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Abstract

The TREC 2007 Genomics track task was to pro-
vide answers to 36 questions by extracting text from
a full-text document collection. The approach of
the University of Colorado School of Medicine team
was a concept-recognition-based effort that combined
named entity and predicate expansion at the query
expansion stage with concept filtering at the post-
processing stage. We submitted two runs. The first
run, which included systematic manual query expan-
sion and concept filtering, outperformed the median
in about 30% of the queries. The second run, which
added predicate expansion to the first run methods,
showed a small improvement in performance over the
first run.

Introduction

The 2007 TREC Genomics track presented teams
with 36 questions formulated by biomedical re-
searchers. The document collection was the same one
used for the TREC 2006 Genomics track [14]. The
challenge was to return a list of answers in the form of
text strings of paragraph-length or shorter from full-
text articles. The semantic type of answer expected
was noted in each question by a general category key-
word, such as gene, mutation, or toxicity. There were
14 categories in all.

In order to use a concept-recognition-based ap-

proach, language processing tools that can recognize
these categories in text are necessary. The biomedi-
cal language processing community has devoted much
work to developing gene and protein recognizers, re-
sulting in a number of publicly available taggers [31].
Beyond genes and proteins, there are some taggers for
other biomedical concepts, such as mutations [6, 15]
and UMLS concepts [2]. However, there are far fewer
concept recognition tools beyond those of gene and
protein taggers.

Though the TREC queries provide the semantic
types expected for the answers, identifying corre-
sponding concepts in text may not be enough. In
each query there is a stated relationship with one un-
specified participant. Extracting good answers from
full text may require the recognition of named enti-
ties in the context of specific relationships to other
named entities. Biomedical relationship recognition
relies on named entity recognition to fill in the slots
of relationship frames. Parallel to named entity
recognition, most research in this area has focused
on identifying the relationships between genes and
proteins in text (e.g. [1, 13, 28] and see [9] for an
overview). Some groundwork has been laid for the
recognition of relationships between other biologi-
cal entities, such as the relationships between dis-
eases and treatments [27], and proteins and loca-
tions [26]. Also, an alternative way to do this is
by first performing full syntactic parses on the text,
then extracting the named entities as they relate to



each other across predicates, thereby getting data
akin to the semantic-syntactic structure provided by
PropBank[24], FrameNet [12] or PASBio [33]. How-
ever, getting full parses is a time-consuming proce-
dure, and performing them on a large text collection
may not be a reasonable method for information ex-
traction on the fly.

Concept recognition was a major component of our
TREC information extraction system, and in particu-
lar two types of concept recognition techniques char-
acterize our first submitted run. The first is a set
of automatic concept recognizers that were applied
to the search engine output to filter results that did
not contain the desired concepts. Concept types for
which we do not have automatic taggers were identi-
fied using the second type of concept recognition tech-
nique: gazetteers of terms and synonyms denoting a
particular type of concept, e.g. diseases or drugs.
The gazetteers were used to expand the queries be-
fore submitting them to the search engine.

Regarding the relationships explicit in the queries,
our second submitted run tests a simple procedure
of adding a set of relevant predicates to the queries
from the first run. Research by Bertaud et al. [5]
suggests that the precision for retrieving articles that
contain medical diagnosis findings is increased by us-
ing synonyms of verbs that denote finding and evi-
dence in the search strings to retrieve articles from
MEDLINE. Extending this idea, we hypothesize that
the co-occurrence of a particular biomedical predicate
with the appropriate entities may signal a biomedi-
cal relationship between those entities. Our second
run combines the named entity expansion of the first
run with synonyms of biomedical verbs in the search
string as a simple way to identify the relationships
between named entities, with the purpose of raising
the precision of the retrieved results.

Methods

A lower-bound baseline system might measure the
effectiveness of using just the keywords in the orig-
inal questions. An upper-bound benchmark system
might measure the effectiveness of a system that mod-
els the human behavior of iterative query building

based on search feedback. The system we present
here is a benchmark model that approaches the iter-
ative human behavior by presuming the query refine-
ment step up front in a single step of query expansion.

