
Bibliography Dependency Parsing in Bioinformatics.

A major focus of using NLP techniques for the benefit of molecular biology over 
the past decade, no doubt merely heralding even more exciting developments, has 
been protein-protein interaction. Dependency graphs have played a major role in 
this. Applying dependency parsing to protein-protein interaction bifurcates into 
using hand-written rules/shortest sub graph spanning two entities, [8, 13, 15, 
20, 21, 22, 25, 26, [37], and machine-learning approaches, usually, but not 
always, kernels applied to SVMs: [4, 16, 24, 25, 27, 32, 34]- [16] studies all-
paths kernels rather than sub graphs.  

Dependency parsing is also used to study gene-protein-disease interactions – see 
[1, 5, 12, 26, 27, 36]. Gene-protein interactions are the focus of [6, 7, 10, 
17, and gene-drugs-diseases are studied in [38, 39]. Construction of a food-
disease-gene network is the objective of the very creative study [19, 35, 18, 
27] by themselves are in a category each. 

Parsing, comparisons between parsers, and other comparative studies, where 
components are viewed as modular entities in an entire sysrtem, are the subject 
of [2, 3, 9, 23, 25, 28, 32, 33]. 

Relation extraction is different form event extraction – see Martin and 
Jurafsky, Chapter 22. Event extraction is the subject of [14, 29, 30, 31, 33]. 

[1]Dependency-based Relation Mining for Biomedical Literature, Rinaldi, 
Schneider, Kaljurand, Hess, (2008), LREC, European Language Resource 
Association. Based on syntactic, semantic, and domain rules. Offers what amounts 
to a grammar development tool, which allows domain experts to develop rules, or 
filters, or queries that find relations. The article narrows the relations to 
protein-protein interactions. Results validated on GENIA and at BioCreative. 
Uses chunking and dependencies between chunks. Precision 90%; recall 60% with 
qualifications.
http://www.lrec-conf.org/proceedings/lrec2008/pdf/728_paper.pdf

[2]Fast, Deep-linguistic Statistical Dependency Parsing, Schneider, Rinaldi, 
Dowdall, (2004), COLING Recent Advances in Dependency Grammar, pp. 64-70. 
General Article about dependency parsing.
http://acl.ldc.upenn.edu/coling2004/W4/pdf/5.pdf

[3]Deterministic Dependency Parsing of English Text, (2004), Nivre, Scholz, 
COLING, Proceeding of. General article about dependency parsing, featuring 
grammatical roles.
http://acl.ldc.upenn.edu/C/C04/C04-1010.pdf

[4]Extracting Interacting Protein Pairs and Evidence Sentences by Using 
Dependency Parsing and Machine Learning Techniques, (2007), Erkan, Ozgur, Radev, 
Proceedings of the Second BioCreative Challenge Workshop, pp. 287-292. 
Biocreative III evaluation for protein-protein interactions and the Protein 
Interaction Sentences sub-task. Species protein ambiguity is resolved; sentences 
filtered on interaction words. Support Vector Machines (SVMs) used to classify 
sentences, on the basis of features. The system improves when dependency paths 
are used as a feature, after the conference. Recall and precision don't look 
very good.
http://clair.si.umich.edu/~radev/papers/biocreative07.pdf
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[5]Extracting Biochemical Interactions from MEDLINE Using a Link Grammar Parser, 
(2003), Ding Berleant, Xu, Fulmer, 15th IEEE International Conference on Tools 
with Artificial Intelligence, IEEE Computer Society, p. 467. This is one of the 
first, if not the first, paper(s) to study how syntactic dependency structures 
improve extracting biomedical pairs over using co-occurrence. Uses a Link Parser 
and a relatively unsophisticated approach. I consider this the precursor to 
Fundel et. al [7] and [14]. 
http://pdf.aminer.org/000/366/969/extracting_biochemical_interactions_from_medli
ne_using_a_link_grammar_parser.pdf

