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Abstract

In the context of the emerging Semantic Web, a great
effort has been done in the construction of ontologies.
An increasing number of them is becoming available on
the Web, in order to share the knowledge that they rep-
resent.

In this paper we propose an automatic mechanism
that accesses, extracts and semantically merges the
knowledge contained in a pool of ontologies available
on the Web. In particular, we have focused on the
problem of discovering the set of candidate meanings
for a given keyword (or keywords). First, the different
senses are obtained from different ontology libraries;
second, redundant senses are automatically integrated
when the system determines that they can be considered
synonyms; the previous two steps are repeated until all
the ontologies are visited or a specified amount of time
is spent.

This method proposed to manage keyword senses
can be used for different purposes, such as annotation
of web pages, keyword sense disambiguation, ontology
matching, etc.

Keywords: Semantic interoperability, semantic web
mining, data semantics

1 Introduction

According to [7], ontologies are specifications of con-
ceptualizations. They play a fundamental role in the
Semantic Web [3] because they are used to make the
semantics of terms explicit without ambiguity. Thus
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users can create and express different concepts1 by
defining ontological terms with the purpose of adding
semantics to the information available on the Web.

Nevertheless, creating an ontology from scratch usu-
ally requires a great effort (and the intervention and
agreements of human experts). Besides building new
ontologies, the growth of the Semantic Web needs the
sharing of existing ontologies in an efficient way.

Currently the access to pre-existing ontologies is not
a difficult task due to the increasing of ontology li-
braries, such as SchemaWeb [16], and the availabil-
ity of ontology searchers as Swoogle [5]. However the
use of such tools is still limited to obtaining a list
of potentially related ontologies with no further sup-
port to extract the required knowledge. Just finding
related ontological terms in a multiontology environ-
ment is not useful enough for some tasks (e.g. keyword
sense disambiguation), so it would be desirable a mech-
anism that semantically merges the knowledge coming
from different ontologies when its semantics is similar
enough.

In this paper we propose a system that takes as in-
put a keyword (the same process should be repeated for
a set of keywords) and retrieves its possible semantic
meanings according to the knowledge extracted from
a third party ontology pool. The main steps are: 1)
The system matches the keyword against the terms of
ontologies in the pool using Swoogle and other lexical
resources; 2) the system merges those senses consid-
ered very similar, by computing the synonymy prob-
ability between them; otherwise it considers them as
different senses; the result is a set of independent pos-
sible senses for the keyword entered. Our approach
uses sampling and other statistical techniques, as well
as parallel processing, whenever possible, in order to

1We use the terms concept, role and value with the same
meaning as class, property and instance in OWL [2], respectively.
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improve the efficiency of the system. We also takes
advantage of the shared knowledge and semantic web
services like Swoogle available in the web.

Our system has been developed as a part of a
broader project (described in [6]), which is mainly fo-
cused on keyword disambiguation. However, the same
mechanism can be used with other purposes, like ob-
taining a set of relevant ontological senses (for example,
for a semantic annotation).

The structure of the rest of this paper is as follows.
In Section 2 we describe the architecture of our system.
In Section 3 we describe how to extract the candidate
senses from an ontology pool. In Section 4 we describe
the algorithm that computes the synonymy degree be-
tween two candidate senses, and integrates them when
a certain threshold is achieved. Section 5 presents some
related works. Finally, conclusions and future work ap-
pear in Section 6.

2 Overview of the system

In our opinion, to achieve our goal, several require-
ments should be considered: 1) The system must deal
with distributed and heterogeneous ontologies elabo-
rated by experts in different domains, 2) the system
should access to ontologies available on the Web in or-
der to avoid local maintenance and to improve flexibil-
ity, 3) ontologies must be described in knowledge de-
scription languages as OWL, DAML or RDF [2], and 4)
the system should avoid redundancy across ontologies,
integrating knowledge that represent the same concept.
In the following we summarize the main steps given by
our approach to obtain a set of independent keyword
senses for a user keyword (see Figure 1).

