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Abstract

Many existing techniques for term extraction are
heuristically-motivated and criticised as ad-hoc. The
definitions and assumptions critical to set the bound-
ary for the effectiveness of the techniques are often
implicit and unclear. Here we present a probabilis-
tic framework for measuring termhood to address
the lack of mathematical foundation in existing tech-
niques.

1 Introduction

Term extraction, also known as automatic term recog-
nition and terminology mining, is essential to many
text mining applications such as ontology learning.
The aim of term extraction is to identify content-
bearing lexical units (i.e. terms) from text, which
can either be individual or group of words. Term ex-
traction consists of two fundamental steps: 1) iden-
tifying term candidates from text, and 2) filtering
through the candidates to separate terms from non-
terms. The first step involves the determination of
unithood, which concerns with whether sequences of
words can be combined to form stable lexical units
(Wong, Liu & Bennamoun 2007b). On the other
hand, termhood characterises the second step, which
is to determine to what extent a stable lexical unit is
related to a certain domain-specific concept. This pa-
per focuses on developing a probabilistic framework
for measuring termhood.

The tasks of termhood determination is different
from the two well-known problems of named-entity
recognition and information retrieval. The biggest
dissimilarity between named-entity recognition and
termhood determination is that the former is a de-
terministic problem of classification whereas the lat-
ter involves the subjective measurement of relevance
and ranking. Hence, unlike the availability of various
platforms for the evaluation of named-entity recog-
nition such as the BioCreAtIvE Task 1 (Hirschman,
Yeh, Blaschke & Valencia 2005) and the Message
Understanding Conference (MUC) (Chinchor, Lewis
& Hirschman 1993), determining the performance
of term extraction remains an extremely subjective
problem domain. While appearing more similar to
information retrieval in that both involves relevance
ranking, the determination of termhood does have its
unique requirements in processing text. Most impor-
tantly, the determination of termhood does not have
user queries as evidences for deciding on relevance.
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As such, the only source of evidence for determin-
ing termhood is a set of heuristically-motivated term
characteristics.

The surveys by (Cabre-Castellvi, Estopa &
Vivaldi-Palatresi 2001) and (Kit 2002) show that ex-
isting term extraction methods rely on the above-
mentioned hypothetical term characteristics to de-
vise empirical measures for termhood. Consequently,
these methods are often criticised for their lack of
theorisation and mathematical validity. Such crit-
icisms become obvious when one poses simple but
crucial questions on the ways certain measures are
derived, for example, “Why taking different bases for
logarithm?”, or “Why combining two weights using
addition and not multiplication?”.

To address the lack of proper theorisation in
term extraction, we present a probabilistic frame-
work for scoring and ranking term candidates to mea-
sure termhood. This measure is founded on Bayes
Theorem and the Zipf-Mandelbrot model (Tullo &
Hurford 2003) for computing the evidences. Our new
measure is adaptable in that new or obsolete evi-
dences can be added or removed based on different
requirements of the system. Section 2 summarises
some prominent methods in term extraction. Section
3 develops the probabilistic framework and so-derived
measure of termhood. Section 4 presents the results
of a comparative study and the paper concludes in
Section 5 with an outlook to future works.

2 Related Work

Surveys (Cabre-Castellvi et al. 2001, Kageura &
Umino 1996) on term extraction approaches revealed
that most of the existing methods were based on ad-
hoc statistical measures combined with linguistics in-
formation. These measures are usually put together
using term or document frequency, and are modified
as per need as the observation of immediate results
progresses. As such, the significance of the differ-
ent weights that compose the measures usually as-
sume an empirical viewpoint. Obviously, such meth-
ods are at most inspired by, but not derived from
formal models. Many critics claim that such meth-
ods are unfounded and the results that were reported
using these methods are merely coincidental. In the
words of (Kageura & Umino 1996), “As for the va-
lidity of statistical methods or models, we have seen
that many use intuitively reasonable by mathemati-
cally unfounded measures.”.

