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Abstract

Ontologies are the backbone of the Semantic Web. They are used to for-

mally describe the meaning of terms in a specific domain. However, the world

around us is changing quickly. These changes should be reflected in the domain

specific ontologies. Manually updating these ontologies is very time-intensive,

and therefore very expensive, because it requires the constant attention of do-

main experts and knowledge engineers. A (semi-)automatic ontology learning

framework can be used to significantly reduce the amount of time needed to

update ontologies.

We propose a rule based ontology learning framework to update the ontol-

ogy. A rule consist of a lexico-syntactic pattern, which has syntactic arguments

based on ontological classes, and one or more actions which should be executed

once the pattern is found. Using these lexico-syntactic patterns we mine news

items in order to find occurrences of events. Based on the identified events the

actions are executed, thereby updating the ontology.

Keywords: Semantic Web, Ontology Learning, Natural Language Processing,

Data Mining, and Knowledge Representation.
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Chapter 1

Introduction

Personal beauty is a greater recommendation than any letter of in-

troduction.

– Aristotle, 384 BC - 322 BC

This chapter provides an introduction to this thesis. Section 1.1 discusses

the Semantic Web project and the use of ontologies.

Section 1.2 describes the problem that the real world is changing constantly,

and the fact that these changes should be reflected in ontologies.

In section 1.3 the goal of this thesis is outlined. We identify the need for an

ontology learning framework which takes expert knowledge into account. Based

on this assumption a research question is formulated.

Section 1.4 discusses the methodology followed during the writing of this

thesis. Based on the research question three hypotheses are defined. We focus

on the different research activities, and on the various tools and languages that

we use.

Finally, we present the structure of the thesis in section 1.5. This gives a

clear overview of the way the thesis is organized.
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1.1 Background

At this moment the Internet provides users with a large amount of mostly

unstructured information. The Semantic Web [1] project of the World Wide

Web Consortium (W3C) provides a framework that allows for data to be shared

and reused. It is an effort to create common formats to structure data so that

it will be interchangeable and machine understandable. One of these formats

is the Web Ontology Language (OWL) [2], which is an ontology language that

can formally describe the meaning of terms. When data is properly annotated

using OWL, a computer can reason with it, making it easier for computers to

integrate the data with other information.

Semantic Web technologies can be used in numerous different ways. An ex-

ample application is the generation of an ontology which contains domain spe-

cific knowledge. This ontology can contain all kinds of concepts and relations

between these concepts relevant for a specific domain, say the pharmaceutical

stock market. Using such an ontology, domain knowledge can be interchanged

between members of a community or employees of an enterprise. If an ontol-

ogy is well-structured, it can be used for relation-based-searching. This means

that questions of the following nature can easily be answered: “Who are the

competitors of Akzo Nobel?”, “Which drugs are used when one has diabetes?”,

“What are the products of Bausch & Lomb?”, etc.

These domain specific knowledge bases in the form of ontologies can be used

for the classification of news items. Ontology concepts to which the news items

are related can be found by mining the news items for the occurrence of lexical

representations of these concepts. When the relations between the concepts in

the ontology and the news items are also stored in an ontology, users can easily

retrieve news items which are related to relevant ontology concepts. Questions

of the following nature can then be resolved: “Give me all the news related to

competitors of Akzo Nobel”, “Give me the news of the past two weeks, related

to all the products of Johnson & Johnson”, etc.

Such an approach enables users, in this case pharmaceutical stock market
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analysts, to systematically review news items. They no longer have to search

through an enormous amount of data before they find what is relevant to them.

This saves a lot of time and enhances the quality of the analysis of the stock

market by providing the analysts with relevant information. However, the qual-

ity of the news item classification process largely depends on the quality of the

knowledge stored in the domain specific ontology.

1.2 The Problem

The world around us is changing quickly, new products, markets, and businesses

are founded every day. All these changes need to be reflected in the knowledge

base, in order to keep it as up to date as possible thereby enabling the creation

of useful Semantic Web information systems [3]. Because the world around

us is changing so rapidly it is a time consuming job to maintain these ontolo-

gies. They would be more useful if they could somehow be maintained (semi-

)automatically. Various attempts to maintain ontologies (semi-)automatically

have been made [4, 5], making use of external knowledge bases such as Word-

Net [6], SemCor [7], online dictionaries, etc.

Most of these approaches use text mining techniques to extract terms which

are then disambiguated using lexical databases such as WordNet [8]. Although

these approaches can achieve fairly good results, they do not make use of the

expert knowledge of the human domain experts. They mostly identify relations

between concepts based on some lexico-syntactic rules, which means that expert

knowledge is not explicitly used. As has been argued by [5, 8, 9], (at least a part

of) the results found by these approaches must still be validated by a domain

expert.

Many scientists have found that patterns are very useful to find relations

between concepts in unstructured text [9, 10, 11]. The found relations include

all kinds of lexico-syntactic relations such as: hypernym, hyponym, meronym,

holonym, etc. Using these relations, concept hierarchies can be derived, e.g.

superclasses, subclasses, siblings, etc. [12]. However the automatic learning of

3



hierarchies is not enough to create a valid, relevant, and accurate ontology.

1.3 Goal

To make use of the benefits of the emerging Semantic Web technologies, do-

main knowledge must be gathered into a structured ontology. Creating, and

especially maintaining, these domain specific ontologies is a time consuming job

which must be done by knowledge engineers and domain experts. The goal of

this master thesis is to provide a framework which facilitates semi-automatic on-

tology learning through semantic rules created by domain experts, thus making

use of expert knowledge. These semantic rules define lexico-syntactic patterns

which can be used to mine news items for the occurrence of specific events, and

actions which must be executed once an event is found.

The research question of this thesis is:

How to exploit domain knowledge in a pattern-action based approach

for ontology learning?

The proposed usage of patterns has similarities with other approaches like [9],

but the introduction of expert-defined-actions is a novelty. This does not only

enable an ontology learning mechanism to find a certain relation based on a

pattern, but it also allows for the execution of one or more specific actions once

the pattern is found. Take for example the following sentence:

“Roche agrees to buy Therapeutic Human Polyclonals”

An example pattern would be:

[Company] buys [Company]

Using this pattern the following relation can be extracted:

Roche
buys→ Therapeutic Human Polyclonals

This relation can be added to the ontology, but more advanced consequences

of this news can not be inferred without using expert knowledge. For exam-

ple: the products of Roche and Therapeutic Human Polyclonals do no longer

compete with one another. An expert might define the action that, once the

previously discussed “buy pattern” is found, the products of the two respective
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companies will no longer compete with one another. Enabling domain experts

to define patterns with accompanying actions facilitates the generation of an on-

tology learning tool, which can perform advanced actions once simple patterns

are found, thereby facilitating cause-and-effect reasoning.

1.4 Methodology

To answer the research question as presented in section 1.3 of this document,

we define three different hypotheses:

1. Expert knowledge is needed for facilitating ontology learning.

2. A formal rule syntax is useful when formalizing expert knowledge.

3. By using an expert defined rule base, an ontology learning mechanism can

be created.

To draw conclusions on these hypotheses, a few different methodologies have

to be used. This will be done consecutively and they will result in different

chapters in this thesis. The first methodology that will be used is a literature

review. Using existing literature, current approaches will be evaluated to see if

they are useful for answering the research question. Using this literature review

the first hypothesis is checked for validity.

After the literature review a formal rule syntax is constructed which facili-

tates the formulation of rules by domain experts. A small study into SWRL [13]

is done, to see if it is applicable in this case. These rules are used by an event

detector which mines news items, looking for the occurrence of events based on

the defined lexico-syntactic patterns. If an event is found, the actions associated

with it are executed, thereby semi-automatically extending the ontology. This

approach is used to check the validity of the second and third hypotheses.

To construct the event detector, some existing Java libraries will be used.

At this moment two different sets of libraries are needed, one for using OWL

ontologies in Java, and another for Natural Language Processing (NLP). The

Jena API [14] is used to facilitate the processing of OWL ontologies in Java. For
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the NLP task there are several libraries which can be used such as GATE [15],

OpenNLP [16], MontyLingua [17], etc. These will be discussed in more detail

in section 2.1.

To evaluate the results of the learning process, an expert should manually

look at some news items and identify which events, if any, can be found in these

news items. These manually identified events can then be compared with the

results of the semi-automatic learning process [18]. This will be done to be able

to draw conclusions about the precision and recall of the rule engine. Other

metrics, such as discussed in [19] can also be used in this validation process.

1.5 Structure

The remainder of this thesis is organized as follows.

In chapter 2 the work related to the problem being addressed is discussed.

A few different approaches to natural language processing (section 2.1) and

ontology learning (section 2.2) are reviewed. For each approach the strengths

and weaknesses are evaluated. We will also assess to what extent the discussed

approaches are useful with respect to our goal.

Chapter 3 is divided in three sections and focuses on the formulation of a

rule syntax. Section 3.1 introduces the concept of rules and explains why they

are needed. After that, section 3.2 focuses on the patterns which are embedded

in the rules. It discusses the requirements of these patterns together with their

advantages. Finally, section 3.3 describes the actions which can be used with

the rules.

