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Abstract

Manual construction of ontologies is an expensive and
time consuming task because the professionals required for
this task (i.e. domain specialists and knowledge engineers)
usually are highly specialized. The fast and cheap ontol-
ogy development is crucial for the success of knowledge
based applications and the Semantic Web. Ontology learn-
ing provides automatic or semi-automatic processes for on-
tology construction. In this processes, the extraction of
non-taxonomic relations has been identified as one of the
most difficult and often neglected problems. In this thesis,
we present a framework to implement an unsupervised ap-
proach for this task. Given a domain ontology and a do-
main specific corpus, our approach enriches the ontology by
adding non-taxonomic relations extracted from the domain
specific corpus. We have tested our framework in two dis-
tinct domains (the tennis sport domain and the biographies
of movie actors domain). The main objective is reducing
the work-load of knowledge engineers and domain experts
by suggesting candidate relations that might become part of
the ontology as well as prospective labels for them.

Keywords: Ontology Learning, Relation Extraction, Non-
taxonomic Relations, Natural Language Processing

1 Introduction

The World Wide Web has become a source of infor-
mation, where information is provided by humans for
humans. In the face of the huge size of this resource,
how can computers help humans make sense of all this
data? One course of action would be to have a computer
annotate all this electronic data with the structures that are
of interest to humans. This is not trivial. How do we tell
or teach a computer to recognize that a piece of text has
a semantic property of interest in order to make correct
annotations? This process is called Information Extraction.

Information Extraction (IE) is a Natural Language Process-
ing (NLP) field which uses automatic methods for creating
a structured representation of selected information from
natural language texts. Information Extraction is usually
subdivided into two sub-tasks: Named Entity Recognition
(NER) and Relation Extraction (RE). Relation Extraction
is the process of identifying mentions of relations in text,
where a relation mention is defined as a predicate ranging
over two arguments, arguments represent concepts and
the relation predicate describes the type of association or
interaction that holds between the concepts represented by
the arguments.

In this work, we focus on the relation extraction
problem, particularly in relation extraction based on an
ontology. Ontologies are formal, explicit specifications
of a shared conceptualization [Gruber, 1993]. Ontologies
are useful to model knowledge in a formal abstract way
which can be read by computers. With ontologies it
is possible to model a domain by representing a set of
concepts and their relationships, constraints, axioms and
the vocabulary of that given domain. When the relation
extraction problem is based on an ontology it can either
be extractions of concept instances and relation instances
(Ontology Population) or learning relations among con-
cepts (Ontology Learning). Ontologies are a vital piece in
modern knowledge based systems. However, the manual
construction of ontologies relies on ontology engineers
assisted by one or more domain experts, a process that
can be complex, time-consuming and expensive depending
on the size and complexity of the domain being mod-
eled. Nowadays, the focus of various research projects
is to build ontologies automatically. The term ontology
learning refers to the automatic or semi-automatic support
for the construction of an ontology. Ontology learning
is concerned with identify knowledge in different data
sources and with its representation through an ontologic
structure. Generally, an ontology consists of three main
components: concepts, taxonomic relations (that define a



concept hierarchy) and, non-taxonomic relations. Even
though the number of automatic methods for building
ontologies is increasing, most of them only focus in
supporting the concepts and “Is-a” taxonomic relations.
Not many methods focus on non-taxonomic relations. Due
to that, much of domain specific semantics is ignored.
The motivation of this thesis is to develop an approach to
extract non-taxonomic relations from unstructured texts
to enrich an ontology. The extraction of non-taxonomic
relations has been considered as one very challenging
and important task [Maedche and Staab, 2000]. There
are two sub problems to be considered in non-taxonomic
relations: (1) identifying the potential relation between
concepts and (2) labeling the potential relation appropri-
ately [Villaverde et al., 2009].

This thesis is organized as follows. Chapter 2 describes
the system used for recognizing Named Entities in a text,
presents the state of art for the problem of relation extrac-
tion, and describes the approach used for pronoun resolu-
tion. Chapter 3 presents the conceptual architecture of our
framework, and the interaction between their main compo-
nents. The final contribution of this work is to present a
thorough evaluation of the proposed approach in chapter 4.
We present solid metrics for the evaluation of the extraction
relations, and perform an evaluation of our framework in
two distinct domains. Chapter 5 concludes with the main
contributions of this work and presents an outline of future
work.

