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4
O N T O L O G Y E N R I C H M E N T U S I N G A T E X T- A N A LY S I S
T O O L

In this chapter, we describe a relation instantiation method that uses a text
analysis tool that incorporates semantic classes in its pattern search function-
ality. With this method, we are able to extract class instances in addition to
the relation instances. We do a number of experiments in different domains
using patterns of varying generality and report on the performance of these
patterns. Using more general patterns has the result that more information
from different source can be considered, therefore counterbalancing the loss in
precision caused by not using more specific patterns. We again evaluate the
method on a number of relation instantiation tasks in a number of domains,
including the cultural heritage domain.

Part of this chapter was accepted at the WI-IAT 2008 Workshop on Natural
Language Processing and Ontology Engineering but retracted for practical
reasons. Part of this chapter was accepted for publication at EKAW 2010
(Knowledge Engineering and Knowledge Management by the Masses).

4.1 introduction

In the previous chapters, we have described two methods for ontology enrich-
ment that exploit the redundancy of information on the Web. These methods are
used for specific relation instantiation tasks (extracting one-to-many relations
and extracting relations to time periods). In this chapter, we present a method for
the extraction of relation instances that is specifically designed for the relation
instantiation task for finding instances of many-to-many relations. The method
we describe here is able to extract relation instances for large amounts of in-
stances both on the left- and right-hand side of the relation, whereas the relation
instantiation method from Chapter 2 can only extract relation instances for a
small set of left-hand instances. The method makes use of hand-crafted extraction
patterns and incorporates the use of a text analysis tool, tOKo [Anjewierden,
2006], and its powerful pattern search capabilities to extract information from a
static corpus. Although parts of the extraction process are automated, a number
of steps require manual input, specifically the construction of the patterns. In this
chapter, we describe the automated steps of the method and offer guidelines for
steps that require human interaction and are domain- and task-specific.
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76 ontology enrichment using a text-analysis tool

The main difference with the relation instantiation method from Chapter 2

is that for each relation instantiation task, we use a single fixed corpus from
which we extract the textual manifestations of a relation instance using a pattern
language. The use of a single, finite corpus for a relation instantiation task has
the disadvantage that low frequencies of textual manifestations of the relation
instances can cause low performance due to data sparseness. The use of domain-
specific patterns will result in a better recall than the more domain-independent
method from Chapter 2. The use of this domain-specific handcrafted patterns
also means that the method requires significantly more human input than the
method from Chapter 2.

The main advantage of using an offline corpus is that it allows us to find
relations for many instances at once since we do not need to query an external
search engine for each of these instances. Methods that require a separate query
to a search engine for each single instance, like the redundancy method from
Chapter 2 or Normalized Google Distance-based methods [Cilibrasi and Vitanyi,
2004] require many search engine queries for larger knowledge bases. For these
methods the number of queries that have to be passed to a search engine to
extract relations between left-hand instance sets of size N and right-hand instance
sets of size M is N ∗M [Geleijnse et al., 2006]. This makes them less suitable for
these larger knowledge bases because of time and access restrictions from search
engines. Larger ontologies are more likely candidates for automatic enrichment
than smaller ontologies, since the former will take more effort to enrich manually.
Therefore there is a need for methods that can extract new relations for large lists
of instances.

Compared to the method in Chapter 2, we can relax a number of assumptions
stated in that chapter: we no longer assume that all elements of both classes
are known and we also do not assume that a seed set is available. Instead we
rely on patterns that are constructed by hand. Also, there are no restrictions on
the cardinality of the relation: where for the method from Chapter 2, a single
instance i had to be related to multiple elements from Ij (one-to-many relation),
here the relation can also be a one-to-one relation, where one instance i is related
to only one instance from Ij. The restriction that in the working corpus multiple
instances of the relation are represented is also lifted. We do however assume
that in a working corpus, which is to be extracted from the Web, a number of
relation instances are represented.

In this chapter, we will also describe how the candidate relation instances can
be filtered in a post-processing phase. In that phase, domain- and task-specific
background knowledge is identified by hand and used to combine candidate
relation instances and filter out incorrect instances. In Section 4.2.3.3, we will
describe a number of these post-processing methods. In Section 4.3, we will give
some concrete examples of how these post-processing methods can be applied.

The use of hand-crafted patterns for the extraction of information is widely
used for related extraction tasks. Ontology Enrichment is a specific subtask of In-
formation Extraction and related to other subtasks of Information Extraction such
as Question Answering or Named Entity Recognition. Information Extraction
differs from classical Information Retrieval. In classical Information Retrieval, a
subset of documents on which contains the target information is presented as the
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end result. In Information Extraction, the output is the exact piece of information
(entities, relations, events) itself without the surrounding context. These pieces of
information can then be presented to a user, stored in a knowledge- or database
or further processed. Different subtasks of Information Extraction are defined
by the specific application for which the information is extracted and the format
in which it is returned. For Question answering, Information Extraction is used
to retrieve a specific answer to a natural language question. In Named Entity
Recognition, specific entities and events (such as person names, dates and loca-
tions) are identified in a document. The types of entities that are to be identified
are pre-determined and usually domain-independent. In Ontology Enrichment,
the input and output of the Information Extraction task is defined by an input
ontology and connected knowledge base and the retrieved pieces of information
are stored as ontology constructs such as classes, relations or (relation) instances.
Here, an ontology is used to identify instances in the corpus and the results of
the extraction method are candidate ontology relation instances. Furthermore,
we use background knowledge from the source ontology to further improve the
results of the extraction.

The tOKo pattern language allows for patterns to include references to semantic
classes. This allows for a wider variety of generality of the patterns (cf. [Califf and
Mooney, 2003]). In this chapter, we investigate how this generality of patterns
affects the performance of these patterns on Information Extraction tasks.

As was the case with the methods described in the previous chapters, with
this pattern-based method we can exploit the redundancy of information in text
corpora. This is achieved by constructing more general patterns and using a
threshold on the frequency of the extracted phrases to select the correct candidate
relation instances. When very specific patterns are used, we can expect a high
precision but a relatively low recall. If more general patterns are used, recall is
expected to go up. Obviously, this will negatively affect precision, but if we exploit
the redundancy of the relation instances in the corpus by putting a threshold on
the frequency of pattern matches, we can compensate for this loss in precision.
Especially for extraction tasks where the expected recall is very low, boosting the
recall is very beneficial to increase the overall performance when measured in the
form of a harmonic mean of precision and recall (F-measure). In the experiments
described in Section 4.3, we show that when more general patterns are used,
the user is able to choose between recall or precision by adjusting the threshold
parameter. Furthermore, we show how exploiting the redundancy through the
use of more general patterns can improve the performance of the method.

In the next section, we will define the range of relation instantiation tasks for
which the method can be used. We also present the ontology enrichment method
itself, the text analysis tool tOKo and the pattern language that we have used for
our experiments. These experiments are then described in Section 4.3.



78 ontology enrichment using a text-analysis tool

4.2 ontology enrichment using patterns

4.2.1 Task definition

We use the same notion of an ontology as in Chapter 2 in that we distinguish
between an ontology data model with classes and relations and a knowledge
base that has instances of both these classes and relations. We define Ontology
Enrichment as the task of (semi-)automatically adding ontological constructs
or knowledge base items to an already existing and partly populated ontology.
Subtasks of ontology enrichment include discovering new classes and properties
(enriching the ontology data model) and discovering new instances of both these
classes and relations (enriching the knowledge base). In this chapter, we will
again focus on the latter task, enriching the knowledge base of a partly populated
ontology.

More formally, we again define an ontology data model as a set of labeled
classes C1, ...,Cn, hierarchically ordered by a subclass relation. Relations between
classes other than the subclass relation are also defined (R : Ci ×Cj). We speak
of a (partly) populated ontology when, besides the ontology data model, a
knowledge base with instances of both classes and relations from the ontology
data model is also present.

In Chapter 2, we have defined the task of relation instantiation from a corpus
as follows:

Given two classes Ci and Cj in a partly populated ontology, with sets
of instances Ii and Ij and given a relation R : Ci ×Cj, identify for an
instance i ∈ Ii all instances j ∈ Ij such that the relation R(i, j) holds
given the information in the corpus.