After that, chapter 4 focuses on the construction of a rule engine, which is

introduced in section 4.1. The rule engine contains an editor to create rules

(discussed in section 4.2), and an event detector which is capable of parsing

news items with respect to the formulated rules. The way events are found in

text based on lexico-syntactic patterns using the event detector is described in

section 4.3. After events are located the appropriate actions are to be executed.

The procedure of executing the actions is discussed in section 4.5.

6



The subject of chapter 5 is the evaluation of the results of the learning

process. To validate the results we compare the events identified by the rule-

engine with those identified by a domain expert, based on the same set of news

items.

In chapter 6 we present our findings. Based on our results the validity of our

earlier defined hypotheses are tested. We also give an answer to the formulated

research question. In the end we formulate our conclusions and identify future

research directions.

7



Chapter 2

Related Work

Mi taku oyasin. (We are all related.)

– Lakota belief

A lot of research has already been done in the fields of Natural Language

Processing (NLP), and ontology learning. This chapter provides an overview of

this research, and outlines the strengths and weaknesses of several approaches.

2.1 Natural Language Processing

2.1.1 Introduction

One of the first NLP applications was called ELIZA, it was programmed by

Joseph Weizenbaum in the 1960s [20]. Its functioning was based on identifying

keywords, which were linked to certain reply phrases. Based on the input of the

user, ELIZA could generate an answer that fitted into the conversation. ELIZA

applied a template to every sentence in order to construct a fitting answer.

Using this template, sentences were broken up in smaller parts which were then

analyzed and classified. These classified parts would then be used in examining

the structure of sentences. Based on this structure a fitting answer could be

created. The field of NLP has come a long way since then, although ELIZA

remains a good example of how NLP basically works. Nowadays there are a lot
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of different software packages available in the area of NLP. These packages range

from simple grammar parsers to complete NLP development environments.

For our research we primarily need a parser which is capable of parsing

(English) text in order to determine the grammatical structure of sentences.

This structure is needed to perform useful analysis on text, based on which

ontology learning can be achieved. Besides grammar parsing we need basic

I/O (input/output) facilities for processing text, and we have to be capable

of handling ontologies. Besides that packages that are implemented in Java

are preferred, because they are easy to integrate in already existing software

packages like Jena [14], and ARQ [21]. We will now describe a few NLP packages

in more detail in order to be able to make an informed decision on which package

to use in this research project.

2.1.2 Stanford Grammar Parser

The Stanford grammar parser is a statistical parser which is available in several

languages including English, German, and Chinese. The Stanford grammar

parser is implemented in Java. It is capable of parsing and tagging sentences

which results in a parse tree of POS (Part-Of-Speech) tagged words [22, 23].

Although the results of this package are quite nice, they are very basic. This

tool does not provide us with any more functionality than just parsing and

tagging. The package does not use external knowledge bases such as gazetteer

lists or ontologies to identify domain specific terms.

2.1.3 General Architecture for Text Engineering (GATE)

The General Architecture for Text Engineering (GATE) [24, 15] is a well known

text annotation framework, containing both a Software Development Kit (SDK)

and a graphical development environment. It is a modular system which pro-

vides a lot of out-of-the-box functionality which otherwise would have to be

made from scratch. A nice example of this are the I/O facilities that are em-

bedded into the GATE framework. It is able to read (and write) several different

document formats such as RTF, HTML, and XML. It also support the use of

9



OWL ontologies through the use of specialized modules.

Due to its modularity GATE is very extensible, because developers can create

their own modules which can then be used together with the existing GATE

modules to create an application. GATE also comes with its own rule language

called JAPE (Java Annotation Patterns Engine) [25] which can be used to

formulate rules using annotation based patterns which use regular expressions.

Other advantages of GATE are the fact that it is implemented in Java, it is

actively being developed, and it has a very active user community.

2.1.4 OpenNLP

The OpenNLP project [16] aims to provide a fairly complete framework of sep-

arate Java packages which can perform several different commonly used NLP

tasks. It includes Java packages for sentence detection, tokenization, POS-

tagging, parsing, etc [26]. This framework looks promising, however the devel-

opment seems to have stopped.

2.1.5 MontyLingua

MontyLingua is a software package which is capable of extracting subject/verb/object

tuples, adjectives, noun phrases, verb phrases, etc. [17, 27] It basically performs

POS-tagging on top of which some extra analysis is done in order to provide

users with a semantic interpretation of the text. The package is available both

in Python and Java, however it has not been updated for over two and a half

years.

2.1.6 Conclusion

After careful evaluation and experimentation we have decided that GATE is the

most appropriate NLP software package to be used in this research. The biggest

advantage of GATE is its modularity. It comes with a lot of different modules

which can be used in various combinations in order to achieve user-tailored NLP.

Besides the out-of-the-box modules GATE is easily extensible with user-written

modules, because of the clear Java interface. In addition to that it provides
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users with the ability to formulate their own JAPE rules which can be used in

the NLP process.

Although GATE is a complex software package which is hard to work with

at the start, it is very useful because of the feedback provided by its active user

community, and extensive documentation. GATE is still actively being devel-

oped which is very important, because this research uses cutting edge technolo-

gies in the field of the Semantic Web. At this point the GATE development

team is busy with adjusting the GATE ontology API in order to facilitate ad-

vanced ontology usage. Another important advantage is the fact that GATE

is capable of handling several document formats as both its input and output.

This is opposed to the other previously discussed software packages which are

mostly only capable of handling raw textual data. A final advantage lies is the

fact that GATE is widely accepted in both the scientific community, and the

business world. There are several commercial applications using GATE such as

the h-TechSight Knowledge Management Portal [28] made by OntoText.

2.2 Ontology learning

2.2.1 Introduction

Ontology learning has become a popular field of research since the emergence of

the Semantic Web. Before discussing several ontology learning approaches the

terms ontology and ontology learning have to be defined.

An ontology is a specification of a conceptualization [29]. It consists of two

separate layers called a T-Box (Terminological-Box) and an A-Box (Assertion-

Box) [30, 31]. T-Box statements describe a domain in definitional terms, such

as a set of classes and properties. A T-Box can be seen as a terminological

vocabulary. A-Box statements are facts associated with a T-Box, they can be

seen as instances of classes and properties. It is common practice to refer to

the T-Box as the actual ontology while the A-Box is called a knowledge base.

However, in this thesis we refer to both the T-Box and the A-box when using

the term ontology.
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Ontology learning refers to the tasks associated with creating and maintain-

ing a domain specific ontology. However, in the ontology learning community

there is no consensus on what these tasks exactly are. In [32] an ontology learn-

ing layer cake is used to classify several different ontology learning tasks. A

modified version of this layer cake is depicted in figure 2.1 (derived from [12]).

This layer cake visualizes the different aspects of ontology development in an

increasing order of complexity.

∀x, y(Person(x) ∧Disease(y) ∧ sufferFrom(x, y) → ill(x)) Rules
disjoint(CardioVascular, Virology) Axiom Schemata
MainResearcherOf ≤ ResearcherOf Relation Hierarchy
Cures (Domain: Drug, Range: Disease) Relations Formation
Alzheimer ≤ Neurology ≤ Disease Concept Hierarchy
c := Company := 〈i(c), ‖c‖, Refc(c)〉 Concept Formation
{Company, Bedrijf, Firma} (Multilingual) Synonyms
Disease, Company, Akzo Nobel Terms

Figure 2.1: The Ontology Learning Layer Cake.

This layer cake shows how ontologies are created and populated, based on

low-level terms. Our approach uses semantic rules to identify events in news

items. Based on these events instances of concepts are created, and modified.

In this section we discuss several approaches, thereby giving a brief overview

of the research in the field of ontology learning.

2.2.2 Pattern Matching

Lexico-syntactic pattern based information extraction has been proposed by

Hearst in [9, 33]. This approach uses an existing ontology to extract pairs of

related concepts in order to find hyponym and hypernym relations. This is done

by finding regular expression patterns in free text.

This approach has been implemented in several research projects, such as [12]

in which the original lexico-syntactic pattern matching methodology of Hearst

is extended with a clustering algorithm. This algorithm places similar terms
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in clusters in order to be able to label these similar terms with a proper label.

These clusters are created based on a metric for item similarity. Using these

clusters classes can be created which are populated with the terms as their

instances.

Another use of the lexico-syntactic patterns of Hearst can be found in [34]

which combines their Ontology Refinement [35] system [36] with the approach

of Hearst. The system uses word distance [37] in order to determine where a

new synset has to be placed in the WordNet ontology. The patterns of Hearst

are used when the context of the new synset alone is not enough to determine

where the new synset has to be placed. The research showed that the accuracy

of both the Ontology Refinement system and the hyponymy pattern approach

benefit from one another.

2.2.3 Co-occurrence Analysis

Co-occurrence analysis is used to analyze the co-occurrence of words in a corpus

of text. This basically means that an analysis is conducted into which words

co-occur frequently. As has been stressed by [38] there is a semantic similarity

between words that co-occur together frequently in similar linguistic contexts.

This implies that there is an associative relation between words that co-occur

together, which is of particular interest because it explains the reason why

words are co-occurring. If these associative relations can be learned (semi-)

automatically, ontology learning can be partly achieved

One approach is to find semantically related words based on co-occurrence in

an automated fashion, these can then be labelled manually with the appropriate

relation [39]. In [40] co-occurrence is used to retrieve words that co-occur fre-

quently after which NLP techniques are used to determine the relation between

the co-occurring words.

