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Abstract. With the increasing amount of published articles in the bio-
medical domain, text mining has emerged as a significant research area
to extract biologically crucial information such as protein-protein in-
teractions from the scientific literature. The reliability of the extracted
protein-protein interactions depends on the methods used to experimen-
tally verify them. We participated in the Collaborative Biocurator Assis-
tant Task (BioC) of the BioCreative V challenge assessment by develop-
ing an experimental method detection module as part of the collaborative
BioC-compatible text mining system to assist biocurators. Unlike most
previous studies, besides identifying the experimental methods in an arti-
cle, we also target identifying the passages where they are described. Our
approach is based on query matching, where the queries are generated us-
ing the terms in the PSI-MI ontology and expanded with the most salient
terms for each experimental method using the term frequency-relevance
frequency (tf.rf) metric over our manually annotated data set.
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1 Introduction

Protein-protein interactions (PPIs) are central for a variety of biological pro-
cesses including DNA replication, transcription, translation, cell cycle control,
signal transduction, intermediary metabolism, and so forth. A large number of
manually curated databases including BioGrid [5], IntAct [8], DIP [19], MINT
[6], and BIND [3] are created to store information about PPIs in structured
format. Manual curation is becoming harder due to the rapidly growing biomed-
ical literature. Therefore, automatically extracting biologically useful informa-
tion through text mining techniques has become an essential research topic in
the bio-text mining community. The community-wide shared tasks including the
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BioCreative Challenge [9, 2] and the BioNLP Shared Tasks [11] further boosted
research in this area.

Experimental methods such as affinity capture, two-hybrid, and coimmuno-
precipitation, which are used to detect protein-protein physical interaction, have
their own limitations in terms of metrics such as cost, time, and certainty. There-
fore, besides extracting the interactions among bio-molecules, identifying the
experimental context is also essential for the characterization and biological af-
firmation of the extracted interactions. The problem of extracting experimental
methods for physical protein interactions has been addressed in the BioCreative
(Critical Assessment of Information Extraction systems in Biology) Challenge
Evaluations [9, 2]. Most previous studies on experimental method detection are
based on pattern matching (e.g., [16]) and/or machine learning (e.g., [18, 1]) ap-
proaches. A dictionary of experimental method names and their synonyms is
typically used in pattern matching approaches to perform exact or approximate
string matching. Experimental methods are not identifiable when their canonical
names and synonyms do not trivially appear in the text. Such cases require the
deduction of the experimental methods from the descriptions of the experimental
procedures presented in the articles.

Approaches based on machine learning usually perform a text classification
task, where the entirety of the articles are classified as containing a particular
experimental method or not [17]. The identification of the experimental methods
in the articles is possible even when their canonical names and synonyms are
not used [10]; however, the issue of identifying the positions of the experimental
method descriptions in the article remains unaddressed. The identification of
the position of an experimental method description is especially essential for
articles in which multiple PPIs and experimental methods are mentioned. The
position information can be used for the mapping of the PPIs to their related
experimental methods.

In this paper we describe our participation in the Collaborative Biocurator
Assistant Task (BioC) of the BioCreative V Challenge. The goal of the BioC
Task is to develop a text mining system consisting of BioC-compatible [7] mod-
ules integrated together to assist biocurators. We contributed to the system by
developing a module for identifying the passages (i.e., sequences of sentences)
that describe experimental methods for physical PPIs. Our approach, which is
detailed in the following sections, is based on traditional information retrieval
techniques.

2 Systems description and methods

2.1 Data set

To the best of our knowledge, there does not exist a data set annotated for exper-
imental methods at the passage level. The available data sets for experimental
methods are either annotated at the article level (e.g. BioCreative III [2]) or PPI
level (e.g. BioCreative II [9]). Therefore, we manually annotated a data set of

43



full text papers for the passages (i.e., sequences of sentences) that describe an
experimental method and for the specific method that each passage describes.

We selected the full text articles to annotate from the BioCreative III Interac-
tion Method Task (IMT) [2]. The BioCreative III IMT data set consists of 2003
training, 587 development, and 305 test articles. The data set contains the pdf,
text and xml versions of each article. The pdf versions are full text and the text
versions are generated from the pdf versions using the pdftotext program. The
xml versions are prepared from the abstracts of the articles, which were obtained
from Pubmed. The BioC versions of the full text articles of the BioCreative III
IMT data set were requested from the BioC Task organizers and were kindly
provided to us by converting the text versions into BioC format. However, since
the passages were not well-formatted in the text versions (due to the automatic
conversion from pdf to text), these articles were not of sufficient quality to be
useful for further processing. Therefore, we decided to use the well formatted
BioC versions of the articles which are accessible from PMC Open Access [14]
as full text in xml format. The final distribution of the articles of the initial data
set selected for annotation is shown in the first row of Table 1.

