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Biological, translational, and clinical language processing

K. BRETONNEL COHEN, DINA DEMNER-FUSHMAN, CAROL FRIEDMAN, LYNETTE HIRSCHMAN,
AND JOHN P. PESTIAN

1 Background and goals of the workshop

Natural language processing has a long history in the medical domain, with research in the field dating
back to at least the early 1960s. In the late 1990s, a separate thread of research involving natural
language processing in the genomic domain began to gather steam. It has become a major focus of
research in the bioinformatics, computational biology, and computational linguistics communities. A
number of successful workshops and conference sessions have resulted, with significant progress in the
areas of named entity recognition for a wide range of key biomedical classes, concept normalization,
and system evaluation. A variety of publicly available resources have contributed to this progress, as
well.

Recently, the widely recognized disconnect between basic biological research and patient care delivery
stimulated development of a new branch of biomedical research—translational medicine. Translational
medicine, sometimes defined as the facilitation of “bench-to-bedside” transmission of knowledge, has
become a hot topic, with a National Center for Biocomputing devoted to this theme established last
year.

This workshop has the goal of addressing and bringing together these three threads in biomedical natural
language processing, or “BioNLP:” biological, translational, and clinical language processing.

2 Submissions and acceptance rate

The workshop received 59 submissions—almost twice the number of submissions of any previous
BioNLP workshop or conference session that we are aware of (31 for last year’s PSB session on New
frontiers in text mining, [18]). The submissions covered a wide range of topics from most areas of
natural language processing and from both the clinical and the genomics domains. There were 48
full-paper submissions and 11 poster submissions. A strong program committee comprising members
of the BioNLP community from North America, Europe, and Asia provided three reviews for each
submission. Out of the many strong pieces of work submitted, fourteen papers were accepted for oral
presentation, as well as nineteen posters. The subjects of the papers fell into five or six broad categories:

e Syntax
o [ exical semantics and terminology
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Named entity recognition and word sense disambiguation
Information extraction

Usability and user interface design

Shared tasks

3 Themes in the papers

A number of trends were notable in the accepted papers. Compared to past years, the number of papers
on gene mention recognition was quite small. We did see strong work on named entity recognition for
new semantic classes, as well as on the gene normalization task.

There were also a number of papers on syntactic topics. Other than the pioneering work of the GENIA
group some years ago and two recent papers on parser evaluation [4, 5], there has been little work on
syntax in biomedical NLP to date. However, three papers on syntactic topics appear in this proceedings
volume—[12, 14, 15]. [15] is especially unique in dealing with an actual clinical application.

Lexical semantics and terminology also figured heavily in this year’s workshop. [16] discussed the
gene symbol disambiguation problem. [8] presented a system for mapping clinical terminology to lay
terminology. [6] presented work on the development of a corpus annotated with a semantic class of
entity that has previously received scant attention in the field. [7] explored the potential of domain-
specific semantic roles for use in information extraction and document classification. It is notable that
there were no papers on the classic “gene mention” problem; although it is clear that gene mention
recognition is not yet a solved problem [17], it is encouraging that work in this area is progressing, and
our sole paper on this task dealt with the more complex problem of recognizing nested entities [1].

The work on information extraction that appeared this year was often quite innovative. Chapman
described an extension of the NegEx algorithm to extract various kinds of context-establishing
information. [11] presented work on an unsupervised method for protein-protein interaction detection,
using graph-based mutual reinforcement.

Finally, three papers demonstrated the continued contribution of shared tasks to progress in the field.
[13] described a shared task that resulted in the public availability of a large document collection of
clinical texts. [2] used the data from that task and the associated evaluation itself to test a number of
hypotheses regarding the differences between published and clinical texts and regarding the portability
of text mining systems to new domains. [16] (also mentioned above in the context of lexical semantics
and terminology) utilitized data from the BioCreative shared tasks as a source of test data.

There were an encouraging number of papers that focussed on the usability and accessibility of text
mining and of information access systems. [9] describes a novel search interface, and provides valuable
insight into the design of usability studies. [8] (like [16], also mentioned above in the context of lexical
semantics and terminology) described a system that aids in the process of making medical information
more intelligible to the lay public.

There was a notable broadening of the types of genres of textual inputs that this year’s papers dealt with.
In previous years, most work has tended to deal with abstracts drawn from PubMed/MEDLINE or with
ontologies, with occasional forays into longer texts, such as full-text journal articles, or shorter ones,
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such as GeneRIFs. This year’s workshop contains work on newsfeeds [7], clinical data [2, 3, 12, 13],
full text [9], and speech [15]—a genre heretofore essentially entirely neglected in the BioNLP field.

Finally, the accepted posters reflect an enormously fertile field. The poster session includes much work
that would have had oral presentations in a less-competitive meeting. The topics of the posters cover a
range of subjects every bit as diverse and interesting as the work with oral presentation; the executive
committee regrets that time constraints did not allow for more of it to have oral presentations.
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Syntactic complexity measures for detecting Mild Cognitive Impairment

Brian Roark, Margaret Mitchell and Kristy Hollingshead
Center for Spoken Language Understanding
OGI School of Science & Engineering
Oregon Health & Science University
Beaverton, Oregon, 97006 USA
{roark,meg.mitchell, hollingk}@cslu.ogi.edu

Abstract

We consider the diagnostic utility of vari-
ous syntactic complexity measures when ex-
tracted from spoken language samples of
healthy and cognitively impaired subjects.
We examine measures calculated from man-
ually built parse trees, as well as the same
measures calculated from automatic parses.
We show statistically significant differences
between clinical subject groups for a num-
ber of syntactic complexity measures, and
these differences are preserved with auto-
matic parsing. Different measures show dif-
ferent patterns for our data set, indicating
that using multiple, complementary mea-
sures is important for such an application.

1 Introduction

Natural language processing (NLP) techniques are
often applied to electronic health records and other
clinical datasets. Another potential clinical use of
NLP is for processing patient language samples,
which can be used to assess language development
(Sagae et al., 2005) or the impact of neurodegenera-
tive impairments on speech and language (Roark et
al., 2007). In this paper, we present methods for au-
tomatically measuring syntactic complexity of spo-
ken language samples elicited during neuropsycho-
logical exams of elderly subjects, and examine the
utility of these measures for discriminating between
clinically defined groups.

Mild Cognitive Impairment (MCI), and in par-
ticular amnestic MCI, the earliest clinically de-
fined stage of Alzheimer’s-related dementia, often
goes undiagnosed due to the inadequacy of com-
mon screening tests such as the Mini-Mental State
Examination (MMSE) for reliably detecting rela-
tively subtle impairments. Linguistic memory tests,
such as word list and narrative recall, are more ef-
fective than the MMSE in detecting MCI, yet are
still individually insufficient for adequate discrimi-

1

nation between healthy and impaired subjects. Be-
cause of this, a battery of examinations is typically
used to improve psychometric classification. Yet the
summary recall scores derived from these linguistic
memory tests (total correctly recalled) ignore poten-
tially useful information in the characteristics of the
spoken language itself.

Narrative retellings provide a natural, conversa-
tional speech sample that can be analyzed for many
of the characteristics of speech and language that
have been shown to discriminate between healthy
and impaired subjects, including syntactic complex-
ity (Kemper et al., 1993; Lyons et al., 1994) and
mean pause duration (Singh et al., 2001). These
measures go beyond simply measuring fidelity to
the narrative, thus providing key additional dimen-
sions for improved diagnosis of impairment. Recent
work (Roark et al., 2007) has shown significant dif-
ferences between healthy and MCI groups for both
pause related and syntactic complexity measures de-
rived from transcripts and audio of narrative recall
tests. In this paper, we look more closely at syntac-
tic complexity measures.

There are two key considerations when choos-
ing how to measure syntactic complexity of spoken
language samples for the purpose of psychometric
evaluation. First and most importantly, the syntactic
complexity measures will be used for discrimination
between groups, hence high discriminative utility is
desired. It has been demonstrated in past studies
(Cheung and Kemper, 1992) that many competing
measures are in fact very highly correlated, so it may
be the case that many measures are equally discrimi-
native. For this reason, previous results (Roark et al.,
2007) have focused on a single syntactic complexity
metric, that of Yngve (1960).

A second key consideration, however, is the fi-
delity of the measure when derived from transcripts
via automatic parsing. Different syntactic complex-
ity measures rely on varying levels of detail from
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the parse tree. Some syntactic complexity measures,
such as that of Yngve (1960), make use of unla-
beled tree structures to derive their scores; others,
such as that of Frazier (1985), rely on labels within
the tree, in addition to the tree structure, to pro-
vide the scores. Given these different uses of detail,
some measures may be less reliable with automa-
tion, hence dis-preferred in the context of automated
evaluation. Ideally, simple, easy-to-automate mea-
sures with high discriminative utility are preferred.

In the current paper, we demonstrate that various
syntactic complexity measures capture complemen-
tary systematic differences between subject groups,
suggesting that the best approach to discriminating
between healthy and impaired subjects is to collect
various measures, as a way of capturing language
“signatures” of the impairment.

For many measures of syntactic complexity, the
nature of the syntactic annotation is critical — differ-
ent conventions of structural annotation will yield
different scores. We will thus spend the next sec-
tion briefly detailing the syntactic annotation con-
ventions that were followed for this work. This is
followed by a section describing a range of complex-
ity measures to be derived from these annotations.
Finally, we present empirical results on the samples
of spoken narrative retellings.

2 Syntactic annotation
For manual syntactic annotation of collected data
(see Section 4), we followed the syntactic annota-
tion conventions of the well-known Penn Treebank
(Marcus et al., 1993). This provides several key ben-
efits. First, there is an extensive annotation guide
that has been developed, not just for written but also
for spoken language, so that consistent annotation
was facilitated. Second, the large out-of-domain
corpora, in particular the 1 million words of syn-
tactically annotated Switchboard telephone conver-
sations, provide a good starting point for training
domain adapted parsing models. Finally, we can use
multiple domains for evaluating the correlations be-
tween various syntactic complexity measures.
There are characteristics of Penn Treebank anno-
tation that can impact syntactic complexity scoring.
First, prenominal modifiers are typically grouped in
a flat constituent with no internal structure. This an-
notation choice can result in very long noun phrases
(NPs) which pose very little difficulty in terms of
human processing performance, but can inflate com-
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plexity measures that measure deviation from right-
branching structures, such as that of Yngve (1960).
Second, in spoken language annotations, a reparan-
dum' is denoted with a special non-terminal cate-
gory EDITED. For this paper, we remove from the
tree these non-terminals, and the structures under-
neath them, prior to evaluating syntactic complexity.

3 Syntactic complexity

There is no single agreed-upon measurement of
syntactic complexity. A range of measures have
been proposed, with different primary considera-
tions driving the notion of complexity for each.
Many measures focus on the order in which vari-
ous constructions are acquired by children learning
the syntax of their native language — later acquisi-
tions being taken as higher complexity. Examples
of this sort of complexity measure are: mean length
of utterance (MLU), which is typically measured
in morphemes (Miller and Chapman, 1981); the
Index of Productive Syntax (Scarborough, 1990),
a multi-point scale which has recently been auto-
mated for child-language transcript analysis (Sagae
et al., 2005); and Developmental Level (Rosenberg
and Abbeduto, 1987), a 7-point scale of complex-
ity based on the presence of specific grammatical
constructions. Other approaches have relied upon
the right-branching nature of English syntactic trees
(Yngve, 1960; Frazier, 1985), under the assump-
tion that deviations from that correspond to more
complexity in the language. Finally, there are ap-
proaches focused on the memory demands imposed
by “distance” between dependent words (Lin, 1996;
Gibson, 1998).

3.1 Yngve scoring

The scoring approach taken in Yngve (1960) is re-
lated to the size of a “first in/last out” stack at each
word in a top-down, left-to-right parse derivation.
Consider the tree in Figure 1. If we knew exactly
which productions to use, the parse would begin
with an S category on the stack and advance as
follows: pop the S and push VP and NP onto the
stack; pop NP and push PRP onto the stack; pop
PRP from the stack; pop VP from the stack and
push NP and VBD onto the stack; and so on. At
the point when the word ‘she’ is encountered, only
VP remains on the stack of the parser. When ‘was’

'A reparandum is a sequence of words that are aborted by
the speaker, then repaired within the same utterance.



PP
N
IN NP

DT NN NN

she was a cook in a school cafeteria
Yngve score: 1 1 2 1 1 2 1 0

Figure 1: Parse tree with branch scores for Yngve scoring.

is reached, just NP is on the stack. Thus, the Yn-
gve score for these two words is 1. When the next
word ‘a’ is reached, however, there are two cate-
gories on the stack: PP and NN, so this word re-
ceives an Yngve score of 2. Stack size has been re-
lated by some (Resnik, 1992) to working memory
demands, although it most directly measures devia-
tion from right-branching trees.

To calculate the size of the stack at each word,
we can use the following simple algorithm. At each
node in the tree, label the branches from that node
to each of its children, beginning with zero at the
rightmost child and continuing to the leftmost child,
incrementing the score by one for each child. Hence,
each rightmost branch in the tree of Figure 1 is la-
beled with 0, the leftmost branch in all binary nodes
is labeled with 1, and the leftmost branch in the
ternary node is labeled with 2. Then the score for
each word is the sum of the branch scores from the
root of the tree to the word.

Given the score for each word, we can then de-
rive an overall complexity score by summing them
or taking the maximum or mean. For this paper,
we report mean scores for this and other word-based
measures, since we have found these means to pro-
vide better performing scores than either total sum
or maximum. For the tree in Figure 1, the maximum
is 2, the total is 9 and the mean over 8 words is 1%.

3.2 Frazier scoring

Frazier (1985) proposed an approach to scoring syn-
tactic complexity that traces a path from a word up
the tree until reaching either the root of the tree or
the lowest node which is not the leftmost child of its
parent.” For example, Figure 2 shows the tree from

2 An exception is made for empty subject NPs, in which case

NP PP
DT NN IN NP

DT NN NN

I

she was a cook in a school cafeteria
Frazier score: 2.5 1 2 0 1 1 0 0

Figure 2: Parse tree fragments with scores for Frazier scoring.

Figure 1 broken into distinct paths for each word
in the string. The first word has a path up to the
root, while the second word just up to the VP, since
the VP has an NP sibling to its left. The word is
then scored, as in the Yngve measure, by summing
the scores on the links along the path. Each non-
terminal node in the path contributes a score of 1,
except for sentence nodes and sentence-complement
nodes,? which score 1.5 rather than 1. Thus em-
bedded clauses contribute more to the complexity
measure than other embedded categories, as an ex-
plicit acknowledgment of sentence embeddings as a
source of syntactic complexity.

As with the Yngve score, we can calculate the
total and the mean of these word scores. In con-
trast to the maximum score calculated for the Yngve
measure, Frazier proposed summing the word scores
for each 3-word sequence in the sentence, then tak-
ing the maximum of these sums as a measure of
highly-localized concentrations of grammatical con-
stituents. For the example in Figure 2, the maximum
1s 2.5, the maximum 3-word sum is 5.5, and the total
is 7.5, yielding a mean of %.

3.3 Dependency distance

Rather than examining the tree structure itself, one
might also extract measures from lexical depen-
dency structures. These dependencies can be de-
rived from the tree using standard rules for estab-
lishing head children for constituents, originally at-

the succeeding verb receives an additional score of 1 (for the
deleted NP), and its path continues up the tree. Empty NPs are
annotated in our manual parse trees but not in the automatic
parses, which may result in a small disagreement in the Frazier
scores for manual and automatic trees.

3Every non-terminal node beginning with an S, including
SQ and SINV, were counted as sentence nodes. Sequences of
sentence nodes, i.e. an SBAR appearing directly under an S
node, were only counted as a single sentence node and thus only
contributed to the score once.
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she was a cook in a school cafeteria

Figure 3: Dependency graph for the example string.

tributed to Magerman (1995), to percolate lexical
heads up the tree. Figure 3 shows the dependency
graph that results from this head percolation ap-
proach, where each link in the graph represents a de-
pendency relation from the modifier to the head. For
example, conventional head percolation rules spec-
ify the VP as the head of the S, so ‘was’, as the head
of the VP, is thus the lexical head of the entire sen-
tence. The lexical heads of the other children of the
S node are called modifiers of the head of the S node;
thus, since ‘she’ is the head of the subject NP, there
is a dependency relation between ‘she’ and ‘was’.
Lin (1996) argued for the use of this sort of depen-
dency structure to measure the difficulty in process-
ing, given the memory overhead of very long dis-
tance dependencies. Both Lin (1996) and Gibson
(1998) showed that human performance on sentence
processing tasks could be predicted with measures
of this sort. While details may differ — e.g., how
to measure distance, what counts as a dependency —
we can make use of the general approach given Tree-
bank style parses and head percolation, resulting in
graphs of the sort in Figure 3. For the current paper,
we count the distance between words for each de-
pendency link. For Figure 3, there are 7 dependency
links, a distance total of 11, and a mean of 1%.

3.4 Developmental level (D-Level)

D-Level defines eight levels of sentence complex-
ity, from 0-7, based on the development of complex
sentences in normal-development children. Each
level is defined by the presence of specific grammat-
ical constructions (Rosenberg and Abbeduto, 1987);
we follow Cheung and Kemper (1992) in assigning
scores equivalent to the defined level of complex-
ity. A score of zero corresponds to simple, single-
clause sentences; embedded infinitival clauses get
a score of 1 (She needs to pay the rent); conjoined
clauses (She worked all day and worried all night),
compound subjects (The woman and her four chil-
dren had not eaten for two days), and wh-predicate
complements score 2. Object noun phrase rela-
tive clauses or complements score 3 (The police
caught the man who robbed the woman), whereas
the same constructs in subject noun phrases score

4

5 (The woman who worked in the cafeteria was
robbed). Gerundive complements and comparatives
(They were hungrier than her) receive a score of 4;
subordinating conjunctions (if, before, as soon as)
score 6. Finally, a score of 7 is used as a catch-all
category for sentences containing more than one of
any of these grammatical constructions.

3.5 POS-tag sequence cross entropy

One possible approach for detecting rich syntactic
structure is to look for infrequent or surprising com-
binations of parts-of-speech (POS). We can measure
this over an utterance by building a simple bi-gram
model over POS tags, then measuring the cross en-
tropy of each utterance.*

Given a bi-gram model over POS-tags, we can
calculate the probability of the sequence as a whole.
Let 7; be the POS-tag of word w; in a sequence of
words wy . . . wy, and assume that 7 is a special start
symbol, and that 7,1 is a special stop symbol. Then
the probability of the POS-tag sequence is

n+1
P(ri...7) = []P(ml7-1) )
i=1

The cross entropy is then calculated as

1
H(ry...1) = —ElogP(ﬁ...Tn) ()

With this formulation, this basically boils down to
the mean negative log probability of each tag given
the previous tag.

4 Data

4.1 Subjects

We collected audio recordings of 55 neuropsycho-
logical examinations administered at the Layton Ag-
ing & Alzheimer’s Disease Center, an NIA-funded
Alzheimer’s center for research at OHSU. For this
study, we partitioned subjects into two groups: those
who were assigned a Clinical Dementia Rating
(CDR) of 0 (healthy) and those who were assigned
a CDR of 0.5 (Mild Cognitive Impairment; MCI).
The CDR (Morris, 1993) is assigned with access to
clinical and cognitive test information, independent
of performance on the battery of neuropsychologi-
cal tests used for this research study, and has been
shown to have high expert inter-annotator reliability
(Morris et al., 1997).

“For each test domain, we used cross-validation techniques
to build POS-tag bi-gram models and evaluate with them in that
domain.



CDR=0 | CDR=0.5 System LR LP | F-measure
(n=29) (n=18) Out-of-domain (WSJ) 77.7 | 80.1 78.9
Measure M SD| M SD t(45) Out-of-domain (SWBD) 84.0 | 86.2 85.1
Age 88.1 9.0 | 919 44 -1.65 Domain adapted from SWBD | 87.9 | 88.3 88.1
Education (Y) 150 22| 143 28 1.04 .
MMSE 284 141259 26 4.29%** Table 2: Parser accuracy on Wechsler Logical Memory re-
Word List (A) 20'0 4'0 15'4 3'3 4'06* ** sponses using just out-of-domain data (either from the Wall St.
Word List (R) 6. 3 2' 0 3'9 1'7 5' 19%** Journal (WSJ) or Switchboard (SWBD) treebanks) versus using
) ) : ) ) d in adapted system.
Wechsler LM1 172 40 | 109 42  520**+ | A Comumacapleasysien
Wechsler LMII 158 43 | 95 54  4.45*** ually annotated trees or trees output from an auto-
Cat.Fluency (A) 17.2 4.1 | 139 42 2.59: matic parser, to demonstrate the plausibility of using
g?;ilfslu(‘;‘)lcy ) 12'2 ‘1"3 2'? ?g ?ﬁ automatically generated parse trees.
Digits (B) 47 10| 47 11 —0.04 4.3 Parsing
Table 1: Neuropsychological test results for subjects. —For automatic parsing, we made use of the well-

FE*p < 0.001; *Fp < 0.01;p < 0.05

Of the collected recordings, three subjects were
recorded twice; for the current study only one
recording was used for each subject. Three subjects
were assigned a CDR of 1.0 and were excluded from
the study; two further subjects were excluded for er-
rors in the recording that resulted in missing audio.
Of the remaining 47 subjects, 29 had CDR = 0, and
18 had CDR =0.5.

4.2 Neuropsychological tests

Table 1 presents means and standard deviations for
age, years of education and the manually-calculated
scores of a number of standard neuropsychological
tests that were administered during the recorded ses-
sion. These tests include: the Mini Mental State Ex-
amination (MMSE); the CERAD Word List Acqui-
sition (A) and Recall (R) tests; the Wechsler Logical
Memory (LM) I (immediate) and II (delayed) narra-
tive recall tests; Category Fluency, Animals (A) and
Vegetables (V); and Digit Span (WAIS-R) forward
(F) and backward (B).

The Wechsler Logical Memory I/II tests are the
basis of our study on syntactic complexity measures.
The original narrative is a short, 3 sentence story:

Anna Thompson of South Boston, employed as a cook in a
school cafeteria, reported at the police station that she had
been held up on State Street the night before and robbed of
fifty-six dollars. She had four small children, the rent was
due, and they had not eaten for two days. The police, touched
by the woman’s story, took up a collection for her.
Subjects are asked to re-tell this story immediately
after it is told to them (LM I), as well as after ap-
proximately 30 minutes of unrelated activities (LM
IT). We transcribed each retelling, and manually an-
notated syntactic parse trees according to the Penn
Treebank annotation guidelines. Algorithms for au-
tomatically extracting syntactic complexity markers
from parse trees were written to accept either man-

known Charniak parser (Charniak, 2000). Following
best practices (Charniak and Johnson, 2001), we re-
moved sequences covered by EDITED nodes in the
tree from the strings prior to parsing. For this pa-
per, EDITED nodes were identified from the manual
parse, not automatically. Table 2 shows parsing ac-
curacy of our annotated retellings under three pars-
ing model training conditions: 1) trained on approx-
imately 1 million words of Wall St. Journal (WSJ)
text; 2) trained on approximately 1 million words
of Switchboard (SWBD) corpus telephone conver-
sations; and 3) using domain adaptation techniques
starting from the SWBD Treebank. The SWBD out-
of-domain system reaches quite respectable accura-
cies, and domain adaptation achieves 3 percent ab-
solute improvement over that.

For domain adaptation, we used MAP adapta-
tion techniques (Bacchiani et al., 2006) via cross-
validation over the entire set of retellings. For
each subject, we trained a model using the SWBD
treebank as the out-of-domain treebank, and the
retellings of the other 46 subjects as in-domain train-
ing. We used a count merging approach, with the
in-domain counts scaled by 1000 relative to the out-
of-domain counts. See Bacchiani et al. (2006) for
more information on stochastic grammar adaptation
using these techniques.

5 Experimental results

5.1 Correlations

Our first set of experimental results regard correla-
tions between measures. Table 3 shows results for
five of our measures over all three treebanks that we
have been considering: Penn WSJ Treebank, Penn
SWBD Treebank, and the Wechsler LM retellings.
The correlations along the diagonal are between the
same measure when extracted from manually an-
notated trees and when extracted from automatic



Penn WSJ Treebank Penn SWBD Treebank Wechsler LM Retellings
(a) ® | © [ @] @© (@) ® | © | @] @© (a) ® | © | @] @©
(a) Frazier 0.89 0.96 0.94
(b) Yngve -031 [ 0.96 -0.72 | 0.96 -0.69 | 0.95
(¢) Tree nodes| 0.91 | -0.16 | 0.92 0.58 [-0.06 | 0.93 0.93 1-048 | 0.85
(d) Dep Ien -029 [ 0.75 [-0.13 [ 0.93 -0.74 | 0.97 [-0.08 [0.96 -0.72 | 0.96 |-0.51 [0.96
(¢) Cross Ent | 0.17 | 0.18 | 0.15 [0.19 [0.93 [[-0.55 | 0.76 | 0.09 [0.76 | 0.98 || -0.13 | 0.45 | 0.05 | 0.41 |0.97

Table 3: Correlation matrices for several measures on an utterance-by-utterance basis. Correlations along the diagonal are between
the manual measures and the measures when automatically parsed. All other correlations are between measures when derived from

manual parse trees.

parses. All other correlations are between mea-
sures derived from manual trees. All correlations
are taken per utterance.

From this table, we can see that all of the mea-
sures derived from automatic parses have a high
correlation with the manually derived measures, in-
dicating that they may preserve any discriminative
utility of these markers. Interestingly, the num-
ber of nodes in the tree per word tends to corre-
late well with the Frazier score, while the depen-
dency length tends to correlate well with the Yngve
score. Cross entropy correlates with Yngve and de-
pendency length for the SWBD and Wechsler tree-
banks, but not for the WSJ treebank.

5.2 Manually derived measures

Table 4 presents means and standard deviations
for measures derived from the LM I and LM II
retellings, along with the t-value and level of sig-
nificance. The first three measures presented in the
table are available without syntactic annotation: to-
tal number of words, total number of utterances, and
words per utterance in the retelling. None of these
three measures on either retelling show statistically
significant differences between the groups.

The first measure to rely upon syntactic annota-
tions is words per clause. The number of clauses are
automatically extracted from the parses by counting
the number of S nodes in the tree.> Normalizing the
number of words by the number of clauses rather
than the number of utterances (as in words per ut-
terance) results in statistically significant differences
between the groups for LM I though not for LM II.

The other measures are as described in Section
3. Interestingly, Frazier score per word, the number
of tree nodes per word, and POS-tag cross entropy
all show a significant negative t-value on the LM I
retellings, meaning the CDR 0.5 subjects had sig-
nificantly higher scores than the CDR 0 subjects for

SFor coordinated S nodes, the root of the coordination,
which in Penn Treebank style annotation also has an S label,
does not count as an additional clause.

these measures on this task. These measures showed
no significant difference on the LM II retellings.

The Yngve score per word and the dependency
length per word showed no significant difference on
LM I retellings but a statistically significant differ-
ence on LM II, with the expected outcome of higher
scores for the CDR 0 subjects. The D-Level measure
showed no significant differences.

5.3 Automatically derived measures

In addition to manual-parse derived measures, Table
4 also presents the same measures when automatic,
rather than manual, parses are used. Given the rela-
tively high quality of the automatic parses, most of
the means and standard deviations are quite close,
and all of the patterns observed in the upper half of
Table 4 are preserved, except that the Yngve score
per word no longer shows a statistically significant
difference for the LM II retelling.

5.4 Left-corner trees

For the tree-based complexity metrics (Frazier and
Yngve), we also investigated alternative imple-
mentations that make use of the left-corner trans-
formation (Rosenkrantz and Lewis II, 1970) of
the tree from which the measures were extracted.
This transformation is widely known for remov-
ing left-recursion from a context-free grammar, and
it changes the tree shape by transforming left-
branching structures into right-branching structures,
while leaving center-embedded structures center-
embedded. This property led Resnik (1992) to pro-
pose left-corner processing as a plausible mecha-
nism for human sentence processing, since it is pre-
cisely these center-embedded structures, and not the
left- or right-branching structures, that are problem-
atic for humans to process.

Table 5 presents results using either manually an-
notated trees or automatic parses to extract the Yn-
gve and Frazier measures after a left-corner trans-
form has been applied to the tree. The Frazier
scores are very similar to those without the left-




Logical Memory [ Logical Memory II
CDR =0 CDR =0.5 CDR =0 CDR =0.5
Measure M SD M SD t(45) M SD M SD t(45)
Total words in retelling || 71.0 26.0 | 58.1 319 1.49 70.6 215 | 585 36.7 1.43
Total utterances in retelling || 8.86 4.16 | 7.72 3.28 0.99 817 277 | 7.06 4.86 1.01
Words per utterance in retelling || 8.57 2.44 | 7.78 3.67 0.89 9.16 3.06 | 7.82 4.76 1.18
Manually extracted: Words per clause || 6.33  1.39 | 5.25 1.25 2.687 6.12 120 | 548 3.37 0.93
Frazier score per word || 1.19 0.09 | 1.26 0.11 —2.68" 1.19 0.09 | 1.13 043 0.67
Tree nodes per word || 1.96 0.07 | 2.01 0.10 —2.08" 196 0.07 | 1.80 0.66 1.36
Yngve score per word || 1.44 023 | 1.39 0.30 0.61 1.53 027 | 1.26 0.62 2.01%
Dependency length per word || 1.54 0.25 | 1.47 0.27 0.90 1.63 0.30 | 1.34 0.60 2.19"
POS-tag Cross Entropy || 1.83 0.16 | 1.96 0.26 —2.18" 193 0.14 | 1.86 0.59 0.54
D-Level || 1.07 0.75 | 1.03 1.23 0.14 123 081 | 1.68 141 —1.42
Auto extracted: Words per clause || 6.42 1.53 [ 5.10 1.16 31377 ][ 6.04 1.25 [ 5.61 3.67 0.59
Frazier score per word || 1.16 0.10 | 1.24 0.10 —2.92** || 1.15 0.10 | 1.09 0.41 0.69
Tree nodes per word || 1.96 0.07 | 2.03 0.10 —2.55" 1.96 0.08 | 1.79 0.66 1.38
Yngve score per word || 1.41 023 | 1.37 0.29 0.54 1.50 0.27 | 1.28 0.64 1.70
Dependency length per word || 1.51 0.25 | 1.47 0.28 0.54 1.61 028 | 1.35 0.61 2.04"
POS-tag Cross Entropy || 1.83 0.17 | 1.96 026 —2.12* 192 0.14 | 1.86 0.58 0.53
D-Level || 1.09 0.73 | 1.11 1.20 —0.08 128 0.77 | 1.61 122 —-1.15

Table 4: Syntactic complexity measure group differences when measures are derived from either manual or automatic parse trees.

**p < 0.01; p < 0.05

corner transform, while the Yngve scores are re-
duced across the board. With the left-corner trans-
formed tree, the automatically derived Yngve mea-
sure retains the statistically significant difference
shown by the manually derived measure.

6 Discussion and future directions

The results presented in the last section demonstrate
that NLP techniques applied to clinically elicited
spoken language samples can be used to automat-
ically derive measures that may be useful for dis-
criminating between healthy and MCI subjects. In
addition, we see that different measures show differ-
ent patterns when applied to these language samples,
with Frazier scores and tree nodes per word giving
quite different results than Yngve scores and depen-
dency length. It would thus appear that, for Penn
Treebank style annotations at least, these measures
are quite complementary.

There are two surprising aspects of these results:
the significantly higher means of three measures on
LM I samples for MCI subjects, and the fact that one
set of measures show significant differences on LM
I while another shows differences on LM II. We do
not have definitive explanations for these phenom-
ena, but we can speculate about why such results
were obtained.

First, there is an important difference between the
manner of elicitation for LM I versus LM II. LM 1
is an immediate recall, so there will likely be, for
unimpaired subjects, much higher verbatim recall of
the story than in the delayed recall of LM II. For

the MCI group, which exhibits memory impairment,
there will be little in the way of verbatim recall, and
potentially much more in the way of spoken lan-
guage phenomena such as filled pauses, parenthet-
icals and off-topic utterances. This may account for
the higher Frazier score per word for the MCI group
on LM I. Such differences will likely be lessened in
the delayed recall.

Second, the Frazier and Yngve metrics differ in
how they score long, flat phrases, such as typical
base NPs. Consider the ternary NP in Figure 1. The
first word in that NP (‘a’) receives an Yngve score
of 2, but a Frazier score of only 1 (Figure 2), while
the second word in the NP receives an Yngve score
of 1 and a Frazier score of 0. For a flat NP with
5 children, that difference would be 4 to 1 for the
first child, 3 to O for the second child, and so forth.
This difference in scoring relatively common syn-
tactic constructions, even those which may not affect
human memory load, may account for such different
scores achieved with these different measures.

In summary, we have demonstrated an important
clinical use for NLP techniques, where automatic
syntactic annotation provides sufficiently accurate
parse trees for use in automatic extraction of syntac-
tic complexity measures. Different syntactic com-
plexity measures appear to be measuring quite com-
plementary characteristics of the retellings, yielding
statistically significant differences from both imme-
diate and delayed retellings.

There are quite a number of questions that we will



Logical Memory 1 Logical Memory II
CDR =0 CDR =0.5 CDR =0 CDR =0.5
Measure M SD M SD t(45) M SD M SD  {(45)
Manually extracted: Left-corner Frazier || 1.20 0.10 | 1.28 0.12 —2.60" 120 0.11 | 1.18 045 0.29
Left-corner Yngve || 1.33 0.20 | 1.25 0.23 1.20 137 021 | 1.14 052 2.14"
Auto extracted: ~ Left-corner Frazier 1.16 0.10 [ 1.27 0.13 —-3.027F .15 0.11 | 1.10 042 0.64
Left-corner Yngve || 1.31 0.19 | 1.23 0.21 1.33 136 021 | 1.13 051 2.11°

Table 5:
**p < 0.01; p < 0.05

continue to pursue. Most importantly, we will con-
tinue to examine this data, to try to determine what
characteristics of the spoken language are leading to
the unexpected patterns in the results. In addition,
we will begin to explore composite measures, such
as differences in measures between LM I and LM 11,
which promise to better capture some of the patterns
we have observed. Ultimately, we would like to
build classifiers making use of a range of measures
as features, although in order to demonstrate statisti-
cally significant differences between classifiers, we
will need much more data than we currently have.
Eventually, longitudinal tracking of subjects may be
the best application of such measures on clinically
elicited spoken language samples.
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Abstract rather than encapsulated within a single nominal-

ized expression. For example, in order to describe

This paper demonstrates a method for de-
termining the syntactic structure of medi-
cal terms. We use a model-fitting method
based on the Log Likelihood Ratio to clas-
sify three-word medical terms as right or
left-branching. We validate this method by
computing the agreement between the clas-

someone’s ability to lift objects 5 pounds or heav-
ier above their head, it may be necessary to use a
term consisting of a predicate such as [LIFT] and a
set of arguments corresponding to various thematic
roles such ascPATIENT> and<PATH> (Ruggieri

et al., 2004). In this paper, we address typical med-
ical terms encoded as noun phrases (NPs) that are

sification produced by the method and man-
ually annotated classifications. The results
show an agreement of 75% - 83%. This
method may be used effectively to enable
a wide range of applications that depend
on the semantic interpretation of medical
terms including automatic mapping of terms
to standardized vocabularies and induction
of terminologies from unstructured medical
text.

often structurally ambiguous, as in Example 1, and
discuss a case for extending the proposed method to
non-nominalized terms as well.

small, bowel, obstruction

(1)

The NP in Example 1 can have at least two interpre-
tations depending on the syntactic analysis:

[[small, boweb] obstruction]

)
®3)

The term in Example 2 denotes an obstruction in
Most medical concepts are expressed via a domaine small bowel, which is a diagnosable disorder;
specific terminology that can either be explicittywhereas, the term in Example 3 refers to a small un-
agreed upon or extracted empirically from domairspecified obstruction in the bowel.
specific text. Regardless of how it is constructed, Unlike the truly ambiguous general English cases
a terminology serves as a foundation for informasuch as the classical “American History Professor”
tion encoding, processing and exchange in a speciathere the appropriate interpretation depends on the
ized sub-language such as medicine. Concepts in thentext, medical terms, such as in Example 1, tend
medical domain are encoded through a variety of linto have only one appropriate interpretation. The
guistic forms, the most typical and widely acceptedontext, in this case, is the discourse domain of
is the noun phrase (NP). In some even further speaedicine. From the standpoint of the English lan-
cialized subdomains within medicine, such as nurgguage, the interpretation that follows from Example
ing and surgery, an argument can be made that sor@ds certainly plausible, but unlikely in the context
concepts are represented by an entire predicaganﬁa medical term. The syntax of a term only shows

[small, [bowel, obstruction]]
1 Introduction

BioNLP 2007: Biological, translational, and clinical language processing, pages 9-16,
Prague, June 2007. (©2007 Association for Computational Linguistics



what interpretations are possible without restrictinggendency. The proponents of the adjacency model
them to any particular one. From the syntactic anal{Liberman and Sproat, 1992), (Resnik, 1993) and
ysis, we know that the term in Example 1 has the pdPustejovsky et al., 1993)) argue that, given a three
tential for being ambiguous; however, we also knowvord noun phrase XYZ, there are two possible an-
that it does have an intended interpretation by virtualyzes [[XY]Z] and [X[YZ]]. The correct analysis
of being an entry term in a standardized terminologis chosen based on the “acceptability” of the adja-
with a unique identifier anchoring its meaning. Whatent bigrams A[XY] and A[YZ]. If A[XY] is more
we do not know is which syntactic structure genacceptable than A[YZ], then the left-branching anal-
erated that interpretation. Being able to determingsis [[XY]Z] is preferred.
the structure consistent with the intended interpreta- (Lauer and Dras, 1994) and (Lauer, 1995) address
tion of a clinical term can improve the analysis ofthe issue of structural ambiguity by developing a de-
unrestricted medical text and subsequently improvyeendency model where instead of computing the ac-
the accuracy of Natural Language Processing (NLReptability of A[YZ] one would compute the accept-
tasks that depend on semantic interpretation. ability of A[XZ]. (Lauer, 1995) argues that the de-
To address this problem, we propose to use pendency model is not only more intuitive than the
model-fitting method which utilizes an existing sta-adjacency model, but also yields better results. (La-
tistical measure, the Log Likelihood Ratio. We val-pata and Keller, 2004) results also support this as-
idate the application of this method on a corpusertion.
of manually annotated noun-phrase-based medical The difference between the approaches within the
terms. First, we present previous work on structurdivo models is the computation of acceptability. Pro-
ambiguity resolution. Second, we describe the Logosals for computing acceptability (or preference)
Likelihood Ratio and then its application to deterinclude raw frequency counts ((Evans and Zhai,
mining the structure of medical terms. Third, wel996) and (Lapata and Keller, 2004)), Latent Se-
describe the training corpus and discuss the comphantic Indexing ((Buckeridge and Sutcliffe, 2002))
lation of a test set of medical terms and human exand statistical measures of association ((Lapata et
pert annotation of those terms. Last, we present ti@., 1999) and (Nakov and Hearst, 2005)).
results of a preliminary validation of the method and One of the main problems with using frequency

discuss several possible future directions. counts or statistical methods for structural ambigu-
ity resolution is the sparseness of data; however,
2 PreviousWork (Resnik and Hearst, 1993) used conceptual associa-

tions (associations between groups of terms deemed

The problem of resolving structural ambiguity haso form conceptual units) in order to alleviate this
been previously addressed in the computational liproblem. (Lapata and Keller, 2004) use the doc-
guistics literature. There are multiple approachegment counts returned by WWW search engines.
ranging from purely statistical (Ratnaparkhi, 1998)(Nakov and Hearst, 2005) use té measure based
to hybrid approaches that take into account the lexpn statistics obtained from WWW search engines to
cal semantics of the verb (Hindle and Rooth, 1993xompute values to determine acceptability of a syn-
to corpus-based, which is the approach discussesktic analysis for nominal compounds. This method
in this paper. (Marcus, 1980) presents an early exs tested using a set of general English nominal com-
ample of a corpus-based approach to syntactic arpeunds developed by (Lauer, 1995) as well as a set
biguity resolution. One type of structural ambigu-of nominal compounds extracted from MEDLINE
ity that has received much attention has to do wit@bstracts.
nominal compounds as seen in the work of (Resnik, The novel contribution of our study is in demon-
1993), (Resnik and Hearst, 1993), (Pustejovsky &frating and validating a corpus-based method for
al., 1993), and (Lauer, 1995). determining the syntactic structure of medical terms

(Lauer, 1995) points out that the existing apthat relies on using the statistical measure of asso-
proaches to resolving the ambiguity of noun phraseadation, the Log Likelihood Ratio, described in the
fall roughly into two camps: adjacency and dﬁ)a‘ollowing section.



3 LogLikeihood Ratio G? score of zero implies that the observed values are
eqgual to the expected and the trigram is represented

. S ) .. perfectly by the hypothesized model. Hence, we
fit _statlstl_c first propoged by (Wilks, 1938) to test if \?vould s);y i/hat they(?ata 'fits’ the model. Therefore
a given piece of data is a sample from a set of da&ﬁe higher theG? score, the less likely the words

with a specific distribution described by a hypoth(}: the trigram are represented by the hypothesized

The Log Likelihood Ratio ¢?) is a “goodness of

sized model. It was later applied by (Dunning, 1993

L odel.
as a way to determine if a sequence of N words (N-
gram) came from an independently distributed sam4 M ethods

ple. . -
(Pedersen et al., 1996) pointed out that there ef:1 Applying L og Likelihood to Structural
ists theoretical assumptions underlying ti&mea- Disambiguation

sure that were being violated therefore making thefhe independence model is the only hypothesized
unreliable for significance testing. (Moore, 2004)model used for bigrams (2-gram; a sequence of
provided additional evidence that althoug® may two words). As the number of words in an N-
not be useful for determining the significance of agram grows, the number of hypothesized models
event, its near equivalence to mutual informatioralso grows. The expected values for a trigram can
makes it an appropriate measure of word associbe based on four models. The first model is the
tion. (Mclnnes, 2004) applied? to the task of ex- independence model discussed above. The second
tracting three and four word collocations from rawis the model based on the probability that the first
text. word and the second word in the trigram are depen-
G?, formally defined for trigrams in Equation 4, dent and independent of the third word. The third
compares the observed frequency counts with thmodel is based on the probability that the second
counts that would be expected if the words in thand third words are dependent and independent of
trigram (3-gram; a sequence of three words) correhe first word. The last model is based on the prob-

sponded to the hypothesized model. ability that the first and third words are dependent
n and independent of the second word. Table 1 shows
G>=2% ) ngy. * lOQ(mm;Z ) (4)  the different models for the trigram XYZ.
T,Y,2 TYyz
The parameten,,. is the observed frequency of Table 1: Models for the trigram XYZ
the trigram wherer, y, andz respectively represent Model 1 | P(XYZ) / P(X) P(Y) P(2)
the occurrence of the first, second and third words Model 2 | P(XYZ) / P(XY) P(2)
in the trigram. The variablen,, . is the expected Model 3 | P(XYZ)/P(X)/ P(YZ)
frequency of the trigram which is calculated based Model 4 | P(XYZ)/ P(XZ) P(Y)

on the hypothesized model. This calculation varies

depending on the model used. Often the hypothe- gjigntly different formulas are used to calculate

sized model used is the independence model whi¢Re expected values for the different hypothesized
assumes that the words in the trigram occur togeth@igdels. The expected values for Model 1 (the in-
by chance. The calculation of the expected Va'“Q?ependence model) are given above in Equation 5.
based on this model is as follows: The calculation of expected values for Model 2, 3, 4

are seen in Equations 6, 7, 8 respectively.
Moy = Mot * Nyt * Ny /Nyyy ()

The parametery. ., is the total number of tri- Mays = Nyt * N2/ M4+ ©)

grams that exist in the training data, angd. .,
N4y+, andn . are the individual marginal counts
of seeing words:, y, andz in their respective posi- Mays = Nata * Mgyt /Nt (8)
tions in a trigram. AG? score reflects the degree to The parameten.., . is the number of times words
which the observed and expected values divergel.laé\andy occur in their respective positions,, . is

Mays = Nt * Nz /Mg (7



the number of times wordg and z occur in their from memory. At the Mayo Clinic, the dictations
respective positions and, ., , is the number of times are transcribed by trained personnel and are stored
that wordsr andz occur in their respective positions in the patient’s chart electronically.

in the trigram.

The hypothesized models result in different exfl'z'2 SNOMED-CT
pected values which results in a differet score. =~ SNOMED-CT (Systematized Nomenclature of
A G2 score of zero implies that the data are perfectijedicine, Clinical Terminology) is an ontologi-
represented by the hypothesized model and the o8l resource produced by the College of American
served values are equal to the expected. Therefof@athologists and distributed as part of the Unified
the model that returns the lowest score for a giveMedical Language SystenfUMLS) Metathesaurus
trigram is the model that best represents the strugdaintained by the National Library of Medicine.
ture of that trigram, and hence, best *fits’ the trigramSNOMED-CT is the single largest source of clini-
For example, Table 2 shows the scores returned f6@! terms in the UMLS and as such lends itself well

each of the four hypothesized models for the trigrariP the analysis of terms found in clinical reports.
“small bowel obstruction”. SNOMED-CT is used for many applications in-

cluding indexing electronic medical records, ICU
‘monitoring, clinical decision support, clinical trials,

Table 2. Example for the term “small bowel obstruc s e - )
computerized physician order entry, disease surveil-

tion”
Model | G2 score || Model | GZ score lance, image indexing and consumer health informa-
Model 1 | 11,635.45|| Model 2 | 5,169.81 tion services. The version of SNOMED-CT used in

Model 3 | 8,532.90 || Model 4 | 7,249.90 this study consists of more than 361,800 unique con-
cepts with over 975,000 descriptions (entry terms)
(SNOMED-CT Fact Sheet, 2004).

The smallestG? score is returned by Model 2
which is based on the first and second words ber3 Testset of Three Word Terms
ing dependent and independent of the third. Bas : :
on the data, Model 2 best represents or 'fits’ the tri%.-}é/e used SNOMED-CT to compile a list of terms

gram, “small bowel obstruction”. In this particularIn order to develop a test set to validate tﬁ.é
case that happens to be the correct analysis. method. The test set was created by extracting all

The frequency counts anG? scores for each trigrams from the corpus of clinical notes and all

. . ... three word terms found in SNOMED-CT. The inter-
model were obtained using the N-gram Statlsucgection of the SNOMED-CT terms and the trigrams
Packagé (Banerjee and Pedersen, 2003). 9

found in the clinical notes was further restricted to
42 Data include only simple noun phrases that consist of a

head noun modified with a set of other nominal or

The data for this study was C(_)Il_ected from tWoadjectival elements including adjectives and present
sources: the Mayo Clinic clinical notes and

SNOMED-CT ol S L 2001 and past participles. Adverbial modification of ad-
-CT terminology (Stearns et al., )- jectives was also permitted (e.g. “partially edentu-

421 Clinical Notes lous maxilla”). Noun phrases with nested prepo-

. . . sitional phrases such as “fear of flying” as well as
The corpus used in this study consists of over
. ) . three word terms that are not noun phrases such as
100,000 clinical notes covering a variety of ma-, . .y
does not eat” or “unable to walk” were excluded

jor medical specialties at the Mayo Clinic. Thes ) .
J P . Yo ! ?ré)m the test set. The resulting test set contains 710
notes document each patient-physician contact an[ems

: . |
are typically dictated over the telephone. They range . . .
ypicaly di v P yrang The intended interpretation of each three word

in length from a few lines to several pages of texterm (trigram) was determined by arriving at a
and represent a quasi-spontaneous discourse whEre 9 y 9

the dictations are made partly from notes and partly 2unified Medical Language System is a compendium of
over 130 controlled medical vocabularies encompassing ove
one million concepts.

thttp://www.d.umn.edu/ tpederse/nsp.html 12



consensus between two medical index expertienotes a specific disorder where one leg is of a dif-
(kappa=0.704). These experts have over ten yearsfefent length from the other. Various combinations
experience with classifying medical diagnoses andf subunits within this term result in nonsensical ex-
are highly qualified to carry out the task of deterpressions.

mining the intended syntactic structure of a clinical

term. Table 4: Distribution of term types in the test set
Type Count | %total
Table 3: Four Types of Syntactic Structures of Tri- Left-branching 251 35.5
gram Terms Right-branching| 378 534
left-branching ((XY)Z2): Non-branching 6 0.8
[[urinary tract] infection] Monolithic 73 10.3
[[right sided] weakness] [ Total | 708 [ 100 |

right-branching (X(Y 2)):
[chronic [back pain]]
[low [blood pressure]]
non-branching ((X)(Y)(2)):
[[follicular][thyroid][carcinomal]]
[[serum][dioxin][level]]
monolithic (XY Z):
[difficulty finding words]
[serous otitis media] 5 Evaluation

Finally, there were two terms for which no con-
sensus could be reached: “heart irregularly irregu-
lar" and “subacute combined degeneration”. These
cases were excluded from the final set. Table 4
shows the distribution of the four types of terms in
the test set.

) ‘We hypothesize that general English typically has
In the process of annotating the test set of triz ghecific syntactic structure in the medical domain,

grams, four types of terms emerged (Table 3). Thgpich provides a single semantic interpretation. The
first two types are left and right-branching where the o erns observed in the set of 710 medical terms

left-branching phrases contain a left-adjoining grougescrined in the previous section suggest that the
that modifies the head of the noun phrase. The righf2 method offers an intuitive way to determine the

branching phrases contain a right-adjoining grougyycture of a term that underlies its syntactic struc-
that forms the kernel or the head of the noun phrasge.

and is modified by the remaining word on the left.

The non-branching type is where the phrase contains o

a head noun that is independently modified by the Table 5:G Model Descriptions
other two words. For example, in “follicular thyroid left-branching | Model 2 | [[XY] Z ]
carcinoma”, the experts felt that “carcinoma” was | fight-branching| Model 3 | [ X [YZ] ]
modified by both “follicular” and “thyroid” indepen-

dently, where the former denotes the type of cancer The left and right-branching patterns roughly cor-
and the latter denotes its location. This intuition isespond to Models 2 and 3 in Table 5. Models 1
reflected in some formal medical classification sysand 4 do not really correspond to any of the pat-
tems such as the Hospital International Classificderns we were able to identify in the set of terms.
tion of Disease Adaptation (HICDA) where cancerdModel 1 would represent a term where words are
are typically classified with at least two categories eompletely independent of each other, which is an
one for location and one for the type of malignancyunlikely scenario given that we are working with
This type of pattern is rare. We were able to identerms whose composition is dependent by definition.
tify only six examples out of the 710 terms. TheThis is not to say that in other applications (e.g.,
monolithic type captures the intuition that the termsyntactic parsing) this model would not be relevant.
function as a collocation and are not decomposabModel 4 suggests dependence between the outer
into subunits. For example, “leg length discrepan(i)éédges of a term and their independence from the




Agreement and the other by assuming that each term is right-

i branching. As is clear from Table 4, the left-
= fg branching baseline is 35.5% and the right-branching
ie® S baseline is 53.4% meaning that if we simply as-
%50 = sign left-branching pattern to each three word term,
53 ;3 we would agree with human experts 35.5% of the

522, time. TheG? method correctly identifies 185 tri-
& 13 7 grams as being left-branching (Model 2) and 345 tri-
et T — I grams as being right-branching (Model 3). There are

Technique 116 right-branching trigrams incorrectly identified

as left-branching, and 62 left-branching trigrams in-
. . . . correctly identified as right- branching. Thus the
:'Zlgur.eth.) Con;parlsor:j CF): Lhe reﬁ_ults with tw?. basefnethod and the human experts agreed on 530 (75%)
INes: L-branching and R-branching assumplions . ,q out of 708 (kappa=0.473), which is better than
both baselines (Figure 1). We did not find any over-

middle word, which is not motivated from the standlap between the terms that human experts annotated
point of a traditional context free grammar whichas non-branching and the terms whose corpus dis-
prohibits branch crossing. However, this model majfibution can be represented by Model 4 ([[XZ]Y]).
be welcome in a dependency grammar paradigm. This is not surprising as this pattern is very rare.
One of the goals of this study is to test an apMost of the terms are represented by either Model 2
plication of theG2 method trained on a corpus of (left-branching) or Model 3 (right-branching). The
medical data to distinguish between left and rightmonolithic terms that the human experts felt were
branching patterns. The method ought to sugge8ft decomposable constitute 10% of all terms and
the most likely analysis for an NP-based medicdn@y be handled through some other mechanism
term based on the empirical distribution of the ternsuch as collocation extraction or dictionary lookup.
and its components. As part of the evaluation, wEXxcluding monolithic terms from testing results in
compute theG?2 scores for each of the terms in the83.5% overall agreement (kappa=0.664).
test set, and picked the model with the lowest score
to represent the structural pattern of the term. We We observed that 53% of the terms in our test
compared these results with manually identified paB€t are right-branching while only 35% are left-
terns. At this preliminary stage, we cast the problerRranching. (Resnik, 1993) found between 64% and
of identifying the structure of a three word medicaff 7% of nominal compounds to be left-branching and
term as a binary classification task where a term igsed that finding to establish a baseline for his exper-
considered to be either left or right-branching, efiments with structural ambiguity resolution. (Nakov
fectively forcing all terms to either be representednd Hearst, 2005) also report a similar percentage

by either Model 2 or Model 3. (66.8%) of left-branching noun compounds. Our
test set is not limited to nominal compounds, which
6 Resultsand Discussion may account for the fact that a slight majority of the

terms are found to be right-branching as adjectival
In order to validate theG? method for determin- modification in English is typically located to the
ing the structure of medical terms, we calculatedeft of the head noun. This may also help explain
the agreement between human experts’ interprettiie fact that the method tends to have higher agree-
tion of the syntactic structure of the terms and thenent within the set of right-branching terms (85%)
interpretation suggested by ti@&® method. The vs. left-branching (62%).
agreement was computed as the ratio of match-
ing interpretations to the total number of terms be- We also observed that many of the terms marked
ing interpreted. We used two baselines, one estabs monolithic by the experts are of Latin origin such
lished by assuming that each term is Ieft—branchmgs the term in Example 9 or describe the functional



status of a patient such as the term in Example 10.assign this term to the DIFFICULTY frame with
a frame element whose lexical content is “staying
erythema ab; igne; (9)  asleep”. The method appropriately identifies the
term “difficulty staying asleep” as right-branching
(Model 3) where the words “staying asleep” are
Example 10 merits further discussion as it illus-grouped together. This is an example based on in-
trates another potential application of the methoébrmal observations; however, it does suggest a util-
in the domain of functional status terminology. Asity in constructing frame-based representation of at
was mentioned in the introduction, functional statugeast some clinical terms.
terms may be be represented as a predication with
a set of arguments. Such view of functional statu¢ Limitations

terminology lends itself well to a frame-based reprerha main limitation of the2 method is the expo-

sentation of functional status terms in the context gf o tial growth in the number of models to be evalu-
a database such as FrameRlet PropBank. One of - ;e with the growth in the length of the term. This
the challenging issues in representing functional Stdmnitation can be partly alleviated by either only con-
tus terminology in terms of frames is the diStinCtionsidering adjacent models and limiting the length to
betwet_an_the core predicat.e and the frame elemenys; words, or using a forward or backward sequen-
(Ruggieri et al., 2004). It is not always clear whatis| search proposed by (Pedersen et al., 1997) for

lexical material should be part of the core predicatg,o problem of selecting models for the Word Sense
and what lexical material should be part of one Pisambiguation task.

more arguments. Consider the term in Example 10

which represents a nominalized form of a predica8 Conclusions and Future Work

tion. Conceivably, we could analyze this term as a_ . ] ]

frame shown in Example 11 where the predicatiod NS paper2presented a simple but effective method
consists of a predicate [DIFFICULTY] and two ar- based onG~ to determine the _mternal structure of
guments. Alternatively, Example 12 presents a dnl_hree—word noun phrase medical terms. The abil-
ferent analysis where the predicate is a specific kin
of difficulty with a single argument.

difficulty ; swallowing, solids; (20)

iy to determine the syntactic structure that gives
rise to a particular semantic interpretation of a med-
ical term may enable accurate mapping of unstruc-

[P:DIFFICULTY] tured medical text to standardized terminologies and
[ARG1:SWALLOWING_acTiviTY -]  (11) nomenclatures. Future directions to improve the ac-
[ARG2:SOLIDS. pATIENTS] curacy of our method include determining how other

measures of association, such as dice coefficient and
[P:SWALLOWING DIFFICULTY] (12) x2, perform on this task. We feel that there is a pos-
[ARG1: SOLIDS pATIENT] sibility that no single measure performs best over all
The analysis dictates the shape of the framd¥pes of terms. In that case, we plan to investigate in-
and how the frames would fit into a network ofcorporating the different measures into an ensemble-
frames. TheG2 method identifies Example 10 asPased algorithm. o _ .
left-branching (Model 2), which suggests that it Ve believe the model-fitting method is not lim-
would be possible to have a parent DIFFICULTYited to structural ambiguity resolution. This method

frame and a child CLIMBING DIFFICULTY that could be applied to automatic term extraction and
would inherit form its parent. An example where@Utomatic text indexing of terms from a standard-

this is not possible is the term “difficulty staying ized vocabulary. More broadly, the principles of us-
asleep” where it would probably be nonsensical or 4ng _distributional characteristics of word. sequences
least impractical to have a predicate such as [STAYerived from large corpora may be applied to unsu-
ING DIFFICULTY]. It would be more intuitive to Pervised syntactic parsing.

Shttp://www.icsi.berkeley.edu/framenet/
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1

Today, the Internet is a powerful tool for discov
ering novel information via news feed providers
This is becoming increasingly important for th
public health domain because it can help to dé"d
tect emerging and re-emerging diseases. In infet-
tious disease surveillance systems such as the Globoatal
Public Health Intelligence Network (GPHIN) sys-
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Abstract

This paper investigates the roles of named
entities (NE’s) in annotated biomedical text
classification. In the annotation schema of
BioCaster, a text mining system for pub-
lic health protection, important concepts that
reflect information about infectious diseases
were conceptually analyzed with a formal
ontological methodology. Concepts were
classified as Types, while others were iden-
tified as being Roles. Types are specified
as NE classes and Roles are integrated into
NEs as attributes. We focus on the Roles
of NEs by extracting and using them in
different ways as features in the classifier.
Experimental results show that: 1) Roles
for each NE greatly helped improve perfor-
mance of the system, 2) combining informa-
tion about NE classes with their Roles con-
tribute significantly to the improvement of
performance. We discuss in detail the effect
of each Role on the accuracy of text classifi-
cation.

I ntroduction

€

ProMed-Mail (International Society for Infectious
Diseases, 2001), the detection and tracking of out-
breaks using the Internet has been proven to be a
key source of information for public health work-
ers, clinicians, and researchers interested in com-
municable diseases. The basis for such systems is
the monitoring of a large number of news articles
simultaneously. The classification of news articles
into disease-related or none disease-related classes
is the first stage in any automated approach to this
task. In practice though there are a large humber of
news articles whose main subject is related to dis-
eases but which should not necessarily be notified
to users together with a relatively small number of
high priority articles that experts should be actively
alerted to. Alerting criteria broadly include news re-
lated to newly emerging diseases, the spread of dis-
eases across international borders, the deliberate re-
lease of a human or engineered pathogen, etc. The
use of only raw text in the classification process in-
evitably fails to resolve many subtle ambiguities, for
example semantic class ambiguities in polysemous
words like “virus”, “fever”, “outbreak”, and “con-
trol” which all exhibit a variety of senses depending
on context. These different senses appear with rela-
tively high frequency in the news especially in head-
lines. A further challenge is that diseases can be de-

noted by many variant forms. Therefore we consider
that the use of advanced natural language process-
(NLP) techniques like named entity recognition
ER) and anaphora resolution are needed in order

chieve high classification accuracy.

Text classification is defined as the task of as-

tem (Public Health Agency of Canada, 2004) andigning documents into one or more predefined cat-

17

BioNLP 2007: Biological, translational, and clinical language processing, pages 17-24,
Prague, June 2007. (©2007 Association for Computational Linguistics



egories. As shown by (Cohen and Hersh, 20053nd XML classification (Zaki and Aggarwal, 2003).
an accurate text classification system can be espgther research has investigated the contribution of
cially valuable to database curators. A document semantic information in the form of synonyms, syn-
the biomedical domain can be annotated using NBRBX, etc. in text representation (Bloehdorn and
techniques with enriched semantic information ifotho, 2004; Hotho et al., 2003; drikranz et al.,
the form of NEs such as the disease, pathogen, lock898). Feature selection (Scott and Matwin, 1999)
tion, and time. NER and term identification in genhas also been studied. The contribution of this paper
eral have been recognized as an important reseaisho provide an analysis and evaluation on the Roles
topic both in the NLP and biomedical communitieof NEs in annotated text classification.
(Krauthammer and Nenadic, 2004). However, an in- The rest of this paper is organized as follows: in
vestigation into the contribution of NEs on the perSection 2, we outline the BioCaster schema for the
formance of annotated biomedical text classificatioannotation of terms in biomedical text; Section 3
has remained an open question until now. There apeesents a description of the BioCaster gold standard
two main reasons for this: Firstly there are a smadlorpus; Section 4 provides details of the method
number of open annotation schema for biomedicahd experimental results of classification on the gold
text, and secondly there is no benchmark annotatethndard corpus. Finally we draw some conclusions
data for testing. in Section 5.

The BioCaster project (Collier, 2006) is working _ _
towards the detection and tracking of disease of- BioCaster Schema for Annotation of
breaks from Internet news articles. Although there T€rmsin Biomedical Text

are several schema for biomedical text (Wilbur et akspe BioCaster annotation schema is a component of
2006), little work has been done on developing onge gioCaster text mining project. We have iden-
specifically for public health related text. BioCastefifjoq several important concepts that reflect infor-
therefore provides an annotation schema that can filation about infectious diseases, and created guide-
this gap. Our schema, which is based on discussiofifes for annotating them as target entity classes
with biologists, computational linguists and publiGy (x5 Based on the conceptual analysis using
heallth experts, helps. identify entities related_ to Nneta-properties (rigidity, identity, and dependency)
fectious diseases which are then used to build UPsRveloped by Guarino and Welty (2000a; 2000b)
detailed picture of events in later stages of text Mincataqories of important concepts were classified as
ing. One significant aspect of the schema is thatﬂ/pes, i.e., properties which are rigidnd supply

is based on conceptual analysis with a formal oRgenity conditions, while others were identified as
tological methodology. As discussed in (Kawazogeing Roles, properties which are anti-rigiand

et al., 2006), by applying meta-properties (Guaringgpendent. Thes categories of Type concepts

and Welty, 2000a; Guarino and Welty, 2000b), 0ukre specified as NE classes which we denote here
“markable” concepts are classified into “Type” angl, upper case. These include PERSON, LOCA-
“Role”. Information about Role concepts is inte1oN. ORGANIZATION. TIME. DISEASE éON-
grated into the schema as attributes on NEs. ThigTioN (status of patient such as “hospitalized”
work takes the investigation one step forward by «n stable condition”), OUTBREAK (event of
showing emp|r_|cal ewde_nce for_the_ usefulness Cﬁroup infection), VIRUS, ANATOMY (body part),
Role concepts in a practical application. _PRODUCT (biological product such as “vaccine”),

In this paper, we focus on the task of text classifiyonHUMAN (animals), DNA, RNA, PROTEIN
cation, proceeding under the simplifying assumptio oNTROL (control measures to contain the dis-
that given enough annotated training data for NE@ase) BACTERIA. CHEMICAL and SYMPTOM.

ar_wd thelr Roles both can be automatically taggefhe three Role concepts we explore aase (dis-

with high accuracy. In recent years there have been

many studies on text classification using general A Property isrigidif every instance of that property neces-
.. ] - gf)arlly has the property, i.e. in every possible world.

methods (Sebastiani, 2002; Yang and Liu, 199 2/ property isanti-rigid if no instance of that property nec-

semi-structured texts (Kudo and Matsumoto, 2004¢ssarily has the property.
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eased person)transmission (source of infection) notators, we consulted a public health expert in order
andtherapeutic (therapeutic agent). These are inteto decide the most appropriate assignment. Finally
grated into the annotation schema as XML attributegse had a total o600 articles that were fully anno-
which are associated with some XML elements ddated. While this is small compared to other data
noting Type concepts. PERSON takexase at- sets in text classification, we consider that it is large
tribute, NONHUMAN and ANATOMY taketrans- enough to obtain a preliminary indication about the
mission, PRODUCT takegransmission andthera- usefulness of Role attributes.
peutic and CHEMICAL takegherapeutic. For PER- The following is an example of an annotated arti-
SON we added another attributeimber (number cle in the BioCaster gold standard corpus.
of people). Each attribute has only one value, the Example.
value of number is one or many, and the value of <DoC i d="000125" | anguage="en- us"
case, transmission, therapeutic is true or false. This source="WHO' domai n="heal t h"
is summarized in Table 1. In the rest of this papesubdomai n="di sease"
we callcase, transmission, andtherapeutic “Role at-  dat e_publ i shed="2005- 03- 17"
tributes” (or “Role” for short) andwumber a “Qual- rel evancy="al ert"> <NAME cl =" DI SEASE" >
ity attributes” (or “Quality” for short). Acute fever </NAME> and <NAME

A NE in a biomedical text is annotated followingcl =" DI SEASE" > rash syndrome </ NAME> in
the BioCaster annotation schema in XML format asNAMVE cl =" LOCATI ON" >Ni ger i a</ NAME> <NAME

follows, cl="TIME"> 17 March 2005 </ NAME><NANE

<NAME cl ="Naned Entity" cl =" ORGANI ZATI ON'> WHO</ NAME> has recei ved

attributel="val uel" attribute2="val ue2" reports of <NAME cl ="PERSON' case="true"
</ NAVE>, number =" many" > 1118 cases </ NAVE>

where" Named Entity" is one of the names for thei ncl udi ng <NAME cl =" PERSON" case="true"
18 BioCaster NEs andttributel, attribute2, nunmber="many">76 deaths</ NAME>case

are the names of the NE’s Role/Quality atfatality rate, 6.8% reported in 12
tributes," val uel", "value2", ... arevaluescor- Local Government Areas (LGAs) of <NAVE
responding to Role/Quality attributes. Further des! =" LOCATI ON'>damava </ NAME> state, <NAMVE

tails of the annotation guidelines are discussed fh =" LOCATI ON"> Ni geri a</ NAVE> as of <NAME
(Kawazoe et al., 2006). cl ="TI ME">28 February 2005</ NAME>. The

cases have been clinically diagnosed
3 BioCaster Gold Standard Data Corpus @S <NAVE cl ="DI SEASE"> neasl es </ NAVE>

but no | aboratory diagnosis has been
The BioCaster gold standard corpus was collectegide to date. Qher states, including
from Internet news and manually annotated by tweNAME cl =" LOCATI ON' >Gonbe</ NAVE>,
doctoral students. The annotation of a news artickNAVE cl =" LOCATI ON' >Ji gawa</ NAVE>, <NAMVE
proceeded as follows. Firstly, NEs are annotated fatt =" LOCATI ON' >Kaduna</ NAME>, <NAME
lowing the BioCaster schema and guidelines. Sect="LOCATI ON' >Kano</ NAME>, and <NAME
ondly, each annotated article is manually assigneti="LOCATI ON' >Kebbi </ NAVE> have al |
into one of four relevancy categoriealert, publish, reported <NAME cl =" OQUTBREAK" > out br eaks
check, andregject. The assignment is based on guide</ NAVE> of <NAME cl =" DI SEASE" > neasl es
lines that we made following discussions with epi</ NAME>. .. </ DOC>
demiologists and a survey of World Health Organi- We grouped thé&00 articles into 2 categoriese-
zation (WHO) reports (World Health Organizationject andrelevant. Theregject category corresponds
2004). These categories are currently being used gimply to articles with labelgject while therelevant
erationally by the GPHIN system which is used bygategory includes articles with labeldert, pub-
the WHO and other public health agencies. Whelésh, andcheck. We conflated thalert, publish and
there were major differences of opinion in NE annoeheck categories because we hypothesized that dis-
tation or relevancy assignment between the two atinguishing between non-reject (relevant) categories
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Named entity Role/Quality attributes

Named entity Role/Quality attributes

PERSON case, number ANATOMY  transmission
ORGANIZATION none SYMPTOM  none

LOCATION none CONTROL none

TIME none CHEMICAL therapeutic

DISEASE none BACTERIA none

CONDITION none PRODUCT  transmission, therapeutic
NONHUMAN transmission DNA none

VIRUS none RNA none

OUTBREAK none PROTEIN none

Table 1: Lists of Named entity classes and their Role/Quality attributes in BioCaster annotation schema.

would require higher level semantic knowledge such The details of extracting NEs and their Roles

as pathogen infectivity and previous occurrence hiffom annotated texts are the followings.

For the

tory which is the job of the text mining system andsake of convenience, we divided features into 3
the end user. Finally we had a total 269 news groups: Features for each NE, features for NEs with
articles belong to thegject category an@31 news Role/Quality, and features for combined NEs with
articles belong to theelevant category. The statis- Role/Quality.

tical information about NEs is shown in Table 2. In
the table, “+” stands for the frequency of NEs in the 1
relevant category and “-” stands for the frequency of
NEs in thergject category.

4 Experiments

4.1 Method

We used the BioCaster gold standard corpus to in-
vestigate the effect of NE classes and their Role at-
tributes on performance of classification. In order 2.
to avoid unnecessary data, we removed the first line
containing DOC tag of all article in the corpus. The
validation is as follows. We randomly divided the
data set into 10 parts. Each of the first 9 parts has 23
articles belonging to thesdevant category and 27 ar-
ticles belonging to thegject category; the 10th part
has 24 articles belonging to tihdevant and 26 arti-
cles belonging to thegject categories. Then, we im-
plemented 10-fold cross validation: 9 parts for train-
ing and 1 part for testing sets. For the training set we
extracted NEs classes and their Roles as features to
build a classifier. The remaining part was used for
testing.

The classifier we use in this paper is the standard
Naive Bayes classifier (Mitchell, 1997). In the pre-
processing we did not use a stop list and no word
stemming. The experiments were implemented in
Linux OS, using the Bow toolkit (McCallum, 1996).
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Features for each NE: Each NE is extracted and
used with raw text as features. We denoted NE1
as features extracted from named entity NE1.
For example, DISEASE1 means features are
raw text and DISEASE class, VIRUS1 means
features are raw text and VIRUS class. An ex-
ample of features for PERSONL1 is shown in
Table 3.

Features for NEs with Role/Quality: We inves-
tigated the effect of NEs with Roles/Qualities,
i.e., case, number, therapeutic, andtransmis-
sion. Features are chosen as follows.

- PERSON+case+number: Raw text and
PERSON class with both Rolease and
Quality number are used as features.

- PERSON+case: Raw text and PERSON
class with Rolecase are used as features.

- PERSON+number: Raw text and PER-
SON class and Qualitpumber are used
as features.

- NONHUMAN-+trans: Raw text and
NONHUMAN class and Roldéransmis-
sion are used as features.

- ANATOMY+trans: Raw text and
ANATOMY class and Roldransmission
are used as features.



NE class Frequency Total NE class Frequency Total

PERSON +3291/-4978 8269 ANATOMY  +263/-224 487
ORGANIZATION +1405/-3460 4865 SYMPTOM +293/-105 398
LOCATION +2432/-2409 4841 CONTROL  +282/-87 369
TIME +1159/-1518 2677 CHEMICAL +108/-185 293
DISEASE +1164/-456 1620 BACTERIA +136/-103 239
CONDITION +689/-206 895 PRODUCT  +124/-74 198
NONHUMAN +393/-344 737 DNA +8/-55 63
VIRUS +428/-127 555 RNA +0/-55 55
OUTBREAK +460/-75 535 PROTEIN +5/-32 37

Table 2: The frequency of NE classes in the BioCaster gold standard corpus, “+” denotes the frequency in
therelevant category and “-” denotes the frequency in tiegect category.

Example of <NAME cl| =" ORGANI ZATI ON'> WHO</ NAME> has

annotated text received reports of <NAME cl =" PERSON' case="true"
nunber ="nmany"> 1118 cases </ NAME>

Text only “WHO?”, “has”, “received”, “reports”, “of”, “1118", “cases”

PERSON1 “WHO?”, “has”, “received”, “reports”, “of”, “1118", “cases”, “PERSON"

PERSON+case+number “WHO?", “has”, “received”, “reports”, “of”, “1118", “cases”, “PERSON",
“case”, “number”

PERSON-+case “WHOQ?", “has”, “received”, “reports”, “of”, “1118", “cases”, “PERSON",
“case”

PERSON-+number “WHO", “has”, “received”, “reports”, “of”, “1118", “cases”, “PERSON?”,
“number”

Table 3: An example of using different features for PERSON class as training data.

- PRODUCT+trans+thera: Raw text and i.e., therapeutic andtransmission. We investi-
PRODUCT class and both Rolgansmis- gated 5 different features as follows:
sion andtherapeutic are used as features. - Text only: Only raw text is used as fea-
- PRODUCT+trans: Raw text and PROD- tures.
UCT class and Rolgansmission are used - Text+DiseaseNEs: Raw text and all 14
as features. NEs disease-related classes are used as
- PRODUCT+thera: Raw text and PROD- features.
UCT class and Rolénerapeutic are used - Text+DiseaseNEs+Roles: Raw text and
as features. all 14 NEs disease-related classes with
- CHEMICAL+thera: ~ Raw text and Roles are used as features. We note that
CHEMICAL class and Roleherapeutic there are two Roletherapeutic andtrans-
are used as features. mission in this case.

- Text+AlINEs: Raw text and all NE classes
are used as features.

- Text+AlINEs+Roles: Raw text and all NE
classes with Roles are used as features. In
this case we have all 3 Rolease, thera-
peutic andtransmission.

3. Features for combined NEs with Roles. We
investigate features for disease-related NEs
which include DISEASE, VIRUS, BACTE-
RIA, SYMPTOM, CONDITION, CONTROL,
DNA, PROTEIN, RNA, OUTBREAK, PROD-
UCT, ANATOMY, NONHUMAN, CHEMI-
CAL and features for all NEs with their Roles, An example of using different features for PER-
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YESis correct NOis correct ~ when compared to raw text. This is natural as there
AssignedYES a b is no obvious correlation between time and rele-
AssignedNO c d vancy. From the result tables we can conclude that
the effectiveness of each NE on the performance of
classification in our corpus is decreased in the fol-

Table 4: A contingency table.

lowing order.
SON class is shown in Table 3. PERSON> LOCATION > ORGANIZATION >
DISEASE > CONDITION = VIRUS = OUT-
42 Resultsand Discussions BREAK > NONHUMAN = ANATOMY = SYMP-

The details of experimental results are shown in thEOM = CONTROL = BACTERIA = PRODUCT =
following sections. We use two performance meaPROTEIN> CHEMICAL = DNA = RNA > TIME
sures, standard Precision/Recall and accuracy. Theyn particular, 7 NEs, i.e., PERSON, LO-
are calculated based on the two-way contingency t@ATION, ORGANIZATION, DISEASE, CONDI-
ble in Table 4. In the tabley counts the assigned TION, VIRUS, OUTBREAK improve performance,
and correct case$, counts the assigned and incorwhile TIME significantly reduces it. Two NEs DNA
rect cases¢ counts the not assigned but incorrecand RNA that have low frequency weakly reduce
cases, and/ counts the not assigned and correqterformance.

cases (Yang, 1999). Then, . e
4.2.2 Effectiveness of Roles on Classification

Precision= Lj and Recal= — % In this Section we investigate the effect of each
a+b a+c Role on performance. The experimental results are

Accuracy is defined as accurady=+ d)/(a + b+ Shown in Table 6. We can easily observe that Roles

¢+ d). in NEs improved both the accuracy and Precision
_ significantly.
4.2.1 Effectiveness of Each NE Class We first consider the Rolease. This Role is as-

In order to investigate the effect of NEs on persociated to PERSON which has highest frequency
formance, we consider the baseline as the methodthe corpus. Rolease helped improve the ac-
using text only. In experiment the baseline achievezliracy from76.8% to 80.60%, and Precision from
a performance df4.40% accuracy an@4.35% Pre- 66.57% to 74.43% for PERSON. This is significant
cision, 100% Recall. We can see that Recall alwaysvhen we compare to the baseline with.4% ac-
achievesl00% in all cases. This may be due to thecuracy and64.35% Precision. We note that PER-
small size of data. However it is interesting that w&ON has another attribute, the Qualitymber. Role
can observe the change of Precision measure - ease helps PERSON with Quality number improve
important measure in our case. Hereafter we discue accuracy fron78.00% to 81.80% and Precision
accuracy and Precision only. from 67.74% to 71.74%. Moreover, we can obvi-

The effectiveness of each NE class is shown in Tausly draw the relative comparison about effective-
ble 5. The results show that each NE does not haness between Rolease and Qualitynumber from
the same effect. Compared to the baseline, neatlyese results, it yields thaase > number.
half the total NEs (7/18) help improve performance We proceed to investigate the effect of Ralas -
while the others do not have a significant affect. apeutic and transmission. Obviously we see that

Looking at the distribution of NE frequency in Ta-their effects on performance are positive. Specifi-
ble 2, it seems that the higher the frequency of theally, transmission help NONHUMAN improve the
NE class, the better the performance it provides. Faccuracy fronv4.40% to 74.60%, therapeutic helps
example, PERSON achieved the best of #l.§0% CHEMICAL improve the accuracy frorfi4.20% to
accuracyf6.57% Precision compared @©t.40% ac- 74.40%. They both have not effects on some mi-
curacy and4.35% Precision when using raw text). nor NE classes like ANATOMY and PRODUCT. If
However this trend is not always followed, for ex-we had more training data with more of these mi-
ample, the TIME class tends to reduce performanc®mr NE classes we hope to see a positive effect from
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Named entity Accuracy Pre/Rec Named entity ~ Accuracy Pre/Rec

PERSON1 76.80 66.57/100 ANATOMY1 74.40 64.35/100
ORGANIZATION1 75.40 65.25/100 SYMPTOM1  74.40 64.35/100
LOCATION1 75.60 65.44/100 CONTROL1 74.40 64.35/100
TIME1 73.00 63.11/100 CHEMICAL1 74.20 64.17/100
DISEASE1 75.00 64.89/100 BACTERIA1  74.40 64.35/100
CONDITION1 74.60 64.53/100 PRODUCT1  74.40 64.35/100
NONHUMAN1 74.40 64.35/100 DNA1 74.20 64.17/100
VIRUS1 74.60 64.53/100 RNAl 74.20 64.17/100
OUTBREAK1 74.60 64.53/100 PROTEIN1 74.40 64.35/100

Table 5: Performance of each NE class in which features of NEs in bold text have Role attributes.

FEATURES Accuracy Pre/Rec  FEATURES Accuracy Pre/Rec
Baseline 74.40 64.35/100 Baseline 74.40 64.35/100
PERSON1 76.80 66.57/100 Text+DiseaseNEs 75.80 65.63/100
PERSON-+number 78.00 67.74/100 Text+DiseaseNEs+Roles76.20 66.00/100
PERSON+case 80.60 74.43/100  Text+AlINEs 79.40 69.16/100

PERSON-+case+number 81.80 71.74/100 Text+AlINEs+Roles 84.40 74.76/100

NONHUMAN1 74.40 64.35/100 . .
NONHUMAN-+trans 74.60 6453100 rable 7: The performance of combined NEs with

ANATOMY1 74.40 64.35/100 their Roles.

ANATOMY +trans 74.40 64.35/100

PRODUCTL 74.40 64.35/100 are associated to Rolekerapeutic and transmis-
PRODUCT+trans 74.40 64.35/100  sion in the corpus. Then, we can have the effect

PRODUCT+therapeutic  74.40 64.35/100  of Roles/Qualities is in the ordease > number >
PRODUCT+trans+thera 74.40 64.35/100  therapeutic = transmission.

CHEMICAL1 74.20 64.17/100
CHEMICAL+therapeutic 74.40 64.35/100 4.2.3 Effectiveness of Combined NEswith
Roles

Table 6: Performance of Role attributes with their
NEs. We continue to investigate the effectiveness of

Roles for combined NEs. The experimental re-
sults are given in Table 7. We note that there are
Roles on them. Interestingly, while NEs associateglvo Rolestherapeutic andtransmission in disease-
to Roles do not improve the accuracy like NONHUrelated NE classes, and all 3 Rotese, therapeutic
MAN and CHEMICAL, their Roles helped improve andtransmission in all NE classes.
the accuracy. Based on the improvementsrafis:  \ve can easily see that Roles improved perfor-
mission and therapeutic in Table 6, we can draw mance of text classification significantly. In de-
their effectiveness are the same on their NEs, thglils for disease-related NE classes, Rdlesa-
is therapeutic = transmission. peutic and transmission helped to improve the ac-
When we compare the effect of all Roles on pereuracy from74.40% to 76.20%, and Precision from
formance, we can see that the improvements of Ratd.35% to 66.% compared to the baseline. For all
case and also Qualitynumber are much higher than NE classes, all 3 Rolasase, therapeutic, andtrans-
the improvements of Roletherapeutic andtranss mission help to improve the accuracy froft.40%
mission. We think this is because the frequency ofo 84.40% and Precision fron64.35% to 74.76%.
PERSON (NE associated to Ratase and Quality We conclude that all 3 Roles achieved the best re-
number) is higher than the frequency of NEs whichsults in performance.

23



5 Conclusion A. Hotho, S. Staab, and G. Stumme. 2003. WordNet im-
proves text document clustering. Pnoc. of the SGIR
This paper has focused on the contribution of Roles 2003 Semantic Web Workshop, 2003.

in biomedical annotated text classification. The SXnternational Society for Infectious Diseases. 2001.

perimental results indicated that: Promed mailht t p: / / www. pr omedmai | . or g.
. A. Kawazoe, L. Jin, M. Shigematsu, R. Barrero, K.
1. Roles of each NE greatly help improve perfor: Taniguchi, and N. Collier. 2006. The development of

mance of the system. a schema for the annotation of terms in the BioCaster
_ _ ~ disease detection/tracking system. Aroceedings of
2. The effect of Role/Quality attributes on classi- the International Workshop on Biomedical Ontology

fication was decreased in the order as follows: inAction (KR-MED 2006), pages 77-85.

case > number > therapeutic = transmission. M, Krauthammer and G. Nenadic. 2004. Term identifi-
cation in the biomedical literaturdournal of Biomed-
3. Combined NE classes with Roles contribute ical Informatics, 37(6):512-526.

significantly to the improvement of perfor- T. Kudo and Y. Matsumoto. 2004. A boosting algorithm

mance. for classification of semi-structured text. Rroceed-
ings of the 2004 Conference on Empirical Methods in
Acknowledgments NLP, pages 301-308.

. . . K. McCallum. 1996. Bow: A toolkit for sta-
The authors wish to thank Mika Shigematsu an tistical language modeling, text retrieval, classifica-

KiyOSU TanigUChi at the National Institute of Infec- tion and clustering.ht t p: / / www. ¢s. cnu. edu/
tious Diseases for useful discussions. This work was™ ntcal | unf bow.

supported by Grants-in-Aid from the Japan Society \; witchell. 1997.Machine Learning. McGraw-Hill.

for the Promotion of Science (grant no. 18049071).
Public Health Agency of Canada. 2004. Global Pub-
lic Heath Intelligence Network (GPHIN). htt p:

References I [ www. gphi n. org.

S. Scott and S. Matwin. 1999. Feature engineering for
text classification. IrProc. of International Confer-
ence on Machine Learning 1999, pages 379-388.

S. Bloehdorn and A. Hotho. 2004. Boosting for text
classification with semantic features. Pnoc. of the
Workshop on Mining for and from the Semantic Web
at the 10th ACM SIGKDD 2004, pages 70-87. F. Sebastiani. 2002. Machine learning in automated text

categorizationACM computing survey, 34(1):1-47.

A.M. Cohen and W.R. Hersh. 2005. A survey of curren i
work in biomedical text miningBriefing in Biolnfor- W, Wilbur, A. Rzhetsky, and H. Shatkay. 2006. New

; . directions in biomedical text annotation: definition
matics, 6(3):57-71. S . S '
) guidelines and corpus constructioBMC Bioinfor-
N. Collier. 2006. BioCaster text mining projedtt t p: matics, 7(356):1471-2105.
/'I'biocaster.nii.ac.jp. World Health Organization. 2004. ICD10, Interna-

tional Statistical Classification of Diseases and Related

J. Furnkranz, T. Mitchell, and E. Riloff. 1998. A case  Health Problems, Tenth Revision.

study in using linguistic phrases for text categorization
on the WWW. InWbrking Notes of the AAAI/ICML Y. Yang and X. Liu. 1999. A re-examination of text
Workshop on Learning for Text Categorization, pages categorization methods. IRroc. of 22th ACM Int’l.
5-13. Conf. on Research and Development in Information
Retrieval, pages 42—49.

N. Guarino and C. Welty. 2000a. A formal ontology of . -
properties. IrProceedi>rlwgs of the 2000 Conference (?g/ Y. Yang. 1999. An gvaluatlon (.)f statls.tlcal approaches
Knowledge Engineering and Knowledge Management tq text categorizationInformation Retrieval Journal,
(EKAW-2000), pages 97—112. 1:69-90.

