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Literature Overload

Exponential growth of the peer-reviewed literature and
the breakdown of disciplinary boundaries heralded by
genome-scale instruments have made it harder than
ever for scientists to find and assimilate all the publica-
tions relevant to their research. The widespread adop-
tion of title/abstract word search, primarily through the
National Library of Medicine’s PubMed system (http://
www.ncbi.nlm.nih.gov/pubmed), was the first major
change in the way bioscientists found relevant publica-
tions since the origin of Index Medicus in 1879. (Al-
though it remains useful for locating pre-1966 literature
(Hersh, 2003), Index Medicus ceased publication in
2004.) However, PubMed is only the beginning of a revo-
lution in how scientists use the biomedical literature.
Computational tools that classify documents, extract
factual information, generate summaries, and generally
process human language are providing powerful new
tools for staying on top of the torrent of publications.

The biomedical literature is growing at a double-
exponential pace; over the last 20 years, the total size
of MEDLINE (the database searched by PubMed) has
grown at a w4.2% compounded annual growth rate,
and the number of new entries in MEDLINE each year
has grown at a compounded annual growth rate
of w3.1% (see Figure 1). There are now more than
16,000,000 publications in MEDLINE; more than three
million of those were published in the last 5 years alone.
The number of MEDLINE entries with a 2005 publication
date was 666,029—more than 1800 per day.

Large as MEDLINE is, it captures only bibliographic in-
formation and abstracts. Electronic access to the full
texts, including graphics and figures, is also on the
rise, and sophisticated linkages between publications
and data repositories or other supplementary materials
increase the amount of information available still further.
Although online full-text materials are increasingly prev-
alent, dramatic increases in subscription prices and de-
creases in library budgets have paradoxically decreased
access for some researchers. Toll-free linking, where
copyright owners allow free search but charge per
view, is one approach to ameliorating this problem.

An alternative strategy toward this goal is the recent
establishment of a movement toward a new ‘‘Open
Access’’ model of scientific publishing. On April 11, 2003,
a group of individuals interested in promoting open access
to the scientific literature drafted a statement of princi-
ples that is now referred to as the Bethesda Statement
on Open Access Publishing (http://www.earlham.edu/
wpeters/fos/bethesda.htm), later followed in Europe
by The Berlin Declaration on Open Access to Knowledge
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in the Sciences and Humanities (http://www.zim.mpg.
de/openaccess-berlin/berlindeclaration.html), ushering
in the era of unrestricted use of scientific publications.
Although some publishers have resisted open access,
many others have responded by increasing access to
archives and developing related services. In 2004, the
US National Library of Medicine (NLM) created a re-
pository, called PubMedCentral (PMC, http://www.
pubmedcentral.gov/), for open access articles, which
as of this writing tracks some or all of the content of
154 biomedical journals automatically and accepts indi-
vidual article submissions from hundreds of others. Per-
haps most important for the future was the publication in
the Federal Register of a new ‘‘Policy on Enhancing Pub-
lic Access to Archived Publications Resulting From NIH-
Funded Research,’’ which beginning on May 2, 2005 re-
quests all NIH-funded investigators to submit to PMC all
manuscripts resulting from research supported in whole
or in part by NIH money. Less than 6 months later, more
than 430,000 full-text articles (totaling more than 5TB in
compressed form) are available through PMC. Further-
more, NLM is digitizing earlier print issues of many of
the journals already in PMC, extending the availability
of full texts back to before the implementation of the
2005 policy. Although NIH officials estimate that
w10% of the literature is NIH supported, and only about
6.5% of the MEDLINE entries for 2005 were indexed as
supported by NIH extramural funding, PMC marks a sig-
nificant change in the availability of full-text scientific ar-
ticles in biomedicine. As stated on the NLM’s web site,
PMC ‘‘makes it possible to integrate the literature with
a variety of other information resources such as se-
quence databases and other factual databases that
are available to scientists, clinicians and everyone else
interested in the life sciences. The intentional and seren-
dipitous discoveries that such links might foster excite
us and stimulate us to move forward.’’ Development of
novel computational tools and techniques for textual
analysis are a vital prerequisite for achieving NLM’s
vision.