Existing measures based on formal probabilistic
models for determining the relevance of words with
respect to certain topics or documents are mainly
studied within the realm of document retrieval and
automatic indexing. In probabilistic indexing, one
of the first few detailed quantitative models was pro-
posed by (Bookstein & Swanson 1974). In this model,
the differences in the distributional behavior of words

51



is employed as a guide to determine if a word should
be considered as an index term. This model is derived
from the fact that single Poisson distribution is only a
good fit for functional words while content words tend
to deviate from it (vanRijsbergen 1979, Church &
Gale 1995, Manning & Schutze 1999). Such variation
from the Poisson distribution or colloquially known
“non-poissonness” can then be employed as a predic-
tor of whether a lexical unit is a content word or not,
and hence as an indicator of possible termhood.

An even larger collection of literature on prob-
abilistic models can be found in a related area of
document retrieval. The simplest of all the re-
trieval models is the binary independence model
(Fuhr 1986, Lewis 1998). As with all other retrieval
models, the binary independence model is designed
to estimate the probability that a document j is con-
sidered as relevant given a specific query k. Let
T = {t1, ...tn} be the set of terms in the collection of
documents (i.e. corpus). We can then represent the
set of terms Tj occurring in document j as a binary
vector vj = {x1, ..., xn} where xi = 1 if ti ∈ Tj and
xi = 0 otherwise. This way, the odds of document
j, represented by a binary vector vj being relevant to
query k can be computed as (Fuhr 1992):

O(R|k, vj) =
P (R|k, vj)

P (R̄|k, vj)
=

P (R|k)

P (R̄|k)

P (vj |R, k)

P (vj |R̄, k)

and based on the assumption of independence be-
tween the presence and absence of terms,

P (vj |R, k)

P (vj |R̄, k)
=

n
∏

i=1

P (xi|R, k)

P (xi|R̄, k)

Other more advanced models that take into consider-
ations other factors such as term frequency, document
frequency and document length have also been pro-
posed (Jones, Walker & Robertson 1998).

(Basili, Moschitti, Pazienza & Zanzotto 2001) pro-
posed a TF-IDF inspired measure for assigning terms
with weights quantifying their specificity to the target
domain. A Contrastive Weight is defined for a simple
term candidate a in a target domain d as:

CW (a) = log fad

(

log

∑

j

∑

i fij
∑

j faj

)

(1)

where fad is the frequency of the simple term candi-
date a in the target domain d,

∑

j

∑

i fij is the sum
of the frequencies of all term candidates in all domain
corpora, and

∑

j faj is the sum of the frequencies of
the term candidate a in all domain corpora. For com-
plex term candidates, the frequencies of their heads
are utilised to compute their weights:

CW (a) = fadCW (ah) (2)

where fad is the frequency of the complex term can-
didate a in the target domain d, and CW (ah) is the
contrastive weight for the head, ah of the complex
term candidate.

There is also the use of contextual evidence to as-
sist in the identification of terms. One of the works is
NCvalue by (Frantzi & Ananiadou 1997). Given that
TC is the set of all term candidates and c is a noun,
verb or adjective (i.e. context words) appearing with
the term candidates, weight(c) is defined as:

weight(c) = 0.5

(

|TCc|

|TC|
+

∑

e∈TCc
fe

fc

)

where TCc is the set of term candidates that have c as
a context word,

∑

e∈TCc
fe is the sum of the frequen-

cies of term candidates that appear with c, and fc is
the frequency of c in the corpus. After calculating the
weights for all possible context words, the sum of the
weights of context words appearing with each term
candidate can be obtained. Formally, for each term
candidate a that has a set of accompanying context
words Ca, the cumulative context weight is defined
as:

cweight(a) =
∑

c∈Ca

weight(c) + 1

Finally, the NCvalue for a term candidate a is defined
as:

NCvalue(a) =
1

log F
Cvalue(a)cweight(a) (3)

where F is the size of the corpus in terms of the num-
ber of words. CV alue(a) is given by:

Cvalue(a) =

{

log2 |a|fa if |a| = g

log2 |a|(fa −
∑

l∈La
fl

|La|
) otherwise

where |a| is the number of words in a, La is the set
of potential longer term candidates that contain a, g
is the longest n-gram considered, and fa is frequency
of occurrences of a in the corpus.