Co-occurrence is used in many different ways, an example of this can be found

in [41]. This approach uses co-occurrence to calculate the semantic distance

between words. Based on this semantic distance they determine which words

describe which concepts. Another example can be found in [42]. This approach
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looks at the word correlation in different scopes, being sentences, paragraphs,

and documents. These different scopes are then used to investigate the influence

of different scopes of co-occurrence on the quality of the derived concepts.

Another approach uses the tree like structure of lexical taxonomies as a

decision tree which can be used in the extension process of these taxonomies.

This approach can be adapted to work for ontologies, because ontologies can

also be depicted as a tree like data structure [43]. Co-occurrence is used to

determine the similarity between a new concept, and already known concepts.

Based on this similarity the place at which to insert the new concept can be

determined.

Latent Semantic Analysis (LSA) [44, 45] is another technique which is based

on occurrence. Using LSA latent semantic relations (i.e. non-explicit semantic

relations) can be discovered. LSA assess similarities across documents in order

to find different occurrences of the same concept, based on the context in which

they appear. This approach is used to find similar concepts (i.e. concepts with

the same semantic meaning), although they are not mentioned in the exact same

way.

2.2.4 Hybrid Approach

Some approaches, like [46], use both pattern matching and co-occurrence or

statistical analysis. This approach first uses pattern matching in order to extract

relevant pieces of text out of a large corpus of documents. The result of this

phase is statistically processed in the second phase. In this second phase the

most relevant domain specific terms and relations are extracted, thereby filtering

out more general terms.

2.2.5 Hierarchies in Text

Another approach to learning relations between concepts looks at the hierarchy

of structured text. Scientific and technical documents are usually organized in

a certain hierarchy. Moreover, documents themselves are also organized in a

hierarchical way, papers are organized in conferences or journals, chapters are
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organized in books, etc. This hierarchical structure can be exploited by an

algorithm in order to learn subordinate relations [47].

2.2.6 Ontology Learning Projects

In recent years several attempts have been made to transform abstract ideas

about ontology learning into concrete and useful applications. One of these ap-

plications is called PANKOW (Pattern-based Annotation through Knowledge

on the Web) [19]. PANKOW uses the Googletm API to search the web for occur-

rences of specific lexico-syntactic patterns. By gathering collective knowledge

about a term through searching the web, an ordered list of suggestions about

the meaning of a term can be created. PANKOW then shows this ordered list of

suggestions to a domain expert, who can use the collective knowledge together

with his individual knowledge, and the context in which the terms appears.

Based on the collective knowledge, his individual knowledge, and the context of

the term a domain expert can accurately annotate a new term. PANKOW can

also be used to learn sub-/superconcept relations [19].

Another concrete ontology learning application is OntoLearn [8, 48] which is

used to automatically enrich WordNet. Using OntoLearn domain specific con-

cepts can be added to WordNet, and WordNet glosses can be disambiguated.

OntoLearn uses a Word Sense Disambiguation (WSD) algorithm called Struc-

tural Semantic Interconnection (SSI) in order to determine how the new concept

is related to the concepts in the ontology.

SemNews [49] is an application which monitors RSS news feeds in order to

provide a structured representation of the meaning of news items. SemNews

performs natural language processing on the incoming news items after which

it extracts new instances from the text. These new instances are found based

on the result of the natural language processing, an ontology which contains

over 8K of concepts, and an onomasticon [50] (a lexicon of proper names) which

contains over 400K of terms.
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2.2.7 Human Intervention

As has been stated by [51], human intervention is needed to supervise the on-

tology learning process. The reason for this is that natural language processing

is still error prone, therefore humans are needed to validate the result. How-

ever, natural language processing can be used to prune large corpora of texts,

thereby extracting only relevant information. Based on this relevant informa-

tion suggestions can be made on how to extend the ontology. These suggestions

should then be validated by domain experts, thereby creating a semi-automated

ontology learning framework.

2.2.8 Conclusion

In this section we gave a brief overview of different ontology learning mecha-

nisms, a more complete overview of research in this field can be found in [52].

In our work we will develop a pattern based learning framework, inspired by

the approach as proposed by Hearst which we will extend with ontology specific

patterns. This extension is needed because we feel that the patterns as proposed

by Hearst are too general to yield good and practical results. Because we want

to (semi-)automatically extend domain specific ontologies we feel that domain

specific rules are required, thereby reusing existing knowledge.

Co-occurrence learning is an interesting approach which might be used in

the future as an extension of our rule based ontology learning framework.

The hierarchical learning approach is not useful to us, because we aim to

be able to learn from unstructured text such as news items in RSS feeds. A

characteristic feature of news items in news feeds is that they are not very

structured. They mainly consist of a few lines of text which very briefly tells

the reader what the news is about. Chapters, sections, and paragraphs are not

used in these news items.

As has been sketched by various researchers, complete unsupervised ontology

learning is a non-trivial task. We believe that it is not yet possible to achieve full

unsupervised learning, due to limitations in the fields of both NLP and artificial

16



intelligence. Therefore we propose a framework in which domain experts have to

validate the findings of the algorithm. In this framework these domain experts

can formulate patterns which are used to identify the occurrence of specific

events. Using these patterns large corpora of texts can be parsed in order to

extract the most relevant textual items. Based on the identified events advanced

expert-defined actions can be used to achieve the actual learning.
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Chapter 3

Rule Syntax

The golden rule is that there are no golden rules.

– George Bernard Shaw, 1856 - 1950, Man and Superman (1903)

“Maxims for Revolutionists”

This chapter focuses on the formulation of a rule syntax. Section 3.1 in-

troduces the concept of rules and explains why they are needed. After that,

section 3.2 focuses on the patterns which are embedded in the rules. It discusses

the requirements of these patterns together with their advantages. Finally, sec-

tion 3.3 describes the actions which can be used with the rules.

3.1 Introduction

Our ontology learning framework uses rules to find events, and executes actions

based on these events. This allows domain experts to use cause-and-effect rea-

soning in the ontology learning process. An event (one company buys another

company) causes one or more changes in reality (the products of the two com-

panies do no longer compete with one another, the bought company ceases to

exist in its old form, etc.). Using our rule syntax domain experts can model

these events and the resulting changes, thereby creating an ontology learning

system which is able to learn from the occurrence of specific events.

18



We make use of an OWL ontology to store the rules, because this enables

easy integration with already existing ontologies. We have formulated a rule

syntax, which facilitates the use of classes from other ontologies in the con-

struction of lexico-syntactic patterns defining the events. A rule consists of two

parts: a pattern (which can have multiple lexical representations), and one or

more actions (which can be executed once the pattern has been matched). In

terms of proposition logic the pattern is the antecedent, and the actions are the

consequents.

In this chapter we describe the syntax of patterns, and actions. In chap-

ter 4 the actual implementation and use of this syntax in a software package is

discussed.

3.2 Patterns

The lexico-syntactic pattern of a rule is used to mine text for the occurrence of

a specific event. Such a pattern consists of a subject, a relation, and an optional

object. The subject and the object are the syntactic arguments of the relation,

they are describing the possible participants in the event. In our implementation

the subject and object are OWL classes, which reside in the ontology that needs

to be extended by the learning process. The OWL individuals (i.e. instances)

of these classes are the possible participants in the event. The relation is an

OWL individual of the predefined OWL class “Relation”. The object is optional,

because there are situations in which only a subject and a relation are enough

to trigger an action. An example of such a pattern is:

[Company] goes bankrupt

From one pattern multiple lexical representations describing the same event

can be derived, which are used in the pattern matching process. This is done in

several consecutive steps. The first step retrieves the pattern, which is associated

with a specific rule. The second step substitutes all the semantic classes by the

participants which they describe (i.e. their instances), with the limitation that

a participant can not be a subject and an object at the same time. The third
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step substitutes both the participants (subject and object), and the relation for

all the lexical representations by which they are denoted.

We will illustrate this process with the following example pattern, which we

call the “buy-pattern”:

[kb:Company] kb:buys [kb:Company]

In this pattern [kb:Company] is the URI of a class in an OWL ontology, kb:buys

is the URI of an individual of type “Relation” in this ontology. After this pattern

has been retrieved from the rules ontology the second step of the process replaces

[kb:Company] for all instances of class “Company”. If there are three companies

in the ontology (being: kb:Roche, kb:JohnsonAndJohnson, and kb:AkzoNobel),

the following patterns will be created:

• kb:Roche kb:buys kb:JohnsonAndJohnson

• kb:Roche kb:buys kb:AkzoNobel

• kb:JohnsonAndJohnson kb:buys kb:Roche

• kb:JohnsonAndJohnson kb:buys kb:AkzoNobel

• kb:AkzoNobel kb:buys kb:JohnsonAndJohnson

• kb:AkzoNobel kb:buys kb:Roche

This step results in several patterns which are all constructed using OWL

individuals, which all have one or more lexical representations. The next step

is to substitute the OWL individuals for their different lexical representations.