[6]Mining Relations in the GENIA Corpus, (2004), Rinaldi, Schneider, Kaljurand, 
Dowdall, Andronis, Konstanti,  In Proc.Second European Workshop on Data Mining 
and Text Mining for Bioinformatics, pp. 15-21. Corpus discussed in paper 
consists of two collections: BEA and GENIA. There are dirty and clean versions 
of the corpus. The paper describes an experiment aiming to show three things. In 
the first place, showing that the availability of domain terminology simplifies 
and improves the task of parsing the corpus. Second, parsing can benefit from 
semantic tags, e.g. in the case of PP attachment. Third, examine relation 
detection, much as is done in [1] . Two types of evaluation: parser evaluation 
and evaluation of the biological significance of extracted relations. 
Conclusions: using a clean corpus, i.e. a corpus with domain terminology, yields 
better subject recall and precision, semantic tags didn't improve attachment 
ambiguity, biological relevance evaluated 84.6% correct subject and 58.6% 
correct objects.
https://files.ifi.uzh.ch/cl/rinaldi/OntoGene-RAW/papers/bionote.pdf

[7]Relex  Relation Extraction Using Dependency Parse Trees, (2007), Fundel, 
Kuffner, Zimmer, Bioinformatics 23, pp. 365-371. In the vein of [5].  Focuses on 
relations between genes and proteins.  Relex creates candidate relations by 
extracting paths connecting pairs of proteins from dependency parse trees. This 
is accomplished by 3 rules. Data sets used are the LLL dataset and about 
1,000,000 MEDLINE abstracts. The performance is better than previously reported 
LLL results. For 1,000,000 abstracts, the recall for relations is 68%, the 
precision is 79%. See also [14]
 http://bioinformatics.oxfordjournals.org/content/23/3/365.full

[8] Evaluation of Two Dependency Parsers On BioMedical Corpus Targeted at 
Protein-Protein Interactions, (2006), Pyysalo, Ginter, Pahikkala, Boberg, 
Jarvinen, Salakoski, Recent Advances In Natural Language Processing for 
Biomedical Applications, Special Issue of the International Informatics, 75, 6, 
pp. 430-442. Both Link Grammar (LG) and Connexor Machinese Syntax (CMS) 
evaluated and compared, using standard criteria and a hand-annotated corpus. 
Features detailed evaluation, discussing issues such as sampling and panic mode 
for LG. Evaluation considers number of dependencies, correct full parses, 
interactions sub-graphs for protein-protein interactions recovered.  CMS has 
better numbers. LG has heuristics that do a poor job of recovering the best 
linkage.  Primary sources of grammar failure in LG identified and improvements 
proposed (e.g. unknown word handling). Previously proposed extension to LG 
lexicon evaluated with respect to parser performance. This paper is somewhat 
similar to [9] in that it concerns a comparison of parsers. GOES INTO DOWNLOAD 
MODE; ADD URL LATER. 

[9] Benchmarking Natural Language Parsers for Biological Applications Using 
Dependency Graphs , (2007), Clegg, Shepherd, BMC Bioinformatics, 8, p. 24, Jan. 
This work is compared to [8].There is no evaluation standard for dependency 
grammars yet, so the authors use constituency parsers and convert the results. 
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With GENIA for a gold standard, four open-source parsers were tested: the Bikel, 
Collins, Charniak and Charniak-Lease parsers. The two best tools were tested on 
sub-tasks, e.g. PP attachment. Conclusion: dependency output allows parsers to 
be tested on semantics and soaks up insignificant errors introduced by the more 
elaborate constituency parsers. 
http://www.biomedcentral.com/content/pdf/1471-2105-8-24.pdf

[10]Relation Mining Over a Corpus of Scientific Literature, (2005), Rinaldi, 
Schneider, Kaljurand, Hess, Andronis, Persidis, Konstanti, In 10th Conference on 
Artificial Intelligence in Medicine, AIME, 2005, Aberdeen, Scotland, 23 July-27 
July, pp. 535-544. This article is much like [1],[6], [12],[15],[21], and [36]. 
Goal is to develop methods for interaction between biological entities with 
advanced parsing techniques combined with statistics and linguistics. Section 3 
deals with relation mining. It discusses three results: domain terminology 
simplifies parsing the corpus, semantic tags benefit parsing, a small set of 
syntactic pattern rules will aid detection of specific relations: subject and 
object. The detection of subject and object stands at 86.4%/58.6% or 
93.5%/99.4%.
http://www.zora.uzh.ch/33213/2/Rinaldi_Schneider_Kaljurand_2005V.pdf