Furthermore, we may or may not know all elements of Ii or Ij. In this chapter
we will discuss both the situation where all elements of Ii or Ij are known as
well as the situation where we actually discover new instances of the class Ci or
Cj. In this case, we speak of an unpopulated or partly populated class and the
task also includes adding these class instances.

In this chapter, we describe a method for this task that uses an open source
Information Extraction tool, tOKo [Anjewierden, 2006] and its strong pattern
language. A number of observations and conclusions also holds for other tools
with comparable pattern search functionalities. However, the specific results
depend on the tool used.

4.2.2 The tOKo tool and its pattern language

For the pattern-based Information Extraction in this chapter, we use the tOKo tool.
TOKo is an open source tool designed to browse and analyze text corpora. It has a
large number of interactive text analysis functionalities that can be accessed either
through the interactive user-interface or through a Prolog API. The tOKo tool
provides a lot of support for ontology engineering. It incorporates an ontology
editor in which terms and concepts can be stored and manipulated. The tool can
be used to construct ontologies from text as well as to relate existing ontologies
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to a text corpus. Natural language features of the concepts and terms (such
as misspellings and abbreviations) are inferred and stored in the tool. A large
number of text analysis tasks are implemented in tOKo, including calculating
word frequencies, determining prefix/infix/suffix contexts and language parsing
in Dutch and English. Higher-level Information Extraction tasks such as Named
Entity Recognition and Person Name Recognition are also implemented.

The tOKo tool also provides a very powerful pattern search functionality. The
pattern search can be accessed through the graphical user interface, as well as
through the Prolog API. In the first case, the phrases from the corpus that match
the patterns are shown in the tool. In the second case, when using the API,
the resulting phrases are stored as Prolog facts and can be further analyzed.
To facilitate a wide variety of pattern searches that can also include ontology
concepts, tOKo has its own pattern language. In the following sections, we will
present a number of pattern queries and we will therefore give a quick overview
of the syntax and semantics of a number of constructs of this pattern language.
In this chapter, patterns are written down as follows: apple.

• Words in patterns match exactly those words in the corpus, including case
variations: apple matches "apple" and "Apple"

• Parentheses are used to denote lemma’s: (apple) matches include "apples"

• Brackets are used to denote word classes: 〈noun〉 matches all nouns,
〈integer〉 matches all integers. These word classes can have additional
modifiers. For instance 〈noun; capt〉 matches only nouns that start with a
capital

• To retrieve all matching sub-concepts of an ontology concept, square brack-
ets are used: given an ontology with a toplevel concept ’fruit’, the pattern
[fruit] matches "apples", "Apple", "pear", etc. This powerful feature allows
us to construct a single pattern for very large sets of instances and therefore
the extraction of many candidate relation instances with a single query.

• Spaces in a pattern match whitespaces, ’_’ matches one token; ’∗’ matches
one word

• To find out if a sub-pattern occurs within N tokens of another sub-pattern,
the near operator ...N is used: 〈verb〉...5〈fruit〉 matches "eat an apple" and
"eat a tasty pear"

• Set operations can be performed to create patterns from sub-patterns.
∧ is used for forming conjunctions, | for disjunctions and ! to exclude
matches. Curly brackets are used to identify the sets: I {eat|use} ...3 {[fruit]∧
〈noun; capt〉} matches "I eat an apple" and "I use my Apple"

The tOKo tool also allows storing of patterns as ’named patterns’ in the
application ontology. These named patterns can then be used as building blocks
with which new patterns can be constructed.
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1. Information 
Extraction Phase

• Retrieve Corpus
• Construct Pattern
• Retrieve Pattern 
matches

2. Ontology 
Matching Phase

• Combine the pattern 
matches into candidate 
relation instances
•Apply threshold

3. Post-
Processing Phase
• Use background knowledge to improve the relation instance quality and remove redundancy

Ontology / 
Knowledge 

base

Pattern matches

•R(i1,j1) ;  Freq1
•R(i2,j2) ;  Freq2
•R(i3,j3) ;  Freq3
•…Candidate relation instances

•R(i1,j1) ;  Freq1
•R(i2,j2) ;  Freq2
•R(i3,j3) ;  Freq3
•…relation instances

Figure 14: Outline of the task approach

4.2.3 Relation Instantiation using patterns

In this section, we describe our general approach to ontology enrichment using
patterns. In Section 4.3, we describe the various specific implementations of this
method for the different domain-specific tasks. The approach is split up into three
main phases. Figure 14 gives an overview of these three phases.

In the Information Extraction phase, task-specific patterns are constructed by
hand and are then used to identify textual manifestations of a relation in a corpus.
In the ontology matching phase, the extracted pattern matches are mapped to
instances from the ontology resulting in [Subject, Relation, Object]-Frequency
tuples representing candidate relation instances. In the third phase, domain-
specific background knowledge about the subject, relation and/or the object can
be used to filter the facts and to improve the quality of these candidate relation
instances. In the sections describing the experiments we will give a number
of examples of this task-specific post-processing. One reason for splitting up
the approach into these three phases is that the results of the first two phases
can relatively easily be compared across different domains and tasks. The post-
processing depends on the concepts and background knowledge for the specific
task and the increase in performance will vary accordingly. It is therefore harder
to compare across tasks. We now describe each of the three phases in more detail.

4.2.3.1 The Information Extraction Phase

The input for the method is a specific relation R and the related concepts Ci and
Cj from the ontology and any instances Ii and Ij from the knowledge base. In the
first step, we create a corpus for the task using the labels from the concepts and
the relation. This is done in a manner similar to the one described in Chapter 2.



4.2 ontology enrichment using patterns 81

The method requires that a task-specific query is constructed, which is presented
to the Google search engine. The first N pages are retrieved to form the corpus.
N is a parameter of the method. Contrary to the method from Chapter 2, here
we do not generate a separate corpus for each instance i ∈ Ii. This restricts the
Google complexity of the method [Geleijnse et al., 2006], which makes it more
suitable for extraction tasks that have a large number of instances in Ii.

Since performance of the method depends on the quality of the corpus, con-
structing a good Google query is important to ensure good results. As a guideline,
the labels of the classes Ci and Cj and the relation R are used. If these class labels
are not descriptive enough, it may be necessary to also use labels of superclasses
of Ci and Cj and super-properties of R to construct the Google query. As an
example, when instantiating the has_player relation between Club and Player

in the football domain, adding the label from a superconcept Football to the
query will result in a more domain-specific corpus. Both the ontology and the
corpus created in this manner are imported into the tOKo tool.

The next step in the Information Extraction phase is to manually construct
the extraction pattern. The quality of this extraction pattern heavily influences
the performance of the method. We here describe the different elements of the
extraction pattern and offer guidelines on the construction of the pattern. We
have experimented with using different patterns in two domains, the results of
which are found in Section 4.3.

In general, a pattern query consists of three sub-patterns corresponding to
the subject class Ci, the relation R and the object class Cj respectively. The first
sub-pattern extracts manifestations of the class Ci, using tOKo’s ability to retrieve
sub-concepts (and instances) of semantic classes. When additional background
knowledge about the textual manifestations is available, this is added to the sub-
pattern as a modifier to ensure a good match on the corpus. For instance, when
Ci, is the concept Roman God, a modifier is added to require the match to start
with a capital, resulting in the sub-pattern [RomanGod] ∧ 〈word; capt〉. When
looking for art styles, the use of a modifier that requires the different matches to be
disjoint is used to distinguish between ’neo-impressionism’ and ’impressionism’
(for such a pattern, see Section 4.3.2). Definitions of such modifiers can be found
on the tOKo website [Anjewierden, 2006].

The second sub-pattern is used to find manifestations of the relation R. For this,
the label of R can be used but often a more descriptive pattern has to be defined.
For instance, a basic sub-pattern for the relation is_god_of could be is the god of.
To make more general patterns, parts of this sub-pattern might be made optional
or substituted by word- or word class symbols. The patterns that correspond
to the relation R in the ontology are stored in the application ontology of the
tOKo tool. Different patterns or disjunctions of patterns can be used for a single
relation.