In our case we assume that the companies have only one lexical representa-

tion, and that the kb:buys relation has two lexical representations: “buys”, and

“acquires”. This step will result in the following lexical representations of the

buy-pattern:

• Roche buys Johnson & Johnson

• Roche acquires Johnson & Johnson

• Roche buys Akzo Nobel
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• Roche acquires Akzo Nobel

• Johnson & Johnson buys Roche

• Johnson & Johnson acquires Roche

• Johnson & Johnson buys Akzo Nobel

• Johnson & Johnson acquires Akzo Nobel

• Akzo Nobel buys Johnson & Johnson

• Akzo Nobel acquires Johnson & Johnson

• Akzo Nobel buys Roche

• Akzo Nobel acquires Roche

All these lexical representations can then be used in mining the textual

items for the occurrence of the pattern. If one occurrence of a pattern is found,

it will be interpreted as an indicator of a possible change in the real world.

However, one indicator is not a very good basis on which an ontology should be

changed. Therefore we will construct a mechanism that gathers several different

occurrences of the same pattern. These different occurrences should be from

different sources, for example different news feeds, and in a specific time span.

If, for example, different news feeds have news items in which the buy pattern

for Roche and Akzo Nobel occurred, then this is a very strong indicator that

the real world has changed. Once several occurrences have been found we can

be more certain about the event. Based on these occurrences the changes can

be shown to a domain expert for validation, because it is obviously not desirable

to create an inaccurate ontology. The domain engineer will only have to say if a

certain event did or did not occur (e.g. “Did Roche buy Akzo Nobel?”), based on

the news items in which the event was found. If the domain expert confirms the

event, our framework automatically executes the appropriate actions. After the

execution of the actions the ontology is updated, thereby reflecting the changed

reality.
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3.3 Actions

The rule-based ontology learning framework which we propose uses actions to

facilitate the actual ontology learning. One or more actions are associated with

a pattern to form a rule, which can be executed once the pattern is found. The

goal of these actions is to enable knowledge engineers and domain experts to

express their knowledge in a simple yet expressive way by combining actions with

patterns. To be able to make use of these actions a syntax must be formulated

in which the actions can be stored, and based on which the actions can be

enforced. In order to provide such a syntax we must have a clear idea of how

the actions are going to be used.

In this section we describe a few different rules, for each rule we describe

what kind of actions we would like to formulate. Based on these use cases a

generalization is performed in order to be able to define which common types

of actions are required. Finally, we will evaluate different rule syntaxes which

can be used to implement the actions. Based on this evaluation an informed

decision is made with respect to the syntax of actions.

3.3.1 Use Cases

In order to formulate a syntax for these actions we have looked at various use

cases.

Use Case #1: competitor rule

This rule is fired when a company (subject) is going to compete with a new (or

existing) company (object). The required actions are:

1. add the new company (if it does not already exist)

2. create a hasCompetitor property instance between the two companies.

Use Case #2: CEO rule

This rule is fired when a company (subject) gets a new CEO (object). The

required actions are:
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1. add the new CEO (if it does not already exist)

2. remove the old hasCEO property instance

3. create a new hasCEO property instance to the new CEO

Use Case #3: buy rule

The buy rule is fired when one company (subject) buys another (new) company

(object). The required actions are:

1. add the new company (if it does not already exist)

2. remove the hasCompetitor property instance between the two companies

(if there is one)

3. create a hasBought property instance between the two companies

4. remove any competesWith property instances between products of the

companies

3.3.2 Generalizations

We can distinguish between two kinds of actions: add actions and remove ac-

tions (kind). Both of these actions either apply to an OWL individual or an

OWL property (target). This basically means that there are four different types

of actions:

1. add individual

2. add property instance

3. remove individual

4. remove property instance

The adding of new individuals is done automatically when the pattern of a rule

is found. If for example the following pattern is found:

[known company] competes with [unknown company]
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The unknown company is added automatically to the ontology, because of the

context in which it appears (e.g. it is competing with a known company).

In order to determine which syntax is most appropriate for these actions we

will now evaluate a few alternatives. Based on this evaluation we can make an

informed decision.

3.3.3 Alternatives

SWRL

SWRL (Semantic Web Rule Language) [13] is a rule language based on a combi-

nation of both OWL, and RuleML [53, 54]. Rules in SWRL are an implication

between an antecedent (body), and a consequent (head). The rules can be read

as follows: if the conditions in the body hold, then the conditions specified in

the head must also hold.

Using SWRL a rule can be formulated which describes in which case two

companies (?x1 and ?x2) are competing with each other. In our knowledge

base this is the case when these companies manufacture products which have

the same target area. A SWRL rule which reflects this knowledge can be found

in Figure 3.3.3.

Company(?x1) ∧ Product(?y1) ∧ hasManufacturedProduct(?x1, ?y1) ∧
hasTargetArea(?y1, ?z) ∧ Company(?x2) ∧ Product(?y2) ∧

hasManufacturedProduct(?x2, ?y2) ∧ hasTargetArea(?y2, ?z) →
isCompetitorOf(?x1, ?x2)

Figure 3.1: Competitor SWRL rule.

This rule accurately matches all cases in which companies compete with one

another (i.e. a recall of 100%). However, this rule has two problems. The first

problem is the fact that it also matches the case in which ?x1 is the same com-

pany as ?x2 (i.e. if they are the same individual). We can solve this by adding a

statement like differentFrom(?x1, ?x2), which results in the SWRL rule as

shown in Figure 3.3.3. However, this only works if it is explicitly stated that each

company is differentFrom every other company (e.g. differentFrom(Roche,
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AkzoNoble), differentFrom(Roche, JohnsonAndJohnson), etc.). In the case

of a knowledge base with 300 companies this will result in 300 * 299 = 89.700

explicit differentFrom property instances. Off course, this is not a scalable

solution.

Company(?x1) ∧ Product(?y1) ∧ hasManufacturedProduct(?x1, ?y1) ∧
hasTargetArea(?y1, ?z) ∧ Company(?x2) ∧ Product(?y2) ∧

hasManufacturedProduct(?x2, ?y2) ∧ hasTargetArea(?y2, ?z) ∧
differentFrom(?x1, ?x2) → isCompetitorOf(?x1, ?x2)

Figure 3.2: Competitor SWRL rule using the differentFrom property.

The previous SWRL rules do not take into account the fact that companies

might have bought each other, in which case they are no longer competitors.

We would like to use negation, to specify that the hasBought property between

two companies should not be present if companies are competitors, as shown in

Figure 3.3.3. However, SWRL does not support negation which is the second

problem we have when using SWRL rules.

Company(?x1) ∧ Product(?y1) ∧ hasManufacturedProduct(?x1, ?y1) ∧
hasTargetArea(?y1, ?z) ∧ Company(?x2) ∧ Product(?y2) ∧

hasManufacturedProduct(?x2, ?y2) ∧ hasTargetArea(?y2, ?z) ∧
differentFrom(?x1, ?x2) ∧ !hasBought(?x1, ?x2) →

isCompetitorOf(?x1, ?x2)

Figure 3.3: Competitor SWRL rule using negation.

SWRL can be used to add individuals and property instances to an ontology,

however retractions are not allowed. So it is impossible to remove individuals

or instances of properties from an ontology using SWRL. Negation is also not

supported at this moment. Another major drawback is the lack of good tools

with proper documentation. SWRL can be used in Protégé together with the

Jess [55] plugin, and the Racer [56] or Pellet [57] inference engines [58]. However

these tools are not all open source and good documentation on the use of SWRL

is often lacking.
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Self Defined Syntax

A second alternative is to use a self defined syntax to store (and execute) the

actions. This self defined syntax can be based on OWL. By creating separate

classes for each type of action it might be possible to store the actions in an

ontology.

The advantage of creating a specialized syntax is that this syntax can be

fully customized with respect to our wishes. However, all the work of defining

a syntax and creating an execution mechanism would have to be done from

scratch. Besides that, it is usually better to adhere to existing standards.

Triples

The actions can be stored in triple format, which is highly compatible with

existing Semantic Web standards. Each triple consists out of a subject, a pred-

icate, and an object. Triples can be connected to each other to form a path

expression which makes the use of triples both flexible and expressive.

Storing actions in the form of triples facilitates the use of expressive path ex-

pressions which enables the use of both simple (single triple) and more complex

(multiple triples, path expression) actions. Using this approach an action be-

come a sequence of triples. These triples can then be used in SPARQL queries,

because a SPARQL query essentially consists out of triples. For example ac-

tion 2 and 3 from the previously stated CEO rule would look like the code in

Figures 3.3.3 and 3.3.3 respectively.

REMOVE <subject> hasCEO ?x

Figure 3.4: Simple SPARQL remove query.

CONSTRUCT <subject> hasCEO <object>

Figure 3.5: Simple SPARQL add query.

In order to create more expressive path expressions a WHERE clause can
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be used, such as shown in the code snippet in figure 3.3.3 which depicts action

4 of the buy rule.

REMOVE ?x competesWith ?y
WHERE
{

<subject> hasProduct ?x
<object> hasProduct ?y

}

Figure 3.6: Advanced SPARQL remove query.

