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Abstract

Social computing websites provide a framework for
users to submit (and discuss) content, while often pro-
viding a user created categorization system, dubbed
folksonomies. Additionally users may have the ability
to specify friends (and foes) within the social network,
populated by registered users of the social website.
Integrating folksonomies with ontologies provides the
ability to capture the semantic relationships between
terms. This allows for greater reasoning to refine
searches.

Most categorisation for social computing is cur-
rently achieved by a meta-tagging system dubbed
folksonomies, which fails to take into consideration
the semantics that occur between terms. By inte-
grating social networks with an ontology we aim to
provide mechanisms to capture agreement in opinions
and to capture and enhance the semantics of the so-
cial network, allowing for greater reasoning to refine
searches.

Keywords: Ontology, Subjective Logic, Uncertainty,
Folksonomy

1 Introduction

Knowledge is subjective and this can be seen by the
many and varied uses of terminology in on-line com-
munities. User generated content has expanded from
comments on forums to include, reviews, synopsis,
blogs, and multimedia. Where originally the web-
site provider would post the content for discussion,
current sites provide frameworks for users to upload
content, or synopsis of on-line content, and discussion
boards to allow for interaction between users. Cate-
gorizing content allows users to find objects of interest
within a particular domain.

Some sites (e.g. Digg1, Slashdot2) provide con-
tent areas for a user to select when uploading, while
others augment this with user defined tags (meta-
data), such as Flickr3 and YouTube4. This allows
the users to select, or create, appropriate descrip-
tive terms for their content. These user defined tags
are collectively known as folksonomies (Al-Khalifa &
Davis 2006), and can provide insight into popular ter-
minology within the domain of a community.
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To further assist users to sort through on-line sub-
missions a user-based rating system is applied. This
allows users to find the most popular submissions pro-
viding a collaborative voting mechanism. These rat-
ing systems can be as simple as a 5-star rating sys-
tem where each user provides a rating between 0 and
5 (YouTube, Flickr), or a positive (thumbs up) and
negative (thumbs down) rating approach where users
state whether they like or dislike an object (Digg).
Additionally the ratings can be categorised (Slashdot,
Digg5 with additional terms (informative, insightful,
troll etc.) to assist in clarity of ratings.

These frameworks also allow users to specify other
users as friends (and foes), allowing for users to refine
the popularity ratings to find submissions that their
friends have found popular.

RIPOSTE is a knowledge management framework,
that allows for user ratings to be captured within con-
text. It is based on OWL DL, as defined by the w3c6,
a knowledge representation language for the semantic
web and Subjective Logic(Jøsang 2002), an extension
of probabilistic logic. RIPOSTE provides a meta-
ontology which captures authors, and their opinions
with the ontological resources they provide. The com-
bined ontology and meta-ontology is a subjective on-
tology. RIPOSTE provides mechanisms to capture,
integrate, manipulate and reason over subjective on-
tologies. This work extends the RIPOSTE framework
to provide additional functionality for capturing so-
cial networks and to integrate folksonomies with the
subjective ontologies.

Adding semantic value to folksonomies (Angeletou
et al. 2007, van Damme et al. 2007, Szomszor et al.
2007) has been identified as a solution for improving
recall for queries (i.e. finding objects related to Syd-
ney when querying for cities). The identification of re-
lations is achieved by using background information
from multiple sources. Most current techniques for
integration use on-line lexicons (e.g. WordNet7) and
Semantic Web technologies. Lexicons are used for dis-
covering homonyms, meronyms and synonyms, while
the Semantic Web for richer semantic relationships
(i.e. object properties, disjoint, hierarchical). Within
the Semantic Web relationships between terms may
exist within a single ontology or multiple ontologies
(Angeletou et al. 2007). Our approach also uses on-
line lexicons and the Semantic Web, although by in-
cluding probabilistic approach we can capture all am-
biguities of a term within the resultant ontology.

Disambiguation of the terminology, can then be
discovered by dynamic filtering for a specific query
(Hooijmaijers & Stumptner 2006). Additionally by
including the social network within the ontology the
ability to capture the author’s opinion for specific con-

5Digg only provides categorisation for negative ratings. i.e. the
object is considered lame or a duplicate etc.