The last sub-pattern relates to the concept Cj and is formed in the same way as
the first sub-pattern. As we have stated in the assumptions, the instances of the
classes Ci or Cj are not necessarily known. If this is the case the extraction task
includes the discovery of new instances of one of the classes. The sub-patterns for
such an unknown class will not include the class label between square brackets.
By using the expected word class (noun, verb, etc.) or a superclass of Cj and



82 ontology enrichment using a text-analysis tool

optional modifiers the correct instances of Cj could be found. An example of
such a sub-pattern is to use 〈noun〉 for domains of Roman gods as we have done
in the experiments in Section 4.3.1.

The total extraction pattern query is simply the concatenation of the three
sub-patterns for the subject class, the relation and the object class. An example of
such a query is [god] $god_of$〈noun〉 that is used for finding is_god_of relation
the relation between the instantiated concept Roman God and the uninstantiated
concept Domain as well as instances for this last concept.

Using the tOKo API, we then execute a pattern query to extract the textual
manifestations of the relation instances and the specific phrases in the corpus
that match the pattern query are returned and passed to the ontology matching
phase.

This method of extracting candidate relation instances from the text is relatively
simple and uses the linguistic information provided by the tOKo text analysis
tool. If another tool is used that provides a different linguistic analysis of the
text, such as for instance dependency trees, this information can also be used to
extract more relation instances.

4.2.3.2 The ontology matching Phase

In the ontology matching phase, the specific phrases that are the result of the
Information Extraction phase are converted to RDF triples by mapping the three
different sub-phrases to the corresponding instances of Ci, R and Cj respectively
using the tOKo API. These triples are candidate relation instances with which the
ontology is to be enriched.

If not all instances of one of the classes are known, new candidate instances are
also identified in this phase. The part of the extracted phrase that is mapped to
this unpopulated class is then added as an instance with that part as an instance
label. Synonyms, misspellings and abbreviations, as discovered by the tOKo tool
or as stored in the domain ontology are mapped to a single instance of Ci or Cj.

We use the frequencies of the candidate relation instances to determine which
relations are added to the knowledge base. The frequencies of the candidate
relation instance are simply the sum of the frequencies of all matching phrases in
the corpus. This process runs automatically using the tOKo API on the results
and the input ontology. In our experiments, we evaluate the performance of the
method for various experiments by putting a threshold on the frequency of the
candidate relations and calculating precision, recall and F-measure for different
values of this threshold.

As an example, assume that we are populating the relation between deities and
their domains and the latter class is unpopulated. In that ontology, the alternative
label for the goddess Mellona is ’Mellonia’. The extracted phrases ’Mellona is the
goddess of bees’ and ’Mellonia is the goddess of bees’ are both mapped to the
candidate relation instance:

gods:Mellona gods:is_god_of gods:bees frequency=2

At the same time gods:bees is a candidate to be added as an instance of the
class gods:Domain.
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The result of this phase is a list of candidate relation instances ordered by
frequency of occurrence. If the extraction task also includes finding new candidate
instances, these are also returned as a likewise ordered set. To select the candidate
relation instances that are most likely to be correct, the ones with a relatively high
frequency can be added to the ontology. For this we use a simple threshold on the
frequency. Depending on the requirements of the specific ontology enrichment
task, the value of this threshold can be varied to focus on either precision or
recall. In Section 4.3, we illustrate the use of the threshold value in combination
with patterns of varying generality.

4.2.3.3 The post-processing phase

In the post-processing phase, background knowledge about the classes Ci and
Cj and the relation R is used to improve the performance of the method. Such
background knowledge is also used to reduce any unwanted redundancy in the
candidate relation instances. For the previous two phases, we listed the general
approach, which is to be instantiated for different domains and tasks. The process
of this phase, however is entirely dependent on the nature and availability of
the background knowledge from the domain ontology. We therefore here merely
give three examples of such post-processing: using synonym information, using
knowledge about the cardinality of a relation and exploiting the property of the
relation R that it is transitive over the hierarchy of Cj. The latter two were used
in the experiments described in Section 4.3.

The first type of post-processing is through the use of external sources that
supply synonym information. If synonyms for instances of Ci and Cj are listed
in the source ontology itself, the pattern matches from two synonymous terms
will be mapped onto the same instance in the ontology matching phase. But if
information about synonyms is available in an external source such as WordNet
[Fellbaum, 1998], the results from that phase can be improved by combining the
candidate relation instances with synonymous instances of Ci or Cj. For instance,
in an ontology describing the domains of gods, say that we have retrieved the
following candidate relation instances and their frequencies:

[gods:Discordia, gods:is_god_of, gods:dischord] frequency=2

[gods:Discordia, gods:is_god_of, gods:strife] frequency=3

Assuming that we have background knowledge available that lets us conclude
that dischord and strife are the same thing, we can combine these candidates
relation instances into a single relation:

[gods:Discordia, gods:is_god_of, gods:strife] frequency=5

A second example of post-processing is to exploit knowledge about the car-
dinality of a relation. If we know that one instance i of Ci is related to exactly
one instance of Cj and we have multiple candidate relation instances for a given
instance i, we can remove the candidates that are less likely to be correct, i.e.
the candidate relation instances with the lowest frequency. In the experiment
described in Section 4.3.2 where we extract the relation between artists and birth
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dates, we apply exactly this post-processing method and remove a lot of incorrect
candidate relation instances.

The third example is applied in another experiment from Section 4.3.2. If the
retrieved instances of Ci or Cj are hierarchically structured, the hierarchy can
be used to combine the frequencies found of instances lower in the hierarchy to
raise the frequencies higher up in that hierarchy. This only holds if the relation R
is ’transitive over the hierarchy of the concept Ci or Cj. A relation R is transitive
over the hierarchy H of Cj iff

∀i, j,k R(i, j)∧H(j,k)⇒ R(i,k) (4.1)

(where H(j,k) means that k is an ancestor of j). For example, the relation
’was_born_in’ is transitive over a part-of hierarchy of geographical locations,
but the relation ’is_mayor_of’ is not.

Different domain ontologies and different types of background knowledge
will yield different specific methods. In Section 4.3.2, we use the hierarchically
structured geographical thesaurus to improve the quality of and reduce the
redundancy in the extracted ’born_in’ relation instances between artists and their
places of birth.

The method we use to achieve this is to add to the frequency of each candidate
relation the frequencies of all candidate relation instances that imply the former,
relations to super-concepts inherit the frequencies of their sub-concepts. The new
frequencies are referred to as implied frequencies. Note that the candidate relation
instances with a concept higher up in the hierarchy will always have an implied
frequency that is equal to or greater than that of a relation with a sub-concept
deeper in the hierarchy.

After the implied frequencies have been determined, we want to select the
candidate instance that both has a lot of evidence and is as specific as possible
(deeper in the hierarchy). The more specific a relation instance is, the more
information it provides and the more useful it is to add it to the knowledge
base. We therefore use a method that chooses the candidate relation instance that
is as deep in the hierarchy as possible but is still consistent with all candidate
relation instances that have a higher implied frequency. This results in a two-step
post-processing method:

1. calculate all implied frequencies

2. select the most specific candidate instance that is still consistent with the
candidate relation instances with higher implied frequency.

By using a threshold on the implied frequencies we can again choose a de-
sired point in the precision/recall tradeoff. But the results will show an overall
improvement in quality.

We now illustrate this post-processing through an example. This example
corresponds to the post-processing done in Section 4.3.2. There, we are instan-
tiating the ’born_in’ relation between artists and geographical locations, which
are hierarchically ordered in the Thesaurus of Geographical Names (TGN) [The
Getty Foundation, 2000b]. If we take the following hypothetical set of candidate
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relation instances that are the result of the ontology matching phase for a single
artist, Rembrandt:

[ulan:Rembrandt, ec:born_in, tgn:Leiden] freq.=2

[ulan:Rembrandt, ec:born_in, tgn:Antwerpen] freq.=3

[ulan:Rembrandt, ec:born_in, tgn:Zuid-Holland] freq.=2

[ulan:Rembrandt, ec:born_in, tgn:Netherlands] freq.=2

Three of the four relation instances will be evaluated as ’correct’ and one as
’incorrect’ (Antwerpen). For a threshold value 6 2, the precision for this set will
be 0.75 but the results are highly redundant (Leiden being a part of Zuid-Holland,
which is in turn a part of the Netherlands). For threshold value > 3, the precision
for this set will be 0 and if the threshold value is exactly 3, the precision is also 0,
but a false relation instance will be added. We apply the post-processing method
to the example above, resulting in the following implied frequencies:

[ulan:Rembrandt, ec:born_in, tgn:Leiden] IF=2

[ulan:Rembrandt, ec:born_in, tgn:Antwerpen] IF=3

[ulan:Rembrandt, ec:born_in, tgn:Zuid-Holland] IF=4

[ulan:Rembrandt, ec:born_in, tgn:Netherlands] IF=6

In the second step, [ulan:Rembrandt, ec:born_in, tgn:Zuid-Holland] is
selected, since both the candidate relations with TGN concepts deeper in the tree
are inconsistent with other two relation instances that have a higher frequencies.