SPARQL [59] can be used for implementing the actions using the convenient

triple format. SPARQL supports the use of a CONSTRUCT clause, and a

WHERE clause, together with the use of the triple format. Because of this

SPARQL is ideal for implementing the “add actions” (i.e. add individuals and

add property instances). The problem with a SPARQL implementation lies in

the fact that at this moment SPARQL does not support removal operations.

This means that it is impossible to use SPARQL for the removal of individuals

and properties. There are plans for adding this functionality in the future [60],

however these changes are not fully implemented yet.

To enable novice users to create actions in triple format an interface has

to be build, that allows them to create a CONSTRUCT, a REMOVE and a

WHERE clause. Our previous work on SPARQLViz [61] can be of use for this

purpose.

3.3.4 Conclusion

In this section we have evaluated three different alternatives for storing and

executing actions. SWRL looks like a good candidate, however the lack of good

tools is a problem. Besides this it can not be used for retraction and it does not

facilitate negation. Because of these drawback it is not useful for us.

Another alternative is defining our own syntax. This gives us the freedom to

fully customize both the storing and execution mechanisms. However, doing so

might be a tedious job. Besides that it is better to adhere to existing standards
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in order to be able to easily re-use this framework in another context.

The use of triple format to store the actions, and SPARQL to execute these

actions makes maximum use of the already existing technologies. The main

problem is that SPARQL currently does not officially supports removal (and

update) operations. However, there is a syntax defined for these operations [60],

which is currently being implemented in Jena [14] / ARQ [21]. This implemen-

tation is still in beta status, but it can be used. An alternative for this would be

to store all the actions in triple format, and split the execution in two separate

environments. The add actions will be executed with SPARQL. The remove

actions will be executed by an execution engine which we can write ourselves.

Based on this research we conclude that it is best to use triple format to

store the actions. All add actions can be executed with the use of SPARQL.

The remove actions can be executed through SPARQL with the use of beta

software.
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Chapter 4

Rule Engine

Hell, there are no rules here– we’re trying to accomplish something.

– Thomas A. Edison, 1847 - 1931

In this chapter our rule-engine is discussed. Section 4.1 provides a brief

introduction, after which the rule editor is discussed in section 4.2, followed by

a description of the event detector in section 4.3. The procedure of executing

the actions is discussed in section 4.5.

4.1 Introduction

The rule engine is used in four successive phases to discover and process events

based on news items. These phases are:

1. Mine text items for patterns

2. Create event if a pattern is found

3. Determine validity of event through domain expert

4. Execute appropriate actions if an event is valid

The rule engine consists of a rule editor (described in section 4.2), an event

detector (see section 4.3), a validation environment (described in section 4.4),

and an action execution engine (discussed in section 4.5).
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The editor can be used to create patterns, actions and the relations which

are used by patterns. These relations are instances of a special class we call

“Relation”. Using the editor the domain experts can construct the semantic

rules. The event detector is used for mining text items (in our case news items

from RSS feeds) for the occurrence of the patterns of the semantic rules (i.e., the

event detector mines text items for occurrences of events). Using the validation

environment domain experts are able to determine if the found events are valid.

They can also modify the events in case the event detector made an error. If

an event is validated the action execution engine is used to execute the actions,

associated with the rule which is used for finding the event.

4.2 Rule Editor

We have created a rule editor which allows knowledge engineers to construct

the semantic rules which are used in the learning process. Using this editor

relations can be created and patterns can be formulated, based on the ontology

that is used in the learning process. Figure 4.2 shows the user interface which

is used when the domain experts want to add or modify relations. Using this

interface relations and their lexical representations (synonyms) can be created

and modified. Each relation is an individual of the class “Relation” in our

knowledge base. This class contains all the relations for which the domain

expert defined semantic rules.

Figure 4.2 shows the user interface which is used to create and modify the

semantic rules. Through this interface the pattern of the rule can be created

by choosing a subject, a relation, and an object. In this figure the previously

discussed buy-rule is depicted.

We have also implemented an editor for the actions which are associated with

the rules. Figure 4.2 shows the user interface which is used to create and modify

these actions. In this figure action 4 of the buy-rule (remove any competesWith

property instances between products of the companies) is depicted. By action

editor allows the user to specify what kind of action he wants to create (add or
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Figure 4.1: The rule editor, showing the interface for editing relations.

Figure 4.2: The rule editor, showing the interface for editing rules.

delete). After that the main clause and the WHERE clause of the action can

be created. These clauses consist out of triples which can be created, altered,

and removed using the action editor.
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Figure 4.3: The action editor.

4.3 Event Detector

4.3.1 Introduction

The actual pattern matching is done using GATE (General Architecture for Text

Engineering), which is an environment supporting the research and development

of language processing software [24]. GATE provides its users with numerous

components (called resources), which can be used to construct a language pro-

cessing application. It also allows its users to develop their own modules or

extend the existing ones.

In order to search the news items for occurrences of events, we mine all the

news items in the RSS feeds which have not yet been processed by our event

detector. If a pattern associated with a rule is found in the text, we create an

event if it does not already exist. If multiple instances of the same event are

found (i.e., multiple news items contain the same pattern), these news items are
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added to this event. For example we might find the following three news items

(italic texts denote companies identified by a domain expert, bold texts denote

relations identified by a domain expert):

1. Pharmaceuticals giant AstraZeneca buys MedImmune for $15.6 billion

2. QIAGEN Signs Agreement for the Acquisition of eGene

3. AstraZeneca to buy MedImmune

We parse these news items with respect to the following pattern (which is asso-

ciated with the buy-rule):

[Company] buys [Company]

The pattern matching process first identifies all relevant concepts in a news

item, with respect to the subject and the object of a pattern. In the case

of the previous three news items and the buy-pattern this means that all the

relevant companies are found, based on their lexical representations stored in

the ontology. The news items are also searched for the occurrence of unknown

companies, which are not yet stored in the ontology. This is done using the AN-

NIE Gazetteer, the ANNIE Named Entity Transducer, and the ANNIE Ortho

Matcher (all from GATE), more information about these GATE components can

be found in subsection 4.3.2. Using these GATE components our application

automatically identifies unknown companies, thereby learning at the instance

level of the ontology.

After that, the event detector looks for the presence of the relevant relation.

In the case of the buy-pattern the event detector tries to locate a lexical repre-

sentation of the buy-relation in the news item. If both a subject, and an object

together with a relation are found in the news item a new event is created, if

this does not already exist. If the event already exists, the news item is added

to the event.

Based on the buy-pattern our software identifies two events, the italic texts

denote lexical representations of companies as found by the event detector (the

non-italic text denotes a company that is not recognized by the event detector):
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1. AstraZeneca
buys→ MedImmune (with news items #1 and #3)

2. QIAGEN
buys→ eGene (with news items #2)

The first event is a full match, because we have identified both a subject

and an object. The second event is a partial match, because we were only

able to identify a subject (the company QIAGEN ), and the buy-relation (based

on its lexical representation “Acquisition of”). The buy-pattern requires both

a subject and an object to be valid, so this event can not be validated by a

domain expert at this point, because the object is missing. However, when a

domain expert reviews the event, he might recognize eGene as being a company

based on both his own knowledge, and the context of the news item in which

eGene appears. Based on this event (and the corresponding news item) the

domain expert can add eGene to the ontology, after which this event has both

a subject (QIAGEN ) and an object (eGene). Now that the event has both a

subject and an object it is a full match, so it can be validated. In the ideal

case eGene would be recognized by GATE automatically as being an unknown

company, however at this point we are not capable of recognizing all unknown

companies automatically. GATE recognizes companies based on Gazetteer lists,

and JAPE rules. These JAPE rules look in the context of the text. If, for

example, a company is found in a sum up with other companies GATE is capable

of recognizing the unknown company as being a company. Take the following

sentence for example: “Larry Page works for Google, Microsoft, and eGene.”.

Based on this sentence GATE is able to deduce that “eGene” is a company,

because of the context in which it appeared. In the short RSS news items

GATE is not always capable of identifying unknown companies because of the

lack of context.

In the following subsection we give a brief overview of our GATE pipeline,

which is used to identify the patterns in the news items.

34



4.3.2 GATE Pipeline

In order to match the pattern of a rule in a news item we constructed a GATE

pipeline. Each news item will be pushed through this pipeline in order to check

if one of the lexical representations of the lexico-syntactic pattern of a rule can

be matched.

This subsection discusses the components that together comprise the GATE

pipeline in the order in which they are used. Some components we use are

distributed with GATE by default, these are: Document Reset, ANNIE En-

glish Tokeniser, ANNIE Gazetteer, ANNIE Sentence Splitter, ANNIE Part-Of-

Speech (POS) Tagger, ANNIE Named Entity (NE) Transducer, and the ANNIE

Ortho Matcher. Besides those components we use a third party component:

Apolda [62] (Automated Processing of Ontologies with Lexical Denotations for

Annotation). The last three components of the pipeline are JAPE Transducers

which we have created ourselves: Pre-pre-processing JAPE Transducer, Pre-

processing JAPE Transducer, and the Pattern Matching JAPE Transducer.

During execution of the event detector the last two JAPE Transducer (which

are actually JAPE grammars) are generated on the fly by the detector, based

on the rule that is currently being matched. The first JAPE Transducer does

some general pre-pre processing, so it is constant.

