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Abstract 

The identification of a domain ontology 
is usually a theoretical pursuit. However, 
the development of knowledge manage-
ment systems and information extraction 
systems often requires an understanding 
of the ontology of the domain; the ques-
tion of ontology then has a serious practi-
cal import. Knowledge is typically 
recorded in archives of texts: an examina-
tion of a sample of the archive may lead 
to the identification of a potential ontol-
ogy of the domain. This is our claim. 

1 Introduction 

Text, whether in paper or electronic form, is a 
tangible source of information or knowledge that 
can be shared amongst a group of people in any 
domain. Almost all human enterprises are charac-
terized by a text repository that is peer-reviewed 
and reflects the opinion of the majority of the 
enterprise; a repository may comprise books, 
learned papers, popular articles, dictionaries, 
manuals and handbooks. The advent of the World 
Wide Web has made it easier to collect, store and 
access such resources electronically.  

The conceptual organization of any subject 
domain is based on a consensus amongst mem-
bers of the domain.  There are philosophical de-
bates about how the concepts are organized and 
whether or not the organization is a social, psy-
chological, or political phenomenon.  The key for 
us is the existence of a consensus and the consen-
sus manifests itself in the speech and writing of 
the domain community.  The community, scien-

tific, technical, recreational, political, religious or 
otherwise, continues to evolve and change.  The 
evolution and change manifests itself in the lin-
guistic output of the domain.  This is not to deny 
that other semiotic systems, other than language, 
are not at work, but at least for us, linguistic out-
put is amongst the most tangible. 

The discussions of ontology, ontologies, and 
different things ontological, have a considerable 
psycho-philosophical overtone (Sowa 2000).  
This is perhaps due to the fact that unlike the 
building blocks of a subject domain – its terms – 
the relationship between the terms is not explic-
itly available.  This is certainly true at the incep-
tion of a subject.  When the subject matures the 
relationships are made more explicit and some-
times the conceptual organization is showed 
graphically as well.  However, the relationship 
between terms is signaled in domain texts.  There 
may be many complicated ways in which a natu-
ral language allows the description of the so-
called semantic relationships; nevertheless it is 
not difficult to find rather straightforward ways 
used by the domain community to signal such 
relationships.  For example, a forensic scientist 
describes a hyponymic relationship by the simple 
device of enumeration: body fluids like saliva, 
blood, urine….. and this practice of describing 
relationships through the use of phrases like, in-
cluding, such as, and/or other is quite common in 
a number of typologically distinct domains.  
Cancer specialists write that adjuvant therapies 
include chemotherapy and hormone therapy and 
that anthracyclines, docatexal and other drugs 
are used in chemotherapy.  Financial news wires 
contain examples of such signaling as in defen-
sive stocks such as oil, confectionary and elec-
tricity.  The semantic relationships are the basis 



of the ontological commitment of a domain 
community.  The inter-relationships of terms in a 
domain, when made explicit, for example, dia-
grammatically or more formally through a graph, 
will tell us something about the ontology of the 
domain.  

In this paper we describe a method for identi-
fying the ontological commitment of a domain by 
examining a random selection of documents pro-
duced by the members of the domain.  The use of 
the various phrases to encode such complex rela-
tionships appears to have its own rules of de-
scription – a kind of local grammar governs the 
behaviour of clauses where the authors describe 
their ontological commitment.  We describe how 
such structures have been identified in three dif-
ferent subject domains: forensic science, breast 
cancer research and finance & business, by ex-
ploring the local grammar.  The penultimate use 
of making the ontological commitment explicit in 
the three domains is different. 
 

2 Ontology Construction and Special 
Language Texts 

We aim to explore the ontological commitment 
of a specialist domain from a randomly sampled 
domain-specific text corpus – that which might 
be construed to be a set of ‘representative’ texts 
of the domain.  This notion of representativeness 
is controversial at best but has not deterred cor-
pus linguists from building representative cor-
pora of general language texts such as the British 
National Corpus (BNC) (Leech et al. 2001). 
Paradoxically this approach has been very pro-
ductive; such corpora have led to new insights 
into the structure of language.  The sampling is 
random in that the corpora are usually con-
structed through the use of domain-specific key-
words in a Web search engine and texts of 
different genera are chosen.  Specialist lan-
guages, considered variants of natural language, 
are restricted lexically, syntactically and semanti-
cally (Harris, 1988).  Open class words dominate 
specialist language texts, particularly noun 
phrases (NPs); phrases used to name objects, 
events, actions and states relevant to the domain.  
It has been suggested that not only can terms be 
extracted from a specialist corpus (Ahmad & 
Rogers 2000, Bourigault et al. 2001) but also se-

mantic relations of hyponymy and meronymy 
(part-whole relations) between terms (Ahmad et 
al. 2003, Hearst, 1992).   

