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ABSTRACT

Recent research provides evidence for the presence of entexgr
mantics in collaborative tagging systems. While severahoss
have been proposed, little is known about the factors ttilieince
the evolution of semantic structures in these systems. éraldty-
pothesis is that the quality of the emergent semantics dispen
the pragmatics of tagging: Users with certain usage pattaight
contribute more to the resulting semantics than otherisniork,
we propose several measures which enalgegmaticdifferenti-
ation of taggers by their degree of contribution to emergiagan-
tic structures. We distinguish betweeategorizerswho typically
use a small set of tags as a replacement for hierarchicdaifitas
tion schemes, andescribers who are annotating resources with
a wealth of freely associated, descriptive keywords. Tdystwur
hypothesis, we apply semantic similarity measures to Géreift
partitions of a real-world and large-scale folksonomy aaring
different ratios of categorizers and describers. Our tesudt only
show that ‘verbose’ taggers are most useful for the emergehc
tag semantics, but also that a subset containing only 40 %eof t
most ‘verbose’ taggers can produce results that match aed ev
outperform the semantic precision obtained from the whataskt.
Moreover, the results suggest that there exists a caukdldinveen
the pragmatics of tagging and resulting emergent semarificis
work is relevant for designers and analysts of tagging sysiater-
ested (i) in fostering the semantic development of theitfptens,
(i) in identifying users introducing “semantic noise”, dfiii) in
learning ontologies.
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1. INTRODUCTION

Folksonomies are the core data structure of collaboradiygihg
systems. They are large-scale bodies of lightweight atinot
provided by their user communities. Clearly, every usepi®fv-
ing his own terminology and is only willing to a very small ert
(if at all) to follow any naming conventions. Nevertheletfgre is
evidence for the presence of emergent semantics in suciboell
rative tagging systems, mainly based on tags and the fatiksen
ical relationships between them [8, 39]. While several odsh
have achieved promising results for capturing emergentetos
in folksonomies (e. g., [7, 26, 36, 33, 19)), little is knowmoait the
factors that influence the evolution of semantics in theseesys.

A natural hypothesis is that emergeetmanticsn folksonomies
are influenced by thpragmaticsof tagging, i. e., the tagging prac-
tices of individuals: users with certain usage patterns [(cf])
might contribute more to the resulting semantics than sthEpr
example: one may assume that users who follow an ‘ontology-
engineering style’ of tagging — i. e., users who try to maimta
a “clean vocabulary” with no redundancy — contribute moréhe
structure of a folksonomy, which is blurred by other usere\ate
not following this approach. However, we will show in thispea
that this isnot the case.

To this end, we will distinguish between two types of usera in
folksonomy, calledccategorizersanddescribers following the ap-
proach in [34]. Categorizers typically use a well-definetdééags
as a replacement for hierarchical classification schemiie de-
scribers are annotating resources with a wealth of frealg@ated,
descriptive keywords. We use a number of measures focused on
capturing tagging pragmatics and approximating the meshiyer



of a user to either of the two types. Thegsegmatic measures
will be used to partition a tagging dataset into subsets aolhwie
apply semantianeasures [7] in order to study potential effects of
tagging pragmatics on tag semantics.

Our results not only show that particular users contributeem
to emerging semantics than others, but also that the “cuitdive
verbosity” of a fraction oflescriberscan achieve and even outper-
form semantic precision levels obtained from the entiraskstt In
summary, our results suggest that a key factor for users éffbe-
tive contributors to aggregated semantic structures is thgging
verbosity. In addition, our work provides first empiricaligence
that the emergent semantics of tags in folksonomies aresimiked
by the pragmatics of tagging, i. e., the tagging practiceadifid-
ual users.

The results of this work are relevant for researchers whda tean
analyze folksonomies for ontology learning purposes. Kane
ple, users who introduce “semantic noise” and hinder theaséim
evolution can be identified and excluded from the data based o
pragmatic measures that capture individual tagging stflesers.

tags a user has used at least once. Analogously we define=
{r € R|3t: (u,t,r) € Y} as the set of resources a given user
has tagged.

2.2 Semantic grounding of tag relatedness
measures

As stated above, the notion of tag relatedness is a crugakas
of emerging semantics in folksonomies. One way of defining it
to map the tags to a thesaurus or lexicon like Roget’s thasaur
or WordNet [12]? and to measure relatedness by means of existing
semantic measures. Another option is to define measurelaitefde
ness directly on the network structure of the folksonomyeéson
why distributional measures in folksonomies are used iitiatdo
mapping tags to a thesaurus is the observation that the wtacgb
of folksonomies often includes community-specific termet thre
not included in lexical resources.

In our previous work [7] we identified several possibilities
measure tag relatedness directly in a folksonomy. Most efth
use statistical information about different typescofoccurrence

The proposed methods can also be used to improve and inferm th anveen tags, resources and users. Other approaches leeidist t

design of ontology learning algorithms.

The paper is organized as follows: In section 2 we provide an
overview about folksonomies and their emergent tag secmnti
Section 3 deals with measures aimed at capturing differgeas
of tagging pragmatics. This is followed by section 4 covgrine
semantic implications of tagging pragmatics in which wecdés
the conducted experiments and present a discussion of sultge
Subsequently we give an overview of the related work (sedjo
We discuss our results in the context of ontology learningy r@n
lated tasks in section 6, where we also point to future work.

2. EMERGENT TAG SEMANTICS

Since the advent of folksonomies as a part of the “Web 2.0”
paradigm, large corpora of human-annotated content htreetd
the interest of researchers from different disciplines.péamticu-
lar, there has been the early idea to study the semanticdlef fo
sonomies, e. g., work by Mika [30] or Golder and Huberman .[14]

tributional hypothesig13, 17], which states that words found in
similar contexts tend to be semantically similar.

More specifically we have analyzed five measures for the-relat
edness of tags: theo-occurrence countthree context measures
which capture distributional information by computing tt@sine
similarity [32] in the vector spaces spanned by users, tags, and re-
sources, an@olkRank[21], a graph-based measure that is an adap-
tation of PageRank to folksonomies.