Biomedical Language Processing Systems
Meanwhile, over the last 5 years or so, there has been
a remarkable surge of new results in biomedical lan-
guage processing (BLP). BLP encompasses the many
computational tools and methods that take human-
generated texts as input, generally applied to tasks
such as information retrieval, document classification,
information extraction, plagiarism detection, or litera-
ture-based discovery. Information retrieval systems,
like PubMed or Google, focus on searching large collec-
tions to find documents that are relevant to a query.
They are evaluated by their sensitivity (what proportion
of all of the relevant documents are found) and their
specificity (what proportion of the documents found
are actually relevant to the query). Document classifica-
tion is another task with many biomedical applications.
Such a system can be used to organize large retrieval
results into meaningful categories (e.g., Tanabe et al.
[1999]). Document classification can also be used to
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filter or route a flow of documents (e.g., from a service
like Thompson’s Current Contents or from web technol-
ogies such as RSS, the framework for providing auto-
mated ‘‘feeds’’ of news stories, articles, or other content
types related to a specific subject matter) based on their
contents. Such filtering technologies are used, for
example, by several of the model organism database
projects to identify publications relevant to their gene
annotation efforts. Information extraction (also some-
times called text data mining) systems scan large
numbers of publications to extract specific factual infor-
mation, often to populate a database. The Literature
Support for Alternative Transcripts (LSAT) system,
discussed in more detail below, produced a database
of transcript diversity in about 4000 human genes by
scanning more than 14,000 MEDLINE abstracts from
hundreds of different journals. Literature-based discov-
ery is the attempt to automatically induce novel hypoth-
eses by processing existing publications. Although
a few dramatic results were obtained in the 1980s and
90s, e.g., the discovery of a linkage between magnesium
and migraine (Swanson, 1988), repeated, successful,
literature-based discovery remains beyond current
abilities (see Weeber et al. [2005] for a good review of
LBD systems).

A brief survey of some of the existing tools illustrates
the impact BLP is starting to have in molecular biology
research. The LSAT system (Shah et al., 2005) surveyed
mentions of transcript diversity (e.g., alternative splic-
ing) in a large set of MEDLINE abstracts. The system
was able to achieve more than 90% accuracy and
identified information about the genes, tissues, species,
mechanisms, number of isoforms, experimental methods,
etc. regarding the transcript diversity of more than 4000
genes. LSAT is one of the tools used to populate the
EBI’s Alternative Splicing databases (Thanaraj et al.,
2004). A similar BLP-derived database of mutations in G

Figure 1. Growth in the Biomedical Literature, 1986–2005

Orange circles show the number of new articles indexed in MEDLINE

with a publication date in each year. Blue squares show the total

number of articles indexed at the end of each year. The light lines

show exponential curves fitted to each series, and the correspond-

ing formulae show growth rates and goodness of fit measures for

both curves.
protein coupled receptors (http://www.gpcr.org) was
created by using an information extraction system called
MuteXt (Horn et al., 2004); these data are particularly im-
portant for pharmaceutical development and pharmaco-
genomics. Chilibot ([Chen and Sharp, 2004]; http://www.
chilibot.net) is a freely available, web-based application
that takes sets of gene names, and (optionally) addi-
tional keywords as input, and finds information about
the relationships among them. In an initial information
retrieval step, it constructs queries to send to the
PubMed search engine. It uses basic language process-
ing techniques to identify sentences that describe stim-
ulatory, inhibitory, and other relationships between pairs
of genes. For pairs of genes for which large sets of sen-
tences are found, it then uses techniques from the field
of automatic summarization (the area of natural lan-
guage processing concerned with constructing short-
ened versions of input texts) to select the best sentences
to display to the user. A graph displays the entire set of
interactions amongst all of the genes that were input. By
clicking on links between pairs of genes, the user can
see the full set of sentences that describe relations
between those genes, and clicking on the sentences
themselves displays the original PubMed abstract. The
Textpresso system ([Müller et al., 2004]; http://www.
textpresso.org) is an example of an information extrac-
tion project that strives to create an up-to-date summary
of current knowledge related to a specific model organ-
ism. Users can search for information involving any of
the 33 semantic classes of things and relationships be-
tween them that the system extracts information about
(e.g., genes, clones, pathways, or mutations). The origi-
nal system, devoted to C. elegans, has scanned thou-
sands of full-text articles, and the resulting database is
accessed more than 1500 times daily by nematode biol-
ogists worldwide. Work is in progress to extend this
method to a variety of other organisms, including
N. crassa, D. melanogaster, and S. cerevisiae, and pre-
liminary systems are now available on several model or-
ganism database sites. As an example of how document
filtering can increase productivity, consider the BLP ac-
tivities at the protein-protein interaction database BIND
(http://www.bind.ca). A survey by the database team
(Alfarano et al., 2005) estimated that w1900 interactions
are published per month, spread across about 80 jour-
nals. The database team developed the PreBIND docu-
ment filtering system to assist the curation of the
database. PreBIND uses a combination of statistical
methods for finding relevant documents and rule-based
methods for recognizing the names of biomolecules to
find statements about protein interactions. BIND cura-
tors used the system to suggest candidate additions
to the interaction database. An evaluation by BIND per-
sonnel estimated that the system reduced the duration
of a single representative task by 70%, representing
a savings of 176 person days (Donaldson et al., 2003).

