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Abstract
The term Ontology is borrowed from philosophy, where an ontology is a systematic 

account of Existence. In Computer Science, ontology is a tool allowing the effective use 
of  information,  making  it  understandable  and accessible  to  the  computer.  For  these 
reasons, the study of ontologies gained growing interest recently. 

Our  motivation is  to  create  a  tool  able  to  build  ontologies  from a  set  of  textual 
documents.  We  present  a  prototype  implementation  which  extracts  metadata  from 
textual documents and uses the metadata for adding textual documents to an ontology. 
In this paper we will investigate which techniques  we have available and which ones 
have been used to accomplish our problem. Finally, we will show a program written in 
Java which allows us to build ontologies from textual documents using our approach.

Keywords:  Ontology, indexing,  information retrieval,  metadata,  clustering,  Topic 
Maps.
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1. Introduction
Nowadays we receive a lot of information from TV, books, newspapers, etc. In order 

to facilitate easy access, all this information needs to be classified and filed. Ontologies 
as a tool for classifying information have gained interest recently, because they could be 
used as as a representation of this amount of information. We are interested in exploring 
the creation of ontologies as a tool for classifying this information and facilitating easy 
information access. There are many reasons for the development of ontologies [Russel
& Norvig, 1995]: to share common understanding of the structure of information among 
people  or  software  agents,  to  enable  reuse  of  domain  knowledge,  to  make domain 
assumptions explicit,  to separate domain knowledge from the operational knowledge 
and to analyze domain knowledge. We will base our approach in using metadata as the 
way for classifying documents (that will be our source of information).

Metadata  was  defined  as  data  about  data,  or,  in  other  words,  information  about 
information. Nowadays metadata is used in Computer Science to represent additional 
data of data that we have, as for example, images, videos, sound, etc. We will use the 
term metadata in our project to have additional data of documents. 

Ontologies  can  be  used  in  automatic  classification  of  documents  into  topics  to 
facilitate the searching of documents of a certain topic. 

The study of ontologies can be applied to any type of information. We are interested 
in to explore the creation of ontologies from documents, and base it in the automatic 
storage and retrieval of documents [Rasmussen, 1992] to provide easy access to books, 
papers, or journals (also-known as information retrieval). For that reason, is needed to 
analyze the information offered by textual documents by extracting their meaningful 
information. Building an ontology, we would like to obtain a knowledge base that will 
contain and relate all this information. 

Considering the ideas showed above, the problem that we would like to tackle in this 
project can be formulated as follows:

How  can  we  create  an  ontology  based  on  metadata  extracted  from  textual  
documents?
1.1. Disposition of Contents

Chapter 2: In this section we will see an introduction to the term ontology, and how 
is related to our problem. We will divide this chapter in three points: the first one we 
will show some definitions about what are ontologies and we will discuss what is a 
definition that fits in our problem. The second one we will explain in detail the chosen 
methodology and how is adapted to our need. The last point we will explain in detail the 
steps that we need to follow to design the ontology. 

Chapter 3: We will start with an overview of the use case of our project  and the 
high-levels  features of our system. Then, we will  explain the steps that  we need to 
create our ontology. We divide the implementation of the tool in some modules. We 
will explain each one and the relation between these to give to the user a clear idea of 
what is going on. Finally we will see a detailed scenario to understand how ontologies 
(in our domain) are used in the real world.

Chapter 4:  We explain in the first part of the introduction that is needed to extract 
meaningful  information  to  resolve  our  problem.  In   this  point  we  will  explain  the 
meaning of the word  metadata and how can we used to build the ontology. Also, we 
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would like to familiarize the reader with the terms information retrieval and  indexing 
and apply these terms to our purpose. Once we have done that, we will enter in more 
detail about indexing and we will explain which tools and techniques are available to do 
that and how are applied to our project.

Chapter 5: How can we build an ontology from indexed metadata is a question that 
we  try  to  resolve  in  this  chapter:  are  needed  techniques  to  relate  the  meaningful 
information extracted from textual documents. In this chapter we show methods that can 
be used to do that. We will base our explanation telling about clustering methods. The 
aim is to classify and relate the metadata to build the ontology.

Chapter 6: In this chapter we will show the steps to serialize the ontology from the 
information  extracted  from  documents.  We  will  see  different  tools  that  we  have 
available to do that (Conceptual Maps, RDF, OWL, etc.) and we will base our research 
in one of that tools: Topic Maps. We will  show step by step the serialization of an 
ontology from indexed metadata extracted from textual documents.

Chapter  7: We would  like  to  show in  this  point  an  example  of  application  that 
demonstrates  our  theory:  software  architecture  and  user  interface.  We  will  put  the 
theory  into practice.

Chapter 8: We should explain the possible points that can be improved and what can 
researchers do in the future. Also we will tell about some modifications that can be 
applied to our program to obtain different results, as for example to create ontologies in 
other languages, change the methodology in a different ways, the possible development 
of  applications  in  modern  program  languages  to  create  ontologies,  and  a  general 
evaluation of this project.

Chapter 9: Here we will discuss the results obtained and what we learned with it. We 
will explain a short of the point that we have seen in this project and if the resolution of 
our problem has been accomplished.
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2. Ontologies
It is difficult to represent everything in the real world. We can not write a complete 

description of everything because it  is too much information. We need to create an 
abstract view of the world (or its relevant parts) that we want to represent. In Computer 
Science, such a view can be formalized as an ontology.

This can for instance be attempted in a general  framework of concepts called an 
upper ontology, so called because of the convention of drawing graphs with the general 
concepts at the top and more specific concepts below them [Russel & Norvig, 1995]. 
Illustration 1 shows an example. The upper ontology of the world shows one possible 
set  of  concepts.  Lines  between  concepts  indicates  that  the  lower  concept  is  a 
specialization of the upper one.

A general ontology is a domain-independent ontology. Examples are for instance, 
WordNet [Miller, 1998] and CYC [Cycorp, Inc, 2002-2005]. A biological taxonomy is 
a special-purpose, domain-dependent ontology for the  biology domain. Compared to a 
general ontology, a domain dependent ontology is more specific and more customized 
to the demands of domain. We can see in the table below the pros and cons of these two 
types of ontologies.

Ontology Pros Cons

biological taxonomy • special-purpose
• specific
• customized

• domain-dependent 
ontology  (reusable 
only in this domain)

general ontology • domain-independent 
ontology (reusable)

• general-purpose
• not customized

A domain ontology, consisting of important concepts and relationships of concepts in 
a domain,  can be useful in a variety of applications  [Gruber, 1993].  Areas as Gene 
Ontology that  “provides structured,  controlled vocabularies  and classifications that  
cover several domains of molecular and cellular biology and are freely available for  
community  use  in  the  annotation  of  genes,  gene  products  and  sequences”  [Gene
Ontology Consortium, 2004] or domains as text categorization [Wu, Tsai & Hsu, 2003] 
can be considered examples of domain ontologies. A general ontology is useful when 
we are interested in a knowledge representation of anything that exist  (for example, 
Illustration 1).

2.1.What is Ontology
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Illustration 1:  The upper ontology of the world [Russel & Norvig, 1995]
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The original definition of the term Ontology comes from Philosophy. Recently, the 
definition of ontology has become rather important in Artificial Intelligence. 

Today,  we can  speak  about  ontologies  in  Philosophy as  a  systematic  account  of 
Existence.  In  Artificial  Intelligence the term ontology refers  to  a  specification  of  a 
conceptualization  [Gruber,  1993].  From the  perspective  of  an  Artificial  Intelligence 
computer  program,  what  “exists”  as  in  the  philosopher's  definition  is  what  can  be 
represented and is accessible to the program [Fensel, 2001].

“Ontologies  are  becoming  of  increasing  importance  in  fields  such  as  knowledge  
management,  information  integration,  cooperative  information  systems,  information 
retrieval and electronic commerce” [Staab & Studer, 2004].

According  to  Guarino  and  Giaretta  (1995)  we  can  distinguish  the  following 
interpretations of the term Ontology:

1. Ontology as a philosophical discipline.
2. Ontology as an informal conceptual system.
3. Ontology as a formal semantic account.
4. Ontology as a representation of a “conceptualization”.
5. Ontology as a representation of a conceptual system via a logical theory.

5.1.characterized by specific formal properties.
5.2.characterized only by its specific purposes.

6. Ontology as the vocabulary used by a logical theory.
7. Ontology as a (meta-level) specification of a logical theory.

The first interpretation makes a distinction between the word Ontology (with a capital 
O) and the word ontology. When we are talking about ontology we refer to a particular 
determinate object depending on representing the real world. When we are talking about 
Ontology  we  refer  to  a  philosophical  discipline  that  determines  the  nature  and 
organization of reality. 

The second interpretation defines ontology as an informal conceptual system which 
may suppose  to underly a particular knowledge base.

The third interpretation considers that the “ontology” which underlies a knowledge 
base  is expressed in terms of formal structures at the semantic level. 

The  fourth  interpretation  is  the  interpretation  adopted  by  Gruber  (1993).  This 
interpretation   is  widely  used  in  Artificial  Intelligence.  An  ontology  is  an  explicit 
specification of a conceptualization, a description of the concepts of a domain and the 
conceptual relationships that can exists for an agent or community of agents  [Gruber,
1993]. Also, we can speak about ontology as a “conceptualization of a domain into a  
human-understandable, but machine-readable format consisting of entities, attributes,  
relationships, and axioms” [Guarino & Giaretta, 1995]. 

The fifth interpretation refers an ontology as a logical theory. The theory needs a set 
of formal properties or specific purposes to be an ontology. In the interpretation 5.1 the 
theory  needs  a  set  of  particular  formal  properties  and  in  the  interpretation  5.2  the 
purpose lets us consider a logical theory as an ontology.

The sixth interpretation  considers an ontology as the vocabulary used by a logical 
theory. 

The  seventh  and  last  interpretation  considers  an  ontology  as  a  (meta-level) 
specification  of  a  logical  theory  that  specifies  the  “architectural  components”  used 
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within a particular domain theory [Guarino & Giaretta, 1995]. 

We will define ontology as a knowledge-base to represent documents in a way that is 
accessible to a computer program.

We need to use metadata to describe a set  of documents. Also, we need a set  of 
extensional relations describing the relationship between a topic and a document, that 
should be hierarchical because there are topics including other topics. The interpretation 
of  [Gruber, 1993] based on a notion of conceptualization, is the most suitable for us 
cause is close to our necessities. Also, we need to take a look to other approaches used 
for the creation of ontologies and try to see which points can be applied to our problem 
and which ones have to be discarded. These approaches are showed in the following 
section.

2.2. Ontology Engineering
Different methodologies have been used by many researchers to develop ontologies. 

Though none of these methodologies are “wrong”, we need to choose one according to 
the characteristics of the desired ontology. 

Before  we  explain  our  envisioned  approach,  we  would  like  to  explain  different 
approaches  of  other  researchers  and  discuss  which  points  can  be  used  or  not  to 
accomplish our purpose. 

2.2.1 Manual ontology building
Natalya F. Noy and Deborah L. McGuiness have developed a guide presenting some 

steps that can be used to create an ontology. They maintain the idea that we need to 
have in mind some rules if we want to define the ontology and determine how much 
general it is or not:

1. “There is no one correct way to model a domain – there are always viable  
alternatives. The best solution almost always depends on the application that  
you have in mind and the extensions that you anticipate.”

2. “Ontology development is necessarily an iterative process.”
3. “Concepts in the ontology should be close to objects (physical or logical) and 

relationships  in  your  domain of  interest.  These  are  most  likely  to  be  nouns  
(objects) or verbs (relationships) in sentences that describe your domain.”

[Noy & McGuiness, 2001]
Noy and McGuiness maintain that developing ontologies includes developing classes 

in the ontology, arranging the classes in a taxonomic (subclass-superclass) hierarchy, 
defining slots and describing its values and finally filling in the values for slots for 
instances. We can understand classes as concepts, slots as roles/properties that describe 
attributes of these concepts (classes). Hence, we can say that we need to define concepts 
as classes in the ontology, and for each concept we need to say which attributes (values) 
are related to this concept and relate this concepts in a taxonomic hierarchy (subclass-
superclass). We need to have it in mind because, as a we will explain in next points, we 
take all these definitions as the base of our ontology.

With that, [Noy & McGuiness, 2001] establish few steps to create the ontology:

• Step1:  Determine  the  domain  and  scope  of  the  ontology. Where  the 
ontology will be used, which questions can resolve, in which domain can be 
used, and determine possible users.
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• Step2:  Consider  reusing  existing  ontologies.  We  can  consider  the 
possibility to extend or refine the ontology in the future. That means that we 
can design an ontology for being reused later on or we use an existing ontology 
to create a new one.

• Step3: Enumerate important terms in the ontology. Is good in this point 
to have a clear idea of which terms we want to add in the ontology. Basically 
we  have  to  use  terms  that  can  resolve  questions  to  the  user.  We  need  to 
determine the properties of the terms and their relationship (if they have). For 
instance, in an ontology with car-related terms, we should add terms as for 
example  color,  registration number,  model,  company or  also 
different types of cars, as motorbike, truck, tractor, bicycle.

• Step4: Define the classes and the class hierarchy. We can develop a class 
hierarchy with a top-down,  bottom-up or combination methods [Uschold &
Gruninger,1996].  Top-down defines firstly the most general concepts in the 
domain and then the specialization of the concepts. Bottom-up starts defining 
the most  specific concepts (leaves) and then grouping that in more general 
concepts. The combination starts defining the salient classes to generalize and 
specialize suitably later. 

• Step5:  Define  the  properties  of  classes-slots.  We need  to  describe  an 
internal structure of concepts. It means that we have to describe information 
related  to  the  classes  to  give  meaning  to  the  questions  of  the  first  step 
(determining the domain and scope of the ontology). 

• Step6:  Define  the  facets  of  the  slots.  We need  to  define  formally  the 
characteristics of the slots,  and one way is define their  value type, allowed 
values, number of values and other features. It means formalize concepts and 
classes to the programming domain.

• Step7:  Create  instances.  Create  individual  instances  of  classes  in  the 
hierarchy, choosing a class, creating an individual instance of that class and 
filling in the slot values.

This is the proposal of methodology created by [Noy & McGuiness, 2001] and it is 
built to create an ontology in a general domain. But there are more specific approaches 
(methods, or also techniques and tools) that must be considered for building different 
types  of  ontologies.  We can  find  methods  for  ontology  learning:  from texts,  from 
dictionaries,  from knowledge  bases,  or  from semi-structured  or   relation  schematas 
[Gómez  & Manzano,  2003].  We will  base  our  study  in  approaches  referent  to  the 
ontology  learning  from  texts  because  are  closer  to  our  problem  (we  need  a  tool 
-ontology- for the easy information retrieval of textual documents) and is desirable to 
classify it in automatic way: a manual way is a tedious an consuming task not applicable 
when we have to manage a vast amount of information. We would like to explain the 
main goal and the main techniques used by each one and its methodology.

2.2.2. Ontology learning methods from texts.
There are many approaches for building ontologies by learning from texts. Basically 

the main techniques used by the most of them are statistical  approaches, clustering, 
topic signatures, semantic distances and natural language process, but also we can find 
some of  them using  techniques  as  machine  learning,  mapping,  text-mining  or  term 
extraction. In the following, we will present a couple of examples.
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Aguirre approach (2000): The main goal of this approach is to enrich concepts in 
existing ontologies. First is needed to retrieve documents related to an ontology concept 
from the  web,  and  then  to  collect  all  words  closely  related  to  the  concept  and  its 
frequencies using a statistical  approach. Words with a distinctive frequency in each 
collection are grouped in a list constituting the topic signature for each concept sense. 
After  that,  is  possible  to  discover  shared  words  in  different  topic  signatures  using 
distance metrics and clustering methods and classify it hierarchically. This method is 
closed  to  our  problem  and  is  based  in  reusing  other  ontologies  as  WordNet  as  a 
source.[Aguirre,2000]

Khan and Luo's  method (2002):  The purpose is  to  learn concepts from textual 
documents  and  use  clustering  techniques  and a  statistical  approach to  do  that.  The 
ontology is built in a bottom-up fashion. A set of document regarding to same domain 
must be selected by the user. With that we create a hierarchy with a set of clusters 
where in each cluster is contained more than one document, and each set of cluster is 
considered as a node in the tree. After that, we need to assign a concept for each cluster 
using a bottom-up fashion. We know that there is a relationship between concepts, but 
we can not know which type of relation they have. Khan and Luo's method,  as is the 
case in the first presented method, reuses WordNet ontology.[Khan & Luo, 2002]

Kietz approach (2000): The main goal  is  common to the last  two points.  From 
textual  documents  and  existing  ontologies  this  method  tries  to  learn  concepts  and 
relations among them to enrich an existing ontology. The method firstly starts with the 
selection  of  a  generic  (top-level)  ontology  (which  contains  generic  and  domain 
concepts)  used  as  a  base  in  the  learning  process.  The  user  is  choosing  a  set  of 
documents that will be used to extend or refine the ontology. This process is called 
selecting sources. The next step is the  concept learning and is based in analyzing the 
frequency of the terms to know if we have to include these new generic or specific 
concepts (both identified by using natural language analysis techniques) to the ontology. 
After that we need to get specific concepts  by pruning the enriched core ontology 
removing the most general concepts (also called  domain focusing). Then, we have to 
apply a frequency analysis to have a relation between concepts and it is based in the 
association rule's algorithm proposed in Skrikant and Agrawal (1995). Finally, an expert 
can evaluate the resulting ontology and decide if we need to repeat the process again or 
not. This method is well-known as  Ontology pruning approach  [Kietz,Maedche &
Volz,  2000].