We observed in our experiments in [7] that the tag and regourc
context measures performed best, by comparing them touthesa
based measures based on WordNet. This indicates that the dis
tributional hypothesis [13, 17] does not only influence thenhn
judgment of semantic similarity [29], but also folksonogsed
distributional measures. To provide a semantic groundinguo
folksonomy-based measures, we mapped the tags of a laatge-sc
del.icio.us dataset to synsets of WordNet and used the $iEmen
lations of WordNet to infer corresponding semantic reladion the

Later, more and more approaches arose to “harvest” the seman folksonomy. In WordNet, we measured the similarity by using

tics of a folksonomy (see the section on related work foritita
In many of these approaches, distributional measures wszd u
to infer semantic relations among tags. However, in mostsas

similarity measure (JCN from here on) by Jiang and Conrash [2
that has been validated in previous user studies and apiptisgd5].
We discovered that the context measure based on cosinearsimil

the choice of these measures was done on a rather ad-hoc basilly in a vector space that is spanned by the tags yielded aostim

without a deeper knowledge of the semantic characteristieach

measure. A first systematic analysis whighd of semantic rela-
tions are returned by different measures was done by us 26[7,
The semantic grounding procedure presented there confierast
sumption that distributional tag relatedness measurearaappro-
priate means to capture the emerging semantic structutesde
tags in folksonomies. As our presented analysis makesgyrase

of this work, we recall it here in greater detail.

2.1 Folksonomy model

In the following we will use the definition of folksonomy pro-
vided in [21]:

Definition A folksonomyis a tupleF := (U, T, R,Y’) whereU,

T, andR are finite sets, whose elements are calledrs tagsand
resourcesrespectivelyY is a ternary relation between them, i. e.,
Y CU x T x R. The elementyg € Y are calledag assignments
(TAS). A postis a triple (u, Tur, ) Withuw € U, r € R, and a
non-empty sefy, ;= {t € T | (u,t,7) € Y}.

Furthermore, we denote the (tag)cabularyof a user asl;, :=
{t € T | 3Ir: (ut,r) € Y}. This represents the set of distinct

optimal performance at an acceptable level of computaticora-
plexity. This distributional measure is defined as follows.

The Tag Context SimilarityTagConj is computed in the vector
spaceR”, where, for tag, the entries of the vectar, ¢ R” are de-
fined byv,,s := w(t,t') fort # t' € T, where the weightv is the
co-occurrence count , angd; = 0. The reason for giving weight
zero between a node and itself is that we want two tags to be con
sidered related when they occur in a similar context, anduian
they occur together. TagCont is determined by using theneosi
measure, a measure customary in Information Retrieval [82}0
tagst, andt. are represented by, 7 € R”, their cosine similar-
ity is defined astossim(t1, t2) = cos £(01,2) = [T
The cosine similarity is thus independent of the length efuilc-
tors. As in our case the vectors contain only positive esitriis
value ranges frond (for totally orthogonal vectors) td (for vec-
tors pointing into the same direction).

By studying the taxonomic path lengths in WordNet and the
number of up and down edges on the paths, we further observed

http://www.gutenberg.org/etext/22
2http://wordnet.princeton.edu



that pairs of tags which had been determined as closest g&irs
cording to the cosine measure and which had a path distarze of
in WordNet were significantly more frequently siblifiga Word-

Net than pairs determined with other measures. This imphatl
even if the cosine measure was not able to provide an imneediat
synonym, it still often provided a similar tag which was oregjual
level of abstraction.

In [26] we have studied further measures of tag relatednéfss.
discovered there that mutual information gain is yieldimgremore
precise results. However, the quadratic complexitymaké®-a
quent application to numerous large-scale folksonomy efsh@&s
needed in our case) infeasible. Given that TagCont has begarp
to make meaningful judgements of semantic tag relatedraess (

Table 1: Two Types of Taggers

[ [[ Categorizer | Describer |
Goal of Tagging later browsing | later retrieval
Change of Tag Vocabular costly cheap
Size of Tag Vocabulary limited open
Tags subjective objective

or additional categories might be introduced over time. o8d¢
the distinction between categorizers and describers istandiion
based on the pragmatics of tagging, and not related to tagreem
tics. One implication of that is that it would be perfectlyapt
sible for the same tag (for examplg¢ dva”) to be used by both

shown in [7]), we use it in the remainder of this paper as a mea- describers and categorizers, and serve both functionsataime

sure for emergent tag semantics.

time — for different users. In other words, the same tag mixght

To complement the presented semantic measures, the next secused as a category or a descriptive label. Thereby taggagyut-

tion will introduce and discuss measures aimed at captymiag-
matic aspects of tagging.

3. PRAGMATICS OF TAGGING

In addition to research on emergent semantics in folksoesmi
the research community has developed an interest in us#gersa
of tagging, such as why and how users tag. Early work by for ex-
ample Golder and Huberman [14], and later Marlow et al [2@§ h
identified different usage patterns among users. Furthet po-
vides evidence that different tagging systems afford cffie tag
usage and motivations [18, 16]. More recent work shows thext e
within the same tagging system, motivation for tagging leemv
individual users varies greatly [34]. These observatiosmaeHed
to the formulation of the hypothesis that theergent properties of
tags in tagging systems — and their usefulness for diffeasks —
are influenced by pragmatic aspects of tagdibhg]. If this was the
case, different tagging practices and motivations wouldcethe
processes that yield emergent semantics. This would meainth
order to assess the usefulness of methods for harvestiransem
from folksonomies, we would need to know whether these nustho
produce similar results across different user populatahasacter-
ized by different tagging practices and driven by differerttiva-
tions for tagging. Given these implications, it is intehegtto ex-

plore whether and how emergent semantics of tags are influenced

by the pragmatics of tagging

3.1 Tagging motivation

Previous work such as [27, 16] and [18] suggests that a distin
tion between at least two types of user motivations for taggs
interesting: On one hand, users can be motivated by caredjonm
(in the following calledcategorizers These users view tagging as
a means to categorize resources according to some (shgped or
sonal) high-level conceptualizations. They typically aseather
elaborated tag set to construct and maintain a navigataidatio
the resources for later browsing. On the other hand, useosané
motivated by description (so callatescriber} view tagging as a
means to accurately and precisely describe resourcese Tisess
tag because they want to produce annotations that are useful
later searching and retrieval. Developing a personal,isterg on-
tology to navigate to their resources is not their goal. &dbgjives
an overview of characteristics of the two different typesusérs,
based on [34]. While these two types make an ideal distinctio
tagging in the real world is likely to be motivated by a condiiaon
of both. A user might maintain a few categories while purguan
description approach for the majority of resources and varsa,