(Wong, Liu & Bennamoun 2007a) proposed a Dis-
criminative Weight (DW) as part of a scoring and
ranking scheme called Termhood (TH). DW is a prod-
uct of Domain Prevalence (DP) and Domain Ten-
dency (DT). If a is a simple term candidate, the do-
main prevalence DP is defined as:

DP (a) = log10(fad + 10) log10

(

FTC

fad + fad̄

+ 10

)

where FTC =
∑

j fjd +
∑

j fjd̄ is the sum of the fre-
quencies of occurrences of all term candidates j ∈ TC
in both domain and contrastive corpora, while fad

and fad̄ are the frequencies of occurrences of a in the
domain corpus and contrastive corpora, respectively.
If the term candidate a is complex, DP is defined as:

DP (a) = log10(fad + 10)DP (ah)MF (a)

DT is employed to determine the extent to which
term candidate a is used for domain purposes. It is
defined as:

DT (a) = log2

(

fad + 1

fad̄ + 1
+ 1

)

where fad is the frequency of occurrences of a in the
domain corpus, while fad̄ is the frequency of occur-
rences of a in the contrastive corpora. The adjust-
ment of contextual evidence is also introduced to en-
sure that the weights of non-terms are not inflated
by domain-relevant context. The Adjusted Contex-
tual Contribution (ACC) is defined as:

ACC(a) = ACDW (a)
e(1−

ACDW (a)+1
DW (a)+1 )e(1−

DW (a)+1
ACDW (a)+1 )

log2
ACDW (a)+1

DW (a)+1 + 1

ACDW is simply the average DW of the context
words of candidate a adjusted according to the con-
text’s relatedness to a:

ACDW (a) =

∑

c∈Ca
DW (c)sim(a, c)

|Ca|
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where sim(a, c) = 1 − NGD(a, c)θ, NGD(a, c) is
the Normalized Google Distance (Cilibrasi & Vitanyi
2007) between term candidate a and c, and θ is a con-
stant for scaling the distance value of NGD. The use
of NGD overcomes the problems associated with the
use of semantic information. The final weight of each
term candidate a is given by:

TH(a) = DW (a) + ACC(a) (4)

3 A Probabilistic Framework for Determin-
ing Termhood

Terms are lexical realisations of their abstract coun-
terparts (i.e. concepts) that are relevant to some do-
mains of interest. As such, the aim of determining
termhood in term extraction is to identify terms that
are relevant to the same domain as are the concepts
they represent. As pointed out before, the only source
of evidence in term extraction is the characteristics of
terms embedded in the domain corpora. From here
on, notation d is used to denote the domain corpus
and the target domain it represents, and d̄ denotes the
contrastive corpora, that is, all corpora other than d.
In probabilistic terms, we can describe our aim of ter-
mhood determination as:

Aim 1 What is the probability of candidate a being
relevant to domain d, given the evidence candidate a
has?

3.1 A General Probabilistic Model

Definition 1 outlines the primary characteristics of
terms (Kageura & Umino 1996). These character-
istics are considered as ideal because they rarely exist
in real-world situations as we will discuss later.

Definition 1 The primary characteristics of terms
in ideal settings:

1. A term should not have any synonyms.

2. The meaning of a term is independent of context.

3. The meaning of a term should be precise and re-
lated directly to a concept.

In addition, there are other characteristics that are
equally important in the determination of termhood.
Some of these characteristics are inherent general
properties of words. This list is not a standard and
by no means exhaustive. They are:

Definition 2 Extended characteristics of terms

1. Terms are properties of domains, not documents
(Basili et al. 2001).

2. Terms tend to clump together (Bookstein, Klein
& Raita 1998) the same way as content-bearing
words do (Zipf 1949).

3. Terms of longer length are rare in a corpus since
the usage of phrases of shorter length are more pre-
dominant (Zipf 1935).

4. Simple terms are often ambiguous and modifiers
are required to reduce the number of possible inter-
pretations. Hence complex terms are usually pre-
ferred in terminology (Frantzi & Ananiadou 1997).

