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Presentation: Thetutorial will be apractical introduction on applying natural language processing (NLP)

to biological research. It will focus on basic methodology used in current efforts published in the literature
and inour lab. At the end of the tutorial, attendees will have been exposed to a broad range of work in the

field and understand the technologies applied to solve those research questions.

Audience: Thistutorial will be targeted towards a general audience that has a basic understanding of
biology and praobability. We will assume no prior knowledge about natural language processing or
machine learning algorithms.

Length: Thetutorial will require one half day.

Published literature is a fundamental medium for scientific communication. In recent times, much
literature has become available electronically: most biomedical abstracts are available through PubMed
while many full text articles are available from electronic publishers. The vast amount of literature
produced in biomedicine presents challenges and opportunities for scientists. First, computational methods
need to be developed to help scientists analyze and summarize bodies of literature. Second, the literature
can now be viewed as a source of knowledge that may be incorporated into bioinformatics algorithms using
natural language processing (NLP) techniques. NLP isbecoming atool that can help automate tasks.

In thistutorial we will introduce the natural language processing, drawing from current research in the
biological domain:

1. Preparing the text for processing.

2. Summarizing agroup of documents.

3. ldentifying specific facts from individual documents or sentences.

4. Incorporating literature to refine biological algorithms.

|. Text Handling (Pre-processing)

Thefirst part of the tutorial will focus on pre-processing methods that prepare text for further analysis.
Tokenization is the task of segmenting a document into words. The simplest tokenization strategy isto
partition text on white space and punctuation. More sophisticated approaches can treat synonyms or
compound noun phrases as asingle concept. For example, the application may benefit from treating “ G
protein-coupled receptor” as a single concept rather than four separate words. Such noun phrases are
ubiquitousin biology. Next, a stemming algorithm may be used to find variations of the same word.
Suffixes are removed, e.g. “kinases’ may be changed to “kinase.” Stemming transforms variations of the



same word into asingle one, reducing vocabulary size. Lastly, stop word removal agorithmsremove
words that add little information.

After tokens areidentified, tagging is done. Tagging agorithms annotate tokens by part of speech
(syntactic) or class (semantic). The former identifies nouns, verbs, adjectives, etc. and the latter assigns
pre-defined classes, such as gene names, protein names, or drug names [Baclawski, Fukuda, Proux 1998,
Rindflesch, Y oshida).

Finally, we will discuss representations of text. Once a document has been appropriately tokenized and
tagged, it is necessary to represent the text in a structure that facilitates computations. Because of its
simplicity, we will introduce vector space models, which represent documents as vectors of word counts.
This reduces our collection of documentsinto a matrix on which standard statistical techniques can be
applied [Stephens].

II. Corpus Analysis

In the second part, we will introduce methods used to analyze bodies of text, with special emphasis on
machine learning. For aset of text documents, it is often useful to summarize its contents. Thisis
anal ogous to searching for words that best describe those documents. Another useful operation is
clustering the documents, which categorizes them into sub-groups.

To perform these tasks, machine learning methods are applied. These can be categorized as either
supervised, those that require atraining set, and unsupervised, otherwise. One supervised machine learning
method is naive bayes; it is simple, effective, and easy to implement. Its performance rivals more
sophisticated methods such as maximum entropy methods and nearest neighbor methods. These algorithms
are applied towards categorizing documents according to pre-defined groups [ Stapley, Tamames, Usuzaka].

Unsupervised methods encompass clustering and dimensional reduction strategies. We will introduce
simple clustering strategies such as self organizing maps and K-means clustering. Sngular Value
Decomposition (or Principal Component Analysis) is amethod commonly employed to reduce the high
dimensionality of document data. Clustering can be used to discover latent patterns in the literature
[lliopoulog].

A few studies summarize large corpora of literature. The manual equivalent isto read all the literature and
produce keywords that describeit. Thisistypically done using a statistical method that identify words that
are most descriptive for some text. This has been applied towards describing genes from a microarray
experiment [Shatkay], automatic annotation of sequence families [Andrade 1998], and summarizing the
results of document clusters [Iliopoulog].

I11. Information Extraction

Information Extraction methods are used to identify relations between types of abjects. In biology,
information extraction has been used to find gene-gene interactions, protein-protein interactions [Craven,
Hishiki, Humphreys, Ng, Park, Proux 2000, Rindflesch, Sekimizu, Stephens, Thomas, Wong, Y akashujji].
The goal of these methods is to transfer knowledge from unstructured data, the literature, to a structured
form that can be included in a database or knowledge base. The simplest methods include looking for co-
occuring gene names within abstracts while more sophisticated methods identify the genes that frequently
co-occur within documents and then examine sentences describing both of the genes to discover the
relationship between them.

1VV. Enhancing Bioinformatics Algorithms

This section of the tutorial will be less pedagogical than the previous ones; while the literature will be
reviewed, the emphasis will be on discussion.



Two groups have used NLP techniques to refine homology search [Chang, MacCallum]. Both found that
inclusion of document similarity along with sequence similarity when conducting a PSI-BLAST database
query yields modest improvement in performance. Other potential applications for algorithm refinement
using NLP approaches include validation of gene expression clusters using literature information and
automated gene annotation [Andrade 1998].
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