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Chapter 3

Extracting Terms from Text

The detection of terms plays an important role in a medical relation extraction
task, because a medical relation typically contains medical terms as its argu-
ments. Thus, if we can distinguish medical terms from common words, the
accuracy of medical relation extraction can be improved.

In this chapter, we present our experiments with automatic term recogni-
tion (ATR) which involve linguistic and statistical methods. Before we come
to the experiments, in Section 3.1 we present a theoretical foundation of termi-
nology, which explains how terms are defined and constructed. Based on this
theory, various approaches to distinguish terms from common words have been
developed as presented in Section 3.2.

The rest of the sections describe our experiments with ATR which are aimed
at answering several research questions of this thesis. First, we want to know
which linguistic knowledge is most useful for recognizing candidate terms in
Dutch text (research question #1). For this purpose, we compare two linguistic
filters: a PoS-tag filter and a syntactic filter (Section 3.4). The best filter is
applied to extract candidate terms from text corpora described in Section 3.3.
Having extracted these candidate terms, we compare eight statistical methods
for evaluating the termhood of multi-word terms (Section 3.5). We select a
method that is most successful (research question #2) and then investigate
how we can use multilingual terminological resources to improve the ranking of
multi-word terms of a particular language, e.g. Dutch (research question #3;
Section 3.6 and 3.7).

Some work in Sections 3.4, 3.5, and 3.7 has been presented in the RANLP
workshop on Multi-source Multilingual Information Extraction and Summariza-
tion (Fahmi et al., 2007a).

3.1 Theoretical Foundation of Terminology

In this section, we introduce some theoretical foundations of terminology to
get insight into how to recognize terms in text. Since several sources (Sager,
1997b; Maynard, 2000) have discussed this subject in great detail, we will only
summarize theoretical aspects which are closely related to the practical aspects
of term extraction.

27



28 Chapter 3. Extracting Terms from Text

3.1.1 Terminology at a Glance

There are several formulations of the meaning of terminology given in dictionar-
ies and encyclopedias. However, in general, they refer to terminology as a study
or a system of terms used in a special jargon, discipline, subject, or context. A
more formal explanation of terminology is given in the International Standard,
ISO-704 (2000):

“Terminology is multidisciplinary and draws support from a num-
ber of disciplines (e.g., logic, epistemology, philosophy of science,
linguistics, information science and cognitive sciences) in its study
of concepts and their representations in special language. It com-
bines elements from many theoretical approaches that deal with the
description, ordering and transfer of knowledge.” (ISO-704, 2000)

Further more, ISO-704 (2000) mentions that terminology as a discipline deals
with the following foundations: objects, concepts, definitions and designations.
The relationship between these foundations is described as follows:

“Objects are perceived or conceived and abstracted into concepts
which, in special language, are represented by designations and de-
scribed in definitions.” (ISO-704, 2000)

According to the International Standard, designations can be categorized as
terms (for general concepts, e.g., disease, tropical disease, etc.), appellations (for
individual concepts, e.g., Creutzfeldt-Jakob disease, Internet, etc.) and symbols
(for both general and individual concepts, e.g., c©, $, etc.). Thus, terms as
representations or designations have close relationships with concepts, which
will be described in the next subsection.

3.1.2 Term, Concept and Object

A term is defined as

“...a designation consisting of one or more words representing a gen-
eral concept in a special language.” (ISO-704, 2000)

while concepts are to be considered as

“...mental representations of objects within a specialized context or
field.” (ISO-704, 2000).

and object is defined as

“anything perceived or conceived.” (ISO-704, 2000)

Thus, a concept can be seen as a bridge between a term and an object, and a
term can be said to be an indirect representation of an object. Figure 3.1 below
illustrates this relationship, and Figure 3.2 shows a specific object designated
by its visual representation, term representation and definition.

The concrete object shown in Figure 3.2 is a digitale bloeddrukmeter ‘digital
blood pressure meter’. Its display shows a systolic value (126 mmHg) and
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term
represent−−−−−−→ concept

represent−−−−−−→ object

Figure 3.1: The relationship between term, concept and object based on the
definitions in ISO-704 (2000).

term bloeddruk ‘blood pressure’

definition the pressure exerted by the
blood at right angles to the walls
of the blood vessels

source Wikipedia

Figure 3.2: An example of an object, its term representation and definition.
The image is taken from the Wikipedia and has been released into the public
domain.

a diastolic value (70 mmHg). These values are reported via a terminological
representation as bloeddruk ‘blood pressure’, which is defined as “the pressure
exerted by the blood at right angles to the walls of the blood vessels.”

The International Standard also emphasizes the importance of term-concept
assignment in a given special language: “a given term is attributed to only
one concept and a given concept is represented by only one term.” This kind
of relationship is called monosemy, which is the most ideal one. However, in
reality, this relationship does not always hold, since one term may designate
more than one related concept (polysemy) or unrelated (homonymy), and several
terms may refer to the same concept (synonymy). Figure 3.3 illustrates these
relationships.

(a) Monosemy (b) Polysemy/Homonymy

(c) Synonymy

Figure 3.3: Relationships between terms and concepts.

Each monosemous term in Figure 3.3(a) represents exactly one concept or
meaning (for example, the terms bloeddruk and digitale bloeddrukmeter above).
On the other hand, a polysemous term in Figure 3.3(b) may refer to several
concepts of related senses. For example, consider the term bank in the following
sentences:
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(1) a. I want to withdraw my money from the bank.
b. The bank on the corner is very high with 80 floors.

The term bank in the sentence (1-a) refers to an institution for financial
business, while in sentence (1-b) it refers to a building where a bank (institution)
is located. In both sentences, the term bank is polysemous because it refers to
two different concepts of related senses.

Figure 3.3(b) also shows a homonymous relationship between terms and
concepts. Several concepts of unrelated senses could have exactly one term
representation. For example, consider the term bank in the following sentences:

(2) a. Non-profit sperm bank open to all women, regardless of race, eth-
nicity, marital status, or sexual orientation.

b. The vehicle went up a snow bank on the bridge’s railing, then fell
over the side of the bridge onto the river roughly 15 meters below

The term bank in sentence (2-a) refers to a special storage place, while in
sentence (2-b) it refers to an arrangement of objects in a line or in tiers. In
these sentences, the term bank is homonymous because it refers to two different
concepts of unrelated senses. The senses in (1) and are also unrelated to those
in (2) and therefore further indication of bank ’s homonymy.

In contrast to the homonym relationship, Figure 3.3(c) shows a synonym
relationship, where different terms refer to one and the same concept. For
example, consider terms in the following sentences:

(3) a. Some have proposed that persons with variants of Sugar Disease
follow a diet which rigidly excludes carbohydrates, concentrating
instead on meat and vegetables.

b. Diabetes comes in two varieties, type I and type II.

In sentence (3-a) and (3-b), Sugar Disease and Diabetes are synonyms to
each other, because they refer to the same concept which is defined as “a disorder
which is indicated by abnormally high blood sugar levels.”

Understanding the relationships between terms and concepts is important to
distinguish terms from general words. This foundation is also useful for the ter-
minology work in Chapter 5, especially for finding relationships between terms
for ontology building. In that chapter, further discussion on term relationships
will be provided.

Besides the very close relationships between terms and concepts, terms and
words also can be distinguished in other ways. While terms only represent con-
cepts (ISO-704, 2000), words have functions in general reference over a variety
of codes (Sager, 1990). This distinction is also supported by another character-
istic. While terms extracted from the text generally represent a limited number
of parts of speech (e.g., nouns, verbs, and sometimes adjectives and adverbs),
words represent all parts of speech (Wright and Budin, 1997). The latter char-
acteristic is crucial to practical application, and will be elaborated in Section
3.4.
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3.1.3 Term Formation

We have described the characteristics of terms which distinguish them from
words and their functions in a special language, especially as designators of
concepts. In this subsection, we describe the process of naming the concepts,
which is known as term formation. This knowledge is crucial in this chapter
where we develop a new method for extracting new terms from texts using
existing terminologies.

Prior discussions on term formation can be found in Sager (1990, 1997a),
Lauriston (1996) and Maynard (2000) in great detail. In this subsection, we
summarize important points related to our intention of using existing termino-
logical resources for recognizing new terms.

The most frequent method of term formation is through combinations of
existing lexical elements in particular ways (Sager, 1997a). However, Sager in-
dicates that the formation of complex terms consisting of two or more lexical
elements is not always straightforward, since there is no simple linguistic cri-
terion for distinguishing between complex terms (e.g., high-density disk) and
free-formed phrases (e.g., high mountain).

To form new terms for new objects, part of objects, and new processes, Sager
(1997a) describes three methods of term formation, namely:

• using existing resources

• modifying existing resources

• creating new linguistic entities

3.1.3.1 Using Existing Resources

In this method, an existing term which has designated a given concept is used to
designate a new concept or an extended concept. For example, the term window
which initially was used to designate an opening on a wall or in a vehicle, is
now borrowed to designate a rectangular part of a computer screen. Besides
using existing resources, the identification of a new concept can also be done
using simile (analogy), metaphor, and extending the meaning of body parts
(e.g., hand, ear, leg, etc.).

3.1.3.2 Modifying Existing Resources

This method is the most productive in creating new terms through affixation,
compounding, creating phrasal terms, conversion (e.g., a verb used as a noun),
and compression (e.g., abbreviation, acronym, etc). We are interested in phrasal
terms, since they combine two or more words into a new syntagmatic unit.

Given a terminological resource, a phrasal term can be established from a
determinant element or from a nucleus element of an existing term. For example,
the word ziekte ‘disease’ is very common in a medical terminology and usually
appears as a nucleus, e.g. in seksueel overdraagbare ziekte ‘sexual transmissible
disease’. In our medical corpus (Section 3.3), several new terms containing the
word ziekte as nucleus and other words as their modifiers appear, as shown in
the following set:



32 Chapter 3. Extracting Terms from Text

allergische ziekte allergic disease
parasitair tropische ziekte parasitic tropical disease
progressieve ziekte progressive disease
psychiatrische ziekte psychiatric disease
psychische ziekte mental disease

The use of existing resources to generate new terms is obviously demon-
strated by above examples. The nucleus and other words forming the phrasal
terms can be taken from text or existing terminologies. Our approach in Section
3.6 is also motivated by this method.

3.1.3.3 Creating New Linguistic Entities

New linguistic entities, or neologisms, will be coined to designate new concepts,
where there is no prior linguistic model. The newly created entities can be
totally new creations, e.g., blog (a contraction of ‘web log’) and blogosphere,
acronyms such as AIDS; or they are borrowed from other languages such as
from Greek and Latin, which is common in the medical and biological field.

3.2 Approaches to Term Extraction

Automatic term extraction can be defined as using a computer program to iden-
tify strings that are potential terms from text. This can be done automatically
or semi-automatically. In the literature, this process is referred as automatic
term extraction (ATR), semi-automatic term extraction, automatic term recog-
nition, or term extraction. In the rest of this thesis, we call this process term
extraction or ATR.

Automatic extraction of useful information from text is very important to
many applications, such as information retrieval, question answering, and boot-
strapping or extending ontologies for the semantic web. In our work, ATR is
used to identify arguments of medical relations.

Many different methods have been proposed for ATR, such as using linguis-
tic techniques (Bourigault, 1992; Ananiadou, 1994), using statistical techniques
(Dagan and Church, 1994; Justeson and Katz, 1995), or using a combination
of both (Frantzi et al., 1998; Maynard, 2000). In the extraction of multi-word
terms, most of the statistical methods (e.g., log-likelihood, mutual information,
and C-value) use only frequency of occurrence of the candidate terms in text
as a parameter to measure their scores. Besides the frequency occurrence infor-
mation from text, we can also use external knowledge, such as an initial set of
terms, to improve the accuracy of ATR (Jacquemin et al., 1997).

The first step of ATR is to extract candidate terms from a corpus. If the
corpus is parsed, we can use a linguistic method to extract the candidate terms,
otherwise n-gram techniques can be a choice. Among the various kinds of linguis-
tic information that have been exploited by previous researchers, part-of-speech
information is the most widely used. The next step is to rank the candidate
terms according to their statistical scores, which is aimed at bringing the most
likely-term candidates to the top of the list.

Kageura and Umino (1996) and Pazienza et al. (2005) review approaches to
ATR which are classified into three main categories: linguistic, statistical, and
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hybrid (combining different methods) approaches; and Krauthammer and Ne-
nadic (2004) add machine learning approaches into their classification. Besides
analyzing ATR based on this classification, we also highlight the use of external
knowledge in ATR.

In this section, we explain how ATR methods use linguistics, statistical, and
other knowledge such as dictionaries, existing terminologies, a general corpus,
etc. We start with the specific goals of ATR in the next section.

3.2.0.4 Goals of Automatic Term Recognition

Most research on ATR has focused on an obvious objective: to extract a set of
significant terms from a domain corpus which represent domain concepts. This
objective can be divided into several specific goals, which can be summarized
as follows:

• Identify noun phrases in a particular language which are terms, since
noun phrases constitute the majority of terms compared to other linguistic
patterns.

• Extract single-word and/or multi-word terms.

• Improve existing ATR methods.

• Determine the termhood of candidate terms.

• Reduce the amount of noise in the list of candidate terms.

• Identify terms in resource poor languages.

These goals are challenging and keep attracting researchers to invent new
methods since there is always room for improvement. However, since the year
2006, the number of papers reporting works on ATR per se has significantly
decreased. The objective has shifted to further steps, such as term manage-
ment, extracting term relationships, structuring terms into ontologies, mining
knowledge using extracted terms, etc.

