
expect different tag clouds and mapping results. For instance, extracting semantics from
wiki content requires using Wikipedia templatesynl

Additionally, major findings concerning the rest two processes of grouping tags and mapping
tags include the following:

1 There is a delicate balance between manageability and preciseness. This is due to the
fact that in principle all tags on the sociaeb are connected to each other and thus
belong to one group. This option however is not considered practical and does not scale
well and therefore the number of sets should be kept low. Nevertheless, since the
grouping of similar tags was based onamxurence values the tag set should also not
be kept too low. One important consideration to this aspect is that large sets can lead to
complex, time consuming computations and may contain too many false entries.

1 Not all social web tag groups are covereddmjyologies. One solution could be to build
ontologies out of data coming from social web.

1 Several groups share the same subset of tags, which leads to a high degree of similarity
amongst those groups. This finding suggests that these groups should bedratg
larger ones in order to avoid redundancy.

1 Mapping to multiple ontologies could lead in decreasing tag ambid@ly For example
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meaning and disambiguating its mul@photions (rodent, computer input device, etc).
Note that this effectively gives solution to the aforementioned problem of polysemy, as
noted in the section regarding educating users.



Study case 5

Next is the evaluation ofase study 5, the FLOR mechamisvhich aims to reduce tag noise by
applying filtering methods over thenT.he correctness of FLOR was assessed on a data set of
250 randomly selected photos with 2819 attached tags in total. During the Lexical Isolation
process 1673 tags were removed (59%esulting in 1146 remaining tags. Isolated tags
contained: 45 two character tags, 333 tags containing numbers and characters, 86 tags with
special characters and 818 némglish tags. Then the photos that exclusively contained the
isolated tags where fgéred out, giving 226 photos and 1146 tags. Out of these lexically
processed tags, FLOR correctly enriched 281 tags and incorrectly enriched 20 tags, leading to
precision results of 93%. However, FLOR did not manage to enrich a large number of tags
(841tags, 73%). In order to understand the reasons behind this, a 10% out of the 841 tags was
selected and manually enriched with appropriate SWEs. The resulting enriched tags were 25,
thus leading to estimation that FLOR could have enriched 287 more tags tharmally did.

The results of study case 5 areepented in the table below. Further discussion about the
results is provided afterwards.

Study case 5FLOR (FoLksonomy Ontology enRichmengthodology

Initial dataset # of tags Percentage
250 photos 2819 100%
Dataset afterLexical Isolation| # of tagsremoved Percentage
226 photos 1673 59%

1 45 two character tags

9 333 tags containing numbers

9 86 tags with special characters

1 818 non English characters
Enrichment Resu#t # of tags Percentage
Correct 281 24.5%
Incorrect 20 1.7%
Undetermined 4 0.3%
Non enriched 841 73,4%
Total 1146 100%

The main reason that letb enrichment failure vasthe difference in term definitions of super
classes in WordNet and online ontologies. While this is a significant amount of missed tags and
the recall rate is about 49%, the authors state that the results are highly superior to the ones



obtained in previas results where stage gSense Definition and Semantic Expansioak
absent, proving that using WordNet for sense definition and expansion of tags with synonyms
and hypernyms had indeed a positive effect on reducing reé€altthermore the Lexical
Procesing phase would be even more effectivahé lexical isolation process was less strict
and containedsupplementaryschemesthat identify additional special cases of tags such as
jargon and dates.

Also, the disambiguation and sense selection method cbeldeplaced with other methods
such as those used iBY] and B6]; where it could be modified to exploit a different similarity
measure between two conceptgke the Google Similarity Distance. Additionally, the further
expansion of the resource tag seith more related tags based on statistical measures on the
co-occurrence of tags would lead into further improvement. This method focuses on
disambiguating with a more specific context rather than trying to disambiguate with two tags.
An examplethat demmstrates this method would be to get and extended tag set such as
(apple, computer, mac, macOs) in order to disambiguate relevant terms, rather than using the
somewhat restrictedag set (apple, mac).

