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Abstract The Semantic Web is an extension of the existing World
The cross-sections of the Social Web and the Seman¥idde Web. It provides a standardized way of expressing
Web has putolksonomyin the spot light for its potential the relationships between web pages, to allow machines to
in overcoming knowledge acquisition bottleneck angnderstand the meaning of hyperlinked information
providing insight for “wisdom of the crowds". (Berners-Lee 2001). This may create the "web of data" in

Folksonomywhich comes as the results of coIIaboratiV(¥Vh'Cr}. r??tad?tt?] in the tfolr_m t.Of ?ntﬂogy,. e’gl'ct')t
tagging activities has provided insight into user'ipecl ication of the conceptualization of a domain (Gruber

. . . 993), plays important role in achieving this vision.
understanding about Web resources which might be However, after several years on, this vision still has

useful for_searchmg and organizing purposes. Howevq{hallenges due to knowledge acquisition bottleneck such
collaborative tagging vocabulary poses some challenggs yeyelopment and maintenance of ontologies. Ontology
since tags are freely chosen by users and may exhiifning has been developed to overcome this barrier
synonymyand polysemyproblem. In order to overcome (\jaedche and Staab 2001). Ontology learning or semi-
these challenges and boost the potentidblisonomyas  automatic way of constructing ontology relies on machine
emergence semantics we propose to consolidate Y@@rning and automated language-processing techniques to
diverse vocabulary into a consolidated entities angktract concepts and ontological relations from structured
concepts. We propose to extract a tag ontology ky unstructured data such as database and text (Navigli,
ontology learning process to represent the semantics o¥/alardi and Gangemi 2003).

tagging community. This paper presents a novel approach Folksonomy(Vander Wal 2005) which is emerging

to learn the ontology based on the widely used lexicéiom collaborative tagging activities has been
database WordNet. We present personalization strategigknowledged as potential source for constructing
to disambiguate the semantics of tags by combining ti@tology, as they capture the vocabulary of the users
opinion of WordNet lexicographers and users’ tagginyhich may be aggregated to produce emergent semantics,
behavior together. We provide empirical evaluations byom which people may develop lightweight ontologies
using the semantic information contained in the ontologiika 2007). The growing availability dblksonomiesias

in a tag recommendation experiment. The results shdjPtivated the work introduced in this paper for
that by using the semantic relationships on the ontolo hstructing lightweight ontology from  collaborative

. gging data.
the accuracy of the tag recommender has been improved. User tagging or collaborative tagging describes the

process by which many users add metadata in the form of
keywords to Internet resources with a freely chosen set of
keywords (tags) (Marlow et al 2006, Golder and

. Huberman 2006).

1 Introduction ) Research works have been conducted in utilizing
The development of World Wide Web has leaded th@gging information to improve searching, clustering, and
research activities into cross-sections of two worlds: th@commendation making_ However, collaborative tagging
Social Web and the Semantic Web. The Social Web &cabulary poses some challenges since tags are freely
rep_resented by a cla_ss qf web sites and _appllcauonsdﬁ\osen by users and may exhiynonymyandpolysemy
which user participation is the primary driver of valugyroblem. Moreover, the relationships among tags haven't
which often referred by the phrase "collectivepeen maximally utilized, which could provide valuable
intelligence” or "wisdom of crowds" to refer to the valugnformation us to better understand users since there exists
created by the collective contributions of all these peopfg:h relationships among tags.

(Gruber- 2008) This trend was f|r5t|y mentioned in article In th|s paper we present our approach to construct
by OReilly (2005) as Web 2.0. personalized tag ontology based on user tagging
information and the widely used general knowledge
ontology WordNet (Fellbaum 1998). We begin by
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present an experiment and the initial results. Sectionc?assificatiqn systems such as taxonomy or using
conclugks this paper and gives some ideas for furth@onceptualization systems such as ontology. In this work

work. we consider to use ontology to represent the semantics in
tags collection because of the flexibility of an ontology
2 Key Concept and Motivation and possibility of emerging semantics from the ontology

learning process (Mika 2007, Lin, Davis and Zhou 2009).