1. Keyword Normalization: In order to facilitate the
syntactical comparison between keywords and on-
tology terms, a syntactical normalization is per-
formed. It is carried out by rewriting the key-
words in lowercase, removing hyphens and other
special characters, and performing a morpholog-
ical processing (plural names are transformed in
single names; verbal forms are put in infinitive,
etc).

2. Extraction of Senses: The normalized keywords
are searched among the terms of a ontology pool.
The use of this ontology repository increases the
probability of discovering the most suitable sense
for each keyword, as many interpretations are de-
scribed in those third-party ontologies. We ac-
cess to ontologies by means of Swoogle [5], a sys-
tem that indexes many ontologies available on
the Web. Each ontology term indexed is used to
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Figure 1. Main steps

browse the corresponding ontology; a black list is
managed to deal with ontologies whose quality is
very low, and a buffer of previously parsed ontolo-
gies us used to avoid parsing the same ontology
twice. Each new ontology terms is explored and
a new candidate sense is build taking its ontolog-
ical context (hypernyms, hyponyms) as basis. A
detailed description of this process is presented in
Section 3.

3. Computation of synonymy degree and integration
of senses: The new candidate sense of the keyword
should be compared with the previously found
senses (which are obtained incrementally, as we
can see in Figure 1). For this task, the system com-
putes the synonymy probability between the can-
didate sense and each previously obtained sense.
If the synonymy degree is above a certain thresh-
old, the system considers both senses synonyms,
integrates them by preserving the semantic con-
text of both, and updated the list of senses fond.
In other case, the candidate sense represents a new
semantics for the keyword, and is stored as a new
possible sense. This step is explained in detail in
Section 4.

3 Extraction of Senses

Our system searches semantic resources in existing
knowledge sources by means of Swoogle, a system that
allows keyword-based search for online ontologies, and
indexes about 10,000 ontologies available on the Web.
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It indexes semantic documents that contain Semantic
Web Terms (SWT), which play the role of words in
natural languages. SWTs bridge RDF statements with
formal semantics defined in RDF(S) and OWL, and are
intended to be reused as universal symbols [4]. Also
local ontologies (not indexed by Swoogle) and other
lexical resources (as Wordnet [11] can be loaded and
utilized as well.

As motivating example, let us suppose that a user
is interested in defining the concept developer (for ex-
ample for semantic annotation of web pages, text dis-
ambiguation, etc.), and his intented sense is software
developer. When we enter the keyword developer in
a lexical resource as WordNet, only two senses are re-
trieved: 1) Someone who develops real estate (espe-
cially someone who prepares a site for residential or
commercial use), and 2) photographic equipment con-
sisting of a chemical solution for developing film. How-
ever, Swoogle returns six ontology terms: 1) a prop-
erty that store the developer of software for the project
(which matches the user intended meaning), 2) sub-
class of creator, 3) developer as subclass of member of
a project (the developer of the project), 4) someone
or a group of people who develop something, 5) Some-
one or a group of people who develop something (same
semantics as before), and 6) photographic equipment
consisting of a chemical solution for developing film
(which is the same meaning as the first sense retrieved
from WordNet). We can see that the more ontologies
or knowledge bases accessed, the more chances to find
the semantics that the user is looking for. In our ap-
proach we look for keyword senses not only accessing
to Swoogle but also other high quality lexical resources
as Wordnet.

As result of a Swoogle search a list of links (URIs)
to semantic web terms (that syntactically match the
searched keyword) is returned. Each ontology is rated
by taking into account its quality level2, and so high-
rated ontologies are consulted first. As Swoogle could
return ontologies that contain syntax errors, or out-
dated URIs3, only those ontologies free of error when
parsed are taken into account; otherwise they are anno-
tated in a black list of ontologies. A cache mechanism
has been implemented to avoid parsing previously an-
alyzed ontologies twice.

2Manually assigned to those ontologies whose (good or bad)
quality is known, from the point of view of semantic agreement
among knowledge engineers.

3This is the price to pay for indexing ontologies available on
the Web.