Study case 1

Theevaluation criteria for the FolksAnnotation tool had to do mainly with the performance of
folksonomy search against semantic topic search in order to see which search results hold more
relevant records. Let us recall that the tool consists of 2 pipelitiess normalization and the
semantic annotation pipelineThese pipelines were examined separatehsed on different
evaluation criteria.
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the tool had to clear tags, irrelevant with the subject of the ontologies attached to the semantic
annotation pipelineThe method was testelly usingthree ontologiesregarding thedomain of

G6S06 RSaAdyeés (GKS adzaSO0 2F a/{{¢ FyR (4KS S

Thefirst2y G2t 238 NBLINBaASYyGa [y FoadNI OG fSOSt 2F ¢
Ay GKFG R2YFAYT YR Jeé énbologzin $1&coritext oflitf dor@esh. TheK S/ {
CSS ontology provides a list of the concepts used in the subject of CSS and was derived from
assorted websites that classify the subject of CSS. Finally, the Type Ontology models resource
types that go beyonthe scope of the common vocabulary set provided by {EBHE.

As far as the normalization pipeline alone, the authors of the tool do not provide a detailed set
of results in their paper, hence the exact correctness of the process could not be fully analyze
nevertheless, they do provide an example of tags before and after normalization which
somewhat proves its effectiveness\s seenin the pictures below, tagsolding irrelevant
subjectfrom the subject of the 3 mentioned ontologies have been cleared out.



Tags used to annotate a sample web resource” stoced in the del icio us
service (before normalization). The numbers refer to the frequency of

oecuricnees

123 ¢xs 18 gt 7 howto 3 stals
56 design 14 himl Sups 2 basgraph
47 graphs 12 webdey S usabulity 2 example
46 webdesgn 10 reference S graphing
28 graph 9 development 3 bar
27 web 8 cool 3 coding
Tags after applying the normalization process
123 ¢as 10 reference S usability 2 example
80 graph 8 ¢cool S bargraph
18 gui 7 howto 3 code
14 html ) S up = 3 stats =

On the other hand, the semantic annotation pipeline veasluated against Yahoo TE based on
how many folksonomy tags were attached to ontology concepts. The evaluation procedure
included a set of 30 randomly selected web resources selected fromialeisdoookmarking
service. For each web resource a two set of keywords (namely, folksonomy tags and Yahoo TE
keywords) were passed through the semantic annotation pipeline.

The outcome of the evaluation showed that the number of attached keywords from the
folksonomy set is much higher than Yahoo TE set and demonsttaiefolksonomy tags are
more useful in generating semantic md&ta than contextased keyword Overal|] the
generated semantic metadata was comparadcording tothe performance of folksammy
search against semantic topic searahorderto see which search brings more relevant results.
CSS topics were entered in the folksonomy search field and the number of returned records
was compared to the number of records returned by the same toplosn mapped to the CSS
ontology. The results show that the implemented semantic search indeed benefited from the
relation between topics in the CSS ontology to retrieve relevant resources.

Positioning
CSS Topic Folksonomy Topic Search
Search
Number of records 3 1
found
Number of records ,. .,
relevant to topic 34 /4




Study case 3

We begin the discussion for the third case studyhva reference to the results of théfth

study case, th&=LOR mechanisnbespite the fact that the results of the evaluaticegarding
FLOR weraot as good as expected, there is a crucial point of interest that can be weaved
together with the suggested method of using WordNet and EuroWordNet in a folksonomy
system. As stated by the dudrs of study case,3he results have improved as comparedhe
results from the previous version of their system. The difference that led to this improvement
was the addition of an extra stage in their process, callgshse Definition and Semantic
Expansionwhich makes use of the WordNet lexical ontology. @lds to the existing positive
researchesegarded with the use of WordN¢29][30][31][32] and provesits overall usefulness

and effectivenest sense definition and expansion @gs with synonyms and hypernyms

We refer to examplenentioned in 4.3, and KS ¢ 2 NR plusitS additipdafsgzbngmous

G2NRa& aGaLINBGGeéd G3I2NBS2dzaé¢ aYlFIAYAFAOSYGéE 2N al
that correlate with the word beautiful. When a user adds a synonymougsti@gsystem could