_ ) _M.J. Zaki and C.C. Aggarwal. 2003. XRules: an effec-
N. Guarino and C. Welty. 2000b. Ontological analysis tjve structural classifier for XML data. IRroceedings

of taxonomic relations. IrProceedings of the Inter- of the ninth ACM SIGKDD International Conference,
national Conference on Conceptual Modeling, pages 2003, pages 316—-325.
210-224. ’

24



On the unification of syntactic annotations under the Stanford
dependency scheme: A case study on Biolnfer and GENIA

Sampo Pyysalo, Filip Ginter, Katri Haverinen, Veronika Laippala
Juho Heimonen, Tapio Salakoski Department of French Studies
Department of Information Technology University of Turku,
University of Turku, Henrikinkatu 2
Joukahaisenkatu 3-5 20014 Turku, Finland
20014 Turku, Finland veroni ka. | ai ppal a@it u. fi

first.last@tu.fi

Abstract significant differences between the syntactic anno-
tation schemes employed. This leads to difficulties

Several incompatible syntactic annotation  in sharing data between corpora and establishing the
schemes are currently used by parsers and yg|ative performance of parsers as well as to a lack
corpora in biomedical information extrac-  of interchangeability of one parser for another in IE
tion. The recently introduced Stanford de- systems, among other issues.
pendency scheme has been suggested to be  syntax formalisms are broadly divided into con-
a suitable unifying syntax formalism. Inthis  gtituency and dependency. Constituency schemes
paper, we present a step towards such uni-  gre dominant in many fields and are unified under
fication by creating a conversion from the  ne established Penn Treebank (PTB) scheme (Bies
Link Grammar to the Stanford scheme. Fur- et g1, 1995). However, dependency schemes have
ther, we create a version of the Biolnfer cor-  peen suggested to be preferable in IE, as they repre-
pus with syntactic annotation in this scheme.  sent the semantic structure of the sentences more di-
We present an application-oriented evalua- rectly (see, e.g., de Marnefé al. (2006)). Further,
tion of the transformation and assess the | jn (1998) argues for dependency-based evaluation
suitability of the scheme and our conversion o poth dependency and constituency parsers since
to the unification of the syntactic annotations i aliows evaluation metrics that are more relevant
of Biolnfer and the GENIA Treebank. to semantic interpretation as well as intuitively more
We find that a highly reliable conversion is  meaningful. Even though there is clearly a need for a
both feasible to create and practical, increas- unifying scheme for dependency comparable to that
ing the applicability of both the parser and  of PTB for constituency, no widely adopted standard

the corpus to information extraction. currently exists.
. In this paper, we present a step towards unify-
1 Introduction ing the diverse syntax schemes in use in IE sys-

One of the main challenges in biomedical infor-tems and corpora such as the GENIA TreeBanid

mation extraction (IE) targeting entity relationshipsthe recently iniroduced Biolnfer corpus (Pyysalo et

such as protein-protein interactions arises from th%l" 2007).  Clegg and Shepherd (2007) have re-

complexity and variability of the natural IanguagecemIy proposed 1o use the Stanford dependency

statements used to express such relationships. %h?metz' (de Mat[nsze e;[ al., 2006) ?st_a cor_Pmon,
address this complexity, many biomedical IE sysgllop Ication-oriented Syntax representation. 10 as-

tems (Alphonse et al., 2004: Rinaldi et al. 20045€SS this choice, we develop a set of conversion

Fundel et al., 2007) and annotated corpora (Kim éyles for transforming the Link Grammar (LG) de-
al., 2003; Aubin, 2005; Pyysalo et al., 2007) incorpendency scheme (Sleator and Temperley, 1993) to

porate full syntactic analysis. However, there are *http://www-tsujii.is.s.u-tokyo.ac.jpi-genia
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the Stanford scheme and then create a version kdlations and having excessively detailed link types
the Biolnfer corpus in the Stanford scheme by apahose functional meaning and value for semantic
plying the conversion rules and manually correctingnalysis is questionable (Schneider, 1998; de Marn-
the errors. By making the Biolnfer corpus availablesffe et al., 2006). Our experience with LG leads us
in the Stanford scheme, we also increase the valte largely agree with these criticisms.
of the corpus for biomedical IE. The transforma- De Marneffeet al. (2006) have recently intro-
tion has the further benefit of allowing Link Gram-duced a transformation from PTB to the Stanford
mar output to be normalized into a more applicationscheme. Clegg and Shepherd (2007) have ap-
oriented form. Finally, to assess the practical valuplied this transformation to perform a dependency-
of the conversion method and of the Biolnfer syntacbased comparison of several statistical constituency
tic annotation in the Stanford scheme, we compargarsers on the GENIA Treebank and have argued for
the Charniak-Lease constituency pafs@harniak the adoption of the Stanford scheme in biomedical
and Lease, 2005) and BioL&an adaptation of LG |E. Moreover, the IE system of Fundef al. (2007),
(Pyysalo et al., 2006), on the newly unified datasetvhich employs the Stanford scheme, was shown to
combining the constituency-annotated GENIA Treenotably outperform previously applied systems on
bank with the dependency-annotated Biolnfer cothe LLL challenge dataset, finding an F-score of
pus. 72% against a previous best of 54%. This further
The transformation rules and software as well ademonstrates the suitability of the Stanford scheme
the Stanford annotation of the Biolnfer corpus, theo IE applications.
main practical results of this work, are freely avail-
ableathttp: //wwv. it.utu.fi/Biolnfer. 3 Dependencyschemes

2 Motivation In this section, we present the Stanford and LG

... . dependency schemes and discuss their relative
To support the development of IE systems, it is 'm'trgngths y

portant for a corpus to provide three key types o?
gnnotgtion capturing the named entities, their relag 1 stanford dependency scheme

tionships and the syntax. To our knowledge, there _ _ _

are only two corpora in the biomedical domain thaf* Parse in the Stanford scheme (SF) is a directed

currently provide these three annotation types simuBraph where the nodes correspond to the words and
taneously, Biolnfer and LLL (Aubin, 2005). In ad- e e_dges correspond to pairwise syntactic depen-
dition, GENIA, thede factostandard domain corpus d€ncies between the words. The scheme defines
for named entity recognition and syntactic analysis} hierarchy of 48 grammatical relations, or depen-
is in the process of adding a relationship annot1€NCy types. The most generic relaticiependent
tion. The corpora have different strengths; Biolnfefan be specialized amuxiliary, argument or modi-
provides a detailed relationship annotation, whildi€r, which again have several subtypes (de Marneffe
GENIA has a broader coverage of named entitie®t &, 2006).
and a larger treebank. Unifying the syntactic anno- The Stanford conversion transforms phrase struc-
tations of these two corpora allows these strengtidre parses into the Stanford scheme. First, the se-
to be combined. mantic head of each constituent is identified using
The Biolnfer syntactic annotation follows the LG head rules similar to those of Collins (1999) and un-
dependency scheme, addressing the recent interbgied dependencies are then extracted and labeled
in LG in the biomedical NLP community (Ding et With the most specific grammatical relations possi-
al., 2003; Alphonse et al., 2004; Aubin et al., 2005)ble using Tregex rules (Levy and Andrew, 2006).
However, the LG scheme has been criticized for be- The system additionally provides a setollaps-

ing oriented more towards structural than semanti@g rules suggested to be beneficial for IE appli-
" http://nl p. stanford. edul sof tvar e/ cations (de Marneffe et al., 2006; Clegg and Shep-

version 1.5.1 herd, 2007). These rules collapse some dependen-
*http://www. it.utu. fi/BiolLG version1.2.0 cies by incorporating certain parts of speech (mostly
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Vimentin and actin were also up-regulated , whereas an isoform of myosin heavy chain was down-rec
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Vimentin and actin were also up-regulated , whereas an isoform of myosin heavy chain was down-rec

advcl ~
) s mar k——
<nsubj pass- <nsubj pass————
) <nsubj pass prep_of >
conj _and> <auxpass <nnod
r ,<advnod ,<det ,<nnod ,<auxpass

Vimentin and actin were also up-regulated , whereas an isoform of myosin heavy chain was down-rec

Figure 1: A sentence from the Biolnfer corpus with its LG linkage (top),Stenford parse (middle), and
the collapsed Stanford parse (bottom). Khand> symbols denote the direction of dependencies.

Fjpﬁco ) —Ss——0s—— While links are not explicitly directional, the roles
during incubation , actin suffered degradat of the words can be inferred from their left-to-right
MWp order and the link type. An LG parse, termik-
acﬂfnszuﬁlere?(;gradaﬁon wﬁ;gﬁcubm age consists of a set of links that connect the words
so that no two links cross or connect the same two
—Ss—~—0—~—M——Ip— words. When discussing LG, we will use the terms
actin suffered degradation during incubatic dependency and link interchangeably.

Compared to the 48 dependency types of the Stan-
ford scheme, the LG English grammar defines over
100 main link types which are further divided into
400 subtypes. The unusually high number of dis-
tinct types is one of the properties of the LG English
grammar that complicate the application of LG in

conjunctions and prepositions) in grammatical relanformation extraction. Consider, for instance, the
tions. This is realized by combining two relationscase of prepositional phrase attachmentillustrated in
and denominating the resulting dependency with gigure 2, where all the alternative attachment struc-

type based on the word to which the original twdures receive different types. Arguably, this distinc-
relations were linked (see Figure 1). tion is unimportant to current IE systems and there-

In the LG-SF conversion, we target the uncolfore should be normalized. This normalization is in-

lapsed Stanford scheme, as the collapsing rules haygrent in the Stanford scheme, where the preposition
already been developed and reported by de MarAlways attaches usingmepdependency.

effe et al; reimplementing the collapsing would be In contrast to such unnecessarily detailed distinc-
an unnecessary duplication of efforts. Also, the coltions, in certain cases LG types fail to make seman-
lapsed relations can be easily created based on theally important distinctions. For instance, ti©

uncollapsed ones, whereas reversing the conversitik type is used to mark almost all clause openers,
would be more complicated. not distinguishing between, for example, adverbial

and prepositional openers.

Figure 2: Variation in the link type connecting a
preposition: CO to the main noun in topicalized
prepositional phrasedVp when modifying a verb,
andMp when modifying a noun.

3.2 LG dependency scheme o
_ 4 Our contributions
Link Grammar (Sleator and Temperley, 1993) is

closely related to dependency formalisms. It i$n this section, we describe the LG-SF conversion
based on the notion of typdidks connecting words. as well as SF Biolnfer, the Biolnfer corpus syntactic
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. . CG
annotz_itlon in the_ Sta_mford scheme. These are the (. /._.CCZQ o~
two primary contributions of this study. actin , profilin and cofilin

4.1 LG-SF conversion Figure 3: Example of a structure where the relative

The LG-SF conversion transforms the undirecte8rder of the first two tokens cannot be resolved by
LG links into directed dependencies that follow théhe rules.
Stanford scheme. The transformation is based on
handwritten rules, each rule consisting of a pattern To resolve coordination structures, it is crucial to
that is matched in the LG linkage and generating eecognize the leftmost coordinated element, i.e. the
single dependency in the Stanford parse. Since tiead of the coordination structure in the SF scheme.
conversion rules only refer to the LG linkage, theyHowever, the conversion rule patterns are unable to
do not influence each other and are applied indeapture general constraints on the relative order of
pendently in an arbitrary order. The pattern of eacthe tokens. For instance, in the linkage in Figure 3, it
rule is expressed as a set of positive or negative cois-not possible to devise a pattern only matching one
straints on the presence of LG links. The constrainisf the tokensactin and profilin, while not matching
typically restrict the link types and may also refer tahe other. Therefore, we perform a pre-processing
the lexical level, restricting only to links connectingstep to resolve the coordination structures prior to
certain word forms. Since LG does not define linkhe application of the conversion rules. After the
directionality, the patterns refer to the left-to-rightpre-processing, the conversion is performed with the
order of tokens and the rules must explicitly specifyp2lp software (Alphonse et al., 2004), previously
the directionality of the generated SF dependenciessed to transform LG into the LLL competition for-
As an example, let us consider the rulemat (Aubin, 2005).
X 2L yY] = ¥ *2%% The pattern matches two In the development of the LG-SF conversion and
tokens connected with an LG link of tygev and SF Biolnfer, we make the following minor modifi-
generates the corresponding directaukpassde- cations to the Stanford scheme. The scheme dis-
pendency. This rule applies twice in the linkagdinguishes nominal and adjectival pre-modifiers of
in Figure 1. It is an example of a rare case of &ouns, a distinction that is not preserved in the
one-to-one correspondence between an LG and BipInfer corpus. Therefore, we merge the nom-
SF type. Many-to-many correspondences are mudhal and adjectival pre-modifier grammatical rela-
more common: in these cases, rules specify multipéons into a single relatiommod For the same rea-
restrictions and multiple rules are needed to gene$on, we do not distinguish between apposition and
ate all instances of a particular dependency type. Aabbreviation, and only use thepposdependency
a further example, we present the three rules belofype. Finally, we do not annotate punctuation.
which together generate all left-to-rightepdepen- ~ Schneider (1998) has previously proposed a strat-
dencies. An exclamation mark in front of a restric€9y for identifying the head word for each LG link,
tion denotes a negative restriction, i.e., the link mudtposing directionality and thus obtaining a depen-

not exist in order for the rule to apply. The link typesdency graph. Given the idiosyncrasies of the LG
are specified as regular expressions. linkage structures, this type of transformation into

dependency would clearly not have many of the nor-
Mp|MX[a- prep .. . .
[A MPMXEZX BiR S5 cija Rep) = A TP malizing benefits of the LG-SF transformation.
[A OTMVX glA RSl = A PR

4.2 SF Biolnfer
AP BIA BECliic ™ A] = A EPB

For creating the Biolnfer corpus syntactic annota-
The first of the above three rules generatespitegy  tion in the Stanford scheme, the starting point of
dependency in the parse in Figure 1, withisoform the annotation process was the existing manual an-
andB=of. The variables<C andD are not bound to notation of the corpus in the LG scheme to which
any tokens in this sentence, as they only occur iwe applied the LG-SF conversion described in Sec-
negative restrictions. tion 4.1. The resulting SF parses were then manu-
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ally corrected by four annotators. Inthe manual cor- o . — — —
rection phase, each sentence was double-annotated, o,
that is, two annotators corrected the converted out- gg | i
put independently. All disagreements were resolved 70 -
jointly by all annotators. 60 - .

To estimate the annotation quality and the sta- 20
bility of the SF scheme, we determined annotator 40 - ]

agreement as precision and recall measured against 28 i i
the final annotation. The average annotation preci- 1o | PreFéies?gr': 7777777 4
sion and recall were 97.5% and 97.4%, respectively. o Lu ! ! ! . !
This high agreement rate suggests that the task was 0 20 40 60 80 100
well-defined and the annotation scheme is stable. Number of conversion rules

The Biolnfer corpus consists of 1100 sentenceE. . -
. igure 4. Cumulative precision and recall of the con-
and, on average, the annotation consumed approxi-

. : version rules.
mately 10 minutes per sentence in total.

5 Evaluation A common source of errors in the LG-SF conver-

_ _ _ sion are the Link Grammadiomatic expressions
In this section, we first evaluate the LG-SF converghich are analyzed as a chainléf links (0.7% of

sion. We then present an evaluation of the Charniaky |inks in the Biolnfer corpus) and connected to
Lease constituency parser and the BiolLG depefye Jinkage always through their last word. Some
dency parser on Biolnfer and GENIA. examples of LG idiomatic expressions inclugech
other, no one, come of age, gotten rid of, for good
andthe like These expressions are often problem-
In the evaluation of the conversion rules against thatic in the SF conversion as well. We did not at-
gold standard SF Biolnfer annotation, we find a pretempt any wide-coverage systematic resolution of
cision of 98.0% and a recall of 96.2%. Currentlythe idiomatic expressions and, apart from the most
the LG-SF conversion consists of 114 rules, eactommon cases such asvitro, we preserve the LG
of which specifies, on average, 4.4 restrictions. Alstructure of connecting these expressions through
together the rules currently generate 32 SF depetheir last word. We note, however, that the list of
dency types, thus averaging 3.5 rules per SF typaliomatic LG expressions is closed and therefore a
Only 9 of the SF types are generated by a singlease-by-case resolution leading to a full coverage is
rule, while the remaining require several rules. Weossible, although not necessarily practical.
estimate that the current ruleset required about 100 Similar to the LG idiomatic expressions are the
hours to develop. SF dep dependencies, generated when none of the
In Figure 4, we show the cumulative precision an&F rules assigns a more specific type. In most cases,
recall of the rules when added in the descending odepis a result of a lack of coverage of the SF con-
der of their recall. Remarkably, we find that a recall’ersion rules typically occurring in rare or idiomatic
of 80% is reached with just 13 conversion rules, 90%xpressions. We assume that many ofdtépdepen-
with 28 rules, and 95% with 56 rules. These fig-dencies will be resolved in the future, given that the
ures demonstrate that while the SF and LG schem&$§ conversion and the SF dependency scheme itself
are substantially different, a high-recall conversiomre presented by the authors as a work in progress.
can be obtained with approximately fifty carefullyTherefore, we do not attempt to replicate most of
crafted rules. Additionally, while precision is con-the SFdepdependencies with the LG-SF conversion
sistently high, the highest-recall rules also have theiles; much of the effort would be obsoleted by the
highest precision. This may be related to the fagirogress of the SF conversion. Tepdependen-
that the most common SF dependency types haveces account for 23% of the total 3.8% of dependen-
straightforward correspondence in LG types. cies not recovered by the LG-SF conversion.

5.1 Evaluation of the conversion rules
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BioLG

Charniak-Lease BioLG
Prec. Rec. F

corpus | Prec. Rec. F | Prec. Rec. F‘ scheme

GENIA | 81.2 81.3 81.3 76.9 72.4 7A4. LG 78.2 772 T7.
Biolnfer | 78.4 79.9 79.4 79.6 76.1 77. SF 79.6 76.1 77.

Table 1: Parser performance. Precision, recall anthble 2: BioLG performance on the Biolnfer corpus
F-measure for the two parsers on the two corpora. with and without the LG-SF conversion.

5.2 Evaluated parsers and corpora standard dependencies. The matching criterion re-

The Chamiak-Lease parser is a statisti9Uired thgt thfe correct words are connected and
cal consfituency parser developed by Chalrt_hat the direction and type of the depenglency are

. . . correct. The dependency-based evaluation results
niak and Lease (2005). Itis an adaptation of th? r the Charniak-Lease and BioLG parsers on the
Charniak parser (Charniak, 1999) to the biomedic

domain. For examole. it uses a POS-tagaer train ENIA and Biolnfer corpora are shown in Table 1.
i Pie, 99 (W/e note that Clegg and Shepherd (2007) report
on the G.ENIA corpus, although the parser itself h 7% F-score performance of Charniak-Lease on the
been trained on the Per_m Tregbank. The Charnlla ;ENIA corpus, using the collapsed variant of the SF
Lease parser 'S of particular interest, because "N Bheme. We replicated their experiment using the
recent comparison performed by Clegg.and Shel?fncollapsed variant and found an F-score of 80%.
herd (2007) on the GENIA Treebank, it was th

. ._.._Therefore, most of the approximately 4% difference
best performing of several state-of-the-art statistical - . .
. compared to our finding reported in Table 1 is due
constituency parsers.

to this difference in the use of collapsing, with our
Sodifications to the SF scheme having a lesser ef-

Enalish. It h babilisti tand d H&ct. The decrease in measured performance caused
NGlsh. Tt has no probabllistic component an Oeﬁy the collapsing is, however, mostly an artifact

not perform pruning of ambiguous alternatives duréaused by merging several dependencies into one; a

ing parsing. Instead, the parser generates all parss%ﬁgle mistake of the parser can have a larger effect

aqcepted by the grammar. Simple heuristics are aR: the performance measurement.
plied to rank the alternative parses. We find that while the performance of the
Here, we evaluate a rece_ntly mtrod_uced_ ada%harniak-Lease parser is approximately 2 percent-
tation of LG to the b|omed|cal d_omam, BioLG age units better on GENIA than on Biolnfer, for
I(Dpcgsgggg (?_Ié’ui%?(?étlgfog%%gnggv\fzﬁ agi':::fnl?_ioLG we find the opposite effect, with performance
D : approximately 3 percentage units better on Biolnfer.
ber of modifications to lexical processing and thel.

grammar hus, both parsers perform better on the corpora

closer to their native scheme. We estimate that this

f'(l':(? famhta;est:e (r:]onszarlson ofhre_sults d\{\]f_'tr:jthosqotal 5 percentage unit divergence represents an up-
of GE%?:[;' bep Kle;\’ Vgg(l;si thelrlrlnooo E?I sfu SS&r limit to the evaluation bias introduced by the two
0 reebank. AS ofthe 10INTET ‘sets of conversion rules. We discuss the possible

sentences have previously been used in the develo&iuseS for this divergence in Section 5.4

ment O.f the BiolLG parser, we on!y use the remaining To determine whether the differences between the
500 blind sentences of Biolnfer in the evaluation. two parsers on the two corpora were statistically
significant, we used the Wilcoxon signed-ranks test
for F-score performance using the Bonferroni cor-
To eyaluate the p_er_formance of the parsers, we dgsction for multiple comparisons\( = 2), follow-
termined theprecision recall and F-measureby  jng the recent recommendation of Dgan (20086).
comparing the parser output against the corpus golfe find that the Charniak-Lease parser outperforms
“htt p: // chomsky- ext . cryst . bbk. ac. uk/ BioLG statistically significantly on both the GENIA
andr ew downl oads. ht ni corpus f < 0.01) and on the Biolnfer corpus

5.3 Parser performance
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conj 6 Conclusions
ool en oo

Z protein but not c-myb prote We have presented a step towards unifying syntactic
ﬁcp conl 1 annotations under the Stanford dependency scheme
<nmod( " Jdep>, <nmod and assessed the feasibility of this unification by

z rotein but not c-myb prote . . . .
P P developing and evaluating a conversion from Link

Figure 5: Example of divergence on the interpretagrammar to the Stanford scheme. We find that a

tion of the Stanford scheme. Above: GENIA amcpighly reliable transformation can be created, giv-

i 0, 0 -
Stanford conversion interpretation. Below: Biolnfer/"'d @ Precision and recall of 98_'0/0 and 96.2%, re
and LG-SF rules interpretation. spectively, when compared against our manually an-

notated gold standard version of the Biolnfer cor-
pus. We also find that the performance of the BioLG

(p < 0.01). Thus, the relative performance of theParser is not adversely affected by the conversion.
parsers can, in this case, be established even in tié/en the clear benefits that the Stanford scheme

presence of opposing conversion biases on the tii@s for domain analysis, the conversion increases the
corpora. overall suitability of the parser to IE applications.
In Table 2, we present an evaluation of the BioLcBased on these results, we conclude that converting
parser With’ and without the LG-SE conversiont© the Stanford scheme is both feasible and practical.
specifically evaluating the effect of the conversion ~Urther, we have developed a version of the
presented in this study. Here we find a substantial&IOInfer corpus annotated with the Stanford scheme,
more stable performance, including even an incread&Sreby increasing the usability of the corpus. We
in precision. This further validates the quality of theapplled the LG'_SF conversion to the original LG
conversion rules. Biolnfer annotation and manually corrected the er-

rors. The high annotator agreement of above 97%

Finally, we note that'the processing time require recision and recall confirms the stability of the SF
to perform the conversions is insignificant compare cheme

to the time consumed by the parsers. We have also demonstrated that the unification
_ _ permits direct parser comparison that was previously
5.4 Discussion impossible. However, we found that there is a cer-

Evaluating BioLG on GENIA and the Charniak-t"’.1In accumulatlon_ of errors caused by Fh? conver-
sion, particularly in a case when two distinct rule

Lease parser on Biolnfer includes multiple sources . ) )
. " . __sSets are applied. In our case, we estimate this error
of divergence. In addition to parser errors, differ-

ences can be created by the LG-SF conversion aﬁgjbe on the order of several percentage units, never-

. . .. _theless, we were able to establish the relative perfor-
the Stanford conversion. Moreover, in examinin

the outputs we identified that a further source (%nance of the parses with a strong statistical signif-

divergence is due to differing interpretations of th icance. These results demonstrate the utility of the

Stanford scheme. One such difference is iIIus,trateta:[)‘?nfowrgI 22?;?;? Zr? ;S;E(I)?i?;[?vpﬁjs;m;té%n(;)fftshyen_
in Figure 5. Here the BioLG parser with the LG-_ "

. . . Stanford scheme would further increase its value.
SF conversion produces an analysis that differs from

the result of converting the GENIA Treebank analyacknowledgments

sis by the Stanford conversion. This is due to the

Stanford conversion producing an apparently flawe#e would like to thank Erick Alphonse, Sophie
analysis that is not replicated by the LG-SF ConAUbin and Adeline Nazarenko for providing us with
version. In certain cases of this type, the lack of #he Ip2Ip software and the LLL conversion rules. We
detailed definition of the SF scheme prevents frofyould also like to thank Andrew Brian Clegg and
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An Unsupervised Method for Extracting Domain-specific Affixes in
Biological Literature

Haibin Liu Christian Blouin Vlado Ke Selj
Faculty of Computer Science, Dalhousie University, Cangtaibin,cblouin,vladd@cs.dal.ca

Abstract

We propose an unsupervised method to au-
tomatically extract domain-specific prefixes
and suffixes from biological corpora based
on the use of PATRICIA tree. The method is
evaluated by integrating the extracted affixes
into an existing learning-based biological
term annotation system. The system based
on our method achieves comparable experi-
mental results to the original system in locat-
ing biological terms and exact term match-
ing annotation. However, our method im-
proves the system efficiency by significantly
reducing the feature set size. Additionally,
the method achieves a better performance
with a small training data set. Since the af-
fix extraction process is unsupervised, it is
assumed that the method can be generalized
to extract domain-specific affixes from other
domains, thus assisting in domain-specific
concept recognition.

Introduction

(Jiampojamarn et al., 2005b) proposed an auto-
matic biological term annotation system (ABTA)
which applies supervised learning methods to an-
notate biological terms in the biological litera-
ture. Given unstructured texts in biological research,
the annotation system first locates biological terms
based on five word position classes, “Start”, “Mid-
dle”, “End”, “Single” and “Non-relevant”. There-
fore, multi-word biological terms should be in a con-
sistent sequence of classes “Start (Middle)* End”
while single word terms will be indicated by the
class “Single”. Word n-grams (Cavnar and Tren-
kle, 1994) are used to define each input sentence
into classification instances. For each element in
an n-gram, the system extracts feature attributes as
input for creating the classification model. The ex-
tracted feature attributes include word feature pat-
terns(e.g., Greek letters, uppercase letters, digits and
other symbols), part-of-speech (POS) tag informa-
tion, prefix and suffix characters. Without using
other specific domain resources, the system achieves
comparable results to some other state-of-the-art
systems (Finkel et al., 2004; Settles, 2004) which
resort to external knowledge, such as protein dictio-
naries. It has been demonstrated (Jiampojamarn et

. . L _al., 2005b) that the part-of-speech tag information
Biological term annotation is a preparatory step ify e most effective attribute in aiding the system

|nfor_mat|on re.trleval in blologlcal science. A b_l— to annotate biological terms because most biologi-
ological term is generally defined as any technicgl,| torms are partial noun phrases
term related to the biological domain. Consider-

ing term structure, there are two types of biologi- The ABTA system learns the affix feature by
cal terms: single word terms and multi-word termstecording only the first and the lastharacters (e.qg.,
Many systems (Fukuda et al., 1998; Franzn et aln = 3) of each word in classification instances, and
2002) have been proposed to annotate biologicHie authors claimed that threcharacters could pro-
terms based on different methodologies in which dedde enough affix information for the term annota-
termining term boundaries is usually the first task. Ition task. Instead of using a certain number of char-
has been demonstrated (Jiampojamarn et al., 2005agters to provide affix information, however, it is
however, that accurately locating term boundariesore likely that a specific list of typically used pre-
is difficult. This is so because of the ambiguity offixes and suffixes of biological words would provide
terms, and the peculiarity of the language used imore accurate information to classifying some bio-
biological literature. logical terms and boundaries. We hypothesize that
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a more flexible affix definition will improve the per- terms. Rule-based approaches attempt to recover
formance of the taks of biological term annotation. terms by developing rules that describe associated
Inspired by (Jiampojamarn et al., 2005b), weerm formation patterns. However, rules are often
propose a method to automatically extract domairtime-consuming to develop while specific rules are

specific prefixes and suffixes from biological cordifficult to adjust to other types of terms. Thus, rule-
pora. We evaluate the effectiveness of the extractdzhsed approaches are considered to lack scalability
affixes by integrating them into the parametrizatiormnd generalization.
of an existing biological term annotation system, Systems developed based on learning-based ap-
ABTA (Jiampojamarn et al., 2005b), to evaluate th@roaches use training data to learn features useful for
impact on performance of term annotation. The prasiological term annotation. Compared to the other
posed method is completely unsupervised. For thigso methods, learning-based approaches are theo-
reason, we suggest that our method can be genestically more capable to identify unseen or multi-
alized for extracting domain-specific affixes fromword terms, and even terms with various writing
many domains. styles by different authors. However, a main chal-
The rest of the paper is organized as follows: Ifenge for learning-based approaches is to select a set
section 2, we review recent research advances in jf discriminating feature attributes that can be used
ological term annotation. Section 3 describes thfor accurate annotation of biological terms. The fea-
methodology proposed for affix extraction in detailtures generally fall into four classes: (1) simple de-
The experiment results are presented and evaluatedministic features which capture use of uppercase
in section 4. Finally, section 5 summarizes the papéstters and digits, and other formation patterns of
and introduces future work. words, (2) morphological features such as prefix and
suffix, (3) part-of-speech features that provide word
2 Related Work syntactic information, and (4) semantic trigger fea-
Biological term annotation denotes a set of procdgures which capture the evidence by collecting the
dures that are used to systematically recognize pesemantic information of key words, for instances,
tinent terms in biological literature, that is, to differ-head nouns or special verbs.
entiate between biological terms and non-biological As introduced earlier, the learning-based biologi-
terms and to highlight lexical units that are related t@al term annotation system ABTA obtained an 0.705
relevant biology concepts (Nenadic and Ananiadou;-score in exact term matching on Genia corpus
2006). (v3.02) which contains 2,000 abstracts of biolog-
Recognizing biological entities from texts allowsical literature. In fact, the morphological features
for text mining to capture their underlying meaningn ABTA are learned by recording only the first and
and further extraction of semantic relationships anthe lastn characters of each word in classification
other useful information. Because of the importancestances. This potentially leads to inaccurate affix
and complexity of the problem, biological term an-information for the term annotation task.
notation has attracted intensive research and there iShen et al., 2003) explored an adaptation of a
a large number of published work on this topic (Cogeneral Hidden Markov Model-based term recog-
hen and Hersh, 2005; Franzn et al., 2003). nizer to biological domain. They experimented with
Current approaches in biological term annotaPQS tags, prefix and suffix information and noun
tion can be generalized into three main categoriefeads as features and reported an 0.661 F-score in
lexicon-based, rule-based and learning-based (Cgverall term annotation on Genia corpus. 100 most
hen and Hersh, 2005). Lexicon-based approachg@quent prefixes and suffixes are extracted as can-
use existing terminological resources, such as digidates, and evaluated based on difference in likeli-
tionaries or databases, in order to locate term o@ood of part of a biological term versus not. Their
currences in texts. Given the pace of biology remethod results in a modest positive improvement in
search, however, it is not realistic to assume that@cognizing biological terms. Two limitations of this
dictionary can be maintained up-to-date. A drawmethod are: (1) use of only a biological corpus, so
back of lexicon-based approaches is thus that they
are not able to annotate recently coined biological http://iwww-tsuijii.is.s.u-tokyo.ac.jp/ GENIA/
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that the general domain-independent affixes are nfacilitate better biological term annotation. The
removed, and (2) a supervised process of choosingpgerall design of our experiments consists of three
score threshold that is used in affix selection. major processes: affix extraction, affix refining and
(Lee et al.,, 2003) used prefix and suffix feaevaluation of experimental results. It is seen that
tures coupled with a dictionary-based refinement afvery node in PATRICIA tree contains exactly one
boundaries of the selected candidates in their expeatring of 1 or more characters, which is the preced-
iments for term annotation. They extracted affix feaing substring of its descendant nodes. Meanwhile,
tures in a similar way with (Shen et al., 2003). Theyevery word is a path of substrings from the root node
also reported that affix features made a positive efe a leaf. Therefore, we propose that every substring
fect on improving term annotation accuracy. that can be formed from traversing the internal nodes
In this project, we consider the quality of domain-of the tree is a potential affix.
specific affix features extracted via an unsupervised In the affix extraction process, we first populate a
method. Successful demonstration of the quality JPATRICIA tree using all words in the combined cor-
this extraction method implies that domain-specifipugCC) of a Biological CorpugBC) and a General
affixes can be identified for arbitrary corpora withouEnglish CorpugGEC) GECis used againgBC in
the need to manually generate training sets. order to extract more accurate biological affix infor-
mation. Two PATRICIA trees are populated sepa-
3 PATRICIA-Tree-based Affix Extraction rately for extracting prefixes and suffixes. The suffix
tree is based on strings derived by reversing all the
3.1 PATRICIA Tree input words from the combined corpus. All the po-
The method we propose to extract affixes from biotential prefixes and suffixes are then extracted from
logical words is based on the use of PATRICIA treethe populated PATRICIA trees.
“PATRICIA’ stands for “Practical Algorithm To Re-  In the affix refining process, for each extracted
trieve Information Coded In Alphanumeric”. It waspotential affix, we compute its joint probability of
first proposed by (Morrison, 1968) as an algorithnbeing both an English affix and a biological affix,
to provide a flexible means of storing, indexing, and®(D = Biology, A = Yes$PA), whereD stands
retrieving information in a large file. PATRICIA for Domain A stands forAffix and PA represents
tree uses path compression by grouping common deetential Affix This joint probability can be fur-
guences into nodes. This structure provides an efher decomposed as shown in Eq.(1). In the for-
ficient way of storing values while maintaining themula, P (A = Ye$P A) denotes the probability that
lookup time for a key of Q) in the worst case, a given potential affix is a true English affix while
whereN is the length of the longest key. Meanwhile,P(D = BiologylA = Yes PA) refers to the proba-
PATRICIA tree has little restriction on the format of bility that a given English affix is actually a biologi-
text and keys. Also it does not require rearrangezal affix.
ment of text or index when new material is added. p(p — Biology, A = Ye$PA)
Because of its outstanding flexibility and efficiency,
PATRICIA tree has been applied to many large in-

formation retrieval problems (Morrison, 1968). To calculateP (A = Ye$PA), the probabilities of

In our project, all biological words are insertedprefixes and suffixes are measured separately. In
and stored in a PATRICIA tree, using which we caninguistics, a prefix is described as a type of affix
efficiently look up specific biological word or extractthat precedes the morphemes to which it can attach
biological words that share specified affixes and CatSOaneS and Stevenson, 2004). Simply speaking, a
culated required statistics. prefix is a substring that can be found at the begin-
ning of a word. Our functional definition of a prefix
is a substring which precedes words existing in the
In this work, we have designed the experiments t&nglish language. This can be done by enumerating,
extract domain-specific prefixes and suffixes of biofor each node, all descendant substring and assess-
logical words from a biological corpus, and investiing their existence as stand-alone words. For exam-
gate whether the extracted affix information coulgle, “radioimmunoassay”, “radioiodine” and “radio-

P(D=Biology|A=Yes PA) x P(A=YesPA) (1)

3.2 Experiment Design
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labeled” are three words and have a common staiSoanes and Stevenson, 2004). Simply speaking,
ing string “radio”. If we take out the remaining parta suffix of a word is a substring exactly match-
of each word, three new strings are obtained, “iming the last part of the word. Similar to the idea
munoassay”, “iodine” and “labeled”. Since all theof calculating P (A = YesPA) for potential pre-
input words are already stored in PATRICIA treefix, we conjecture that the extracted potential suf-
we lookup these three strings in PATRICIA tree andix could be a reasonable English suffix if the in-
find that “immunoassay”, “iodine” and “labeled” areverted strings formed from traversing the descen-
also meaningful words in the tree. This indicateslant nodes of the potential suffix in the suffix PA-
that “radio” is a prefix among the input words. OnTRICIA tree are meaningful words. For instance,
the other hand, it is obvious that “radioimmunoas*Calcium-dependent”, “Erythropoietin-dependent”
say” and “radioiodine” share another string “radioi”.and “Ligand-dependent” share a common ending
However, “mmunoassay” and “odine” are not meanstring “-dependent”. Since the remaining strings of
ingful words due to their absence in the PATRICIAeach word, “Calcium”, “Erythropoietin” and “Lig-
tree. This suggests that “radioi” is not a prefix. and” can be found in the “forward” PATRICIA tree,
For each extracted potential prefix,"-dependent” is a potentially useful suffix.
P (A =Ye$PA) is computed as the proportion of However, it is often observable that some English
strings formed by traversing all descendant nodegords do not begin with another meaningful word
that are meaningful terms. In our experimentshut a typical prefix, for example, “alpha-bound” and
the measure of determining a string meaningfulpro-glutathione”. It is known that “-bound”and
is to look up whether the string is an existing"-glutathione” are good suffixes in biology. *“al-
word present in the built prefix PATRICIA tree. pha” and “pro”, however, are not meaningful words
Algorithm 1 shows the procedure of populating &ut typical prefixes, and in fact have been extracted
PATRICIA tree and calculating? (A = YesPA) when calculating” (A = Ye$P A) for potential pre-

for each potential prefix. fix. Therefore, in order to detect and capture such
potential suffixes, we further assume that if a word

Algorithm 1 P (A = YesPA) for Prefix begins with a recognized prefix instead of another
Input: words(w) € Combined CorpusCC) m_eaningful word, t_he remaining_ part of_the wqrd
Output: P (A = Yes$PA) for each potential prefix still has the potential to be an informative suffix.
PT= () JIPT : Patricia Trie 1 herefore, strings “-bound” and “-glutathione” can

be successfully extracted as potential suffixes. In our
experiments, an extracted potential prefix is consid-
ered a recognized prefix if it® (A = Ye$PA) is
greater than 0.5.

To calculateP(D = BiologyA = YesPA), it
is necessary to first determine true English affixes
from extracted potential affixes. In our experiments,
we consider that an extracted potential prefix or suf-
fix is a recognized affix only if it (A = YesPA)
is greater than 0.5. It is also necessary to consider
the biological corpuBC and the general English
corpusGEC separately. It is assumed that a biol-
ogy related affix tends to occur more frequently in

for all wordsw € C'C do
|PT — Inser{w) //Populating Patricia Trie
for all nodesn; € PTdo
PA « String(n;) /IConcatenate strings
/I in nodes from root tay;,
/' which is a potential prefix
Tpa <« PrefixSearchP A)
IITp 4 :allwordsw € C'C beginning withP A
score«— 0
for all wordsw € Tp4 do
if Extrst(PA,w)in PT then
/[Extrstr() returns the remaining string

II'of w without PA words of BC than GEC Eq.(2) is used to estimate
score ++ P (D = Biology|A = Yes PA).

P(A =Ye3$PA) «— score/|Tp4| .

/| Tp 4| is the number of words iff’p 4 P (D = Biology|A = Yes PA) =

(#Words with PA in BC/Size (BC))/

Likewise, in linguistics a suffix is an affix that ~ (#Words with PAin BC/Size (BC) +
follows the morphemes to which it can attach #Words with PAin GEC/Size (GEC)), (2)
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where onlyPA with P (A = YesPA) greater than probability value P (D = Biology, A = Ye$PA)
0.5 are used, and the number of words with a certagreater than 0.5. Table 1 shows a few examples
PA is further normalized by the size of each corpusof extracted potential affixes whose joint probabil-
Finally, the joint probability of each potential af- ity value is equal to 1.0. It is seen that most of
fix, P (D = Biology, A = YesPA), can be used to these potential affixes are understandable biological
parametrize a word beginning or ending wiRA. affixes which directly carry specific semantic mean-
In the evaluation process of our experiments, thimgs about certain biological terms. However, some
prefix-suffix pair with maximum joint probability substrings are also captured as potential affixes al-
values is used to parametrize a word. Thereforéhough they may not be recognized as “affixes” in
each word inBC has exactly two values as affix fea-linguistics, for example “adenomyo” in prefixes, and
ture: a joint probability value for its potential prefix “mopoiesis” in suffixes. In Genia corpus, “adeno-
and a joint probability value for its potential suffix. myo” is the common beginning substring of biologi-
We then replace the original affix feature of ABTAcal terms “adenomyoma”, “adenomyosis” and “ade-
system with our obtained joint probability valueshomyotic” , while “plasias” is the common ending
and investigate whether these new affix informatiosubstring of biological terms “neoplasias” and “hy-
leads to equivalent or better term annotatiorB#  perplasias”. The whole list of extracted potential af-
fixes is available upon request.

In order to investigate whether the extracted af-
4.1 Dataset and Environment fixes im.prov_es the performance o_f biological term

. - annotation, it is necessary to obtain the experimen-
For our experm_wents, Itis necessary 10 USe & COPYS yesits of both original ABTA system and the
that mcludes widely usgd biological terms and COMABTA system using our extracted affix information.
mon English words. This dataset, therefore, will al, ABTA, the extraction of feature attributes is per-
low us to accurately extract the information of bi-c) .+ 0 \whole 2000 abstracts of Genia cor-
ology related affixes. As a proof-of-concept proto; us, and then 1800 abstracts are used as training
typed our exp.erclsme.nts are con(;ugtzed 03 BNO widel et while the rest 200 abstracts are used as testing
uszz Tcho rpgra._ enla.corguosz(v ' )ap rc()jwn COEet. The evaluation measures are precision, recall
pus’.The Genia version 3.02 corpus is used as e,y £ seore. C4.5 decision tree classifier (Alpay-
biological corpusBC in our experiments. It contains din, 2004) is reported as the most efficient classi-

2’?00 b(ijoIfogicalhresearchhpaperlab;traﬁtsMngi/IvI:/leﬁgr which leads to the best performance among all
selected from the search resu ts in the Ehe classifiers experimented in (Jiampojamarn et al.,
databast and each biological term has been an2005b). Therefore, C4.5 is used as the main clas-

notated into different terminal classes based on trEfﬁer in our experiments. The experimental results

Ep'nl'_oﬂs of exp(egrés meloIogy. Used_asl t:le g%%%r%fABTA system with 10 fold cross-validation based
nglish corpusGEG rown corpus inciudes on different combinations of the original features are
samples of common English words, totalling abo%resented in Table 2 in which featUt&/EP” is short
a million words drawn from 15 different text cate-¢  \Word Feature Patterns. featéeC” denotes Af-
goxﬁsh ) q fix Characters, and featuf®0OS” refers to POS tag

_ the experlme_nts were execute ona Sun Sthormation. The setting of parameters in the exper-
Iar|§ Server Sun-Flre—8_80. Our experiments Werf, o with ABTA is: the word n-gram size is 3, the
mainly implemented using Perl and Python. number of word feature patterns is 3, and the number
of affix characters is 4. We have reported the F-score

and the classification accuracy of the experiments in

We extracted 15,718 potential prefixes and 21,2826 (apje. It is seen that there is a tendency with the
potential suffixes from the combined corpus of Gegyperimental performance that for a multi-word bi-

nia and Brown. Among them, there are 2,306 potens|ogical term, the middle position is most difficult

tial prefixes and 1,913 potential suffixes with jointg getect while the ending position is generally eas-
2http://clwww.essex.ac.uk/w3c/corpliag/ ier to be identified than the starting position. The
3http://www.ncbi.nim.nih.gov/PubMed/ assumed reason for this tendency is that for multi-

4 Results and Evaluation

4.2 Experimental Results
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Potential Prefixes Potential Suffixes
13-acetate adenomyo 3-kinase platelet -T-cell -alpha-activated cytoid -methyl
B-cell Rel/NF-kappaB CD28 pharmaco|| -coated mopoiesis -bearing lyse
endotoxin  anti-CD28 HSV-1 adenovirus| -expressed-nonresponsive-kappaB-mediatedrecepto
I-kappaB VitD3 ligand chromatin || -inducer coagulant  -globin-encoding glycemig
macrophage cytokine  N-alpha-tosyl-L hemoglobin plasias -soluble -immortalized racrine

Table 1: Examples of Extracted Potential Affixes with Joint Probability Value 1.0

word biological terms, many middle words of aretime. An error occurring in any one of “Start” “Mid-
seemingly unrelated to biology domain while manyle” and “End” classes leads the system to annotate
ending words directly indicate their identity, for in- multi-word terms incorrectly. Consequently, the ac-
stances, “receptor”, “virus” or “expression”. cumulated errors will influence the exact matching

Table 3 shows the experimental results of AB.I.Aannotatlon performance. Table 4 presents the exact

system after replacing the original affix feature Withmatchlng annotation results of different combination

our obtained joint probability values for each wordof features based on 10 fold cross-validation over

in Genia corpus:JPV” is used to denote Joint Prob—.Gen'a corpus. Itis seen that after replacing the orig-

ability Values. It is seen that based on all threénf’jII affix feature of ABTA system with our obtained

features the system achieves a classification acdﬁlm probability values for each word in Genia cor-

racy of 87.5%, which is comparable to the result@4s’ the system achieves an 0.664 F-score on exact

of the original ABTA system. However, the size ofmlatf[:h't?]g of b'ct)IOg'(t:aA.term afnnotatlon, ;:ct)?par.a—
the feature set of the system is significantly reduce el ZBTiexai ma(I: 'ngdpt?r ormanceﬂ?‘ fetorlg-
and the classification accuracy of 87.5% is achieve'ga system. in addition, when the teature

based on only 18 parameters, which is 1/2 of the sizseet contains only our extracted affix information, the

of the original feature set. Meanwhle, the executio ystem re_aghes an 0.536 F-score on exact mat(_:hmg.
time of the experiments generally reduces to near Ithough itis a I|t_tle lower ths_an the exact m_afcchlng
half of the original ABTA system (e.g., reduces fro .erformancg achieved by using only the or|.g|nal af-
4 hours to 1.7 hours). Furthermore, when the featqu( featu_reslln _the system, the feature set size of the
set contains only our extracted affix information, théSyStem is significantly reduced from 24 to 6.

system reaches a classification accuracy of 81.46%In order to further compare our method with the
based on only 6 parameters. It is comparable witbriginal ABTA system, we attempted eleven differ-
the classification accuracy achieved by using onlgnt sizes of training data set to run the experiments
POS information in the system. In addition, Table 3eparately based on our method and the original
also presents the experimental results when our eABTA system. They can then be evaluated in terms
tracted affix information is used as an addtional feasf their performance on each training set size. These
ture to the original feature set. It is expected that theleven different training set sizes are: 0.25%, 0.5%,
system performance is further improved when th&%, 2.5%, 5%, 7.5%, 10%, 25%, 50%, 75% and
four features are applied together. However, the siZ0%. For instance, 0.25% denotes that the train-
of the feature set increases to 42 parameters, whiglg data set is 0.25% of Genia corpus while the
increases the data redundancy. This proves that thest 99.75% becomes the testing data set for exper-
extracted affix information has a positive impact ofiments. It is observed that there are about 21 paper
locating biological terms, and it could be a good reabstracts in training set when its size is 1% , and 52
placement of the original affix feature. abstracts when its size is 2.5%. It is expected that
A@rger training set size leads to better classification

Moreover, we also evaluated the performance .
cdecuracy of experiments.

the exact matching biological term annotation bas
on the obtained experimental results of ABTA sys- For each training set size, we randomly extracted
tem. The exact matching annotation in ABTA sys-0 different training sets from Genia corpus to run
tem is to accurately identify every biological term,the experiments. We then computed thean clas-
including both multi-word terms and single wordsification accuracy (MCApPf 10 obtained classifi-
terms, therefore, all the word position classes afation accuracies. Figure 1 was drawn to illustrate
a term have to be classified correctly at the santée distribution of MCA of each training set size
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Feature F-Measure Classification #
sets Start | Middle | End | Single [ Non | Accuracy (%) | Parameters

WFP 0.467| 0.279 | 0.495| 0.491 | 0.864 74.59 9
AC 0.709 | 0.663 | 0.758 | 0.719 | 0.932 85.67 24

POS 0.69 | 0.702 | 0.775| 0.67 | 0.908 83.96 3
WFP+AC 0.717| 0.674 | 0.762| 0.730 | 0.933 86.02 33
WFP+POS 0.726 | 0.721 | 0.793| 0.716 | 0.923 85.96 12
AC+POS 0.755| 0.741 | 0.809| 0.732 | 0.930 87.14 27
WFP+AC+POS | 0.764 | 0.745 | 0.811| 0.749 | 0.933 87.59 36

Table 2: Experimental Results of Original ABTA System

Feature F-Measure Classification #
sets Start | Middle | End | Single| Non | Accuracy (%) | Parameterg
JPV 0.652| 0.605 | 0.713| 0.602 | 0.898 81.46 6
WFP+JPV 0.708 | 0.680 | 0.756| 0.699 | 0.919 84.84 15
JPV+POS 0.753| 0.740 | 0.805| 0.722 | 0.928 86.92 9
WFP+JPV+POS 0.758 | 0.749 | 0.809| 0.74 | 0.933 87.50 18
WFP+AC+POS+JPV | 0.767 | 0.746 | 0.816 | 0.751 | 0.934 87.77 42

Table 3: Experimental Results of ABTA System with Extracted Affix Information

for both methods, with the incremental proportion ofion of training data is 0.25%, 0.5%, 1% or 2.5%.
training data. It is noted in Figure 1 that the chang@&able 5 shows th& values of t-Test results for the
patterns of MCA obtained by our method and thearious training set sizes. This demonstrates that
original ABTA system are similar. It is also seenthe ABTA system adopting our method outperforms
that our method achieves marginally better classifthe original ABTA system in classification accuracy
cation performance when the proportion of trainingvhen the proportion of training data is lower than
da ' 2.5% of Genia corpus, and achieves comparable
a classification performance with the original ABTA
system when the proportion continuously increases.

68

86 4

One-tailed Training set size
t-Test 0.25% | 0.5% 1% 2.5%
Pvalue | 0.0298| 0.0006 | 0.0002 | 0.0229

84 -

82 4

80 -

Classification Accuracy

Table 5: One-tailed t-Test Results

T8

76
—e— Original ABTA (WFP+ACHAOS)

74 --0--- Ourhethod (WFP+IPY+POS) 5 Conclus|0ns

72

o ’ ! : ’ " In this paper, we have presented an unsupervised
method to extract domain-specific prefixes and suf-
Figure 1: MCA Distribution fixes from the biological corpus based on the use
of PATRICIA tree. The ABTA system (Jiampoja-
In order to determine if the classification perfor-marn et al., 2005b) adopting our method achieves
mance difference between our method and the origitn overall classification accuracy of 87.5% in locat-
nal ABTA system is statistically significant, we per-ing biological terms, and derives an 0.664 F-score in
formed one-tailed t-Test (Alpaydin, 2004) on theexact term matching annotation, which are all com-
classification results with our hypothesis that MCAparable to the experimental results obtained by the
of our proposed method is higher than MCA of orig-original ABTA system. However, our method helps
inal ABTA system. The significance level is set the system significantly reduce the size of feature set
to be the conventional value 0.05. As a result, thand thus improves the system efficiency. The sys-
classification performance difference between twtem also obtains a classification accuracy of 81.46%
methods is statistically significant when the proporbased only on our extracted affix information. This

Proportion of Training Data
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Feature Exact Matching Annotation #
sets Precision]| Recall | F-score| Parameters

AC 0.548 0.571 | 0.559 24

WFP+AC+POS 0.661 0.673 | 0.667 36

JPV 0.527 0.545 | 0.536 6

WFP+JPV+POS 0.658 0.669 | 0.664 18

Table 4: Exact Matching Annotation Performance

demonstates that the affix information acheived byristofer Franzn, Gunnar Eriksson, Fredrik Olsson, Lars

the proposed method is important to accurately lo- Asker Per Lidn, and Joakim Cster. 2002. Protein hames
. . . and how to find themInternational Journal of Medical In-
cating biological terms.

o formatics special issue on NLP in Biomedical Applications
We further explored the reliability of our method pages 49-61.

by gradually increasing the pr_oportlon of tram'_ngKristofer Franzn, Gunnar Eriksson, Fredrik Olsson, Lars
data from 0.25% to 90% of Genia corpus. One-tailed asker Per Lidn, and Joakim Cster. 2003. Mining the Bio-
t-Test results confirm that the ABTA system adopt- medical !_iterature in the Genomic Era: An Overview.
ing our method achieves more reliable performance °MP- Biol, 10(6):821-855.
than the original ABTA system when the trainingKk. Fukuda, T. Tsunoda, A. Tamura, and T. Takagi. 1998. To-
corpus is small. The main result of this work is thus Ward information extraction: Identifying protein names from
h ffix b ized f I biological papers. Ithe Pacific Symposium on Biocomput-
that affix features can be parametrized from small jq; yages 707-718.
corpora atno costin performance. ctichai Ji ) Nick C d Viadogs
; ; tichai Jiampojamarn, Nick Cercone, an ado 3K

There are some aSpeCt,s in which the prOposes&ZOOSa. Automatic Biological Term Annotation Using N-
method can be improved in our future work. We gram and Classification Models. Master’s thesis, Faculty of
are interested in investigating whether there exists Comp.Sci., Dalhousie University.
a certain threshold value for the joint probabilitysitichai Jiampojamam, Nick Cercone, and Viado3i
which might improve the classification accuracy of 2005b. Biological Named Entity Recognition using N-
ABTA system to some extent. However, this could 9rams and Classification Methods. @onf. of the Pacific
. . . ' Assoc. for Computational Linguistics, PACLING;0®kyo,
import supervised elements into our method. More- Japan.
over, we would like to incorporate our method into . oo v ook H d Hae.Ch .

; . ; ; <i-Joong Lee, Young-Sook Hwang, and Hae-Chang Rim.
other_ published Iearnlng based biological term arf 2003. Two-phase biomedical NE recognition based on
notation systems to see if better system performancesyws. inProc. of the ACL 2003 workshop on Natural lan-
will be achieved. However, superior parametriza- guage processing in biomedicineages 33-40, Morristown,
tion will improve the annotation performance only N USA-ACL.

if the affix information is not redundant with other Donald R. Morrison. 1968. Patricia - Practical Algorithm To
features such as POS. Retrieve Information Coded in Alphanumericlournal of
the ACM 15(4):514-534.
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Combining Multiple Evidence for Gene Symbol Disambiguation

Hua Xu
Dept. of Biomedical Informatics,

Columbia University
622 W 168" St. NY, USA

Abstract

Gene names and symbols are important
biomedical entities, but are highly
ambiguous. This ambiguity affects the
performance of both information extraction
and information retrieval systems in the
biomedical domain. Existing knowledge
sources contain different types of
information about genes and could be used
to disambiguate gene symbols. In this
paper, we applied an information retrieval
(IR) based method for human gene symbol
disambiguation and studied different
methods to combine various types of
information from available knowledge
sources. Results showed that a combination
of evidence usually improved performance.
The combination method using coefficients
obtained from a logistic regression model
reached the highest precision of 92.2% on a
testing set of ambiguous human gene
symbols.

1 Introduction

In the past decade, biomedical discoveries and
publications have increased exponentially due to
high-throughput technologies such as automated
genomic sequencing, and therefore, it is impossible
for researchers to keep up-to-date with the most
recent knowledge by manually reading the litera-
ture. Therefore, automated text mining tools, such
as information retrieval and information extraction
systems, have received great amounts of interest
(Erhardt et al., 2006; Krallinger and Valencia,
2005). Biomedical entity recognition is a first cru-
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cial step for text mining tools in this domain, but is
a very challenging task, partially due to the ambi-
guity (one name referring to different entities) of
names in the biomedical field.

Genes are among the most important biological
entities for understanding biological functions and
processes, but gene names and symbols are highly
ambiguous. Chen et al. (2005) obtained gene in-
formation from 21 organisms and found that ambi-
guities within species, across species, with English
words and with medical terms were 5.02%,
13.43%, 1.10%, 2.99%, respectively, when both
official gene symbols and aliases were considered.
When mining MEDLINE abstracts, they found that
85.1% of mouse genes in the articles were am-
biguous with other gene names. Recently, Fundel
and Zimmer (2006) studied gene/protein nomen-
clature in 5 public databases. Their results showed
that the ambiguity problem was not trivial. The
degree of ambiguity also varied among different
organisms. Unlike other abbreviations in the litera-
ture, which usually are accompanied by their cor-
responding long forms, many gene symbols occur
alone without any mention of their long forms. Ac-
cording to Schuemie et al. (2004), only 30% of
gene symbols in abstracts and 18% in full text
were accompanied by their corresponding full
names, which makes the task of gene symbol nor-
malization much harder.

Gene symbol disambiguation (GSD) is a par-
ticular case of word sense disambiguation (WSD),
which has been extensively studied in the domain
of general English. One type of method for WSD
uses established knowledge bases, such as a ma-
chine readable dictionary (Lesk, 1986; Harley and
Glennon, 1997). Another type of WSD method
uses supervised machine learning (ML) technolo-

BioNLP 2007: Biological, translational, and clinical language processing, pages 41-48,
Prague, June 2007. (©2007 Association for Computational Linguistics



gies (Bruce and Wiebe, 1994; Lee and Ng, 2002;
Liu et al., 2002).

In the biomedical domain, there are many gene
related knowledge sources, such as Entrez Gene
(Maglott et al., 2005), developed at NCBI (Na-
tional Center for Biotechnology Information),
which have been used for gene symbol disam-
biguation. Podowski et al. (2004) used MEDLINE
references in the LocusLink and SwissProt data-
bases to build Bayesian classifiers for GSD. A
validation on MEDLINE documents for a set of 66
human genes showed most accuracies were greater
than 90% if there was enough training data (more
than 20 abstracts for each gene sense).

More recently, information retrieval (IR) based
approaches have been applied to resolve gene am-
biguity using existing knowledge sources. Typi-
cally, a profile vector for each gene sense is built
from available knowledge source(s) and a context
vector is derived from the context where the am-
biguous gene occurs. Then similarities between the
context vector and candidate gene profile vectors
are calculated, and the gene corresponding to the
gene profile vector that has the highest similarity
score to the context vector is selected as the correct
sense. Schijvenaars et al. (2005) reported on an IR-
based method for human GSD. It utilized informa-
tion from either Online Mendelian Inheritance in
Man (OMIM) annotation or MEDLINE abstracts.
The system achieved an accuracy rate of 92.7% on
an automatically generated testing set when five
abstracts were used for the gene profile. Xu et al.
(2007) studied the performance of an IR-based ap-
proach for GSD for mouse, fly and yeast organ-
isms when different types of information from dif-
ferent knowledge sources were used. They also
used a simple method to combine different types of
information and reported that a highest precision of
93.9% was reached for a testing set of mouse genes
using multiple types of information.

In the field of IR, it has been shown that com-
bining heterogeneous evidence improves retrieval
effectiveness. Studies on combining multiple rep-
resentations of document content (Katzer et al.,
1982), combining results from different queries
(Xu and Croft, 1996), different ranking algorithms
(Lee, 1995), and different search systems (Lee,
1997) have shown improved performance of re-
trieval systems. Different methods have also been
developed to combine different evidence for IR
tasks. The inference-network-based framework,
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developed by Turtle and Croft (1991), was able to
combine different document representations and
retrieval algorithms into an overall estimate of the
probability of relevance. Fox et al. (1988) extended
the vector space model to use sub-vectors to de-
scribe different representations derived from
documents. An overall similarity between a docu-
ment and a query is defined as a weighted linear
combination of similarities of sub-vectors. A linear
regression analysis was used to determine the
value of the coefficients.

Though previous related efforts (Schijvenaars et
al., 2005, Xu et al., 2007) have explored the use of
multiple types of information from different
knowledge sources, none have focused on devel-
opment of formal methods for combining multiple
evidence for the GSD problem to optimize per-
formance of an IR-based method. In this study, we
adapted various IR-based combination models spe-
cifically for the GSD problem. Our motivation for
this work is that there are diverse knowledge
sources containing different types of information
about genes, and the amount of such information is
continuously increasing. A primary source contain-
ing gene information is MEDLINE articles, which
could be linked to specific genes through annota-
tion databases. For example, Entrez Gene contains
an annotated file called “gene2pubmed”, which
lists the PMIDs (PubMed ID) of articles associated
with a particular gene. From related MEDLINE
articles, words and different ontological concepts
can be obtained and then be used as information
associated with a gene. However they could be
noisy, because one article could mention multiple
genes. Another type of source contains summa-
rized annotation of genes, which are more specific
to certain aspects of genes. For example, Entrez
Gene contains a file called “gene2go”. This file
lists genes and their associated Gene Ontology
(GO) (Ashburner et al., 2000) codes, which include
concepts related to biological processes, molecular
functions, and cellular components of genes.
Therefore, methods that are able to efficiently
combine the different types of information from
the different sources are important to explore for
the purpose of improving performance of GSD
systems. In this paper, we describe various models
for combining different types of information from
MEDLINE abstracts for IR-based GSD systems.
We also evaluated the combination models using
two data sets containing ambiguous human genes.
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Figure 1 Overview of an IR combination-based gene symbol disambiguation approach using different

types of information.

2 Methods

In this paper, we extend the IR vector space model
to be capable of combining different types of gene
related information in a flexible manner, thus im-
proving the performance of an [R-based GSD sys-
tem. Figure 1 shows an overview of the IR combi-
nation-based approach. We generated three differ-
ent sub-vectors for the context and three for the
profile, so that each sub-vector corresponded to a
different type of information. The similarity scores
between context and profile were measured for
each type of sub-vector and then combined to gen-
erate the overall similarity scores to determine the
correct sense. We explored five different combina-
tion methods using two testing sets.

2.1 Knowledge Sources and Available Infor-

mation

The “gene2pubmed” file in Entrez Gene was
downloaded in January 2006. A profile was then
built for each gene using information derived from
the related articles. We used the following three
types of information: 1) Words in the related
MEDLINE articles (title and abstract). This is the
simplest type of information about a gene. General
English stop words were removed and all other
words were stemmed using the Porter stemming
algorithm (Porter, 1980). 2) UMLS (Unified
Medical Language System) (Bodenreider 2004)
CUIs (Concept Unique Identifier), which were
obtained from titles and abstracts of MEDLINE
articles using an NLP system called MetaMap
(Aronson 2001). 3) MeSH (Medical Subject
Headings) terms, which are manually annotated by
curators based on full-text articles at the National
Library of Medicine (NLM) of the United States.
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2.2 Document Set and Testing Sets

Using the “gene2pubmed” file, we downloaded the
MEDLINE abstracts that were known to be related
to human genes. Articles associated with more than
25 genes (as determined by our observation) were
excluded, since they mostly discussed high-
throughput technologies and provided less valuable
information for GSD. This excluded 168 articles
and yielded a collection of 116,929 abstracts,
which were used to generate gene profiles and one
of the test sets. Two test sets were obtained for
evaluating the combination methods: testing set 1
was based on the “gene2pubmed” file, and testing
set 2 was based on the BioCreAtIvE II evaluation.
Testing set 1 was automatically generated from
the 116,929 abstracts, using the following 3 steps:
1) Identifying ambiguous gene symbols in the
abstracts. This involved processing the entire col-
lection of abstracts using an NLP system called
BioMedLEE (Biomedical Language Extracting and
Encoding System) (Lussier et al. 2006), which was
shown to identify gene names/symbols with high
precision when used in conjunction with GO anno-
tations. When an ambiguous gene was identified in
an article, the candidate gene identifiers (GenelD
from Entrez Gene) were listed by the NLP system,
but not disambiguated. For each ambiguous gene
that was detected, a pair was created consisting of
the PMID of the article and the gene symbol, so
that each pair would be considered a possible test-
ing sample. Repeated gene symbols in the same
article were ignored, because we assumed only one
sense per gene symbol in the same article. Using
this method, 69,111 PMID and ambiguous human
gene symbol pairs were identified from the above
collection of abstracts.



2) Tagging the correct sense of the ambiguous
gene symbols. The list of candidate PMID/gene
symbol pairs generated from the articles was then
compared with the list of gene identifiers known to
be associated with the articles based on
“gene2pubmed”. If one of the candidate gene
senses matched, that gene sense was assumed to be
the correct sense. Then the PMID/gene-symbol
pair was tagged with that sense and set aside as a
testing sample. We identified a pool of 12,289 test-
ing samples, along with the corresponding tagged
senses.

3) Selecting testing set 1. We randomly selected
2,000 testing samples from the above pool to form
testing set 1.

Testing set 2 was derived using the training and
evaluation sets of the BioCreAtIvE II Gene Nor-
malization (GN) task (Morgan 2007). The Bio-
CreAtIVvE II GN task involved mapping human
gene mentions in MEDLINE abstracts to gene
identifiers (Entrez Gene ID), which is a broader
task than the GSD task. However, these abstracts
were useful for creating a testing set for GSD, be-
cause whenever a gene mention mapped to more
than one identifier, disambiguation was required.
Therefore, it was possible to derive a list of am-
biguous gene symbols based on data that was pro-
vided by BioCreAtIvE. We combined both manu-
ally annotated training (281 abstracts) and evalua-
tion (262 abstracts) sets provided by BioCreAtIvE.
Using the same process as described in step 1 of
testing set 1, we processed the abstracts and identi-
fied 217 occurrences of ambiguous gene symbols
from the combined set. Following a similar proce-
dure as was used for step 2 in the testing set 1 (ex-
cept that the reference standard in this case was the
manually annotated results obtained from Bio-
CreAtlIvE instead of “gene2pubmed”), we obtained
124 PMID/gene-symbol pairs with the correspond-
ing tagged senses, which formed testing set 2.

Because one article may contain multiple am-
biguous gene symbols, a total of 2,048 PMIDs
were obtained from both testing sets 1 and 2. Arti-
cles with those PMIDs were excluded from the
collection of 116,929 abstracts. We used the re-
maining document set to generate gene profiles,
which were used for both testing sets.

2.3

For each gene in “gene2pubmed” file, we created a
profile. It consisted of three sub-vectors containing

Profile and Context Vectors
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word, CUI, or MeSH, respectively, using the in-
formation derived from the related MEDLINE ab-
stracts. Similarly, a context vector was also formed
for each testing sample, using three sub-vectors
containing word, CUI, or MeSH, which were de-
rived from the abstract whose PMID was stated in
the testing sample. The tf-idf weighting schema
(Salton and Buckley, 1988) was used to assign
weights to index terms in the profile and context
sub-vectors. Given a document d, the Term Fre-
quency (tf) of term t is defined as the frequency of
t occurring in d. The Inverse Document Frequency
(idf) of term t is defined as the logarithm of the
number of all documents in the collection divided
by the number of documents containing the term t.
Then term t in document d is weighted as tf*idf.

2.4  Similarity Measurement

The similarity score between the same type of con-
text and profile sub-vectors were measured as co-
sine similarity of two vectors. The cosine similarity
between two vectors a and b is defined as the inner
product of a and b, normalized by the length of
two vectors. See the formula below:

Sim(a,b) = cosine o = where

ab
2l
laj=+/a; +a; +..+a; |b|=4/b +b] +..+b;

We built three basic classifiers that used only
one type of sub-vector: word, CUI, or MeSH, re-
spectively, recorded three individual similarity
scores of each sub-vector for each candidate gene
of all testing samples. We implemented five meth-
ods to combine similarity scores from each basic
classifier, which are described as follows:

1) CombMax - Each individual similarity score
from a basic classifier was normalized by di-
viding the sum of similarity scores of all
candidate genes for that basic classifier.
Then the decision made by the classifier with
the highest normalized score was selected as
the final decision of the combined method.

CombSum - Each individual similarity score
from a basic classifier was normalized by di-
viding the maximum similarity score of all
candidate genes for that basic classifier. The
overall similarity score of a candidate gene
was considered to be the sum of the normal-
ized similarity scores from all three basic
classifiers for that gene. The candidate gene

2)



3)

4)

5)

P

with the highest overall similarity was se-
lected as the correct sense.

CombSumVote - The overall similarity score
was considered as the similarity score from
CombSum, multiplied by the number of basic
classifiers that voted for that gene as the cor-
rect sense.

CombLR - The overall similarity score was
defined as a predicted probability (P) of be-
ing the correct sense, given the coefficients
obtained from a logistic regression model
and similarity scores from all three basic
classifiers for that gene. The relation be-
tween dependent variable (probability of be-
ing the correct sense) and independent vari-
ables (similarity scores from individual basic
classifiers) of the logistic regression model is
shown below, where CS (Cyord, Ceuiy Crmesh and
C) are the coefficients, and SIMs (SIMycrq,
SIMgyi, SIMpesh) are the individual similarity
scores from the basic classifiers. To obtain
the model, we divided 2,000 testing samples
into a training set and a testing set, as de-
scribed in section 2.5. For samples in the
training set, the correct gene senses were la-
beled as “1” and incorrect gene senses were
labeled as “0”. Then logistic regression was
applied, taking the binary labels as the value
of the dependent variable and the similarities
from the basic classifiers as the independent
variables. In testing, coefficients obtained
from training were used to predict each can-
didate gene’s probability of being the correct
sense for a given ambiguous symbol.

eCword *SIMword +Ccui*SIMcui+Cmesh*SIMmesh+C

:1+e

Cword *SIMword +Ccui*SIMcui+Cmesh*SIMmesh+C

CombRank — Instead of using the similarity
scores, we ranked the similarity scores and
used the rank to determine the combined
output. Following a procedure called Borda
count (Black, 1958), the top predicted gene
sense was given a ranking score of N-1, the
second top was given N-2, and so on, where
N is the total number of candidate senses.
After each sense was ranked for each basic
classifier, the combined ranking score of a
candidate gene was determined by the sum
of ranking scores from all three basic classi-
fiers. The sense with the highest combined
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ranking score was selected as the correct
sense.

2.5 Experiments and Evaluation

In this study, we measured both precision and cov-
erage of IR-based GSD approaches. Precision was
defined as the ratio between the number of cor-
rectly disambiguated samples and the number of
total testing samples for which the disambiguation
method yielded a decision. When a candidate gene
had an empty profile or different candidate gene
profiles had the same similarity scores (e.g. zero
score) with a particular context vector, the disam-
biguation method was not able to make a decision.
Therefore, we also reported on coverage, which
was defined as the number of testing samples that
could be disambiguated using the profile-based
method over the total number of testing samples.
We evaluated precision and coverage of different
combined methods for gene symbol disambigua-
tion on both testing sets.

Results of three basic classifiers that used a sin-
gle type of information were reported as well. We
also defined a baseline method. It used the major-
ity sense of an ambiguous gene symbol as the cor-
rect sense. The majority sense is defined as the
gene sense which was associated with the most
MEDLINE articles based on the “gene2pubmed”
file.

To evaluate the CombLR, we used 10-fold cross
validation. We divided the sense-tagged testing set
into 10 equal partitions, which resulted in 200 test-
ing samples for each partition. When one partition
was used for testing, the remaining nine partitions
were combined and used for training, which also
involved deriving coefficients for each round. To
make other combination methods comparable with
CombLR, we tested the performance of other com-
bination methods on the same partitions as well.
Therefore, we had 10 measurements for each com-
bination method. Mean precision and mean cover-
age were reported for those 10 measurements. For
testing set 2, we did not test the CombLR method
because the set was too small to train a regression
model.

We used Friedman’s Test (Friedman, 1937) fol-
lowed by Dunn’s Test (Dunn, 1964), which are
non-parametric tests, to assess whether there were
significant differences in terms of median precision
among the different single or combined methods.



3 Results

Results of different combination methods for test-
ing set 1 are shown in Table 1, which contains the
mean precision and coverage for 10-fold cross
validation, as well as the standard errors in paren-
theses. All IR-based gene symbol disambiguation
approaches showed large improvements when
compared to the baseline method. All of the com-
bination methods showed improved performance
when compared to results from any run that used a
single type of information. Among the five differ-
ent combination methods, CombLR achieved the
highest mean precision of 0.922 for testing set 1.
CombSum, which is a simple combination method,
also had a good mean precision of 0.920 on testing
set 1. The third Column of Table 1 shows that cov-
erage was in a range of 0.936-0.938.

Run Precision Coverage
Baseline 0.707 (0.032) 0.992 (0.005)
Word 0.882 (0.023) 0.937 (0.017)
CUI 0.887 (0.022) 0.938 (0.017)
MeSH 0.900 (0.021) 0.936 (0.017)
CombMax 0.909 (0.020) 0.938 (0.017)
CombSum 0.920 (0.019) 0.937 (0.017)
CombSumVote 0.917(0.019) 0.938 (0.017)
CombLR 0.922 (0.019) 0.938 (0.017)
CombRank 0.918 (0.020) 0.938 (0.017)
Table 1. Results on testing set 1.

Run Precision Coverage
Baseline 0.593 0.991

Word 0.872 0.944

CUl 0.897 0.944

MeSH 0.863 0.944
CombMax 0.906 0.944
CombSum 0.906 0.944
CombSumVote 0.897 0.944
CombRank 0.889 0.944

Table 2. Results on testing set 2.

We performed Friedman’s test followed by

Dunn’s test on each single run: word, CUl or
MeSH, with all combination runs respectively.
Friedman tests showed that differences of median
precisions among the different methods were sta-
tistically significant at 0=0.05. Dunn tests showed
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that combination runs CombSum, CombSumVote,
CombLR, and CombRank were statistically signifi-
cantly better than single runs using word or CUI.
For single run using MeSH, combination runs
CombLR and CombSum were statistically signifi-
cantly better.

The results of different runs on testing set 2 are
shown in Table 2. Most combined methods, except
CombRank, showed improved precision. The high-
est precision of 0.906 was reached when using
CombSum and CombMax methods. Note that the
logistic regression method was not applicable. The
coverage for testing set 2 was 0.944 for all of the
methods.

4  Discussion

4.1 Why Combine?

As stated in Croft (2002), a Bayesian probabilistic
framework could provide the theoretical justifica-
tion for evidence combination. Additional evidence
with smaller errors can reduce the effect of large
errors from one piece of evidence and lower the
average error.

The idea behind CombMax was to use the single
classifier that had the most confidence, but it did
not seem to improve performance very much be-
cause it ignored evidence from the other two basic
classifiers. The CombSum was a simple combina-
tion method, but with reasonable performance,
which was also observed by other studies for the
IR task (Fox and Shaw, 1994). CombSumVote was
a variant of CombSum. It favors the candidate
genes selected by more basic classifiers. In Lee
(1997), a similar implementation of CombSumVote
(named “CombMNZ”) also achieved better per-
formance in the IR task. CombLR, the combination
method trained on a logistic regression model,
achieved the best performance in this study. It used
a set of coefficients derived from the training data
when combining the similarities from individual
basic classifiers. Therefore, it could be considered
as a more complicated linear combination model
than CombSum. In situations where training data is
not available, CombSum or CombSumVote would
be a good choice. CombRank did not perform as
well as methods that used similarity scores, proba-
bly due to the loss of subtle probability information
in the similarity scores. We explored ranking be-
cause it was independent of the weighting schema
and could be valuable if it performed well.



The typical scenario where combination should
help is when a classifier based on one type of in-
formation made a wrong prediction, but the
other(s), based on different types of information,
made the correct predictions. In those cases, the
overall prediction may be correct when an appro-
priate combination method applies. For example,
an ambiguous gene symbol PDK1 (in the article
with PMID 10856237), which has two possible
gene senses (‘GenelD:5163 pyruvate dehydro-
genase kinase, isoenzyme 1’ and ‘GenelD:5170 3-
phosphoinositide dependent protein kinase-1°),
was incorrectly predicted as ‘GenelD: 5163° when
only “word” was used. But the classifiers using
“CUI” and “MeSH” predicted it correctly. When
the CombSum method was used to combine the
similarity scores from all three classifiers, the cor-
rect sense ‘GenelD: 5170° was selected. When all
three classifiers were incorrect in predicting a test-
ing sample, generally none of the combination
methods would help in making the final decision
correct. Therefore, there is an upper bound on the
performance of the combined system. In our case,
we detected that all three classifiers made incorrect
predictions for 65 testing samples of the 2,000
samples. Therefore, the upper bound would be
1,935/2,000=96.7%.

The methods for combining different types of
information from biomedical knowledge sources
described in this study, though targeted to the GSD
problem, could be also applicable to other text
mining tasks that are based on similarity measure-
ment, such as text categorization, clustering, and
the IR task in the biomedical domain.

4.2  Coverage of the Methods

The IR-based gene symbol disambiguation method
described in this paper aims to resolve intra-
species gene ambiguity. We focused on ambiguous
gene symbols within the human species and used
articles known to be associated with human genes.
Fundel and Zimmer (2006) reported that the degree
of ambiguity of the human gene symbols from En-
trez Gene was 3.16%—3.32%, which is substantial.
However, this is only part of the gene ambiguity
problem.

Based on the “gene info” file downloaded in
January 2006 from Entrez Gene, there were a total
of 32,852 human genes. Based on the
“gene2pubmed” file, 24,170 (73.4%) out of 32,852
human genes have at least one associated MED-
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LINE article, which indicates that profiles could be
generated for at least 73.4% of human genes. On
average, there are 9.02 MEDLINE articles associ-
ated with a particular human gene. Coverage re-
ported in this study was relatively high because the
testing samples were selected from annotated arti-
cles as listed in “gene2pubmed”, and not randomly
from the collection of all MEDLINE abstracts.

4.3 Evaluation Issues

It would be interesting to compare our work with
other related work, but that would require use of
the same testing set. For example, it is not straight-
forward to compare our precision result (92.2%)
with that (92.7%) reported by Schijvenaars et al.
(2005), because they used a testing set that was
generated by removing ambiguous genes with less
than 6 associated articles for each of their senses,
and they did not report on coverage. The data set
from the BioCreAtIVE II GN task therefore is a
valuable testing set that enables evaluation and
comparison of other gene symbol disambiguation
methods. From the BioCreAtIvE abstracts, we
identified 217 occurrences of ambiguous gene
symbols, but only 124 were annotated in the Bio-
CreAtIvE data set. There are a few possible expla-
nations for this. First, the version of the Entrez
Gene database used by the NLP system was not the
most recent one, SO some new genes were not
listed as possible candidate senses. The second is-
sue is related to gene families or genes/proteins
with multiple sub-units. According to the
‘gene_info’ file, the gene symbol “IL-1" is a syno-
nym for both “GenelD: 3552 interleukin 1, alpha”
and “GenelD: 3553 interleukin 1, beta”. Therefore,
the NLP system identified it as an ambiguous gene
symbol. When annotators in the BioCreAtIvE 11
task saw a gene family name that was not clearly
mapped to a specific gene identifier in Entrez
Gene, they may not have added it to the mapped
list. In Morgan et al. (2007), it was suggested that
mapping gene family mentions might be appropri-
ate for those entities. Testing set 2 was a small set
and results from that set might not be statistically
meaningful, but it is useful for comparing with
others working on the same data set.

In this paper, we focused on the study of im-
provements in precision of the gene symbol dis-
ambiguation system. When combining information
from different knowledge sources, coverage may



also be increased by benefiting from the cross-
coverage of different knowledge sources.

5 Conclusion and Future Work

We applied an IR-based approach for human gene
symbol disambiguation, focusing on a study of
different methods for combining various types of
information from available knowledge sources.
Results showed that combination of multiple
evidence usually improved the performance of
gene symbol disambiguation. The combination
method using coefficients obtained from a logistic
regression model reached the highest precision of
92.2% on an automatically generated testing set of
ambiguous human gene symbols. On a testing set
derived from BioCreAtIvE II GN task, the combi-
nation method that performed summation of indi-
vidual similarities reached the highest precision of
90.6%. However, the regression-based method
could not be used, because the testing sample was
small.

In the future, we will add information that is
specifically related to genes, such as GO codes,
into the combination model. Meanwhile, we will
also study the performance gain in terms of
coverage by integrating different knowledge
sources.
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Abstract

We present a corpus-driven method for
building a lexicon of semantically equiva-
lent pairs of technical and lay medical terms.
Using a parallel corpus of abstracts of clin-
ical studies and corresponding news sto-
ries written for a lay audience, we identify
terms which are good semantic equivalents
of technical terms for a lay audience. Our
method relies on measures of association.
Results show that, despite the small size of
our corpus, a promising number of pairs are
identified.

1 Introduction

The field of health literacy has garnered much at-
tention recently. Studies show that most docu-
ments targeted at health consumers are ill-fitted to
the intended audience and its level of health liter-
acy (Rudd et al., 1999; McCray, 2005). While there
are many components involved in health literacy that
are specific to the reader (e.g., reading level and cul-
tural background), we investigate what can be done
from the standpoint of the text to adapt it to the liter-
acy level of a given reader. As such, we set ourselves
in the context of a text-to-text generation system,
where a technical text is edited to be more compre-
hensible to a lay reader. An essential resource for
such an editing tool is a lexicon of paraphrases, or
semantically equivalent terms. In this paper, we in-
vestigate a corpus-driven method for building such
a lexicon. We focus on terms that are recognized by
the UMLS (UMLS, 1995), both for technical and lay
candidate terms for equivalence.

Because we have lay audiences in mind, our defi-
nition of semantic equivalence must be broader than
a notion of strict medical equivalence utilized by

medical experts. Thus, while a medical dictionary 49
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like UMLS assigns different concept unique identi-
fiers (CUIs) to two particular terms, such as percu-
taneous transluminal coronary angioplasty and an-
gioplasty, these terms should be considered seman-
tically equivalent for the purposes of lay readers.

Besides enabling a text tailoring system to adapt
technical texts for a lay audience, a lexicon of
semantically equivalent technical/lay terms would
benefit other tools as well. For instance, the Con-
sumer Health Vocabulary initiative' is a comprehen-
sive list of UMLS terms familiar to lay readers. Our
lexicon could help augment the terms with equiva-
lence links to technical terms. While much research
of late has been devoted to identifying terms incom-
prehensible to lay readers, such research has not es-
tablished links between technical terms and equiva-
lent lay terms beyond their CUI information (Zeng
et al., 2005; Elhadad, 2006).

The key points of our approach are: (1) the use
of combined measures of association to identify
pairs of semantically equivalent terms, and (2) a
knowledge-based heuristic which acts as a powerful
filter for identifying semantically equivalent pairs.
Our method does not rely on human labeling of se-
mantically equivalent term pairs. As such, it is un-
supervised, and achieves results that are promising
considering the small size of the corpus from which
the results are derived.

This paper is organized as follows. The next sec-
tion describes our parallel corpus of paired techni-
cal/lay documents. The Methods section describes
the different measures of association we experi-
mented with, how we combine them to leverage their
complimentary strengths, and our semantic filter.
The Results section reports the evaluation against
our gold standard and a discussion of our results.

'htt p: // ww. consuner heal t hvocab. or g
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2 DataDescription

Because our ultimate goal is to learn, in a data-
driven fashion, semantic equivalents of terms that
are too technical for lay readers, we can benefit from
having instances of texts which relay similar infor-
mation but are conveyed in different styles. We
collect a corpus similar in structure to those used
in the field of statistical machine translation. But,
instead of having two collections in different lan-
guages, we collect texts written for two different au-
diences: medically trained readers (technical collec-
tion) and health consumers (lay collection).

The lay collection is composed of news stories
from the ReutersHealth E-line newsfeed” summariz-
ing research in the medical field. Reuters journalists
take technical publications and report the main find-
ings and methods and, on occasion, include inter-
views with the authors of the scientific publication.
The stories are targeted at a lay audience with a 12th-
grade reading level. Furthermore, every story in our
collection contains a reference to the original scien-
tific publication. Thus, it is possible to gather the
original texts, which convey similar information but
were written for a technical audience. The stories
draw upon studies from reputable medical journals,
such as Annals of Internal Medicine, New England
Journal of Medicine and Lancet.

The technical collection in our corpus is com-
posed of the original scientific articles correspond-
ing to each news story in the lay collection. Accord-
ingly, the lay and technical collections contain the
same number of documents and are parallel at the
document level. That is, each technical document
has a lay equivalent and vice-versa. Because a lay
document is a summary of a technical article and is,
hence, much shorter than the original scientific ar-
ticle, we decided to include only the abstract of the
technical document in our collection. This way, the
technical and lay documents are comparable in con-
tent and length. It should be noted, however, that
the content in a technical/lay document pair is not
parallel, but comparable (McEnery and Xiao, 2007):
there is no natural sentence-to-sentence correspon-
dence between the two texts. This is to be expected:
technical abstracts contain many technical details,
while lay stories, to provide background, introduce

*ht t p: / / ww. r eut er sheal t h. com

Words Sentences
Min | Max | Avg | Min | Max | Avg
Technical | 137 565 | 317 5 18 10
Lay 187 | 1262 | 444 6 42 15

Table 1: Statistics for the Technical and Lay collec-
tions. Each contains 367 documents.

information entirely absent from abstracts. In addi-
tion, the lay stories drastically rearrange the order in
which information is typically conveyed in technical
abstracts. For these reasons, our corpus is not paral-
lel at the sentence level and, thus, differs from other
bilingual parallel corpora used in machine transla-
tion.

To ensure that some significant number of terms
appears with sufficient frequency in our corpus in
order to induce equivalent pairs automatically, we
focused on articles and stories in a single domain:
cardiology. We identified the original scientific ar-
ticle manually, as the lay document only contains a
reference, not an actual link. For this reason, only a
relatively small amount of data could be collected:
367 pairs of documents (see Table 1 for statistics).

3 Methods

3.1 DataProcessing

We focus in this paper on finding term equiva-
lents when both terms are recognized by the UMLS.
Thus, our first step in processing our collections is to
identify terms as defined by the UMLS. Both collec-
tions are processed by our tool TermFinder (Teufel
and Elhadad, 2002). Sentences are identified and the
texts are tokenized and tagged with part-of-speech
information. Noun phrases are identified with a shal-
low parser. Next, terms are identified by looking up
the noun phrases in the meta-lexicon of UMLS for
an exact match. Terms are tagged with their con-
cept unique identifier (CUI) and a semantic type,
both provided by UMLS. For our purposes, we only
consider a subset of all the terms listed in UMLS,
based on their semantic type. This is due to the
fact that certain UMLS semantic types are unlikely
to yield technical terms in need of simplification.
As such, terms belonging to semantic types such
as “Activity,” “Family Group” or “Behavior” were
left untagged. Terms with semantic types such as

50 Disease or Syndrome” or “Therapeutic or Preven-



Corresponding Corresponding lay
lay doc. contains | doc. does not con-
lay_term tain lay_term
Technical
doc. contains a b
tech_term
Technical doc.
does not con- ¢ d
tain tech_term
Table 2: Contingency table for (tech_term,
lay_term).

tive Procedure,” on the other hand, were considered
terms. For instance, both the terms PTCA and percu-
taneous transluminal coronary angioplasty have the
same CUI C0002997, as they are considered syn-
onyms by UMLS. The term balloon angioplasty has
the CUI C0002996. Both C0002997 and C0002996
have the semantic type “Therapeutic or Preventive
Procedure.”