Definition 1 states that a term is unambiguously rel-
evant to a domain. For example, when one encounter
the term “bridge”, there should be one and exactly
one meaning: “a device that connects multiple net-
work segments at the data link layer”. As such, an
ideal term cannot be relevant to more than one do-
main. Therefore, determining termhood is simplified

to just measuring the extent to which a term candi-
date is relevant to a domain regardless of its relevance
to other domains. Aim 1 can thus be formulated as
a conditional probability between two events using
Bayes Theorem.

P (R1|A) =
P (A|R1)P (R1)

P (A)
(5)

where R1 is the event that a is relevant to domain d
and A is the event that a is a candidate term sup-
ported by an evidence vector V =< E1, ..., Em >.
The details of the evidence vector will be presented
in Section 3.2. P (R1|A) is the posterior probability
of candidate a being relevant to d given the evidence
vector V . P (R1) is the prior probability of candidate
a being relevant without any evidence, and P (A) is
the prior probability of a being a candidate with evi-
dence V . As we shall see later, these two prior proba-
bilities will be immaterial in the final computation of
the weights for the candidates. Since the reliability of
the evidences of terms is dependent on the represen-
tativeness of the corpus, the following Assumptions 1
and 2 are also necessary:

Assumption 1 Corpus d is a balanced, unbiased and
randomised sample of the population text representing
the corresponding domain.

Determining the representativeness of a corpus is im-
portant but beyond the scope of this paper.

Assumption 2 Contrastive corpora d̄ is the set of
balanced, unbiased and randomised sample of the pop-
ulation text representing approximately all major do-
mains other than d.

Given Assumption 2, let us define R2 as the event that
candidate a is relevant to other domains d̄. Following
this and based on Definition 1, we have P (R1∩R2) =
0. In other words, R1 and R2 are mutually exclusive
in ideal settings. Ignoring the fact that a term may
appear in certain domains by chance, any candidate
a can either be relevant to d or to d̄, but not both.

Unfortunately, according to (Loukachevitch &
Dobrov 2004), “An impregnable barrier between words
of a general language and terminologies does not ex-
ist.”. For example, the word “bridge” has multiple
meanings and is relevant to more than one domain.
In other words, P (R1∩R2) is rarely 0 in reality. How-
ever, words like “bridge” are regarded as poor choice
of terms because they are simple terms and inher-
ently ambiguous as defined in Definition 2. Instead,
a better term for denoting the concept which the can-
didate “bridge” attempts to represent would be “net-
work bridge”. This is usually the case in writings
where authors first introduce new concepts using un-
ambiguous complex terms and later, reiterating the
same concepts with shorter terms. As such, we as-
sume that:

Assumption 3 Each concept represented using a
polysemous simple term in corpus has a corresponding
unambiguous complex term representation occurring
in the same corpus.

From Assumption 3, since all important concepts of a
domain have unambiguous manifestation in the cor-
pus, the possibility of the ambiguous counterparts be-
ing inappropriately ranked during our termhood mea-
surement will have no effect on the overall term ex-
traction output. As such, polysemous simple terms
can be considered as insignificant in our determina-
tion of termhood. Based on Definition 1 and As-
sumption 3, the probability of relevance of candi-
date a to both d and d̄ is approximately 0, i.e.
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P (R1∩R2) ≈ 0. Following this, we have P (R1∪R2) =
P (R1)+P (R2) ≈ 1. This approximation of the sum of
the probability of relevance without evidence can be
extended to the conditional probability of relevance
given evidence vector V :

P (R1|A) + P (R2|A) ≈ 1 (6)

without violating the axioms of probability.
Since P (R1∩R2) only approximates to 0 in reality,

determining the probability of relevance of candidate
a to d alone may not be enough. We need to calculate
the odds of relevance to demonstrate that candidate
a is more relevant to d than to d̄:

Aim 2 What are the odds of candidate a being rele-
vant to d given the evidence candidate a has?