6http://www.w3.org/2004/OWL/
7http://wordnet.princeton.edu/



Figure 1: The RIPOSTE Meta-Ontology

cepts and easily discover the group of authors that
agree and/or disagree with that opinion.

2 RIPOSTE

RIPOSTE (Hooijmaijers & Stumptner 2006) is a
knowledge management framework, based on OWL
DL and subjective logic, that provides mechanisms for
capturing, integrating and evolving ontologies with
the authors that provide the ontological resources.
The term author is used to differentiate between
members of a community who provide resources and
the users who only utilise content. We allow both
authors and users to provide opinions and a user will
become an author when they provide any resource. It
uses a meta-ontology to provide additional informa-
tion about each resource. The resources are subjec-
tive in that each author may have a different opin-
ion on how a resource should be used and this allows
for filtering and reasoning based on similar opinions.
The subjective nature of the knowledge is captured
using subjective logic, an extension of probabilistic
logic (Jøsang 2002). This allows for opinions to be
compared to capture and manipulate the probability
that two authors agree (or disagree) on the usage of
a term.

To assist with capturing ontology mappings RI-
POSTE allows for the capture of the mappings be-
tween ontologies by creating a set of individuals of
SubjectiveMapping. This allows for opinions to be
formed about the mapping and for the author (which
can be an automated mapping agent) to be captured.
This can be used to generate a final integrated on-
tology based on multiple mappings (Hooijmaijers &
Stumptner 2008).

2.1 Subjective Logic

Subjective Logic is an extension to probabilistic logic
that represents an author’s (A) beliefs about an ob-
ject (x) as opinions (wAx ). An opinion is the combina-
tion of belief (bx), disbelief (dx) and uncertainty (ux)
in a given resource (x), where

bx + dx + ux = 1

and the opinion,

(wAx ) = (bx, dx, ux, ax)

where ax represents the size of the state space, atom-
icity, from which x is taken, Figure 2 and is used as
the a priori probability in the absence of evidence.
The expectation value represents the likelihood of a
positive belief given no evidence and is calculated by:

E(x) = bx + axux (1)

For resources within the ontology we use the sense
count from WordNet (e.g. Figure 6) for the opinions,
which represent the possible choices for use of a key-
word for the state space. For classes and tags we use
ax to work out the possible relationships which for
unrelated and equivalent classes is given by:

ax =
1

senseCount+ 1
(2)

For trust between authors we use the state space
of {trust, distrust} ax = 0.5.

In this work we use the subjective logic opera-
tors, Consensus and Discount, as defined by Jøsang
(Jøsang 2002). Consensus (⊕) is used to, fairly and
equally, combine two possibly conflicting opinions
about a given resource and Discount (⊗) is used to
capture reputation (trust transitivity).
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where k = uPx + uQx − uPx uQx such that k 6= 0 and
aP,Qx = (aPx + aQx )/2 when aPx , a

Q
x = 1. Then wPQx

is called the consensus between wPx and wQx , rep-
resenting an imaginary agent [P,Q]’s opinion about
x, as if she represented both P and Q. By using
the symbol ‘⊕’ to designate this operator, we define
wPQx ≡ wPQ ⊕ wQx .

Discount (Jøsang 2002) Let P and Q be two
agents where wPQ = (bPQ, d

P
Q, u

P
Q, a

P
Q) is P ’s opin-
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about x expressed in an advice to P . Let wPQx =
(bPQx , dPQx , uPQx , aPQx ) be the opinion such that:

1. bPQx = bPQb
Q
x

2. uPQx = dPQ + uPQ + bPQu
Q
x

3. dPQx = bPQd
Q
x

4. aPQx = aQx

By using the symbol ‘⊗’ to designate this operator,
we define wPQx ≡ wPQ ⊗ wQx .

