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Abstract

Lexical resources play acrucia role in language technology but lexical acquisition can often be a time-consuming, laborious and costly
exercise. In this paper, we describe amethod for the automatic acquisition of technical terminology from domain restricted texts without
the need for sophisticated natural language processing tools, such as taggers or parsers, or text corpora annotated with labelled cases.
The method is based on the idea of using prior or seed knowledge in order to discover co-occurrence patterns for the termsin the texts.
A bootstrapping algorithm has been developed that identifies patterns and new termsin an iterative manner. Experiments with scientific
journal abstracts in the biology domain indicate an accuracy rate for the extracted terms ranging from 58% to 71%. The new terms have
been found useful for improving the coverage of a system used for terminology identification tasks in the biology domain.

1. Introduction

The recognition and classification of names and techni-
cal terminology in machine readable texts is important for
language engineering applications such as Text Classifica-
tion (TC), Information Retrieva (IR), Information Extrac-
tion (IE) and Machine Trandation (MT). While approaches
for the automati ¢ extraction of names from running text can
vary from rule-based (Gaizauskas et a., 1995; Justeson and
Katz, 1995) to statistical ones (Bikel et a., 1997; Renals
et a., 1999), in many of the IR and IE systems evaluated
in the TREC (Harman, 1998), MUC (DARPA, 1998) and
DARPA (DARPA, 1999) conferences, the use of specialised
lexicons or gazetteersis an essential part of the nameiden-
tification process. Such lexicons or lists of hames are used
as repositories of the entities of the domain, such as the
names of persons, organisations and locations. Looking up
anamein the lexicon is not computationally expensive and
is often used as afirst step towards the full recognition and
classification of such named entitiesin the text.

Typically, lexicons of named entities are either hand-
crafted or acquired automatically from annotated corpora
when sufficient text quantities have been labelled by do-
main experts. In ether case, the acquisition of lexical
knowledge represents a time-consuming and |aborious pro-
cess and is a hindrance to efforts of adapting existing Nat-
ural Language Processing (NLP) systems to new domains.
Automating the acquisition of names from untagged texts
could therefore be of great help to system developers.

There has been recently an increased interest in tech-
niquesof bootstrapping for automatic term acquisitionfrom
untagged text in relation to Named Entity (NE) recognition
tasks (Collins and Singer, 1999; Cucerzan and Yarowsky,
1999; Jones et a., 1999). A bootstrapping approach to
term acquisition is based on the distributional hypothesis
that entities of the same semantic class usualy occur in
similar contextual environments. In the management suc-
cession domain (DARPA, 1995), for example, the names of
persons and locations frequently occur in language patterns
like<X> succeeded <Y>or<X> resigned from <z>

where <X> and <Y> represent the names of personsand <z>
the name of an organisation. When there is prior informa-
tion about the names of interest, we can use thisinformation
as seed knowledge in order to extract co-occurrence pat-
terns (such asr esi gned from). These patterns are then
used to identify new names which are used as new seeds
for extracting new patterns and so on. Using a bootstrap-
ping method for term identification is an attractive option
because there is no need to annotate the texts with label s of
name classes and, usually, examples of termsthat could be
used as seeds can be found easily.

The approach by Jones et a. (1999) uses a boot-
strapping technique for learning the names of locations in
WWW pages. They first initialise alearner module with a
few seed words and then run AutoSlog (an extraction sys-
tem that uses heuristics in the form of domain-independent
linguistic rules) to generate extraction patterns and acquire
the names of locations from the unlabelled data iteratively.
They report 76% accuracy for adictionary of 250 extracted
location names.

Cucerzan and Yarowsky (1999) use an Expectation-
Maximisation (Dempster et al., 1977) bootstrap procedure
to identify the names of places and people from untagged
texts in several languages. Their agorithm learns the left
and right contextsthat areindicative of the semantic classes
of the seed words. It then re-estimates the probabilities of
contextual and morphological clues for each class and the
decision to classify a name is taken by combining the dif-
ferent sources of evidence. The precision of the extracted
names ranges from 60% to 84% depending on the language.