2.1 User Tagging
. o ... 3 Related Works
A user tagging collection involves three entities: items,

tags, and users, which are described below: Work by Garcia-Silva et al (2012) compares most
* UsersU = {uy,u,..uy} contains all users in an online relevant approaches for associating tags with semantics in
rder to make explicit the meaning of those tags. They
items ave identifigd three group (_)f approaches which are pased
: . on 1) clustering techniques i.e. to cluster tags according to

* Tags T = {tuta - tin) cor_1ta|ns aII_ tags us_ed by t_hesome relations among them (statistical techniques); 2)
users inU. Tags are typically arbitrary strings whichgptojogies i.e. aiming at associating semantic entities e.g.

community who have used tags to organize theﬁ

could be a single word or short phrase. WordNet, Wikipedia, to tags as a way to formally define

In this paper, a tag is defined as a sequence of termgheir meaning; 3) hybrid approach i.e. mixing clustering

Forte T, t =< term,,term,, .... ,term,, >. A techniques and ontologies. Our work falls into the second
function is defined to return the terms in a tag: group which is based on ontologies.

Beside our work there are several works which tried to
tagset(t) = {term,, term,, .. termy, } _ extract ontological structures from user tagging systems.
* ltems I ={iy,ip,..iy} contains all domain-relevant |in = pavis and Zhou (2009) extracted ontological
items or resources. What is considered by an itesfructures by exploiting low support association rule
depends on the type of user tagging collection, fafining supplemented by WordNet. Trabelsi, Jrad and
instance, in Amazon.com the items are mainly booksyahia (2010) focused more on extracting non-taxonomic
- . . relationships from folksonomies using triadic concepts
Based on.the thre_e entities, a user tagging collection or h external resources: WordNet, Wikipedia and Google
collaborative tagging system is formulated as 4—tuplé/‘:' Tang et al (2009) énd Liu, F’ang and Zhang (2010')

gnieas{é{s’ ! 'V};aoé‘;ang#]Zn?; :rlezt?gs&svg?se[gﬂsl a:rj\l:je iteheé)resents state of the art work for generating ontology
- . :  tag ; n folksonomy based on generative probabilistic models
respectively.Y is a ternary relation between them, i.e.

YCUXT X1 hose elements are called  ta i.e. tag-topic model and set-theoritical approach i.e. to
o r W : : gproduce tag subsumption graph respectively. Most of this
assignments or taggings. An elemerfft, t, i) €Y

. h works did not provide applications for the ontology such
represents that usercollected item using tag. as tag recommzndation PP 9y

Tags in a tag collection may exhibit many variations - As™tor the work in collaborative tag recommendation
such asynonymywhere different tags may have the sam@ oo are several notable works such as work by
or C'OS‘?'V fe_'ated meanings. D|fferen_t users may tag %igurbjornsson van Zwol and D’Silva (2008) which is
item using different tags which have similar meaning. Thﬁased on tag 'co-occurrences. Although this work has

other variation ispolysemywhere one tag has multiple achieved good result, it didn't rely on the actual meaning
meanings. A tag may be used by different users to ta?a

. X ¥ tags which may miss the semantic relationships amon
different items that are not related to each other at g y P 9
Moreover, one tag may have semantic relationship to
other tags, e.g. “inn” is a kind of “hotel” which shows the,S

two tags are related with each other and *inn” has "mogq “pary770 et al (2009) used existing domain ontology
specm_c meaning. This condition may not be utilized 95 recommend new tags by analyzing textual content of a
relate items collected under these two tags because thgy, rce needed to be tagged. They relied on existing
are simply treated as two different tags. domain ontology which is not always available for a
— particular domain and also they didn’t provide quantitative
2.2 Motivation evaluation.