3An example for this are the tagisava’ and ‘pyt hon'.

ics represent an additional perspective on folksonomiatd,dand
yet it can be expected to have effects on the emergent sarpafti
tags. For example, it is reasonable to assume that the tadsqad
by describers are more descriptive than tags produced legaat
rizers. If this was the case, algorithms focused on utigjzags for
ontology learning would benefit from knowledge about thersise
motivation for tagging.

3.2 Measures of tagging pragmatics

Because the motivation behind tagging is difficult to measur
without direct interaction with users, we use this distingtas an
inspiration for the definition of the following surrogate aseirres
for pragmatic aspects of tagging only.

3.2.1 \Vocabulary size

vocab(u) = |Tu| (1)

The vocabulary siz€as proposed by for example [14] or [27])
reflects the number of tags found in a user’s tag vocabllary
Describers would likely produce an open set of tags with aunl
ited and dynamic tag vocabulary while categorizers woujdtdr
keep their vocabulary limited and would need far fewer tags.
deficit of this measure is that it does not reflect on the tatabiner
of annotated resources, which are considered in the nexdurea

3.2.2 Tag/resource ratio (trr)

_ |7
Rl

This measure relates the vocabulary size with the total eurob
annotated resources. Taggers who use lots of differenfdagseir
resources would score higher values for this measure tleas tisat
use fewer tags. Due to the limited vocabulary, a categovizedd
likely achieve a lower score on this measure than a desariber
employs a theoretically unlimited vocabulary. The equatibove
shows the formula used for this calculation whétg represents
the resources which were annotated by a us&Vhat this measure
does not reflect on is the average number of assigned tagesgter p
This is considered next.

trr(u)

@)

3.2.3 Average tags per post (tpp)

1Tl



This measure quantifies how many tags a user applies to a’cesou
on average. Taggers who usually apply lots of tags to their re
sources get higher scores by this measure than users whewse f
tags during the annotation process. Describers would dugte
values for this measure because of their need for detailéde@mn
bose tagging. In contrast categorizers would score lowkrega
because they try to annotate their resources in an efficiant w

3.2.4 Orphan ratio

orphan(u) = (172 = (IR < nbn = [%]
4

As a final measure, we introduce tbgphan ratioof users to cap-

ture the degree to which users produrphaned tags Orphaned

tags are tags that users assign to just a few resourcesorfphan

ratio thus captures the percentage of items in a user’s vocabulary

that represent such orphaned ta@$. denotes the set of orphaned
tags in a user's tag vocabulafy, (based on a threshold). The
thresholdn is derived from each user’s individual tagging style in
which ¢,,.. denotes the tag that was used the mogt(t)| de-
notes the number of resources which are tagged with tyguser

Table 2: del.icio.us dataset statistics.
dataset |T] U] |R Y]
Tall 10,000 | 511,348 | 14,567,465| 117,319,016
min100res || 9,944 | 100,363 | 12,125,476] 96,298,400

1
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o8r  yocab e
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Figure 1: Distribution of the membership scores for each
introduced measure of tagging motivation (orphan ratio,
tag/resource ratio, tags per post and vocabulary size), com
puted for the 100,393 users present in our del.icio.us datas

u. The measure ranges from 0 to 1 where a value of 1 identifies (x-axis). Values close to 0 on the y-axis indicate strong cago-

users with lots of orphaned tags and 0 identifies users wha-mai
tain a more consistent vocabulary. Considering the caitegyor
describer paradigm this would mean that categorizers teme m
towards values of O because orphaned tags would introduse no
to their personal taxonomy. For a describer’s tag vocaputhrs
measure would produce values closer to 1 due to the fact &iat d
scribers tag resources in a verbose and descriptive wayl@andt
mind the introduction of orphaned tags to their vocabulary.

3.3 Properties of measures

While these measures of tagging pragmatics were inspiréuagy
dichotomy between categorizers and describers, we do qoiree
them to accurately capture this distinction. Another asjsethat
these measures might not only capture intrinsic user cteistics,
but can also be influenced by e.g. elements of user interfaceb
as recommenders). What is important in the light of our higpsis
is that all ofthe above measures are independent of semantics
they capturausage patternsf tagging (the pragmatics of tagging)
only. This allows us to explore a potential link between tagg
pragmatics and the emergent semantics of tags.

4. SEMANTIC IMPLICATIONS OF
TAGGING PRAGMATICS

As detailed in Sec. 2.2, the distributional hypothesisestahat
words used in similar contexts tend to have similar meanidgs
tags in a folksonomy can be regarded as natural languageend
crucial question is how to identify an adequate context émtaring
their semantics. However, given the massive amounts ofadaié
able in social tagging systems, the question is not onlyeatity a
valid context, but also to identify thminimalcontext which retains
the relevant structures while allowing for efficient conggign. As
human annotators are the creators of implicit semantictsires,
an important aspect hereby is which users should be inclided
an optimal context composition. Following our discussiorttie
prior section, our hypothesis is that individual tagginggmatics
can play an important role for selecting “productive” user$he
question is whether the categorizers — who follow the omjplo
engineering principle of a clean vocabulary — or the destsb—
who provide more descriptions to their resources — are theemo

rizers, while values close to one 1 point to describer usergll
measures were normalized to the intervalo, 1].

“productive” ones.

