Retrieving evidence sentences for BEL statements
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Abstract: In this paper, we describe our approach to retrieve and rank the evidence statements from
PubMed abstracts and full text article for a given Biological Expression Language (BEL) statement
towards a sub-task in BEL Track in BioCreative V. Our system comprises two main components, a)
retrieving relevant Medline citations for the given BEL statement and b) finding and ranking the
evidence sentences in those citations. Our system was able to rank at least one fully relevant evidence
sentence in the top 10 retrieved sentences for 72 out of 99 BEL statements. The precision of our system,
under full, relaxed, and context criteria, is 0.392, 0.532, and 0.615 respectively.
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I.

Introduction

Biological Expression Language (BEL) [1] and System Biology Markup Language
(SBML) [2] are the two main formal representation models of biological network, which
is a powerful and expressive in representing the biological information and knowledge.
Biomedical literature has been the primary source of information for curating biological
networks in BEL or SBML representation. As a measure to bridge the existing gap in the
information between the literature and curated source, two subtasks were organized as
part of BioCreative V challenge: 1) constructing BEL statements for a given sentence and
2) finding evidence sentences for a given BEL statement. Our group participated in both
the tasks. While the first task [3] is more information extraction (IE) centric the second
one, which is described in this paper is more centered on the principles of Information
retrieval (IR).
The paper is organized as follows. First we discuss our approach to the second task and
present the results of the system on the test dataset, which was evaluated manually by the
organizers and briefly discuss the performance of the system.
II.

Method

Our system has two main components, 1) Retrieve the relevant citations from PubMed
abstract and full-text article from PubMed Central (PMC) and 2) Identify the appropriate
evidence statements (at most 10) from the citations and rank their relevance to the
provided BEL statement. 	
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Retrieval Component
Figure 1. illustrates the outline of the retrieval component of the system. The system
translates the given BEL statement into a query by expanding all the individual elements
(e.g. entity, function, and relation) expressed in the statement. For an example BEL
statement “p(MGI:Tnf) increases p(MGI:Creb1,pmod(P,S,133))” the system will
construct a query by including the synonyms of entities ‘Tnf’, creb1, and “phosphorylat”
as a representation for the function “pmod(P)”. The query will be augmented by using the
appropriate boolean logic between the components.

Figure 1: The retrieval component

Figure 2: The ranking component	
  

We used the knowledge resources such as Mouse Genome Informatics (MGI) [4],
Chemical Entities of Biological Interest (ChEBI) [5], Gene ontology (GOBP) [6],
Medical Subject Headings (MeSH) [7], and HUGO Gene Nomenclature Committee
(HGNC) [8] for augmenting the query with entity synonyms. For expanding the functions
and relations, we created a list of related verbs, their nominalized forms and other
synonyms based on the domain expert knowledge. The expanded query is searched
against PubMed abstracts and PMC full-texts to retrieve the relevant citations.
Ranking Component
Figure 2 outlines the individual steps in the ranking component of our system. After
retrieving the top 1000 citations relevant to the given BEL statement, the system further
extracts and rank the sentences that are most relevant to the expanded query. i) First we
consider only those sentences that contain all the entities (or their synonyms) mentioned
in the query. We trained a binary classifier to classify the sentences into two classes,
increase and decrease (two main types of BEL relations) based on the functions and
relations represented in the query. For training the classifier, we used the training data
provided by the organizers which contain 11,072 BEL statements extracted from 6,358
sentences. We used uni-grams (after removing stop words), bi-grams, entities in the
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sentence, and part-of-speech tags of all words between the entities (mentioned in the
query) as features. Using 10-fold cross validation, we compared several learning models
such as Support Vector Machine (SVM), Naïve Bayes, and Random Forest, on the
training dataset. We used the classifier results as one of the parameters for ranking the
evidence sentences. The ranking function is directly proportional to the number of
elements matched by the evidence sentences in the query. The sentences that matched the
maximum components of the query (e.g. entities, functions and relations) are ranked
higher than those sentences that matched only a few components.
III.

Results

For the blind evaluation, the organizers provided 99 BEL statements and the assigned the
task of identifying at most 10 evidence sentences for each statement to the participants.
The sentences were manually evaluated for the relevance by the organizers. Table 1
shows the performance of our system under three evaluation criteria, which provided by
the organizers. The organizers evaluated the performance on three criteria. i) Full: if the
identified sentence contains the complete BEL statement. ii) Relaxed: The retrieved
sentence may not all the evidences for extracting the complete BEL statement. However
it may have necessary context and/or biological background to enable extraction of full
BEL statement. Context: Even though the complete or partial BEL statement cannot be
extracted from the sentence, it provides the necessary context for the BEL statement. The
entities or their synonyms mentioned in the BEL statement are also identified in the
sentence but the context description (function or the relations) may not acurately reflect
the actual BEL statement.
TABLE 1: THE SYSTEM PERFORMANCE
Criteria
Full
Relaxed
Context
IV.

True positive
316
429
496

False positive
490
377
310

Precision
0.3920
0.5322
0.6153

Discussion

Out of the 99 BEL statements provided in the test data, our system retrieved at least one
evidence statement for 98 of them. The performance of the system was best under context
criterion. The system was able to retrieve at least one relevant evidence for 81 out of 99
statements. The significant difference in the performance of the system (61% vs 39%)
between the Context and Full precision indicate the need of sophisticated evaluation
considering the underlying semantics of BEL statements and the retrieved sentences. In
the current approach, we extensively relied upon the lexical feature without much
consideration for the semantics. We firmly believe that enriching the lexical capabilities
of the system with deeper semantic analysis will significantly improve the precision of
the system. We plan to achieve this by integrating the information extraction capabilities
(system in task 1 of BEL track) into our IR workflow. As an immediate next step, we first
plan to process all the evidence statements retrieved by our IR system through the IE
engine. Based on the semantic distance between the BEL statements extracted by the IE
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system and gold standard we will be able to improve the ranking of the evidence
statement. The only statement for which our system failed to find any evidence sentence
was “p(HGNC:IL1A) increases r(HGNC:DEFB4A)”. Preliminary analysis indicates that
our IR capabilities may be limited when compared to the Entrez retrieval engine. We also
plan to assess the improvements by using the Entrez retrieval engine for IR.
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