The open class words, particularly the single 
open class words, reflect the lexical choice of the 
domain measured by way of frequency of occur-
rence.  Indeed, it has been claimed that the spe-
cialist texts contain the so-called lexical 
signature that distinguishes them from the every-
day or general language texts.  This signature can 
be elicited by comparing the frequency distribu-
tion of the open class words in a specialist corpus 
with that of the distribution of the same words in 
a ‘representative’ corpus of general language 
words, for example, the BNC.  This measure has 
been referred to as the measure of weirdness 
(Ahmad & Rogers 2001) – the frequent use of 
such terms will appear unusual to a native 
speaker of English using the BNC as a standard.  
Terms with a high frequency and weirdness are 
usually considered good candidate terms.  Do-
mains are distinguished by the productive use of 
certain terms and, apart from inflectional and 
derivational use of these terms, much of the pro-
ductivity manifests itself in the frequently used 
compound noun phrases that comprise one or 
more single-words that give the idiosyncratic 
lexical signature to a given specialist domain (see 
Table 1. below). 
 

OCWs WC COMPOUNDS 

Forensic Science Corpus (Total tokens: 610,197) 
evidence 
crime 
scene 
forensic 
analysis 
blood 
dna 

21 
53 
38 

471 
11 
12 
33 

crime scene 
forensic science 
law enforcement 
crime scene investigator 
workplace homicide 
supreme court 
crime scene photography 

Breast  Cancer Corpus (Total tokens: 226464 ) 
cancer 
breast 
women 
risk 
patient 
treatment  
therapy 

336 
749 
16 
47 
30 
22 

 119 

breast cancer 
breast cancer risk 
metastic breast cancer 
breast carcinoma 
ovarian cancer 
tamoxifen therapy 
adjuvant therapy 

 



 
OCW WC COMPOUNDS 

Finance & Business Corpus (Total tokens: 681,215) 
percent 
million 
market  
pounds 
shares 
reuters 
company 

67 
13 
12 
32 

104 
11222 

5 

interest rate 
million pounds 
ftse index 
percent rise 
tax profit 
recovery plan 
central bank 

 
Table 1. A comparison of high frequency OCWs  

(potential candidate terms) in three different 
domains showing the weirdness coefficient 
(WC) and frequent compounds 

 
Once the single and compound words are iden-

tified automatically, by comparing the distribu-
tions in the specialist corpus with a representative 
general language corpus (for example forensic 
occurs 471 times more frequently in the forensic 
science corpus then it does in the BNC), one can 
then examine the ontological commitments by 
examining semantic relations amongst the terms.  
The terms in a domain are often related to each 
other through a range of semantic relations such 
as hyponymy and meronomy, which can be used 
to build hierarchies. These semantic relations are 
often exemplified in a language through the ar-
rangement of certain terms in recurrent gram-
matical patterns that can be subsequently 
analyzed.  Cruse (1986) has discussed the notion 
of semantic frames: a triplet of phrases - X REL Y 
where X and Y are noun phrases (NPs) and REL 
is a phrase generally expressed as IS A, IS A TYPE 
OF/KIND OF and PART OF for illustrating hyponymic 
and meronymic relationships respectively.  