Coallins and Singer (1999) classify the names of per-
son, organisations and locations using an unsupervised ver-
sion of the decision list method for word sense disambigua-
tion originally proposed by (Yarowsky, 1995). A syntac-
tic parser is used to extract the contextual patterns and
thelearning algorithm extracts capitalisation and contextual
rules for a semantic class. These rules are used iteratively
to annotate the training set with labels indicating the differ-
ent semantic classes. They report results ranging from 76%



to 91% depending on the algorithm configuration and the
evaluation metric used.

In this paper we describe a generic method for the au-
tomatic acquisition of scientific terminology from domain
specific untagged texts. This work is related to research
for the Protein Active Site Template Acquisition (PASTA)
project ! that aims at extracting protein structure informa-
tion from online journa articles and abstracts. The NE
identification component of the PASTA system makes ex-
tensive use of lexicons of biological information such as
protein names, species names, etc. But when new protein
names are introduced in the literature, the lexicons must
be updated, since they can only provide information about
proteins reported at the time the lexicons were compiled.

A second problem is that of spelling differences be-
tween the name of a protein in the lexicon and the name
of the same protein in the texts. This may be due to vari-
ations in expression (this is especially the case of multi-
word protein names), abbreviations or inconsistencies in
spelling. For example, the protein entry Pl - specific
phosphol i pase C isozyne D1 in the lexicon may
be found as phosphoi nosi ti de-speci fi ¢ phospho-
| ipase C-delta 1 or phospholipase Cdelta(l).
Thisproblem may have animpact on systemsthat use string
pattern matching strategies for identifying the namesin the
textsand, although there are ways of dealing with this prob-
lem (see section 5 where the NE component of the PASTA
systemisdiscussed), it isalways desirableto haveentriesin
the lexicon that are accurate representations of the named
entities that occur in the texts.

Adopting a bootstrapping approach for extracting novel
terms from untagged texts is based on the idea, that when
somelists of terms of the domain are available, however in-
compl ete they may be, they can be used as prior knowledge
to extract new terms.

During afirst pass of the input texts, the algorithm lo-
cates the instances of the seed terms. The context around
each termis explored and statistics about the co-occurrence
of contextua patterns in the form of n-grams (word se-
guences) and the term class are computed. The patternsare
scored to verify which ones satisfy certain statistical sig-
nificance requirementsi.e. occur significantly more in the
context of aterm class as compared to their frequencies of
occurrence in the corpus. The patterns retained after eval-
uation are fed back into the system to identify new terms
which are used to extract new patterns and so on. Thisis
an iterative process which terminates when no new terms or
new contextual patterns are found.

Theapproachissimilar in principleto the bootstrapping
technique by Jones et a. (1999) athough the two algo-
rithms differ in some important details such as the genera-
tion of contextual patterns, the scoring metric for evaluating
the patterns, and the number of patterns applied at each it-
eration. This approach should also be contrasted to Vilain
and Day (1996) and Bikel et al. (1997) which learn similar
contextual patterns, but while they achieve high accuracy
results, they rely on annotated data. I1n our method only un-
tagged text, alist of seed terms and a lexicon of common
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English words are needed thus avoiding the cost of manu-
aly annotating a large amount of data.

We must note that the objective of acquiring termsfrom
untagged textsis twofold:

e To investigate the feasibility of extracting terms from
untagged textsin order to support the rapid adaptation
of systemsthat use terminological lexiconsto new do-
mains.

e To evaluate the impact of the new terms on |E extrac-
tion tasks.

The next section describes the problem domain with re-
gard to the characteristics of the biological texts and the
nature of the terms to be extracted. In section 3, the tech-
nical aspects of the algorithm are described and in section
4 the experiments with the algorithm and their results are
reported. In section 5, we describe the process of terminol-
ogy identification within the PASTA |E system and how the
augmentation of the existing lexicons with the new terms
influences the results of term recognition and classification.