Bachimont's method (2002): Bruno Bachimon't maintains that to create an ontology 
is  possible  using  linguistic  techniques  that  have  come from Differential  Semantics. 
There are three steps to accomplish this approach. 

(1) Semantic Normalization:  From terms from the domain, the user choose the 
most  relevant  of  them  and  normalize  their  meaning  (it  means  to  express 
differences and similarities with the other terms, and its classified in a hierarchy 
also-called differential ontology).

(2)  Knowledge  Formalization:  We can  constrain  the  domains  of  a  relation, 
define new concepts, or add properties and general axioms to disambiguate the 
notions  of  the  taxonomy built  in  the  first  step.  Is  also-called  as  knowledge 
formalization  and the taxonomy that we have after  apply this  point  is  called 
referential ontology.
(3) The referential ontology is transcribed to a computational ontology (specific 
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knowledge representation language). This process is called Operationalization.  
[Bachimont, 2002]

Missikoff method (2002): once again ,the aim is the construction and enrichment of 
ontologies  using  natural  language  and  machine  learning.  Also  is  used  a  statistical 
approach to determine the relevance of term for the domain (this is the first step and is 
also know as terminology extraction). Natural language and machine learning processes 
are used in the semantic disambiguation process and in the extracting semantic relations 
(second step of the method, also known as semantic interpretation) where firstly the 
sense of each word is defined in a set of one or more synonyms (in WordNet is known 
as  synset)  and  then  is  built  a  complex  domain  concept  represented  by  expressions 
identifying the semantic relations holding among the concepts. At the end of these steps, 
we will  have a  big  domain  concept  showing the  taxonomic  and other  relationships 
among complex domain concepts. Finally is needed a pruning of concepts not related 
with the domain and extend it to the new domain from WordNet in the appropriate 
nodes [Missikoff,2002].

Other methods: There are a lot of methods  for ontology learning for texts, some of 
them follow a similar way to the explained with some changes. But in general, all them 
use similar techniques as we explained before, using as a source domain text,ontologies 
or WordNet as a source for learning. We can find a lot of approaches, but we explained 
the most relevant to our problem. 

2.3. A simple knowledge-engineering methodology
In our approach we need to present another method different from methods shown 

above. We need to create an ontology without reusing an existing ontology to obtain an 
ontology adaptable to the input documents, as we will see later. This ontology will use 
exclusively the information obtained from a set of documents. Nevertheless, we can use 
some of  these  techniques  adapted to  our  aim,  as  statistical  approach and clustering 
algorithms. At the beginning we have textual documents and it is obvious that we can 
not create an ontology directly: we need to define and follow some steps to accomplish 
in our purpose of creating an ontology. Taking the shown approaches, we can extract 
some information that can be useful for us (and some that we have to discard). 

Methodology:
We need to create a tool to create an ontology from zero. In the foreground,  the idea 

is to make a tool to create an ontology easily: the user selects a set of documents and he 
gets the ontology by naming topics in a hierarchical classification of documents. In the 
background, when the user has selected the set of documents there is a process that 
analyzes  its  information  and  determine  the  relationship  among  these  documents, 
classifying it in a hierarchical structure of topics and documents. This structure can be 
named and modified by the user that can have an abstract idea of the information of 
each document. He can merge or divide topics depending on the user's decision and then 
an ontology is created automatically with all this information. Hence, we need to define 
the steps that will follow to accomplish our purpose. These steps will be shown in the 
approach section of the next chapter, but we can summarize it in the next steps: adding 
documents, analyzing their content, determining and analyzing the relationship of the 
documents and building the ontology. Before to explain that, first we need to analyze 
which of the shown methods can be used for us or not. 

Other approaches versus our methodology:

12



As we explained  before,  there  are  many methods of  other  authors  for  ontology's 
construction. Once we add the documents, we have to analyze its information to see 
their  relationship.  To  do  that,  the  statistical  approach  [Aguirre,2000][Khan  & Luo,
2002][Kietz,Maedche & Volz,  2000][Missikoff,2002] used by many authors can be 
useful for us.  We will  explain on next chapter how can be used in our case.  Also, 
clustering algorithms[Aguirre,2000][Khan & Luo, 2002] will be used to determine a 
hierarchical relationship of the documents. Hence, statistical and clustering approaches 
will be used to analyze and classify the documents, and we will do that in a bottom-up 
fashion hierarchy  [Khan & Luo, 2002][Noy & McGuiness, 2001] as we have shown 
before. Is not interesting the use of natural language and machine learning processes 
because these methods are beyond the scope of this thesis.

In our ontology concepts will be closed to objects [Noy & McGuiness, 2001] (in our 
case, we will understand concept as topics of documents, where at the same time are 
objects  with  relationship  with  other  objects);  about  iterative  processes  [Noy  &
McGuiness, 2001], we will not reuse the ontology to create a new ontology, at least in 
our prototype. But we can rename the topic names in cases that we want a better name 
for the topic. The idea is that we create a new ontology every time that we add a new 
textual  document,  it  is  because  our  idea  is  to  give  more  flexibility  to  the  user   to 
modify/create the ontology: we are interested in create an ontology according to the 
information of documents, in other words, the structure of the ontology depends on the 
input documents, and will change when we add new documents. If we reuse it instead of 
that, new documents will be fitted in the ontology without modifying the structure of the 
ontology. It means that the ontology is not adapted to the information of the documents 
because adding new documents to the existing ontology will not create a new topic, we 
need to join this documents to the existing information. Hence, not reusing ontologies, 
most of the steps showed in other methods [Aguirre,2000][Khan & Luo, 2002][Noy &
McGuiness, 2001][Kietz,Maedche & Volz,  2000][Missikoff,2002] are not useful for us. 

We will see in more detail in the next chapter which steps are needed to resolve our 
problem and to understand which differences are with the other methodologies. 
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3. Envisioning the system
There are many different languages, algorithms and techniques referring to ontology 

generation. Some of these, has been used by many researchers and has been already 
explored. We would like to implement a new approach with our own prototype because 
we want to show an easier way to create an ontology of documents, as automatic as 
possible and trying to acquire good results. In the approach section we will describe 
how we want to proceed comparing with other available techniques, but before we will 
show a use case to envision the system.

3.1. Vision
To have a general vision of the system it is a good idea to take a look at the use cases 

of a system. The use case model can help us to understand the functionalities of the 
systems and how the user can interact with it.

In the use case model we have the user (an actor) that can realize some functions 
specified in the figure below (Illustration 2). Users have to create a new project or open 
an existing one,  and then can add or  delete  documents and choose a  language (the 
language of the documents to analyze). This is the first part of the process. When he has 
selected all the documents, he has to execute a process that will analyze the data. The 
user will obtain a tree with a hierarchical relationship of all the documents and will be 
able to modify the results of the analyzed data at his own choice (for instance, he can 
decide which documents are in a same level of the tree because its similarity, or also he 
can move documents that, at his choice, must be in other topic). After that, this data is 
serialized to an ontology by another process executed by the user, and finally the user 
can save it to a file.

3.2. Approach
Our approach is based on extracting metadata from texts, clustering this metadata to 

generate a simple ontology and finally serializing the ontology into a suitable format. 
Our idea is to perform a new clustering each time we add new documents.

We have to answer the following questions:

• How can we extract metadata from textual documents?

• How can we use this metadata to build a document categorization system?
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The outcome of this thesis will be a prototype tool following the next modules:
• We need a tool to extract metadata from texts and represent that metadata such 

that we can use it for clustering. We have used a tool called Lucene. Lucene is 
an open source indexing and search engine project available from the Apache 
Foundation.  It  give us the possibility to extract words (words with meaning) 
from documents and represent them according to the vector space model. We 
extract  all  words  with  meaning  (for  example,  we  should  discard  articles  or 
prepositions) and we stem these words to their roots.

• We need to build  an  ontology. We   decided to use clustering algorithms  to 
achieve that. Specifically we chose Hierarchical Clustering Algorithm, where we 
can have objects (words) in the space that will be classified in a hierarchical tree 
according to the distance between these objects. For example, documents which 
contain similar information (in our case, words), will be classified on the same 
level  (or  at  least  in  a  nearby  level)  of  hierarchy.  By  manually  labeling  the 
clusters, we can obtain an ontology.

• The ontology needs to be serialized such that it can be distributed. We will use 
the Topic Maps Language to serialize our ontology, and basically it will consist 
in a XML-like document that will contain meta-information of documents with a 
semantic relationship between its objects. In the chapter 6, we will explain how 
ontologies and Topic Maps are related.

In the Illustration 3 we can see an abstract view of our work:

3.3. Scenarios
We would like to show on this point some scenarios illustrating the usefulness of our 

project and different possible usages of our tool. In all scenarios is used a tool to extract 
metadata from texts, cluster the documents and create the ontology with the meaning 
information of these documents.

3.3.1. General Scenario
A man has a set of hundred textual documents with about 100 pages each one in 

different  languages.  The  number  of  documents he  has  is  rather  large,  which makes 
reading a tedious and time-consuming task. He  needs a tool for an easy retrieval of 
information of that documents, and to do that, we will build an application to create an 
ontology from these documents in an easy an fast way. We need to avoid the user to 
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read  all  these  amount  of  documents  each  time  he  wants  to  retrieve  some  of  the 
information contained in these texts. The man needs to enter the documents and choose 
the  language  it  is  written  in.  The  program  will  analyze  the  information  of  each 
document and will relate it to the others. With that, the user obtains a hierarchical tree 
with the relationship of the documents that can modify depending on the generalization 
or specialization that he needs. Finally he can save the ontology, that we will use to 
retrieve information in the future in an easy way.

3.3.2. Specific Scenario
Jordi Puigdevila i Casaus works in a library. His work consists in retrieve information 

about  available  books  in  the library  to  sort  them in the  bookcases  (also,  sorted  by 
language). He has an electronic version of each book (also-called e-books) and he has to 
introduce in the database of the library the  author ,  title, editor, topic, 
etc. Also, we will sort the books in the bookcases by topic and author. It is a tedious 
task for him, and he decides to use our tool to help him in his work. Jordi needs to 
introduce all the documents in the program to create an ontology in a specific language. 
He obtains a first approach with the relationship of the documents, but he decide to 
modify to do that less general, and decide to name the relationship of some of these 
texts in topics and sub-topics. With that, it is stored in an ontology. Now he can classify 
books depending on how documents are related. 

Also, the library has a web server where the students of different nationalities can 
connect to query for books and articles written in their mother tongue. They need to 
know where is  allocated each book. The student enters  some information about the 
desired topic (he enters some abstract information), and a list of topics and author are 
showed. Hence, they can go to the bookcases and take the book with this information.

But the most important thing is that students can retrieve direct information from the 
e-books through the ontology. For instance, if we enter the following words:  fish, 
pig, cow, milk, carrot, onion, water, the  output  will  be  a  set  of 
documents that contains these words, as  for example cooking or natural science. If we 
are more specifics in the query, results will be closer to the wished. Using ontologies to 
do that have more effectiveness than using databases or ordinary indexing. Ontologies 
are specially built to retrieve this type of information, more than the other techniques.
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4. Obtaining metadata for an ontology

4.1. What is metadata and how is it used in the system
As  we  have  explained  in  the  introduction  of  this  paper,  metadata  is  commonly 

defined  as  information  about  information  (or  data  about  data).  Many  authors  have 
defined metadata in a similar way: metadata as “information about a thing, apart from 
the thing itself” was defined by [Batchelde, N., 2003], or metadata as “structured data 
about an object that supports functions associated with the designated object” defined 
by [Greenburg, J., 2004] are two good examples. W3C (Word Wide Web Consortium) 
also  has  defined  metadata  as  a  “machine  understandable  information  for  the  web” 
[W3C, 2001] but this definition is not adaptable to our problem, at least in the current 
state of it (in future work, we can take this definition of metadata to adapt our ontology 
to the web).

If  we analyze any text,  there are  words that  have more importance than other.  It 
means  that,  for  example,  nouns  and  verbs  have  more  weight  than  other  words  as 
prepositions or articles. It is because with a noun or with a verb we can extract and 
deduce more information from a text than from a preposition or an article. Hence, we 
will extract these meaningful words, that we will use as metadata. On the other hand, to 
identify documents we will use the name of the documents and his path in the computer 
folder system, that also we can use as metadata. Finally, we can say metadata to all the 
extra-information of  the documents, as the author, title, description, subject or size of a 
document. We should use that,  if  we were using documents that allow to add extra 
information, as for example Microsoft or Open Office documents, PDF, etc. To do that, 
in most cases, we will  need to parse the document to extract this extra information 
(there are many tools, as for instance P.O.I.  [JAKARTA, 2002-2005], that allow us to 
parse documents and extract the information). But it is beyond our scope, and we will 
see in the future section how can be applied this extra-information of these type of 
documents  to  improve  our  prototype.  Our  idea  is  try  to  explore  the  creation  of 
ontologies by studying the content of the documents. 

Before consider this information as metadata, we need to accomplish one step more: 
in order to extract the words from texts, we decided to use an indexing tool. The next 
section shows what indexing is and how is related to metadata.

4.2. Indexing and information retrieval
The  standard  and common definition  of  indexing  "is  the  act  of  classifying  and 

providing  an  index  in  order  to  make  items  easier  to  retrieve"  [WordNet,2001].  In 
Computer Science we can understand indexing as a the way to convert sets of data into 
a database suitable to easy search and retrieval. "Indexing is the practice of establishing  
correspondences between a set, possibly large and typically finite, of index terms or  
search terms and individual documents or sections thereof" [Karlgren,2000]

Information  retrieval  is  a  term  that  is  related  with  indexing  and  metadata.  The 
common definition of information retrieval (IR) "is the art and science of searching  
for  information  in  documents,  searching  for  documents  themselves,  searching  for  
metadata which describe documents, or searching within databases, whether relational  
stand  alone  databases  or  hypertext  networked  databases  such  as  the  Internet  or  
intranets, for text, sound, images or data." [Wikipedia, 2004]. The idea is that we have 
significant  information  extracted from textual  documents  and  we need a  process  to 
classify and provide an easy and a fast way to retrieve this information. It means, that 
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we index metadata to have more metadata (for instance, we can know how many times 
a meaningful word appears in a document, and this extra information can be important 
for us -words with more apparitions in a document have more weight in the topic than 
other, and this is used to calculate the distance between documents-). Hence, indexing 
metadata  will  improve  the  effectiveness  of  retrieving  information.  The  practice  of 
extract useful information from a set of documents is known as  Data Mining. To do 
this, we will  use techniques from statistics. Although, we will  analyze the extracted 
data.

There  is  a  methodology  called  vector  space  model  that  can  be  useful  to  index 
documents  and  it consists  in  an  algebraic  model  for  information  retrieval  and 
information filtering. Basically we can divide the vector space model in three parts: 

● document indexing:  we need to remove all  the non-significant words and 
extract significant terms, 

● term weighting: we can relate a word with a weight depending in how many 
times appears in a document, and if this word is common in a set of documents. 
● searching  coefficient  similarities:  there  are  many  techniques  to  see  the 
similarities of documents, and we can do that using the coefficient similarities 
which determine the similarities  of words with other.  We will  use clustering 
techniques using the weight of terms to find a relationship of documents.

[Raghavan & Wong, 1986]

For the document indexing, we have available different ways. It is possible to index 
by letter, word or sentence. But we are interesting on indexing process by word because 
we will  use  words  to  classify  documents  into  topics.  For  example,  if  we have  the 
sentence "The rabbit sends a little bill" we break the sentence into words, and each 
word is indexed separately. Now we have the words as a separate entity:

• The
• rabbit
• sends
• a
• little
• bill

What is a word then? A word is a regular expression defined by the language that we 
use, in this case, English. The regular expression that defines a word is:

That means that “word” is a set of letters (from A to Z and/or a to z) and digits of 
minimum length 2. Words have to start with a letter. [Sánchez,2003]

We will consider token as an atomic element within a string, where atomic element 
can be anything indivisible (can be words, letters, numbers, etc., but is needed to decide 
what we consider atomic element). For instance, in our case, tokens will be considered 
words (in general, digits of minimum length 2 beginning with a letter), as we will see 
further on. We will speak about tokenizing  as the operation of splitting up a string of 
characters into a set of tokens.