Apart from the signal cues mentioned above, 
which are used most commonly in biological 
classifications anyway, it has been suggested by 
Hearst (1992) that certain enumerative cues could 
also be used to identify such relationships 
through lexico-syntactic patterns occurring in 
texts such as the frame (X1………,Xn) OR OTHER Y 
where each X and Y are NPs and each Xi in the 
list (X1………,Xn) is a hyponym or subtype of Y. 
An example sentence here could be ‘In the case 
of shootings or other fatal assaults’ in which case 
a shooting is a type of fatal assault. The cue and 
other follows the same pattern as the or other cue 
whereas cues like such as, including and like 
have the order reversed where the NP represent-

ing the supertype occurs on the left with the list 
of subtype NPs on the right side of the cue, the 
last NP having an and or an or preceding it: Y 
INCLUDING (X1,……{or/and},Xn). An example sen-
tence here could be “Trace evidence including 
fibers, hair, glass and DNA was found at the 
crime scene,” fibers, hair, glass and DNA being 
types of trace evidence. 

The phrases where the superordinate and sub-
ordinate/instances are linked together by one of 
the signals described above appear to be structur-
ally similar to ‘collocations [..] and frozen sen-
tences […..] one often encounters that cannot be 
related by formal rules of either phrase structure 
or transformational type’ (Gross 1993:26).  For 
Gross, phrases used in telling time or idiomatic 
use of language require a finite state automata 
based on the so-called local grammar.  Examples 
of the local grammar used for signalling relation-
ships between one term (NP) and a set of other 
terms (NPs) are shown in Figure 1a and Figure 
1b: 
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Figure 1a. Finite State Graph for the and / or other 

signal cues 
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Figure 1b. Finite State Graph for the includ-

ing/like/such as/especially signal cues 
 

Compound words often convey a semantic re-
lationship between the constituent lexical units as 
well.  Compounding tends to specialize the 
meaning of the headword, each successive modi-
fier specializing it further.  This semantic rela-
tionship often signifies the hyponymic relation, 
for example, the compound term trace evidence 
suggests that trace evidence is a type of evidence.  
This heuristic can also be exploited to extract 
semantic relationships. 



Sentences containing lexico-syntactic cues are 
automatically extracted and tagged to indicate the 
grammatical category of each word.  Regular 
expressions are used to detect whether the local 
grammar is followed.  All correct sentences are 
subsequently parsed, based on this local gram-
mar, to extract hypernym-hyponym pairs.  Com-
pound NPs are also parsed recursively to extract 
more hypernym-hyponym pairs.  All these hy-
pernym-hyponym pairs extracted from the corpus 
are then merged together using a tree data struc-
ture that finally constitutes a forest of (sub-) 
trees, which can then be used in the identification 
of the ontological commitments of the domain.  
The final step is the representation of the various 
sub-trees in XML.  An example of the process of 
analysing a sentence is shown in Figure 2. 

 
Figure 2. Analysis of a sentence containing a seman-

tic frame to generate XML 
 

Hence not only terms but also the relationships 
between the terms can be gleaned from domain 
specific texts.  There are a number of other tex-
tual resources electronically available for certain 
specialist domains, including terminology data-
bases or lexicons that can be used to validate the 
existence of the terms, and by the examination of 
term definitions provided, the relationships be-
tween different terms can be verified as well.  
This can be used as a part of an overall approach 
to extract terms and possible relationships.  Fur-
thermore there has been some extensive research 
done on creating general semantic lexicons like 

WordNet1, as well as knowledge bases that claim 
to model world knowledge like CYC2, which is 
still being developed and not freely available. 
Though useful for generic applications they are 
inadequate for use in specialized domains such as 
forensic science or medicine due to a lack in spe-
cialized terminology; knowledge will have to be 
acquired specifically for the specialized domain.  
As an example, highly salient terms in the foren-
sic science domain such as forensic science and 
crime scene were not found in Wordnet.  How-
ever, such knowledge sources may help in pro-
viding some top-level categories for a domain 
ontology.  A system architecture for automati-
cally extracting a domain ontology is shown in 
Figure 3. 