We submitted two runs to the TREC 2007 shared
task. The first run was a benchmark run using manu-
ally expanded named entities in queries submitted to
the Indri search engine, part of the Lemur toolkit [23].
It was designed to model the performance of a human
researcher building queries to submit to a search en-
gine, and hence was designated as a manual run. The
second run was a modification of the first in that in
addition to expanded named entities, an expanded
set of biologically relevant predicates were added to
the expanded query.

In the original queries distributed by TREC, we
identified three types of keywords and then used them
for distinct purposes. The first type was the named
entities which were the mainsprings for query expan-
sion. The second was biological predicates, which
were used in select cases for query expansion. The
third was the semantic concept types that identified
the category of the expected answer, for example,
the capitalized text in brackets in query #204: What
nervous system [CELL OR TISSUE TYPES] synthe-
size neurosteroids in the brain? These concept types
were used to select only the retrieved documents that
contained the desired semantic concepts, thereby fil-
tering out those documents that did not.

Query Creation and Expansion

For our first run, we used the named entity keywords
as the starting point for query expansions. A domain
expert manually expanded named entities to include
synonyms and abbreviations by referencing MeSH,
EntrezGene, and Wikipedia. In most cases, the do-
main expert found an appropriate MeSH heading for
the named entity. He expanded the query to include
the MeSH heading and all Entry Terms of the head-
ing. He then traversed down the MeSH tree structure
to pick up more specific terms. In a few cases MeSH
was not an appropriate resource. When a term could
not be found in MeSH, the domain expert consulted
either EntrezGene for gene synonyms, or Wikipedia
for other named entity query expansion suggestions.



This use of lexical resources was done in order to sys-
tematize the query creation and expansion procedure.

Our second run used the same named entity ex-
pansions from the first run, but added an additional
verbal element. The hypothesis that motivates this
method is that requiring a biomedical relation in the
text would limit prodigious search results to more rel-
evant passages. While the presence of an apparently
biomedical predicate in the same text span does not
guarantee a particular relation, it might raise the like-
lihood of the relation being asserted.

This relation requirement was imposed by expand-
ing the biomedical verb in the query with synony-
mous verbs and nominalizations. This predicate re-
quirement and expansion was performed on a subset
of the queries: those queries that garnered more than
500 hits from the first submission run were exam-
ined for verbs or nominalizations that had biomedi-
cally specific meanings. For this reason this run was
designated as interactive. Five queries were chosen
as prime candidates for predicate expansion — #200,
#211, #216, #221 and #226. Predicate expansion
was performed in one of two ways. For queries #200,
#211, #216, and #221, WordNet [11] term lists asso-
ciated with the predicate element of the chosen query
were manually mined for alternate predicates. Words
were selected from WordNet’s lists of direct and full
hyponyms, direct and inherited hypernyms, direct
and full troponyms, sister terms, and derivationally
related forms. Some verbs or nominalizations that
seemed too general or that were clearly not biologi-
cally relevant were left off the expanded list of verbs.
For an example of an expanded query, including the
expanded predicate set, see Table 1.

We departed from this method for query #226:
What [PROTEINS] make up the murine signal recog-
nition particle? Although there was no biologically
salient verb present in the original query, it was
deemed that the underlying question was addressing
protein-protein interaction concepts. We had a group
of verbs already assembled for this purpose [18], and
simply plugged them into the query.

Concept filtering

We dealt with the third type of keyword — the se-
mantic type of the expected answer — in two ways.
For gene and protein, mutation, and biological sub-
stance recognition we used automatic concept recog-
nizers. The protein/gene tagger was an aggregate of
the ABNER [30] and LingPipe [8] gene taggers, com-
bined with a consensus filter to maximize precision,
similar to the one used in the BioCreative II Gene
Mention task [18]. To tag mutations we used Muta-
tionFinder [6]. For biological substances, we devel-
oped a concept recognizer for this task.