Many methods have been proposed to deal with the Tag recommendation approach by Tatu, Srikanth,
problems of synonymy and polysemy (Bischoff et al 2008)'Silva (2008) by mapping textual contents in Bibsonomy
Suchanek and Vojnovic and Gunawardena 2008, Liang eokmarks, not just the tags to form conflated tags to
al 2010). There are several works which try to infeRormalized concepts in WordNet and similar approach by
relationship between tags (Tang et al 2009, Liu, Fang ahtpczak et al (2009) which explored resource content as
Zhang 2010). However, these works mostly didn't base till as resource and user profiles are comprehensive.
inference on semantic measure but on statistical meastifeere is a drawback that they relied on extended textual
which may fail to capture the semantic relationshipgontents provided by Bibsonomy which are not always
among tags. Also, the semantic relationships between tadygilable in other user tagging systems.

need to be exploited more by existing tagging based ) )
applications including tag based recommenders. 4 Ontology Learning from User Tagging

_In order to tackle these problems, it becomeg. syream of approach to the ontology construction relies
desirable to f|_nd a way to cons_ohdate the ml_JItlpIe face_&ﬁ.I machine learning and automated language-processing
a?]q rt]he_”re;:a'luorgsr:tlps of dtagts ”&t?ha tconsohdgtetz)d entif¥chniques to extract concepts and ontological relations
which will help better unaderstan € 1ags used Dy USefRym structured or unstructured data such as database and
There are several possible solutions include using, (Navigli, Velardi and Gangemi 2003)

Beside our work there are several works which utilize
ome format of ontology to assist in tag recommendation
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In this work we propose to construct the tag ontolog
based a some existing ontology, which we call backbonei t{flg’CTg gc‘g(zrvf?;t‘gh;’;frgit( Ot == w}
ontology. The basic idea is to take advantage of ’ ’ ’
hierarchies of concepts in the backbone ontology and to
form the tag ontology by mapping the tags in the tafag_Concept,uq. (t) is @ set of concepts for each of
collection to the concepts on the backbone ontology af¢hicht is synset term.
extracting the available relationships among concepts

the backbone ontology.

The lexical knowledge base WordNet (Fellbaum 1998jhe following function represents the partial mapping

was chosen in this paper as the backbone ontology ag#m a tag to conceptsFag_Concept,ariay: T = 2°
has wide coverage of concepts (over 200,000) and

richness of relationships such as semantic relationshipé € 7> Tag_Conceptpqytiai(t)

“‘is-a”, “part-of”, lexical relationships “synonymy” and = {c|Vc € C,3(w, f) € synset(c), MaxPostfix(t) == w}
“antonymy” as well as availability of accompanying . '
corpus and other facility for disambiguation process. ThlgaxPOStﬂx(t) stands for the largest postfix of

backbone ontology is defined below. 3. Term Mapping

Definition 1 (Backbone ontology): The backbone Tne following function represents the term mapping from
ontology is defined as a 2-tuplBackboneONTO = a tag to conceptslag_Concept prm: T — 2°
(C,R) whereC = {cy,c;, ..,c¢} is a set of concepts; - erm
R={r,m, .., g} is a set of relations re ing the V¢ & T-Tag-Conceptiem(t)
= {ur2, 0T presenting the
relationships between concepts. = Tag_Concept,ypore(a)
A conceptc in C is a 3-tuplec = (id, synset, actagset(t)
category) whereid is a unique |dent|f|cat!0n assigned byOveraII Vt € T, the tag to concept mapping is defined as
WordNet system to the concegtsynset is a synonym foIIowsj ’
set containing synonymic terms which represent the '
meaning of the concept; and category is a lexical