Given two authors, Allan and Bob, if Bob uses
the term ‘Australia’ to describe an object (x) from
Figure 4, and Allan trusts that Bob is right 66% of
the time then:

wAllanBob = (0.66, 0.34, 0, 0.5)

and Bob believes he is correct:

wBobx = (1, 0, 0, 0.17)

Then Allan’s opinion that Bob has tagged x correctly
is calculated using discount ⊗:

wAllanx = (0.66, 0, 0.34, 0.17)

If a third author Carl also provides the tag ‘Australia’
for x (wCarlx = (1, 0, 0, 0.17)) and Allan trusts Carl
50% using discount gives:

wAllanx = (0.5, 0, 0.5, 0.17)

This will be combined using consensus (⊕):

wAllanx = (0.75, 0, 0.25, 0.17)

Figure 2: Subjective Logic opinion triangle

2.2 Meta-ontology

To capture the additional information about subjec-
tivity and the author with a resource we have in-
troduced a meta-ontology layer (see Figure 1). RI-
POSTE is a framework that provides the ability to
capture author information with the meta-data pro-
vided. It provides mechanisms for integrating author
meta-data and the ability to filter the resultant ontol-
ogy to allow for queries based on different opinions.
The key concept of RIPOSTE is that all resources
of an ontology are subjective to the author(s) that
provides it. RIPOSTE meta-ontology, shown in Fig-
ure 1 provides the framework for capturing the au-
thor’s opinion and the relationship between authors
and the resources they provide. Each SubjectiveRe-
source has an opinion, a Boolean filter isAccepted and
an object property relating the resource to the provid-
ing authors. To annotate an ontology, O for Riposte
it is necessary to make all classes, C ∈ O an instance
of SubjectiveClass. Additionally all C ∈ O that have
only owlThing as a super-class become a subClass of
SubjectiveClass, as shown in Figure 3. By creating
each class as an instance of SubjectiveClass we can
apply the credibility attribute, filter and relationship
to the author to the class, while the sub-classing al-
lows the additional credibility information to be pro-
vided to the individual instances.

3 Classification

Classification can be performed by either creating an
explicit semantic representation, such as an ontology,
or by allowing the semantics to evolve from authors
creating their own tags. The tags from all authors in
a community are collated into a folksonomy.

An ontology can be described as a collection of re-
sources that explicitly and formally conceptualise a
domain model (Guarino 1997). Figure 3 shows an ex-
ample class structure of an ontology for photographs
taken in locations, the ellipses represent the classes in
the ontology and the arcs the semantic relations be-
tween the classes. The white box (SubjectiveClass)
shows the replaced owlThing. For simplicity axioms
and instances have not been shown.

Definition An OWL ontology, O, is considered to
be a 4-tuple of resources < C,S, I, χ > where C is a
set of classes, S is a set of semantic relations which
relate two or more classes, I is a set of instances of a
class, and χ is a set of axioms.

An ontology in this work is a subjective view of a
domain which we call a subjective ontology. A
subjective ontology provides credibility ratings for all
resources and links all resources within the ontology
to the authors that provided them. This provides a
mechanism to manage an integrated ontology by each
author that has contributed resources.

Definition Let an author Ai be a provider of a re-
source R for an ontology R ∈ OD then their opinion
is given by ωAi

R . We define a subjective ontology as,
OAi

, is an extension of an ontology that relates an
author, Ai, and their opinion ωAi

R to the provided on-
tological resource R. (ωAi

R , Ai, R)

A folksonomy is a term used to describe a tag-based
system that has evolved over time through the direct
input by the user base (Al-Khalifa & Davis 2006).
Flickr, a photograph sharing site, and del.icio.us, a
social bookmarking site, are examples of implemented
folksonomies. A folksonomy is created by users sup-
plying objects and selecting, or creating, tags that
describe the object. Tags are assumed to represent a



Figure 3: Section of example ontology created by Domain expert

collection of similar objects. This classification allows
for the creation of a vocabulary to represent all tags
that an author uses.

In this work we capture the importance of tags as
they relate to both objects and authors to allow for
the calculation of the probability that a tag is useful
in another author’s view of a domain.

Definition We define Tij to be the set of tags
{α1, α2, . . . , αm}, applied to an object, Oj , as a de-
scription provided by an author Ai.

By combining all of an author’s tags we capture the
vocabulary of that author.

Definition A vocabulary, Vi of an author, Ai is the
combination of all tags used by that author for all
objects:
Vi = Ti1 ∪ Ti2 ∪ . . . ∪ Tij ∪ . . . ∪ Tik

We assume that all objects within the environment
have at least one tag, ∃i∀jTij 6= {∅} , thus a vocabu-
lary can be used to access all of an authors categorised
objects.