The recognition of biological substances poses a
challenge due to the broad nature of this entity type
and the impracticality of creating a list of all bio-
logical substances. Our approach focused on using
machine learning to extract biological substance en-
tities. To recognize biological substances, we trained
a conditional random field model, using the AB-
NER system on the GENIA corpus [19]. A subset
of the annotations in the GENIA corpus were se-
lected by a domain expert as representing biologi-
cal substances (amino acid monomer, inorganic, RNA
molecule, carbohydrate, polynucleotide, protein fam-
ily or group, protein complex, protein molecule, other
organic compound, peptide, RNA family or group,
and lipid).

These taggers were applied to the returned results
of the query engine to filter results that did not have
a named entity of the respective semantic type.

For those concept types for which we did not have
concept recognizers, gazetteers were constructed by
automatically parsing resources for lists of terms,
synonyms, and abbreviations. See Table 2 for a list
of the resources used for each semantic concept type.
Many terms mined from those resources contained
nomenclature that would rarely if ever be found in
free text, such as terms in parentheses — Dry Heaves
(Nausea) [22] — and terms with adjectives follow-
ing punctuation — Abrasion, localized [16]. These
terms were programmatically retrieved, their order
reversed, and/or their punctuation removed in order
to maximize the coverage of the gazetteers. Most of
the time this text processing step works to increase
the viable synonyms in the expanded query, as in the



Table 1: Example of an expanded query (#216) including expanded predicate. The “expanded terms” for
each “keyword” were concatenated using Boolean OR operators. The “expanded term” sets that resulted
from that were concatenated with Boolean AND operators. Rows labeled “1” and “2” stand for uchscl and

uchsc2 runs, respectively.

original query

What [GENES] regulate puberty in humans?

keyword expanded terms

puberty
= human

] regulate

puberty, sexually mature, sexual maturity, adolescent, adolescence
human, homo sapien, patient, man, woman, child, children, girl, boy, teen, teenager

initiate, initiation, origin, originate, origination, start, create, bring about, bring forth, generate,
generation, invoke, invocation, evoke, evocation, establish, produce, production, give rise, gave rise,
originate in, originative, starter, delay, detain, hold up, stall, decelerate, slow, slow down, slow up,
retard, retardation, decrease, diminish, lessen, fall behind, fell behind, change, postpone, hold over,
set back, defer, deferment, remit, remittance, put off, stimulate, stimulation, bring on, brought on,
develop, development, induce, induction, inducement, inducing, encourage, encouragement, lead
to, instigate, instigation, compel, effectuate, precipitate, rush, hasten

examples above. However, it is not a perfect tech-
nique — for instance, reversing the order of the dis-
ease term hand, foot & mouth disease [16] gives foot
& mouth disease hand.

Finally, the lists of gazetteer terms were added to
the queries in the query expansion stage.

Information Retrieval

The documents from the TREC collection had been
previously preprocessed and indexed using Lemur
[23] for our TREC 2006 effort, (c.f. [7] for a full
description). Documents were divided into eligible
paragraphs and Porter stemming [25] and stop word
removal were applied prior to document indexing.

Expanded terms in sets of synonyms were concate-
nated using Boolean OR, and the sets were submitted
to the Indri search engine using the #band operator
which enforces a true Boolean AND operation. Like
indexing, Porter stemming and stop word removal
were used on queries before submitting them to the
search engine. A cap of 1000 returned documents was
enforced.

Results

Our first run, uchscl, was the manual run that fil-
tered the potential passage hits for the presence of
the correct concept in terms of the expected answer.
As described in the methods section, the filtering was
performed in one of two ways: either by an automatic
entity recognition tagger, or by matching words in the
document to a gazetteer list of words.