As we said, we need to analyze the content of a document. We will  extract each 
word. It means tokenize documents into words (tokens). These words will serve as an 
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indicator for the topic of the document. Of course,  not all the words have the same 
importance. We want to discard non-significant words such as articles, prepositions, 
etc. These words are called "noise" words, because these words do not contribute much 
to a search and increase the number of indexing words considerably.  Hence,  in the 
sentence  "The  rabbit  sends  a  little  bill"  words  as  for  instance  The  and  a  must  be 
discarded.  As we will see in next points, we will create a set of "noise" words that will 
be used as samples to filter words in documents.  The content of the set is called stop 
words. 

It is also useful to discard the word endings. This allows to map words in for instance 
singular and plural form or different verbs conjugations to the same root, giving us a 
smaller set of words (we avoid to repeat words with the same root and similar meaning). 
We will call it stemming process and we will base it in the  Porter Stem Algorithm 
[Porter, 1980] and it consist in search for the suffixes and perform some actions in a 
sequence of ordered steps. This process reduces words to the same token. For example, 
all suffixes ending with -'s, -s, -or '  will be removed; suffixes finished with -tional, 
-alism and -alize will  be replaced respectively by -tion,  -al  and -al.  We cut/replace 
suffixes until we have word roots:

The steps must be followed and each step consists in to search for the longest among 
the suffixes and depending its type, we will do an specific action for each particular 
suffix: delete it or replace for another suffix  (we need to have in mind that one word 
can have multiple suffixes, as plurals, diminutives, etc. and all them must be analyzed) 

The  Porter Stem Algorithm  is showed in the  Appendix A. To understand better 
what is going on, we will show a short example: 

Imagine  that  we  have  the  following  words: luxuriating,  hopefulness, 
possibilities. Is clear to see that all them are composed by more than one suffix. If 
we follow the steps of the algorithm, for each word we have to apply respectively the 
steps 1b, 2,  and  1a.  Hence,  luxuriating turns to  luxuriate (luxuriat + e 
because  after  delete  the  suffix  -ing  the  words  ends  -at),  hopefulness  turns  to 
hopeful (we can not delete two suffixes in the same step), possibilities turns to 
possibiliti (and not  possibility! In a next step we will analyze words ending 
with -biliti, that are words that come from the plural -bilities). With these results, we 
can see that we have more suffixes to analyze. We will apply the rest of the following 
steps. With that,  luxuriate turns to  luxuri by  step 4,  hopeful turns to  hope by 
step 3 and possibiliti turns to possible by step 2. Finally, the only word that can 
be analyzed is possible, that turns to possibl by step 5. Hence, the stemmed words 
are luxuri, hope, and possibl.

In short, if we apply the stemming and filtering words processes, in the sentence "The 
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Illustration 4: Porter Stemming Examples

CONNECT        ------------------------------>   CONNECT
CONNECTED  ------------------------------> CONNECT
CONNECTING  ------------------------------> CONNECT
CONNECTION  ------------------------------> CONNECT
CONNECTIONS ------------------------------> CONNECT

ADMINISTRATIVE ------------------------------> ADMINISTR
ADMINISTRATIONS -------------------------------> ADMINISTR
ADMINISTRATOR ------------------------------> ADMINISTR
ADMINISTRATE ------------------------------> ADMINISTR

COMMUNISM ------------------------------> COMMUN
COMMUNITY ------------------------------> COMMUN



rabbit sends a little bill"  we will have the output:  rabbit,  send,  littl,  bill.  The and  a 
articles are filtered and words as sends or little are stemmed to their roots.

4.3. Implementation
4.3.1. Indexing Software

Nowadays,  indexing  is  a  process  already  studied  by  researchers,  and  there  are 
available many tools that can be used to do that.  We were looking at the following 
indexing tools [Table 1]:

Tool Free? Language 
supported

Organization Open 
Source?

Link

Lucene yes Java Apache Jakarta yes http://lucene.sourceforge.net/

Web
Glimpse

no (trial 
version )

CGI Web Glimpse no http://webglimpse.net/

Managing 
Gigabytes

yes MSVC 6.0 GNU yes http://www.cs.mu.oz.au/mg/

Mifluz yes C++ GNU yes http://www.gnu.org/software/mifluz/

MnoGo
Search

Yes (Unix 
systems) No 
(trial 
version )

MSAccess, 
MySQL,Postgree
SQL,Interbase, 
Mimer and Cache 

MnoGoSearch yes http://search.mnogo.ru/

CheshireII yes C & XML Cheshire II  yes http://cheshire.lib.berkeley.edu/

Table 1: Indexing Tools

As we can see in table above we compare different indexing tools. A tool can be 
better  than other  depends on the the environment  and user's  needs.  For us the best 
choice is Lucene because:

• is a free tool, 

• is open source, and we can change the source code and use it in our program.

• is  supported  Java  language  (100% Java),  the  same  language  that  we  use  to 
implement our tool. 

• do not have external dependencies.

• the  core  algorithm is  simple  and  fast  and  is  based  on  a  context  free  suffix 
stripping.

• is a stable and several tested tool, and we can have a guarantee and also we have 
a confidence with Jakarta Projects. 

The other tools are not useful for us for some specific reasons: Mifluz is very simple, 
but is written in C++ and our idea is to use Java language. Managing Gigabytes and 
Cheshire II are also written in C. MnoGo Search is a free tool for Unix systems but not 
in Windows systems, and we would like an independent tool.

4.3.2. Indexing with Lucene
“Apache  Lucene  is  a  high-performance,  full-featured  text  search  engine  library 

written entirely  in  Java.  It  is  a  technology suitable  for  nearly  any application that  
requires  full-text  search,  especially  cross-platform.”  [Apache,  2004] Then,  we  will 
know Lucene as an open source Java project  that  adds text  indexing and searching 
capabilities to an application. As a Java Library, is required to know few Lucene classes 
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and methods if we want to use it. Its utilities are independent of each other, but text 
indexing affects text searching. It is easy to use, and easy to modify the source files to 
adapt them to our needings. This toolkit has an object-oriented architecture that allows a 
concrete use of this tool.

Basically, Lucene is useful for us because can be used for  indexing,  searching and 
document analysis (filtering meaningful words and words roots); but on the other hand 
Lucene  can  not  classify  texts,  create  an  ontology  and  process  the  information 
understandable for the user [Hatcher & Gospodnetic, 2004].

Indexing Process
As we explained in previous sections, this leads to two points:

• we have to apply a filter for these so-called stop words in the indexing process,

• we need to define a process to stem the words to their roots.

About the first point, we can find default stop word lists in German, English, Italian 
and other  languages in the Snowball  project's  website.  “Snowball  is  a  small  string 
processing language designed for creating stemming algorithms for use in Information  
Retrieval.” [Snowball-Tartarus, 2004] We can modify these lists by adding or removing 
words.  Snowball  project  offers  a  set  of  libraries  that  can  be  used  as  stemmers  for 
different languages. We will see in this chapter how, when and which of these Snowball 
libraries are used in our tool.

Indexing Process using Lucene
As we said,  Lucene is a Java Library and it  allows us the possibility to add text 

indexing  and  searching  capabilities  to  our  application.  We  have  available  a  set  of 
classes that we will use to accomplish the indexing process. We will show in the next 
sections the most relevant classes and which of them have been used in our application.

Tokenizers and Filters
To accomplish  the  stemming and filtering  processes  shown in  previous  sections, 

Lucene implements few methods belonging to an abstract class called TokenStream. 
This class is composed of two abstract subclasses: Tokenizer and TokenFilter.

1. Tokenizer is a  TokenStream and its input is a Reader. The class is at the 
same time the abstract base class for two classes:  StandardTokenizer and 
CharTokenizer. The first one, is a grammar-based Tokenizer and is useful 
for most European language documents. The second one, also is an abstract base 
class  for  simple,  character-oriented  tokenizers  and  there  are  few  classes 
extending of it: 

➢ LetterTokenizer: divides text at non-letters. Also, there is available 
LowerCaseTokenizer that  extends  from  LetterTokenizer,  and 
performs the function of  LetterTokenizer and  LowerCaseFilter 
(that normalizes text to non-capital letters) together. 

➢ WhiteSpaceTokenizer divides texts at whitespace.

➢ RussianLetterTokenizer:  extends  LetterTokenizer doing  the 
same function for Russian language.

2. TokenFilter is a TokenStream and its input is a TokenStream. There are 
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many classes extending from the TokenFilter abstract class, and each one is 
used for a different purpose:

➢ StopFilter removes stop words from streams of tokens. It forces to 
have a list of stop words that will be used to filter its words in the token 
stream.

➢ LowerCaseFilter normalizes token texts to lower case.

➢ PorterStemFilter is a class that stems streams of tokens (always in 
lower case) to their roots using the Porter Stemming Algorithm. Hence, 
is needed to use LowerCaseFilter or LowerCaseTokenizer before 
using this class.

➢ StandardFilter normalizes  tokens  after  using  Standard-
Tokenizer.

➢ GermanStemFilter stems German words.

➢ RussianStemFilter stems Russian words.

➢ RussianLowerCaseFilter normalizes token text in Russian language 
to lower case.

Next figure shows an UML of the TokenStream hierarchy:

Analyzers
The Analyzer class is used to extract indexable tokens and filter the rest.  Is used 

before indexing text. To do that, analyzer needs to use Tokenizer and TokenFilter 
classes. There are different implementations of the Analyzer. By default, Lucene can 
analyze  texts  of  three  different  languages:  English  (StandardAnalyzer),  Russian 
(RussianAnalyzer)  and  German  (GermanAnalyzer).  There  are  other  different 
analyzers,  such  as  the  StopAnalyzer,  WhiteSpaceAnalyzer, 
PerFieldAnalyzerWrapper and finally the SimpleAnalyzer. The common aim of 
these four is to tokenize and/or filter texts:
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➢ StopAnalyzer:  Filters  LetterTokenizer (that  divides  text  at  non-letters, 
such as digits and '.',',',':'...) with LowerCaseFilter and StopFilter.

➢ WhiteSpaceAnalyzer is  and  analyzer  using  the  WhiteSpaceTokenizer 
dividing texts at whitespace.

➢ PerFieldAnalyzerWrapper is  used  to  facilitate  scenarios  where  different 
fields require different analysis techniques. 

➢ SimpleAnalyzer filters LetterTokenizer with LowerCaseFilter.

Hence, the difference lies in how each one filters the text: if we want non-alphabetic 
characters we have to use  StopAnalyzer, but if we want to include these, such as 
digits and various punctuation characters, we should use StandardAnalyzer.

StandardAnalyzer,  GermanAnalyzer  and RussianAnalyzer  have the  same purpose, 
but each one for its own language, and with its own classes. For example, next figure 
shows how StandardAnalyzer works:

First, text is tokenized by the  StandardTokenizer. Its output is filtered by the 
StandardFilter,  the  LowerCaseFilter and  finally,   the  StopFilter.  This 
output does not fit in our problem. In previous sections about stemming, we showed its 
utility in our domain allowing us to reduce words to the same token discarding the 
words'  endings. To do that,  it  is needed the usage of  PorterStemFilter method. 
There  are  two  different  approaches:  the  creation  of  a  new  class  including  the 
PorterStemFilter,  or  the  reuse  of  an  existing  class  (e.g.  StandardAnalyzer, 
StopAnalyzer)  and  the  adding  of  the  PorterStemFilter. For  texts  written  in 
English,  we  have  chosen  the  first.  We  created  a  new  class  including  the 
PorterStemFilter which uses the same functionalities than the StopAnalyzer but, 
without reusing it directly as we will see later. 

While the StandardAnalyzer is a four step process, by default, StopAnalyzer is 
a two step process (LowerCaseTokenizer + StopFilter) . Thus,  StopAnalyzer 
is faster than the  StandardAnalyzer and less steps are needed while the result is 
approximately the same (we will show it  after explaining the PorterStemAnalyzer). 
Next figure shows an example of how our PorterStemAnalyzer works:
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Illustration 6: How StandardAnalyzer works (without stemming)

INDEXING TEXTS WITH LUCENE-M.M.
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StandardFilter
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indexing texts with MMlucene

mmwith

index texts lucene mm



Basically,  our  PorterStemAnalyzer calls  the  same  filters  that  are  called  in 
StopAnalyzer (LowerCaseTokenizer + StopFilter), but we do not reuse 
the  StopAnalyzer class (we use the same steps of the StopAnalyzer class, but 
not the class itself).  After apply both filters, we apply the  PorterStemFilter. It 
means that,  first, text is converted to lower case and after is applied the StopFilter 
with the stop words; finally we apply the PorterStemFilter to stem words to their 
roots. Is in this example where we can see the difference choosing StopAnalyzer or 
StandardAnalyzer: the first one, separates strings as “M.M.” to “m”,”m” while the 
other one tokenizes the same stream as “mm”. This is one of the reasons we decided to 
choose the PorterStemAnalyzer based on StopAnalyzer, because it is not useful 
for  us  to  classify  words  like “M.M.” because  they do not  convey meaning (simple 
characters are filtered by our stop word list).

Tokenizers, TokenFilters and Analyzers in different languages: Snowball
We told Lucene can analyze texts in English, German and Russian languages. There 

are  other  important  languages  that  may  need  indexing  with  Lucene,  like  French, 
Spanish, or any Scandinavian language. How can we do it? The answer is provided by 
the  Snowball  project,  which  is  contained  in  the  workspace  Lucene-Sandbox.  “The 
purpose of the Sandbox is to host various third party contributions, and to serve as a  
place  to  try  out  new  ideas  and  prepare  them  for  inclusion  into  the  core  Lucene  
distribution.” [Apache Lucene, 2003]

There are some projects related with Lucene-Sandbox like  SearchBean (browsing 
through the results of a Lucene search), SAX/DOM XML Indexing demo,  WordNet 
(Synonyms), Lucli (Lucene Command-line Interface), etc. But the most important for 
us is the Snowball project: “Snowball is a small string-handling language, and its name  
was chosen as  a  tribute  to  SNOBOL (Farber  1964,  Griswold 1968),  with  which it  
shares the concept of string patterns delivering signals that are used to control the flow  
of the program.” [Tartarus, 2004] Available stemmers in Snowball are in the following 
languages: French, Spanish, Portuguese and Italian, for the romance stemmers; German 
and  Dutch  for  the  Germanic  stemmers;  Swedish,  Norwegian  and  Danish  for  the 
Scandinavian stemmers.

We implemented a class called SwedishAnalyzer to have the possibility to index 
text in Swedish language. We used the Swedish Stemmer (or SnowballAnalyzer) to 
implement this class. SnowballAnalyzer is a class that calls the same tokenizers and 
filters  as  StandardAnalyzer,  but  the  stemmer  used  in  this  case  is  the 
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Illustration 7: How PorterStemAnalyzer works  
(StopAnalyzer+PorterStemFilter)
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SnowballFilter (instead, for example, to the PorterStemFilter showed before). 
One  could  say  that  the  SnowballAnalyzer is  the  StandardAnalyzer with  a 
SnowballFilter (which stems the tokenized  words). 

The unique difference between the different languages in Snowball is the parameter 
we have to pass to the  SnowballAnalyzer method: the name of the language. For 
example,  if  we  want  to  use  the  Swedish  Stemmer  we  have  to  call  the  method  as 
SnowballAnalyzer  analyzer  =  new  SnowballAnalyzer  (  "Swedish",  String[] 
SWEDISH_STOP_WORDS). The method is not previously created by Lucene libraries. We 
can create our own methods. We will see how it works our method: the next diagram 
(Illustration 8), shows easily the steps used to analyse and stem Swedish texts:

We have to filter the stop words in Swedish, that will be, as in English, a list of words 
not  useful  for  searching.  The  following  stop  word  list  has  been  taken  from 
http://snowball.tartarus.org/algorithms/swedish/stemmer.html. It is short if we compare 
with the English Stop Words. The reason is that  we do not have sufficient knowledge 
about the Swedish language and we had to use the default  stop words found in the 
Snowball website instead customizing it as we did with en English Stop Words.
private String 
SWEDISH_S
TOP_WORD
S[] ={

"och",
"det",
"att",
"i",
"en",
"jag",
"hon",
"som",
"han",
"på",
"den",

"med",
"var",
"sig",
"för",
"så",
"till",
"är",
"men",
"ett",
"om",
"hade",
"de",
"av",
"icke",
"mig",

"du",
"henne",
"då",
"sin",
"nu",
"har",
"inte",
"hans",
"honom",
"skulle",
"hennes",
"där",
"min",
"man",
"ej",

"vid",
"kunde",
"något",
"från",
"ut",
"när",
"efter",
"upp",
"vi",
"dem",
"vara",
"vad",
"över",
"än",
"dig",

"kan",
"sina",
"här",
"ha",
"mot",
"alla",
"under",
"någon",
"eller",
"allt",
"mycket",
"sedan",
"ju",
"denna",
"själv",

"detta",
"åt",
"utan",
"varit",
"hur",
"ingen",
"mitt",
"ni",
"bli",
"blev",
"oss",
"din",
"dessa",
"några",
"deras",

"blir",
"mina",
"samma",
"vilken",
"er",
"sådan",
"vår",
"blivit",
"dess",
"inom",
"mellan",
"sådant",
"varför",
"varje",
"vilka",

"ditt",
"vem",
"vilket",
"sitta",
"sådana",
"vart",
"dina",
"vars",
"vårt",
"våra",
"ert",
"era",
"vilkas"

};
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Illustration 8: Swedish SnowballAnalyzer 
(StandardAnalyzer + SnowballFilter)
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Storing analyzed texts: Documents and Fields + IndexWriter

Once we have the text analyzed, we need to store it. Lucene have classes designed to 
do that: Document, Field and IndexWriter. 

