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Collaborativ e tagging systems|systems where many casual usersannotate objects with free-form
strings (tags) of their choosinglha ve recertly emerged as a powerful way to label and organize
large collections of data. During our recert investigation into these types of systems, we discovered
a simple but remarkably e®ectiwe algorithm for converting a large corpus of tags annotating objects
in a tagging system into a navigable hierarchical taxonomy of tags. We rst discussthe algorithm
and then presert a preliminary model to explain why it is so e®ectiwe in these types of systems.

. INTR ODUCTION

One of the lasting problemsfor CSCW in large scaleor-
ganizations has beendetermining an e®ective way to not
only store, but to allow usersto annotate relevant data
for future retrieval. As the size of our information sys-
tems have expanded,there hasbeena gradual trend from
certrally organized systemsbasedon controlled vocabu-
laries (i.e., alibrary model) to chaotic, ad-hoc distributed
systemswith many cooperating participants. This spec-
trum represeits a trade-o®that must be made between
how much e®ortis required to make a single annotation
and how much of the data is annotated.

Perhapsthe furthest points on this spectrum are col-
laborative tagging systemswhere userscooperate to la-
bel objects in large scalesystems(the web, large media
collections) with tags|free-form strings of their choos-
ing. Popular tagging systemswhich have beenstudied in
depth include Delicious [11], Flickr [15], and Connotea
[14]. Thesesystemsallow any metadata to be assaiated
with a given object, in cortrast to stricter systemslike
libraries where a book will have exactly one proper call
number basedon content. As a result, usersof tagging
systemscan quickly label (tag) large numbers of objects,
but these labels are much lessinformativ eltags tell us
litle more than the free-form string that they represer.

This lack of information in the tags reducesthe easeof
navigation in thesesystems. Currently, userscan browse
the objects in a tagging system using three main views:

1. A list of all objects which are tagged with a given
tag (or possiblya combination of two or moretags).

2. A list of the most popular tags in the system.

3. A list of tags which have a high degreeof overlap
with a tag the useris currently investigating.

Howewer, these limitations make it ditcult to "nd
broader or narrower tags which may better represert the
user'scurrent interests.
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FIG. 1: A portion of the tag hierarchy generated from the
Delicious dataset with a similarity threshold of 0.099 from
tags occurring more than 400 times.

We have designedan algorithm which helps to solve
this problem by automatically building a hierarchy of
tags from the data in a tagging system. SeeFigure 1
for an example of a hierarchy produced from an unstruc-
tured set of tags found in the Delicious sccial bookmark-
ing system. The algorithm leveragesnotions of similar-
ity and generality that are implicitly presen in the data
generatedby usersas they annotate objects. Our algo-
rithm brings tagging systemscloserto the best of both
worlds|suc h systemscan leveragethe cortributions of
huge numbers of casual users (Delicious claims 300,000
users[23]) while allowing usersto use natural browsing
corvertions from more cortrolled and expensive systems.
Taken together, we believe that the combination of large
numbers of cooperating usersand detailed analysisof the
resulting data provides a compelling CSCW view for or-
ganizing the web and other very large scaleinformation
systems.

A. Related Work

The CSCW community has previously studied meta-
data annotations, how best to categorize these annota-
tions, and systemsfor communal creation of knowledge
around objects in large documert systems. Annotations
have been explored for large document and media col-
lections, especially with respect to collaborative writing
(for example, [3] and [20]). Recert work has found that



metadata in documert collections has interesting sccial
and contextual features(Marshall and Brush analyzedif-
ferencesbetween public and private annotations in [16],
and Hinrichs et al. try to leverage context in metadata
creation in [12]). Especially interesting hasbeenwork on
how bestto commonly create sharedabstractions out of
individual users' data which go above and beyond eat
user's contribution (seefor example the work of Wu et
al. on hierarchy metadata combination in [21] and [22]).