In this post-processing method, the evidence only ’travels up the hierarchy’
through the calculation of Implied Frequency. This is consistent with the notion
of transitivity over the hierarchy. We could also calculate a different score that
uses the heuristic that it is more likely that Rembrandt was born in Leiden if we
found occurrences that he was born in Zuid-Holland. But whereas an occurrence
of the relation [ulan:Rembrandt, ec:born_in, tgn:Leiden] actually implies
[ulan:Rembrandt, ec:born_in, tgn:Zuid-Holland], the reverse is not true. We
here use the more conservative variant of strictly implied frequencies.

In this example, this method of filtering the candidate relation instances im-
proves the precision of the results and removes the unwanted redundancy. To test
the effectiveness of this post-processing method, in Section 4.3.2, we apply it to a
larger set of candidate instances and we analyze results.

4.3 experiments

In this section we describe various experiments in two separate domains. The
first domain is that of Roman deities and their respective area of influence or
domains. The very small ontology and knowledge base in this domain have
been created specifically for evaluating this method. In this domain, the relation
instantiation task is to populate the relation between Roman gods and their
domains. The experiment illustrates the working of the method and we evaluate
the performance of various patterns. Here we only evaluate the first two phases
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of the task. We do, however offer suggestions for the post-processing phase. In
Section 4.3.2, we revisit the cultural heritage domain. This is a real-world domain,
i.e. not created specifically for evaluating this method. We discuss the influence
of the corpus size and we use the method from this chapter for a number of
Ontology Population tasks. For each of these tasks, we evaluate the results of the
Information Extraction phase. For one of the tasks, the extraction of the relation
between artists and birthplaces, we also discuss the post-processing phase and
evaluate it.

4.3.1 Roman Gods

4.3.1.1 Task description

The ontology we constructed for this task in the domain of Roman mythology
consists of two classes: gods:Roman God and gods:Domain, with the relation
gods:is_god_of between the two. We populated the class gods:Roman God with
instances. For this, we semi-automatically extracted the 259 gods and goddesses
found on the Wikipedia page listing the Roman deities 1. Various synonymous
names of deities were also added as alternative labels as we have discussed in
the previous section. The object class gods:Domain was left unpopulated.

The relation instantiation task is find instances of the following relation:

[gods:Roman God, gods:is_god_of, gods:Domain]
Note that one god or goddess can have multiple domains (Jupiter is the god of

the sun as well as arts and music) and a single domain can have multiple gods
representing it (both Mars and Bellona are war deities). This very small ontology
was imported in the tOKo tool.

In the first step, we extracted the corpus. For this we constructed a corpus
by extracting from the web the first 1000 pages resulting from the google query
’Roman +God +Goddess’. This resulted in a corpus size of 26 Megabytes. We
explicitly excluded the Wikipedia page that was used to create the ontology. This
corpus was also imported in the tOKo tool. To have an indication of the quality
of the corpus with respect to the domain, we first searched in the corpus for
occurrences of the gods:Roman God. In total, 12755 occurrences of a god or
goddess were found in the corpus divided over 242 gods. This means that 17

deity names from our ontology do not occur in the corpus used. The god with
the highest frequency was Jupiter with 1280 occurrences. The frequencies show
an expected Zipf-like distribution (cf. [Zipf, 1949, Li, 1992]).

Since we are interested in how the performance varies for patterns of different
generality, we presented tOKo with five different patterns. For this, we varied
only the sub-pattern corresponding to the relation gods:is_god_of. Five different
sub-patterns were added to the tOKo application ontology. The five expanded
patterns are listed in Table 25. Pattern 1 is the most specific of the five. Each
subsequent pattern replaces one token in the pattern with a generalization,
making the pattern as a whole more general. Pattern 5 is the most general pattern
of this set, as it only requires that a deity’s name is followed within 10 tokens

1 http://en.wikipedia.org/wiki/List_of_Roman_deities (retrieved April 2008)
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pat tOKo pattern

1 [Roman_god] is the {god|}of 〈noun〉
2 [Roman_god] ∗ the {god|goddess}of 〈noun〉
3 [Roman_god]{|_} ...10 thegod|goddessof 〈noun〉
4 [Roman_god]{|_} ...10god|goddessof 〈noun〉
5 [Roman_god]{|_} ...10god|goddess ...10 〈noun〉

Table 25: The patterns used in for the Roman deities relation extraction task, listed from
top to bottom in ascending generality.

Roman God Domain freq eval.

gods:Ceres grain 4 1

gods:Cupid love 2 1

gods:Jupiter thunder 2 1

gods:Concordia peace 1 1

gods:Janus coming 1 1

gods:Mars war 1 1

gods:Minerva wisdom 1 1

gods:Vesta hearth 1 1

Table 26: All resulting candidate relation instances for pattern 1. The results are evaluated 1

(correct) or 0 (incorrect)

by the word ’god’ or ’goddess’, which is in turn followed within 10 tokens by a
noun.

Note that in theory it is possible to think of even more general patterns, an
example would be [Roman_god]{|_} ...20 〈noun〉. However, it is fairly easy to see
a priori that such patterns lead to extremely poor precision. For some relation
instantiation tasks, it can be very difficult to conceive of patterns that are neither
too specific nor too general. In the experiments from Section 4.3.2.4, we give an
example of how a too general pattern for such a task leads to relatively poor
precision.

4.3.1.2 Results

Each of the patterns was run on the corpus. For each pattern, the results were
ranked on the frequency and evaluated by hand by comparing the results to
the information on the Wikipedia page from which the ontology was created. If
this lead to doubt about the correctness of the result, the Wikipedia page for the
individual deity was consulted. Since patterns 3, 4 and 5 produce a very large
number of results, we only evaluated the results with a frequency of 3 or higher.
In Table 26, we list all results with frequency 1 or more from pattern 1. Table 27

shows the first 20 evaluated results from applying pattern 5, ranked by frequency.
The only incorrect result in tables 26 and 27 is the [gods:Jupiter, gods:is_god_of,

"roman"] for pattern 5, since Jupiter is not specifically the god of the Romans.
It is however, easy to see how pattern 5 might have led to this incorrect result.
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Roman God Domain freq eval.

gods:Mars war 135 1

gods:Venus love 94 1

gods:Neptune sea 76 1

gods:Minerva wisdom 57 1

gods:Cupid love 56 1

gods:Bacchus wine 51 1

gods:Vesta hearth 37 1

gods:Apollo sun 33 1

gods:Diana moon 28 1

gods:Flora flower 28 1

gods:Vulcan fire 27 1

gods:Jupiter sky 25 1

gods:Bellona war 22 1

gods:Jupiter roman 21 0

gods:Ceres agriculture 18 1

gods:Diana hunt 17 1

gods:Pomona fruit 17 1

gods:Saturn time 17 1

gods:Janus door 16 1

...

Table 27: The first 20 results from pattern 5. The results are evaluated 1 (correct) or 0

(incorrect)

Other examples of errors that were found with a lower frequency in pattern 5

are [gods:Jupiter, gods:is_god_of, "god"] and [gods:Jupiter, gods:is_god_of,
"Jupiter"]. These errors are the direct result of the generality of pattern 5. In the
results of the more specific patterns, these specific errors occur with a lower
frequency. Looking at the results, we observe that for the most specific pattern 1,
we get a precision of 1, regardless of which threshold value we use. All retrieved
results are correct. This is a direct result of the specificity of that pattern. For
pattern 5, we see that of the first 20 results, 19 are evaluated as correct and 1 as
incorrect. This corresponds to a precision of 0.95 when a threshold value of 16 is
used.