Documents are the unit of indexing and search and consist in a set of fields where 
each field has a name and a textual value and is stored with the document, where in 
which  case  it  is  returned  with  search  hits  on  the  document.  It  is  important  not  to 
confuse Document as unit of indexing and search in Lucene with document as a text 
that  we  need  to  categorize.  We relate  Document class  to  a  text  document  with  a 
relationship 1:1 (an IndexWriter contains a set of Documents with the information 
of a text document).

A field is a section of a Document. Each field has two parts. One of this parts is 
the name, and the other part is the value. Values may be free text in String or Reader 
format. Also, values can be atomic keywords, which are not processed. The keywords 
are used to represent dates, URLs, links, etc. We can distinguish  four different field 
types, and each one serves a different purpose:  Keyword.  UnIndexed,  UnStored , 
Text. Table 2 shows the differences of these types, showing in all cases if fields are 
tokenized, indexed and stored in the index:

Field Method/Type Tokenized Indexed Stored

Field.Keyword(String fieldname, String text) χ √ √

Field.UnIndexed(String fieldname, String text) χ χ √

Field.UnStored(String fieldname, String text) √ √ χ

Field.Text(String fieldname, String text) √ √ √

Field.Text(String fieldname, Reader text) √ √ χ

Table 2: Field Types Overview

Keyword can be used if we want to preserve the original value in its entirety, for 
example, such as telephone numbers, date, URLs, etc. We used this type of field in our 
project for storing the whole path of the folder which contains a document file: the field 
is called <id> and contains a path like “/var/www/html/project/files/text.txt”. 

UnIndexed fields have a special feature if we compare it with the other: fields are 
not indexed, but stored without tokenizing. Hence, value is stored in the index, but we 
do not consider it indexed, because the aim of indexing is, as we explained before, “the 
way to convert sets of data into a database suitable to easy search and retrieval”, and 
this stored data is not used as a search criterion). We can use it with fields that we need 
to display with search results without searching directly its values. It is because the 
type of the field is not indexed and trying to search could be slowly. For example, we 
can use this type of index to store document types (SXW, XML, PDF, HTML, and so 
on), only if they are not used as a search criterion. 

UnStored fields can be used if we want to index large amounts of text that are not 
necessary to retrieve in its original form, as for instance bodies of Web Pages.

Text fields can be searched. Depending the parameter (String or Reader) we will 
store or not the text in the index (but the first one is the usual way). An example can be 
any text that we want to tokenize, index and/or store. We used text fields in our project 
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to tokenize, index and entirely store the different documents. 
Finally, IndexWriter is  a  class  used  to  create  a  new  index  or  to  add  news 

documents to an existing index. It has a lot of methods, but the most important is the 
constructor  method  (  IndexWriter(Directory d,  Analyzer a,  boolean 
create) ), the first parameter is the directory where we will store the indexed texts, 
the second parameter is the Analyzer we would like to use (PorterStemAnalyzer 
and SwedishAnalyzer in our case), and finally the third is a boolean where we will 
say if we want create new index or rewrite the last one.

Now we can understand how the indexing part of our prototype program works. It is 
summarized in  Illustration 9. (SwedishAnalyzer is the same case, we only need to 
replace PorterStemAnalyzer for that one).
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Illustration 9: Creating Lucene Index with Porter Stemming Algorithm
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5. Building an ontology
5.1. Constraints

Until now we have shown how to obtain metadata from texts via a Lucene Index. The 
next step is to use this information to create an ontology.

The aim of this thesis is to implement a system that can create an ontology from 
documents. To do this we have to analyze the extracted index. We decide to use a 
clustering analysis. This analysis consists in organize the set of documents into clusters 
based on the similarity between documents. [Jain,Murry & Flynn, 1999]

But to organize the set of documents, we have to choose a pattern of similarity. Two 
documents will be similar if the information contained is about the same topic. Because 
of the fact that the system is not allow to interpret the semantic of the text we have to 
consider that two documents are similar if its contain the same words. Two documents 
has more similarity as more words in common contains.

In the next section we will explain how can we build an ontology from the indexed 
metadata. Basically we will base our investigation in the clustering methods. We will 
show two important ways to create an ontology: supervised learning and unsupervised 
learning. Also we will show which algorithm we have available to create the ontology 
and we will explain the main points of each algorithm.

5.2. Clustering
There are different ways to create an ontology, depending on the type of learning that 

we use. There are two types of learning process:

• Supervised learning

• Unsupervised learning

In  supervised learning the computer is trained under human supervision to learn 
how to classify new, previously unseen data patterns. The human supervisor can be seen 
as a "teacher" and the computer as "student". Supervised learning corresponds to using 
labeled training sets to derive automatic classifiers.

In  unsupervised  learning  the  computer  can  take  decisions  without  human  help. 
Unsupervised  learning  is  a  method  of  machine-learning  where  a  model  is  fit  to 
observations. We can understand machine-learning as a method for creating computer 
programs by the analysis of data sets (it means, develop techniques which allow 
computers  to  “learn”).  A  difference  from  supervised  learning  is  the  fact  that  in 
unsupervised learning there is no a priori output and in the other one we need to provide 
training  sets.  In  unsupervised  learning,  a  data  set  of  input  objects  is  gathered. 
Unsupervised learning then typically treats input objects as a set of random variables. A 
joint density model is then built for the data set. [Hinton & Sejnowski, 1999]

What is Clustering?
“A  cluster  is  a  number  of  similar  things  growing  together.  The  definition  of  

clustering  in  Data  Mining  is  a  process  of  partitioning  a  set  of  data  in  a  set  of  
meaningful sub-classes called clusters.” [Zaïane, 1999]

Clustering is an unsupervised learning method to structure a collection of unlabeled 
data  [Tariq Rashid, 2003]. In clustering we do not have predefined classes.  [Zaïane,
1999]
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In the next figure Illustration 10 we can see a  conceptual model of a cluster. In this 
case we have four clusters in which the data is grouped with the similarity criteria of 
distance. We have two characteristics for classifying the elements: characteristic x and 
characteristic  y.  Depending  on  these  characteristics,  objects  are  situated  in  a 
bidimensional space (the space is bidimensional because we have two characteristics). 
Two or more objects belong to the same cluster when they are close in the space, in 
other words, when the distance between them is small. The name of this method of 
clustering is called distance-based clustering. [Rashid, 2003]

There  is  another  type  of  clustering,  called  conceptual  clustering.  It  is  based  on 
grouping  objects  depending  on  their  conceptual  descriptions.  Two  or  more  objects 
belong to the same cluster when they have similar descriptions. The cluster describes 
the common features of all contained objects.[Rashid, 2003]

The goal of clustering is to establish meaningful groups of patterns in unlabelled data 
sets. Which is the best way to come to a good clustering? There is not a single best 
criterion to determine clusters. For this reason,  users have the last word to evaluate the 
results of a clustering. There are several ways  of representing clusters. Duran and Odell 
in 1974 [Duran & Odell, 1974] and Diday and Simon in 1976 [Diday &  Simon, 1976] 
suggested  the  following  representation  schemes,  where  would  be  desirable  to 
accomplish the 3 requirement, but not always is possible as we will see further on:

(1) Represent a cluster of points by their centroid [Zaïane, 1999] or by a set of distant 
points in the cluster. (all the approaches can follow this requirement).

(2)Represent  clusters  using  nodes  in  a  classification  tree  (only  determinate 
algorithms based in tree classification can use this requirement)

(3)Represent  clusters  by  using  conjunctive  logical  expressions.  For  example,  the 
expression [x1>3][x2<2] stands for the logical statement 'x1 is greater than 3' and 
'x2is less than 2. (only determinate algorithms can use this requirement)

Figure Illustration 11 shows these different representations schemes.
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Illustration 10: Conceptual model of a cluster 
[Jain,Murry & Flynn, 1999]
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Possible Applications
Clustering algorithms have been used in a large variety of applications [Jain,Murry &
Flynn,  1999] [Rasmussen,  1992] [Oehler  &  Gray,  1995] [Fisher,  1993].  We  will  see  several 
applications of clustering algorithms in four areas:

1. image segmentation
2. object and character recognition
3. document retrieval
4. data mining

The last two areas are very related to this paper, as we explained at the beginning of 
chapter 4.

Requirements
The main requirements of clustering algorithms are:

Clustering algorithms should be scalable because work well when we have small and 
big datasets. When we apply clustering algorithms, the input data has different types of 
attributes as, for example, interval-based, binary, categorical  (nominal),  ordinal and 
mixture of all or any of these data types.  Algorithms should to  discover clusterings 
with arbitrary shape, for this reason we have to use clustering algorithms based on 
Manhattan or Euclidean distance measure because these usually find spherical clusters 
with similar size and destiny;  if  we obtain a  non-spherical  cluster  it  is  because the 
distance measure that we use. Clustering algorithms should be  insensitive to domain 
knowledge based   input  parameters,  to  control  the  clustering  difficult.  Clustering 
algorithms should be insensitive to noise and outliers patterns. Clustering algorithms 
should  be  insensitive to order of  input  parameters,  because  in  many  clustering 
algorithms, results depend on the order in which input data  is  presented.  Clustering 
algorithms should have  high dimensionality, because many clustering algorithms are 
good at low dimensions of 2 or 3. Clustering algorithms should be able to deal within 
specified constraints. Clustering algorithms should to obtain  results that are usable 
and interpretable. And finally, clustering algorithms should fetch database access less 
or equal than two times, because. Otherwise, results obtained, add an additional cost 
scalable with high dimensionality.

[Narashima, Ravindra & Agrawal]
Problems
Clustering algorithms present some problems. The requirements shown in the last 

section are difficult to accomplish, for this reason current clustering techniques do not 
achieve  all  the  requirements.  Current  clustering  algorithms  have  a  high  complexity 
when we operate with more than 3 dimensions and large number of data. Also, the 
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Illustration 11: Representation of clusters by a classification tree or by 
conjunctive statements [Jain,Murry & Flynn, 1999]
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effectiveness depends on the definition of distance that we use, that makes the problem 
bigger if we have input data in a multi-dimensional space.

Because of the fact that a distance measure is difficult to define, we will give to the 
reader a good definition to understand how clustering algorithms work.

Distance Measure
The distance measure between the data points is the most important component in 

clustering algorithms. We can use Euclidean distance in the case that we have vectors in 
the  same  physical  unit.  The  result  of  the  clustering  algorithm  depend  on  the 
mathematical formulas used to calculate the distance between the data feature vectors. 
Different formulas lead to different clusterings. 

Minkowski Metric
When we have to long numbers of dimensional data a good measure is Minkowski 

Metric. In the following formula we can see the function of the Minkowski Metric.

where d is the dimensionality of the data, xi and xj are two points in the space. If p=2 
is turned into the Euclidean Distance, for p=1 is turned into the Manhattan Distance. 
[Rashid, 2003]

Cosine Measure
Another measure of similarity for text clustering is the formula that consists on the 

cosine of the angle between two vectors [Strehl, 2002]. In the following formula we can 
see the function of the Cosine Measure.

Illustration 13: Cosine Measure

   

where Xa and Xb are two points in the space.

The most popular algorithms are:

• K-means
• Fuzzy C-means
• Hierarchical clustering
• Mixture of Gaussians

We will show how they work in the following sections.
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Illustration 12: Minkowski Metric

                    d                           p    (1/ p )

d p(xi ,xj )= ( ∑| xi,k – xj,k|  )
                               k-1

sC xa , xb=
 xa⋅xb

∥xa∥2⋅∥xb∥2



5.2.1. K-means Algorithm
K-means  [MacQueen, 1967] is a simple unsupervised learning algorithm to cluster 

objects.  The  procedure consists  in  classifying  a  given data  in  a  certain  numbers  of 
clusters (K clusters) fixed before applying the algorithm. We have to define k centroids, 
one for each cluster. These centroids are chosen as much as possible far away from each 
other. The next step consists on taking each point belonging to a given data set and 
associate it to the nearest centroid. When all the points are classified, the first step is 
finished. After we have to re-calculate k new centroids as barycenters of the clusters 
resulting from the previous step.  Once we have the news centroids,  we have to do 
another  iteration  between the data  set  points  and  the  nearest  new centroid.  In  each 
iteration of the loop, the k centroids change their location step by step until the centroids 
do not move any more. [Rashid, 2003]

The following formula calculate the Euclidean Distance between the data points and 
the centroid:

Illustration 14: Euclidean Distance

where  ∥x j
i
−c j∥

2

is a chosen distance measure between a data point  x  j 
i

and the cluster center, c j is an indicator of the distance of the n data points from their 
respective cluster centers.

The algorithm consists in the following steps:

1. Choose k points randomly into the space that will be represented by the objects 
that will be clustered. These data points will be the initial group centroid.

2. For each data point assign it the cluster that has the closest centroid.

3. When all the objects have been assigned to the clusters, recalculate the positions 
of the new k centroids.

4. Repeat the steps 2 and 3 until de k centroids do not change its positions.

The procedure always finishes, but k-means algorithm does not always find the best 
solution. This is because it is sensible to the initial, randomly selected cluster centres. 
The advantage is its adaptability to many problems domains and its simplicity. Besides, 
it is a good solution to work with fuzzy feature vectors. [Rashid, 2003]

Remarks
• We can initialize the means randomly (the most popular way)
• The result of the algorithm depends on the initial values for the means, for this 
reason, it is important to choose the means well, and to try a number of different 
starting points.
• It could happen that the set of samples close to mi  is empty, in this case mi

can not be updated.
• The  result  depends  on  the  metric  used  to  measure ∥x−mi∥ .  It  is  usual  to 
normalize  each  variable  by  its  standard  deviation,  but  not  always  it  is  the  best 
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solution.
• The results depend on the number of cluster (k) that we choose.

5.2.2.Fuzzy C-means clustering
Fuzzy c-means (FCM) is an algorithm that allows one data point to belong to two or 

more  clusters.  This  method  was  developed  by  Dunn  (1973)  and  was  improved  by 
Bezdek (1981). In this method is used the pattern recognition, based on minimization of 
the formula belows:

Illustration 15: Formula of  
pattern recognition

where m is a real number that takes values 1m∞ ,
u ij the degree of membership of x i in the cluster j,
x i is the ith of d-dimensional measured data, 

c j is the d-dimension center of the cluster,

∥x∥ is any norm expressing the similarity between any measured data and the 
center.

Fuzzy partitioning can have an optimization of the formula above only updating the 
membership u ij and the cluster centers c j using the formula below:

        u ij=1/∑
k−1

C

∥x i−c j∥/∥xi−ck∥
2 /m−1  , c j=∑

i−1

N

u m
ij

· x i/∑
i−1

N

u m
ij


This  iteration  will  stop  when maxij∣u
k1

ij
−u k 

ij
∣ ,  where    is  a 

termination criterion between 0 and 1, whereas k are the iteration steps. This procedure 
converges to a local minimum or a saddle point of Jm.

The algorithm is composed of the following steps:

1. Initialize U=[uij] matrix, U(0) 

2. At k-step: calculate the centers vectors C(k)=[cj] with U(k)

                                     c j=∑
i−1

N

u m
ij

· x i/∑
i−1

N

u m
ij
  

3. Update U(k) , U(k+1)

                                    

u ij=1/∑
k−1

C

∥x i−c j∥/∥x i−ck∥
2 /m−1 

4. If || U(k+1) - U(k)||<  then STOP; otherwise return to step 2. 
[Rashid, 2003]
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Remarks
As  we  explained  before,  data  points  are  bound  to  each  cluster  by  means  of  a 

Membership formula or function, that represents the fuzzy behavior of this algorithm. 
To apply this function, we have to build a matrix whose factors are numbers between 0 
and 1, and represent the degree of the membership between data and centers of clusters. 
For understand better this we can see an example of one dimension. 

In this picture we can identify two clusters of the two data concentrations. We will 
refer to the two clusters as A and B. In k-means we have seen that each cluster  is 
associate to a centroid, but in fuzzy c-means the membership function looked like this:

In the FCM approach, the same data points do not belong to a exclusive cluster. The 
membership function follows a smoother line to indicate that every datum may belong 
to several clusters with different values of the membership coefficient.