2 Related Work

Named Entity Recognition is one of the major tasks in
Natural Language Processing. This process identifies a
word or a phrase that references a particular entity within
a text. This identification of proper nouns and its classi-
fication is a two-step process. Identification is concerned
with marking the presence of a word/phrase as Named
Entity in a given sentence and classification is concerned
with denoting the role of the identified Named Entity.
ANNIE, a Nearly-New Information Extraction System
is an entity extraction module incorporated in the GATE
framework [Cunningham et al., 2013]. ANNIE offers,
as a module, a set of default resources (i.e. Document
Reset, Tokeniser, Sentence Splitter, Part Of Speech tagger,
Gazetteer, Semantic tagger, Orthomatcher and Corefer-
encer) that can be used in combination for NER purposes.

Relation extraction is an important task, with many
different practical applications.The goal of relation ex-
traction is finding instances of relationships between pairs
of entities in texts and instantiating them in a knowledge
base. An unsupervised approach based on the premise

that non-taxonomic relations are usually expressed by
verbs that relate pairs of concepts has been presented
in [Villaverde et al., 2009]. In the first stage they apply a
number of pre-processing steps. Then they search in the
corpus in order to identify pairs of concepts that occur in the
same sentence with verbs that relate them. Finally a mining
algorithm is applied over this set to identify association
rules. As a result, rules are extracted and then are evaluated
according to the statistical evidence measures, support and
confidence. If the rule exceeds the predefined support and
confidence thresholds, it is suggested for further validation
by domain experts. Another unsupervised approach for
extracting semantic relations from domain-specific text
documents has been presented in [Shen et al., 2012]. They
consider context words (semantic context) and taxonomic
relations (structural context) to discover candidate key-
words that can represent semantic relations. The extraction
process is divided in four steps. The sentence selection
step extracts sentences from the domain corpus, and then
segments them. Then it identifies both ontology concepts
and words with part-of-speech (POS) tags. Then they
select only the sentences that contain at least one pair of
ontological concepts and a verb. The second step, relation
detection, determines whether two concepts are related to
each other through the Chi-Square test of independence
that represents the degree of relatedness between two
concepts. The next step, context clustering, transforms the
context of each discovered concept pair to feature vectors
for clustering. The generated context clusters represent
semantic relations of the concept pair for further extraction.
In this step the synonym dictionaries of WordNet are used
to reduce the number of feature dimensions that support
the calculation of semantic similarity among sentences.
Finally the last step recommends appropriate keywords
for labeling the semantic relations of concept pairs. Two
weighting schemes, Term frequency and inverse cluster
frequency (TFICF), and child voting (CV), are developed
to calculate keyword weights. In the first the weights of
the words in the clusters are estimated by the importance
of a word in a cluster and the numbers of cluster in which
the word occurs. Child voting scheme, refines the weights
of context words. The idea is motivated by the fact that
child concepts inherit the attributes of a parent concept in
a taxonomic hierarchy. Thus, semantic relations may also
be inherited. Finally, word weights are determined as linear
combinations of normalized TFICF and child votes and
recommended as relation labels, which are later validated
by ontology engineers.

Pronoun resolution concerns the identification of the an-
tecedents of pronominal anaphors in texts. Pronoun res-
olution greatly enhances the recall of relation extraction
tools [Sazedj, 2008]. Centering is a theory for discourse



coherence and essentially states that a discourse is divided
into coherent segments and that each segment contains one
central entity. The pronouns of that segment, are consid-
ered likely to refer to the central entity. Because pronouns
are usually used when continuing to talk about the focused
entity, or making an entity salient, Centering Theory’s roles
and constraints have provided the background for many al-
gorithms interested in resolving pronouns. One of these al-
gorithms, the S-List algorithm [Strube, 1998], models the
reader’s attentional state as he reads the text and orders an-
tecedents according to information status. This algorithm
uses only one list which is updated incrementally as a sen-
tence processed and achieved to 72% accuracy.