Since Odds = P/(1 − P ), we can obtain the odds
of relevance given the evidence candidate a has by
applying (1 − P (R1|A))−1 to Equation 5:

P (R1|A)

1 − P (R1|A)
=

P (A|R1)P (R1)

P (A)(1 − P (R1|A))
(7)

and since 1 − P (R1|A) ≈ P (R2|A) from Equa-
tion 6, and by applying the multiplication rule
P (R2|A)P (A) = P (A|R2)P (R2) to the left side of
Equation 7, we have:

P (R1|A)

P (R2|A)
=

P (A|R1)

P (A|R2)

P (R1)

P (R2)
(8)

Equation 8 can also be called as the odds of relevance
of candidate a to d given the evidence a has. This
odds can be used to rank the term candidates. Taking
the log of odds (i.e. logit) gives us

log
P (A|R1)

P (A|R2)
= log

P (R1|A)

P (R2|A)
− log

P (R1)

P (R2)

P (A|R1) and P (A|R2) are the class conditional prob-
abilities for a being a candidate with evidence vec-
tor V given its different state of relevance. Since
the chance of any candidate being relevant to d
and to d̄ without any evidence is the same (i.e.
P (R1)/P (R2) = 1), we can safely ignore the second
term (i.e. the odds of relevance without evidence) in
Equation 8. This gives us

log
P (A|R1)

P (A|R2)
= log

P (R1|A)

P (R2|A)
(9)

To score and rank the term candidates a ∈ TC based
on the evidences they have, we define the Odds of
Termhood (OT) as

OT (a) = log
P (A|R1)

P (A|R2)
(10)

Since we are only interested in the relative ranking,
ranking candidates using OT , according to Equation
9, is the same as ranking the candidates according to
our Aim 2 as formulated in Equation 8. Obviously,
from Equation 10, our initial predicament on not be-
ing able to empirically determine prior probabilities
P (A) and P (R1) is no longer a problem.

Assumption 4 Independence between evidences in
V .

Next we can decompose the evidence vector V as-
sociated with each candidate a to enable the assess-
ment of the class conditional probabilities P (A|R1)
and P (A|R2). Given Assumption 4, P (A|R1) and
P (A|R2) can be expanded as

P (A|R1) =
∏

i

P (Ei|R1) (11)

P (A|R2) =
∏

i

P (Ei|R2)

where P (Ei|R1) and P (Ei|R2) is the probability of a
as a candidate associated with evidence Ei given its
different state of relevance. Substituting Equation 11
in 10 will give us

OT (a) =
∑

i

log
P (Ei|R1)

P (Ei|R2)
(12)

Lastly, to simplify the notation, individual scores are
defined for each evidence Ei, and we call them evi-
dential weights (Oi)

Oi =
P (Ei|R1)

P (Ei|R2)
(13)

and substituting Equation 13 in 12 gives us

OT (a) =
∑

i

log Oi (14)

The purpose of OT is similar to many other functions
for scoring and ranking term candidates such as those
reviewed in Section 2. However, what differentiates
our new function from the existing ones is the fact
that OT is founded upon and derived in a probabilis-
tic framework with explicit assumptions. Moreover,
as shown in the following Section 3.2, the individual
evidences themselves are formulated based on proba-
bility theory and the necessary term distributions are
derived from formal distribution models.

3.2 Formalising Evidences in a Probabilistic
Framework

Commonly adopted characteristics for determining
the relevance of terms (Kageura & Umino 1996) are
highlighted below in Definition 3.

Definition 3 Characteristics of term relevance

1. A term candidate is relevant to a domain if it
appears relatively more frequent in that domain than
in others.

2. A term candidate is relevant to a domain if it
appears only in one domain.

3. A term candidate relevant to a domain may have
biased occurrences in that domain.

4. A complex term candidate is relevant to a domain
if its head is specific to that domain.

We propose seven evidences for the evidence vector V
to capture the characteristics presented in Definition
2 and 3. They are as follow:

Evidence 1: Occurrence of candidate a

Evidence 2: Existence of candidate a

Evidence 3: Specificity of the head ah of a

Evidence 4: Uniqueness of candidate a

Evidence 5: Exclusivity of candidate a

Evidence 6: Pervasiveness of candidate a
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Evidence 7: Clumping tendency of candidate a