5.2.3. Clustering as a Mixture of Gaussians
Model-based clustering consists in using a statistical distribution model to fit the data 

into  the  model.  Each  cluster  is  represented  by  a  parametric  distribution:  Gaussian 
(continuous distribution) or Poisson (discrete distribution). The data points are assumed 
to be modeled by a mixture of these distributions. An individual distribution used to 
model a specific cluster is often referred to as a component distribution.

A mixture model has the following properties:

• component distributions have high “peaks”

• the mixture model “covers” the data well

Main advantages of model-based clustering:

• well-studied statistical inference techniques available

• flexibility in choosing the component distribution

• obtain a density estimation for each cluster

• a “soft” classification is available

[Zaïane, 1999][Dempster, Laird &  Rubin, 1977]

Mixture of Gaussians
Mixture of Gaussians is a clustering algorithm usually used when we need as result 
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Illustration 16: Example of Fuzzy C-means of one dimension [Matteucci, 2003]
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clusters centered on their barycenters as we can see in the illustration below:

In the picture above we can see the grey circle representing the first variance of the 
distribution.

The algorithm works in this way:

• it chooses the component (the Gaussian) at random with probability Pi

•  it samples a point N i , 2  I 

Let’s suppose to have:

• x1 , x 2 , ... x N  

• Pi  ,... , P K  ,  

We can obtain the likelihood of the sample: Px∧i ,1 ,2 , ... ,K ;  .

What  we  really  want  to  maximize  is  Px∧1 ,2 ,... ,K ;  (probability  of  a 
datum given the centers of the Gaussians).

Px∧ i=∑
i

Pi Px∧i , 1 , 2 , ... , K ;

which is the base to write the likelihood function:

Pdata∧ i=∏
i−1

N

∑
i

Pi P x∧i ,1 , 2 ,... ,K ;  

Now we should maximize the likelihood function by calculating   L/ i =0 , 
but  it  would be too difficult.  That’s  why we use a  simplified algorithm called EM 
(Expectation-Maximization).

[Zaïane, 1999]

5.2.4. Hierarchical clustering algorithm
The  Hierarchical  agglomerative  Clusterings  Algorithm  was  defined  by  Johnson 

(1967). The algorithm proceeds as follows: given a set of n object to be clustered,  a 
matrix  of  dimension n*n  is  built.  The elements  of  the  matrix  specify the distance 
between the n objects. The method follows these steps:

1. We assign each object to a cluster. At the beginning of the algorithm we have n 
clusters, one for each object. Then, we calculate the distance (similarities) between 
the clusters (or between the items they contain).

2. We determine the pair of most similar clusters. Once we find these clusters we 
merge them into a single cluster, thereby reducing the number of remaining clusters 
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Illustration 18: Example of clustering 
using Mixture of Gaussians
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by one.

3. We calculate the distances between the new cluster and the other clusters and 
update the distance matrix.

4. We have to repeat the steps 2 and 3 until all objects are clustered into a single 
cluster of size N.

If we want a number of k clusters (k<N), we take the complete hierarchical tree and 
cut the k-1 longest links (upper levels of the tree). In Illustration 19 we can see that if 
we want to have two clusters we have to cut 1 link (the upper one).

Step 3 can be done in different ways:

• single-linkage clustering (also called  connectedness  or  minimum method): we 
calculate the distance between two clusters as the shortest distance from any member 
of one cluster to any member of the other cluster. If the data consist of similarities, 
we consider the similarity between one cluster and another cluster to be equal to the 
greatest similarity between the two clusters.

• complete linkage clustering (also referred to as diameter or maximum method): 
we calculate  the distance between two clusters  as the greatest  distance from any 
member of one cluster to any member of the other cluster.

• average-linkage clustering : we calculate the distance between two clusters as 
the average distance from any member of one cluster to any member of the other 
cluster. 

• A variation of average-linkage clustering is the UCLUS method, defined by R. 
D'Andrade in 1978, which uses the median distance.  This method is  much more 
outlier-proof than the average distance.

This kind of hierarchical clustering is called agglomerative because it merges clusters 
iteratively. There is a divisive hierarchical clustering that does the reverse  by starting 
with all objects in one cluster and subdividing them into smaller pieces. But divisive 
methods  are  not  generally  available,  and  rarely  have  been  applied.  [Johnson,
1967][D'andrade, 1978]

Problems
The main weaknesses of agglomerative clustering methods are:

• they do not  scale well:  time complexity  of at  least  O(n2),  where n is  the 
number of total objects; 
• they can never undo what was done previously. 

[Johnson, 1967][D'andrade, 1978]
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Illustration 19: Pruning a hierarchical tree

One cluster Two clusters



5.2.5. Choosing a clustering algorithm
The Table 5 shows a comparison of the explained algorithms.

K-means Fuzzy C-means Hierarchical Mixture of 
Gaussians

Procedure Consists in 
classifying a given 
data in a certain 
number of clusters 
fixed before 
applying the 
algorithm.

Data points are bound to 
each cluster by means of 
a Membership formula or 
function. The algorithm 
allows one data point to 
belong to two or more 
clusters.

Given a set of objects 
to be clustered, we 
have a matrix of n*n 
dimensions with the 
distance between the 
n objects. We 
repeatedly cluster the 
pair of objects that 
are closest. Finally, 
we have one cluster 
that involve all the 
objects.

Consists in using 
certain model of 
clusters and 
attempting to 
optimize the fit 
between the data and 
the model. Each 
cluster can be 
represented by a 
parametric 
distribution.

Data Input Points in the    k-
dimensional space.

Points in a one dimension 
space.

N items to cluster and 
a N*N distance 
matrix.

We have n 
components and the 
probabilities.

Initialization k points(centroids) 
represents the k 
clusters.

A matrix with n columns 
representing the clusters, 
and m rows representing 
the data points, initialized 
to zero.

We assign each item 
to a cluster.

We have a vector of 
components and a 
vector of 
probabilities.

Process Assign data points to 
the nearest centroid. 
Then, recalculate the 
K centroids.

Calculate the centers 
vectors and the 
membership of each 
point to this center.

Calculate the 
minimum distance 
between two items 
and cluster these two 
items.

E- step: We have to 
sample each 
component to a 
probability to 
calculate the 
parametrical 
distribution.

M-step: We calculate 
the circularity of each 
cluster.

Result Clusters represented 
by a centroid. The 
result of the 
algorithm depends 
on the initial values 
of centroids

Clusters represented by a 
membership function. 
Different initializations 
can cause different 
results.

A Cluster that 
involves all items. 
This cluster is a tree 
that shows a 
hierarchy of clusters. 
Optimal results but 
the time complexity 
is O(n²)

Clusters are a 
component 
distribution 
represented by a 
point. This method is 
flexible and obtains a 
density estimation of 
each cluster.

Type of  
clustering

A data points 
belongs to one 
cluster.

A data point can belong 
to two or more clusters, 
this data point has a 
degree of membership 
between 0 and 1.

A data point belong 
to one cluster, but 
this cluster belongs to 
a another cluster.

A data point only 
belongs to one 
cluster.

Table 3: Comparing Clustering Algorithms
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5.3. Implementation
If we choose the  k-means algorithm to classify documents we have to decide how 

many clusters we want to have before applying the algorithm. That means that we have 
to make an hypothesis about the topic of the input documents to have good results.  In 
case we choose the number of topics well, we will have a static number of topics. We 
are interested in creating an ontology that can grow dynamically. Hence, we need to 
have a number of clusters depending on the metadata of the documents, and we need to 
allow that the number of clusters can change for each set of documents, for this reason 
we discard this algorithm.

If we choose the  Fuzzy C-means algorithm  we have the same problem, we have a 
fixed number of clusters. Also, we can obtain different results depending on different 
initializations. But, using this algorithm an input document can belong to one or more 
clusters at the same time, and this characteristic could be a plus to create an ontology. 

If we choose the Mixture of Gaussians we can have a number of clusters depending 
on the density estimation of each cluster, and this is not in our aim, because with this 
algorithm  the  representative  of  each  cluster  is  a  document  and  a  distribution  of 
documents that belongs to the cluster.  This do not have a lot  of sense to create  an 
ontology of topics because all the documents have the same weight when we represent 
the topic.

Finally, we choose the Hierarchical Clustering Algorithm. The number of clusters 
(topics in our case) depends on the documents that we want to classify and does not 
have to be decided upon a priori. Also, with this algorithm we automatically obtain a 
hierarchical classification with generalization and specialization relations. Applying an 
agglomerative hierarchical clustering algorithm we follow the philosophy of an bottom-
up ontology (see chapter 2, about ontologies). 

Conclusions
Classifying  texts  with  the  hierarchical  clustering  algorithm  has  advantage  and 

disadvantage. Some of these are:

Advantages Disadvantages
• This method do not  need to  use  learning 

algorithms
• We  have  a  hierarchical  classification  of 

documents

• the  algorithm  do  not  take  care  of  the 
meaning of the words. 

• The  method  do  not  use  semantic 
relationships between the words.

• Very slow, with a complexity of O(n²)
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6. Serializing an ontology
At this point we have a way (clustering) to relate (classify) documents. Now, is the 

moment to use this classification to serialize an ontology. Once we have clusters of 
documents  we  have  to  save  this  onto  a  storage,  that  means that  we have  to  use  a 
language, and we are thinking to use a language based in XML to save this information 
because its adaptability to the web and to other known languages (Java, C++,etc.). At 
the end of this step we will have created an ontology from clustered metadata.

6.1. Available serialization formats
We have available different languages and tools to serialize our ontology. We will 

explain these languages and we will realize a comparison among them.

6.1.1. Conceptual Maps
Conceptual  maps  are  artifacts  used  for organizing  and  representing  knowledge. 

[Novak, 1984] Conceptual maps consist on concepts and relationships between concepts 
or propositions. A  concept is defined as an event or object labeled with a word. A 
proposition is an statement of an object or an event. Each proposition has two or more 
concepts that are connected with other concepts forming a meaningful statement. In the 
illustration  we  can  see  that  concepts  are  represented  by  boxes  and  proposition  are 
located over the arrows that relate concepts. 

In a concept map we can represent a hierarchical relationship from the most inclusive 
concept to the most general concepts. But his hierarchical relationship depends on the 
domain of knowledge and on the context in which we are applying the conceptual map. 
The best way to build a concept map is represent an answer of a particular question, as 
"What is a dog? Dog is a mammal."

Also, in a concept map we have the inclusion of "cross-links", that are relationships, 
or propositions, between concepts in different domains. Cross-link can be used to watch 
how are represented domains of knowledge in a conceptual map and how these domains 
are related.

In short, a concept map is characterized by a hierarchical structure and cross-links.

6.1.2. Thesauri
A thesaurus consists in a set of words plus a set of relations between them [Jing &

Croft,  1994].  According  to  Jing  and  Croft  (1994)  a  thesauri  has  three  subjects  to 
consider when we are interested in Information Retrieval. These subjects are:

• Construction: We can construct a thesauri manually or automatically.
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Illustration 20: Example of a conceptual map

dog
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hair
cat

friendly
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is is
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• Access:  A thesauri can be accessed and used to improve or expand a given 
query.

• Evaluation: When  we  have  to  finish  the  construction  phase  we  have  to 
evaluate  it  to  check  how good it  is.  Thesaurus  built  manually  are  evaluated 
checking the soundness, the coverage of the classification and how items are 
selected.  Thesaurus build automatically are evaluation thought queries to see 
how information retrieval is or not is effective.

[Jing & Croft, 1994]

We can see some differences between an automatic thesauri and a manual thesauri. 
We construct a table Table 4 comparing them.

Manual Thesauri Automatic Thesauri

Contains relations as antonyms and synonyms. Contains relations as Broader Term (BT), Narrow 
Term (NT), Used For (UF), Synonym Of (SO) and 
Related To (RT).

It is expensive to build. It  is  a  collection-dependent,  it  depends  on  the 
database used.

It is hard to update. It is effective.

It is a tedious task. Usually,  is  used  only  one  type  of  these  five 
relations  in automatic thesauri to facilitate the task 
of  establish the relations between words.

Table 4: Manual Thesauri vs. Automatic Thesauri

In the context of an hospital we can see an example of a thesaurus with the following 
terminological  relationships  (where  CD  and  ID  are  different  departments  in  the 
hospital):
(ID.Patient RT ID.Doctor), (CD.Nurse RT CD.Patient),
(CD.Patient RT CD.Physician), (CD.Patient RT CD.Exam),
(ID.Patient BT ID.Dis_Patient), (ID.Patient RT ID.Test)
The  relations  derived  from  WordNet are  the  following:  (ID.Doctor  BT 

CD.Physician), (ID.Test SYN CD.Exam), (CD.Patient.name BT ID. 
Patient.first_name),(CD.Patient.name BT ID.Patient.last_name).

Example taken from [Bergamashi, Castano & Vincini, 1999]

6.1.3. R.D.F.
Resource Description Framework (RDF) has been developed by W3C to manage the 

volume  of  information  that  the  web  contains.  RDF  is  a  foundation  for  processing 
metadata.  [Lassila & Swick, 1998] RDF is based in the Extensible Markup Language 
(XML) syntax, for this reason RDF can specify semantics for data based on XML and 
RDF syntax is similar to XML syntax.

The goal of RDF is to describe resources without determine any assumption about the 
application domain, that do not define the semantics of any application domain a priori. 
RDF system has a hierarchical organization of classes that can be extensible through 
subclass  refinement.  RDF  support  re-usability  sharing  schemes,  and  allows  to  mix 
definitions to enrich the ontology. 

The basic data model of RDF can be represented in three formats: 3-tuples (triples), 
in XML language or as a graph. All formats are related. RDF present different sets: 
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resources,  literals,  properties (subset  of  resources),  statements  (consists  in  the triple 
{predicate -properties-,subject -resources-,object -literals-}).

RDF model represents a set of properties and their values. Also, these RDF properties 
represent relationship between resources. The RDF model can be resemble an entity-
relationship diagram as we can see in the following illustration, which is the graphic 
representation of the RDF model:

The diagram [Illustration 21] can be expressed as a triple: 

{Creator, Lord Of The Rings, "J.R.R. Tolkien"}

Also, can be expressed in XML language as follows:
<?xml version="1.0"?>
<rdf: RDF xmlns: rdf="http://www.w3.org/TR/WD-rdf-syntax#" 

xmlns: s="http://description.org/schema">
<rdf: Description about="Lord of the rings">

<s: Creator> J.R.R. Tolkien </s: Creator>
</rdf: Description>

</rdf:RDF>  
The "s" in the RDF is the prefix chosen by us to refers a specific namespace, and it is 

defined in a XML namespace declaration as follows:
xmlns: s="http://description.org/schema"
The diagram [Illustration 21], the triple and the XML example are the representation 

of the sentence:
J.R.R. Tolkien is the Creator of "Lord of the rings".
Hence, this sentence can be divided in three parts as follows:

Subject (Resource) Lord of the rings

Predicate (Property) Creator

Object (literal) J.R.R. Tolkien
As we can see in the table above they are three object types in a RDF model:

• Resources: Resources are objects that are described by RDF expressions.

• Properties: Properties can be a specific aspect, a characteristic, an attribute, 
or a relation used to describes resources.

• Statements: Statements  consists  on  a  specific  resource  with  a  named 
property and the value of this property for this resource.

We can observe that these parts can be called the subject, the predicate and the object 
respectively.  RDF can  make  statements  about  other  RDF statements.  To do  that  is 
needed to apply a process called reification, which consists in  to model the original 
statement as a resource with four properties:  Resources, Properties, Statements, 
Types. The first three properties, are resources representing specific properties in the 
original statement. The last one describes the type of the new resource, and all reified 
statements are instances of RDF:Statement.  Hence, we can express reification of the 
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Illustration 21: Entity-relation diagram example

Lord of 
the rings J.R.R. TolkienCreator



showed triple as a new resource X as a new triple:

{type,[X],[RDF:Statement]} 
{predicate,[X],[creator]} 
{subject,[X],Lord Of The Rings} 
{object, [X], "J.R.R. Tolkien"} 

Also, RDF allows to describe groups of things. We can do that using Containers, and 
we can find three types: bag, sequence and alternative. The first one is usually used 
when the order of the members is not important and can include duplicate members. 
Also, the second one use duplicate members, and can be used when the order of the 
members is important. The last one, is used when we need to add alternative resources 
or literals.

[Lassila & Swick, 1998]

Finally,  in  RDF  there  are  resources  labelled  with  a  URI  (Uniform  Resource 
Identifier) that is a "compact string of characters for identifying an abstract or physical  
resource" [Berners-Lee, 1998]

6.1.4. O.W.L.
OWL is  a  language  developed  by  W3C  (World  Wide  Web  Consortium)  and  is 

influenced by many existing languages as RDFS [Dublin Core, 2003],SHOE [Hendler
&   Heflin,  2002],OIL  [Decker,Fensel,Staab  &  Co.,  2000],  DAML-OIL  [Horrocks,
Fensel, Decker & Co., 2000]. OWL [Hendlers, Horrocks, McGuiness & Co., 2004] is 
used to represent information about categories of objects and how are they interrelated 
(ontologies)  and  about  objects  themselves  (data).  Hence,  it  is  supposed  to  be  an 
ontology language.

