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Detection of Protein Subcellular Localization based on Syntactic
Dependency Paths

Mi-Young Kim'

ABSTRACT

A protein’s subcellular localization is considered an essential part of the description of its associated biomolecular phenomena. As the volume
of biomolecular reports has increased, there has been a great deal of research on text mining to detect protein subcellular localization information
in documents. It has been argued that linguistic information, especially syntactic information, is useful for identifving the subcellular localizations
of proteins of interest. However, previous systems for detecting protein subcellular localization information used only shallow syntactic parsers,
and showed poor performance. Thus, there remains a need to use a full syntactic parser and to apply deep linguistic knowledge to the analvsis
of text for protein subcellular localization information. In addition, we have attempted to use semantic information from the WordNet thesaurus.

To improve performance in detecting protein subcellular localization information, this paper proposes a three-step method based on a
full syntactic dependency parser and WordNet thesaurus. In the first step, we constructed syntactic dependency paths from each protein to
its location candidate, and then converted the syntactic dependency paths into dependency trees. In the second step, we retrieved root
information of the syntactic dependency trees. In the final step, we extracted syn-semantic pattems of protein subtrees and location
subtrees. From the root and subtree nodes, we extracted syntactic category and syntactic direction as syntactic information, and svnset
offset of the WordNet thesaurus as semantic information. According to the root information and syn-semantic patterns of subtrees from
the training data, we extracted (protein, localization) pairs from the test sentences. Even with no biomolecular knowledge, our method
showed reasonable performance in experimental results using Medline abstract data, Our proposed method gave an F-measure of 74.53%
for training data and 58.90% for test data, significantly outperforming previous methods, by 12-25%.

Key Words : Protein subcellular localization, bioinformatics, syntactic relation, information extraction, text mining
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We have cloned and sequenced the SPT7 gene and have shown that it encodes a large, acidic protein that is localized to the nucleus.
<TERY A3
NUM word stem_word POS of gov. NUM type relation word of governor

E2 () fin C * )
1 (We ~ N 3 B (gov clone))
2 (have ~ have 3 have (gov clone))
3 (cloned clone Vv E2 i (gov fin))
4 (() we N 3 subj (gov clone) (antecedent 1))
4 (sequenced sequence v 3 lex-dep (gov clone))
5 (the ~ Det T det (gov gene))
6 (SPT7 ~ N T nn (gov gene))
7 (gene ~ N 3 obj (gov clone))
8 {and ~ u 3 punc (gov clone))
9 (have ~ have 10 have (gov show))
10 (shown show \ 3 conj (gov clone))
E5 (0 we N 10 subj (gov show) (antecedent 1))
El (0 fin C 10 fc (gov show))
11 (that ~ COMP El C (gov fin)
12 (it ~ N 13 S (gov encode))
13 (encodes encode v El i (gov fin))
E6 (() it N 13 subj (gov encode) (antecedent 13))
14 (a ~ Det 17 det (gov protein))
15 (large ~ A 17 mod (gov protein))
16 (acidic ~ A 17 mod (gov protein))
17 (protein ~ N 13 ohj (gov encode))
E0 (0 fin G 17 rel (gov protein))
18 (that ~ THAT EO whn (gov fin) (antecedent 19))
19 (is be be 20 be (gov localize))
20 (localized localize V 0 i (gov fin))
E7 (0 that THAT 20 obj (gov localize) {antecedent 19))
21 (to ~ Prep 20 mod (gov localize))
22 (the ~ Det 23 det (gov nucleus))
23 (nucleus ~ N 21 pcomp-n (gov to))
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