3.2 Contingency Table

We call (tech_term, lay_term) a term pair, where
tech_term is a term occurring in one or more tech-
nical documents and lay term is a term present
in at least one of the corresponding lay docu-
ments.> For any such pair, we can compute a
contingency table based on co-occurrence. Our
definition of co-occurrence is slightly unusual:
tech_term and lay_term co-occur in one document
pair if tech_term appears at least once in the techni-
cal document and lay term appears at least once in
the corresponding lay document. Our unit of content
is document frequency for a CUI, i.e., the number of
documents in which a given CUI appears. For in-
stance, in our data, the contingency table for the term
pair (MI, heart attack) shows the following counts:
the document frequency of the CUI corresponding
to MI in the technical collection is 98; the docu-
ment frequency of the CUI corresponding to heart
attack in the lay collection is 161. Among these doc-
uments, there are 84 technical/lay document pairs
(out of the total of 367 paired documents) in which
the CUI for MI occurs on the technical side and the
CUI for heart attack occurs on the lay side. Hence,
the contingency table for this term pair is, following

3This means that if tech_term and lay_term have no tech-
nical/lay document in common, lay_term is not considered a
possible candidate for semantic equivalence for tech_term.

the notations of Table 2: a=84,b=98-84 =14, c =
161-84 =77, and d = 367-98-161+84 = 192.

At this stage of processing, lexical terms are ab-
stracted by their CUIs. We do this to maximize the
possible evidence that two terms co-occur. For in-
stance, the document frequency for Ml in our tech-
nical collection is 20, while the document frequency
for its corresponding CUI is 98. Section 3.7 de-
scribes how we proceed from identifying equivalent
terms at the CUI level to finding lexical equivalents.

3.3 Gold Standard

To evaluate the validity of our approach, we col-
lected all possible term pairs at the CUI level in our
corpus (that is, all the term pairs for which a con-
tingency table is computed). We then whittled this
set down to those pairs where each CUI occurs in
at least two documents. This resulted in 2,454 pairs
of CUIs. We asked our medical expert, an internist
in practice who interacts with patients on a daily ba-
sis, to indicate for each pair whether the terms were
equivalent from a medical standpoint in the con-
text of communicating with a patient.* An opera-
tional test for testing the equivalence of two terms is
whether he would use one term for the other when
talking to a patient. We indicated to our expert that
the terms should be equivalent out of context. So,
for instance, while the pair (myocardial infarction,
complication) could be deemed equivalent in certain
specific contexts, these terms are not generally con-
sidered equivalent. Table 3 shows examples of pairs
annotated as semantic equivalents for lay readers.’
The list of terms contained only the actual lexical
terms and no information from the UMLS to avoid
biasing our expert.

Out of the 2,454 CUI pairs provided to our medi-
cal expert, 152 pairs were labeled as equivalent. Out
of the 152 pairs, only 8 (5.3%) had different seman-
tic types. Interestingly, 84 pairs (55.3%) had differ-
ent CUIs. This confirms our intuition that the notion
of semantic equivalence for lay readers is looser than
for medically knowledgeable readers.

“While it is in some ways counterintuitive to rely on a tech-
nical expert to identify lay semantic equivalents, this expertise
helps us validate equivalences from a medical standpoint.

5In the table, DIGN stands for “Diagnostic Procedure,”
DISS for “Disease or Symptom,” FIND for “Finding,” and

51PATH for “Pathological Finding.”



Technical term

Lay term |

myocardial infarction | C0027051 | DISS

heart attack | C0027051 | DISS

SBP [ C0428880 | DIGN

systolic blood pressure | C0428880 | DIGN

atrial fibrillation | C0004238 | PATH

arrhythmia | C0003811 | PATH

hypercholesterolemia | C0020443 | DISS

high cholesterol | C0848569 | FIND

mental stress | C0038443 | DISS

stress | C0038435 | PATH

Table 3: Examples from the gold standard of term pairs considered equivalent.

3.4 Measures of Association

Given a term pair (tech_term, lay_term) and its cor-
responding contingency table, we want to determine
whether lay_term is a valid semantic equivalent of
tech_term from the standpoint of a lay reader. We
rely on three alternative measures of association in-
troduced in the Statistics literature: the y? statis-
tic, the A measure, and odds ratio. All of these
measures are computed as a function of the contin-
gency table, and do not rely on any human labeling
for equivalence. Measures of association have been
used traditionally to identify collocations (Manning
and Schiitze, 1999). Here we investigate their use
for building a lexicon.

34.1 They? Statistic

The standard chi-square statistic (x2) is used
to determine whether the deviation of observed
data from an expected event occurs solely by
chance (Goodman and Kruskal, 1979). Our null
hypothesis for this task is that the presence of
lay_ term in a lay document is independent of the
presence of tech_term in its correspondent techni-
cal document. Thus, any pair of terms for which the
x? is above the critical value at a given level of sig-
nificance are considered semantic equivalents. One
important constraint for the measures to be valid is
that the observed data be large enough (more than
five observations per cell in the contingency table).

The x? statistic for our 2x2 contingency table,
and with N being the total number of document
pairs, is calculated as follows:

9 N(ad — bc)?

~ (a+b)(a+c)(c+d)(b+d)

X

Since x? is a true statistic, we can rely on critical
values to filter out pairs with low associative power.
In our case, we set the significance level at .001
(with a critical value for x? of 10.83).

CO011847 | - CO011847 || Sum
CO011849 | a=13 b=8 20
= CO011849 | c=40 d=1306 346
[Sum [53 [314 1367 ]

Table 4:
C0011847).

Contingency table for (C0011849,

3.4.2 The) and \* Measures

The lambda measure (\) assesses the extent to
which we can predict the presence of lay_term in a
lay document by knowing whether the original tech-
nical document contained tech_term (Goodman and
Kruskal, 1979). A is an asymmetrical measure of
association. Since a lay document is always writ-
ten based on an original technical document, it is
a plausible assumption that the presence of a spe-
cific term in the technical document influenced the
lexical choices of the author of the lay document.
Thus, we consider the presence of tech term in a
technical document the antecedent to the presence
of lay_term in the corresponding lay document, and,
accordingly, operate in the setting of predicting the
presence of lay_term.

We present the intuition behind A in the context
of the following example. Consider the contingency
table for the technical CUI C0011849 (diabetes mel-
litus) and C0011847 (diabetes) in Table 4. The task
is, given a random lay document, to predict which of
two available categories it belongs to: either it con-
tains the lay CUI (in our example, CUI C0011847
for diabetes) or it does not. There are two possi-
ble cases: either (1) we do not have any knowl-
edge about the original technical document, or (2)
we know the original technical document and, there-
fore, we know whether it contains the antecedent (in
our example, CUI C0011849 for diabetes mellitus).

Without any prior knowledge (case (1)), the
safest prediction we can make about the lay doc-

soument is the category with the highest probabil-



ity. The probability of error in case (1) is Pepp; =
N—Maz(a+c,b+d)

In our e];([ample, the safest bet is = C0011847, with
a raw count of 314 documents, and a probability of
error of P,,..1 = 0.1444.

If we have prior knowledge about the original
technical document (case (2)), then our safest pre-
diction differs. If we know that the technical doc-
ument contains the CUI C0011849 (diabetes melli-
tus), then our safest prediction is the category with
the highest probability: C0011847, with a raw count
of 13 documents. If, on the other hand, we know
that the technical document does not contain the
CUI C0011849, our safest prediction is the category
- C0011847, with a raw count of 306 documents.
Thus, overall the probability of error in case (2) is
P _ N-(Maz(ab)+Max(c,d))

err2 N .
In our example, knowledge about the original tech-
nical document lowers the probability of error to
P.rro = 0.1308.

The A measure is defined as the relative decrease
in probability of error in guessing the presence of
lay_term in a lay document A = %

which, using our notation for contingency tables,
can be expressed as

_ Mazx(a,b) + Max(c,d) — Max(a+ c,b+d)

A
N — Mazx(a+ c¢,b+d)

In our example, A = 0.094. A ranges between 0
and 1. A value of 1 means that knowledge about
the presence of tech_term in the original techni-
cal document completely specifies the presence of
lay_term in its corresponding lay document. A value
of 0 means that knowledge about the presence of
tech_term in the original technical document does
not help in predicting whether lay_term is present in
its corresponding lay document.

The A measure is not a test of significance like
x?2. For instance, while two independent variables
necessarily have a A of 0, the opposite is not neces-
sarily true: it is possible for two dependent variables
to have a A of 0. In our setting in particular, any
contingency table where a=b will provide a A of 0.

Since A\ is computed as a function of maxima of
rows and columns, A can easily be biased toward the
original proportions in the antecedent. In our exam-

documents has no occurrence of C0011849, diabetes
mellitus (94.3% of the technical documents). But
for our purposes, such contingencies should not af-
fect our measure of association, as the proportion of
technical documents happening not to contain a par-
ticular term is just an artificial consequence of cor-
pus collection. A* is a variant of A also proposed by
Goodman and Kruskal (1979) and is able to take this
fact into account. It is computed using the same for-
mula as A, but the elements of the contingency table
are modified so that each category of the antecedent
is equally likely. In our case, this means: N*=1,
a*=0.5a/N(a+b), b*=0.5b/N(a+b), c*=0.5¢/N(c+d),
and d*=0.5d/N(c+d). Going back to our example of
diabetes mellitus and diabetes, we now find A\x =
0.324, which is much higher than the original A of
0.094, and which indicates a strong association.

We focus on A* as a measure of association for
semantic equivalence of term pairs. Since A and \*
are not true statistics, there is no significance level
we can rely on to set a threshold for them. Instead,
we estimate an optimal threshold from the perfor-
mance of A\* on a development set. The develop-
ment set was obtained in the same manner as the
gold standard and contains 50 term pairs. This is
a small number of pairs, but the term pairs in the
development set were carefully chosen to contain
mostly semantically equivalent pairs. In our experi-
ments, the optimal value for A* was 0.3. Thus, A* is
used as a binary test for our purposes: tech_term and
lay_term are considered semantically equivalent if
their A\* is above 0.3.

3.4.3 OddsRatio

Odds ratio is a measure of association that focuses
on the extent to which one category in the contin-
gency table affects another (Fleiss et al., 2003). For
our contingency table, the odds ratio is expressed as

follows:

ad
OR = —
be

For instance, given the contingency table of Ta-
ble 4, the odds ratio for the pair (diabetes mellitus,
diabetes) is 12.43, which means that a lay docu-
ment is 12.43 times more likely to contain the CUI
C0011847, for diabetes, if its original technical doc-
ument contains the term C0011849, for diabetes

ple, for instance, a very large proportion of technical g53mellitus.



Like A*, odds ratio is not a true statistic and,
therefore, does not have any critical value for sta-
tistical significance. We estimated the optimal value
of a threshold for OR based on the same develop-
ment set described above. The threshold for OR is
set to 6. Thus, OR is used as a binary test for our
purposes: tech_term and lay term are considered
semantically equivalent if their OR is above 6.

3.5 Combiningthe Measures of Association

Each of the measures of association described above
leverages different characteristics of the contingency
tables, and similarly, each has its limitations. For
instance, x> cannot be computed when there are
not sufficient observations, and A* can equal 0, even
when there is a strong association between the two
terms. We combine measures of association in the
following fashion: two terms are considered equiva-
lent if at least one of the measures determined so.

3.6 Semantic Filtering

The measures of association described above and
their combination provide information solely based
on corpus-derived data. Since all our counts are
based on co-occurrence, a measure of association by
itself can encompass many types of semantic rela-
tions. For instance, the pair for (stroke, brain) tests
positive with our three measures of association. In-
deed, there is a strong semantic association between
the two terms: strokes occur in the brain. These
terms, however, do not fit our definition of seman-
tic equivalence.

We rely on knowledge provided by the UMLS,
namely semantic types, to help us filter equiv-
alent types of associations among the candidate
term pairs. One can assume that sharing semantic
types is a necessary condition for semantic equiva-
lence. Our semantic filter consists of testing whether
tech_term and lay_term share the same semantic
types, as identified by our tool TermFinder.

3.7 Lexical Choice

So far, term pairs are at the CUI level. The measures
of association and the semantic filter provide a way
to identify candidates for semantic equivalence. We
still have to figure out which particular lexical items
among the different lexical terms of a given CUI are

(C0027051, C0027051) is considered a good candi-
date for semantic equivalence. In the technical col-
lection, the lexical terms contributing to the CUI are
AMI, AMIs, MI, myocardial infarction, myocardial
infarct and myocardial necrosis. In the lay collec-
tion, however, the lexical terms contributing to the
same CUI are heart attack, heart attacks, and my-
ocardial infarction. Clearly, not all lexical items for
a given CUI are appropriate for a lay reader.

To select an appropriate lay lexical term, we rely
on the term frequency of each lexical item in the
lay collection (Elhadad, 2006). In our example, the
lexical term “heart attack” has the highest term fre-
quency in the lay collection among all the variants
with the same CUI. Thus, we chose it as a semantic
equivalent of any lexical term of the CUI C0027051
in the technical collection.

If a technical term has several candidate semantic
equivalents at the CUI level, the lexical lay term is
chosen among all the lay terms. For instance, (ad-
verse effect, side effect) and (adverse effect, compli-
cations) are two valid equivalents, but side effects
has a term frequency of 16 in our lay collection, and
complications has a lay term frequency of 35. Thus,
complication is selected as the lay equivalent for ad-
verse effect.

4 Results

We report on the two steps of our system: (1) find-
ing semantic equivalents at the CUI level, and (2)
finding an appropriate lay lexical equivalent.

Finding Semantic Equivalents at the CUI Leve
Table 5 shows the precision, recall and F-measure
(computed as the harmonic mean between precision
and recall) against our gold standard for the three
alternative measures of association, including dif-
ferent combinations of these, and also adding the
semantic filter. In addition, we report results for a
competitive baseline based solely on CUI informa-
tion, where tech_term and lay_term are considered
equivalent if they have the same CUI.

The baseline is fairly competitive only because
of its perfect precision (CUI in Table 5). Its recall,
however (44.7), indicates that building a lexicon of
technical and lay equivalents based solely on CUI
information would miss too many pairs within the

appropriate for a lay reader. For instance, the pair 54JUMLS.



[ Method | P [R |F || Method | P [R |F | Method [ P [R |F |
lam 40.8 | 20.4 | 27.2 || chi,odds 20.6 | 78.3 | 32.6 || CUI 100 | 44.7 | 61.8
chi 38.7 | 23.7 | 29.4 || chi,Jam,odds | 20.6 | 80.3 | 32.8 || sem,odds 57.8 | 71.1 | 63.7
sem,Jam | 76.3 | 19.1 | 30.5 sem,chi 81.8 | 23.7 | 36.7 || sem,lam,odds 57.4 | 73.7 | 64.6
odds 204 | 743 | 32 chi,Jlam 38.2 | 39.5 | 38.8 || sem,chi,odds 585 | 75 65.7
lam,odds | 20.5 | 77 32.3 || sem,chi,lam | 79.5 | 38.2 | 51.6 || sem,chi,lam,odds | 57.9 | 77 66.1

Table 5: Precision, Recall and F measures for different variants of the system.

Relying on only one measure of association with-
out any semantic filtering to determine semantic
equivalents is not a good strategy: A* (lam in Ta-
ble 5), x?(chi) and OR (odds), by themselves, yield
the worst F measures. Interestingly, the measures
of association identify different equivalent pairs in
the pool of candidate pairs. Thus, combining them
increases the coverage (or recall) of the system.
For instance, \* by itself has a low recall of 20.4
(Iam). When combined with OR, it improves the re-
call from 74.3 (odds) to 77 (lam,odds); when com-
bined with 2, it improves the recall from 23.7 (chi)
to 39.5 (chi,Jam). Combining the three measures
of association (chi,lam,odds) yields the best recall
(80.3), confirming our hypothesis that the measures
are complementary and identify pairs with different
characteristics in our corpus.

While combining measures of association im-
proves recall, the semantic filter is very effective in
filtering inaccurate pairs and, therefore, improving
precision: \*, for instance, improves from a pre-
cision of 40.8 (lam) to 76.3 (sem,lam) when the
filter is added, with very little change in recall.
The best variant of our system in terms of F mea-
sure is, not surprisingly, combining the three mea-
sures of association and adding the semantic filter
(sem,chi,lam,odds in Table 5).

The results of these experiments are surprisingly
good, considering that the contingency tables are
built from a corpus of only 367 document pairs and
rely on document frequency (not term frequency).
These quantities are much smaller than those used
in machine translation, for instance.

Finding Lay Lexical Equivalents We evaluate
our strategy for finding an appropriate lay lexical
item on the list of 152 term pairs identified by our
medical expert as semantic equivalents. Our strat-
egy achieves an accuracy of 86.7%.

5 Redated Work

Our work belongs to the field of paraphrase identi-
fication. Much work has been done to build lexi-
cons of semantically equivalent phrases. In gener-
ation systems, a lexicon is built manually (Robin,
1994) or by relying on an electronic thesaurus like
WordNet (Langkilde and Knight, 1998) and setting
constraints on the type of accepted paraphrases (for
instance, accepting only synonyms as paraphrases,
and not hypernyms). Building paraphrase lexicons
from a corpus has also been investigated. Jacquemin
and colleagues (1997) identify morphological and
syntactic variants of technical terms. Barzilay and
McKeown (2001) identify multi-word paraphrases
from a sentence-aligned corpus of monolingual par-
allel texts. One interesting finding of this work is
that the mined paraphrases were distributed across
different semantic links in WordNet: some para-
phrases had a hypernym relation, while others were
synonyms, and others had no semantic links at all.
The composition of our gold standard confirms this
finding, since half of the semantically equivalent
terms had different CUIs (see Table 3 for examples
of such pairs).

If we consider technical and lay writing styles as
two sublanguages, it is easy to see an analogy be-
tween our task and that of machine translation. Iden-
tifying translations for words or phrases has been
deeply investigated in the field of statistical machine
translation. The IBM models of word alignments are
the basis for most algorithms to date. All of these are
instances of the EM algorithm (Expectation Maxi-
mization) and rely on large corpora aligned at the
sentence level. We cannot apply an EM-based model
to our task since we have a very small corpus of
paired technical/lay documents, and EM requires
large amounts of data to achieve accurate results.
Moreover, the technical and lay documents are not

55parallel, and thus, we do not have access to a sen-



tence alignment. Of course, our task is easier than
the one of machine translation, since we focus on
“translating” only technical terms, rather than every
single word in a technical document.

Gale and Church (1991) do not follow the EM
model, but rather find French translations of English
words using a y2-like measure of association. Their
corpus is the parallel, sentence-aligned Hansard cor-
pus. Our method differs from theirs, as we do build
the contingency table based on document frequen-
cies. Gale and Church employ sentence-level fre-
quencies. Our corpus is much smaller, and the sen-
tences are not aligned (for comparison, we have
367 document-pairs, while they have nearly 900,000
sentence pairs). Another difference between our ap-
proach and theirs is our use of the semantic filter
based on UMLS. We can afford to have such a filter
because we focus on finding semantic equivalents of
UMLS terms only.

6 Conclusionsand Future Work

We presented an unsupervised method for identi-
fying pairs of semantically equivalent technical/lay
terms. Such a lexicon would benefit research in
health literacy. In particular, it would benefit a sys-
tem which automatically adapts a medical technical
text to different levels of medical expertise.

We collected a corpus of pairs of technical/lay
documents, where both documents convey similar
information, but each is written for a different au-
dience. Based on this corpus, we designed a method
based on three alternative measures of association
and a semantic filter derived from the UMLS. Our
experiments show that combining data-driven statis-
tics and a knowledge-based filter provides the best
results.

Our method is concerned specifically with pairs
of terms, as recognized from UMLS. While UMLS
provides high coverage for technical terms, that is
not the case for lay terms. In the future, we would
like to extend our investigation to pairs consisting
of a technical term and any noun phrase which is
sufficiently frequent in our lay collection. Finding
such pairs would have the side effect of augmenting
UMLS, a primarily technical resource, with mined
lay terms. One probable step towards this goal will

nical and lay documents.
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Abstract

We describe the annotation of chemical
named entities in scientific text. A set of an-
notation guidelines defines 5 types of named
entities, and provides instructions for the
resolution of special cases. A corpus of full-
text chemistry papers was annotated, with an
inter-annotator agreement F score of 93%.
An investigation of named entity recogni-
tion using LingPipe suggests that F' scores
of 63% are possible without customisation,
and scores of 74% are possible with the ad-
dition of custom tokenisation and the use of
dictionaries.

1 Introduction

Recent efforts in applying natural language pro-
cessing to natural science texts have focused on
the recognition of genes and proteins in biomedi-
cal text. These large biomolecules are—mostly—
conveniently described as sequences of subunits,
strings written in alphabets of 4 or 20 letters. Ad-
vances in sequencing techniques have lead to a boom
in genomics and proteomics, with a concomitant
need for natural language processing techniques to
analyse the texts in which they are discussed.
However, proteins and nucleic acids provide only
a part of the biochemical picture. Smaller chemical
species, which are better described atom-by-atom,
play their roles too, both in terms of their inter-
actions with large biomolecules like proteins, and
in the more general biomedical context. A num-
ber of resources exist to provide chemical infor-
mation to the biological community. For example

bat chel orc@sc. org
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the National Center For Biotechnology Information
(NCBI) has added the chemical database PubChem?
to its collections of bioinformatics data, and the on-
tology ChEBI (Chemical Entities of Biological In-
terest) (de Matos et al., 2006) has been added to the
Open Biological Ontologies (OBO) family.

Small-molecule chemistry also plays a role in
biomedical natural language processing. PubMed
has included abstracts from medicinal chemistry
journals for a long time, and is increasingly carry-
ing other chemistry journals too. Both the GENIA
corpus (Kim et al., 2003) and the BiolE cytochrome
P450 corpus (Kulick et al., 2004) come with named
entity annotations that include a proportion of chem-
icals, and at least a few abstracts that are recognis-
able as chemistry abstracts.

Chemical named entity recognition enables a
number of applications. Linking chemical names to
chemical structures, by a mixture of database lookup
and the parsing of systematic nomenclature, allows
the creation of semantically enhanced articles, with
benefits for readers. An example of this is shown in
the Project Prospect? annotations by the Royal So-
ciety of Chemistry (RSC). Linking chemical NER
to chemical information retrieval techniques allows
corpora to be searched for chemicals with similar
structures to a query molecule, or chemicals that
contain a particular structural motif (Corbett and
Murray-Rust, 2006). With information extraction
techniques, chemicals could be linked to their prop-
erties, applications and reactions, and with tradi-
tional gene/protein NLP techniques, it could be pos-

'ht t p: // pubchem ncbi . nl m ni h. gov/
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sible to discover new links between chemical data
and bioinformatics data.

A few chemical named entity recognition (Cor-
bett and Murray-Rust, 2006; Townsend et al., 2005;
Vasserman, 2004; Kemp and Lynch, 1998; Sun et
al., 2007) or classification (Wilbur et al., 1999) sys-
tems have been published. A plugin for the GATE
system?® will also recognise a limited range of chem-
ical entities. Other named entity recognition or
classification systems (Narayanaswamy et al., 2003;
Torii et al., 2004; Torii and Vijay-Shanker, 2002;
Spasic and Ananiadou, 2004) sometimes include
chemicals as well as genes, proteins and other bio-
logical entities. However, due to differences in cor-
pora and the scope of the task, it is difficult to com-
pare them. There has been no chemical equivalent
of the INLPBA (Kim et al., 2004) or BioCreAtIvE
(Yeh et al., 2005) evaluations. Therefore, a corpus
and a task definition are required.

To find an upper bound on the levels of perfor-
mance that are available for the task, it is necessary
to study the inter-annotator agreement for the man-
ual annotation of the texts. In particular, it is useful
to see to what extent the guidelines can be applied by
those not involved in their development. Producing
guidelines that enable a highly consistent annotation
may raise the quality of the results of any machine-
learning techniques that use training data applied to
the guidelines, and producing guidelines that cover
a broad range of subdomains is also important (Din-
gare et al., 2005).

2 Annotation Guidédines

We have prepared a set of guidelines for the an-
notation of the names of chemical compounds and
related entities in scientific papers. These guide-
lines grew out of work on PubMed abstracts, and
have since been developed with reference to organic
chemistry journals, and later a range of journals en-
compassing the whole of chemistry.

Our annotation guidelines focus on the chemicals
themselves; we believe that these represent the ma-
jor source of rare words in chemistry papers, and
are of the greatest interest to end-users. Further-
more, many chemical names are formed systemat-
ically or semi-systematically, and can be interpreted

Sht t p: / / wwv. gat e. ac. uk/

without resorting to dictionaries and databases. As
well as chemical names themselves, we also con-
sider other words or phrases that are formed from
chemical names.

The various types are summarised in Table 1.

Type | Description Example

CM | chemical compound | citric acid

RN | chemical reaction 1,3-dimethylation
CJ chemical adjective pyrazolic

ASE | enzyme methylase

CPR | chemical prefix 1,3-

Table 1: Named entity types

The logic behind the classes is best explained with
an example drawn from the corpus described in the
next section:

In addition, we have found in previous
studies that the Zn?*—Tris system is also
capable of efficiently hydrolyzing other 8-
lactams, such as clavulanic acid, which
is a typical mechanism-based inhibitor of
active-site serine S-lactamases (clavulanic
acid is also a fairly good substrate of the
zinc-B-lactamase from B. fragilis).

Here, ‘clavulanic acid’ is a specific chemical com-
pound (a CM), referred to by a trivial (unsystem-
atic) name, and ‘gB-lactams’ is a class of chemi-
cal compounds (also a CM), defined by a particu-
lar structural motif. ‘Zn?*-Tris’ is another CM (a
complex rather than a molecule), and despite be-
ing named in an ad hoc manner, the name is com-
positional and it is reasonably clear to a trained
chemist what it is. “‘Serine’ (another CM) can be
used to refer to an amino acid as a whole compound,
but in this case refers to it as a part of a larger
biomolecule. The word ‘hydrolyzing” (an RN) de-
notes a reaction involving the chemical ‘water’. ‘-
lactamases’ (an ASE) denotes a class of enzymes
that process -lactams, and ‘zinc-S-lactamase’ (an-
other ASE) denotes a [3-lactamase that uses zinc.
By our guidelines, the terms ‘mechanism-based in-
hibitor’ or ‘substrate’ are not annotated, as they de-
note a chemical role, rather than giving information

8about the structure or composition of the chemicals.



The full guidelines occupy 31 pages (including a
quick reference section), and contain 93 rules. Al-
most all of these have examples, and many have sev-
eral examples.

A few distinctions need to be explained here. The
classes RN, CJand ASE do not include all reactions,
adjectives or enzymes, but only those that entail
specific chemicals or classes of chemicals—usually
by being formed by the modification of a chemical
name—for example, ‘B-lactamases’ in the example
above is formed from the name of a class of chem-
icals. Words derived from Greek and Latin words
for ‘water’, such as ‘aqueous’ and ‘hydrolysis’, are
included when making these annotations.

The class CPR consists of prefixes, more often
found in systematic chemical names, giving details
of the geometry of molecules, that are attached to
normal English words. For example, the chemi-
cal 1,2-diiodopentane is a 1,2-disubstituted pentane,
and the “1,2-’ forms the CPR in “1,2-disubstituted’.
Although these contructions sometimes occur as in-
fixes within chemical names, we have only seen
these used as prefixes outside of them. We believe
that identifying these prefixes will be useful in the
adaptation of lexicalised parsers to chemical text.

The annotation task includes a small amount of
word sense disambiguation. Although most chemi-
cal names do not have non-chemical homonyms, a
few do. Chemical elements, and element symbols,
give particular problems. Examples of this include
‘lead’, ‘In’ (indium), ‘As’ (arsenic), ‘Be’ (beryl-
lium), ‘No’ (nobelium) and ‘K’ (potassium—this is
confusable with Kelvin). These are only annotated
when they occur in their chemical sense.

2.1 Related Work

We know of two publicly available corpora that also
include chemicals in their named-entity markup. In
both of these, there are significant differences to
many aspects of the annotation. In general, our
guidelines tend to give more importance to concepts
regarding chemical structure, and less importance to
biological role, than the other corpora do.

The GENIA corpus (Kim et al., 2003) in-
cludes several different classes for chemi-
cals.  Our class CM roughly corresponds to
the union of GENIA’s atom inorganic,
ot her _or gani c_conpound,

nucl eoti de 5

and am no_aci d_nononer classes, and also
parts of |i pid and carbohydrate (we ex-
clude macromolecules such as lipoproteins and
lipopolysaccharides). Occasionally terms that
match our class RN are included as ot her nane.
Our CM class also includes chemical names
that occur within enzyme or other protein names
(e.g. ‘inosine-5’-monophosphate” in  ‘inosine-5’-
monophosphate  dehydrogenase’) whereas the
GENIA corpus (which allows nesting) typically
does not. The GENIA corpus also sometimes
includes qualifiers in terms, giving ‘intracellular
calcium’ where we would only annotate ‘calcium’,
and also includes some role/application terms such
as ‘antioxidant’ and ‘reactive intermediate’.

The BiolE P450 corpus (Kulick et al., 2004), by
contrast, includes chemicals, proteins and other sub-
stances such as foodstuffs in a single category called
‘substance’. Again, role terms such as “inhibitor’ are
included, and may be merged with chemical names
to make entities such as ‘fentanyl metabolites’ (we
would only mark up ‘fentanyl’). Fragments of
chemicals such as ‘methyl group’ are not marked up;
in our annotations, the ‘methyl’ is marked up.

The BiolE corpus was produced with extensive
guidelines; in the GENIA corpus, much more was
left to the judgement of the annotators. These lead
to inconsistencies, such as whether to annotate ‘an-
tioxidant’ (our guidelines treat this as a biological
role, and do not mark it up). We are unaware of an
inter-annotator agreement study for either corpus.

Both of these corpora include other classes of
named entities, and additional information such as
sentence boundaries.

3 Inter-annotator Agreement

3.1 Rdated Work

We are unaware of any studies of inter-annotator
agreement with regards to chemicals. However, a
few studies of gene/protein inter-annotator agree-
ment do exist. Demetriou and Gaizauskas (2003)
report an F' score of 89% between two domain ex-
perts for a task involving various aspects of protein
science. Morgan et al. (2004) report an F' score of
87% between a domain expert and a systems devel-
oper for D. melanogaster gene names. Vlachos and

9Gasperin (2006) produced a revised version of the



guidelines for the task, and were able to achieve an
F score of 91%, and a kappa of 0.905, between a
computational linguist and a domain expert.

3.2 Subjects

Three subjects took part in the study. Subject A
was a chemist and the main author of the guidelines.
Subject B was another chemist, highly involved in
the development of the guidelines. Subject C was a
PhD student with a chemistry degree. His involve-
ment in the development of guidelines was limited to
proof-reading an early version of the guidelines. C
was trained by A, by being given half an hour’s train-
ing, a test paper to annotate (which satisfied A that C
understood the general principles of the guidelines),
and a short debriefing session before being given the
papers to annotate.

3.3 Materials

The study was performed on 14 papers (full pa-
pers and communications only, not review articles
or other secondary publications) published by the
Royal Society of Chemistry. These were taken from
the journal issues from January 2004 (excluding a
themed issue of one of the journals). One paper was
randomly selected to represent each of the 14 jour-
nals that carried suitable papers. These 14 papers
represent a diverse sample of topics, covering areas
of organic, inorganic, physical, analytical and com-
putational chemistry, and also areas where chemistry
overlaps with biology, environmental science, mate-
rials and mineral science, and education.

From these papers, we collected the title, section
headings, abstract and paragraphs, and discarded the
rest. To maximise the value of annotator effort, we
also automatically discarded the experimental sec-
tions, by looking for headers such as ‘Experimen-
tal’. This policy can be justified thus: In chemistry
papers, a section titled “Results and Discussion” car-
ries enough information about the experiments per-
formed to follow the argument of the paper, whereas
the experimental section carries precise details of the
protocols that are usually only of interest to people
intending to replicate or adapt the experiments per-
formed. It is increasingly common for chemistry pa-
pers not to contain an experimental section in the
paper proper, but to include one in the supporting
online information. Furthermore, experimental sec-

6

tions are often quite long and tedious to annotate,
and previous studies have shown that named-entity
recognition is easier on experimental sections too
(Townsend et al., 2005).

A few experimental sections (or parts thereof)
were not automatically detected, and instead were
removed by hand.

3.4 Procedure

The papers were hand-annotated using our in-house
annotation software. This software displays the text
S0 as to preserve aspects of the style of the text such
as subscripts and superscripts, and allows the anno-
tators to freely select spans of text with character-
level precision—the text was not tokenised prior to
annotation. Spans were not allowed to overlap or to
nest. Each selected span was assigned to exactly one
of the five available classes.

During annotation the subjects were allowed to
refer to the guidelines (explained in the previous sec-
tion), to reference sources such as PubChem and
Wikipedia, and to use their domain knowledge as
chemists. They were not allowed to confer with
anyone over the annotation, nor to refer to texts an-
notated during development of the guidelines. The
training of subject C by A was completed prior to A
annotating the papers involved in the exercise.

3.5 Evaluation Methodology

Inter-annotator agreement was measured pairwise,
using the F' score. To calculate this, all of the ex-
act matches were found and counted, and all of the
entities annotated by one annotator but not the other
(and vice versa) were counted. For an exact match,
the left boundary, right boundary and type of the an-
notation had to match entirely. Thus, if one anno-
tator had annotated ‘hexane—ethyl acetate’ as a sin-
gle entity, and the other had annotated it as ‘hexane’
and ‘ethyl acetate’, then that would count as three
cases of disagreement and no cases of agreement.
We use the F' score as it is a standard measure in the
domain—however, as a measure it has weaknesses
which will be discussed in the next subsection.
Given the character-level nature of the annotation
task, and that the papers were not tokenised, the task
cannot sensibly be cast as a classification problem,
0and so we have not calculated any kappa scores.



Overall results were calculated using two meth-
ods. The first method was to calculate the total lev-
els of agreement and disagreement across the whole
corpus, and to calculate a total F' score based on that.
The second method was to calculate F' scores for in-
dividual papers (removing a single paper that con-
tained two named entities—neither of which were
spotted by subject B—as an outlier), and to calculate
an unweighted mean, standard deviation and 95%
confidence intervals based on those scores.

3.6 Resultsand Discussion

Subjects | F (corpus) | F' (average) | std. dev.
A-B 92.8% 92.9%+3.4% | 6.2%
A-C 90.0% 91.4%+3.1% | 5.7%
B-C 86.1% 87.6%+3.1% | 5.7%

Table 2: Inter-annotator agreement results. + values
are 95% confidence intervals.

The results of the analysis are shown in Table 2.
The whole-corpus F' scores suggest that high levels
of agreement (93%) are possible. This is equivalent
to or better than quoted values for biomedical inter-
annotator agreement. However, the poorer agree-
ments involving C would suggest that some of this is
due to some extra information being communicated
during the development of the guidelines.

A closer analysis shows that this is not the case. A
single paper, containing a large number of entities, is
notable as a major source of disagreement between
A and C, and B and C, but not A and B. Looking
at the annotations themselves, the paper contained
many repetitions of the difficult entity ‘Zn2T-Tris’,
and also of similar entities. If the offending paper is
removed from consideration, the agreement between
A and C exceeds the agreement between A and B.

This analysis is confirmed using the per-paper F
scores. Two-tailed, pairwise t-tests (excluding the
outlier paper) showed that the difference in mean F
scores between the A-B and A-C agreements was
not statistically significant at the 0.05 significance
level; however, the differences between B—C and A—
B, and between B-C and A-C were.

A breakdown of the inter-annotator agreements
by type is shown in Table 3. CM and RN, at least,
seem to be reliably annotated. The other classes are

less easy to assess, due to their rarity, both in terms 6

Type | F Number

CM | 93% | 2751

RN | 94% | 79

CJ 56% | 20

ASE | 96% | 25

CPR | 77% | 10
Table 3: Inter-annotator agreement, by type. F

scores are corpus totals, between Subjects A and C.
The number is the number of entities of that class
found by Subject A.

of their total occurrence in the corpus and the num-
ber of papers that contain them.

We speculate that the poorer B-C agreement may
be due to differing error rates in the annotation. In
many cases, it was clear from the corpus that errors
were made due to failing to spot relevant entities, or
by failing to look up difficult cases in the guidelines.
Although it is not possible to make a formal analy-
sis of this, we suspect that A made fewer errors, due
to a greater familiarity with the task and the guide-
lines. This is supported by the results, as more er-
rors would be involved in the B—-C comparison than
in comparisons involving A, leading to higher levels
of disagreement.

We have also examined the types of disagree-
ments made. There were very few cases where two
annotators had annotated an entity with the same
start and end point, but a different type; there were
2 cases of this between A and C, and 3 cases in each
of the other two comparisons. All of these were con-
fusions between CM and CJ.

In the A-B comparison, there were 415 entities
that were annotated by either A or B that did not
have a corresponding exact match. 183 (44%) of
those were simple cases where the two annotators
did not agree as to whether the entity should be
marked up or not (i.e. the other annotator had not
placed any entity wholly or partially within that
span). For example, some annotators failed to spot
instances of ‘water’, or disagreed over whether “fat’
(as a synonym for ‘lipid’) was to be marked up.

The remainder of those disagreements are due
to disagreements of class, of where the boundaries
should be, of how many entities there should be in

2 given span, and combinations of the above. In all



of these cases, the fact that the annotators produce at
least one entity each for a given case means that dis-
agreements of this type are penalised harshly, and
therefore are given disproportionate weight. How-
ever, itis also likely that disagreements over whether
to mark an entity up are more likely to represent a
simple mistake than a disagreement over how to in-
terpret the guidelines; it is easy to miss an entity that
should be marked up when scanning the text.

A particularly interesting class of disagreement
concerns whether a span of text should be anno-
tated as one entity or two. For example, ‘Zn%t—Tris’
could be marked up as a single entity, or as ‘Zn?*’
and ‘Tris’. We looked for cases where one annota-
tor had a single entity, the left edge of which cor-
responded to the left edge of an entity annotated by
the other annotator, and the right edge corresponded
to the right edge of a different entity. We found 43
cases of this. As in each of these cases, at least three
entities are involved, this pattern accounts for at least
30% of the inter-annotator disagreement. Only 17 of
these cases contained whitespace—in the rest of the
cases, hyphens, dashes or slashes were involved.

4 Analysisof the Corpus

To generate a larger corpus, a further two batches of
papers were selected and preprocessed in the manner
described for the inter-annotator agreement study
and annotated by Subject A. These were combined
with the annotations made by Subject A during the
agreement study, to produce a corpus of 42 papers.

Type | Entities Papers

CM | 6865 94.1% | 42 100%
RN |288 4.0% |23 55%
CJ 60 0.8% |20 48%
ASE | 31 04% |5 12%
CPR | 53 0.7% |9 21%

Table 4: Occurrence of entities in the corpus, and
numbers of papers containing at least one entity of a

type.

From Table 4 it is clear that CM is by far the most
common type of named entity in the corpus. Obser-
vation of the corpus shows that RN is common in
certain genres of paper (for example organic synthe-
sis papers), and generally absent from other genres.
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ASE, too, is a specialised category, and did not occur
much in this corpus.

A closer examination of CM showed more than
90% of these to contain no whitespace. However,
this is not to say that there are not significant num-
bers of multi-token entities. The difficulty of to-
kenising the corpus is illustrated by the fact that
1114 CM entities contained hyphens or dashes, and
388 CM entities were adjacent to hyphens or dashes
in the corpus. This means that any named entity
recogniser will have to have a specialised tokeniser,
or be good at handling multi-token entities.

Tokenising the CM entities on whitespace and
normalising their case revealed 1579 distinct
words—of these, 1364 only occurred in one paper.
There were 4301 occurrences of these words (out of
a total of 7626). Whereas the difficulties found in
gene/protein NER with complex multiword entities
and polysemous words are less likely to be a prob-
lem here, the problems with tokenisation and large
numbers of unknown words remain just as pressing.

As with biomedical text (Yeh et al., 2005), cases
of conjunctive and disjunctive nomenclature, such
as ‘benzoic and thiophenic acids’ and ‘bromo- or
chlorobenzene’ exist in the corpus. However, these
only accounted for 27 CM entities.

5 Named-Entity Recognition

To establish some baseline measures of perfor-
mance, we applied the named-entity modules from
the toolkit LingPipe,* which has been success-
fully applied to NER of D. melanogaster genes
(e.g. by Vlachos and Gasperin (2006)). Ling-
Pipe uses a first-order HMM, using an enriched
tagset that marks not only the positions of the
named entities, but the tokens in front of and
behind them. Two different strategies are em-
ployed for handling unknown tokens. The
first (the TokenShapeChunker) replaces un-
known or rare tokens with a morphologically-
based classification. The second, newer module
(the Char LnmHmmChunker ) estimates the prob-
ability of an observed word given a tag us-
ing language models based on character-level n-
grams. The LingPipe developers suggest that the
TokenShapeChunker typically outperforms the

“http://www. al i as-i.conl | ingpipe/



Char LnHmmChunker . However, the more so-
phisticated handling of unknown words by the
Char LmHmTChunker suggests that it might be a
good fit to the domain.

As well as examining the performance of Ling-
Pipe out of the box, we were also able to make some
customisations. We have a custom tokeniser, con-
taining several adaptations to chemical text. For ex-
ample, our tokeniser will only remove brackets from
the front and back of tokens, and only if that would
not cause the brackets within the token to become
unbalanced. For example, no brackets would be re-
moved from ‘(R)-acetoin’. Likewise, it will only
tokenise on a hyphen if the hyphen is surrounded
by two lower-case letters on either side (and if the
letters to the left are not common prehyphen com-
ponents of chemical names), or if the string to the
right has been seen in the training data to be hy-
phenated with a chemical name (e.g. ‘derived’ in
‘benzene-derived’). By contrast, the default Ling-
Pipe tokeniser is much more aggressive, and will to-
kenise on hyphens and brackets wherever they occur.

The Char LmHmTChunker ’s language models
can also be fed dictionaries as additional training
data—we have experimented with using a list of
chemical names derived from ChEBI (de Matos et
al., 2006), and a list of chemical elements. We have
also made an extension to LingPipe’s token classi-
fier, which adds classification based on chemically-
relevant suffixes (e.g. -yl, -ate, -ic, -ase, -lysis), and
membership in the aforementioned chemical lists, or
in a standard English dictionary.

We analysed the performance of the different
LingPipe configurations by 3-fold cross-validation,
using the 42-paper corpus described in the previous
section. In each fold, 28 whole papers were used as
training data, holding out the other 14 as test data.
The results are shown in Table 5.

From Table 5, we can see that the character n-
gram language models offer clear advantages over
the older techniques, especially when coupled to a
custom tokeniser (which gives a boost to F' of over
7%), and trained with additional chemical names.
The usefulness of character-based n-grams has also
been demonstrated elsewhere (Wilbur et al., 1999;
Vasserman, 2004; Townsend et al., 2005). Their use
here in an HMM is particularly apt, as it allows the
token-internal features in the language model to be

Configuration | P R F

TokenShape | 67.0% | 52.9% | 59.1%
+c 71.2% | 62.3% | 66.5%
+1 67.4% | 52.5% | 59.0%
+tc+t 73.3% | 62.5% | 67.4%
Char Lm 62.7% | 63.4% | 63.1%
+1 59.8% | 68.8% | 64.0%
+t 71.1% | 70.0% | 70.5%
+1+t 75.3% | 73.5% | 74.4%

Table 5: LingPipe performance using different con-
figurations. ¢ = custom token classifier, [ = chemical
name lists, ¢ = custom tokeniser

combined with the token context.

The impact of custom tokenisation upon
the older TokenShapeChunker is less dra-
matic. It is possible that tokens that contain
hyphens, brackets and other special characters are
more likely to be unknown or rare tokens—the
TokenShapeChunker has previously been
reported to make most of its mistakes on these
(Vlachos and Gasperin, 2006), so tokenising them
is likely to make less of an impact. It is also
possible that chemical names are more distinctive
as a string of subtokens rather than as one large
token—this may offset the loss in accuracy from
getting the start and end positions wrong. The
Char LmHmTChunker already has a mecha-
nism for spotting distinctive substrings such as
‘N,N’-" and ‘-3-°, and so the case for having long,
well-formed tokens becomes much less equivocal.

It is also notable that improvements in tokenisa-
tion are synergistic with other improvements—the
advantage of using the Char LmHmTChunker is
much more apparent when the custom tokeniser is
used, as is the advantage of using word lists as addi-
tional training data. It is notable that for the unmod-
ified TokenShapeChunker , using the custom to-
keniser actually harms performance.

6 Conclusion

We have produced annotation guidelines that enable
the annotation of chemicals and related entities in
scientific texts in a highly consistent manner. We
have annotated a corpus using these guidelines, an

3analysis of which, and the results of using an off-



the-shelf NER toolkit, show that finding good ap-
proaches to tokenisation and the handling of un-
known words is critical in the recognition of these
entities. The corpus and guidelines are available by
contacting the first author.
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Abstract token is assigned a tag to indicate whether it is at the
beginning (B), inside (), or outside (O) of an en-
tity, is not directly applicable when tokens belong to

Although recent named entityNg) annotation ef- more than one entity. Here we explore methods of
forts involve the markup of nested entities, there hagducing the nestedeRr problem to one or moreio
been limited focus on recognising such nested strugroblems so that existingeRr tools can be used.
tures. This paper introduces and compares three This paper is organised as follows. In Section 2,
techniques for modelling and recognising nesteghe problem of nested entities is introduced and mo-
entities by means of a conventional sequence tagvated with examples from GENIA and owPPI
ger. The methods are tested and evaluated on tvenriched protein-protein interaction) data. Related
biomedical data sets that contain entity nesting. Allork is reviewed in Section 3. The proposed tech-
methods yield an improvement over the baseline tagiques enablingiER for nestedNEs are explained in
ger that is only trained on flat annotation. Section 4. Section 5 details the experimental setup,
including descriptive statistics of the corpora and
specifics of the classifier. The results of comparing
Traditionally, named entity recognitiorNéR) has different tagging methods are analysed in Section 6,
focussed on entities which areontinuous non- With a discussion and conclusion in Section 7.
nestedand non-overlapping In other words, each .
token in the text belongs to at most one entity, ang Nested Entities
NES consist of a continuous sequence of token3.he majority of previous work oNER is conducted
However, in some situations, it may make sense tgsing data sets annotated either with continuous,
relax these restrictions, for example by allowing ennon-nested and non-overlappings or an annota-
tities to benestedinside other entities, or allowing tion scheme reduced to a flat annotation of a similar
discontinuousentities. GENIA (Ohta et al., 2002) kind in order to simplify the recognition task. How-
and Biolnfer (Pyysalo et al., 2007) are examples odver, annotated corpora often contain entities that are
recently producedie-annotated biomedical corporanested or discontinuous. For example, the GENIA
where entities nest. Corpora in other domains, fotorpus contains nested entities such as:
example the ACEdata, also contain nested entities.
This paper compares techniques for recognising <RNA><DNA>CIITA</ DNA> mRNA</ RNA>
nested entities in biomedical text. The difficulty ofwhere the string “CIITA” denotes a DNA and the en-
this task is that the standard method for convertire string “CIITA mRNA’ refers to an RNA. Such
ing NER to a sequence tagging problem witho-  nesting complicates the task of traditiometR sys-
encoding (Ramshaw and Marcus, 1995), where eagdms, which generally rely on data represented with
" Thttp: //ww. ni st. gov/ speech/ t est s/ ace/ the BIo encoding or other flat annotation variations
i ndex. ht m gsthereof. The majority ofNER studies on corpora

1 Introduction

BioNLP 2007: Biological, translational, and clinical language processing, pages 65-72,
Prague, June 2007. (©2007 Association for Computational Linguistics



GENIA EPPI

Count | Nesting Count | Nesting

3,614 | (othername ( proteirt )t ) 1,698 | (fusion ( proteint )t ( proteint ))
907 | (DNA ( proteint )t ) 1,269 | (drug/compound ( protein ) )
856 | ( protein ( proteint )t ) 455 | (fusion (fragment )t ( proteint ))
661 | ( proteint ( proteint )) 412 | ( protein ( proteirt )t )
546 | (othername (DNAt )t ) 361 | (complex ( proteirt )t ( proteint ))
541 | (othernamet (othernamet )) 298 | (fusion ( proteint )t (fragmentt ))
470 | (cell-typet (cell typet )) 246 | (fragmentt (fragmentt ))
351 | (DNAt (DNAt)) 241 | (celllinet (celllinet ))
326 | (othername (virug )t ) 207 | (fragment ( proteirt ))
262 | (othername (lipidt )t ) 201 | (fusion ( proteint )t ( mutantt ))

Table 1: 10 most frequent types of nesting in the GENIA corpod the combinedRAIN and DE-
VTEST sections of th&pPpPidata (see Section 5.1), whereepresents the text.

containing nested structures focus on recognisinpe EPPI corpus, fusions and complexes often con-
the outermost (non-embedded) entities (e.g. Kim ¢&in nested proteins, e.g. the complex “CBP/p300”,
al. 2004) , as they contain the most informationwhere “CBP” and “p300” are marked as proteins.
including that of embedded entities (Zhang et al., 2. Entities with more than one entity typ&l-
2004). This enables a simplification of the recogthough they occur in both data sets, they are very
nition task to a sequential analysis problem. rare in the GENIA corpus. For example, the string
Our aim is to recognise all levels ofe nesting “p21ras” is annotated both as DNA and protein. In
occurring in two biomedical corpora: the GENIAthe EPPI data, proteins can also be annotated as
corpus (Version 3.02) and tlePpicorpus (see Sec- drug/compound, where it can be clearly established
tion 5.1). The latter data set was collected and anhat the protein is used as a drug to affect the func-
notated as part of thexm project. Its annotation tion of an organism, cell, or biological process.
contains 9 different biomedical entities. While the 3. Coordinated entitiesCoordinatedNEs account
GENIA corpus contains nested entities up to a levebr approximately 2% of alNEs in the GENIA and
of four layers of embedding, the nested entities izppi data. In the original corpora they are anno-
the EPPIcorpus only have three layers. Table 1 listsated differently, but for this work they are all con-
the ten most frequent types of entity nesting occurverted to a common format.The outermost anno-
ring in both corpora. In the remainder of the papenation of coordinated structures and any continuous
we differentiate between: entity mark-up within them is retained. For exam-
ple, in “human interleukin-2 and -4" both the con-

embedded NEs: contained in othewEs tinuous embedded entity “human interleukin-2” and

non-embedded NEs: not contained in othemEes the entire string are marked as proteins. The markup
containing NES. containing otheNEs for discontinuous embedded entities, like “human
non-containing NES: not containing otheKEs interleukin-4” in the previous example, is not re-

tained, as they could be derived in a post-processing
The GENIA corpus is made up of a larger perstep once nested entities are recognised.
centage of both embedded entity (18.61%) and con-
taining entity (16.95%) mentions than teepidata 3 Related Work

(12.02% and 8.27%, respectively). In both corpora, ) _ .
nesting can occur in three different ways: In previous work addressing nested entities, Shen et

1. Entities containing one or more shorter embed@!- (2003), Zhang et al. (2004), Zhou et al. (2004),
ded entities. Such nesting is very frequent in both£hou (2006), and Gu (2006) considered the GENIA

data sets. For example, the DNA “IL-2.promoter" in 2Both corpora are represented in XML with standoff anno-
the GENIA corpus contains the protein “IL-2". Iggtation, potentionally allowing overlappinggs.



corpus, where nested entities are relatively frequenbutermost entities and, conversely, using the inner
All these studies ignore embedded entities occutabelling results in highest scores for recognising in-
ring in coordinated structures and only retain theiner entities. The best exact mateEh-scores of 73.0
outermost annotation. Shen et al. (2003), Zhang end 47.5 for proteins and DNA, respectively, are ob-
al. (2004), and Zhou et al. (2004) all report on a ruletained when training on data with inner labelling and
based approach to dealing with nestegls in the evaluating on the inner entities.

GENIA corpus (Version 3.0) in combination with a McDonald et al. (2005) propose structured multil-
Hidden Markov Model (HMM) that first recognises abel classification as opposed to sequential labelling
innermostNES. They use four basic hand-craftedfor dealing with nested, discontinuous, and overlap-
patterns and a combination thereof to generate negting NEs. This approach uses a novel text segment
ing rules from the training data and thereby deriveepresentation in preference to tieeo-encoding.
NES containing the innermostes. The experimen- Their corpus contains MEDLINE abstracts on the
tal setup of these studies differs slightly. While Sheinhibition of the enzyme CYP450 (Kulick et al.,
et al. (2003) and Zhang et al. (2004) report result8004), specifically those abstracts that contain at
testing on 4% of the abstracts in the GENIA corpudgeast one overlapping and one discontinuous anno-
Zhou et al. (2004) report 10-fold cross-validationtation. While this data does not contain nestes,
scores. Zhou (2006) applies the same rule-baseliscontinuous and overlappinges make up 6% of
method for dealing with nested entities to the outall NEs. The classifier performs competitively with
put of a mutual information independence modesequential tagging models on continuous and non-
(MIIM) combined with a support vector machine overlapping entities foker and noun phrase chunk-
(SVM) plus sigmoid. His results are based on 5-foldng. On discontinuous and overlappimgs in the
cross-validation on the GENIA corpus (Version 3.0)biomedical data alone, its best performance is 56.25
In each of the studies, the rule-based approach #1. As the corpus does not contain nestesb, it
nested entities results in an improvement of betweenould be of interest to investigate the algorithm’s
3.0 and 3.5 points irf'1 over the baseline model. performance on the GENIA corpus.

However, as explicitly stated by Shen et al. (2003)

and Zhang et al. (2004), this evaluation is limited t¢ M odelling Techniques

non-embedded (i.e. top-level and non-nested) en

ties. The highest overalt’1-score reported for all voted to work on non-nesteslER using thesio-

entities in the GENIA corpus is 71.2 (Zhou, 2006)’encoding approach, it would be useful if this work

which again only appears to reflect the performancé . . )
on non-embedded entities. could be easily applied to neste@Rr. In this paper,

three different ways of addressing nesteeR will
Zhang _et al. (2004) also compare the ru_Ig-bas compared:layering cascading andjoined la-
method with HMM-based cascaded recognition thafg (5qqing All techniques aim to reduce the nested

extends iteratively from the shortest to the IongesﬁER problem to one or moreio problems, so that
entities. Their basic HMM model is combined WithexistingNERtooIs can be used. Table 2 sh’ows an ex-
HMM models trained on transformed cascaded a'}:imple representation for each modelling technique

notations. During training, embedded entity termsy w0 f5lowing two non-nested and nested entity
are replaced by their entity type as a way of unnests . L otations found in a GENIA abstract:
ing the data. During testing, subsequent iterations

rely on the tagging of the first recognition pass anfmul ti cel | >mice</nul ti cell>...
are repeated until no more entities are recognisefot her _name><RNA><pr ot ei n>tumor
However, this method only results in an improvenecrosis factor-alpkd pr ot ei n>

ment of 1.2 points irE'1 over their basic classifier. (<Pr ot ei n>TNF-alpha/ pr ot ei n>)

Gu (2006) reports results on recognising nestefi€ssenger RNA/ RNA> levels</ ot her .nanme>
entities in the GENIA corpus (Version 3.02) when In layering, each level of nesting is modelled as a
training an SVM-light binary classifier to recogniseseparateio problem. The output of models trained
either proteins or DNA. Training with the outermoston individual layers is combined subsequent to tag-
labelling yields better performance on recognisi@ing by taking the union. Layers can be created

t,&s large amounts of time and effort have been de-



Token Inside-out layering Outside-in layering

Model Layer 1 Layer 2 Layer 3 Layer 3 Layer2 | Layerl

mice B-multi_cell o o B-multi_cell O (@)

tumor B-protein B-RNA B-othername || B-othername | B-RNA | B-protein

necrosis I-protein I-RNA l-other.name || l-othername | I-RNA | I-protein

factor-alpha I-protein I-RNA I-other.name || l-othername | I-RNA | I-protein

( @) I-RNA l-othername || l-othername | I-RNA (0]

TNF-alpha B-protein I-RNA l-othername || |-othername | I-RNA | B-protein

) @) I-RNA l-othername || l-othername | I-RNA (0]

messenger 0] I-RNA I-other.name || l-othername | I-RNA (0]

RNA o I-RNA I-other.name || I-othername | I-RNA (0]

levels O (0] l-othername || |-othername O] O
Cascading Joined label tagging

Model All entity types other RNA Joined labels

mice B-multi_cell o o B-multi_cell+O+0

tumor B-protein B-othername B-RNA B-protein+B-RNA+B-othemame

necrosis I-protein l-other.name I-RNA I-protein+l-RNA+I-othetname

factor-alpha I-protein I-other-name I-RNA I-protein+I-RNA+I-othetname

( (0] I-other-name I-RNA O+I-RNA+I-othername

TNF-alpha B-protein l-other.name I-RNA B-protein+I-RNA+I-othername

) (0] I-other-name I-RNA O+I-RNA+I-othername

messenger 0] I-other-name I-RNA O+I-RNA+I-othername

RNA o I-other.name I-RNA O+I-RNA+I-othername

levels O l-other.name (0] O+0O+l-othetname

Table 2: Example representation of nested entities foouarmodelling techniques.

inside-outor outside-in For inside-out layering, the quent categories. It is possible, however, to create a
first layer is made up of all non-containing entitiescascaded tagger combining one model trained on all
the second layer is composed of all those entitiesntity types with models trained on entity types that
which only contain one layer of nesting, etc. Confrequently contain other entities.
versely, outside-in layering means that the first layer Finally, joined label tagging entails creating one
contains all non-embedded entities, the second lay&xgging problem for all entities by concatenating the
contains all entities which are only contained withirgio tags of all levels of nesting. A conventional
one outer entity, etc. Both directions of layering camamed entity recogniser is then trained on the data
be modelled using a conventionak tagger. containing the joined labels. Once the classifier has
) assigned the joined labels during tagging, they are
Cascading reduces the nestedR task 10 SeV- yocoded into their originablo format for each in-
eral BIO problems by grouping one or more entity i iqal entity type. Compared to the other tech-
types and training a separate model for each groupjq,es  joined label tagging involves a much larger

Again, the output from individual models is cOm-ya4 set “which can increase dramatically with the
bined during tagging. Subsequent models in the Cagymper of entity types occurring in a data set. This

cade may have access to the guesses of Previollg, g it in data sparsity which may have a detri-
ones by means of auessfeature. The cascaded mental effect on performance

method is unable to recognise entities containing en-

tities of the same type, which may be a drawback fob  Experimental Setup

some data sets. Cascading also raises the issue of

how to group entity types. This is dependent on tha-l Corpora

types of entities that nest within a given data set anGENIA (V3.02), a large publicly available biomedi-
would potentially require large amounts of experi-cal corpus annotated with biomedicats, is widely
mentation to determine the best combination. Moraidsed in the text mining community (Cohen et al.,
over, training a model for each entity type lengthen2005). This data set consists of 2,000 MEDLINE ab-
training time considerably, and may degrade perfoistracts in the domain of molecular biology@.5m
mance due to the dominance of theags for infre- ggtokens). The annotations used for the experiments



reported here are based on the GENIA ontologyClark (2003) (hereafter referred to as C&C) for
published in Ohta et al. (2002). It contains the folthe CoNLL-2003 shared task (Tjong Kim Sang and
lowing classes: amino acid monomer, atom, bodipe Meulder, 2003), trained on the MedPost data
part, carbohydrate, cell component, cell line, cel(Smith et al., 2004). Information on lemmatisa-
type, DNA, inorganic, lipid, mono-cell, multi-cell, tion, as well as abbreviations and their long forms, is
nucleotide, other name, other artificial source, otheadded using thenorphalemmatiser (Minnen et al.,
organic compound, peptide, polynucleotide, proteir000) and thdé=xtractAbbrevscript of Schwartz and
RNA, tissue, and virus. In this work, protein, DNA Hearst (2003), respectively. A lookup step uses on-
and RNA sub-types are collapsed to their super-typéological information to identify scientific and com-
as done in previous studies (e.g. Zhou 2006). To thmon English names of species. Finally, a rule-based
best of our knowledge, no inter-annotator agreemewhunker marks up noun and verb groups and their
(1aA) figures on thenE-annotation in the GENIA heads (Grover and Tobin, 2006).
corpus are reported in the literature.

The EPPI corpus consists of 217 full-text papers>-3 Named Entity Tagging
selected from PubMed and PubMedCentral as corfhe C&C tagger, referred to earlier, forms the basis
taining protein-protein interactions (PPIs). The paof the NER component of thaxm natural language
pers were either retrieved kML or HTML, depend- processing NLP) pipeline designed to detect entity
ing on availability, and converted to an interdaliL  relations and normalisations (Grover et al., 2007).
format. Domain experts annotated all documentshe tagger, in common with manyL approaches
for NEs and PPIs, as well as extra (enriched) into NER, reduces the entity recognition problem to
formation associated with PPIs and normalisationg sequence tagging problem by using the en-
of entities to publicly available ontologies. The encoding of entities. As well as performing well on
tity annotations are the focus of the current workthe CoNLL-2003 task, Maximum Entropy Markov
The types of entities annotated in this data set arglodels have also been successful on biomedical
complex, cell line, drug/compound, experimenta\er tasks (Finkel et al., 2005). As the vanilla C&C
method, fusion, fragment, modification, mutant, anéagger (Curran and Clark, 2003) is optimised for
protein. Out of the 217 papers, 125 were singlperformance on newswire text, various modifica-
annotated, 65 were doubly annotated, and 27 wefgns were applied to improve its performance for
triply annotated. TheAA, measured by taking the hiomedicalNER. Table 3 lists the extra features
F1 score of one annotator with respect to anothespecifically designed for biomedical text. The C&C
when the same paper is annotated by two differemgger was also extended using several gazetteers,
annotators, ranges from 60.40 for the entity typéncluding a protein, complex, experimental method
mutant to 91.59 for protein, with an overall micro-and modification gazetteer, targeted at recognising
averaged-'1-score of 84.87. Theppricorpus £2m  entities occurring in theeppi data. Further post-
tokens) is divided into three sectiomRAIN (66%), processing specific to tteppidata involves correct-
DEVTEST (17%), andrEST (17%), withTEST only  ing boundaries of some hyphenated proteins and fil-
to be used for final evaluation, and not to be contering out entities ending in punctuation.
sulted by the researchers in the development and fea-a|| experiments with the C&C tagger involve 5-
ture optimisation phrase. The experiments describggd cross-validation on all 2,000 GENIA abstracts
here involve theePPI TRAIN andDEVTEST sets.  and the combine@PPI TRAIN andDEVTEST sets.
Cross-validation is carried out at the document level.
For simple tagging, the C&C tagger is trained on
All documents are passed through a sequence of ptite non-containing entities (innermost) or on the
processing steps implemented using tlrexmML2 non-embedded entities (outermost). For inside-out
andLT-TTT2 tools (Grover et al., 2006) with the out- and outside-in layering, a separate C&C model is
put of each step encoded L mark-up. Tokeni- trained for each layer of entities in the data, i.e. four
sation and sentence splitting is followed by part-ofmodels for the GENIA data and three models for
speech tagging with the Maximum Entropy Markowthe Eppidata. Cascading is performed on individual
Model (MEMM) tagger developed by Curran aggentities with different orderings, either ordering en-

5.2 Pre-processing



Feature Description 6 Results

CHARACTER | Regular expressions match- Tape 4 lists overall cross-validatioRi1-scores cal-
ing typical protein names culated for allNEs at all levels of nesting when ap-

WORDSHAPE | Extended version of the C&L  piving the various modelling techniques. For GE-
WORDTYPE feature NIA, cascading on individual entities when order-

HEADWORD Head word of the currenf ihg entity models by performance yields the high-
noun phrase est F'1-score of 67.88. Using this method yields

ABBREVIATION | Term identified as an abbre
viation of a gazetteer tern

an increase of 3.2G'1 over the best simple tag-
ging method, which scores 64.@21. Joined label

—

within a document | tagging results in the second best overll-score
TITLE Termseeninanounphrasein o 67.82. Both layering (inside-out) and cascading
the document title (combining a model trained on alies with 4 mod-

WORDCOUNTER| Non-stop word that is among  g|s trained on other name, DNA, protein, or RNA)

the 10 most frequent ones N 5150 perform competitively, reaching1-scores of
adocument , 67.62 and 67.56, respectively. In the experiments
VERB Verb lemma information

with the EPPI corpus, cascading is also the winner
added to each noun phrase yith an F'1-score of 70.50 when combining a model
token in the sentence trained on allNEswith one trained on fusions. This
FONT Text in italic and subscript  method only results in a small, yet statistically sig-
contained in the original docr  pificant (2, p < 0.05), increase inF1 of 0.43 over
ument format the best simple tagging algorithm. This could be due
to the smaller number of nesteuts in theeppidata
and the fact that this data contains mawgs with
more than one category. Layering (inside-out) per-
tity models according to performance or entity freforms almost as well as cascading1=70.44).
quency in the training data, ranging from highest to The difference in the overall performance be-
lowest. Cascading is also carried out on groups afveen the GENIA and theppi corpus is partially
entities (e.g. one model for all entities, one for alue to the difference in the number nEs which
specific entity type, and combinations). Subseque@&C is required to recognise, but also due to the
models in the cascade have access to the guesses$aet that all features used are optimised for Hre|
previous ones via gUEssfeature. Finally, joined data and simply applied to the GENIA corpus. The
label tagging is done by concatenating individuabnly feature not used for the experiments with the
BIO tags from the innermost to the outermost layerGENIA corpus iSFONT, as this information is not
As in the GENIA corpus, the most frequently an-preserved in the originatmL of that corpus.
notated entity type in theppidata is protein with al- ) ) )
most 55% of all annotations in the combirerlain 7 Discussion and Conclusion
and DEVTEST data (see Table 5). Given that theAccording to the results for the modelling tech-
scores reported in this paper are calculatedfds niques, each proposed method outperforms simple
micro-averages over all categories, they are strongbagging. Cascading yields the best result on the GE-
influenced by the classifier's performance on proNIA (F1=67.88) andppridata ('1=70.50), see Ta-
teins. However, scoring is not limited to a particulatble 5 for individual entity scores. However, it in-
layer of entities (e.g. only outermost layer), but in-volves extensive amounts of experimentation to de-
cludes all levels of nesting. During scoring, a correctermine the best model combination. The best setup
match is achieved when exactly the same sequenfog cascading is clearly data set dependent. With
of text (encoded in start/end offsets) is marked wittharger numbers of entity types annotated in a given
the same entity type in the gold standard and the syserpus, it becomes increasingly impractical to ex-
tem output. Precision, recall arfdl are calculated haustively test all possible orders and combinations.
in standard fashion from the number of true positiveMoreover, training and tagging times are lengthened
false positive and false negatines recognised.  7as more models are combined in the cascade.

Table 3: Extra features added to C&C.



| GENIA V3.02 | EPPI |

| Technique | F1 || Technique | F1 |
Simple Tagging

Training on innermost entities 64.62 || Training on innermost entities 70.07

Training on outermost entities 62.72 || Training on outermost entities 69.18
Layering

Inside-out 67.62 || Inside-out 70.44

Outside-in 67.02 || Outside-in 70.21
Cascading

Individual NE models (by performance) 67.88 || Individual NE models (by performance) 70.42
Individual NE models (by frequency) | 67.72 || Individual NE models (by frequency) | 70.43

All-cell _type 64.55 || All-complex 70.03
All-DNA 65.02 || All-drug/compound 70.08
All-other_name 66.99 || All-fusion 70.50
All-protein 64.77 || All-protein 70.02
All-RNA 64.80 || All-complex-fusion 70.46
All-other_name-DNA-protein-RNA 67.56 || All-drug/compound-fusion 70.50
Joined label tagging
Inside-out | 67.82 || Inside-out | 70.37

Table 4. Cross-validatioi'1-scores for different modelling techniques on the GENIA ardidata. Scores
in italics mark statistically significant improvementg?(p < 0.05) over the best simple tagging score.

Despite the large number of tags involved in usple tagging method for both biomedical data sets.
ing joined label tagging, this method outperforms Future work will involve testing the proposed
simple tagging for both data sets and even results techniques on other data sets containing entity nest-
the second-best overalll-score of 67.72 obtained ing, including the ACE data. We will also determine
for the GENIA corpus. The fact that joined labeltheir merit when applying a different learning algo-
tagging only requires training and tagging with oneithm. Furthermore, possible solutions for recognis-
model makes this approach a viable alternative timg discontinuous entities will be investigated.

cascading which is far more time-consuming to run.

. , . 8 Acknowledgements
Inside-out layering performs competitively both

for the GENIA corpus £'1=67.62) and th&pPpicor- The authors are very grateful to the annotation
pus ('1=70.37), considering how little time is in- team, and to Cogniah¢t p: // ww. cogni a.
volved in setting up such experiments. As withcon) for their collaboration on therxm project.
joined label tagging, minimal optimisation is re-This work is supported by the Text Mining Pro-
quired when using this method. One disadvantaggramme of ITI Life Sciences Scotlantht(t p: / /

(as compared to simple, and to some extent joinegww. i til i f esci ences. com.

label tagging) is that training and tagging times in-

; I
crease with the number of layers that are mode edReferenc%

In cqnclusmn, thIS. paper m_trOdUCEd and t?S.teQ. Bretonnel Cohen, Lynne Fox, Philip V. Ogren, and Lawrence
three different modelling techniques for recognising Hunter. 2005. Corpus design for biomedical natural
nestedNEs, namely layering, cascading, and joined |an9kuar1]96 proti_eskslng-b_ Ilﬁrpceleldmgs of the A?CIT-ISMBd

: workshop on linking biological literature, ontologies an
![abel tagging. As each OJ_them rglduces nestee databases: mining biological semantigmges 38-45.
0 one or moresio-encodin roblems, a conven- .
. | 9 lf d h James R. Curran and Stephen Clark. 2003. Language indepen-
tional sequence f[agger Ca_n e used. Itwas s _Owndent NER using a maximum entropy tagger.Piroceedings
that each modelling technique outperfoms the sim- of CoNLL-2003pages 164-167.



| GENIA V3.02 | EPPI |

| Entity type | Count] P | R | F1 | Entitytype | Count] P | R | F1 |
| All | 94,014| 69.3| 66.5| 67.9 || All | 134,059| 73.1| 68.1| 70.5|
protein 34,813 | 75.1| 74.9| 75.0 || protein 73,117| 76.2| 82.1| 79.0
other name 20,914 | 60.0 | 67.2 | 63.4 || expt. method 12,550 74.3 | 72.4| 73.3
DNA 10,589 | 64.2 | 57.5| 60.6 || fragment 11,571| 54.5| 41.7 | 47.3
cell type 7,408 | 71.2| 69.2 | 70.2 || drug/compound 10,236 | 64.9 | 37.7 | 47.7
other org. compound 4,109 | 76.6 | 57.8 | 65.9 || cell line 6,505 | 68.3| 53.4| 59.9
cell line 4,081 | 66.3 | 53.8| 59.4 || complex 6,454 | 62.5| 32.2| 425
lipid 2,359 | 76.9 | 65.6 | 70.8 || modification 5,727| 95.4 | 94.2 | 94.8
virus 2,133| 76.0 | 73.4 | 74.7 || mutant 4,025| 40.7 | 23.2| 29.6
multi-cell 1,784 | 72.5| 60.1 | 65.7 || fusion 3,874 | 56.6 | 36.0 | 44.0

Table 5: Individual counts and scores of the most frequenNiBEand all EPPI entity types for the best-
performing method: cascading.
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Abstract Recently, online full text of bioscience journal ar-

ticles has become ubiquitous, eliminating one bar-
rier. The intellectual property restriction is under
attack, and we are optimistic that it will be nearly
entirely diffused in a few years. In the meantime,
the PubMedCentral Open Access collection of jour-
responding figures directly within the search nals proyides an unrestrict_eql resource for scientists
results.  Participants in a pilot study ex- to experiment with for providing full text search.

pressed surprise at the idea, noting that they Full text availability requires a re-thinking of how
had never thought of sear(’:h in this way. search should be done on bioscience journal arti-

They also reported strong positive reactions c_les. One ppportunity is to do informatiqn extrac-
to the idea: 7 out of 8 said they would use a tion (text mining) to extract facts and relations from
the body of the text, as well as from the title and

abstract as done by much of the early text mining
work. (The Biocreative competition includes tasks
that allow for extraction within full text (Yeh et al.,

1 Introduction 2003; Hirschman et al., 2005).) The results of text

For at least two decades, the standard way to Sear%traction can then be exposed in search interfaces,
for bioscience journal articles has been to use > doneé in systems like iIHOP (Hoffmann and Va-
National Library of Medicine’s PubMed system to/€N¢i&, 2004) and ChiliBot (Chen and Sharp, 2004)
search the MEDLINE collection of journal articles. (@lthough both of these search only over abstracts).
PubMed has innovated search in many ways, but to Another issue is how to adjust search ranking al-
date search in PubMed is restricted to the title, atgorithms when using full text journal articles. For
stract, and several kinds of metadata about the do@xample, there is evidence that ranking algorithms
ument, including authors, Medical Subject Headinghould consider which section of an article the query
(MeSH) labels, publication year, and so on. terms are found in, and assign different weights to
On the Web, searching within the full text of doc-different sections for different query types (Shah et
uments has been standard for more than a decadé; 2003), as seen in the TREC 2006 Genomics
and much progress has been made on how to déack (Hersh etal., 2006).
this well. However, until recently, full text search Recently Google Scholar has provided search
of bioscience journal articles was not possible due

to two major constraints: (1) the full text was not The license terms for use for BioMed Central can be
. . . . . _found at: http://www.biomedcentral.com/info/authors/license
widely available online, and (2) publishers reStr'CLnd the license for PubMedCentral can be found at:

researchers from downloading these articles in bulkttp:/iww.pubmedcentral.gov/about/opentftlist.html

This paper presents the results of a pilot us-
ability study of a novel approach to search
user interfaces for bioscience journal arti-
cles. The main idea is to support search over
figure captions explicitly, and show the cor-

search system with this kind of feature, sug-
gesting that this is a promising idea for jour-
nal article search.
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over the full text of journal articles from a wide photograph corresponded to which name in the cap-
range of fields, but with no special consideratiortion. Shatkay et al. (2006) combined information
for the needs of bioscience researcher&oogle from images as well as captions to enhance a text
Scholar’s distinguishing characteristic is its abilitycategorization algorithm.
to show the number of papers that cite a given arti- Cohen, Murphy, et al. have explored several dif-
cle, and rank papers by this citation count. We beferent aspects of biological text caption analysis. In
lieve this is an excellent starting point for full textone piece of work (Cohen et al., 2003) they devised
search, and any future journal article search systeamd tested algorithms for parsing the structure of im-
should use citation count as a metric. Unfortunatelygge captions, which are often quite complex, espe-
citation count requires access to the entire collectiotially when referring to a figure that has multiple
of articles; something that is currently only avail-images within it. In another effort, they developed
able to a search system that has entered into caiwols to extract information relating to subcellular
tracts with all of the journal publishers. localization by automatically analyzing fluorescence

In this article, we focus on another new opportumicroscope images of cells (Murphy et al., 2003).
nity: the ability to search over figure captions andr'hey later developed methods to extract facts from
display the associated figures. This idea is baselle captions referring to these images (Cohen et al.,
on the observation, noted by our own group as weR003).
as many others, that when reading bioscience arti- Liu et al. (2004) collected a set of figures and
cles, researchers tend to start by looking at the titleJassified them according to whether or not they de-
abstract, figures, and captions. Figure captions caicted schematic representations of protein interac-
be especially useful for locating information aboutions. They then allowed users to search for a gene
experimental results. A prominent example of thimame within the figure caption, returning only those
was seen in the 2002 KDD competition, the goaligures that fit within the one class (protein interac-
of which was to find articles that contained expertion schematics) and contained the gene name.
imental evidence for gene products, where the top- Yu et al. (2006) created a bioscience image tax-
performing team focused its analysis on the figurenomy (consisting otGel-Image, Graph, Image-of-
captions (Yeh et al., 2003). Thing, Mix, Model, and Table) and used Support

In the Biotext project, we are exploring how toVector Machines to classify the figures, using prop-
incorporate figures and captions into journal articlerties of both the textual captions and the images.
search explicitly, as part of a larger effort to provide ] o ]
high-quality article search interfaces. This paper re%-2 Figures in Bioscience Article Search
ports on the results of a pilot study of the captiorSome bioscience journal publishers provide a ser-
search idea. Participants found the idea novel, stinvice called “SummaryPlus” that allows for display
ulating, and most expressed a desire to use a seamdtiigures and captions in the description of a partic-
interface that supports caption search and figure digtar article, but the interface does not apply to search

play3 results listings
A medical image retrieval and image annotation
2 Related Work task have been part of the ImageCLEF competition

since 2005 (Muller et al., 2006).The datasets for
this competition are clinical images, and the task is
Several research projects have examined the autg-retrieve images relevant to a query such as “Show
mated analysis of text from captions. Srihari (1991hlood smears that include polymorphonuclear neu-
1995) did early work on Ii_nking .information be-_ “Recently a commercial offering by a company called CSA
tween photographs and their captions, to determmfﬁUStrata was brought to our attention; it claims to use figures

for example, which person’s face in a newspapeind tables in search in some manner, but detailed information is
not freely available.

2.1 Automated Caption Analysis

2http://scholar.google.com SCLEF stands for Cross-language Evaluation Forum; it orig-
%The current version of the interface can be seen dhally evaluated multi-lingual information retrieval, but has
http://biosearch.berkeley.edu since broadened its mission.
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trophils.” Thus, the emphasis is on identifying theand at different scales, in order to be able to present
content of the images themselves. thumbnails quickly. The Lucene search en§iig

Yu and Lee (2006) hypothesized that the inforused to index, retrieve, and rank the text (default sta-
mation found in the figures of a bioscience articldistical ranking). The interface is web-based and is
are summarized by sentences from that article’s abmplemented in Python and PHP. Logs and other in-
stract. They succeeded in having 119 scientists maftarmation are stored and queried using MySQL.
up the abstract of one of their own articles, indicat- Figure 1a shows the results of searching over the
ing which sentence corresponded to each figure gaption text in the Caption Figure view. Figure
the article. They then developed algorithms to linklb shows the same search in the Caption Figure
sentences from the abstract to the figure caption cowith additional Thumbnails (CFT) view. Figure 2a-
tent. They also developed and assessed a user infershows two examples of the Grid view, in which
face called BioEx that makes use of this linking inthe query terms are searched for in the captions, and
formation. The interface shows a set of very smalhe resulting figures are shown in a grid, along with
image thumbnails beneath each abstract. When theetadata informatioh.The Grid view may be espe-
searcher’s mouse hovers over the thumbnail, the catially useful for seeing commonalities among topics,
responding sentence from the abstract is highlighteglich as all the phylogenetic trees that include a given
dynamically. gene, or seeing all images of embryo development of

To evaluate BioEx, Yu and Lee (2006) sent a que$Ome species.
tionnaire to the 119 biologists who had done the The next section describes the study participants’
hand-labeling linking abstract sentences to imagekgaction to these designs.
asking them to assess three different article displa : -
designs. The first design looked like the PubMeg Pilot Usability Study
abstract view. The second augmented the first vielthe design of search user interfaces is difficult; the
with very small thumbnails of figures extracted fromevidence suggests that most searchers are reluctant
the article. The third was the second view augto switch away from something that is familiar. A
mented with color highlighting of the abstract’s sensearch interface needs to offer something qualita-
tences. It is unclear if the biologists were asked ttively better than what is currently available in order
do searches over a collection or were just shownta be acceptable to a large user base (Hearst, 2006).
sample of each view and asked to rate it. 35% of the Because text search requires the display of text,
biologists responded to the survey, and of these, 38sults listings can quickly obtain an undesirably
out of 41 (88%) preferred the linked abstract viewcluttered look, and so careful attention to detail is
over the other views. (It should be noted that theequired in the elements of layout and graphic de-
effort invested in annotating the abstracts may hawgn. Small details that users find objectionable can
affected the scientists’ view of the design.) render an interface objectionable, or too difficult to

It is not clear, however, whether biologists woulduse. Thus, when introducing a new search interface
prefer to see the caption text itself rather than thislea, great care must be taken to get the details right.
associated information from the abstract. The syg-he practice of user-centered design teaches how to
tem described did not allow for searching over texachieve this goal: first prototype, then test the results
corresponding to the figure caption. The system alswith potential users, then refine the design based on
did not focus on how to design a full text and captiortheir responses, and repeat (Hix and Hartson, 1993;

search system in general. Shneiderman and Plaisant, 2004).
Before embarking on a major usability study to
3 Interface Design and Implementation determine if a new search interface idea is a good

one, it is advantageous to run a series of pilot stud-

The Biotext search engine indexes all Open Accesgs to determine which aspects of the design work,
articles available at PubMedCentral. This collection—;
http://lucene.apache.org

consists of more than 150_j0umals' 20,000 articles rpege screenshots represent the system as it was evaluated.
and 80,000 figures. The figures are stored locallyrhe design has subsequently evolved and changed.
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status sex litsearch area(s) of specialization Useful Non-Cluttered

undergrad
postdoc

monthly  cell developmental bio.
daily molecular / developmental bi

ID

1 undergrad F  monthly  organic chemistry : :

2 graduate F  weekly genetics / molecular bio. 3 I I I I I I I B I I I I I I I I
3 other F  rarely medical diagnostics 1 1

4 postdoc M weekly neurobiology, evolution 1234567 8] 12345678
5 graduate F  daily evolutionary bio., entomology Easy to browse Interesting

6 undergrad F  weekly molecular bio., biochemistry

7 F

8 M

e wowoN

5
3
1

1 2 3 4 5 6 7 8 1 2 3 45 6 7 8

o

njoyable Non-Overwhelming

7

5
Hinn

| .

1 2 3 4 5 6 7 8 12 3 456 7 8

Table 1. Participant Demographics. Participant 3 is
an unemployed former lab worker.

W oo oNm

which do not, make _adjustments,. _and test SOoM€igyre 3: Likert scores on the CF view. X-axis:
more. Once the design has stabilized and is regrticipant ID, y-axis: Likert scores: 1 = strongly
ceiving nearly uniform positive feedback from p'IOtdisagree, 7 = strongly agree. (Scale reversed for

study participants, then a formal study can be rufestionnaire-posedutteredandoverwhelming
that compares the novel idea to the state-of-the-art,

and evaluates hypotheses about which features work
well for which kinds of tasks. queries for about 10 minutes, and then filled out a
The primary goal of this pilot study was to deter-questionnaire describing their reaction to that de-
mine if biological researchers would find the idea ofign. After viewing all of the designs, they filled
caption search and figure display to be useful or nout @ post-study questionnaire where they indicated
The secondary goal was to determine, should capthether or not they would like to use any of the
tion search and figure display be useful, how bestesigns in their work, and compared the design to
to support these features in the interface. We waftubMed-type search.
to retain those aspects of search interfaces that areAlong with these standardized questions, we had
both familiar and useful, and to introduce new eleopen discussions with participants about their reac-
ments in such a way as to further enhance the seard@ns to each view in terms of design and content.

experience without degrading it. Throughout the study, we asked participants to as-
sume that the new designs would eventually search
4.1 Method over the entire contents of PubMed and not just the

W ited particinants wh Ki Open Access collection.
€ recrurted participants who work in our campus™\ye spowed all 8 participants the Caption with

main biology buildings to participate in the study.Figure (CF) view (see Figure 1a), and Caption with

None of the participants were known to Us in aO.IT:igure and additional Thumbnails (CFT) (see Figure

vance. To help avoid positive bias, we told part|C|-1b), as we didn’t know if participants would want to

pants that we were evaluating a search system, bsuée additional figures from the caption’s pap&vie

did not mention that our group was the one wh%

desianing th ; Th ticinants all h de not show the first few participants the Grid view,
was designing the system. - The participants all Nag o qid not know how the figure/caption search

strong interests in biosciences; their demographics . .
) Would be received, and were worried about over-

are shown |n. Table L i ) whelming participants with new ideas. (Usability
Each participant's session lasted approximatelyy,q narticipants can become frustrated if exposed
one hour. First, they were told the purpose of thg, 155 many options that they find distasteful or con-

study, and then filled out an informed consent forgqing y Because the figure search did receive pos-
and a background questionnaire. Next, they used the

search interfaces (the order of presentation was var- 8we also experimented with showing full text search to the

ied). Before the use of each search interface, wist five participants, but as that view was problematic, we dis-
continued it and substituted a title/abstract search for the re-

explained the idea pehind the design. The pf’irtiqﬁaining three participants. These are not the focus of this study
pant then used the interface to search on their owand are not discussed further here.
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itive reactions from 3 of the first 4 participants, wefar as to open up Google Image search and compare
decided to show the Grid view to the next 4. the results directly, finding the caption search to be
preferable.

4.2 Results All participants favored the ability to browse all

The idea of caption search and figure display waligures from a paper once they find the abstract or

very positively perceived by all but one participantone of the figures relevant to their query. Two partic-

7 out of 8 said they would want to use either CHpants commented that if they were looking for gen-

or CFT in their bioscience journal article searchessral concepts, abstract search would be more suit-

Figure 3 shows Likert scores for CF view. able but for a specific method, caption view would
The one participant (number 2) who did not likebe better.