consult the WordNet ontalgy to check if it contains the inserted tag. If it does not, then it is

added to the existing set of synonymous words. Furthermore, when a user searches for the
G2NR a0SFHdziAFdzE ¢ GKS 22NRbSG 2yG2ft23& 02dzZ R N
the original search keyword. Thus, the combination of WordNet with a set of effective filtering

tools and methods would ensure the correct disambiguation of terms, the correct form and
spelling of the word, the proper categorization and indexing into the mefvant set of
synonymous words, as well as the retrieval of relevant results. Additionally, if EuroWordNet is
attached, this guarantees to provide a system that supports multilingual users, who may be

able to tag and search for terms contained in langsagther than the prespecified Dutch or

English vocabularies.

Again,when considering searching for tags, there are two différenethods which can be
adopted: either save time or save spacpe@fically, the words included in the WordNet and
EuroWordNetshould be replicated and stored in the folksonomy as system tags, or these words
and relations could be deduced from the lexical resources at search Eoreexamplevhen
someone makes use of a particular womd,the former case the results would be netved

much faster, whereas in the second case, the keyword would have to be sent to the WordNet
and the results sent back to the folksonomy. This communication between the folksonomy and
the ontology is time consuming while the user is waiting for a respo



Study case 4

The evaluation of the filtering method was performed through News@Hamndnews
recommender system which combines the ontological knowledge representation,
recommendation modelsand tag filteringtechnique and matchingstrategies descibed in
chapter 4.4 The system supportsifferent recommendation model$or single and multiple
users which address several contdrgtsed, collaborative filteringnd hybrid recommender
systems limitations. The exploitah of metainformation in the form of ontologies that
describe the recommended itemsd user profiles in a genergdprtable way, along with the
capability of inferring knowledge from the semantelations defined in the ontologies, are the
main points of interest within News@Hand

The fltering process has been tested with tags taken from publicly available user account on
Flickr and del.icio.us. A total of 1004 user profiles have been used and a total of 149,529 and
84,851 tags respectively. The overlap between the two datasets wagl ftmube 28,550 tags.
Unfortunately, the authors do not provide any detaibé the results regardinthe effectiveness

of the filtering pracess and focus athe accuracythe systempopulates ontologies with
folksonomy tags.

News@Hand makes use bf ontolagieswhich are essentiallydaptations of the IPTC ontology
18 and containconcepts of multiple domainsuch as education, culture, politics, religion,
science, technology, business, health, entertainment, sports, weatherFetdhe evaluation
purpose atotal of 137,254Wikipedia entries were used to populate 744 ontology classes with
121,135 instancesAdditionally,a population of 20 randomly selected undergraduate and PhD
students fromUniversidad Autbnoma de Madrighalf of them with experience on dological
engineering) were usedrhey were instructetb manually assess 25 instaof each ontology
by declaringvhether each instance waassigned to its correct class, to a less corresclaut
belonging to a suitablentology, or to an incorrect lass/ontologyaltogether. The results
showed that theaverage accuracy for class assigmt is 69.9%, and the averagecuracy for
ontology assignments about84.4%.The table below presents the findings analytically.

BipTC ontology, http://nets.ii.uam.es/mesh/newas-hand/newsat-hand_iptekb_v01.zip



Ontology #classes #instances Avg. #instances/class Avg. accuracy

arts, culture, entertainment 87 33,278 383 78.7/93.3
crime, law, justice 22 971 44 62.7/73.3
disasters, accidents 16 287 18 74.7/ 84.0
economy, business, finance 161 25,345 157 69.3/80.0
education 20 3,542 177 57.5/76.7
environmental issues 41 20,581 502 72.0/ 853
health 26 1,078 41 65.3/89.3
human interests 6 576 96 64.0/84.0
labour 6 133 22 70.7 / 78.7
lifestyle, leisure 29 4,895 169 72.0/90.7
politics 54 3,206 59 60.0/81.3
religion, belief 31 3,248 105 84.0/90.7
science, technology 50 7,869 157 68.0/86.7
social issues 39 8,673 222 70.7/85.3
sports 124 5,567 45 72.0/86.7
unrests, conflicts, wars 23 1,820 79 61.3/80.0
weather 9 606 7 69.7/89.5