 

TERM 
BASE

TEXT 
CORPUS

CORPUS 
ANALYSIS

CONCEPTUAL 
MODELLING

FORMALIZATION

CANDIDATE 
ONTOLOGY

INTERMEDIATE 
REPRESENTATION

LEXICAL SEMANTIC 
PATTERNS

COLLOCATIONS

CANDIDATE TERMS

LEXICAL 
RESOURCE

OTHER 
KNOWLEDGE 

SOURCE

TERM 
BASE
TERM 
BASE

TEXT 
CORPUS

CORPUS 
ANALYSIS

CONCEPTUAL 
MODELLING

FORMALIZATION

CANDIDATE 
ONTOLOGY

INTERMEDIATE 
REPRESENTATION

LEXICAL SEMANTIC 
PATTERNS

COLLOCATIONS

CANDIDATE TERMS

LEXICAL 
RESOURCE

LEXICAL 
RESOURCE

OTHER 
KNOWLEDGE 

SOURCE

Cued Sentence
All forms of trace evidence such as fibres, paint, glass and DNA.

Tagged Cued Sentence
All/DT forms/NNS of/DT trace/NN evidence/NN such/JJ as/IN fibres/NNS ,/, paint/NN ,/, 

glass/NN and/CC DNA/NNP ./. 

TAGGER

PARSER

Parsed Sentence

trace evidence {fibre, paint, glass, DNA}

XML 
<Object Name="evidence">

<Object Name="trace evidence">

<Object Name="glass"></Object>

<Object Name="fibre"></Object>  

<Object Name="polymeric fibre"</Object>

evidence {trace evidence }

Cued Sentence
All forms of trace evidence such as fibres, paint, glass and DNA.

Tagged Cued Sentence
All/DT forms/NNS of/DT trace/NN evidence/NN such/JJ as/IN fibres/NNS ,/, paint/NN ,/, 

glass/NN and/CC DNA/NNP ./. 

TAGGER

PARSER

Parsed Sentence

trace evidence {fibre, paint, glass, DNA}

XML 
<Object Name="evidence">

<Object Name="trace evidence">

<Object Name="glass"></Object>

<Object Name="fibre"></Object>  

<Object Name="polymeric fibre"</Object>

evidence {trace evidence }

 
 
Figure 3. A proposed architecture for candidate on-

tology generation given a domain-specific 
text corpus 

 
This architecture is based on a three-step 

method: (i) knowledge acquisition involves the 
                                                           
1 http://www.cogsci.princeton.edu/~wn/ 
2 http://www.cyc.com/ 



corpus creation and analysis phase; (ii) concep-
tual modeling involves the extraction of terms 
and their interrelationships as well as the integra-
tion of other knowledge sources and merging of 
partial knowledge structures into an intermediate 
representation; and finally (iii) formalization in-
volves the mapping of the intermediate represen-
tation into a formalism such as XML. User 
interaction could be optional in each of the 
phases for validation purposes. 

 

3 Randomly Sampled Domain-Specific 
Specialist Corpora and Ontology 

In this section we shall provide some details of 
applying the method outlined in Section 2 on 
three domain-specific specialist corpora namely: 
forensic science, breast cancer research, and 
finance and business.  We shall briefly describe 
the corpus and then some of the outputs from our 
method.  In the breast cancer and finance and 
business domains there are online terminology 
databases available, which enabled us to compare 
our results to the term definitions provided for 
verification purposes. 
 

3.1 Case Study 1: Forensic Science Do-
main 

Content-Based Image Retrieval Systems are 
increasingly using keywords in addition to visual 
features for image categorization purposes 
(Squire et al., 2000).  Texts related to images, 
also known as collateral texts, can help in the 
indexing and retrieval of images. Whereas 
closely collateral texts such as captions can be 
used to extract keywords to directly index or 
categorize images; we propose that broadly col-
lateral texts, such as encyclopedic descriptions of 
objects within the image, may be a good source 
to extract related terms that can subsequently be 
used to build a thesaurus or ontology for query 
expansion purposes (Ahmad et al., 2003, Foskett 
1997, Efthimiadis 1996).  The method outlined in 
Section 2 was actually developed within context 
of the Scene of Crime Information System (So-
CIS)3 project, which attempted to exploit the use 

                                                           
3 http://www.computing.surrey.ac.uk/ai/socis/ 

of texts related to images for the indexing and 
retrieval of crime scene images. 

For the purpose of analyzing broadly collateral 
texts, a forensic science corpus of over half a mil-
lion words was created from 1470 English texts 
(610,197 words).  A variety of text types were 
collected from the Web such as journal papers, 
handbooks and advertisements ranging from 
1990 to 2001 to ensure that the corpus was repre-
sentative of the domain.  Crime scene forms 
filled by Scene of Crime Officers were also in-
cluded in the corpus. 