2. TheProblem Domain

Typicaly, journal articles in the domain of protein
structures describe details of protein composition in terms
of the amino acids that take part in 3-dimensional structural
arrangements. New protein structures are being reported in
the literature at very high rates and the number of protein
co-ordinate sets (currently about 12000) in the Protein
Data Bank (PDB) (Bernstein et a., 1977) is expected to
increase ten-fold in the next five years. As an example of
atext from this domain, a fragment of a journal paper is
shown below:

Results: We have determined the crystal structure
of a triacylglycerol lipase from Pseudomonas
cepacia (Pet) in the absence of a bound inhibitor
using X-ray crystallography. The structure shows
the lipase to contain an alpha/beta-hydrolase fold
and a catalytic triad comprising of residues Ser87,
His286 and Asp264. The enzyme shares several
structural features with homologous lipases from
Pseudomonas glumae (PgL) and Chromobacterium
viscosum (CvL), including a calcium-binding site.
The present structure of Pet reveals a highly open
conformation with a solvent-accessible active site.
This is in contrast to the structures of PgL and Pet
in which the active site is buried under a closed or
partially opened 'lid’, respectively.

Identifying protein namesin biological papersisachal-
lenging and demanding task. To our knowledge, there is
no standard grammar that can fully describe the structure
of protein names. Protein names can either be single words
(eg. pectin, endonucl ease) or compounds that may
consist of two or morewords (e.g. maj or birch pollen
al l ergen Bet v 1). Morethan 70% of the protein en-
triesin our lexicons are multi-word names.

In contrast to names of persons, organisations and lo-
cations in newswire texts, capitalisation of thefirst letter is



not a standard feature of protein names. They may con-
tain lower and upper case characters in various positions
(e.0. t RNA synt het ase), numerals and non-a phabetical
characters (e.g. 1, 3, 8-tri hydroxynaphtal ene re-
duct ase) and they can have no specia prefix or suffix
(eg. pbp-2x, c-Rafl, f1f0-atp)? In some cases,
the names contain conjunctions (e.g. Hi rut oni n-2 and
-6) or prepositional phrases that may indicate a subunit
(eg. betal-subunit of the signal-transducing
G protein)orafunction (eg. bcl -2 inhibitors of
programed cel |l death).

One way of developing an algorithm for the automatic
extraction of terms would be by training statistical models
(Bikd et al., 1997) or by learning phrase sequence rules
(Vilain and Day, 1996) using large amounts of annotated
data. However, because no corpus annotated with biolog-
ical information has been available, such approaches were
not feasible in our case. Furthermore, the application of
syntactic taggers and parsers trained on general language
texts would be questionable due to the occurrence domain
specific biological terms that usually do not occur in gen-
eral language. It isfor these reasons that we believe a boot-
strapping technique is particularly relevant for discovering
new termsin this domain.

3. Description of the Bootstrapping
Algorithm

A bootstrapping approach to term acquisition starts
with a selection of examples of terms that may occur
in the corpus. These examples are then fed into the
system to identify contextual clues or patterns that fre-
quently occur in the environments of the terms. For ex-
ample, in journal articles on protein structure, authors fre-
quently use expressions such as t he crystal struc-
ture of <P>orthree-di mensional structure of
<P> from <S>where<P>isaprotein nameand <S> isthe
name of a species. The bootstrapping procedurewould first
attempt to match the seed termsin thetext (i.e. tri acyl -
gl ycerol |ipase) and extract its left and right contexts
(i.e.the crystal structure of aandfrom). It will
subsequently use these patterns to extract new terms which
will be used as new seeds and the process will start again.

One of the considerations when applying a bootstrap-
ping algorithm is whether the generated patterns will bere-
liable enough for identifying new terms. It would be rea-
sonable to assume that from all patterns generated at each
iteration of the agorithm, only a fraction would identify
protein names with a high degree of reliability. In related
work by Jones et al. (1999), a heuristic function scores the
patterns and only the highest ranked patternis used as seed
at each iteration. In the algorithm presented in this paper, a
statistical test is used to prune the list of extracted patterns
and identify those which are significantly associated with
protein names.

From the statistical point of view, it would be interest-
ing to estimate the language constraint of the biology texts.
Such an estimation can give an indication of the degree of

2For a more complete analysis of the nomenclature of protein
names see Fukuda et a. (1998)

the difficulty of identifying frequent language expressions
in such texts. In an initia investigation, we estimated the
constraint in our texts using perplexity, an information the-
oretic measure commonly used in language modelling (Je-
linek, 1990). The perplexity for the corpus of biological
texts was found to be much lower (270) than for texts of
similar size drawn randomly from the British National Cor-
pus (740). Thisis an indication that although the vocabu-
lary is very rich for this domain, the language constraint is
quite high and we would expect certain language patterns
to occur frequently enough in the corpus so that they can be
candidates for pattern generation. The outline of the boot-
strapping algorithm is shown in Figure 1.