CF nor CFT thought that the captions/figures would

not be useful for their tasks, and preferred seein§:3 Suggestions for Redesign

the e_lrticles’ abstracts. Many participants noted tha, participants found the design of the new views
caption search would be better for some tasks thag pe simple and clear. They told us that they gen-
others, where a more standard title & abstract or fulléra”y want information displayed in a simple man-
text search would be preferable. Some participan]:]%r, with as few clicks needed as possible, and with
said that different views serve different roles, andg e\ distracting links as possible. Only a few ad-
they would use more than one view depending Ogjtional types of information were suggested from
the goal of their search. Several suggested combifame participants: display, or show links to, related
ing abstract and figure captions in the search and/ggpers and provide a link to the full text PDF directly

the display. (Because this could lead to search rg; the search results, as opposed to having to access
sults that require a lot of scrolling, it would probably,e paper via PubMed.

be best to use modern Web interface technologies p,icinants also made clear that they would of-
to dynamically expand long abstracts and captionsy, \yant to start from search results based on title

When asked for their preference versus PubMed, g, gphsiract, and then move to figures and captions,

out of 8 rated at least one of the figure searcheg, from there to the full article, unless they are do-

above PubMed's interface. (In some cases this Mgy, figure search explicitly. In that case, they want

be due to aprel_‘erence for the layout in ogrde5|gn 3§ start with CF or Grid view, depending on how

opposed to entirely a preference for caption searchy),, . information they want about the figure at first
Two of the participants preferred CFT to CF; theglance.

rESt thr?u%ht CFT wa? tt:)_o busy. PI;[ bgcamel clear v also wished to have the ability to sort the re-
through the course of this study that it would beSUIts along different criteria, including year of pub-

best to show all the thumbnails that correspond to I?cation, alphabetically by either journal or author

given article as the result of a full-text or abstract-name, and by relevance ranking. This result has

text search interface, and tp show only t_he flgurBeen seen in studies of other kinds of search inter-
that cor.requnds to 'the cap.tlon in the captlon §ear(fgces as well (Reiterer et al., 2005; Dumais et al.,
view, with a link to view all figures from this article 2003). We have also received several requests for ta-

in a new page_. ) o ) ble caption search along with figure caption search.
All four participants who saw the Grid view liked

it, but noted that the metadata shown was insuff  conclusions and Future Work

cient; if it were changed to include title and other

bibliographic data, 2 of the 4 who saw Grid said theyThe results of this pilot study suggest that caption
would prefer that view over the CF view. Severakearch and figure display is a very promising direc-
participants commented that they have used Googlien for bioscience journal article search, especially
Images to search forimages but they rarely find whattaired with title/abstract search and potentially with
they are looking for. They reacted very positivelyother forms of full-text search. A much larger-scale
to the idea of a Google Image-type system speciastudy must be performed to firmly establish this re-
ized to biomedical images. One participant went seult, but this pilot study provides insight about how
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to design a search interface that will be positively rew. Hersh, A. Cohen, P. Roberts, and Rekapalli H. K. 2006.

ceived in such a study. Our results also suggest that TREC 2006 genomics track overviewThe Fifteenth Text
Retrieval Conference

web search systems like Google Scholar and Google

|mages Could be improved by Showing images frorh. Hirsch_man, A._ Yeh, C. Blasc_:hke, and A. Valencia. 2005.
. . . . Overview of BioCreAtIvVE: critical assessment of informa-
the articles along lines of specialization.

i ] tion extraction for biologyBMC Bioinformatics6:1.
The Grid view should be able to show images

. . . .D. Hix and H.R. Hartson. 1993Developing user interfaces:
grouped by category type that is of interest to biolo- ensuring usability through product & procesgohn Wiley

gists, such as heat maps and phylogenetic trees. One Sons, Inc. New York, NY, USA.

participant searched qgancreasand V\_Ias surprlsed R. Hoffmann and A. Valencia. 2004. A gene network for navi-
when the top-ranked figure was an image of a ma- gating the literatureNature Genetics36(664).

hine. This i nderscores the n for BioNLP .
chine .S dea underscores the need .0 0 _F. Liu, T-K. Jenssen, V. Nygaard, J. Sack, and E. Hovig. 2004.
research in the study of automated caption classifi- Figsearch: a figure legend indexing and classification sys-

cation. NLP is needed both to classify images and tem. Bioinformatics 20(16):2880-2882.
perhaps also tO. aUtom_atica”y det_ermine _WhiCh imH. Muller, T. Deselaers, T. Lehmann, P. Clough, E. Kim, and
ages are most “interesting” for a given article. W. Hersh. 2006. Overview of the ImageCLEF 2006 Medical
To this end, we are in the process of building a Image Retrieval Tasks. Mforking Notes for the CLEF 2006
- L ; . Worksho
classifier for the figure captions, in order to allow P
for grouping by type. We have developed an imR-F. Murphy, M. Velliste, and G. Porreca. 2003. Robust Nu-

tation interf d licitina hel ith merical Features for Description and Classification of Sub-
age annotation interrace and are soliciting nelp With cq|jyjar Location Patterns in Fluorescence Microscope Im-

hand-labeling from the research community, to build ages. The Journal of VLSI Signal Processing5(3):311-
a training set for an automated caption classifier. 321

In future, we plan to integrate table captions. Rafkind, M. Lee, S.F. Chang, and H. Yu. 2006. Exploring
search, to index the text that refers to the cap- text and image features to classify images in bioscience lit-

. | ith th . d ide i erature. Proceedings of the BioNLP Workshop on Linking
tion, along with the caption, and to provide Inter-  nayyra) Language Processing and Biology at HLT-NAACL

face features that allow searchers to organize and6:73-80.

filter seargh results accor.dlng.to metgdata such & Reiterer, G. Tullius, and T. M. Mann. 2005. Insyder:
year published, and topical information such as a content-based visual-information-seeking system for the
genes/prote|ns mennoned We also plan to ConductWeb International Journal on DIgIta' lerar|e55(1)25—
formal interface evaluation studies, including com-

paring to PubMed-style presentations. P.K. Shah, C. Perez-lratxeta, P. Bork, and M.A. Andrade.
i . 2003. Information extraction from full text scientific arti-
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Abstract

Applications using automatically indexed
clinical conditions must account for con-
textual features such as whether a condition
is negated, historical or hypothetical, or
experienced by someone other than the pa-
tient. We developed and evaluated an algo-
rithm called ConText, an extension of the
NegEx negation algorithm, which relies on
trigger terms, pseudo-trigger terms, and
termination terms for identifying the values
of three contextual features. In spite of its
simplicity, ConText performed well at
identifying negation and hypothetical status.
ConText performed moderately at identify-
ing whether a condition was experienced
by someone other than the patient and
whether the condition occurred historically.

1 Introduction

Natural language processing (NLP) techniques can
extract variables from free-text clinical records
important for medical informatics applications per-
forming decision support, quality assurance, and
biosurveillance [1-6]. Many applications have fo-
cused on identifying individual clinical conditions
in textual records, which is the first step in making
the conditions available to computerized applica-
tions. However, identifying individual instances of
clinical conditions is not sufficient for many medi-
cal informatics tasks—the context surrounding the
condition is crucial for integrating the information
within the text to determine the clinical state of a
patient.

For instance, it is important to understand
whether a condition is affirmed or negated, acute
or chronic, or mentioned hypothetically. We refer
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to these as contextua features, because the infor-
mation is not usually contained in the lexical repre-
sentation of the clinical condition itself but in the
context surrounding the clinical condition. We de-
veloped an algorithm called ConText for identify-
ing three contextual features relevant for biosur-
veillance from emergency department (ED) reports
and evaluated its performance compared to physi-
cian annotation of the features.

2 Background

2.1 Encoding Contextual Information from-

Clinical Texts

NLP systems designed to encode detailed informa-
tion from clinical reports, such as MedLEE [1],
MPLUS [7], and MedSyndikate [4], encode con-
textual features such as negation, uncertainty,
change over time, and severity. Over the last ten
years, severa negation algorithms have been de-
scribed in the literature [8-12]. Recently, research-
ers at Columbia University have categorized tem-
poral expressions in clinical narrative text and
evauated a temporal constraint structure designed
to model the tempora information for discharge
summaries [13, 14].

ConText differs from most other work in this
area by providing a stand-alone agorithm that can
be integrated with any application that indexes
clinical conditions from text.

22

Biosurveillance and situational awareness are im-
perative research issues in today’s world. State-of-
the-art surveillance systems rely on chief com-
plaints and ICD-9 codes, which provide limited
clinical information and have been shown to per-
form with only fair to moderate sensitivity [15-18].
ED reports are atimely source of clinical informa-

Biosurveillance from ED Data

BioNLP 2007: Biological, translational, and clinical language processing, pages 81-88,
Prague, June 2007. (©2007 Association for Computational Linguistics



tion that may be useful for syndromic surveillance.
We are developing NLP-based methods for identi-
fying clinical conditions from ED reports.

23 SySTR

We are developing an NLP application called
SySTR (Syndromic Surveillance from Textual Re-
cords). It currently uses free-text descriptions of
clinical conditions in ED reports to determine
whether the patient has an acute lower respiratory
syndrome. We previously identified 55 clinical
conditions (e.g. cough, pneumonia, oxygen desatu-
ration, wheezing) relevant for determining whether
a patient has an acute lower respiratory condition
[19]. SySTR identifies instances of these 55 clini-
cal conditions in ED reports to determine if a pa-
tient has an acute lower respiratory syndrome.
SySTR has four modules:

(1) Index each instance of the 55 clinical condi-
tionsin an ED report;

(2) For eachindexed instance of aclinical condi-
tion, assign values to three contextual features;

(3) Integrate the information from indexed in-
stances to determine whether each of the 55
conditions are acute, chronic, or absent;

(4) Usethe values of the 55 conditionsto deter-
mine whether a patient has an acute lower res-
piratory syndrome.

We built SySTR on top of an application
called caTlES [20], which comprises a GATE
pipeline of processing resources (http:/gate.ac.uk/).
Module 1 uses MetaMap [5] to index UMLS con-
cepts in the text and then maps the UMLS concepts
to the 55 clinical conditions. For instance, Module
1 would identify the clinical condition Dyspnea in
the sentence “Patient presents with a 3 day history
of shortness of breath.” For each instance of the 55
conditions identified by Module 1, Module 2 as-
signs values to three contextual features. Negation
(negated, affirmed); Temporality (historical, re-
cent, hypothetical); and Experiencer (patient,
other). For the sentence above, Module 2 would
assign Dyspnea the following contextual features
and their values: Negation—affirmed; Temporal-
ity—recent; Experiencer—patient. Module 3, as
described in Chu and colleagues [21], resolves
contradictions among multiple instances of clinical
conditions, removes conditions not experienced by
the patient, and assigns a final value of acute,
chronic, or absent to each of the 55 conditions.
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Module 4 uses machine learning models to deter-
mine whether a patient has acute lower respiratory
syndrome based on values of the conditions.

The objective of this study was to evaluate an
algorithm for identifying the contextual informa-
tion generated by Module 2.

3 Methods

We developed an agorithm called ConText for
determining the values for three contextual features
of aclinical condition: Negation, Temporality, and
Experiencer. The same algorithm is applied to al
three contextual features and is largely based on a
regular expression algorithm for determining
whether a condition is negated or not (NegEx [9]).
ConText relies on trigger terms, pseudo-trigger
terms, and scope termination terms that are specific
to the type of contextual feature being identified.
Below we describe the three contextual features
addressed by the algorithm, details of how Con-
Text works, and our evaluation of ConText.

3.1 ThreeContextual Features

Determining whether a patient had an acute epi-
sode of a clinical condition, such as cough, poten-
tially involves information described in the context
of the clinical condition in the text. We performed
apilot study to learn which contextual features af-
fected classification of 55 clinical conditions as
acute, chronic, or absent [21]. The pilot study
identified which contextual features were critical
for our task and reduced the number of values we
initially used.

The contextual features for each indexed clinical
condition are assigned default values. ConText
changes the values if the condition falls within the
scope of a relevant trigger term. Below, we de-
scribe the contextual features (default values are in
parentheses).

(1) Negation (affirmed): ConText determines
whether a condition is negated, as in “No fe-
ver.”

Temporality (recent): ConText can change
Temporality to historical or hypothetical. Inits
current implementation, historical is defined as
beginning at least 14 days before the visit to
the ED, but the algorithm can easily be modi-
fied to change the length of time. ConText
would mark Fever in “Patient should return if
she develops fever” as hypothetical.

)



(3) Experiencer (patient): ConText assigns condi-
tions ascribed to someone other than the pa-
tient an Experiencer of other, asin “The pa
tient’ s father has a history of CHFE.”

3.2 Contextual Feature Algorithm

As we examined how the contextual features were

manifested in ED reports, we discovered similar

patterns for all features and hypothesized that an

existing negation algorithm, NegEx [9], may be

applicable for all three features.

NegEXx uses two regular expressions (RE) to de-

termine whether an indexed condition is negated:
RE1: <trigger term> <5w> <indexed term>
RE2: <indexed term> <5w> <trigger term>

<Bw> represents five words (a word can be a sin-
gle word or a UMLS concept), and the text
matched by this pattern is called the scope. NegEXx
relies on three types of terms to determine whether
a condition is negated: trigger terms, pseudo-
trigger terms, and termination terms. Trigger terms
such as “no” and “denies’ indicate that the clinical
conditions that fall within the scope of the trigger

term should be negated. Pseudo-trigger terms, such
as “no increase,” contain a negation trigger term
but do not indicate negation of a clinical concept.
A termination term such as “but” can terminate the
scope of the negation before the end of the win-
dow, as in “She denies headache but complains of
dizziness.”

ConText is an expansion of NegEx. It relies on
the same basic algorithm but applies different term
lists and different windows of scope depending on
the contextua feature being annotated.

3.3 ConText Term Lists

Each contextual feature has a unique set of trigger
terms and pseudo-trigger terms, as shown in Table
1. The complete list of terms can be found at
http://web.cbmi.pitt.edu/chapman/ConText.html.
Most of the triggers apply to REL, but a few
(marked in table) apply to RE2. ConText assigns a
default value to each feature, then changes that
value if a clinical condition falls within the scope
of arelevant trigger term.

Although trigger terms are unique to the contex-
tual feature being identified, termination terms

Table 1. Examples of trigger and pseudo-trigger terms for the three contextual features. If all terms are not
represented in the table, we indicate the number of terms used by ConText in parentheses.

Temporality (default = recent)

g;;)%%ﬁ;ttg;rs for Eesr?nJgo—tngger Trigger terms for historical Pseudo-trigger terms (10)
if if negative General triggers history, physical

return history history taking

should [hejshe] previous® poor history

should there History Section title™ history and examination

should the patient Temporal Measurement triggers™n history of present illness
as needed <time> of social history

come back [for|to] [forlover] the [last|past] <time> family history

since (last) [day-of-week|week|month|

sudden onset of

season|year]
Experiencer (default = patient) Negation (default = affirmed)
Trigger terms Pseudo-trigger . L
for other (12) terms Trigger terms for negated (125) Pseudo-trigger terms (16)
father(’s) no no increase
mother(’s) not not extend
aunt(’s) denies gram negative
without

" the scopefor “previous’ only extends one term forward (e.g., “for previous headache”)

MCurrently the only history section title we use is PAST MEDICAL HISTORY.

M <time> includes the following regular expression indicating a temporal quantification: x[-|space]
[day(s)|hour(s)|week(s)|month(s)|year(s)]. x = any digit; words in brackets are digunctions; itemsin parentheses are
optional. The first two temporal measurement triggers are used with RE1; the third is used with RE2. For our
current application, a condition lasting 14 days or more is considered historical.
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may be common to multiple contextual features.
For instance, a termination term indicating that the
physician is speaking about the patient can indicate
termination of scope for the features Temporality
and Experiencer. In the sentence “History of
COPD, presenting with shortness of breath,” the
trigger term “history” indicates that COPD is his-
torical, but the term “presenting” terminates the
scope of the temporality trigger term, because the
physician is now describing the current patient
visit. Therefore, the condition Dyspnea (“shortness
of breath”) should be classified as recent. Simi-
larly, in the sentence “Mother has CHF and patient
presents with chest pain,” Experiencer for CHF
should be other, but Experiencer for Chest Pain
should be patient.

We compiled termination terms into conceptual
groups, as shown in Table 2.

Table 2. ConText’ stermination terms. Column 1 lists
the type of termination term, the number of terms used
by Context, and the contextual feature values using that
type of termination term. Column 2 gives examples of
the terms.

Typeof Term Examples

Patient (5)

Temporal (hypothetical)
Experiencer (other)
Presentation (12)
Temporal (historical)
Experiencer (other)

Patient, who, his, her, pa-
tient’s

Presents, presenting, com-
plains, was found, states,
reports, currently, today

Because (2) !

Temporal (hypothetical) Since, becalise

Which (1) .

Experiencer (other) Which

ED (2)

Temporal (historical) Emergency department, ED
But (8) But, however, yet, though,
Negation (negated) athough, aside from

3.4 ConText Algorithm

The input to ConText is an ED report with in-
stances of the 55 clinical concepts already indexed.
For each clinical condition, ConText assigns val-
ues to the three contextual features. ConText's al-
gorithm is as follows":

! This algorithm applies to RE1. The algorithm for RE2
is the same, except that it works backwards from the
trigger term and does not look for pseudo-trigger terms.
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Gotofirst trigger term in sentence
If term isa pseudo-trigger term,
Skip to next trigger term
Determine scope of trigger term
If termination term within scope,
Terminate scope before termination term
Assign appropriate contextual feature value to
all indexed clinical conceptswithin scope.

The scope of atrigger term depends on the con-
textual feature being classified. The default scope
includes al text following the indexed condition
until the end of the sentence. Thus, in the sentence
“He should return for fever” the scope of the Tem-
porality (hypothetical) trigger term “return” in-
cludes the segment “for fever,” which includes an
indexed condition Fever. The default scopeis over-
ridden in a few circumstances. First, as described
above, the scope can be terminated by a relevant
termination term. Second, if the trigger term is a
<section title>, the scope extends throughout the
entire section, which is defined previous to Con-
Text's processing. Third, a trigger term itself can
require a different scope. The Temporality (histori-
cal) term “previous’ only extends one term for-
ward in the sentence.

3.5 Evaluation

We evaluated ConText's ability to assign correct
values to the three contextual features by compar-
ing ConText's annotations with annotations made
by aphysician.

Setting and Subjects. The study was conducted on
reports for patients presenting to the University of
Pittsburgh Medical Center Presbyterian Hospital
ED during 2002. The study was approved by the
University of Pittsburgh’s Institutional Review
Board. We randomly selected 120 reports for pa-
tients with respiratory-related 1CD-9 discharge di-
agnoses for manua annotation. For this study, we
used 30 reports as a development set and 90 re-
ports as a test set. In addition to the annotated de-
velopment set, we used a separate set of 100 unan-
notated ED reports to informally validate our term
lists.

Reference Standard. A physician board-certified
in internal medicine and infectious diseases with
30 years of experience generated manual annota-
tions for the development and test reports. He used
GATE (http://gate.ac.uk/) to highlight every indi-



vidual annotation in the text referring to any of the
55 clinical conditions. For every annotation, he
assigned values to the three contextual features, as
shown in Figure 1.

Previous experience in annotating the 55 condi-
tions showed that a single physician was inade-
guate for generating a reliable reference standard
[19]. The main mistake made by a single physician
was not marking a concept that existed in the text.
We used NLP-assisted review to improve physi-
cian annotations by comparing the single physi-
cian’s annotations to those made by SySTR. The
physician reviewed disagreements and made
changes to his original annotations if he felt his
original annotation was incorrect. A study by Mey-
stre and Haug [22] used a similar NLP-assisted
review methodology and showed that compared to
a reference standard not using NLP-assisted re-
view, their system had higher recall and the same
precision.

15 Annotations (1selected)

Briefly, this is a **AGE{904>-year-old lady, who presented with a complaint
worsening SAEAEEENGENEENAY ,  The patient is knowm to have a lung tumor o
the right side. Her fawily stated that she has gotten to the point now vher
she can tolerate almost no walking at all. 3he states that after she walks
just a few steps, she becomes significantly figE0asis . 3he denied [i3035 or
GOBE | had no WISV or other complaints,

O X O B

CareConcept v

v | X & [pertension or diabetes nellitus,
v X
v X
v X

Condition + |chills

Experiencer + | Patient

Negation v | Negater

= alert, in no distress, She does

Temporality w |Recent
Figure 1. When the physician highlights text,
GATE provides a drop-down menu to select the
Clinica Condition and the values of the Contex-
tual Features.

Outcome Measures. For each contextual feature
assigned to an annotation, we compared ConText’'s
value to the value assigned by the reference stan-
dard. We classified the feature as a true positive
(TP) if ConText correctly changed the condition’s
default value and a true negative (TN) if ConText
correctly left the default value. We then calculated
recall and precision using the following formulas:

number of TP
(number of TP + number of FN)
number of TP
(number of TP + number of FP)

Recall :

Precision :
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For the Temporality feature, we calculated recall
and precision separately for the values historical
and hypothetical. We calculated the 95% confi-
dence intervals (ClI) for al outcome measures.

4 Results

Using NLP-assisted review, the reference standard
physician made several changes to his initial anno-
tations. He indexed an additional 82 clinical condi-
tions and changed the title of the clinical condition
for 48 conditions, resulting in a total of 1,620 in-
dexed clinical conditions in the 90 test reports. The
reference standard physician also made 35 changes
to Temporality values and 4 changes to Negation.
The majority of Temporality changes were from
historical to recent (17) and from hypothetical to
recent (12).

Table 3 shows ConText's recall and precision
values compared to the reference standard annota-
tions. About half of the conditions were negated
(773/1620). Fewer conditions were historical
(95/1620), hypothetical (40/1620), or experienced
by someone other than the patient (8/1620). In
spite of low frequency for these contextual feature
values, identifying them is critical to understanding
a patient’s current state. ConText performed best
on Negation, with recall and precision above 97%.
ConText performed well at assigning the Tempo-
rality value hypothetical, but less well on the Tem-
porality value historical. Experiencer had a small
sample size, making results difficult to interpret.

Table 3. Outcome measures for ConText on test set of 90 ED reports.

Feature TP TN FP FN gF;‘j/f)a(':'l %g;ifg”
Negation 750 84 B B o IO
(a6 10 28 @ g I
mﬁm;gl) 3 1w’ 2 7 6882-.951 8914}58
Experiencer 4 1612 0 4 gg_(;g 5::LL— ?_%0

5 Discussion

We evaluated an extension of the NegEx algorithm
for determining the values of two additional con-
textual features—Temporality and Experiencer.
ConText performed with very high recall and pre-
cision when determining whether a condition was
negated, and demonstrated moderate to high per-
formance on the other features.



We performed an informal error analysis, which
not only isolates ConText’s errors but also points
out future research directions in contextual feature
identification.
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ConText’'s negation identification performed sub-
stantially better than NegEX’ s published results [9],
even though ConText is very similar to NegEx and
uses the same trigger terms. Severa possible ex-
planations exist for this boost in performance. First,
our study evaluated negation identification in ED
reports, whereas the referenced study on NegEx
applied to discharge summaries. Second, ConText
only applied to 55 clinical conditions, rather than
the large set of UMLS concepts in the NegEx
study. Third, the conditionsindexed by SySTR that
act as input to ConText are sometimes negated or
affirmed before ConText sees them. For some con-
ditions, SySTR addresses internal negation in a
word (e.g., “afebrile” is classified as Fever with the
Negation value negated). Also, SySTR assigns
Negation values to some conditions with numeric
values, such as negating Tachycardia from “pulse
rate 75.” Fourth, ConText does not use NegEX’'s
original scope of five words, but extends the scope
to the end of the sentence. It would be useful to
compare ConText's scope difference directly
against NegEx to determine which scope assign-
ment works better, but our results suggest the in-
creased scope may work well for ED reports.
ConText’s errors in assigning the Negation
value were equally distributed between FN's and
FP's (23 errors each). Some false negatives re-
sulted from missing trigger terms (e.g., “denying”).
Severa false negatives resulted from the interac-
tion between ConText and SySTR’s mapping rules.
For example, in the sentence “chest wall is without
tenderness,” SySTR maps the UMLS concepts for
“chest wall” and “tenderness’ to the condition
Chest Wall Tenderness. In such a case, the nega-
tion trigger term “without” is caught between the
two UMLS concepts. Therefore, RE1 does not
match, and ConText does not change the default
from affirmed. False positive negations resulted
from our not integrating the rule described in
NegEx that a concept preceded by a definite article
should not be negated [23] (e.g., “has not been on
steroids for his asthma’) and from descriptions in
the text whose Negation status is even difficult for
humans to determine, such as “no vomiting with-

Negation
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out having the cough” and “patient does not know
if she hasafever.”

5.2 Temporality

Historical. ConText identified historical condi-
tions with 67% sensitivity and 74% precision.
Identifying historical conditions appears simple on
the surface, but is a complex problem. The single
trigger term “history” is used for many of the his-
torical conditions, but the word “history” is arela
tive term that can indicate a history of years (asin
“history of COPD") or of only a few days (as in
“ENT: No history of nasal congestion”). The error
analysis showed that ConText is missing trigger
terms that act equivalently to the word “history”
such as “in the past” (“has not been on steroids in
the past for his asthma’) and “pre-existing” (“pre-
existing shortness of breath”).

Some conditions that the reference standard
classified as historical had no explicit trigger in the
text, as in the sentence “When he sits up in bed, he
develops pain in the chest.” It may be useful to
implement rules involving verb tense for these
Cases.

The most difficult cases for ConText were those
with temporal measurement triggers. The few tem-
pora quantifier patterns we used were fairly suc-
cessful, but the test set contained multiple varia-
tions on those quantifiers, and a new dataset would
probably introduce even more variations. For in-
stance, ConText falsely classified Non-pleuritic
Chest Pain as historical in “awoken at approxi-
mately 2:45 with chest pressure,” because Con-
Text'stemporal quantifiers do not account for time
of the day. Also, even though ConText’'s temporal
guantifiers include the pattern “last x weeks,” x
represents a digit and thus didn’t match the phrase
“intermittent cough the last couple of weeks.”

We were hoping that identifying historical con-
ditions would not require detailed modeling of
temporal information, but our results suggest oth-
erwise. We will explore the temporal categories
derived by Hripcsak and Zhou [13] for discharge
summaries to expand ConText's ability to identify
temporal measurement triggers.

Hypothetical. ConText demonstrated 83% recall
and 94% precision when classifying a condition as
hypothetical rather than recent. Again, missing
trigger terms (e.g., “returning” and “look out for”)
and termination terms (e.g., “diagnosis’) caused
errors. The chief cause of false negatives was ter-




minating the scope of a trigger term too early. For
instance, in the sentence “She knows to return to
the ED if she has angina type chest discomfort
which was discussed with her, shortness of breath,
and periphera edema’ the scope of the trigger “re-
turn” was terminated by “her.” The mgjor limita-
tion of regular expressions is evident in this exam-
plein which “her” is part of arelative clause modi-
fying “chest discomfort,” not “shortness of breath.”

53 Experiencer

ConText's ability to identify an experiencer other
than the patient suffered from low prevalence. In
the test set of 90 reports, only 8 of the 1620 condi-
tions were experienced by someone other than the
patient, and ConText missed half of them. Two of
the false negatives came from not including the
trigger term “family history.” A more difficult er-
ror to address is recognizing that bronchitis is ex-
perienced by someone other than the patient in
“...due to the type of bronchitis that is currently
being seen in the community.” ConText made no
false positive classifications for Experiencer.
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Some of ConText's errors can be resolved by refin-
ing the trigger and termination terms. However,
many of the erroneous classifications are due to
complex syntax and semantics that cannot be han-
dled by simple regular expressions. Determining
the scope of trigger terms in sentences with relative
clauses and coordinated conjunctions is especially
difficult. We believe ConText's approach involv-
ing trigger terms, scope, and termination terms is
till a reasonable model for this problem and hope
to improve ConText’ s ability to identify scope with
syntactic information.

A main limitation of our evaluation was the ref-
erence standard, which was comprised of a single
physician. We used NLP-assisted review to in-
crease the identification of clinical conditions and
decrease noise in his classifications. It is possible
that the NLP-assisted review biased the reference
standard toward ConText’s classifications, but the
majority of changes made after NLP-assisted re-
view involved indexing the clinical conditions,
rather than changing the values of the contextual
features. Moreover, most of the changes to contex-
tual feature values involved a change in our anno-
tation schema after the physician had completed
his first round of annotations. Specifically, we al-

Limitations and Future Work
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lowed the physician to use the entire report to de-
termine whether a condition was historical, which
caused him to mark recent exacerbations of his-
torical conditions as historical. A second physician
isin the process of annotating the test set. The two
physicians will come to consensus on their classi-
fications in generating a new reference standard.

How good contextual feature identification has
to be depends largely on the intended application.
We tested SySTR’s ability to determine whether
the 55 clinical conditions were acute, chronic, or
absent on a subset of 30 test reports [24]. SySTR
made 51 classification errors, 22 of which were
due to ConText's mistakes. In spite of the errors,
SySTR demonstrated a kappa of 0.85 when com-
pared to physician classifications, suggesting that
because of redundancy in clinical reports, Con-
Text's mistakes may not have a substantial adverse
effect on SySTR’sfinal output.

55 Conclusion

We evaluated a regular-expression-based algorithm
for determining the status of three contextual fea-
tures in ED reports and found that ConText per-
formed very well at identifying negated conditions,
fairly well at determining whether conditions were
hypothetical or historical, and moderately well at
determining whether a condition was experienced
by someone other than the patient. ConText’s algo-
rithm is based on the negation algorithm NegEx,
which is a frequently applied negation algorithm in
biomedical informatics applications due to its sim-
plicity, availability, and generalizability to various
NLP applications. Simple algorithms for identify-
ing contextual features of indexed conditions is
important in medical language processing for im-
proving the accuracy of information retrieval and
extraction applications and for providing a baseline
comparison for more sophisticated algorithms.
ConText accepts any indexed clinical conditions as
input and thus may be applicable to other NLP ap-
plications. We do not know how well ConText will
perform on other report types, but see similar con-
textual features in discharge summaries, progress
notes, and history and physical exams. Currently,
ConText only identifies three contextual features,
but we hope to extend the algorithm to other fea
tures in the future, such as whether a condition is
mentioned as a radiology finding or as a diagnosis
(e.g., Pneumonia).



Over and above negation identification, which
can be addressed by NegEx or other agorithms,
ConText could be useful for avariety of NLP tasks,
including flagging historical findings and eliminat-
ing indexed conditions that are hypothetical or
were not experienced by the patient. Ability to
modify indexed conditions based on their contex-
tual features can potentially improve precision in
biosurveillance, real-time decision support, and
information retrieval.
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Abstract

The vast number of published medical doc-
uments is considered a vital source for rela-
tionship discovery. This paper presents a sta-
tistical unsupervised system, called BioNoc-
ulars, for extracting protein-protein interac-
tions from biomedical text. BioNoculars
uses graph-based mutual reinforcement to
make use of redundancy in data to construct
extraction patterns in a domain independent
fashion. The system was tested using MED-
LINE abstract for which the protein-protein
interactions that they contain are listed in the
database of interacting proteins and protein-
protein interactions (DIPPPI). The system
reports an F-Measure of 0.55 on test MED-
LINE abstracts.

Introduction

than 5,000 medical journals to MEDLINE every
year, the number of articles containing information
that is pertinent to users needs has grown consider-
ably. These 5,000 journals constitute only a subset
of the published biomedical research. Further, med-
ical articles often contain redundant information and
only subsections of articles are typically of direct in-
terest to researchers. More advanced information
extraction tools have been developed to effectively
distill medical articles to produce key pieces of in-
formation from articles while attempting to elimi-
nate redundancy. These tools have focused on areas
such as protein-protein interaction, gene-disease re-
lationship, and chemical-protein interaction (Chun
et al., 2006). Many of these tools have been used
to extract key pieces of information from MED-
LINE. Most of the reported information extraction
approaches use sets of handcrafted rules in conjunc-
tion with manually curated dictionaries and ontolo-
gies.

d This paper presents a fully unsupervised statisti-
&gl technique to discover protein-protein interaction
Hased on automatically discoverable repeating pat-
Ifrns in text that describe relationships. The paper

the daunting prospect of reading through hundreds organized as follows: section 2 surveys related

or possibly thousands of research articles to sul
vey advances in areas of interest. Much work ha
been done to ease access and discovery of articl%

ork; section 3 describes BioNoculars; Section 4
(gescribes the employed experimental setup; section
geports and comments on experimental results; and

that match the interest of researchers via the uggctlon 6 concludes the paper.

of search engines such as PubMed, which provid

Background

search capabilities over MEDLINE, a collection of
more than 15 million journal paper abstracts mainThe background will focus primarily on the tagging

tained by the National Library of Medicine (NLM). of Biomedical Named Entities (BNE), such genes,
However, with the addition of abstracts from moregene-products, proteins, and chemicals and the Ex-

&9
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traction of protein-protein interactions from text. ~ pheme chunking to properly determine protein name
_ boundary. They used the GENIA corpus for training
2.1 BNE Tagging and testing and obtained an F-measure score of 0.70
Concerning BNE tagging, the most common apfor protein name tagging.
proaches are based on hand-crafted rules, statisti- (Collier et al., 2000) used a machine learning ap-
cal classifiers, or a hybrid of both (usually in con-proach to protein name extraction based on a linear
junction with dictionaries of BNE). Rule-based sys-interpolation Hidden Markov Model (HMM) trained
tems (Fukuda et al., 1998; Hanisch et al., 2003; Yassing bi-grams. They focused on finding the most
mamoto et al., 2003) that use dictionaries tend tlkely protein sequence classes (C) for a given se-
exhibit high precision in tagging named entities butjuence of words (W), by maximizing the probabil-
generally with lower tagging recall. They tend toity of C given W, P(C—W). Unlike traditional dic-
lag the latest published research and are sensititienary based methods, the approach uses no manu-
to the expression of the named entities. Dictionarally crafted patterns. However, their approach may
ies of BNE are typically laborious and expensive tanisidentify term boundaries for phrases containing
build, and they are dependant on nomenclatures apdtentially ambiguous local structures such as co-
specific species. Statistical approaches (Collier erdination and parenthesis. They reported an F-
al., 2000; Kazama et al., 2002; Settles, 2004) typneasure score of 0.73 for different mixtures of mod-
ically improve recall at the expense of precisiongls tested on 20 abstracts.
but are more readily retargetable for new nomen- (Kazama et al., 2002) proposed a machine learn-
clatures and organisms. Hybrid systems (Tanahbrg approach to BNE tagging based on support vec-
and Wilbur, 2002; Mika and Rost, 2004) attempt tdor machines (SVM), which was trained on the GE-
take advantage of both approaches. Although theddA corpus. Their preliminary results of the system
approaches tend to generate acceptable recogniti@mowed that the SVM with the polynomial kernel
they are heavily dependent on the type of data diunction outperforms techniques of Maximum En-
which they are trained. tropy based systems.

(Fukuda et al., 1998) proposed a rule-based pro- Yet another BNE tagging system is ABNER (Set-
tein name extraction system called PROPER (PRQles, 2005), which utilizes machine learning, namely
tein Proper-noun phrase Extracting Rules) systenepnditional random fields, with a variation of or-
which utilizes a set of rules based on the surfacthographic and contextual features and no seman-
form of text in conjunction with a Part-Of-Speechtic or syntactic features. ABNER achieves an F-
(POS) tagging to identify what looks like a proteinmeasure score of 0.71 on the NLPA 2004 shared
without referring to any specific BNE dictionary. task dataset corpus and 0.70 on the BioCreative cor-
They reported a 94.7% precision and a 98.84% rgpus.and scored an F1-measure of 51.8set.
call for the identification of BNEs. The results that (Tanabe and Wilbur, 2002) used a combination
they achieved seem to be too specific to their traimef statistical and knowledge-based strategies, which
ing and test sets. utilized automatically generated rules from transfor-

(Hanisch et al., 2003) proposed a rule-basethation based POS tagging and other generated rules
protein and gene name extraction system callefdlom morphological clues, low frequency trigrams,
ProMiner, which is based on the construction of @nd indicator terms. A key step in their method is
general-purpose dictionary along with different dicthe extraction of multi-word gene and protein names
tionaries of synonyms and an automatic curatiothat are dominant in the corpus but inaccessible to
procedure based on a simple token model of proteithe POS tagger. The advantage of such an approach
names. Results showed that their system achievedsathat it is independent of any biomedical domain.
0.80 F-measure score in the name extraction task dfowever, it can miss single word gene names that
the BioCreative test set (BioCreative). do not occur in contextual gene theme terms. It

(Yamamoto et al., 2003) proposed the use of mokan also incorrectly tag compound gene names, plas-
phological analysis to improve protein name tagmids, and phages.
ging. Their approach tags proteins based on mor- (Mika and Rost, 2004) developed NLProt, which
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combines the use of dictionaries, rules-based filtetsed a rule based named entity recognition module,
ing, and machine learning based on an SVM classwhich recognizes hamed entities via cascading finite
fier to tag protein names in MEDLINE. The NLProtstate automata. They reported a precision of 83-90%
system used rules for pre-filtering and the SVM foland 86-95% for the extraction of gene expression
classification, and it achieved a precision of 75% andnd phosphorylation regulatory information respec-
recall 76%. tively.
) ) ) (Leroy and Chen, 2005) used linguistic parsers

2.2 Relationship Extraction and Concept Spaces, which use a generic co-
As for the extraction of interactions, most efforts inoccurrence based technique that extracts relevant
extraction of biomedical interactions between entimedical phrases using a noun chunker. Their system
ties from text have focused on using rule-based apmployed UMLS (Humphreys and Lindberg, 1993),
proaches due to the familiarity of medical terms thaGO (Ashburner et al., 2000), and GENA (Koike and
tend to describe interactions. These approaches hal@kagi, 2004) to further improve extraction. Their
proven to be successful with notably good results. Imain purpose was entity identification and cross ref-
these approaches, most researchers attempted to deence to other databases to obtain more knowledge
fine an accurate set of rules to describe relationshigbout entities involved in the system.
types and patterns and to build ontologies and dic- Other extraction approaches such as the one re-
tionaries to be consulted in the extraction procesported on by (Cooper and Kershenbaum, 2005) uti-
These rules, ontologies, and dictionaries are typiized a large manually curated dictionary of many
cally domain specific and are often not generalizablpossible combinations of gene/protein hames and
to other problems. aliases from different databases and ontologies.

(Blaschke et al., 1999) reported a domain speFhey annotated their corpus using a dictionary-
cific approach for extracting protein-protein interacbased longest matching technique. In addition, they
tions from biomedical text based on a set of preused filtering with a maximum entropy based named
defined patterns and words describing interactiongntity recognizer in order to remove the false posi-
Later work attempted to automatically extract intertives that were generated from merging databases.
actions, which are referenced in the database of if-he problem with this approach is the resulting in-
teracting proteins (Xenarios et al., 2000), from theonsistencies from merging databases, which could
text mentioning the interactions (Blaschke and Vahurt the effectiveness of the system. They reported
lencia, 2001). They achieved surprisingly low recall recall of 87.1 % and a precision of 78.5% in the
(25%), which they attributed to problems in properlyrelationship extraction task.
identifying protein names in the text. Work by (Mack et al., 2004) used the Munich In-

(Koike et al., 2005) developed a system calledormation Center for Protein Sequences (MIPS) for
PRIME, which was used to extract biological func-entity identification. Their system was integrated in
tions of genes, proteins, and their families. Theithe IBM Unstructured Information Management Ar-
system used a shallow parser and sentence strugtitecture (UIMA) framework (Ferrucci and Lally,
ture analyzer. They extracted so-called ACTOR2004) for tokenization, identification of entities, and
OBJECT relationships from the shallow parsed serextraction of relations. Their approach was based on
tences using rule based sentence structure analysiscombination of computational linguistics, statis-
The identification of BNEs was done by consultingics, and domain specific rules to detect protein in-
the GENA gene name dictionary and family nameeractions. They reported a recall of 61% and a pre-
dictionary. In extracting the biological functions of cision of 97%.
genes and proteins, their system reported a recall of (Hao et al., 2005) developed an unsupervised ap-
64% and a precision of 94%. proach, which also uses patterns that were deduced

Saric et al. developed a system to extract gengsing minimum description lengths. They used pat-
expression regulatory information in yeast as weltern optimization techniques to enhance the patterns
as other regulatory mechanisms such phosphorylay introducing most common keywords that tend to
tion (Saric et al., 2004; Saric et al., 2006). Theyescribe interactions.
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(Jorg et. al., 2005) developed Ali Baba whichguage model is built on the tagged text (using tags
uses sequence alignments applied to sentences anty) and is used to construct weighted finite state
notated with interactions and part of speech tags.thachines. Paths with low cost (high language model
also uses finite state automata optimized with a gg@robabilities) are chosen to construct the initial set
netic algorithm in its approach. It then matches thef patterns; the intuition is that paths with low cost
generated patterns against arbitrary text to extract ifhigh probability) are frequent and could represent
teractions and their respective partners. The systepotential candidate patterns. The number of candi-
scored an F1-measure of 51.8% on the LLL'O5 evaldate initial patterns could be reduced significantly
uation set. by specifying the candidate types of entities of in-

The aforementioned systems used either rulderest. In the case of BioNoculars, the focus was
based approaches, which require manual interve@n relationships between BNEs of type PROTEIN.
tion from domain experts, or statistical approaches!he candidate patterns are then applied to the tagged
either supervised or semi-supervised, which also rétream to produce in-sentence relationship tuples.

quire manually curated training data. As for pattern induction, due to the duality in the
patterns and tuples relation, patterns and tuples are

3 BioNoculars represented by a bipartite graph as illustrated in Fig-
ure 1.

BioNoculars is a relationship extraction system that

based on a fully unsupervised technigque suggeste -/;\. l,/ ;‘\,l |/l:\'| ( ";'\_ I/";"\I

by (Hassan et al., 2006) to automatically extrac \_ A ' A ./ )/

protein-protein interaction from medical articles. It l [

can be retargeted to different domains such as prc [~ 'T ' I | T_ -| [T (1)

tein interactions in diseases. The only requiremer ™ ~— ~— / ./

is to compile domain specific taggers and dictionar-
ies, which would aid the system in performing theFigure 1: A bipartite graph representing patterns and
required task. tuples

The approach uses an unsupervised graph-based
mutual reinforcement, which depends on the con- Each pattern or tuple is represented by a node in
struction of generalized extraction patterns thathe graph. Edges represent matching between pat-
could match instances of relationships (Hassan @rns and tuples. The pattern induction problem can
al., 2006). Graph-based mutual reinforcement ise formulated as follows: Given a very large set of
similar to the idea of hubs and authorities in wellata D containing a large set of patterns P, which
pages depicted by the HITS algorithm (Kleinbergmatch a large set of tuples T, the problem is to iden-
1998). The basic idea behind the algorithm is thaify , which is the set of patterns that match the set
the importance of a page increases when more aifl the most correct tuple$. The intuition is that
more good pages link to it. The duality between patthe tuples matched by many different patterns tend
terns and extracted information (tuples) leads to the be correct and the patterns matching many differ-
fact that patterns could express different tuples, anght tuples tend to be good patterns. In other words,
tuples in turn could be expressed by different patBioNoculars attempts to choose from the large space
terns. Tuple in this context contains three elementsf patterns in the data the most informative, high-
namely two proteins and the type of interaction beest confidence patterns that could identify correct tu-
tween them. The proposed approach is composed giks; i.e. choosing the most authoritative patterns in
two main steps, namely initial pattern constructioranalogy with the hub-authority problem. The most
and then pattern induction. authoritative patterns can then be used for extracting

For pattern construction, the text is POS taggetklations from free text. The following pattern-tuple
and BNE tagged. The tags of Noun Phrases or spairs show how patterns can match tuples in the cor-
guences of nouns that constitute a BNE are removealis:
and replaced with a BNE tag. Then, an n-gram lan- (protein) (verb) (noun) (prep.) (protein)
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Cla4 induces phosphorylation of Cdc24 that can be later used to extract relations from any
(protein) (I-protein) (Verb) (prep.) (protein) document. All the MEDLINE abstracts were used
NS5A interacts with Cdk1 for pattern extraction except for 70 that were set

The proposed approach represents an unsupdgide for testing. There were no test documents in
vised technique for information extraction in generafhe training set. To build ground-truth, the test set
and particularly for relations extraction that requiregvas semi-manually POS and BNE tagged. They
no seed patterns or examp|es and achieves Signi‘ﬂ/.ere also annotated with the interactions that are
cant performance. Given enough domain text, theontained in the text. There was a condition that
extracted patterns can support many types of Seﬁ” the abstracts that are used for teSting must have
tences with different styles (such passive and activ@ntries in the Database of Interacting Proteins and
voice) and orderings (the interaction of X and Y vsProtein-Protein Interactions (DIPPPI), which is
X interacts with Y). a subset of the Database of Interacting Proteins

One of the critical prerequisites of the above (DIP) (Xenarios et al., 2000) restricted to proteins

mentioned approach is the use of a POS taggefF,Om yeast. DIPPPI lists the known protein-protein
which is tuned for biomedical text. and a BNE tag_interactions in the MEDLINE abstracts. There were

ger to properly identify BNEs. Both are critical for 297 protein-protein interqctions in the test set of 7Q
determining the types of relationships that are of in@Pstracts. One of the disadvantages of DIPPPI is
terest. For POS tagging, a decision tree based tagdBF‘“ the presence of interactions is |n_d|cated without
developed by (Schmid, 1994) was used in combihentioning their types or from which sentences
nation with a model. which was trained on a corihey were extracted. Although BioNoculars is able
rected/revised GENIA corpus provided by (Saric ef® 9uess the sentence from which an interaction was
al., 2004) and was reported to achieve 96.4% taggirfgracted and the type of interaction, this informa-
accuracy (Saric et al., 2006). This POS tagger wifilon was ignored when evaluating against DIPPPI.
be referred to as the Schmid tagger. For BNE tagunfortunately, there is no standard test set for the

ging, ABNER was used. The accuracy of ABNERProposed task, and most of the evaluation sets are
is approximately state of the art with precision andProprietary. The authors hope that others can benefit

recall of 74.5% and 65.9% respectively with training™OM their test set, which is freely available.

done using the BioCreative corpora (BioCreative). 1h€ abstracts used for pattern extraction were
Nonetheless we still face entity identification prob-POS tagged using the Schmid tagger and BNE tag-
lems such as missed identifications in the text whicBing was done using ABNER. The patterns were re-
in turn affects our results considerably. We do pestricted to only those with protein names. For extrac-
lieve if we use a better identification method , weion of interaction tuples, the test set was POS and

would yield better resullts. BNE tagged using the Schmid tagger and ABNER
respectively. A varying number of final patterns
4 Experimental Setup were then used to extract tuples from the test set and

the average recall and precision were computed. An-
Experiments aimed at extracting protein-proteirother setup was used in which the relationships were
interactions for Bakers yeast (Sacharomycefiltered using preset keywords for relationships such
Cerevesiae) to assess BioNoculars (Cherry et als inhibits, interacts, and activates to properly com-
1998). The experiments were performed usingare BioNoculars to systems in the literature that use
109,440 MEDLINE abstracts that contained thesuch keywords. The keywords were obtained from
varying names of the yeast, namely Sacharomycdise (Hakenberg et al., 2005) and (Temkin and Gilder,
cerevisiae, S. Cerevisiae, Bakers yeast, Brewe2903). One of the generated pattern-tuple pairs was
yeast and Budding yeast. MEDLINE abstractss follows:
typically summarize the important aspects of papers (PROTEIN) (Verb) (Conjunction) (PROTEIN)
possibly including protein-protein interactions if NS5A interacts with Cdk1
they are of relevance to the article. The goal was One consequence of tuple extraction is generation
to deduce the most appropriate extraction patterref redundant tuples, which contain the same enti-
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Pattern Count 30 59 78 103 147 192 205 217 Pattern Count 30 59 78 103 147 192 205 217
Recall 051 ] 070 | 076 | 0.81 | 0.84 | 0.89 [ 0.89 | 0.93 Recall 031 | 044 | 046 | 048 | 064 | 073 [ 074 | 0.78
Precision 047 | 042 | 043 | 035 | 0.30 | 0.26 [ 0.26 | 0.16 Precision 031 ] 036 | 035 | 034 | 039 | 035 [ 035 | 0.37
FMeasure 049 | 053 | 055 | 049 | 044 | 040 | 0.40 | 0.27 FMeasure 031 | 040 | 040 | 040 | 048 | 047 | 0.48 | 0.50

Table 1: Recall, Precision, and F-measure for extradable 2: Recall, Precision, and Recall for extraction
tion of tuples using a varying number of top ratedbf tuples using a varying number of top rated patters
patterns keyword filtering

ties and relations. Consequently, all protein aliasdew precision levels warrant thorough investigation.
and full text names were resolved to a unified nam- |n the second set of experiments, extracted tuples
ing scheme and the unified scheme was used to fgere filtered using preset keywords indicating inter-

place all variations of protein names in patterns. Alhctions. Table 2 and Figure 3 show the results of the
potential protein-protein interactions that BioNocu-experiments.

lars extracted were compared to those in the DIPPPI

databases.
0.90 020
. . 080 + _ 080
5 Resultsand Discussion oro | SN Lom
060 4 B L 0.60
For the first set of experiments, the experimente| .., 3 L L L es [
setup described above was used without modifici| ou | 0t Lo |7 raene

-

tion. Table 1 and Figure 2 report on the resulting| o» + 10
recall and precision when taking different numbe| °* m 1°®

010 + - 010

of highest rated patterns. The highest rated 217 pe| MR REIREINE
terns were divided on a linear scale into 8 cluster W s 78 103 M7 1@ 208 21
based on their relative weights.

000

Figure 3: Recall, Precision, and F-measure for tu-

100 0.8 ple extraction using a varying number of top patterns
0.90 11 doso . . .

- with keyword filterin
0.80 T +07 yw 9
070 1 o0
0.60 B Sy i 050 |==Recall . . .
050 L& et 0| precision The results show that filtering with keywords led
040 ' | ;% lomtvame]  to lower recall, but precision remained fairly steady
Z _ kN 020 as the number of patterns changed. Nonetheless, the
010 —‘ 1 W 0.10 best precision in Figure 3 is lower than the best pre-
000 e e e e e e oo cision in Figure 2 and the maximum F-measure for

this set of experiments is lower than the maximum
F-measure when no filtering was used. The BioNoc-
Figure 2: Recall, Precision, and F-measure for tuplglars system with no filtering can be advantageous
extraction using a varying number of top patterns for recall oriented applications. The use of no filter-
ing suggests that some interaction may be expressed
As expected, Figure 2 clearly shows an inversé more generic forms or patterns. An intermediate
relationship between precision and recall. This i§olution would be to increase the size of the list of
because using more extraction patterns yields mof8ost commonly occurring keywords to filter the ex-
tuples thus increasing recall at the expense of préacted tuples further.
cision. The F-measure (wit® = 1) peeks at 78  Currently, ABNER, which is used by the system,
patterns, which seems to provide the best scofeas a precision of 75.4% and a recall of 65.9%. Per-
given that precision and recall are equally importanthaps improved tagging may improve the extraction
However, the technique seems to favor recall, reacleffectiveness.
ing a recall of 93% when using all 217 patterns. The The effectiveness of BioNoculars needs to be
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thoroughly compared to existing systems via the usglaschke C., M. A. Andrade, C. Ouzounis, and A. Valen-
of standard test sets, which are not readily available. C'a-t . 19?9- A”Stomatt.']f E%WE:C“F()mtOf B'F?'Otglfifi'I |ft1f0f'

. mation from Scientiic lext. rotein-Frotein interac-
Most of .preV|oust reported work has been tes'_[ed tions. ISMB99, pp. 60-67.
on proprietary test sets or sets that are not publicly

available. The creation of standard publicly availBjaschke, C. and A. Valencia. 200Can Bibliographic

able test set can prompt research in this area. Pointers for Known Biological Protein Interactions
as a Case Study.Comparative and Functional Ge-
6 Conclusion and Future Work nomics,vol. 2: 196-206.

This paper presented a System for extractingherry, J. M., C. Adler, C. Ball, S. A. Chervitz, S. S.

i P ; ; ; Dwight, E. T. Hester, Y. Jia, G. Juvik, T. Roe, M.
protein-protein interaction from biomedical text call Schroeder, S. Weng, and D. Botstein. 199BGD:

BioNoculars.  BioNoculars uses a statistical un- gaccharomyces Genome Databasacleic Acids Re-
supervised learning algorithm, which is based on search, 26, 73-9.

graph mutual reinforcement and data redundancy

to extract extraction patterns. The system is réhun. H. W., Y. Tsuruka, J. D. Kim, R. Shiba, N. Nagata,
call _orienteql and is gble to properly extract 93% of Bist:?ékk gggoﬁgﬂsourﬂ'Mé(g)gﬁét{?;ﬁg%%fmi?: g-ic-
the interaction mentions from test MEDLINE ab- tjonaries and Machine LearningPacific Symposium
stracts. Nonetheless, the systems precision remainson Biocomputing 11:4-15.

low. Precision can be enhanced by using keywords

ha ; : i~ inCollier, N., C. Nobata, and J. Tsujii. 200@Extracting
that describe interactions to filter to the resulting in the Names of Genes and Gene Products with a Hidden

teraction, but this would be at thelexpense of recall. \;orkov Model.COLING, 2000, pp. 201207.

As for future work, more attention should be fo-
cused on improving extraction patterns. CurrentlyCooper, J. and A. Kershenbaum. 200Biscovery of
the system focuses on extracting interactions be- Protein-protein interactions using a combination of
tween exactly two proteins. Some of the issues that :'B?giﬂf;;fﬁgzitft'cal and graphical informatiorBMC
need to be handled include complex relationship (X '
and Y interact with A and B), linguistic variabil- DIPPPI http:/iwww2.informatik.hu-berlin.de/ haken-
ity (passive vs. active voice; presence of superflu- ber/corpora. 2006.
ous words such as modifiers, adjectives, and prepo- _ _ ,
sitional phrases), protein lists (W interacts with x,/€"ucci. D. and A. Lally. 2004.UIMA: an architec-

. . L tural approach to unstructured information processing

Y, and Z), nested interactions (W, which interacts i, the corporate research environmerfiatural Lan-
with X, also interacts with Y). Resolving these is- guage Engineering 10, No. 3-4, 327-348.
sues would require an investigation of how patterns _
can be generalized in automatic or semi-automatfcukuda, K., T. Tsunoda, A. Tamura, and T. Takagi. 1998.
wavs. Further. the identification of proteins in the Toward information extraction: identifying protein

yS. X ! X P X names from biological paper®SB, pages 705716.
text requires greater attention. Also, the BioNocu-
lars approach can be combined with other rule-basadbkenberg, J., C. Plake, U. Leser, H. Kirsch, and D.

approaches to produce better results. Rebholz-Schuhmann.  2005.LLL'05 Challenge:

Genic Interaction Extraction with Alignments and Fi-
nite State AutomateProc Learning Language in Logic
Workshop (LLL'0O5) at ICML 2005, pp. 38-45. Bonn,
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Abstract

This paper reports on a shared task involving
the assignment of ICD-9-CM codes to radi-
ology reports. Two features distinguished
this task from previous shared tasks in the
biomedical domain. One is that it resulted in
the first freely distributable corpus of fully
anonymized clinical text. This resource is
permanently available and will (we hope) fa-
cilitate future research. The other key fea-
ture of the task is that it required catego-
rization with respect to a large and commer-
cially significant set of labels. The number
of participants was larger than in any pre-
vious biomedical challenge task. We de-
scribe the data production process and the
evaluation measures, and give a preliminary
analysis of the results. Many systems per-
formed at levels approaching the inter-coder
agreement, suggesting that human-like per-
formance on this task is within the reach of
currently available technologies.

Introduction

guage is known to exhibit unique sublanguage char-
acteristics firschman and Sager, 198Eriedman

et al., 2002 Stetson et al., 2002(e.g. verbless
sentences, domain-specific punctuation semantics,
and unusual metonomies) that may limit the perfor-
mance of general NLP tools. More importantly, the
confidentiality requirements take time and effort to
address, so it is not surprising that much work in
the biomedical domain has focused on edited jour-
nal articles (and the genomics domain) rather than
clinical free text in medical records. The fact re-
mains, however, that the automation of healthcare
workflows can bring important benefits to treatment
(Hurtado et al., 2001and reduce administrative bur-
den, and that free text is a critical component of
these workflows. There are economic motivations
for the task, as well. The cost of adding labels like
ICD-9-CM to clinical free text and the cost of re-
pairing associated errors is approximately $25 bil-
lion per year in the USl{@ang, 2007. For these
(and many other) reasons, there have been consis-
tent attempts to overcome the obstacles which hin-
der the processing of clinical textJguner et al.,
2006. This paper discusses one such attempt—
The 2007 Computational Medicine Challenge, here-

Clinical free text (primary data about patients, as Opa_lfter referred to as “the Challenge”. There were two

posed to journal articles) poses significant technicda!n reasons for conducting the Challenge. One

challenges for natural language processing (NLP hto fzc:lltalfe_ad\{[zncis n n:jmmlgdcllnlc_al f[\ee tet>)<t;
In addition, there are ethical and social deman ared tasks in other biomedical domains have been

when working with such data, which is intended forshown to drive progress in the field in multiple ways

use by trained medical practitioners who appreciat((§ee Hlirschman and Blaschke, 200Blersh et al.,
2006Hersh et al., 2006for a

the constraints that patient confidentiality imposeé005 Uzuner et al.,

State-of-the-art NLP systems handle carefully editefPMPrehensive review of biomedical challenge tasks
The other is a ground-

text better than fragmentary notes, and clinical Ian"ZmOI their contributions).
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breaking distribution of useful, reusable, carefullydifferent sense that does not. For example, in a clin-
anonymized clinical data to the research commtueal setting FT can be an abbreviation féull-term,
nity, whose data use agreement is simply to cite thert (as inFort Bragg), feet foot, field test full-time
source. The remaining sections of this paper der family therapy. Fort Braggbeing a place name,
scribe how the data were prepared, the methods fand a possible component of an address, could indi-
scoring, preliminary results [to be updated if subrectly lead to identification of the patient. Until such
mission is accepted—results are currently still undesccurrences are disambiguated, it is not possible to
analysis], and some lessons learned. be certain that other steps to anonymize data are ad-
equate. To resolve the relevant ambiguities found in
2 Corpus collection and coding process this free text, we relied on previous efforts that used
expert input to develop clinical disambiguation rules
Supervised methods for machine learning requirgrestian et al., 2004
training data. Yet, due to confidentiality require- Anonymization To assure patient privacy, clin-
ments, spotty electronic availability, and variance ifical text that is used for non-clinical reasons must
recording standards, the requisite clinical trainingge anonymized. However, to be maximally useful
data are difficult to obtain. One goal of the Chal-for machine-learning, this must be done in a par-
lenge was to create a publicly available "gold stanticular way. Replacing personal names with some
dard” that could serve as the seed for a larger, opefinspecific value such as "*” would lose potentially
source clinical corpus. For this we used the fO”OWUsefu| information. Our goa| is to rep|ace the sensi-
ing guiding principles: individual identity must be tjve fields withlike values that obscure the identity
expunged to meet United States HIPAA standardsf the individual Cho et al., 200 We found that
(U.S. Health, 200pand approved for release by thethe amount of sensitive information routinely found
local Institutional Review Board (IRB); the samplejn unstructured free text data is limited. In our case,
must represent problems that medical records codeffese data included patient and physician names and
actually face; the sample must have enough data fgpmetimes dates or geographic locations, but little or
machine-learning-based systems to do well; and thg other sensitive information turned up in the rele-
sample must include proportionate representatioR@nt database fields. Using our internally developed
of very low-frequency classes. encryption broker software, we replaced all female
Data for the corpus were collected from thenames with “Jane”, all male names with "John”, and
Cincinnati Children’s Hospital Medical Center’sall surnames with "Johnson”. Dates were randomly
(CCHMC) Department of Radiology. CCHMC's shifted.
Institutional Review Board approved release of the Manual Inspection Once the data were disam-
data. Sampling of all outpatient chest x-ray and rebiguated and anonymized, they were manually re-
nal procedures for a one-year period was done ugiewed for the presence of any Protected Health In-
ing a bootstrap method\alters, 2004 These data formation (PHI). If a specific token was perceived to
are among those most commonly used, and are deotentially violate PHI regulations, the entire record
signed to provide enough codes to cover a substawas deleted from the dataset. In some case, how-
tial proportion of pediatric radiology activity. Ex- ever, a general geographic area was changed and
punging patient identity to meet HIPAA standardsot deleted. For example if the data read "patient
included three steps: disambiguation, anonymizaived near Mr. Roger’s neighborhood” it would be
tion, and data scrubbingPéstian et al., 2005 deleted, because it may be traceable. On the other
Ambiguity and AnonymizationNot surprisingly, hand, if the data read "patient was from Cincinnati”
some degree of disambiguation is needed to cariiymay have been changed to read "patient was from
out effective anonymizationUzuner et al., 2006 the Covington” After this process, a corpus of 2,216
Sibanda and Uzuner, 2006 he reason is that clini- records was obtained (See Table 2 for details).
cal text is dense with medical jargon, abbreviations, ICD-9-CM Assignment A radiology report has
and acronyms, many of which turn out to be ambigumultiple components. Two parts in particular are
ous between a sense that needs anonymization andssential for the assignment of ICD-9-CM codes:
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clinical history—provided by an ordering physician overall effect of the majority method is to create a
before a radiological procedure, aimdpressior— coding that shares many statistical properties with
reported by a radiologist after the procedure. In ththe originals, except that it reduces the effect of the
case of radiology reports, ICD-9-CM codes serve asnnotators’ individual idiosyncrasies. The majority
justification to have a certain procedure performedannotation is illustrated in Table 1.
There are official guidelines for radiology ICD-9-Our evaluation strategy makes the simplistic as-
CM coding Moisio, 200Q. These guidelines note sumption that the majority annotation is a true gold
that every disease code requires a minimum nunatandard and a worthwhile target for emulation. This
ber of digits before reimbursement will occur; thats debatable, and is discussed below, but for the sake
a definite diagnosis should always be coded whesf definiteness we simply stipulate that submissions
possible; that an uncertain diagnosis should neveyill be compared against the majority annotation,
be coded; and that symptoms must never be code@d that the best possible performance is to exactly
when a definite diagnosis is available. Particulateplicate said majority annotation.
hospitals and insurance companies typically aug-
ment these principles with more specific interna  Evaluation
guidelines and practices for coding. For these rea-
sons of policy, and because of natural variation iMicro- and macro-averagingAlthough we rank
human judgment, it is not uncommon for multiplesystems for purposes of determining the top three
annotators to assign different codes to the same teperformers on the basis of micro-averaged F1, we
Understanding the sources of this variation is imporeport a variety of performance data, including the
tant; so too is the need to create a definite gold stamicro-average, macro-average, and a cost-sensitive
dard for use in the challenge. To do so, data weraeasure of loss. Jackson and Moulinier comment
annotated by the coding staff of CCHMC and twdfor general text classification) that: “No agree-
independent coding companies: COMPANY Y andnent has been reached...on whether one should pre-
COMPANY Z. fer micro- or macro-averages in reporting results.
Majority annotation A single gold standard was Macro-averaging may be preferred if a classification
created from these three sets of annotations. Thesgstem is required to perform consistently across all
was no reason to adopt aaypriori preference for classes regardless of how densely populated these
one annotator over another, so the democratic pringwe. On the other hand, micro-averaging may be
ple of assigning a majority annotation was used. Thereferred if the density of a class reflects its impor-
majority annotation consists of those codes assignéance in the end-user systendagckson and Moulin-
to the document by two or more of the annotatorder, 2002:160-161. For the present medical ap-
There are, however, several possible problems witdlication, we are more interested in the number of
this approach. For example, it could be that the ma-atients whose cases are correctly documented and
jority annotation will be empty. This will be rare billed than in ensuring good coverage over the full
(126 records out of 2,216 in our case), because fiange of diagnostic codes. We therefore emphasize
only happens when the codes assigned by the thrte micro-average.
annotators form disjoint sets. In most hospital sys- A cost-sensitive accuracy measureWhile F-
tems, including our own, the coders are required tmeasure is well-established as a method for ranking,
indicate a primary code. By convention, the primaryhere are reasons for wanting to augment this with
code is listed as the record’s first code, and has ancost-sensitive measure. An approach that allows
especially strong impact on the billing process. Fopenalties for over-coding (a false positive) and
simplicity’s sake, the majority annotation process igunder-coding (a false negative) to be manipulated
nores the distinction between primary and secondahas important implications. The penalty for under-
codes. There is space for a better solution here, bobding is simple—the hospital loses the amount of
we have not seriously explored it. We have, howrevenue that it would have earned if it had assigned
ever, conducted an analysis of agreement statistittee code. The regulations under which coding is
(not further discussed here) that suggests that tldene enforce an automatic over-coding penalty of
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Table 1: Majority Annotation

Hospital Company Y | Company Z Majority
Document 1 AB BC AB AB
Document 2 BC ABD CDE BCD
Document 3 EF EF E EF
Document4 | ABEF ACEF CDEF ACEF

three times what is earned from the erroneous codehere the second-ranked assigns 1232, and the cost-
with the additional risk of possible prosecutionsensitive measure rewards this conservatism in as-
for fraud. This motivates a generalized version o$igning labels by reversing the ranking of the two
Jaccard’s similarity metricGower and Legendre, systems. In either case, the difference between the
1986, which was introduced by Boutell, Shen, Luosystems is small (0.86% difference in F-measure,
and Brown Boutell et al., 2008 0.53% difference in the cost-sensitive measure).
Suppose thaY’, is the set of correct labels for a test
set andP, is the set of labels predicted by someq The Data
participating system. Defing, = P, — Y, and
M, =Y, — P, ,i.e. F, is the set of false positives, We selected for the challenge a subset of the com-
and}M,. is the set of missed labels or false negativeprehensive data set described above. The subset was
The score is given by created by stratified sampling, such that it contains
o 20% of the documents in each category. Thus, the
BIM,| + 1| F| . . ! .
- M) (1) proportion Qf categories in th_e sample is the same as
the proportion of categories in the full data set. We
As noted in Boutell et al., 2008 if 3 = v = 1this included in the initial sample only those categories
formula reduces to the simpler case of to which 100 or more documents from the compre-
o hensive data set were assigned. After the process
Y, N Pyl . . . .
— ) (2) summarized in Table 2, the data were divided into
[Ya U Pl two partitions: a training set with 978 documents,
The discussion inRoutell et al., 2008 points out and a testing set with 976. Forty-five ICD-9-CM
that constraints are necessary@and~ to ensure labels (e.g 780.6) are observed in these data sets.
that the inner term of the expression is non-negativéhese labels form 94 distinct combinations (e.g. the
We do not understand the way that they formulateombination 780.6, 786.2). We required that any
these constraints, but note that non-negativity will beombination have at least two exemplars in the data,
ensured ifd < 8 < 1and0 <~ < 1. Since over- and we split each combination between the train-
coding is three times as bad as undercoding, we us® and the test sets. So, there may be labels and
~=1.0, 6 = 0.33. Varying the value ofx would combinations of labels that occur only one time in
affect the range of the scores, but does not alter thike training data, but participants can be sure that
rankings of individual systems. We therefore usedo combination will occur in the test data that has
a = 1. This measure does not represent the posot previously occurred at least once in the train-
sibility of prosecution for fraud, because the costing data. Our policy here has the unintended con-
involved are incommensurate with the ones that aequence that any combination that appears exactly
represented. With these parameter settings, the costice in the training data is highly likely to appear
sensitive measure produces rankings that differ coexactly once in the test data. This gives unnecessary
siderably from those produced by macro-averagddformation to the participants. In future challenges
balanced F-measure. For example, we shall see thva¢ will drop the requirement for two occurrences in
the system ranked third in the competition by macrathe data, but ensure that single-occurrence combina-
averaged F-measure assigns a total of 1167 labelgns are allocated to the training set rather than the

score(Py) = (1

score(Py) = (1

100



test set. This maintains the guarantee that there will
be no unseen combinations in the test data. The full
data set may be downloaded from the official chal-
lenge web-site.

Figure 1. Scatter plot of evaluation measures

5 Results

Notice of the Challenge was distributed using elec-

tronic mailing lists supplied by the Association of

Computational Linguistics, IEEE Computer Intelli-

gence and Data Mining, and American Medical In-

formatics Association’s Natural Language Process-

ing special interest group. Interested participants

were asked to register at the official challenge weterences between the systems performing at F=0.70
site. Registration began February 1, 2007 and end®é higher. Differences between the top system and a
February 28, 2007. Approximately 150 individu-System with a microaveraged F-measure of 0.66 do
als registered from 22 countries and six continent§0me out significant on this measure.

Upon completing registration, an automated e-mailVe have also calculated (Table 3) the agreement
was sent with the location of the training data. Origures for the three individual annotations that
March 1, 2007 participants received notice of thevent into the majority gold standard. We see
location of the testing data. Participants were erthat CCHMC outranks COMPANY Y on the cost-
couraged to use the data for other purposes as losgnsitive measure, but the reverse is true for micro-
as it was non-commercial and the appropriate citand macro-averaged F1, with the agreement be-
tion was made. There were no other data use réween the hospital and the gold standard being espe-
strictions. Participants had until March 18, 200%ially low for the macro-averaged version. To under-
to submit their results and an explanation of theistand these figures, it is necessary to recall that the
model. Approximately 33% (50) of the partici- gold standard is a majority annotation that is formed
pants submitted results. During the course of thigom the the three component annotations. It appears
Challenge participants asked a range of questiorthat for rare codes, which have a disproportionate
These were posted to the official challenge web-siteffect on the macro-averaged F, the majority anno-
- www.computationalmedicine.org/challenge. tation is dominated by cases where company Y and
The figure below is a scatterplot relating microcompany Z assign the same code, one that CCHMC
averaged F1 to the cost-sensitive measure describ@id not assign.

above. Each point represents a system. The tophe agreement figures are comparable to those of
performing systems achieved 0.8908, the minimurthe best automatic systems. If submitted to the
was 0.1541, and the mean was 0.7670, with a SBbmpetition, the components of the majority anno-
of 0.1340. There are 21 systems with a microtation would not have outranked the best systems,
averaged F1 between 0.81 and 0.90. Another l&ven though the components contributed to the ma-
have F'1 > 0.70 . Itis noticeable that the systemsjority opinion. It is tempting to conclude that the
are not ranked identically by the cost-sensitive andutomated systems are close to human-level perfor-
the micro-averaged measure, but the differences aftance. Recall, however, that while the hospital and
small in each case. the companies did not have the luxury of exposure
A preliminary screening using a two-factor ANOVA to the majority annotation, the systems did have that
with system identity and diagnostic code as prediaccess, which allowed them to explicitly model the
tive factors for balanced F-measure revealed a sigroperties of that majority annotation. A more mod-
nificant main effect of both system and code. Pairerate conclusion is that the hospital and the compa-
wise t-tests using Holm’s correction for multiplenies might be able to improve (or at least adjust)
comparisons revealed no statistically significant diftheir annotation practices by studying the majority
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Table 2: Characteristics of the data set through the development process.

Step Removed | Total documents
One-year collection of documents 20,275
20 percent sample of one-year collection 4,055
Manual inspection for anonymization problems 1,839 2,216
Removal of records with no majority code 126 2,090
Removal of records with a code occurring only once 136 1,954

Table 3: Comparison of human annotators against majority.

Annotator Cost-sensitive | Micro-averaged F1 | Macro-averaged F1
HOSPITAL 0.9056 0.8264 0.6124
COMPANY Y 0.8997 0.8963 0.8973
COMPANY Z 0.8621 0.8454 0.8829
annotation and adapting as appropriate. better systems frequently mentioned “hypernyms”
or “synonyms,” and were apparently doing signifi-
6 Discussion cant amounts of symbolic processing. Two of the

o top three had machine-learning components, while
Compared to other recent text classification shargge of the top three used purely symbolic methods.

tasks in the biomedical domaibl¢uner et al., 2006 The most common approach seems to be thought-
Hersh et al., 2004Hersh et al., 2005 this task re- ¢, and medically-informed feature engineering fol-

quired categorization with respect to a set of labelg)oq by some variety of machine learning. The

more than an order .of_magnituo.Ie Iarge_r than prev'tbp-performing system used C4.5, suggesting that
ous evaluations. This increase in the size of the Sgke of the latest algorithms is not a pre-requisite for
of labels is an important step forward for the field—,ccess. SVMs and related large-margin approaches
systems that perform well on smaller sets of catgp machine learning were strongly represented, but

gories do not necessarily perform well with largefyig not seem to be reliably predictive of high rank-
sets of categorieséckson and Moulinier, 2002so ing.

the data set will allow for more thorough text cat-

e_gorigation system evalua_tions than have_ be_en P91  Observations on running the task and the
sible in the past. Another important contribution of
the work reported here may be the distribution of
the data—the first fully distributable, freely usableThe most frequently viewed question of the FAQ
data set of clinical text. The high number of partici-was related to a script to calculate the evaluation
pants and final submissions was a pleasant surprisgore. This was supplied both as a downloadable
we attribute this, among other things, to the fact thaicript and as an interactive web-page with a form for
this was an applied challenge, that real data westbmission. In retrospect, we realize that we had not
supplied, and that participants were free to use the#igly thought through what would happen as people
data in other venues. began to use this script. If we run a similar contest
Participants utilized a diverse range of approache# the future, we will be better prepared for the con-
These system descriptions are based on brief cortsion that this can cause.

ments entered into the submission box, and are oB-novel aspect of this task was that although we only
viously subject to revision. The three highest scorscored a single run on the test data, we allowed par-
ers all mentioned “negation,” all seemed to be ugicipants to submit their “final” run up to 10 times,
ing the structure of UMLS in a serious way. Theand to see their score each time. Note that although

evaluation
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Abstract

This paper describes the application of an
ensemble of indexing and classification
systems, which have been shown to be suc-
cessful in information retrieval and classi-
fication of medical literature, to a new task
of assigning ICD-9-CM codes to the clini-
cal history and impression sections of radi-
ology reports. The basic methods used are:
a modification of the NLM Medical Text
Indexer system, SVM, k-NN and a simple
pattern-matching method. The basic meth-
ods are combined using a variant of stack-
ing. Evaluated in the context of a Medical
NLP Challenge, fusion produced an F-
score of 0.85 on the Challenge test set,
which is considerably above the mean
Challenge F-score of 0.77 for 44 participat-
ing groups.

1 Introduction

Researchers at the National Library of Medicine
(NLM) have developed the Medical Text Indexer
(MTI) for the automatic indexing of the biomedical
literature (Aronson et al., 2004). The unsupervised
methods within MTI were later successfully com-
bined with machine learning techniques and ap-
plied to the classification tasks in the Genomics
Track evaluations at the Text Retrieval Conference
(TREC) (Aronson et al., 2005 and Demner-
Fushman et al., 2006). This fusion approach con-
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sists of using several basic classification methods
with complementary strengths, combining the re-
sults using a modified ensemble method based on
stacking (Ting and Witten, 1997).

While these methods have shown reasonable
performance on indexing and retrieval tasks of
biomedical articles, it remains to be determined
how they would perform on a different biomedical
corpus (e.g., clinical text) and on a different task
(e.g., coding to a different controlled vocabulary).
However, except for competitive evaluations such
as TREC or BioCreAtIvE, corpora and gold stan-
dards for such tasks are generally not available,
which is a limiting factor for such studies. For a
survey of currently available corpora and devel-
opments in biomedical language processing, see
Hunter and Cohen, 2006.

The Medical NLP Challenge' sponsored by a
number of groups including the Computational
Medicine Center (CMC) at the Cincinnati Chil-
dren’s Hospital Medical Center gave us the oppor-
tunity to apply our fusion approach to a clinical
corpus. The Challenge was to assign ICD-9-CM
codes (International Classification of Diseases, 9™
Revision, Clinical Modification)” to clinical text
consisting of anonymized clinical history and im-
pression sections of radiology reports.

The Medical NLP Challenge organizers distrib-
uted a training corpus of almost 1,000 of the ano-
nymized, abbreviated radiology reports along with

! See www.computationalmedicine.org/challenge/.
* See www.cdc.gov/nchs/icd9.htm.

BioNLP 2007: Biological, translational, and clinical language processing, pages 105-112,
Prague, June 2007. (©2007 Association for Computational Linguistics



gold standard ICD-9-CM assignments for each
report obtained via a consensus of three independ-
ent sets of assignments. The primary measure for
the Challenge was defined as the balanced F-score,
with a secondary measure being cost-sensitive ac-
curacy. These measures were computed for sub-
missions to the Challenge based on a test corpus
similar in size to the training corpus but distributed
without gold standard code assignments.

The main objective of this study is to determine
what adaptation of the original methods is required
to code clinical text with ICD-9-CM, in contrast to
indexing and retrieving MEDLINE®. Note that an
earlier study (Gay et al., 2005) showed that only
minor adaptations were required in extending the
original model to full-text biomedical articles. A
secondary objective is to evaluate the performance
of our methods in this new setting.

2 Methods

In early experimentation with the training corpus
provided by the Challenge organizers, we discov-
ered that several of the training cases involved ne-
gated assertions in the text and that deleting these
improved the performance of all basic methods
being tested. For example, “no pneumonia” occurs
many times in the impression section of a report,
sometimes with additional context. Section 2.1
describes the process we used to remove these ne-
gated expressions; section 2.2 consists of descrip-
tions of the four basic methods used in this study;
and section 2.3 defines the fusion of the basic
methods to form a final result.

2.1 Document Preparation

The NegEx program (Chapman et al., 2001a and
2001b, and Goldin and Chapman, 2003), which
discovers negated expressions in text, was used to
find negated expressions in the training and test
corpora using a dictionary generated from concepts
from the 2006AD version of the UMLS® Metathe-
saurus” (excluding the AMA vocabularies). A ta-
ble containing the concept unique identifier (CUI)
and English string (STR with LAT="ENG’) was
extracted from the main concept table, MRCON,
and was used as input to NegEx to generate a dic-
tionary that was later used as the universe of ex-
pressions which NegEx could find to be negated in
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the target corpora. (See the Appendix for examples
of the input and output to this process.)

The XML text of the training and test corpora
was converted to a tree representation and then
traversed, operating on one radiology report at a
time. The clinical history and impression sections
of each report were tokenized to allow whitespace
to be separated from the punctuation, numbers and
alphabetic text. The concepts from the UMLS were
tokenized in the same way, to allow the concepts
found by NegEx to be aligned with the text. The
negation phrases discovered by NegEx were also
tokenized to find the appropriate negation phrase
preceding or trailing the target concept. Using the
location information obtained by matching the set
of one or more target concepts and the associated
negation phrase, the overlapping concept spans
were merged and the span for the negation phrase
and the outermost negated concept was removed.
Any intervening concepts associated with the same
negation phrase were removed, too. The abbrevi-
ated tree representation was then re-serialized back
into XML.

As an example of our use of NegEx, consider
the report with clinical history “13-year 2-month -
old female evaluate for cough.” and impression
“No focal pneumonia.” After removal of negated
text, the clinical history becomes “13-year 2-month
- old female”, and the discussion is empty.

2.2 Basic Methods

The four basic methods used for the Medical NLP
Challenge are MTI (a modification of NLM'’s
Medical Text Indexer system), SVM (Support
Vector Machines), k-NN (k Nearest Neighbors)
and Pattern Matching (a simple, pattern-based clas-
sifier). Each of these methods is described here.
Note that the MTI method uses a “Restrict to ICD-
9-CM” algorithm that is described in the next sec-
tion.

MTI. The original Medical Text Indexer (MTI)
system, shown in Figure 1, consists of an infra-
structure for applying alternative methods of dis-
covering MeSH" headings for citation titles and
abstracts and then combining them into an ordered
list of recommended indexing terms. The top por-
tion of the diagram consists of two paths, or meth-
ods, for creating a list of recommended indexing
terms: MetaMap Indexing and PubMed® Related
Citations. The MetaMap Indexing path actually



computes UMLS Metathesaurus concepts, which
are passed to the Restrict to MeSH process
(Bodenreider et al., 1998). The results from each
path are weighted and combined using Post-
Processing, which also refines the results to con-
form to NLM indexing policy. The system is
highly parameterized not only by path weights but
also by several parameters specific to the Restrict
to MeSH and Post-Processing processes.

Title + Abstract

\ Phragex /

Noun Phrases

N\ MetaMap /

UMLS concepts

PubMed
Related
Citations

Rel. Citations

Restrict to iimsag
MeSH ©
descr.
MeSH Main Headings

Post-Processing

Ordered list of MeSH MMain Headings

Figure 1: Medical Text Indexer (MTI) System

For use in the Challenge, the Medical Text In-
dexer (MTI) program itself required few adapta-
tions. Most of the changes involved the environ-
ment from which MTI obtains the data it uses
without changing the normal parameter settings.
We also added a further post-processing compo-
nent to filter our results.

For the environment, we replaced MTI’s normal
“Restrict to MeSH” algorithm with a “Restrict to
ICD-9-CM” algorithm, described below, in order
to map UMLS concepts to ICD-9-CM codes in-
stead of MeSH headings. We also trained the Pub-
Med Related Citations component, TexTool (Ta-
nabe and Wilbur, 2002), on the Medical NLP Chal-
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lenge training data instead of the entire MED-
LINE/PubMed database as is the case for normal
MTI use at NLM. For both of these methods, we
used the actual ICD-9-CM codes to mimic UMLS
CUISs used internally by MTI.

To create the new training data for the TexTool
(Related Citations), we reformatted the Medical
NLP Challenge training data into a pseudo-
MEDLINE format using the “doc id” component
as the PMID, the “CLINICAL HISTORY” text
component for the Title, the “IMPRESSION” text
component for the Abstract, and all of the
“CMC_MAJORITY” codes as MeSH Headings
(see Figure 2). This provided us with direct ICD-
9-CM codes to work with instead of MeSH Head-
ings.

<doc 1d="97663756"
<codes>
<code origin="CMC_MAJORITY" type="1CD-9-
CM'">780.6</code>
<code origin="CMC_MAJORITY" type="I1CD-9-
CM"">786.2</code>

type="RADIOLOGY_REPORT"">

<code origin="COMPANY3" type="1CD-9-
CM'">786.2</code>

<code origin="COMPANY1" type="I1CD-9-
CM"">780.6</code>

<code origin="COMPANY1" type="1CD-9-
CM'">786.2</code>

<code origin="COMPANY2" type="I1CD-9-
CM"">780.6</code>

<code origin="COMPANY2" type="1CD-9-

CM"">786.2</code>
</codes>
<texts>
<text origin="CCHMC_RADIOLOGY""
type="CLINICAL_HISTORY">Cough and fever.</text>
<text origin="CCHMC_RADIOLOGY""
type="IMPRESSION">Normal radiographic appear-
ance of the chest, no pneumonia.</text>
</texts>
</doc>

PMID- 97663756

Tl - Cough and fever.

AB - Normal radiographic appearance of the
chest, no pneumonia.

MH - Fever (780.6)

MH - Cough (786.2)

Figure 2: XML Medical NLP Training Data modi-
fied to pseudo-ASCII MEDLINE format

Within MTI we also utilized an experimental
option for MetaMap (Composite Phrases), which
provides a longer UMLS concept match than usual.
We did not use the following: (1) UMLS concept-
specific checking and exclusion sections; and (2)
the MeSH Subheading generation, checking, and
removal elements, since they were not needed for
this Challenge. We then had MTI use the new Re-




strict to ICD-9-CM file and the new TexTool to
generate its results.

Restrict to ICD-9-CM. The mapping of every
UMLS concept to ICD-9-CM developed for the
Medical NLP Challenge is an adaptation of the
original mapping to MeSH, later generalized to any
target vocabulary (Fung and Bodenreider, 2005).
Based on the UMLS Metathesaurus, the mapping
utilizes four increasingly aggressive techniques:
synonymy, built-in mappings, hierarchical map-
pings and associative mappings. In order to comply
with coding rules in ICD-9-CM, mappings to non-
leaf codes are later resolved into leaf codes.

Mappings to ICD-9-CM are identified through
synonymy when names from ICD-9-CM are in-
cluded in the UMLS concept identified by
MetaMap. For example, the ICD-9-CM code 592.0
Calculus of kidney is associated with the UMLS
concept C0392525 Nephrolithiasis through synon-
ymy.

Built-in mappings are mapping relations be-
tween UMLS concepts implied from mappings
provided by source vocabularies in the UMLS. For
example, the UMLS concept C0239937 Micro-
scopic hematuria is mapped to the concept
C0018965 (which contains the ICD-9-CM code
599.7 Hematuria) through a mapping provided by
SNOMED CT.

In the absence of a mapping through synonymy
or built-in mapping, a hierarchical mapping is
attempted. Starting from the concept identified by
MetaMap, a graph of ancestors is built by first us-
ing its parent concepts and broader concepts, then
adding the parent concepts and broader concepts of
each concept, recursively. Semantic constraints
(based on semantic types) are applied in order to
prevent semantic drift. Ancestor concepts closest
to the MetaMap source concept are selected from
the graph. Only concepts that can be resolved into
ICD-9-CM codes (through synonymy or built-in
mapping) are selected. For example, starting from
C0239574 Low grade pyrexia, a mapping is found
to ICD-9-CM code 780.6 Fever, which is con-
tained in the concept C0015967, one of the ances-
tors of C0239574.

The last attempt to find a mapping involves not
only hierarchical, but also associative relations.
Instead of starting from the concept identified by
MetaMap, associative mappings explore the con-
cepts in associative relation to this concept. For
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example, the concept C1458136 Renal stone sub-
stance is mapped to ICD-9-CM code 592.0 Calcu-
lus of kidney.

Finally, when the identified ICD-9-CM code
was not a leaf code (e.g., 786.5 Chest pain), we
remapped it to one of the corresponding leaf codes
in the training set where possible (e.g., 786.50 Un-
specified chest pain).

Of the 2,331 UMLS concepts identified by
MetaMap in the test set after freezing the method,
620 (27%) were mapped to ICD-9-CM. More spe-
cifically, 101 concepts were mapped to one of the
45 target ICD-9-CM codes present in the training
set. Of the 101 concepts, 40 were mapped through
synonymy, 11 through built-in mappings, 40
through hierarchical mapping and 10 through asso-
ciative mapping.