3 Framework for extraction non-taxonomic
relations

In this section, we describe the framework we are per-
forming for extracting non-taxonomic relations. Given
a domain ontology and a domain specific corpus, the
framework aims at enriching the ontology by adding non-
taxonomic relations extracted from the domain specific cor-
pus of texts about a domain. The framework comprises
four main components. The conceptual architecture of our
framework, in Figure 1, illustrates the inputs and outputs of
the architecture and the interaction between its main com-
ponents. A detailed description of the four main compo-
nents follows in the next sections.

Figure 1. The conceptual architecture and its
four main components.

3.1 Pre-Processing Text

In the Pre-Processing Text component, unstructured doc-
uments are transformed into suitable representations to be
used as input for next components. The pre-processing

stage takes the documents and segments them into sen-
tences using punctuation marks like full stop, exclamation
mark and question mark. To perform this first step, we use a
resource offered by ANNIE, the Sentence Splitter, that iden-
tifies sentence boundaries. Then, Part of Speech (PoS) tag-
ging labels each word in a given sentence as noun, verb, pro-
noun, preposition, adverb, adjective or other lexical class.
To perform this step, we use two resources offered by AN-
NIE called Tokeniser and Part-of-speech Tagger. The for-
mer splits the text into very simple tokens such as numbers,
punctuation and words of different types, then the latter pro-
duces a part-of-speech tag as an annotation on each word
or symbol. Next, a Named Entity Recognition (NER) sys-
tem marks-up the entities present in the text into ontological
concepts. In this step the entities are tagged with the two re-
sources (the Gazetteer and the Semantic Tagger) offered by
ANNIE. These two resources only allow the identification
of organizations, persons, locations, dates and money. If
the domain ontology which is given as input to the frame-
work has other concepts, one needs to modify these two re-
sources: adding new gazetteer lists or new JAPE. This com-
ponent actually maintains a collection of entities, one for
each document of the corpus. Each entry of the collection
is a tuple consisting of the following arguments: <name,
startOffset, endOffset>. Beaside “name” which designates
the name of the entity, startOffset and endOffset keep track
of the exact position of the reference to the concept in the
text. This information is important since a concept may be
referred to subsequently in different parts of the text and
it is necessary to keep track of each reference individu-
ally. The Pronoun Resolution step deals with the analysis
of words and expressions that refer to the same entities of
the real world. More concretely, the words or expressions
that point back to previous entities within the discourse are
called anaphors, where the anaphor is restricted to the sub-
set of anaphoric pronouns, and the entities to which they re-
fer are called antecedents. This step implements the S-List
algorithm [Strube, 1998]. The next step of our architecture,
lemmatization, is applied to reduce the dissimilarity of the
word forms into a singular form. This step is important for
matching words when they are not in the exact same form.
For example in the Predicate Identification component, we
need to know that “play” and “playing” are two forms of
the same verb to make a list of predicates. The Morpholog-
ical Analyser, a plugin in the GATE framework, is used. It
considers one token and its part of speech tag to identify its
lemma. At this stage we have the domain specific corpus
fully annotated. In the last step, sentence selection, all sen-
tences that contain at least two ontological concepts and a
verb are collected. We do not process all sentences present
in the documents since the sentences that do not contain at
least two ontological concepts and a verb do not contain any
non-taxonomic relation for our domain.



3.2 Predicate Identification

In this thesis we further explore the trend of verb-based
extraction methods. Verbs are identified from text docu-
ments using the Parts of Speech (PoS) tagging step in the
Pre-Processing component. At this stage, the identified
verbs present in the sentences selected in the previous
component are counted as predicate in set P, where P is a
set of predicates that contains all relevant verbs. Next, each
predicate in P with similar meaning is grouped together,
P’. WordNet is used to identify synonyms between all the
predicates in P. For example:

P = {p1, p2, p3, p4, p5, p6}
P ′ = {(p1, p3), (p2, p4), (p5), (p6)}

(1)

The last step of this component calculates the weight
for each group of predicates present in P’. The weights of
the group of predicates are calculated by a measure called
TFIDF through the estimation in terms of term frequency
(TF) and inverse document frequency (IDF). This measure
estimates the importance of a word in the corpus and the
number of documents in which the word occurs. TFIDF is
calculated using Equation (2).

TFIDF =
TFi

max (TFi)
∗ log N

ni
, (2)

where TFi is the frequency of all predicates present in a
group of predicates in the corpus, N is the number of doc-
uments, and ni is the number of documents that contains at
least one predicate present in a group of predicates. If any
predicate present in a group of predicates appears in nu-
merous documents, the discriminative power of the group
is low. Accordingly, TFIDF estimates both the relative im-
portance of a group of predicates in the corpus and its dis-
crimination among documents.