Document Reset The Document Reset component resets the document to

its original state by removing all the annotation sets and the corresponding

annotations. An annotation set contains multiple annotations, each annotation

has multiple instances. An example of an annotation is “Sentence”, which has

all sentences in a text as its instances. Another example is “Organization”,

which has as its instances all organizations in the text identified by GATE.

An annotation set is used to group several annotations into one set. These

annotation sets can be used to separate annotations which are not related.

The Document Reset is used at the beginning of the pipeline to remove all

old annotations.
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ANNIE English Tokeniser This component splits the text into simple to-

kens such as punctuation, spaces, numbers, and words of different types (for

example: words in uppercase and lowercase). The English Tokeniser consists

of a normal tokeniser, and a JAPE transducer. This transducer is used to

concatenate various tokens to create constructs like “50’s”, and “don’t”.

We make use of the alternate rule set for the ANNIE English Tokeniser,

which is also distributed with GATE. When using this alternate rule set the to-

keniser recognizes hyphenated words better. This means that words like “Sanofi-

Aventis” are annotated as one token.

Because of the tokenization more advanced analysis, such as done by Apolda,

can be performed in the following components.

ANNIE Gazetteer The ANNIE Gazetteer is used in order to classify cer-

tain types of words, for example: cities, organizations, countries, dates, etc.

The gazetteer contains lists of words for which a major type, and an optional

minor type are defined. If words on this list are identified in the text, they are

annotated with the major-, and minor type. The minor type is used to provide

more detailed information about the annotation. For example: a company is

a specific type of organization. Below is a small section of the list for compa-

nies called company.lst with the major type organization, and minor type

company:

RCA

Reader’s Digest

Reebok

Reed

Reed Elsevier

If one of these pieces of text is found it will get annotated with a major type

organization, and minor type company. Once the text is annotated using the

gazetteer the JAPE grammars can match all companies by specifying the minor

type company. All organizations can be matched by specifying the more general

major type organization.
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ANNIE Sentence Splitter The Sentence Splitter is used to split the text

into sentences, which is a requirement of the POS-tagger.

ANNIE Part-Of-Speech (POS) Tagger The Part-Of-Speech tagger [63]

of GATE is a modified version of the Brill tagger [64]. It provides POS-tags as

an annotation for every word or symbol in the text. POS-tags can be used to

identify verbs, singular nouns, plural nouns, adjectives, etc.

ANNIE Named Entity (NE) Transducer The Named Entity Transducer

(also known as a Semantic Tagger) makes use of annotations assigned in earlier

phases. Based on this annotations named entities can be found and annotated.

For example: the two successive words “Larry”, and “Page” are annotated

together thereby creating the named entity “Larry Page” with is annotated as

type Person. Using the NE transducer new organizations, persons, locations,

and dates can be found. Companies are a specific type of organization, so they

can also be found.

ANNIE Ortho Matcher The Ortho Matcher (also known as the Ortho-

graphic Coreference component or NameMatcher) is used to add identity rela-

tions between named entities found by the Named Entity Transducer. Using the

Ortho Matcher strings which refer to the same thing can be found, e.g. “IBM”

and “Big Blue” both refer to the company IBM.

Apolda (Automated Processing of Ontologies with Lexical Denota-

tions for Annotation) Apolda [62] is a component which has similarities

with the ANNIE Gazetteer, the biggest difference lies in the fact that it uses

terms from an ontology to classify words instead of gazetteer lists. Apolda

searches the text for occurrences of OWL annotation properties of the classes

and instances of an ontology. The found matches are annotated with the name

of the OWL instance (or class) against which the piece of text is matched. Using

this component text can be mined for the occurrences of terms from an OWL

ontology.
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JAPE Transducer - Pre-pre-processing After annotating the text with

Apolda each term in the text that corresponds to an OWL class or OWL in-

dividual is annotated with that class or individual. However, in our matching

process we only want to use OWL individuals, therefore this JAPE transducer

removes all class annotations from the annotation set.

JAPE Transducer - Pre-processing Each rule has a lexico-syntactic pat-

tern (which has multiple lexical representations) associated with it which is

used to identify events in text. In order to be able to find the lexical repre-

sentations of a lexico-syntactic pattern this pattern is dynamically converted to

two JAPE grammars each time a GATE pipeline is being executed. These two

JAPE grammars are executed successively in two separate phases. The gram-

mar in the first phase (the pre-processing phase) is used to copy all relevant

annotations to a temporary annotation set. By using a temporary annotation

set for the relevant annotations the next phase automatically discards the non-

relevant annotations, because these non-relevant annotations are not copied to

the temporary annotation set. Only things that appear in the pattern of the

rule are relevant, so for the buy-rule ([kb:Company] kb:buys [kb:Company]) only

company annotations, and annotations which reflect the buy-relation are copied

to the temporary annotation set.

JAPE Transducer - Pattern Matching The second JAPE grammar (the

pattern matching phase) is used to match the pattern, based on the annotations

in the temporary annotation set created in the previous phase. In this pattern

matching phase the JAPE grammar is used to identify full or partial matches

of the lexico-syntactic pattern in the relevant annotations.

4.4 Event Validation

Identified events are stored in an ontology, together with the news items in

which they are found. In the validation environment the domain expert can

review all the identified events. If an event is a full match (which means both
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a subject and an object -if this is required- are found), the domain expert can

validate the event. Once an event is validated the associated actions are exe-

cuted, thereby modifying the ontology based on the identified event. Figure 4.4

gives an overview of the validation environment. Colored rows indicate events

which are not yet validated. The italic subjects and objects are concepts which

are unknown at this point, they are discovered in the news items by the GATE

pipeline. If an event containing such unknown concepts is validated, these con-

cepts are added to the knowledge base.

Figure 4.4: The validation environment of the rule engine.

4.5 Action Execution Engine

If a domain expert validates an event the appropriate actions should be executed.

This is done in the following steps:

1. Retrieve the appropriate actions

2. Substitute the <subject> in the actions for the actual subject of the event
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3. Substitute the <object> in the actions for the actual object of the event

(if there is one)

4. Execute the actions using a SPARQL engine

The actions associated with the rule whose pattern is matched by the event

are first retrieved from the rule base. An example of such an action can be

found in Figure 4.5. This action is associated with the buy-rule, it removes the

competesWith property instance between two products whose producers do no

longer compete with each other (because one bought the other).

REMOVE ?x competesWith ?y
WHERE
{

<subject> hasProduct ?x
<object> hasProduct ?y

}

Figure 4.5: Abstract action before substitution.

As can be seen from the previous figure this abstract action can not be

executed directly. Before the action is ready for execution the <subject> and

<object> must be substituted for the actual subject and object as found in

the event. If for example Roche buys Akzo Nobel, the action will look like

Figure 4.6 after the substitutions. This concrete action can then be executed

using an experimental implementation of ARQ [21] which supports SPARQL-

U [60] which is still under development.

REMOVE ?x competesWith ?y
WHERE
{

kb:Roche hasProduct ?x
kb:AkzoNobel hasProduct ?y

}

Figure 4.6: Action after substitution.
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Chapter 5

Evaluation

True genius resides in the capacity for evaluation of uncertain, haz-

ardous, and conflicting information.

– Winston Churchill, 1874 - 1965

The subject of this chapter is the evaluation of the results of the learning

process. To validate the results we compare the events identified by the rule-

engine with those identified by a domain expert, based on the same set of news

items.

5.1 Introduction

Performance evaluation of the ontology learning process is a problem in this field

of research, because there are no predefined measures that everybody relies

on [46]. We decided to use the following measures: accuracy (A), error (E),

precision (P ), recall (R), and F1. We chose these measures, because they are

well-known and relevant statistical measures. Moreover we have defined our

own measure for usefulness (U). Using this measures we evaluate the result of

the rule-engine against the reference standard, as defined by an expert.

It should be noted that the quality of the event detector for a large part relies

on the input that it gets. This means that without a high quality knowledge

base, which contains the proper lexical representations for both the concepts
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and the relations, the amount of successfully identified events will dramatically

decrease. Besides that, the clarity of the parsed text is also important. If the

text which is being mined is very unstructured, it is hard to match patterns.

When using an adequate knowledge base and well formulated text, we expect

that the event detector performs fairly well.

In section 5.2 we describe the experiment which we conducted and discuss

the several runs and the reference standard created by a domain expert. This

is followed by a discussion of the used measures in section 5.3. In section 5.4

we describe the results with respect to the used measures. Based on the runned

experiment section 5.5 presents our conclusions.

5.2 Experimental Setup

5.2.1 Introduction

In order to be able to evaluate the output of the rule-engine we have done an ex-

periment with 1.736 news items. We retrieved these news items from the follow-

ing RSS feeds: http://www.marketwatch.com, http://uk.finance.yahoo.com,

and http://feeds.reuters.com/reuters/businessNews. Besides that, we

have received a data set of news items from Reuters via Citigroup. All these

news items are aggregated to one data set which we used in our experiment.

We call this data set of news items NI. Our rule-engine processed this data set

in order to find events associated with the previously discussed buy-rule (i.e.,

buy-events). We choose to use the buy-event in the evaluation process because

it is the most frequently encountered event in our data set.