3.2.1 Linguistic Approaches

In ATR, linguistic techniques are usually the first step to capture candidate
terms. If we return to subsection 3.1.2, this filtering step is reasonable, because
terms cannot refer to any function in general reference, but should refer to
concepts (Sager, 1990). And for this to happen, terms can only represent a
limited number of part-of-speech (Wright and Budin, 1997). Therefore, filtering
out linguistically non-term sequences is an important step in improving the
precision of ATR.

Typically, the extraction of candidate terms from text using a linguistic
approach follows these steps:

First Parse domain text to mark every word with its PoS tag. For a deeper
analysis, the text can also be annotated with more abstract syntactic
information as well.
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Second Extract candidate terms using a preferred linguistic filter, such as a
syntactic, lexico-syntactic, or morpho-syntactic filter. The selection of the
filter also depends on the type of the terms, whether single-word term,
multi-word term or both.

Third Optionally refine the candidate terms by discarding unwanted words
using a list of stop words.

Depending on the purpose of the extraction, the resulting candidate terms can
be used directly by the system, or can be passed to the next ATR steps.

Various kinds of linguistic information have been used to extract candi-
date terms, namely PoS-tags, syntactic relations, morphology, and orthogra-
phy. LEXTER (Bourigault, 1992) is an example of a purely linguistic based
system. In the first phase, LEXTER analyzes a PoS-tagged corpus to iden-
tify frontier markers or borders, using some simple rules: detect punctuation
marks and detect words tagged with certain PoS tags (such as verbs, conjunc-
tions, pronouns, etc). Its outputs are a series of text sequences, usually noun
phrases. In the second phase, LEXTER uses parsing rules based on PoS tags to
obtain maximal-length noun phrases which are likely terminological units. For
example, if a French text sequence satisfies a grammatical structure:

noun1 adj prep det noun2 prep noun3

then, parse the text to get terminological units which have the following gram-
matical structures:

• noun1 adj

• noun2 prep noun3.

The variations of PoS-tag patterns used in previous works are given in Table
3.1. For each pattern, the table provides an example of a matched term. The
table shows that Daille et al. (1994) use PoS-tag patterns to identify candidate
terms with the length of two for English and with the length of 2 to 4 for French.
This indicates that the formation of terms in English and in French is different.
The filter for any length of terms is used by Justeson and Katz (1995), that

Authors (Year) Pattern Example
Daille et al. (1994) (fr) N Adj orbite geostationnaire

N1 N2 diode tunnel
N1 de (det) N2 bande de fréquence
N1 prep (det) N2 assignation á la demande

Daille et al. (1994) (en) Adj N multiple access
N1 N2 data transmission

Dagan and Church
(1994)

N+ insulin-like growth factor I

Justeson and Katz
(1995)

((Adj|N)+|(((Adj|N)*(NPrep)?)
(Adj|N)*))N

electrical response audiome-
try

Frantzi and Ananiadou
(1997)

(N|Adj)+N mental disorder

Table 3.1: Some variations of PoS-tag patterns to identify candidate terms.
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can be said to be an open filter, because it accepts more noun phrase patterns.
Almost all of the patterns in the table are covered by this filter. It will increase
recall, but will have a negative effect on precision. Somewhere in the middle is
Frantzi and Ananiadou (1997) who try to balance precision and recall.

A combination of PoS, lexical, and morphological information is proposed
by Ananiadou (1994) which is motivated by a term formation theory. The author
integrates word and term structures based on an analysis of a sub-language
(e.g. Medicine) and on a model of a general language. In this model, a term
is analyzed through four distinct levels: non-native compounding (neoclassical
compounding), class I affixation (latinate morphology), class II affixation (native
morphology), and native compounding. For example, the model of a single-word
term can be determined by the following form:

prefix-I + word + suffix-I + suffix-II

This form defines a term by adding suffixes of level 1 (latination) twice to
the word, and then adding a prefix of level 2 (native morphology). The author
uses a dictionary system (the Edinburgh Cambirdge Morphological Analyzer and
Dictionary System) to analyze the morphology of a candidate term.

Terms can also be modelled with syntactic relation information. The
structure of a multi-word term, for example, is conflated with a head-modifier
relation, or dependency relation, as used in Jacquemin and Tzoukermann (1999)
to detect term variations. Compared to PoS information, this information pro-
vides deeper understanding to compound structures regardless of their ordering
and distance in the surface text.

Motivated by the universality of the head-modifier principle, Hippisley et al.
(2005) use this information for multilingual term extraction in Chinese. They
compare the structures of Chinese and English terms, which are apparently
similar. For example, a Chinese term dián-y̆ing xie-húi ‘film society’ has xie-húi
‘society’ as its head, which is the same as in its English translation. The head-
modifier principle is then applied to extract term sets associated by hyponymy
and meronymy relations.

Basili et al. (2001) use syntactic information to determine termhood of given
term candidates. They characterize a term by its endogenous (the structure of
the term itself) and exogenous (the relation of the term with its contexts) infor-
mation. For the ATR task, they extract candidate terms that satisfy internal
dependency relation patterns (endogenous), and then exploit the exogenous in-
formation of the candidates which is determined by their heads.

Orthographic information is used by Morgan et al. (2003) to recognize
Drosophila gene names. Shen et al. (2003) also use this information in com-
bination with other linguistic information such as morphology, part-of-speech,
syntactic relation, and lexical information as features for machine learning. The
orthography method captures capitalization, digitalization, and word formation
information based on the characteristics of a domain corpus. This method has
been widely used in named entity recognition (NER) systems, for example, in
biomedical NER systems. Some examples of this information are provided in
Table 3.2.
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Type Example
RomanDigit IV
GreekLetter α(Alfa), β(Beta)
AllDigit 60
OneCap T
CapLowAlpha All
CapMixAlpha IgM
LowMixAlpha kDa
DigitAlphaDigit 6C2

Table 3.2: Some examples of orthography features in Shen et al. (2003).

y ȳ
x n11 n12 n1p

x̄ n21 n22 n2p

np1 np2 npp

Table 3.3: Contingency table of frequency data for a word pair xy.

3.2.2 Statistical Approaches

The main purpose of applying statistical methods for ATR is to rank candidate
terms based on a particular criterion that gives higher scores to likely term can-
didates. Candidate terms above a particular threshold are selected for further
processing, for example, to be presented to terminology experts as suggestions.
These methods are mainly applied in hybrids with linguistic methods, or to
provide feature values for machine learning methods.

In this subsection, we discuss several statistical methods that are frequently
applied in ATR, namely Frequency, t-score, Mutual Information, Log-Likelihood,
Chi-squared and Tf.idf. We also discuss several non-standard methods, such as
Mutual Expectation, LocalMaxs, Limited Paradigmatic Modifiability and C-
value.

Before discussing each of the statistical methods in detail, consider the struc-
ture of a contingency table as shown in Figure 3.3. This table represents
observed frequencies of constituent words x and y which form a collocation xy.
The frequency of xy is indicated by n11, while npp, the total number of collo-
cation pairs in the corpus, is defined by npp = n11 + n12 + n21 + n22. From
the table we also can calculate marginal frequencies and expected frequencies.
For example, a marginal frequency np1 is defined as np1 = n11 + n21, and an
expected frequency m11 is defined as m11 =

np1n1p

npp
. We will use this table as a

reference to define association measure formulae in this subsection.
The reliance on frequency is derived from a simple assumption that a fre-

quent expression indicates an important representation (e.g., term) of the do-
main in question. Therefore, frequent expressions are assumed to represent
important concepts. Given a candidate multi-word term, frequency only counts
how often the candidate occurs in the text (n11), but doesn’t give any informa-
tion on the strength of the relationship (unithood) between words composing the
candidate multi-word term. For example, the expression this book and parkin-
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son disease will have the same frequency score if they appear in a text with the
same frequency.

Despite the above limitation, frequency of occurrence is the most-widely-
used statistical method, used in Dagan and Church (1994), Justeson and Katz
(1995), Shen et al. (2003), Nakagawa and Mori (2003), and Eumeridou et al.
(2004). Moreover, Krenn (2000) proves that frequency is one of the most reliable
methods for term recognition. However, frequency counting is usually not used
alone, but as part of a more involved system. Dagan and Church (1994), for
example, rely on a set of syntactic patterns to extract candidate terms, group
the noun phrases according to their heads, and finally sort the groups based on
the frequency of occurrence of the heads in a document collection. Eumeridou
et al. (2004) exploit the surrounding linguistic context realized through verbs
as an indicator of term presence, and use frequency counts and thresholds to
select representative verbs.

There is an implicit assumption that sophisticated statistical methods would
outperform the simple use of frequency of occurrence counts. However, a re-
port by Wermter and Hahn (2006) does not support this assumption, stating
that in purely statistics-based methods, “the statistical sophistication does not
pay off the frequency of occurrence counting”, unless we incorporate additional
linguistic knowledge such as distributional properties of the candidate terms
and the modifiability properties of their collocations. In the last situation, the
study reported that association measures, e.g. t-score, outperform frequency of
occurrence counting with respect to the ATR task.

t-score measures the adhesion or differences of two words (wi, wj) in a
corpus containing N words, and is defined by Manning and Schutze (1999) as
in the following formula:

t-score(wi, wj) =
P (wi, wj)− P (wi).P (wj)

√

P (wi,wj)
N

(3.1)

Church et al. (1991) use t-score for testing the statistical significance of an co-
occurrence. We evaluate this statistical measure using the formula in Equa-
tion 3.2 following Banerjee and Pedersen (2003) for the case of 2x2 tables.
This measure can be interpreted as a heuristic variant of z-score (z-score =
n11−m11√

m11
) which overcomes an over-estimation bias if the expected frequency of

co-occurrence (m11) is very small (Evert and Krenn, 2001).

t-score =
n11 −m11√

n11
(3.2)

Mutual Information (MI) was born in information theory (Fano, 1961),
and then applied in linguistics. It measures the mutual dependence of two words
x and y (formula 3.3). Church and Hanks (1989) calculate MI using formula
3.4, that estimates P (x) and P (y) by counting the number of observations of
x and y in a corpus (n1p and np1), and estimates the joint probability P (x, y)
with n11, the frequency of x followed by y. All of the countings are normalized
by the size of the corpus (npp).

MI(x, y) = log2

P (x, y)

P (x)P (y)
(3.3)
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MI = log2

n11

npp

n1p

npp

np1

npp

(3.4)

Daille (1994) approximate this formula with a definition equivalent to the
following with the contingency table values:

MI = log2

n11

n1pnp1
(3.5)

One major problem of this formulation is that it overestimates collocations if
its constituent words have low frequency (Dunning, 1993). Two variations of MI
were created to solve this problem, by giving more importance to the observed
frequency (n11), as shown by formula 3.6 and 3.7. MI2 has theoretical support,
for it is equivalent to the Geometric-mean measure (gmean = n11√

nppm11
), while

MI3 has no such motivation. Daille (1994) experimented with a series of k =

2, 3, 4, .. numerator for the log2
nk

11

m11
version of MI, and the best performance is

achieved at k = 3.

MI2 = log2

n2
11

n1pnp1
(3.6)

MI3 = log2

n3
11

n1pnp1
(3.7)

Log-likelihood (Dunning, 1993) attempts to solve the estimation problem
faced by MI and t-score when the frequency of occurrence is low. Unlike MI
which gives lower scores to the small probability candidates, the log-likelihood
ratio test gives higher importance to these candidates under a null hypothesis.
The standard form of the log-likelihood association measure is given by Equation
3.8, and the computation of this formula is provided by Equation 3.9.

Loglike(xy) = 2
∑

ij

nij log
nij

mij

(3.8)

Loglike(xy) = 2(n11log
n11

m11
+ n12log

n12

m12
+ n21log

n21

m21
+ n22log

n22

m22
) (3.9)

Daille et al. (1994) and Vivaldi and Rodŕıguez (2001) compared MI and log-
likelihood to select good candidate terms. In their experiments, it turned out
that log-likelihood outperformed standard MI. The same result is also shown in
Xu et al. (2000) which compared MI, log-likelihood and t-score. However, in
the experiment by Vivaldi and Rodŕıguez (2001), the MI3 variant outperforms
log-likelihood, allowing precision to rise from 45.2% to 50.3%.

Another statistical test which takes both observed and expected frequen-
cies is χ2 or chi-squared. This method is based on a comparison between
the observed frequencies (nij) and the expected frequencies (mij) under a null
hypothesis of independence. It resembles the mean square error between both
types of frequencies. There are three versions of the formula for this method.
The recommended standard formula is shown in Equation 3.10 (Manning and
Schutze, 1999):
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χ2 =
∑

i,j

(nij −mij)
2

mij

(3.10)

where i ranges over rows of the contingency table, j ranges over columns, nij

is the observed value for cell (i,j) and mij is the expected value. The simpler
formula for computation purposes (and for the case of 2x2 tables) is provided
by Equation 3.11 (Manning and Schutze, 1999):

χ2(xy) =
npp(n11n22 − n12n21)

2

(n11 + n12)(n11 + n21)(n12 + n22)(n21 + n22)
(3.11)

Tf.idf is calculated not based on the contingency table, but based on the
frequency of candidate terms in a domain text (n11), the number of all docu-
ments (N) and the number of documents containing the terms (dfxy), as shown
in the Formula 3.12.

tf · idf(xy) =
n11

npp

× log
N

dfxy

(3.12)

Koyama and Kageura (2004) used the tf.idf method to get important terms and
verbs in a domain text which will be used to cluster documents in the domain.
By applying a clustering analysis using Euclidean distance, this approach is
expected to deal with low-frequency terms as well. Fukushige and Noguchi
(2001) compared tf.idf and χ2 methods to examine the weight of candidate
terms. The result of their experiment shows that most of the highly ranked
terms score low if weighted by tf.idf. The authors did not consider this as a
good result. On the other hand, terms with moderate frequency are highly
ranked if weighted by χ2.