Collaborativetagging hasput a newtwist onthese,and
other, old CSCW problems. Taggingis similar to older
work on adding keyword metadata to documerts in doc-
ument collections, though tagging systemsare often sub-
stantially larger (even small scaletagging systemsoften
have thousandsof users)? lessstructured, and more egal-
itarian becauseusers(rather than solely the creators of
the content themseles) can often annotate any object in
the system. Interestingly, the slew of related tags which
appear as a result of this lack of structure are reminis-
cert of solutions like multiple synorymous indexes pro-
posedfor the \v ocabulary problem"|where usersoften
disagreedon the appropriate term to describe somecon-
cept or type of information|considered by the CSCW
community at least two decadesago (see[5, 9, 10]). Fi-
nally, while traditionally CSCW has focusedon how to
elicit explicit cortribution of community members (for
example,[1]), it is becomingincreasingly commonin new
CSCW systems(e.g., tagging) for membersto make im-
plicit cortributions by acting on their own personalgoals.
This creation of knowledgein an indirect way is similar
to, but slightly di®erert from, the sort of tacit knowledge
transfer discussedin [7] (though that work focuseson
the problem of transferring ditcult to explain knowledge
through indirect means,rather than the generalproblem
of indirect knowledgetransfer).

Beyond these factors, taxonomy generation from un-
structured data is a compelling problem in its own right.
Somework has been done on taxonomy generation for
large blocks of unstructured text, especially using clus-
tering (see([6] for an example), but naive clustering ap-
proaches seemto fail for tag hierarchy generation, and
this seemsto be due to the structure of the data itself.?

B. Preliminaries

We assumethat a minimal tagging system consistsof
objects (01;02;::1), users(us;up;::), and tags (t1;t2; ).
The data in a tagging system consistsof annotations of
objects (a;; ap;:::), ead of which contains one user (u;),

1 Leveraging increasing numbers of casual contributors is atrend in
CSCW systems (e.g., the Wikip edia). Recent work like [17] has
tried to explain why people contribute to these sorts of systems.

2 Similarit y between parents and their children in a reasonable hi-
erarchy doesnot seemto be suzciently great for purely similarit y
based hierarchical clustering to produce useful results.

Algorithm 1 An extensible greedy algorithm for
hierarchical taxonomy generation from social tagging
systemsusing graph certralit y in a similarity graph of

tags.

Require: Lgener aity IS @ list of tags t;;::tj in descending
order of their certralit y in the similarit y graph.

Require: Seweral functions are assumed: s(ti;t;) computes
the similarity (using cosine similarity, for example) be-
tweent; and t;. getVertices(G) returns all vertices in
the given graph, G.

Require: taxThresholdis a parameter for the threshold at
which a tag becomesa child of a related parent rather
than of the root.

1: Guaxonomy A h;;rooti
2: for i~= 1:::jL gener aity j dO

ti A Lgener ality [|] .

4 maxC andidateV al A 0

5. for all tj 2 getV ertices(Graxonomy ) dO

6: if s(ti;tj) > maxC andidateV al then

7:

8

maxC andidateV al A s(ti;t;)
: maxC andidate A t
9: end if
10:  end for
11: if maxC andidateV al > taxT hr eshold then

12: Gtaxonomy A G[axonomy [ hmaxC and|date, t||
13: else B

14 Gtaxonomy A Gtaxonomy [ Hroot;t;i

15:  end if

16: end for

oneobject (o ), and oneor moretags (tx;:::). An annota-
tion may alsoinclude other information in practice, like
the date of the annotation or a personal note added by
the user. We assumethat no information is known about
the relationships betweenthe tags other than what can
be i|T13pIicitIy derived from the objects which they anno-
tate.

Tagsare aggregatedinto tag vectors, for which the in-
dex vi, [om] is equal to the number of times that the tag
t; annotates the object o,. We calculate the similarity
betweentags using the cosinesimilarity betweentag vec-
tors, although other similarity metrics may be acceptable
aswell. The tag similarity graph for a given dataset is
an unweighted graph where ead tag is represerted by a
vertex, and two vertices are connectedby an edgeif the
similarity of the nodesthey represen is above someset
threshold.*

3 Other systems for creating consensus hierarchies in CSCW sys-
tems, lik e the one discussedby Wu et al. in [21] and later in [22],
rely on some degree of structure in per user tags.

4 For tagging systems, this threshold is fairly obvious|there is a
huge dropo® in similarit y between unrelated tags. However, we
intend to extend our representation to a weighted graph in the
future.



Il.  ALGORITHM: EXTENSIBLE GREED Y

MOST GENERAL FIRST

After having limited successproducing hierarchical
taxonomies using hierarchical clustering, we developed
Algorithm 1. We rst discussthe algorithm in this sec-
tion, and then in the following sectionswe o®er some
insight asto why such a simple algorithm is remarkably
e®ectie at creating taxonomiesout of the noisy tag data
generatedby tens of thousands of users.