Although the precision of pattern 1 is 1, the recall is very low. To determine
recall, we first established the number of roman deities from our ontology that
occur at least once in the corpus. For this we used the simple tOKo pattern
[god]. This yielded 121755 hits on Zipf-distributed over 242 unique gods and
goddesses. However, each deity can have more than one domain. From a sample
of 15 goddesses we counted an average of 1.93 domains per deity based on
the Wikipedia source of the ontology. We established the estimated number of
candidate relation instances as 242× 1.93 = 468 relation instances.

Pattern 1 only retrieves 8 results for a threshold value of 1, so the recall here is
8
468 = 0.017. More importantly, for pattern 1, we cannot vary the threshold value
further to increase recall. For pattern 5, this is indeed possible. By lowering the
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Figure 15: Precision values for the five patterns for the God-Domain extraction task.

threshold value, we can increase the recall of the method. Of course, there is a
tradeoff between precision and recall, and lowering the threshold will reduce the
latter. However, by using more general patterns, combined with a threshold on
the frequency, a user is able to choose between recall and precision. This decision
is based on the type of application and the level of post-processing for which this
extraction method is used. If, after the extraction has taken place, the results are
checked by hand, the threshold might be set to a lower level. On the other hand,
if the application desires a very high precision, for instance in fully automated
Ontology Population, a high threshold might be used to ensure this.

To further illustrate the differences in performance of the five patterns, we
have plotted the precision against the threshold value in Figure 15. Likewise, we
show the recall in Figure 16 and the harmonic mean of the two, the F-measure in
Figure 17.

As we have seen in Table 26, the precision of pattern 1 is always 1, regardless
of the value of the threshold. For the slightly generalized pattern, pattern 2,
we already see that a lower threshold results in a lower precision. The lowest
precision value for these evaluated results is 0.69, which occurs for pattern 3, for
a threshold value of 6. Around this threshold value, pattern 3 is outperformed by
the more general patterns 4 and 5, but in the rest of the graph, we observe the
expected behavior: for a single threshold value, the more specific a pattern is, the
higher its precision.

The exact opposite is observed in the recall graph. For all patterns, we observe
the expected performance: the lower the threshold value, the higher the recall.
For pattern 1, this never exceeds 0.017, but the more general patterns reach a
much higher value. Pattern 5 yields a recall of 0.34 at a threshold value of 3, the
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Figure 16: Recall values for the five patterns for the God-Domain extraction task.

lowest evaluated point for that pattern. Figure 16 clearly shows that for every
threshold value it holds that the more general a pattern is, the higher its recall.

If a relation is found with high threshold, this implies that it occurs with a
high frequency. The shape of the recall graph in Figure 16 therefore corresponds
to a Zipf distribution: there is a small number of frequently occurring relation
instances and a very large number of instances that occur with a very low
frequency in the corpus.

There clearly is tradeoff between recall and precision for all patterns. To show
the combined performance, we plotted the harmonic mean of both precision and
recall, the F-measure against the threshold value in Figure 17 for all patterns. It is
immediately clear that this figure closely resembles the recall graph. This is due
to the relatively large number of relation instances to be found (468). Since this
yields relatively low recall values (up to 0.35), when compared to precision (up
to 1), the recall has a relatively large effect on the curve of the F-measure graph.
Still, we can conclude from Figure 17 that when using the harmonic mean, the
most general pattern always outperforms the more specific patterns.

We can conclude that for this specific task and when measuring performance
using the F-measure, using a general pattern and a threshold on the frequency
is preferable to using specific patterns. This only holds if the recall is relatively
important to the harmonic mean. This will be the case if the input list of instances
Ii is relatively large and a large number of relation instances are to be found. By
using the general patterns and a threshold we are exploiting the redundancy of
the manifestations of the relation instances in the corpus.
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Figure 17: F-measure values for the five patterns for the God-Domain extraction task.

4.3.1.3 The post-processing phase

For this domain, we did not perform an explicit post-processing step. We will
however give an example of a possible method for improving the quality of the
candidate relation instance by using background knowledge.

We do not know all the different domains of the deities beforehand and they
are not part of our background knowledge. A possible post-processing step is to
match the domains found to a lexical ontology such as WordNet. Using WordNet,
we could identify synonymous domains and combine the corresponding candi-
date relation instances, thereby raising the combined frequency. As an example
consider these two results from pattern 5:

[gods:Abundantia, gods:is_god_of, plenty] frequency=2

[gods:Abundantia, gods:is_god_of, abundance] frequency=2

Now assume that the threshold value is set to 3. In this case neither of the
correct relation instances are added to the knowledge base. Using WordNet we
could automatically discover that ’plenty’ and ’abundance’ are actually synonyms.
Using this, we could add an instance of gods:Domain to the knowledge base
with both synonyms. This new concept then receives a new frequency, which is
the sum of the two candidate relation instances, 4. The frequency now exceeds
the threshold value and it is added to the knowledge base. Even if this can be
done for candidate relation instances with a frequency that is already above
the threshold, it could still remove some unwanted relation instances from the
knowledge base.

In this example, we use a domain- and task-independent source of background
knowledge. In the experiments described in the next section, we will describe a
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similar post-processing step for the cultural heritage domain using task-specific
background knowledge.

4.3.2 Cultural Heritage Domain

To test the performance of the method in a second domain, we revisit the cul-
tural heritage domain. We again focus on enriching the knowledge base with
information about artists from the Getty Union List of Artist Names (ULAN)
[The Getty Foundation, 2000c]. For individual artists, we will attempt to extract
the related birthplaces in Section 4.3.2.1, years of birth in 4.3.2.3, art styles in
Section 4.3.2.4 and in the experiment described in Section 4.3.2.5 we will attempt
to discover instances of an unspecified relations between two artists. For the
first three experiments, we present the evaluated results from the Information
Extraction phase. For the extraction of birthplaces we also define the ontology
enrichment phase and evaluate its results. The results from the final experiment
are left unevaluated but merely illustrate the range of tasks the method can be
used for in this domain.

These tasks differ from the task described in Chapter 2 in that the subject class
of the relation (the artist) has a very large number of instances. It is therefore not
feasible to extract a separate corpus for each of these instances, as would have to
be done for the redundancy method in Chapter 2. Since the method described in
this chapter does not extract a separate corpus for each instance, we can use it
for these types of task. In Section 4.3.2.4, we extract the reverse of the has_artist

relation from Chapter 2 and we compare the results of both methods.

4.3.2.1 Artists and birthplaces

The first relation we attempt to instantiate is that between artists and their
birthplaces. For this task, we use the Person class from the ULAN for the
left-hand side of the relation. The born_in relation was defined as a part of
the MultimediaN E-culture project vocabulary. The range of this relation is a
geographical location. For this we use the Getty Thesaurus of Geographic Names
(TGN). The TGN is a thesaurus of geographical locations containing over 900.000

places ordered hierarchically through parent_of relations that in this case can be
interpreted as part_of relations. The resulting relation that is to be instantiated is
therefore:

[ulan:artist, ec:born_in, tgn:place]
Note that although every artist has only one place of birth, places higher up in

the part-of hierarchy are also correct (Vincent van Gogh was born in Zundert, as
well as in the Netherlands).

Since loading the complete ULAN and TGN combined with a large corpus
into the tool proved unfeasible due to computer memory constraints we chose
a subset of the two vocabularies. For the ULAN, we initially only loaded the
painters (those artists whose roles include the concept ’painter’), leaving us with
close to 30.000 instances.

Pilot experiments showed that of these painters, only a very small portion
occurred in our corpora. At the same time, the painters that do occur do not
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frequency

concept tOKo pattern 1000 2000 5000

Painter [painter;disj]∧ 〈word;capt〉 26154 52175 124053

Place [place;disj]∧ 〈word;capt〉 41051 84774 210931

Style [style;disj] 8319 16866 36673

Born (born) 3048 5259 11718

Table 28: The frequencies of the results for three different single-concept queries on three
corpora of varying size

appear very frequently, because of the sparseness and length of the labels (in the
ULAN, most artist instances have "firstname lastname" and "lastname, firstname"
as labels, only a few have misspellings and aliases added). We therefore did
some additional pre-processing on the ULAN labels: We first searched the largest
corpus used (see below) with the pattern [painter] using the standard ULAN
instance labels to determine which of the 30.000 painters actually occurred in
the corpus. In a corpus of 5000 pages, we found 1808 painters. We removed
the painters that did not occur in the corpus from our knowledge base. For the
remaining artists, we added an extra label consisting of only the surname of
the painter (e.g. ’van Gogh’). We manually identified 19 surnames that are very
frequent first names (e.g. "Henri Paul"), for the artist with such surnames, we
only kept the longer, stricter label. This pre-processing step decreases the number
of instances that have to be in program memory, while it increases the frequency
of matches of instances in the corpus, since the added labels are less strict.