Mutual Expectation is a new association measure (Dias et al., 1999) which
evaluates the degree of cohesiveness of n-gram constituents, while LocalMaxs
is a new acquisition process (da Silva et al., 1999) which selects candidate terms
based on local maxima of their association measure values. These methods are
combined in Dias et al. (2000) to solve the problems introduced when binary
association techniques are applied to n-word terms (n > 2) and when global
thresholds are implemented, which are prone to error.

Considering that the frequency utilized by most standard association mea-
sures may be misleading in deciding whether or not a multi-word expression is
a term, Wermter and Hahn (2005) develop a new measure based on a linguistic
property of terms. Their measure, limited paradigmatic modifiability (LPM),
assumes that “domain-specific terms are linguistically more fixed and show less
distributional variation than common noun phrases.” Given an ngram candi-
date term, the LPM is defined by “the probability with which one or more such
slots [tokens creating the term] cannot be filled by other tokens.” This measure
gives even lower frequency multi-word units a prominent ranking, if the unit
shows a limited paradigmatic modifiability. They reported that this measure
outperforms t-test.

Compared to other statistical methods, C-value is a relatively new hybrid
method for the extraction of multi-word terms. To rank candidate terms ex-
tracted using a linguistic filter (see Table 3.1), C-value uses frequency of occur-
rence counting, term nesting, and term length. Since its first report in Frantzi
and Ananiadou (1996), this method has been extended to incorporate more
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knowledge, such as contextual information (NC-value) (Frantzi and Ananiadou,
1997) and semantic knowledge (SNC-value) (Maynard, 2000). C-value and NC-
value are domain independent methods (the combination of these methods is
called C/NC-value), and SNC-value is a domain dependent method. SNC-value
exploits domain-specific semantic resources, such as UMLS for the medical do-
main.

The termhood of a candidate term calculated using the C-value is defined
by formula 3.13.

C-value(a) =

{

log2|a|.f(a) if a is not nested,

log2|a|(f(a)− 1
P (Ta)

∑

bεTa
f(b)) otherwise

(3.13)

The C-value value of a has two cases. First, if the candidate is nested, its ter-
mhood is calculated from its frequency of occurrence f(a), length or number of
words |a|, frequency as a nested string f(b), and the number of longer candi-
date terms in which it appears P (Ta). Second, if a is not nested, its termhood
is calculated only from its frequency f(a) and length |a|. The formulae for
the NC-value and SNC-value are described in detail by Frantzi and Ananiadou
(1997) and Maynard (2000).

3.2.3 Machine Learning Approaches

Various machine learning approaches have been used for ATR. In terms of imple-
mentation, they are slightly different from the previous approaches. Linguistic
and statistical approaches mainly focus on extracting terms in general senses,
while machine learning approaches (e.g., HMM, SVM, naive Bayes, and C4.5)
typically try to extract specific entity names and entity classes, such as pro-
tein, gene, and RNA names (Collier et al., 2000; Hatzivassiloglou et al., 2001;
Kazama et al., 2002; Morgan et al., 2003; Shen et al., 2003).

The linguistic features used in these approaches are mostly from PoS (Shen
et al., 2003; Hulth, 2003; Azé et al., 2005), morphology (Kazama et al., 2002;
Morgan et al., 2003), or orthography information (Hatzivassiloglou et al., 2001;
Morgan et al., 2003). Few works reported the use of syntactic relation informa-
tion (Basili et al., 2001) and lexical information (Hatzivassiloglou et al., 2001)
as their features. These linguistic features are exploited solely (Collier et al.,
2000; Hulth, 2003; Azé et al., 2005), but sometimes are combined in hybrids
(Basili et al., 2001; Hatzivassiloglou et al., 2001; Kazama et al., 2002; Morgan
et al., 2003; Shen et al., 2003).

Compared to the others, the work by Shen et al. (2003) based on a HMM al-
gorithm is the one that uses most of the features (PoS, morphology, orthography,
and syntactic relation). This strategy is also reported by Ohta et al. (2002) in a
task of biomedical named entity recognition using the GENIA corpus.1 When
applied on the same training and testing data, their results outperform the best
reported system (Kazama et al., 2002) which uses only PoS and morphology in-
formation. They believe that using the richer features would give more benefits
than using the poorer ones.

1GENIA corpus is the largest annotated corpus in molecular biology domain and publicly
available.
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Frequency of occurrence is the most widely used statistical method for gen-
erating statistical features. Shen et al. (2003) use frequency to evaluate the
importance of morphological candidates (prefixes or suffixes), and based on dis-
tributional similarity among named entity classes, select morphological feature
classes which might be good evidence for distinguishing named entities. For
example, they add sOOC (other organic compound) as a feature label, which
represents a morphological group consisting of -cin, -mide, and -zole suffixes.
Any candidate terms containing one of these suffixes, such as actinomycin, Cy-
cloheximide, and Sulphomatexazole, will be represented by that class label, be-
cause all of the suffixes have high frequency in that class and low frequency in
the other classes.

The other work, Hulth (2003), uses frequency of occurrence counting sim-
ply to get values of within-document frequency and within-collection frequency
features. Another feature is part-of-speech tags. For this feature, an extracted
phrase such as random/JJ excitations/NNS is represented in the feature set as
a JJ NNS value. The author uses a rule induction method to learn and classify
instances.

3.2.4 Using External Knowledge

There are at least three types of external knowledge sources exploited in previous
works, namely thesaurus/dictionary, general corpus, and WordNet. Many of the
works use one of these external knowledge sources in hybrids with linguistic and
statistical methods (Lauriston, 1996; Maynard, 2000; Fukushige and Noguchi,
2001; Vivaldi and Rodŕıguez, 2001; Xu et al., 2000; Drouin, 2003). For example,
Fukushige and Noguchi (2001) use both a thesaurus/dictionary and a general
corpus in a hybrid with both linguistic and statistical methods.

Other works use either linguistic or statistical methods and one of the ex-
ternal knowledge sources (Chung, 2003; Streiter et al., 2003; Basili et al., 2001;
Ananiadou, 1994). For example, Chung (2003) uses a general corpus (or a non-
technical corpus) as a comparison to a domain-specific corpus, from which the
author extracts candidate terms. The corpus comparison approach uses the
ratio of the frequency of word forms (candidate terms) in a target corpus to
the frequency of word forms in a comparison corpus to measure the comparison
scores of the candidate terms. However, since the corpora differ in size, we need
to normalize the frequency so we can directly compare them (Chung, 2003).
Thus, the formula to calculate the comparison ratio is as follows:

Ratio(a) =
fm(a)

fc(a) + 0.001
× Nc

Nm

(3.14)

where a is a candidate term, fm(a) is the frequency of a in a medical corpus
m, fc(a) is the frequency of a in a comparison corpus c, while Nm and Nc

are the total numbers of candidate term tokens in the corpus m and corpus c.
The small real number 0.001 is placed in the equation to avoid a division by
zero problem when fc(a) is 0. To distinguish terms from non-terms, we use an
assumption that a term will occur more frequently in a target corpus than in a
comparison corpus. If the frequency of a noun in both corpora is identical, then
the comparison ratio is 1. Thus, based on this assumption, we can decide that
a noun phrase is a term if its comparison ratio is > 1.
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Ananiadou (1994) uses an external knowledge source embedded in the Ed-
inburgh Cambridge Morphological Analyzer and Dictionary System, to analyze
morphographemic phenomena. In this work, the system is used to support a
morphological (linguistic) method. Another strategy is applied by Maynard
(2000) by using the UMLS Metathesaurus and Semantic Network to obtain se-
mantic knowledge of a term and its context terms. From the UMLS, a hierarchy
of semantic types of a term is obtained, and then the similarity of semantic hi-
erarchies of a candidate term and its context terms is computed. This similarity
is used to weigh and to disambiguate the candidate term.

3.2.5 Discussion

We have presented a lot of material from previous approaches to ATR. Now, we
discuss in general which methods are promising for our task in this thesis.

First, recall that the goal of our term extraction step is to extract single-word
and multi-word terms from sentences in Dutch. These terms become arguments
of medical relations. We assume that the sentences have been parsed with PoS
and syntactic information, and therefore, we can apply a linguistic method to
extract candidate terms.

To capture most of candidate terms in Dutch, the PoS-tag pattern by Juste-
son and Katz (1995) in Table 3.1 is the most promising. It can extract both
single-word and multi-word terms, and extract many constructions of Dutch
terms that are frequently formed in an N Prep N pattern, such as the term
ziekte van Gaucher ‘Gaucher disease’. For our implementation, this pattern
is modified to capture frequent constructions such as genetica van het gedrag
‘genetics of behavior’, by adding a determiner between the preposition and the
following noun. Compared to the task in Morgan et al. (2003) that deals with
gene names, our task deals with general medical terms. Therefore, we do not
need to specifically handle orthographic forms of the terms. Besides using the
PoS information, it is also possible to use syntactic information to extract noun
phrases. Consider again the chunk of the dependency relation tree in Figure
2.2 that contains an np (noun phrase) category. We can use this category to
indicate candidate terms. These two methods for extracting candidate terms
using linguistic information are compared in Section 3.4 of the next chapter,
and the best one will be selected.

Between the statistical and machine learning approaches used to refine
the extracted candidate terms, we choose the first one since it does not require
any training data (which is not available in our case). Moreover, most of the
statistical methods described in Section 3.2.2 are aimed at evaluating multi-word
terms. Since all of them can be applied on our candidate multi-word terms, we
compare their performance in Section 3.5 to get the best one.

C-value and its improved versions, i.e., NC-value and SNC-value, have in-
spired us at improving the output of an existing statistical measure by using
external knowledge. If SNC-value is able to increase the scores of candidate
terms similar to domain-related terms, will the addition of an existing knowl-
edge source, such as UMLS, show the same effect to the selected statistical
measure? This approach is described in Section 3.6, and will become one of our
contributions to ATR.



3.3. Resources 43

ACUTE NECROTISERENDE GINGIVITIS

Acute necrotiserende gingivitis (gingivitis van Plaut-Vincent, acute necrotiserende ulcer-
erende gingivitis) is een pijnlijke, niet-besmettelijke infectie van het tandvlees die pijn,
koorts en vermoeidheid veroorzaakt. De Engelse benaming voor deze aandoening luidt
trench mouth (‘loopgraafmond ’) en stamt uit de Eerste Wereldoorlog, toen veel soldaten
de infectie in de loopgraven opliepen. [...]

SYMPTOMEN
Acute necrotiserende gingivitis begint vaak plotseling met pijnlijk tandvlees, een onbe-
haaglijk gevoel en vermoeidheid. Er ontstaat ook een slechte adem. Het tandvlees tussen
de tanden wordt aangetast en bedekt met een grijze laag van dood weefsel. Het tandvlees
bloedt gemakkelijk en eten en slikken veroorzaken pijn. Vaak zwellen de lymfeklieren onder
de kaak op en ontstaat lichte koorts.

BEHANDELING
De behandeling begint met het voorzichtig maar grondig reinigen van het gebit, waarbij
de tandarts al het dode tandvleesweefsel en het tandsteen verwijdert. Mogelijk vindt het
reinigen onder plaatselijke verdoving plaats omdat dit pijnlijk kan zijn. De patiënt moet
soms de eerste dagen na de reiniging een paar keer per dag een mondspoeling met water-
stofperoxide (3% waterstofperoxide, in verhouding 1:1 vermengd met water) gebruiken in
plaats van de tanden te poetsen. [...]

Figure 3.4: An article about acute necrotiserende gingivitis disease in the Dutch
edition of the Merck Manual. The length of the first and third paragraphs are
reduced.

3.3 Resources

In this section we describe our corpora, terminological resources (external knowl-
edge), and how we preprocess these resources using a linguistic parser. We use
these resources to evaluate our approach to select the best linguistic filter and
statistical method, and also to improve the performance of the statistical method
for ranking multi-word terms.

3.3.1 Corpora

Our text corpus consists of two Dutch medical corpora, namely:

1. Elseviers medical encyclopedia: a medical encyclopedia intended for the
general audience and containing 379K words.2

2. Dutch edition of the Merck Manual: a general-purpose medical handbook
intended for professionals and containing 780K words.3

Functioning as reference works in the medical domain, the corpora provide
descriptive information for each term, such as its definition, symptoms, causes,
diagnosis, and treatment. Consider, for example, an article in the Dutch edition
of the Merck Manual as shown in Figure 3.4. This article provides medical
information for the disease acute necrotiserende gingivitis.

2The encyclopedia was made available to us by Spectrum b.v., and can also be found online
at http://www.kiesbeter.nl/medischeinformatie/

3http://www.merckmanual.nl
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Some substrings in the article are printed in italic to indicate that they
are terms, for example, gingivitis van Plaut-Vincent, acute necrotiserende ulcer-
erende gingivitis, trench mouth, loopgraafmond, and Acute necrotiserende gin-
givitis. Our term extraction task is aimed at extracting these kinds of terms
automatically.

3.3.2 Preprocessing

Before extracting candidate terms, we clean and parse each document in the
corpus using the following steps:

1. Remove from each document non-sentence words, such as titles and head-
ings, but keep incomplete sentences which usually appear in the beginning
of the first definitional paragraph.

2. Syntactically parse the sentences of the document using the Alpino parser
(van Noord, 2006).

The output of this process is a treebank that contains syntactically parsed
sentences in a standard XML format. As an illustration, consider the XML
representation in Figure 3.5. Each word in this output is annotated with a
PoS tag (pos) attribute, and each phrase is annotated with a category (cat)
attribute. The relation category of each word is provided by a rel attribute
and its root form by a root attribute. The position of a word in a sentence is
indicated by a begin attribute and an end attribute.