2 partial Mapping

Tag_Concept(t) if tis

category assigned by WordNet lexicographers to classify Tab Concent ® directlv mapved
this concept into a general category. A relatienn the Tag. Ptwhote ctly mapp
. . — =< Tag_Conceptypartiai(t) partically mapped (1)
relation setR is a 3-tupler = (type,x,y), where
Tag_Conceptierm(t) term mapped

type € {is_a,part_of,..}; x,y € C are the concepts
that hold the relation. . . . .
For easy to describe the work, we denote the set %12 Mapping Disambiguation

synonyms representing by synset(c) and the category A tag can be mapped to multiple concepts. After all the
of ¢ by category(c). For each terw in synset (c), w is  possible mappings are found, we need to choose the most
represented as a 2-tuplev, freq.(w)) wherew is a appropriate concept from the mapped concepts to
synonym term of the concept; freq.(w) is the represent the meaning of the tag for this particular tag
frequency assigned by WordNet lexicographers to thgjiection.

term as an indication of how frequently this term has been g, disambiguating the concepts, we propose to
used to represent the meaning of the concepdsed on | \oasure the strength of the mapping by using the word

the accompanying WordNet corpus. For a ternthe set .
of concepts for whiclw is a synonymic term is defined asfrequency provided by WordNet. A matxC[t; Cj]mxn

con(w) = {c|(w, f) € synset(c)}. is defined to represent the strength of the mapping
between tags and concepts, where[T| and n=[C|. In
4.1 Mapping Tagsto Concepts order to make the frequency comparable between

'{ferent concepts, we normalize the frequency value to a

. . . di
One tag may contain one or more terms. It is possible tr&ale of [0, 1]. The mapping strength based on frequency
a tag can be mapped directly to one or more concepts. In

the backbone ontology. It is also possible that only part ijefmed below:
a tag may map to one or more concepts. We propose t Crrequence[ti 6]
following mappings to deal with different cases. fe; (8

There are 3 different cases for finding possible™ | Xcerag concepe(ty for (ti)
mappings for a given tag, which are: (1) mapping the full 0 otherwise
tag to one or more concepts; (2) mapping part of the tag to
one or more concepts; and (3) splitting the tag into a list 50" @ tagt;, the conceptg; should be chosen as's
single words, then mapping each of the words to concep@ncept if T_cft,c,]is the highest value for all

separately Readers are referred for a more detaile OTag_Concepft)- After the disambiguation, each tag
discussin for each case from previous publications in - '

¢j € Tag_Concept(t;) )

Djuana, Xu and Li (2011). twi_II be mapped to one and only one concept. This can be
defined by a one to one disambiguation mapping
1. Direct Mapping Mfrequence: T = C

We define the following function to represent the whole

mapping from a tag to concepts: Mfrequence @ = CETaZI;gCrglac):pt(t)(T—Cfrequence [t.c]) (3)

Tag_Concept,poe: T — 2
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On the other hand, multiple tags may be mapped to ofm the other hand, for a catego@Ga, it may have
concept The following function defines the mappingmultiple concepts. A functiortoncept(C,) = {c|Vc €

from a concept to tag€oncept_Tag: C — 27 C,e(c) == (g}, is defined to return all the concepts that
Concept_Tag(c) = {t|Vt €T, Mfrequence(t) == c} belong to categorZa

Moreover, the categories of a tagcan be obtained
4.3 Reationship Extraction Process from the category dfs concepts (i.e.Tag _Concept())-

After the mapping and disambiguation processes, each tHge Set d categories of a given tagis defined as:
will be mapped to a concept on the backbone ontologygategory ) ={&(c)|cOTag_ Concept(t)} - A category
Based on the mappings, we retrieve the availablean hae multiple concepts. Similarly, a catego®a can
relationships (“is-a” relations) from the mapped coneepthave multiple tags which belong t6a. A function

consecutively until we reach the top of the hierarchy. Thi§aq C9 ={t|0t0T,C, Ucategoryt)} is defined to return
operation is the same operation as finding an ancestor in ?thetags that belloilg o categd®a

tree-based structure. The top of the hierarchy in tl

backbone ontology is a general category defined byFor an item, different users may collect it using different