The corpus had 20 OCWs amongst the first 
hundred with evidence and crime being most fre-
quent.  These terms are used productively to 
make compounds, for example crime and scene 
are used together to form 90 different compounds 
including crime scene analysis and crime scene 
photography.  Some interesting candidate neolo-
gisms, which have a weirdness of infinity since 
they are not found in the BNC, included: bite-
mark, toolmark, handgun, polygraph, footprints 
(example of an unusual inflection) and rifling 
(example of an unusual derivation).   

The forensic science corpus was then analysed 
to extract semantic relationships between the 
terms.  Over 1200 sentences containing enumera-
tive cues were extracted and it was observed that 
60% of them incorporated the local grammar rep-
resentative of hyponymic relationships between 
the phrases (X1,…{or/and},Xn) and Y.  It was in-
teresting to note that the more typical X IS A Y 
frame pattern only brought up 40 valid sentences 
out of 400.  Frames depictive of the meronymic 
relationship were not very productive; only 60 
sentences were extracted with 40% of them being 
representative. 

 The diagram (Figure 4) shows a graphical 
view of some of the automatically extracted rela-
tionships.  A partial hierarchy is shown of the 
concept evidence that has trace evidence as a 
sub-concept.  Blood, fibre and DNA are types of 
trace evidence and fibre can be further classified 
as inorganic, dye or manufactured polymeric fi-
bre. 
 
 



 
Figure 4. A partial-hierarchy of the concept evidence 

in the forensic science domain, automati-
cally extracted from a randomly-selected 
corpus of texts 

 

3.2 Case Study 2: Knowledge Maps for 
Breast Cancer Research 

One can broadly divide the knowledge of an or-
ganization, or more specifically that of the people 
within it, into knowledge that is a result of inno-
vation, either accidental or planned, and knowl-
edge that comes about through the application of 
knowledge, the so-called best practice.  The in-
novation is usually attributed to the R&D profes-
sionals (Huseman and Goodman, 1998) and best 
practice to the knowledge workers –professionals 
involved in running the day-to-day operations of 
complex organisations (Davenport and Laurence, 
2000).  

More often than not clarity in language-based 
communication is cited as the principal impedi-
ment in the exchange of knowledge, both innova-
tive and extant, the later relates to best practice. 
There are best practices that have evolved in the 
care and treatment of virulent diseases like can-
cer.  Early identification of symptoms by the po-
tential patient is regarded as key to successful 
therapy; early notification of adverse effects, 
which could easily be reversed by changing the 
drug regimen, is crucial.  In both these cases the 
knowledge of innovation and that of best practice 
has to be communicated across different regis-
ters: from the innovators to the professionals and 
practitioners and then onto the public at large. 

One potential answer is to allow access to key 
documents that lead on from invention onto best 
practice; a document repository which can be 
searched through the use of terms in different 
registers and which is cross-referenced in a dy-

namic manner.  Most importantly, the ontological 
basis of the repository should be open to inspec-
tion – what is included in the repository and why. 
One solution is the development of computer-
based methods that can automatically index and 
cross-reference documents that make up the 
knowledge of a domain.  We describe how 
knowledge within a given domain can be mapped 
so as it is available almost independent of the 
register.  A knowledge map, a representation of 
concepts and their relationships, enables a user to 
navigate through the network and follow links to 
relevant knowledge sources (information or peo-
ple) from any specific concept (Chou and Lin, 
1998, Browne et al., 1997). 

EVIDENCE

TRACE EVIDENCE

FIBREBLOOD DNA

INORGANIC
FIBRE

MANUFACTURED 
POLYMERIC FIBRE

DYE FIBRE

EVIDENCE

TRACE EVIDENCE

FIBREBLOOD DNA

INORGANIC
FIBRE

MANUFACTURED 
POLYMERIC FIBRE

DYE FIBRE

Our case study aims to describe a method for 
mapping knowledge in the sub-domain of breast 
cancer addressed specifically at the health profes-
sional level.  The first step was to create a repre-
sentative text corpus of nearly a quarter million 
tokens, from a variety of 1000 English texts 
(226,464 words) collected from the Web; mainly 
professional abstracts and journal papers from the 
NCI4 website.  An analysis of the corpus to de-
termine the most frequent single and compound 
words can lead to the identification of a lexical 
signature, which can be used as a basis to de-
velop the knowledge map of the domain.  
Amongst the 10 most frequent terms, chemother-
apy (9th most frequent) appears nearly 756 times 
more frequently in the breast cancer corpus then 
it does in the BNC (recall Table 1, Section 2).  
Certain terms such as estrogen have a weirdness 
value of infinity, indicating that they may be 
candidate neologisms.   