Obtaining Candidate Senses

For those error-free ontologies with ontology terms that
match the user keyword, the system starts the process
of extraction of senses taking the matching ontology
terms as basis. In this paper, a sense of a keyword k,
denoted by sk, is a tuple sk = <s, grph, descr, pop,
syndgr>, where s is the list of synonym names of key-
word k, grph describes the sense sk by means of the
hierarchical graph of hypernyms and hyponyms of syn-
onym terms found in one or more ontologies, descr is
a description in natural language of such a sense (if
available), and pop and syndgr measure the degree of
popularity of this sense (number of times it appears
in the ontology pool) and the integrated percentage
of synonymy degree, respectively; pop and syndgr are
used when this sense integrates knowledge from differ-
ent sources. For a better understanding we provide
some sample senses later.

As matching terms could be ontology concepts,
roles, or values, three lists of possible senses are associ-
ated with each keyword k: Sconcept

k , Srole
k and Svalue

k ,
to store the senses that k can play as concept, role,
or value, respectively. The first matching becomes the
first found sense for that keyword.

In order to recover the sense description in which we
are interested, we used the technique of extraction by
traversal [12] applied to concepts, roles or instances.
The central ontological term of interest, and the re-
lationships to traverse to find other terms, are calcu-
lated automatically for the system. The depth value
for the traversal of grph (to which we call ontological
context), depends on the ontology specification level
and required quality for the description of a sense, but
by experimentation we found that low values provide
good results.

We distinguish two depth levels: depth context def-
inition and depth context matching. The first level is
useful to show the sense to the user. On the other
hand, the depth context matching is used to calcu-
late the synonym degree between two senses extracted
from different ontologies. By default these two levels
have the same value, but is possible to change them to
improve the quality of synonymy degree computation
without complication the visual representation of the
sense.

As matching terms could be ontology concepts,
roles, or values, the ontological context in each case
is different. As we said before, in the example the sys-
tem finds seven matchings of keyword developer as con-
cept/class, one as role/property, and no occurrence of
“developer” as value/instance. Thus, those eight senses
constitute the candidate senses found for the keyword
“developer”. We show in Figure 2 only the first three
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senses found, due to space limitations. Each sense is
initialized with a popularity=1 (first occurrence) and
a degree of synonymy=1.

equipment

photographic equipment

stop bath

developer

person

creator

developer

...company institute

individual

developer

organization

government

s3            = < {ONT1#developer},  developer (has country),  "someone or a group people ...", 1, 1 >

s2           = < {WN2#developer},  developer,  "photographic equipment...", 1, 1 >

s1           = < {WN1#developer},  developer,  "someone who develops...", 1, 1 >

Figure 2. Three first senses of “developer”

In the following, we explain how the first sense
shown in Figure 2 was extracted from its ontology
(http://xmlns.com/wordnet/1.6/Developer). The con-
cept developer is the “focus” from which the system
retrieve the ontological context to the specified depth.

{artist, creative person}
[someone who develops ....]
developer

[someone who creates ...]
{architect, designer}

[a person]
{self}

....

[a human being]
{person, individual, someone, ...}

[any entity that ....]
{causal agent, cause, ...}

[a living thing that...]
{organism, being}

depth context definition

[a person who grows ...]
{creator}

....

depth context matching

Figure 3. Extraction of ontological context of
sense of “developer”

In Figure 3, the solid circle represents the depth
context definition (value=2) and the depth context

matching is represented by the dotted circle (value=3).
As we explained previously, these values could be the
same. The concepts in bold constitute the definition
of the sense, the other ones are used to compute the
probability synonym between this candidate sense and
the rest of candidate senses. The set of synonyms4 is
specified between brackets and the description in natu-
ral language (when available) appears between square
brackets . In this particular example, the term “de-
veloper” has no hyponym or specific role (range and
cardinality are extracted in the case of role senses).