Table 1. Overview of Biocreative III IMT data set and its open access available
subset

Training Development Test
Open Access available 145 2 48
BioCreative-III IMT 2003 587 305

Table 2. List of experimental interaction detection methods in the annotated
data set

Id Name Articles Passages
MI:0018 two hybrid 6 26
MI:0019 coimmunoprecipitation 11 47
MI:0040 electron microscopy 1 3
MI:0055 fluorescent resonance energy transfer 2 6
MI:0081 peptide array 1 5
MI:0096 pull down 7 28
MI:0114 x-ray crystallography 2 12
MI:0402 chromatin immunoprecipitation assay 3 6
MI:0416 fluorescence microscopy 3 11
MI:0424 protein kinase assay 3 15
MI:0676 tandem affinity purification 1 4

Due to the difficulty of manual annotation for creating a data set that con-
tains 195 full text articles within a limited time, initially a small set of ar-
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ticles was decided to be selected for annotation. We first identified the most
frequent five experimental methods in the data set, which are anti bait co-
immunoprecipitation, anti tag co-immunoprecipitation, two hybrid, pull down,
and fluorescence microscopy. Then, we randomly selected 10 articles for each
method to be annotated at the passage level. Out of the 50 selected articles, 13
could be annotated for the BioC Task system development. The articles were
annotated by considering all experimental methods in the PSI-MI ontology, not
only the most common five methods. The experimental methods annotated man-
ually in the data set of 13 articles are shown in Table 2. The PSI-MI identifiers
of the methods, their canonical names in the PSI-MI ontology, the number of
articles each method occurs in, as well as the total number of passages annotated
for each method are presented in the table.

Fig. 1. Manual annotation example

A sample annotation from a portion of an article in the data set is shown in
Fig. 1. Besides the canonical names and synonyms of the experimental methods,
the method definitions from the PSI-MI ontology, as well as the hierarchies from
the Ontology Look-up Service [4] were used to facilitate the manual annotation
of the passages for the experimental methods. Each annotation has an identifier
that is incremented by one throughout the article. Moreover, the value of the
‘type’ infon is static and set to ‘ExperimentalMethod’ for all annotations. The
value of the ‘PSIMI’ infon is set to the PSI-MI identifier of the interaction
detection method. The ‘text’ tag holds the annotated sentence(s). The ‘location’
tag holds the position of the annotated portion in the article with the ‘offset’
and ‘length’ attributes.
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2.2 Methodology

We developed an information retrieval based system, where a query using the
PSI-MI ontology and the term frequency - relevance frequency (tf.rf) term
weighting metric [13] is generated for each experimental method (see below)
and matched against the passages in the articles. The overall workflow of the
system is shown in Fig. 2. The system pipeline takes a BioC article as input, pro-
cesses it, and returns the article with the annotated passages for experimental
methods in BioC format as output. The BioC Java library [7] is used to read,
modify, and re-create the BioC files.
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Fig. 2. Overall system workflow

In the preprocessing step a rule-based sentence splitting method, which we
developed based on the period followed by a space pattern, is used. The infon
types such as ‘title’, ‘table caption’, ‘table’, ‘ref’, ‘footnote’, and ‘front’ are ex-
cluded, since the text of some of these infon types are not sentences, but may
contain experimental method relevant keywords. In order to reduce the number
of false positives, these infon types are not used for query matching. The Stan-
ford CoreNLP toolkit [15] is used to tokenize the sentences. At the tokenization
phase, the punctuation marks, braces, left and right parenthesis, brackets, digits,
floats etc. are removed from the sentences.