1. Initialisation:
e Extract initial set of contextual patterns using the seeds
o |dentify significant patterns
e Terminateif no significant patterns exist
2. Name Extraction:
e Apply significant patterns and extract new names
e Terminateif no new names are found
3. Pattern Generation:
e Match the new names and extract new patterns
o |dentify significant patterns
e Terminateif no significant patterns exist
4. Gotostep 2

Figure 1: The term bootstrapping a gorithm.

In the initialisation phase, the text is processed in a
left-to-right order and a longest match procedure is used
to match potential word sequences against the seed terms.
For each matched term, the word sequences or n-grams of
up to six wordsthat occur immediately to the left and to the
right of the term are extracted. Only the statistically signif-
icant n-grams as scored by the Pearson x 2 test are retained
as contextual patterns. In our experiments, the x 2 signif-
icance level was set at 0.5%, and, to avoid problems with
low counts, only n-grams with a frequency of 5 or more
were scored.

In the name extraction phase, the patterns are applied
to the text in order to identify new terms. Any pattern that
indicates a left context is matched first and the agorithm
will gather any word sequenceto theright of the patternasa
potential new term (unless the same term has been matched
before) up to the point when aright-side contextual pattern
isfound.

Ininitial versions with the algorithm, both the left-side
and right-side contexts were statistically evaluated. It was
found however, that the number of significant right-side
contexts identified in this way was very low and in most
cases there would be no correlation at all between left-side
and right-side contextual patterns in our texts. For this
reason, the algorithm was modified so that the right-side
patterns are matched against unigrams taken from a list of
common English words.



Thenewly identified terms are used in phase 3 to extract
more contextual patterns which are in turn used to extract
new terms. This iterative process terminates when no more
contextual patterns or no more terms are found.

This agorithm is conceptually simple and has a num-
ber of differencesfrom the one of Jones et al. (1999), most
notable of which is the generation of contextual patterns.
Jones et al. (1999) use the AutoSlog system (Riloff and
Lehnert, 1993) for pattern generation which requires some
sort of grammatical analysis of the sentence in order to as-
sign noun phrases to syntactic categories such as subject,
direct object or prepositional phrase. In this approach, no
grammatical analysis of thetext is necessary and no heuris-
ticsare used for generating the contextual n-grams. 1n addi-
tion, in Joneset al. (1999)’swork the patterns are scored by
aheuristic scoring function that attemptsto balance the fre-
quency of a pattern with its reliability in extracting names
of the same class and only the top ranked pattern is used
at each iteration of the bootstrapping process. In our algo-
rithm, the patternsare evaluated statistically and al patterns
judged as significant are retained and applied at each itera-
tion.

4. Experimentsand Results

In the experiments, we used a corpus of 1500 scien-
tific abstracts (about 350,000 words), an initial seed lexicon
of 660 protein names and variable length n-grams ranging
from 1 to 6 words. The bootstrapping a gorithm identified
98 significant contextual patternsin total from which it ex-
tracted 984 unique new names.

For the evaluation we classified the answers into three
different categories:

Correct: Thiscategory includes extractionsthat were true
protein namesin their full forms.

Partially Correct: This category includes extractions of
either

e names which were not extracted in their full
forms(asinthecaseof | act of erri ci ninstead
of thecorrect| act of erricin b),or

e names that contained irrelevant items (usualy
common words) as part of the protein name
(as in the case of enzyme net hyl mal onyl -
coenzyme A (CoA) instead of the correct
met hyl mal onyl - coenzyme A (CoA)).

Incorrect: This category includes incorrect answers or
those that could not be put in any of the two previous
categories.

The evaluation classified 58% of the answers as correct,
13% partially correct and 29% incorrect. The correct an-
swers thus represent about 86% augmentation to the entries
included in the seed lexicon. Thetop 20 contextual patterns
identified by the algorithm are shown in table 1.