Each output containing a dependency parse tree of a sentence can be pre-
sented graphically as shown in Figure 3.6 for the sentence “Ernstige levercirrose
leidt eveneens tot de dood” ‘Severe liver cirrhosis also leads to death’. Looking
at the graph, we can obviously see that the sentence has as its head (hd) leid
‘lead’ and as its subject (su) Ernstige levercirrose. The category of the subject
is a noun phrase (np) constructed by two words with PoS tags adj (adjective)
and noun.

One of the benefits of having sentences parsed in the XML format is that
a complex query containing filters, condition matchings, and iterations can be
constructed easily using XQuery, the XML query language. We use tools like
Saxon4 to extract information from the output.

3.3.3 Terminological Resources

For the medical domain, we have access to two sources of terminological or
external knowledge, i.e., the UMLS, and a collection of small terminologies
collected from the Internet. For our term extraction task in this chapter, we use
the second source because the size of our corpus is relatively small compared to
the size of all terms in the UMLS. We do not use the UMLS since many of our
candidate terms are in the UMLS already. Not all of the candidate terms will
be evaluated, only those that are not listed in the terminology source will be
processed.

We collect a list of known terms from the following sources:

4Saxon XSLT and XQuery processor http://saxon.sourceforge.net
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<?xml version="1.0" encoding="ISO-8859-1"?>

<alpino_ds version="1.1">

...

<node begin="0" cat="du" end="29" id="6" rel="--">

<node begin="0" cat="smain" end="22" id="7" rel="dp">

<node begin="0" cat="np" end="12" id="8" rel="su">

<node begin="0" end="1" frame="adjective(e)" id="9" infl="e"

pos="adj" rel="mod" root="acuut" word="Acute"/>

<node begin="1" cat="mwu" end="3" id="10" rel="hd">

<node begin="1" end="2" frame="noun(both,both,both)" gen="both"

id="11" num="both" pos="noun" rel="mwp" root="necrotiserende"

word="necrotiserende"/>

<node begin="2" end="3" frame="noun(both,both,both)" gen="both"

id="12" num="both" pos="noun" rel="mwp" root="gingivitis"

word="gingivitis"/>

</node>

<node begin="4" cat="conj" end="12" id="13" rel="mod">

<node begin="4" cat="np" end="7" id="14" rel="cnj">

<node begin="4" end="5" frame="noun(both,both,both)" gen="both"

id="15" num="both" pos="noun" rel="hd" root="gingivitis"

word="gingivitis"/>

<node begin="5" cat="pp" end="7" id="16" rel="mod">

<node begin="5" end="6" frame="preposition(van,[af,uit,

vandaan,[af,aan]])" id="17" pos="prep" rel="hd" root="van"

word="van"/>

<node begin="6" end="7" frame="proper_name(both,’ORG’)" id="18"

neclass="ORG" num="both" pos="name" rel="obj1"

root="Plaut-Vincent" word="Plaut-Vincent"/>

</node>

...

Figure 3.5: A partial output of the Alpino parser for the article in Figure 3.4.

1. Gezondheid.nl5 — a medical web site in Dutch

2. Elsevier’s Medical Encyclopedia

3. Merck Manual

4. ICD-9 DE (International Classification of Diseases, 9th revision, Dutch
Edition)6

5. The titles of medical lemma’s from Wikipedia (NL)7

From the UMLS, we will use the UMLS SPECIALIST lexicon for multilin-
gual term extraction in Section 3.7.

3.3.4 Creating a List of Known Terms

We can directly collect terms from Gezondheid.nl and ICD-9 as they already
contain lists of terms, while from the Elsevier’s Medical Encyclopedia and the

5www.gezondheid.nl
6icd9cm.chrisendres.com
7Using nl.wikipedia.org/wiki/Gezondheid van A tot Z as a seed page
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Figure 3.6: A sub-tree graph of the syntactically parsed sentence “Ernstige
levercirrose leidt eveneens tot de dood ‘Severe liver cirrhosis also leads to death’.

Merck Manual, we have to extract terms from their text that have been anno-
tated with XML tags. Consider an example of their original articles in Figure
3.7. Strings within the rw (index word) and vw (link word) tags, such as primaire
bijnierschorsinsufficientie, bijnier, auto-immuunziekte, and tuberculose are con-
sidered to be terms; they will be collected and added into the list of known
terms.

<a>(n. Thomas Addison, Engels arts, 1793-1860) of <sytw><rw><o>primaire</o>

bijnierschorsinsufficientie</rw>,</sytw> ziekte waarbij de <vw><st></st>

bijnier</vw>en te weinig of in het geheel geen cortisol, aldosteron en

androgenen (mannelijk hormoon) produceren. De functies van de bijnierschors

zijn o.a. ondersteuning van het afweersysteem van het lichaam en de

regulatie van de water- en zouthuishouding. In de meeste gevallen (80-90%)

wordt de ziekte veroorzaakt door auto-immuniteit (zie <vw><st></st>

auto-immuunziekte</vw>). Vroeger was <vw><st></st>tuberculose</vw> vaak de

oorzaak. Vrouwen worden vaker getroffen dan mannen (4 maal zo vaak).</a>

Figure 3.7: An excerpt of an original article from the Elsevier’s Medical Ency-
clopedia. The tags rw and vw indicate that the annotated strings are index and
link words, respectively.

The “Gezondheid van A tot Z” ‘Health from A to Z’ page of Wikipedia
contains an index of medical terms as shown in Figure 3.8. Starting from this
index page, we retrieve related articles, and follow their links until we arrive
at articles in the fourth level. According to our experiments, further iterations
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will produce a term list with low precision. From this retrieval, we get 4,575
medical titles or terms. And combining these terms with ones from the other
sources, we get a list containing a total of 27,620 known terms.

Figure 3.8: Retrieving articles from medical pages of the Wikipedia, starting
from “Gezondheid van A tot Z” ‘Health from A to Z’, “ADHD”, and then
“Orthopedagogiek” (Accessed on 15th of May, 2007).

3.4 Linguistic Filters for Extracting Candidate
Terms

Typically, the first step in ATR is using a linguistic filter to extract a list of
candidate terms from a parsed corpus. The candidate terms can be used directly
by a succeeding processing module, or evaluated by a succeeding ATR method.
To extract candidate terms, we compare two linguistic filters, namely, PoS-tag
filter and syntactic filter.

3.4.1 Part-of-speech Filter

The use of PoS-tag filters has been widely reported by previous studies (Bouri-
gault, 1992; Daille et al., 1994; Justeson and Katz, 1995) that use various ex-
pressions as shown in Table 3.1. Some of these filters are ‘close’ filters such
as the one in Dagan and Church (1994) that allows only N+ sequences. The
precision of this kind of filter would be high, but since the filters do not allow
some prepositions that are frequently found in terms , such as of, their recall
would tend to be low. On the other hand, filters such as in Justeson and Katz
(1995) allow more PoS tags and more possibilities of sequences, and therefore
are more ‘open’.

In this experiment, we use the filter by Justeson and Katz (1995) because
we want to get a high recall, and let the next step (the statistical method)
improve the precision. We slightly modify the filter for Dutch by adding an
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Candidate terms Matched PoS-tags
Acute necrotiserende gingivitis adj adj noun
gingivitis van Plaut-Vincent noun prep name
acute necrotiserende ulcererende gingivitis adj noun noun noun*
Lichamelijke afwijkingen adj noun
tandvlees noun

Table 3.4: Candidate terms and their matched PoS-tag sequences extracted
from the parsed sentence in Figure 3.5.

No Matched PoS-tags Frequency
1 noun 77,151
2 adj noun 20,082
3 noun prep noun 4,279
4 name 3,731
5 noun noun 2,569
6 adj adj noun 1,997
7 noun prep adj noun 1,153
8 noun adj noun 987
9 name name 852
10 adj noun noun 527

Table 3.5: The frequency of the top 10 PoS-tag sequences

optional determiner Det to the original filter, because our terminology resources,
such as the ICD-9 DE, include terms with determiners (e.g., degeneratie van de
chorioidea and stenose van de larynx). However, we will evaluate whether this
addition will lead to better results or instead just introduce more noise. The
modified filter is shown in Figure 3.9 and is implemented as a regular expression.

( (Adj|N)+ | ( ( (Adj|N)* (N Prep (Det)? )? ) (Adj|N)* ) ) N

Figure 3.9: A PoS-tag filter to extract candidate terms adapted from Justeson
and Katz (1995).

We use an XQuery tool to extract candidate terms that match the filter.
Some examples of the candidate terms with their matched PoS-tag sequences
are shown in Table 3.4. The ‘openness’ of this filter can be seen from this table
that shows the variability of the sequences, and from Table 3.5 that provides
the frequency of the top 10 PoS-tag sequences.

The output of the parser is not free from errors, as shown by the PoS-tags of
the candidate term acute necrotiserende ulcererende gingivitis in Table 3.4. The
correct sequence of its PoS-tags should be adj adj adj noun. The candidate
term was extracted since the generated PoS-tags match with the linguistic filter.

Using a regular expression over PoS-tags is robust, but it also has a num-
ber of potential disadvantages: as a longest match is applied, terms within
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terms are not extracted, and some strings will be extracted partially. Finally,
some linguistic structures (most importantly, coordination) are not taken into
account.

3.4.2 Syntactic Filter

As we have syntactic structures at our disposal, one might therefore also consider
using a syntactic filter. Using XQuery, we extracted all NPs from the corpus,
with the exception of temporal NPs and NPs containing a relative clause or
clausal complement. For example, applied to the dependency parse trees of the
sentences in the Figure 3.4, this filter produces candidate terms as shown below:

• Acute necrotiserende gingivitis (gingivitis van Plaut-Vincent, acute necro-
tiserende ulcererende gingivitis)

• Acute necrotiserende gingivitis

• gingivitis van Plaut-Vincent, acute necrotiserende ulcererende gingivitis

• acute necrotiserende ulcererende gingivitis

• pijnlijke niet-besmettelijke infectie van het tandvlees

• tandvlees

The syntactic filter is apparently more liberal than the PoS-tag filter. It ex-
tracts candidate terms of any PoS-tag sequence as long as the sequences are of
category np. As shown in that example, the filter extracts a very long NP (the
first candidate, 10 words), which the PoS-tag filter would not be able to recog-
nize. The syntactic filter also extracts nested candidate terms, such as Acute
necrotiserende gingivitis and tandvlees, which appear in longer sequences. Al-
though it misses the enclosing brackets and comma in the substring (gingivitis
van Plaut-Vincent, acute necrotiserende ulcererende gingivitis), this filter is able
to extract the substring acute necrotiserende ulcererende gingivitis as a candi-
date term.

3.4.3 Results and Discussion

We ran the filters on the corpus described in Section 3.3. This extraction re-
sulted in 45,449 candidate terms by the PoS-tag filter and 50,287 candidate
terms by the syntactic filter.

The output of both filters contains initial determiners and adjectival phrases
such as een ‘a’, betere ‘better’, meeste ‘most’, and andere ‘other’. These words
should not be part of terms, and thus will be stripped off. After removal of the
stop words, the terminal strings of the extracted NPs were returned as candidate
terms. Table 3.6 gives some examples of candidate terms extracted using the
PoS-tag filter and the syntactic filter.

As noted in the table above, the PoS-tag filter misses some terms (e.g. Acti-
nomyces israeli) within longer terms (e.g. bacterie Actinomyces israeli), and
also fails to extract coordinations (e.g. aandoening van de nieren of urinewe-
gen ‘disease of the kidney or urinary tract’). The syntactic filter on the other
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Example PoS Syn
ziekte 1008 925
‘disease’
aandoening van de nieren of urinewegen 0 1
‘disease of the kidney or urinary tract’
belemmering van de beweeglijkheid 1 0
‘obstruction of the motility’
bacterie Actinomyces israeli 1 1
‘bacterium Actinomyces israeli’
Actinomyces israeli 0 1
‘Actinomyces israeli’
afschilfering van de vingertoppen 1 0
‘peeling of the fingertips’

Table 3.6: Some candidate terms extracted using the PoS-tag and the syntactic
filter and their frequency of occurrence.

Description PoS Syn
Total candidates 45,449 50,287
Precision 0.37 0.20
Recall 0.62 0.38

Table 3.7: Evaluation results without case normalization.

hand, suffers from attachment errors (typically involving coordination and PP-
modifiers, e.g. afschilfering van de vingertoppen ‘peeling of the fingertips’ in a
longer string roodheid en afschilfering van de vingertoppen ‘redness and peeling
of the fingertips’) and misses subphrases which do not correspond to a full NP
(i.e., phrases consisting of a noun and one of its modifiers, e.g. belemmering van
de beweeglijkheid ‘obstruction of the motility’ in the longer string belemmering
van de beweeglijkheid in de vinger voor de patiënt ‘obstruction of the mobility
in the finger for the patient’).

We evaluated the recall of both extraction methods by computing the over-
lap between the list of candidate terms and the list of known terms described
in Section 3.3.4. We compare the precision and recall of both filters with case
normalization (Table 3.7) and without case normalization (Table 3.8). In both
cases, the PoS-tag filter gives higher precision and recall compared to the syn-
tactic filter. Thus, we will use the first filter to extract candidate terms in the
rest of our experiments.

Description PoS Syn
Total candidates 41,079 49,503
Precision 0.33 0.20
Recall 0.59 0.42

Table 3.8: Evaluation results with case normalization.
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Before proceeding with the PoS-tag filter, we evaluated the effect of intro-
ducing an optional determiner into the filter. Among the extracted candidate
terms using this filter, there are 15% that contain the determiner de or het,
of which only 4% are true terms. Although this contribution is relatively high
(9.6%) compared to the total extracted true terms, it is very small (0.6%) com-
pared to the total number of the candidate terms. Moreover, our terminological
resources, in general, have a very small number of terms containing these deter-
miners: 0.3% in Elsevier’s Medical Encyclopedia and the Merck Manual, 0.6%
in the medical’s lemma of Wikipedia, and 4.8% in ICD-9. Thus, for the rest of
the experiments, we decided to use a tighter filter by removing the determiner
from the filter, as shown by Figure 3.10.