We have argued above that the constituent 
lexical units of a compound word or collocation 
frequently reflect a semantic relationship.  For 
example, taking the compound term breast can-
cer, which has a high frequency of 1581 in the 
corpus, it can be deduced that breast cancer is a 
type of cancer, distinguishing it from say, ovar-
ian cancer.  This heuristic was used to indicate 
relationships between terms (Figure 5).   

This method will also be applied to map 
knowledge from corpora comprising texts ad-
dressed at the patient and practitioner level re-
spectively.  A comparison between these 
different levels of knowledge will perhaps lead to 

                                                           
4 http://www.cancer.gov/ 



a common knowledge map for breast cancer. 
Such a map could be used for generating text 
automatically for multi-level knowledge workers 
(health professionals, nurses and patients). We 
feel one of the main advantages of this method is 
its ability to be fully automated, using a database 
system as a backend.  However, further evalua-
tion and experimentation will determine its full 
potential for use in extracting domain knowledge 
for different levels of audience. 

 
Figure 5. A Knowledge Map of some of the frequent 

NPs in the breast cancer domain shown in a 
triangle with the most frequent single-word 
terms at the base and higher weirdness to-
wards the apex 

 
The method outlined in Section 2 was applied 

to the breast cancer corpus, which can be consid-
ered highly specialized.  Results from our analy-
sis include (shown in XML): 
 
<Object Name="adjuvant treatment"> 
      <Object Name="radiation" /> 
      <Object Name="chemotherapy"> 
            <Object Name="docetaxel" /> 
            <Object Name="anthracyclines" /> 
            <Object Name="vinorelbine" /> 
      </Object> 
      <Object Name="hormone therapy" /> 
</Object> 
<Object Name="local therapy"> 
      <Object Name="radiotherapy" /> 
</Object> 
 
Note that the above relationship in fact elaborates 
further on the definition of adjuvant treatment 
that is given in the NCI terminology database.  

The definition in the database is a rather a limited 
one: 

adjuvant therapy: Treatment given af-
ter the primary treatment to increase the 
chances of a cure. Adjuvant therapy 
may include chemotherapy, radiation 
therapy, hormone therapy, or biological 
therapy 

 
The following diagram (Figure 6) shows a par-
tial-hierarchy automatically extracted from the 
corpus using both the local grammar and the 
compound term analysis.   For example, from the 
following XML output it can be elicited that 
"atherosclerotic disease" is a type of disease and 
"breast cancer" is also a type of disease. In all 
approximately 70% of the extracted relationships 
were valid. 