An analysis of the partialy correct and incorrect an-
swers provides some insight into the errors made by the
agorithm. About half of the partially correct answers were
dueto the fact that the algorithm missed part of a name be-
cause it judged common English words such as donai n,

Significant contextua patterns |

of human

structure of the

of the human

encodes a

domain of the

the cholera

of staphylococcal

solution structure of

the bacterial

first structure of a
crystal-structure of

the reaction catalyzed by
crystal structure of
members of the

structure of the human
domains of the

amember of the
3-dimensional structure of
dna-binding domain of the
rat liver

three-dimensional structure of

Table 1: Top 20 contextual patterns ranked by y 2

subuni t, type, etc. asright patterns. For example, for
anamesuch asfi bronectin type |11 ,thealgorithm
would extract only the constituent f i br onectin . Such
extractionswere classified aspartially correct only if the ex-
tracted name could be used to indicate a protein or aprotein
family (otherwise such names were classified asincorrect).

A substantial proportion of the partialy correct an-
swers included commonwordsliket he, enzyme, pro-
tein etc. usualy at the beginning of the extracted
name. Such words would often follow left-side patterns
such as enzyne in the structure of the the en-
zynme 3-o0xo-Delta(5)-steroid isonerase.

It could be argued that with simple modifications to the
algorithm such errors could be eliminated and the majority
of the partially correct answers could be extracted as fully
correct. A modification might involve, for instance, asim-
ple checking procedure so that common English words are
not included at the beginning of a protein name. Another
modification would ensure that words such as domai n or
t ype (that may be part of aprotein’sname) are not matched
asright-side contextual patternsby lookingthem upinalist
of exceptions. However, it should be taken into account that
such heuristics may not work for a different term class or a
different text domain.

With regard to the incorrect extractions, alarge percent-
age of the errors made by the algorithm were those when
part of the protein name was extracted as the full name.
Thisisissimilar to the type of errors made for the partially
correct answers, but in this case the extracted terms could
not be protein names at al (e.g. catal ytic, copper-
substituted, major beta-sheet, €tc.).

A second type of errors were due to references
to proteins (or parts of proteins) that had been men-
tioned before in the text. For example, in the
case of the solution structure of the peptide



backbone was det er mi ned theagorithmwould extract
pepti de backbone asthe name. There were alot of in-
stancesin these textswhere, once aprotein isintroduced by
its name, the authors often refer back to it by using terms
suchasprotein, enzyne, peptide, subunit, se-
quence, conpl ex, etc. We decided to judge these refer-
ents as errors as they are general terms that cannot be used
to describe a specific protein explicitly if added to the lexi-
con.

Finaly, names referring to protein complexes were
difficult to extract and were responsible for a number
of errors as, for example, in the case of the crystal
structure of a stoichionmetric conplex be-
tween an el astose-specific inhibitor elafin
and porcine pancreatic el astase (ppe) where
st oi chi onet ri ¢ would be extracted as the protein name.
Unfortunately, a simple statistical approach cannot capture
complicated contextual relationships in such expressions,
and a more sophisticated linguistic analysis would be
required to identify the syntactic structures (noun phrases
and prepositional phrases) that are used in many names of
protein complexes.

We conducted an experiment to investigate the impact
of the text size on the extraction of new terms. In this ex-
periment, the number of the texts varied from 300 to 1500
while the seed lexicon included 660 terms.

Inthe bar graph of figure 2, the matched seeds represent
the number of unique seed terms matched in the texts, the
patterns represent the total number of significant patterns
identified and the new terms indicate the total number of
extracted names, either correct or incorrect.

It could be argued that with more texts there is an in-
creased probability for finding a seed term in the texts.
This hypothesis was verified practically and the probabil-
ity of matching a seed term in the text was found to range
from about 9% (300 texts) to 39% (1500 texts). The re-
sults suggest that with more texts, there are generally more
seed terms matched and more patterns identified by the al-
gorithm. As an effect, more new terms are extracted from
the texts.