After the main MTI processing was completed,
we applied a post-processing filter, restricting our
results to the list of 94 valid combinations of ICD-
9-CM codes provided in the training set (hence-
forth referred to as allowed combinations) and
slightly emphasizing MetaMap results. Examples
of the post-processing rules are:

e If MTI recommended 079.99 (Unspecified
viral infection in conditions...) via either
MetaMap or Related Citations, use 079.99,
493.90 (Asthma, unspecified type...), and
780.6 (Fever) for indexing. This is the only
valid combination for this code based on the
training corpus.

e  Similarly, if MTI recommended “Enlarge-
ment of lymph nodes” (785.6) via the
MetaMap path with a score greater then
zero, use 785.6 and 786.2 (Cough) for in-
dexing.

The best F-score (F = 0.83) for the MTI method
was obtained on the training set using the negation-
removed text. This was a slight improvement over
using the original text (F = 0.82).

SVM. We utilized Yet Another Learning Envi-
ronment” (YALE), an open source application de-
veloped for machine learning and data mining, to
determine the data classification performance of
support vector machine (SVM) learning on the

3 See http://rapid-i.com.



training data. To prepare the Challenge data for
analysis, we removed all stop words and created
feature vectors for the free text extracted from the
“CLINICAL HISTORY” and “IMPRESSION”
fields of the records. Since both the training and
test Challenge data had a known finite number of
individual ICD-9-CM labels (45) and distinct com-
binations of ICD-9-CM labels (94), the data was
prepared both as feature vectors for 45 individual
labels as well as a model with 94 combination la-
bels. In addition, the feature vectors were created
using both simple term frequency as well as in-
verse document frequency (IDF) weighting, where
the weight is (1+log(term frequency))*(total
documents/document frequency). There were thus
a total of four feature vector datasets: 1) 45 indi-
vidual ICD-9-CM labels and simple term fre-
quency, 2) 45 ICD-9-CM labels and IDF weight-
ing, 3) 94 ICD-9-CM combinations and simple
term frequency, and 4) 94 ICD-9-CM combina-
tions and IDF weighting.

The YALE tool encompasses a number of SVM
learners and kernel types. For the classification
problem at hand, we chose the C-SVM learner and
the radial basis function (rbf) kernel. The C-SVM
learner attempts to minimize the error function

N
%WT w+CY &
i=l1
yWo(x)+b)>1-& and & >0,i=1,...,N

where W is the vector of coefficients, b is a con-
stant, ¢ is the kernel function, X are the independ-

ent variables, and & are parameters for handling
the inputs. C > 0 is the penalty parameter of the
error function. The rbf kernel is defined as K(x,
x") = exp(—y |x — x’]), vy > 0 where y is a kernel
parameter that determines the rbf width. We ran
cross-validation experiments using YALE on all
training datasets and varying C (10, 100, 1000,
10000) and y (0.01, 0.001, 0.0001, 0.00001) to de-
termine the optimal C and y combination. The
cross-validation experiments generated classifica-
tion models that were then applied to the complete
training datasets to analyze the performance of the
learner. The 94 ICD-9-CM combination and sim-
ple term frequency dataset with C = 10000 and y =
0.01 had the best F-score at 0.86. The best F-score
for the 94 ICD-9-CM combination and IDF weight
dataset was 0.79, where C = 0.001 and y = 10000.
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Further preprocessing the training dataset by
removing negated expressions was found to im-
prove the best F-score from 0.86 to 0.87. The C =
10000 and y = 0.01 combination was then applied
to the test dataset, which was preprocessed to re-
move negation and stop words and transformed to
a feature vector using 94 ICD-9-CM combinations
and simple term weighting. The predicted ICD-9-
CM classifications and confidence of the predic-
tions for each clinical free text report were output
and later combined with other methods to optimize
the accuracy and precision of our I[CD-9-CM clas-
sifications.

k-NN. The Challenge training set was used to
build a k-NN classifier. The k-NN classification
method works by identifying, within a labelled set,
documents similar to the document being classi-
fied, and inferring a classification for it from the
labels of the retrieved neighbors.

The free text in the training data set was proc-
essed to obtain a vector-space representation of the
patient reports.

Several methods of obtaining this representation
were tested: after stop words were removed, simple
term frequency and inverse document frequency
(IDF) weighting were applied alternatively. A
higher weight was also given to words appearing in
the history portion of the text (VvS. impression).
Eventually, the most efficient representation was
obtained by using controlled vocabulary terms ex-
tracted from the free text with MetaMap.* Further
processing on this representation of the training
data showed that removing negated portions of the
free text improved the results, raising the F-score
from 0.76 to 0.79.

Other parameters were also assessed on the
training data, such as the number of neighbors to
use (2 was found to be the best vs. 5, 10 or 15) and
the restriction of the ICD-9-CM predictions to the
set of 94 allowed combinations. When the predic-
tion for a given document was not within the set of
allowed 94 combinations, an allowed subset of the
ICD-9-CM codes predicted was selected based on
the individual scores obtained for each ICD-9-CM
code.

The best F-score (F = 0.79) obtained on the
training set used the MetaMap-based representa-

* Note that this use of MetaMap is independent of its
inclusion as a component of MTIL.



tion with simple frequency counts on the text with
negated expressions removed. ICD-9-CM predic-
tions were obtained from the nearest neighbors and
restricted to one of the 94 allowed combinations.

Pattern Matching. We developed a pattern-
matching classifier as a baseline for our more so-
phisticated classification methods. A list of all
UMLS string representations for each of 45 codes
(including synonyms from source vocabularies
other than ICD-9-CM) was created as described in
the MTI section above. The strings were then con-
verted to lower case, punctuation was removed,
and strings containing terms unlikely to be found
in a clinical report were pruned. For example, Ab-
domen NOS pain and Abdominal pain (finding)
were reduced to abdominal pain. For the same rea-
sons, some of the strings were relaxed into pat-
terns. For example, it is unlikely to see PAIN
CHEST in a chart, but very likely to find pain in
chest. The string, therefore, was relaxed to the fol-
lowing pattern: pain.*chest. The text of the clinical
history and the impression fields of the radiology
reports with negated expressions removed (see
Section 2.2) was broken up into sentences. Each
sentence was then searched for all available pat-
terns. A corresponding code was assigned to the
document for each matched pattern. This pattern
matching achieved F-score = 0.79 on the training
set. To reduce the number of codes assigned to a
document, a check for allowed combinations was
added as a post-processing step. The combination
of assigned codes was looked up in the table of
allowed codes. If not present, the codes were re-
duced to the combination of assigned codes most
frequently occurring in the training set. This
brought the F-score up to 0.84 on the training data.
As the performance of this classifier was compara-
ble to other methods, we decided to include these
results when combining the predictions of the other
classifiers.

2.3 Fusion of Basic Methods: Stacking

Experience with ad hoc retrieval tasks in the TREC
Genomics Track has shown that combining predic-
tions of several classifiers either significantly im-
proves classification results, or at least provides
more consistent and stable results when the train-
ing data set is small (Aronson et al., 2005). We
therefore experimented with stacking (Ting and
Witten, 1997), using a simple majority vote and a
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union of all assigned codes as baselines. The pre-
dictions of base classifiers described in the previ-
ous section were combined using our re-
implementation of the stacked generalization pro-
posed by Ting and Witten.

3 Results

Table 1 shows the results obtained for the training
set. The best stacking results were obtained using
predictions of all four base classifiers on the text
with deleted negated expressions and with check-
ing for allowed combinations. We retained all final
predictions with probability of being a valid code
greater than 0.3. Checking for the allowed combi-
nations for the ensemble classifiers degraded the F-
score significantly.

Classifier F-score

MTI 0.83

SVM 0.87 (x-validation)
k-NN 0.79 (x-validation)
Pattern Matching 0.84

Majority 0.82

Stacking 0.89

Table 1: Training results for each classifier, the ma-
jority and stacking

Since stacking produced the best F-score on the
training corpus and is known to be more robust
than the individual classifiers, the corresponding
results for the test corpus were submitted to the
Challenge submission website. The stacking results
for the test corpus achieved an F-score of 0.85 and
a secondary, cost-sensitive accuracy score of 0.83.
For comparison purposes, 44 Challenge submis-
sions had a mean F-score of 0.77 with a maximum
of 0.89. Our F-score of 0.85 falls between the 70"
and 75" percentiles.

4  Discussion

It is significant that it was fairly straightforward to
port various methods developed for ad hoc MED-
LINE citation retrieval, indexing and classification
to the assignment of codes to clinical text. The
modifications to MTI consisted of replacing Re-
strict to MeSH with Restrict to ICD-9-CM, training
the Related Citations method on clinical text and
replacing MTI’s normal post-processing with a
much simpler version. Preprocessing the text using




NegEx to remove negated expressions was a fur-
ther modification of the overall approach.

It is noteworthy that a simple pattern-matching
method performed as well as much more sophisti-
cated methods in the effort to fuse results from
several methods into a final outcome. This unex-
pected success might be explained by the follow-
ing limitations of the Challenge.

Possible limitations on the extensibility of the
current research arise from two observations: (1)
the Challenge cases were limited to two relatively
narrow topics, cough/fever/pneumonia and uri-
nary/kidney problems; and (2) the clinical text was
almost error-free, a situation that would not be ex-
pected in the majority of clinical text. It is possible
that these conditions contributed to the success of
the pattern-matching method but also caused
anomalous behavior, such as the fact that simple
frequency counts provided a better representation
than IDF for the SVM and k-NN methods.

Finally, as a result of low confidence in the
ICD-9-CM code assignment, no codes were as-
signed to 29 records in the test set. It is worthwhile
to explore the causes for such null assignments.
One of the reasons for low confidence could be the
aggressive pruning of the text by the negation algo-
rithm. For example, after removal of negated text
in the sample report given in section 2.1, the only
remaining text is “13-year 2-month - old female”
from the clinical history field; this provided no
evidence for code assignment. Secondly, in some
cases the original text was not sufficient for confi-
dent code assignment. For example, for the docu-
ment with clinical history “Bilateral grade 3.” and
impression “Interval growth of normal appearing
Kidneys”, no code was assigned by the SVM, k-
NN, or pattern-matching classifiers. Code 593.70
corresponding to the UMLS concept Vesicouret-
eral reflux with reflux nephropathy, unspecified or
without reflux nephropathy was assigned by MTI
with a very low confidence, which was not suffi-
cient for the final assignment of the code. The third
reason for assigning no code to a document was
the wide range of assignments provided by the
base classifiers. For example, for the following
document: “CLINICAL HISTORY: 3-year - old
male with history of left ureteropelvic and uret-
erovesical obstruction. Status post left pyeloplasty
and left ureteral reimplantation. IMPRESSION: 1.
Stable appearance and degree of hydronephrosis
involving the left kidney. Stable urothelial thicken-
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ing. 2. Interval growth of kidneys, left greater than
right. 3. Normal appearance of the right kidney
with interval resolution of right urothelial thicken-
ing.” MTT assigned codes 593.89 Other specified
disorders of kidney and ureter and 591 Hy-
dronephrosis. Codes 593.70 Vesicoureteral reflux
with reflux nephropathy, unspecified or without
reflux nephropathy and 753.3 Double kidney with
double pelvis were assigned by the k-NN classifier.
Pattern matching resulted in assignment of code
591 with fairly low confidence. No code was as-
signed to this document by the SVM classifier.
Despite failing to assign codes to these 29 records,
the conservative approach (using threshold) re-
sulted in better performance, achieving F-score
0.85 compared to F-score 0.80 when all 1,634
codes assigned by the base classifiers were used.

5 Conclusion

We are left with two conclusions. First, this re-
search confirms that combining several comple-
mentary methods for accomplishing tasks, ranging
from ad hoc retrieval to categorization, produces
results that are better and more stable than the re-
sults for the contributing methods. Furthermore,
we have shown that the basic methods employing
domain knowledge and advanced statistical algo-
rithms are applicable to clinical text without sig-
nificant modification. Second, although there are
some limitations of the current Challenge test col-
lection of clinical text, we appreciate the efforts of
the Challenge organizers in the creation of a test
collection of clinical text. This collection provides
a unique opportunity to apply existing methods to a
new and important domain.
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A sample of the input to NegEx for dictionary generation:

C0002390
C0002390
C0002390
C0002390
C0002390
C0002390
C0002390
C0002390
C0002390
C0002390

pneumonitis, allergic interstitial

allergic interstitial pneumonitis, nos
extrinsic allergic bronchiolo alveolitis
extrinsic allergic bronchiolo alveolitis, nos
hypersensitivity pneumonia

hypersensitivity pneumonia, nos

eaa extrinsic allergic alveolitis

allergic extrinsic alveolitis nos (disorder)
extrinsic allergic alveolitis (disorder)
hypersensitivity pneumonitis nos (disorder)

A sample of the dictionary generated by NegEx for later use in detecting negated expressions:

C0002098
C0151726
C0020517
C0429891
C0002390
C0002390
€C0002390
C0005592
C0002390
C0182792
agents

hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity
hypersensitivity

nos
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granuloma (morphologic abnormality
injection site

observations

pneumonia

pneumonia, nos

pneumonitides

pneumonitides, avian

pneumonitis

pneumonitis antibody determination re-
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Abstract

This paper describes a system capable of
semi-automatically filling an XML template
from free texts in the clinical domain (prac-
tice guidelines). The XML template includes
semantic information not explicitly encoded
in the text (pairs of conditions and ac-
tions/recommendations). Therefore, there is
a need to compute the exact scope of condi-
tions over text sequences expressing the re-
quired actions. We present a system devel-
oped for this task. We show that it yields
good performance when applied to the
analysis of French practice guidelines.

1 Introduction

During the past years, clinical practices have con-
siderably evolved towards standardization and ef-
fectiveness. A major improvement is the develop-

ment of practice guidelines (Brownson et al., 2003).

However, even if widely distributed to hospitals,
doctors and other medical staff, clinical practice
guidelines are not routinely fully exploited'. There
is now a general tendency to transfer these guide-
lines to electronic devices (via an appropriate XML
format). This transfer is justified by the assumption
that electronic documents are easier to browse than
paper documents.

However, migrating a collection of texts to XML
requires a lot of re-engineering. More precisely, it
means analyzing the full set of textual documents
so that they can fit with strict templates, as required
either by XML schemas or DTD (document type
definition). Unfortunately, most of the time, the

! See (Kolata, 2004). This newspaper article is a good example
of the huge social impact of this research area.
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semantic blocks of information required by the
XML model are not explicitly marked in the origi-
nal text. These blocks of information correspond to
discourse structures.

This problem has thus renewed the interest for
the recognition and management of discourse struc-
tures, especially for technical domains. In this
study, we show how technical documents belong-
ing to a certain domain (namely, clinical practice
guidelines) can be semi-automatically structured
using NLP techniques. Practice guidelines describe
best practices with the aim of guiding decisions and
criteria in specific areas of healthcare, as defined
by an authoritative examination of current evidence
(evidence-based medicine, see Wikipedia Or
Brownson et al., 2003).

The Guideline Elements Model (GEM) is an
XML-based guideline document model that can
store and organize the heterogeneous information
contained in practice guidelines (Schiffman, 2000).
It is intended to facilitate translation of natural lan-
guage guideline documents into a format that can
be processed by computers. The main element of
GEM, knowledge component, contains the most
useful information, especially sequences of condi-
tions and recommendations. Our aim is thus to
format these documents which have been written
manually without any precise model, according to
the GEM DTD (see annex A).

The organization of the paper is as follows: first,
we present the task and some previous approaches
(section 2). We then describe the different process-
ing steps (section 3) and the implementation (sec-
tion 4). We finish with the presentation of some
results (section 5), before the conclusion (section 6).

BioNLP 2007: Biological, translational, and clinical language processing, pages 113-120,
Prague, June 2007. (©2007 Association for Computational Linguistics



2 Document Restructuring: the Case of
Practice Guidelines

As we have previously seen, practice guidelines are
not routinely fully exploited. One reason is that
they are not easily accessible to doctors during
consultation. Moreover, it can be difficult for the
doctor to find relevant pieces of information from
these guides, even if they are not very long. To
overcome these problems, national health agencies
try to promote the electronic distribution of these
guidelines (so that a doctor could check recom-
mendations directly from his computer).

2.1 Previous Work

Several attempts have already been made to im-
prove the use of practice guidelines: for example
knowledge-based diagnostic aids can be derived
from them (e.g. Séroussi et al., 2001).

GEM is an intermediate document model, be-
tween pure text (paper practice guidelines) and
knowledge-based models like GLIF (Peleg et al.,
2000) or EON (Tu and Musen, 2001). GEM is thus
an elegant solution, independent from any theory or
formalisms, but compliant with other frameworks.

GEM Cutter (http://gem.med.yale. edu/) is a
tool aimed at aiding experts to fill the GEM DTD
from texts. However, this software is only an inter-
face allowing the end-user to perform the task
through a time-consuming cut-and-paste process.
The overall process described in Shiffman et al.
(2004) is also largely manual, even if it is an at-
tempt to automate and regularize the translation
process.

The main problem in the automation of the
translation process is to identify that a list of rec-
ommendations expressed over several sentences is
under the scope of a specific condition (conditions
may refer to a specific pathology, a specific kind of
patients, temporal restrictions, etc.). However, pre-
vious approaches have been based on the analysis
of isolated sentences. They do not compute the ex-
act scope of conditional sequences (Georg and
Jaulent, 2005): this part of the work still has to be
done by hand.

Our automatic approach relies on work done in
the field of discourse processing. As we have seen
in the introduction, the most important sequences
of text to be tagged correspond to discourse struc-
tures (conditions, actions ...). Although most re-
searchers agree that a better understanding of text
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structure and text coherence could help extract
knowledge, descriptive frameworks like the one
developed by Halliday and Hasan® are poorly for-
malized and difficult to apply in practice.

Some recent works have proposed more opera-
tional descriptions of discourse structures (Péry-
Woodley, 1998). Several authors (Halliday and
Matthiessen, 2004; Charolles, 2005) have investi-
gated the use of non-lexical cues for discourse
processing (e.g temporal adverbials like “in 19997).
These adverbials introduce situation frames in a
narrative discourse, that is to say a ‘period’ in the
text which is dependent from the adverbial.

We show in this study that condition sequences
play the same role in practice guidelines: their
scope may run over several dependent clauses
(more precisely, over a set of several recommenda-
tions). Our plan is to automatically recognize these
using surface cues and processing rules.

2.2 Our Approach

Our aim is to semi-automatically fill a GEM tem-
plate from existing guidelines: the algorithm is
fully automatic but the result needs to be validated
by experts to yield adequate accuracy. Our system
tries to compute the exact scope of conditional se-
quences. In this paper we apply it to the analysis of
several French practice guidelines.

The main aim of the approach is to go from a
textual document to a GEM based document, as
shown on Figure 1 (see also annex A). We focus on
conditions (including temporal restrictions) and
recommendations since these elements are of
paramount importance for the task. They are espe-
cially difficult to deal with since they require to
accurately compute the scope of conditions.

The example on figure 1 is complex since it con-
tains several levels of overlapping conditions. We
observe a first opposition (Chez le sujet non immu-
nodeprimé | chez le sujet immunodéprimé... Con-
cerning the non-immuno-depressed patient | Con-
cerning the immuno-depressed patient...) but a sec-
ond condition interferes in the scope of this first
level (En cas d’aspect normal de la muqueuse ilé-
ale... If the ileal mucus seems normal...). The task
involves recognizing these various levels of condi-
tions in the text and explicitly representing them
through the GEM DTD.

2 See “the text-forming component in the linguistic system” in
Halliday and Hasan (1976:23).



Chez le sujet non immunodéprimé, en cas d'as-
pect macroscopique normal de la muqueuse co-
lique, des biopsies coliques nombreuses et étagées
sont recommandées (...). Les biopsies isolées sont
insuffisantes (...).

L'exploration de I'iléon terminal est également re-
commandée (grade C). En cas d'aspect normal de
la muqueuse iléale (...), la réalisation de biospsies
n'est pas systématique (accord professionnel).

Chez le sujet immunodéprimé, il est nécessaire de
réaliser des biopsies systématiques (...)

v

<recommandation>

<decision.variable>Chez le sujet non immunodéprimé
</decsion.variable>

<decision.variable>en cas d'aspect macroscopique nor-
mal de la muqueuse colique </decison.variable>
<action> des biopsies coliques nombreuses et étagées
sont recommandées (...) </action>

<action>Les biopsies isolées sont insuffisantes(..)
</action>

<action>L'exploration de l'iléon terminal est égale-
ment recommandée</action>

</recommandation>

<recommandation>

<decision.variable>Chez le sujet non immunodéprimé
</decsion.variable>

<decision.variable>en cas d'aspect macroscopique nor-
mal de la muqueuse colique </decison.variable>
<decision.variable>En cas d'aspect normal de la mu-
queuse iléale</decision.variable>

<action>la réalisation de biospsies n'est pas systéma-
tique</action>

</recommandation>

<recommandation

<decision.variable>Chez le sujet immunodépri-
mé</decision.variable>

<action> il est nécessaire de réaliser des biopsies
systématiques(...)</action>

</recommandation>

Figure 1. From the text to GEM

What is obtained in the end is a tree where the
leaves are recommendations and the branching
nodes correspond to the constraints on conditions.

2.3 Data

We analyzed 18 French practice guidelines pub-
lished by French national health agency (ANAES,
Agence Nationale d’Accréditation et d’Evaluation
en Santé and AFSSAPS, Agence Francaise de Sé-
curité Sanitaire des Produits de Sant¢) between
2000 and 2005. These practice guidelines focus on
different pathologies (e.g. diabetes, high blood
pressure, asthma etc.) as well as with clinical
examination processes (e.g. digestive endoscopy).
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amination processes (e.g. digestive endoscopy).
The data are thus homogeneous, and is about 250
pages long (150,000+ words). Most of these prac-
tice guidelines are publicly available at:
http://www.anaes.fr Or http://affsaps.sante
.fr. Similar documents have been published in
English and other languages; the GEM DTD is
language independent.

3 Processing Steps

Segmenting a guideline to fill an XML template is
a complex process involving several steps. We de-
scribe here in detail the most important steps
(mainly the way the scope of conditional sequences
is computed), and will only give a brief overview
of the pre-processing stages.

3.1 Overview

A manual study of several French practice guide-
lines revealed a number of trends in the data. We
observed that there is a default structure in these
guidelines that may help segmenting the text accu-
rately. This default segmentation corresponds to a
highly conventionalized writing style used in the
document (a norm). For example, the location of
conditions is especially important: if a condition
occurs at the opening of a sequence (a paragraph, a
section...), its scope is by default the entire follow-
ing text sequence. If the condition is included in the
sequence (inside a sentence), its default scope is
restricted to the current sentence (Charolles, 2005
for similar observations on different text types).

This default segmentation can be revised if some
linguistic cues suggest another more accurate seg-
mentation (violation of the norm). We make use of
Halliday’s theory of text cohesion (Halliday and
Hasan, 1976). According to this theory, some “co-
hesion cues” suggest extending the default segmen-
tation while some others suggest limiting the scope
of the conditional sequence (see section 3.4).

3.2 Pre-processing (Cue Identification)

The pre-processing stage concerns the analysis of
relevant linguistic cues. These cues vary in nature:
they can be based either on the material structure or
the content of texts. We chose to mainly focus on
task-independent knowledge so that the method is
portable, as far as possible (we took inspiration
from Halliday and Matthiessen’s introduction to
functional grammar, 2004). Some of these cues



(especially connectors and lexical cues) can be
automatically captured by machine learning meth-
ods.

Material structure cues. These features include the
recognition of titles, section, enumerations and
paragraphs.

Morpho-syntactic cues. Recommendations are not
expressed in the same way as conditions from a
morpho-syntactic point of view. We take the fol-
lowing features into account:

— Part of speech tags. For example recommandé
should be a verb and not a noun, even if the
form is ambiguous in French;

— Tense and mood of the verb. Present and future
tenses are relevant, as well as imperative and
conditional moods. Imperative and future al-
ways have an injunctive value in the texts. In-
junctive verbs (see lexical cues) lose their in-
junctive property when used in a past tense.

Anaphoric cues. A basic and local analysis of ana-
phoric elements is performed. We especially fo-
cused on expressions such as dans ce cas, dans les
N cas précédents (in this case, in the n preceding
cases...) which are very frequent in clinical docu-
ments. The recognition of such expressions is
based on a limited set of possible nouns that oc-
curred in context, together with specific constraints
(use of demonstrative pronouns, etc).

Conjunctive cues (discourse connectors). Condi-
tions are mainly expressed through conjunctive
cues. The following forms are especially interest-
ing: forms prototypically expressing conditions (s,
en cas de, dans le cas ou... if, in case of...); Forms
expressing the locations of some elements (chez, en
présence de... in presence of...); Forms expressing
a temporal frame (lorsque, au moment ou, avant
de... when, before...)

Lexical cues. Recommendations are mainly ex-
pressed through lexical cues. We have observed
forms prototypically expressing recommendations
(recommander, prescrire, recommend, pre-
scribe), obligations (devoir, ... shall) or options
(pouvoir, ... can). Most of these forms are highly
ambiguous but can be automatically acquired from
an annotated corpus. Some expressions from the
medical domains can be automatically extracted
using a terminology extractor (we use Yatea, see
section 4, “Implementation”).
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3.3 Basic Segmentation

A basic segment corresponds to a text sequence
expressing either a condition or a recommendation.
It is most of the time a sentence, or a proposition
inside a sentence.

Some of the features described in the previous
section may be highly ambiguous. For this reason
basic segmentation is rarely done according to a
single feature, but most of the time according to a
bundle of features acquired from a representative
corpus. For example, if a text sequence contains an
injunctive verb with an infinitive form at the begin-
ning of a sentence, the whole sequence is typed as
action. The relevant sets of co-occurring features
are automatically derived from a set of annotated
practice guidelines, using the chi-square test to cal-
culate the dissimilarity of distributions.

After this step, the text is segmented into typed
basic sequences expressing either a recommenda-
tion or a condition (the rest of the text is left
untagged).

3.4 Computing Frames and Scopes

As for quantifiers, a conditional element may have
a scope (a frame) that extends over several basic
segments. It has been shown by several authors
(Halliday and Matthiessen, 2004; Charolles, 2005)
working on different types of texts that conditions
detached from the sentence have most of the time a
scope beyond the current sentence whereas condi-
tions included in a sentence (but not in the begin-
ning of a sentence) have a scope which is limited to
the current sentence. Accordingly we propose a
two-step strategy: 1) the default segmentation is
done, and 2) a revision process is used to correct
the main errors caused by the default segmentation
(corresponding to the norm).

Default Segmentation

We propose a strategy which makes use of the no-
tion of default. By default:

1. Scope of a heading goes up to the next head-
ing;

2. Scope of an enumeration’s header covers all
the items of the enumeration ;

3. If a conditional sequence is detached (in the
beginning of a paragraph or a sentence), its
scope is the whole paragraph;

4. If the conditional sequence is included in a
sentence, its scope is equal to the current
sentence.



Cases 3 and 4 cover 50-80% of all the cases, de-
pending on the practice guidelines used. However,
this default segmentation is revised and modified
when a linguistic cue is a continuation mark within
the text or when the default segmentation seems to
contradict some cohesion cue.

Revising the Default Segmentation

There are two cases which require revising the de-
fault segmentation: 1) when a cohesion mark indi-
cates that the scope is larger than the default unit;
2) when a rupture mark indicates that the scope is
smaller. We only have room for two examples,
which, we hope, give a broad idea of this process.

1) Anaphoric relations are strong cues of text
coherence: they usually indicate the continuation of
a frame after the end of its default boundaries.

L'indication d’une insulinothérapie est recommandée
lorsque I'HbAlc est > 8%, sur deux contrdles suc-
cessifs sous l'association de sulfamides/metformine
a posologie optimale. Elle est laissée a I'appréciation par
le clinicien du rapport bénéfices/inconvénients de
I'insulinothérapie lorsque I’'HbAlc est comprise entre
6,6% et 8% sous la méme association. Dans les deux
cas, la diététique aura au préalable été réévaluée et un
facteur intercurrent de décompensation aura été recher-
chée (accord professionnel).

Stratégie de prise en charge du patient diabétique de type 2 a
I’exclusion de la prise en charge des complications (2000)

Figure 2. The last sentence introduced by dans les
deux cas is under the scope of the conditions intro-
duced by lorsque’.

In Figure 2, the expression dans les deux cas (in
the two cases...) is an anaphoric mark referring to
the two previous utterances. The scope of the con-
ditional segment introduced by lorsque (that would
normally be limited to the sentence it appears in) is
thus extended accordingly.

2) Other discourse cues are strong indicators
that a frame must be closed before its default
boundaries. These cues may indicate some contras-
tive, corrective or adversative information (cepen-
dant, en revanche... however). Justifications cues
(en effet, en fait ... in effect) also pertain to this
class since a justification is not part of the action
element of the GEM DTD.

Figure 3 is a typical example. The linguistic cue
en effet (in effect) closes the frame introduced by

3In figures 2 and 3, bold and grey background are used only
for sake of clarity; actual documents are made of text without
any formatting.
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Chez les patients ayant initialement une concentra-
tion trés élevée de LDL-cholestérol, et notamment
chez les patients a haut risque dont la cible théra-
peutique est basse (<1g/l), le prescripteur doit garder
a l'esprit que la prescription de statine a fortes doses ou
en association nécessite une prise en compte au cas par
cas du rapport bénéfice/risque et ne doit jamais étre sys-
tématique. En effet, les fortes doses de statines et les
bithérapies n’ont pas fait I'objet a ce jour d’une évaluation
suffisante dans ces situations.

(Prise en charge thérapeutique du patient dyslipidémique, 2005,
p4)

Figure 3. The last sentence contains a justification cue
(en effet) which limits the scope of the condition in the
preceding sentence.

Chez les patients ayant initialement...(<1g/l) since
this sequence should fill the explanation element
of the GEM DTD and is not an action element.

4 Implementation

Accurate discourse processing requires a lot of in-
formation ranging from lexical cues to complex co-
occurrence of different features. We chose to im-
plement these in a classic blackboard architecture
(Englemore and Morgan, 1988). The advantages of
this architecture for our problem are easy to grasp:
each linguistic phenomenon can be treated as an
independent agent; inference rules can also be
coded as specific agents, and a facilitator controls
the overall process.

Basic linguistic information is collected by a set
of modules called “linguistic experts”. Each mod-
ule is specialized in a specific phenomenon (text
structure recognition, part-of-speech tagging, term
spotting, etc.). The text structure and text format-
ting elements are recognized using Perl scripts.
Linguistic elements are encoded in local grammars,
mainly implemented as finite-state transducers
(Unitex*). Other linguistic features are obtained
using publicly available software packages, e.g. a
part-of-speech tagger (Tree Tagger’) and a term
extractor (Yatea®), etc. Each linguist expert is en-
capsulated and produces annotations that are stored
in the database of facts, expressed in Prolog (we
thus avoid the problem of overlapping XML tags,
which are frequent at this stage). These annotations
are indexed according to the textual clause they
appear in, but linear ordering of the text is not cru-

4http://wwwfigm.univfmlv.fr/~unitex/
5http://www.ims.uni—stuttgart.de/projekte/cor
plex/TreeTagger/DecisionTreeTagger.html
6http://www—lipn.univ—parisl3.fr/~hamon/YaTeA



cial for further processing steps since the system
mainly looks for co-occurrences of different cues.
The resulting set of annotations constitutes the
“working memory” of the system.

Another set of experts then combine the initial
disseminated knowledge to recognize basic seg-
ments (section 3.3) and to compute scopes and
frames (section 3.4). These experts form the “infer-
ence engine” which analyzes information stored in
the working memory and adds new knowledge to
the database. Even when linear order is irrelevant
for the inference process new information is in-
dexed with textual clauses, to enable the system to
produce the original text along with annotation.

A facilitator helps to determine which expert
has the most information needed to solve the prob-
lem. It is the facilitator that controls, for example,
the application of default rules and the revision of
the default segmentation. It controls the chalk, me-
diating among experts competing to write on the
blackboard. Finally, an XML output is produced
for the document, corresponding to a candidate
GEM version of the document (no XML tags over-
lap in the output since we produce an instance of
the GEM DTD; all potential remaining conflicts
must have been solved by the supervisor). To
achieve optimal accuracy this output is validated
and possibly modified by domain experts.

5 Evaluation

The study is based on a corpus of 18 practice
guidelines in French (several hundreds of frames),
with the aid of domain experts. We evaluated the
approach on a subset of the corpus that has not
been used for training.

5.1 Evaluation Criteria

In our evaluation, a sequence is considered correct
if the semantics of the sequence is preserved. For
example Chez ['obese non diabétique (accord
professionnel) (In the case of an obese person
without any diabetes (professional approval)),
recognition is correct even if professional approval
is not stricto sensu part of the condition. On the
other hand, Chez I’obése (In the case of an obese
person) is incorrect. The same criteria are applied
for recommendations.

We evaluate the scope of condition sequences by
measuring whether each recommendation is linked
with the appropriate condition sequence or not.
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5.2 Manual Annotation and Inter-annotator
Agreement

The data is evaluated against practice guidelines
manually annotated by two annotators: a domain
expert (a doctor) and a linguist. In order to evaluate
inter-annotator agreement, conditions and actions
are first extracted from the text. The task of the
human annotators is then to (manually) build a tree,
where each action has to be linked with a condi-
tion. The output can be represented as a set of cou-
ples (condition — actions). In the end, we calculate
accuracy by comparing the outputs of the two an-
notators (# of common couples).

Inter-annotator agreement is high (157 nodes out
of 162, i.e. above .96 agreement). This degree of
agreement is encouraging. It differs from previous
experiments, usually done using more heterogene-
ous data, for example, narrative texts. Temporals
(like “in 19997) are known to open a frame but
most of the time this frame has no clear boundary.
Practice guidelines should lead to actions by the
doctor and the scope of conditions needs to be clear
in the text.

In our experiment, inter-annotator agreement is
high, especially considering that we required an
agreement between an expert and non-expert. We
thus make the simplified assumption that the scope
of conditions is expressed through linguistic cues
which do not require, most of the time, domain-
specific or expert knowledge. Yet the very few
cases where the annotations were in disagreement
were clearly due to a lack of domain knowledge by
the non-expert.

5.3 Evaluation of the Automatic Recognition
of Basic Sequences

The evaluation of basic segmentation gives the fol-
lowing results for the condition and the recommen-
dation sequences. In the table, P is precision; R is
recall; P&R is the harmonic mean of precision and
recall (P&R = (2*P*R) / (P+R), corresponding to a
F-measure with a /4 factor equal to 1).

Conditions:
Without domain | With domain
knowledge knowledge
P 1 1
R .83 .86
P&R 91 .92




Recommendations:
Without domain | With domain
knowledge knowledge
P 1 1
R .94 .95
P&R .97 .97

Results are high for both conditions and recom-
mendations.

The benefit of domain knowledge is not evident
from overall results. However, this information is
useful for the tagging of titles corresponding to
pathologies. For example, the title Hypertension
arterielle (high arterial blood pressure) is equiva-
lent to a condition introduced by in case of... It is
thus important to recognize and tag it accurately,
since further recommendations are under the scope
of this condition. This cannot be done without do-
main-specific knowledge.

The number of titles differs significantly from
one practice guideline to another. When the num-
ber is high, the impact on the performance can be
strong. Also, when several recommendations are
dependent on the same condition, the system may
fail to recognize the whole set of recommendations.

Finally, we observed that not all conditions and
recommendations have the same importance from a
medical point of view — however, it is difficult to
quantify this in the evaluation.

5.4 Evaluation of the Automatic Recognition
of the Scope of Conditions

The scope of conditions is recognized with accu-
racy above .7 (we calculated this score using the
same method as for inter-annotator agreement, see
section 5.2).

This result is encouraging, especially consider-
ing the large number of parameters involved in dis-
course processing. In most of successful cases the
scope of a condition is recognized by the default
rule (default segmentation, see section 3.4). How-
ever, some important cases are solved due to the
detection of cohesion or boundary cue (especially
titles).

The system fails to recognize extended scopes
(beyond the default boundary) when the cohesion
marks correspond to lexical items which are related
(synonyms, hyponyms or hypernyms) or to com-
plex anaphora structures (nominal anaphora; hypo-
nyms and hypernyms can be considered as a spe-
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cial case of nominal anaphora). Resolving these
rarer complex cases would require “deep” domain
knowledge which is difficult to implement using
state-of-art techniques.

6 Conclusion

We have presented in this paper a system capable
of performing automatic segmentation of clinical
practice guidelines. Our aim was to automatically
fill an XML DTD from textual input. The system is
able to process complex discourse structures and to
compute the scope of conditional segments span-
ning several propositions or sentences. We show
that inter-annotator agreement is high for this task
and that the system performs well compared to
previous systems. Moreover, our system is the first
one capable of resolving the scope of conditions
over several recommendations.

As we have seen, discourse processing is diffi-
cult but fundamental for intelligent information
access. We plan to apply our model to other lan-
guages and other kinds of texts in the future. The
task requires at least adapting the linguistic com-
ponents of our system (mainly the pre-processing
stage). More generally, the portability of discourse-
based systems across languages is a challenging
area for the future.
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A Study of Structured Clinical Abstracts and the Semantic Chssification of
Sentences
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Sydney NSW 2052 Australia
{graceyc, e.coierajl@nsw. edu. au

Abstract conditions. ThevEDLINE database now has 16 mil-
lion bibliographic entries, many of them include the
This paper describes experiments in classi- abstract and more than 3 million of these were pub-
fying sentences of medical abstracts into a lished in the last 5 years (Hunter, 2006).
number of semantic classes given by section 1o galleviate the information overload, some
headings in structured abstracts. Using con- resources such as the Cochrane Collabo-

ditional random fields, we obtaif’-scores raton (Cochrane, 2007), Evidence-Based
ranging from 0.72 to 0.97. By using asmall  pedicine (EBM, 2007), the ACP Journal
set of sentences that appear underrhg- Club (ACP, 2007) and BMJ Clinical Evi-

TICPANTS heading, we demonstrate thatitis  gence (BMJCE, 2007), employ human experts
possiblg to recognizeisgntences thatdescribe o summarize knowledge within RCTs through
population characteristics of a study. We  extensive searches and critical assessments.

present a detailed sf[udy Of_ the str.ucture of In (Sim, 2000), RCT information is entered into
abstra_lcts of randomized clinical trials, and  4|actronic knowledge bases tirial banks”, eas-
examine how sentences labeled und@R- ing the task for systematic reviewing and critical
TICIPANTS could be used to summarize the 5 5raisal This project requires manual entry of
population group. descriptions about the design and execution (sub-

jects, recruitment, treatment assignment, follow-up),
and hence, only small numbers of RCTs have been

Medical practitioners are increasingly apply-archived thus far.
ing evidence-based medicine (EBM) to support The goal of our research is to use natural language
decision-making in patient treatments. The ainprocessing to extract the mostimportant pieces of in-
of EBM (Sackett, 1998) is to provide improvedformation from RCTs for the purpose of automatic
care leading to better outcomes through locatingummarization, tailored towards the medical prac-
evidence for a clinical problem, evaluating thetitioner’s clinical question at hand. Ultimately, it
quality of the evidence, and then applying to ds our vision that data mined from full text articles
current problem at hand. However, the adoption o#f RCTs not only aid clinicians’ assessments but re-
EBM is hampered by the overwhelming amounsearchers who are conducting meta-analyses.
of information available, and insufficient time and In this paper, we examine the use of section head-
skills on the clinician’s part to locate and synthesizéngs that are frequently given in abstracts of medical
the best evidence in the scientific literature. journal articles. These section headings are topic-
MEDLINE abstracts about randomized clinical tri-independent. Effectively they define the discourse
als (RCTs) play a critical role in providing the beststructure for the abstract, and provide semantic la-
evidence for the latest interventions for any giverbels to the sentences that fall under them.

1 Introduction
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Other researchers have recognized the potentialCIPANTS labeled sentences capture sentences con-
utility of these heading (McKnight, 2003; Xu, 2006;taining the total number of participants in a trial. In
Lin, 2006). It has also been recognized that scierBection 5, we will give a detailed analysis of the la-
tific abstracts with such labels could be of imporbeled sentences.
tance to text summarization, information retrieval
and question answering (Lee, 2006; Zweigenbaurd, The Data
2003). We share' similar goals to previous resfearcfé;_l Corpus Creation
the section headings of these structured medical ab-

stracts can be used as training data for building lalN€ current corpus is obtained by&DLINE search

belers that can tag unstructured abstracts with di" RCTs. We did not constrain publications by

course structure. But also, there is a large numbdpeir date. For the purpose of constraining the size

of heading names. Sentences that occur under thé¥ePUr €orpus in these preliminary experiments, it

heading names form a labeled training set whick/@s our intention to use RCTSs pertaining to a fixed
could be used to build a classifier that recognizeS€t Of clinical conditions. Hence, we conducted a
similar sentences. Ultimately, we would like to buildMEPLINE search for RCTs with the following key-

finer-grained classifiers that exploit these semant¥0rds: asthma, diabetes, breast cancer, prostate can-

labels cer, erectile dysfunction, heart failure, cardiovascu-

' lar, angina. The resultant corpus contains 7535 ab-

In our work, we seek to demonstrate that infor-_ ’ "
. . . stracts of which 4268 are structured.

mation about patient characteristics can now be ex-

tracted from structured and unstructured abstracts.2 Structure of Medical Abstracts

We are motivated by the fact that patient CharaCte.gtructured abstracts were introduced in 1987 (Ad-

istics is one of the fundamental factors most perti- . .
stics is one of the fundamental factors most pe Hoc, 2005) to help clinical readers to quickly se-

nent to evaluation of relevance to a clinical question. . . Do
. . . ect appropriate articles, and allow more precise in-
The total number of subjects in a trial reflects on th . . .
ormation retrieval. However, currently, the major-

quality of the RCT, and additional factors such as . . :
e o .1ty of medical abstracts remain unstructured. Previ-
age, gender and other co-existing conditions, will be

crucial for assessing whether an RCT is relevant Qo> studies have concluqled that while many scien-
the medical practitioner's immediate patient 8f|C z_abstracts follow consistent pat'Ferns (e.g. In_tro—
_ _ _ " duction, Problem, Method, Evaluation, Conclusion)
This paper is organized as follows. In Section }yany siill contain missing sections or have differ-
we will describe how the RCT abstracts were Obrng structures (Orasan, 2001; Swales, 1990; Meyer,
tained, and we present a study of the discourse heapggo)_ Journals vary widely in their requirements
ings that occur in our document corpus. Section &, anstract structures.
will detail our sentence classification experiments. \ye have conducted a study of the structured ab-
We first explore classification in which the abstractg,cts in our corpus. Of 4268 structured abstracts,
are labeled under five subheadings, one of which dg;e have found a total of 238 unique section head-
scribes the patients or population group. We alspyyq The most common ones are shown in Table 1.
perform classification using a combined two-staggq, jnyestigate the numbers of variations in the ab-

scheme, bootstrapping from partially labeled datgact structure, we first manually map headings that
Finally in Section 4, we consider how well tiraR-

| Class | Example Heading Names |
1. RESULTS 6. METHODS/ RESULTS Aim AIM, AIMS, AIM OF THE STUDY..
2. METHODS 7. OBJECTIVE Setting SETTING, SETTINGS STUDY SETTING..
3. CONCLUSION | 8. PATIENTS/ METHODS Participants| PARTICIPANTS, PATIENTS, SUBJECTS.
4 BACKGROUND | 9. PURPOSE Setting/ PARTICIPANTS AND SETTINGS
5. CONCLUSION | 10.DESIGN Subjects SETTING/PATIENTS..

Table 1: The most common headings in RCT ablable 2: Examples of manual mappings for heading
stracts. names into equivalence classes.
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Structure of Abstracts | % of Corpus]|

BACKGROUND, METHOD, RESULT, CONCLUSION 16%

AIM, METHOD, RESULT, CONCLUSION 14%

AIM, PATIENT AND METHOD, RESULT, CONCLUSION 8.5%

BACKGROUND, AIM, METHOD, RESULT, CONCLUSION 7.6%

BACKGROUND, METHOD AND RESULTS CONCLUSION 6.6%

AIM, PARTICIPANTS, DESIGN, MEASUREMENTS RESULT, CONCLUSION <1%

CONTEXT, DESIGN, SETTING, PARTICIPANTS, OUTCOME MEASURES RESULT, CONCLUSION <1%

AIM, DESIGN AND SETTING PARTICIPANTS, INTERVENTION <1%
MEASUREMENTS AND MAIN RESULTS CONCLUSION

Table 3: Examples of the patterns that occur in the sectiadihgs of structured RCT abstracts.

are essentially semantically equivalent to the sanmieg names can be mapped to these general headings
classes, resulting in 106 classes. Examples of thebat the subset containing compound headings such
mappings are shown in Table 2. After the clasasMETHOD/RESULT are discarded.
mappings are applied, it turns out that there are still All the abstracts are segmented into sentences and
400 different patterns in the combinations of sectiotokenized via Metamap (Aronson, 2001). Some ab-
headings in these medical abstracts, with over 90%racts are discarded due to sentence segmentation
of these variations occurring less than 10 times. Therrors. The remainder (3657 abstracts) forms the
most common section heading patterns are shown aorpus that we will work with here. These abstracts
Table 3. Some of the less common ones are alsoe randomly divided into a training set and an initial
shown. test set, and for purposes of our experiments, they
In studying the structure of these medical abare further subdivided into abstracts with ther-
stracts, we find that the variation in structural or-TICIPANTS label and those without. The exact size
dering is large, and many of the heading names ard our data sets are given in Table 4.
unique, chosen at the discretion of the paper author. Although abstracts in Train Set A are generally
Some of the most frequent heading names are alstructured asAIM, METHOD, RESULTS CONCLU-
compound headings such a@geTHODSRESULTS  SION), they contain sentences pertaining to patient
RESULTYCONCLUSION, PATIENTS/RESULTS SUB-  or population group largely in th®ETHOD sec-

JECTS AND SETTINGS tion. In the following, we will explore three ways
o _ for labeling sentences in the abstract including label-
3 Sentence Classification Experiments ing for sentences that describe the population group.

The first employs a 5-class classifier, the second uses
a two-stage approach and the third employs an ap-
In this work, we seek to build a classifier using trainproach which uses partially labeled data.

ing data from the semantic labels already provided

by structured abstracts. It is our intention ultimately3-2 Using Labeled Data Only

to label both structured and unstructured abstractssing only abstracts from Train Set B, all sen-
with the semantic labels that are of interest for théences are mapped into one of 5 clasgest, PAR-
purposes of information extraction and answering|c|pANT5, METHOD, RESULTS CONCLUSION
specific questions regarding the trial. In our ap-

3.1 Extracting Participant Sentences

proach, we identify in our structured abstracts the Data Set NuUmber of | Number of
ones with section headings about patient character- Abstracts | Sentences
istics. These are collapsed under one semantic cldss Total in Corpus 3657 45Kk
and used as training data for a classifier. — SeTt‘fAt‘f"('nlai'; TslitIPANTS) ggig ‘3‘2::
From our 4268 structured abstracts, all the heat~riy set & (wirarTICIPANTS =96 10K
ing names are examined and are re-mapped by handTest Set (WPARTICIPANTS) 62 878

to one of five heading namesiM, METHOD, PAR-

TICIPANTS, RESULTS CONCLUSION Most head- Table 4: Sizes of data sets.

123



| | Recall | Precision| F-score | SVMs. While our training set (796 abstracts in Train
= 0, . . .
_CRF |  Accuracy=84.4% | set B) is substantially smaller than that reported in

Aim 0.98 0.91 0.95 . : . S .

Viethod 057 073 06T previous studies (McKnight, 2003; Lin, 2006; Xu,
Participants| 0.79 0.73 0.76 2006), theF-score forAIM, RESULTS CONCLU-

Results | 0.95 0.87 0.91 SION are comparable to previous results. By far the
Conclusion] 091 | 0.97 0.94 largest sources of classification error are the confu-

[ SVWM ] Accuracy = 80.2% | :
. sions betweemETHOD and PARTICIPANTS class.

Aim 0.87 0.91 0.90 . . .

Vethod 064 068 067 In training we have included into tiARTICIPANTS
Participants| 0.73 0.70 0.72 class all sentences that come under compound

Results | 0.89 | 0.84 0.86 headings, and therefore tHaRTICIPANTS section
Conclusion| 0.80 0.88 0.83

can often encompass several sentences that contain
Table 5: Classification of sentences in RCT abstractietailed information regarding the intervention,
into 5 semantic classes using CRFs and SVMs. Trand the type of study, as exemplified below.

recall, precision and’-score are reported on our un- Doppler echocardiography was performed in 21 GH de-
seen test set ficient patients after 4 months placebo and 4 months GH

therapy, in a double blind cross-over study. In an open
design study, 13 patients were reinvestigated following
16 months and 9 patients following 38 months of GH

The PARTICIPANTS class subsume all headings therapy. Twenty-one age and sex-matched normal con-
that include mention of population characteristics trol subjects were also investigated. :
i ) Nonetheless, information about the patient popula-

These include compound headings such asF tion is embedded within these sentences.
TING/POPULATION, PATIENTS/DESIGN. Sentences
associated with these compound headings often ig-
clude long sentences that describe the participant
group as well as a second aspect of the study suétn alternative approach is to adopt a two-stage hi-
as setting or design. erarchical strategy. First we build a classifier which

We build a 5-class classifier using linear-chairperforms a 4-way classification based on the labels
conditional random fields (CRF$).CRFs (Sutton, AIM, METHOD, RESULTS CONCLUSION, and a sec-
2006) are undirected graphical models that are di&nd stage binary classifier tags all hheTHOD sen-
criminatively trained to maximize the conditional tences into eithemETHOD or PARTICIPANTS There
probability of a set of output variables given a set ofire two distinct advantages to this approach. (1) In
input variables. We simply use bag-of-words as feaeur 5-class classifier, it is clear thatETHOD and
tures because past studies (McKnight, 2003), usirRpRTICIPANTS are confusable and a dedicated clas-
n-gram-based features did not improve accuratiessifier to perform this subtask may be more effective.

As a baseline comparison, we have per‘formeﬂZ) The corpus of abstracts with only the 4 classes
classification using a Support Vector Machindabeled is much larger (3439 abstracts), and hence
(SVM) classifier (Burges, 1998; Witten, 2005), withthe resultant classifier is likely to be trained more
aradial basis functions (RBF) kernel. To help modelobustly. Our first stage classifier is a CRF tagger.
the sequential ordering, a normalized integer for th¥ is trained on the combined training sets A and B,
sentence number in the abstract is included as a faghereby all sentences in the structured abstracts are
ture. mapped to the 4-class labels. The second stage bi-

Experimental results are shown in Table 5. CRFBary classifier is an SVM classifier. The SVM clas-
clearly outperform SVMs in this classification task.sifier has been augmented with additional features of
This may in part be attributable to the explicitthe semantic labels tagged via Metamap tagger. It is
sequential modeling in the CRFs compared witfirained on the subset of Train Set A (3499 sentences)

that is labeled as eith##/ETHOD Or PARTICIPANTS

'We used the SimpleTagger command line interface of the C|assification results for the unseen test set are re-

Mallet software package (McCallum, 2002). . . .
Qorted in Table 6. The 4-class classifier yielfls

2In other experiments, attempts to use stemming and r
moval of stop words also did not improve performance. scores between 0.92 and 0.96. We report results for

Using a Two-Stage Method
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(1) 4-class Accuracy = 92.7% | | Recall | Precision| F-score |
Recall | Precision]| F-score [ 5class | Accuracy = 87.6% |
Aim 0.98 0.94 0.96 Aim 0.99 0.95 0.97
Method | 0.89 0.95 0.92 Method | 0.67 0.77 0.72
Results | 0.95 0.89 0.92 Participants| 0.90 0.77 0.83
Conclusion| 0.91 0.97 0.94 Results 0.91 0.92 0.92
(2) 2-class Accuracy = 80.1% Conclusion| 0.90 0.97 0.93
Method 0.73 0.83 0.78
Participants| 0.87 0.78 0.81 Table 7: Classification into 5 classes as described
[ (3)5-class | Accuracy =86.0% ] in Section 3.4. All results (recall, precision aift
Aim 096 | 092 0.96 score) are reported on the unseen test set.
Method 0.66 0.79 0.71
Participants| 0.77 0.72 0.75
Results 0.94 0.89 0.92
Conclusion| 0.91 0.97 0.94 3. Allthe sentences in Train Set A are now labeled

in terms of the 5 classes, and a score is avail-
able from the SVM output is associated with
those sentences labeled as eith@THOD or
PARTICIPANTS The abstracts that contain sen-
tences scoring above a pre-determined thresh-
old score are then pooled with sentences in
Train Set B into a single training corpus. We
tuned the threshold value by testing on a de-
velopment set held out from Train Set B. As a

the binary SVM classifier on the subset of test set ~ result, 1217 sentences from Train Set A is com-

sentences (253 sentences) that are eithferHoD bined with Train Set B.

or PARTICIPANTS N Table 6. 4. The final training corpus is used to train a CRF
The two stage method here has yielded some tagger to label sentences into one of 5 classes.

gains in performance for each class exceptFioRr-

TICIPANTS. The gains are likely to have been due to The results of classification on the unseen test set

increased training data particularly for the classegire reported in Table 7. Overall accuracy for classifi-

Table 6: (1) Classification using CRFs into 4 ma-
jor semantic classes with combined Train Set A and
B as training data. (2) Binary SVM classification
of a subset of test set sentences. (3) Classification
into 5 classes as described in Section 3.3. All results
(recall, precision and-score) are reported on the
unseen test set.

AIM, RESULTSandCONCLUSION cation improves to 87.6% primarily because there is
a marked improvement is observed for thescores
3.4 Augmenting with Partially Labeled Data of the PARTICIPANTS class. Our best results here

We investigate a second method for leveraging th&® comparable to those previously reported on sim-

data available in Train Set A. We hypothesize thala" tasks on the classiiM, RESULTS and CON-
many sentences within theeTHOD section of Train CLUSION .(Xu, 2006; Lin, 20_06)' TheF-score for
Set A do in fact describe patient information andETHOD IS lower because introducing RARTICI-
could be used as training data. We propose a bodtANTS label has increased confusability.
strapping method whereby some of the sentencesjln
Train Set A are tagged by a binary SVM classifier

and used as training data in the 5-class CRF classjie have demonstrated that for a structured abstract
fier. The following describes each step: it is possible to predict sentences that are associ-
ated with population characteristics. However, our
1. A binary SVM classifier is trained on the sub-|timate objective is to extract these kinds of sen-
set of sentences in Train Set B labeled withences from unstructured abstracts, and even to ex-
METHOD andPARTICIPANTS tract more fine-grained information. In this section,
2. The trained SVM classifier is used to label allve will examine whether labeling sentences into one
the sentences in Train Set A that are originallyof 5 classes can aid us in the extraction of the total
labeled with themETHOD class. number of patients from an RCT.

Extraction of Number of Patients
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Abstracts w/ | % tagged as number actually mention the number in thev or
— Total fgb‘e“s PART;'(;)ANTS RESULTS section, rather than th@ETHOD or PAR-
Unstructured 103 ~5% TICIPANTS. Only 12 abstracts contain explicit head-
ings referring to participants, where the total number
Table 8: Extraction of the total number of subjectsf subjects in the trial is mentioned under the corre-
in atrial in a human annotated test set, as describeponding heading.

in Section 4.2 In this task, we only consider that total number of
subjects enrolled in a study, and have yet to account
for additional population numbers such as the drop
out rate, the follow-up rate, or the number of sub-
In a concurrent annotation effort to label RCT abjects in each arm of a study. These are often reported
stracts, human annotators manually tagged a sefig-an abstract without mentioning the total number
rate test set of 204 abstracts with the total numbeyf patients to begin with. The classifier will tag sen-

of participants in each study. Of the 204 abstractsences that describe thesePaRTICIPANT Sentences
148 are unstructured and 56 are structured. None gbnetheless.

these 204 abstracts are part of the training set, de-
scribed in this paper. 5 Analysis and Discussion

4.1 Annotation

4.2 Experiments We will further analyze the potential for using sen-

The abstracts from this annotated test set are préences tagged aBARTICIPANTS as summaries of
cessed by the classifier described in Section 3.4. FBppulation characteristics for a trial. Table 9 gives
all the abstracts which mention the total number o$0me examples of sentences tagged by the classifier.
participants in the RCT, we compute the frequency Sentences that appear UNdBRTICIPANTS in
for which this is included in the sentences labeled a8fructured abstracts are often concise descriptions of
PARTICIPANTS Results are depicted in Table 8.  the population group with details about age, gender,
Upon subsequent examination of the test set, it @d conditions, as seen in Example 1. Otherwise,
found that only 82% (46/56) of the structured abthey can also be extensive descriptions, providing
stracts and 70% (103/148) of unstructured abstracgelection criteria and some detail about method, as
contain information about total number of partici-in Example 2.
pants in the trial. As seen in Table 8, in 87% of the Examples 3 and 4 show sentences from the test set
46 structured abstracts, and in 72% of the 103 uref Section 4. Example 3 has been labeled asr:
structured abstracts, the total number of participanf8CIPANTS sentence by the classifier. It describes
are mentioned in the labelePARTICIPANTS sen- patient characteristics, giving the population num-
tences. The extraction of the total number of particiber for each arm of the trial but does not reveal the
pants is significantly worse in unstructured abstract®tal number of subjects. Example 3 appears under
which do not adhere to the strict discourse structurgfe headingfETHODS AND RESULTSIN the original
given by the headings of structured abstracts. labstract. Example 4 is from an unstructured abstract,
13% (13/103) of the unstructured abstracts, the totathere information about the intervention and popu-
number of participants appears in the first sentenckgtion and study design are interleaved in the same
which is usually tagged as them. It is evident that sentences but tagged by the classifieragTiCI-
in the absence of structure, patient information caRANTS. Many sentences tagged BSRTICIPANTS
occur in any sentence in the abstract, or for that mag&lso do not give explicit information about popula-
ter, it may appear only in the body of the paper. Oution numbers but only provide descriptors for patient
method of training first on structured abstracts magharacteristics.
be a strong limitation to extraction of information It is also plausible that our task has been made
from unstructured abstracts. more challenging compared with previous reported
Even for the structured abstracts in the test set, 9%udies because our corpus has not been filtered for
(4/46) of the set of abstracts containing populatiopublication date. Hence, the numbers of publica-
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1. Male smokers aged 50-69 years who had angina pectori®iRdlse chest pain questionnaire at baseline (L795).
PMID: 9659191

2. The study included 809 patients under 70 years of age tatliesangina pectoris. The mean age of the patients was 59 +/-
7 years and 31% were women. Exclusion criteria were myoahitafiarction within the previous 3 years and contraindimas
to beta-blockers and calcium antagonists. The patients feiowed between 6 and 75 months (median 3.4 years andlajtota
of 2887 patient yearsPMID: 8682134
3. Subjects with Canadian Cardiovascular Society (CC3ps3#4 angina and reversible perfusion defects were rarmahii
to SCS (34) or PMR (34PMID: 16554313
4. Sixty healthy women, half of whom had been using OCs faradtithe previous 6 months, participated in the study. Appto
imately two thirds were smokers and were randomized to bedesfter either a 12 hr nicotine deprivation or admini$orat
of nicotine gum. One third were nonsmokePMID: 11495215

Table 9: Examples of sentences labeled urrdTICIPANTS class, forming summaries of the population
characteristics of a trial. Examples 1 and 2 are typicalesargs under theARTICIPANTS heading in the
train set. Examples 3 and 4 are from the annotated test setiS&sion 5 for more detailed explanation.

tions and structural characteristics of our abstract®006), several machine learning methods, decision
may be broader than previous reports which filter fotree, maximum entropy and naive Bayes, are evalu-

abstracts to a narrow time frame (Xu, 2006). ated with an HMM-based algorithm. 3.8k abstracts
from 2004 and 2005 were used as training data, and

6 Related Work experiments yielded average precision of 0.94 and
recall of 0.93.

In recent years, there has been a growth in researchg e griving model for information extraction in

in information extraction and NLP in the medicalRCTS is the PICO framework (Richardson, 1995).
domgin particularly in the RCT Iiter.ature. This iSThis is a task-based model for EBM formulated to
due in part to the emergence of lexical and semafyqqist EBM practitioners to articulate well-formed
tic resources such as the Unified Medical Languagg estions in order to find useful answers in clinical
System (UMLS) (Lindberg, 1993), and softwarégcenarios. PICO elements are Patient/Population,
such as MetaMap (Aronson, 2001), which transSyenention, Comparison and Outcome. This model
forms textinto UMLS concepts, and SemRep (RiNdq 5 peen adopted by researchers (Demner-Fushman,
flesch, 2003), which identifies semantic proposinggs. Njy, 2004) as a guideline for elements that can
tions. _ be automatically extracted from RCTs and patient

There are a number of previous attempts {0 Pefucords. However, doubts have been raised about
form text categorization on sentencesMEDLINE  the uiility of PICO as a generic knowledge repre-
abstracts into generic discourse level section headantation for computational approaches to answer-
ings. They all share the goal of assigning structurﬁ‘,]g clinical questions (Huang, 2006).

to unstructured abstracts for the purpose of sum- |, experiments reported in (Demner-Fushman

marization or question answering. All previous at2005) the PICO framework was used as a basis
tempts have mapped the given headings to four @5 eytracting population, problem, intervention and
five generic classes, and performed text categorizgsmnarison for the purpose of evaluating relevance
tion on large sets of RCTs without any disease Q¢ o apstract to a particular clinical question. In this
condition-specific filtering. Studies have shown th%ork, the population statements were located via a

results deteriorate when classifying sentences in Uay of hand-written rules that were based on extract-
structured abstracts (McKnight, 2003; Lin, 2006)in4 an actual numeric value for the population.

In (McKnight, 2003), McKnight and Srinivisan used

an SVM for tagging sentences into 4 classes. Using  conclusions

a corpus of 7k abstracts, they obtdihscores from

0.82 to 0.89. Later papers in (Xu, 2006; Lin, 2006)n this study, we investigated the use of conditional
have found that Hidden Markov Models (HMMs)random fields for classifying sentences in medical
based approaches more effectively model the sabstracts. Our results particularly in terms Bbf
guential ordering of sentences in abstracts. In (Xwgcores for generic section headings suchias, RE-
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SuULTSandCONCLUSIONwere comparable to previ- X. Huang et al. 2006. Evaluation of PICO as a Knowledge
p p
ous studies, even with smaller training sets. We in- Representation for Clinical Questionsnn. Symp. of AMIA
vestigated the use of text classification by Ieveraginlc:; PPEST=IRS. _ _
th bset of abstracts with exolicitly labeledr- . Hunter and K. Bretonnel Cohen. 2006. Biomedical lan-
e su o p y guage processing: what's beyond PubMed@lecular Cell,
TICIPANTS sentences combining the use of CRFs 21:589-594.
and SVMs, and exploiting partially labeled data. J. Lin et al. 2006. Generative Content Models for Structural
One main objective here is to label sentences that Analysis of Medical Abstracts.Workshop on Biomedical
. . .. Natural Language Processing BioNINew York.
describe population characteristics in structured and _ - _
tructured abstracts. We found that unstruct re%, A. Lindberg et al. 1993. The Unified Medical Language
unstruc ure_ abstracts. ) u u uctu System. Methods of Information in Medicing2(4):281—
abstracts differ substantially from structured ones, 291.
and alternative approaches will be necessary fa mccallum. 2002.MALLET: A Machine Learning for Lan-
extracting information from unstructured abstracts. 9uage Toolkithttp://mallet.cs.umass.edu.
Furthermore, critical details that are needed by b McKnight and P. Srinivasan 2003. Categorization of Sen-

physician when evaluating a study such as exclusion :)epnffojﬁzs in Medical AbstractsAnn. Symp. of AMIA

crltgrla, d_rOp out rate, follow up rate, etc, may OnlyM. Lee et al. 2006. Beyond Information Retrieval-Medical
be listed in the full text of the study. Future work  Question AnsweringAnn. Symp. of AMIA.

will address extracting information beyond the aby, Niy and G. Hirst. 2005. Analysis of semantic classes in
stract. medical text for question answeringvorkshop on Question
Answering in Restricted DomainBarcelona.
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Abstract

Code assignment is important for handling
large amounts of electronic medical data in
the modern hospital. However, only expert
annotators with extensive training can as-
sign codes. We present a system for the
assignment of ICD-9-CM clinical codes to
free text radiology reports. Our system as-
signs a code configuration, predicting one or
more codes for each document. We com-
bine three coding systems into a single learn-
ing system for higher accuracy. We compare
our system on a real world medical dataset
with both human annotators and other auto-
mated systems, achieving nearly the maxi-
mum score on the Computational Medicine
Center’s challenge.

1 Introduction

The modern hospital generates tremendous amounts
of data: medical records, lab reports, doctor notes,
and numerous other sources of information. As hos-
pitals move towards fully electronic record keeping,
the volume of this data only increases. While many
medical systems encourage the use of structured in-
formation, including assigning standardized codes,
most medical data, and often times the most impor-
tant information, is stored as unstructured text.

This daunting amount of medical text creates
exciting opportunities for applications of learning
methods, such as search, document classification,
data mining, information extraction, and relation ex-
traction (Shortliffe and Cimino, 2006). These ap-
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plications have the potential for considerable bene-
fit to the medical community as they can leverage
information collected by hospitals and provide in-
centives for electronic record storage. Much of the
data generated by medical personnel is unused past
the clinical visit, often times because there is no way
to simply and quickly apply the wealth of informa-
tion. Medical NLP holds the promise of both greater
care for individual patients and enhanced knowledge
about health care.

In this work we explore the assignment of ICD-9-
CM codes to clinical reports. We focus on this prac-
tical problem since it is representative of the type
of task faced by medical personnel on a daily ba-
sis. Many hospitals organize and code documents
for later retrieval using different coding standards.
Often times, these standards are extremely complex
and only trained expert coders can properly perform
the task, making the process of coding documents
both expensive and unreliable since a coder must se-
lect from thousands of codes a small number for a
given report. An accurate automated system would
reduce costs, simplify the task for coders, and create
a greater consensus and standardization of hospital
data.

This paper addresses some of the challenges asso-
ciated with ICD-9-CM code assignment to clinical
free text, as well as general issues facing applica-
tions of NLP to medical text. We present our auto-
mated system for code assignment developed for the
Computational Medicine Center’s challenge. Our
approach uses several classification systems, each
with the goal of predicting the exact code configu-
ration for a medical report. We then use a learning

BioNLP 2007: Biological, translational, and clinical language processing, pages 129-136,
Prague, June 2007. (©2007 Association for Computational Linguistics



system to combine our predictions for superior per-
formance.

This paper is organized as follows. First, we ex-
plain our task and difficulties in detail. Next we de-
scribe our three automated systems and features. We
combine the three approaches to create a single su-
perior system. We evaluate our system on clinical
reports and show accuracy approaching human per-
formance and the challenge’s best score.

2 Task Overview

The health care system employs a large number of
categorization and classification systems to assist
data management for a variety of tasks, including
patient care, record storage and retrieval, statistical
analysis, insurance, and billing. One of these sys-
tems is the International Classification of Diseases,
Ninth Revision, Clinical Modification (ICD-9-CM)
which is the official system of assigning codes to di-
agnoses and procedures associated with hospital uti-
lization in the United States. ! The coding system
is based on World Health Organization guidelines.
An ICD-9-CM code indicates a classification of a
disease, symptom, procedure, injury, or information
from the personal history. Codes are organized hier-
archically, where top level entries are general group-
ings (e.g. “diseases of the respiratory system”) and
bottom level codes indicate specific symptoms or
diseases and their location (e.g. “pneumonia in as-
pergillosis”). Each specific, low-level code consists
of 4 or 5 digits, with a decimal after the third. Higher
level codes typically include only 3 digits. Overall,
there are thousands of codes that cover a broad range
of medical conditions.

Codes are assigned to medical reports by doc-
tors, nurses and other trained experts based on com-
plex coding guidelines (National Center for Health
Statistics, 2006). A particular medical report can be
assigned any number of relevant codes. For exam-
ple, if a patient exhibits a cough, fever and wheez-
ing, all three codes should be assigned. In addi-
tion to finding appropriate codes for each condition,
complex rules guide code assignment. For exam-
ple, a diagnosis code should always be assigned if a
diagnosis is reached, a diagnosis code should never

'nttp://www.cdc.gov/nchs/about/otheract/
icd9/abticd9.htm
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be assigned when the diagnosis is unclear, a symp-
tom should never be assigned when a diagnosis is
present, and the most specific code is preferred. This
means that codes that seem appropriate to a report
should be omitted in specific cases. For example,
a patient with hallucinations should be coded 780.1
(hallucinations) but for visual hallucinations, the
correct code is 368.16. The large number of codes
and complexity of assignment rules make this a diffi-
cult problem for humans (inter-annotator agreement
is low). Therefore, an automated system that sug-
gested or assigned codes could make medical data
more consistent.

These complexities make the problem difficult
for NLP systems. Consider the task as multi-class,
multi-label. For a given document, many codes may
seem appropriate but it may not be clear to the algo-
rithm how many to assign. Furthermore, the codes
are not independent and different labels can inter-
act to either increase or decrease the likelihood of
the other. Consider a report that says, “patient re-
ports cough and fever.” The presence of the words
cough and fever indicate codes 786.2 (cough) and
780.6 (fever). However, if the report continues to
state that “patient has pneumonia” then these codes
are dropped in favor of 486 (pneumonia). Further-
more, if the report then says “verify clinically”, then
the diagnosis is uncertain and only codes 786.2 and
780.6 apply. Clearly, this is a challenging problem,
especially for an automated system.

2.1 Corpus

We built and evaluated our system in accordance
with the Computational Medicine Center’s (CMC)
2007 Medical Natural Language Processing Chal-
lenge.? Since release of medical data must strictly
follow HIPAA standards, the challenge corpus un-
derwent extensive treatment for disambiguation,
anonymization, and careful scrubbing. A detailed
description of data preparation is found in Compu-
tational Medicine Center (2007). We describe the
corpus here to provide context for our task.

The training corpus is comprised of 978 radiolog-
ical reports taken from real medical records. A test
corpus contains 976 unlabeled documents. Radiol-
ogy reports have two text fields, clinical history and

waw.computationalmedicine.org/challenge



impression. The physician ordering the x-ray writes
the clinical history, which contains patient informa-
tion for the radiologist, including history and current
symptoms. Sometimes a guess as to the diagnosis
appears (“evaluate for asthma”). The descriptions
are sometimes whole sentences and other times sin-
gle words (“‘cough”). The radiologist writes the im-
pression to summarize his or her findings. It con-
tains a short analysis and often times a best guess as
to the diagnosis. At times this field is terse, (“pneu-
monia” or “normal kidneys”) and at others it con-
tains an entire paragraph of text. Together, these two
fields are used to assign ICD-9-CM codes, which
justify a certain procedure, possibly for reimburse-
ment by the insurance company.

Only a small percentage of ICD-9-CM codes ap-
pear in the challenge. In total, the reports include 45
different codes arranged in 94 configurations (com-
binations). Some of these codes appear frequently,
while others are rare, appearing only a single time.
The test set is restricted so that each configuration
appears at least once in the training set, although
there is no further guarantee as to the test set’s distri-
bution over codes. Therefore, in addition to a large
number of codes, there is variability in the amount
of data for each code. Four codes have over 100
examples each and 24 codes have 10 or fewer doc-
uments, with 10 of these codes having only a single
document.

Since code annotation is a difficult task, each doc-
ument in the corpus was evaluated by three expert
annotators. A gold annotation was created by tak-
ing the majority of the annotators; if two of the three
annotators provided a code, that code is used in the
gold configuration. This approach means that a doc-
ument’s configuration may be a construction of mul-
tiple annotators and may not match any of the three
annotators exactly. Both the individual and the ma-
jority annotations are included with the training cor-
pus.

While others have attempted ICD-9 code classi-
fication, our task differs in two respects (Section 7
provides an overview of previous work). First, pre-
vious work has used discharge reports, which are
typically longer with more text fields. Second, while
most systems are evaluated as a recommendation
system, offering the top k£ codes and then scoring
recall at k, our task is to provide the exact configu-
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ration. The CMC challenge evaluated systems using
an F1 score, so we are penalized if we suggest any
label that does not appear in the majority annotation.

To estimate task difficulty we measured the inter-
annotator score for the training set using the three
annotations provided. We scored two annotations
with the micro average F1, which weighs each code
assignment equally (see Section 5 for details on
evaluation metrics). If an annotator omitted a code
and included an extra code, he or she is penalized
with a false positive (omitting a code) and a false
negative (adding an extra code). We measured anno-
tators against each other; the average f-measure was
74.85 (standard deviation of .06). These scores were
low since annotators chose from an unrestricted set
of codes, many of which were not included in the fi-
nal majority annotation. However, these scores still
indicate the human accuracy for this task using an
unrestricted label set. 3

3 Code Assignment System

We developed three automated systems guided by
our above analysis. First, we designed a learning
system that used natural language features from the
official code descriptions and the text of each re-
port. It is general purpose and labels all 45 codes
and 94 configurations (labels). Second, we built a
rule based system that assigned codes based on the
overlap between the reports and code descriptions,
similar to how an annotator may search code de-
scriptions for appropriate labels. Finally, a special-
ized system aimed at the most common codes imple-
mented a policy that mimics the guidelines a medical
staffer would use to assign these codes.

3.1 Learning System

We begin with some notational definitions. In what
follows, x denotes the generic input document (ra-
diology report), Y denotes the set of possible label-
ings (code configurations) of z, and y*(z) the cor-
rect labeling of . For each pair of document x
and labeling y € Y, we compute a vector-valued
feature representation f(x,y). A linear model is

3We also measured each annotator with the majority codes,
taking the average score (87.48), and the best annotator with
the majority label (92.8). However, these numbers are highly
biased since the annotator influences the majority labeling. We
observe that our final system still exceeds the average score.



given by a weight vector w. Given this weight vec-
tor w, the score w - f(x,y) ranks possible labelings
of =, and we denote by Y}, ,(x) the set of k top
scoring labelings for x. For some structured prob-
lems, a factorization of f(x,y) is required to enable
a dynamic program for inference. For our problem,
we know all the possible configurations in advance
(there are 94 of them) so we can pick the highest
scoring y € Y by trying them all. For each docu-
ment = and possible labeling y, we compute a score
using w and the feature representation f(x,y). The
top scoring y is output as the correct label. Section
3.1.1 describes our feature function f(z,y) while
Section 3.1.2 describes how we find a good weight
vector w.

3.1.1 Features

Problem representation is one of the most impor-
tant aspects of a learning system. In our case, this
is defined by the set of features f(x,y). Ideally we
would like a linear combination of our features to ex-
actly specify the true labeling of all the instances, but
we want to have a small total number of features so
that we can accurately estimate their values. We sep-
arate our features into two classes: label specific fea-
tures and transfer features. For simplicity, we index
features by their name. Label specific features are
only present for a single label. For example, a simple
class of label specific features is the conjunction of a
word in the document with an ICD-9-CM code in the
label. Thus, for each word we create 94 features, i.e.
the word conjoined with every label. These features
tend to be very powerful, since weights for them can
encode very specific information about the way doc-
tors talk about a disease, such as the feature “con-
tains word pneumonia and label contains code 486”.
Unfortunately, the cost of this power is that there are
a large number of these features, making parameter
estimation difficult for rare labels. In contrast, trans-
fer features can be present in multiple labels. An
example of a transfer feature might be “the impres-
sion contains all the words in the code descriptions
of the codes in this label”. Transfer features allow us
to generalize from one label to another by learning
things like “if all the words of the label description
occur in the impression, then this label is likely” but
have the drawback that we cannot learn specific de-
tails about common labels. For example, we cannot
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learn that the word “pneumonia” in the impression
is negatively correlated with the code cough. The
inclusion of both label specific and transfer features
allows us to learn specificity where we have a large
number of examples and generality for rare codes.

Before feature extraction we normalized the re-
ports’ text by converting it to lower case and by
replacing all numbers (and digit sequences) with a
single token (NUM). We also prepared a synonym
dictionary for a subset of the tokens and n-grams
present in the training data. The synonym dictionary
was based on MeSH*, the Medical Subject Headings
vocabulary, in which synonyms are listed as terms
under the same concept. All ngrams and tokens
in the training data which had mappings defined in
the synonym dictionary were then replaced by their
normalized token; e.g. all mentions of “nocturnal
enuresis” or “nighttime urinary incontinence” were
replaced by the token “bedwetting”. Additionally,
we constructed descriptions for each code automati-
cally from the official ICD-9-CM code descriptions
in National Center for Health Statistics (2006). We
also created a mapping between code and code type
(diagnosis or symptom) using the guidelines.

Our system used the following features. The de-
scriptions of particular features are in quotes, while
schemes for constructing features are not.

e “this configuration contains a disease code”,
“this configuration contains a symptom code”,
“this configuration contains an ambiguous
code” and “this configuration contains both dis-
ease and symptom codes”.’

e With the exception of stop-words, all words of
the impression and history conjoined with each
label in the configuration; pairs of words con-
joined with each label; words conjoined with
pairs of labels. For example, “the impression
contains ‘pneumonia’ and the label contains
codes 786.2 and 780.6”.

e A feature indicating when the history or im-

pression contains a complete code description
‘www.nlm.nih. gov/mesh
SWe included a feature for configurations that had both dis-
ease and symptom codes because they appeared in the training
data, even though coding guidelines prohibit these configura-
tions.



for the label; one for a word in common with
the code description for one of the codes in the
label; a common word conjoined with the pres-
ence of a negation word nearby (“no”, “not”,
etc.); a word in common with a code descrip-
tion not present in the label. We applied similar
features using negative words associated with

each code.

o A feature indicating when a soft negation word
appears in the text (“probable”, “possible”,
“suspected”, etc.) conjoined with words that
follow; the token length of a text field (“im-
pression length=3"); a conjunction of a feature
indicating a short text field with the words in
the field (“impression length=1 and ‘pneumo-
nia’ )

e A feature indicating each n-gram sequence that
appears in both the impression and clinical his-
tory; the conjunction of certain terms where
one appears in the history and the other in the
impression (e.g. “cough in history and pneu-
monia in impression”).

3.1.2 Learning Technique

Using these feature representations, we now learn
a weight vector w that scores the correct labelings
of the data higher than incorrect labelings. We used
a k-best version of the MIRA algorithm (Crammer,
2004; McDonald et al., 2005). MIRA is an online
learning algorithm that for each training document
x updates the weight vector w according to the rule:

Wpew = arg min HU} - wold”
st Yy € Vi, () :
w- f(z,y*(x) —w- f(z,y) > L(y*(2),y)

where L(y*(x),y) is a measure of the loss of label-
ing y with respect to the correct labeling y*(z). For
our experiments, we set k to 30 and iterated over the
training data 10 times. Two standard modifications
to this approach also helped. First, rather than using
just the final weight vector, we average all weight
vectors. This has a smoothing effect that improves
performance on most problems. The second modifi-
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cation is the introduction of slack variables:

Wpew = arg mui}n ||U) - wold” + 7y Z fz
7

st. Yy € Yy, () :

w- f(z,y"(z)) —w- f(z,y) > L(y*(z),y) — &
Vie{l...k}: &>0.

We used a v of 1072 in our experiments.

The most straightforward loss function is the 0/1
loss, which is one if y does not equal y*(x) and zero
otherwise. Since we are evaluated based on the num-
ber of false negative and false positive ICD-9-CM
codes assigned to all the documents, we used a loss
that is the sum of the number of false positive and the
number of false negative labels that y assigns with
respect to y* ().

Finally, we only used features that were possi-
ble for some labeling of the test data by using only
the test data to construct our feature alphabet. This
forced the learner to focus on hypotheses that could
be used at test time and resulted in a 1% increase in
F-measure in our final system on the test data.

3.2 Rule Based System

Since some of the configurations appear a small
number of times in our corpus (some only once),
we built a rule based system that requires no train-
ing. The system uses a description of the ICD-9-CM
codes and their types, similar to the list used by our
learning system (Section 3.1.1). The code descrip-
tions include between one and four short descrip-
tions, such as “reactive airway disease”, “asthma”,
and “chronic obstructive pulmonary disease”. We
treat each of these descriptions as a bag of words.
For a given report, the system parses both the clini-
cal history and impression into sentences, using “.”
as a sentence divider. Each sentence is the checked
to see if all of the words in a code description appear
in the sentence. If a match is found, we set a flag
corresponding to the code. However, if the code is
a disease, we search for a negation word in the sen-
tence, removing the flag if a negation word is found.
Once all code descriptions have been evaluated, we
check if there are any flags set for disease codes. If
so, we remove all symptom code flags. We then emit
a code corresponding to each set flag. This simple
system does not enforce configuration restrictions;



we may predict a code configuration that does not
appear in our training data. Adding this restriction
improved precision but hurt recall, leading to a slight
decrease in F1 score. We therefore omitted the re-
striction from our system.

3.3 Automatic Coding Policies

As we described in Section 2, enforcing coding
guidelines can be a complex task. While a learning
system may have trouble coding a document, a hu-
man may be able to define a simple policy for cod-
ing. Since some of the most frequent codes in our
dataset have this property, we decided to implement
such an automatic coding policy. We selected two
related sets of codes to target with a rule based sys-
tem, a set of codes found in pneumonia reports and
a set for urinary tract infection/reflux reports.
Reports related to pneumonia are the most com-
mon in our dataset and include codes for pneumo-
nia, asthma, fever, cough and wheezing; we handle
them with a single policy. Our policy is as follows:

e Search for a small set of keywords (e.g.
“cough”, “fever”) to determine if a code should
be applied.

o If “pneumonia” appears unnegated in the im-
pression and the impression is short, or if it oc-
curs in the clinical history and is not preceded
by phrases such as “evaluate for” or “history
of”, apply pneumonia code and stop.

e Use the same rule to code asthma by looking
for “asthma” or “reactive airway disease”.

o If no diagnosis is found, code all non-negated
symptoms (cough, fever, wheezing).

We selected 80% of the training set to evaluate in the
construction of our rules. We then ran the finished
system on both this training set and the held out 20%
of the data. The system achieved F1 scores of 87%
on the training set and 84% on the held out data for
these five codes. The comparable scores indicates
that we did not over-fit the training data.

We designed a similar policy for two other related
codes, urinary tract infection and vesicoureteral re-
flux. We found these codes to be more complex as
they included a wide range of kidney disorders. On
these two codes, our system achieved 78% on the
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train set and 76% on the held out data. Overall, au-
tomatically applying our two policies yielded high
confidence predictions for a significant subset of the
corpus.

4 Combined System

Since our three systems take complimentary ap-
proaches to the problem, we combined them to im-
prove performance. First, we took our automatic
policy and rule based systems and cascaded them; if
the automatic policy system does not apply a code,
the rule based system classifies the report. We used
a cascaded approach since the automatic policy sys-
tem was very accurate when it was able to assign
a code. Therefore, the rule based system defers to
the policy system when it is triggered. Next, we in-
cluded the prediction of the cascaded system as a
feature for our learning system. We used two fea-
ture rules: “cascaded-system predicted exactly this
label” and ‘“cascaded-system predicted one of the
codes in this label”. As we show, this yielded our
most accurate system. While we could have used a
meta-classifier to combine the three systems, includ-
ing the rule based systems as features to the learning
system allowed it to learn the appropriate weights
for the rule based predictions.

5 Evaluation Metric

Evaluation metrics for this task are often based on
recommendation systems, where the system returns
a list of the top k& codes for selection by the user. As
a result, typical metrics are “recall at £~ and aver-
age precision (Larkey and Croft, 1995). Instead, our
goal was to predict the exact configuration, returning
exactly the number of codes predicted to be on the
report. The competition used a micro-averaged F1
score to evaluate predictions. A contingency table
(confusion matrix) is computed by summing over
each predicted code for each document by predic-
tion type (true positive, false positive, false negative)
weighing each code assignment equally. F1 score
is computed based on the resultant table. If specific
codes or under-coding is favored, we can modify our
learning loss function as described in Section 3.1.2.
A detailed treatment of this evaluation metric can be
found in Computational Medicine Center (2007).



System Precision | Recall | FI1

BL 61.86 72.58 | 66.79
RULE 81.9 82.0 | 82.0
CASCADE 86.04 84.56 | 853
LEARN 85.5 83.6 | 84.6
CASCADE+LEARN 87.1 85.9 86.5

Table 1: Performance of our systems on the provided
labeled training data (F1 score). The learning sys-
tems (CASCADE+LEARN and LEARN ) were eval-
uated on ten random split of the data while RULE
was evaluated on all of the training data. We include
a simple rule based system (BL ) as a baseline.

6 Results

We evaluated our systems on the labeled training
data of 978 radiology reports. For each report, each
system predicted an exact configuration of codes
(i.e. one of 94 possible labels). We score each sys-
tem using a micro-averaged F1 score. Since we only
had labels for the training data, we divided the data
using an 80/20 training test split and averaged results
over 10 runs for our learning systems. We evaluated
the following systems:

e RULE : The rule based system based on ICD-
9-CM code descriptions (Section 3.2).

e CASCADE : The automatic code policy system
(Section 3.3) cascaded with RULE (Section 4).

o LEARN : The learning system with both label
specific and transfer features (Section 3.1).

o CASCADE+LEARN : Our combined system
that incorporates CASCADE predictions as a
feature to LEARN (Section 4).

For a baseline, we built a simple system that ap-
plies the official ICD-9-CM code descriptions to find
the correct labels (BL ). For each code in the train-
ing set, the system generates text-segments related to
it. During testing, for each new document, the sys-
tem checks if any text-segment (as discovered dur-
ing training) appears in the document. If so, the cor-
responding code is predicted. The results from our
four systems and baseline are shown in Table 1.
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System Train | Test
CASCADE 85.3 84

CASCADE+LEARN | 86.5 | 87.60
Average - 76.6
Best - 89.08

Table 2: Performance of two systems on the train
and test data. Results obtained from the web sub-
mission interface were rounded. Average and Best
are the average and best f-measures of the 44 sub-
mitted systems (standard deviation 13.40).