DISEASE    TREATMENT           RISK         BREAST          CANCER         WOMEN           PATIENT

DISEASE TREATMENT     BREAST CANCER RISK      BREAST CANCER WOMEN PATIENT

THERAPY                                                         OVARIAN

TAMOXIFEN                                                       METASTATIC

TAMOXIFEN THERAPY                                               OVARIAN CANCER

ADJUVANT                                                       CARCINOMA

ADJUVANT THERAPY                      METASTATIC BREAST CANCER

HORMONE                                         RECEPTOR 

HORMONE THERAPY               BREAST CARCINOMA

ESTROGEN                 PROGESTIN

ESTROGEN / PROGESTIN HORMONE

PROGESTIN RECEPTOR

ESTROGEN THERAPY

GENE

DISEASE    TREATMENT           RISK         BREAST          CANCER         WOMEN           PATIENT

DISEASE TREATMENT     BREAST CANCER RISK      BREAST CANCER WOMEN PATIENT

THERAPY                                                         OVARIAN

TAMOXIFEN                                                       METASTATIC

TAMOXIFEN THERAPY                                               OVARIAN CANCER

ADJUVANT                                                       CARCINOMA

ADJUVANT THERAPY                      METASTATIC BREAST CANCER

HORMONE                                         RECEPTOR 

HORMONE THERAPY               BREAST CARCINOMA

ESTROGEN                 PROGESTIN

ESTROGEN / PROGESTIN HORMONE

PROGESTIN RECEPTOR

ESTROGEN THERAPY

GENE

 
<Object Name= "atherosclerotic disease"> 
        <Object Name= "stroke" /> 
        <Object Name= "chd" /> 
</Object> 
<Object Name= "disease"> 
        <Object Name= "breast cancer" /> 
</Object> 
 

D IS E A S E

C A N C E R

A T H E R O S C L E R O T IC  
D IS E A S E

C A R D IO V A SC U L A R  
D IS E A SE

B R E A S T  C A N C E R

P A N C R E A T IC  C A N C E RO V A R IA N  C A N C E R

M E T A ST A T IC  B R E A S T  C A N C E R

D IS E A S E

C A N C E R

A T H E R O S C L E R O T IC  
D IS E A S E

C A R D IO V A SC U L A R  
D IS E A SE

B R E A S T  C A N C E R

P A N C R E A T IC  C A N C E RO V A R IA N  C A N C E R

M E T A ST A T IC  B R E A S T  C A N C E R

 
Figure 6: A partial hierarchy showing disease and 

some of its sub-concepts automatically 
extracted from the breast cancer corpus 

 

3.3 Case Study 3: Finance & Business 
Domain 

The construction of a terminology database for 
a given enterprise requires the identification of a 
conceptual model of the enterprise. The term 
conceptual model emphasizes that the relation-
ships and interdependencies between the key ob-



jects in the enterprise be clearly delineated. Most 
conceptual models of terminology databases 
typically address this question at the level of lin-
guistic description. The discussion here is on the 
attributes of the various linguistic ‘slots’ includ-
ing lemma, definition, related terms, grammar 
categories/codes, as well as on administrative 
‘slots’ such as dates of entry and update, and the 
names of the terminologists (Kugler et al., 1995).   

The conceptual models for terminology data-
bases seldom explicitly include a conceptual 
model of the domain in which the term base will 
be used. There is considerable discussion on the 
concept-based approach to terminology studies. 
This Platonist, neo-positive approach to knowl-
edge was pioneered by Eugene Wüster and is 
continued to date in terminology literature 
(Cabre, 1999) and in terminology standards (ISO 
1087-1/2:2000, ISO 12616:2002).  The concep-
tual model is usually produced by a group of ex-
perts, typically working for a standards or trade 
organization, for an established or mature sub-
ject.  The model is based on a consensus 
achieved over a period of time.  Such considera-
tions do not apply in a straightforward manner to 
an emergent subject domain.  Here the experts 
are few and far between and as the subject is 
emerging there is inevitably not as much consen-
sus as one may have for a maturer subject.  How-
ever, experts still communicate through the 
medium of writing.   

There are instances where the development of 
the subject is of direct interest to the public and 
newspapers and magazines tend to include the 
writings of the workers in an emergent domain.  
Financial market trading is a good example of an 
emergent subject where the subject involves aca-
demic and professionals publishing in journals, 
magazines and financial newspapers.  Newer fi-
nancial instruments – shares, currencies, bonds, 
good examples of a financial instrument – are 
being devised by financial traders while financial 
news reporters write about the state of these in-
struments.  We describe how our 3-phase method 
of extracting terms and ontology structure may 
help in this emergent domain.  The candidate on-
tology may be used as a basis of developing a 
fully-fledged conceptual model.  The corpus was 
created by examining 1529 English texts 

(681,215 words) produced by Reuters5 on the 
topic of British financial trading. 

The analysis phase showed that of the 100 
most frequent tokens in the corpus 42 were open 
class words including percent, market, shares, 
company, bank, stock, and ftse. Out of these 42, 
60% were found as single terms or part of a com-
pound term or phrase in the terminology base6.  
Most frequent compound terms extracted include 
million pounds, ftse index, wall street, percent 
rise, tax profits and interest rates.   