In order to answer this question, our strategy is to analiiee t
suitability of each of our previously introduced pragmatieasures
to assemble a (preferentially small) subset of users whichigles
a sufficient context to harvest emergent tag semantics. €he g
eral idea hereby is to start at both ends of the scale withaike “
treme” categorizers and describers, and then to subsdyzeitt
more users (in the order given by the respective measure@adh
step, we check how well the folksonomy partition defined by th
current user subset serves as a basis to compute semgmstztitd
tags. For the latter, we revert to the tag context relatesimesasure
that has shown to produce valid results (cf. Sec. 2). Thegsson
hereby is that this TagCont measure will yield more closelgited
tags when better implicit semantic structures are presdence,
this whole procedure allows us to assess the quality of therem
gent semantics and finally the degree to which tagging prtigsna
have influenced its evolution.

4.1 Experiments

The goal of our experiments is to quantify the influence of in-
dividual tagging practices on emergent tag semantics itkado-
omy. We will first provide details on our dataset and then aixpl
each experimentation step before discussing the results.

4.1.1 Description of the dataset

In order to validate our hypothesis on real-world data, wedus
a dataset crawled from the social bookmarking system debLiin
November 20086.n total, data from 667,128 users of the del.icio.us
community were collected, comprising 2,454,546 tags,838,132
resources, and 140,333,714 tag assignments. As our exgerim
tal methodology involves the comparison with semanticadlgted
tags obtained from the full dataset, we need to ensure thafthl-
ity of those is high. Because the applied tag relatednessunea
is based on the co-occurrence of tags with other tags, tlezenh

4All data sets used in this study are publicly available ap:Hit
www.kde.cs.uni-kassel.de/benz/papers/2010/www.html



sparseness of infrequent tags makes them less useful fquour
pose. Hence, we stick to our dataset containing the 10,008 mo
frequent tags of del.icio.us, and to the resources/usatshive
been associated with at least one of those tags. We will tefize
resulting folksonomy as thielll dataset (see Table 2).

In order to eliminate noise introduced by our measures misju
ing new users, we furthermore removed all users having hess t
100 resources in their collection. The reason behind thtbas
e.g., the tag/resource ratio is not very informative in thsecof a
new user with very few resources. Interestingly, our res@iws
that removing this “long tail” of new (or inactive) userseddy in-
creases the quality of the learned semantic relations.ilDefehis
observation will be discussed in Section 4.3. We will dertbe
resulting dataset anin100regsee Table 2).

4.1.2 Experimental setup

In order to assess the capability of each of our measuresto pr
dict “productive” users, we followed an incremental apptua-or
each of our measures < {orphan,vocab,trr,tpp, we first created
a list L., of all usersu € U sorted in ascending order according
to m(u). All our measures yield low values for categorizers, while
giving high scores to describers. This means that e.g. thteufier
in the orphan ratio list (denoted d%phan[1]) is assumed to be the
most extreme categorizer, while the last ohganlk], &k = |U]) is
assumed to be the most extreme describer. Figure 1 depéctdth
tained distribution of membership scores for each ordesed i,
Lur, Lorphan @nd Lyocan. AN 0bservation which can be made in this
figure is that the distribution of the-phan measure differs clearly
from the other three measures. This implies that the orpata r
seems to be able to make more fine-grained distinction betwee
users. However, our results did not exhibit a positive inhpac
the resulting semantics; rather contrary, the orphan piforms
often worse than the other measures (see section 4.2 falsjleta

ever, in order to avoid the dependency of our results on a sin-
gle measure of semantic similarity, we also measuredtdike-
nomic path lengttor each mapped tag paft, tsim) between the
two synsetss; and s, containingt and ¢sim, respectively. This
measure counts the number of nodes in the WordNet subsumptio
hierarchy along the shortest path betweerand s;. We noticed
that the judgements of both measures (JCN and taxonomic path
length) were almost perfectly correlated throughout opeexnen-
tation; for this reason, we will stick to the JCN distancetia te-
mainder of this paper, because it has been shown to be a better
surrogate for the human perception.

We repeated this overall procedure for each of our measures
{orphan,vocab,trr,tpp and for the following user fractionis

i€{1,2,3,...,24,25,30,40, 50, 60, 70, 80,90}

As we keep adding users while incrementiiygt is important
to notice that the size of the resulting “sub-folksonomygiewing
towards the size of the full dataseti. &.F {5y = CF{5y = F. An-
other important aspect is the fact that users are added tedéisg
order of their membership degree in the respective uses:Cldss
means thaC’ F{"" contains users who score high on measure,
while e.g.,CFzy contains a more mixed population. “Mixed” in
this context means that there exist user€’iAs; which are to a
certain degree assumed to exhibit describer charactsresi mea-
sured bym. This implies that the distinction between both user
groups is blurred while incrementing In other words, one can
also read these partitions from the other side, namely Ghajy
contains all userexceptl0% of the most extreme describers.

So in summary, we created 64 partitions for each of our 4 mea-
sures (32 categorizer + 32 describer), summing up to a tb28®
sub-folksonomies, each being extracted by a different amitipn
of users according to their tagging characteristics. Befwesent-
ing our results on the most suitable partitions for extraggeman-

Because we are interested in the minimum amount of usergdeed tic tag relations, we discuss upper and lower bounds. As we me

to provide a valid context, we start at both ends/oénd extract
two folksonomy partitionsC' F/" and DF™ based on 1% of the
“strongest” categorizersCat® = {L.[:] | ¢ < 0.01 - |U|})
and describersDesd” = {Ln[i] | ¢ > 0.99 - |U|}). CF"
(cur, cTi, CRY*, C'Y{™) is then the sub-folksonomy df in-
duced byCat, i. e., it is obtained byCU{" := Cat*, CY\" :=
{(u,t,7) € Y|u € Cati*}, CT{" := m2(CY™), andCRT" :=
m3(C'Y{™). The sub-folksonomyp F1™ is determined analogously.
As a next step, we took the first extracted partiti@h]"™ as in-
put to extract semantic tag relations, in the way describeSleic-
tion 2.2. We check whether the data produced by a very smiall su
set of “extreme” categorizers already suffices to computerimg-
ful semantic relations. More specifically, for each tag CT7",
we computed its most similar tadgm according to the tag context
relatedness defined in [7]. We then looked up each resultaig p
(t, tsim) in WordNet and measured — whenever bo#ndtsim were
present — the Jiang-Conrath distant@N(¢, tsm) between both
words (see Sec. 2.2). After that we took the average JCNista
of all mapped tag pairs as an indicator of the quality of ererg
semantic structures containedGr;™:

> ecrm JICN(E, tsim)
JCNag(CF™) = L
vo(CF") wn_pair§ CT™)

Here,wn_paird DT7") denotes the number of tag paiits tsim)
(i. e., a tag and its most similar tag) for which batandtsm are
present in WordNet. The corresponding describer partifidi™
was processed in the same manner.

sured the quality of an extracted relation between two taaisd
tsim by its Jiang-Conrath distance within WordNet, a lower bound
can be identified by computing the pairwise JCN distance éetw
all tagst € T and averaging over the minimum distance found for
each tag:

_ ZtET mingg,er JCN(E, tsim)
- wn_pairT)

As an upper bound we assume that the respective folksonomy
subset does not contain any inherent semantics and henceaanl
domly related tags are returned by our measure. We simuiegte t
by defining a random relatedness functrand(¢), which returns a
randomly selected tagim € 7', tsim # t. The upper bound is then:

JCNower(F)

> rer JCN(E, rand(t))
wn_pairg7)

For the del.icio.us dataset it turned out tH&MNpper ~ 15.834
andJCNower &~ 0.758. Please recall that JCN is a semauigtance
measure — which means a low JCN distance corresponds to a high
degree of semantic relatedness.

As seen later (cf. Figure 2), none of our experimental caorafit
(including the full dataset) came close to the lower bounteré
are (at least) two explanations for this. Firstly, the lolweund was
determined independently of a sub-folksonomy of the fuladat.
It would be interesting to determine that sub-folksononst thro-
vides the optimal average Jiang-Conrath distance. Theraule

JCNlpper(F) =

As discussed in Sec. 2.2, we use the Jiang-Conrath distance a 5|f ¢ and tm were present in more than one synset, we took the

an indicator of the “true” semantic relatedness betwees tidgw-

shortest possible path.



check how far it is away from this optimum, and one could try to
learn a classifier for this target dataset. Unfortunatbly,computa-
tion of this sub-folksonomy requires the considerationlifiabsets
of the user setV and is thus computationally unfeasible.

Secondly, WordNet is built by language experts with the goal
captureall existing senses of a given word. Given two tagsand
t2, our JCN implementation searched for the smallest posdible
tance betweeanytwo senses of each tag. By doing so for all pos-
sible pairs of tags € T, the probability is quite high to find two
quite closely related (or even equal) senses. Contraryat the
technophile bias of the user population of del.icio.us $e@dsome
usage-induced relations which are not reflected well withiord-
Net; as an example, the most related tago@min a folksonomy
subset wasgjuake, leading to a large JCN distance »f 18.08,
while the optimal distance was found betwedmomandwi | |
with &~ 1.88. This observation does not invalidate the procedure
of semantic grounding as a whole, becausededind matching
semantics in both systems. The same approach has also keen ta
in previous publications focused on measures for semagitited-
ness [7].

4.2 Results

In Figures 2(a) and 2(b) we present the results of our arsabfsi
the different sub-folksonomies which were created in edabuo
256 experimental conditions.

The horizontal axis displays the percentage of includedsuse
the vertical axis displays the average JCN distance olutdioe
computing semantically related tags based on the respeudisti-
tion. The dashed line at the bottom of each figure represaets t
level of semantic precision obtained from the full dataset.

A first impression is — in all diagrams, independently of the
selection strategy — that mass matters: the average JCahdest
decreases and hence the results get better while more usérs a
cluded. This equally holds for the random selection stsafeglid
line, 4+). In other words, the more people contribute to a collabo-
rative tagging system, the higher is the quality of the seaimaag
relations which can be obtained from the folksonomy stnectioey
produce. This matches the intuition that a sufficient “croischec-
essary to facilitate the emergence of the “wisdom of the ds3w

However, the obvious differences between the two Figura¥ 2(
and 2(b) suggests that the composition of the crowd also S¢@m
make a difference: When incrementally adding users ordeoeal
categorizers to describers (starting from the left of Féga(a)),
all resulting folksonomy partitions yield systematicallaker se-
mantic precisions compared to adding users in random osadéd (
line, +). This effect can be observed most clearly for the vocab-
ulary size measurgocab (dotted line,A), which judges users as
categorizers when the size of their tag vocabulary is snsalé (
Sec. 3.2.1). Only after the addition of 90% of all users irs thi
order, the quality of the inherent semantics are on the savet of
randomly selected 90 %. The other measures — with an execeptio
of the tags per post ratio (dotted lin®), which will be discussed
later — show a very similar behavior, namely the tag/reseuatio
(dotted line M) and the orphan ratio (dotted lin€),

When incrementally building sub-folksonomies startiranfrde-
scriber users (Figure 2(b)), we see a completely differéttue:
most measures start on the same or even on a slightly higietole
contained semantics compared to adding users in a randaen ord
Beginning from roughly 10 % included users, all sub-folksmies
yield better results than the random case. In additiony &ite-
ing added 40 % of the users in the order of the tag/resourae rat
(dotted line,[d), we can even observe a first improvement of the
results compared with the full dataset. This implies thait delss

Table 3: Statistical properties of selected folksonomy pai-
tions. %t denotes the fraction of the tags from the complete
dataset included in the respective partition; %w denotes tle
number of similar tag pairs (¢,tsm) found in WordNet for the
respective partition divided by the number of mapped pairs
from the whole dataset. For the entire dataset|T'| = 9944
and wn_pairs(T") = 4335.