Koster

An Environment for Relation Mining Over Richly Annotated Corpora: the Case of 
GENIA, (2006), Rinaldi, Schnieder, Kaljurand, Hess, Romacker, In Second 
International Symposium on Semantic Mining in Biomedicine (SBM), 2006, Jena, 
Germany, 09 April 2006-12 April 2006, pp. 68-75. This article is much like [1], 
[10], [15], and [21].
http://www.biomedcentral.com/1471-2105/7/S3/S3

[13] Analysis of Link Grammar on Biomedical Dependency Corpus Targeted at 
Protein-Protein Interactions (2004), Pyysalo, Ginter, Pahikkala, Boberg, 
Jarvinen, Salakoski, Koivule. In JNLPBA Proceedings of the International Joint 
Workshop on Natural Language Processing in Biomedicine and Its Applications, pp. 
15-21. By the same main author as [8]. Evaluates Link Grammar parser. Measures 
performance for recovery of dependencies, fully correct linkages and interaction 
sub-graphs. Interaction subgraphs are identified correctly in 57.1% of the 
cases. Analyzes causes of parser failure.
http://www.aclweb.org/anthology-new/W/W04/W04-1203.pdf

[14] Syntactic Dependency-based Heuristics for Biological Event Extraction, 
(2009), Kilicoglu, Bergler, In Proceedings of the BioNLP 2009 Companion for 
Shared Task  (June 2009), pp. 119-27. Discusses the applicability of dependency 
parsing in the vein of Kundel et al. as a foundation for event extraction. 
Discusses Task 1 and Task 3 in the Shared Task of event extraction: event 
characterization and speculation and negation detection, respectively. An 
example of an event class is Positive_regulation. Identifies 27 rules describing 
relations between events and event participants, culled from 2000 dependency 
paths.  Also deals with speculations and negation of events, and has a section 
describing improvements. 
http://www.aclweb.org/anthology-new/W/W09/W09-1418.pdf

[15] Mining Relations Between Proteins over Biomedical Scientific Literature 
Using a Deep Linguistic Approach, (2007), Rinaldi, Schneider, Kaljurand, Hess, 
Andronis, Konstandi, Persidis, Artificial Intelligence in Medicine, 392, Feb 
2007, pp. 127-131. NOT ON INTERNET. FROM ABSTRACT: Authors have implemented a 
state-of-the-art text mining system for biomedical literature, based on a deep-
linguistic, full parsing approach. Automates the process of extracting 
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functional relations from scientific literature in the biomedical domain. 
Probably very similar to [1],[10], [6], [12], and [21].
http://www.sciencedirect.com/science/article/pii/S0933365706001370

[16]All-paths Graph Kernel for Protein-protein Interaction Extraction with 
Evaluation of Cross-corpus Learning, (2008), Airola, Pyysalo, Bjorne, Pahikkala, 
Ginter, Salakoski, BMC Bioinformatics, 2008, Nov 19, 9 Supp 11:82  A kernel is a 
similarity function for pairs of objects (see [17]). Rather than being based on, 
for instance, shortest path kernels (see [34] and [37]), this work proposes 
kernels based on the entire dependency path.  Thus the contribution of words 
outside the shortest path are taken into account.  RLS does what SVMs do in 
other studies: classify. 
http://w02.biomedcentral.com/content/pdf/1471-2105-9-S11-S2.pdf

[17]Kernel Approaches for Genetic Interaction Extraction”, (2008), Kim, Yoon, 
Yang, Journal of Bioinformatics, 24, 1 January 2008, pp. 118-126. This study 
concerns protein/gene interaction. Combines dependency with four distinct kinds 
of kernels and achieves an F-measure of 77.5, which is compared with Fundel’s F-
measure, likewise obtained from the LLL data set, of 72%. The kernels are input 
to an SVM, which determines whether any of the of the kernel types lead to a 
correct classification – see also [34], [37] and [16].
 http://mllab.sogang.ac.kr/publications/Bioinformatics-2008-Vol24-No1-pp118-
126.pdf

[18]Detection of Protein Subcellular Localization Based on Syntactic Dependency 
Paths , (2007), Park, Lee, lee, Kim, Lee, Lee. In: ICCIT Proceedings of the 2007 
International Conference on Convergence Information Technology, pp. 1065-70.This 
paper proposes a three-step method based on a full-syntactic dependency parser. 
In the first step, the authors construct dependency paths from each protein to 
its location candidate. In the second step, the authors retrieve root 
information of the syntactic paths. In the last step, the authors extract 
syntactic patterns of protein sub-trees and those of location sub-trees.  
ABSTRACT ONLY
http://ieeexplore.ieee.org/xpl/articleDetails.jspreload=true&arnumber=4420400&co
ntentType=Conference+Publications