Each of our systems easily beats the baseline, and
the average inter-annotator score for this task. Ad-
ditionally, we were able to evaluate two of our sys-
tems on the test data using a web interface as pro-
vided by the competition. The test set contains 976
documents (about the same as the training set) and
is drawn the from same distribution as the training
data. Our test results were comparable to perfor-
mance on the training data, showing that we did
not over-fit to the training data (Table 2). Addi-
tionally, our combined system (CASCADE+LEARN
) achieved a score of 87.60%, beating our training
data performance and exceeding the average inter-
annotator score. Out of 44 submitted systems, the
average score on test data was 76.7% (standard devi-
ation of 13.40) and the maximum score was 89.08%.
Our system scored 4th overall and was less than
1.5% behind the best system. Overall, in comparison
with our baselines and over 40 systems, we perform
very well on this task.

7 Related Work

There have been several attempts at ICD-9-CM
code classification and related problems for med-
ical records. The specific problem of ICD-9-CM
code assignment was studied by Lussier et al. (2000)
through an exploratory study. Larkey and Croft
(1995) designed classifiers for the automatic assign-
ment of ICD-9 codes to discharge summaries. Dis-
charge summaries tend to be considerably longer
than our data and contain multiple text fields. Ad-
ditionally, the number of codes per document has
a larger range, varying between 1 and 15 codes.
Larkey and Croft use three classifiers: K-nearest
neighbors, relevance feedback, and bayesian inde-



pendence. Similar to our approach, they tag items
as negated and try to identify diagnosis and symp-
tom terms. Additionally, their final system combines
all three models. A direct comparison is not possi-
ble due to the difference in data and evaluation met-
rics; they use average precision and recall at k. On
a comparable metric, “principal code is top candi-
date”, their best system achieves 59.9% accuracy. de
Lima et al. (1998) rely on the hierarchical nature of
medical codes to design a hierarchical classification
scheme. This approach is likely to help on our task
as well but we were unable to test this since the lim-
ited number of codes removes any hierarchy. Other
approaches have used a variety of NLP techniques
(Satomura and Amaral, 1992).

Others have used natural language systems for the
analysis of medical records (Zweigenbaum, 1994).
Chapman and Haug (1999) studied radiology re-
ports looking for cases of pneumonia, a goal sim-
ilar to that of our automatic coding policy system.
Meystre and Haug (2005) processed medical records
to harvest potential entries for a medical problem
list, an important part of electronic medical records.
Chuang et al. (2002) studied Charlson comorbidi-
ties derived from processing discharge reports and
chest x-ray reports and compared them with admin-
istrative data. Additionally, Friedman et al. (1994)
applies NLP techniques to radiology reports.

8 Conclusion

We have presented a learning system that processes
radiology reports and assigns ICD-9-CM codes.
Each of our systems achieves results comparable
with an inter-annotator baseline for our training data.
A combined system improves over each individ-
ual system. Finally, we show that on test data un-
available during system development, our final sys-
tem continues to perform well, exceeding the inter-
annotator baseline and achieving the 4th best score
out of 44 systems entered in the CMC challenge.
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Abstract

We propose a methodology using
underspecified semantic interpretation to
process comparative constructions in
MEDLINE citations, concentrating on two
structures that are prevalent in the research
literature reporting on clinical trials for
drug therapies. The method exploits an
existing semantic processor, SemRep,
which constructs predications based on the
Unified Medical Language System. Results
of a preliminary evaluation were recall of
70%, precision of 96%, and F-score of
81%. We discuss the generalization of the
methodology to other entities such as
therapeutic and diagnostic procedures. The
available structures in computable format
are potentially useful for interpreting

outcome  statements in  MEDLINE
citations.

1 Introduction

As natural language processing (NLP) is

increasingly able to support advanced information
management techniques for research in medicine
and biology, it is being incrementally improved to
provide extended coverage and more accurate
results. In this paper, we discuss the extension of
an existing semantic interpretation system to
address comparative structures. These structures
provide a way of explicating the characteristics of
one entity in terms of a second, thereby enhancing
the description of the first. This phenomenon is
important in clinical research literature reporting
the results of clinical trials.
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In the abstracts of these reports, a treatment for
some disease is typically discussed using two types
of comparative structures. The first announces that
the (primary) therapy focused on in the study will
be compared to some other (secondary) therapy. A
typical example is (1).

(1) Lansoprazole compared with
ranitidine for the treatment of
nonerosive gastroesophageal reflux
disease.

An outcome statement (2) often appears near the
end of the abstract, asserting results in terms of the
relative merits of the primary therapy compared to
the secondary.

(2) Lansoprazole is more
effective than ranitidine in
patients with endoscopically
confirmed non-erosive reflux
esophagitis.

The processing of comparative expressions such
as (1) and (2) was incorporated into an existing
system, SemRep [Rindflesch and Fiszman, 2003;
Rindflesch et al., 2005], which constructs semantic
predications by mapping assertions in biomedical
text to the Unified Medical Language System®
(UMLS)® [Humphreys et al., 1998].

2 Background

2.1 Comparative structures in English

The range of comparative expressions in English is
extensive and complex. Several linguistic studies
have investigated their characteristics, with
differing assumptions about syntax and semantics
(for example [Ryan, 1981; Rayner and Banks,
1990; Staab and Hahn, 1997; Huddleston and
Pullum, 2002]). Our study concentrates on

BioNLP 2007: Biological, translational, and clinical language processing, pages 137-144,
Prague, June 2007. (©2007 Association for Computational Linguistics



structures in which two drugs are compared with
respect to a shared attribute (e.g. how well they
treat some disease). An assessment of their relative
merit in this regard is indicated by their positions
on a scale. The compared terms are expressed as
noun phrases, which can be considered to be
conjoined. The shared characteristic focused on is
expressed as a predicate outside the comparative
structure. An adjective or noun is used to denote
the scale, and words such as than, as, with, and to
serve as cues to identify the compared terms, the
scale, and the relative position of the terms on the
scale.

The first type of structure we address (called
compl and illustrated in (3)) merely asserts that the
primary and secondary terms (in bold) are being
compared. A possible cue for identifying these
structures is a form of compare. A further
characteristic is that the compared terms are
separated by a conjunction, or a preposition, as in
(3).

(3) To compare misoprostol with
dinoprostone for cervical ripening
and labor induction.

As shown in (4), a scale may be mentioned
(efficacy); however, in this study, we only identify
the compared terms in structures of this type.

(4) To compare the efficacy of
misoprostol with dinoprostone for
cervical ripening and labor
induction.

In the more complex comparative expression we
accommodate (called comp2), the relative ranking
of two compared terms is indicated on a scale
denoted by an adjective (e.g. effective in (5)). The
relative position of the compared terms in scalar
comparative structures of this type expresses either
equality or inequality. Inequality is further divided
into superiority, where the primary compared term
is higher on the scale than the secondary, and
inferiority, where the opposite is true. Cues
associated with the adjective designating the scale
signal these phenomena (e.g. as ADJ as in (5) for
equality, ADJer than in (6) for superiority, and less
ADJ than in (7) for inferiority).

(5) Azithromycin is as effective
as erythromycin estolate for the

treatment of pertussis in children.
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(6) Naproxen is safer than
aspirin in the treatment of the
arthritis of rheumatic fever.

(7) Sodium valproate was
significantly less effective than
prochlorperazine in reducing pain
or nausea.

In examples (3) through (7), the characteristic the
compared drugs have in common is treatment of
some disorder, for example treatment of pertussis
in children in (5).

Few studies describe an implemented automatic
analysis of comparatives; however, Friedman
[Friedman, 1989] is a notable exception. Jindal and
Liu [Jindal and Liu, 2006] use machine learning to
identify some comparative structures, but do not
provide a semantic interpretation. We exploit
SemRep machinery to interpret the aspects of
comparative structures just described.

2.2 SemRep

SemRep [Rindflesch and Fiszman, 2003;
Rindflesch et al., 2005] recovers underspecified
semantic propositions in biomedical text based on
a partial syntactic analysis and structured domain
knowledge from the UMLS. Several systems that
extract entities and relations are under
development in both the clinical and molecular
biology domains. Examples of systems for clinical
text are described in [Friedman et al., 1994],
[Johnson et al., 1993], [Hahn et al., 2002], and
[Christensen et al., 2002]. In molecular biology,
examples include [Yen et al., 2006], [Chun et al.,
2006], [Blaschke et al., 1999], [Leroy et al., 2003],
[Rindflesch et al., 2005], [Friedman et al., 2001],
and [Lussier et al., 2006].

During SemRep processing, a partial syntactic
parse is produced that depends on lexical look-up
in the SPECIALIST lexicon [McCray et al., 1994]
and a part-of-speech tagger [Smith et al., 2004].
MetaMap [Aronson, 2001] then matches noun
phrases to concepts in the Metathesaurus® and
determines the semantic type for each concept. For
example, the structure in (9), produced for (8),
allows both syntactic and semantic information to
be used in further SemRep processing that
interprets semantic predications.

(8) Lansoprazole for the
treatment of gastroesophageal
reflux disease




(9) [I[head(nhoun(Lansoprazole),me
taconc(“lansoprazole”:[phsu]))]1.[p
rep(for) ,det(the) ,head(noun(treatm
ent))], [prep(of),mod(adj (gastroeso
phageal)) ,mod(noun(reflux)) ,head(n
oun(disease) ,metaconc(“Gastroesoph
ageal reflux disease’:[dsyn]))1]

Predicates are derived from indicator rules that
map syntactic phenomena (such as verbs and
nominalizations) to relationships in the UMLS
Semantic Network. Argument identification is
guided by dependency grammar rules as well as
constraints imposed by the Semantic Network. In
processing (8), for example, an indicator rule links
the nominalization treatment with the Semantic
Network relation “Pharmacologic  Substance
TREATS Disease or Syndrome.” Since the
semantic types of the syntactic arguments
identified for treatment in this sentence
(‘Pharmacologic Substance’ for “lansoprazole” and
‘Disease or Syndrome’ for “Gastroesophageal
reflux disease”) match the corresponding semantic
types in the relation from the Semantic Network,
the predication in (10) is constructed, where
subject and object are Metathesaurus concepts.

(10) Ilansoprazole TREATS
Gastroesophageal reflux disease

3 Methods

3.1 Linguistic patterns

We  extracted sentences for  developing

comparative processing from a set of some 10,000
MEDLINE citations reporting on the results of
clinical trials, a rich source of comparative
structures. In this sample, the most frequent
patterns for compl (only announces that two terms
are compared) and comp2 (includes a scale and
positions on that scale) are given in (11) and (12).
In the patterns, Terml and Term2 refer to the
primary and secondary compared terms,
respectively. “{BE}” means that some form of be
is optional, and slash indicates disjunction. These
patterns served as guides for enhancing SemRep
argument identification machinery but were not
implemented as such. That is, they indicate
necessary components but do not preclude
intervening modifiers and qualifiers.

(11) compl: Compared terms

C1l: Terml {BE} compare with/to Term2
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C2: compare Terml with/to Term2

C3: compare Terml and/versus Term?2

C4a: Terml1 comparison with/to Term2

C4b: comparison of Term1 with/to Term2
C4c: comparison of Term1 and/versus Term2
C5 Terml versus Term2

(12) comp2: Scalar patterns

S1: Terml BE as ADJ as {BE} Term2
S2a: Term1l BE more ADJ than {BE} Term2
S2b: Terml BE ADJer than {BE}Term2
S2c: Terml BE less ADJ than {BE} Term2
S4: Terml BE superior to Term2
S5: Terml BE inferior to Term2

As with SemRep in general, the interpretation of
comparative structures exploits underspecified
syntactic structure enhanced with Metathesaurus
concepts and semantic types. Semantic groups
[McCray et al., 2001] from the Semantic Network
are also available. For this project, we exploit the
group Chemicals & Drugs, which contains such
semantic types as ‘Pharmacologic Substance’,
‘Antibiotic’, and ‘Immunologic Factor’. (The
principles used here also apply to compared terms
with semantic types from other semantic groups,
such as ‘Procedures’.) In the compl patterns, a
form of compare acts as an indicator of a
comparative predication. In comp2, the adjective
serves that function. Other words appearing in the
patterns cue the indicator word (in comp2) and
help identify the compared terms (in both compl
and comp2). The conjunction versus is special in
that it cues the secondary compared term (Term2)
in compl, but may also indicate a comp1l structure
in the absence of a form of compare (C5).

3.2 Interpreting compl patterns

When SemRep encounters a form of compare, it
assumes a compl structure and looks to the right
for the first noun phrase immediately preceded by
with, to, and, or versus. If the head of this phrase is
mapped to a concept having a semantic type in the
group Chemicals & Drugs, it is marked as the
secondary compared term. The algorithm then
looks to the left of that term for a noun phrase
having a semantic type also in the group Chemicals
& Drugs, which becomes the primary compared
term. When this processing is applied to (13), the
semantic predication (14) is produced, in which the
predicate is COMPARED_WITH; the first
argument is the primary compared term and the



other is the secondary. As noted earlier, although a
scale is sometimes asserted in these structures (as
in (13)), SemRep does not retrieve it. An assertion
regarding position on the scale never appears in
compl structures.

(13) To compare the efficacy and
tolerability of Hypericum
perforatum with Imipramine in
patients with mild to moderate
depression.

(14) Hypericum perforatum
COMPARED_WITH Imipramine

SemRep considers noun phrases occurring
immediately to the right and left of versus as being
compared terms if their heads have been mapped to
Metathesaurus concepts having semantic types
belonging to the group Chemicals & Drugs. Such
noun phrases are interpreted as part of a compl
structure, even if a form of compare has not
occurred. The predication (16) is derived from
(15).

(15) Intravenous lorazepam versus
dimenhydrinate for treatment of
vertigo in the emergency
department: a randomized clinical
trial.

(16) Lorazepam COMPARED WITH
Dimenhydrinate

SemRep treats compared terms as being
coordinated. For example, this identification
allows both “Lorazepam” and “Dimenhydrinate”
to function as arguments of TREATS in (15).
Consequently, in addition to (16), the predications
in (17) are returned as the semantic interpretation
of (15). Such processing is done for all comp1 and
comp2 structures (although these results are not
given for (13) and are not further discussed in this
paper).

(17) Lorazepam TREATS Vertigo
Dimenhydrinate TREATS
Vertigo

3.3 Interpreting comp2 patterns

In addition to identifying two compared terms
when processing comp2 patterns, a scale must be
named and the relative position of the terms on that
scale indicated. The algorithm for finding
compared terms in comp2 structures begins by
locating one of the cues as, than, or to and then
examines the next noun phrase to the right. If its
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head has been mapped to a concept with a
semantic type in the group Chemicals & Drugs, it
is marked as the secondary compared term. As in
compl, the algorithm then looks to the left for the
first noun phrase having a head in the same
semantic group, and that phrase is marked as the
primary compared term.

To find the scale name, SemRep examines the
secondary compared term and then locates the first
adjective to its left. The nominalization of that
adjective (as found in the SPECIALIST Lexicon)
is designated as the scale and serves as an
argument of the predicate SCALE in the
interpretation. For adjectives superior and inferior
(patterns S4 and S5 in (12)) the scale name is
“goodness.”

In determining relative position on the scale,
equality is contrasted with inequality. If the
adjective of the construction is immediately
preceded by as (pattern S1 in (12) above), the two
compared terms have the same position on the
scale (equality), and are construed as arguments of
a predication with predicate SAME_AS. In all
other comp2 constructions, the compared terms are
in a relationship of inequality. The primary
compared term is considered higher on the scale
unless the adjective is inferior or is preceded by
less, in which case the secondary term is higher.
The predicates HIGHER_THAN and
LOWER_THAN are used to construct predications
with the compared terms to interpret position on
the scale. The equality construction in (18) is
expressed as the predications in (19).

(18) Candesartan is as effective
as lisinopril once daily in
reducing blood pressure.
(19) Candesartan COMPARED_WITH
lisinopril
SCALE:Effectiveness
Candesartan SAME_AS
lisinopril
The superiority construction in (20) is expressed as
the predications in (21).
(20) Losartan was more effective
than atenolol in reducing
cardiovascular morbidity and
mortality in patients with
hypertension, diabetes, and LVH.
(21) Losartan COMPARED WITH
Atenolol




SCALE:Effectiveness
Losartan HIGHER_THAN
Atenolol

The inferiority construction in (22) is expressed as

the predications in (23).

(22) Morphine-6-glucoronide was

significantly less potent than

morphine in producing pupil

constriction.

(23) morphine-6-glucoronide

COMPARED_WITH Morphine
SCALE:Potency
morphine-6-glucoronide

LOWER_THAN Morphine

3.4

Negation in comparative structures affects the
position of the compared terms on the scale, and is
accommodated differently for equality and for
inequality. When a scalar comparison of equality
(pattern S1, as ADJ as) is negated, the primary
term is lower on the scale than the secondary
(rather than being at least equal). For example, in
interpreting the negated equality construction in
(24), SemRep produces (25).

(24) Amoxicillin-clavulanate was
not as effective as ciprofloxacin
for treating uncomplicated bladder
infection in women.

(25) Amoxicillin-clavulanate

COMPARED_WITH Ciprofloxaci
SCALE:Effectiveness
Amoxicillin-clavulanate

LOWER_THAN Ciprofloxacin

For patterns of inequality, SemRep negates the
predication indicating position on the scale. For
example, the predications in (27) represent the
negated superiority comparison in (26). Negation
of inferiority comparatives (e.g. “X is not less
effective than Y”) is extremely rare in our sample.
(26) These data show that
celecoxib is not better than
diclofenac (P = 0.414) in terms of
ulcer complications.

(27) celecoxib COMPARED_WITH
diclofenac

SCALE:Goodness

celecoxib NEG_HIGHER_THAN
diclofenac

Accommodating negation
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3.5 Evaluation

To evaluate the effectiveness of the developed
methods we created a test set of 300 sentences
containing comparative structures. These were
extracted by the second author (who did not
participate in the development of the methodology)
from 3000 MEDLINE citations published later in
date than the citations used to develop the
methodology. The citations were retrieved with a
PubMed query specifying randomized controlled
studies and comparative studies on drug therapy.

Sentences containing direct comparisons of the
pharmacological actions of two drugs expressed in
the target structures (compl and comp2) were
extracted starting from the latest retrieved citation
and continuing until 300 sentences with
comparative structures had been examined. These
were annotated with the PubMed ID of the citation,
names of two drugs (COMPARED_WITH
predication), the scale on which they are compared
(SCALE), and the relative position of the primary
drug with respect to the secondary (SAME_AS,
HIGHER_THAN, or LOWER_THAN).

The test sentences were processed using
SemRep and evaluated against the annotated test
set. We then computed recall and precision in
several ways: overall for all comparative
structures, for compl structures only, and for
comp2 structures only. To understand how the
overall identification of comparatives is influenced
by the components of the construction, we also
computed recall and precision separately for drug
names, scale, and position on scale (SAME_AS,
HIGHER_THAN and LOWER_THAN taken
together). Recall measures the proportion of
manually annotated categories that have been
correctly identified automatically. Precision
measures what proportion of the automatically
annotated categories is correct.

In addition, the overall identification of
comparative structures was evaluated using the F-
measure [Rijsbergen, 1979], which combines recall
and precision. The F-measure was computed using
macro-averaging and micro-averaging. Macro-
averaging was computed over each category first
and then averaged over the three categories (drug
names, scale, and position on scale). This approach
gives equal weight to each category. In micro-
averaging (which gives an equal weight to the
performance on each sentence) recall and precision



were obtained by summing over all individual
sentences. Because it is impossible to enumerate
all entities and relations which are not drugs, scale,
or position we did not use the classification error
rate and other metrics that require computing of
true negative values.

4  Results

Upon inspection of the SemRep processing results
we noticed that the test set contained nine
duplicates. In addition, four sentences were not
processed for various technical reasons. We report
the results for the remaining 287 sentences, which
contain 288 comparative structures occurring in
168 MEDLINE citations. Seventy four citations
contain 85 comp2 structures. The remaining 203
structures are compl.

Correct identification of comparative structures
of both types depends on two factors: 1)
recognition of both drugs being compared, and 2)
recognition of the presence of a comparative
structure itself. In addition, correct identification of
the comp2 structures depends on recognition of the
scale on which the drugs are compared and the
relative position of the drugs on the scale. Table 1
presents recall, precision, and F-score reflecting
these factors.

Table 1. SemRep performance

Task Recall Precision F-score
Overall 0.70 0.96 0.81
Drug extraction 0.69 0.96 0.81
Compl 0.74 0.98 0.84
Comp2 0.62 0.92 0.74
Scale 0.62 1.00 0.77
Position on scale  0.62 0.98 0.76

We considered drug identification to be correct
only if both drugs participating in the relationship
were identified correctly. The recall results
indicate that approximately 30% of the drugs and
comparative structures of compl, as well as 40%
of comp2 structures, remain unrecognized;
however, all components are identified with high
precision. Macro-averaging over compared drug
names, scale, and position on scale categories we
achieve an F-score = 0.78. The micro-average
score for 287 comparative sentences is 0.5.
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5 Discussion

In examining SemRep errors, we determined that
more than 60% of the false negatives (for both
compl and comp2) were due to “empty heads”
[Chodorow et al., 1985; Guthrie et al., 1990], in
which the syntactic head of a noun phrase does not
reflect semantic thrust. Such heads prevent
SemRep from accurately determining the semantic
type and group of the noun phrase. In our sample,
expressions interpreted as empty heads include
those referring to drug dosage and formulations,
such as extended release (the latter often
abbreviated as XR). Examples of missed
interpretations are in sentences (28) and (29),
where the empty heads are in bold. Ahlers et al.
[Ahlers et al., 2007] discuss enhancements to
SemRep for accommodating empty heads. These
mechanisms are being incorporated into the
processing for comparative structures.

(28) Oxybutynin 15 mg was more
effective than propiverine 20 mg
in reducing symptomatic and
asymptomatic IDCs in ambulatory
patients.

(29) Intravesical atropine was as
effective as oxybutynin immediate
release for increasing bladder
capacity and it was probably
better with less antimuscarinic
side effects

False positives were due exclusively to word
sense ambiguity. For example, in (30) bid (twice a
day) was mapped to the concept “BID protein”,
which belongs to the semantic group Chemicals &
Drugs. The most recent version of MetaMap,
which will soon be called by comparative
processing, exploits word sense disambiguation
[Humphrey et al., 2006] and will likely resolve
some of these errors.

(30) Retapamulin ointment 1% (bid)
for 5 days was as effective as

oral cephalexin (bid) for 10 days
in treatment of patients with SID,
and was well tolerated.

Although, in this paper, we tested the method on
structures in which the compared terms belong to
the semantic group Chemicals & Drugs, we can
straightforwardly generalize the method by adding
other semantic groups to the algorithm. For



example, if SemRep recognized the noun phrases
in bold in (31) and (32) as belonging to the group
Procedures, comparative processing could proceed
as for Chemicals & Drugs.

(31) Comparison of multi-slice
spiral CT and magnetic resonance
imaging in evaluation of the un-
resectability of blood vessels in
pancreatic tumor.

(32) Dynamic multi-slice spiral

CT is better than dynamic magnetic
resonance to some extent in
evaluating the un-resectability of
peripancreatic blood vessels in
pancreatic tumor.

The semantic predications returned by SemRep
to represent comparative expressions can be
considered a type of executable knowledge that
supports reasoning. Since the arguments in these
predications have been mapped to the UMLS, a
structured knowledge source, they can be
manipulated using that knowledge. It is also
possible to compute the transitive closure of all
SemRep output for a collection of texts to
determine which drug was asserted in that
collection to be the best with respect to some
characteristic. This ability could be very useful in
supporting question-answering applications.

As noted earlier, it is common in reporting on
the results of randomized clinical trials and
systematic reviews that a compl structure appears
early in the discourse to announce the objectives of
the study and that a comp2 structure often appears
near the end to give the results. Another example
of this phenomenon appears in (33) and (34) (from
PMID 15943841).

(33) To compare the efficacy of
famotidine and omeprazole in
Japanese patients with non-erosive
gastro-oesophageal reflux disease
by a prospective randomized
multicentre trial.

(34) Omeprazole is more effective
than famotidine for the control of
gastro-oesophageal reflux disease
symptoms in H. pylori-negative
patients.

We suggest one example of an application that
can benefit from the information provided by the
knowledge inherent in the semantic interpretation
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of comparative structures, and that is the
interpretation of outcome statements in MEDLINE
citations, as a method for supporting automatic
access to the latest results from clinical trials
research.

6 Conclusion

We expanded a symbolic semantic interpreter to
identify comparative constructions in biomedical
text. The method relies on underspecified syntactic
analysis and domain knowledge from the UMLS.
We identify two compared terms and scalar
comparative structures in MEDLINE citations.
Although we restricted the method to comparisons
of drug therapies, the method can be easily
generalized to other entities such as diagnostic and
therapeutic procedures. The availability of this
information in computable format can support the
identification of outcome sentences in MEDLINE,
which in turn supports translation of biomedical
research into improvements in quality of patient
care.
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Abstract semi-automatically populate curatee¢ databases.
However, just identifying the interactions is not nec-
essarily sufficient, as curators typically require ad-
ditional information about the interactions, such as
the experimental method used to detect the interac-
tion, and the names of any drugs used to influence
the behaviour of the proteins. Furthermore, curators
may only be interested in interactions which are ex-
perimentally proven within the paper, or where the
proteins physically touch during the interaction.

There has been much recent interest in the
extraction of PPIs (protein-protein interac-
tions) from biomedical texts, but in order
to assist with curation efforts, theris must

be enriched with further information of bi-
ological interest. This paper describes the
implementation of a system to extract and
enrich ppis, developed and tested using an
annotated corpus of biomedical texts, and
employing both machine-learning and rule-

based techniques. This paper describes the implementation of a
1 Introduction system_designed to extract. mentionSRPfs from
. ) biomedical text, and to enrich thoses with ad-

The huge volume of literature generated in thejitional information of biological interest. The en-
biomedical field is such that researchers are unabjfned information consists of properties (name-
to read all the papers that interest them. Instead they| e pairs associated withrel, for example a di-
must rely on curated databases, containing informgaciness property could indicate whether the inter-
tion extracted from the literature about, for examplegction is direct or not direct) and attributes (rela-
which proteins interact. _ tions between theep! relation or its participating

These curated databases are expensive to prodyggities and other entities, such as the experimental
as they rely on qualified biologists to se_lect the Pamethod used to detect tiw)). This system for ex-
pers, read them to extract the relevant |nformat|oqracting and enrichingpis was developed as part of
enter this information into the database, and Crosgzetxm programme, which aims to develop tools to

check the information for quality control, a Proce-npelp with the curation of biomedical papers.
dure which can be very time-consuming. If NLP

techniques could be used to aid curators in their task

then the costs of producing curated databases couldAfter reviewing related work in the following sec-

be substantially reduced. tion, a detailed description of how the annotated cor-
In the context of biomedical information extrac-pus was created and its descriptive statistics is pro-

tion, there has been much recent interest in théded in section 3. The methods used to extract the

automated extraction oPPis (protein-protein in- properties and attributes are explained in section 4,

teractions) from biomedical literature. The recentaind then evaluated and discussed in section 5. Some

BioCreAtlvE Challenge highlights the desire to uti-conclusions and suggestions for further work are of-

lize these extraction techniques to automaticall;t gered in section 6.

BioNLP 2007: Biological, translational, and clinical language processing, pages 145-152,
Prague, June 2007. (©2007 Association for Computational Linguistics



2 Related Work methods sections were not included in the annota-
tion.
There has been much recent interest in extracting From the 217 annotated papers, a total of 65
PPl from abstracts and full text papers (Bunescyere selected randomly for double annotation and
and Mooney, 2006; Giuliano et al., 2006; Plake €57 for triple annotation. These multiply-annotated
al., 2005; Blaschke and Valencia, 2002; DonaldsoBapers were used to measure inter-annotator agree-
etal., 2003). In t.hes_e systems hpwever, the focus hasant (AA), by taking each pair of annotations on
been on extracting just thePs without attempts {0 the same paper, and scoring one annotation against
enrich theppis with further mform_atlon_. Enriched the other using the same algorithm as for scoring the
PP can be seen as a type of biological event exystem against the annotated data (see Section 5).
traction (Alphonse et al., 2004; Wattarujeekrit et al.Each doubly annotated paper contributed one pair of
2004), a technique for mapping entities found in texhnnotations, whilst the triply annotated papers con-
to roles in predefined templates which was madginted three pairs of annotations. The overal
popular in the MUC tasks (Marsh and Perzanowskicore is the micro-average of t#g scores on each
1998). There has also been work to enrich Sentencesir of corresponding annotations, where it should
with semantic categories (Shah and Bork, 2006) angh emphasised that tHg does not depend on the
qualitative dimensions such as polarity (Wilbur efrder in which the annotated papers were combined.
al., 2006). The multiply annotated papers were not reconciled
Using NLP to aid in curation was addressed ifo produce a single gold version, rather the multiple
the KDD 2002 Cup (Yeh et al., 2002), where parversions were left in the corpus.
ticipants attempted to extract records curatable with The papers were annotated for entities and rela-
respect to the FlyBase database, and has been furthghs and the relations were enriched with proper-
studied by many groups (Xu et al., 2006; Karamaniges and attributes. The entities chosen for anno-
etal., 2007; Ursing et al., 2001). tation were those involved irPis (Protein, Com-
The Protein-Protein Interaction task of the recenglex, Fusion, Mutant and Fragment) and those
BioCreAtIVE challenge (Krallinger et al., 2007) waswhich could be attributes afpis (CellLine, Drug-
concerned with selecting papers and extracting infompound, ExperimentalMethod and Modification-
formation suitable for curation. Theri detection Type). A description of the properties and attributes,
subtask (IPS) required participants not simply to deas well as counts angA scores are shown in Ta-
tect PPI mentions, but to detect curatat®®1 men- ples 1 and 2.

tiOI’lS, in Other WOI‘dS to enriCh thE:'| mentions W|th Once annotated, the Corpus was Sp“t randomly
extra information. Furthermore, another of the subinto three sectionsTRAIN (66%), DEVTEST (17%)

tasks (IMS) required participants to add informatiorynd test (17%). TRAIN and DEVTEST were to be

about experimental methods to the curatat#es.  ysed during the development of the system, for fea-
_ ture exploration, parameter tuning etc., whifgsT
3 Data Collection and Corpus was reserved for scoring the final system. The splits

were organised so that multiply annotated versions
of the same paper were placed into the same section.

A total of 217 papers were selected for annotation o o
from PubMed and PubMedCentral as having expe-2 Descriptive Statistics of Corpus

imentally proven protein-protein interactionsr(s).  The total number of distinceps annotated in the
The papers were annotated by a team of nine ann@3e papers was 11523, and thel 1AA, measured
tators, all qualified in biology to at least PhD level,using F}, was 64.77. The following are examples of
over a period of approximately five months. enrichedppss, with the entities in bold face:

The xML versions of the papers were used wher-
ever possible, otherwise thetmL versions were (1) Tat may also increase initiation of HIV-
used and converted toML using an in-house tool. 1 transcription by enhancinghosphoryla-
The full-text of each paper, including figure cap- tion of SP1, a transcription factor involved
tions, was annotated, although the materials ﬂ%d in the basal HIV-1 transcription [14].

3.1 Annotation of the Corpus



| Name | Explanation | Values | Counts| Pct]| IAA |

n . Positive 10718| 93.01| 99.57
IsPositive| The polarity of the statement about thel. Negative 836| 726! 9012
. . Direct 7599 | 65.95| 86.59
IsDirect | Whether therPiis direct or not. NotDirect 3977 | 3451 6138
Proven 7562 | 65.63| 87.75

IsProven | Whether thePPliis proven in the paper or not. Referenced| 2894 | 25.11| 88.61
Unspecified| 1096| 9.51| 34.38

Table 1: The properties that were attache@#gs, their possible values, counts and IAA

| Name | Entity type | Explanation | Count| 1AA |

InteractionDetectionMethod | ExperimentalMethod Method used to detect the 2085 | 59.96
PPL

ParticipantldentificationMethod ExperimentalMethod Method used to detect the 1250 | 36.83
participant.

ModificationBefore Modification Modification of partici- 240 | 68.13
pant before interaction.

ModificationAfter Modification Modification of partici-| 1198 | 86.47
pant after interaction.

DrugTreatment DrugCompound Treatment applied to par- 844 | 49.00
ticipant.

CellLine CellLine Cell-line from which par-| 2000 | 64.38
ticipant was drawn.

Table 2: The attributes that could be attached torthis, with their entity type, counts and IAA

(2 To confirm thatLIS1 and Tat interact in pair of entities if, for example, they wished to mark
vivo, we usedyeast two-hybrid system, in  both Positive and Negativeris because the author
which Tat was expressed as a bait dnldl51  is making a statement that proteins interact under
as a prey. Again, we found thatlS1 and one condition and not under another condition. For
Tat interacted in this system. the purposes of data analysis and to make modelling

easier, suclrpPis have been collapsed to give a single

PIwhich may have multiple values for each prop-
§rty and attribute.

In Example 1, the properties attached to Hm be-
tween “Tat” and “SP1” are Referenced, Direct an

Positive, and “phosphorylated” is attached as a Mo o ,
ificationAfter attribute. Example 2 showsre! be- Table 2 shows occurrence statistics for attributes,

tween “Tat” and “LIS1” (in the second sentence)Where' as for propert_ies, there can be multiple val-
which is given the properties Proven, Direct and'€S for the same attribute. A notable feature of the
Positive, and has the InteractionDetectionMethod afittribute attachment counts is that certain attributes
tribute “yeast two-hybrid system”. This second ex (MadificationBefore and DrugTreatment especially)

ample indicates that attributes do not have to occ@® quite rarely attached, making it difficult to use
in the same sentence. statistical techniques.

Statistics on the occurrence of properties are Also shown in Tables 1 and 2 are thra figures
shown in Table 1. For most of the property val-for all properties and attributes. Tihea for proper-
ues, there are significant numbers rifis, except ties is generally high, excepted for the Unspecified
for Unspecified and Negative, which are used in lesgalue of the IsProven property. This being some-
than 10% of cases. Note that annotators were peahing of a “none of the above” category means that
mitted to mark more than oner| between a givelin 4,};he annotators probably have different standards re-



garding the uncertainty required before thelis svmlighf) were tested. To choose an optimal fea-
placed in this class. Thea for attributes is, on ture set, an iterative greedy optimisation procedure
the whole, lower, with some attributes showing parwas employed. A set of potential features were im-
ticularly low 1AA (ParticipantldentificationMethod). plemented, with options to turn parts of the feature
A closer investigation shows that the bulk of the disset on or off. The full feature set was then tested on
agreement is about when to attach, in other words the DEVTEST data with each of the feature options
both annotators decide to attach an attribute to a paenocked out in turn. After examining the scores on
ticular PP, they generally agree about which oneall possible feature knockouts, the one which offered
scoring a micro-averaged overdl] of 95.10 in this the largest gain in performance was selected and re-

case. moved permanently. The whole procedure was then

repeated until knockouts produced no further gains
4 Methods in performance. The resulting optimised feature set
4.1 PipdineProcessing contains the following features:

Th tv and attribut : t modul r}egram Both unigrams and bigrams were imple-
© property and a=ribule assignment mocies wer mented, although, after optimisation, unigrams

Tplemented as _part Oé an NLP pl_pellne b?‘sed ON " were switched off. The ngram feature usbs

t eLT-XML2 archltect_u re. The pipeline consists O.f backoff, which means that words are replaced

Species word entiicaton, abbreviation detocion Y 1Ner verb stems, backed off o lemmas and
. ! . then to the word itself if not available. Further-

and chunking, named entiry recognition (NER) and more, all digits in the words are replaced with

{ﬁ Ia'zl:on extrac(;l(():r;. E:Deop;;t-of-speg ch tagglggclljsis “0". Ngrams are extracted from the sentences
€ Lurran and tiar agger (Curran and Clark, containing the participants in therl, and all

2003) trained on MedPost data (Smith et al., 2004), sentences in between. Ngrams occurring be-

\t’)V:”:; tr%ce;kzt::;t% rr?psrogi'sessmgorscgag:zt'?tr:(;t%t ;ﬂi fore, between and after the participants of the
s€da. Isation, Species word | meatl PPlare treated as separate features.

chunking were implemented |_n-house using the entity The entity feature includes the text and type
XML2 tools (Grover and Tobin, 2006), whilst ab- L

o . of the entities in theepl.
breviation extraction used the Schwartz and Hearst

. eadword This feature is essentially constructed in
abbreviation _ext_ractor (Schwartz and I_—Iearst, 200 the same way as the ngram feature, except that
and lemmatisation used morpha (Minnen et al.,

2000). only head verbs of chunks in the context are

included, and the viw backoff is not used.

The NER module uses the Curran and Clark NE.%ntity—context In the entity context feature, the viw
tagger (Curran ‘."‘“d Clark, 20.03)’ "’?Ugme”‘e‘?' W't.h backoffs of the two words on either side of each
ex‘ilra featl:r(te.s tallotred :O tEe bl(;medlcal dqmaln. FI- of the entities in theepiare included, with their
nally, a relation extractor based on a maximum en- positions marked.
tropy model and a set of shallow linguistic features
is employed, as described in (Nielsen, 2006).

4.3 Attributes

For attribute assignment, experiments were per-
relation extraction component, a machine learnin rmed with both rule-based and machine-learning

based property tagger was trained on a set of featur Qp;;oa;ches. dehe follcawmg secti:ons summarise the
extracted from the context of therl. The property methods used for each approach.

tagger used a separate classifier for each property3.1 Rule-based

but with the same feature set, and both Maximum In the rule-based approach, hand-written rules

Entropy (implemented using Zhang Le’s maxgnt were written for each attribute, using part-of-speech

and Support Vector Machines (implemented USingags, lemmas, chunk tags, head words and the NER

http://ww | tg. ed. ac. uk/ sof t war e/ xm / tags. In all, 20 rules were written. Each rule is
2htt p: // honepages. i nf. ed. ac. uk/ s0450736/
maxent _tool kit. htm

4.2 Properties
To assign properties to eadfpi extracted by the

T ; ;
148 http://svmight.joachins. org/



Rule | Protein| Prec| Count| attributes annotated in the gold standard are consid-

P1ATT P2 P2 100 | 13 ered positive examples, whilst those that were not
P1lisATT by P2 P1 100 1 annotated are considered negative examples. For ex-
ATT of P2 P2 86.1| 112 ample, given the following sentence:

ATT of P1 P1 74.5 80 Protein A phosphoryl ates protein B

P1* ATT site P1 72.2 13 [Protein] [Mdification] [Protein]

P1* ATT by * P2 P2 70.0| 100

If the gold standard indicatesrp! between Pro-

Pl: (A‘I‘r*pass)* PL| P2 1640 16 tein A and Protein B with phosphorylates assigned
P1* ATT * P2 P2 67.5| 187 as a ModificationAfter attribute to Protein B, four
P2ATT P2 | 75.0] 100 candidate relations will be created as shown in Ta-
P2-anyword ATT | P1 | 737| 14 | L4

Table 3: The rules used to assign ModificationAfte( Type [ Entity 1 | Entity 2 [ Label |

attributes. The protein column indicates whether tt
attribute attaches to the 1st or 2nd protein, the pre
field indicates the precision of the rule on the train
ing set and the count indicates the number of timg
the rule applied correctly in training. In the rules,
P1 refers to the first proteinP2 refers to the sec- Taple 4: Candidate Attribute Relations for Protein A
ond protein ATT refers to the attribute; refers to  phosphorylates Protein B

any number of wordsany-word refers to any single

word, and pass refers to the passive voice. For exam-

ple, the rule P2 - any-word ATT” applied to the sen- A set of features is extracted for each of the exam-
tence “protein 1 is regulated by protein 2-dependeritles and a maximum entropy (ME) model is trained
phosphorylation” would result in the attribupbos- using Zhang Le’s maxent toolkit. The features used

phorylation being assigned as the ModificationAfterare listed below:
attribute toprotein 1. entity The text and part-of-speech of the attribute,

as used for properties.
entity-context The entity context feature used for

ranked according to its precision as determined on  Properties, except that the context size was in-
the TRAIN set, and the rules are applied in order ~ creased to 4, and parts-of-speech of the context
of their precision. This is particularly important ~ Words were also included.

with modification attributes which are constrainedldram This is the same as the ngram feature
so that a given modification entity can only be at-  used for properties, except that unigrams were
tached once per interaction. Table 3 lists the rules  Switched on.

Mod Before | Prot A | phosphorylates neg
“Mod Before | Prot B phosphorylates neg
| Mod After | Prot A | phosphorylates neg
SMod After | ProtB phosphorylates pos

used to assign the ModificationAfter attribute. ~ entities-between The entities that appear between
the two entities involved in the candidate rela-

4.3.2 MachineLearning tion.

For this approach, attributes are modelled as rel&@arent-relation-feature Indicates the position of

tions betweerppis and other entities. For eaetwi the attribute entity with respect to paremel

in a document, a set of candidate relations is cre- ~ (i-e. before, after, or in between). For attributes

ated between each of the entities in 8 and each that are in between the two entities involved in

of the attribute entities contained in the same sen-  the PP, also indicates if the sentence is active

tence(s) as thepr. If there are no entities of the or passive.

appropriate type for a given attribute in the same _
sentence as thep, the sentences before and af> Evaluation
ter the PPl are also scanned for candidate entities5_1 Properties

Each of the candidate relations that correspond to o
To score the property tagger, precision, recall and

4ppis spanning more than 2 sentences were ignored | 444“1 are calculated for each of the seven possible



Name Value Baseline Maximum Entropy SVM

Gold | Predicted| Gold | Predicted | Gold | Predicted
IsPositive| Positive 96.87| 97.33 | 97.10 98.22 97.08| 98.27
Negative 0.00 0.00 38.46 48.39 45.45| 57.53

IsDirect Direct 78.66 81.90 | 82.05 85.54 81.94| 86.87
NotDirect 0.00 0.00 58.92 54.33 60.80| 63.44
IsProven | Proven 78.21 78.85 87.86 82.73 88.08 88.51

Referenced| 0.00 0.00 81.46 69.65 82.83 81.97
Unspecified| 0.00 0.00 25.74 29.41 22.77| 28.00
Overall 74.20| 76.24 | 83.87 83.33 84.09| 86.79

Table 5: The performance of the property tagger, measurddhbyng onTRAIN andDEVTEST combined,
then testing ormEST. The two scores given for each system are for testing on gelsl, and testing on
predictedrpPis. An F; score is shown for each property value, as well as a micrageer overall score.

property values and then thE scores are micro- | Feature | Knockout score| Difference |
averaged to give an overall score. As mentioned in| vanilla 86.08 0.00
Section 3.1, all versions of the annotation for each| ngram 81.86 -4.22
multiply-annotated document were included in the | entity 85.30 -0.77
training and test sets, taking care that all versions of| headword 84.38 -0.50
the same document were included in the same set,. entity-context 85.54 -0.54

This has the disadvantage that the system can never _
achieve 100% in cases where the annotators diffefable 6: The effect of knocking out features on the
but the advantage of giving partial credit where ther@roperty score. Tests are conducted by training on

is genuine ambiguity and the system agrees with of&RAIN and testing orbEVTEST, on predictedPPs.
of the options chosen by the annotators. “vanilla” refers to the case where the optimal fea-

tures set is employed.
The scores for all property values, testedr@srT, pioy

are shown in Table 5, both using the model (with
MaX|mum Entropy and SVM) anq using a base-5.2 Attributes
line where the most popular value is assigned. Two
scores are shown, the performance as measuré&te attributes are scored in the same manner as the
when the test set has the gakibis, and the per- properties. Table 7 summarises the results for both
formance when the test set has the predictes, the rule-based and machine learning attribute sys-
scored only on thosepPis where both system andtems. These are compared to a baseline system that
gold agree. The relation extractor used to predictimply attaches the nearest entity of the appropriate
the PpPis is trained on the same documents as wetgpe for each attribute.

used to train the property tagger.

To see which features were most effective, ;35'3 Discussion

knockout (lesion) test was conducted in which feaThe results for the more common property values are
tures were knocked out one by one and performanaggenerally close to human performance (as measured
was measured on theevTEST set. In each feature by 1AA), however performance on both IsNegative
knockout, one of the features from the list in Secand Unspecified is fairly low. In the case of Un-
tion 4.2 was removed. Table 6 shows how the overadipecified, theAA is also low, making it likely that
performance is affected by the different knockoutsthe training and test data is inconsistent, compound-
From the knockout experiment it is clear that theng the problem of the low occurrence rate of this
ngram (actually bigram) feature is by far the moswvalue. The Negative value also suffers from a low
effective, with the other features only contributingoccurrence rate, leading to an imbalance between
marginally to the results. | 5(B\Iegative and Positive which makes life hard for the



Attribute Baseline Rule-based Machine Learning
Gold | Predicted| Gold | Predicted] Gold | Predicted

InteractionDetectionMethod 36.02| 39.71 |39.22| 41.38 | 37.02 46.81
ParticipantldentificationMethod 08.68| 09.27 | 12.32| 12.87 | 03.37| 05.97
ModificationBefore 13.10 16.00 | 42.22| 43.84 | 04.88 08.33
ModificationAfter 43.37| 46.00 |64.93| 73.04 | 62.32 69.64
DrugTreatment 4957 51.11 |51.29| 53.33 | 13.90| 24.52
CellLine 50.19| 45.90 |54.47| 50.47 | 45.13| 42.28
Overall 29.68| 30.32 | 45.26| 48.32 | 32.08| 43.11

Table 7: The performance of the attribute tagger,TasT. The two scores given for each system are for
testing on goldrPis, and testing on predictezbis. Performance on each attribute value is measured using
Fy, and then microaveraged to give an overall figure.

machine learners. However it is also possible thatiques based on a deeper linguistic analysis would
the shallow linguistic features used in these experbe more effective. Also, properties were treated as
ments are not sufficient to make the sometimes subédditional information added on to tiees after the

tle distinction between a negative statement aboutlation extractor had run, but perhaps it would be
an interaction and a positive one, and that modelsore effective to combine relation extraction and

based on a deeper linguistic analysis (e.g. parse tregg®perty tagging to, for example, consider positive

as in (Moschitti, 2004)) would be more successfuland negativePis as different types of relations.

Note also that the feature set was optimised for max- For attributes, it would be interesting to combine

imum performance across all property values, Withie 1je.pased and machine learning systems. This
all given equal weight, but if some values are morg,,q the advantage of having a system that can both
important than others then this could be taken iNyarn from annotated data when it exists, but can
account in the optimisgtion, with possibly differentbe potentially improved by rules when necessary or
feature sets used for different property names.  \yhen annotated data is not available. Another issue
The results for the attributes using the rule-baseghay be that some attributes might not be represented
system are approximately 75% of human perforaxpiicitly by a single entity in a document. For ex-
mance and are higher than results for the machir@nme, an experimental method may be described
learning system. However, for the Modification-rather than explicitly stated. Attributes that are not
After, CellLine, and InteractionDetectionMethod at-ocg) to theppi caused difficulty for both the anno-
tributes, which occur more frequently than the othefators and the system. It would be interesting to see
attributes and have highexa, the machine learning it it is easier to attach attributes to a singie! that
system is competitive and even slightly outperforms,as peen derived from the text, rather than attempt-
in the case of the InteractionDetectionMethod. Thgq to assign attributes to each specific mention of a
scores are directly correlated with thea and both  pp) within the text. This could be accomplished by

the scores and th_leAA are higher for the attributes attempting to merge the information gathered from
that tend to occur in the same sentence ageOn  gach relation along the lines described in (Hobbs,

a practical level, this suggests that those who hope 5002)
create similar systems would be advised to start with
local attributes and pay particular attention4e on
non-local attributes.

Since the main motivation for developing the sys-
tem to extract enrichedpris was to develop a tool to
aid curators, it would be useful to know how effec-
tive the system is in this task. Aside from (Karama-
nis et al., 2007), there has been little work published
As regards properties, good results were obtained date on the effect that NLP could have on the cu-
using shallow linguistic features, but it would beration process. In the most recent BioCreAtIvE eval-
interesting to learn whether machine learning telcst}aation, the PPI subtasks were concerned with au-

5.4 Further work



tomating information extraction tasks typically per-Claudio Giuliano, Alberto Lavelli, and Lorenza Romano. @00
formed by Curators Such as dlstlngu|sh|ng between EXplOItIng Sha”oWllngUlSth information for relation &ac-

. tion from biomedical literature. IRroceedings of the EACL.
curatable and non-curatabite mentions and spec-

e ; Claire Grover and Richard Tobin. 2006. Rule-Based Chunking
ifying the details of how thepriwas detected. and Reusability. IiProceedings of LREC 2006,

; Jerry R. Hobbs. 2002. Information extraction from biometlic
6 Conclusions text. Journal of Biomedical Informatics, 35(4):260-264.
A system was implemented for enriching proteinN. Karamanis, I. Lewin, R. Seal, R. Drysdale, and E. J. Besco
protein interactions PKs) with properties and at- 2007 Integrating niatural language processing with flybase
. T . . . curation. InProc INgS O .
tributes providing additional information useful to 9

. . . . artin Krallinger, Florian Leitner, and Alfonso Valencia007.
b|OIOg|StS' It was found that a machine Iearnlndw Assessment of the Second BioCreative PPI Task: Automatic

approach to property tagging, using simple contex- Extraction of Protein-Protein Interactions. Pnoceedings of
tual features, was very effective in most cases, but the Second BioCreative Challenge Evaluation Workshop.

less effective for values that occurred rarely, or foE. Marsh and D. Perzanowski. 1998. MUC-7 evaluation of IE
which annotators found difficulty in assigning val- technology: Overview of results. PProceedings of MUC-7.
ues. For the attributes, sparsity of data meant th&vuido Minnen, John Carroll, and Darren Pearce. 2000. Robust
rule-based approaches worked best, using fairly sim- gggg_ed morphological generation. Rroceedings of INLG

ple ru_Ies that (?OUId be quickly developed, althoqglllessandro Moschitti. 2004. A study on convolution kernels
machine learning approaches could be competitive for shallow semantic parsing. Proceedings of the ACL.

when there was sufficient data. Leif Arda Nielsen. 2006. Extracting protein-protein irder

tions using simple contextual features.Rroceedings of the
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What’s in a gene name?
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Abstract

Many approaches for named entity recogni-
tion rely on dictionaries gathered from cu-
rated databases (such as Entrez Gene for
gene names.) Strategies for matching entries
in a dictionary against arbitrary text use ei-
ther inexact string matching that allows for
known deviations, dictionaries enriched ac-
cording to some observed rules, or a com-
bination of both. Such refined dictionar-
ies cover potential structural, lexical, ortho-
graphical, or morphological variations. In
this paper, we present an approach to au-
tomatically analyze dictionaries to discover
how names are composed and which varia-
tions typically occur. This knowledge can
be constructed by looking at single entries
(names and synonyms for one gene), and
then be transferred to entries that show simi-
lar patterns in one or more synonyms. For
instance, knowledge about words that are
frequently missing in (or added to) a name
(“antigen”, “protein”, “human”) could au-
tomatically be extracted from dictionaries.
This paper should be seen as a vision paper,
though we implemented most of the ideas
presented and show results for the task of
gene name recognition. The automatically
extracted name composition rules can eas-
ily be included in existing approaches, and
provide valuable insights into the biomedi-
cal sub-language.
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1 Introduction

Recognition of named entities (NER), such as names
referring to genes and proteins, forms a major build-
ing block for text mining systems. Especially in
the life sciences, a large amount of different entity
types and their instances exist. Two basic strategies
for NER are classification- and dictionary-based ap-
proaches. Classifiers learn (or are given) models to
decide whether a sequence of tokens refers to an
entity or not. Such decisions are based on various
forms of input, for instance, tokens and their se-
quence in a sentence, part-of-speech tags, charac-
teristic suffixes, and trigger keywords' (Hakenberg
et al., 2005). Models can be learned from a given
training sample. Dictionary-based approaches rely
on curated word lists containing (all known) repre-
sentatives of an entity type. Manual or automated
refinement of the dictionary and inexact matching
strategies allow to cover a broad spectrum of name
variations (Hanisch et al., 2005). Classification-
based approaches have proven to be very robust to-
wards unseen tokens and names, because they also
incorporate knowledge on names of the given class
in general’ (Crim et al., 2005). Dictionaries, on
the other hand, reflect the knowledge about an en-
tity class at a given time, and such approaches can-
not find instances unknown to them. However, the
main advantage of dictionary-based NER is that they
bring the explicit possibility to map recognized en-
tities to the source of the entries (most times, a
database.) This alleviates the task of named entity

"For example, a protein name often is/has a proper noun;
many enzymes end with ‘—ase’; ‘domain of” is often followed
by a protein name.

BioNLP 2007: Biological, translational, and clinical language processing, pages 153-160,
Prague, June 2007. (©2007 Association for Computational Linguistics



identification (NEI) that is needed to annotate texts
properly or link text-mined facts to database entries.

In this paper, we want to concentrate on
dictionary-based approaches and present ideas of
how these could be automatically refined and en-
riched. In such a setting, named entity recognition
functions as a method of ‘spotting’ entities in a text,
after which further identification (disambiguation)
is needed. NER components thus should guarantee
very high recall rates with a reasonable precision.
NEI then refines the predictions of NER, eliminat-
ing false positive annotations and identifying names.
That such a setup would perform quite well is re-
flected, for example, in a study presented by Xu et
al. (2007). They showed that sophisticated disam-
biguation strategies currently yield up to 93.9% pre-
cision (for mouse genes; yeast: 89.5%, fly: 77.8%.)
Participants in the BioCreAtIVE 2 challenge showed
similar values for human genes (up to 84.1% preci-
sion, 87.5% recall, or 81.1% F1), see Morgan and
Hirschman (2007) for a summary.

Hand-coded rules for creating spelling variations
have been proposed before, see section on Related
Work. Such rules are applied to synonyms to gen-
erate morphological and orthographical variations
(“Fas ligand” — “Fas ligands” and “Ifn gamma” —
“Ifn-v”, respectively). In the same manner, systems
use known patterns for structural changes of names
and mappings for lexical variations to enrich exist-
ing dictionaries (“CD95R” — “receptor of CD95”
and “gastric alcohol dehydrogenase” — ‘“‘stomach
alcohol dehydrogenase™). Our research question in
this paper is, how such rules can be learned automat-
ically from dictionaries that contain entries of the
same entity class with multiple, typical synonyms
each. Learning about the composition of names
comes down to an analysis of known names. A
human, given the same task, would look through a
lot of examples to derive term formation patterns.
Questions to ask are:

e What are frequent orthographical and morpho-
logical variations?

Which parts of a name get abbreviated?
How are abbreviations formed?

Which identical abbreviations can be observed
in multiple names?
In which way can a name structurally and lexi-
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cally change?
e Which are the parts of a name that can be ex-
changed with other terms or skipped entirely?
e Which are the important parts of a name, which
are additional descriptive elements?

In this paper, we demonstrate methods to analyze
names in order to find the semantically important
parts. We map these parts to potential syntactic vari-
ations thereof observed within a name and its syn-
onyms. We assess the frequency of such mappings
(exchange of tokens, different ordering of tokens,
etc.) and transfer this knowledge to all other names
in the same dictionary. In this setup, understanding
a name results in a structured decomposition of the
name. Such decompositions provide knowledge on
how to find (and identify) the name in arbitrary text,
as they give insights into its mandatory, unique, and

ambiguous? parts.
This paper should be seen as a vision paper,

though we implemented most of the ideas presented
herein and show first results. We first explain the
idea behind learning name composition rules, mo-
tivated by manual curation as described in Related
Work. We then explain the basic techniques needed
for our analysis. We show how single entries (a
name and all its synonyms) can be analyzed to find
composition rules, and how these can be transferred
to other entries. Preliminary results using some of
the ideas presented here are also given. We con-
clude this paper with a discussion of the experimen-
tal methodology and an outlook.

1.1 Related Work

Current survey articles cover the spectrum of re-
cent methods and results for biomedical named en-
tity recognition and identification (Cohen and Hersh,
2005; Leser and Hakenberg, 2005). A recent as-
sessment of named entity recognition and identifi-
cation was done during the BioCreAtIvE 2 evalua-
tion’. Official results will be available in April 2007.
Naturally, a number of systems proposed before are
highly related to the method presented in this paper.
Hanisch et al. (2005) proposed the ProMiner system
to recognize and identify protein names in text. They
observed that the ordering of tokens in a name oc-
cur quite frequently, but do not change the seman-

2The latter two as compared to the whole dictionary.
3See http://biocreative.sourceforge.net .



tics of the overall name. They presented a model for
protein names, partitioning tokens into token classes
according to their semantic significance: modifiers
(“receptor”), specifiers (“alpha”), non-descriptive
tokens (“fragment”), standard tokens (“TNF”), plus
common English words and interpunctuation. To
evaluate the significance of tokens, they count their
respective frequencies in a dictionary. Hanisch et al.
extract a dictionary using various knowledge source
(HGNC etc.) and expand and prune it afterwards.
Expansion and pruning are based on manually de-
fined rules (separating numbers and words, expand-
ing known unambiguous synonyms with known syn-
onyms, applying curation lists maintained by biolog-
ical experts, predefined regular expressions). The fi-
nal matching procedure found names by comparing
(expanded) tokens and their classes to arbitrary text,
where some token classes were mandatory for the
identification and others could be missing. ProMiner
yielded results between 78 and 90% F1-measure on
the BioCreAtIvE 1 (Task 1B), depending on the
organism-specific sub-task. The highest recall was
found to be 84.1% for fly, 81.4% for mouse, and
84.8% for yeast genes.

We used a similar method, relying entirely on
manually defined rules for name variations, for the
BioCreAtIvE 2 GN task (Hakenberg et al., 2007).
We expanded the dictionary applying these rules to
every synonym (treating abbreviations and spelled-
out names slightly different). This yielded a recall of
92.7 and 87.5% on the training and test sets, respec-
tively (F1: 81.1%). In the aftermath of BioCre AtIlvE
2, we now try to improve this high recall values fur-
ther, by automatically analyzing the whole dictio-
nary of gene names instead of manually composing
useful rules in a trial-and—error approach.

2 Methods

We first want to present the overall idea of learning
name composition rules, guided by specific exam-
ples. We first show how comparison of synonyms
known for one gene name yields insights into the
‘meaning’ of the gene, and produces rules for struc-
tural and lexical variations of its name(s). After-
wards, we explain how such rules can be exchanged
between different genes and add to the understand-
ing of each genes ‘meaning.’
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2.1 Techniques

We apply several techniques to the analysis of
names. To detect abbreviations by pairwise compar-
ison of synonyms, we use the algorithm proposed by
Schwartz and Hearst (2003) as the core component4.
We changed some of the details so that, for instance,
the first letter of the potential abbreviation has to
match the first letter of the proposed long form. We
perform the detection of abbreviations not only on
whole synonyms, but also on parts of each name
(like for “TNF-alpha stimulated ABC protein”), so
that this property of Schwartz and Hearst’s algo-
rithm (S&H) is recovered. A trivial adaptation also
reveals which parts of an abbreviation (one or more
characters) map to which parts of the long form (one
token, one partial token.) As S&H allows for miss-
ing tokens in the long form, we can also add the pos-
sibility for (few) characters in the abbreviation not

being reflected in the long form.
To detect inexact matches (that is, slight vari-

ations in morphology or orthography), we use an
adaptation of the biological sequence alignment al-
gorithm (Needleman and Wunsch, 1970). Using the
computed alignment score, this yields an immediate
quantification of the similarity of two terms.

We compare the sequence of identified name parts
(parts of a name where a mapping from this part to
a part of the other synonym exists) in order to find
parts that can be skipped or exchanged with each
other. In addition, this yields insights into potential
permuations of all parts of a name, and shows where
certain parts typically do or do not occur.

2.2 Representation

Representation of information extracted by parsing
i) a synonym or i) all synonyms of a gene becomes
a crucial basic part of our approach. Concepts have
to be found in a name, for instance,

e substance: “serotonin”,

e type: “receptor”,

e function: “transcription factor”, or

o family-member: “family-member number 6”.

Also, for these concepts, rules have to be learned
that match them against text (or vice versa): an ‘R’
hints on a receptor, a ’6’ at the end of a name (for in-
stance, a noun phrase) hints on a family-member or

“The original algorithm decides whether a given short form
can be explained by a given long form.



Type | Example token

| Example name

Descriptor | antigen, ligand, inhibitor P-30 antigen

Modifier factor, family member, type | BRG1-associated factor
Specifier alpha, IX, A TNF alpha

Source d, HUMAN, p dHNF-4

Table 1: Types of tokens that frequently occur in gene names
conventions.

type. We rely on semantic types, which are defined
using descriptions automatically identified from the
syntax (lists of variations), rather than pure syntac-
tical ones. This helps during classification of identi-
fied concepts: a syntactical concept would map “s”
to “serotonin”; but additionally, we need to express
that the given gene demands any arbitrary form of
a reference to a substance, which is serotonin, in its
name. Whether this occurs as the substance’s name
itself, an abbreviation, or synonym of the substance,
and at which position in a text>, then becomes less
important concerning the matching strategy. Table 1
sums up some of the known types of tokens and ex-
amples we want to distinguish. Note that the proper
type definition cannot automatically be assigned to
a concept. Concepts can be identified as belong-
ing to the same type only because they share certain
properties (can be skipped, is a numerical entity, is a
mandatory tokens that occurs at the end of a name.)
In Table 1, the descriptors “antigen” and “ligand”,
for instance, appear to be of the same type, but anal-
ysis will reveal that while the mention of “antigen”
in a name is skipped frequently, “ligand” represents
a mandatory concept in many synonyms.

For the remainder of this paper, we subsequently
break down a gene into the basic concepts described
in one or more of its name. First, a gene is iden-
tified by a set of names (synonyms). Second, each
name consists of multiple parts; proper separation
and identification is a crucial step. Third, each part
of a name then represents a certain concept that is
typical for the gene. A gene is defined by all identi-
fied concepts. While a gene name part stores the in-
formation on where and if it occurs in the sequence
of parts that ultimately form the (or rather a) name
of the gene, concepts store information about vari-
ations. Knowledge about name parts and concepts
is then transferred within each respective level only.
Each such potential transfer we call a composition

SMaybe within a somewhat confined neighborhood, for in-
stance, in the current paragraph or in the abstract of the text.
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. Also see Hanisch et al. (2005), though they introduce different

rule. An example, which we will also discuss in
the next section, is the gene FASLG. Is has multiple
synonyms, “FASLG” being one of those. This name
can be separated into the parts “FAS” and “LG”. The
first part has the concept “FAS”, which can appear
in the variations “Fas”, “fas”, or “CD95”, as we will
see later; the second part has the concept “LG”, a
possible variation is “ligand”:

FASLG

(from top to bottom, levels depict the name, parts,
concepts, and variations of each concept.)

2.3 Analysis of intra-gene variations

In this section we explain how we discover concepts
and their appearances (exact tokens) within a set of
synonyms under the assumption that they all belong
to the same gene. Basically, this means that we
can allow for more mismatches, lacking parts, or the

like, as for comparing names of different genes.
Reconsider the example of the aforementioned

FASLG gene (356)°. We show the synonyms known
according to Entrez Gene in Table 2. Pairwise anal-
ysis of the synonyms provides insights as shown in
Table 3.

Recombining the extracted concepts and using

different variations for either, we can achieve some
new potential names, for instance, FasL (capitaliza-
tion) and CD95 ligand (replaced L’ with identified

®In the following, we will always show each gene’s official
symbol first and then known synonyms. Numbers in brackets
refer to Entrez Gene IDs.



Apoptosis antigen ligand APTL apoptosis (APO-1) antigen ligand 1

Apoptosis (APO-1) ligand 1 APTI1LG1 FAS antigen ligand

Apoptosis ligand CD178 Fas ligand (TNF superfamily, member 6)

CD95L FASL TNFL6_.HUMAN

fas ligand FASLG TNFSF6

FAS ligand TNFL6 Tumor necrosis factor ligand superfamily member 6

Table 2: Synonyms of the FASLG gene that we use in our examples.

Synonyms | Composition rule learned | No.
FASL + FAS ligand L = ligand 1
FASLG + FAS ligand LG = ligand 2
FAS ligand + fas ligand FAS = fas 3
FASL + CD95L FAS = CD95 4
Tumor necrosis factor ligand superfamily member 6 + | T = Tumor, N = necrosis Sa,b
TNFSF6 F = factor, SF = superfamily Sc.d
“member” before a number can be left out Se

Apoptosis antigen ligand + Apoptosis ligand “antigen” can be left out 6
FAS antigen ligand + FAS ligand “antigen” can be left out 7
Apoptosis (APO-1) ligand 1 + Apoptosis ligand “1” at end can be left out 8
TNFL6 + TNFL6_HUMAN “_ HUMAN” can be added to a name 9
Fas ligand (TNF superfamily, member 6) + FAS ligand | Fas = FAS 10
Apoptosis ligand + APTL Apoptosis = APT 11
Apoptosis (APO-1) ligand 1 + APT1LG1 ligand 1 = LGl 12

Table 3: Pairwise analysis of some synonyms for FASLG and some insights gained. Conclusions shown in the bottom part can be
drawn using insights from the first part only. Rules like “X can be left out” imply that the opposite can also happen, “X can be
added”, and vice versa. Multiple detections of the same rule (no. 6 & 7) increase its support, so the application of rules could be

weighted accordingly.

long form) for the FASLG gene. In cases where nei-
ther part of a name can be mapped onto parts of an-
other name, then no rule should be generated: com-
paring “CD178 antigen” to “CD95 ligand” should
not result in the variation “CD178 ligand”. On the
other hand, after removal of “antigen” (rules no. 6
& 7 in Table 3), “CD178” represents a variation
of “CD95 ligand” (which in this case was already
known from Entrez Gene.) In the following sections,
we explain the detection of different kinds of varia-
tions in more detail and show examples.

Abbreviations

Detecting abbreviations is a crucial initial step in our
analyses. Many variations are explained only across
abbreviations and their long forms. More important,
comparing abbreviations and long forms identifies
the parts of either name, which can then be com-
pared to parts of other names. Taking HIF1A (3091)
as an example, we find the synonyms “HIF1 al-
pha”, “HIF-1 alpha”, “HIF-1alpha”, and “Hypoxia-
inducible factor 1 alpha”. Schwartz and Hearst’s al-
gorithm easily reveals that “1 alpha”, “lalpha”, and
“1A” all map to each other; “H” can be mapped to
“Hypoxia”, and so on. All in all, we learned that
“Hypoxia-inducible factor 1A” could be a potential
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synonym for HIF1A.

We now look at the OR1G1 gene (8390). Con-
sider two of its synonyms, “Olfactory receptor
1G1”, and “olfactory receptor, family 1, subfamily
G, member 1”. Comparing the official symbol with
the first synonym, it becomes clear that “OR” abbre-
viates “Olfactory receptor” using S&H. Comparing
the synonyms, we find direct correspondences be-
tween both “1”’s and “G”. AS we are still within one
gene, is is safe to assume that all in all, “1G1” ab-
breviates “family 1, subfamily G, member 1”. This
implies that concepts stating that we are within a
gene family (subfamily, members) can be missing
— whereas the respective values (“1”, “G”, “1”) are
mandatory.

Another abbreviation that commonly occurs in
gene names is the (abbreviated) mention of the or-
ganism (on the species level). For example, the
gene GIMAP4 (55303) has “HIMAP4”, “IMAP4”,
“TAN1”, “hIAN1”, and “human immune associated
nucleotide 1” as known synonyms. From synonyms
1 and 2 we can infer that an “H” can be added to a
name (just like “_ HUMAN?”, see Table 3.) The same
is true for “h” (synonyms 3 and 4.) Comparing syn-
onyms 1 or 4 to 5 leads to the conclusion that “H”



and “h” both abbreviate “human.”
Lexical variations

In the set of synonyms for ADHFE1 (137872), we
find “Fe-containing alcohol dehydrogenase 17 and
“alcohol dehydrogenase, iron containing, 1”. Split-
ting these synonyms into their respective parts and
then comparing both sets reveals that all but one part
each can be exactly mapped to a corresponding part
in the other synonym. From this almost exact match,
we can conclude that the parts “Fe” and “iron” are
synonyms of each other, potentially representing the

same concept, and easy to confirm for a human.
In the same manner, we will find that “1B” can be

sometimes expressed as “2”, and that “adaptor” and
“Adapter” are orthographic variations of each other,
by looking at some synonyms for AP1S2 (8905):

- Adapter-related protein complex 1 sigma 1B subunit
- adaptor-related protein complex 1 sigma 2 subunit
- adaptor-related protein complex 1, sigma 1B subunit

To detect these two changes, we first need to map
parts to each other and then compare the names
based on the sequence of the parts.

Structural variations

Changes in the structure of a name can be deduced
when a safe mapping between most parts of a name
exist. For the HMMR gene (3161), we find two ev-
idences for such a variation, which also lead to the
conclusion that “for” is an optional part. However,
in our system, we would retain information concern-
ing the positioning of “for” (at least, tendencies like
“not the first” and “not the last” part.)

- Receptor for hyaluronan-mediated motility

- hyaluronan-mediated motility receptor

- Hyaluronan mediated motility receptor

- intracellular hyaluronic acid binding protein

- hyaluronan-mediated motility receptor (RHAMM)

Analysis of this example also finds that “hyaluro-
nan” can start with an upper case letter (and that
this occurs only when it is the first part of the
name. “RHAMM” is the abbreviation for “Recep-
tor for hyaluronan-mediated motility”, as revealed
by S&H. This leads to the next conclusion, that ab-
breviations can immediately follow a gene name.

Descriptive elements

Comparing the sequence of identified name parts
(parts of a name where a mapping from this part to
a part of the other synonym exists) yields dissimi-
larities that result either from a dropped/added name
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part, or from a lexical variation. Consider the fol-
lowing example:

Fas antigen ligand
N2

FASLG

Inexact matching immediately identifies the map-
ping from “Fas” to “FAS”; abbreviation detec-
tion and/or alignment yields “ligand” as a long
form/variation of “LG.” The sequence of name parts
if the same in both synonyms, with an added “anti-
gen” in the first synonym. An extracted composition
rule could thus be that “antigen” is of additional, de-
scriptive value only, and can be skipped. Knowing
this, the first synonym should also match the strings
“Fas ligand” and “FAS ligand” (in fact, both should.)

Another example is ZG24P (259291) with its syn-
onym “uncharacterized gastric protein ZG24P”. As
the official symbol clearly is an abbreviation (single
word, upper case letters, numbers) and matches the
last part of the synonym, we can assume that the first
part is either another synonym or a mere descriptive
element that explains the real gene name. Indeed,
patterns like “uncharacterized ... protein” or “hypo-
thetical protein” appear frequently as first parts of
gene names.

2.4 Analysis of inter-gene variations

As we have so far analyzed synonyms of one and the
same gene to extract knowledge on name composi-
tion, we can now apply this knowledge to the whole
set of gene names. This means, that we add knowl-
edge gained by analyzing one gene to other genes,
wherever applicable. Essentially, this comes down
to finding corresponding concepts in two or more
genes’ names, and joining the information contained
in each concept. If within one gene name it became
clear that “L” and “ligand” represent the same con-
cept, and for another gene “L” and “LG” are vari-
ations of the same concept, then a combined con-
cept would have all three variations. The combined
concept then replaces the old concepts. We apply
the same idea to name parts, for which information
about their ordering etc. was extracted.

Inter-gene analysis also reveals the main distinc-
tive features of single gene names or groups of
names (for instance, families.) Some names dif-
fer only in Arabic/Roman numbers or in Greek let-



ters. Potentially they belong to the same group, as
different members or subtypes. Knowing how to
find one family member implicitly means knowing
how to find the others. Thus, it helps identify cru-
cial parts (for the family name) and distinctive parts
(for the exact member.) A matching strategy could
thus try to find the family name and then look for
any reference to a number. Knowledge about this
kind of relationships has to be encoded in the dictio-
nary, however. Spotting a gene family’s name with-
out any specific number could lead to the assign-
ment of the first member to the match, see Table 3,
rule no. 8 (or dismissing the name, depending on
user-specific demands). Such information can also
be used for disambiguating names. Analyzing the
names “CD95 ligand” and “CD95 receptor” of two
different genes, it can be concluded that “CD95” by
itself contains not enough information to justify the
identification of either gene directly. Finding other
“receptor”’s in the dictionary will also mark “recep-
tor” as a concept crucial, but not sufficient, for iden-
tifying a gene’s name in text. For “CD95”, on the
other hand, we have shown before that this token
might be exchanged with others.

Knowledge about (partial) abbreviations, like in
aforementioned “HIF” = “Hypoxia-inducible fac-
tor” and “OR” = “olfactory receptor”, can be trans-
ferred to all synonyms from other entries in the dic-
tionary that have the same long or short forms (but
possibly do not mention the respective other in any
synonym.) Similarly, presumed lexical variations
(“gastric” versus “stomach”) that have been found
for one gene name (one concept) can be included
in all corresponding concepts to spread the informa-
tion that “gastric” can appear as “stomach” in text.
This is necessary to detect the name ““stomach alco-
hol dehydrogenase”, where the corresponding En-
trez Gene entry (ADH7, 131) does have the token
“stomach” in any of its synonyms.

Also, synonyms mentioning the species (like
“hIAN1” to depict human) are not contained for
every entry. Learning that “h” can be added to a
gene name helps recognizing such a variation in text
for other names (the dictionary lacks the variation
“hFasL” of FASLG, which is sometimes used.)
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3 Evaluation and Conclusions

We evaluated some ideas presented in this paper on
the BioCreAtIvE 2 (BC2) dataset for the gene nor-
malization task. For the purpose of this study, we
were interested in how our method would perform
concerning the recall, as compared to methods based
on hand-curated dictionary refinement. We con-
ducted the following experiment: the BC2 GN gold
standard consists of references to abstracts (PubMed
IDs), genes identified in each abstract (Entrez Gene
IDs) and text snippets that comprise each gene’s
name. For one abstract, there could be multiple, dif-
ferent snippets representing the same gene, ADH7
(131): “stomach alcohol dehydrogenase”, “class IV
alcohol dehydrogenase”, or “sigma-ADH”, all in the
same abstract. For identification, it was sufficient in
BC2 to report the ID, regardless of number of occur-
rences or name variations.

As the method presented in this paper lacks a
matching strategy for spotting of names, we per-
formed our initial evaluation on the text snippets
only. Finding the right ID for each snippet thus
ultimately yielded the recall performance. In the
above example, we would try to identify ID 131
three times, counting every miss as a false nega-
tive. The methods presented above were able to
yield a recall of 73.1%. With the original BC2 eval-
uation scheme, we achieve a recall of 84.2%. Com-
pared to the highest result for our system with a
manually refined dictionary, this figure is more than
8% lower. This shows that still, many name varia-
tions are not recognized. Some errors could be ac-
counted to ranges or enumerations of gene names
(“SMADs 1, 5 and 8”), others to not far enough
reaching analyses: for detecting “SMADS”, we only
had the synonyms “SMADSA”, “SMADS8B”, and
“SMAD9” for the correct gene in the dictionary (all
are synonyms for the same gene, according to Entrez
Gene). It should thus have been learned that the let-
ter “A” can be left out (similar to “1”, see rule no. 8
in Table 3.) Another undetected example is “G(olf)
alpha” (GNAL, 2774). Rules to restrict either of the
synonyms
- Guanine nucleotide-binding protein G(olf), alpha subunit
- guanine nucleotide binding protein (G protein),

alpha stimulating activity polypeptide, olfactory type

- Adenylate cyclase-stimulating G alpha protein, olfactory type
- Guanine nucleotide-binding protein, alpha-subunit, olfactory

type



to this mentioning in text could have been deduced
as follows:

(1) Learn in another gene: description before
“protein” can be left out = “G(olf), alpha subunit”
could be a name of its own.

(2) Learn in this or another gene: “alpha subunit”
can be expressed as “alpha” (or “subunit” skipped)
= “G(olf) alpha” could be a name.

We see that most orthographical and morpholog-
ical variations (Greek symbols/English words, sin-
gular/plural forms, capitalization) can be integrated
quite easily in matching techniques. The general
knowledge about such variations is far-reaching and
can be applied to most domains. In contrast, struc-
tural and lexical variations are much harder to pin-
point and express in general ways; mostly, such pos-
sible variations are specific to a sub-domain and thus
present the main challenge for our method.

The ideas discussed in this paper originated from
work on the aforementioned BioCreAtIvE 2 task.
In that work, we used manually designed rules to
generate variations of gene names. Hanisch et
al. (Hanisch et al., 2005) and other groups propose
similar methods all based on human observation and
experience leading to refined dictionaries. As many
causes for name variations are easy to spot and ex-
press, we concluded it was entirely possible to gain
such insights in an automated manner. Left undeter-
mined is the potential impact of composition rules
on machine-learning techniques that use dictionar-
ies as input for features.

However, the methodology should work for other
task using the same or similar initial observations
(This remains to be proven.) We are currently ap-
plying the method to the analysis of Gene Ontology
terms (Ashburner et al., 2000). There, many terms
are mere descriptions of concepts than precise la-
bels, and there are less additional synonyms (with
structural and lexical variations.) A good starting
point for assessing possible patterns in name com-
position could also be the MeSH controlled vocabu-
lary. Entries in MeSH typically contain many struc-
tural and lexical variations, a deeper understanding
of which bears more insights than of orthographical
or morphological variations.

Readers of this manuscript should either gain
more insights into name compositions of gene
names —in order to help refining dictionaries based
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on manual rule sets—, or be convinced that the idea
of learning composition rules can be tackled in auto-
mated ways, promising examples of and basic tech-
niques for which we discussed herein.

Supplementary information

The extracted set of rules for name variations and an
extended dictionary for human genes, originating from
Entrez Gene, are available at http://www.informatik.hu-
berlin.de/"hakenber/publ/suppl/ . The dictionary can directly be
used for matching entries against text and covers 32,980 genes.
The main Java classes are available on request from the authors.
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Abstract

This paper describes a preliminary analysis
of issues involved in the production of re-
ports aimed at patients from Electronic Pa-
tient Records. We present a system proto-
type and discuss the problems encountered.

1 Introduction

Allowing patient access to Electronic Patient
Records (EPR) in a comprehensive format is a le-
ga requirement in most European countries. Apart
from thislegal aspect, research showsthat the provi-
sion of clear information to patients is instrumental
in improving the quality of care (Detmer and Sin-
gleton, 2004). Current work on generating expla-
nations of EPRs to patients suffer from two major
drawbacks. Firstly, existing report generation sys-
tems have taken an intuitive approach to the gener-
ation of explanation: there is no principled way of
selecting the information that requires further expla-
nation. Secondly, most work on medical report gen-
eration systems has concentrated on explaining the
structured part of an EPR; there has been very lit-
tle work on providing automatic explanations of the
narratives (such as letters between health practition-
ers) which represent a considerable part of an EPR.
Attempting to rewrite narratives in a patient-friendly
way is in many ways more difficult than providing
suggestions for natural language generation systems
that take as input data records. In narratives, ambi-
guity can arise from a combination of aspects over
which NLG systems have full control, such as syn-
tax, discourse structure, sentence length, formatting
and readability.

This paper introduces a pilot project that attempts
to address this gap by addressing the following re-
search questions:

Catalina Hallett
Faculty of Mathematics and Computing
The Open University
c.hallett@open.ac.uk

1. Given the text-based part of a patient record,
which segments require explanation before being re-
leased to patients?
2. Which types of explanation are appropriate for
various types of segment?
3. Which subparts of asegment require explanation?
The prototype system correctly selects the seg-
ments that require explanation, but we have yet to
solve the problem of accurately identifiying the fea-
tures that contribute to the “expertness’ of a doc-
ument. We discuss the underlying issues in more
detail in section 3 below.

2 Featureidentification method

To identify a set of features that differentiate med-
ical expert and lay language, we compared a cor-
pus of expert text with a corpus of lay texts. We
then used the selected features on a corpus of nar-
ratives extracted from arepository of Electronic Pa-
tient Records to attempt to answer the three ques-
tions posed above. First, paragraphs that contain
features characteristic to expert documents are high-
lighted using a corpus of patient information |eaflets
as abackground reference. Second, we prioritise the
explanations required by decomposing the classifi-
cation data. Finally, we identify within those sec-
tions the features that contribute to the classification
of the section as belonging to the expert register, and
provide suggestions for text simplification.

2.1 Features

Thefeature identification was performed on two cor-
pora of about 200000 words each: (@) an expert
corpus, containing clinical case studies and med-
ical manuas produced for doctors and (b) a lay
corpus, containing patient testimonials and infor-
mational materials for patients. Both corpora were
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sourced from a variety of online sources. In com-
paring the corpora we considered a variety of fea-
tures in the following categories. medical content,
syntactic structure, discourse structure, readability
and layout. The features that proved to be best dis-
criminators were the frequency of medica terms,
readability indices, average NP length and the rela-
tive frequency of loan words against English equiva-
lentst. The medical content analysis is based on the
MeSH terminology (Canese, 2003) and consists of
assessing: (a) the frequency of MeSH primary con-
cepts and alternative descriptions, (b) the frequency
of medical terms types and occurences and (c) the
frequency of MeSH terms in various top-level cate-
gories. The readability features consist of two stan-
dard readability indices (FOG and Flesch-Kincaid).
Although some discourse and layout features also
proved to have a high discriminatory power, they
are strongly dependent on the distribution medium
of the analysed materials, hence not suitable for our
analysis of EPR narratives.

2.2 Analysing EPR narratives

We performed our analysis on a corpus of 11000
narratives extracted from alarge repository of Elec-
tronic Patient Records, totalling almost 2 million
words. Each segment of each narrative was then as-
sessed on the basis of the features described above,
such as Fog, sentence length, MeSH primary con-
cepts etc. We then smoothed all of the scores for
al segments for each feature forcing the minimum
to 0.0, the maximum to 1.0 and the reference corpus
score for that feature to 0.5. This made it possible to
compare scores with different gradients and scales
against acommon baseline in a consistent way.

3 Evaluation and discussion

We evaluated our segment identification method on
a set of 10 narratives containing 27 paragraphs, ex-
tracted from the same repository of EPRS . The seg-
ment identification method proved succesful, with
26/27 (96.3%) segments marked correctly are re-
quiring/not requiring explanation. However, this
only addresses the first of the three questions set
out above, leaving the following research questions

LAn in-depth analysis of unfamiliar termsin medical docu-
ments can be found in (Elhadad, 2006)

open to further analysis.

Quantitative vs qualitative analysis
Many of the measures that discriminate expert from
lay texts are based on indicative features; for exam-
ple complex words are indicative of text that is dif-
ficult to read. However, there is no guarantee that
individual words or phrases that are indicative are
also representative - in other words a given complex
word or long sentence will contribute to the readabil -
ity score of the segment, but may not itself be prob-
lematic. Similarly, frequency based measures, such
as a count of medical terminology, discriminate at a
segment level but do not entail that each occurrence
requires attention.
Terminology
We used the MeSH terminology to analyse med-
ical termsin patient records, however (as with prac-
tically all medical terminologies) it contains many
non-expert medical terms. We are currently investi-
gating the possibility of mining alist of expert terms
from MeSH or of making use of medical-lay aligned
ontologies.
Classification
Narrativesin the EPR are written in acompletely dif-
ferent style from both our training expert corpus and
the reference patient information leaflets corpus. It
istherefore very difficult to use the reference corpus
as a threshold for feature values which can produce
good results on the corpus of narratives, suggest-
ing that astatistical thresholding technique might be
more effective.
Feature dependencies
Most document features are not independent. There-
fore, the rewriting suggestions the system provides
may themselves have an unwanted impact on the
rewritten text, leading to a circular process for the
end-user.
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Abstract

The names of named entities very often oc-
cur as constituents of larger noun phrases
which denote different types of entity. Un-
derstanding the structure of the embedding
phrase can be an enormously beneficial first
step to enhancing whatever processing is in-
tended to follow the named entity recogni-
tion in the first place. In this paper, we
examine the integration of general purpose
linguistic processors together with domain
specific named entity recognition in order to
carry out the task of baseNP detection. We
report a best F-score of 87.17% on this task.
We also report an inter-annotator agreement
score of 98.8 Kappa on the task of baseNP
annotation of a new data set.

1 Introduction

Base noun phrases (baseNPs), broadly “the initial
portions of non-recursive noun phrases up to the
head” (Ramshaw and Marcus, 1995), are valuable
pieces of linguistic structure which minimally ex-
tend beyond the scope of named entities. In this
paper, we explore the integration of different tech-
niques for detecting baseNPs that contain a named
entity, using a domain-trained named entity recog-
nition (NER) system but in combination with other
linguistic components that are “general purpose”.
The rationale is simply that domain-trained NER is
clearly a necessity for the task; but one might expect
to be able to secure good coverage at the higher syn-
tactic level by intelligent integration of general pur-
pose syntactic processing without having to undergo
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a further round of domain specific annotation and
training. We present a number of experiments ex-
ploring different ways of integrating NER into gen-
eral purpose linguistic processing. Of course, good
results can also be used subsequently to help reduce
the effort required in data annotation for use in dedi-
cated domain-specific machine learning systems for
baseNP detection.

First, however, we motivate the task itself. Enor-
mous effort has been directed in recent years to the
automatic tagging of named entities in bio-medical
texts and with considerable success. For example,
iHOP reports gene name precision as being between
87% and 99% (depending on the organism) (Hoff-
man and Valencia, 2004). Named entities are of
course only sometimes identical in scope with noun
phrases. Often they are embedded within highly
complex noun phrases. Nevertheless, the simple de-
tection of a name by itself can be valuable. This
depends in part on the intended application. Thus,
iHOP uses gene and protein names to hyperlink
sentences from Medline and this then supports a
browser over those sentences with additional navi-
gation facilities. Clicking on Dpp whilst viewing a
page of information about hedgehog leads to a page
of information about Dpp in which sentences that
relate both Dpp and hedgehog are prioritized.