3.3 Relation Occurrences Identification

In order to mine verb-based relations, the first step
consists of detecting verbs and their arguments. Even
though this can be accomplished with the help of syntac-
tic parsers. In the first step of the Relation occurrences
Identification component we use the Stanford’s dependency
parser [de Marneffe et al., 2006], a high-accuracy statistical
phrase structure parser trained on the Penn Wall Street Jour-
nal Treebank. The next step of our architecture, relation
extraction uses Subject-Verb-Object (SVO) Triples method.
This method imposes a stronger requirement for an initial
concept pair (C1, C2): the pair must satisfy that C1 occurs
as the subject and C2 as an object in a sentence. Using
the dependency parser we mined SVO triplets. Specifically,

we looked for subject-verb relationships using nsubj depen-
dencies and verb-object relationships using dobj and prep
dependencies. Prep dependency ensures that we account
for intransitive verbs with prepositional objects. If a sub-
ject or object were not labeled as ontological concepts, they
are ignored during triplet construction. For assigning re-
lation labels, the SVO triples method chooses the verb be-
tween the two concepts present in a concept pair for which
its group has the highest TFIDF value. Thus, the method
forms triples (C1, Verb, C2) which are considered as candi-
date relations that must undergo an association mining pro-
cess (in next component) before being suggested as a pos-
sible relationship between concepts in the domain to enrich
the ontology.

3.4 Association Mining

Once a set of candidate relations between concepts
is available, one needs to collect evidences to validate
them before suggesting them to enrich the ontology.
To this matter we use Above Expectation (AE) mea-
sure [Kavalec et al., 2004]. This measure expresses the
increase of conditional frequency, as defined in Equa-
tion (3), compared to frequency expected under the
assumption of independence of associations of each of the
concepts with the verb.

P ((C1 ∧ C2)/V ) =
|{ti|V,C1, C2 ∈ ti}|
|{ti|V ∈ ti}|

(3)

Equation (3) is the conditional frequency (empirical
probability) that measures the association between a
verb and a concept pair where ti is a set of candidate
relations. This probability helps to find possible concept
pairs associated with a given verb. The AE measure, as
defined in Equation (4), can be explained as follows: If
the co-occurrence of a concept pair (C1, C2) with a given
verb V is more frequent than the individual concept’s
co-occurrence with V, then verb V is probably semantically
related to the concept pair, and thus should be a good
candidate label for concept pair.

AE((C1 ∧ C2)/V ) =
P ((C1 ∧ C2)/V )

P (C1/V ) ∗ P (C2/V )
(4)

The AE measure compares a conditional frequency with
the product of two simpler conditional frequencies. As a re-
sult, candidate relations are evaluated according to the sta-
tistical evidence measure. If it exceeds a predefined thresh-
old, candidate relations are suggested to enrich the ontology
with those non-taxonomic relations.



4 Evaluation

In this chapter we describe the evaluation of the frame-
work for non-taxonomic relations extraction from texts to
enrich an ontology as presented in the previous section. In
section 4.1 we describe the evaluation procedure and met-
rics that were applied. One of the challenges of ontology
based relation extraction is to find appropriate corpora and
ontologies for testing systems. This limitation has led some
researchers to evaluate their systems on different domains,
making comparison of results difficult. In choosing a do-
main of interest, we attempted to pick a domain of my inter-
esting (the tennis sport domain present in section 4.2) and a
domain which is generally interesting for the public and can
be reused in other experiments (the biographies of movie
actors domain present in section 4.3).

4.1 Procedure and Metrics

It is extremely difficult to evaluate extraction systems
on large corpora. Either a reference standard is somehow
available for the entire corpus, or a sample has to be
selected for which a reference is manually created. An
overall important detail is to distinguish among a priori
and a posteriori evaluations. In an apriori evaluation, the
reference standard is created beforehand and the results
of the system are measured against the reference. In an a
posteriori evaluation, results are presented to an evaluator,
who then decides which of them are correct and which are
not. Comparing the strict a priori method with the more re-
laxed a posteriori, the work in [Schutz and Buitelaar, 2005]
reports a degradation of about 10% in the precision of the
former over the latter.