DFit,rr DF:PP DFiOTPhﬂTL D [vocad
i %t | %w || %t | %w || %t | %w || %t | %w
1 093] 1.03] 096 | 1.01 ] 0.97 | 1.02 || 0.98 [ 1.04
3 096 | 1.02 || 0.98 | 1.02 || 0.99 | 1.01 |[ 0.99 | 1.03
5 097 1.02 | 099 ] 1.02 || 0.99 | 1.02 |[ 0.99 | 1.03
10 0.97] 1.03 | 099 | 1.02 | 1.00 | 1.02 || 0.99 | 1.01
20 098] 1.02 ] 099 | 1.00|f 1.00 | 1.03 || 0.99 [ 1.01
50 0.98 | 1.02 || 1.00 | 1.00 || 1.00 | 1.00 |[ 1.00 | 1.01
70 099 | 1.01( 1.00| 1.00 || 1.00 | 1.00 |[ 1.00 | 1.00

CFitrr CF:PP CFiOTPhﬂTL C Frocab
i %t | %w %t | %ow %t | %ow %t | %w
1 056 | 048 | 0.44] 0.00 | 0.48 | 059 || 0.27 | 0.18
3 0.86| 0.77 || 0.74 ] 0.23 || 0.78 | 0.77 |[ 0.59 | 0.44
5 0.94| 0.83 | 0.87] 049 089 | 0.88 | 0.76 | 0.59
10 0.97] 090 || 095]| 0.80 | 0.95| 0.95 | 0.91 | 0.78
20 0991 095 097 0.88 | 0.97 | 0.98 || 0.97 [ 0.88
50 1.00 [ 1.00 || 0.98 [ 0.96 || 0.98 [ 1.01 || 0.98 | 0.95
70 1.00 | 1.00 || 0.98 | 0.98 || 0.99 | 0.99 || 0.98 | 0.98

than the “better half” of the complete folksonomy populatfzro-
duces equally precise semantic structures compared to libew
unfiltered “crowd”. This improvement increases and readtes
maximum after adding 70 % of all users, before it decreasamag
to the global level.

Especially for very small partitions (roughlg 20 %), users se-
lected in descending order by their vocabulary size yietdhbst
results (dotted lineA). Interestingly, this effect is inverse when
adding users the other way round (dotted limg,in Fig. 2(a)):
Even quite a large number of users with small vocabularigs pe
form considerably worse than most other folksonomy parti
This means that scale still matters, as the quality almasstently
increases while adding users; but the “collaborative v&tibof a
small subset of users with large vocabularies seems todemdth
richer inherent semantics than the contributions of a tasgé of
more “tight-lipped” users.

One could suspect now that this comparison is not completely
fair: Especially when selecting users with small vocatigirthe
question is to which extent semantic relatiamas be present at all
in the data. In other words: If the aggregated small vocatada
of a subset of categorizers result in a considerably smgltdral
vocabulary compared to aggregating more verbose usersthibe
probability to find semantically close tags would consediyeme
much lower. In the worst case, the vocabulary would be solsmal
that the “right partner” for a given tadpes not exist

In order to eliminate this concern, we counted the size of the
collective tag vocabulary for each sub-folksonomy. In &ddi we
measured how many tag paifs tsim) could be mapped to Word-
Net during the computation of the JCN distance. By doing Wwes
want to make sure that the average semantic distance is ¢tethpu
roughly over the same number of tag pairs. Table 3 summarizes
some selected statistics relative to the complete dataset.

The first observation is that in all partitions based on dbecs
(upper half of the table) the global vocabulary is almost plately
contained & 93%). For partitions larger than 20 %, this value

5We did not include the statistics for every partition for spaea-
sons; their values can be interpolated from the given exasnpl
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Figure 2: Average Jiang-Conrath distance between pairs ofemantically related tags computed from different folksonany par-

titions.

The partitions were created based on user subsetssadetermined by different pragmatic measures (orphan ratio

tag/resource ratio, tags per post, vocabulary size). Eachatapoint corresponds to a “sub-folksonomy” CF;™ (a) / DF;" (b) with
i =1,2,...,25,30,40,90 (from left to right in both cases). The x-axis denotes the p&rntage of all folksonomy users included in
the subset, and the y-axis depicts the quality of the semautitag relations obtained from the respective partition by mans of the
JCN distance. In Figure 2(a), users were added ordered fromategorizers to describers, and in Figure 2(b) ordered in theeverse
direction. (Note: Empirical lower-/upper bounds are ~ 0.758/15.83, respectively; cf. Sec. 4.1.2.)

raises to 98 %. The same holds for the fraction of tag pairgedp
to WordNet. On the first sight, values 1 might appear counter-
intuitive here. The explanation is the following: It can pap that
for a given tag that its most similar tagsim based on the complete
dataset it not present in WordNet, but its most similartfagbased
on a particular partition is contained. A high percentagmapped
tags does not imply better semantics per se (as the two mapped
can still be semantically distant); but the comparison €edint
sub-folksonomies is more meaningful when they both allowafo
roughly equal number of mapped pairs. As expected, the ageer
observed for the describer-based case is not as completaeor
categorizer-based excerpt: For very small samples, tHeotok
tag pool is in fact small. However, this effect is mitigatdcbady
for samples of 3 %; and starting from roughly 10-20 % samyae,si
a sufficient global vocabulary exists:(97 %). This means that the
comparison in general is performed on a fair basis, becéwse t
underlying vocabulary sizes are comparable.