Also for performance reasons, we only loaded the subtree containing European
places from the TGN, which contained 46947 instances. This does restrict the
relations that can be instantiated to European-born artists only.

We constructed a corpus describing mainly (modern) European art. For the
Google query used to build the corpus, we used the labels of the 10 modern
European art styles used in Chapter 2. To further raise the quality of the corpus,
the word ’born’, representing the relation to be instantiated was added to the
Google query.

To examine the influence of the size of the corpus on the performance of the
method, we extracted a corpus of 1000, 2000 and 5000 pages using the same
google query, the resulting smaller corpora are contained in the larger corpora.
This is done since the Google-ranking of pages corresponds with a ranking in
quality. Therefore, retrieving a larger corpus does not automatically ensure a
higher quality, since more low-ranked pages are retrieved. In Table 28, we show
the resulting frequencies for a number of queries for the different corpus sizes.

Table 28 shows that increasing the corpus size increases the frequency of the
retrieved results almost linearly. This means that in this domain, the quality of
the corpus increases linearly with the corpus size. For the experiments described
below we used the largest corpus of 5000 pages. We executed the experiment
with three different patterns, varying in generality. The patterns used are shown
in Table 29.
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pattern tOKo pattern

1 {[painter;disj]∧ 〈word;capt〉}was (born)
in {[place]∧ 〈word;capt〉}

2 {[painter;disj]∧ 〈word;capt〉}was (born)
{in|at} ...10 {[place]∧ 〈word;capt〉}

3 {[painter;disj]∧ 〈word;capt〉}{|_} ...10 (born)

...20 {[place]∧ 〈word;capt〉}

Table 29: The patterns used for the artist-birthplace relation extraction task, listed from top
to bottom in ascending generality.

For pattern 1 and 2, we evaluated the resulting candidate relation instances
with a frequency of 2 or higher resulting in respectively 35 and 58 candidates. For
pattern 3, we evaluated the candidate instances with minimum frequency of 4,
resulting in 75 candidate relation instances. As an illustration, we show the first
26 results of pattern 3 in Table 30. Note that the first two results are redundant,
the fact that Picasso is born in Malaga implies that he is born in Spain. However,
since we defined the Information Extraction task as only extracting true relation
instances from the corpus, in this stage we evaluate both relation instances as
correct. In the post-processing phase described below, we refine these results to
resolve this redundancy. To calculate recall, we again make an assumption about
the number of relation instances that are to be found. For this we multiply the
total amount of artists in the corpus (1808) by the approximate average depth of
the used TGN tree excluding the ’Europe’ top node, 3. This yields a maximum
number of correct relation instances that could be found in theory of 5424.

In figures 18, 19 and 20 we plot the values for precision, recall and the F-
measure respectively for different threshold values. Here, we observe the same
characteristics as in the results from the Roman Deities experiments: The more
specific the pattern is, the higher the precision for a specific value of the threshold
(at a threshold value of 5, pattern 1 and 2 yield a precision of 1 and pattern
3 yields a precision of 0.80). The reverse is true for recall: The more general a
pattern is, the higher the recall value. Compared to the Roman deities task, here
the graph of the F-measure even more closely resembles the recall graph, because
of the even lower recall values.

In total, pattern 1 retrieves only 154 results with frequency 1 or more where
pattern 3 retrieves 1151. In this domain it also holds that if we use a more general
pattern, the threshold value can be varied to either achieve a high recall, low
precision or the reverse. When using a more specific pattern, this is only possible
to a lesser extent.

As we have seen in the Roman deities domain, we here also observe that the
value of the F-measure for more general patterns is higher than that of more
specific patterns for all threshold values that are evaluated. Thus we can conclude
that if the harmonic mean is used as an evaluation criterion, using more general
patterns results in a better performance. For different applications and different
levels of post-processing, different patterns and thresholds can be used. If for
instance, the application calls for a very high precision, one can use the general
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artist place freq. eval.

ulan:Picasso tgn:Malaga 76 1

ulan:Picasso tgn:Espana 38 1

ulan:Mucha tgn:Morava 38 1

ulan:Seurat tgn:Paris 33 1

ulan:Monet tgn:Paris 30 1

ulan:Ernst tgn:Deutschland 30 1

ulan:Dali tgn:Figueras 27 1

ulan:Cezanne tgn:Aix-en-Provence 19 1

ulan:Renoir tgn:Limoges 18 1

ulan:Manet tgn:Paris 14 1

ulan:Beckmann tgn:Leipzig 13 1

ulan:Matisse tgn:France 11 1

ulan:Matisse tgn:Le Cateau 11 1

ulan:Kubik tgn:Ceskoslovensko 11 1

ulan:Signac tgn:Paris 10 1

ulan:Gris tgn:Espana 10 1

ulan:Magritte tgn:Lessines 10 1

ulan:De Kooning tgn:Nederland 9 1

ulan:Riley tgn:London 9 1

ulan:Degas tgn:Paris 9 1

ulan:Chagall tgn:Vitsyebskaya Voblasts’ 9 1

ulan:van Gogh tgn:Zundert 9 1

ulan:De Kooning tgn:Rotterdam 8 1

ulan:Dali tgn:Espana 8 1

ulan:Braque tgn:Argenteuil 8 1

ulan:van Gogh tgn:Marche 8 0

Table 30: The first 26 results from using pattern 3. For each artist-birthplace candidate
relation instance, we list the frequency found in the corpus using pattern 3 and
the evaluation of that relation instance.

pattern combined with a high threshold. For pattern 1, the whole evaluated range
of results can be used, for all thresholds > 2, the value of precision is 1 (note
that for the candidate relation instances with a frequency of 1, we did find some
errors).

Errors that the method produces are mostly the result of erroneous match of a
term in the corpus to a term in the ontology. An example of this is the candidate
relation [ulan:van_Gogh, ec:born_in, tgn:Marche]. In the ontology, Marche
is a region in Italy, but using pattern 3, the tOKo tool matches that pattern to
the first part of the phrase ’Vincent van Gogh was born on March 30 1853’ since
March is listed as an alternative label for that instance. This yields an incorrect
candidate relation instance.

The same holds for artists, a number of artists have one or more labels that are
highly ambiguous. For example, the artist Richard Zimmermann is also known as
simply ’Richard’. The tOKo tool therefore concludes that every occurrence of the
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Figure 18: Precision values for threshold values for each of the three patterns from Table 29

and of the post-processed results from Pattern 3
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Figure 19: Recall values for threshold values for each of the three patterns from Table 29

and of the post-processed results from Pattern 3

word ’Richard’, that is not already part of a longer name (because of the disjunct
requirement in the patterns), is an occurrence of the artist Richard Zimmermann.
This results in a number of faulty candidate relation instances involving this
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Figure 20: F-measure values for threshold values for each of the three patterns from Table
29 and of the post-processed results from Pattern 3

artist. Based on these two observations, we believe that the use of a stop list could
boost the performance of the method.

Of course, sometimes an error occurs because of the generality of patterns. The
phrase ’Frantisek Kupka was born in 1871 and worked mostly in France’ results
in the incorrect candidate relation [ulan:Kupka, ec:born_in, tgn:France] when
using pattern 3 (Kupka was born in Lithuania).

Although the use of redundancy in the form of a threshold does filter out
a great portion of these errors, in some cases, these faulty candidate relation
instances will still end up with a frequency higher than the threshold value.

A number of candidate relation instances involve artists that are not born in
Europe. In that case, the correct answer cannot be found, because of the selection
in the TGN ontology. But incorrect answers can be found for above mentioned
reasons. This does contribute to the number of errors, but not to the number of
correct relation instances. This implies that our recall measure is somewhat strict.