WordNet. tags and these tags must have something in common
We can then extract the mapped concepts togethwhich reflects some characteristic of the item. Therefore,

with the relationships in the backbone ontology to forrRy looking at the tags that have been used by usérgan

the tag ontology. As the result of the tag to concef@d the same items, we can find related tags with respect to

mapping and the relationships extraction, we can constribe users iJ. For a given tag 0T _ the reéted tags ot

the tag ontology which is defined as below: is defined by the following equation:

Definition 2 (Tag Ontology): The tag ontology is

defined as 2-tupleTagOnto = (TC,TR) where TC = ) ] )
{tc1 tc,, .. tC|TC|} is a set of tag-concepts, i.e. wherel, is a set of items that are collected by users with

tagt, T; is a set of tags that are used by users to tag item

t_related(t) = {tj|Vi € I,,3t; €T, Iu€E U, (w, ;i) EY}  (4)

c ¢ x2",andTR = {try,try, .., trjrg|} is @ set of tag
relations. Each element in TC is a pair of a conceptd
a set of tagdty,t,,..t,}, i.e., tc = (c,{t;, ty,..t,}) €

TC, which represents that each tadipt,,..t,} can be

In this paper, we propose to estimate the relevance
between a tag; and a concept; by exploiting the
relevance between the tag and its t-related tags that belong

mapped to concept €R is defined as: to the same category of to measure the strength fram
r €R, to the concept;. Let p(t;|t,) represent the probability of
TR = {r = (type,cy,c,)|Concept_Tag(c,) # @, usingt; to tag some items given thigt has been used to
Concept_Tag(c,) # @ tag the items. Ip(t;|t,) is high, it can be considered that
t; is highly relevant ta,.
4.4 Personalization in Mapping Disambiguation We propose the following equation to measure the

relevance of a tag to a concept based on the relevance of

The tag o_ntology_ construc_ted using the . _approactlﬂe tag to its related tags that belong to the same category
described in previous sections mainly utilizes thgg s concept:

structural information between concepts and the

frequencies of synset terms provided by WordNet. The_relevance(t;, c;)

tag-to-concept mapping is mainly determined based on_ p(t:|t) (5)
the synset term frequencies which are derived based on ke
WordNet corpus.

However, for a given tagging collection, the synset Given tags; andt,, the probability of using; andt,
term frequencies may not adequately reflect the interedts tag an itema can be calculated by the equation:
of the users in this particular collection. To reduce the _ ptlat)p@lt) from which. we can get
bias caused by solely using the synset term frequency, vPéalti'tk) - p(t, It,) ’ '

propose  to _tak_e user _tagging inf(_)rmation intQhe following equation to calculaget; |t ):
consideration in disambiguating the mapping from tags to

concepts. ey = Z ,
Let (U,T,1,Y) be a tagging systenthe following p(tilte) aap(tlla, tp(alt ©

strategyis proposed to generate personalized tag ontology ) ) )
for users inU. The personalization in the context of this L€t Uly, = {(u i)V € U, Viy €1, (i, i) € Yi e a
paper is for a tagging community rather than fopetof user-item pairs eaqh of which represents that a user
individual users. The idea here is to find tag relevand@9s an item using tag (i.e., the tag assignments using
based on the tagging information of users in a taggirfg: Ueu = (wlvui €U, (ui'_tj» ix) €Y} be a set of users
community and then map tags onto the backborho have used tag to tag itemi,.
ontology based on the tag relevance. For a given tad, the probability of using by any user

In WordNet, each concept is assigned into one and ofify tag any item, denoted @gt), can be defined as the
one category. LeCA denote the set of categories infatio between the number of tag assignments usaryl

WordNet ontology, for a conceptC, g(cOCA is the total number of tag assignments, p€t) = %

defined as the only category assigned to the concept The prdability of using tag to tag itema by any users
Different concepts can be categorized into one categocan be defined as the ratio between the number of users

txEt_related(t;) N tag(category(cj))
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who usedt to tag a and the total number of tag neighbor users to tag the item and finally rank the

assignments, i.ep(t,a) = 1Utal candidate tags based on the similarity between the target
¥l user and neighbor users to decide the ridjags as the

|Uf1.ll n Utz,al . . . . .