One of the application advantages of iHOP is that
the discovered gene names are presented to the user
in their original context and this enables users to
compensate for problems in reliability and/or con-
textual relevance. In many Information Extraction
(IE) systems, relations between entities are detected
and extracted into a table. In this case, since the im-
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mediate surrounding context of the gene name may
be simply lost, the reliability of the original identifi-
cation becomes much more important. In section 2
below, we explain our own application background
in which our objective is to increase the productiv-
ity of human curators whose task is to read partic-
ular scientific papers and fill in fields of a database
of information about genes. Directing curators’ at-
tention to sentences which contain gene names is
clearly one step. Curators additionally report that
an index into the paper that uses the gene name and
its embedding baseNP is even more valuable (ref-
erence omitted for anonymity). This often enables
them to predict the possible relevance of the name
occurrence to the curation task and thus begin or-
dering their exploration of the paper. Consequently,
our technical goal of baseNP detection is linked di-
rectly to a valuable application task. We also use the
baseNP identification in order to type the occurrence
semantically and use this information in an anaphora
resolution process (Gasperin, 2000).

The detection of baseNPs that contain a named
entity is a super-task of NER, as well as a sub-task
of NP-chunking. Given that NER is clearly a domain
specific task, it is an interesting question what per-
formance levels are achievable using domain trained
NER in combination with general purpose linguistic
processing modules.

There is a further motivation for the task. The dis-
tinction between a named entity and an embedding
noun phrase is one with critical importance even for
the sub-task of NER. Dingare et al (2005) conclude,
from their analysis of a multi-feature maximum en-
tropy NER module, that increases in performance of
biomedical NER systems will depend as much upon
qualitative improvements in annotated data as in the
technology underlying the systems. The claim is that
quality problems are partly due to confusion over
what lies in the scope of a named entity and what
lies at higher syntactic levels. Current biomedical
annotations are often inconsistent partly because an-
notators are left with little guidance on how to han-
dle complexities in noun phrases, especially with re-
spect to premodifiers and conjunctions. For exam-
ple, which premodifiers are part of the named entity
and which are “merely” part of the embedding noun
phrase? Is human part of the named entity in the
regulation of human interleukin-2 gene expression,

164

% JRex- FlyBase Viewer <@palerma>

G @ @ Q £ ‘file:fff(muf15728670.BIme1429h(mI#id80192

Ectopic expression of zen and zen-Diel

S0 +10 to +1234 from the transcription starting site ) { Rushlow et al. , 1987a)

was cloned into pUAST ( Brand and Per:
and 2' ends . resnective he zen-Del A
Torton<® silmos I

v
File Menu Edit Menu

‘ Show Images ‘ ‘ Mark as Gene ‘ | Mark as NOT Gene |
| PaperView | Entitiesview | Tol rify. | Helpon
@ Clzen

G zen

Czen

C zen

4 The zen cDMA
C zen

( the UAS- zen

il azenwig

o the zen mutam rescue
C zen

( zen

 the zen pattern

=
contains the minimal promoter sequence from the ever-skipped gene fused to the JacZ
reporter gene { eve-jacZ Casper ) ( Small et al, , 1952 . At least three transformant lines for
kTl | |
(@ [Done.

Figure 1: Paper Browser showing baseNP index

or not?

By focussing attention instead on the baseNPs
that contain a named entity, one can clearly sidestep
this issue to some extent. After all, increasing the
accuracy of an NER module with respect to premod-
ifier inclusion is unlikely to affect the overall accu-
racy of detection of the embedding noun phrases.

2 FlyBase curation

The intended application for our work is a soft-
ware environment for FlyBase curators that includes
an NLP-enhanced Browser for Scientific Papers.
FlyBase is the world’s leading genomics database
for the fruitfly Drosophila (melanogaster and other
species) (Crosby et al., 2007). FlyBase is largely
updated through a paper-by-paper methodology in
which research articles likely to contain informa-
tion relevant for the FlyBase database are first put
in a priority list. Subsequently, these are read by
skilled geneticists (at post-doctoral level) who dis-
til gene related information into the database itself.
Although this is a paradigm example of IE, our ob-
jective is not to fully automate this task itself, sim-
ply because the expected accuracy rates are unlikely
to be high enough to provide a genuinely useful
tool. Rather, our task is to enable curators to ex-
plore the gene related sections of papers more effi-
ciently. The Browser currently highlights potential



items of interest for curators and provides novel in-
dexing and navigation possibilities. It is in this con-
text that the identification of baseNPs that contain
gene names is carried out. An individual sentence
that contains a gene name is very often not enough,
considered in isolation, for curators to fill in a re-
quired database field. Information often needs to
be gathered from across a paragraph and even the
whole paper. So extraction of sentences is not an at-
tractive option. Equally, a whole sentence is unfeasi-
bly large to serve simply as an indexing term into the
paper. Noun phrases provide more information than
simply gene names, but post-modification can also
lead to extremely long terms. BaseNPs are there-
fore a useful compromise, these being short enough
to display whole in a window (i.e. no scrolling
is required) and often bearing enough information
for the user to understand much more of the con-
text in which the gene name itself appears. Fur-
thermore, the baseNP is both a natural “unit” of in-
formation (whereas a window of n tokens around a
gene name is not) and it supports further processing.
BaseNPs are typed according to whether they denote
genes or various gene products and linked together
in anaphoric chains.

In our navigation panel for the Browser, the
baseNPs are sorted according to the gene name that
they contain (and then by order in which they appear
within the paper), and hyperlinked to their occur-
rence in the paper. This enables users to explore pa-
pers gene-by-gene but also, when considering a par-
ticular gene, to understand more about the reference
to the gene - for example whether gene products or
promoters are being referenced. Figure 1 contains
an example screenshot.

3 Scope of the Data

Complex nominals have long been held to be a com-
mon feature in scientific text. The corpus of Vlachos
and Gasperin (2006) contains 80 abstracts (600 sen-
tences) annotated with gene names. In this data-set,
noun phrases that contain gene names (excluding
post-modifiers) of 3 words or more comprise more
than 40% of the data and exhibit primarily: strings of
premodifiers fudor mutant females, zygotic Dnop5
expression; genitives: Robo ’s cytoplasmic domain,
the rdgB protein ’s amino terminal 281 residues; co-
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ordination the copia and mdg-1 elements and par-
enthetical apposition the female-specific gene Sex
lethal ( Sxl ), and the SuUR (suppressor of under-
replication) gene. Only 41% of the baseNPs con-
taining a gene name consist of one token only. 16%
have two tokens. The two token baseNPs include
large numbers of combinations of gene names with
more general words such as Ras activity, vad mu-
tants, Xiro expression, IAP localization and vasa
protein. In general, the gene name appears in mod-
ifier position although species modifiers are com-
mon, such as Drosophila Tsg, and there are other
possibilities: truncated p85.

Our intention is to categorize this data using the
concept of “baseNP” and build effective computa-
tional models for recognizing instances. Although
baseNP is a reasonably stable linguistic concept,
its application to a new data-set is not completely
straightforward. Ramshaw and Marcus (1995) state
that a baseNP aims “to identify essentially the ini-
tial portions of nonrecursive noun phrases up to the
head, including determiners but not including post-
modifying prepositional phrases or clauses”. How-
ever, work on baseNPs has essentially always pro-
ceeded via algorithmic extraction from fully parsed
corpora such as the Penn Treebank. BaseNPs have
therefore depended on particular properties of the
annotation framework and this leads to certain as-
pects of the class appearing unnatural.

The clearest case is single element conjunction,
which Penn Treebank policy dictates is annotated
at word-level with a flat structure like this [Ipl and
xsl] (brackets indicate baseNP boundaries). As soon
as one of the elements is multi-word however, then
separate structures are to be identified [Ipl] and [the
sxl gene]. The dependency on numbers of tokens
becomes clearly problematic in the bio-medical do-
main. Quite different structures will be identified
for Ipl and fasciclin, Ipl and fasciclin I and possibly
Ipl and fasciclin-1, depending on how tokenization
treats hyphens. Furthermore, nothing here depends
on the motivating idea of “initial segments up to the
head”. In order to provide a more natural class, our
guidelines are that unless there is a shared modifier
to account for (as in [embryonic Igl and sxg]), all co-
ordinations are split into separate baseNPs. All other
cases of coordination follow the standard guidelines
of the Penn Treebank.



A second difficult case is possessives. BaseNP ex-
traction algorithms generally split possessives like
this: [fra] [’s ectodomain], corresponding (some-
what) to an intuition that there are two NPs whilst
assigning each word to some baseNP chunk and
not introducing recursiveness. This policy however
causes a sharp division between this case and the fra
ectodomain following the Penn Treebank bracketing
guideline that nominal modifiers are never labelled.
Since our interest is “the smallest larger NP con-
taining a gene name”, we find it much more natu-
ral to treat fra’s as just another modifier of the head
ectodomain. Whether it recursively contains a sin-
gle word NP fra (or just a single word NNP) is again
not something that is motivated by the idea of “ini-
tial segments up to the head”. Similarly, we mark
one baseNP in the rdgB protein’s amino terminal
281 residues, viz. the rdgB protein.

Apposition, as in Sex lethal ( Sxl ) and the gene sex
lethal , is a further interesting case. In the first case,
“Sex lethal” and “SxI1” stand in apposition. Both are
gene names. The former is the head. In the sec-
ond, “gene” is the head and “sex lethal” is a name
that stands in apposition. In each case, we have a
head and post-modifiers which are neither clausal
nor prepositional. It is unclear whether the rubric
“clausal or prepositional” in Ramshaw and Marcus’
statement of intent is merely illustrative or defini-
tive. On the grounds that a sharp division between
the non-parenthetical case the gene sex lethal and the
pre-modifier the sex lethal gene is unnatural, our in-
tuition is that the baseNP does cover all 4 tokens in
this case. All (post-head) parentheticals are however
to be treated more like optional adjuncts and there-
fore not included with the head to which they attach.

In order to verify the reliability of baseNP an-
notation, two computational linguists (re)annotated
the 600 sentences (6300 tokens) of Vlachos and
Gasperin (2006) with baseNPs and heads using the
published guidelines. We added material concern-
ing head annotation. Vlachos and Gasperin did
not quote agreement scores for baseNP annotation.
Their interest was directed at gene name agreement
between a linguist and a biologist. Our 2-person
inter-annotator Kappa scores were 0.953 and 0.988
on head and baseNP annotation respectively repre-
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senting substantial agreement.! .

4 Methodology

A reasonable and simple baseline system for ex-
tracting baseNPs that contain a gene name is to use
an off-the-shelf baseNP extractor and simply filter
the results for those that contain a gene name. To
simplify analysis of results, except where otherwise
noted this filter and subsequent uses of NER are
based on a gold standard gene name annotation. In
this way, the contributions of different components
can be compared without factoring in relative errors
of NER. Naturally, in the live system, an automated
NER process is used (Vlachos and Gasperin, 2000).
For the baseline we chose an implementation of the
Ramshaw and Marcus baseNP detector distributed
with GATE? pipelined with the Stanford maximum
entropy part of speech tagger 3. The Stanford tag-
ger is a state of the art tagger incorporating a num-
ber of features including use of tag contexts, lexical
features, a sophisticated smoothing technique, and
features for unknown words (including 4-gram pre-
fixes and suffixes). Both components of the base-
line systems utilize the 48 tag Penn Treebank tagset.
Results however showed that poor performance of
the part of speech tagger could have a disastrous ef-
fect on baseNP detection. A simple extension of the
baseline is to insert a module in between POS tag-
ging and NP detection. This module revises the POS
tags from the tagger in the light of NER results, es-
sentially updating the tags of tokens that are part of
named entities. This is essentially a simple version
of the strategy mooted by Toutanova at el (2003) that
the traditional order of NER and tagging be reversed.
It is simpler because, in a maximum entropy frame-
work, NER results can function as one extra fea-
ture amongst many in POS detection; whereas here
it functions merely as an override. Retraining the
tagger did not form part of our current exploration.

'In fact, although the experiment can be considered a classi-
fication of 6300 tokens in IOB format, the counting of classifi-
cations is not completely straightforward. The task was “anno-
tate the baseNP surrounding each gene name” rather than “an-
notate each token”. In principle, each token is examined; in
practice a variable number is examined. If we count all tokens
classified into NPs plus one token of context either side, then
both annotators annotated over 930 tokens.

Zhttp://www.gate.ac.uk

3http://nlp.stanford.edu/software/tagger.shtml



We adopted a similar strategy with the domain in-
dependent full parsing system RASP (Briscoe et al.,
2006). RASP includes a simple 1st order HMM POS
tagger using 149 of the CLAWS-2 tagset. The tagger
is trained on the manually corrected subsets of the
(general English) Susanne, LOB and BNC corpora.
The output of the tagger is a distribution of possi-
ble tags per token (all tags that are at least 1/50 as
probable as the top tag; but only the top tag if more
than 90% probable). The tagger also includes an un-
known word handling module for guessing the pos-
sible tags of unknown words. The RASP parser is
a probabilistic LALR(1) parser over the CLAWS-2
tags, or, more precisely, a unification grammar for-
malism whose lexical categories are feature based
descriptions of those tags. The parser has no access
to lexical information other than that made available
by the part of speech tags. Although the output of
RASP is a full parse (or a sequence of fragments, if
no connected parse can be found) and baseNPs may
not be constituents of NPs, baseNPs can be extracted
algorithmically from the full parse.

Some more interesting pre-parsing integration
strategies are available with RASP because it does
not demand a deterministic choice of tag for each
word. We experimented with both a deterministic
re-write strategy (as for the baseline system) and
with various degrees of interpolation; for example,
adjusting the probability distribution over tags so
that proper noun tags receive 50% of the probabil-
ity mass if the token is recognized by NER, and
the other tags receive the remaining 50% in direct
proportion to the amount they would receive from
the POS tagger alone. In this set-up, the NER re-
sults need not function simply as an override, but
equally they do not function simply as a feature for
use in part of speech tagging. Rather, the parser may
be able to select a best parse which makes use of
a sequence of tags which is not itself favoured by
the tagger alone. This allows some influence to the
grammatical context surrounding the gene name and
may also permit tags within phrasal names such as
transforming growth factor to propagate.

RASP is also a non-deterministic parser and con-
sequently a further possible integration strategy is
to examine the output n-best list of parses to find
baseNPs, rather than relying on simply the 1-best
output. The n-best parses are already scored accord-
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ing to a probabilistic model trained on general text.
Our strategy is to re-score them using the additional
knowledge source of domain specific NER. We ex-
plored a number of re-scoring hypotheses. First, a
cut-off of 20 on n-best lists was found to be optimal.
That is, correct analyses tended to either be in the top
20 or else not in the top 100 or even 1000. Secondly,
differences in score between the incorrect 1-best and
the correct nth hypothesis were not a very reliable
indicator of “almost right”. This is not surprising as
the scores are probabilities calculated over the com-
plete analysis, whereas our focus is one small part
of it. Consequently, the re-scoring system uses the
probabilistic model just to generate the top 20 anal-
yses; and those analyses are then re-scored using 3
features. Analyses that concur with NER in having
a named entity within an NP receive a reward of +1.
Secondly, NP analyses that contain N+1 genes (as
in a co-ordination) receive a score of +N, so long
as the NP is single headed. For example, “gurken
or torpedo females” will receive a preferred analy-
sis in which “gurken” and “torpedo” are both mod-
ifiers of “females”. The “single headedness” con-
straint rules out very unlikely NP analyses that the
parser can return as legal possibilities. Finally, anal-
yses receive a score of -1 if the NP contains a deter-
miner but the head of the NP is a gene name. The
top 20 parses may include analyses in which, for ex-
ample, “the hypothesis that phenylalanine hydroxy-
lase” contains “that phenylalanine hydroxylase” as
an NP constituent.

Finally, we also experimented with using both the
full parsing and shallow baseNP spotter together;
here, the idea is simply that when two analyses over-
lap, then the analysis from full parsing should be
preferred on the grounds that it has more informa-
tion available to it. However, if the shallow spotter
detects an analysis when full parsing detects none
then this is most likely because full parsing has been
led astray rather than it has discovered a more likely
analysis not involving any baseNP.

5 Experimental Results

Table 1 gives the precision, recall and (harmonic) F-
score measures for the baseline NP system with and
without the extra pre-parsing retagging module; and
table 2 gives similar figures for the generic full pars-



ing system. Scores for the left boundary only, right
boundary only and full extent (‘correct’) are shown.
The extra retagging module (i.e. override tagger re-
sults, given NER results) improves results in both
systems and by similar amounts. This is nearly al-
ways on account of gene names being mis-tagged
as verbal which leads to their exclusion from the set
of baseNP chunks. The override mechanism is of
course a blunt instrument and only affects the tags
of tokens within gene names and not those in its sur-
rounding context.

Table 3 shows the results from interpolating the
POS tag distribution P with the NER distribution
N linearly using different levels of A. For example,
A = 1.00 is the simple retagging approach in which
all the probability is assigned to the NER suggested
tag; whereas A = 0.25 means that only 25% is allo-
cated by NER. The figures shown are for one variant
of the full parsing system which included n-best se-
lection but other variants showed similar behaviour
(data not shown). The results from interpolation
show that the extra information available in the parse
does not prove valuable overall. Decreasing values
of )\ lead to decreases in performance. These results
can be interpreted as similar in kind to Charniak et
al (1996) who found that a parser using multiple
POS tag inputs could not improve on the tag accu-
racy of a tagger outputting single POS tags. Our
results differ in that the extra tag possibilities are de-
rived from an alternative knowledge source and our
measurement is baseNP detection. Nevertheless the
conclusion may be that the best way forward here
is a much tighter integration between NER and POS
tagging itself.

POS tagging errors naturally affect the perfor-
mance of both shallow and full parsing systems,
though not necessarily equally. For example, the
tagger in the shallow system tags ectopic as a verb
in vnd-expression leads to ectopic Nk6 expression
and this is not corrected by the retagging module be-
cause ectopic is not part of the gene name. Conse-
quently the baseNP spotter is led into a left bound-
ary error. Nevertheless, the distribution of baseNPs
from the two systems do appear to be complemen-
tary in a rather deeper fashion. Analysis of the re-
sults indicates that parentheticals in pre-modifier po-
sitions appears to throw the shallow parser severely
off course. For example, it generates the analysis
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R P F

retag+shallow

(correct) 80.21 7592 78.01
(left b) 92.40 87.46 89.86
(right b) 90.81 8595 88.32
shallow only

(correct) 74.03 76.32 75.16
(left b) 84.28 86.89 85.56
(right b) 82.69 8525 83.95

Table 1: Generic shallow parsing

R P F

retag+full

(correct) 80.92 84.81 82.82
(left b) 85.69 89.81 87.70
(right b) 88.69 9296 90.78
full only

(correct) 7544 8523 80.04
(left b) 80.21 90.62 85.10
(right b) 82.51 93.21 87.54

Table 2: Generic full parsing

[the transforming growth factor-beta] ( [ TGF-beta
1) superfamily. Also, appositions such as the human
auto antigen La and the homeotic genes abdominal
A and abdominal B cause problems. In these kinds
of case, the full parser detects the correct analysis.
On the other hand, the extraction of baseNPs from
grammatical relations relies in part on the parser
identifying a head correctly (for example, via a non-
clausal subject relation). The shallow parser does
not however rely on this depth of analysis and may
succeed in such cases. There are also cases where
the full parser fails to detect any analysis at all.

System | (correct) (left b) (right b)
A=0.25 83.97 88.34 90.71
A=0.50 84.16 88.69 91.22
A=0.80 85.18 89.67 91.28
A=1.00 85.38 89.87 91.66

Table 3: F-scores for baseNP detection for various A

Table 4 indicates the advantages to be gained in n-
best selection. The entries for full and retag+full are
repeated from table 2 for convenience. The entries



System R P F

retag+full 80.92 84.81 82.82
retag+full+sel 83.22 8722 85.17
retag+full+oracle | 85.87 90.17 87.96
full 75.44 85.23 80.04
full+sel 78.80 86.60 82.52
full+oracle 81.63 89.88 85.56

Table 4: Effects of n-best selection

for full+sel and retag+full+sel show the effect of
adding n-best selection. The entries for full+oracle
and retag+full+oracle show the maximum achiev-
able performance by replacing the actual selection
policy with an oracle that always chooses the cor-
rect hypothesis, if it is available. The results are
that, regardless of whether a retagging policy is
adopted, an oracle which selects the best analysis
can achieve an error reduction of well over 25%.
Furthermore, the simple selection policy outlined
before succeeds in achieving almost half the pos-
sible error reduction available. This result is par-
ticularly interesting because it demonstrates that the
extra knowledge source available in this baseNP de-
tection task (namely NER) can profitably be brought
to bear at more than one stage in the overall process-
ing pipeline. Even when NER has been used to im-
prove the sequence of POS tags given to the parser,
it can profitably be exploited again when selecting
between parses.

The complementary nature of the two systems is
revealed in Table 5 which shows the effects of inte-
grating the two parsers. baseNPs from the shallow
parser are accepted whenever it hypothesizes one
and there is no competing overlapping baseNP from
the full parser. Note that this is rather different from
the standard method of simply selecting between an
analysis from the one parser and one from another.
The success of this policy reflects the fact that there
remain several cases where the full parser fails to
deliver “apparently” simple baseNPs either because
the tagger has failed to generate a suitable hypoth-
esis, or because parsing itself fails to find a good
enough analysis in the time available to it.

Overall, the best results (87.17% F-score) are ob-

tained by applying NER results both before parsing
through the update of POS tags and after it in se-
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System R P F

1-best | 85.69 84.35 85.01
n-best | 87.63 86.71 87.17
oracle | 90.28 89.49 §89.89

Table 5: Combining shallow and full parsing

lection from n-best lists; and by combining the re-
sults of both full parsing in order to improve analy-
sis of more complex structures and shallow parsing
as a back-off strategy. The same strategy applied us-
ing our automated gene name recognizer results in
a F-score of 73.6% F-score, which is considerably
less of course, although the gene name recognizer
itself operates at 82.5% F-Score, with similar preci-
sion and recall figures. This naturally limits the pos-
sible performance of our baseNP recognition task.
Encouragingly, the “lost” performance (just under
11%) is actually less in this scenario than when gene
name recognition is perfect.

6 Previous Work

The lack of clarity between noun phrase extents and
named entity extents and its impact on evaluation
and training data for NER has been noted previ-
ously, e.g. for proteins (Mani et al., 2005). Vla-
chos and Gasperin (2006) claim that their name ver-
sus mention distinction was helpful in understand-
ing disagreements over gene name extents and this
led, through greater clarity of infended coverage, to
improved NER. BaseNP detectors have also been
used more directly in building NER systems. Ya-
mamoto et al (2003) describe an SVM approach to
protein name recognition, one of whose features is
the output of a baseNP recognizer. BaseNP recogni-
tion supplies a top-down constraint for the search for
protein names within a baseNP. A similar approach
albeit in a CRF framework is described in Song et
al. (2005).

The concept of baseNP has undergone a number
of revisions (Ramshaw and Marcus, 1995; Tjong
Kim Sang and Buchholz, 2000) but has previously
always been tied to extraction from a more com-
pletely annotated treebank, whose annotations are
subject to other pressures than just “initial material
up to the head”. To our knowledge, our figures for
inter-annotator agreement on the baseNP task itself



(i.e. not derived from a larger annotation task) are
the first to be reported. Quality measures can be
indirectly inferred from a treebank complete anno-
tation, but baseNP identification is probably a sim-
pler task. Doddington et al (2004) report an “overall
value score of 86 for inter-annotator agreement in
ACE; but this is a multi-component evaluation using
a complete noun phrase, but much else besides.

Improving results through the combination of dif-
ferent systems has also been a topic of previous
work in baseNP detection. For example, Sang et al
(2000) applied majority voting to the top five ma-
chine learning algorithms from a sample of seven
and achieved a baseNP recognition rate that ex-
ceeded the recognition rates of any of the individual
methods.

7 Conclusion

We have motivated the task of detecting baseNPs
that contain a given named entity as a task both of
interest from the standpoint of use within a particu-
lar application and on more general grounds, as an
intermediate point between the task of general NP
chunking and domain specific NER.

We have explored a variety of methods for under-
taking baseNP detection using only domain specific
NER in addition to otherwise general purpose lin-
guistic processors. In particular, we have explored
both shallow and full parsing general purpose sys-
tems and demonstrated that the domain specific re-
sults of NER can be applied profitably not only at
different stages in the language processing pipeline
but also more than once. The best overall recogni-
tion rates were obtained by a combination of both
shallow and full parsing systems with knowledge
from NER being applied both before parsing, at the
stage of part of speech detection and after parsing,
during parse selection.
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Challenges for extracting biomedical knowledge from full text
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Abstract

At present, most biomedical Information
Retrieval and Extraction tools process ab-
stracts rather than full-text articles. The in-
creasing availability of full text will allow
more knowledge to be extracted with greater
reliability. To investigate the challenges of
full-text processing, we manually annotated
a corpus of cited articles from a Molecular
Interaction Map (Kohn, 1999).

Our analysis demonstrates the necessity of
full-text processing; identifies the article
sections where interactions are most com-
monly stated; and quantifies both the amount
of external knowledge required and the pro-
portion of interactions requiring multiple or
deeper inference steps. Further, it identi-
fies a range of NLP tools required, including:
identifying synonyms, and resolving coref-
erence and negated expressions. This is im-
portant guidance for researchers engineering
biomedical text processing systems.

1 Introduction

It is no longer feasible for biologists to keep abreast
of the vast quantity of biomedical literature. Even
keyword-based Information Retrieval (IR) over ab-
stracts retrieves too many articles to be individually
inspected. There is considerable interest in NLP sys-
tems that overcome this information bottleneck.
Most bioNLP systems have been applied to ab-
stracts only, due to their availability (Hirschman et
al., 2002). Unfortunately, the information in ab-
stracts is dense but limited. Full-text articles have
the advantage of providing more information and
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repeating facts in different contexts, increasing the
likelihood of an imperfect system identifying them.

Full text contains explicit structure, e.g. sections
and captions, which can be exploited to improve
Information Extraction (IE) (Regev et al., 2002).
Previous work has investigated the importance of
extracting information from specific sections, e.g.
Schuemie et al. (2004), but there has been little anal-
ysis of when the entire document is needed for accu-
rate knowledge extraction. For instance, extracting
a fact from the Results may require a synonym to be
resolved that is only mentioned in the Introduction.
External domain knowledge may also be required.

We investigated these issues by manually anno-
tating full-text passages that describe the functional
relationships between bio-entities summarised in a
Molecular Interaction Map (MIM). Our corpus
tracks the process Kohn (1999) followed in sum-
marising interactions for the mammalian cell MIM,
by identifying information required to infer facts,
which we call dependencies. We replicate the pro-
cess of manual curation and demonstrate the neces-
sity of full-text processing for fact extraction.

In the same annotation process we have identi-
fied NLP problems in these passages which must be
solved to identify the facts correctly including: syn-
onym and hyponym substitution, coreference reso-
lution, negation handling, and the incorporation of
knowledge from within the full text and the domain.
This allows us to report on the relative importance
of anaphora resolution and other tasks to the prob-
lem of biomedical fact extraction.

As well as serving as a dataset for future tool de-
velopment, our corpus is an excellent case study pro-
viding valuable guidance to developers of biomedi-
cal text mining and retrieval systems.

BioNLP 2007: Biological, translational, and clinical language processing, pages 171-178,
Prague, June 2007. (©2007 Association for Computational Linguistics
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Figure 1: Map A of the Molecular Interaction Map compiled by Kohn (1999)

2 Biomedical NLP

Full-text articles are becoming increasingly avail-
able to NLP researchers, who have begun inves-
tigating how specific sections and structures can
be mined in various information extraction tasks.
Regev et al. (2002) developed the first bioIR sys-
tem specifically focusing on limited text sections.
Their performance in the KDD Cup Challenge, pri-
marily using Figure legends, showed the importance
of considering document structure. Yu et al. (2002)
showed that the Introduction defines the majority of
synonyms, while Schuemie et al. (2004) and Shah et
al. (2003) showed that the Results and Methods are
the most and least informative, respectively. In con-
trast, Sinclair and Webber (2004) found the Methods
useful in assigning Gene Ontology codes to articles.

These section specific results highlight the infor-
mation loss resulting from restricting searches to in-
dividual sections, as sections often provide unique
information. Furthermore, facts appearing in dif-
ferent contexts across various sections, will be lost.
This redundancy has been used for passage valida-
tion and ranking (Clarke et al., 2001).

There are limited training resources for biomedi-
cal full-text systems. The majority of corpora con-
sist of abstracts annotated for bio-entity recognition
and Relationship Extraction, such as the GENIA
(Kim et al., 2003) and the BioCreAtIvE corpora.
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However, due to the lack of full-text corpora, many
current systems only process abstracts (Ohta et al.,
2006). Few biomedical corpora exist for other tasks,
such as coreference resolution (Castafio et al., 2004,
Vlachos et al., 2006), and these are very small. In
this paper, we estimate the importance of these tasks
in bioNLP systems, which will help determine which
tasks system developers should focus effort on first.

Despite limited full-text training corpora, compe-
titions such as the Genomics track of TREC, require
systems to retrieve and rank passages from full text
that are relevant to question style queries.

3 Molecular Interaction Maps

Kohn (1999) constructed a Molecular Interaction
Map (MIM) based on literature describing 203 dif-
ferent interactions between bio-entities, such as pro-
teins and genes, in mammalian cells (Figure 1). In-
teractions in the MIM are represented as links be-
tween nodes labelled with the bio-entities. Each link
is associated with a description that summarises the
evidence for the interaction from the literature, in-
cluding citations. For example, Table 1 contains
the description passage for interaction M4 (on the
right of the Myc Box at grid reference C10 in Fig-
ure 1). Although MIM interactions may be men-
tioned in other articles, the articles cited by Kohn
(1999) document the main biomedical research lead-
ing to the discovery of these interactions.



c-Myc and pRb enhance transcription from the E-cadherin promoter in an AP2-dependent manner in epithelial cells (mechanism
unknown) (Batsche et al., 1998). Activation by pRb and c-Myc is not additive, suggesting that they act upon the same site,
thereby perhaps blocking the binding of an unidentified inhibitor. No c-Myc recognition element is required for activation of
the E-cadherin promoter by c-Myc. Max blocks transcriptional activation from the E-cadherin promoter by c-Myc, presumably

because it blocks the binding between c-Myc and AP2.

Table 1: MIM annotation M4

1. M4 Subfact: Activation of E-cadherin by pRb and c-Myc is not additive, suggesting they act on the

same site

a) However, the precise molecular mechanisms by which RB, Myc, and AP-2 cooperate to effect transcriptional activation of
E-cadherin requires further study. ... the positive effects of RB and c-Myc were not additive. (Discussion)

Synonym: pRb equivalent to RB — undefined
Synonym: c-Myc equivalent to Myc

b) The c-myc proto-oncogene, which encodes two amino-terminally distinct Myc proteins, acts as a transcription factor. (Intro)

Table 2: Example instances depending on synonym facts

In creating our corpus we have attempted to re-
verse engineer and document the MIM creation pro-
cess for many of the interactions in Kohn (1999). We
exhaustively traced and documented the process of
identifying passages from the cited full-text articles
that substantiate the MIM interactions. This allows
us to identify and quantify the amount of informa-
tion that is unavailable when systems are restricted
to abstracts.

4 Corpus Creation

The first stage of corpus creation involved obtaining
the full text of the articles cited in the MIM descrip-
tions. There are 262 articles cited in Kohn (1999),
and we have manually extracted the text from 218 of
them; we have abstracts for the other 44 which have
not been included in the analysis presented here.

Currently, the annotated part of the corpus con-
sists of passages from 101 full-text articles, support-
ing 95 of the 203 MIM descriptions. A biomedi-
cal expert exhaustively identified these passages by
manually reading each article several times. 30% of
these articles support multiple MIM descriptions and
so passages from these articles may appear multiple
times. We restricted the corpus to the cited articles
only. This allows us to quantify the need for external
resources, €.g. synonym lists and ontologies. The
corpus collection involved the following:

1. Each sentence in a MIM description is a called
a main fact.

2. For each main fact we annotated every passage
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(instance) that the fact can be derived from.
These include direct statements of the fact and
passages the fact can be implied from.

3. Main facts are often complex sentences, com-
bining numerous facts from the article. Pas-
sages from which part of a fact can be de-
rived are also annotated as instances. A subfact
is then created to represent these partial facts.
This may be repeated for subfacts.

4. Many instances cannot be directly linked to
their corresponding fact, as they depend on ad-
ditional passages within the full text or exter-
nal domain knowledge. New facts are formed
to represent the dependency information — syn-
onym and extra facts. Instances of these are an-
notated, and a link is added between the origi-
nal and dependency facts.

5. Each instance is annotated with its location
within the article. Linguistic phenomena, in-
cluding anaphora, cataphora, and negated ex-
pressions which must be resolved to derive the
fact are identified.

Tables 1 and 2 show an example of this pro-
cess. One of the main facts of interaction M4 (Ta-
ble 1) is Activation by pRb and c-Myc is not additive
... blocking the binding of an unidentified inhibitor.
An instance supporting part of this fact, the subfact
in Table 2 Activation of E-cadherin by pRb and c-
Moyc is not additive . .., 1.a), was identified. This in-
stance requires the resolution of two synonymy de-
pendencies, only one of which appears in the article.



2. E13 Main Fact: HDACI binds to the pocket proteins pRb, p107 and p130 and in turn is recruited to
E2F complexes on promoters

a) The experiments described above indicate that p107 and p130 can interact with HDAC1. We thus reasoned that they could
repress E2F activity by recruiting histone deacetylase activity to E2F containing promoters. (Results)

Extra: HDACI is a histone deacetylase

b) We have previously shown that Rb, the founding member of the pocket proteins family, represses E2F1 activity by recruiting
the histone deacetylase HDAC1. (Abstract)

Table 3: Example instances depending on extra facts

3. N4 Main fact: RPA2 binds XPA via the C-terminal region of RPA2

Mutant RPA that lacked the p34 C terminus failed to interact with XPA, whereas RPA containing the p70 mutant (Delta RS)
interacted with XPA (Fig. 2). (Results)

4. C9 Subfact: Cyclin DI degraded rapidly by phosphorylation at threonine-286

Although “free” or CDK4-bound cyclin D1 molecules are intrinsically unstable (t1/2 < 30 min), a cyclin D1 mutant (T286A)
containing an alanine for threonine-286 substitution fails to undergo efficient polyubiquitination in an in vitro system or in
vivo, and it is markedly stabilized (t1/2 approximately 3.5 hr) when inducibly expressed in either quiescent or proliferating
mouse fibroblasts. (Abstract)

Table 4: Example instances with negated expressions

5 Dependencies

In our corpus, an instance of a fact may depend on
additional facts (dependencies) to allow the fact to
be derived from the original instance. Dependencies
may occur elsewhere in the document or may not be
mentioned at all. We consider two types of depen-
dencies: synonym facts and extra facts.

5.1 Synonym Facts

The frequent use of synonyms, abbreviations and
acronyms in biomedical text is a common source
of ambiguity that is often hard to resolve (Sehgal
et al.,, 2004). Furthermore, synonym lists are dif-
ficult to maintain in rapidly moving fields like bi-
ology (Lussier et al., 2006). There has been recent
interest in developing systems to identify and extract
these (Ao and Takagi, 2005; Okazaki and Anani-
adou, 20006).

In our corpus we group all of these synonyms, ab-
breviations, acronyms and other orthographic varia-
tions as synonym facts. For example, the synonyms
(1) E2F4, (2) E2F-4 and (3) E2F1-4 in our cor-
pus refer to the same entity E2F 4, however term (3)
also includes the entities E2F1, E2F2 and E2F 3.

In Table 2, an instance supporting subfact 1. is
shown in 1.a). The bio-entity pRb mentioned in the
subfact does not appear in this instance. Thus 1.a)
depends on knowing that pRb is equivalent to RB,
and so we form a new synonym fact. This synonym
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is undefined in the article and cannot be assumed as
RB is also a homograph for the gene ruby (rb), ru-
bidium (Rb) and Robertsonian (Rb) translocations.

Instance 1 also depends on a second synonym —
c-Myc and Myc are used interchangeably, where
the protein Myc is referred to by its gene name,
c—Myc. Metonymy is common in biology, and an
instance supporting this synonym fact was found in
the article, 1.b).

5.2 Extra Facts

Extra facts include all assertions (excluding syn-
onym definitions) which are necessary to make a
valid inference from an instance to a fact or subfact.
These extra facts must be found within the same ar-
ticle. Many extra facts are descriptions or classes
of bio-entities and hyponym relationships. Accord-
ing to Nédellec et al. (2006), a clearer distinc-
tion between entities and their classes/descriptions
is needed in bioNLP corpora.

Example 2 in Table 3 is an instance which de-
pends on an extra fact, 2.b), to derive the main fact.
The class of proteins histone deacetylase
in sentence 2 must be linked to the specific pro-
tein HDAC1 in sentence 1, since the sortal anaphor
they in sentence 2 refers to the antecedents p107
and p130, and does not include HDAC1. This extra
fact is identified in the apposition the histone
deacetylase HDACI in instance 2.b).



5. C11b Subfact: pI9ARF induces cell cycle arrest in a p53-dependent manner

INK4a/ARF is perhaps the second most commonly disrupted locus in cancer cells. It encodes two distinct tumor
suppressor proteins: pl6INK4a, which inhibits the phosphorylation of the retinoblastoma protein by cyclin D-
dependent kinases, and p1 9ARF, which stabilizes and activates p53 to promote either cell cycle arrest or apoptosis. (Intro)

6. C36 Main fact: Cdc25C is phosphorylated by Cyclin B-cdkl

In this work, we examine the effect of phosphorylation on the human cdc25-C protein (Sadhu et al.,1990). We show that this
protein is phosphorylated during mitosis in human cells and that thi s requires active cdc2-cyclin B. (Intro)

Table 5: Example instances with cataphora and event anaphora

6 Negated Expressions

To quantify the importance of lexical and logical
negations we have annotated each instance involv-
ing one or more negated expressions that must be
resolved to derive the fact. In biomedical literature,
negated expressions are commonly used to describe
an abnormal condition, such as a mutation, and its
resulting abnormal outcome, such as cancer, from
which the normal condition and outcome can be in-
ferred. This typically requires two or more negated
expressions to be processed simultaneously.

Table 4 shows examples of instances with negated
expressions. In the subject NP of instance 3, the lex-
ical negative form of RPA (Mutant RPA) is fol-
lowed directly by a logical negative detailing the
function it failed to perform. These two negative ex-
pressions support the positive in the main fact. This
implicit reporting of results expressed in terms of
negative experimental outcomes is very common in
molecular biology and genetics.

Example 4 requires external domain knowl-
edge. Firstly, the amino acid alanine cannot
be phosphorylated like threonine. Secondly,
polyubiquitination triggers a signal for a
protein (cyclin D1) to be degraded. Therefore
from this negated pair the positive fact from interac-
tion C9 can be inferred.

The context surrounding potential negative ex-
pressions must be analysed to determine if it is in-
deed a negative. For example, not all mutations re-
sult in negative outcomes — the mutation of p70 in
instance 3 did not have a negative outcome.

7 Coreference Expressions

In biomedical literature, coreference expressions are
used to make abbreviated or indirect references to
bio-entities or events, and to provide additional in-
formation, such as more detailed descriptions.
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To quantify the importance of coreference expres-
sions, instances in our corpus are annotated with
pronominal, sortal and event anaphoric, and cat-
aphoric expressions, including those extending be-
yond one sentence. Instances 4-6 in Tables 4—
5, each contain annotated pronominal or sortal
anaphoric expressions. Instance 5 also involves
a cataphoric expression, where suppressor
proteins refers to p1 6INK4a and p1 9ARF

Event anaphora refer to processes and are quite
common in biomedical text. We have annotated
these separately to pronominal and sortal anaphora.
Our event anaphora annotations are different to
Humphreys et al. (1997). They associate sequential
events, while we only refer to the same event.

An example is shown in instance 6 (Table 5)
where the additional sortal anaphor complicates re-
solving the event anaphor. The third this refers
to the phosphorylation event, phosphorylated,
and not the protein cdc25-C like the second this.

8 Locating Facts

The key facts and results are generally repeated and
reworded in various contexts within an article. This
redundancy can be used in two ways to improve sys-
tem precision and recall. Firstly, the redundancy in-
creases the chance of an imperfect system identify-
ing at least one instance. Secondly, the redundancy
can be used for fact validation. By annotating every
instance that supports a fact we are able to measure
the degree of factual redundancy in full-text articles.
We have also annotated each instance with its lo-
cation within the article: which section (or structure
such as a title, heading or caption) it was contained
within and the number of the paragraph. Using this
data, we can evaluate the informativeness of each
section and structure for identifying interactions.
Using our detailed dependency annotations we
can also determine how many instances need addi-



Location | Main Fact ‘ Subfact ‘ Synonym ‘ Extra

Title 3.3(0.2) 1.9 ( 0.7) 0.0 ( 0.0) 0.8 ( 0.8)
Abstract 19.1 (10.1) 9.3(5.1) 362(21.7)| 25.8(14.8)
Introduction 11.3( 5.2) 83(34)| 304174 17.2( 7.8)
Results 31.0(13.8)| 37.6(16.1)| 20.3(15.9)| 32.0(12.5)
Discussion 21.8( 7.3)| 19.5( 6.6) 29( 1.4) 9.4 ( 3.1)
Figure Heading 50( 0.6)| 10.7( 3.8) 1.4( 1.4) 2.3( 0.0
Figure Legend 3.1( 1.3) 4.8 ( 2.0) 0.0 ( 0.0) 7.0( 4.7)
Table Data 0.0 ( 0.0) 0.2 ( 0.0) 0.0 ( 0.0) 0.0 ( 0.0
Methods 0.2( 0.0 0.1(0.1) 0.0 ( 0.0) 4.7 ( 0.8)
Conclusion 06( 04) 0.1( 0.0 0.0( 0.0) 0.0 ( 0.0)
Footnotes 0.0( 0.0) 0.0( 0.0) 5.8(2.9) 0.0( 0.0)
Headings 4.8 ( 0.6) 7.5(2.7) 29( 1.4) 0.8 ( 0.8)
Full-text 100.0 (39.4)| 100.0 (40.6)| 100.0 (62.3)| 100.0 (45.3)

Table 6: Instances found excluding (including) all dependencies

Fact Type | # Created # Found # Instances Instances \ Synonym \ Extra
Main Fact 170 156 523 Main Fact | 46.8 (10.9)| 26.2 (18.9)
Subfact 251 251 1196 Subfact 369 ( 8.2)| 26.7 (15.4)
Synonym 155 62 69 Synonym 87(29) 72(43)
Extra 152 87 128 Extra 25.0( 0.0)| 13.3(10.9)
Total 728 556 1916

Table 7: Distribution of fact types in corpus

tional knowledge outside of the current section to
support a particular fact. This demonstrates how im-
portant full-text processing is.

9 Corpus Analysis

Having described the corpus annotation we can now
investigate various statistical properties of the data.
Table 7 shows the distribution of the various anno-
tated fact types within the corpus. There are a to-
tal of 728 different facts identified, with 556 (76%)
found within the documents. We have annotated
1916 individual passages as instances, totally 2429
sentences. There were 14 main facts that we found
no instances or subfact instances for.

The most redundancy occurs in main facts and
subfacts, with on average 3.35 and 4.76 instances
each respectively, whilst synonym facts have almost
no redundancy. Also, a large proportion of synonym
and extra facts, 60% and 43% respectively, do not
appear anywhere in the articles (Table 7).

This high level of redundancy in facts demon-
strates the significant advantages of processing full
text. However, the proportion of missing synonym
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Table 8: Instances with (all found) dependencies

and extra facts shows the importance of external re-
sources, such as synonym lists, and tools for recog-
nising orthographic variants.

9.1 Locating Facts

Table 6 shows the percentage of instances identified
in particular locations within the articles. The best
sections for finding instances of facts and subfacts
were the Results and Discussion sections, whereas
synonym and extra facts were best found in the Ab-
stract, Introduction and Results. The later sections
of each article rarely contributed any instances. In-
terestingly, we did not find the Figure headings or
legends to be that informative for main facts. Figure
headings are restricted in length and thus are rarely
able to express main facts as well as subfacts.

The proportion of main facts and subfact in-
stances found in the abstract is quite small, further
demonstrating the value of full-text processing.

If we take into account the additional dependency
information, and restrict the instances to those fully
supported within a given section, the results drop
dramatically (those in parentheses in Table 6). In



Depth | Fact Subfact Synonym Extra
0 35.2 45.1 87.0 64.8
1 53.9 44.2 13.0 26.6
2 9.6 9.5 0.0 7.0
3 1.3 0.9 0.0 1.6
4 0.0 0.3 0.0 0.0

Table 9: Maximum depth of instance dependencies

Breadth | Fact Subfact Synonym Extra
0 352 45.1 87.0 64.8
1 36.5 35.5 72 297
2 22.6 15.7 5.8 4.7
3 4.6 2.9 0.0 0.8
4 0.8 0.6 0.0 0.0
5 0.2 0.2 0.0 0.0

Table 10: Breadth of instance dependencies

total, the number of instances drops to 39.4% and
40.6%, for main facts and subfacts, respectively.
This again demonstrates the need for full-text pro-
cessing, including the dependencies between facts
found in different sections of the article.

9.2 Dependencies

Our corpus represents each of the facts and subfacts
as a dependency graph of instances, each which in
turn may require support from other facts, including
synonym and extra facts.

Table 8 shows the percentage of instances which
depend on synonym and extra facts in our corpus.
46.8% of main fact instances depend on at least one
synonym fact, but only 10.9% of main fact instances
which depend on at least one synonym were com-
pletely resolved (i.e. all of the synonyms were found
as well). Interestingly, synonym and extra facts of-
ten required other synonym and extra facts.

Our corpus contains more synonym than extra fact
dependencies, however more extra facts were de-
fined in the articles. The large proportion of main
facts and subfacts depending on synonyms and extra
facts demonstrates the importance of automatically
extracting this information from full text.

Since the inference from an instance to a fact may
depend on other facts, long chains of dependencies
may occur, all of which would need to be resolved
before a main fact could be derived from the text.
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Expressions Instances
Negated 4.3
Anaphora 13.2
Event Anaphora 6.6
Cataphora 2.7

Table 11: Distribution of annotated expressions

Table 9 shows the distribution of maximum chain
depth in our dependency graphs. The maximum
depth is predominately less than 3. Table 10 shows
the distribution of the breadth of dependency graphs.
Again, most instances are supported by fewer than 3
dependency chains. Most instances depend on some
other information, but luckily, a large proportion of
those only require information from a small number
of other facts. However, given that these facts could
occur anywhere within the full text, extracting them
is still a very challenging task.

9.3 Negated & Coreference Expressions

Table 11 shows the percentage of instances anno-
tated with negated, anaphoric and cataphoric ex-
pressions in our corpus. We have separated event
anaphora from pronominal and sortal anaphora.
There are fewer cataphoric and negated expressions
than anaphoric expressions. Therefore, we would
expect the greatest improvement when systems in-
corporate anaphora resolution components, and lit-
tle improvement from cataphoric and negated ex-
pression analysis. However, negated expressions
provide valuable information regarding experimen-
tal conditions and outcomes, and thus may be ap-
propriate for specific extraction tasks.

10 Conclusion

This paper describes a corpus documenting the man-
ual identification of facts from full-text articles by
biomedical researchers. The corpus consists of arti-
cles cited in a Molecular Interaction Map developed
by Kohn (1999). Each fact can be derived from one
or more passages from the citations. Each of these
instances was annotated with their location in the
article and whether they contained coreference or
negated expressions. Each instance was also linked
with other information, including synonyms and ex-
tra knowledge, that was required to derive the partic-
ular interaction. The annotation task was quite com-



plex and as future work we will increase the relia-
bility of our corpus by including the annotations of
other domain experts using our guidelines, and use
this resource for tool development. The guidelines
and corpus will be made publicly available.

Our corpus analysis demonstrates that full-text
analysis is crucial for exploiting biomedical litera-
ture. Less than 20% of fact instances we identified
were contained in the abstract. Analysing sections
in isolation reduced the number of supported facts
by 60%. We also showed that many instances were
dependent on a significant amount of other informa-
tion, both within and outside the article. Finally, we
showed the potential impact of various NLP compo-
nents such as anaphora resolution systems.

This work provides important empirical guidance
for developers of biomedical text mining systems.
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1 Introduction

Part of Speech (POS) tagging is often a prerequi-
site for tasks such as partial parsing and informa-
tion extraction. However, when a POS tagger is
simply ported to another domain the tagger’s accu-
racy drops. This problem can be addressed through
hand annotation of a corpus in the new domain and
supervised training of a new tagger. In our meth-
odology, we use existing raw text and a generic
POS annotated corpus to develop taggers for new
domains without hand annotation or supervised
training. We focus in particular on out-of-
vocabulary words since they reduce accuracy
(Lease and Charniak. 2005; Smith et al. 2005).

There is substantial information in the deriva-
tional suffixes and few inflectional suffixes of
English. We look at individual words and their
suffixes along with the morphologically related
words to build a domain specific lexicon contain-
ing POS tags and probabilities for each word.

2 Adaptation Methodology

Our methodology is described in detail in Miller
et al (2007) and summarized here: 1) Process ge-
neric POS annotated text to obtain state and lexical
POS tag probabilities. 2) Obtain a frequency table
of words from a large corpus of raw sub-domain
text. 3) Construct a partial sub-domain lexicon
matching relative frequencies of morphologically
related words with words from the generic anno-
tated text averaging POS probabilities of the k
nearest neighbors. 4) Combine common generic
words and orthographic word categories with the
partial lexicon making the sub-domain lexicon. 5)
Train a first order Hidden Markov Model (HMM)
by Expectation Maximization (EM). 6) Apply the
Viterbi algorithm with the HMM to tag sub-
domain text.
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3 Adaptation to Multiple Domains

Molecular Biology Domain: We used the Wall
Street Journal corpus (WSJ) (Marcus et al, 1993)
as our generic POS annotated corpus. For our raw
un-annotated text we used 133,666 abstracts from
the MEDLINE distribution covering molecular
biology and biomedicine sub-domains. We split
the GENIA database (Tateisi et al, 2003) into
training and test portions and ignored the POS tags
for training. We ran a 5-fold cross validation study
and obtained an average accuracy of 95.77%.

Medical Domain: Again we used the WSJ as
our generic POS annotated corpus. For our raw un-
annotated text we used 164,670 abstracts from the
MEDLINE distribution with selection based on 83
journals from the medical domain. For our HMM
EM training we selected 1966 abstracts (same
journals). For evaluation purposes, we selected
1932 POS annotated sentences from the MedPost
(Smith et al, 2004) distribution (same journals).
The MedPost tag set coding was converted to the
Penn Treebank tag set using the utilities provided
with the MedPost tagger distribution. We obtained
an accuracy of 93.17% on the single medical test
corpus, a substantial drop from the 95.77% average
accuracy obtained in the GENIA corpus.

4 Coding Differences

We looked at high frequency tagging errors in the
medical test set and found that many errors
resulted directly from the differences in the coding
styles between GENIA and MedPost. Our model
reflects the coding style of the WSJ, used for our
generic POS annotated text. GENIA largely fol-
lowed the WSJ coding conventions. Annotation in
the 1932 sentences taken from MedPost had some
systematic differences in coding style from this.
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Identified Differences: Lexical differences: 1)
Words such as ‘more’ and ‘less’ are JJR or RBR in
WSJ/GENIA but JJ or RB in MedPost. 2) Tokens
such as %, =, /, <, > are typically NN or JJ in
WSJ/GENIA but SYM in MedPost. 3)’be’ is VB in
WSJ/GENIA but VB or VBP in MedPost. 4) Some
orthographic categories are JJ in WSJ/GENIA but
NN in MedPost. Transition discrepancies: 1) Verbs
are tagged VB following a TO or MD in
WSJ/GENIA but only following a TO in MedPost.
2) MedPost prefers NN and NN-NN sequences.

Ad Hoc Adjustments: We constructed a new
lexicon accounting for some of the lexical differ-
ences and attained an accuracy of 94.15% versus
the previous 93.17%. Next we biased a few initial
state transition probabilities, changing P(VB|MD)
from very high to a very low and increasing
P(NNJ|NN), and attained an accuracy of 94.63%.

As the coding differences had nothing to do with
suffixes and suffix distributions, the central part of
our methodology, we tried some ad hoc fixes to
determine what our performance might have been.
We suffered at least a 1.46% drop in accuracy due
to differences in coding, not language use.

5 Evaluation

The table shows the accuracy of our tagger and a
few well-known taggers in our target biomedical
sub-domains.

Molecular Biology %Accuracy
- Our tagger (5-fold) 95.8%

- MedPost 94.1%

- Penn BiolE' 95.1%

- GENIA supervised 98.3%
Medical Domain

- Our tagger 93.17%

- Our tagger (+ lex bias) 94.15%

- Our tagger (+ lex & trans bias) | 94.63%

- MedPost supervised® 96.9%

The MedPost and Penn BiolE taggers used an-
notated text and supervised training in other bio-
medical domains, but they were not trained spe-
cifically for the GENIA Molecular Biology sub-
domain. Our tagger seems competitive with these

! pennBiolE. 2005. Mining The Bibliome Project.
http://bioie.ldc.upenn.edu/.

2 Based on Medpost test set of 1000 sentences, not on our test
set of 1932 sentences.
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taggers. We cannot claim superior accuracy as
these taggers may suffer the same coding bias ef-
fects we have noted. The superior performance of
the GENIA tagger (Tsuruoka et al. 2005) in the
Molecular Biology/GENIA domain and the Med-
Post tagger (Smith et al. 2004) in its biomedical
domain owes to their use of supervised training on
an annotated training set with evaluation on a test
set from the same domain. The approximate 1.5%
bias effect due to coding differences is attributable
to organizational differences in POS.

6 Conclusions

To cope with domain specific vocabulary and uses
of vocabulary, we exploited the suffix information
of words and related words to build domain spe-
cific lexicons. We trained our HMM using EM and
un-annotated text from the specialized domains.
We assessed accuracy versus annotated test sets in
the specialized domains, noting discrepancies in
our results across specialized domains, and con-
cluding that our methodology performs competi-
tively versus well-known taggers that used anno-
tated text and supervised training in other biomedi-
cal domains.
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Abstract SProUT consists of a set of processing components
for basic linguistic operations, including tokeniza-
tion, sentence splitting, morphological analysis (for
Polish we use Morfeusz (Wdiski, 2006)) and
gazetteer lookup. The SproUT components are com-
bined into a pipeline that generates typed feature
structures (TFS), on which rules in the form of reg-
ular expressions with unification can operate. Small
1 Method/General Assumptions specialized lexicons containing both morphologi-

Various rule-based, statistical, and machine leanfd! and semantic (concept names) information have

ing methods have been developed for the purpoQg€n created for both document types.

of information extraction. Unfortunately, they have EXtracted attribute values are stored in a rela-
rarely been tested on Polish texts, whose rich irfional databasé. Before that, mammography re-
flectional morphology and relatively free word or-POrts 'results undergo additional postprocessing —
der is challenging. Here, we present results of twgOUPIng together of extracted data. Specially de-

experiments aimed at extracting information fronPi9ned scripts putlimits that separate descriptions of
mammography reports and hospital records of diéj;natomlca'l changes, tissue structure, and diagnosis.
betic patients. Since there are no annotated corpory!ore details about mammography IE system can be
of Polish medical text which can be used in supefound in (Mykowiecka et al., 2005).

vised statistical methods, and we do not have enough

data for weakly supervised methods, we chose tI%e Document types

rule-based extraction schema. The processing PTR5r both document types, partial ontologies were de-

cedure in both experiments consisted of four stage 2ed on the basis of sample data and expert knowl-

text preprocegsmg_, appllca_\tlon of IE rulgs baged O(nge. To formalize them, we used OWL-DL stan-
the morphological information and domain lexicons

. . . tard and theProtégé ontology editor. The excerpt
postprocessing (data cleaning and structuring), a ; T
. ) rom the ontology is presented in Fig. 1.
conversion into a relational database.

Preprocessing included format unification, data Intbothlc:lsae_s ,t theTrEISe \r/;'_:mt pahrt onht_he ontl(t)ltzjg_y
anonymization, and (for mammography reports) au\ll—\’;’lfsS trans a ('ath '260 it ibut |efrar<;hy. IS resufte hm
tomatic spelling correction. ypes wi attribues for tne mammograpny

The extraction rules were defined as grammag(.)main’ aqd 139 type_s (inpludiqg 75 drug names)
of the SProUT system, (Dinizyhski et al., 2004). with 65 attributes for diabetic patients’ records.

1This work was partially financed by the Polish national  2This last stage is completed for the diabetes reports while
project number 3 T11C 007 27. 18 for mammography it is still under development.

The paper presents two rule-based infor-
mation extraction (IE) from two types of

patients’ documentation in Polish.  For
both document types, values of sets of at-
tributes were assigned using specially de-
signed grammars.
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BiochemicalData: BloodData: HB1C W obu sutkach rozsiane pojedyncze mikrozwapnienia o charak-

Diet terze tagodnym. Doty pachowe prawidiowe. Kontrolna mam-
DiseaseOrSymptom mografia za rok. _ _ _ 3
Disease ymp (Within both breasts there are singular benign microcalcifica-
AutoimmuneDisease tions. Armpits normal. Next control mammography in a year.
Cancer .
; . zp LOCBODY_PART:breag{LOC|L _R:left-right
Syrgﬁgﬁfes' Typel, Type2, TypeOther ANAT _CHANGE:micrd| GRAM_MULT:plural

zk DIAGNOSISRTG:benign
DIAGNOSIS RTG:nasusp|LOC_D|BODY _PART:
armpif|LOC_D|L _R:left-right
RECOMMENDATION|FIRST:mmd|TIME:year

Angiopathy:  Macroangiopathy, Microangiopathy
BoodSymptom: Hypoglicaemia

Neuropathy:  Autonomic, PeripheralPolineuropathy
UrineSymptom: Acetonuria, Microalbuminuria

Medicine
DiabeticMedicine: Insulin, OralDiabeticMedicine Figure 2: A fragment of an annotated mammogra-
AnatomicalLocalization hv report
BodyPart phyTep
Breast: Subareola, urq, ulg, Irq, liq The worse results for unbalanced diabetes recogni-

BodySide: Left, Right
HistDiagnosis: Benign, Suspicious, Malignant
TissueSpecification: GlandularTissue, FatTissue

tion were due to an unpredicted expression type.

mammography — 705 reports

Figure 1: A sample of classes cases| precision| recall

findings 343 90.76 97.38

block beginnings 299 81.25 97.07

3 Extraction Grammars localizations 2189 98.42 99.59

diabetes — 99 reports
The number of rules is highly related to the number unbalanced diabetes 58 96,67 | 69,05

of attributes and possible ways of formulating theif ﬂ'eaubrit;)‘;;‘;ma“on gg 1%3’50 3(75:?(7)
values. The grammar for mammography reports

contains 190 rules; that for hospital records containg-igure 3: Evaluation results for selected attributes
about 100 rules. For the first task, nearly the entire
text is covered by the rules, while for the second;

only a small part of the text is extracted (e.g., fronDespite the fact that rule based extraction is typi-
many blood tests we are interested only in HBA1C)eally seen as too time consuming, we claim that in
Polish inflection is handled by using the morphothe case of very detailed information searching, de-
logical analyzer and by inserting the most frequensigning rules on the basis of expert knowledge is in
morphological forms into the gazetteer. Free worgact a method of a real practical value. In the next
order is handled either by rules which describe alltage, we plan to use our tools for creating anno-
possible orderings, or by extracting small pieces ahted corpora of medical texts (manually corrected).
information which are merged at the postprocessinghese data can be used to train statistical IE models

stage. Fig. 2 presents a fragment of one mammognd to evaluate other extraction systems.
raphy note and its output. Tlzpandzkmarkers are

inserted during the information structuring stage tReferences
r_epresgn_t borders of an e_matomlcal change desc”R@nieszka Mykowiecka, Anna Kup, Malgorzata
tion. Similar markers are introduced to structure the “pjarciniak. 2005. Rule-based Medical Content Ex-

tissue description part. traction and Classification,Proc. of IIS: IPWMO05
Advances in Soft Comp., Vol. 31, Springer-Verlag.

Conclusions

4  Evaluation
Witold Drozdzyhski and Hans-Ulrich Krieger and Jakub

The experiments were evaluated on a set of previ- Piskorski and Ulrich Scifer and Feiyu Xu. 2004.
ously unseen reports. Extraction of the following Sha”gw Process'r;g W':jh L.Jnlflcatldor'l\anlq TYF’g Fea-
. : . ture Structures — Foundations and Applicatioser-
s'Fructures was evaluated: 1) S|mple_attr|butes (€.9. man Al Journal KI-Zeitschrift, 01/04
diabetes balance); 2) structured attributes (e.g. lo- o .
calization); and 3) complex structures (e.g. descriN?LC'”MWO“ES'r'- _20?%\ Mlorf_eusleg a F;E‘)Ct'ca' ICI)IOSI for
. PRT . _ € Morpnological Analysis O olIs oc. o .
tion of abqormal findings). Evalu_atloln of Fhre(_e S€- | IPWMO6 Adv in Soft Comp., Springer-Verlag.
lected attributes from both sets is given in Fig &
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Abstract

The shift from paper to electronic docu-
ments has caused the curation of informa-
tion sources in large electronic databases
to become more generalized. In the bio-
medical domain, continuing efforts aim at
refining indexing tools to assist with the
update and maintenance of databases such
as MEDLINE®. In this paper, we evaluate
two statistical methods of producing
MeSH® indexing recommendations for
the genetics literature, including recom-
mendations involving subheadings, which
is a novel application for the methods. We
show that a generic representation of the
documents yields both better precision
and recall. We also find that a domain-
specific representation of the documents
can contribute to enhancing recall.

1 Introduction

There are two major approaches for the automatic
indexing of text documents: statistical approaches
that rely on various word counting techniques [su-
ch as vector space models (Salton, 1989), Latent
Semantic Indexing (Deerwester et al., 1990) or
probabilistic models (Sparck-Jones et al., 2000)]
and linguistic approaches that involve syntactical
and lexical analysis [see for example term extrac-
tion and term variation recognition in systems such
as MetaMap (Aronson, 2001), FASTR (Jacquemin
and Tzoukermann, 1999) or IndDoc (Nazarenko
and Ait El Mekki, 2005)]. In many cases, the com-
bination of these approaches has been shown to
improve the performance of a single approach both
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for controlled indexing (Aronson et al., 2004) and
free text indexing (Byrne and Klein, 2003).
Recently, Néveol et al. (2007) presented lin-
guistic approaches for the indexing of documents
in the field of genetics. In this paper, we explore a
statistical approach of indexing for text documents
also in the field of genetics. This approach was
previously used successfully to produce Medical
Subject Headings (MeSH) main heading recom-
mendations. Our goal in this experiment is two-
fold: first, extending an existing method to the pro-
duction of recommendations involving subhead-
ings and second, assessing the possible benefit of
using a domain-specific variant of the method.

2 A Kk-Nearest-Neighbors approach for
indexing

2.1 Principle

The k-Nearest-Neighbors (k-NN) approach views
indexing as a multi-class classification problem
where a document may be assigned several
“classes” in the form of indexing terms. It requires
a large set of labeled data composed of previously
indexed documents. k-NN relies on the assumption
that similar documents should be classified in a
similar way. The algorithm consists of two steps:
1/documents that are most “similar” to the query
document must be retrieved from the set of labeled
documents. They are considered as “neighbors” for
the query document; 2/an indexing set must be
produced from these and assigned to the query
document.

Finding similar documents

All documents are represented using a vector of
distinctive features within the representation space.
Based on this representation, labeled documents

BioNLP 2007: Biological, translational, and clinical language processing, pages 183—190,
Prague, June 2007. (©2007 Association for Computational Linguistics



may be ranked according to their similarity to the
guery document using usual similarity measures
such as cosine or Dice. The challenge in this step is
to define an appropriate representation space for
the documents and to select optimal features for
each document. Another issue is the number (k) of
neighbors that should be selected to use in the next
step.

Producing an indexing set

When applied to a single-class classification prob-
lem, the class that is the most frequent among the k
neighbors is usually assigned to the query docu-
ment. Indexing is a multi-class problem for which
the number of classes a document should be as-
signed is not known, as it may vary from one
document to another. Therefore, indexing terms
from the neighbor documents are all taken into
account and ranked according to the number of
neighbors that were labeled with them. The more
neighbors labeled with a given indexing term, the
higher the confidence that it will be a relevant in-
dexing term for the query document. This resulting
indexing set may then be filtered to select only the
terms that were obtained from a defined minimum
number of neighbors.

2.2 Document representation

Generic representation

A generic representation of documents is obtained
from the text formed by the title and abstract. This
text is processed so that punctuation is removed,
stop-words from a pre-defined list (of 310 words)
are removed, remaining words are switched to
lower case and a minimal amount of stemming is
applied. As described by Salton (1989) words
should be weighted according to the number of
times they occur in the query document and the
number of times they occur in the whole collection
(here, MEDLINE). Moreover, words from the title
are given an additional weight compared to words
from the abstract. Further adjustments relative to
document length and local weighting according to
the Poisson distribution are detailed in (Aronson et
al, 2000; Kim et al., 2001) where the PubMed Re-
lated Citations (PRC) algorithm is discussed. Fur-
ther experiments showed that the best results were
obtained by using the ten nearest neighbors.
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Domain-specific representation

In specialized domains, documents from the litera-
ture may be represented with concepts or objects
commonly used or studied in the field. For exam-
ple, (Rhodes et al., 2007) meet specific chemistry
oriented search needs by representing US patents
and patent applications with molecular information
in the form of chemical terms and structures. A
similar representation is used for PubChem
(http://pubchem.ncbi.nim.nih.gov/) records. In the
genetics domain, genes are among the most com-
monly discussed or manipulated concepts. There-
fore, genes should provide a relevant domain-
specific description of documents from the genet-
ics literature.

The second indexing algorithm that we describe
in this paper, know as the Gene Reference Into
Function (GeneRIF) Related Citations (GRC) algo-
rithm, uses “GeneRIF” links (defined in the para-
graph below) to retrieve neighbors for a query
document.

To form a specific representation of the docu-
ment, gene names are retrieved by ABGene' (Ta-
nabe and Wilbur, 2002) and mapped to Entrez
Gene? unique identifiers. The mapping was per-
formed with a version of SemRep (Rindflesch and
Fiszman, 2003) restricted to human genes. It con-
sists in normalizing the gene name (switch to lower
case, remove spaces and hyphens) and matching
the resulting string to one of the gene names or
aliases listed in Entrez Gene.

For each gene, the GeneRIF links supply a sub-
set of MEDLINE citations manually selected by
NLM indexers for describing the functions associ-
ated with the gene. These sets were used in two
ways:

To complete the document representation. If a
citation was included in the GeneRIF of a
given gene, the gene was given an additional
weight in the document representation.

To limit the set of possible neighbors. In the
generic representation, all MEDLINE cita-
tions contain the representation features,
words. Therefore, they all have to be con-
sidered as potential neighbors. However,

! Software downloaded January 17, 2007, from

http://www.ncbi.nIm.nih.gov/staff/Ismith/MedPost.html
2 Retrieved  January 17, 2007,  from:
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=gene



only a subset of citations actually contains
genes. Therefore, only those citations need
to be considered as potential neighbors. This
observation enables us to limit the specific
processing to relevant citations. Possible
neighbors for a query document consist of
the union of the GeneRIF citations corre-
sponding to each gene in the document rep-
resentation.

Table 1: Gene description of a sample MEDLINE
document and its two nearest neighbors

PubMed IDs | ABGene Entrez Gene IDs
15645653 abcch 368
mrp6 368; 6283
Idl-r 3949
pxe 368; 5823
fh 2271
10835643 mrp6 368; 6283
pxe 368; 5823
16392638 abcch 368
mrp6 368; 6283
pxe 368; 5823

For each query document, the set of possible
neighbors was processed and ranked according to
gene similarity using a cosine measure. Table 1
shows the description of a sample MEDLINE cita-
tion and its two nearest neighbors.

Based on experiments with the PubMed Related
Citations algorithm, ten neighbors were retained to
form a candidate set of indexing terms.

3 Experiment

3.1 Application to MeSH indexing

In the MEDLINE database, publications of the bio-
medical domain are indexed with Medical Subject
Headings, or MeSH descriptors. MeSH contains
about 24,000 main headings denoting medical con-
cepts such as foot, bone neoplasm or appendec-
tomy. MeSH also contains 83 subheadings such as
genetics, metabolism or surgery that can be associ-
ated with the main headings in order to refer to a
specific aspect of the concept. Moreover, each de-
scriptor (a main heading alone or associated with
one or more subheadings) is assigned a “minor” or
“major” weight depending on how substantially the
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concept it denotes is discussed in the article. “Ma-
jor” descriptors are marked with a star.

In order to form a candidate indexing set to be
assigned to a query document, the descriptors as-
signed to each of the neighbors were broken down
into a set of main headings and pairs (i.e. a main
heading associated with a single subheading). For
this experiment, indications of major terms were
ignored.

For example, the MeSH descriptor
*Myocardium/cytology/metabolism would gener-
ate the main heading Myocardium and the two
pairs  Myocardium/cytology and  Myocar-
dium/metabolism.

3.2 Test Corpus

Both methods were tested on a corpus composed of
a selection of the 49,863 citations entered into
MEDLINE in January 2005. The 2006 version of
MeSH was used for the indexing in these citations.
About one fifth of the citations (10,161) are con-
sidered to be genetics-related, as determined by
Journal Descriptor Indexing (Humphrey, 1999).
Our test corpus was composed of genetics-related
citations from which Entrez Gene IDs could be
extracted — about 40% of the cases. The final test
corpus size was 3,962. Appendix A shows a sam-
ple citation from the corpus.

3.3 Protocol

Figure 1 shows the setting of our experiment.
Documents from the test corpus described above
were processed to obtain both a generic and spe-
cific representation as described in section 2.2. The
corresponding ten nearest neighbors were retrieved
using the PRC and GRC algorithms. All the
neighbors” MeSH descriptors were pooled to form
candidate indexing sets of descriptors that were
evaluated using precision and recall measures. Pre-
cision was the number of candidate descriptors that
were selected as indexing terms by NLM indexers
(according to reference MEDLINE indexing) over
the total number of candidate descriptors. Recall
was the number of candidate descriptors that were
selected as indexing terms by NLM indexers over
the total number of indexing terms expected (ac-
cording to reference MEDLINE indexing). For
better comparison between the methods, we also
computed F-measure giving equal weight to preci-



sion and recall - F1=2*PR/(P+R) and giving a
higher weight to recall - F3=10*PR/(9P+R).

Four different categories of descriptors were
considered in the evaluation:

MH: MeSH main headings (regardless of
whether subheadings were attached in the
reference indexing)

SH: stand-alone subheadings (regardless of the
main heading(s) they were attached to in the
reference indexing)

MH/SH: main heading/subheading pairs

DESC: MeSH descriptors, i.e. main headings
and main heading/subheading pairs

Similarly, four different candidate indexing sets
were considered: the indexing set resulting from
PRC, the indexing set resulting from GRC, the in-
dexing set resulting from the pooling of PRC and
GRC sets and finally the indexing set resulting
from the intersection of PRC and GRC indexing
sets (common index terms).

MEDLINE document

Specific
representation
Genes

PubMed GeneRIFs
Related Citations Related Citations
(PRC) 1- Find similar (GRC)

documents

2- Use index terms
in similar
documents as
* indexing candidates *

GRC
indexing set

Figure 1: Producing candidate indexing sets with
generic and domain-specific representations.
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4 Results

Appendix B shows the indexing sets obtained from
the GRC and PRC algorithms for a sample citation
from the test corpus. Table 2 presents the results of
our experiments. For each category of descriptors,
the best performance was bolded. It can be ob-
served that in general, the best precision and F1
scores are obtained with the common indexing set,
the best recall is obtained with the pooling of in-
dexing sets and the best F3 score is obtained with
PRC algorithm, the pooling of indexing sets being
a close second.

5 Discussion

5.1 Performance of the methods

As can be seen from the bolded figures in table 2,
the best performance is obtained either from the
PRC algorithm, or from a combination of PRC and
GRC. When indexing methods are combined, it is
usually expected that statistical methods will pro-
vide the best recall whereas linguistic methods will
provide the best precision. Combining complemen-
tary methods is then expected to provide the best
overall performance. In this context, it seems that
the option of pooling the indexing sets should be
retained for further experiments. The most signifi-
cant result of this study is that the pooling of meth-
ods achieves a recall of 92% for stand-alone
subheading retrieval. While the precision is only
19%, the selection of stand-alone subheadings of-
fered by our methods is nearly exhaustive and it
reduces by 70% the size of the list of allowable
subheadings that could potentially be used. NLM
indexers have declared this could prove very useful
to enhance their indexing practice.

In order to qualify the added value of the spe-
cific description, we looked at the descriptors that
were correctly recommended by GRC and not rec-
ommended by PRC. Check Tags (descriptors used
to denote the species, age and gender of the sub-
jects discussed in an article) seemed prominent, but
only Human was significantly recommended cor-
rectly more often than it was recommended incor-
rectly (~2.2 times more correct than incorrect
recommendations — 2,712 correct vs. 1,250 incor-
rect). No other descriptor could be identified as
being consistently recommended either correctly or
incorrectly.



For both methods, filtering the indexing sets

according to the number of neighbors that lead to

include the indexing terms results in an increase of
precision and a loss of recall. The best trade-off
(measured by F1) is obtained when indexing terms
come from at least three neighbors (data not

a

5.2 A scale of indexing performance

The problem with evaluating indexing is that,

although inter-indexer variability is reduced when

controlled vocabulary is used, indexing is an

open cognitive task for which there is no unique
“right” solution.

shown).

Table 2: performance of the indexing methods on the four categories of descriptors

SH MH SH/MH DESC

P R F1 F3 [P R F1 F3 |[P R F1 F3 |[P R Fl1 F3
GRC 21 72 32 58 |8 49 14 32 |3 23 6 14 |6 38 10 25
PRC 27 88 41 72 |13 61 22 45 |8 56 15 36 |11 59 18 41
Pool 19 92 32 67 |9 8 16 44 |5 62 9 29 |7 74 13 38
Common |36 68 47 62 |22 27 24 27 |18 17 17 17 |21 23 22 23

In practice, this means that there is no ideal
unique set of descriptors to use for the indexing
of a particular document. Therefore, when com-
paring an indexing set obtained automatically
(e.g. here with the PRC or GRC methods) to a
“gold standard” indexing set produced by a
trained indexer (e.g. here, NLM indexers) the
difference observed can be due to erroneous de-
scriptors produced by the automatic methods.
But it is also likely that the automatic methods
will produce terms that are semantically close to
what the human indexer selected or even rele-
vant terms that the human indexer considered or
forgot to select. While evaluation methods to
assess the semantic similarity between indexing
sets are investigated (Névéol et al. 2006), a con-
sistency study by Funk et al. (1983) can shade
some light on inter-indexer consistency in
MEDLINE and what range of performance may
be expected from automatic systems. In this
study, Hooper’s consistency (the average pro-
portion of terms in agreement between two in-
dexers) for stand-alone subheadings (SH) was
48.7%. It was 33.8% for pairs (MH/SH) and
48.2% for main headings (MH). In light of these
figures, although no direct comparison with the
results of our experiment is possible, the preci-
sion obtained from the common recommenda-
tions (especially for stand-alone subheadings,
36%) seems reasonably useful. Further more,
when informally presenting the indexers sample
recommendations obtained with these methods,
they expressed their interest in the high recall as
reviewing a larger selection of potentially useful
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terms might help them track important descrip-
tors they may not have thought of using other-
wise.

In comparison with other research, the results
are also encouraging: the recall resulting from
either PRC or pooling the indexing sets is sig-
nificantly better than that obtained by Névéol et
al. (2007) on a larger set of MEDLINE 2005
citations 20% at best for main head-
ing/subheading pairs with a dictionary-based
method which consisted in extracting main head-
ing and subheading separately from the citations
(using MTI and string matching dictionary en-
tries) before forming all the allowable pairs as
recommendations.

5.3 Limitations of the experiment

In the specific description, the mapping between
gene names and Entrez Gene IDs only takes hu-
man genes into account, which potentially limits
the scope of the method, since many more or-
ganisms and their genes may be discussed in the
literature. In some cases, this limitation can lead
to confusion with other organisms. For example,
the gene EPO “erythropoietin” is listed in Entrez
Gene for 11 organisms including Homo Sapiens.
With our current algorithm, this gene will be
assumed to be a human gene. In the case of
PMID 15213094 in our test corpus, the organism
discussed in the paper was in fact Mus Musculus
(common mouse). In this particular case, the
check tag Humans, which was erroneous, could
be found in the candidate indexing set. However,




correct indexing terms could still be retrieved
due to the fact that both the human and mouse
gene share common functions.

Another limitation is the size of the test cor-
pus, which was limited to less than 4,000 docu-
ments.

5.4 Mining the biomedical literature for
gene-concept links

Other approaches to gene-keyword mapping ex-
ploit the links between genes and diseases or
proteins as they are described either in the re-
cords of databases such as OMIM or more for-
mally expressed as in the GeneRIF. Substantial
work has addressed linking DNA microarray
data to keywords in controlled vocabulary such
as MeSH (Masys et al. 2001) or characterizing
gene clusters with text words from the literature
(Liu et al. 2004). However, no normalized “se-
mantic fingerprinting” has been yet produced
between controlled sets such as Entrez Gene and
MeSH terms.

6 Conclusion and future work

In this paper, we applied a statistical method for
indexing documents from the genetics literature.
We presented two different document represen-
tations, one generic and one specific to the ge-
netics domain. The results bear out our
expectations that such statistical methods can
also be used successfully to produce recommen-
dations involving subheadings. Furthermore,
they yield higher recall than other more linguis-
tic-based methods. In terms of recall, the best
results are obtained when the indexing sets from
both the specific and generic representations are
pooled.

In future work, we plan to refine the algorithm
based on the specific method by expending its
scope to other organisms than Homo Sapiens
and to take the gene frequency in the title and
abstract of documents into account for the repre-
sentation. Then, we shall conduct further evalua-
tions in order to observe the impact of these
changes, and to verify that similar results can be
obtained on a larger corpus.
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Appendix A: Title, abstract and reference indexing set for a sample citation

PubMed ID | 15645653

Title

Identification of two novel missense mutations (p.R1221C and p.R1357W) in the ABCC6 (MRP6)
gene in a Japanese patient with pseudoxanthoma elasticum (PXE).

Abstract

Pseudoxanthoma elasticum (PXE) is a rare, inherited, systemic disease of elastic tissue that in par-
ticular affects the skin, eyes, and cardiovascular system. Recently, the ABCC6 (MRP6) gene was
found to cause PXE. A defective type of ABCC6 gene (16pl3.1) was determined in two Japanese
patients with PXE. In order to determine whether these patients have a defect in ABCC6 gene, we
examined each of 31 exons and flanking intron sequences by PCR methods (SSCP screening and
direct sequencing). We found two novel missense variants in exon 26 and 29 in a compound het-
erozygous state in the first patient. One is a missense mutation (¢.3661C>T; p.R1221C) in exon 26
and the other is a missense mutation (c.4069C>T; p.R1357W) in exon 29. These mutations have
not been detected in our control panel of 200 alleles. To our knowledge, this is the first report of
mutation identification in the ABCC6 gene in Japanese PXE patients. The second patient was ho-
mozygous for 2542_2543delG in ABCC6 gene and heterozygous for 6 kb deletion of LDL-R gene.
This case is the first report of a genetically confirmed case of double mutations both in PXE and
FH loci.

MeSH
reference
indexing set

Adult

Aged

Female

Humans

Japan

Multidrug Resistance-Associated Proteins/*genetics
*Mutation, Missense

Pedigree

Pseudoxanthoma Elasticum/*genetics
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Appendix B: Sample indexing sets obtained from the GRC and PRC algorithms for
a sample citation

PubMed ID 15645653

GRC  indexing | Humans (10)

set” (top 15 terms) | Multidrug Resistance-Associated Proteins (9)
Mutation (8)

Male (7)

Female (7)

Multidrug Resistance-Associated Proteins/genetics (7)
Pseudoxanthoma Elasticum (6)
Pseudoxanthoma Elasticum/genetics (6)
Pedigree (5)

Exons (4)

DNA Mutational Analysis (4)
Mutation/genetics (4)

Adult (4)

Introns (3)

Aged (3)

PRC indexing | Multidrug Resistance-Associated Proteins (10)
set” (top 15 terms) | Multidrug Resistance-Associated Proteins /genetics (10)
Pseudoxanthoma Elasticum (10)
Pseudoxanthoma Elasticum/genetics (10)
Mutation (7)

DNA Mutational Analysis (6)

Pedigree (5)

Genotype (4)

Polymorphism, Genetic (4)

Alleles (4)

Mutation/genetics (3)

Haplotypes (3)

Models, Genetic (3)

Gene Deletion (3)

Exons (3)

* Terms appearing in the reference set are underlined; the number of neighbors — out of the 10 nearest neighbors —
labeled with each term is shown between brackets after the term.
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Abstract

This paper proposes a machine learning ap-
proach to the task of assigning the inter-
national standard on classification of dis-
eases 1CD-9-CM codes to clinical records.
By treating the task as a text categorisa-
tion problem, a classification system was
built which explores a variety of features in-
cluding negation, different strategies of mea-
suring gloss overlaps between the content
of clinical records and ICD-9-CM code de-
scriptions together with expansion of the
glosses from the ICD-9-CM hierarchy. The
best classifier achieved an overall I value
of 88.2 on a data set of 978 free text clinical
records, and was better than the performance
of two out of three human annotators.

1 Introduction

Despite the rapid progress on text categorisation in
the newswire domain, assigning meaningful labels
to clinical notes has only recently emerged as a topic
for computational linguists although health infor-
matics researchers have been working on the prob-
lem for over 10 years. This paper describes con-
structing classifiers for the Computational Medicine
Center’s 2007 Medical Natural Language Process-
ing Challenge which aims to assign 1CD-9-CM
codes to free text radiology reports. (Computational
Medicine Center, 2007) It addresses the difficulties
of medical text categorisation tasks by incorporating
medical negations, term variations, and clues from
hierarchy of medical ontologies as additional fea-
tures.
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2 Thetask of assigning ICD-9-CM codes

The corpus used in this study is a collection of
radiology reports from the Cincinnati Children’s
Hospital Medical Center, Department of Radiol-
ogy. (Computational Medicine Center, 2007) The
data set is divided into a training set and a test set.
The training set consists of 978 records and the test
set consists of 976 records and 45 ICD-9-CM code.
The task was considered as a multi-label text cate-
gorisation problem. For each code found in the cor-
pus, we created a separate classifier which makes
binary ”Yes” or "No” decisions for the target code
of a clinical record. Maximum Entropy Modeling
(MaxEnt) (Berger et al., 1996) and Support Vector
Machine (SVM) (Vapnik, 1995) were used to build
the classifiers in our solution.

3 Features

A variety of features were developed to represent
what we believed were the important determiners of
the ICD-9-CM codes.

Bag-of-words (BOW) features. include only un-
igrams and bigrams in the text.

Negation features: were used in the classification
system to capture the terms that are negated or un-
certain, for example “pneumonia” vs ”no evidence
of pneumonia”. We created a negation-finding sys-
tem which uses an algorithm similar to (Chapman
et al., 2001) to identify the negation phrase and the
scope of negations.

Gloss matching feature: The ICD-9-CM pro-
vides detailed text definition for each code. This sec-
tion explores different strategies for measuring gloss

BioNLP 2007: Biological, translational, and clinical language processing, pages 191-192,
Prague, June 2007. (©2007 Association for Computational Linguistics



Name | Description P R R

SO BOW baseline | 83.9 | 784 | 81.1

Sl S0 + negation 88.5 | 782 | 83.0

S2 S1 + gloss | 89.2 | 80.6 | 84.7
matching

S3 feature  engi- | 89.7 | 86.0 | 87.8
neering

S4 S3 + low-freq 89.7 |86.9 | 88.2

Table 1: Experiment results for all ICD-9-CM codes

matchings between the content of a clinical record
and the definition of an ICD-9-CM code.

Feature engineering: In experiments with a uni-
form set of feature types for all ICD-9-CM codes,
we noticed that different codes tend to have a pref-
erence for different combinations of feature types.
Therefore, different combinations of feature types
for each individual code were used. The intuition
is to explore different combination of feature types
quickly instead of doing further feature selection
procedures. The system trained on the best combina-
tion of feature types are reported as the final results
for the target code.

Low frequency codes modeling: A rule-based
system was also used to model low frequency ICD-
9-CM codes which have only one occurrence in the
corpus, or have achieved F value of 0.0 by machine
learning. The system assigns a low frequent code to
a clinical record if the content of the record matches
the words of the code definition.

4 Result

Table 1 shows the experiment results. Since the
gold-standard annotation of the test dataset has not
been released so far, the experiment was done on the
978 documents training dataset using 10-fold cross-
validation. T The baseline system SO was created
using only BOW features. Adding negation features
gives S1 an improvement of 1.9% on F} score. The
gloss matching features gives a further increase of
1.7% on FY score.

In order to understand more about the ICD-9-
CM code assignment task, this section evaluates the

1The offi cial score of our system on the test dataset is
F, = 86.76 which was ranked 7th among 44 systems. See
http://www.computational medicine.org/challenge/res.php
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Name P R Fy N

companyl | 78.3 | 89.8 | 83.7 | 1397
company2 | 82.6 | 95.2 | 88.5 | 1404
company3 | 904 | 75.0 | 82.0 | 1011
S4 89.7 | 869 | 88.2 | 1180

Table 2: Performances of Annotators

performance of the three annotators. Table 2 com-
pares the performance of each annotator to the gold-
standard codes. The item ”N” in Table 2 stands for
the total number of ICD-9-CM codes which an an-
notator has assigned to the whole corpus.

