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Abstract 

Reading literature is one of the most time consuming 
tasks a busy scientist has to contend with. As the volume 
of literature continues to grow there is a need to sort 
through this information in a more efficient manner.  
Mapping the pathways of genes and proteins of interest is 
one goal that requires frequent reference to the literature. 
Pathway databases can help here and scientists currently 
have a choice between buying access to externally 
curated pathway databases or building their own in 
house. However such databases are either expensive to 
license or slow to populate manually. Building upon 
easily available, open-source tools we have developed a 
pipeline to automate the collection, structuring and 
storage of gene and protein interaction data from the 
literature.  As a team of both biologists and computer 
scientists we integrated our natural language processing 
(NLP) software with the Gene Ontology (GO) to collect 
and translate unstructured text data into structured 
interaction data. For NLP we used a machine learning 
approach with a rule induction program, RAPIER 
(http://www.cs.utexas.edu/users/ml/rapier.html). RAPIER 
was modified to learn rules from tagged documents, and 
then it was trained on a corpus tagged by expert curators. 
The resulting rules were used to extract information from 
a test corpus automatically. Extracted Genes and 
Proteins were mapped onto Locuslink, and extracted 
interactions were mapped onto GO. Once information 
was structured in this way it was stored in a pathway 
database and this formal structure allowed us to perform 
advanced data mining and visualization.. 

1. Introduction 

The motivation for this tool was to speed the process of 
parsing interaction data from the literature and populating 
it into our in-house pathway database. Initially we tried 
co-occurrence [1]. While useful for discovering 
information it was inappropriate for populating our formal 
database. We decided to use an NLP approach to increase 
precision and get more details about interactions.  

Based on work by Bunescu et al [2] we modeled each 
relationship as having two necessary components: 

Interactors and Interactees. We also added one optional 
component: Interactions.  

2. Tagging 

Three expert biologists marked up a training corpus of 
70 abstracts, tagging gene-gene- gene-protein, and 
protein-gene relationships.  For each relationship the 
Interactors, Interactees and Interactions were tagged.  Eg. 

“In vitro, <Interactor> <protein> MRCKalpha </protein> 
</Interactor> <Interaction type = phosphorylation>
phosphorylates  </Interaction> the protein kinase domain of 
<Interactee> <protein> <Gene> LIM </Gene> kinases 
</protein> </Interactee>”

Figure 1: An example of a tagged relationship 

3. Machine Learning 

Rapier is a machine learning tool that learns 
information extraction rules from a set of documents and 
associated templates [3]. In ML parlance this is called 
grammar rule induction.  We modified Rapier to work 
on tagged documents directly instead of templates. We ran 
this instance of Rapier on our manually tagged training 
corpus to produce a set of grammar rules. Three kinds of 
rules exist for our application: Interactor rules, Interactee 
rules and Interaction rules. An example follows in Figure 
2:  

POS: Noun phrase; Semantic: Protein 
Word: ‘is’ 
POS: Verb past participle 
Word: ‘by’ 
POS: Noun phrase; Semantic: Protein 

Figure 2: Interactor extraction rule, 4 context lines 
followed by one extraction line (bolded) 

This rule would correctly extract the Interactor from 
sentences such as “Protein A is inhibited by Protein B” (in 
this case, Protein B). It is interesting to note that the rules 
operate on three levels: word, part-of-speech, and 
semantic class.   

Proceedings of the Computational Systems Bioinformatics (CSB’03)

0-7695-2000-6/03 $17.00 © 2003 IEEE



4. Information Extraction 

Once a set of grammar rules was created we used it to 
extract information from a test corpus of abstracts that we 
had previously inspected manually.    Sentences were read 
one at a time and for each sentence our rule file was 
applied to extract Interactors, Interactees and Interactions 
(for simplicity, relationships were assumed to be 
expressed in a single sentence). If a sentence contained at 
least one Interactor and at least one Interactee a 
relationship was called between these entities (Refer to [2] 
for details on handling multiple Interactors and 
Interactees). If any Interactions were extracted they were 
then attributed to the relationship.  

5. Ontology Mapping 

Before a relationship could be stored in the database it 
had to be structured. The Interactors and Interactees were 
all mapped onto Locuslink, and Interactions were mapped 
onto a slightly modified version of GO [4].  GO terms are 
commonly used to label the processes and functions a 
given gene product can participate in.  We extended that 
idea by recording which particular processes or functions 
the gene products were involved in at the time of this 
relationship.  

Mapping was done using a table lookup: extracted 
terms were matched against lookup tables to find a 
reference symbol. This reference symbol was then stored 
in the database entry for the relationship. 

The Interactor/Interactee lookup table was created 
from the Locuslink alternate symbol table.  The 
Interaction Synonym Table was initially created manually 
and then expanded using the abstracts tagged in step 2.  
For example, after parsing the sentence in Figure 1 the 
following entry would be added: 

Table 1: Example entry in Interaction Synonym Table 

Ref ID Ref Symbol Synonym 
GO:0016310 Phosphorylation phosphorylates 

6. Results

From our training corpus of 70 abstracts we had 145 
labeled Interactors, 169 labeled Interactees and 179 
labeled Interactions. From that Rapier induced 71 
grammar rules for Interactors, 79 rules for Interactees, and 
66 rules for Interactions.  These grammar rules were then 
applied to a testing corpus of 10 abstracts to tag and 
extract 13 Interactors, 12 Interactees and 16 
Relationships.  Results are displayed in Table 2. 

Table 2: Results for Rules against Test Set 

 Recall Precision 
Interactor 39% 85% 
Interactee 27% 75% 
Interaction 24% 50% 

7. Discussion  

Overall results for NLP were encouraging. Recall was 
low but over a large set of documents precision is more 
important. We were thus pleased with the results for 
Interactors and Interactees. Interaction precision was on 
the low end and we’re looking into improvements. We 
also decided to follow the work of Donaldson et al [5] and 
introduce a human reviewer to approve data entry.  

Ontology Mapping worked very well. We chose to use 
Locuslink for our Interactors/Interactees and GO for our 
Interactions because both are widespread and freely 
available. Unfortunately, not all genes are recorded in 
Locuslink and even for those that are some concepts, such 
as protein domains and alternative splicing, aren’t 
supported in a formal way.  Future versions of our tool 
will resolve these issues. Two limitations of GO required 
us to add our own symbols to the ontology. Firstly, GO is 
meant for healthy processes, but we were also interested 
in pathological processes.  Secondly, there are gaps in the 
GO hierarchy. For example, while activation of MAPK 
and activation of SoxR protein both exist, there is no 
generic activation of protein. In future versions we will 
consider other ontologies such as Celera’s PANTHER [6]. 
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