Commercial language processing products for bio-
medicine have also recently started to become available.
Bioalma’s almaKnowledgeServer advertises conceptual
search capabilities, document relevance ranking, and re-
lationship detection. Ariadne Genomics markets a prod-
uct called MedScanReader, which is claimed to be able
to summarize the contents of large collections of docu-
ments or abstracts by identifying dozens of classes of
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Figure 2. Some Levels of Linguistic Analysis

The gene/protein layer contains LocusLink

IDs. The ontology layer contains MeSH con-

cepts. POS is part of speech. NN is a singular

noun, IN is a preposition, VBZ is a third-

person singular present-tense verb, JJ is an

adjective, and CC is a coordinating conjunc-

tion. Adapted from Nakov et al. (2005).
biological entities and the relationships between them.
Long-time language processing software vendor L & C
Global has recently oriented much of its business toward
processing medical records and biomedical language.

Why BLP Is Hard

Language processing applications have been built–or
attempted—since the earliest days of computer sci-
ence. Nonetheless, the goal of natural language under-
standing—full, human-like computational comprehen-
sion of language—remains unrealized and is likely to
remain so for some time to come. The primary source
of difficulty in NLP comes from ambiguity: the possibility
of multiple interpretations for strings that represent lan-
guage. As a very basic example, consider periods in
PubMed abstracts. An obvious role of periods is to
mark the boundaries of sentences. However, they also
serve a variety of other functions, such as marking ab-
breviations, indicating decimal points, and demarcating
levels in hierarchical identifiers. Consequently, the ap-
parently simple task of locating sentence boundaries
is problematic. It is even more so in biomedical texts,
where sentences can begin with lower-case letters,
e.g., ‘‘lush mutants are also defective for pheromone-
evoked behavior’’ (PMID 15664171).

Ambiguity is a pervasive phenomenon throughout lan-
guage. It exists at every level of linguistic analysis (see
Figure 2). It complicates almost every linguistic process-
ing task: determining a word’s part of speech (is ‘‘sense’’
a noun or a verb?); deciding which meaning a given word
has (is the noun ‘‘group’’ a chemical entity or an assem-
blage?); and determining the intended groupings of
words and phrases (is ‘‘regulation of cell migration and
proliferation’’ the regulation of some unspecified sort
of proliferation and also regulation of cell migration
or the regulation of cell migration and the regulation of
cell proliferation?). Ambiguities at more basic levels of
linguistic analysis contribute to an error rate that com-
pounds from one level of analysis to the next. Additional
problems of reference arise in the context of the bio-
medical domain. Ambiguity of acronym and abbrevia-
tion definitions (does ‘‘PDA’’ mean ‘‘patent ductus arte-
riosus,’’ ‘‘posterior descending artery,’’ or ‘‘phorbol
12,13 diacetate’’?) is quite common, with almost 22%
of abbreviations in one sample of biomedical text having
more than one possible expansion and an average of
4.61 possible definitions for abbreviations six or fewer
characters long (Chang et al., 2002). The molecular biol-
ogy domain in particular presents very specific, and very
thorny, examples of this kind of problem related to gene
symbols. The general phenomenon of gene symbol po-
lysemy refers to the fact that a single name or symbol
can refer to more than one gene, both within a single
species and in disparate organisms. Within a species,
a single symbol may name multiple genes—Hirschman
et al. (2005b) report that 3.6% of all Drosophila identi-
fiers map to multiple FlyBase entries. If species is uncer-
tain for a gene reference, the problem is greatly com-
pounded; the Entrez Gene database contains more
than 800 distinct genes that have been called P60.
Sometimes a shared name across species indicates ho-
mology, but not always: e.g., TRP1 refers to several ap-
parently nonhomologous gene families. The situation is
especially difficult when dealing with Drosophila litera-
ture, because many Drosophila symbols and names
are the same as common English words—a, to, and
And are all symbols of Drosophila genes (Entrez Gene
IDs 43852, 43036, and 44913, respectively). Besides
this ambiguity, with respect to which gene a name or
symbol refers to, gene names are also subject to
a type of ambiguity related to the phenomenon of meto-
nymy, or referring to something by an entity that is re-
lated to it (Lakoff and Johnson, 1980): it is often not clear
to a computer (or, indeed, to a human reader) whether
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a string like p53 refers to the gene of that name, to the
protein that it codes for, or to its mRNA (Hatzivassiloglou
et al., 2001).