The algorithm starts with a single node tree whose
only node is the \ro ot" node represening the top of the
tree (line 1). Then, it adds ead tag in the tagging sys-
tem to the tree in decreasingorder of how certral the tag
is to the similarity graph described in the previous sec-
tion (lines 2{4).% It decideswhereto put ead candidate
tag by computing its similarity to every node currently
presert in the tree, keepingtrack of the most similar node
(lines 5{10). The candidate tag is then either added as
a child of the most similar node if its similarity to that
node is greater than somethreshold, or it is addedto the
root node if there doesnot currently exist a good parent
for that node (lines 11{16).

We have informally analyzed the output of our algo-
rithm on several datasets,including the Delicious (output
shawvn in Figure 1) and CiteULik e tagging systems, dis-
cussedbelow. While there are occasionalrelationships in
resultant treeswhich do not make sense pverall the algo-
rithm seemdo producerelatively consisten topical clus-
ters of tags. Demonstrating successn somethingaslarge
and qualitativ e asbuilding a large hierarchy of thousands
of nodesis dixcult within the boundsof this note, though
we will make available example hierarchies on our web
site and are working on a user study to demonstrate the
usefulnes=of our hierarchiesboth for navigation and nar-
rowing/broadening browsing tasks.

Our algorithm is both fast and extensible. It is fast be-
causeusingrecert fast approximations of graph certralit y
(see[8] and [2]) it is possibleto approximate certain types
of certralit y in a graph very quickly (especially in small
world graphs, which seemto be produced commonly by
tagging systems), and the rest of the algorithm's work
consistsof testing the similarity of each candidate tag to
all potential parents in the tree at ead phaseof the algo-
rithm. It is extensiblebecausdt is amenableto modi ca-
tions to how candidate tags are attached to the growing
hierarchy, for example: (a) adding the candidate tag to
any and all tags which it is suxciently similar to, (b) only
adding the candidate tag if it is suzxciently similar to
some subset of its ancestors, or (¢) gradually reducing
the required similarity threshold.

In the following sections,we investigate how our algo-
rithm createshierarchical taxonomiesfrom tagging data.

5 Various denitions of centralit y exist from the social network
analysis literaturelw e use closenesscentralit y.
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FIG. 2: The combination of a power law distribution of tags
to objects in both Delicious and CiteULik e (outset) and the
strong correlation betweenthe number of usersusing a par-
ticular tag and its popularity (inset) suggeststhat there is a
strong senseof agreemert on common tags among users.

In Section Ill, we describe the contents and di®erences
between our tagging datasets, in Section |11 A, we de-

scribe the features which we believe signi cantly a®ect
our algorithm, and in SectionlV, we give a model which

provides an explanation for why our algorithm works.

I1l. DATASETS

The data for our investigation consistedof two separate
datasetsfrom two substartially di®eren tagging systems.
Delicious[18] is a sacial bookmarking site with a commu-
nity consisting primarily of technology and web develop-
ers. Our data from Delicious is a set of 19,594 distinct
objects and their annotations gathered by saving all an-
notations assaiated with objects which weretaggeddur-
ing a chosenthree day period. This dataset has 251,624
annotations by 84,349distinct userswith 60,219distinct
tags. In contrast, CiteULik e [4] is a tagging system de-
signedfor scholars saving and sharing academicpapers.
Our CiteULik e data is a set of 451,819distinct objects
and their annotations gathered by taking a random sam-
ple of all objects in the system. This datasethas 157,401
annotations by 5,732 distinct usersand 41,523 distinct
tags.

A. Data Features

We have determined seeral features of the tagging
data which impact the e®ectivenessof our algorithm.