744 121,135 163 (avg.) 69.9/84.4

An additional quality metric that the system was tested upon was pinecision of the
personalizatiorand contextaware recommendationof textual information of news items. For
the part of the evaluation, News@Hand periodically retrievedws itemsvia RS$eeds with
information of published news articldsom the websites of welknown newsmedia, such as
BBC, CNN, NBC, The New York Times, and The Washingtfor Bestmonths

RS is a standard based on XNur distributing web content updatesThe information
consisting these RSS feedshisit title, summary of content, publication date, hyperlinks to the
full texts and related o#ine imagesWith a collecteddatasetof 9,698 stored newshe system
analyzedand automatically annotatedhe textual information (tittle and summary) of the RSS
feeds giving a total 066,378 annotations. The evaluation wasne with the assistance &0
graduwate studentswho were requested tevaluate 80 differenhews items from each of the 8
topic sections of Nes@hand. Specifically, they haddpedfy whether theannotations of each

item were correct or notThe results of the evaluation process gave out an average accuracy of
74,8%. Thannotation accuracies for each topic atepicted below.



Section ﬁ_ﬁn eEWS | hnotations #ann_()ta tions Avg.
items /item accuracy

Headlines 2.600 18,210 7 71.4
World 2,200 17,767 8 72.7
Biusiness 1,739 13,090 8 79.2
Technology 303 2,154 7 76.3
Science 346 2.478 7 T74.1
Health 803 4,874 6 73.1
Sporis 603 2,453 4 75.8
Entertainment 1.044 5.343 5 76.0
9.638 66,369 7 74.8

Study case 6

The SAP algorithm is an approach folkkonomy learning based on relational clusteriwjch

exploits structured metadata contained in persoimérarchies.The algorithmaims to cluster

similar hierarchies usintheir structure and tag statistics, artben incrementally weavehem

into deeper, bushier treg avoiding or resolving ambiguity at the same tiridae evaluation
wasbased on a data set from Flickvhich contained user collections and their constituent sets.
The users themselves were memberk seventeen public groups dedicated to wildlife and

nature photography; however they also had many other common interests such as travel,
sports, arts and crafts, people and portraiture. Initially, tags associated with images in the set
were extracted aswell as all other images that users annotated with these tags. Then, all the

saplings ad personal hierarchies from thestata were constructed, with each sapling rooted
O2ft t SOUGA 2y & ab9 gaflifRgs,

at one ofthe dza S N
created by 7.121 users.
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SAP was compared against the folksonomy learning method SIG, which is the previous state of

the art algorithm and is described in Plangprasopchok and Lerman [2QQ9For reference
purposes, the mechanism of SIG first breaks a given sapling into (collestirrelations and
then employs a hypothesis testing to identify the most informative relatiprgiven the
assumption that nodes with the same stemmed name refer to the same concept. Irtfeema

relations are then linked into a larger folksononTjhe evaluationvas performed withthree
different approachesn mind 1) automatic comparison with a reference hierarchy, 2) structural
evaluation and 3) manual evaluation.



Automatic comparison wth reference hierarchy

As far as the first approach is concerned, the reference hierarchy useche&@pen Directory
Project (ODPY®. The reason behind this choice lies in the fact tihaintains more colloquial
terms compared to WordNet, as ODP is generated, reviewed and revised by a large number of
registered users. Furthermore, ODP users tend to specify less formal relations.

1 First, a seed S is specified and represents the root ofdaed folksonomy F and the
reference hierarby to which it is compared (ODP).

1 Then, the folksonomy is expanded two levels along the relations in F. Nodes in the
second level are added as leaf candidates,|fiLfie spanning stops after one level, the
noRSQa yIFYS Aa |fa2 |RRSR G2 [/ ® ¢KS §SIT¥
identified when given S and LC. All paths from S to LCD in the reference folksonomy ODP
constitute the reference hierarchy for seed S.