The consequence of this ubiquitous ambiguity is that
many of the most basic tasks in language processing are
frustratingly difficult to program. It is difficult to accu-
rately recognize all gene names mentioned in texts
and harder still to identify specifically which gene is be-
ing referenced (e.g., via a GenBank accession number).
Ambiguity is thought to be an innate characteristic of all
human language, and it is almost certainly impossible to
legislate it out of published texts, the mostly successful
efforts of the yeast community to standardize refer-
ences to particular genes in their publications notwith-
standing. Fully and accurately capturing the subtle and
complex relationships among structures and functions
described in molecular biology publications is well be-
yond the current state of the art. Nevertheless, as illus-
trated above, many successful applications are now in
wide use in the biomedical research community.

BLP Methods and Resources

Two broad classes of approaches have been taken to
addressing these problems. The first is rule- or pat-
tern-based approaches. These use varying sources of
background knowledge (such as dictionaries, gram-
mars, thesauri, or ontologies) to create methods to dis-
ambiguate among different possible interpretations (or
analyses) of a text. The alternative approach involves
building statistical discriminators (such as support vec-
tor machines, e.g., Lee et al., [2004]), generally trained
on the surrounding words in the text. Each approach
has challenges: the expert labor involved in building
rule- or pattern-based systems can be prohibitive, and
performance can be disappointing. Statistical systems
require large quantities of training data, texts that have
been manually marked up with correct classifications
by human annotators. Limits on the ability to generate
the huge quantities of text reliably annotated with the
desired information have constrained the statistical ap-
proach. A variety of hybrid approaches are possible as
well. This work is surveyed in Cohen and Hunter (2004).

A critical aspect of the information extraction task
(and sometimes other BLP tasks as well) is the definition
of the desired output—that is, a formal representation
for the to-be-extracted knowledge. An emerging con-
sensus has developed around the idea that ontologies
(such as the Gene Ontology; [Ashburner et al., 2000])
are the most effective representational mechanism, at
least for noun-like concepts (as opposed to verbs and
relations, which can beneficially be represented by
richer, frame-like or event-related structures [Fillmore
et al., 2001; Kipper and Palmer, 2000; Wattarujeekrit
et al., 2004; Cohen and Hunter, unpublished data]). Bod-
enreider (2006) reviews the primary ontological re-
sources in the biomedical domain, and Spasic et al.
(2005) reviews the use of such resources in various
BLP applications. A growing body of recent work ex-
plores the concept-based approaches to language pro-
cessing extrinsically, i.e., by quantifying the contribu-
tions of concept recognition to other tasks, such as
information retrieval and text classification (Cohen and
Hersh, 2005; Caporaso et al., 2005). (Extrinsic evaluation
contrasts with intrinsic evaluation: testing a technique
against a gold standard, independently of whether or
not it actually contributes significantly to the perfor-
mance of a system on some larger task [Sparck-Jones
and Galliers, 1996].) Even apparently dissenting view-
points (Tsujii and Ananiadou, 2005) actually agree on
most points regarding the overall utility of such ap-
proaches, differing more with respect to their theoretical
underpinnings than with respect to implications for im-
plementation.