—12_—2% it is the ratio final recommendations.

Similady,p(t,, t;, a) = m . _
betweerthe number of users who have used hptndt, Let CT(u, i) be a set of candidate tags which have
been used by’s neighbors to tag iten For a candidate

to tag itema and the total number of tag assignments. . oo >
. tag t in CT(u,i), its ranking can be calculated by the
Based on these probabilities, we can calculate the tWOfoIIowing equation:

probabilities,p(a|t) andp(t,|a,t,), as: _ o _
- P62 i Wt = ) sim(, %) * 80,80,
N ONNTVN b
ot o) = Patd Vi Wl 5(v,t,i):{ L wtby (10
S p(,,a) U, .l 0 otherwise
PN L K
Thus, eqation (6) becomes: Where_SLm(x ,X,) IS the. §|m|larlty of usersy, is user
us, eqation (6) u's nelghborlﬁogd containing similar usersﬁ(ﬁ:, t,i)=1
Uy o N U, 4| indicates the user has used this tagto tag the item.
p(ti|te) = ZM %) The topn tags, denoted aB(u,i), can be determined
‘ Lo Ul based on the ranking:
With Equation (7), we can calculate the relevance between  T(u,i) = argmax;w(u,t,i) (11)

a tag and a concept using Equation (5). The normalized
tag relevance is used to measure the relevancy fromatdg2 Tag Recommendation based on Tag

to a conCeptT_Ceierance| tiv Ci]an is defined as below: Ontology
T Having the tag ontology in place we can explore the
_ rezevancg[ﬁiélcé'l]}ance (o) concept representation of a tag, its placement in the
= - l“ 1 (8) hierarchy and its relationships to other concepts. This
Ycerag_concepe(ry t-relevance(t;, ) brought us an idea to improve the recommendations in

T (u,i) based on the semantic information in the extracted

t,c] can be ontology to see if the ontology can directly improve tag
different because they are based on user taggirscommendations.

For different sets of users, T c

relevancL

information, whilet _c,_...Jt,c,] Will be the same for |n the proposed method, we generate candidate tags
all user sets because it is based on the term frequef@ged on neighbour users’ preference and the synset
provided by WordNet . information captured in the tag ontology as well, and rank
The mapping disambiguation based on tag relevanidye candidate tags based on both user similarity and tag
can be defined @¥,¢iopgnce : T = C popularity.
Mrelevance (t) . .
= argmax  (T_Crerevancelt:¢])  (9) 52.1 Candidatetagexpansion

cETag_concept(t)
) Let CT (u,i)be the set of candidate tags generated based
5 Tag Recommendation based on Tag on neighbor users’ preferences. For each candidate tag
Ontology inCT(u,i), by using the disambiguation mapping

. 1 methods given in Equation (3) or (2)can be mapped to
A tag recommender is a specific kind of recommend%roncepts Msrequence(t) OF Miyeiepance(t) In the tag

systems in which the goal is to suggest a set of tags fopa gy respectively. From the synset terms of the
user to use for tagging a particular item. One of our gogigapped concepts, two expanded sets of candidate tags can

in this paper is to investigate whether the semantige generated based on the two methods:
information captured in the constructed tog ontology can

be utilized to improve the accuracy of tag  CTyequence(W. i) = U synset(Mgyequence (£))

recommendation. tECT (wi)