Folksonomies have difficulty when a term’s mean-
ing in another domain is different. By lacking the abil-
ity to apply a context to a tag there is no ability for
an application to differentiate the content on the tags
alone. Redundant tagging or use of synonyms creates
an additional difficulty that must be overcome. An
effective tagging system could require the integration
of a thesaurus (such as WordNet) to ensure that all
appropriate synonyms are returned as the result of a
search query. Spelling errors and use of plural form
also cause difficulty and need to be addressed by the
framework.

The main difficulty focused on in this work is the
use of incorrect tags (tagging a photo about cities
with rural landscapes), or conflicting tags (tags that
can be classified as disjoint). Another problem is the
lack of attribute information. This would prevent
querying a folksonomy for any results based on an
attribute (e.g. cities with a population ≥ 3 million).

4 Social Networking

The SubjectiveAuthor concept in Figure 1 is a
sub-class of SubjectiveResource and inherits the at-
tributes and relationships. This allows an author to
be rated by credibility, to be accepted or rejected
based on the isAccepted property, and to provide
other authors as resources within their ontology. Ad-
ditionally we extended the RIPOSTE framework with
the additional semantic relationships between authors
labeled ‘friend’ and ‘foe’. These additions allow for
a greater ability to replicate existing social networks
such as a Web of Trust (Guha 2004), Friend of a
Friend (FOAF) (Dumbill 2002), or an existing social
computing site, such as Digg, or Slashdot. Initially
we assume that an author is categorised as a friend if
there is a high level of agreement on a previous topic
and a foe if actively sabotaging the current author on
a previous topic of discussion.

4.1 Rating System

In a distributed environment, such as the Semantic
Web, any author can supply information. It can be
difficult to discover credible information and reliable
authors. To assist in this discovery social modelling
approaches (Resnick et al. 2000, Dumbill 2002, Guha
2004) rate users and their information providing ad-
ditional feedback to help establish trust.

Numerous trust models have been proposed to rate
or quantify the credibility of authors and the informa-
tion they provide. In this work trust is defined as:

Trust is the subjective probability by which
an individual, A, expects that another indi-
vidual, B, performs a given action on which
its welfare depends. (Jøsang et al. 2005)

Trust is often calculated using social modelling to cre-
ate networks that examine reputation (Resnick et al.
2000) captured in a directed graph with nodes (au-
thors) and arcs (trust relationships) (Dumbill 2002).
Additionally, when creating a social model, it is nec-
essary to model trust and distrust between objects
(ontologies, tags or instances), users, reviews, and



ratings of reviews (Guha 2004). Each review can
be ranked and allows for the propagation of trust
changes. When a user’s trust rank is altered, their
reviews of other users will also alter rating within the
model to reflect their modified reputation. This is
often referred to as a Web of Trust(Guha 2004). In
this work trust is represented as an opinion. That
is if an author (A1) is said to trust another author,
or object, (x) then A1 has an opinion ωA1

x about the
other author.

Tag clouds, shown in Figure 5 and Figure 8 are
used to show the popularity (Γ) of a tag. A tag cloud
can be separated into time periods (∆)(i.e. last 24 hrs
or week) and is generated by using size to represent
the number of authors (|A|) who use a tag (α). We
calculate the popularity by the percentage of authors
who use a given tag within a given time period:

Γ∆(α) = ∆
|Aα|
|A|

where α ∈ Vi (3)

where Aα is the set of authors that have α ∈ V .
By introducing a time period, ∆, we are able to

capture the evolutionary aspect of tags within the
environment.

Content rating Γ(α) is based on user opinions and
in its simplest form is a popularity measure, where
users vote whether they like, or dislike, a submission
and an aggregated value is applied to the content.
This value is often used calculate popularity, which
can provide a prominent position on the website (e.g.
Digg).