Competitive Evaluations
As in the area of protein structure prediction, competi-
tive evaluations have played a role in pushing the field
of biomedical natural language processing forward.
Four competitive evaluations have been held in recent
years; Hirschman and Blaschke (2006) reviews their
structure and results. Perhaps the most influential of
these evaluations has been the TREC Genomics Track
(Hersh and Bhupatiraju, 2003; Hersh et al., 2004, 2005).
Supported by the National Institute of Standards and
Technology, TREC provides a forum for evaluation of in-
formation retrieval systems. The Genomics Track, be-
gun in 2003 and now an annual event, focuses on docu-
ment retrieval and classification tasks related to
molecular biology. The 2004 competition had 29 partici-
pating research groups, and the 2005 competition was
the largest track in TREC, with 41 participants. The
BioNLP competition (Kim et al., 2004) focused on entity
identification as a prerequisite step in information ex-
traction. BioCreative (Hirschman et al., 2005a) was
a 2004 competition involving a number of facets of the
information extraction task. Twenty-seven teams partic-
ipated in one or more of three related tasks: location of
gene mentions in text, normalization of gene mentions
to Entrez Gene entries, and extraction of gene/function
associations. The earliest biomedical text data mining
competition was an information extraction task spon-
sored by the Knowledge Discovery and Data mining
(KDD) Cup in which participants built systems to aid in
the FlyBase curation process (Yeh et al., 2003). In the ag-
gregate, these events have demonstrated that compet-
itive evaluation of biomedical text data mining is practi-
cal, that it scales well to realistic problems, and that
there are potential applications, especially in the area
of model organism database curation, for concept-
based text data mining from biomedical documents.

Biognostic Systems
In the postgenomic era, finding and integrating all of the
information relevant to a particular hypothesis requires
transcending many disciplinary boundaries. Different
research communities may ‘‘speak different lan-
guages,’’ even when making reference to the same un-
derlying concepts. BLP tools for information retrieval,
organization, and extraction are already helping to
bridge the gaps between these communities, but even
when they are effective, the sheer amount of relevant in-
formation can be overwhelming, and new computational
tools for effectively assimilating all this information are
needed. Recently, several somewhat speculative ap-
proaches have been suggested for changing the nature
of scientists’ interaction with the literature, interposing
biognostic (‘‘life-knowing’’) systems as mediators. For
example, the HyBrow system (Racunas et al., 2004)
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provides graphical and textual tools for a researcher to
specify a detailed molecular hypothesis, and then the
system identifies statements in the literature that sup-
port or contradict aspects of the hypothesis. The pro-
gram can also suggest small modifications to the stated
hypothesis that would increase support and/or de-
crease conflict with existing knowledge. So far, its
knowledge base has been restricted to a small, manually
constructed data set related to yeast galactose metab-
olism; an example related to this system can be ex-
plored at http://www.hybrow.org. Providing a text-min-
ing back-end to HyBrow would result in the creation of
a knowledge discovery system possessing a flexibility
and hypothesis space larger than any text-based knowl-
edge discovery system to date. Although major chal-
lenges remain in devising information extraction, knowl-
edge representation, and user interface schemes
adequate to achieving the vision of a biognostic ma-
chine, the potential for richer forms of computer media-
tion between researchers and the primary literature is
significant.

Further Reading
Three recent books provide in-depth treatment of bio-
medical text data mining. Hersh (2003) focuses on infor-
mation retrieval. Ananiadou and McNaught (2006) covers
the various BLP task types, as well as describing re-
sources and evaluation methods. Shatkay and Craven
(2007) discusses biomedical text mining from a primarily
machine-learning-based perspective. A variety of review
papers and tutorial materials with varying foci are avail-
able. Many of them, along with a wide variety of other
publications on BLP, can be accessed through the
BLIMP website (http://blimp.cs.queensu.ca/); http://
www.BioNLP.org is another useful resource for biolo-
gists who are interested in language processing. ‘‘Gen-
eral-domain’’ NLP is an active area of research in com-
puter science and linguistics, and a number of industry
and government groups view it as having great strategic
importance (e.g., Google, Microsoft, DARPA, and
ARDA). For general-domain NLP, Jackson and Moulinier
(2002) is an excellent overview of the field. Jurafsky and
Martin (2000) is the standard general text, and Manning
and Schütze (1999) is the standard text for statistical ap-
proaches.
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