The task of a tag recommender system is to
recommend, for a given usere U and a given item € [ CTretevance (W, 1) = U synset(Myeievance (t))
which has not been tagged by the user, §6gti) S T teCT (u,0)

of tags. In many case®(u,i) is computed by first
generating a ranking on the set of tags according to so
criterion, from which then the taptags are selected.

r;.g.z Recommendation ranking

For each of the candidate tagn CTf,equence(u,i) OF

5.1 CF based Tag Recommendation CTretevance W, 1), its ranking is calculated by the
following equation:

A tag recommender has been proposed in (Jaschkewety,t, i)
al 2008) which is based on the user-based CF method. Tq
recommend tags to a target user for tagging an item, it first|
finds the neighbor users of the target user, then generates
set of candidate tags which have been used by th

sim(%Xy, %,) * (v, t, 1) t € CT(u,i)
UENﬁ
Z Sim(%,, %,) * 6(u,t,0)  P(t) t & CT(w, 1)), t € CT,(u, i)

UENﬁ

12)
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where y € {frequence,relevance}and P(t) is the 6.2 Results

popularity of tagt, which is calculated asP(t) = \ye have conducted the following runs to compare the

| UL|/maxyer| Ul performance between the baseline recommender, the user
As defined in Section 4.4jI, contains (user, item) based CF method, and the proposed methods:

pairs representing the tag assignments using thgl,| is « User-CF: this is the user based CF tag recommender

the number of times thathas been used to tag items. Theystem proposed in (Jaschke et al 2008).

higher the |U1,| , the more popular the tdgs. » Exp_Freq: this is the proposed method to expand
P(t) is the ratio betweenul,| and the maximum candidate tags by using synset terms of the tag ontology

number of times that a tag has been used to tag itemsniapped based on synset term frequency.

this tagging community. * Exp_Rel: this is the proposed method to expand
Based on the two disambiguation methods, we caandidate tags by using synset terms of the tag ontology

generate two lists of tags ranked by using Equation (12happed based on tag relevance.

Thus, two lists of tom tags can be determined based om Freq&Rel: this method generates the tag

the ranking: recommendations by combining the results of Exp_Freq

Trrequence (1 1) = QrgmaxterWyrequence (W t,0)  (13) and Exp_Rel and selectmg_the tofags. _
The results of the experiments are presented in Table |
Tretevance (W, 1) = argmaxierWreievance (W, t,1) ~ (13) o Table IV for Bibsonomy and Delicious datasets,
respectively. As shown in these tables, the use of the
In our experiments to be discussed below, the accuragitology has improved the precision and recall for all the
of recommendations using the result in (13), (14), or thevo datasets. From the results, we can see that, the

combination of the two has been compared. Exp_Rel run achieved better results than that of Exp_Freq
run, which means that the tag relevance generated based

6 Evaluation on user tagging behavior of the users in this tagging
community is more useful than the term frequency given

6.1 Experiment Setup by WordNet lexicographers. The former reflects the

ecific perspective of the users in this particular
?nmunity, while the latter reflects the general viewpoint
lexicographers. Especially, the combination of the two
experiments: ethods ogtperforr_ns all the other methods. From the
(1). The Bibsonomy dataset used in ECML I:,KDdesults of this experiment, we can say that the tag ontology
; . can be wused to improve the performance of
Discover Challenge 2009 (http'//WWW'kde'Cs'un"recommendation
kassel.de/ws/dc09/). The dataset contains public '
bookmarks and publication posts of Bibsonomy. The y 5 10 15 20
(]j_ggsze?tgr]r?; ;rs]gdG |5r1 7thtlasgz?(perlment contains 1122 use[§,co,.cr 0183 0103 0070 0052
(2). The publicly available Delicious dataset (Wetzker/-=XP-Fred 0.191 0.109 0.075 0.056
Zimmermann and Bauckhage 2008). The dataset contain&*P_Rel 0.191 0.110 0.075 0.056
all public bookmarks of users posted on delicious.com Freg&Rel 0.201 0.126 0.091 0.072
between September 2003 and December 2007. In this Table 1: Precision for Bibsonomy dataset
paper a portion of the data set is used which contains
bookmarks from January to March 2004. This portiony 5 10 15 20
contains 1289 users, 863 items (URLs) and 215 tags. User-CF 0.435 0.474 0.479 0.479
Each of the datasets is split into a testing dataset angd - - - '
training dataset based on posting date. The s