4.3.2.2 The post-processing phase for Artist and Birthplaces

As we have described in the previous section, we can use the background knowl-
edge from the TGN to further improve the results of the Information Extraction
phase. In the post-processing phase for this task, we combine redundant candidate
relation instances into a single candidate by calculating the implied frequencies
and choose a single candidate relation instance for an artist. We applied this
enrichment method to the results from pattern 3. All 1281 candidate relation
instances with a frequency > 1 were processed using this procedure.

This yielded 516 candidate relation instances, reducing the redundancy of
the information by more than half. Of the selected instances, we evaluated the
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64 selections with implied frequency > 4. The resulting precision, recall and F-
measure values for different values of the threshold on the implied frequencies are
shown in figure 18, 19 and 20 respectively. At a threshold value of 4, the precision
is 0.76, which is about the same as the precision that the unprocessed results from
pattern 3 yielded for that threshold value. Calculating recall is slightly different,
since one artist now can only have one birthplace. This means we divide the
number of correct extractions by the number of artists in the ontology to calculate
the recall, 1808. This resulted in a recall of 0.031 at threshold value 4, compared
to the recall of 0.012 for the unprocessed results (calculated with respect to the
old estimated number of candidate relations, 5414). The average depth of the
TGN concept in the candidate relation instance is 2.25. In our subtree of the
TGN, a depth of 1 corresponds to countries, 2 corresponds mainly to regions and
larger municipalities and depths > 3 denote further geographic subdivisions. The
average candidate relation instance has a city as its object.

The post-processing method does indeed remove redundant candidate rela-
tion instances using background knowledge. If we compare the recall of the
unprocessed and post-processed results by dividing the correct answers to the
corresponding maximum amount of relation instances that should be found, the
recall and therefore the value of the F-measure is also raised.

4.3.2.3 Artists and birth years

In the following sections, we show that the Information Extraction method can
be used for multiple tasks in the cultural heritage domain. The second task in the
cultural heritage domain is to extract relation instances denoting the artists’ birth

years. That is the following relation: [ulan:Artist, ec:has_birthyear, Year]
Since this information is already present in the ULAN for all artists, the

evaluation process is completely automated and straightforward. The results
from the Information Extraction method do not yield new information. We show
it here to illustrate the performance of the method for this specific task in the
cultural heritage domain.

For the experiment, we used the same corpus of 5000 documents and the pre-
processed 1808 artists in the ontology as in Section 4.3.2.2. For this experiment
we only evaluated a single pattern, which is essentially pattern 3 from that
section where the sub-pattern for place is replaced by a pattern that extracts years
(four-digit integers):

{[painter;disj]∧ 〈word; capt〉}{|_} ...10 (born) ...20

〈integer; chars = 4〉
Using this pattern, the Information Extraction phase yielded 1129 candidate

relation instances. The results are automatically evaluated against the birth date
information from the ULAN. In Table 31, we show the top 18 results.

Evaluating the results again showed that a lower threshold leads to a higher
F-measure which is caused by the low recall values. These low recall values are
the result of the large list of artists. The maximum F-measure is thus obtained
when recall is maximized, if the threshold is 1. In that case 351 of the 1129
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artist birth year freq. eval.

ulan:Picasso 1881 106 1

ulan:Dali 1904 46 1

ulan:Mucha 1860 39 1

ulan:Monet 1840 31 1

ulan:Ernst 1891 31 1

ulan:Seurat 1859 22 1

ulan:Matisse 1869 22 1

ulan:Cezanne 1839 21 1

ulan:John 1930 14 0

ulan:Renoir 1841 14 1

ulan:De Kooning 1904 13 1

ulan:van Gogh 1853 13 1

ulan:Rivera 1886 12 1

ulan:Chagall 1887 12 1

ulan:Manet 1832 11 1

ulan:Beckmann 1884 10 1

ulan:Braque 1882 10 1

ulan:Frankenthaler 1928 10 1

Table 31: The first 18 results of extracting instances of the artist-birth year relation

candidate relations are correct, leading to a precision of 0.31, a recall of 0.19 and
F-measure of 0.24.

Here, we use knowledge about the cardinality of the relation to improve the
candidate relation instances. We know that an artist has exactly one birth year
and we simply take for each artist the candidate relation instance with the highest
frequency and remove the others. If two or more contradicting candidate relations
with the same highest frequency are observed, we select one at random. This
post-processing step reduced the total number of candidate relations to 635. The
post processing does indeed raise the precision. For the post-processed results, the
highest recall is measured at a threshold value of 1, where 311 of the 635 candidate
relation instances are correct, resulting in a precision of 0.49, a recall of 0.17 and
a F-measure of 0.25. At a threshold value of 4, for the post-processed results, a
total of 75 candidate relations are found, of which 64 are correct, (precision=0.85,
recall=0.035, F-measure=0.068) where the precision for the unprocessed results at
that threshold value are lower (precision=0.78, recall=0.036, F-measure=0.069).

4.3.2.4 Artists and art styles

The third relation we instantiated for artists using this method is the has_style

relation, which is the reverse of the has_artist relation from Chapter 2. For this
relation, we populated the ontology with the ten modern art styles from the Getty
Art and Architecture Thesaurus that were also used to construct the corpus. We
ran the Information Extraction method with one general pattern. This time, the
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artist art style freq. eval.

ulan: Picasso ulan: cubism 166 1

ulan: Dali ulan: surrealism 126 1

ulan: Jules Breton ulan: surrealism 117 0

ulan: Braque ulan: cubism 100 1

ulan: Monet ulan: impressionism 90 1

ulan: Seurat ulan: neo-impressionism 65 1

ulan: Pissarro ulan: impressionism 64 1

ulan: Signac ulan: neo-impressionism 64 1

ulan: Mucha ulan: art nouveau 53 1

ulan: Manet ulan: impressionism 46 0

ulan: Matisse ulan: fauvism 43 1

ulan: Renoir ulan: impressionism 43 1

ulan: van Gogh ulan: impressionism 34 0

ulan: Cezanne ulan: impressionism 30 1

ulan: Magritte ulan: surrealism 30 1

ulan: Degas ulan: impressionism 29 1

ulan: Gris ulan: cubism 28 1

ulan: Cassatt ulan: impressionism 26 1

Table 32: The first 18 results of extracting instances of the artist-art style relation

sub-pattern for the relation was left out, since the has_style relation can have
many manifestations in the text. The resulting pattern is:

{[painter;disj]∧ 〈word; capt〉}{|_} ...10 [style;disj]
The pattern was executed on the same 5000-document corpus. 970 different

artist-art style combinations were found in the corpus. Of these results, we
evaluated all candidate relation instances with a frequency of 5 or higher. Here
the evaluation criteria are not as clear as in the previous experiments. As we
have found in Chapter 2, it is often not clear from cultural heritage domain texts
whether or not an artist is considered part of an art style or movement. Here,
we adopted the same evaluation criteria as we have done in Chapter 2: For each
artist-art style instance candidate, we consulted the Wikipedia page of that artist
and the first ten pages that Google retrieved for that artist. If one of those pages
explicitly states that the artist produced art works in the art style, we evaluate it
as correct. If an artist has a different relation to the art style (e.g. ’was influenced
by’), the candidate relation instance is evaluated as incorrect. The first 18 results
are shown in Table 32.

When we compare the results in this table with results from previous experi-
ments, it is clear that even in the first 18 candidate relation instances, more false
positives are identified than in the previous two tasks (3 out of 18). For lower
frequencies the results get considerably worse. If we consider a threshold value of
5, we have 170 candidate relation instances, of which 94 are evaluated as correct.
This corresponds to a precision of 0.55, which is relatively low compared to the
results from the previous experiments.
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To calculate recall, the total number of relation instances that can be identified
in the corpus is required. We have no means of calculating this number directly
and manually counting the possible relation instances in the 5000 documents
is not feasible. We therefore are restricted to estimating this number. First of
all, not all of the 1808 artists have the has_artist relation to one of the ten arts
styles from the ontology, since these styles are not exhaustive. To calculate recall,
we only consider the artists whose dates of birth is within 50 years of the time
periods of the ten art styles (1800-2000), leaving us with 1239 artists. We also
need to estimate the average number of art styles an artist can belong to (Dali is
considered a cubist, a dadaist and a surrealist) similar to the domains of deities
in Section 4.3.1. We estimated this number by taking the average number of art
styles for the correctly evaluated candidate relation instances, 1.06. This method
yields an estimation of 1313 relation instances that should be retrieved by the
method.