( (Adj|N)+ | ( ( (Adj|N)* (N Prep )? ) (Adj|N)* ) ) N

Figure 3.10: The PoS-tag filter (Justeson and Katz, 1995) used in the rest of
the experiments.

3.4.4 Preposition Filtering and Suffix Stripping

To reduce noise from the regular expression filter, we apply preposition filtering
in which candidate terms containing particular prepositions (e.g. als ‘such as’,
zoals ‘such as’, tegen ‘against’, and naar ‘to’) will be discarded. Candidate terms
with one of these prepositions, for example, middelen als cocäıne ‘drug such as
cocaine’, voedingsadditieven zoals conserveermiddelen ‘food additives such as
conservatives’, and bloedstroom naar hart ‘blood flow to heart’, are usually not
terms.

Especially for the Equation 3.19 and 3.20 (Section 3.6.1) or step 3 (Section
3.6.2), we apply suffix stripping. The main goal of this stripping is to get the
stem form of a word in a term, and then to make it possible that a word form
matches with other word forms. For example, the word genetisch and genetische
will match with the word genetic, after the suffix -isch and -ische are replaced
with -ic by our stripping rules. This process could be considered as a form of
stemming.

The suffix stripping will later help matching words of multilingual terms
in a specific domain. This is motivated by the fact that some terms in both
Dutch and English use the same stems. For example, the term chemisch element
becomes chemic element by a stemming rule for Dutch. The same stem will also
be produced from the term chemical element by a stemming rule for English.
We make use of these regularities to create a small set of rules for suffix stripping:
14 rules for Dutch, and 6 rules for English. The rules for Dutch will stem the
following suffixes: heid, lijkse, lijke, ende, ale, aire, ele, en, ie, ing, tjes, ische,
isch, and ese. And the rules for English will stem these suffixes: al, is, ing,
in, es, and um. To get a more comprehensive stemming result, we can use any
off-the-shelf Dutch and English stemmers.
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3.5 Comparing Statistical Methods

In this section we compare eight commonly-used approaches to measure the
strength of association of bigram word strings. We repeat some of the formulae
in Section 3.2.2 in Table 3.9. The formulae are defined based on the contingency
table given in Table 3.3. Besides evaluating statistical methods, we also evalu-
ate a corpus comparison method in Section 3.2.4 which combines a statistical
technique (a ratio-based measurement) and external knowledge (a comparison
corpus). Since this method is reasonably simple and practical (Chung, 2003),
we compare it with the other association measure approaches.

Method Formula

Frequency

(Giuliano, 1964)
n11

T-Score
(Church and Hanks,
1989)

n11−
n1pnp1

npp

n
2

11

Log-likelihood
(Dunning, 1993; Daille,
1996)

2(n11log
n11

m11
+ n12log

n12

m12
+ n21log

n21

m21
+ n22log

n22

m22
)

Chi-squared (χ2)
(Church and Gale,
1991)

npp(n11n22−n12n21)2

(n11+n12)(n11+n21)(n12+n22)(n21+n22)

Dice
(Dice, 1945)

2
n11

np1 + n1p
Pointwise Mutual
Information (PMI)
(Fano, 1961; Church
and Hanks, 1989)

log2

n11

n1pnp1

True Mutual Infor-
mation (TMI)
(Manning and Schutze,
1999)

n11

npp
log n11

m11
+ n12

npp
log n12

m12
+ n21

npp
log n21

m21
+ n22

npp
log n22

m22

C-value
(Frantzi et al., 1998)

(

log2|a|.f(a) if a is not nested,

log2|a|(f(a) − 1
P (Ta)

P

bεTa
f(b)) otherwise

Corpus Comparison
(Chung, 2003)

fm(a)
fc(a)+0.001 ×

Nc

Nm

Table 3.9: Statistical algorithms used to measure the association strength of a
word pair xy.

3.5.1 Pseudo-bigrams

Since most of the statistical algorithms were originally designed to measure the
association of two-word collocations (bigrams), and our candidate noun phrases
are of any length, we need to expand the algorithms from identifying bigrams
to identifying n-grams (n >= 2). One attractive solution, reported in Silva and
Lopes (1999) and Schone and Jurafsky (2001), is to think of any n-gram as a
pseudo-bigram XY where X is its left part and Y is its right part. How we
compute the pseudo-bigram is explained as follows. Given an n-gram:

C = w1w2...wn (3.15)
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which can be generalized into:

C = w1...wiwi+1...wn (3.16)

we can construct a pseudo-bigram C = XY , where:

X = w1...wi and Y = wi+1...wn (3.17)

For each n-gram, we compute all of its pseudo-bigrams and choose i that
maximizes its association score. To illustrate this strategy, take as an example
the candidate term Body Mass Index which is found 3 times in the corpus
that contains 193,123 candidate terms. This term can be approximated by two
pseudo-bigrams: body mass index and body mass index. After normalizing
(lowercasing) the substrings, we get the frequencies shown in Table 3.10.

Pseudo-bigram (XY) f(XY ) f(X) f(Y ) χ2(XY )
body mass index 3 3 5 64.8
body mass index 3 3 3 71.5

Table 3.10: Pseudo-bigrams of the candidate term Body Mass Index.

Which pseudo-bigram will be used to represent the candidate term is de-
fined by its measurement score. For example, when measured using the χ2

method, body mass index gets 64.8 score while body mass index gets 71.5
score. Schone and Jurafsky (2001) used a natural interpretation that the most
probable concatenation of two substrings is indicated by its larger unit which
maximizes PXPY . Thus, we select the last pseudo-bigram to represent the
candidate term. It looks like we are choosing a less likely means of combina-
tion, since one of the bigram’s parts mass index is less likely to be found as
an independent term in a corpus than the other combination body mass. This
should not be a problem, since our aim in making pseudo-bigrams is not to iden-
tify component terms in the compound terms, but to calculate the association
strength aimed at selecting the highest score. Besides that, we do not know
whether the lowest or the highest scores represent the most meaningful combi-
nation. For example, the χ2 scores for the pseudo-bigrams of the candidate term
gecomputeriseerd tomografisch onderzoek ‘computerized tomography examina-
tion’ are 107738 for gecomputeriseerd tomografisch onderzoek and 686 for
gecomputeriseerd tomografisch onderzoek. Since the substring gecompu-

teriseerd tomografisch is less meaningful than tomografisch onderzoek,
we can conclude that the lowest score bigram does not always represent the
best substring combination.

This bigram approximation will be applied to all of the association measures
except for the C-value and the Frequency method. The last methods are not
calculated based on the bigram model, but based on the frequency of occurrence
of any candidate n-gram in the corpora.

3.5.2 Local-rank Ordering

It is important to reorder the χ2 output since this method will give the same
value to bigrams of particular frequencies. For example, the candidate term
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vicieuze cirkel ‘vicious circle’ which occurs 10 times (vicieuze 10 times,
cirkel 10 times), and the candidate term euthyroid sick syndrome which occurs
2 times (euthyroid 2 times, sick syndrome 2 times), both will have the same
χ2 value. In our experiment, the first 78 candidate terms in the χ2 output have
the same score. These candidate terms need to be ordered locally using some
criterion. This case also happens when we evaluate the candidate terms using
some other methods.

To improve the ranking of candidate terms of the same score, we use the
following heuristic:

• If several candidate terms have the same score, order them by their fre-
quency of occurrence in the corpus.

• If a subset of these candidate terms has the same frequency, order them
by the total frequency of their words in the list of known terms.

• If a subset of the remaining candidate terms has the same total frequency
(in the corpus and in the list of known terms), order them alphabetically.

3.5.3 Selecting the Best Measure

We evaluate the eight statistical algorithms in Table 3.9 on the medical ency-
clopedia corpus (Section 3.3). First, the PoS-tag filter extracted 86,000 unique
candidate terms, of which 64,000 were multi-word terms. Then, the scores of
the multi-word terms are measured using the statistical algorithms. For this
purpose, we apply various settings of frequency cut-offs, and compute the as-
sociation scores of the candidate terms in each setting using the NSP package
(Banerjee and Pedersen, 2003). While for the corpus comparison method, we
use a subset of the Twente News Corpus, a collection of over 300 million words
of newspaper text in Dutch, as the comparison corpus. The subset contains text
from the Volkskrant newspaper during the year 2003, which has been parsed
using the Alpino parser. From this newspaper, we extract 585.000 nouns and
noun phrases.

For each of the methods, we automatically evaluate the candidate terms in
its ranked output using the gold standard in Section 3.3.4. To compute the
scores, we take a set of K (=500) true terms, and calculate the area under its
associated precision-recall curve using uninterpolated average precision (UAP)
measure as shown in equation 3.18 (Schone and Jurafsky, 2001) below:

UAP =
1

K

∑K

i=1
Pi (3.18)

where Pi (precision at i) equals i/Hi, and Hi is the number of hypothesized
terms required to find the ith true term.

To illustrate this evaluation formula, consider Table 3.11 that contains a list
of 10 terms ranked based on a particular statistical measure. The value in the
Relevant column indicates whether the corresponding term is a relevant term
(1) or not (0). Assume that we want to compute the UAP of this list at K = 5.
First, we count the number of the hypothesized terms Hi (1 ≤ i ≤ K) by looking
at the Rank of the last term that gives us a total of i relevant terms. Thus, for
each of i, we get the following value of Hi: 1, 2, 5, 6, and 7; and the precision
Pi: 1, 1, 0.6, 0.67, and 0.71. Finally, from the sum of all Pis (3.98) divided by
K (5), we get the UAP value: 0.796.
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Rank Term Relevant
1 term A 1
2 term B 1
3 term C 0
4 term D 0
5 term E 1
6 term F 1
7 term G 1
8 term H 0
9 term I 0
10 term J 1

Table 3.11: An example of a ranked term list.

3.5.4 Results and Discussion

Table 3.12 gives an impression of candidate terms ranked by the eight statistical
methods and the corpus comparison method (Ratio). The italicized candidate
terms are considered as terms, while the rest of the candidates are non-terms.

Based on the number of overlaping candidate terms between the statistical
methods, we classify the columns into four groups. The methods in the first
group (Frequency, t-score, Log-likelihood, TMI, and C-value methods) share
similar outputs such as dikke darm ‘colon’, dunne darm ‘small intestine’, hoge
bloeddruk ‘high blood pressure’, and rode bloedcellen ‘red blood cells’. Other
significant overlaps are found between χ2 and Dice (th 3rd group); from the
highest ranked terms, e.g., magnetic resonance imaging, costoclaviculair com-
pressiesyndroom, and cardiopulmonale resuscitatie, to the 128th-ranked term,
geurloze opiumtinctuur, their outputs overlap. PMI (the second group) seems
to have its own features since it has no similar output compared to the other
methods. However, in the next figures we will see that PMI is very close to one
of the other groups. The corpus comparison method is in the fourth group since
it does not show any similarity to other groups.

In general, looking at the candidate terms, we can see that the methods in
the third group show promising results; almost all of the first 10 ranks are true
terms. On the other hand, results from the first and fourth groups contain more
noise at these ranks.

Schone and Jurafsky (2001) reported similar results. They referred to the
first group as “frequency-like”, because it shares properties of the frequency
method, and referred to the third group as “information-like”. Although PMI
shows a somewhat different output, in principle it is similar to the information-
like methods, as shown by its trends in the next figures. Therefore, Schone and
Jurafsky (2001) included PMI in the third group.

For each of the frequency cut-off settings, we automatically evaluate the
candidate terms using the gold standard in Section 3.3.4, and then calculate
the UAP (precision) at every ith true term (recall). The precision-recall curves
for the first 500 true terms, when evaluated by the statistical methods at the
frequency cut-offs of 2, 4, 6 and 8, are provided in Figures 3.11(a), 3.11(b),
3.12(a) and 3.12(b).
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1 dikke darm dikke darm dikke darm dikke darm dikke darm
case manage-
ment

magnetic res-
onance imag-
ing

magnetic res-
onance imag-
ing

microscopisch
onderzoek

2
zeldzame
gevallen

hoge bloed-
druk

dunne darm dunne darm
hoge bloed-
druk

insulin-like
growth factor
i

eilandjes van
langerhans

eilandjes van
langerhans

diabetes melli-
tus

3 dunne darm
zeldzame
gevallen

hoge bloed-
druk

hoge bloed-
druk

zeldzame
gevallen

knaagdieren
op mensen

sfincter van
oddi

sfincter van
oddi

andere symp-
tomen

4 hoge bloed-
druk

dunne darm
diabetes melli-
tus

diabetes melli-
tus

dunne darm peau d’orange vicieuze cirkel vicieuze cirkel
meeste
patiënten

5 rode bloed-
cellen

rode bloed-
cellen

zeldzame
gevallen

zeldzame
gevallen

rode bloed-
cellen

erytroplasie
van queyrat

costoclaviculair
com-
pressiesynd-
room

costoclaviculair
com-
pressiesynd-
room

epileptische
aanvallen

6 andere symp-
tomen

diabetes melli-
tus

rode bloed-
cellen

rode bloed-
cellen

andere symp-
tomen

amylöıde
ı̈¿ 1

2protëıne
cardiopulmona-
le resuscitatie

cardiopulmona-
le resuscitatie

gehele lichaam

7 microscopisch
onderzoek

microscopisch
onderzoek

microscopisch
onderzoek

microscopisch
onderzoek

diabetes melli-
tus

sappen van
citrusvruchten

cellen per mi-
croliter bloed

cellen per mi-
croliter bloed

c

8
ernstige
gevallen

witte bloed-
cellen

verenigde
staten

verenigde
staten

microscopisch
onderzoek

orde der ge-
neesheren

thoracaal
aorta-
aneurysma

thoracaal
aorta-
aneurysma

meest
voorkomende
oorzaak

9
meeste
gevallen

meeste
gevallen

gehele lichaam gehele lichaam
ernstige
gevallen

kniegewricht
lopende kruis-
banden

molluscum
contagiosum

molluscum
contagiosum

reumatöıde
artritis

10 diabetes melli-
tus

meeste mensen
epileptische
aanvallen

epileptische
aanvallen

meeste
gevallen

amanita phal-
loides

miliaria rubra miliaria rubra
bacteriële in-
fectie

32 andere oorza-
ken

operatieve ver-
wijdering

meeste mensen meeste mensen
reumatöıde
artritis

cystosarcoma
phylloides

lichen sclero-
sus et atroph-
icus

lichen sclero-
sus et atroph-
icus

antidiuretisch
hormoon

64 korte tijd hevige pijn mindere mate
snelle hart-
slag

paar uur decompensatio
cordis

meatus acus-
ticus externus

meatus acus-
ticus externus

coronaire
hartziekte

128 andere
oorzaak

ernstige infec-
ties

halfcirkelvorm-
ige kanalen

gunstig effect
cystische
fibrose

aandoeningen
door aderafs-
luiting

geurloze opi-
umtinctuur

geurloze opi-
umtinctuur

andere afwi-
jkingen

256 uitwendige
oor

gebruik van
antibiotica

groot belang orbitale cel-
lulitis

onderste
gedeelte

artritis psori-
atica

sensate focus
schimmel
histoplasma
capsulatum

andere
patiënten

512 ct- of mri-
scan

hevige
bloedingen

kleine hoeveel-
heid

hoeveelheid
bloed

seizoensgebond-
en allergische
rhinitis

laterale lies-
breuk

tendovaginitis
stenosans

ovale venster
kinderen in de
leeftijd

Table 3.12: Examples of candidate terms in several rank positions for different statistical methods at the frequency cut-off 2. Unitalicized
candidates are not terms, while italicized candidates are potential terms.
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Method
Frequency cut-off