We have conducted experiments to evaluate the usefuln%%
of the proposed tag ontology in making ta f
recommendations. Two datasets are used in ?ﬁg

d
LEXp_Freq 0.445 0.489 0.491 0.50

percentage is 25% for testing dataset which is taken frafeXP_Rel 0.445 0.491 0.50 0.52

newer posts and 75% for training dataset which is takefreg&Rel 0.481 0513 0.531 0.561

from older posts. This is to simulate the actual tag ) ,

recommendation scenario in which users are normally Table 2: Recall for Bibsonomy dataset

given a recommendation list based on what tagg 5 10 15 20

previously stored in the system. User-CF 0.169 0.081 0.072 0.054
In the experiments we conducted 5 folds cross : - - '

validation for all the users in the dataset. In each run of fheX2-Fred 0.176 0.095 0.063 0.047

experiment, we randomly take 20% portion as the target¥P_Rel 0.176 0.096 0.065 0.047

users while the remaining 80% is taken as the trainingreq&Rel 0.183 0.104 0.072 0.049

users from whom we calculate similarities to the target . .

users to find neighbors. The toptags are recommende?j Table3: Precision for Delicious dataset

to each target user for each of the user’'s items in the 5 10 15 20

testing set. The recommended tags are compared to MRer-cr 0.609 0.655 0.656 0.659

target user’s actual tags of the items in the testing dataset. ' ' - :

If a recommended tag matches with an actual tag, w&P-red 0.639 0.681 0.682 0.680

calculate this as a hit. The standard precision and recall afeP_Rel 0.639 0.683 0.685 0.689

used to evaluate the accuracy of tag recommendations. | Freq&Rel 0.641 0.697 0.703 0.711

Table 4: Recall for Delicious dataset
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7 Conclusion ACM Conference on Hypertext and Hypermedid;

— . . 60, ACM.
Taggirg is getting more and more popular in many Web ) )
sites. It provides useful data for better understandirgh. H-» Davis, J., and Zhou, Y. (2009), An integrated
users’ information needs. The user self-defined tags notdPproach to extracting ontological structures from
only reflect users’ understanding to the content of the folksonomies, The Semantic Web: Research and
tagged items, but also provide rich information about item Applications 654-668, Springer.

hierarchical classification. Lipczak, M., Hu, Y., Kollet, Y., Milios, E. (2009), Tag
In this paper, we proposed a novel approach tosoyrces for recommendation in collaborative tagging
construct tag ontology from user tagging information t0 gysiems, In European Conference on Machine

represent the semantic meaning and hierarchical| earning and Principles and Practice of Knowledge
relationship among tags. We believe the constructed ta@biscovery in Databases Discovery Challenge
ontology can be used in many applications such as item )

classification, item  recommendation, and ta¢it. K. Fang, B., Zhang, W. (2010), Ontology
recommendation. In this paper, we presented a primaryemergence from folksonomies, IrProc. ACM
experiment to show the improvement to tag International Conference on Information and
recommendation based on the tag ontology. There is roonKnowledge Managemertt109-1118, ACM Press.

to further improve the recommendation by applyingyaedche, A. and Staab, S. (2001), Ontology learning for

further the extracted ontology structural information in the the Semantic WeHEEE Intelligent Systems6(2), 72-
process of generating recommendation. 79 |EEE.
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