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Abstract

This paper reports on work in progress. We present work on domain
specific verbs and their role as relations in domain ontologies. The domain
ontology which is in focus for our research is modeled in cooperation with
the Danish biotech company Novo Nordic. Two of the main purposes
of domain ontologies for enterprises are as background for search and
knowledge sharing used for e.g. multi lingual product development. Our
aim is to use linguistic methods and logic to construct consistent ontologies
that can be used in both a search perspective and as knowledge sharing.
This focuses on identifying verbs for relations in the ontology modeling.
For this work we use frequency lists from a biomedical text corpus of
different genres as well as a study of the relations used in other biomedical
text mining tools. In addition, we discuss how these relations can be used
in broarder perspective.

Introduction

This work is a part of the STABO project, a coorperation between the Dan-
ish universities Roskilde University, Danish Technical University, Copenhagen
Business School and Novo Nordic.

The long term main scope of the work of our project, the STABO-project,
is to build a domain specific ontology based search engine [4] for information
retrieval of domain specific text. The texts can for example be research notes,
scientific literature or patents.

In this project we have started out with investigating the scientific literature
and patents on the main area of Novo Nordic, namely concepts concerning
diabetes. A part of this work, which is the focus of this paper, is to perform
domain analysis for ontology modeling.

Relations and especially verb relations have been well studied over time and
are integrated in many formalism. The semantic relations are important for the
expressibility of a system since they glue the concepts together and decides what
accosiations can be made as well as semantic types for the concepts around it.
An example is:



“Glycose stimulates insulin secretion”. The verb stimulates, is a positive
regulatory relation that indicates that the noun or noun phrase before (in this
case glycose)

If only is a (class subsumption) hierarchies or simple glossaries is used, the
system cannot easily access associated terms that are not direct sub- or super
classes. However, if all verbs related to the domain area is mapped to seper-
ate relations, the ontology will be too heavy and intractable. In addition the
information will be hidden if every verb corresponds to a relation and there
will not be any gain of having verbs with same semantics clustered. Thus we
need to categorize (and organize) the verbs in groups and focus on those verbs
important for our goal.

Other groups have been working on ontologies for textmining in biomedical
texts and many of them are using relations as a central part of their mining
process [7, 2, 5].

In our work verb relation identification in texts will be used for:

e logic and reasoning between classes as “proof reading” for ontologies

e pattern extraction of the phrases that surrounds them. Described in de-
tails in the “Results and Discussion” section.

In a broader context the ontologies (using the identified relations) can be used
for example for search and querying through scientific notes and patents (etc),
and clarification of the connections between concepts in a domain language used
e. g. for translation and consistant naming of software products (knowledge
sharing).

Our main focus is the biomedical industry — however the methods and ideas
can be used in other enterprises and akademic areas as well. In this paper we
will present the domain analysis using verb frequencies of four document classes:

e Patents concerning diabetes and stem cells [§]
e Medline abstracts [9]
e BioMed abstracts [1]

e British National Corpus (BNC, common British language) [6]

Verb frequencies and relations

When choosing relations we need to identify relations that are specific for the
biomedical area, but still not so specific that they cannot be used within other
sub areas of molecular biology than diabetes. Thus very specific verbs like
methods for microbiological lab work (e. g. immunoprecipitating, diluting) was
not considered. Some other text mining approaches [2, 7, 5] has been focusing on
the pathway relations - central relations that connects substances in biomedical
texts. These are typical positive (a activates b) or negative (a inhibits b). The



Figure 1: Graphic overview of the frequence of verbs representing relations in biomedical
texts. Some relations are general to all common language domains, some are specific and

differ among different research area and some are general for biomedical texts.
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positive relation has the property of transitivity, whereas the negative one is
more complex, though it still has a transitive-like behaviour.

In addition to these domain specific verbs, the general commonly used and
well studied relations represented by the verb phrases such as is a and has (the
part) will be used in the final ontology as well.

Being a Bioinformatician rather than a Computer Linguist, my aim is to
analyze the domain and point out the relations that are widely used within
biology and that can be grouped into few semantic meanings. Figure 1 illustrates
roughly the frequency of different kinds of terms in biomedical texts. Some are
very specific for several methods ( e. g. dilute, immunoprecipitating) some
are general, well studied and highly frequent in many different texts (is in
combination with a, part of etc.) [3, 10].