2 4 6 8
Freq 0.670 0.670 0.670 0.670
TMI 0.794 0.794 0.794 0.791
Loglike 0.798 0.798 0.797 0.793
Tscore 0.709 0.709 0.709 0.709
C-value 0.674 0.673 0.674 0.672
PMI 0.777 0.885 0.869 0.877
X2 0.856 0.912 0.880 0.872
Dice 0.857 0.911 0.881 0.873
Ratio 0.726 0.727 0.726 0.731

Table 3.13: Performance of the statistical measures at various frequency cut-offs
for K = 500.

In most of these figures, the χ2 and Dice curves overlap on the top, followed
by the overlapping curves of the Log-likelihood and TMI, ratio’s curve, t-score’s
curve, and the overlapping curves of the C-value and Frequency. This order of
performances is the same in all of the figures, except for the PMI curves that are
improved at higher frequency cut-offs. At the frequency cut-off 4, PMI curve
overlaps with the χ2 and Dice curves, and at the frequency cut-off 8, its curve
outperforms the other curves.

PMI shows the best performance at higher frequency cut-offs, and the fig-
ures also show that PMI tends to be similar to the “information-like” methods.
However, its poor performance at the low frequency cut-offs makes this method
less ideal for term extraction, since many potential candidate terms have low
frequency, especially in a small corpus.

χ2 and Dice would be potential methods for this task. They outperform other
methods at low frequency cut-offs, and still work well at the higher frequency
cut-offs. Their superiority in the low frequency cut-offs shows that they assign
high scores to candidate terms that appear much less than expected. And
apparently in the relatively small corpus, there are many potential terms which
rarely occur and would be discarded in higher frequency cut-offs.

Table 3.13 shows the performance of each method at different frequency cut-
offs for K = 500. At most of the frequency cut-offs, χ2 and Dice outperform
other methods. These results are consistent with those reported by Deane (2005)
and Schone and Jurafsky (2001), where the information-theoretic measures (e.g.
χ2, Dice, and PMI) are shown to outperform frequency-based measures (e.g.
Frequency, T-Score, Log-likelihood, and C-value). Among the frequency-based
measures, Log-likelihood is superior.

Based on the results shown in the above table, it is difficult to choose between
χ2 and Dice, since both of them demonstrate a very similar performance. To
solve this problem, we analyze their formulae in Table 3.9 to see which one is
the most promising in supporting our improvement strategy in the next section.
According to the formulae, Dice will only give a non-zero score if its numerator
(n11) has a value, while χ2 will give a non-zero score as long as both parts of the
term’s bigram (n12 and n21) are non-zero. This characteristic of χ2 is important
for the improvement strategy presented below.
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(a) Frequency cut-off 2

(b) Frequency cut-off 4

Figure 3.11: The precision-recall curves of the statistical methods at the fre-
quency cut-off 2 and 4 and with the maximum recall of 500 terms. We use
the following abbreviations: f frequency, tmi True Mutual Information, ll Log-
likelihood, tscore & cvalue (obvious), pmi Pointwise Mutual Information, x2 &
dice (obvious), and ratio Corpus Comparison.
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(a) Frequency cut-off 6

(b) Frequency cut-off 8

Figure 3.12: The precision-recall curves of the statistical methods at the fre-
quency cut-off 6 and 8 and with the maximum recall of 500 terms. See the
caption of Figure 3.11 for the explanation of the abbreviations used in this
figure.
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3.6 Improving Statistical Methods

The goal of term extraction is often not so much the creation of a new list of
domain specific terms, but rather the (semi-)automatic extension of an existing
list. Assuming the availability of such a list of known terms in a particular
domain, we attempt to improve the previously selected statistical method with
the help of the list.

Several ideas have been explored previously to come up with more accurate
methods to improve association scores of candidate terms. Jacquemin et al.
(1997), for example, have emphasized that the use of an initial term set will
improve the performance of an ATR system. Maynard and Ananiadou (2000)
used semantic information from the UMLS to improve the NC-value output, and
Schone and Jurafsky (2001) used Latent Semantic Analysis (LSA) to improve
the output of their best algorithm. In this section we explore the idea of using
a set of known terms to improve the ranking of candidate terms.

3.6.1 Hypothesis and Formula

Hypothesis A set of known terms can help improving the ranking of new
(unknown) terms.

To prove the hypothesis, we propose a new scoring formula which combines
two essential characteristics of a term, namely:

• association significance: a degree of relatedness to a domain-specific con-
cept based on its occurrence in a document collection (corpus).

• domain centrality : a degree of relatedness to a domain-specific concept
based on its occurrence in or its relationship with a collection of terms
(terminology).

The association significance is an equivalent to the concept termhood in
Kageura and Umino (1996), which measures the significance of a term based on
its frequency in a corpus, and calculates the score using a statistical measure.
In this measurement, a word string is considered as a term with a high degree
of significance, if it gains a high statistical score. This concept is different from
the concept unithood (Kageura and Umino, 1996), which identifies a term based
on its linguistic unit (e.g., PoS-tag or syntactic unit).

The second characteristic, domain centrality, measures the degree to which
an unseen term is related to a list of known terms. Several methods can be used
for this measurement, such as using semantic relationships (e.g., based on syn-
onyms, hypernyms, and hyponyms), association measures (based on frequency
of the bigram’s parts in the terminology), or lexical matching (based on the
number of words in a term that overlap with the words in the terminology).

We use the χ2 method (Section 3.5.3) to measure the first aspect (association
significance), while for the second aspect, we experiment with two methods: χ2

and lexical matching. To support the lexical matching, we create a bag-of-words
containing all words (except stop words) of the known terms.

Thus, given a document corpus C and a list of known terms or terminology
T , we calculate each part (characteristic) of the combined measure of an unseen
term xy (xy ∈ XY ) as follows:
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association significance: is the association strength of two term subparts
with respect to their occurrence in a corpus. We calculate the χ2(xy|C)
score of the term xy based on its frequency in the corpus C. Normalize
this score with the maximum score in XY , i.e., max[χ2(XY |C)].

domain centrality 1: is the association strength of two term subparts with
respect to the set of the word types of known terms. We calculate the χ2

score of the term xy based on the frequency of its bigram’s parts in the
bag-of-words BT of the terminology T , or χ2(xy|BT ). Considering that
the term has two bigram’s parts x and y, the domain centrality score is
calculated based on the frequency of x and the frequency of y (marginal
frequency) in T . For example, the term chronische ziekte ‘chronic disease’
is not found among the terms in T . However, its bigram’s parts, chronis-
che and ziekte, are found in the bag-of-words BT , with the frequency of
occurrence 73 and 40, respectively. Thus, the score is computed using χ2

based on this frequency.

domain centrality 2: is the overlap of the word types of a term with respect
to the set of the word types of known terms. We calculate the lexical
matching score of the term xy by dividing the number of word types in xy
that overlap with the words in the bag-of-words BT of the terminology
T , or w(xy|BT ), against the number of word types in xy, or w(xy). For
example, the term tardieve dyskinesie consists of 2 words (w(xy) = 2),
and among these words only dyskinesie that is found in the bag-of-words
BT , or w(xy|T ) = 1. Thus, the domain centrality score is 1/2.

Equation 3.19 and 3.20 below show how the above aspects of terms are
combined to obtain an improved score called the Association and Domain Sig-
nificance (ADS). The formula for the domain centrality 1, which is based on
an association measure, i.e., χ2, is defined as follows:

ADSassoc(xy) =
χ2(xy|C)

max[χ2(XY |C)]
+ α.χ2(xy|BT ) (3.19)

where α is a weighting coefficient determined experimentally. And the formula
for the domain centrality 2, which is based on a lexical matching, is defined
as follows:

ADSlex(xy) =
χ2(xy|C)

max[χ2(XY |C)]
+

w(xy|BT )

w(xy)
(3.20)

where w(xy) is the number of word types in the term xy and w(xy|BT ) is the
number of word types in the term xy which overlap with the words in the bag-
of-words of known terms BT . We normalize the association significance score
because its maximum value is usually much higher than one.

Our intuition behind these formulae is: if the words x and y of a candidate
term xy are also found in the known terms of a particular domain, we can expect
that the candidate term xy will represent a concept related to the domain. For
example, the terms chronische ziekte ‘chronic disease’ and chronische infectie
‘chronic infection’ are at the 4684th and 5690th ranks when evaluated solely
using the χ2 method given their frequency of occurrence taken from the corpus.
However, the words chronische, ziekte, and infectie are well known words for a
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medical domain, and in fact they are frequently used to generate terms in this
domain. Thus, the occurrence of these words in the set of known terms should
help to improve the ranking of the terms.

In the domain centrality 1, the set of known terms can be seen as a pseudo-
corpus, in which each of its lines represent a candidate term. Thus, for a can-
didate term xy, we can count the frequency of its bigram’s parts x and y in
the set of known terms, and use the frequency to calculate the χ2 value of xy.
While in the domain centrality 2, we simply convert the set of known terms into
a bag-of-words, count the number of words in the candidate term xy which are
also found in the bag-of-words, and then compare this number to the number
of words of the term.

3.6.2 The Algorithm

The following steps summarize our method:

Step 1 Annotate the corpus with part-of-speech information.

Step 2 Prepare the data models:
(1) Create a corpus data model C containing a list of candidate terms XY
and their frequency of occurrence extracted from the corpus. Generate
pseudo-bigrams for candidates of more than 2 words.
(2) Create a bag-of-word data model BT containing a list of words and
their frequency from the set of known terms T . If needed, stem the words
in BT using the stemming method in Section 3.4.4.

Step 3 For each bigram xy in XY , compute its association score χ2(xy|C).

Step 4 Compute the domain centrality scores:
(1) For each bigram xy in XY , count the frequency of each bigram’s
part x and y in BT , and then compute the domain centrality 1 of xy, or
χ2(xy|BT ).
(2) For each candidate term xy in XY , count the number of its words
which overlap with the words in BT , and then compute its domain cen-

trality 2, or w(xy|BT )
w(xy) .

Step 5 For each candidate term xy in XY , compute its combined score (ADS)
using Equation 3.19 and 3.20, and sort them using the method as described
in Section 3.5.2.