However, due to space limitations, here we present
Evidence 3 and 4 as a proof of concept. It is worth-
while to note that evidences can always be intro-
duced or removed depending on the goal or con-
straints imposed upon the applications implement-
ing OT of Equation 14. The various evidences con-
tribute to the computation of the corresponding evi-
dential weights Oi, which in turn are summed to pro-
duce the final ranking of OT . Since OT serves as a
probabilistically-derived formulaic realisation of our
Aim 2, the various Oi can be considered as mani-
festations of sub-aims derivable from Aim 2. Each
sub-aim is formulated into its corresponding eviden-
tial weight using the probability distributions of the
occurrences of term candidates in d and in d̄:

• P (occurrence of a in d)=P (a, d) is the probabil-
ity of occurrence of a in the domain corpus d.

• P (occurrence of a in d̄)=P (a, d̄) is the probabil-
ity of occurrence of a in the contrastive corpora
d̄.

There are a few possible models for such distribution.
One of them is the Zipf-Mandelbrot model which have
been rigorously discussed by (Tullo & Hurford 2003).
We use the Zipf-Mandelbrot model to obtain the dis-
tributions for both P (a, d) and P (a, d̄).

3.2.1 Odds of Specificity

The evidential weight O3 focuses specifically on Def-
inition 3.4 for complex term candidates. O3 is meant
for capturing the odds of whether the inherently am-
biguous head ah of a complex term a is specific to
d. If the head ah of a complex terms is found to
occur individually without a in large numbers across
different domains, then the specificity of the concept
represented by ah and a in d is doubtable. O3 can be
formally stated as:

Sub-Aim 3 What are the odds that the
head ah of a complex term candidate a is
specific to d?

The head of a complex term candidate is considered
as specific to a domain if the head and the candi-
date itself both have higher tendency of occurring to-
gether in that domain. The higher the chances of
co-occurrence of a and ah in a domain, the more
specific is ah to that domain. For example, if the
event of both “bridge” and “network bridge” occur-
ring together in the “computer networking” domain
is very high, this means the possibly ambiguous head
“bridge” is used in a very specific context in that do-
main. In such cases, when “bridge” is encountered in
“computer networking”, one can safely deduce that it
refers to the same domain-specific concept as “net-
work bridge”. Consequently, the more specific the
head ah is with respect to d, the less ambiguous its
occurrence is in d. From Definition 3.4, the less am-
biguous ah is, the higher are the chances of its com-
plex counterpart a being relevant to d.

To proceed further, we assume that the occur-
rences of candidate a and its head ah within the same
domain (i.e. either d or d̄) are independent. Even
though the independence assumption may not always
be the case in reality, it does remove many complica-
tions related to the non-trivial formulation of O3 and
other evidential weights not presented here. As such,

• P (occurrence of a in d ∩ occurrence of ah in d) =
P (a, d)P (ah, d)

Based on the assumptions above, we define O3 for
complex term candidates as:

O3 =
P (specificity of a|R1)

P (specificity of a|R2)

=
P (specificity of a to d)

P (specificity of a to d̄)

=
P (occurrence of a in d ∩ occurrence of ah in d)

P (occurrence of a in d̄ ∩ occurrence of ah in d̄)

=
P (a, d)P (ah, d)

P (a, d̄)P (ah, d̄)

3.2.2 Odds of Uniqueness

This evidential weight O4 attempts to realise Defini-
tion 3.2. O4 captures the odds of whether a is unique
to d or to d̄. A term candidate is considered as unique
if it occurs only in one domain and not the other. For-
mally, O4 is described as

Sub-Aim 4 What are the odds of term can-
didate a being unique to d?