5.2.2 First Run - Strict Pattern

We did three processing runs with our rule-engine. In the first run the rule-

engine strictly looked for the pattern [kb:Company] kb:buys [kb:Company]. Which

means that the rule-engine only looks for known companies (i.e., companies

which are in the knowledge base), and tokens which are explicitly annotated by

GATE as being a company. We call the set of identified events from this run
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EDS , because the events are identified by the event detector (D) with the strict

(S) pattern.

5.2.3 Second Run - Relaxed Pattern

For the second run of the rule-engine we relaxed the restrictions on the pattern

so it also includes tokens which are annotated by GATE as being an organiza-

tion (not specifically a company) or which are annotated as Unknown. GATE

annotates tokens as being Unknown in case it knows the token is something

special (for example: if it starts with a capital letter, or if it is written entirely

uppercase), but it does not know its specific type. We call the set of identified

events from this run EDR, because they are associated with the more relaxed

(R) buy-pattern.

5.2.4 Third Run - Hybrid Pattern

The third run of the rule-engine combined both previous approaches. It uses

the relaxed pattern of the second run with the extra condition that either the

subject or the object of the found event is a known company (i.e., the company

should be in the knowledge base). This extra condition on either the subject or

the object combines the relaxed pattern with a more strict approach. We call

the set of identified events from this run EDH , because the events are identified

by the event detector with the hybrid (H) pattern.

5.2.5 Reference Standard

A reference standard is needed against which the results of the rule-engine can be

evaluated. This reference standard (ERS) is a set of events created by manually

identifying buy-events in the data set. Each buy-event (for example “Nestle

buys Gerber”) is supported by one or more news items which denote this event.

To summarize: each event is a set of one or more news items, the reference

standard is a set of all buy-events manually identified by a domain expert. The

mathematical definition of the reference standard can be found in equation (5.1),
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where EALL denotes a set which contains all valid events in the data set.

ERS = {e ∈ EALL | e denotes a buy-event} (5.1)

Basically the reference standard is a set of events, these events are sets of news

items denoting the same event instance, as can be seen from equation (5.2).

ERS = {e1{n1, n2, ..., nn}, e2{n1, n2, ..., nn}...} (5.2)

5.3 Measures

5.3.1 Introduction

In this section we discuss the different measures which we have computed with

respect to the output of the rule-engine. We have computed these measures for

all three runs, the results of these computations can be found in section 5.4.

Please note that we calculate the measures on news item level, because the

event-detector takes a decision for each news item (i.e. “does this news item

denote an event, and if so, which one?”). This means that, for each calculation,

we use the amount of news items in the event sets. The symbols we use in the

calculations are explained in table 5.1.

Symbol Meaning
ED Events identified by the event detector of the rule engine, EDS ,

EDR, or EDH .
ERS Events identified by the domain expert (the reference standard).
ECI Events correctly identified by the event detector; ED ∩ ERS .
EU Events identified by the event detector which are useful; EU =

ECI ∪ {e ∈ ED | e is partially valid}.
ET All identified events, by either the event detector or the domain

expert; ED ∪ ERS .
NI All news items in the data set.

Table 5.1: The symbols used in the measures.

Table 5.2 contains the contingency table which shows the relationships be-

tween the used symbols. The first column of the data in the contingency table
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reflects the events (and thus the news items) that where identified by the do-

main expert. The second column reflects the events (news items) which are

not identified by the domain expert, this means that these news items do not

denote a buy-event. The first row of the data in the table reflects the events

(news items) which are identified by the event detector as being buy-events.

The second row reflects the events (news items) that are not identified by the

event detector as being an event.

Expert
Detector Yes No
Yes ECI ED − ERS

No ERS − ED NI − ET

Table 5.2: The contingency table.

5.3.2 Accuracy

The accuracy measure is used to determine the portion of news items that are

correctly identified as either belonging to an event or not. It is defined as the

sum of the number of news item belonging to the events correctly identified by

the event detector, and the number of news items belonging to the events the

event detector correctly ignored. This sum is divided by the total amount of

news items in the data set. It falls in the range from 0 to 1, where 1 is the best

score. The exact definition of this measure can be found in equation (5.3).

A =
| ECI ∪ (NI − ET ) |

| NI |

=
| (ED ∩ ERS) ∪ (NI − (ED ∪ ERS)) |

| NI |
(5.3)

=
| NI − (ED 4 ERS) |

| NI |

Most of the calculations in this and the following sections are pretty straight-

forward. The most complicated one is depicted in equation (5.4). It shows the

use of an operator called the symmetric difference.

ED 4 ERS (5.4)
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In normal circumstances this is a basic operation which results in a set which

contains all elements which are either present in ED or ERS , but not in both.

The elements that appear in both sets are the events (and thus the news items),

which are correctly identified by the event detector, i.e. ECI . This means that

the set which results from the symmetric difference operation contains all the

news items for which the event detector made an error, either by classifying it

incorrectly or ignoring the news item when it should not do so.

In our situation with sets of events which are denoted by news items we

have to take duplicate news items into account. It might be the case that a

news item is detected by the event detector as belonging to an event, but the

event itself is invalid. This can be the case if, for example, the detected event

is partial. This means that the news item is not correctly identified, therefore

it is present in ED but not in ECI . This same news item can also be present in

ERS , because the domain expert has identified the news item as belonging to a

specific event. In this case the same news item is associated with two different

events which are in ED and ERS , but not in ECI . When using the symmetric

difference operator this news item appears twice in the resulting set. However,

we only want to count the amount of unique news items for which the event

detector made an error. Therefore we have removed all the duplicates from the

resulting set of news items.

5.3.3 Error

The error measure is used to determine the portion of all news items in the

data set that are incorrectly classified by the event detector. It is defined by the

sum of the number of news items which are incorrectly classified by the event

detector, and the number of news items the event detector failed to classify.

This sum is divided by the total amount of news items in the data set, in order

to determine the portion of news items for which the event detector made an

error. It falls in the range from 0 to 1, where 0 is the best score. Together

accuracy and error are 1. The exact definition of this measure can be found in
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equation (5.5).

E =
| (ED − ERS) ∪ (ERS − ED) |

| NI |
=
| ED 4 ERS |

| NI |
(5.5)

5.3.4 Precision

The precision measure is used to determine how many of the news items classified

by the event detector are actually correct. It falls in the range from 0 to 1,

where 1 is the best score. The exact definition of this measure can be found in

equation (5.6).

P =
| ECI |
| ED |

(5.6)

5.3.5 Recall

The recall measure is used to determine the portion of news items in the data

set that are correctly classified by the event detector. It falls in the range from

0 to 1, where 1 is the best score. The exact definition of this measure can be

found in equation (5.7).

R =
| ECI |
| ERS |

(5.7)

5.3.6 F1

There is a clear trade off between precision and recall, therefore the F1 measure

is needed. The F1 measure is used to compute an even combination of precision

and recall. It falls in the range from 0 to 1, where 1 is the best score. When

improving the event detector the F1 measure is the measure that should be

maximized, because it takes both precision and recall into account. The exact

definition of the F1 measure is shown in equation (5.8).

F1 =
2 ∗ P ∗R

P + R
(5.8)

5.3.7 Usefulness

We have defined our own measure which denotes the degree of usefulness of each

run. It is determined by the amount of news items, belonging to events identified
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by the event detector which are useful (EU ), divided by the amount of news

items belonging to all the events identified by the event detector. Useful events

can be valid or partially valid, the partially valid events are quite useful, because

the domain expert can complete them and make them valid with a minimum

amount of effort. The only thing that has to be done is to identify the missing

valid subject or object. A definition of EU can be found in equation (5.9).

EU = ECI ∪ {e ∈ ED | e is partially valid} (5.9)

This measure falls in the range of 0 to 1, where 1 is the best score. The

exact definition of this measure can be found in equation (5.10).

U =
| EU |
| ED |

(5.10)

5.4 Results

In this section we outline the results for each of the previously discussed mea-

sures. We first discuss the measures with respect to the run with the strict

pattern. After that the run with the more relaxed pattern is discussed. Finally,

the measurements for the run with the hybrid pattern are outlined.

5.4.1 First Run - Strict Pattern

The data resulting from the run with the strict pattern is shown in Table 5.3. In

this table the column “# events” contains the number of unique event instances

(e.g. “Gerber buys Nestle”, etc.) in the given sets. The column “# news items”

contains the number of unique news items which support the events.

# events # news items
Event detector (EDS) 37 78
Domain expert (ERS) 20 75
Correctly identified (ECI ⇔ EDS ∩ ERS) 4 17
Useful (EU ) 20 57

Table 5.3: The data when running the rule-engine using the strict pattern.
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Based on this data we calculate the previously discussed measures on the

news item level.

Accuracy

A =
| NI − (EDS 4 ERS) |

| NI |
=

1, 736− 81
1, 736

= 0.95 (5.11)

Error

E =
| EDS 4 ERS |

| NI |
=

81
1, 736

= 0.05 (5.12)

Precision

P =
| ECI |
| EDS |

=
17
78

= 0.22 (5.13)

Recall

R =
| ECI |
| ERS |

=
17
75

= 0.23 (5.14)

F1

F1 =
2 ∗ P ∗R

P + R
=

2 ∗ 0.22 ∗ 0.23
0.22 + 0.23

=
0.1012
0.45

= 0.22 (5.15)

Usefulness

U =
| EU |
| EDS |

=
57
78

= 0.73 (5.16)

5.4.2 Second Run - Relaxed Pattern

The data resulting from the run with the relaxed pattern is shown in Table 5.4.