In between is the frequent relations mentioned above that appears in most
biomedical texts (activate, inhibit etc.). These are highly represented in the
frequency list of both patent verbs concerning biomedicine and a collection of
biomedical texts when compared to the common language text. In addition
to our own experiments, other search tools concerning search in biomedical
literature has identified similar relation groups [2, 7, 5]. Thus, we chose to
start with focusing on the stimulatory and inhibitory relations also proposed by
others as important relations [2].

Results and discussions

The selected verbs and their frequencies can be found in table 1 [11] and figure
2. This indicates a couple of trends:

e It shows that most biomedical verbs has a much higher ranking (is much
more frequent) in biomedical texts than the common language corpus
(BNC) which could indicate that the verbs contains more information than
other more common verbs and that they could be object for relations to
be used by the developer when building the background ontology.

o Words that are common in normal texts (start) but have a specific meaning
in biomedical context (stimulate) has a much higher ranking in the BNC
corpus than in the bio specific ones.

e It is not indifferent what kind of domain text we analyse. The patents,
though they only represent a narrow part of the biomedical area still have
some differences in biomedical word frequencies compared to Medline and
BioMed. For example the words encode, inactivate and remove has a very
low rank in the patents. A qualified guess for this issue is that many
patent authors write their texts in a cryptic general or non-informative
way to make it more difficult to get information and thus make illegal
copies, or competitors can gain important knowledge that you want to
hide etc.. The more typical biomedical verbs like increase, induce and
decrease are on the other hand less frequent in the patent texts. (which
the diabetes/stem cell focus in the patent texts can not explain).



Figure 2: A plot of the ranks for each verb in the four corpus from table 1. To eliminate
insignificant differences we have used an inverse logaritmic scale. Although patent (PAT)
verbs differ, it is the BNC-corpus that is the most different one. In contrast, Medline(MED)
and BioMed(BIOM) are very similar.
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e The pattents, Medline and BioMed are still much more similar to each
other than the BNC-corpus, which is illustrated in figure 2.

Another interesting indication of the frequency lists are that the verbs identified
by the Chilibot project [2] has a pretty high rank, which might mean that they
are not used very frequently in neither the patent texts nor the BNC. However,
these verbs has a bit lower ranking in the Medline and BioMed corpus, indicating
that they are somehow more frequent here though still not widely used.

A question for discussion is how this work on verbs and relations can be
integrated in a larger knowledge model for utilization of industries or akademia.
We ourselves has the two purposes of the work, namely to model a background
ontology and to be able to map different text corpus into the ontology by index-
ing and perhaps use automatic ontology generation from the relations. However
the perspective might be wider than getting a better search through different
kinds of literature.

The resulting ontologies can theoreticaly also be used for prediction of text
corpus types using problem based methods as Hidden Markov Models, Neural
Networks or for reasoning through the ontology.

Future work

The future goal is to develop the search system of Novo Nordic or similar en-
terprises. This implies to:
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e Implement the relations in the ontology modeling

e Use the relations for knowledge pattern extraction. Knowledge patterns
can be used to identify texts-fragments containing verbs that represent the
relations. The fragments can be tagged with ontological types identified
by patterns involving for instance noun phrases (NPs) as well as verbs.
These ontological types on the NP’s on each side of the relations can then
be mapped into the ontology. Practically in system development, this
mapping is similar to indexing if one uses a database to represent the
data.

e Together, the ontology that we model and the indexing can end up in a
domain ontology based search engine.

In the focus of this domain analysis work, which is a part of the system devel-
opment mentioned above, the work must be refined with the following actions:

e At first we would like to analyze the whole BioMed corpus - not just the
abstracts (since they, in contrast to the Medline articles, are open access
we should take advantage of this).

e We should make an extensive concordance analysis to verify or falsify that
the verbs actually carry the semantics of the relations in the biomedical
texts in most cases.

e We could do a more qualitative investigation on how biomedical researchers
actually understand the words, and if they have some preferences that we
have not discovered through our initial qualitative work..
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Table 1: Verb ranks in Biomedical patents, Abstracts from BioMed Central, Medline and
the British National Corpus (BNC). R is short hand for “rank”. When more forms was present
the lowest rank is used.

’ Verb Semantic relation \ R (patents) \ R (Medline) \ R (BioMed) \ R (BNC) \ Source ‘
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