OWL shares characteristics  with RDF language.  For instance,  OWL, as the RDF 
Schema, can declare and organize classes in a subclass hierarchy, and these classes can 
be related with other with a logical combination (unions, intersection, complements). 
OWL can declare properties and organize it in a “sub-property” hierarchy providing 
domains (OWL classes) and ranges (OWL classes or external-defined datatypes)  to 
these properties, as in RDFS. Also, as in RDFS, can state properties such as transitive, 
symmetric, functional or if this property is the inverse of another one. We can express 
with OWL which objects (known as  individuals) are belonging to which classes and 
what are the property values of specific objects.

The difference between RDFS and OWL is that the second provides restrictions that 
RDFS can not ("RDFS Vocabulary might describe limitations on the types of values  
that are appropriate for some property"  [W3C, 2004], but can not distinct values as 
OWL do).  Hence,  OWL allows the using of specific  and distinct values  [Horrocks,
Patel-Schneider & Harmelen, 2003]. For instance, we can declare classes as Subject, 
History,  Science,  Book,  where  Animal and  History are  disjoint  classes, 
History and Science distinct  individuals, but Book can be members of Science 
and History, and both are instances of Subject. With RDFS we only can say that 
History and  Science are  instances  of  Subject,  and  book is  an  instance  of 
History and  Science.  Then,  the difference  basically  remains  in  that  OWL can 
define more explicitly objects and class properties.

OWL can be used as an extension of RDF and actually we can find three types of that 
language: OWL DL, OWL Lite, OWL Full. The first one is a friendly-syntax version of 
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OWL with decidable inference that can be written in a Description Login manner (using 
axioms and facts). The second one is used when we need more tractable inferences, 
where basically unions and complements are prohibited, intersection are restricted and 
limits all embedded descriptions to concept names.. Finally, OWL Full is used when we 
need the best compatibility with RDF/RDFS, commonly used as an extension of RDFS.

As a language that use XML and can be used by RDF, OWL 's syntax have to be easy 
to read to be easily created and understood, and is adapted to XML and RDF languages; 
hence, OWL can not take advantage of all its possibilities. Also, OWL have a limited 
expressiveness  that  excludes  operations  such  as  axioms  with  variables  (property-
chaining). Other issues, are the non-supporting fine-grained operations as for example 
importation  of  parts  of  ontologies,  no  notion  of  operations  on  data-types  (integer 
arithmetic  or  string  operations),  and  the  lack  of  non-monotonicity  as  for  instance 
localized closed world assumptions).

6.1.5. Topic Maps
“The origins of the topic maps paradigm itself date back to 1993. Early in 2000,  

after several years of continuous effort by an international group of individuals, the 
topic  map paradigm was fully formalized for the first  time as an ISO International  
Standard, ISO/IEC 13250:2000.” [Pepper , 2002]

Topic Maps is a knowledge representation where the author denotes  a set of topics 
and the relationships between these . The complexity of a Topic Map depends on the 
number of topics. We can consider a topic as a representation of an object or thing in 
the  real  world.   We  might  have  relevant  information  about  a  topic,  we  call  this 
additional information resource data.

Topic Maps is a XML language. Hence, we can have references such as links in a 
web page. We can associate topics, and specify a role for the topic in the association. 
But the most important  characteristic about Topic Maps is the possibility to specify the 
relationship between objects.

Some possible applications of Topic Maps are:

• Navigability:  shows all  concepts related with a main concept,  being more 
intuitive  to  navigate  than  other  serialization  languages  based  on  information 
retrieval.

• Improving  questions  on  the  Internet,  using  the  words  of  the  question  to 
navigate through the Topic Maps to find the answer more suitable.

• Personal agents to improve the effectiveness accessing into web, then agents 
can navigate into web using a Topic Maps to access to the themes that the agent 
search.

The Topic Map standard is an ISO that aims at increasing navigability of the Internet. 
In principle, a topic map consists of a set of topics, associations and occurrences. This 
set  is  commonly  known  as  TAO  (T  is  for  Topic,  A  for  Associations  and  O  for 
Occurrences).  [Pepper  ,  2002].  Relationships  are  two-way,  and with Topic Maps is 
easier to represent complex relationships we know that what is relationships and what is 
not. [Garshol, 2003] Hence, to create a Topic Map we need to follow 3 steps:

• Step 1: Define the theme that we want to cover (so-called topic)

• Step 2: Collect topics that are relevant for the theme together with external 
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information resources (so-called occurrences).

• Step 3: Establish the relationship between the topics (so called associations).

In  Illustration 22 we can see  a  graphical  example that  gives  an overview of  the 
structure of a topic map.

We have N topics associated with themselves. We have a set of documents. Each 
topic  could have zero or more occurrences in one or more of these documents. We can 
create a hierarchy of associations between topics, which would means that we would be 
able to create a hierarchical relation between documents. These associations are typed, 
and types, in Topic Maps, are themselves topics. [Garshol, 2003]. Also, topics can play 
roles in an association, and each role is defined by its role type (which is also a topic). 
We will see further on these type in more detail these terms when we explain about our 
serialization format.

6.1.6. Choosing a serialization format
We write a table comparison (Table 5) between Conceptual Maps, Thesauri, RDF, 

OWL and Topic Maps. In this table we show main characteristic that make differences 
between these serialization formats. After take a look of this table we will explain which 
serialization format we choose and we will expose our reasons.
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Illustration 22: Relationships between components in a 
Topic Map

  Topics

  Documents

Associations

Occurrences



Conceptual Map
does not exist a 

standard

Thesauri
ISO 2788-1986

RDF OWL Topic Maps

Vocabulary 
Control 

The conceptual map 
do not realize a 
control of the 
vocabulary a priori. 
In the learning 
process teacher and 
student decide the 
concepts and nodes.

The descriptors and 
no-descriptors are 
decided a priori.

The vocabulary is 
decided during the 
process of 
serialization and it 
is controlled by re-
sources, properties 
and statements.

The vocabulary is 
decided during the 
process of 
serialization and it 
is controlled by the 
user.

The vocabulary of a 
Topic Map is 
decided a priori, 
defining what is a 
topic, an association 
and an occurrence.

Specification of 
the Domain

The conceptual map 
is oriented to 
domains. But the 
validity of each 
node is subjective 
and is established 
by the person that 
create the 
conceptual map.

Hierarchical 
Relationship 
(Generalization and 
enumeration). 
Organization by 
fields and 
organization by 
classifying 
indicators.

Domain is not 
specified making 
that RDF can be 
extensible through 
subclass 
refinement.

Domain is no 
specified and can be 
extensible as in 
RDF.

Theme/Scope mark 
the limit of validity 
of the assignment of 
each topic. 

Nodes Do not exist a 
typology of nodes 
in the conceptual 
map.

Descriptors and no-
descriptors of a 
domain.

 Subjects and 
objects (objects can 
be resources, literal 
values, properties or 
anything 
addressable via 
URI) 

They are 2 types of 
nodes: classes and 
subclasses into a 
hierarchy.

Topic types that 
represents a 
relationship class-
instance change 
with the type of 
information 
(Theme/Scope) that 
we have to process.

Relationships Are labeled arcs 
(verb or 
preposition, verb or 
name, verb or logic 
connector) between 
concepts, nodes.

Thesauri has the 
following relations: 
Broader Term (BT), 
Narrow Term (NT), 
Used For (UF), 
Synonym Of (SO) 
and Related To 
(RT).

The relationships 
between a subject 
and an object is the 
predicate, called 
property in a RDF.

The relation-ships 
between classes and 
subclasses are: 
logical 
combinations 
(intersection, 
unions and 
complements), 
enumerations of 
specified objects , 
properties and a 
hierarchy of sub-
properties 
(transitive, 
symmetric and 
functional)

The relationships 
are labeled only by 
verbs. They are 
structures of the 
type [topic]-[verb]-
[topic]. The 
document or 
documents that are 
the base to generate 
a topic map are who 
marks iteratively 
which are the 
concepts of each 
topic.

Relationship rule The conceptual 
maps establish the 
relationships: 
"being", "having", 
"using", "causing", 
"showing"...  but do 
not exist a rule to 
decide the 
relationships.

Hierarchical 
Relationship, 
Equivalence 
Relationship and 
Association 
Relationship.

RDF can have an 
infinite number of 
relationships.

OWL can have an 
infinite number of 
relationships.

Association types. 
The Topic Maps 
can have an infinite 
number of 
relationships.

Table 5: Table comparison of serialization  formats

In the table we can see that Conceptual Maps  and Thesauri are languages too simple 
to serialize our ontology. The complexity of our ontology requires a languages allowing 
to represent a hierarchy. In the table above we can deduce that RDF, OWL and Topic 
Maps have capabilities to represent hierarchical relationships. The available information 
to  create  our  ontology  does  not  include  semantic  information  and  we  only  have 
available statistical information of the extracted metadata.  With that, we should discard 
OWL for  many reasons:  we  can  not  take  advantage  of  OWL capabilities  with  the 
information available extracting metadata from texts; if we had semantic information, 
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we could use this language because we can apply more specific restrictions, descriptions 
and relationships between objects. For instance, imagine that we know the meaning of a 
word and its  domain,  hence,  with OWL, we can represent  this  meaning in  specific 
domains,  and  we  can  distinguish  this  meaning  in  different  domains.  This  is  only 
possible with the user interaction. On the other hand we could use Topic Maps or RDF 
to create the type of ontology we want, it does not matter which. With Topic Maps (and 
also, with RDF) we have a tool to represent a hierarchy with additional information in a 
hierarchical relation as for instance the number of apparitions of a certain word in a 
certain document. This information is relevant to decide if two documents are about the 
same topic. Also, with both languages we have additional data about nodes, as name, id, 
reference,  etc.  If  we  discard  RDF it  is  because  of  the  fact  that  Topic  Maps  have 
additional relationships between objects which allows display the data in a user-friendly 
fashion. And finally, another reason to choose Topic Maps is for its adaptability to our 
problem and its simplicity, and because relationships in RDF, as well as being simpler 
(it is an good advantage), are harder to extend (it is an important constraint, because we 
need to have knowledge of the schema to software that it is a relationship)  [Garshol,
2003]

6.2. Using Topic Maps for ontology serialization
The aim of this chapter is not to explain in great detail the Topic Maps source code, 

but we would like to show to the user enough information to understand the result of 
our project. This section is divided in two parts. The first one explains in more detail 
(but trying to short it to the essentials) all elements involved in a Topic Map.  In the 
second part we explain how we apply these elements to our problem.

Scope:
"Scope specifies the extent of validity for a topic characteristic" [Pepper , 2002] The 

assignment of such a characteristic (names, resources and relationships) will be valid 
only within a certain scope. A topic should be viewed under different contexts. The 
topic map author can indicate this contexts by scoping either:

• the baseName of a topic

• an occurrence in a topic

• an association 

According to Pepper (2001)  “The scope establishes the context in which a name or  
an occurrence is assigned to a given topic, and the context in which topics are related  
through associations. Every characteristic has a scope, which may be specified either  
explicitly,  as  a  set  of  topics,  or  implicitly,  in  which  case  it  is  known  as  the 
unconstrained scope. Assignments made in the unconstrained scope are always valid.  
Scope is  considered to  establish a name-space  for  the  base  names of  topics.”.  For 
example, a scope can be used to store the translation to different languages: “prèssec” as 
the name in the “Catalan” context, as “melocotón” in the Spanish context or “peach” in 
the  English  context.  But  there  is  only  one  topic  but  different  ways  to  show  its 
denomination. We will see the code example (Table 6), but to understand it, firstly we 
will need to read about what a topic is.

Topics:
“Topic can be any “thing” whatsoever (a concept, a person, an entity, an item, an  

organization)” [Pepper  ,  2002].  Formally,  a  topic is  a  computer  representation of a 
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subject or also is a resource that acts as a proxy for a main subject. If we want to be 
more explicit,  we can say that  a  topic  is  the representation in  the topic  map of  an 
abstract concept.. This abstraction can be individual, that is that it can be referred to a 
particular  subject  or  it  can  refer  to  more  general  subjects.  Reification  is  the  act  of 
creating  topics in a topic map.  “The relationship between a topic and its subject is  
called reification.”  [Pepper ,  2002]. Reification of a subject allows that a topic can 
represent this subject.

Topic type represents the relationship established between a class and its instances. 
For  instance,  the topic  type  of  the topic  "United Kingdom",  "Sweden" and "Spain" 
could be the topic "Country". Topics can change depending on what the information is 
about.  Topics can be considered as instances of topic types,  and topic types can be 
considered as topics: “Barcelona” can be considered a topic, and also “city”, but at the 
same time, “Madrid” can be an instance of the topic type labeled as “city”. In short, 
each individual topic is an instance of one or more types of topics that may or may not 
be indicated explicitly. Each topic has an  internal identifier and at least one external 
representation: a string specifying how the topic will be presented to the end users (also 
called  base name).  Topics can have any number of references to external information 
and can be typed into classifications. Also, topics can have zero or more names, that 
may exist in multiple forms and each of which is considered to be valid within a certain 
scope. A name always has exactly one base form, known as the base name, and it may, 
in addition, have one or more variants for use in specific processing contexts. We can 
resume the most important elements in a topic in three points:

• “A base name is the base form of a topic name; it is always a string. This  
base  name indicates  how the  topic  should  present  itself  to  the  end  user.” 
[Pepper,2002].  Base  name can  be  similar  to  the  internal  identification  in  most 
cases.

• A variant name is an alternative form of a base name. We can have zero or 
more variant names and are used for particular computational purposes (as for 
example sorting). Applications will choose among variant names by evaluating 
their parameters.

• Parameters express the appropriate processing context for a variant name. 

In short about topics, a topic can be any concept. It has an internal identification (id), 
an external  representation (baseName),  can have any number  of  external  references 
(occurrences) and any number of classifications (instanceOf).

<topic id="1">
<baseName>

<scope><topicRef xlink:href="#katalansk"/></scope>
<baseNameString>prèssec</baseNameString>

</baseName>
      <baseName>
                     <scope><topicRef xlink:href="#spansk"/></scope>
                      <baseNameString>melocotón</baseNameString>
      </baseName>
      <baseName>
                       <scope><topicRef xlink:href="#engelsk"/></scope>
                       <baseNameString>peach</baseNameString>
       </baseName>
</topic>

Table 6: Example of Scope in a Topic: different contexts in the same topic.
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Occurrences:

“An  occurrence is any information that is specified as being relevant to a given  
subject.” [Pepper , 2002]. Occurrences are relevant cases, or noteworthy examples of a 
topic,   and we consider  an  occurrence as  a  reference of  the  considered topic  map. 
Strictly,  occurrences  are  links  to  other  informative  resources  that  improve  the 
comprehension of the topic. Topics and their occurrences are on different levels: a topic 
can be linked with one or more occurrences.

Occurrences can be grouped in  occurrence roles. Occurrences can be of different 
type (web, documents, comments, etc.) and this is what is known as an occurrence role. 
In order to be expressed in an XTM topic map, such occurrences must be resources that 
are either

1. addressable by reference using a URI (Uniform Resource Identifiers), or

2. capable of being placed in-line as character data (“resource data”).

The  latter  (resource  data)  provides  a  useful  way  of  expressing  a  short  piece  of 
information about a subject (e.g. a work's date of composition) [Pepper , 2002]

Associations:

“An association is a relationship between one or more topics, each of which plays a  
role as a member of that association. The roles a topic plays in associations are among 
the characteristics that can be assigned to it and are therefore governed by scope. Each  
individual association is an instance of a single class of association (also known as an  
association type) that may or may not be indicated explicitly.”  [Pepper , 2002] That 
means  that  an  association  is  the  relationship  established  between  topics. Topic 
associations can be classified according to the association type, which is defined by the 
verbal form that joins the topics, that is, the association type defines the verb that joins 
the topics, such as “written by”,  “born in”,  “belongs to”,  “lives in”. Different cases 
constitute different association types. Each association type can play a role in a topic, 
that means that an association role is the role that plays each topic which takes part in an 
specific association.

Topic Maps:
Topic Maps Organization  [Pepper ,  2002] defines Topic Map as  “a collection of  

topics, associations, and scopes (collectively called topic map nodes) that may exist in  
one of two forms:

1. a serialized interchange format (e.g. as a topic map document expressed in XTM 
or some other syntax), or

2. an application-internal format

Topic Maps allows semantic organizing, and describing elements on the web (but not 
modifying it). Also, it  allows user profiles by means of the scope and the topic that 
makes possible to adapt itself to different communities sharing informative resources. 
Topic Maps improves information retrieval, and also the knowledge management and 
the  maintenance  of  the  topic  maps  (at  this  point,  is  interesting  to  tell  about  the 
independence of the informative resources in topic maps, where we are able to navigate 
though nodes  without  any  associated  resource).  Also,  it  allows  merging  with  other 
knowledge structures.  But one of the most important characteristics about topic maps is 
its  good  scalability  and  compatibility  to  be  adapted  to  the  increasing  number  of 
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information resources.