We use the ratings of the tag cloud to provide a
value for the expectation of a positive belief of the
tag:

E(α) =
Γ(α)

max(Γ(α))
(4)

where max(Γ(α)) is the highest rated content. This
can be combined with ax calculated in equation 2,
and an initial assumption that with the absence of
evidence the opinions for all tags are completely un-
certain (i.e. ux = 1). By combining equations 1, 4 we
calculate an initial belief bx:

bα =
Γ(α)

max(Γ(α))
− aα (5)

As shown in the tag cloud in figure 5 tag ‘tower’ has
a popularity Γ(tower) = 5, while Γ(building) = 10,

Figure 4: Example of user supplied content with user
defined tags

Figure 5: Resultant Tag-Cloud from study with a
threshold of 5

while figure 6 shows ‘tower’ to have a senseCount =
3. Assuming ‘tower’ is unrelated to existing ontology
classes we use equation 2 to calculate atower = 0.25.
The initial belief for ‘tower’ is calculated by:

btower =
5
10
− 0.25 = 0.25

This becomes evidence reducing our uncertainty from
1 (initial uncertainty) to 0.75 and disbelief = 0.

4.1.1 Combining Ratings

One of the key issues of social computing is combining
ratings. In traditional sites (Digg, Slashdot) a single
positive value is provided for all content that friends
rate as good, while all comments by foes are filtered
out. To provide the ability to see both opinions it
is necessary to combine ratings, using consensus (⊕)
and discount(⊗), from both friends (φ) and foes (ψ),
of the deciding author (D), to reflect that a foe may
be correct. To capture the opinions of friends we use:

ωDφx = (ωDA1
⊗ ωA1

x )⊕ · · · ⊕ (ωDAn
⊗ ωAn

x )∀A ∈ φ

and foes:

ωDψx = (ωDA1
⊗ ωA1

x )⊕ · · · ⊕ (ωDAn
⊗ ωAn

x )∀A ∈ ψ

This is combined with a weighted opinion ωWφ and ωWψ
which allows for friends to be held in higher (ωWφ >

ωWψ ),or lower (ωWφ < ωWψ ), regard than foes:

ωDx = (ωWφ ⊗ ωDφx )⊕ (ωWψ ⊗ ωDψx )

Given the 3 authors Allan, Bob and Carl intro-
duced earlier, let Allan and Bob be friends (Bob ∈
φallan) and Allan and Carl be foes (Carl ∈ ψAllan).
Then using an arbitrary weight for friends and foes
of:

ωWφ = (0.8, 0.2, 0, 0.5)

ωWψ = (0.2, 0.8, 0, 0.5)

showing that we believe our friends 80% of the time
they provide us with a tag and disbelieve them 20%,



while foes are only believed 20% and disbelieved 80%.
Then for the keyword ‘Australia’ the opinion is cal-
culated as:

ωAllanAus = (0.8, 0.2, 0, 0.5)⊗ (0.66, 0, 0.34, 0.17)
⊕ (0.2, 0.8, 0, 0.5)⊗ (0.5, 0, 0.5, 0.17)
= (0.55, 0, 0.45, 0.17)

5 Integrating Folksonomies and Ontologies

The main advantage of integrating a folksonomy is to
utilise the expressiveness of the ontology to improve
querying (Angeletou et al. 2007) (i.e. querying for
photos of cities should return images tagged as being
photographs of Barcelona). If we query the vocabu-
lary of Figure 4 for images of cities in China we would
get no result. Once a mapping to the ontology, shown
in Figure 3 is performed, the resultant images from
User1 will be returned. To integrate folksonomy to
ontology it is necessary to convert them to the same
format. Since this work uses OWL DL, which is a
richer language than the meta-tag folksonomy, the
folksonomy is converted to OWL DL without loss by
encoding the folksonomy.

5.1 Encoding Folksonomies

A folksonomy can be defined as an ontology that
has no semantic relations, S = {∅}, and no ax-
ioms χ = {∅}. This allows the folksonomy to be
encoded in OWL DL as an ontology, O′, by creat-
ing a concept, Cα, ∀α ∈ Vi, such that Calpha @
owlThing. Finally each object, Oj , described by the
vocabulary, Vi should be encoded as an individual,
Instance(Oj , Calpha), ∀α ∈ Tij.

This conversion allows for the integration of the
folksonomy with an ontology. The difficulty for inte-
gration is that the folksonomy has no semantic rela-
tions allowing for no graph matching (Noy & Musen
2000). This limits the integration algorithm to pat-
tern matching on the labels (Noy & Musen 2000,
McGuinness et al. 2000) or by examining external
sources (Sabou et al. 2006).