In summary, if a keyword match an ontological term
thatis as concept, the system extracts the set of syn-
onyms, hypernyms and hyponyms (to the specified
depth following the ontology graph), roles, and its de-
scription in natural language (when available). When
the keyword matches with an ontology role, a simi-
lar procedure is performed on the role ontological con-
text5. The information extracted in this case is the set
of superroles, subroles, domains, ranges and any other
roles restriction available. If the keyword matches with
an ontology value, the system extracts the ontological
context of the concept that value belongs to.

4 Synonymy Probability between key-
word senses

Different ontologies often semantically overlap by
defining similar or somehow related terms. In our sys-
tem we compute the probability of synonymy between
two candidate senses to conclude whether they are se-
mantically the same sense or not. Thus the system
avoids redundancy among the possible keyword senses.
The Figure 4 details how the algorithm that computes
the synonymy degree works.

Notice that the system does not compare those
senses coming from the same ontology; we suppose that
different occurrences of a term in the same knowledge
source always describe different senses if that ontology
is free of redundancy, as expected in a well-formed on-
tology. We would like to point out that the system
estimates the synonymy probability using a statistical
approach, as show in [14], and incrementally calculates
when two terms are equivalent by studying a sample of
the hypernym/hyponym relationships. This sampling
method improves the performance of the systems as
just a few comparisons are performed to compare two

4In order to extract from an ontology the synonyms of a con-
cept, role or value, we looked for the primitives equivalentClass,
equivalentProperty and sameIndividualAs that define equiva-
lences between concepts, roles, and values, respectively. Word-
Net provides this information together with the term definition

5Ontology roles can be organized in hierarchies of roles
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Figure 4. Synonymy degree computation

senses. We so adapt the idea of [14] (which only works
for WordNet) to a multiontology context.

The way to obtain the synonymity probability varies
according to the type of senses that we compare. The
expressions spconcept, sprole , and spvalue compute the
synonym probability in each case. In the following we
explain how the synonymy probability between a pre-
vious sense st1 and a new one st2 is computed, whether
t1 and t2 are concepts, roles, or values.

4.1 Synonymy probability between con-
cepts

We propose a synonymy probability function
spconcept that is defined by the weighted sum of 1)
l(t1, t2), the lexicographical distance [9] between con-
cept names t1 and t2, 2) spctx , the similarity between
the hypernym and hyponym hierarchies (let us call
them contexts) of t1 and t2, with a certain depth d,
3) sprSet, the similarity between the role sets of con-
cepts t1 and t2 and 4) spdes, the similarity between the
sense descriptions.

spconcept(st1, st2, d) = wname · l(t1, t2)
+wctx · spctx(st1grph, st2grph, d)
+wroles · sprSet(st1, st2, d)
+wdes · spdes(st1descr, st2descr)

wname, wctx, wroles, wdes ≥ 0
∧wname + wctx + wroles + wdes = 1

The synonymy probability spctx is based on the re-
cursive formula presented in [14]. It follows a statistical
approach to incrementally calculate the degree of simil-
ity between two terms by analyzing a sample of the hy-
pernym/hyponym relationships between terms, with a
certain depth; sampling techniques are used to improve
performance in case of ontologies are very populated.
This function never returns high values for “bad” syn-
onyms. More details can be found in [14]. However,
we adapted such a formula to calculate the synonymy
probability between two senses belonging to terms in
different ontologies. Thus, if the synonymy probability
is beyond a threshold, the two senses will be considered
the same. Other semantic similarity measures can be
used, see Section 5.

spctx(st1, st2, d) =⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

∑
stj∈hst2
sti∈hst1

l(sti,stj)

|hst1 ||hst2 | +

∑
stj∈Hst2
sti∈Hst1

l(sti,stj)

|Hst1 ||Hst2 | if d = 1

cd(

∑
stj∈hst2
sti∈hst1

l(sti,stj)

|hst1 ||hst2 | +

∑
stj∈Hst2
sti∈Hst1

l(sti,stj)

|Hst1 ||Hst2 | )+
+(1 − cd) · hH(st1, st2, d) otherwise

hH(st1, st2, d) =

=

∑n∈hst2
m∈hst1

spctx(m,n,d−1)