[19] A Verb-centric Approach for Relationship Extraction in Biomedical Text, 
(2010), Sharma, Swaminathan, Young. ICSC, 2010, pp. 377-305. This article 
focuses on identifying and extracting bio-entities.  The algorithm first 
identifies relationship-bearing sentences. It next extracts the relevant 
relationship depicting phrase and participating entities from the relationship 
bearing sentence.  Finally, it formats the extracted relations into a list of 
binary relations in the format of entity relationships. With a parser, the 
algorithm identifies and extracts the main verb(s)in a sentence. A parser is 
also involved in designating subject and object surrounding the relation phrase, 
and finds the main verb. The approach handles clauses and conjunctions. F-score 
0.905.  Cites [7].
http://www.cs.sfsu.edu/~huiyang/publications/ICSC10-rel-ex.pdf

[20] Extraction of Protein Interaction Information from Unstructured Text Using 
a Link Grammar Parser. H, (2007), Seaud, Sokuma, Youssef, Kada In: Computer 
Engineering and Systems, 2007, ICCES ’07,  International Conference, pp. 70-75.
Lacks an evaluation data set.  Standard approach. The main component is a set of 
rules that finds the true verb and finds the subject and object. Certain verbs 
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are interaction words that characterize biologically significant verbs. Few 
examples or analyses of problem cases/examples.
http://ymk.k-space.org/papers/CIBEC06_BI1_8.pdf

 
[21] Ontogene in BioCreative II, (2008), Rinaldi, Kappeler, Kaljurand, 
Schneider, Klenner,  Clematide, Hess, Allmen, Parisot, Romacker, Vachon. 
Proceedings of the Second BioCreative Evaluation Workshop, Madrid, Spain, April 
(2007). This paper deals with three things.  First, there is a segment that 
deals with Gene Normalization, then a segment that deals with lexico-syntactic 
rules, a type of Prolog-like transformational rule to select valid interactions 
between proteins, and finally a segment that describes a pattern-matching 
approach to recognize the most frequently used scientific methods in the body of 
the paper. The second segment, selecting valid interactions between proteins, 
(see also [1],[10],[12],and [15]), is relevant for this bibliography. Recall is 
0.18, Precision 0.54, and F=- 0.28. What's remarkable is how F, P, and R differ 
from [19] or [7]. 
http://genomebiology.com/content/pdf/gb-2008-9-s2-s13.pdf

[22] Intex: A Syntactic Role-driven Protein-protein Interaction Extractor for 
Biomedical Text, (2005), Ahmed, Baram, Davulcu. In: Proceeding of the ACL-ISMB 
Workshop on Linking Biological Literature, Ontologies and Databases: Mining 
Biological Semantics.  Detroit: Association for Computational Linguistics, 2005, 
54-61. Compares current results only to shallow parsing and pattern matching, 
not to [5] or [19], for instance.  The paper shows how a syntactic role-based 
approach compounded with linguistically sound interpretation rules applied to 
the full sentence's parse can achieve better performance than hand-crafted 
rules. Results: Precision 65.66, Recall 27. A S-O-V-M type of approach is used, 
reminiscent of [19].  No paths or hand-crafted rules are used.  The link grammar 
parser serves to detect multiple verbs and their constituent linkage in complex 
sentences, thus resolving there into their multiple clauses. 
http://www.public.asu.edu/~cbaral/papers/intex-camera.pdf

[23]Evaluating the Effects of Treebank Size in a Practical Application for 
Parsing, 2008, Sagae, Miyao,  Saetre, Tsuji.  In ACL Workshop On Software 
Engineering, Testing and Quality Assurance. While parsing accuracy clearly 
increases with larger amounts of training data, and is likely to continue 
increasing with additional annotation of data in the GENIA tree bank, a sizable 
improvement in parse accuracy may be necessary for improved detection of protein 
interaction. Resources may be better used elsewhere, because the improvement in 
parse accuracy is only tenuously related to improvement of PPI extraction. 
http://aclweb.org/anthology-new/W/W08/W08-0504.pdf

[24] Syntactic Features for Protein-Protein Interaction Extraction, 2008, 
Saetre, Sagae, Tsujii.  In Proceedings of LBM '07, 319.  One of the points the 
authors make  is that features from two parsers, an HPSG parser and a dependency 
parser, with SVM yields (relatively) good results; that is, better than are 
obtained from one parser.  The AImed corpus is used to facilitate comparison 
with other studies. 