In our case, we have performed an a priori evaluation.
The reference standard to both case studies was manually
created by myself and 3 annotators. As we are evaluating
triples against a reference standard, we decided to use the
classic metrics Precision (P), Recall (R) and F1 as presented
below.

Precision =
tp

tp+ fp
(5)

Recall =
tp

tp+ fn
(6)

F1 = 2.
precision.recall

precision+ recall
(7)

where tp is true positives, which are the triples extracted
as belonging to the reference standard, fp is false positives,
which are the triples extracted as not belonging to the
reference standard, and fn is false negatives, which are the

triples that belong to the reference standard but were not
extracted.

The Kappa-statistic [Carletta, 1996] which is a statistical
measure for assessing the reliability of agreement between
a fixed number of annotators was also used. The equation
for Kappa-statistic is:

k =
Pr(a).P r(e)

1− Pr(e)
(8)

where Pr(a) is the relative observed agreement among
annotators, and Pr(e) is the hypothetical probability of
chance agreement.

4.2 Case of Study: Tennis Sport Domain

In this case study, we attempted to pick a domain of my
interesting. Another requirement was that the corpus should
incorporate different writing styles as a result of social ef-
fort, in order to cover as many forms of expressing a relation
as possible. The aforementioned conditions led us to create
a corpus of tennis sport. The corpus used in this case study
is composed of 5,000 news collected from seven different
sources. The choice of these sources was based on which
countries\continents where the tennis sport is most impor-
tant. The four Grand Slam tournaments, also called Majors,
are the most important annual tennis events. They offer the
most ranking points and prize money, the greatest strength
and size of field and attract the most public and media at-
tention. The Grand Slam itinerary consists of the Australian
Open, the French Open, Wimbledon, and the US Open. For
each Grand Slam location a national online journal was cho-
sen. Besides these an American generic online journal and
an European sports journal were used, since these conti-
nents host a large number of tournaments. Finally a specific
Tennis online journal was also chosen as source. In this
study case an ontology was built manually, only with con-
cepts and the taxonomic relations. The ontology, illustrated
in figure 2, consists of 22 concepts and their taxonomic re-
lations that describe the hierarchical relationship between
concepts. The ontology was formalized in OWL.

4.2.1 Experiments

In the following we present the experiments in this study
case which were conducted for the evaluation our frame-
work. Table 1 presents a brief overview of the experiments.

The remainder of this section discusses each of the ex-
periments in detail.



Figure 2. The tennis sport ontology.
Description

Experiment 1 Extraction on larger scale without
pronoun resolution module with a

reference standard without pronouns.
Experiment 2 Extraction without pronoun

resolution module with a
reference standard with pronouns.

Experiment 3 Extraction with pronoun
resolution module with a

reference standard with pronouns.

Table 1. Overview of the evaluation experi-
ments in tennis domain.

4.2.1.1 Experiment 1

In this experiment, we evaluated our approach using a large
sample. We randomly selected a sample of 500 documents
from the corpus and manually created a reference standard
for the sample. In this experiment the pronoun resolution
module integrated into the Pre-Processing Text component
was not available yet, so the experiment did not include re-
lations whose entities are referred to by pronouns. Results
are shown in figure 3.

We started with the threshold of 0 and gradually in-
creased the value. Recall decreased with the increase of
threshold value since the total number of correct extracted
relations reduced. Precision increased until the threshold
was 0,8 which indicates that the wrong extracted relations
has the Above Expectation value lower than that value.
The best F1-measure was 70% and it was found with the
threshold of 0,6. The experiment shows that the best bal-
ance between the total number of correct extracted relations
and the correct relations which have not been extracted is
with the threshold value of 0,6. Furthermore, we asked 3
annotators to create manually a reference standard for 250
of the 500 documents used in this experiment. Results are
shown in table 2. These metrics were calculated with the
threshold value of 0,6 since that value was considered the
best value for that study case.

The results are quite interesting and a few conclusions

Figure 3. Precision, Recall and F1 curves for
different Above Expectations thresholds.