Our results suggest that sub-folksonomies based on desgrib
contain more precise inherent semantic structures thatitipas
based on categorizers. However, there seems to be a lionitati
with this observation: Inspecting the curve for tipp measure on
the right side of Figure 2(a), one can observe that the mesig®
semantic relations among all experimental conditions @ued af-
ter the addition of 90 % of the categorizers according to Itiés-
sure. As stated above, this partition can also be read fremttrer

tures from the web [35, 33, 7]. Our results show that the &ffec
ness of current semantic measures for tag relatednesdlasnred

by factors originating outside of the semantic realm. Onlbdada
samples (up to 40 % of users in our dataset), we have singled ou
a group of users (categorizers) that has particularly metntal ef-
fects on the performance of current semantic measures cethpa
to random sampling. At the same time, describers (basedeon th
tags-per-resource measure) consistently outperformorarshm-
pling, and can level and even outperform the results actieve
the entire dataset with as little as 40 % of users. This suggeat
methods for harvestingemantic§rom samples of tagging systems
can be made more effective when utilizing knowledge aboet th
pragmaticsof tagging, considering individual user behavior. For
analysts of small data samples who wish to improve semagitic-r
edness measures, this would mean focusing on those useus¢ha
tagging systems in a verbose ‘Stop Thinking, Start Tagdiash-
ion. With increasing sample sizes%0 % of users), we can observe
that adding more categorizers does not produce significhatter
results. However, when adding more describers, we sedisiti
improvements in performance until we hit an accuracy lirhaa
proximately 90 % of users. This suggests that rewardingoserb
taggers comes with limitations itself: The most verbosgeag (in
our case: mostly spammers) negatively influence the rezsitell.

The practical implications of our results concern mainlyotw

side and corresponds to a removal of 10 % of the most extreme de questions: (i) What is the minimum amount of users needed to
scribers. As thépp measure captures the average numbers of tags produce meaningful tag semantics in collaborative taggysgems

per post, there seems to be a number of “ultra-taggers” waaus
large number of tags per post (many spammers, typically thare

9 tags per post in our case) have detrimental effects on timb|
tag semantics. In other words, removing these users seegtimto
inate “semantic noise”, leading to more precise tag sercgnti

4.3 Discussion and implications

Recent research demonstrated that the collective outpiaigef
ging systems can be used for harvesting emergent semaniic st

and how can these users be selected? (ii) Does the qualityexbe
ing tag semantics increase with the available amount of datzan
it be improved by eliminating “semantic noise”?

A main contribution of our analysis lies in the observatibatt
tagging pragmatics, i. e., individual tagging charact&ss play
an important role in both cases. The experiments describedea
reveal that not all users contribute equally to emergingassivs;
we could show that a relatively small subset of describeetdygi
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Figure 3: Minimum size of the folksonomy partitions created
by each measure sufficient to reach the semantic precision of
the complete dataset. The y-axis denotes the percentage of
tag assignments contained in the smallest folksonomy patti
tion which reached the global semantic precision; the labsl
above the bars depict the percentage of users the respectiseb-
folksonomies are based on.

significantly better results than a group of categorizerngure 3
summarizes the minimum sizes of the folksonomy partitioles
tified by each of our introduced measures necessary to réach t
level of semantic precision for the entire dataset. The evhirs
correspond to sampling users ordered from describers égaaz-
ers (Fig. 2(b)) while the black bars correspond to samplisgrsi
ordered in the opposite direction (Fig. 2(a)). The numbetoprof
each bar displays the user fraction needed to reach thelgleba
mantic precision; the y-axis depicts the size of the resgesub-
folksonomy relative to the complete one.

In general, most describer-based selection strategiatecsmaller
folksonomies which produce meaningful semantics. The flkma
est” one consists of 40 % describers according to the trr nneas
responsible for roughly 40 % of all tag assignments. Howeber
observation that uncontrolled verbosity is not a good théngpn-
firmed by the fact that removing 30% of the most extreme de-
scribers according to the tags-per-post measure (rightbiask
bar) also creates a comparatively small and semanticadigise
partition. According to Figure 3, two adequate strategiesfeat-
ing the smallest possible scaffolding for global tag seicartan
be identified: (1) include roughly half of the users with ahig
tag/resource ratio, and (2) remove roughly one third oféutaggers”
identified by a large average number of tags per post.

The next interesting question to ask is whether, and to which
extent we can even infenore precisesemantics when removing
users. Figure 4 displays the obtained semantic precisi@xig)
plotted against the amount of tag assignments removed wdien r
moving users according to different selection strategigse first
and most simple strategy is to remove the “long tail” of useith
less than 100 resources in their collection. This alreanfyiehtes
roughly 18 % of the data, while interestingly slightly impiog the
semantic precision. One cannot conclude from that thatahe |
tail of users does not contain valuable information at alit Bith
regard topopular tags (recall that we restricted our dataset to the
top 10.000 tags), a valid first insight is that the long tailirzdc-
tive users can be discarded during the computation of sécrtagt
relations.

As discussed before, our results indicate that categariaiso
have a detrimental effect on the quality of the emergingcstnes.
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Figure 4. Improvement of semantic precision by removing

users from the complete dataset. The y-axis depicts the sema
tic precision of the (sub-)folksonomies, while the x-axis ehotes
the percentage of tag assignments which were disregarded by
removing certain users. The label at each data point descris
which users were removed.

Removing 30% of them as determined by the tag/resource ratio
leads to a further improvement in semantic precision. Tt e

sult in all of our experimental conditions however was reachy
eliminating 10 % of the extreme describers according to dlgs-t
per-post measure. Those “hyper-active” users (in our casslyn
spammers as confirmed by manual inspection) generate soughl
40 % of the global amount of tag assignments. Spammers typ-
ically use a large number of semantically disjoint tags toaat
other users and to bias search engines towards their po&ed.U
Unsurprisingly, they are not very helpful for creating mieaful

tag relations. Rather the contrary is the case: we can searin o
results that spammers introduce significant semantic reisere-
moval of them leads to an overall improvement in accuracyef t
resulting semantic structures. Turning the tables arotimsl,in-
sight can of course also be useful for spammer detectiolf #se

but because our dataset does not contain explicit spaminelsia
for each user, determining the exact ratio of spammers wetdy
each of our pragmatic measures is subject to future work.