|hst1 ||hst2 | +

∑n∈Hst2
m∈Hst1

spctx(m,n,d−1)

|Hst1 ||Hst2 |

hst1 , hst2 are the sampled set of hyponyms of the hier-
archical graph in senses st1 and st2, respectively; Hst1 ,
Hst2 are the sampled hypernyms, |X | is the cardinal-
ity of the set X , and cd represent the certainty degree
(see [14]) for obtaining the sample size for the four
sets of terms: hst1 , hst2 , Hst1 , and Hst2 . The func-
tion hH(m, n, d) calculate synonymy probability of the
context (hypernyms and hyponyms) of the ontological
terms m and n, with depth d.

The synonymy probability sprSet between the role
set of two concept senses st1, and st2 is computed in
the next way:

sprSet(st1, st2, d) =

∑n∈rolesst2
m∈rolesst1

sprole(m,n,d)

|rolesst1 ||rolesst2 |

where, roless denotes the role set of ontology terms
belonging to sense s and sprole(r1, r2, d) estimates the
synonymy probability of two ontology roles, with a cer-
tain depth d (explained in the following).
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4.2 Synonymy probability between roles

To calculate the synonymy probability between roles
sprole(r1, r2, d), we integrate the information obtained
from the semantic context of roles6 r1 and r2 and the
semantic context of their domain and range concepts.

sprole(r1, r2, d) = wctx · spctx(sr1, sr2, d)
+wdomain · spconcept(sdomain(r1), sdomain(r2), d)
+wrange · spconcept(srange(r1), srange(s2), d)

wctx, wdomain, wrange ≥ 0
∧wctxR + wdomain + wrange = 1

where wctx, wdomain, and wrange are the weights of
the above synonymy measures, and domain(r) and
range(r) return the domain concept and range concept
of role r, respectively.

4.3 Synonymy probability between values

To compute the synonymy probability
spvalue(v1, v2, d) between two constant values of
different ontologies, the synonymy of the concept they
belong to, with a certain depth d.

spvalue(v1, v2, d) = spconcept(sconcept(v1), sconcept(v2), d)

where concept(v) returns the concept from which v is
an instance.

Concerning our example, the probability of syn-
onymy between each pair7 of candidate senses are
shown in Table 1 (depth=2 in our prototype).

Table 1. Synonymy probability among senses

senses s1 s2 s3 s4 s5 s6 s7 s8

s1 �

s2 - �

s3 - - �

s4 0.56 0.52 - �

s5 0.56 0.52 - 0.93 -

s6 0.54 0.84 - * -

s7 0.63 * - �

s8 0.53 - 0.24 �

s2+ - 0.45 0.26
s6
s4+ 0.46 0.28
s5

Thus the system obtains a list of ontological terms
(senses) that can be integrated: those senses whose

6Ontology roles can be organized in hierarchies of roles.
7Symbols and empty cells represent that the comparison

makes no sense due to different reasons.

synonymy probability is greater than the specified
threshold (0.7 in our prototype) (indicated in bold in
Table 1).

4.4 Integration of Senses

When the synonymy probability between two senses
is greater than a threshold, the system considers
them as the same sense and integrates s1keyword and
s2keyword into one only sense. Otherwise, the s2keyword

is stored in Sconcept
keyword as a new sense. In this way, new

knowledge found about a keyword is added to, or inte-
grated with, the previously obtained. Also, knowledge
discovered is used in future comparisons to avoid recal-
culations.

The integration process starts by adding to the syn-
onym set (s) the union of the synonyms of both senses;
similarly the two sets of hyponyms and hypernyms are
set as hyponyms and hypernyms of the integrated term,
respectively. The two descriptions in natural language
(descr) are just concatenated. The value of popularity
(pop) is updated as the sum of its source values and
the synonymy degree(syn) is the value obtained by the
computation of the algorithm explained in the previous
section.