Precision Recall F1-Measure
Annotator 1 69,44% 68,69% 69,06%
Annotator 2 67,99% 69,24% 68,61%
Annotator 3 72,11% 69,37% 70,71%

Table 2. Evaluation scores for each annotator.

follow. First, we remark that the value of the Recall
varies less than 1% between annotators but 4% and 5% in
comparison with the Recall for our reference standard (64%
present in figure 13). Precision varies 5% between the 3
annotators and decreases more than 6% when compared
to the Precision (78% present in figure 3) calculated with
our reference standard. These variations led us to calculate
the Kappa-statistic [Carletta, 1996] which is a statistical
measure for assessing the reliability of agreement between
a fixed number of annotators. Results are shown in table 3.

Kappa
Our reference standard and Annotator 1

reference standard 0,40
Our reference standard and Annotator 2

reference standard 0,41
Our reference standard and Annotator 3

reference standard 0,51
3 Annotators reference standard 0,66

Our reference standard and 3 Annotators
reference standard 0,60

Table 3. The Kappa-statistic between a fixed
number of annotators.

Note that the best Kappa value was between the 3 Anno-
tators which indicates that they agree more between them in
comparison with our reference standard. Also, the annota-
tor that agrees more with our reference standard is Annota-



tor 3.

4.2.1.2 Experiment 2

In this experiment, we randomly selected a sample of 100
documents from the corpus and manually created a refer-
ence standard for the sample that included relations whose
entities are referred to by pronouns. The pronoun resolution
module was not integrated into the Pre-Processing Text
component yet, which excluded relations whose entities
are referred to by pronouns to be recognized. Table 4
summarizes our results. These metrics were calculated with
the threshold value of 0,6 since that value was considered
the best value for that case study.

Precision Recall F1-Measure

71,17% 49,14% 58,14%

Table 4. Evaluation scores without pronoun
resolution module.

The evaluation scores show that precision is 7% lower in
comparison with experiment 1, where we used a sample of
500 documents instead of 100 documents used in this ex-
periment. The recall score is very low due to the absence of
pronoun resolution module in this experiment. Therefore,
F1-Measure score is also very low due to the Recall score
being very low.

4.2.1.3 Experiment 3

For the same setup of the experiment 2, the goal of this
experiment was to measure whether there is any tangible
increase in recall with the help of a pronoun resolution
module. Results are shown in table 5.

Precision Recall F1-Measure

67,00% 66,83% 66,91%

Table 5. Evaluation scores with pronoun res-
olution module.

The results of this experiment are very encouraging.
Recall scores are substantially higher. This is due to
the fact that in this experiment a much higher number
of relation instances is considered with the help of the
pronoun resolution module, even though the number of
documents is the same. The Precision score decreases in
comparison to the previous experiment which indicates that
our pronoun resolution module does not solve correctly
100% of the pronouns present in this sample. Comparing

the F1-Measure scores with the score obtained in the
previous experiment, the pronoun resolution module yields
an improvement of nearly 9%. Furthermore, we asked
3 annotators to manually create a reference standard for
the sample used in this experiment. Results are shown in
table 6.

Precision Recall F1-Measure
Annotator 1 62,32% 70,67% 66,23%
Annotator 2 61,33% 70,14% 65,44%
Annotator 3 61,33% 67,30% 64,18%

Table 6. Evaluation scores with pronoun res-
olution module for each annotator.

The results are quite interesting and a few conclusions
follow. First, we remark that the value of Recall varies only
less than 3% but is always higher in comparison to the score
obtained with our reference standard. Precision varies less
than 1% between the 3 annotators and decreases more than
6% in comparison to Precision for our reference standard.
These variations led us to calculate the Kappa-statistic
measure again in order to measure the agreement between
annotators. Results are shown in table 7.

Kappa
Our reference standard and Annotator 1

reference standard 0,47
Our reference standard and Annotator 2

reference standard 0,51
Our reference standard and Annotator 3

reference standard 0,57
3 Annotators

reference standard 0,77
Our reference standard and 3 Annotators

reference standard 0,70

Table 7. The Kappa-statistic between a fixed
number of annotators.

Note that the best value of Kappa was between the 3 An-
notators which indicates that they agree more between them
in comparison to our reference standard. Also, the annota-
tor that agrees more with our reference standard is again
Annotator 3. These results support the same conclusions
that experiment 1.