Examining existing ontologies for semantics be-
tween concepts can assist in discovering mappings
(Sabou et al. 2006). The Semantic Web provides a
semantically rich environment that can be used as
background knowledge. By utilising existing ontolo-
gies that contain a concept from each of the ontologies
to be merged, it is possible to derive a mapping. To
deal with contradictions provided by multiple back-
ground ontologies that contain the two concepts any
multiple results from a Semantic Web search engine
(such as Swoogle8) need to be compared to derive the
best mapping. Currently this comparison is achieved
by ranking the results by the authors reliability if it
exists or by selecting the ontology with the shortest
path between the concepts. An additional necessity of
integration is the need to add an additional resource
to describe semantic relationships between two con-
cepts.

5.2 Integration Process

Our integration process involves finding similarities
between tags in a folksonomy vocabulary and classes
in an ontology. The integration is subjective based
on the opinions of the user performing the operation.

1. If Ai /∈ O we add Ai to O and then examine
syntactic equivalence for each C ∈ O and for
each α ∈ Vi:

8http://swoogle.umbc.edu/

2. If syntax(α) = syntax(C) the two terms are pos-
sibly equivalent. Then the opinion is calculated
using equation 5 where:

ax =
1

senseCount(C) + 1
where senseCount is

calculated as the number of possible senses re-
turned from a WordNet query of the term and
example is shown in Figure 6

3. Else if syntax(α) = synonym(syntax(C)) the
two terms are possibly equivalent (e.g. city and
metropolis shown in Figure 6). Add α as an in-
dividual of SubjectiveClass and create an indi-
vidual of PossibleEquivalence linked with both
α and C. The opinion is calculated using equa-
tion 5 where:

ax =
simSense(C,α)

senseCount(C) + senseCount(α) + 1
where simSense pertains to the number of senses
in which both words occur (if they are synonyms
this will be simSense(C,α) ≥ 2).

4. Else if syntax(α) ∈ syntax(C) the two terms
are possibly in super-class relationship where the
approximation is based on syntactic closeness
(McGuinness et al. 2000)(e.g. α = ”‘tower’” and
C = ”drum tower”). Add α as an individual of
SubjectiveClass and create an individual of Pos-
sibleSubClass linked with both α and C where C
as the superclass. Then the opinion is calculated
using equation 5 where:

ax =
1

maxSense(α,C) + 1
where maxSense is

the maximum number of senses of either α or C.

5. Else if syntax(C) ∈ syntax(α) the two terms
are possibly in sub-class relationship. Add α as
an individual of SubjectiveClass and create an
individual of PossibleSubClass linked with both
α and C where α is the superclass. Then the
opinion is calculated using equation 5 where:

ax =
1

maxSense(α,C) + 1
where maxSense is

the maximum number of senses of either α or C.

6. Else search for an existing ontology, On (us-
ing Swoogle (Sabou et al. 2006)) that contains
both α,C ∈ On and import the minimum set
of resources that semantically relate the terms,
O′ ⊆ On where
S(C ′, C ′1),. . . , S(C ′j−1,C ′jS(C ′j , α

′) and

syntax(C ′) = syntax(C) and syntax(α′) =
syntax(α) and ∀C ′′ from C ′1 to C ′j−1syntax(C ′′)
6= syntax(Ck ∈ O) or syntax(αk ∈ Vi
(a) if C ′′ ∈ O then remove all S(C ′, C ′1) . . . ,

S(C ′n, C
′′) from O′ as this will be the short-

est path between the compared concepts in
O and Vi.

This process will introduce additional authors and re-
quire the integration process to be performed between
O and O′ as above then add each R ∈ O′ to O.