5 Conclusion

This paper presents an approach to the problem
of assigning ICD-9-CM codes to free text medical
records. We created a classification system which
consists of multiple machine-learned classifiers on
high-frequency codes, and a rule-based modeling
module of low-frequency codes. By incorporating
negations and a variety of gloss matching features,
we successfully outperformed the baseline with only
bag-of-words features by 7.1% on F value. The
best reported score is also considered as compara-
ble to the performance of the best human annotator.
We also consider the way our system selected the
best combination of feature types for each individ-
ual ICD-9-CM code has a major contribution to the
classification task of clinical records.
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Abstract ally still missing. Only Cimiano (2003) states that

10% of definite descriptions are bridging anaphora.
We report on an empirical study that deals This contradictoriness and the lack of statistics on
with the quantity of different kinds of refer-  referring expressions induced us to collect our own
ring expressions in biomedical abstracts. data in order to obtain a consistent and meaningful

overview. This picture helps to decide where to start
if one wants to build a resolution component for the

One of the major challenges in NLP is the resolubiomedical domain.
tion of referring expressions. Those references can o
be established by repeating tokens or by pronon? EmMmpirical Study

inal, nominal and bridging anaphora. Experlmenl-:or our study we selected articles from MEDLINE

tal results show that pronominal anaphora are eas- . .
. . or stem cell transplantation and gene regulation.
ier to resolve than nominal ones because the resoIB-

) . . ut of these articles, 11 stem cell abstracts and 9
tion of nominal anaphora requires EA-taxonomy

as knowledge source. The resolution of bridginiene regulation abstracts (2,000 tokens) were an-

otated by a team of one biologist and one computa-
anaphora, however, proves to be awkward becaufsle y 9 P

encyclopedic knowledge is necesshut in prac- onal linguist. The boundaries for annotations were
yciop g P n)either limited to nominal phrases (NPs) nor on their

tice, are all of these phenomena equally importanth.eads because NPs in biomedical abstracts are of-

A look at the publications reveals that a comprefen complex and hide relations between nouns (e.qg.,

hensive overview of the quantity and distribution p53 protein” is a protein calledp53” , a“p53

. . T . a
of referring expressions in biomedical abstracts 'Sene” is a gene that codes tHp53 protein” and a
3 mutation” is a mutation in thé'p53 gene”).

still missing. Nevertheless, some scattered data cgn5
I;ﬁjrthermore, we annotated anaphoric expressions

be found: Casfao et al. (2002) state that 60 of P
100 anaphora are nominal anaphora. Sanchez egreferring to biomedical entities and to processes.
We distinguished the following referring ex-

(2006) confirm this proportion (24 pronominal an

50 nominal anaphora in 74 anaphoric expressions). . ~ " A it ted stri

Kim and Park (2004), however, detect 53 pronomit ressions. - As Tepetiions, we counted string-
identical, string-variants and abbreviated token se-

nal and 26 nominal anaphorain 87 anaphoric expres- in NPs. identical in thei .
sions. But Gawronska and Erlendsson (2005), on th) lences in S, identical in their meaning (e.g.

other hand, claim that pronominal anaphora are raE1 bgtsencr;fymfl sFterrlr::ell_s— I\SS.CS i (;\/IfSC 'r?_
and nominal anaphora are predominant. Studies oh tl Sry etec ).'d or q eAlme helng, modimers have
bridging anaphora in the biomedical domain are r 1ot been considered. Anaphora compriseé pronom-

inal?2, nominal (s-A relations, e.g.,'B-PLL" Is-
IHowever, even the resolution of pronouns can benefitfrom
extra-textual information (Cadia et al., 2002). 2Wwithout “we” as it always refers to the authors.

1 Problem Statement
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Type of Referring Expression | Number | Hence, we have to be careful with assumed repeti-

Repetitions igisem el tions and we have to handle all kinds of modifiers.
Pronominal Anaphora 6 (sent. external) In this study we present the first comprehensive
Nominal Anaphora 79 overview of various kinds of referring expressions
Bridging Anaphora 42 that occur in biomedical abstracts. Although our
Subgrouping Anaphora 91 . .

all 654 corpus is still small, we could observe the strong

tendency that repetitions play a major role (20 per
abstract). Anaphora occur less frequently (13 per

A “B-cell malignancy”) and bridging anaphora (all abstract). For a sound semantic interpretation, bpth
other semantic relations, e.dG(1) progression” types must be ha_mdled. For_ k_nowle_dge-lr_nenswe
PART-OF-PROCESS'M-G(1) transition”). Further- anaphora resolutlon_, the existing biomedical re-
more, we detected a high number of subgroupin ources must be reviewed for adgquagy. To the best
anaphora that often occur when a group of entl-f our knqwledge, although dominant in our study,_
ties (e.g.,“Vascular endothelial growth factor re- subgrouping anaphora have not been considered in

ceptors”) are mentioned first and certain subgrouplgrt],y an?prt\orz_a resolu:|tc:nfsyst§m_l§hand su[[tatl_ale reso-
(e.9."VEGFRY” etc.) are discussed later. ution strategies must be found. The annotation pro-

In our abstracts we detected 654 referring expreg—e ss (with more than one annotation team) will be

. - . CPntinued. The main result of this study, however,
sions (see Table 1). Repetitions are predominari the ob tion that modifi | : tant
with 59%. Within the group of 266 anaphora, supt> € observation that modiners piay an importan

grouping anaphora contributed with 34%, nominarlOIe for referencmg. Their tre_atme_nt fgr semantic
terpretation requires further investigations.

anaphora with 30%, pronominal anaphora with 2098
and bridging anaphora with only 16%. The mosAcknowledgements: We thank Belinda Wirfel for
common bridging relations werART-OF-AMOUNT  her annotation work. This study was funded by
(14) andPART-OF (11). The remaining 17 are held the EC (BOOTStrep, FP6-028099), and by the Ger-
by 8 other semantic relations such agsuLTs man Ministry of Education and Research (StemNet,
FROM, MUTATED-FROM, etc. 01DS001A - 1C).

Table 1: Number of Referring Expressions

3 Open Issuesand Conclusion
References

In biomedical abstracts we are confronted with nUy castao, J. Zhang, and J. Pustejovsky. 2002. Anaphora
merous repetitions, mainly containing biomedical resolution in biomedical literature. IRroc. of the
entities. Their reference resolution within an ab- Symp. on Reference Resolution for NLP

StrafCt Segms to be easy_at first glance by just COMB: Cimiano. 2003. On the research of bridging refer-
paring strings and detecting acronyms. Some exam- ences within information extraction systems. Diploma
ples will show that this is tricky, though: IfiThe thesis, University of Karlsruhe.
VEGFRS-transf?ctgd ECs exhibited high EXpressigy Gawronska and B. Erlendsson. 2005. Syntactic,
level of LYVE-1. this statement on ECs only holds semantic and referential patterns in biomedical texts:
if the modifier"VEGFR3-transfected'’is taken into Towards in-depth comprehension for the purpose of
account. Furthermore, transfected ECs are not iden-Pioinformatics. InProc. of the 2nd Workshop on Nat-
tical with non-transfected ECs which would be the ural Ia%%u%%e Understanding and Cognitive science
. L pages 68-77.
result if considering NP heads only. But not ev-

ery modifier influences an identity relation. For ex—J-'lJu-ti'grr]nf ;”glitigg I:)?cglt(éi ﬁ?}gﬁq e???;i;é%ﬁ?%ﬁ;ﬁ;;
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1 Introduction

In biomedical texts, contradictions about protein-
protein interactions (PPIs) occur when an author
reports observing a given PPI whereas another au-
thor argues that very same interaction does not take
place: e.g., when author X argues that “protein A
interacts with protein B” whereas author Y claims
that “protein A does not interact with B”. Of
course, merely discovering a potential contradic-
tion does not mean the argument is closed as other
factors may have caused the proteins to behave in
different ways. We present preliminary work to-
wards the automatic detection of potential contra-
dictions between PPIs from text and an agreement
experimental evaluation of our method.

2  Method

Our method consists of the following steps: i) ex-
tract positive and negative cases of PPIs and map
them to a semantic structure; ii) compare the pairs
of PPIs structures that contain similar canonical
protein names iii) apply an inference method to the
selected pair of PPIs.

We extract positive and negative cases of PPIs
by applying our system (Sanchez & Poesio, sub-
mitted). Our system considers proteins only as well
as events where only one protein participates (e.g.
“PI-3K activity”). The system produces the seman-
tic interpretation shown in Table 1. We manually
corrected some of the information extracted in or-
der to compare exclusively our inference method
with human annotators.

The decision to determine if a C-PPI holds is
given by the context. This context is formed by the
combination of semantic components such as PPI
polarity, verb direction, and manner polarity.
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P1 Canonical name of the first participant protein

P2 Canonical name of the second participant protein.

Cue-word | Word (verbs or their nominalizations) expressing a PPI
(e.g. interact, interaction, activate, activation, etc.).

Semantic Categories in which cue-words are grouped according

Relation to their similar effect in an interaction. (See Table 2).

Polarity Whether the PP is positive or negative

Direction | Direction of a relation according to the effect that a
protein causes on other molecules in the interaction.
(See Table 3)

Manner Modality expressed by adverbs or adjectives (e.g.
directly, weakly, strong, etc.)

Manner Polarity assigned to manner according to the influence

Polarity they have on the cue-word (see Table 4)

Table 1. Semantic structure of a PPI

Semantic Rela- Verbs/nouns examples

tion
Activate Activat (e, ed,es,or,ion), transactivat (e,ed,es,ion)
Inactivate decreas (e,ed,es), down-regulat(e,ed,es,ion)

Table 2. Example of semantic verb relations

+ - Neutral
Activate, Attach Inactivate Substitute, React
Create bond Break bond Modify, Cause
Generate Release Signal, Associate

Table 3. Directions of semantic relations

Polarity Word
+)1 strong(ly), direct(ly), potential(y), rapid(ly)
(-) 0 hardly, indirect(ly), negative(e,ly)

Table 4. Example of manner polarity

Manner polarity is neutral (2) if the manner word
is not included in the manner polarity table or if no
manner word affects the cue-word.

The method first obtains what we call “PPI
state” of each PPI. The PPI state is obtained in two
steps that follow decision tables': a) the values for

1 - .
Some decision tables are omitted due to space reasons.

BioNLP 2007: Biological, translational, and clinical language processing, pages 195-196,
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the combination of the verb direction and the man-
ner polarity (DM) of each PPI; b) then, the DM
value and the polarity of the corresponding PPI are
evaluated.

Second, the method compares the PPI states of
both PPIs as shown in Table 5.

Statel Sstate2  Result | Statel State2  Result
0 0 NC 3 3 U

0 1 C 0 4 C

0 3 U 1 4 C

1 1 NC 3 4 C

1 3 U

Table 5. Decision table for results’

The following example illustrates our method. The
table below shows two sentences taken from dif-
ferent documents.

Document 1 Document 2

Cells treated with hyperosmolar stress,
UV-C, IR, or a cell-permeable form of
ceramide, C2 ceramide, rapidly down-
regulated PI(3)K activity to 10%-30% of
the activity found in serum-stimulated
control cells...

And fourth, C2-
ceramide did not
affect the amount of
PI 3-kinase activity in
anti-IRS-1 precipi-
tates.

The semantic structures corresponding to these
sentences are shown in the next table.

DocA DocB
P1 C2-ceramide C2-ceramide
P2 PI-3K PI-3K
Cue down-regulate affect
Semantic relation Inactivate Cause
Polarity positive negative
Direction negative neutral
Manner rapidly -
Manner polarity positive neutral

The decision tables produced for this example are
the following’.

PPI Direction Manner DM

A - (0 +(1) -(0)

B N (2) N (2) U (3)
PPI Polarity DM State
A+ -(0) -(0)

B - (0) U@d) NN 4)

% Result values: contradiction (C), no contradiction (NC) and
unsure (U).

? The values included in the tables are: positive=1, nega-
tive=0, neutral=2, unsure=3, and negative-neutral=4.

196

PPIA state PPIB state
-(0) NN (4)

Result
Contradiction

The result obtained is “Contradiction”.

3 Agreement experiment

As a way of evaluation, we compared agreement
between our method and human annotators by us-
ing the kappa measure (Siegel and Castellan,
1998). We elaborated a test containing only of 31
pairs of sentences (JBC articles) since this task can
be tiring for human annotators.

The test consisted on classifying the pairs of
sentences into three categories: contradiction (C),
no contradiction (NC) and unsure (U). The values
of kappa obtained are presented in the following
table.

Groups Kappa
Biologists only 0.37
Biologists and our method 0.37
Non-biologists only 0.22
Non-biologists and our method 0.19

Table 6 Agreement values

Biologists mainly justified their answers based on
biological knowledge (e.g. methodology, organ-
isms, etc.) while non-biologists based their answers
on syntax.

4 Conclusions

We have presented a simple method to detect po-
tential contradictions of PPIs by using context ex-
pressed by semantics and linguistics constituents
(e.g. modals, verbs, adverbs, etc). Our method
showed to perform similarly to biologists and bet-
ter than non-biologists. Interestingly, biologists
concluded that C-PPIs are rarely found; neverthe-
less, the cases found may be highly significant.

Continuing with our work, we will try our sys-
tem in a larger set of data.
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1 Introduction to help with temporal grounding using mined back-
ground knowledge about the period of existence of

In developmental biology, to support reasoningan entity.

about cause and effect, it is critical to link genetic

pathways with processes at the cellular and tissue Creation of Datasets

level that take place beforehand, simultaneously Qp, creating the four new data sets mentioned above,
subs_eque.ntly. While researchers have worked on ez hnotated 1200 documents according to relevance
solving with respect to absolute time, events MeNy murine kidney development. From 5 relevant
tioned in medical texts such as clinical narrativesdocumemS 1200 sentences were annotated as to
(e.g. Zhou et al, 2006), events in developmental bz ather they contained an event description. (Two
ology are primarily resolved relative to other events, . otators - one biologist, one computer scientist -
In this regard, | am developing a system to extracichieved an inter-annotator agreement kappa score
and time-stamp event sentences in articles on deveyf 959.) A sentence is considered a positive one if

opmental biology, looking beyond the sentence thatcontains a description of the following event types:
describes the event and considering ranges of times

rather than just single timestamps. e molecular expression within tissue/during pro-

| started by creating four gold standard corpora  Cess/at stage X (molecular event)
for documents, event sentences, entities and times-
tamped events (for future public release). These
datasets are being used to develop an automated
pipeline to (1) retrieve relevant documents; (2) iden- e requirement of a molecule for a process
tify sentences within the documents that describe de-  (molecular or tissue event)
velopmental events; and (3) associate these events
with the developmental stage(s) that the article links ® abnormality in a process/tissue/stage (molecu-
them with or they are known to be linked with lar or tissue event)

through prior knowledge. _ e negation of the above e.g. was not expressed,
Different types of evidence are used in each step.  giq not form, formed normally (molecular or
For determining the relevant developmental stage(s),  tissue event).

the text surrounding an event-containing sentence is

an efficient source of temporal grounding due of it#\ negative sentence is one that does not fall under at
immediate accessibility. However, this does not alleast one of the above categories.

ways yield the correct stage and other sources needIn addition, 6 entities t{ssue, process, species,

to be used. Information within the sentence, suckage, molecule and event verb) were annotated in
as the entities under discussion, can also be P&?BOO sentences (1200 described above + 600 from

e tissue process, i.e. what forms from what (tis-
sue event)

BioNLP 2007: Biological, translational, and clinical language processing, pages 197-198,
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relevant documents not yet annotated at senten¥géhen local context does not provide evidernmaor
level) and 347 entity-annotated positive event serknowledge can be used about when entities men-
tences were marked with their associated develofpioned within the sentence normally appear within
mental stage. development. Event sentences can alsaried-
Example: At E11, theintegrin a8 subunit wasex-  evant of individual time ranges and apply to the

pressed throughout the mesenchyme of the nephro-  whole of development. The table above shows the
genic cord. Entities annotatedell(stage),integrin  frequency with which each evidence type is used to
a8 (molecule),expressed (event verb)mesenchyme  resolve developmental stage.

of the nephrogenic cord (tissue). 4 E , t
Xperiments

3 Evidence for Temporal Resolution Event sentence retrieval experiments (using separate

Developmental biology is not as concerned with th&raining and test data) resulted in a F-score of 72.3%
absolute time of events in a specific embryo as and 86.6% for Naive Bayes and rule-based classifi-
is with events that generally happen under the santétion approaches respectively (relying upon perfect
circumstances in developmental time. These are r€Dtity recognition). A baseline method (classifying
ferred to with respect tatages from conception to all sentences as positive) achieves 58.4% F-score.
birth. The evidence sufficient to resolve the devel- EXperiments were also carried out to assign devel-
opmental stage of an event sentence can come frdfMental stage to sentences already known to con-
many places. The two significant areas of evidend&in events. The baseline approach is to use the last

arelocal context (i.e. surrounding text) angrior ~Mentioned stage in the text and any methods devel-
(i.e. background) knowledge. oped should score higher than this baseline. Rules

Local context can further be classified as: were developed to assign developmental stage based
on the knowledge gained from two fifths of the in-
¢ explicit: evidence of stage is mentioned withinvestigations into temporal evidence described above.
current (event) sentence, The other three fifths were annotated after the rules
_ _ _ _ had been defined. Precision scores for all 347 sen-
e previous sentence evidence is found in Sen- tonces can be seen in the following table with the
tence immediately previous to current sentenceyaive method representing the baseline dratal

¢ following sentence evidence is found in sen- representing the use of rules.

tence immediately following current sentence, Paper || Naive Prec. || Local Prec.
1 75.7 97.3
e current paragraph: evidence is found in para- 2 89.6 90.9
graph containing current sentence but not in ad- 3 89.1 100
jacent sentences, 4 95.6 92.3
5 95.5 91.3

¢ referenced to figure evidence is found in fig-

ure legend referenced in current sentence. |Average| 891 || 945 |
Experiments are currently ongoing into exploiting
Evidence Source # Event Sentence§  the use of background knowledge of the develop-
Explicitly Stated 48 mental processes and tissues mentioned within event
Immed Prev Sentence 7 descriptions in order to assign developmental stage
Following Sentence 1 to events sentences not already assigned by the lo-
Current Paragraph 19 cal context rules and to increase confidence in those
Referenced Figure Legend 38 stages already assigned.
Within Figure Legend 43
. g g References
Time Irrelevant 65 )
- L. Zhou, G. B. Melton, S. Parsons and G Hripcsak, A tempo-
Prior Knowledge 126 ral constraint structure for extracting temporal inforinatfrom

‘ Total H 347 ‘ 19é:linical narrative, J Biomed Inf 39(4), Aug 2006, 424-439
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Abstract from the community recently. There have been
three shared tasks (BioNLP/NLPBA 2004 (Kim et
al., 2004), BioCreative (Blaschke et al., 2004) and
BioCreative2 (Krallinger and Hirschman, 2007))
which involved some flavour of NER using manu-
ally annotated training material and fully supervised
machine learning methods. In parallel, there have
been successful efforts in bootstrapping NER sys-
tems using automatically generated training material
using domain resources (Morgan et al., 2004; Vla-
chos et al., 2006). These approaches have a signif-
icant appeal, since they don’t require manual anno-
tation of training material which is an expensive and
lengthy process.

This paper is concerned with the evaluation
of biomedical named entity recognition sys-
tems. We compare two such systems, one
based on a Hidden Markov Model and one
based on Conditional Random Fields and
syntactic parsing. In our experiments we
used automatically generated data as well
as manually annotated material, including
a new dataset which consists of biomedi-
cal full papers. Through our evaluation, we
assess the strengths and weaknesses of the
systems tested, as well as the datasets them-

selves in terms of the challenges they present _ o .
to the systems. Named entity recognition is an important task be-

cause itis a prerequisite to other more complex ones.
Examples include anaphora resolution (Gasperin,
The domain of biomedical text mining has becom&006) and gene normalization (Hirschman et al.,
of importance for the natural language processing005). An important point is that until now NER
(NLP) community. While there is a lot of textual in- Systems have been evaluated on abstracts, or on sen-
formation available in the domain, either in the formt€nces selected from abstracts. However, NER sys-
of publications or in model organism databasedems will be applied to full papers, either on their
there is paucity in material annotated explicitly forown or in order to support more complex tasks.
the purpose of developing NLP systems. Most ofull papers though are expected to present additional
the existing systems have been developed using d&3allenges to the systems than the abstracts, so it is
from the newswire domain. Therefore, the biomedilmportant to evaluate on the former as well in or-
cal domain is an appropriate platform to evaluate exder to obtain a clearer picture of the systems and the
isting systems in terms of their portability and adaptfask (Ananiadou and McNaught, 2006).
ability. Also, it motivates the development of new In this paper, we compare two NER systems in
systems, as well as methods for developing systemasvariety of settings. Most notably, we use auto-
with these aspects in focus in addition to the perfomatically generated training data and we evaluate on
mance. abstracts as well as a new dataset consisting of full
The biomedical named entity recognition (NER)papers. To our knowledge, this is the first evalua-
task in particular has attracted a lot of attent{ggion of biomedical NER on full paper text instead of

1 Introduction

BioNLP 2007: Biological, translational, and clinical language processing, pages 199-200,
Prague, June 2007. (©2007 Association for Computational Linguistics



abstracts. We assess the performance and the po2& Conditional Random Fieldswith Syntactic
bility of the systems and using this evaluation we Parsing

combine them in order to take advantage of theityq second NER system we used in our experiments

strengths. was the system of Vlachos (2007) that participated
in the BioCreative2 Gene Mention task (Krallinger

2 Named entity recognition systems and Hirschman, 2007). Its main components are the
Conditional Random Fields toolkit MALLET(Mc-

This section presents the two biomedical named e@allum, 2002) and the RASP syntactic parsing

tity recognition systems used in the experiments abolkit® (Briscoe et al., 2006), which are both pub-

Section 4. Both systems have been used succetisty available.

fully for this task and are domain-independent, i.e. Conditional Random Fields (CRFs) (Lafferty et

they don’t use features or resources that are tailoregd., 2001) are undirected graphical models trained to

to the biomedical domain. maximize the conditional probability of the output
sequence given the inputs, or, in the case of token-
21 Hidden Markov Modd based natural language processing tasks, the condi-

_ _ _ tional probability of the sequence of labeglgiven
The first system used in our experiments was thg sequence of tokens Like HMMs, the number of

HMM-based (Rabiner, 1990) named entity recogniprevious labels taken into account defines the order
tion module of the open-source NLP toolkit Ling-of the CRF model. More formally:

Pipe'. It is a hybrid first/second order HMM

model using Witten-Bell smoothing (Witten and

Bell, 1991). It estimates the following joint proba- 1 r K

bility of the current token:; and labely; conditioned Pylz) = %ew{Z D Mefulyz)} (@)
on the previous labe);, | and previous two tokens t=1k=1

Te—1 andz—: In the equation aboveZ(z) is a normalization

factor computed over all possible label sequences,
fx is a feature function andy, its respective weight.
y represents the labels taken into account as context

Tok in th ining d q and it is defined by the order of the CRF. Fat-dh
okens unseen in the training data are passed {0, modely becomesys, yr_1....ve_n. It is also

a morphologlcgl rule-based classnjer Wh'Ch_ assIINZortn noting thatz; is the feature representation of
them to predefined classes according to thelrcapltqhe token in positiort, which can include features

ization and whether they contain digits or punctuag, - taq by taking the whole input sequence into

tion. In order to use these classes along with the OLcount. not just the token in question. The main

diqary tokensj during trainiqg as?cond pass OVerthétedvantage is that as a conditionally-trained model
training data is performed in which tokens that aPEREs do not need to take into account dependen-

pear fewer times than a given threshold are replac%(iies in input, which as a consequence, allows the use

by their respective classes. In our experiments, thgf features dependent on each other. Compared to

threshold was set exp(_arimentally to 8. YIachos qIIMMs, their main disadvantage is that during train-
al. (2006) employed this system and achieved goqﬂg

: ) . : the computation time required is significantly
results on bootstrapping biomedical named entlt%nger. The interested reader is referred to the de-

recognition. They also note though that due to its r&3iled tutorial of Sutton & McCallum (2006).

liance on seen tokens and the restricted way in which Viachos (2007) used a second order CRE model

unseen tokens are handled its performance is not &mbined with a variety of features. These can
good on unseen data. '

be divided into simple orthographic features and in

P(xe, ye|ye—1, x1—1, x1—2) 1)

Yhttp://www.alias-i.com/lingpipe. The version used in the *http://mallet.cs.umass.edu/index.php/M&iage
experiments was 2.1. 200 Shttp://www.informatics.susx.ac.uk/research/nip/fasp



those extracted from the output of the syntactic parst has been developed using data from general En-
ing toolkit. The former are extracted for every tokerglish corpora mainly, so it is likely not to perform
and they are rather common in the NER literatureas well in the biomedical domain. Nevertheless,
They include the token itself, whether it containghe results of the system in the BioCreative2 Gene
digits, letters or punctuation, information about capMention task suggest that the use of syntactic pars-
italization, prefixes and suffixes. ing features improve performance. Also, despite the
The second type of features are extracted frofack of domain-specific features, the system is com-
the output of RASP for each sentence. The part-ofetitive with other systems, having performance in
speech (POS) tagger was parameterized to generttte second quatrtile of the task. Finally, the BIOEW
multiple POS tags for each token in order to amelioscheme (Siefkes, 2006) was used to tag the tok-
rate unseen token errors. The syntactic parser usesized corpora, under which the first token of a mul-
these sequences of POS tags to generate parsestitmken mention is tagged as B, the last token as E,
each sentence. The output is in the form of grammathe inner ones as |, single token mentions as W and
ical relations (GRs), which specify the links betweeriokens outside an entity as O.
the tokens in the sentence accoring to the syntactic
parser and they are encoded using the SciXML fod Corpora

mat (Copestake et al., 2006). From this output, fo

each token the following features are extracted (iIIn our experiments we usgd t Wo corpora consisting
possible): of abstracts and one consisting of full papers. One

of the abstracts corpora was automatically generated
e the lemma and the POS tag(s) associated withile the other two were manually annotated. All
the token three were created using resources from FlyBase
and they are publicly available
e the lemmas for the previous two and the fol- The automatically generated corpus was created
lowing two tokens in order to bootstrap a gene name recognizer in Vla-
e the lemmas of the verbs to which this token isChoS & Gasperin (2006). The approach used was
. introduced by Morgan et al (2004). In brief, the ab-
subject stracts of 16,609 articles curated by FlyBase were
e the lemmas of the verbs to which this token igetrieved and tokenized by RASP (Briscoe et al.,
object 2006). For each article, the gene names and their
synonyms that were recorded by the curators were
¢ the lemmas of the nouns to which this tokerannotated automatically in its abstract using longest-
acts as modifier extent pattern matching. The pattern matching is
flexible in order to accommodate capitalization and
punctuation variations. This process resulted in a

Adding the features from the output of the syntacl—arge bu(; noisy .dgtaset, consisting of 2,923,199 to- ¢
tic parser allows the incorporation of features fron%(er?shan con_talnlngrﬁ17,2_79 ger:je names, 16,944 o
a wider context than the two tokens before and aftd) "'C"! @€ unique. The noise is due to two reasons

captured by the lemmas, since GRs can link toker[Ea'nly' First, the lists constructed by the curators

within a sentence independently of their proximity.for each paper are incomplete in two ways. They

Also, they result in more specific features, since thgOnt necessarily contain all the genes mentioned in

relation between two tokens is determined. The CRE" abstract because not all genes are always curated
and also not all synonyms are recorded, thus result-

models in the experiments of Section 4 were trained el i The ofh i« th |
until convergence. ing in false negatives. The other cause is the overlap
O&etween gene names and common English words or

It must be mentioned that syntactic parsing is d. dical hich its in fal itives f
complicated task and therefore feature extraction omedical terms, which results in false positives for

its output is likely to introduce some noise. The  4htp:/mww flybase.net/
RASP syntactic parser is domain independentz(t;lft Shttp://www.cl.cam.ac.uk/ nk304/Projetridex/#resources

e the lemmas of the modifiers of this token



abstracts with such gene names. This evidence suggests that annotating abstracts is
The manually annotated corpus of abstracts wasore likely to provide us with a greater variety of

described in Vlachos & Gasperin (2006). It con-gene names. Interestingly, the automatically anno-
sists of 82 FlyBase abstracts that were annotatddted abstracts contain only 0.6 unique gene names
by a computational linguist and a FlyBase curatoevery 100 tokens which hints at inclusion of false
The full paper corpus was described in Gasperin éegatives during the annotation.

al. (2007). It consists of 5 publicly available full pa- Another observation is that, while the manually
pers which were annotated by a computational linannotated abstracts and full papers contain roughly
guist and a FlyBase curator with named entities athe same number of unique genes, the full papers
well as anaphoric relations in XML. To use it for contain 36% more unique tokens that are not part
the gene name recognition experiments presentedaf a gene name (“unique non-gene tokens” in Ta-
this paper, we converted it from XML to IOB format ble 1). This suggests that the full papers contain a

keeping only the annotated gene names. greater variety of contexts, as well as negative ex-
amples, therefore presenting greater difficulty to a
noisy golden | full gene name recognizer.
abstracts | abstracts| papers
abstracts /| 16,609 82 5 4 Experiments
papers

sentences | 111,820 600 1,220 We ran experiments using the two NER systems and
tokens | 2,923,199 15,703 | 34,383 the three datasets described in Sections 2 and 3.

gene names 117,279 629 2.057 In order to evaluate the performance of the sys-
unique 16,944 326 336 tems, apart from the standard recall, precision and

gene names F-score metrics, we measured the performance on

unique non-| 60,943 3.018 | 4113 seen and unseen gene names independently, as sug-

gested by Vlachos & Gasperin (2006). In brief, the
gene names that are in the test set and the output
Table 1: Statistics of the datasets generated by the system are separated according to
whether they have been encountered in the training
The gene names in both manually created coflata as gene names. Then, the standard recall, pre-
pora were annotated using the guidelines presentét$ion and F-score metrics are calculated for each of
in Vlachos & Gasperin (2006). The main idea ofthese lists independently.
these guidelines is that gene names are annotated

gene tokeng

anywhere they are encountered in the text, even HMM | CRF+RASP
when they are used to refer to biomedical entities Recall | 75.68 63.43
other than the gene itself. The distinction between | overall | Precision| 89.14 90.89
the possible types of entities the gene name can re- F-score | 81.86 74.72
fer to is performed at the level of the shortest noun Recall | 94.48 76.32
phrase surrounding the gene name. This resulted in| Seen | Precision| 93.62 95.4
improved inter-annotator agreement (Vlachos et al., | genes | F-score | 94.05 84.80
2006). Recall | 33.51 34.54
Statistics on all three corpora are presented in Ta- | unseen| Precision| 68.42 73.63
ble 1. From the comparisons in this table, an in- | 9enes | F-score | 44.93 47.02
teresting observation is that the gene names in full seen genes 435
papers tend to be repeated more frequently than the| __unseen genes 194

gene names in the manually annotated abstracts (GI‘%

: . : training on noisy abstracts and
compared to 1.9 times respectively). Also, the lat- b_Ie 2: Results on 9 y
. ) ) testing on manually annotated abstracts
ter contain approximately 2 unique gene names ev-

ery 100 tokens while the full papers contain jus%olz.



HMM | CRF+RASP it is expected that the former has superior perfor-
Recall | 58.63 61.40 mance on unseen genes. This difference between the
overall | Precision| 80.56 89.19 CRF+RASP and the HMM-based system is substan-
F-score | 67.87 72.73 tially larger when evaluating on full papers (65.03
Recall | 89.82 72.51 versus 46.66 respectively) than on abstracts (47.02
seen | Precision| 87.83 94.82 versus 44.98 respectively). This can be attributed
genes| F-score | 88.81 82.18 to the fact that the training data used is generated
Recall | 35.12 53.03 from abstracts and when evaluating on full papers
unseen| Precision| 69.48 84.05 the domain shift can be handled more efficiently by
genes | F-score | 46.66 65.03 the CRF+RASP system due to its more complex fea-
seen genes 884 ture set.
unseen genes 1173 However, the increased complexity of the

o _ CRF+RASP system renders it more vulnerable to
Table 3: Results on training on noisy abstracts anghise. This is particularly important in these experi-
testing on full papers ments because we are aware that our training dataset
contains noise since it was automatically generated.
This noise is in addition to that from inaccurate syn-
Tables 2 and 3 report in detail the performance Qfctic parsing employed, as explained in Section 2.2.
the two systems when trained on the noisy abstractsn the other hand, the simpler HMM-based sys-
and evaluated on the manually annotated abstragisy, is likely to perform better on seen genes, whose
and full papers respectively. As it can be seen, thecognition doesn’t require complex features.
performance of the HMM-based NER system is bet- \we also ran experiments using the manually an-
ter than that of CRF+RASP when evaluating on abhgtated corpus of abstracts as training data and eval-
stracts and worse when evaluating on full papergated on the full papers. The results in Table 4
(81.86 vs 74.72 and 67.87 vs 72.73 respectively). confirmed the previous assessment, that the perfor-
Further analysis of the performance of the twanance of the CRF+RASP system is better on the un-
systems on seen and unseen genes reveals that ##en genes and that the HMM-based one is better on
result is more likely to be due to the differences beseen genes. In this particular evaluation, the small
tween the two evaluation datasets and in particulajumber of unique genes in the manually annotated
the balance between seen and unseen genes with¢erpus of abstracts results in the majority of gene
spect to the training data used. In both evaluationgames being unseen in the training data, which fa-
the performance of the HMM-based NER system igors the CRF+RASP system.
superior on seen genes while the CRF+RASP sys- |t is important to note though that the perfor-
tem performs better on unseen genes. On the afrances for both systems were substantially lower
stracts corpus the performance on seen genes lgan the ones achieved using the large and noisy
comes more important since there are more seefitomatically generated corpus of abstracts. This
than unseen genes in the evaluation, while the opan be attributed to the fact that both systems have
posite is the case for the full paper corpus. better performance in recognizing seen gene names
The difference in the performance of the two sysrather than unseen ones. Given that the automati-
tems is justified. The CRF+RASP system uses eally generated corpus required no manual annota-
complex but more general representation of the cotion and very little effort compared to the manually
text based on the features extracted from the outpahnotated one, it is a strong argument for bootstrap-
of syntactic parser, namely the lemmas, the part-oping techniques.
speech tags and the grammatical relationships, while A known way of reducing the effect of noise in
the HMM-based system uses a simple morphologsequential models such as CRFs is to reduce their
cal rule-based classifier. Also, the CRF+RASP sywrder. However, this limits the context taken into ac-
tem takes the two previous labels into account, whileount, potentially harming the performance on un-
the HMM-based only the previous one. Theref%roegseen gene names. Keeping the same feature set, we



HMM | CRF+RASP names.
Recall | 52.65 49.88 Such a strategy is expected to trade some of the
overall | Precision| 46.56 72.77 performance of the seen gene names of the HMM-
F-score | 49.42 59.19 based system for improved performance on the un-
Recall | 96.49 47.37 seen gene names by using the predictions of the
seen | Precision| 58.51 55.1 CRF+RASP system. This occurs because in the
genes | F-score | 72.85 50.94 same sentence seen and unseen gene names may co-
Recall | 51.4 49.95 exist and choosing the predictions of the latter sys-
unseen| Precision| 46.04 73.4 tem could result in more errors on the seen gene
genes| F-score | 48.57 59.45 names. This strategy is likely to improve the per-
seen genes 57 formance on datasets where there are more unseen
unseen genes 2000 gene names and the difference in the performance

o of the CRF+RASP on them is substantially better

Table 4. Results on training on manually annotatefhan the HMM-based. Indeed, using this strategy we
abstracts and testing on full papers achieved 73.95 overall F-score on the full paper cor-
pus which contains slightly more unseen gene names

(57% of the total gene names). For the corpus of
trained a first order CRF model on the noisy abmanually annotated abstracts the performance was
stracts corpus and we evaluated on the manually apsduced to 80.21, which is expected since the major-
notated abstracts and full papers. As expected, thg of gene names (69%) are seen in the training data.
performance on the seen gene names improved Qifiq the performance of the CRF+RASP system on
deteriorated on the unseen ones. In particular, wh@Re unseen data is better only by a small margin than

evaluating on abstracts the F-scores achieved wefgs HMM-based one (47.02 vs 44.98 in F-score re-
93.22 and 38.1 respectively (compared to 84.8 anghectively).

47.02) and on full papers 86.64 and 59.86 (compared
to 82.18 and 65.03). The overall performance img piscussion - Related work
proved substantially for the abstract where the seen
genes are the majority (74.72 to 80.69), but onlyrhe experiments of the previous section are to our
marginally for the more balanced full papers (72.7%knowledge the first to evaluate biomedical named
to 72.89). entity recognition on full papers. Furthermore, we
Ideally, we wouldn’t want to sacrifice the perfor-consider that using abstracts as the training mate-
mance on unseen genes of the CRF+RASP systgial for such evaluation is a very realistic scenario,
in order to deal with noise. While the large noisysince abstracts are generally publicly available and
training dataset provides good coverage of the poherefore easy to share and distribute with a trainable
sible gene names, it is unlikely to contain every gengystem, while full papers on which they are usually
name we would encounter, as well as all the possibRpplied are not always available.
common English words which can become precision Differences between abstracts and full papers can
errors. Therefore we attempted to combine the twbe important when deciding what kind of material to
NER systems based on the evaluation presented eannotate for a certain purpose. For example, if the
lier. Since the HMM-based system is performingannotated material is going to be used as training
very well on seen gene names, for each sentence wata and given that higher coverage of gene names
check whether it has recognized any gene names un-the training data is beneficial, then it might be
seen in the training data (potential unseen precisiqreferable to annotate abstracts because they con-
errors) or if it considered as ordinary English worddain greater variety of gene names which would re-
any tokens not seen as such in the training data (psult in higher coverage in the dataset. On the other
tential unseen recall errors). If either of these is trudhand, full papers contain a greater variety of con-
then we pass the sentence to the CRF+RASP syexts which can be useful for training a system and
tem, which has better performance on unseen ggfe mentioned earlier, they can be more appropriate



for evaluation. 6 Conclusions- Future work

It would be of interest to train NER systems onin this paper we compared two different named en-
training material generated from full papers. Contity recognition systems on abstracts and full pa-
sidering the effort required in manual annotatiorper corpora using automatically generated training
though, it would be difficult to obtain quantities of data. We demonstrated how the datasets affect the
such material large enough that would provide adevaluation and how the two systems can be com-
quate coverage of a variety of gene names. An altefsined. Also, our experiments showed that bootstrap-
native would be to generate it automatically. Howping using automatically annotated abstracts can be
ever, the approach employed to generate the noigyficient even when evaluating on full papers.
abstracts corpus used in this paper is unlikely to pro- As future work, it would be of interest to de-
vide us with material of adequate quality to train a/elop an efficient way to generate data automati-
gene name recognizer. This is because more noigglly from full papers which could improve the re-
is going to be introduced, since full papers are likelgults further. An interesting approach would be to
to contain more gene names not recorded by the cdombine dictionary-based matching with an exist-
rators, as well as more common English words thahg NER system in order to reduce the noise. Also,
happen to overlap with the genes mentioned in thgifferent ways of combining the two systems could
paper. be explored. With constrained conditional random

The aim of this paper is not about deciding Or{ields (Kristjansson et al., 2004) the predictions of
which of the two models is better but about how'® HMM on seen gene names could be added as

the datasets used affect the evaluation and how FgnStraints to the inference performed by the CRF.

combine the strengths of the models based on the The good performance of bootstrapping gene
analysis performed. In this spirit, we didn’t attemp{@Me recognizers using automatically created train-
any of the improvements discussed by Vlachos g data suggests that it is a realistic alternative to

Gasperin (2006) because they were based on obstylly supervised systems. The latter have benefited

vations on the behavior of the HMM-based syster{/™M @ series of shared tasks that, by providing a

From the analysis presented earlier, the CRF+RAGBStbed for evaluation, helped assessing and improv-
system behaves differently and therefore it's not cef?9 their performance.  Given the variety of meth-

tain that those strategies would be equally benefici@dS that are available for generating training data
toit. efficiently automatically using extant domain re-

sources (Morgan et al., 2004) or semi-automatically

As mentioned in the introduction, there has beeyctive learning approaches like Shen et al. (2004)
a lot of work on biomedical NER, either throughor systems using seed rules such as Mikheev et
shared tasks or independent efforts. Of particulag], (1999)), it would be of interest to have a shared
interest is the work of Morgan et al (2004) whotask in which the participants would have access to
bootstrapped an HMM-based gene name recognizgyaluation data only and they would be invited to use
using FlyBase resources and evaluate on abstracigich methods to develop their systems.
Also of interest is the system presented by Set-
tles (2004) which used CRFs with rich feature sets
and suggested that one could use features from syiReferences
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Abstract

Morphological analysis as applied to Eng-
lish has generally involved the study of
rules for inflections and derivations. Recent
work has attempted to derive such rules
from automatic analysis of corpora. Here
we study similar issues, but in the context
of the biological literature. We introduce a
new approach which allows us to assign
probabilities of the semantic relatedness of
pairs of tokens that occur in text in conse-
guence of their relatedness as character
strings. Our analysis is based on over 84
million sentences that compose the MED-
LINE database and over 2.3 million token
types that occur in MEDLINE and enables
us to identify over 36 million token type
pairs which have assigned probabilities of
semantic relatedness of at least 0.7 based
on their similarity as strings.

1 Introduction

Morphological analysis is an important element
in natural language processing. Jurafsky and
Martin (2000) define morphology as the study of
the way words are built up from smaller meaning
bearing units, called morphemes. Robust tools
for morphological analysis enable one to predict
the root of a word and its syntactic class or part
of speech in a sentence. A good deal of work has
been done toward the automatic acquisition of
rules, morphemes, and analyses of words from
large corpora (Freitag, 2005; Jacquemin, 1997;
Monson, 2004; Schone and Jurafsky, 2000;
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Wicentowski, 2004; Xu and Croft, 1998;
Yarowsky and Wicentowski, 2000). While this
work is important it is mostly concerned with
inflectional and derivational rules that can be
derived from the study of texts in a language.
While our interest is related to this work, we are
concerned with the multitude of tokens that ap-
pear in English texts on the subject of biology.
We believe it is clear to anyone who has exam-
ined the literature on biology that there are many
tokens that appear in textual material that are
related to each other, but not in any standard way
or by any simple rules that have general applica-
bility even in biology. It is our goal here to
achieve some understanding of when two tokens
can be said to be semantically related based on
their similarity as strings of characters.

Thus for us morphological relationship will be a
bit more general in that we wish to infer the re-
latedness of two strings based on the fact that
they have a certain substring of characters on
which they match. But we do not require to say
exactly on what part of the matching substring
their semantic relationship depends. In other
words we do not insist on the identification of
the smaller meaning bearing units or mor-
phemes. Key to our approach is the ability to
measure the contextual similarity between two
token types as well as their similarity as strings.
Neither kind of measurement is unique to our
application. Contextual similarity has been stud-
ied and applied in morphology (Jacquemin,
1997; Schone and Jurafsky, 2000; Xu and Croft,
1998; Yarowsky and Wicentowski, 2000) and
more generally (Means and others, 2004). String
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similarity has also received much attention
(Adamson and Boreham, 1974; Alberga, 1967,
Damashek, 1995; Findler and Leeuwen, 1979;
Hall and Dowling, 1980; Wilbur and Kim, 2001;
Willett, 1979; Zobel and Dart, 1995). However,
the way we use these two measurements is, to
our knowledge, new. Our approach is based on a
simple postulate: If two token types are similar
as strings, but they are not semantically related
because of their similarity, then their contextual
similarity is no greater than would be expected
for two randomly chosen token types. Based on
this observation we carry out an analysis which
allows us to assign a probability of relatedness to
pairs of token types. This proves sufficient to
generate a large repository of related token type
pairs among which are the expected inflectional
and derivationally related pairs and much more
besides.

2 Methodology

We work with a set of 2,341,917 token types
which are the unique token types that occurred
throughout MEDLINE in the title and abstract re-
cord fields in November of 2006. These token
types do not include a set of 313 token types that
represent stop words and are removed from con-
sideration. Our analysis consists of several steps.

2.1  Measuring Contextual Similarity

In considering the context of a token in a MED-
LINE record we do not consider all the text of
the record. In those cases when there are multi-
ple sentences in the record the text that does not
occur in the same sentence as the token may be
too distant to have any direct bearing on the in-
terpretation of the token and will in such cases
add noise to our considerations. Thus we break
the whole of MEDLINE into sentences and con-
sider the context of a token to be the additional
tokens of the sentence in which it occurs. Like-
wise the context of a token type consists of all
the additional token types that occur in all the
sentences in which it occurs. We used our own
software to identify sentence boundaries (unpub-
lished), but suspect that published and freely
available methods could equally be used for this
purpose. This produced 84,475,092 sentences
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over all of MEDLINE. While there is an advan-
tage in the specificity that comes from consider-
ing context at the sentence level, this approach
also gives rise to a problem. It is not uncommon
for two terms to be related semantically, but to
never occur in the same sentence. This will hap-
pen, for example, if one term is a misspelling of
the other or if the two terms are alternate names
for the same object. Because of this we must es-
timate the context of each term without regard to
the occurrence of the other term. Then the two
estimates can be compared to compute a similar-
ity of context. This we accomplish using formu-
las of probability theory applied to our setting.

Let T denote the set of 2,341,917 token types
we consider and let t, and t, be two token types

we wish to compare. Then we define
P.(t) =2, Pt |i)p(i) and
p(t:) =2, P 1DPE)

Here we refer to p,(t) and p,(t,) as contextual

@)

probabilities for t, and t,, respectively. The ex-
pressions on the right sides in (1) are given the
standard interpretations. Thus p(i) is the frac-
tion of tokens in MEDLINE that are equal to i
and p(t |i) is the fraction of sentences in
MEDLINE that contain i that also contain t .

We make a similar computation for the pair of
token types

P (t ALy) = ZieT Pt At, |1)p(i)
= p(ti)pt, i) p(i)

Here we have made use of an additional assump-
tion, that given i, t, and t, are independent in
their probability of occurrence. While inde-
pendence is not true, this seems to be just the
right assumption for our purposes. It allows our
estimate of p.(t, At,) to be nonzero even

)

though t, and t, may never occur together in a

sentence. In other words it allows our estimate to
reflect what context would imply if there were
no rule that says the same intended word will
almost never occur twice in a single sentence,



etc. Our contextual similarity is then the mutual
information based on contextual probabilities

H pc(ti/\tz)
Sim(t,,t,) = log| 122 3
-l )@

There is one minor practical difficulty with this
definition. There are many cases where p,(t, At,)

is zero. In any such case we define conSim(t;, t,)
to be -1000.

2.2 Measuring Lexical Similarity

Here we treat the two token types, t, and t, of

the previous section, as two ASCII strings and
ask how similar they are as strings. String simi-
larity has been studied from a number of view-
points (Adamson and Boreham, 1974; Alberga,
1967; Damashek, 1995; Findler and Leeuwen,
1979; Hall and Dowling, 1980; Wilbur and Kim,
2001; Willett, 1979; Zobel and Dart, 1995). We
avoided approaches based on edit distance or
other measures designed for spell checking be-
cause our problem requires the recognition of
relationships more distant than simple misspell-
ings. Our method is based on letter ngrams as
features to represent any string (Adamson and
Boreham, 1974; Damashek, 1995; Wilbur and
Kim, 2001; Willett, 1979). If t="abcdefgh"

represents a token type, then we define F(t) to

be the feature set associated with t and we take
F(t) to be composed of i) all the contiguous

three character substrings “abc”, “bcd”, “cde”,
“def”, “efg”, “fgh”; ii) the specially marked first
trigram "abc!"; and iii) the specially marked
first letter "a#". This is the form of F(t) for

any t at least three characters long. If t consists
of only two characters, say "ab", we take i)
"ab™; ii) "ab!"; and iii) is unchanged. If t con-
sists of only a single character "a", we likewise
take i) “a”; ii) “a!”; and iii) is again unchanged.
Here ii) and iii) are included to allow the empha-
sis of the beginning of strings as more important
for their recognition than the remainder. We em-

phasize that F(t) is a set of features, not a “bag-
of-words”, and any duplication of features is ig-
nored. While this is a simplification, it does have
the minor drawback that different strings, e.g.,
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"aaab" and "aaaaab", can be represented by
the same set of features.

Given that each string is represented by a set of
features, it remains to define how we compute
the similarity between two such representations.
Our basic assumption here is that the probability
p(t, |t,), that the semantic implications of t, are
also represented at some level in t,, should be
represented by the fraction of the features repre-
senting t, that also appear in t,. Of course there

is no reason that all features should be consid-
ered of equal value. Let F denote the set of all
features coming from all 2.34 million strings we
are considering. We will make the assumption
that there exists a set of weights w(f) defined

over all of f e F and representing their seman-
tic importance. Then we have

p(tZ |t1) - ZfeF(tl)mF(tz)W(f)/ZfeF(tl)W(f)' (4)

Based on (4) we define the lexical similarity of
two token types as

|eXSim(t1,t2)=(p(t2 |t1)+ p(t1|t2))/2 (5)

In our initial application of lexSim we take as
weights the so-called inverse document fre-
guency weights that are commonly used in in-
formation retrieval (Sparck Jones, 1972). If
N =2,341,917, the number of token types, and

for any feature f, n, represents the number of

token types with the feature f , the inverse
document frequency weight is

w(f)=log [nﬁ} . (6)

f

This weight is based on the observation that very
frequent features tend not to be very important, but
importance increases on the average as frequency
decreases.

2.3  Estimating Semantic Relatedness

The first step is to compute the distribution of
conSim(t,,t,) over a large random sample of

pairs of token types t, and t,. For this purpose
we computed conSim(t,t,) over a random



sample of 302,515 pairs. This resulted in the
value -1000, 180,845 times (60% of values).
The remainder of the values, based on nonzero
p.(t, At,) are distributed as shown in Figure 1.

Let 7 denote the probability density for
conSim(t;,t,) over random pairs t and t, . Let
Sem(t,,t,) denote the predicate that asserts that t;

and t, are semantically related. Then our main

assumption which underlies the method is
Postulate. For any nonnegative real number r
Q = {conSim(t,,t,) | lexSim(t,,t,) > r A =Sem(t,,t,)} (7)

Distribution of conSim Values

Frequency

Figure 1. Distribution of conSim values for the
40% of randomly selected token type pairs
which gave values above -1000, i.e., for which

P.(t AL)>0.
has probability density function equal to 7 .

This postulate says that if you have two token
types that have some level of similarity as strings
(lexSim(t,,t,) > r) but which are not semantically
related, then lexSim(t,,t,) >r is just an accident

and it provides no information about
conSim(t,,t,) .

The next step is to consider a pair of real numbers
0<r, <r, and the set

S(r,r,) ={(t,.t,) | r, <lexSim(t,,t,) <r,} (8)
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they define. We will refer to such a set as a lexSim
slice. According to our postulate the subset of
S(r,,r,) which are pairs of tokens without a se-

mantic relationship will produce conSim values
obeying the 7 density. We compute the conSim
values and assume that all of those pairs that pro-
duce a conSim value of -1000 represent pairs that
are unrelated semantically. As an example, in one
of our computations we computed a slice
S$(0.7,0.725) and found the lexSim value -1000

produced 931,042 times. In comparing this with
the random sample which produced 180,845 values
of -1000, we see that

931,042/180,845=5.148 9)

So we need to multiply the frequency distribution
for the random sample (shown in Figure 1) by
5.148 to represent the part of the slice
S(0.7,0.725) that represents pairs not semantically

related. This situation is illustrated in Figure 2.
Two observations are important here. First, the two
curves match almost perfectly along their left
edges for conSim values below zero. This suggests
that sematically related pairs do not produce con-
Sim scores below about -1 and adds some credibil-
ity to our assumption that semantically related
pairs do not produce conSim values of -1000. The
second observation is that while the higher graph
in Figure 2 represents all pairs in the lexSim slice
and the lower graph all pairs that are not semanti-
cally related, we do not know which pairs are not
semantically related. We can only estimate the
probability of any pair at a particular conSim score
level being semantically related. If we let ¥ rep-
resent the upper curve coming from the lexSim
slice and @ the lower curve coming from the ran-
dom sample, then (10) represents the probability

‘P(X) _(D(X) (10)

p(X) = ()

that a token type pair with a conSim score of X isa
semantically related pair. Curve fitting or regres-
sion methods can be used to estimate p . Since it is
reasonable to expect p to be a nondecreasing
function of its argument, we use isotonic regres-
sion to make our estimates. For a full analysis we
set

r=0.5+ix0.025 (11)



and consider the set of lexSim slices {S(r;, rm)}izf0

and determine the corresponding set of probability
functions {p, "

i=0"
2.4  Learned Weights

Our initial step was to use the IDF weights defined
in equation (6) and compute a database of all non-
identical token type pairs among the 2,341,917
token types occurring in MEDLINE for which
lexSim(t,,t,) >0.5. We focus on the value 0.5 be-

cause the similarity measure lexSim has the

Comparison of Histograms

80000

Random Sample x 5.148
—— lexSim Slice S(0.7,0.725)

60000

Frequency

40000

20000

T T T T T T
-4 -2 0 2 4 6 8 10
conSim

Figure 2. The distribution based on the random sample
of pairs represents those pairs in the slice that are not
semantically related, while the portion between the two
curves represents the number of semantically related
pairs.

property that if one of t, or t, is an initial seg-

ment of the other (e.g., ‘glucuron’ is an initial
segment of ‘glucuronidase’) then
lexSim(t,,t,) > 0.5 will be satisfied regardless of

the set of weights used. The resulting data in-
cluded the lexSim and the conSim scores and
consisted of 141,164,755 pairs. We performed a
complete slice analysis of this data and based on
the resulting probability estimates 20,681,478
pairs among the 141,164,755 total had a prob-
ability of being semantically related which was
greater than or equal to 0.7. While this seems
like a very useful result, there is reason to be-
lieve the IDF weights used to compute lexSim
are far from optimal. In an attempt to improve
the weighting we divided the 141,164,755 pairs
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into C, consisting of 68,912,915 pairs with a
conSim score of -1000 and C, consisting of the

remaining 72,251,839 pairs. Letting w denote
the vector of weights we defined a cost function

A(W) =" M)Ecl—|og(|ex5im(t1,t2))
+Z(t1,tz)ec —log (1 lexSim(t,,t,))

-1

and carried out a minimization of A to obtain a
set of learned weights which we will denote by
W, . The minimization was done using the L-
BFGS algorithm (Nash and Nocedal, 1991).
Since it is important to avoid negative weights
we associate a potential v(f) with each ngram

feature f and set

w( f)=exp(v(f)).

The optimization is carried out using the poten-
tials.

(13)

The optimization can be understood as an at-
tempt to make lexSim as close to zero as possible
on the large set C_, where conSim =-1000 and

we have assumed there are no semantically re-
lated pairs, while at the same time making lex-
Sim large on the remainder. While this seems
reasonable as a first step it is not conservative as

many pairs in C, will not be semantically re-

lated. Because of this we would expect that
there are ngrams for which we have learned
weights that are not really appropriate outside of
the set of 141,164,755 pairs on which we
trained. If there are such, presumably the most
important cases would be those where we would
score pairs with inappropriately high lexSim
scores. Our approach to correct for this possibil-
ity is to add to the initial database of
141,164,755 pairs all additional pairs which pro-
duced a lexSim(t,t,)>0.5 based on the new
weight set w,. This augmented the data to a new
set of 223,051,360 pairs with conSim scores. We
then applied our learning scheme based on
minimization of the function A to learn a new

set of weights W, . There was one difference.

Here and in all subsequent rounds we chose to
define C, as all those pairs with



conSim(t,,t,)<0 and C, those pairs with
conSim(t;,t,) >0. We take this to be a conserva-

tive approach as one would expect semantically
related pairs to have a similar context and satisfy
conSim(t;,t,) >0and graphs such as Figure 2

support this. In any case we view this as a con-
servative move and calculated to produce fewer
false positives based on lexSim score recommen-
dations of semantic relatedness. We actually go
through repeated rounds of training and adding
new pairs to the set of pairs. This process is con-
vergent as we reach a point where the weights
learned on the set of pairs does not result in the
addition of a significant amount of new material.
This happened with weight set w, and a total

accumulation of 440.4 million token type pairs.

Table 1. Number of token pairs and the level of
their predicted probability of semantic related-
ness found with three different weight sets.

Weight | Prob.  Se- | Prob.  Se- | Prob.  Se-

Set mantically mantically mantically
Related Related Related
>0.7 >0.8 >0.9

W, 36,173,520 | 22,381,318 | 10,805,085

Constant | 34,667,988 | 20,282,976 | 8,607,863

IDF 31,617,441 | 18,769,424 | 8,516,329

3 Probability Predictions

Based on the learned weight set w, we per-

formed a slice analysis of the 440 million token
pairs on which the weights were learned and ob-
tained a set of 36,173,520 token pairs with pre-
dicted probabilities of being semantically related
of 0.7 or greater. We performed the same slice
analysis on this 440 million token pair set with
the IDF weights and the set of constant weights
all equal to 1. The results are given in Table 1.
Here it is interesting to note that the constant
weights perform substantially better than the IDF
weights and come close to the performance of
the W, weights. While the w, predicted about

1.5 million more relationships at the 0.7 prob-
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ability level, it is also interesting to note that the
difference between the w, and constant weights

actually increases as one goes to higher probabil-
ity levels so that the learned weights allow us to

Table 2. A table showing 30 out of a total of 379
tokens predicted to be semantically related to
‘lacz’ and the estimated probabilities. Ten en-
tries are from the beginning of the list, ten from
the middle, and ten from the end. Breaks where
data was omitted are marked with asterisks.

Probability

Semantic

Relation Token 1 Token 2
0.973028 lacz 'lacz
0.975617 lacz 010cblacz
0.963364 lacz 010cmvlacz
0.935771 lacz 07lacz
0.847727 lacz 110cmvlacz
0.851617 lacz 1716lacz
0.90737 lacz lacz
0.9774 lacz lhsplacz
0.762373 lacz 27lacz
0.974001 lacz 2hsplacz
0.95951 lacz laczalone
0.95951 lacz laczalpha
0.989079 lacz laczam
0.920344 lacz laczam15
0.903068 lacz laczamber
0.911691 lacz laczatttn7
0.975162 lacz laczbg
0.953791 lacz laczbgi
0.995333 lacz laczbla
0.991714 lacz laczc141
0.979416 lacz ul42lacz
0.846753 lacz veroicpblacz
0.985656 lacz vglaczl
0.987626 lacz vmblacz
0.856636 lacz vmbneolacz
0.985475 lacz vtkgpedeltab8rlacz
0.963028 lacz vttdeltab8rlacz
0.993296 lacz wlacz
0.990673 lacz xlacz
0.946067 lacz zflacz

predict over 2 million more relationships at the
0.9 level of reliability. This is more than a 25%
increase at this high reliability level and justifies
the extra effort in learning the weights.



Table 3. A table showing 30 out of a total of 96
tokens predicted to be semantically related to
‘nociception’ and the estimated probabilities.
Ten entries are from the beginning of the list,
ten from the middle, and ten from the end.
Breaks where data was omitted are marked

with asterisks.

Probability

Semantic

Relation Token 1 Token 2

0.727885 nociception | actinociception
0.90132 nociception | actinociceptive
0.848615 nociception | anticociception
0.89437 nociception | anticociceptive
0.880249 nociception | antincociceptive
0.82569 nociception | antinoceiception
0.923254 nociception | antinociceptic
0.953812 nociception | antinociceptin
0.920291 nociception | antinociceptio
0.824706 nociception | antinociceptions
*k*k *k*k *k%k

0.802133 nociception | nociceptice
0.985352 nociception | nociceptin
0.940022 nociception | nociceptin's
0.930218 nociception | nociceptine
0.944004 nociception | nociceptinerg
0.882768 nociception | nociceptinergic
0.975783 nociception | nociceptinnh2
0.921745 nociception | nociceptins
0.927747 nociception | nociceptiometric
0.976135 nociception | nociceptions

*k*k *k*k *k%k

0.88983 nociception | subnociceptive
0.814733 nociception | thermoantinociception
0.939505 nociception | thermonociception
0.862587 nociception | thermonociceptive
0.810878 nociception | thermonociceptor
0.947374 nociception | thermonociceptors
0.81756 nociception | tyrl4nociceptin
0.981115 nociception | visceronociception
0.957359 nociception | visceronociceptive
0.862587 nociception | withnociceptin

A sample of the learned relationships based on
the W, weights is contained in

Table 2 and Table 3. The symbol ‘lacz’ stands
for a well known and much studied gene in the
E. coli bacterium. Due to its many uses it has
given rise to myriad strings representing differ-
ent aspects of molecules, systems, or method-
ologies derived from or related to it. The results
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are not typical of the inflectional or derivational
methods generally found useful in studying the
morphology of English. Some might represent
misspellings, but this is not readily apparent by
examining them. On the other hand ‘nocicep-
tion’ is an English word found in a dictionary
and meaning “a measurable physiological event
of a type usually associated with pain and agony
and suffering” (Wikepedia). The data in Table 3
shows that ‘nociception’ is related to the
expected inflectional and derivational forms,
forms with affixes unique to biology, readily
apparent misspellings, and foreign analogs.

4  Discussion & Conclusions

There are several possible uses for the type of
data produced by our analysis. Words semanti-
cally related to a query term or terms typed by a
search engine user can provide a useful query
expansion in either an automatic mode or with
the user selecting from a displayed list of options
for query expansion. Many misspellings occur in
the literature and are disambiguated in the token
pairs produced by the analysis. They can be rec-
ognized as closely related low frequency-high
frequency pairs. They may allow better curation
of the literature on the one hand or improved
spelling correction of user queries on the other.
In the area of more typical language analysis, a
large repository of semantically related pairs can
contribute to semantic tagging of text and ulti-
mately to better performance on the semantic
aspects of parsing. Also the material we have
produced can serve as a rich source of morpho-
logical information. For example, inflectional
and derivational transformations applicable to
the technical language of biology are well repre-
sented in the data.

There is the possibility of improving on the
methods we have used, while still applying the
general approach. Either a more sensitive con-
Sim or lexSim measure or both could lead to su-
perior results. While it is unclear to us how con-
Sim might be improved, it seems there is more
potential with lexSim. lexSim treats features as
basically independent contributors to the similar-
ity of token types and this is not ideal. For ex-
ample the feature ‘hiv’ usually refers to the hu-



man immunodeficiency virus. However, if ‘ive’
is also a feature of the token we may well be
dealing with the word ‘hive’ which has no rela-
tion to a human immunodeficiency virus. Thus a
more complicated model of the lexical similarity
of strings could result in improved recognition of
semantically related strings.

In future work we hope to investigate the applica-
tion of the approach we have developed to multi-
token terms. We also hope to investigate the possi-
bility of more sensitive lexSim measures for im-
proved performance.
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their prediction without seeing the entire string of
the entities.

Importance of the treatment of long names might
be implicitly indicated in the performance com-

Abstract

This paper investigates improvement of au-
tomatic biomedical named-entity recogni-

1

tion by applying a reranking method to the
COLING 2004 JNLPBA shared task of bio-
entity recognition. Our system has a com-
mon reranking architecture that consists of a
pipeline of two statistical classifiers which
are based on log-linear models. The ar-
chitecture enables the reranker to take ad-
vantage of features which are globally de-
pendent on the label sequences, and fea-
tures from the labels of other sentences than
the target sentence. The experimental re-
sults show that our system achieves the la-
beling accuracies that are comparable to the
best performance reported for the same task,
thanks to the 1.55 points of F-score improve-
ment by the reranker.

I ntroduction

parison of the participants of JNLPBA shared
task (Kim et al., 2004), where the best perform-
ing system (Zhou and Su, 2004) attains their scores
by extensive post-processing, which enabled the
system to make use of global information of the
entity labels. After the shared task, many re-
searchers tackled the task by using conditional ran-
dom fields (CRFs) (Lafferty et al., 2001), which
seemed to promise improvement over locally opti-
mized models like maximum entropy Markov mod-
els (MEMMSs) (McCallum et al., 2000). However,
many of the CRF systems developed after the shared
task failed to reach the best performance achieved
by Zhou et al. One of the reasons may be the defi-
ciency of the dynamic programming-based systems,
that the global information of sequences cannot be
incorporated as features of the models. Another rea-
son may be that the computational complexity of

Difficulty and potential application of biomedical the models prevented the developers to invent ef-
named_entity recognition has attracted many réective features for the task. We had to wait until
searchers of both natural language processing angai €t al. (2006), who combine pattern-based post-
bioinformatics. The difficulty of the task largely Processing with CRFs, for CRF-based systems to
stems from a wide variety of named entity expres@chieve the same level of performance as Zhou et al.
sions used in the domain. It is common for practiAS such, a key to further improvement of the perfor-

cal protein or gene databases to contain hundreds'®gnce of bio-entity recognition has been to employ
thousands of items. Such a large variety of vocaiglobal features, which are effective to capture the
ulary naturally leads to long names with productivéeatures of long names appearing in the bio domain.
use of general words, making the task difficult to be In this paper, we use reranking architecture,
solved by systems with naive Markov assumption ofvhich was successfully applied to the task of nat-
label sequences, because such systems must perfamal language parsing (Collins, 2000; Charniak and
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Johnson, 2005), to address the problem. Rerankingere successfully applied to the task. The train-
enables us to incorporate truly global features to thieg data provided by the shared task consisted of
model of named entity tagging, and we aim to real2000 abstracts of biomedical articles taken from the
ize the state-of-the-art performance without dependsENIA corpus version 3 (Ohta et al., 2002), which
ing on rule-based post-processes. consists of the MEDLINE abstracts with publication
Use of global features in named-entity recogniyears from 1990 to 1999. The articles are annotated
tion systems is widely studied for sequence labelingith named-entity BIO tags as an example shown in
including general named-entity tasks like CoNLLTable 1. As usual, ‘B’ and ‘I’ tags are for beginning
2003 shared task. Such systems may be classifigtdd internal words of named entities, and ‘O’ tags
into two kinds, one of them uses a single classifieare for general English words that are not named en-
which is optimized incorporating non-local featuresfities. ‘B’ and ‘I' tags are split into 5 sub-labels,
and the other consists of pipeline of more than oneach of which are used to represent proteins, genes,
classifiers. The former includes Relational Markowell lines, DNAs, cell types, and RNAs. The test
Networks by Bunescu et al. (2004) and skip-edgget of the shared task consists of 404 MEDLINE ab-
CRFs by Sutton et al. (2004). A major drawbackstracts whose publication years range from 1978 to
of this kind of systems may be heavy computationa®001. The difference of publication years between
cost of inference both for training and running théhe training and test sets reflects the organizer’s in-
systems, because non-local dependency forces suehtion to see the entity recognizers’ portability with
models to use expensive approximate inference ifiegard to the differences of the articles’ publication
stead of dynamic-programming-based exact infel/ears.
ence. The latter, pipelined systems include a re-
cent study by Krishnan et al. (2006), as well as
our reranking system. Their method is a two stage Kim et al. (Kim et al., 2004) compare the 8 sys-
model of CRFs, where the second CRF uses ttiems participated in the shared task. The systems
global information of the output of the first CRF.use various classification models including CRFs,
Though their method is effective in capturing varhidden Markov models (HMMs), support vector ma-
ious non-local dependencies of named entities likehines (SVMs), and MEMMSs, with various features
consistency of labels, we may be allowed to clainand external resources. Though it is impossible to
that reranking is likely to be more effective in bio-observe clear correlation between the performance
entity tagging, where the treatment of long entityand classification models or resources used, an im-
names is also a problem. portant characteristic of the best system by Zhou et
This paper is organized as follows. First, weal. (2004) seems to be extensive use of rule-based
briefly overview the JNLPBA shared task of bio-Post processing they apply to the output of their clas-
entity recognition and its related work. Then we exsifier.
plain the components of our system, one of which is
an MEMM n-best tagger, and the other is a reranker
based on log-linear models. Then we show the ex- After the shared task, several researchers tack-
periments to tune the performance of the system ul¢d the problem using the CRFs and their ex-
ing the development set. Finally, we compare ouensions. Okanohara et al. (2006) applied semi-
results with the existing systems, and conclude tHeRFs (Sarawagi and Cohen, 2004), which can treat

paper with the discussion for further improvementnultiple words as corresponding to a single state.
of the system. Friedrich et al. (2006) used CRFs with features from

the external gazetteer. Current state-of-the-art for
2 JINLPBA shared task and related work the shared-task is achieved by Tsai et al. (2006),

whose improvement depends on careful design of
This section overviews the task of biomedical namefkatures including the normalization of numeric ex-
entity recognition as presented in JNLPBA sharegressions, and use of post-processing by automati-
task held at COLING 2004, and the systems thatally extracted patterns.
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IL-2 gene  expression requires reactive oxygen productiory B-lipoxygenase
B-DNA |-DNA 0] O (0] (0] (0] o B-protein o

Figure 1: Example sentence from the training data.

Features used
unigrams, Dbi-

Forward tagging

| State name] Possible next state] Backward tagging

BOS B-*orO grams and pre{ (62.43/71.77/66.78) (66.02/74.73/70.10
B-protein I-protein, B-* or O \ljinOIUS labels
grams and

B-cell.type | I-cell_type, B-* or O bigrams (61.64/71.73/66.30) (65.38/74.87/69.80

- - R unigrams and
B DNA. I DNA, B-*or O previous labels (62-17/71.67/66.58) (65.59/74.77/69.88
B-cell_Lline | I-cell_line, B-* or O unigrams (61.31/71.81/66.15) (65.61/75.25/70.10
B-RNA I-RNA, B-* or O
I-protein I-protein, B-* or O Table 2: (Recall/Precision/F-score) of forward and
I-cell_type | I-cell_type, B-*or O backward tagging.
I-DNA I-DNA, B-* or O
I-cell-line | I-cell line, B*'* or O wherel; is the next BIO tag/;_; is the previous
I-RNA I'RNA; B-*or O BIO tag, S is the target sentence, anfj and
O B-*orO are feature functions and parameters of a log-linear

model (Berger et al., 1996). As a first order MEMM,
the probability of a label; is dependent on the pre-
vious labell;_1, and when we calculate the normal-
ization constant in the right hand side (i.e. the de-
nominator of the fraction), we limit the range bfo

As our n-best tagger, we use a first order MEMMy, ossible successors of the previous label. This
model (McCallum etal., 2000). Though CRFs (Laf, opapility is multiplied to obtain the probability of
ferty et al., 2001) can be regarded as improved Ve |abel sequence for a sentence:

sion of MEMMs, we have chosen MEMMs because
MEMMs are usually much faster to train compared
to CRFs, which enables extensive feature selection.
Training a CRF tagger with features selected us- o _ _ _
ing an MEMM may result in yet another perfor- The.probablllty in Eq. 1. is estimated as a single
mance boost, but in this paper we concentrate on tffeg-linear model, regardless to the types of the target
MEMM as our n-best tagger, and consider CRFs d&Pels. _
one of our future extensions. N-best tag sequences of input sentences are ob-
Table 1 shows the state transition table of oufdineéd by well-known combination of the Viterbi al-
MEMM model. Though existing studies sugges@°rithm and A* algorithm. We implemented two
that changing the tag set of the original corpus, sudR€thods for thresholding the best sequencas:
as splitting of O tags, can contribute to the perfor_besttakes the sequences whose ranks are higher than
mances of named entity recognizers (Peshkin arftf: andd-besttakes the sequences that have proba-
Pfefer, 2003), our system uses the original tagsgﬂhty higher tha_n that of the best sequences with a
of the training data, except that the ‘BOS’ label idactorf, whered is a real value between O and 1. The

added to represent the state before the beginning &Pest method is used in combination wiiibest to
sentences. limit the maximum number of selected sequences.

Probability of state transition to theth label of a
sentence is calculated by the following formula:

_exp(; A filli L1, 5)
Zl exp(Zj )‘ij(lv li—1> S)) .

Table 1: State transition of MEMM.

3 N-best MEMM tagger

P(l..x]S) = [T Plli-)- 2

3.1 Backward tagging

There remains one significant choice when we de-
velop an MEMM tagger, that is, the direction of tag-

Plifli-1, 5) ging. The results of the preliminary experiment with

(1)
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forward and backward MEMMSs with word unigram Wor d-based features Surface strings, base forms,
and bigram features are shown in Table 2. (The evagparts-of-speech (POSs), word shdpesiffixes and
uation is done using the same training and developrefixes of words in input sentence. These features
ment set as used in Section 5.) As can be seen, thee extracted from five words around the word to be
backward tagging outperformed forward tagging byagged, and also from the words around NP-chunk
a margin larger than 3 points, in all the cases. boundaries as explained bellow.

One of the reasons of these striking difference
may be long names which appear in biomedica hunk-based features Features dependent on the

output of shallow parser. Word-based features of

texts. In order to recognize long entity names, for-

ward tagging is preferable if we have strong clues Otpe beginning and end of noun phrases, and the dis-

entities which appear around their left boundariesF,ances of the target word from the beginning and end

and backward tagging is preferable if clues appeé?rI houn phrases are used.
at right boundaries. A common example of this ef-4
fectis a gene expression like ‘XXX YYY gene. The
right boundary of this expression is easy to dete@ur reranker is based on a log-linear classifier.
because of the word ‘gene.” For a backward taggeGiven n-best tag sequencésg(l < i < n), a log-
the remaining decision is only ‘where to stop’ thelinear model is used to estimate the probability
entity. But a forward tagger must decide not only

‘where to start, but also ‘whether to start’ the en- exp(>-; A fi(Li, S))

tity, before the tagger encounter the word ‘gene.’ In S exp(3; Ajfi (L, S))’
biomedical named-entity tagging, right boundaries

are usually easier to detect, and it may be the reaséinom the n-best sequences, reranker selects a se-
of the superiority of the backward tagging. guence which maximize this probability.

We could have partially alleviated this effect by The features used by the reranker are explained in
employing head-word triggers as done in Zhou ehe following sections. Though most of the features
al. (2004), but we decided to use backward tagare binary-valued (i.e. the value ¢f in Eq. 3. is
ging because the results of a number of preliminargxclusively 1 or 0), the logarithm of the probability
experiments, including the ones shown in Table 2f the sequence output by the n-best tagger is also
above, seemed to be showing that the backward tagsed as a real-valued feature, to ensure the reranker’s
ging is preferable in this task setting. improvement over the n-best tagger.

Reranker

P(Li|S) = 3)

3.2 Featureset 4.1 Bascfeatures

Basic features of the reranker are straightforward ex-

,rf,énsion of the features used in the MEMM tagger.

erated by concatenating (or combining) the ‘atomiCry. gitference is that we do not have to care the lo-
features, which belong to their corresponding atomlga”ty of the features with regard to the labels.

fe_a_ture classes. Eeature select_|on.|s done by de'Characteristics of words that are listed as word-
ciding whether to include combination of featureEsar
t

In our system, features of log-linear models are ge

I . h del. W hat f ~ based features in the previous section is also used
classes into the model. We ensure that features in the reranker. Such features are chiefly extracted

same atomic feature clasg do_ not co-oceur, so thatfr‘?)m around the left and right boundaries of entities.
single feature-class combination ger'lera_tes only NG our experiments, we used five words around the
featu_re for each event._ The foIIowmg Is a list OfIeftmost and rightmost words of the entities. We also
atomic feature classes implemented in our SYSteMy;se the entire string, affixes, word shape, concatena-

, tion of POSs, and length of entities. Some of our
Label features The target and previous labels. We

also include the coarse-grained label distinction to ‘The shape of a word is defined as a sequence of character

disti ish five ‘I’ labels of h entitv cl f types contained in the word. Character types include upgerc
Istinguish five 1" labels or each entity classes romletters, lowercase letters, numerics, space charactedsihe

the other labels, expecting smoothing effect. other symbols.
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features depend on two adjacent entities. Such feaFeatures used (Recall/Precision/F-score)
tures include the word-based features of the wordsfull set (73.90/77.58/75.69)
between the entities, and the verbs between the enw/o shallow parser (72.63/76.35/74.44)
tities. Most of the features are used in combinationw/o previous labels (72.06/75.38/73.68)
with entity types.

S Table 3: Performance of MEMM tagger.
4.2 N-best distribution features

N-best tags of sentences other than the target sen-

tence is available to the rerankers. This informatioffit€s POS tags, shallow parses and named-entity tags

is sometimes useful for recognizing the names if? used to preprocess the corpus, and POS and shal-

the target sentence. For example, proteins are oftéfyV Parse information is used in our experiments.
written as ‘XXX protein’ where XXX is a protein ~ We divided the data into 20 contiguous and
name, especially when they are first introduced in afdually-sized sections, and used the first 18 sec-
article, and thereafter referred to simply as *XXx.'ions for training, and the last 2 sections for testing
In such cases, the first appearance is easily identifid¢ilé development (henceforth the training and de-
as proteins only by local features, but the subsequelfglOPmMent sets, respectively). The training data of
ones might not, and the information of the first aptn€ reranker is created by the n-best tagger, and ev-

pearance can be effectively used to identify the oth&Y Set Of 17 sections from the training set is used
appearances. to train the n-best tagger for the remaining section

Our system uses the distribution of the tags of/N€ Same technique is used by previous studies
the 20 neighboring sentences of the target sentenf® av0id the n-best tagger's ‘unrealistically good
to help the tagging of the target sentence. Ta erformance on the training set (Collins, 2000)).
distributions are obtained by marginalizing the n/AmONg the n-best sequences output by the MEMM
best tag sequences. Example of an effective featuf@d9e" the sequence with the highest F-score is used
is a binary-valued feature which becomes 1 wheft® the ‘correct’ sequence for training the reranker.
the candidate entity names in the target sentence is'he two log-linear models for the MEMM tagger
contained in the marginal distribution of the neighnd reranker are estimated using a limited-memory

boring sentences with a probability which is abové3FGS algorithm implemented in an open-source
some threshold. software Amis. In both models, Gaussian prior dis-

named-entity candidates which appear in the targg{osenfeld, 1999), and the standard deviations of the
sentence. When there is an overlap between the éaaussian distributions are optimized to maximize
tities in the target sequence and any of the nameff1e performance on the development set. We also
entity candidates in the marginal distribution of the!S€d & thresholding technique which discards fea-
target sentence, the corresponding features are uddEeS with low frequency. This is also optimized us-
to indicate the existence of the overlapping entitj"d the development set, and the best threshold was

and its entity type. 4 for the MEMM tagger, and 50 for the reranker
For both of the MEMM tagger and reranker, com-
5 Experiments binations of feature classes are manually selected to

improve the accuracies on the development set. Our
We evaluated the performance of the system on the, o noqels include 49 and 148 feature class combi-

data set provided by the COLING 2004 INLPBA, iqng for the MEMM tagger and reranker, respec-
shared-task. which consists of 2000 abstracts from,ew_

the MEDLINE articles. GENIA tagget, a biomed-

ical text ing tool which aut ticall Table 3 shows the performance of the MEMM
w:essmg ool which automatically anno'tagger on the development set. As reported in many

2http://www-tsuijii.is.s.u-tokyo.ac.jp/GENIA/tagger/. The —
tagger is trained on the GENIA corpus, so it is likely to show  >http://www-tsuiii.is.s.u-tokyo.ac.jp/amis/.
very good performance on both training and development sets “We treated feature occurrences both in positive and nega-
but not on the test set. tive examples as one occurrence.
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Features used (Recall/Precision/F-score) are more ambiguous than those used for their train-

oracle (94.62/96.07/95.34) ing, the differences are so slight to see clear ten-
full set (75.46/78.85/77.12) dencies (For example, the columns for the reranker
w/o features thal trained using the 10-best MEMM tagger seems to be
depend on twg (74.67/77.99/76.29) a counter example against the statement).

entities We may also be able to say that thdest meth-

w/0 n-best distribu-

tion features (74.99/78.38/76.65) ods are generally performing slightly better, and it
baseline (73.90/77.58/75.69) could be explained by the fact that we have bet-
ter oracle performance with less ambiguitydiipest
Table 4: Performance of the reranker. methods.

However, the scores in the column corresponding

to the 50-best training seems to be as high as any of

of the previous studies (Kim'et al., 2004; Okanoharg,e scores of thé-best methods, and the best score
etal., 2006; Tzong-Han Tsai etal., 2006), features Qf g1sq achieved in that column. The reason may be
shallow parsers had a large contribution 10 the pefeca,se our performance tuning is done exclusively
formance. The information of the previous label§ ging the 50-best-trained reranker. Though we could
was also quite effective, which indicates that labelaye achieved better performance by doing feature
unigram models (i.e. Oth order Markov models, SQg|ection and hyper-parameter tuning again uing
to speak) would have been insufficient for good pefggt MEMMSs. we use the reranker trained on 50-
formance. best tags run with 70-best MEMM tagger as the best
Then we developed the reranker, using the resulisrforming system in the following.
of 50-best taggers as training data. Table 4 shows the
performance of the reranker pipelined with the 505.1 Comparison with existing systems

best MEMM tagger, where the ‘oracle’ row showsrtaple 7 shows the performance of our n-best tag-
the upper bound of reranker performance. Here, Wger and reranker on the official test set, and the best
can observe that the reranker successfully improvedported results on the same task. As naturally ex-
the performance by 1.43 points from the baselingected, our system outperformed the systems that
(i.e. the one-best of the MEMM tagger). It is alsocannot accommodate truly global features (Note that
shown that the global features that depend on tWghe point of F-score improvement is valuable in this
adjacent entities, and the n-best distribution featurggsk, because inter-annotator agreement rate of hu-
from the outside of the target sentences, are bofjan experts in bio-entity recognition is likely to be
contributing to this performance improvement.  aphout 80%. For example, Krauthammer et al. (2004)
We also conducted experimental comparison Geport the inter-annotater agreement rate of 77.6%
two thresholding methods which are described ifor the three way bio-entity classification task.) and
Section 3. Since we can train and test the rerankefie performance can be said to be at the same level as
with MEMM taggers that use different thresholdingthe best systems. However, in spite of our effort, our
methods, we could make a table of the performanagstem could not outperform the best result achieved
of the reranker, changing the MEMM tagger usedy Tsai et al. What makes Tsai et al.’s system per-
for both training and evaluatién form better than ours might be the careful treatment
Tables 5 and 6 show the F-scores obtained kyf numeric expressions.
various MEMM taggers, where the ‘oracle’ column It is also notable that our MEMM tagger scored
again shows the performance upper bound. (Alf1.10, which is comparable to the results of the sys-
of the §-best methods are combined with 200-besiems that use CRFs. Considering the fact that the
thresholding.) Though we can roughly state that thtagger's architecture is a simple first-order MEMM
reranker can work better with n-best taggers whiclwvhich is far from state-of-the-art, and it uses only

— _ _ _ POS taggers and shallow parsers as external re-
These results might not be a fair comparison, because the that simpl hine-| .
feature selection and hyper-parameter tuning are dong asin >QUICE€S, We can say that simplé machine-learning-

reranker which is trained and tested with a 50-best tagger.  based method with carefully selected features could
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Thresholding method for training

Thresholding

method for| oracle | &V9- #of an- 10-best| 20-best| 30-best| 40-best| 50-best| 70-best| 100-best

testing Swers
10-best 91.00 10 76.51 76.53 76.85 76.73 77.01 76.68 76.86
20-best 93.31 20 76.40 76.55 76.83 76.62 76.95 76.68 76.85
30-best 94.40 30 76.34 | 76.52 76.91 76.63 77.06 76.75 76.90
40-best 94.94 40 76.39 76.58 76.91 76.71 7714 | 76.75 76.92
50-best 95.34 50 76.37 76.58 76.90 76.65 | 77.12 76.78 76.92
70-best 95.87 60 76.38 76.57 76.91 76.71 77.16 76.81 76.97
100-best | 96.26 70 76.38 76.59 76.95 76.74 | 77.10 76.82 76.98

Table 5: Comparison of the F-scores of rerankers traineceaaldiated with variousv-best taggers.

Thresholding method for training

Thresholding avg. #

method for| oracle | of an- | 0.05-best| 0.02-best| 0.008-best| 0.004-best| 0.002-best| 0.0005-best| 0.0002-best|
testing swers

0.05-best | 91.65 10.7 76.70 76.80 76.93 76.64 77.02 76.78 76.52
0.02-best | 93.45 17.7 76.79 76.91 77.07 76.79 77.09 76.89 76.70
0.008-best | 94.81 27.7 76.79 77.01 77.05 76.80 77.14 76.88 76.73
0.004-best | 95.55 | 37.5 76.79 76.98 76.97 76.74 77.12 76.86 76.71
0.002-best | 96.09 | 49.3 76.79 76.98 76.96 76.73 77.13 76.85 76.72
0.0005-best| 96.82 77.7 76.79 76.98 76.96 76.73 77.13 76.85 76.70
0.0002-best| 97.04 | 99.2 76.83 77.01 76.96 76.71 77.13 76.88 76.70

Table 6: Comparison of the F-scores of rerankers traineceaaldated with varioug-best taggers.

\ | F-score| Method | machine-learning-based systems reported to date,
Thi 71.10 | MEMM and also proved comparable to the existing state-of-
'S paper 72.65 | reranking the-art systems that use rule-based post-processing.
- Our future plans include further sophistication of
Tsaietal. (2008) | 72.98 | CRTr Post P P

processing features, such as the use of external gazetteers which
HMM, is reported to improve the F-score by 1.0 and 2.7

Zhou et al. (2004) 7255 SVM, POSt-|  points in (Zhou apd Su, 2004) and (Friedrich_et
processing, | al., 2006), respectively. We expect that reranking
%alg\)zgtteer architecture can readily accommodate dictionary-
Friedrich et al. (2006) | 71.5 ' based features, because we can apply elaborated
gazetteer string-matching algorithms to the qualified candi-
Okanohara et al. (2006) 71.48 | semi-CRF

date strings available at reranking phase.

Table 7: Performance comparison on the test set. we a!so plan to apply self-training of n-best tag-
ger which successfully boosted the performance

of one of the best existing English syntactic

be sufficient practical solutions for this kind of tasksparser (McClosky et al., 2006). Since the test data of

the shared-task consists of articles that represent the

different publication years, the effects of the publi-

cation years of the texts used for self-training would

This paper showed that the named-entity recognpe interesting to study.
tion, which have usually been solved by dynamic-

programming-based sequence-labeling techniques

with local features, can have innegligible perfor-References
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