3.6.3 Experiment and Results

We use the corpora described in Section 3.3 to create a corpus model, the set
of known terms described in section 3.3.4 to create a terminology model, and
the set of 64,000 candidate multi-word terms as used in Section 3.5.3. We use
a frequency threshold of 2, as described in step 5 of the algorithm, and get
47,000 candidate terms. We evaluate these candidate terms using the formulae
in Equation 3.19 and 3.20. Among these candidate terms, there are 5,000 terms
which are also in the list of known terms. We subtract these true terms from the
set of candidate terms, and manually evaluate the rest of the candidate terms.
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Rnk Frequency χ
2 ADSassoc|α = 10 ADSassoc|α = 100 ADSlex (no stem.) ADSlex (stemming)

1 jonge kinderen vicieuze cirkel maligne hypertensie chronische ziekte
thoracaal aorta-
aneurysma

thoracaal aorta-
aneurysma

2 vroeg stadium cardiopulmonale
resuscitatie

vicieuze cirkel maligne hypertensie
acquired immunodefi-
ciency syndrome

acquired immunodefi-
ciency syndrome

3 grotere kans cellen per microliter
bloed

cardiopulmonale
resuscitatie

acute ziekte
acute herpetische
gingivostomatitis

acute herpetische
gingivostomatitis

4 ◦ C
thoracaal aorta-
aneurysma

cellen per microliter
bloed

ontstoken huid
engelse sudden infant
death syndrome

engelse sudden infant
death syndrome

5 zwangere vrouwen gecomputeriseerd to-
mografisch onderzoek

thoracaal aorta-
aneurysma

pijnlijke aandoening
mastopathia fibrosa
cystica

mastopathia fibrosa
cystica

6 verhoogd risico
acquired immunodefi-
ciency syndrome

gecomputeriseerd to-
mografisch onderzoek normale huid

tumoren tijdens cys-
toscopie

tumoren tijdens cys-
toscopie

7 onderste deel
kant-en-klare
babyvoeding

acquired immunodefi-
ciency syndrome

chronische infectie
aanwezigheid van
grote hoeveelheden
levende bacteriën

bronchopulmonale
dysplasie

8 oudere kinderen
laparoscopische
cholecystectomie

kant-en-klare
babyvoeding

acute infectie
bronchopulmonale
dysplasie

angiotensin convert-
ing enzyme

9 verhoogde kans westelijk halfrond
laparoscopische
cholecystectomie

ernstige aandoening
angiotensin convert-
ing enzyme

chiasma opticum

10 onderliggende
oorzaak

aanwezigheid van
grote hoeveelheden
levende bacteriën

westelijk halfrond chronische ziekten chiasma opticum myotone dystrofie

32 giftige stof kijkbuis van glasvezel fase van ontkenning
vorm van behandel-
ing

skin popping
onbevoegde uitoefen-
ing

64 erfelijke afwijking weight lifter’s back undetermined signifi-
cance

vorm van infectie
niet-proliferatieve
retinopathie

verre oosten

128
gebruik van orale an-
ticonceptiemiddelen

sensate focus luizen overgedragen
variant

gevolg pijn
lager gelegen luchtwe-
gen cutis laxa

256
abnormale verbind-
ing

bacterie treponema
pallidum

kritische grens

universitair medisch
centrum utrecht
gevestigde nation-
aal vergiftigingen
informatie centrum

sociale vaardigheden geschikte donor

512 verder gelegen delen genezing van brand-
wonden

ernstige bloedingen cellen in lage concen-
traties

blauwe verkleuring betreffende persoon

Table 3.14: Examples of candidate terms in several rank positions for different experimental settings. Unitalicized candidates are non
terms, while italicized ones are potential terms.
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To get the best measure, we ran six measurement settings: raw frequency,
χ2, ADSassoc, and ADSlex. For ADSassoc, we use two settings of α, i.e., α = 10
and α = 100. For ADSlex, we run two settings: with stemming and without
stemming. Examples of candidate terms in several rank positions for these
settings are shown in Table 3.14.

ADSassoc, as an improvement to χ2, gives higher scores to candidate terms
which have high χ2 values relative to the known terms. For example, the term
maligne hypertensie is initially placed at the 1137th rank (not shown in the
table) when evaluated using χ2. Since the words maligne and hypertensie are
frequently occur in BT , i.e., 191 and 15 times, respectively, this term gets an
incrementally higher score based on these frequencies of occurrence. As the
result, the term maligne hypertensie gets higher ranks in the combined scores
of ADSassoc, i.e., 1st and 2nd ranks for α = 10 and α = 100, respectively.

In our experiments, higher α values bring common terms in the domain, such
as chronische ziekte ‘chronic disease’, acute ziekte ‘acute disease’ and acute
infectie ‘acute infection’ in the medical domain, to higher ranks as shown in
column ADSassoc|α = 100. The candidate term acute ziekte, for example, was
placed on the 3rd rank when α = 100, while by χ2 and ADSassoc|α = 10, it
was placed on the 5504th and 69th ranks (not shown in the table), respectively.
As above, this happens because the bigram parts of the terms, i.e., acute and
ziekte, occur 71 and 40 times respectively in BT . A consequence of these results
is that we will rarely get new and non-common terms at the higher ranks when
the candidate terms are evaluated with higher α values. Thus, to get the best
result while using this method, this parameter should be set low, e.g. 10.

More potential new terms are introduced by ADSlex. This method gives high
scores to candidate terms that have high χ2 values (based on terms’ occurrence
in the corpus), when their component words are found in the list of known terms.
For example, the term thoracaal aortaaneurysma, which occurs 5 times in the
corpus, is at the 4th rank of the χ2 results. Since both of its words (thoracaal
and aortaaneurysma) occur in the list of known terms, it gets an additional
ADSlex score. Apparently, its combined score is higher than the score of the
term vicieuze cirkel, which is at the 1st rank of the χ2 results. The last term
occurs 10 times in the corpus but none of its words occurs in the list of known
terms.

The role of stemming in ADSlex is to increase the rate of lexical matching
between candidate terms and the bag-of-word BT of the known terms. In Table
3.14, the effect of this stemming cannot be seen in the top ranked terms. As
for example, we can take the term anatomische structuren, which is placed at
the 1024th rank in the last column (stemming). If we look at the complete
list of the non-stemming output, we will find this term at the 4133th rank.
Without stemming, only the word anatomische matches with a word in BT ,
while with stemming, both the stemmed words anatomi and structur match
with the stemmed words in BT . In this way, the rank of this candidate term
becomes higher at the stemming setting. We will clearly see the effect of this
stemming in the next section.

3.6.4 Evaluation

The results are evaluated by two human annotators. For each setting, they
annotate the top 200 candidate terms with yes, doubt or no labels. Then, we
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Setting
UAP

strict lenient Ann1 Ann2
Frequency 0.224 0.497 0.357 0.322
χ2 0.625 0.780 0.720 0.684
ADSassoc|α = 10 0.650 0.807 0.754 0.703
ADSassoc|α = 100 0.348 0.870 0.715 0.471
ADSlex(no stemming) 0.686 0.840 0.792 0.736
ADSlex(stemming) 0.703 0.854 0.807 0.752

Table 3.15: The uninterpolated average precision values at K = 100 of several
measurement settings in two evaluation modes by two individual annotators
(Ann1 and Ann2). The Fleiss’ Kappa score is 0.509 ± 0.033.

compute the uninterpolated average precision (UAP) value of each setting at
K = 100 using Equation 3.18.

The evaluation results are shown in Table 3.15. Each setting is evaluated
using both a strict mode, in which a candidate term is counted as a term only
if both evaluators agreed, and a lenient mode, in which a candidate term is
counted as a term if one of the evaluators annotated it as a yes. We also present
scores produced by each of the annotators (Ann1 and Ann2). The Fleiss’ Kappa
score (Fleiss, 1971) of the inter-annotator agreement is 0.509 ± 0.033, which is
considered moderate.

The results in Table 3.15 are consistent with those reported in Table 3.13, in
which the association measure (χ2) alone outperforms the Frequency measure.
Adding an association significance score as formulated in the Equation 3.19
yields an increased precision. In the strict mode, the precision at α = 10
increases by about 2.5%, and surprisingly, at α = 100 the precision decreases by
about 27.7%. If we look at the individual precisions, we will see a big difference
at α = 100, where the precision by Ann1 and Ann2 are 71.5% and 47.1%,
respectively. This difference is caused by annotators’ disagreement on whether
the common medical terms such as chronische ziekte(n) and chronische infectie
should be classified as medical terms. The first annotator agrees, while the
second annotator does not. This evaluation apparently confirms the previous
analysis, that setting α too high will harm the precision.

Further improvement is demonstrated by the ADSlex method (Equation
3.20). Both annotators agree that this method, either with stemming or without
stemming, outperforms the other methods. In the strict mode, this method in-
creases the precision by about 6.1% and 7.8% when it is used without stemming
and with stemming, respectively. This shows that computing the association
and domain significance value using a simple lexical-matching-ratio technique
solves the problem faced by the association-measure technique. This method
does not rely on the co-occurrence of the overlapping words but on the number
of the overlapping words.

Thus, from the results in Table 3.14 we can conclude that both alternatives
of measuring ADS, i.e., ADSassoc and ADSlex, outperform the baseline system,
χ2. This result can be seen as a proof for the hypothesis in Section 3.6.1, that
a set of known terms can help improving the ranking of a set of new (unknown)
terms.
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3.7 Using Multilingual Terminologies

The ADS method developed in the previous section implies a possibility for
further application. In this section, we apply the method to a multilingual
term extraction task. Given a set of known terms from multilingual sources, we
attempt to improve the ranking of candidate terms extracted from a corpus of
a particular language.

As has been described in Section 3.4.4, we can induce information from
multilingual terminologies to improve the termhood value of a candidate term.
For a medical domain, the Unified Medical Language System (UMLS) is a good
starting point to get the multilingual terminologies. In this section, we discuss
our experiment of using the multilingual terminologies to extract new medical
terms in Dutch.

3.7.1 Previous Work

The use of the UMLS as a multilingual thesaurus for multilingual term ex-
traction has been reported by Déjean et al. (2002). They extract new lexicons
from the UMLS, which is dominated by English language, to enrich a German
thesaurus, by exploiting a bilingual dictionary and the hierarchical information
contained in the thesaurus.

Valderrabanos et al. (2002) also reported the use of initial term sets to ex-
tract multilingual terminologies in English, Spanish, French and German. They
used as initial terms the keywords in the description of each document in their
corpora. New terms are generated from the initial terms through a set of deriva-
tion rules (67 different rules for each language). For example, given an initial
term head and neck neoplasms, the rules will generate a new term neck neo-
plasms. The generated terms are then validated by checking their occurrence in
the corpora.

Our method is different from the previously mentioned methods, since we use
a set of multilingual terms to measure the termhood of candidate terms. We cre-
ate a small set of rules, which are similar to the stemming rules in Valderrabanos
et al. (2002), to normalize the multilingual terms and the candidate terms.

3.7.2 Multilingual Terminology Resources

In the medical domain, the UMLS is one of the major terminology resources.
It comprises over 1 million biomedical concepts and 5 million concept names
collected from over 100 controlled vocabularies in various languages.8 Part of its
distribution is a large syntactic lexicon of biomedical and general English, called
the SPECIALIST lexicon.9 This lexicon contains 330,455 items and covers both
commonly occurring English words and biomedical terms.

We use the UMLS SPECIALIST lexicon as our multilingual terminology
source, because it covers English and other common languages for biomedical
terms, such as Greek and Latin. To evaluate the contribution of multilingual
terms in detecting new terms of a particular language, we make sure that the
lexicon will not contain any terms of the target language. We subtract all terms

8www.nlm.nih.gov/research/umls/metab4.html UMLS’s source vocabularies
9specialist.nlm.nih.gov/ The UMLS SPECIALIST lexicon
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which are found in our list of known Dutch terms from the lexicon. The resulting
subset of the UMLS SPECIALIST lexicon now contains 284.706 terms.

3.7.3 Experiment Design

The design of the experiment in this section is similar to the experiment in
Section 3.6.2. The difference concerns only the source of the list of known
terms. In this experiment, we use the corpora described in Section 3.3 to create
the unithood model, and the set of multilingual terms described in Section 3.7.2
above to create the termhood model of the ADS measure.

3.7.4 Experiment and Results

Since our aim is to enrich the existing terminologies, we subtract all candidate
terms (extracted in Section 3.4.1) which overlap with all known terms collected
in Section 3.3.4. This reduction provides us with 54,000 candidate terms. Ap-
plying a frequency threshold of 2 and 4 will leave us with 5,333 and 1,233
candidate terms respectively. To get higher recall, we decided to process with
the first threshold. The candidate terms are evaluated using the formulae 3.19
and 3.20.

To compare the results, we run the following measurement settings: χ2,
ADSassoc (Equation 3.19), and ADSlex (Equation 3.20). For ADSassoc, we set
α = 10, the best value according to our experiments. At both equations, we
run two settings: with stemming (as described in Section 3.4.4) and without
stemming.

Examples of candidate terms in several rank positions for those settings are
shown in Table 3.16. All of the settings show promising results. At a glance,
most of the top ranked candidate terms look like medical terms. There are some
English candidate terms in the list, such as evoked potentials, case management,
and undetermined significance. Most of these terms are incorrectly tagged by
our parser. For example, the candidate term undetermined significance is tagged
as noun noun because noun is the default tag for unknown words.

All of the settings except χ2 give higher scores to candidates which have
high values for both association significance and domain centrality features. For
example, cystosarcoma phylloides (28th rank by χ2) is placed at the 2nd and 4th
ranks by ADSassoc|α = 10 as well as by ADSlex since both of its word elements
are in BT (the bag of lexicon’s words). The effect of the stemming is shown by
the term tropische spastische paraparese (70th rank by χ2). Although its word
elements are not found in BT , it has an equivalent form in the multilingual
terms, namely tropical spastic paraparesis. The stemming has normalized both
forms into the same stems. As a result, the termhood of the candidate term
will be high. This term is placed at the 1st and 6th ranks by ADSassoc (α = 10,
(stem)) and ADSlex (stem), respectively.

3.7.5 Evaluation

To evaluate the results quantitatively, we asked two human annotators to an-
notate a list of candidate terms extracted from the experiments. From each
setting, we take the first 200 candidate terms in its rank, and then annotate the
selected candidate terms with yes, doubt or no. To compare the performance
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of the settings, we compute the uninterpolated average precision (Section 3.5.3)
at K = 100.

The results of this evaluation are shown in Table 3.17. The settings are
evaluated using both a strict mode, in which a candidate is counted as a term
only if both evaluators agreed, and a lenient mode, in which a candidate is
counted as a term if one of the evaluators annotated it as a yes. We also present
scores for the annotated lists produced by each of the annotators (Ann1 and
Ann2).

In both modes, the annotators agree that combining the unithood and ter-
mhood values improves the baseline (χ2). Applying stemming rules also results
in a slightly better result for the ADSassoc method (from 0.612 to 0.626), and
a higher improvement is achieved by the ADSlex method (from 0.677 to 0.769).
Both annotators agree that the last method, either with stemming or with-
out stemming, outperforms other methods. The best result is achieved by the
ADSlex method when stemming is applied.