This run outperformed the median in about 30%
of the queries across all four performance metrics
(document-level, passage-level, passage2-level, and in
diversity of aspects). See Figures 1 — 4 for a compari-
son of uchscl run results against the median and max
MAP scores for all teams. The system’s five best
performances were on queries #201, #220, #224,
#229, and either #214 or #215 depending on met-
ric. Of those six queries, five were handled with the
automatic named entity taggers and one used the
gazetteer filtering method, see Table 3. Both the au-
tomatic named entity tagger and the gazetteer meth-
ods contributed to results after the top five.

Our second run, uchsc2, was the interactive run in
which we manually expanded the biomedical predi-
cates in five queries with the most hits returned from




Table 2: Resources used to construct gazetteers.

concept type resource types of terms extracted
antibodies AbMiner [21] all entries
MeSH [20] mn=D12.776.124.486.485.114.*

cell or tissue types

diseases
drugs

molecular functions

signaling pathways/pathways

Cell Type Ontology [4]

Brenda Tissue Type Ontology [29]
Human Disease Ontology [16]
FDA Orange Book [10]

MeSH [20]

Gene Ontology

(Molecular Function) [3]

Event INOH pathway ontology [17]
Pathway Ontology [32]

mh, entry, print entry, fx

name, exact_synonym, broad_synonym,
narrow_synonym, related_synonym
name, synonym

name, synonym

drugname, activeingred

mn=D26.*

mh, entry, print entry, fx

name, exact_synonym, broad_synonym,
narrow_synonym, related_synonym
name, synonym

name, synonym

strains — —
signs and symptoms MedicineNet.com [22] all entries
toxicities hand-built list of keywords —
tumor types MeSH [20] mn=C04.*
mh, entry, print entry, fx
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Table 3: Characteristics of the five best query per-

formances. The “Method” column refers to the au-
tomatic vs gazetteer method of concept recognition.

Query-ID  Concept Method

#224 genes auto

#201 mutations auto

#220 proteins auto

#229 signs/sympt. gazette

#215 proteins auto

#214 genes auto
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dian MAP.
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the uchscl. These five queries had low MAP scores in
the uchscl run across all metrics because of the large
amounts of hits they returned. In three of the five
queries, (#216, #221, #226), expanding the predi-
cate improved the score. In queries #200 and #211,
the performance stayed the same or deteriorated. See
Figures 5 — 8 for a comparison of uchsc2 to uchscl
results on the five queries. Of particular note is the
vast improvement in aspect diversity for query #226
when the predicates were expanded (see Figure 8).
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uchsc2 predicate expansions. Ordered by query num-
ber.
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Discussion

The results of the uchscl run suggest that the tasks of
concept recognition and filtering are better performed
by the automatic named entity recognizers than by
the gazetteers. This is not surprising, since it has
been reported repeatedly that gazetteer approaches
are less effective than automatic named entity tag-
gers. This suggests that energy spent on developing
named entity recognizers for the wide range of biology
concepts would be of value. Years of effort has been
invested in creating automatic named entity recogniz-
ers for genes and proteins [9]. The result is rule-based
and machine learning approaches using a variety of
features that have yielded good results. The named
entity recognizer for mutations, MutationFinder, re-
lies on the consistent nature of mutation mentions in
text. Other concepts, such as diseases or symptoms,
may not be so quite so easy to characterize in free
text. The success of concept recognizers may rest on
the development of ontologies that characterize such
concepts in terms of their relationships to other con-
cepts.

The small improvement by using expanded pred-



icates is less than we hypothesized. This could be
for several reasons: 1) Named entity recognition is
sufficient to extract the relevant relations. Requir-
ing relationship predicates to co-occur in paragraphs
is redundant. 2) The predicate expansion used in
uchsc2 was too permissive. Restricting the required
co-occurring predicates to only the most synonymous
words of the desired relation is a more appropriate
solution. 3) The biomedical verbs included in the ex-
pansion are too polysemous to narrow the search re-
sults as desired. Further research in both this method
and in extracting relations from text is necessary to
answer this open question.
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