We need to build a template that we will use to create our Topic Map code (also 
called  XTM  file)  from  the  clustered  information.  This  template  will  consist  in  a 
predefined source code structure which defines the structure of our ontology. We will 
have predefined associations, occurrences and topics and we will apply this template to 
the clustered information. We will explain each template [Table 7] and the meaningful 
parts of the source code in each class:

Topic Template example:
<topic id="id_topic">

<baseName>
<baseNameString>name_topic</baseNameString>

</baseName>
(<occurrence id="id_occurrence">...</ocurrence>)*      <!--0 or n occurrences are possible-->

</topic>

Association Template Examples:
<association id="Spanish-Swedish">

(<instanceOf>
<topicRef xlink:href="id_topic_referenced_type_of_relationship"/>

</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="id_topic_referenced_type_of_relationship"/>

</roleSpec>
<topicRef xlink:href="id_topic_referenced_as_cluster_of_topic_or_documents"/>

</member>)*      //0 or n appartitions are possible
</association>    

Table 7a: Topic Map Template

  Occurrence Template Examples:
<occurrence id="id_occurrence">

<instanceOf>
<topicRef xlink:href="id_topic_referenced_as_cluster_of_topic_or_documents"/>

</instanceOf>
<resourceData>occurrence_name</resourceData>

</occurrence>
<occurrence id="id_occurrence">

<instanceOf>
<topicRef xlink:href="id_topic_referenced_as_set_of_words"/>

</instanceOf>
<resourceData>name_of_document_referenced</resourceData>
<resourceRef xlink:href="path_to_document"/>

</occurrence><occurrence id="id_occurrence">
<instanceOf>

<topicRef xlink:href="id_topic_referenced_as_word"/>
</instanceOf>
<resourceData>number_of_apparitions_of_this_word_in_document</resourceData>

</occurrence>

Table 7b: Topic Map Template

Topic Template: Is the structure that will define the topic classes in our document. 
we can have zero or more occurrences as we will  see below. We have to represent 
different kinds of concepts:
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• Words:  This  topic  corresponds  to  stemmed  word  extracted  from  any 
document. When we have a word topic, we will see code such as:

       <topic id="w5">
    <baseName>
 <baseNameString>famou</baseNameString>
   </baseName>

 </topic>

where the baseName is a stemmed word.

• Documents: A topic representing documents. It contains the document base 
name, and also contains occurrences to words that appears in the document and 
the frequency of each word. An example of document topic is, for instance:
<topic id="6">

<baseName>
<baseNameString>NickAndTheFamily_2.txt</baseNameString>

</baseName>
<occurrence id="word18">... </occurrence>
<occurrence id="word19">... </occurrence>
<occurrence id="word20">... </occurrence>
<occurrence id="word21">... </occurrence>
<occurrence id="word22">... </occurrence>

</topic>

where occurrences will refer to words as we will see later.

• Themes (subjects): is a topic with occurrences to documents or sub-themes 
that refine it.
<topic id="1">

<baseName>
<baseNameString>Music</baseNameString>

</baseName>
<occurrence id="Music1"> ... </occurrence>
<occurrence id="Music2"> ... </occurrence>

         </topic>

Occurrences can refer to a sub-theme or to a document (in our examples, they 
refer to sub-themes Music1 and Music2). We will see a more extensive example 
when we speak about occurrences.

• Relationships: are  topics  specifying  different  kinds  of  relationships  in  a 
document. We use generalization relationships to represent the results that we 
obtain from the hierarchical clustering.
  <topic id="files-related">

<baseName>
<baseNameString>File related with another file</baseNameString>

</baseName>
         </topic>

 <topic id="cluster-related">
<baseName>

         <baseNameString>Cluster of documents related with another clsuter </baseNameString>
</baseName>

         </topic>
         <topic id="element-is-cluster">

<baseName> <baseNameString>Cluster of related documents</baseNameString> </baseName>
          </topic>
          <topic id="element-is-document">

<baseName> <baseNameString>Document</baseNameString> </baseName>
         </topic>
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The  first,  second,  and  third  ones,  can  exist  or  not  in  our  document  (for 
example, we can have only one document). The fourth is required (because, of 
course, we will have at least one document!). The first can exist only if there is a 
direct relationship between two documents, that is,  if  we have an association 
between two document topics, we will relate this association as “files-related”, 
where each member of the association will be a  document topic. The same for 
the second case with clusters.  In the third  case,  we can have a  subject  with 
another subject, or also a subject with a document topic. It means, that we have a 
cluster  relationship  (we  have  a  member  in  the  association  as  a  cluster  of 
documents -sub-themes- related with another member as a document or cluster 
of  documents).  Finally,  we  use  the  fourth  one  to  specify  a  member  in  an 
association if this member is a document.

Occurrence Template:  Is the structure that will have all occurrence classes in our 
document. we have three type of occurrences:

• First  type: We  will  find  this  type  of  occurrences  in  document  topics, 
referring to occurrences of words in the document. It consists in a link to the 
word topic and the frequency in the document of this word (as resource data of 
the document). For example:
<topic id="7">

<baseName>
<baseNameString>Abba_0.txt</baseNameString>

</baseName>
<occurrence id="word23">

<instanceOf>
<topicRef xlink:href="#w1"/>    <!-- reference to topic  w1 (see below) -->

</instanceOf>
<resourceData>1</resourceData>     <!--Only 1 word of this type  in this document-->

</occurrence>
<occurrence id="word24"> ... </occurrence>
<occurrence id="word25"> ... </occurrence>  
<occurrence id="word26"> ... </occurrence>

</topic>
<topic id="w1">

<baseName>
<baseNameString>abba</baseNameString>  <!-- this word can be found in the document-->

</baseName>
</topic>

• Second type: when we have an occurrence to a document topic.
<topic id="5">

<baseName>
<baseNameString>Swedish</baseNameString>

</baseName>
<occurrence id="Swedish16"> ... </occurrence> <-- occurrence to a document topic -->
<occurrence id="Swedish17">                             <-- occurrence to a document topic -->

<instanceOf>
<topicRef xlink:href="#7"/>  <-- reference to document topic 7 (see last example) -->

</instanceOf>
<resourceData>Abba_0.txt</resourceData> <-- name of the document -->
<resourceRef  xlink:href="C:\Documents  and  Settings\BlackGod\Escritorio\music\files\Abba_0.  txt"/>  <-- 
path where we can find the entire document -->

</occurrence>
</topic>

In this example, we have an occurrence to each document topic (we only show 
the second). Basically we have a reference to the document topic, the name of 
the  document  as  resource  data,  and  the  resource  reference  (path  to  the 
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document). With the resource reference, we are able to access to the document if 
we want.

• Third type: when we have an occurrence from a subject (theme) to sub-
subjects (sub-themes) we can use this type.

<topic id="1">
<baseName>

<baseNameString>Music</baseNameString>
</baseName>
<occurrence id="Music1"> ... </occurrence> <!-- Occurrence to a sub-theme -->
<occurrence id="Music2"> <!--Occurrence to a sub-theme -->

<instanceOf>
<topicRef xlink:href="#5"/> <!-- reference to theme topic 5(see last example -->

</instanceOf>
<resourceData>Swedish</resourceData>  <-- occurrence name -->

</occurrence>
</topic>

We can see this topic as a theme (subject) topic, that contains two sub-topics. 
We  create  an  occurrence  for  each  subtopic.  We  have  the  reference  to  the 
subtopic an the name of the occurrence.

Association Template: this template will guide us to build association classes in our 
topic map document. We have only one template for an association. Differences depend 
on  the  role  played  by  each  member  in  the  association,  or  the  role  played  by  the 
association:

<association id="NickAndTheFamily_2.txt-Abba_0.txt">
<instanceOf>

<topicRef xlink:href="#files-related"/>
</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#6"/>

</member>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#7"/>

</member>
</association>

In this case there is a nearby relationship between those both documents.  And both 
documents play a role as documents. We have two members, each one with a reference 
to  the  topic  that  plays  the  role  document.  Also,  and  instead  that,  we  can  have  an 
association between two clusters (also we can call as theme of documents), where each 
member play the role element-is-cluster:

<association id="Spanish-Swedish">
<instanceOf>

<topicRef xlink:href="#cluster-related"/>
</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-cluster"/>

</roleSpec>
<topicRef xlink:href="#2"/>

</member>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-cluster"/>

</roleSpec>
<topicRef xlink:href="#5"/>

</member>
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In this case, we have a nearby relationship between two themes. We consider that this 
is a top level topic of documents, divided in two sub-clusters of documents. We have a 
reference to each cluster below the top level.

Example:
We have 4 documents about music, and each one contains the following text:

If we apply the template once we have this documents classified hierarchically, we 
will have something like the following figure (Illustration 23).

We can see a set of topics with a hierarchical relationship. There are associations that 
relate topics in the same level. We use occurrences to distinguish levels between topics. 
Document topics have occurrences to a set of words. There are words that appear in 
more than one document, and we can see its frequency in each document (in this case, 
frequency always will be 1). In Appendix B, we show the full source code example of 
this Topic Map. 
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Abba.txt Nick&TheFamily.txt Sabina.txt MagoDeOz.txt

Music

Swedish Spanish

words

association

occurrence

1 1 1
1

1 1 1
1 1

1
1 1

1 1



7. The prototype application
We have shown a way to create an ontology and, as a theoretical approach, is needed 

to demonstrate its  effectiveness with a practical  example.  We have implemented an 
application written in Java used for ontology creation, and it is based in our approach. 
The idea is to follow the same points showed in this paper.

7.1 Software architecture
In chapter 3, we have seen an abstract view (Illustration 3) of the steps we were 

thinking to follow. In following chapters, we have seen which techniques are available 
to accomplish our approach. Now is the time to see how and which of these techniques 
are applied to these steps and to our problem.

Java is the programming language used to build our prototype and we can use the 
Lucene libraries which are written in the same language. The input are documents. The 
output is an ontology  of documents  (and also, we can say  of topics). We need some 
processes to convert this set of documents in an ontology of documents. If we follow 
the Illustration 3, we need to accomplish three steps: the indexing process, the clustering 
process and the serialization of the ontology.  We followed these steps to  build our 
application.

Indexing  process: This  part  consists  in  a  set  of  classes,  ordering  to  take  the 
documents, to extract metadata, to filter (and also analyze) this metadata, and to index 
it. There are involved few default Java classes for the interface (as for example JFrame, 
ActionListener,  FileView,  FileFilter) that are used to create the part of the 
program that interacts with the user. Also, we added some classes extending of that to 
do  more  explicit  some of  the  Java  classes  (for  example,  we  have  implemented  an 
XTMFilter extending from FileFilter that filters all the Topic Maps documents). 
But  the  main class  is  “myProgram.java”.  Is  there  where  the program starts,  and it 
extends JFrame. In this point we will use a FileChooser giving the possibility to choose 
documents  to  be  added  in  the  index.  Once  documents  are  selected,  is  called  the 
CreateIndexLucene class,  which  calls  the  PorterStemAnalyzer/ 
SwedishStemAnalyzer (depending in which language we are using). Both classes, are 
extending from the Lucene class known as Analyzer. This process gives us as output an 
index  which  contains  the  indexed  and  analyzed  metadata  the  documents,  as  we 
explained in the chapter about indexing and Lucene. 

Clustering  process:  As  we  said,  we  have  chosen  the  Hierarchical  Clustering 
Algorithm  to  analyze  the  metadata.  We  have  implemented  a  class  called 
ExtractIndexLucene which  extracts  the  information  from  the  index.  With  this 
information, we call a method in the same class that clusterize the information (applies 
the Hierarchical  Clustering  Algorithm).  After  that,   we call  the  class  XPruneTree 
which shows the result in a graphical tree in a new window, and where the user can 
modify  this  tree  at  his  choice  (change  topic  names,  move  documents,  see  some 
statistical data, etc.).

Serializing  the ontology: With the clustered information, we need to serialize the 
ontology. To do that, we need to use one of the languages explained in the chapter 6. As 
we said, we have chosen the Topic Maps language. From ExtractIndexLucene, is 
called the class LuceneToXTM that converts the amount of clustered data in a XTM file 
(Topic Maps file). The user can save the document in the computer.
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Illustration 24 of the next section shows the UML diagram of the program with the 
relationship of classes.

7.2 The UML Diagram

The UML Class Diagram contains the relationships an inheritance between all the 
classes used in the application.  We can see the inheritance of all  the classes which 
extends  from  others.  I.e.  myProgram extends  from  Jframe from  the  package 
javax.swing.JFrame and implements ActionListener from java.awt.event. 
ActionListener; or,  in  the  same  way,  PorterStemAnalyzer and 
SwedishStemAnalyzer extends  from  Analyzer contained  in  the  package 
org.apache.lucene.analysys.Analyzer.  We  can  distinguish  four  classes 
without relationship with the others. These are data-type classes and we use them as 
container classes :  childInfo contains tree node/leaf information (name of current 
node/leaf, level in the tree, document information if it is a leaf, parent, childs if is a 
node,  etc.);  Utils class  implements  createImageIcon and  getExtension 
methods,  used  by  TextFilter classes  and  TextFileView (image  Container); 
TermDetails  contains information about words of documents (name and identifier of 
the  word,  document where  it  appears  and  frequency  in  this  document); TermInfo 
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contains information about a terms (Term is a Lucene class which contains information 
of an indexed word): basically we save a Term and a frequency (in this case, number of 
documents where appear this Term).

7.3 User interface
We have  shown a  way  to  create  an  ontology.  We would  like  to  show how our 

prototype could be used for ontology creation.

The application is written in Java. The main interface allows to the user to browse for 
and add documents. The application runs a clustering algorithm for classifying all added 
documents  after  indexing  each  of  them.  As  we  explained,  the  chosen  method  is 
Hierarchical  Clustering.  This  algorithm results  in  a  hierarchical  classification of  the 
documents. The program consists of two parts  adding and clustering documents, and 
modifying the clustering result and creating the ontology  (XTM file). Accordingly, the 
application consists of 2 different user interfaces.

The figure below Illustration 25 shows the first, initial interface: the user can add and 
remove documents. Once he is finished, he can initiate the indexing of the files and the 
hierarchical clustering of the documents:

We can divide the screen in different sections:

1. Name of the program + path of the current working path: by default, 
the program will open the last project created.

2. Add URL: Disabled by default. If the text-field on the right (3)contains 
characters, this button will be enabled. If the user click this button, the program 
will attempt to download the file and will add it to the document list. The URL 
will the appear in the top region (9).

3. Text.-Field:  The user  can  write  or  copy a  local  URL or  to  an  URL 
pointing to an Internet resource. Writing or copying something in the text-field 
enables the “Add URL button” (2).

4. Add File: Opens a FileChooser Dialog to add files from the local hard 
disk to the program. 

5. Delete: Disabled by default. When the user marks  a document in the list 
of documents created by adding URLs or files, this button will be activated. 
The user  can delete  the selected document  from the  index by pressing  the 
button. 

6. Create Index: When this button is pressed, the application will index all 
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the documents added to list and will create a classification using a clustering 
method (Hierarchical Clustering).

7. English/Swedish:  English  by  default.  Pressing  this  button  we  will 
change the language of the Analyzer. If we want to create an ontology with 
texts written in Swedish, just pressing this button will be enough.  

8. New/Open Index...: The user can create different projects. Clicking this 
button will open a FileChooser Dialog, where we can choose a folder which 
contains an old index or create a new one. Automatically, we will see on the 
Window Title the path to the new project.

9. Document List  Box:  Contains a  list  of  all  the documents  and URLs 
added by the user. We can select a file if we want to delete it (also clicking on 
the corresponding button) 

In general, the program  will work with plain text files. This is sufficient for a 
basic demonstration of this method. However, it is possible to improve this prototype by 
for instance using POI from the Jakarta Project [JAKARTA, 2002-2005] which would 
allow reading and indexing Microsoft Office or OpenOffice documents.

The idea is to get all documents referenced in list box and to index them through 
Lucene. If a user adds a URL, clicking the button “Create Index” will cause the program 
to download the document and to store it in the same folder as the other files (folder 
“files” in the current project folder). Depending on the size of the document, this may 
take few minutes.

The index will be stored in a new or previously created Lucene Index in the folder 
“index-EN” or “index-SE” -depending on the language- in the current project folder. 
Once  we  have  indexed  the  documents,  the  program  will  apply  the  Hierarchical 
Clustering algorithm.