Based on the following intuitively reasonable indepen-
dence and complementary assumption of the events of
occurrence and non-occurrence of candidate a,

• P (non-occurrence of a in d) = 1 − P (a, d)

• P (occurrence of a in d ∩ non-occurrence of a in
d̄) = P (a, d)(1 − P (a, d̄))

we can mathematically formulate O4 as:

O4 =
P (uniqueness of a|R1)

P (uniqueness of a|R2)

=
P (uniqueness of a to d)

P (uniqueness of a to d̄)

=
P (occurrence of a in d ∩ non-occurrence of a in d̄)

P (occurrence of a in d̄ ∩ non-occurrence of a in d)

=
P (a, d)(1 − P (a, d̄))

P (a, d̄)(1 − P (a, d))

4 Experiments

To evaluate the effectiveness of our probabilistic
framework for determining termhood using Odds of
Termhood (OT), here we carry out a comparative
study with three existing scoring and ranking scheme,
namely, Contrastive Weight (CW), NCvalue (NCV)
and Termhood (TH). The implementation of CW ,
NCV and TH are in accordance to Equation 1 and
2, 3, and 4 respectively. Although only two evi-
dences are presented in this paper, we have included
all seven evidences during our implementation to ob-
tain the new measure OT in this experiment. The
summary of the data sets is presented in Table 1.
The data sets consist of three distinct domain cor-
pora d and a collection of contrastive corpora d̄. The
domain corpora consist of three distinct collections of
text gathered from BioMedCentral.com in the area of
“musculoskeletal disease” (denoted by dMUS), “can-
cer” (denoted by dCAN ), and “cardiovascular dis-
ease” (denoted by dCAR). The contrastive corpora
is a single collection of news articles across a wide
range of genres gathered from various sources such
as Reuters.com, CNet.com and ABC.com between the
period of February 2006 and April 2007. The term
candidates and context words are extracted as instan-
tiated sub-categorisation frames (Wong 2005) from
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Table 1. Summary of the datasets employed throughout this paper for experiments and evaluations. For
simplicity reasons, two notations are adopted: d to represent the domain corpus, and d̄ to represent the
contrastive corpora.

the three domain corpora. As a result, three sets of
term candidates are produced, one for each of the
three domains (i.e. dMUS , dCAN and dCAR). The ex-
periments on three different sets of terms from three
different domain corpora are necessary to demon-
strate the consistency of any trends exhibited by the
four measures.

The four measures are used to score and rank the
three sets of term candidates. The frequency distri-
butions of the ranked candidates from dMUS , dCAN

and dCAR are shown in Figures 1, 2 and 3. The can-
didates are ranked in descending order according to
their scores assigned by the respective measures. The
first half of the graphs by CW , prior to the sudden
surge of frequency consisted of only complex terms.
Complex terms tend to have lower word counts com-
pared to simple terms and hence, the disparity in the
frequency distributions are clearly shown in Figures
1(c), 2(c) and 3(c). This is attributed to the biased
treatment given to complex terms evident in Equa-
tion 2. However, priority is also given to complex
terms by TH and OT , but as one can see from the
distributions of candidates by TH in Figures 1(b),
2(b) and 3(b) and those by OT in Figures 1(a), 2(a)
and 3(a), such undesirable trend does not occur. One
of the explanation is CW relies heavily on frequency
while TH and OT attempt to diversify the evidences.
Even though frequency is a reliable source of evidence,
the use of it alone is definitely inadequate (Cabre-
Castellvi et al. 2001). As for the NCV measure, Fig-
ures 1(d), 2(d) and 3(d) show that scores for term
candidates are calculated solely based on their do-
main frequencies. In other words, NCV is not suit-
able for performing contrastive analysis and hence,
cannot be employed for term extraction to identify
between domain-specific terms. Another advantage of
TH and OT is their ability to assign higher weights to
terms that occur relatively more frequent in d than in
d̄. This is evident through the gap between fd and fd̄,
especially at the beginning of the x-axis. Candidates
along the end of the x-axis are those with fd̄ > fd.
However, the discriminating power of OT is better
since the gap between fd and fd̄ is wider and lasted
longer.