This high number results in again very low values for recall. At the threshold
value of 5, 94 correct candidate relation instances are found, resulting in a recall
of 0.072. Combined with the precision value (0.55), the value of the F-measure
is 0.13. At a relatively high threshold of 23 where the precision is 0.75, recall is
0.014, resulting in an F-measure value of 0.027.

A number of the errors can be attributed to mistakes made in the second phase
of the method, where pattern matches are mapped to incorrect instances. The
artist ’Jules Breton’ in the third most frequent candidate relation found is not
a surrealist but a 19th Century Realist painter. However, in the corpus, both he
and the Surrealist Andre Breton appear with their full name. Because of this,
they both are retained in the pre-processed list of 1808 ULAN painters found in
the corpus. As both ULAN painters get their surname (’Breton’) added as extra
label. In the pattern matching phase, each occurrence of the name ’Breton’ is then
mapped to one of these painters. The matching then chooses the instance that
appears earliest in the list and in this case, this is the wrong instance: Jules Breton,
whereas most documents in the corpus describe the surrealist Andre Breton.
Here the disambiguating preprocessing step of filtering the ULAN painters is not
enough, additional disambiguation steps would be necessary to resolve this false
positive.

A similar error occurs for the candidate relation instance that identifies Vincent
van Gogh as an impressionist. In fact, van Gogh is considered to be a post-
impressionist, but that art style did not occur in our ontology (it was not one
of the ten used art styles). Because of this, a sentence such as ’van Gogh is is
considered part of post-impressionism’ is mapped by the method to the faulty
candidate relation instance where ’post-’ matches the ′...10 ′ part of the pattern.

The other dominant type of error is made because the pattern used does not
adequately represent the target relation but retrieves a number of instances of
similar, but different relations between artists and art style. A good example of
such an error is the candidate relation instance from ’Manet’ to ’Impressionism’.
In the domain texts that we used for evaluation, Manet was often mentioned in
the context of impressionism, not as a member of the art movement but as a main
influence on that art style. The phrase ’Edouard Manet was a great influence
on impressionism’ matches our pattern and produces the incorrect candidate
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relation. Other incorrect relations between artists and art styles, (’is influenced
by’, ’painted in a style similar to’, etc.) are also found in this manner.

We can conclude that the pattern we used is too general for this specific relation
instantiation task. For this task, it is very difficult to come up with a pattern that
is not too general yet captures the many different ways in which the relation is
written down in the corpus.

4.3.2.5 Artists and artists

We investigated a last relation instantiation task in this domain. Here the goal
is to find unspecified relations between two artists (is_related_to). We do not
restrict the type of relation, therefore as the sub-pattern for the relation we simply
use ...10 and ...10. This results in the following pattern:

{[painter;disj]∧ 〈word; capt〉}{|_} ...10 and ...10 {[painter;disj]

∧〈word; capt〉}
Since the semantics of the relation are unclear -every artist is related to every

other artist in one way or another- evaluating the results is not useful task. We
here present only the unevaluated results as an illustration. The ’is_related_to’ is a
symmetric relation and therefore the frequencies of relations R(i, j) and R(j, i) are
added in the post-processing phase. The method retrieves 3103 candidate relation
instances, 952 of which occur with a frequency of 2 or higher (the frequency
distribution again closely resembles a Zipf-distribution). Looking at the results
showed us that the retrieved relations between artists include ’collaborated with’,
’teacher of’ and ’worked in the same style as’ relations. In Table 33, we show the
18 results with the highest frequencies.

These candidate relation instances could be further processed to identify the
different types of relations (teacher/student relations, family relations , etc.)
before adding them to the knowledge base. A second use is to construct a sort
of social network for the cultural heritage domain with these candidate relation
instances. The results could also be used as background knowledge to improve
other Information Extraction tasks. For instance, if two artists are strongly related,
the chance of them belonging to the same art style increases. In Chapter 5,
we discuss how background knowledge and results from ontology enrichment
methods can be combined.

4.4 conclusions and future work

In this chapter, we have described a method for the extraction of relation instances,
a subtask of ontology enrichment. The method is set up in such a way that it can
work with very large lists of instances. It uses handcrafted patterns executed on
an text corpus retrieved from the World Wide Web. The results are retrieved using
the tOKo text analysis tool and are analyzed using that tool’s API. Contrary to
our method from Chapter 2, we do not generate a new corpus for each instance i,
but extract a corpus for the entire domain, that is, for the whole set Ii. This makes
it possible to have a large number of instances in that set without increasing the
’Google complexity’ of the method [Geleijnse et al., 2006].
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artist place freq.

ulan:Picasso ulan:Braque 303

ulan:Gauguin ulan:van Gogh 74

ulan:Picasso ulan:Matisse 66

ulan:Signac ulan:Seurat 63

ulan:Monet ulan:Renoir 59

ulan:Grosz ulan:Dix 52

ulan:Derain ulan:Matisse 40

ulan:Marc ulan:Kandinsky 38

ulan:Sisley ulan:Renoir 37

ulan:Pissarro ulan:Monet 33

ulan:Cezanne ulan:Gauguin 33

ulan:Degas ulan:Renoir 33

ulan:Picasso ulan:Gris 31

ulan:De Kooning ulan:Pollock 30

ulan:Derain ulan:Vlaminck 30

ulan:Cezanne ulan:van Gogh 27

ulan:Picabia ulan:Duchamp 25

ulan:Signac ulan:Cross 25

Table 33: The first 18 results of extracting instances of the artist-artist relation

In two domains, we did experiments on how the generality of the extraction
patterns, when combined with a threshold on the frequency of the occurrences
influences the performance. We showed in both cases that using more general
patterns provides the user with a choice to either focus on recall or precision. With
more specific values the options are limited. Also, using more general patterns
in combination with a threshold on the frequency of the occurrences results in
a higher value of the F-measure than when more specific patterns are used. By
using a threshold on the frequency, we exploit the redundancy of information
on relation instances in the corpus to increase the recall values while retaining a
high precision.

In both experiments that explore the effect of varying pattern generality, the
values of the F-measures are mainly determined by the relatively low recall values.
These low recall values are caused mainly by the large amount of instances
for which relation instances are to be found that occurred in both the Roman
Deities and cultural heritage extraction tasks. Even with the relatively large
corpus of 5000 documents in the latter experiment, the artist-birthplace relation
occurs very sparsely and with much textual variation in the corpus, resulting in
the low recall. In general, because most occurrences of natural language facts
follow a Zipf-like distribution, this means that the majority of the facts that are
to be extracted (those in the ’long tail’ of the distribution) will occur with a
very low frequency. If the corpus is finite and the list of instances to be found
is large enough this data sparseness will occur for all patterns. In that case,
using more general patterns in combination with a threshold, thereby exploiting
the redundancy will have a beneficial influence on the performance. For small
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toy-world extraction tasks where small amounts of relation instances are to be
found, using redundancy will not necessarily boost performance. For relation
instantiation tasks where manual enrichment is not feasible due to the large
number of target relation instances, using redundancy will be beneficial. For
real-world ontology enrichment problems for which semi-automated extraction
methods are needed, these large sets of instances are a realistic task feature.
For smaller sets of instances semi-automatic methods will not be needed as the
manual effort is limited.

We have shown that the method is applicable in multiple domains and, within
these domains, across a range of extraction tasks. Although recall values are
relatively low for larger sets of instances, the corresponding precision values are
satisfactory across the extraction tasks.

An observation that can be made across the different domains, tasks and
patterns is that frequencies of the resulting candidate relation instances show an
adherence to the Zipf distribution of term frequencies [Zipf, 1949, Li, 1992]. That
is, for each relation extraction task, we observed a very small amount of relation
instances that occur with a high frequency and a very large amount of relation
instances that occur with a low frequency.

The method described in this chapter relies heavily on the manual input,
consisting of both the Google query that is used to extract the working corpus and
the actual extraction patterns used in the tOKo tool. The quality of the extracted
relation instances relies mainly on the quality of the handcrafted patterns. In
this chapter, we have provided a number of guidelines to construct extraction
patterns for finding relation instances.