The term stock is an important term in that it 
appears amongst the 100 most frequent terms in 
our corpus of British financial trading.  One of 
the interesting collocates of the term was defen-
sive stock.  This is defined in the terminology 
dictionary as: 

 
‘a stock that tends to remain stable un-
der difficult economic conditions. De-
fensive stocks include food, tobacco, 
oil, and utilities. […]’.   
 

Our ontological analysis throws interesting light 
on that.  First, our analysis extends the definition 
to cover other than the four industries listed in 
the definition, and also the sub-specialisms of 
defensive stocks or sectors (cf: confectionary > 
{chocolate, toffee}) 

 
<Object Name="defensive stocks"> 

<Object Name="electricity" /> 
<Object Name="utilities" /> 
<Object Name="oils" /> 
<Object Name="soft drinks company" /> 

         <Object Name="tobacco" /> 
         <Object Name="water company" /> 
         <Object Name="banks" /> 
         <Object Name="utility" /> 
         <Object Name="retailers" /> 
         <Object Name="confectionery"> 
              <Object Name="chocolate" /> 
             <Object Name="toffees" /> 
         </Object> 
</Object> 

                                                          

 
Second, our system can find instances of the type 
defensive stock as in the pharmacuetical company 
Astrazeneca.  
 

 
5 http://www.reuters.com/ 
6 http://www.investorwords.com/ 



The three case studies discussed above illustrate 
that the method outlined for ontology construc-
tion showed promising results in three very dis-
parate specialisms. This is a good indication that 
the method may be applicable to any arbitrary 
specialist domain. The resulting ontology could 
be subsequently used for a variety of purposes: 
query expansion, term base construction or 
knowledge mapping as discussed in our case 
studies.  

<Object Name="defensive-type stocks"> 
        <Object Name="astrazeneca" /> 
</Object> 
 
Third, the opposite of the defensive stock or sec-
tor is the so-called cyclical sector defined as:  
 

‘The stock of a company which is sensi-
tive to business cycles and whose per-
formance is strongly tied to the overall 
economy. […] gains by buying the stock 
at the bottom of a business cycle, just 
before a turnaround begins. opposite of 
defensive stock’.   

If certain electronic lexical resources or term 
bases already exist for a certain domain then they 
can also be utilized to provide some additional 
information such as synonyms and alternate 
terms as well as validate the candidate terms and 
relationships that have been automatically ex-
tracted.  In return our method can be used to pe-
riodically update the term base. The maintenance 
of term bases or domain ontologies if done 
manually is a difficult and time-consuming task. 
Since the introduction of neologisms as well as 
the obsolescence of certain terms is a common 
occurrence in many research active domains, 
there is a need for this problem to be addressed. 
The method for ontology construction could help 
to update a term base or ontology by analyzing 
current texts and adding any new terms found 
frequently and depopulating a term base or on-
tology of terms that have not been used for a cer-
tain period of time.  

 
Our system found one type of cyclical com-
pany (mining) as well as two instances of 
such stocks were found: 
 
<Object Name="industrial cyclical companies"> 
        <Object Name="mining" /> 
</Object> 
<Object Name="industrial cyclical stock"> 

<Object Name="ici" /> 
<Object Name="invensys" /> 

</Object> 
 

There are few systems that produce a basis for 
generating conceptual models and our results 
encourage us to believe that our method will help 
here. The diagram below shows a partial hierar-
chy of the key term stock, the different types of 
stocks: defensive and cyclical as well as two in-
stances of industrial cyclical stocks. 

Taking into consideration Guarino’s (1998) 
suggestion on developing different levels of on-
tologies depending on their generality, we can 
suggest that existing general lexicons such as 
WordNet or knowledge bases such as CYC could 
be used to provide a top-level ontology which our 
automatically constructed domain ontology could 
be merged with.  The analysis of current texts 
such as the financial news texts, which can help 
provide current and often ephemeral relationships 
as well as instances of concepts can be used to 
build an application ontology, which might need 
to be updated frequently to reflect the changes in 
the state of the domain.  
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Figure 7. A partial hierarchy automatically extracted 
from the corpus of finance and business, 
showing some sub-concepts and instances 
of stock 
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