In order to determine whether a passage has sentences related to an exper-
imental method or not, a query table is generated for each method. The query
tables of the experimental methods are composed of three term lists. The first
list is constructed from the canonical names and synonyms that are taken from
the PSI-MI ontology entries of the experimental methods. The second and the
third lists are constructed using tf.rf. The manually annotated BioC articles in
our data set were used to extract the most relevant words for each experimental
method. The texts under the ‘annotation’ tags in the passages (see Fig. 1) were
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filtered according to each experimental method, split into sentences, and tok-
enized. The frequency of each token was calculated and token-frequency tuples
were prepared. These tuples were used to calculate the weight of each token with
the tf.rf method as follows.

tf.rf = tf ∗ log(2 +
a

max(1, c)
)

tf is the number of times the token occurs in the passages annotated for the
given experimental method (i.e., passages in the positive category), a is the
number of passages in the positive category that contain the token, and c is the
number of passages in the negative category (i.e., passages annotated with other
experimental methods) that contain the token. The intuition behind relevance
frequency (rf) is that a term that occurs more in the positive category compared
to the negative category has more discriminating power. For each experimental
method the terms are ranked by their tf.rf weights and manually examined to
create the first tier tf.rf and second tier tf.rf term lists in the query table. The first
tier tf.rf list consists of high scored relevant tf.rf terms, whereas the second tier
tf.rf list consists of lower scored, yet still relevant terms. An example query table
for the two-hybrid experimental method is shown in Table 3. The names and
synonyms of the experimental methods are not included to the first and second
tier lists even if they have high tf.rf weights, since they are already included in
the name and synonyms list in the query table.

Table 3. Query table for the two-hybrid experimental method. The canonical
names and synonyms are extracted from the PSI-MI ontology. The Tier 1 and
Tier 2 terms are extracted based on tf.rf weights

Name and Synonyms Tier 1 Terms Tier 2 Terms
two hybrid yeast bait
two-hybrid hybrid cdna

yeast two hybrid y-2h gal4
2 hybrid gal
2-hybrid galactosidase

2h
y2h

classical two hybrid
gal4 transcription regeneration

The sentences in the passages are matched against the created queries for
each experimental method. First, the name and synonyms list of the query table
is used. The name and synonyms list contains terms which can be unigrams,
bigram, or trigram. On the other hand, the first and second tier lists only con-
sist of unigrams. If the term that is being searched in a sentence is a bigram
or trigram, the sentence is converted to the corresponding language model. The
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number of occurrences of the canonical names and synonyms found in the sen-
tence is multiplied with the weight of 0.5. Then, the terms in the first and second
tier lists are searched in the sentences and the number of their occurrences are
multiplied with the weights of 0.25 and 0.125, respectively. These weights have
been determined manually by trial. The threshold for selecting a sentence as rel-
evant to an experimental method is set as 0.5. If the sum of the three scores for
a sentence is greater than or equal to 0.5, the sentence is annotated with the ex-
perimental method for which it scored highest. The previous and next sentences
of the selected sentence are also processed to check whether they are relevant to
the same experimental method or not. If the previous and next sentences of the
annotated sentence obtain the highest score for the same experimental method
and if this score is greater than or equal to 0.25, they are annotated with the
same experimental method. All the successive sentences with the same annota-
tion are concatenated under one annotation tag. As a result, sentences or groups
of sentences in passages are annotated for experimental methods.

3 Evaluation and Results

For evaluation, the raw versions of the 13 articles were given to the developed
system, and the output articles of the system were compared to the manually an-
notated versions. The validation of a passage annotation (i.e., passage retrieval)
by the system was done as follows; If a portion of a passage is annotated with
the same experimental method and contains at least one common sentence in
both the manually annotated article and the output article of the system, this
annotation is considered as relevant (i.e., correct) and it is considered as not rel-
evant (i.e., incorrect) otherwise. The summary of the results are shown in Table
4.

Table 4. Summary of the results

Relevant Not Relevant
Retrieved 105 87
Not Retrieved 38 493

Precision Recall F-Score Accuracy
0.547 0.734 0.627 0.830

4 Discussion

We described the experimental method detection module that we developed for
the BioC Task of Biocreative V. The goal of this module is to identify passages
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in full text articles describing experimental methods. There does not exist a
data set annotated for experimental methods at the passage level. Therefore, we
manually annotated a small subset consisting of 13 full text articles from the
open access portion of the Biocreative III IMT data set.

We developed a pattern-matching based approach utilizing traditional infor-
mation retrieval methods. For each experimental method queries were created
consisting of weighted terms identified using the PSI-MI ontology and the tf.rf
weights of the terms in the annotated data set. Promising results are obtained
over the manually annotated data set (62.7% F-score). However, the size of the
data set and its coverage for different types of experimental methods is very
limited.

As future work we plan to extend the data set by manually annotating more
full text articles including a wider variety of experimental methods. Once we
have a larger data set for training, we will investigate using supervised ma-
chine learning methods for identifying passages that describe an experimental
method. Each sentence will be classified as the beginning, inside, or outside of an
experimental method (experimental procedure) description by utilizing sequence
labeling algorithms such as Conditional Random Fields (CRF) [12].
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