4.3 Case of Study: Biographies of Movie
Actors Domain

In this case study, we attempted to pick a domain which
is generally interesting for the public and can be reused in
other experiments. Another requirement was that the cor-
pus should incorporate different writing styles as a result of



social effort, in order to cover as many forms of expressing
a relation as possible. The aforementioned conditions led us
to create a corpus of biographies of movie actors. The Inter-
net Movie Database (IMDb)1 is a popular site for looking up
information on movie reviews. The site also offers a wealth
of information about people involved in movies, including
biographies of actors, directors and producers. Information
on IMDb is a result of social collective effort. Having been
written by thousands of people, it is reasonable to expect
that biographies reflect different writing styles, rendering
this corpus particularly interesting for the proposed analy-
sis. Crawling the IMDb site for biographies, we extracted
a corpus of 50 documents. From among the many possi-
ble concepts of interest within the biography domain, we
had to pick a few. Although our corpus is domain-specific,
covering biographies of the movie domain, the aim of this
ontology is to extract relations which are generic enough to
be applied to other types of biographies. Our ontology, il-
lustrated in figure 4, contains the aforementioned concepts
and taxonomic relations that describe the hierarchical rela-
tionships between concepts. Again, the ontology was for-
malized in OWL.

Figure 4. The Biography ontology.

4.3.1 Experiments

In the following we present the experiments which were
conducted for the evaluation our framework in this study
case. Table 8 presents a brief overview of the experiments.

Description
Experiment 1 Extraction without pronoun

resolution module with a
reference standard with pronouns.

Experiment 2 Extraction with pronoun
resolution module with a

reference standard with pronouns.

Table 8. Overview of the evaluation experi-
ments in biography domain.

1http://www.imdb.com

The remainder of this section discusses each of the ex-
periments in detail.

4.3.1.1 Experiment 1

In this experiment, we used all documents presents in
corpus and manually created a reference standard for the
sample. The pronoun resolution module integrated into the
Pre-Processing Text component was not available, exclud-
ing relations whose entities are referred to by pronouns.
Unfortunately, this experiment has a pitfall, since the ref-
erence standard does not exclude relations whose entities
are referred to by pronouns. Table 9 summarizes our results.

Precision Recall F1-Measure

77,88% 47,83% 59,26%

Table 9. Evaluation scores without pronoun
resolution module.

The evaluation scores show that precision score is 7%
higher in comparison with the experiment 2 in the case
study of tennis domain, where we used a sample of 100
documents instead of 50 documents used in this experi-
ment. The recall score is very low due to the absence of
pronoun resolution module in this experiment. Therefore,
F1-Measure score is also very low due to the Recall score
being very low.

4.3.1.2 Experiment 2

For the same setup of the previous experiment, the goal
of this experiment was to measure whether there is any
tangible increase in recall with the help of the pronoun
resolution module. Results are shown in table 10.

Precision Recall F1-Measure

71,35% 69,02% 70,17%

Table 10. Evaluation scores with pronoun
resolution module.

The results of this experiment are very encouraging.
Recall scores are substantially higher. This is due to
the fact that in this experiment a much higher number
of relation instances is considered with the help of the
pronoun resolution module, even though the number of
documents is the same. The Precision score decreases in
comparisonto the previous experiment which indicates that
our pronoun resolution module does not solve correctly
100% of the pronouns present in this sample. Comparing
the F1-Measure scores with the score obtained in the
previous experiment, the pronoun resolution module yields



an improvement of nearly 11%. This improvement is
better than the improvement obtained in the first study
case (improvement of 9%). This is due to the fact that
in this study case there are more relations whose entities
are referred to by pronouns. Furthermore, we asked 3
annotators to manually create a reference standard for
the sample used in this experiment. Results are shown in
table 11.

Precision Recall F1-Measure
Annotator 1 67,43% 71,83% 69,56%
Annotator 2 67,85% 72,04% 69,88%
Annotator 3 68,91% 72,32% 70,57%

Table 11. Evaluation scores with pronoun
resolution module for each annotator.

The results are quite interesting and a few conclusions
follow. First, we remark that the value of the Recall varies
only less than 1% but is always higher in comparisonto
the score obtained with our reference standard. Precision
varies 1,5% between the 3 annotators and decreases more
than 3% in comparison to the Precision score calculated
with our reference standard. These variations made us
to calculate the Kappa-statistic measure again in order to
measure the agreement between the annotators. Results are
shown in table 12.