In adifferent experiment, we investigated the impact of
the size of the seed lexicon on the discovery of patterns and
the extraction of terms. In this experiment, al 1500 texts
were used and the size of the seed lexicon varied from 100
t0 660. On average each seed term was found to match from
0.27 times (100 seeds) to 1.9 times (660 seeds) in the texts.
It can be seen from Figure 3 that with more seeds, there is
an increased number of significant patterns discovered and
consequently an increased number of extracted terms.

5. Evaluation within PASTA

We evaluated the contribution of the terms extracted by
the bootstrapping agorithm in terminology identification
taskswithin the PASTA |E system using atest set of 50 sci-
entific journal abstracts. The standard eval uation metrics of
precisionand recall were used for evaluation. Precision is
the percentage of the system’s answers that are correct. Re-
call isthe percentage of the correct answersin the textsthat
the system managed to retrieve.
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Figure 2: The impact of text size on pattern discovery and
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Figure 3: The impact of the seed lexicon size on pattern
discovery and term extraction

It must be noted that the PASTA system has been
adapted from ageneric | E system LaSIE (Gaizauskas et al.,
1995) that took part in the MUC competitions. PASTA has
been manually tuned to the biology domain over a consid-
erable amount of time and includes lexicons of more than
15000 biological terms split in more than 50 term classes.
In previous evaluations the terminology analysis compo-
nent of PASTA was found to compare favourably with NE
results in the MUC conferences (88% recall and 94% pre-
cision overall for all term classes used in the system).

In summary, the main information sources of PASTA
for term recognition and classification in the biochemical
domain are case-insensitive terminology lexicons, the list-
ing of component terms of various classes, morphological
cues(mainly standard biochemical suffixes) and specialised
grammar rules for each terminology class.

The PASTA terminology processing component con-
sists of a pipeline architecture of the following four pro-
cessing stages:

|. Text Preprocessing
I1. Morphological Analysis
I11. Terminology L ookup

IV. Terminology Parsing



The text preprocessing stage provides information
about the structure of the text and applies tokenisation pat-
tern matching rules to identify the individual text unitsin
terms of words or subword units.

The morphological analysis stage identifies the root
form and suffix for each token using a general English
morphological analyser that has been supplemented with
100 biomedical suffixes (such as’-ase’, ’-in" or 'yl’) which
are used as morphological cues in the terminology parsing
stage.

In the terminology lookup stage, lexicons assembled
from publicly available resources, are used for looking up
the biochemical terms in the text. In total, the number of
terms in the various lexicons exceeds 20,000 for al the ter-
minological classes. With regard to protein names, the sys-
tem currently includes more than 2000 protein names and
more than 3000 component terms of protein names. Be-
cause for multi-word namesthere is an increased probabil-
ity for different spellings or name variations, the terminol-
ogy lookup component is coupled with a rule-based termi-
nology parser.

The use of aterminology parser requires the names of
proteins (or other entities in the domain) to be decomposed
into constituent parts. These constituents have either been
matched separately during the term lookup phase, or have
specific properties that have been identified during the to-
kenisation or morphological analysis stages. For example,
theproteinnameseri ne car boxypepti dase |1 would
be recognised firstly by the classification of serine as a
potential amino acid residue, and | | as a protein modifier,
both by being matched in the terminology lexicons. Mor-
phological analysiswould identify car boxypept i dase as
being a potential protein headdue to the suffix - ase, and
then grammar rules would apply to combine the protein
head with aresidue and with aknown protein modifier. The
set of rulesis derived semi-automatically using the multi-
word names in the protein lexicons and currently includes
about 160 rules.

The terms discovered by the bootstrapping agorithm
were added to the PASTA terminological modules both
for augmenting the existing lexicons and for deriving new
grammar rules. As baselinesfor system evaluation, we first
ran the origina PASTA with and without the terminology
parsing module.

Theresults of the experimentsare givenin table 2. With
the rule-based parser switched off, we wanted to evaluate
the contribution of the new terms when only the termi-
nology lookup component is used for term identification.
The baselines for the the terminology lookup component
of the PASTA system are 31% recall and 97% precision.
The low recall rate highlights the insufficiency of the sim-
ple lookup procedure in matching multi-word namesin the
texts. When the new terms were added to the system, recall
increased to 38% while precision dropped to 96%.