Similar to the previous experiments on Section 3.6, the use of the association
measure for calculating the termhood in the ADSassoc method apparently is not
a good strategy. Since most of the overlapping words do not co-occur (between
word elements in a candidate term and in the bag-of-words BT ), the association
measure will not give a high termhood value to the candidate term. However,
the stemming shows some improvements.

Computing the termhood value using a matching ratio in the ADSlex method
solves the problem faced by the association measure. This method does not rely
on the co-occurrence of the overlapping words but on the number of the over-
lapping words. Combined with the stemming, this method shows a promising
result in using multilingual terminologies to improve the extraction of multi-
word terms in a particular language, especially in a medical domain. In this
experiment, the stemming rules we construct are very simple and not exhaus-
tive. We only need to take some productive suffixes for a particular domain by
investigating candidate terms extracted from the corpus. We expect that this
method can be adapted to other languages and domains with little effort.
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Rnk χ
2 ADSassoc|α = 10 ADSassoc|α = 10 (stemming) ADSlex ADSlex (stemming)

1 vicieuze cirkel evoked potentials
tropische spastische
paraparese

evoked potentials evoked potentials

2
ziekte van von
willebrand-joergens

cystosarcoma phyl-
loides

vasovagale syncope morbus haemolyticus
neonatorum

morbus haemolyticus
neonatorum

3
allergische bronchopul-
monale aspergillose vicieuze cirkel cholinergische urticaria case management case management

4 cardiopulmonale resus-
citatie

ziekte van von
willebrand-joergens

genetisch defect cystosarcoma phyl-
loides

mastopathia fibrosa
cystica

5 cellen per microliter
bloed

allergische bronchopul-
monale aspergillose toxische shock

mastopathia fibrosa
cystica mental disorders

6
thoracaal aorta-
aneurysma

cardiopulmonale resus-
citatie

cerebrale malaria mental disorders
tropische spastische
paraparese

7
gecomputeriseerd to-
mografisch onderzoek

cellen per microliter
bloed

normale cellen
undetermined signifi-
cance

undetermined signifi-
cance

8 subduraal empyeem
thoracaal aorta-
aneurysma

case management
engelse sudden infant
death syndrome

processus mastoideus

9
endoscopische retro-
grade pancreatografie

gecomputeriseerd to-
mografisch onderzoek

evoked potentials processus mastoideus
endoscopische retro-
grade pancreatografie

10 evoked potentials subduraal empyeem vicieuze cirkel
acute herpetische gin-
givostomatitis

acute herpetische gin-
givostomatitis

32
erytroplasie van
queyrat

pericarditis constric-
tiva

ulcus oesophagi
thoracaal aorta-
aneurysma

multiform glioblastoom

64
solitaire agressieve
gedragsstoornis

portugese oorlogsschip
humorale (antistof)
therapie

diagnose allergische
alveolitis

bacterie bartonella
henselae

128
minimaal normaal
lichaamsgewicht

enkelvoudige dosis az-
itromycine lucide interval

gram vers paddenstoel-
gewicht

chemische dampen

Table 3.16: Examples of candidate terms in several rank positions for different experimental settings. Candidate terms printed in italics
are proposed new terms. The terms are not translated into English due to the space limitation.
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Setting
UAP

strict lenient Ann1 Ann2
χ2 0.608 0.802 0.735 0.676
ADSassoc 0.612 0.825 0.734 0.702
ADSassoc (stemming) 0.626 0.826 0.758 0.694
ADSlex 0.677 0.865 0.782 0.757
ADSlex (stemming) 0.769 0.918 0.845 0.843

Table 3.17: The uninterpolated average precision values for K = 100 of several
measurement settings in two evaluation modes and by two individual annotators
(Ann1 and Ann2). For ADSassoc settings, the value of α is 10. The Fleiss’
Kappa score is 0.509 ± 0.033.

3.8 Extracting Single Word Terms

The number of candidate single-word terms in our corpora is high, about 19,800
(23%) of the total number of unique candidate terms (86,000). This makes the
extraction of single-word terms an important step in our term extraction task.
In this section we discuss our experiment to extract single-word terms using the
corpus comparison technique.

3.8.1 Previous Work

Extracting single-word terms is considered by Daille et al. (1994) as a more
difficult process. Compared to the unithood of a multi-word term, the unithood
of a single-word term cannot be measured using the variety of methods discussed
in Section 3.5, except using the frequency of occurrence in a corpus. To solve this
problem, several methods have been developed by researchers to extract single-
word terms. These methods generally depend on frequency-related information
(Bernhard, 2006).

The most recent and popular method is using a corpus comparison technique
(Rayson and Garside, 2000; Vintar, 2003; Chung, 2003; Lemay et al., 2005). An
intuition behind this method is that a word will be terminologically relevant to a
special corpus, if its use in that corpus is different from its use in a general corpus.
One method to get a value for this comparison is through its relative frequency
in a specialized corpus compared to its frequency in a general corpus. If the
ratio of the word’s frequency in a specialized corpus compared to the frequency
in a general corpus is high, then that word is considered a relevant term for
that specialized corpus. Combined with a frequency and a ratio threshold, this
technique is applied in Chung (2003) to evaluate terms from an anatomy corpus.

For technical domains like medicine, in which many terms are derived from
terms in other languages or form neoclassical compounds, Bernhard (2006) uses
a pattern-based approach to extract single-word terms. Several types of classical
word-forming units are exploited, such as extra- and anti- (prefixes), hydro- and
pharmaco- (initial combining form), -ism (suffixes), and -graphy (final combin-
ing form). Since many European languages have these regularities, researchers
investigate their corpora to extract such prefixes and initial combining forms
(Bernhard, 2006).
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Rank Frequency Ratio
1 symptomen patiënt
2 behandeling patiënten
3 patiënt bacteriën
4 bloed corticosteröıden
5 ziekte abces
6 mensen echografie
7 arts computertomografie
8 aandoening nierinsufficiëntie
9 huid rëntgenfoto’s
10 pijn baby’s
32 lever cysten
64 water auto-immuunziekte
128 minuten echocardiografie
256 gevolgen baarmoederkanker
512 patiënte stemmingswisselingen
1024 moedermelk koliek

Table 3.18: Examples of candidate single-word terms in several rank positions
of Frequency and corpus comparison (Ratio) methods. Candidate terms printed
in italics are proposed new terms.

Xu et al. (2002) use a TFIDF-based classification method, called KFIDF
(K stands for Kategorie in German), to recognize single-word terms which are
relevant to a particular domain. In the KFIDF, which is a modification of the
TFIDF measure (Salton, 1991), a word is considered as a relevant term for a
particular category, if it occurs more often compared to other words in that
category, but occasionally in other categories. They have proved that KFIDF-
based term extraction is very promising for the extraction of single-word terms.

3.8.2 Experiment and Results

We use the corpus comparison method to evaluate single-word terms found
in the medical encyclopedia corpus (Section 3.3). The corpus contains 86,000
unique candidate terms, of which 19,800 were single-word terms. And for the
comparison corpus, we use the same corpus as in Section 3.5.3. The corpus is
a subset of the Twente News Corpus, a collection of over 300 million words of
newspaper text in Dutch, which contains text from the Volkskrant news paper
during the year 2003. From this newspaper, we extract 585.000 nouns and noun
phrases. We compare the performance of this method with Frequency method
(a baseline).

Table 3.18 shows some examples of terms ranked based on their scores gen-
erated by Frequency and corpus comparison methods at the frequency cut-off
2. In general, the corpus comparison method shows a better term ranking than
the baseline. Unlike Frequency which places several non-terms in its first 10
ranks, the corpus comparison method only places one non-term (10th rank).
The same case also happens at the other ranks in the table, where the second
method shows a better list of candidate single-word terms.
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Figure 3.13: The precision-recall curves of single-word terms generated by Fre-
quency and corpus comparison (Ratio) methods at the frequency cut-off 2.

Method
Frequency cut-off

2 4 6 8
Freq 0.832 0.832 0.832 0.832
Ratio 0.937 0.938 0.938 0.938

Table 3.19: Precision (UAP) values of Frequency and corpus comparison (Ratio)
methods at various frequency cut-offs for K = 500.

3.8.3 Evaluation

We evaluate the candidate terms using the gold standard in Section 3.3.4, and
then calculate the UAP (precision) at every ith ranks, where i is 1, 50, 100,
150, ..., and 500. The resulting precision-recall curves for Frequency and corpus
comparison methods are shown in Figure 3.13. Both curves show similar trends
as in the multi-word terms’ curves in Section 3.5.3, where initially the precisions
dropped at the recall ranges from 50 to 150, and then slightly increased before
finally reaching steady states until the recall 500. It is also obvious from the
figure that the corpus comparison curve outperforms the Frequency curve.

Table 3.19 shows the precision values of both methods for K = 500 at differ-
ent frequency cut-offs. At all of the frequency cut-offs, the corpus comparison
method improve the performance of Frequency by about 12.7%.

Compared to the average precision of multi-word terms in Table 3.13, the
average precision of single-word terms is higher. In that table, the precision
of multi-word terms evaluated using Frequency was 67%, while the precision
of single-word terms evaluated using the same method is 83.2%. Also, the
maximum precision of multi-word terms evaluated using χ2 at the frequency cut-
off 4 was 91.2%, while the maximum precision of single-word terms evaluated
using the corpus comparison method at the same frequency cut-off is 93.8%.
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These results show that to extract single-word terms, frequency alone has
actually produced relatively good results. However, we can improve its perfor-
mance by using the corpus comparison method, which is relatively simple and
easy to implement.

3.9 Summary

This chapter describes our methods and experiments in answering the first three
research questions of this thesis. In this section we summarize our experiments
based on the addressed questions.

The first research question asks for linguistic knowledge that is most useful
in recognizing terms in Dutch text. In the first experiment (Section 3.4), we
compare a PoS-tag filter to a syntactic filter. Our PoS-tag filter extracts more
candidate terms and more true terms compared to the syntactic filter. The best
performance was achieved using the PoS-tag filter without case normalization.
It results in 17% better precision and 24% better recall compared to using the
syntactic filter. From these results we can conclude that PoS information is the
best linguistic knowledge for extracting candidate terms in Dutch text.

However, our PoS-tag filter implementation has a limitation: it does not
extract nested terms. This problem can be solved with less effort by modifying
the XQuery statements in such a way so all matched candidate terms within a
longest matched multi-word term can be identified.

The second research question asks for a statistical approach that is most
successful in extracting multi-word terms. In the second experiment (Section
3.5), we compare 8 statistical measures and a corpus comparison method. The
statistical measures can be divided into two characteristics: ‘frequency like’ and
‘information like’. Their task is to evaluate the extracted candidate terms and to
rank the terms according to their degree of cohesiveness. Among the frequency-
like methods, Log-likelihood shows the best performance, while among the
information-like methods, χ2 and Dice show similar performance. And in gen-
eral, the information-like methods outperform the frequency-like methods. Con-
sidering the characteristics of the two best formulae, finally we choose χ2 for
our statistical method. In general, based on our experiments, one can use ei-
ther Log-likelihood or χ2 as the most promising methods for a multi-word term
extraction task.

In the third experiment (Section 3.6), we investigate two improvement meth-
ods that use external knowledge (known terms). Our strategy is to combine the
association significance and domain centrality of a candidate term. The associ-
ation significance is calculated based on the frequency of a candidate term in a
corpus, while the domain centrality is based on the overlap of word components
in a candidate term with the words in the known terms. We believe that the
overlapping contains termhood information for the candidate term. The first
method (ADSassoc) uses an association measure (χ2) to compute the termhood
of the candidate term. Its improvement is marginal compared to the baseline.
This is due to the fact that almost all of the candidate terms are new and have
no occurrence in the list of known terms. Therefore, the association measure
gives low termhood scores to these terms. The second method (ADSlex) uses
simple string matching, and surprisingly, it scores significantly higher than the
baseline. This shows that the bag of known terms’ words is a valuable source
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for termhood information. It is different from the bag of general words, where
the first one contains words more specific to a particular domain.

The results by the ADS formulae introduce the possibility of using mul-
tilingual terms to compute termhood scores of candidate terms in a specific
language. This is beneficial for a corpus in which a set of known terms does
not exist. For example, we can use the UMLS (a multilingual terminology) to
compute the termhood of Dutch terms.

The third research question asks for a method of extracting Dutch terms
using an existing multilingual terminology combined with a linguistic and a
statistical approach. In Section 3.7, we apply the ADS method with multilin-
gual terminology from the UMLS SPECIALIST lexicon. This experiment shows
promising results as the best performance was achieved by ADSlex with stem-
ming. Compared to the baseline (χ2), this method scores 0.161 points better in
precision (UAP), which amounts to 19% error reduction.

The use of a multilingual terminology will only work well if there are some
similarities in the word stems of the source terms (multilingual terms) and the
target terms. In our experiment, a medical term in Dutch and English often has
a similar stem. Moreover, our Dutch medical terms also contain many Greek
and Latin terms. These conditions make word (or stem) matching possible. For
domain corpora and languages where that is not the case, a method other than
stemming or suffix stripping should be investigated. We hypothesize that the
use of dictionaries which translate words from the multilingual terminology to
the target language will increase the matching ratio. A further experiment is
needed to prove this hypothesis.

As a wrap up for this research question, we can conclude from the above
experiments that an existing multilingual terminology is useful for identifying
new multi-word terms of a particular language, as long as there is overlap at
the word level. And depending on the language pair, several methods can be
used to increase the overlap, such as using stemming and translation.

An additional experiment in term extraction has been conducted in Section
3.8, where we extract single-word terms. To evaluate the candidate single-word
terms, we use corpus comparison method as in Drouin (2003); Chung (2003),
where a general corpus is used to evaluate candidate terms, and Frequency
method as the baseline. The result demonstrates that the Frequency method
alone has shown good performance. A further improvement is produced by
corpus comparison method, which is relatively simple and easy to implement.