Kappa
Our reference standard and Annotator 1

reference standard 0,61
Our reference standard and Annotator 2

reference standard 0,63
Our reference standard and Annotator 3

reference standard 0,69
3 Annotators

reference standard 0,83
Our reference standard and 3 Annotators

reference standard 0,87

Table 12. The Kappa-statistic between a fixed
number of annotators.

Comparing the Kappa scores with those obtained in the
experiment 3 of the study case of tennis domain, we can
conclude that the scores are substantially higher in this
study case than in the tennis domain study case. This may
be due to several factors: (1) the ontology used in this study
case has fewer concepts, (2) the modeled domain is eas-
ier to understand and (3) the writing style is more ‘clean’.
Another conclusion is that the 3 Annotators agree more be-
tween them in comparison to our reference standard.

5 Conclusion

Manual construction of ontologies is an expensive and
time consuming task because the professionals required for
this task (i.e. domain specialists and knowledge engineers)
usually are highly specialized. The fast and cheap ontology
development is crucial for the success of knowledge based
applications and the Semantic Web. An approach for this
problem is to provide an automatic or semi-automatic
support for ontology construction. This field of research
is usually referred to as ontology learning. Extracting
non-taxonomic relations from domain texts is an important
component for automated ontology learning. In spite of its
importance, non-taxonomic relation extraction is relatively
little tackled. In this thesis, we present a framework to
implement an unsupervised approach for this task. Given
a domain ontology and a domain specific corpus, our
approach enriches the ontology by adding non-taxonomic
relations extracted from the domain specific corpus.

In the following, we describe some of the most important
contributions of this work:

• Framework for Relation Extraction
In addressing the problem of relation extraction, we
developed and presented a new framework. It allows
for the combination of domain independent linguis-
tic techniques for the extraction of relation candidates,
based on domain ontologies which provide the means
for specifying the domain of interest and the concepts
that must be arguments of relations. The framework
is unique in its kind with regard to several of its fea-
tures, the most important of which are enumerated in
the following.

• Ontology-Based Extraction
The extraction process in our framework is guided by
ontologies, which specify the domain of interest. The
extraction process, uses the ontology, for specifying
the concepts that must be arguments of the relations
that are aimed at being extracted.

• Pronoun Resolution
An important contribution of this work is the pronoun
resolution module which was integrated within the first
component of our framework (i.e. the Pre-Processing
Text component). The simplicity of its implementa-
tion shows the modularity of the framework, but more
importantly, it shows how easily semantic web ap-
plications can benefit from linguistic techniques. We
showed how the module significantly increases the re-
call of extracted relations and, in some cases, enables
the extraction of new relations, which would have been
inaccessible otherwise.



• Ontology Learning
Another contribution is providing a semi-automatic
support for ontology construction. Given a domain
ontology and a domain specific corpus, our frame-
work has the main goal of enriching the ontology by
adding non-taxonomic relations extracted from the do-
main specific corpus. Extracting non-taxonomic rela-
tions from domain texts is an important component for
automated ontology learning.

The results we obtained in this thesis are encouraging,
and yet indicative of the fact that still a lot needs to be done
in this field of research.

5.1 Future Work

In terms of future work, some promising lines of
research include:

• New Algorithms
The development of new algorithms for relation ex-
traction which explore other types of relations besides
those expressed through verbs constitutes an important
challenge. For example our framework only extracts a
relation when a verb exists between two ontological
concepts. Another algorithm can be implemented to
extract relations that do not require a verb between two
ontological concepts. Moreover, it may be possible to
combine a number of different extraction algorithms
into one holistic approach.

• Ontology
An interesting line of future research is to analyze
more carefully the impact of ontology design on the
extraction process. In this regard, one of the limita-
tions of our framework to be addressed is that it doesn’t
support n-ary relations. Moreover, one may seek to
take better advantage of the constraints defined in the
ontology in order to guide the extraction process. On-
tologies which are more carefully designed should thus
yield better extraction results.

• Pronoun Resolution
We have focused on the resolution of singular third
person pronouns in this work. The resolution of plural
pronouns as well as more complex types of anaphors
such as corefering noun phrases may further increase
the recall of extracted relations.
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de Lisboa, Instituto Superior Técnico.
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