If no existing ontology is found then α
is added to O′ as a class Calpha such that
subclass(Cα, owlThing) and providedBy(Cα, Ai)
and the opinion is calculated using equation 5 and
ax = 1

senseCount(C)+1



Figure 6: Results of WordNet queries for ‘city’ and
‘tower’

6 Evaluation

To evaluate the RIPOSTE Framework, an ontology
(OA0) was created using Protégé 9 to capture a do-
main of landmarks for photography. This included
locations and types of landmarks. The ontology, par-
tially shown in Figure 3, used simplified classification
and focused on taxonomy of classes and meronyms,
providing a simplified ontology for classifying pho-
tos. Additionally the domain was reduced to only
include concepts that related to a set of specific pho-
tographs. Additional concepts were included for clar-
ification where necessary (preceded by ”-”).

A set of 60 photographs (Y ), taken of famous land-
marks in various locations around the world were su-
plied to an expert (A0). The expert then annotated
using OA0 . This set of annotations was used as a
benchmark for tag correctness.

The photographs were divided into two subsets of
40 photos (Y1 and Y2), containing an intersection of 20
photos (|Y1 ∩ Y2| = 20) were supplied to a test group
of 50 additional authors ({A1...A50}) to be annotated
with at most 3 tags (|TAn

Im
| ≤ 3). If a tag contained

multiple words a new tag was added for each word of
length > 2 and all were added as a superClass for the
multi-worded tag.

Expertise of the additional providers were calcu-
lated by combing results from 1) a general question
based on the previous experience with social tagging
applications, and 2) a specific question for each image
requiring the provider to state whether they recog-
nised the image.

This created a set of Vocabularies {VA1 , . . . , VA50}
with the vocabulary sizes shown in Figure 7. These
vocabularies were passed into WordNet to discover
the synonyms and hypernyms shown in Figure 7.

9http://protege.stanford.edu/

Figure 7: Vocabulary of the people involved in the
evaluation

Figure 8: Resultant Tag Cloud with a belief value
above 50%

6.1 Comparison of folksonomies

The vocabulary was filtered into two subsets for com-
parison. The first, F1 was based on the number of
occurrences of a tag within the vocabulary while the
second, F2 took into account the expertise of the user
(0.5 or 1.0), based on their knowledge of tagging sys-
tems combined with their knowledge of the image.
The image knowledge was calculated from whether
they recognised the image. A threshold was applied
to improve precision of the tags. F1 was filtered by a
threshold value of 5 on tag count, Figure 5, while a
threshold value of 0.5 based on the subjective belief
of the tag (calculated using consensus and discount
described in Section 2.1) was applied to F2, Figure 8.

The result shows that although the approximate
size of the clouds is similar the selection of tags is
not. It can be seen that generic terms, such as ’build-
ing’, still occur in both filters. An advantage of F2
is that for images that are not as well recognised the
tags created by the experts have a greater weighting.
This provides the resultant folksonomy with more
specialised tags (i.e. the actual names of the land-
mark ”Statue of David”) as opposed to more generic
tags (”Statue”).

6.2 Ontology Creation

The tags in F2 were then converted into OWL classes
with no semantics or axioms except that each class
was a subclass of SubjectiveClass to create an ontol-
ogy OV . Then each hypernym/hyponym relation was



Figure 9: Tag sense count

added such that hypernym(α1, α2) = α1 v α2 and
each synonym relation was added as an equivalent
relation. Additionally each author was included as a
SubjectiveAuthor and a relation between each author
and the tags in their vocabulary was created.

The sense count, also taken from WordNet, was
applied to all tags in the folksonomy, shown in Fig-
ure 9, and all classes in the domain ontology. Finally
each image was added as a SubjectiveIndividual with
relationships between the authors and the tags that
they were annotated with. The syntax of each class
in OV was then compared with the syntax of each
class in OA0 to discover equivalence, synonyms and
hypernyms, Figure 11. Of the 199 ontology classes,
145 classes existed in the combined vocabulary. There
were 333 synonyms and 89 hypernyms. The ontol-
ogy is improved by the inclusion of additional terms
allowing for greater use of synonyms and hypernyms
supplied by the folksonomy to improve querying.

7 Related Work

Most categorisation for social computing is currently
achieved by a meta-tagging system dubbed folk-
sonomies, which fails to take into consideration the
semantics that occur between terms. To overcome
this a folksonomy can be integrated with an ontology
allowing for greater reasoning to refine searches.