After that, a new window will appear. It is divided in three different frames: a binary 
tree with all the documents already classified, a text window (containing a help text by 
default) and finally a frame with buttons. The next figure Illustration 26 shows this new 
window.
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These documents, as we said, have been classified by the algorithm.  The user can 
modify the tree at this point. The hierarchical algorithm allows to prune the tree at a 
level. We allowed the user to prune the tree as many times as needed. Also, users are 
allowed to merge nodes. The idea is that the user can improve the classification: in our 
example  [Illustration  26],  Tomcat3_3.txt,  Tomcat4_4.txt,  Tomcat5_5.txt  are 
texts about versions of Tomcat (Apache Project).  By default,  the program classifies 
Tomcat4_4.txt and Tomcat5_5.txt as a sub-classification, but we would like for 
example, merge this node with the upper level in order to to have the three documents at 
classification level. Also, we need to prune texts about cooking from texts about tomcat, 
because the topic are completely different. We can do that using the prune option.

To do that, if user clicks on the desired document or node  with the right-button of 
the mouse will appear a pop-up window with different options:

Click on/near text document:
<name_document>

– Show preview
– Show statistics
– Undo
– Create XTM

Click on/near a node:
<node_name>

– [Prune]
– Rename
– Merge Node
– Undo
– Create XTM

The functionality of each function is:
– Show Preview: (only on documents)Shows the first 200 lines of the 

document on the window text.
– Show Statistics: (only on documents) Shows the first 20 most common 

words  on  the  window text.  Also,  each  word  will  contain  the  number  of 
appearances in the text.

– Undo: Undo last merge or prune (one step forward). It is disabled by 
default and if there are no changes.

– Merge Node: We can merge this node to the upper level. It will useful 
to join equivalent nodes or documents on the same level.

– Rename: (only on nodes) rename the node name: this can be useful for 
giving a name to a branch of the tree, as a subtopic. This option will make a 
pop-up window appear where we can modify the name. In our example, we 
can  rename  “Topic3”  (which  will  contain  Tomcat3_3.txt, 
Tomcat4_4.txt and Tomcat5_5.txt  once “Topic5” node is merged with 
the upper level) to “Tomcat-Versions”

– Prune: (only on the level before the root -on our example, Topic1 and 
Topic8). Prune the branch. This will create a new tree with the current pruned 
branch.

– Create XTM: We will  create  an ontology in  Topic Maps language 
(XTM file). We can modify the tree, then create the ontology and finally save 
with a specific name. After that, we can modify again the tree and save with 
another name.

Also, this window contains three buttons. The functionality of each button is:

– Show Help: Will show helping text in the window text.
– InitTree: Initializes the tree. All changes will be undone. Before that, a 

pop-up message will rise to confirm this option.
– Create XTM:  the same as before, creates the ontology in Topic Maps 

language.
7.4. Ontology engineering with the tool.
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We will take the example we took at the beginning of this chapter. We have seven 
documents, three of them related about versions of Tomcat, another one about what 
Tomcat is, and the last three ones about cooking (fish and chicken soup). Once we have 
indexed and clustered the documents, the result is the following three:

We will see this tree in the program as is shown in the Illustration 26 of the previous 
section,  where  the  nodes  have  been  created  and  named  to  be  more  easily 
understandable by the user. 

We can  see in the figure  Illustration 27 that there are two different topics. One is 
about cooking, the other is about Tomcat (Jakarta Project). We are able to prune the tree 
to create two different topics on the top of the tree (in the program, this will be the node 
named “Topic0” at the root of the classification tree). We may also want to have the 
different tomcat versions on the same level. We only need to merge the node named 
“Topic5”.  Figure Illustration 28 shows this structure (after merging and pruning nodes).

Now, we can rename the nodes to obtain useful, understandable names . For example, 
“Topic3” can be renamed to “Tomcat-Versions”, and “Topic1” can be renamed to the 
more  generic  name  “Tomcat”.  Also,  we  can  rename  “Topic10”  to 
“CookingChickenSoup” and “Topic8” to a more generic name, “CookingSoup”. Figure 
Illustration 29 shows the new renamed structure.
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Tomcat4_4.txt Tomcat5_5.txt
Tomcat3_3.txt

whatsTomcat_6.txt
cookfishsoup_2.txt

Cookchickensoup2_1.txt Cookchickensoup1_0.txt

Illustration 28: Pruned & Merged Illustration 29: Renamed



8. Further Development
There are few points that can be improved and/or studied in a near future. We used 

metadata extracted directly from plain texts, but should be interesting to extend it to any 
type of documents. Microsoft and Open Office documents or PDF documents are good 
examples.  These documents contains  more  metadata  than a  common plain text  (for 
instance, name of the author, title of the document, images and its names, tables, etc.). 
This metadata can be adapted and added to our approach to have more information 
about  each  document.  A first  approach can be adding  a  parser  before  the indexing 
process for each type of document we would like to add in our ontology. This new 
metadata can be added in the index in different types of fields (for instance, we can 
create  a  new field  named  <author> which  contains  tokenized,  indexed and stored 
information of the author, another called <images> which contains information about 
the metadata of illustrations -if the document have this kind of images-,etc.). But all this 
is beyond the scope of this project, and should be analyzed in more detail.

On the other hand, the final result of our project is a Topic Map file representing our 
ontology and, as we saw in the chapter 6, this file is very long, and it is not easy to read. 
We think that in the future will be a good idea to find a solution to show this file in a 
interface where the user can access to the topic faster or also to represent the ontology 
more easily than a complex XTM file. One solution could be a web site. It will be nice 
to take the XTM file into an HTML file and show the more general topics making links 
the the specific topics. In the Illustration 30 we show an example:

In  this  web site  we  can  present  the  list  of  words  of  the  document,  the  types  of 
relationships between topics and additional information. 

Another solution for this problem would be the use of a program with an interface 
where the user can access to all the topics and its information (similar to the web page 
approach). However, the use of a web site as the way to represent the ontology would 
be better because XTM and HTML languages are very similar and XTM is very easy to 
be represented in HTML. Also, is easy to create  a 2D/3D map with nodes and edges 
from the XTM document,  where there are  different  types of nodes (for documents, 
words and topics),  and the edges relates all this information. Selecting one of these 
nodes (for instance, one or more words), we can see which documents (and also topics) 
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Illustration 30: Example of a web site showing an XTM file



are related to that words.
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9. Conclusions
In the scope of our thesis, we were not able to perform a proper evaluation of our 

tool. However, we reckon that the results obtained of our classification are satisfactory. 
and the program classifies documents into topics successfully. Nevertheless, if the user 
is not satisfied with the results, he can change the classification to obtained the desired 
results.  Our  method is  easy  to  use  and the  user  does  not  require  knowledge about 
indexing, clustering and other techniques seen in this paper.

As we said in the introduction section, we have created a tool for the representation 
of the metadata contained in textual documents. We have extracted metadata from texts 
using Information Retrieval successfully. After that, we have used clustering techniques 
to cluster the metadata. With the clustered metadata we have created a hierarchy of 
relationships used in this project to build our ontology. Finally, we have serialized our 
ontology as  we have explained in  chapter  6.  Hence,  we have accomplished all  our 
objectives proposed at the beginning of this project.
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Appendix A: Full Porter Stem Algorithm
Porter Stem Algorithm (full extracted from [Porter, 1980])

● Step 0: Search for the longest among the suffixes  (','s,'s') and remove if 
found.

● Step 1a: Search for the longest among the following suffixes, and perform 
the action indicated. 
• sses: replace by ss
• ied+, ies*: replace by ie if preceded by just one letter, otherwise by i (so 

ties -> tie, cries -> cri)
• s:  delete if the preceding word part contains a vowel not immediately 

before the s (so gas and this retain the s, gaps and kiwis lose it)
• us+, ss: do nothing

● Step 1b: Search for the longest among the following suffixes, and perform 
the action indicated. 
• eed, eedly+: replace by ee if in R1
• de,edly+,  ing,  ingly+: delete  if  the  preceding  word  part  contains  a 

vowel, and then 
    if the word ends at, bl or iz add e (so luxuriat -> luxuriate), or 
    if the word ends with a double remove the last letter (so hopp -> hop), 
or 
    if the word is short, add e (so hop -> hope)

● Step 1c: replace suffix y or Y by i if preceded by a non-vowel which is not 
the first letter of the word (so cry -> cri, by -> by, say -> say)

● Step 2: Search for the longest among the following suffixes, and, if found 
and in R1 (R1 is the region after the first non-vowel following a vowel, or 
the end of the word if  there  is  no such non-vowel),  perform the action 
indicated. 

• tional:   replace by tion 
• enci:   replace by ence 
• anci:   replace by ance 
• abli:   replace by able 
• entli:   replace by ent 
• izer, ization: replace by ize 
• ational , ation , ator:   replace by ate 
• alism, aliti, alli:   replace by al 
• fulness:   replace by ful 
• ousli, ousness:   replace by ous 
• iveness, iviti:   replace by ive 
• biliti, bli+:   replace by ble 
• ogi+:   replace by og if preceded by l 
• fulli+:   replace by ful 
• lessli+:   replace by less 
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• li+:   delete if preceded by a valid li-ending 
● Step 3: Search for the longest among the following suffixes, and, if found 

and in R1, perform the action indicated. 
• tional+:   replace by tion 
• ational+:   replace by ate 
• alize:   replace by al 
• icate, iciti, ical:   replace by ic
• ful, ness:   delete 
• ative*:   delete if in R2 

● Step 4: Search for the longest among the following suffixes, and, if found 
and in R2 (R2 is the region after the first non-vowel following a vowel in 
R1, or the end of the word if  there is  no such non-vowel),  perform the 
action indicated. 

• al, ance, ence, er, ic, able, ible, ant, ement, ment, ent, ism, ate,  
iti, ous, ive, ize: delete 

• ion: delete if preceded by s or t 
● Step 5: Search for the the following suffixes, and, if found, perform the 

action indicated. 
• e: delete if in R2, or in R1 and not preceded by a short syllable 
• l : delete if in R2 and preceded by l 

Finally, turn any remaining Y letters in the word back into lower case.
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Appendix B: Music XTM Source Code Example
<?xml version="1.0" encoding="UTF-8"?>
<topicMap xml:base="http://localhost/ontology.xtm"

 xmlns="http://www.topicmaps.org/xtm/1.0/"
 xmlns:xlink="http://www.w3.org/1999/xlink">

<topic id="1">
<baseName>

<baseNameString>Music</baseNameString>
</baseName>
<occurrence id="Music1">

<instanceOf>
<topicRef xlink:href="#2"/>

</instanceOf>
<resourceData>Spanish</resourceData>

</occurrence>
<occurrence id="Music2">

<instanceOf>
<topicRef xlink:href="#5"/>

</instanceOf>
<resourceData>Swedish</resourceData>

</occurrence>
</topic>
<association id="Spanish-Swedish">

<instanceOf>
<topicRef xlink:href="#cluster-related"/>

</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-cluster"/>

</roleSpec>
<topicRef xlink:href="#2"/>

</member>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-cluster"/>

</roleSpec>
<topicRef xlink:href="#5"/>

</member>
</association>
<topic id="2">

<baseName>
<baseNameString>Spanish</baseNameString>

</baseName>
<occurrence id="Spanish3">

<instanceOf>
<topicRef xlink:href="#3"/>

</instanceOf>
<resourceData>Sabina_3.txt</resourceData>
<resourceRef xlink:href="C:\Documents and Settings\BlackGod\Escritorio\music\files\Sabina_3.txt"/>

</occurrence>
<occurrence id="Spanish4">

<instanceOf>
<topicRef xlink:href="#4"/>

</instanceOf>
<resourceData>MagodeOz_1.txt</resourceData>
<resourceRef xlink:href="C:\Documents and Settings\BlackGod\Escritorio\music\files\MagodeOz_1.txt"/>

</occurrence>
</topic>
<association id="Sabina_3.txt-MagodeOz_1.txt">

<instanceOf>
<topicRef xlink:href="#files-related"/>

</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#3"/>

</member>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#4"/>
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</member>
</association>
<topic id="3">

<baseName>
<baseNameString>Sabina_3.txt</baseNameString>

</baseName>
<occurrence id="word5">

<instanceOf>
<topicRef xlink:href="#w5"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word6">

<instanceOf>
<topicRef xlink:href="#w6"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word7">

<instanceOf>
<topicRef xlink:href="#w10"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word8">

<instanceOf>
<topicRef xlink:href="#w11"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word9">

<instanceOf>
<topicRef xlink:href="#w12"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
</topic>
<topic id="4">

<baseName>
<baseNameString>MagodeOz_1.txt</baseNameString>

</baseName>
<occurrence id="word10">

<instanceOf>
<topicRef xlink:href="#w2"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word11">

<instanceOf>
<topicRef xlink:href="#w3"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word12">

<instanceOf>
<topicRef xlink:href="#w5"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word13">

<instanceOf>
<topicRef xlink:href="#w7"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word14">

<instanceOf>
<topicRef xlink:href="#w9"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word15">

<instanceOf>
<topicRef xlink:href="#w12"/>
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</instanceOf>
<resourceData>1</resourceData>

</occurrence>
</topic>
<topic id="5">

<baseName>
<baseNameString>Swedish</baseNameString>

</baseName>
<occurrence id="Swedish16">

<instanceOf>
<topicRef xlink:href="#6"/>

</instanceOf>
<resourceData>NickAndTheFamily_2.txt</resourceData>
<resourceRef xlink:href="C:\Documents and Settings\BlackGod\Escritorio\music\files\NickFamily2.txt"/>

</occurrence>
<occurrence id="Swedish17">

<instanceOf>
<topicRef xlink:href="#7"/>

</instanceOf>
<resourceData>Abba_0.txt</resourceData>
<resourceRef xlink:href="C:\Documents and Settings\BlackGod\Escritorio\music\files\Abba_0.txt"/>

</occurrence>
</topic>
<association id="NickFamily_2.txt-Abba_0.txt">

<instanceOf>
<topicRef xlink:href="#files-related"/>

</instanceOf>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#6"/>

</member>
<member>

<roleSpec>
<topicRef xlink:href="#element-is-document"/>

</roleSpec>
<topicRef xlink:href="#7"/>

</member>
</association>
<topic id="6">

<baseName>
<baseNameString>NickFamily_2.txt</baseNameString>

</baseName>
<occurrence id="word18">

<instanceOf>
<topicRef xlink:href="#w2"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word19">

<instanceOf>
<topicRef xlink:href="#w4"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word20">

<instanceOf>
<topicRef xlink:href="#w5"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word21">

<instanceOf>
<topicRef xlink:href="#w8"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word22">

<instanceOf>
<topicRef xlink:href="#w13"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
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</topic>
<topic id="7">

<baseName>
<baseNameString>Abba_0.txt</baseNameString>

</baseName>
<occurrence id="word23">

<instanceOf>
<topicRef xlink:href="#w1"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word24">

<instanceOf>
<topicRef xlink:href="#w2"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word25">

<instanceOf>
<topicRef xlink:href="#w5"/>

</instanceOf>
<resourceData>1</resourceData>

</occurrence>
<occurrence id="word26">

<instanceOf>
<topicRef xlink:href="#w14"/>

</instanceOf>
<resourceData>1</resourceData>
</occurrence>

</topic>
<topic id="files-related">

<baseName>
<baseNameString>File related with another file</baseNameString>

</baseName>
</topic>
<topic id="element-is-cluster">

<baseName>
<baseNameString>Cluster of related documents</baseNameString>

</baseName>
</topic>
<topic id="element-is-document">

<baseName>
<baseNameString>Document</baseNameString>

</baseName>
</topic>
<topic id="w5">

<baseName>
<baseNameString>famou</baseNameString>

</baseName>
</topic>
<topic id="w6">

<baseName>
<baseNameString>joaquin</baseNameString>

</baseName>
</topic>
<topic id="w10">

<baseName>
<baseNameString>sabina</baseNameString>

</baseName>
</topic>
<topic id="w11">

<baseName>
<baseNameString>singer</baseNameString>

</baseName>
</topic>
<topic id="w12">

<baseName>
<baseNameString>spanish</baseNameString>

</baseName>
</topic>
<topic id="w2">

<baseName>
<baseNameString>band</baseNameString>

</baseName>
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</topic>
<topic id="w3">

<baseName>
<baseNameString>de</baseNameString>

</baseName>
</topic>
<topic id="w7">

<baseName>
<baseNameString>mago</baseNameString>

</baseName>
</topic>
<topic id="w9">

<baseName>
<baseNameString>oz</baseNameString>

</baseName>
</topic>
<topic id="w4">

<baseName>
<baseNameString>famili</baseNameString>

</baseName>
</topic>
<topic id="w8">

<baseName>
<baseNameString>nick</baseNameString>

</baseName>
</topic>
<topic id="w13">

<baseName>
<baseNameString>sweden</baseNameString>

</baseName>
</topic>
<topic id="w1">

<baseName>
<baseNameString>abba</baseNameString>

</baseName>
</topic>
<topic id="w14">

<baseName>
<baseNameString>swedish</baseNameString>

</baseName>
</topic>
</topicMap>
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