# events # news items
Event detector (EDR) 62 99
Domain expert (ERS) 20 75
Correctly identified (ECI ⇔ EDR ∩ ERS) 10 38
Useful (EU ) 25 58

Table 5.4: The data when running the rule-engine using the relaxed pattern.
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Based on this data we calculate the previously discussed measures on the

news item level.

Accuracy

A =
| NI − (EDR 4 ERS) |

| NI |
=

1, 736− 80
1, 736

= 0.95 (5.17)

Error

E =
| EDR 4 ERS |

| NI |
=

80
1, 736

= 0.05 (5.18)

Precision

P =
| ECI |
| EDR |

=
38
99

= 0.38 (5.19)

Recall

R =
| ECI |
| ERS |

=
38
75

= 0.51 (5.20)

F1

F1 =
2 ∗ P ∗R

P + R
=

2 ∗ 0.38 ∗ 0.51
0.38 + 0.51

=
0.3876
0.89

= 0.44 (5.21)

Usefulness

U =
| EU |
| EDR |

=
58
99

= 0.59 (5.22)

5.4.3 Third Run - Hybrid Pattern

The data resulting from the run with the hybrid pattern is shown in Table 5.5.

# events # news items
Event detector (EDH) 30 62
Domain expert (ERS) 20 75
Correctly identified (ECI ⇔ EDH ∩ ERS) 9 36
Useful (EU ) 18 50

Table 5.5: The data when running the rule-engine using the hybrid pattern.
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Based on this data we calculate the previously discussed measures on the

news item level.

Accuracy

A =
| NI − (EDH 4 ERS) |

| NI |
=

1, 736− 52
1, 736

= 0.97 (5.23)

Error

E =
| EDH 4 ERS |

| NI |
=

52
1, 736

= 0.03 (5.24)

Precision

P =
| ECI |
| EDH |

=
36
62

= 0.58 (5.25)

Recall

R =
| ECI |
| ERS |

=
36
75

= 0.48 (5.26)

F1

F1 =
2 ∗ P ∗R

P + R
=

2 ∗ 0.58 ∗ 0.48
0.58 + 0.48

=
0.5568
1.06

= 0.53 (5.27)

Usefulness

U =
| EU |
| EDH |

=
50
62

= 0.81 (5.28)

5.5 Conclusion

An overview of the results of the evaluation can be found in Table 5.6. This table

shows that the results are significantly better when using the hybrid pattern with

the exception of recall, the strict pattern gives the worst results.

The overall accuracy is very good. The accuracy of the strict and relaxed

patterns is the same, the accuracy of the hybrid pattern is slightly better. The

reason for this is that most of the news items are not associated with a buy

event. All runs have successfully ignored a large portion of these news items,

this results in an almost equal accuracy.
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Measure Strict pattern Relaxed pattern Hybrid pattern
Accuracy 0.95 0.95 0.97
Error 0.05 0.05 0.03
Precision 0.22 0.38 0.58
Recall 0.23 0.51 0.48
F1 0.22 0.44 0.53
Usefulness 0.73 0.59 0.81

Table 5.6: An overview of the measures for the three runs.

The error rate is lowest when using the hybrid pattern. When using the re-

laxed pattern the event detector is capable of recognizing more companies, then

when it uses the strict pattern. However, this results in some events being out

of domain, an example of this is the event “Thomson buys Reuters”. Although

such an event is correctly recognized we do not want to use it in our learning

framework, because it learns facts which are not in our domain. Therefore we

consider these events invalid in our context. When using the hybrid pattern we

have the restriction that either the subject or object most be a known company,

thereby making sure that the event is always in our domain. This reduces the

error rate of the event detector. The error rate is low, especially when using the

hybrid pattern.

The precision of the event detector is highest when using the hybrid pattern.

The same rationale as for the error rate applies here. The event detector recog-

nizes more companies with the relaxed pattern, thereby being able to identify

events which otherwise would not have been recognized or which would have

been partial matches (because the subject or object could not be found). How-

ever, because of the restriction that either the subject or the object must be

present in the knowledge base, we reduce the amount of invalid matches.

The recall of the run with the relaxed pattern is higher then the other two

runs. The reason for that is the fact that, when using the relaxed pattern,

the event detector is capable of recognizing more events than with the strict

pattern. This results in a higher recall for the relaxed run, however the precision

suffers. The hybrid pattern also allows for more recognition but, because of the
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restriction that either the subject or the object must be in the knowledge base,

results in a slightly lower recall. However, the precision of the hybrid pattern is

significantly better that the precision of the relaxed pattern.

The F1 measure is higher when using the hybrid pattern. The F1 measure is

computed based on the precision and the recall, because of this the same logic

applies as for those measures. Based on this measure we can clearly see that

the run with the hybrid pattern is the most successful.

The usefulness of the identified news items is highest when using the hybrid

pattern, followed by the strict pattern. The relaxed pattern scores the lowest

on usefulness. The reason for this is that the usage of the relaxed pattern

introduces a lot of out of domain events, which we have marked as invalid. The

hybrid pattern solves this problem due to its restriction that either the subject

or the object of an event must be present in the knowledge base.

As an overall conclusion we can say that the event detector performs fairly

well, especially when using the hybrid pattern. Future work should focus on im-

proving the recall, and the precision. However, at this point the event-detector

is already useful, because it significantly reduces the amount of news items

that domain experts have to review in order to find a buy-event. Once such a

buy-event is found and validated, our rule-engine can execute the appropriate

actions, thereby updating the ontology.
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Chapter 6

Conclusions and Future
Research

Properly designed, the Semantic Web can assist the evolution of hu-

man knowledge as a whole.

– Tim Berners-Lee, The Semantic Web (17 May 2001)

In this chapter we present our findings. Based on our literature review and

experiment we test our earlier defined hypotheses on validity in section 6.1.In

section 6.2 we discuss the areas for future research.

6.1 Conclusions

In the beginning of this thesis we defined the following research question:

How to exploit domain knowledge in a pattern-action based approach

for ontology learning?

To answer this question we defined three different hypotheses:

1. Expert knowledge is needed for facilitating ontology learning.

2. A formal rule syntax is useful when formalizing expert knowledge.

3. By using an expert defined rule base, an ontology learning mechanism can

be created.
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We will now determine the validity of each of our hypotheses in order to

answer the research question.

Our literature survey revealed that a lot of research already showed that

expert knowledge is needed to support and validate the ontology learning pro-

cess. In our own research we found that domain experts are needed to formulate

rules, and to validate the events we found in news items. Because we are trying

to learn new things, we have to be aware of the risk of learning things that

are out of domain, or even worse learning things which are invalid. Because of

this we believe that it is safe to say that expert domain knowledge is needed to

supervise the learning process.

We found the use of rules very useful when mining news items for specific

events. We used the well known pattern based approach from Hearst [33, 9],

which we extended with domain specific syntactic arguments, based on the

knowledge base. By using these patterns, rules can be formulated which asso-

ciate patterns with one or more actions in order to update the ontology. By

formalizing the syntax for these rules one can easily create and modify rules.

We have also built a rule editor which facilitates the easy creation, modification,

and removal of rules. Using this editor and the underlying rule syntax, experts

can easily define their own rules which are very useful when mining news items

for events.

The expert defined rule base is used to mine news items for the occurrence

of specific events. Based on these events the ontology is updated to reflect the

changed reality. We have found that an expert defined rule base is a very useful

component in an ontology learning framework. Using this component we have

created a working ontology learning mechanism which, based on our experiment,

performs fairly well.

6.2 Future Research

In this section we describe some of the work that can be done in order to improve

the rule-engine.
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6.2.1 Entire Documents Processing

During this master thesis we have focused on processing titles instead of entire

news items. The reason for this is that titles are usually well formulated and to

the point. Moreover titles can be processed in a limited amount of time. The

drawback of this approach is that titles do not always contain all the needed

information, which can be solved by processing the entire news item. However,

this might introduce issues with respect to processing speed, which have to be

solved first. Besides that, we do not know what the impact on the result exactly

is, this means that additional measurements should be done.

6.2.2 Event Chains

In a lot of cases events are not isolated, but are part of a chain of events. An

example is the process which results in one company buying another. In most

cases this process starts with rumours which state that one or more companies

are interested in buying a certain company. If these rumours turn out to be

true, the companies might engage in a bidding war. After the bidding war

the winning company acquires the company for sale. In most cases each phase

in this process results in a flow of news items, which represent the successive

events leading up to the final buy-event. It would be interesting to think about

a way to formulate such chains of events in order to monitor the developments

of specific domains over time.

6.2.3 Automatic Pattern Discovery

At this point patterns have to be manually formulated by a domain expert.

It would be very useful if patterns could be learned (semi-)automatically. A

possible approach might be to perform generalizations, based on co-occurrence

analysis. By analyzing which class instances co-occur frequently with certain

relations, patterns can be formulated. Domain expert can then validate these

patterns and create actions which are associated with them. This results in a

rule which can be used by our rule engine to mine news items.
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