Current rating systems provide a popularity, or
karma, measure to the content provider which is then

Figure 10: Vocabulary for each image

Figure 11: Vocabulary comparison with Ontology

used to rate the content submitted. This is a sim-
plified mechanism that fails to take into account the
expertise of the author. By integrating the folkson-
omy with an existing subjective ontology a rating
of the content domain can be supplied. This can
be compared with an authors previous submissions.
This allows for examination of an author’s consistency
within a selected sub-ontology, allowing for a more
fine grained approach to ratings ensures an expert in
one field is not as highly regarded in a dissimilar field.

(Schmitz 2006) recommends using a probabilistic
model to induce a faceted ontology from Flickr tags.
By examining the number of images and the number
of users that a tag belongs to a threshold is applied to
remove noise. This removes noise but also minimises
recall (Schmitz 2006). The thresholded set of tags
is then used to discover subsumption pairs, which are
manually examined for correctness and synonyms (in-
cluding multilingual synonyms). It can be seen in our
study that the reduction in recall of images will effect
those images with more concise, or concrete, tags.
This will result in many leaf nodes not being discov-
ered reducing the ability to refine searches within the
subsumption hierarchy.

The need to merge Semantic Web technologies
with Web 2.0 is necessary to reduce the individual
weaknesses of each approach (Heath & Motta 2007,
Gruber 2007, Ankolekar et al. 2007). The AI centric
nature of the Semantic Web makes it difficult for users
while the user centric nature of Web 2.0 provides lim-
ited ability for AI assisted reasoning, model checking
and reuse. Where as some researchers advocate re-
placing Web 2.0 with RDF publishing and SPARQL



querying (Heath & Motta 2007) others recommend
linking solutions to combine Web 2.0 and the Seman-
tic Web (Bojārs et al. 2007, Ankolekar et al. 2007).
By providing a protocol to link the tagging systems
to an ontology the expressiveness can be utilised for
improved querying. It is seen that a threshold is nec-
essary to remove noise (Schmitz 2006) and the pre-
liminary work in linking approaches also shows this.
Unfortunately these approaches do not take into ac-
count the pedigree of the authors of tags which results
in any threshold removing many specific tags.

Providing an ontology combined with a social site
(Gruber 2006, Heath & Motta 2007) allows for addi-
tional querying that will allow photographs of ‘Syd-
ney’ to be found in a search about ‘Australia’. Re-
alTravel10, an implementation of (Gruber 2006) pro-
vides a static approach to the ontology, which does
not take into consideration that as additional tags
are added to the site the ontology may need to grow
to provide the same reasoning abilities to the newly
expanded domain.

By capturing tags in RDF (Heath & Motta 2007)
the ontology becomes dynamic allowing for greater
flexibility this relies on new interfaces to be created
to simplify ontology evolution. By having no mech-
anisms in place to control the insertion of the new
RDF triples it can be easy for users to provide incor-
rect or misleading information, which may result in a
corrupted and unusable ontology.

8 Conclusion

A novel approach to integrating folksonomies to on-
tologies is discussed. By appending probabilities to
all resources within an ontology the ability to esti-
mate the usefulness of a result provides a mechanism
for ranking based on this usefulness.

Additionally by incorporating authors with the
specific resources they provide a fine grained trust cal-
culation can be used and allows for an author’s area
of expertise to be taken into account when accept-
ing results. Currently the ability to calculate an area
of expertise allows for ranking of results based on the
credibility and reliability of the author. Our approach
differs from other social network research by consider-
ing the semantic relations between provided content.
While our approach extends the capabilities of on-
tology integration research by allowing incomplete or
incorrect ontologies to be augmented with probabil-
ity. This provides a user the ability to see where more
credible sources are required to improve the semantic
representation of a particular sub-domain within the
ontology.

8.1 Future Work

Currently we only provide mechanisms for capturing
a relationship between one tag and one class. We aim
to examine the possibility of capturing more complex
relationships (i.e. multiple tags combined to form the
ObjectProperties of multiple classes). Currently we
have only evaluated tags that relate to classes and
would like to examine tags that will match to seman-
tic relationships (i.e. the tag is a verb).

Additionally we would like to evaluate the Area of
Expertise to examine the possible time reduction due
to less calculations and how the generalised calcula-
tion of trust will effect the precision of result rank-
ings.

10http://realtravel.com
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