A prerequisite for generation of a tag hierarchy is that
the data cortains natural hierarchical relations. This
seemsto be a general feature of tagging data both be-
causeusersappear to tag from their own personal men-
tal taxonomies (leading to multiple levels on a per-user



(a) Similarit y
Graph

(b) Latent Hierarchical Taxonomy

FIG. 3: Our model suggeststhat there is a latent hierarchical taxonomy underlying the similarity graph in a collaborative
tagging dataset, and that top level connections betweengeneralnodesin the hierarchy lead to cerralit y being a good generality

metric.

basis) and becausedi®erert usershave di®erer cortext-
speci ¢ basic levels (the level of detail at which a user
views an object).® An empirical study by Kome [13]
shows that alarge proportion of tagsin Delicious partici-
pate in hierarchical relationships asde ned in the appro-
priate ANSI/NISO and ALCTL taxonomy standards. A
related conceptto hierarchy is the distribution of speci-
“city in the graph, or the level of detail of tags in the
system/

Agreement betweenuserson a proper view of the world
is critical for creating a useful shared context. In the
tagging case this translatesinto agreemem on which tags
are appropriate for a given subject. Figure 2 shows two
graphsgeneratedfrom our datasetssuggestingthat users
do in fact agreeto usethe sametags to a large degree.
The main graph shows power law distributions in the use
of tags, suggestingthat once one version of a tag (say
\fo od" instead of \cuisine™) becomesvery popular, it is
used even more. The inset shaws a plot of the number
of occurrencesof a tag versusthe number of userswho
usethat tag. The distribution shows that in most cases,
usersonly usea tag a few times, and that very popular
tags are the product of thousands of users agreeingto
usethe sametag to label the sameconcept.

Density describesthe frequency with which usersan-
notate objects,

annotated objects
objects

and overlap describesthe frequencywith which usersare

6 An example of di®ering basic levels is the casewhen a birder sees
a \robin" when a normal person only seesa \bird." For more
information seethe discussion in [11] and the original [19].

7 This can be understood as the number of objects from the dif-
fering levels of the hierarchy we are trying to generate|high
speci cit y might indicate that there are many very detailed tags,
lik e \c hinesefood," but not very many broad tags, like \fo od."

annotating the sameobjects as one another,

shared annotated objects
annotated objects

With respect to most of thesefeatures, the CiteULik e
data turns out to be more ditcult to turn into a hierar-
chy: it haslow density (someusersdo not tag objects at
all), low overlap betweenusers(academicsworking in dif-
ferert "elds), and a speci city distribution which is very
highly gearedtowards detailed tags. By cortrast, Deli-
ciousis high density, high overlap, and hasa much more
even speci city distribution. While di®erert algorithms
might be better tuned for di®erert speci city distribu-
tions, low density and overlap make it generally more
dizcult to create a hierarchy from tagging data (these
factors mean that our algorithm needsa larger sample
dataset from CiteULik e than from Delicious to be e®ec-
tive).

IV. LATENT HIERAR CHY MODEL

The features above suggestsome aspects of tagging
data to be consideredin constructing new hierarchy
building algorithms for tag data. However, the features
by themselvesdo not suggestpreciselywhy the algorithm
preseried works or what future stepsmight improve per-
formance. We now sketch the rough model which has
guided us on these points sofar.

Our model of the tagging data, illustrated in Figure 3,
concernshow similarities due to hierarchies in the data
map to similarities in the similarity graph described in
Section | B. Figure 3(b) shows the underlying hypothe-
sized set of hierarchies which give rise to the similarity
graph showvn in Figure 3(a) that we actually analyze.
In the model, we make three assumptions: (i) we hy-
pothesizethat the edgesrepreserting a given hierarchy
also exist in the similarity graph (hierarchy representa-
tion assumption), (ii) that there are some noisy con-
nections between tags that have no obvious relation to



one another in the underlying hierarchy (noise assump-
tion), and (iii) that noisy connectionsbetweenunrelated
tags are more common higher up in a given hierarchy
(generl-generl assumption). Without the “rst assump-
tion, we have no way of detecting hierarchies using sim-
ilarity (which is one of our few tools for analyzing tag
relations). Any algorithm that ignoresthe secondfea-
ture of the data is bound to give poor results because
of the large amount of noisein both datasets. The third

assumptionseemso hold true in practice, though it may
be be lessuniversalthan the other two. It is basedon the
intuition that in most cases,higher level tags are more
likely to co-occur with oneanother by chance|\cat" co-
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occurring with \dog" is much more likely than \siamese"
and \p oodle."

The result of this model is that when the latent hierar-
chy of Figure 3(b) is translated into the similarity graph
which we analyze, certralit y becomesan e®ective mea-
sure of the generality of any single tag in the graph, so
long as the hierarchies are reasonablywell connectedat
the top by the general-generalassumption. In doing so,
we have shawn that the social network notion of graph
certralit y seemsto be asvalid a way of determining im-
portancein collaborative tagging systemsasit is in sccial
networks.
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