Aninvestigation into the incorrect answers has revealed
that nearly al of the errors can be attributed to the terms
apo (apoprotein) and hol oenzyme which were not tagged
as proteins because they appeared as part of other protein
names in the evaluation texts (although these two names
were found as proteins on their own in other texts).

With the terminology parser switched on, we evaluated
the overall contribution of the new termsin the PASTA ter-
minology identification subsystem. The baseline for the
original PASTA system with the grammar rulesis 87% re-
cal and 97% precision. When the new terms were used
together with the old grammar rules there was an increase
in terms of recall (90%) with a small decrease in precision
(again 96%). In a another experiment, new rules were de-
rived from the terms and were added to the old rules but
there was no observable difference from the previous re-
sults (i.e. 90% recall, 96% precision). An explanation for
this may be that the old rule set had aready proved to have
quite good coverage (at least for the texts used in our tests)
and the new termsrepresent only afraction of thetotal num-
ber of terms used in PASTA so that they could not make a
significant contribution in deriving new rules.

The above results indicate that, overal, the new names
can make a contribution to the term identification capabil-
ities of the system but only in terms of recall. Thereis a
small decrease in terms or precision, which is probably to
be expected since with the addition of new terms may re-
sult in more erroneous entries and more ambiguitiesin the
lexicon.

| System Configuration | REC | PRE |
Original lexicons 31 97
Original lexicons + new terms 38 96
Original lexicons + rules 87 97
Original lexicons + rules + new terms 90 96
Original lexicons + new terms+ new rules | 90 96

Table 2: Evaluation of term recognitionin PASTA

6. Conclusions

In this paper, we have described an approach for the
automatic acquisition of terminology from untagged texts.
Based on the distributional hypothesis that terms of a se-
mantic class occur in similar contextual patterns, a boot-
strapping algorithm was developed. The algorithm uses a
set of seed terms to identify contextual patterns which are
in turn used to extract new termsiteratively.

The output of the system could provide input to a semi-
automatic processfor extending the terminol ogical lexicons
for the domain and therefore assist in the portability or
adaptability of natural language processing systems to new
domains. The advantage of this method is that it does not
depend for training on tagged corpora or linguistic tools
such as syntactic and semantic taggers which usualy are
costly and time-consuming to produce.

The results of the experiments with biological text re-
sources demonstrate the viability of the proposed method
for acquiring new terms from domain restricted texts. For
our texts, the accuracy of the method ranged from 58% to
71%, depending on the interpretation of the results.

This approach may not be limited to augmenting exist-
ing lexicons of terms but could also be profitable in term
recognition and classification tasks. On the other hand, we
must be aware of the limitations of such a simple method
which is based just on statistical information. It was found



that the algorithm will often pick common words or ex-
pressions as domain specific terms (mainly those used for
coreference in the texts) and it is not clear what the best
strategy can be for detecting and filtering out such terms
during bootstrapping.

The new terms were found to make a positive contribu-
tionto therecall rate of our | E system abeit with aminimal
negative effect on its precision. It is unlikely though, even
with alarge augmentation of the existing lexicons, that the
precision and recall rates would approach 100% since new
terms will continue to be added to the vocabulary and any
lexicon will amost always include occasional errors.

There are opportunities for further development and
testing of the technique. We plan to test its applicability
with more term classes and new domains. It would be in-
teresting to investigate whether such an approach can help
in the discovery of patterns that describe domain specific
relations. One possibility is to employ a bootstrapping a-
gorithm for identifying representative patterns that may de-
scribe, for instance, that a protein comes from a species or
that aresidueisfound in a protein. The generation of such
patterns automatically can be useful for discourse mod-
elling purposes and the rapid adaptation of NLP systems
to new applications.

7. Acknowledgments

The PASTA project is funded under the UK BB-
SRC/EPRSC Biolnformatics Programme (50/BIF08754)
and is a collaboration between the Departments of Com-
puter Science, Information Studies and Molecular Biology
and Biotechnology at the University of Sheffield. The au-
thors would like to thank Dr. Peter Artymiuk and Prof. Pe-
ter Willett of the University of Sheffield for supplying their
expertise in the biology domain.