4.4 Generalization on other datasets

In order to exclude the possibility that the implicationsme
tioned above are influenced by characteristics from théceels
dataset, we repeated the experimental procedure desénilsed-
tion 4.1.2 on a dataset from January 2010 of our own sociagt-boo
marking system BibSononﬁy It contained 17,777 users, 10,000
tags and 4,520,212 resources connected by 34,505,061 pageS
does not permit a detailed presentation of the resultsntgemeral,
all measures exhibited a very similar behavior as observethé
del.icio.us dataset in Figures 2(a) and 2(b). Especiafyptiactical
implications discussed in Section 4.3 were valid in a neialeyti-
cal way for the BibSonomy data: 30% of describers according t
the trr measure were sufficient to reach the semantic poecii
the whole dataset, and removing 20% of describers accotding
the tpp measure led to the best overall semantics.

5. RELATED WORK

There is series of research discussing folksonomies froar-a f
mal [30] and informal [28] perspective. First quantitatamealysis

"http://www.bibsonomy.org



of folksonomies are provided in [14] and the underlying ciinve is
analyzed in [8]. Tag-based metrics for resource distanee haen
introduced in [6]. [1] gives evidence that social annotatiare a
potential source for generating semantic metadata.

Many publications on folksonomies introduce measuresdgr t
relatedness, e.g., [19, 33]. However, the choice of a spauiia-
sure of relatedness is often made without justification dtehdt
appears to be rather ad hoc. Which context information captu

mentally adding users from each class. We then judged thle qua
ity of the emergent semantics contained in each of these- “sub
folksonomies” by means of semantically grounded tag rdteges
measures. Apart from the observation that adding more users
beneficial in many — but not all — cases, our results reveal-a de
pendence of the obtained semantic structures on the diffpesti-
tions. In general, the collaborative verbosity of desash®ovides

a better basis for harvesting meaningful tag semantics. eveny

the meaning of tags best has been addressed by [38]. Queestionthis observation comes with a limitation: The most verbaggérs

that have not been addressed previously include which esers
tribute to what extent to emergent semantics in folksonspaed
to what extent are tag semantics influenced by tagging pracgna
In [7] we performed first analysis on different kinds of reldiess
measures and different types of semantic relationshipgbelpaper
at hand, we investigate different measures to charactesers and
their level of contribution to the semantics of a folksonormy the
best of our knowledge, no other analysis in the literatudresses
the interrelation between pragmatic aspects of taggingéhauser
characteristics) and their semantic implications for &lgtedness.

[25] generalizes standard tree-based measures of seragmniic
larity to the case where documents are classified in the nufdas
ontology with non-hierarchical components. The measurgs-i
duced there were validated by means of a user study. [31y-anal
ses distributional measures of word relatedness and ces ffagm
with measures of semantic relatedness in thesauri like Mé&tdn
[26] we provide a systematic analysis of a broad range oflaiityi
measures that can be applied directly and symmetricallyuiiol b
networks of users, tags, or resources and to compute siteiar
between these entities.

A task which depends heavily on quantifying tag relatedigss
that of tag recommendation in folksonomies. In the last year

(in our case mostly spammers) negatively influenced semanti
curacy. From a practical perspective, the pragmatic meastan
be used to select a comparatively small subset of users vahich
duce tag relations of equal or better quality than the estteof

users. In addition, the measures can facilitate improvemietne

global semantic precision by eliminating users that inticel“se-
mantic noise”. Experiments with an additional datasetatoorate
the assumption that our findings can be generalized to otiiabe

orative tagging systems.

A main implication of our work is the presentation of first émp
ical evidence for a causal link between the pragmatics ofjitegy
(individual tagging practices) and the emergent semardfdsgs.
This link is not dependent on our choice for a particular semantic
relatedness measure, because 1) the chosen Jiang-Castatite
has been shown to best reflect human judgements of semantic re
latedness in previous validation studies [5] and 2) our erpents
with alternative measures for semantic relatedness haduped
similar results (cf. section 4.1).

This finding has a number of interesting implications for re-
lated areas of research: 1) While our results focus on sétnant
relatedness, it appears plausible that other semantis,taskh as
hypo/hypernym detection, exhibit similar effects. We argiat a

lot of research activities can be observed as two ECML PKDD general link between tagging pragmatics and tag semartidsl ¢

discovery challenges [20, 11] were based on this topic. tiEgis
work in general can be broadly divided in approaches thdiyaea
the content of the tagged resources with information nedtigech-
niques [4] and approaches that use collaborative filteriethods
based on the folksonomy structure [37]. An example of thiedat
class of approaches is [22]. Relatedness measures alsa phégy
in assisting users who browse the contents of a folksonor8y. [

yield new ways of thinking and new algorithm designs for fiag
ontologies from folksonomies. 2) Current tag recommenttp-a
rithms tap into semantic relations between tags in ordee¢om-
mend tags to users. Our results suggest that knowledge athgut
and how users tag could help to further improve the perfooaaf
tag recommender systems. 3) Utilizing tag recommenderglto i
ence tagging behavior and to direct the evolution of folksnies

shows that navigation in a folksonomy can be enhanced by sug-towards more precise emergent semantics seems to repaesent

gesting tag relations grounded in content-based features.

A considerable number of investigations are motivated byth
sion of “bridging the gap” between the Semantic Web and Web 2.
by means of ontology-learning procedures based on folkegno
annotations. [30] provides a model of semantic-social nsts/
for extracting lightweight ontologies from del.icio.us.ther ap-
proaches for learning taxonomic relations from tags areigeal
by [19, 33]. Another branch of research is concerned withetine
richment of folksonomies by including data from existingsatic
repositories and ontologies [2]. [24] proposes an RDFS inmde
formalize the meaning of tags relative to other tags. [18kpnts
a generative model for folksonomies and also addressegdine-|
ing of taxonomic relations. [39] applies statistical mettdo infer
global semantics from a folksonomy. The results of our paper
especially relevant to inform the design of such learninghoes.

6. CONCLUSION AND FUTURE WORK

In this paper, we analyzed the influence of individual taggin
practices in collaborative tagging systems on the emesgehglo-
bal tag semantics. After proposing a number of statisticaa-m
sures to assign users to two broad classes of categorizeérdean
scribers, we systematically built folksonomy partitions ibcre-

citing and promising area for future work.
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