1 Finally, S is used as seed for learning filksonomy associated with a concept. In SIG,
both S and LC were used to learn the folksonomy. The metrics to compare the learned
folksonomy are Lexical Recall (LR) and Taxonomic Overlap (mfTO). LR measures the
overlap between the learned and referencaxbnomies, while mfT@neasures the
quality of structural alignment of the taxonomies. For detailed analysis of the two
methodologies, the user is prompted tband?! respectively.

Structural evaluation

The structural evaluation is performed using the Area Under Tree measure. AUT is calculated by
computing the distribution of the number of nodes in each level and then compute the area
under the distribution. Trees that keep branching out at each leveélhave larger AUT than

short and thin trees.

Manual evaluation

Finally, the manual evaluation was achieved by using 3 human subjects to assess a randomly
selected 10% of the paths of induced folksonomies which were not comparable to ODP
hierarchy. If a pdion of the path is incorrect, either because an incorrect concept appears or
the ordering of concepts is wrong, the judges were asked to mark it as mistaken, otheswvise
correct.

19 http://www.webworkshop.net/dmoz.html
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World Wide Web conference, 2009.
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Knowledge Management, 2002.
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Results

After examining the results of the SAP algorithm and comparing them with SIG, SAP proved to
produce bushier trees and recover a larger number of concepts relative to ODP (Open Directory
Project) which was used as a reference hierarchye suggestive numbg of overlapping
leaves indicate thaBAP recovered a larger amount of concepts compared toi®@B®% of the
casesand produced better scored in 76% of cases compared to LR (Lexical Recall). Additionally,
SAP produced trees with higher quality relatteeODPin 68% of casesas indicated by the

fmTO (Modified Taxonomic Overlap)

As far as the structural evaluation, SAP also produced bushier trees as indicated by AUT in 87%

of the cases, as well as a greater average depth from rootsl teales of thetrees (2.68 vs

2.37). Finally, although the manual evaluation suggested that both approaches can induce
about the same quality of incomparable paths to ODP, after closer examination of the learned
trees, SAP also showed its potential in disambiguating emrdectly attaching relevant saplings

to appropriate treesC2 NJ SEI YLX ST GKS G0 ANREé GNBS LINRRdAzOS
other Turkey locations. An additional evaluation was performed by consideringniawy of

the incorrect pathswvere caused by node ambiguity.o do so, ambiguous terms were initially
identified and checked in order to sé®w many of thancorrect paths contaied these terms.

The former was tested using the following heuristar: a given leaf of the induced tree, if many
RAGSNBYld YSNHSR &aSyaSa SEA&l oA dSBuAngfhetrean 0 X K
induction processthese nodes and the root were gein track and subsequently they were

used to check the accacy of the pathsn the hand labeled data containing them. As presented

in the picture below there is about a half reduction in error fambiguous paths using sap. This
supportsthe claim aboutsuperiority ofSARon node disambiguation.

Approach Incorrect Path
SAP anim/other anim /mara
SAP world /landscap/architectur /scarborough
SAP world /scotland /through viewfind
SAP europ/franc/flight to
SIG anim/pet/chester/chester zoo
SIG bird/turkei/antalya
SIG bird/turkei/ephesu
SIG fauna/underwat /destin
SIG south africa/safari/isla paulino
SIG south africa/safari/la flore
SI1G sport/golf /adamst
SI1G sport/ski/cloud/other/new year
SIG world /canada/wvictoria/melbourn




One of the mosimportant advantages of SAP is that it combines relevant saplings based on
contextual information, which in turn can resolve ambiguity of concept nafesexample,n

0KS aalLl2Nliaé¢ GNBST {!t RAR y2i AyOfdzRS I|ye
same stemmed name). Additionally, it requires just one seed term to build a tree in an
incremental fashion. Finally, similar concepts can appear multiple tim#snwthe same
hierarchy while at the same time synonyms can be identified from the structure of the tree
(loops). All these features combingtkld a large number of shallow hierarchies being merged
into a common, denser and deeper folksonofmy demonstation of a tree produced by SAP is
demonstrated below.The analytical results of the comparison between SAP and the rest
methodologies are shown in the table image afterwards.
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