8. References

F. Bernstein, T. Koetzle, G. Williams, E. J Meyer,
M. Brice, J. Rodgers, O. Kennard, M. Shimanouchi, and
M. Tasumi. 1977. The protein data bank: A computer-
based archival file for macromolecular structures. Jour-
nal of Molecular Biology (112):535-542. Available at
http://ww. rcsb. org. pdb.

D. Bikel, S. Miller, R. Schwartz, and R. Weischedel. 1997.
Nymble: a high-performance learning name-finder. In

Proceedings of the 5th Conference on Applied Natural

Language Processingages 194-201.
M. Collins and Y. Singer. 1999. Unsupervised models for

named entity classification. In Proceedings of the Joint
SIGDAT Coneference on Empirical Methods in Natural

Language Processing and Very Large Corpopages
100-110.

S. Cucerzan and D. Yarowsky. 1999. Language indepen-
dent named entity recognition combining morphologi-

cal and contextual evidence. In Proceedings of the Joint
SIGDAT Coneference on Empirical Methods in Natural

Language Processing and Very Large Corpopages
90-99.
DARPA, editor.
sage Understanding Conference (MUC-Bfense Ad-
vanced Research Projects Agency, Morgan Kaufmann.

1995. Proceedings of the Sixth Mes-

DARPA, editor. 1998. Proceedings of the Seventh Mes-
sage Understanding Conference (MUC-DDEfense Ad-
vanced Research Projects Agency, Morgan Kaufmann.
Availableat htt p: / / ww. sai c. com

DARPA, editor. 1999. Proceedings of the DARPA Broad-
cast News WorkshopDefense Advanced Research
Projects Agency, Morgan Kaufmann.

A.P. Dempster, N.M. Laird, and D.B. Rubin. 1977. Maxi-
mum likelihood from incomplete data via the EM ago-
rithm. J. Royal Statistical Societ{3(39):1-38.

K. Fukuda, T. Tsunoda, A. Tamura, and T. Takagi. 1998.
Information extraction: Identifying protein names from
biologi cal papers. In Proceedings of the Pacific Sympo-
sium on Biocomputing '98 (PSB’ 9§)ages 707—718.

R. Gaizauskas, T. Wakao, K. Humphreys, H. Cunningham,
and Y. Wilks. 1995. Description of the LaSIE system
as used for MUC-6. In Proceedings of the Sixth Mes-
sage Understanding Conference (MUG-fages 207—
220. Morgan Kaufmann.

D. Harman. 1998. Thetext retrieval conferences (TRECS)
and the cross-language track. In Proceedings of the
First International Conference on Language Resources
& Evaluation

F. Jelinek. 1990. Self-organised language modeling for
speech recognition. In A. Waibel and Kai-Fu Lee, ed-
itors, Readings in Speech Recognitiqgages 450-503.
Morgan Kaufmann.

R. Jones, A. McCalum, K. Nigam, and E. Riloff. 1999.
Bootstrapping for text learning tasks. In IJCAI'99 Work-
shop on Text Mining: Foundations, Techniques and Ap-
plications pages 5263, Stockholm, Sweden.

J. Justeson and S. Katz. 1995. Technica terminology:
some linguistic properties and an agorithm for identi-
fication in text. Journal of Natural Language Engineer-
ing, 1(1):9-27.

S. Rends, Y. Gotoh, R. Gaizauskas, and M. Steven-
son. 1999. Baseline IE-NE experiments using the
SPRACH/LaSIE system. In Proceedings of the DARPA
Broadcast News Worksholg organ Kaufmann.

E. Riloff and W. Lehnert. 1993. Automated dictionary con-
struction for information extraction from text. In Pro-
ceedings of Ninth IEEE Conference on Artificial Intelli-
gence for Applicationgages 93-99.

M. Vilainand D. Day. 1996. Finite-state parsing by rule se-
guences. In Proceedings of the 16th International Con-
ference on Computational Linguistics (COLING-96)

D. Yarowsky. 1995. Unsupervised word-sense disam-
biguation rivaling supervised methods. In Proceedings
of the 33rd Annual Meeting of the Association for Com-
putational Linguistics (ACL95pages 189-196.



