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1 Introduction

This paper presents work on a method to detect
names of proteins in running text.

The detection and categorization of named
entities, such as names of people, organisations
and places, in classical MUC-style information
extraction tasks (Borthwick et al., 1998) might
be regarded a solved problem. But names of
proteins present a slightly different challenge be-
cause of their variant structural characteristics
and the specifics of the text domains in which
they appear. This certainly holds true for other
biological substances, and probably for many
other kinds of terminology as well.

We will present the different steps involved
in our approach to this problem, and show how
combinations of them influence recall and preci-
sion.

2 Background

The roles and functions of proteins are impor-
tant study objects in many areas in the life sci-
ences, as well as for the pharmaceutical industry.
In view of the vast amount of scientific text pro-
duced in these areas, it would be useful to have
methods for automatic structuring and extrac-
tion of information found therein.

One common reason for developing meth-
ods for automatic detection of protein names
in text, has been the desire to build systems
for automatic extraction of interactions between
proteins (Blaschke et al., 1999; Thomas et al.,
2000). However, the detection of protein names
is in itself useful in, e.g., applications to support
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browsing, searching and linking in abstracts
from the National Library of Medicine’s MED-
LINE database.

3 Protein Names

Despite the lack of common standards and fixed
nomenclatures, protein names exhibit several
regularities that can be exploited in order to
identify never-before-seen instances.
ily, protein names are almost always descrip-
tive in some way. Protein characteristics such
as function (e.g. growth hormone), localization
or cellular origin (such as HIV-1 envelope gly-
coprotein gp120), physical properties (salivary
acidic protein-1), similarities to other proteins
(Rho-like protein) are commonly reflected in the
name. Names are also constructed using a com-
bination or abbreviation of the above.

Primar-

In this study we define a protein as a single
biological entity composed of one or more amino
acid chains. Protein fragments or protein fami-
lies are not included in this definition. Further-
more, since names of genes and the names of
their protein products are used equivocally we
make no attempt to distinguish between them.

4 Method

Arguably, information extraction tasks are al-
ways a trade off between recall and precision,
and depending on the application, one may want
to focus on one or the other. When trying
to extract protein interactions from MEDLINE
abstracts, Thomas et al. (2000) claim that pre-



cision is more important, since the amount
of text (11 million abstracts) suggests that
if an interaction is not correctly detected in
one abstract it is likely to be found in an-
other.  de Bruijn and Martin (2000), on the
other hand, aim at a high recall and a fair
precision, arguing that filtering techniques can
be used to separate plausible hits from dubious
ones.

In our case, the first application at hand
was a browsing support system, to link pro-
tein names in MEDLINE abstracts to entries
in SWISS-PROT (Bairoch and Apweiler, 2000).
Since the intended user is likely to be a domain
expert able to judge if a hyperlink actually refers
to a protein, we could accept some false links.
On the other hand, too many words erroneously
marked as proteins would give the user sore eyes
and little confidence in the system. The current
algorithm initially strives for high recall with
the consequence of poor precision. Later mod-
ules in the pipelined system use filtering tech-
niques to boost precision, and a local dictionary
is eventually applied to increase recall. The al-
gorithm can be described as consisting of the
following six steps, of which the first two and
part of the third are an implementation of some
of the heuristic steps in the algorithm described
by Fukuda et al. (1998).

4.1 Tagging feature terms

Feature terms are words that describe the func-
tion or characteristics of a protein, e.g., receptor
and enzyme. We currently tag words as feature
terms if we find them in our list of about 47 such
words.

4.2 Tagging core terms

Core terms are either words ending in -ase and
-in, or strings with characteristics typical of pro-
tein names, i.e., strings containing instances of
upper case letters or numbers, found in names of
proteins like HsMad?2 and U3-55k. Two general
filters is applied to these terms to avoid overgen-
eration: Words consisting of > 50% non-word
characters, and measuring units are discarded

as core terms .

4.3 Applying filters and knowledge
bases

To remedy the low precision obtained in the pre-
vious step, a set of filters is applied to get rid
of false hits. Some filters use regular expression
patterns of word suffixes to rule out, e.g., names
of chemical substances. Other filters use pat-
terns of whole words/expressions to filter out,
e.g., personal names and other parts in bib-
liografical references, chemical formulas, arith-
metic expressions, and amino acid sequences. A
third group of pattern matching filters remove
the core term annotation on words unlikely to
function as core terms: Words, > 6 charcters
long consisting solely of upper case letters, or
consisting of upper case letters and more than
one hyphen are discarded.

Short core terms (< 3 characters) get spe-
Only those found in our
short-protein-name knowledge base drawn from
SWISS-PROT are considered core terms. All
the others are tagged as potential core terms to
be used later in the protein name identification
process. Core terms resembling regular proper
names are treated the same way.

Furthermore, as all protein names do not
conform to the patterns above, words are
dubbed core terms if they are found in a list
of established protein names like interferon.

cial treatment.

4.4 Finding noun phrases

This step takes advantage of the Functional
Dependency Grammar (FDG) parser from
Conexor Oy (Tapanainen and Jérvinen, 1997).
For every noun phrase, we identify its preceding
lexical modifiers. These minimal noun phrases,
the noun phrase without any subordinate NP,
are considered potentional locations for protein
names.

4.5 Identifying protein names

In this step we select as protein names all mini-
mal noun phrases that contain a core term, spe-
cial combinations of feature terms, or special



combinations of feature terms and words tagged
as potential core terms.

4.6 Applying a local dynamic dictio-
nary

All combinations of relevant terms used to iden-
tify protein names in the previous step are
stored in a local dictionary as regular expres-
sions. This dictionary is used in a additional
tagging pass of the document to make possible
fuzzy matching of proteins in noun phrases un-
detected or misinterpreted by the parser.

5 Evaluation

Tagging of protein names in running text is cum-
bersome even for human domain experts, and
evaluation of a protein tagger requires a tagged
corpus. For an exhaustive discussion on the
problems of building annotated corpora for the
molecular-biology domain, and results on inter-
annotator agreement, cf., Tateisi et al. (2000).
At this point we can present results of our sys-
tem applied to a corpus of 99 MEDLINE ab-
stracts containing 1745 protein names tagged by
our domain experts.

The aim of the current evaluation, which is
performed on data used for reference during de-
velopment, is to see how much each combination
of the steps described in 4.3 and 4.6 contributes
to the final result.

All four cases described below include the
same way of tagging feature terms and core
terms, employing the FDG parser to find mini-
mal noun phrases, and mechanisms for identify-
ing protein names.

The intent of using a local dynamic dictio-
nary is to increase recall. Contrary to our in-
tuition, Table 1 illustrates that precision did
not seem to drop severely even though recall in-
creased with 10.2% and 13.9% (first and second
row in Table 1, respectively) when toggling the
use of a local dynamic dictionary as regards the
use of external filters and knowledge bases.

NOo LDD LDD
NOo FKB | R = 83% R =97%
P =60% P =59%%
F =17201% | F = 73.64%
FKB | R = 79% R = 90%
P ="175% P =74%
F =7760% | F = 81.76%

Table 1: Results varying along Local Dynamic
Dictionary (LDD) and Filters and Knowledge
Bases (FKB), given in recall (R), precision (P),
and F-score (F).

6 Further Work

In the next couple of weeks we will be able to
present results from running our system on a
previously unseen corpus annotated according
to our protein definition and on the GENIA cor-
pus (Tateisi et al., 2000), as well as a compar-
ison between our system and the KEX system
(Fukuda et al., 1998).
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