WN2−ONT6#stop bath

WN2−ONT6#photographic equipment

WN2−ONT6#equipment

ONT4−5#individual ONT4−5#organization

...
ONT4−5#governmentONT4+ONT5#instituteONT4−5#company

developer

developer
s2+s6  = < {WN2#developer, ONT6#developer},  developer, "photographic equipment...", 2, 0.84 >

s4+s5  = < {ONT4#developer, ONT5#developer},  developer (has country), "someone or a group people ...", 2, 0.93 >

Figure 5. Integration of senses s2 and s6, and
integration of s4 and s5

Concerning the example, in Figure 5 we show two
pairs of senses, whose synonymity probability is greater
than the threshold and therefore they are integrated.
In the example the senses s2 and s6 are integrated in
s2+s6, and s4+s5, represents the integration of senses
s4 and s5. Notice that new popularity is 2 in both
cases, and the degree of synonymity of s2 + s6 is 0,84
and the one of s4 + 5 is 0,93. Ontological contexts has
been also integrated.
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5 Related Work

In [1] they suggest exploiting the functionality pro-
vided by the available Semantic Web tools and tech-
niques. They identify a set of tools for each phase
of ontology construction, but do not specify the way
to utilize them together. For example, they propose
some techniques of segmentation of ontologies, but they
do not identify what information to extract (concepts,
roles or instances) and how it will be used later. Also,
unlike this work, we look for ontological terms that
matching with keyword search.

In [15] they use the domain knowledge inherent in
Web-based classification hierarchies such as Yahoo, to
enhance user queries. This work do not take advan-
tage of other semantic relationships found in a domain-
specific ontology. Our work can be utilized for this
purpose, with inherent advantages to query a multi-
ontology knowledge base. In [8] they search concepts
over all the ontologies in a local repository. We avoid
local maintenance of ontologies and increase flexibil-
ity by accessing to the last updated versions of on-line
ontologies through Swoogle.

In order to segment large description ontologies
some techniques exist currently. We used the concept
of Traversal View, presented in [12] for this purpose.
A user specifies a subset of an ontology to include in
the view by specifying the starter concepts to include,
the links to follow from those concepts, and the search
depth. However, we extend this use to the extraction
of ontological terms that are roles (properties) or val-
ues. Other techniques as the use of queries to create
specific ontology views [10] could be used as well.

An alternative measure to estimate the semantic
similarity between terms in different ontologies can be
found in [13]. Instead of our recursive approach, they
compare entity classes considering three independent
similarity assessments: synonym sets, distinguishing
features and semantic neighborhoods, combining them.
This method is very suitable for comparisons among
ontologies where many different semantic relationships
have been defined across terms (which, unfortunately,
happens in just a few ontologies, as WordNet). Fur-
thermore they do not describe how a comparison be-
tween roles or between values can be performed.

Finally, some efforts oriented to publishing and
searching ontologies on the Web, like DAML Library,
SchemaWeb [16], Swoogle [5], contribute to our pro-
posal as resources for searching ontologies; however we
go further on extracting ontology parts in which we
are interest and discovering semantic similarity among
terms of different ontologies.

6 Conclusions and Future Work

In this paper we have presented an approach to
discover senses for a set of user keywords, extracting
the relevant ontological contexts from ontologies with
matching terms and merging senses when the synonym
probability between them is high enough. The main
features of our proposal are the following:

1. It uses a multiontology repository to search can-
didate keyword senses, instead of consulting just
one lexical resource.

2. It has been designed to exploit the functionality
provided by the Semantic Web existing available
tools and techniques.

3. It uses statistical techniques like sampling to im-
prove the performance of the synonymy degree
computation. Comparisons between senses can be
also executed in parallel.

4. We deal with senses represented by concepts, roles
and values, defining specific synonym degree com-
putations and integration techniques for each case.

Also our prototype can be used through a Web nav-
igator, without requiring the installation of any other
software.

As future work we could adopt the proposal pre-
sented in [8] to provide a natural language explanation
of senses. Also, we are currently using this work to dis-
ambiguate sets of keywords and we plan to use it for
web mining.
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