In addition to the absence of evaluation methods
and datasets, the subjective nature of termhood as-
sessment makes the tasks of objectively evaluating

Table 2. A summary of the mean (µ) and standard
deviation (σ) of the scores assigned by the four mea-
sures (i.e. NCV , CW , TH and OT ) for the three
sets of term candidates extracted from three different
domain corpora (i.e. dMUS , dCAN and dCAR). The
sum of the domain frequencies and of the contrastive
frequencies of the three sets of term candidates are
also shown in this table.

and comparing our new measure with existing ap-
proaches a problem domain by itself. In the words of
(Damle & Uren 2005), “Unfortunately, there is no ob-
jective evaluation method reported in the literature for
term extraction...”. However, our subjective assess-
ments of OT and three other existing measures offer
promising insights into probabilistically-derived mea-
sures for termhood. Table 2 summarises the mean
and standard deviation of the weights generated by
the various measures. One can notice the extremely
high dispersion from the mean of the weights gener-
ated by CW and also NCV . We speculate that such
trends are due to the erratic assignments of weights,
heavily influenced by domain frequencies. This is fur-
ther enforced by the visible increase of the means
and standard deviations of the weights produced by
CW , NCV and even TH as the domain frequency fd

increases. On the other hand, our probabilistically-
motivated measure OT appeared to be unaffected by
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(a) Candidates ranked by OT (b) Candidates ranked by TH

(c) Candidates ranked by CW (d) Candidates ranked by NCV

Figure 1: This graph shows the frequency distributions of 709 candidates extracted from dMUS ranked in
descending order according to the scores assigned by the respective measures. The black, oscillating line
represents the frequency of the candidates in the contrastive corpora fd̄ while the greyish, oscillating line is
the domain frequency fd. The single dark line that spans from the left to the right of the graph in descending
order represents the scores assigned by the respective measures.

(a) Candidates ranked by OT (b) Candidates ranked by TH

(c) Candidates ranked by CW (d) Candidates ranked by NCV

Figure 2: This graph shows the frequency distributions of 709 candidates extracted from dCAN ranked in
descending order according to the scores assigned by the respective measures. The black, oscillating line
represents the frequency of the candidates in the contrastive corpora fd̄ while the greyish, oscillating line is
the domain frequency fd. The single dark line that spans from the left to the right of the graph in descending
order represents the scores assigned by the respective measures.

57



(a) Candidates ranked by OT (b) Candidates ranked by TH

(c) Candidates ranked by CW (d) Candidates ranked by NCV

Figure 3: This graph shows the frequency distributions of 709 candidates extracted from dCAR ranked in
descending order according to the scores assigned by the respective measures. The black, oscillating line
represents the frequency of the candidates in the contrastive corpora fd̄ while the greyish, oscillating line is
the domain frequency fd. The single dark line that spans from the left to the right of the graph in descending
order represents the scores assigned by the respective measures.

Table 3. The Spearman rank correlation coefficients
ρ between all pairs of measures over the three sets
of term candidates extracted from dMUS , dCAN and
dCAR.

the changes in frequencies. We also employ the Spear-
man rank correlation coefficient to study the pos-
sibility of any correlation between the four ranking
schemes under evaluation. Table 3 summarises the
coefficients between the various measures. Note that
there is a strong correlation between the ranks pro-
duced by our new probabilistic measure OT and the
ranks by the ad-hoc measure TH. This correlation is
consistent throughout all the experiments using dif-
ferent sets of term candidates. The correlation of TH
with OT reveals the possibility of providing math-
ematical justifications for the former’s heuristically-
motivated ad-hoc approach using a general proba-
bilistic framework. We believe by adjusting the in-
clusion or exclusion of various evidences, other ad-hoc
measures can be captured as well.

5 Conclusions

In this paper, we presented a probabilistically-derived
measure termed as the Odds of Termhood (OT) for
scoring and ranking term candidates for term ex-
traction. We have also introduced seven evidences,
founded on formal models of word distribution, to
facilitate the calculation of OT . The evidences are
motivated by characteristics of terms in a domain,
which are made explicit. The fact that evidences
can be added or removed makes OT a highly flexi-
ble framework that is adaptable to the applications’
requirements and constraints. Our experiments com-
paring OT with three other existing ad-hoc measures,
namely CW , NCV and TH have demonstrated the
effectiveness of the new measure and the new frame-
work.

More research is required for introducing new ev-
idences to realise more term characteristics. Due to
the difficulty in objectively determining the perfor-
mance of termhood measures, we intend to assess OT
within the scope of a larger application such as doc-
ument retrieval to establish its precision, recall and
accuracy.
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