[25] Task-Oriented Evaluation of Syntactic Parsers and their Representations, 
2008, Miayao, Saetre, Sagae, Matzusaki, Tsujii.  In Proceedings of the 46th 
Annual Meeting of the Association for Computational Linguistics.  Human Language 
Technologies. This study is somewhat like [23] in terms of it being an 
evaluation of components, in this case parsers, of an entire PPI system.  It is 
also related to [9] in terms of it being a comparison of parsers.  The paper 
studies the variation of several parser/representation pairs applied to a PPI 
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task.  The parsers' accuracy levels are on a par with each other.  Accuracy 
improvements vary when parsers are retrained with domain-specific data.  Uses an 
ensemble of parsers like [24]. Paper obviously related to [23]. 
http://www.aclweb.org/anthology-new/P/P08/P08-1006.pdf

[26] Learning relations from Biomedical Corpora Using Dependency Tree Levels, 
(2006), Katrenko,  Adriaans, In KDECB, pp. 61-80. This study addresses the 
problem of learning relations in the biomedical domain by using structural 
properties of the dependency trees, expressed as feature sets encompassing 
parent nodes and children via BayesNet. This study also investigates an 
ensmeble, like [25]. A stacking instance with BayesNet as a metaclassifier and 
Naive Bayes and 1-nearest neighbor as classifier present good recall figures. 

[27] Fine-Grained Protein Mutation Extraction from Biological Literature, 2009,  
Wang, Siu, Bockmann, IN Proceedings of ICECT, pp. 401-5, Macau, China, IEEE 
Computer Society, 2, 2009. “Fine-grained” refers to the use of a dependency 
parser rather than regular expressions. The papers shows how, with the help of 
dependency parsing, we can extract proteins, and condition and result of the 
mutations, along with the interaction between those – object recognition and 
relation extraction. 
http://umir.umac.mo/jspui/handle/123456789/14809

[28] Frustratingly Hard Domain Adaptation For Dependency Parsing, 2007, Dredze, 
Blitzer, Talukdar, Ganchev, Joao, Pereira.  In Proceedings of the CONLL Shared 
Task Session of EMNLP-CONLL,  June, Prague, Czech Republic, ACL, 1051-1055. 
Studies domain adaptation from Wall Street Journal to BIO. The presented error 
analysis suggests differences in annotation guidelines is the primary source of 
errors. Noun phrases, for instance, receive different analyses in WSJ and BIO.
http://www.cs.jhu.edu/~mdredze/publications/adaptation_conll07.pdf

[29] BioEve: Bio-Molecular Event Extraction from Text Using Classification and 
Dependency Parsing (2009), S Toufeeq Ahemd, R Nair,  C. Patel and David Davulau. 
In Proceedings of the Workshop on BioNLP: Shared Task (Boulder, Colorado June-5) 
Human Lang7uage Technology Conference,  Association for Computational 
Linguistics, Morristown, NJ, 99-12. Sentences are classified as biological 
events, and the interaction words are tagged,  Rules that structurally describe 
the dependency tree are then applied to extract event participants. This is like 
[14] in that it concerns event extraction. 
http://www.aclweb.org/anthology-new/W/W09/W09-1413.pdf

[30] Event Extraction as Dependency Parsing, (2011), D McCloskey, M. Surdeanu, 
and C. Manning,  Natural Language Processing in Biomedicine, ACL 2011 Workshop 
(BioNLP 2011), Portland Oregon. This system deals with nested events. It has 
three components: anchor word detection, event parsing generating candidate 
events, and event re-ranking picking the best candidate events. A crucial 
argument on the part of the authors is that event predicates are much like 
dependency structures. Typically, features involved the path between two 
biomeical entries – that paths include the constituent tree or the dependency 
path in a couple of forms. 
http://www.cs.brown.edu/~dmcc/papers/event-parsing-acl2011-draft.pdf

[31] Event Extraction as Dependency Parsing for BioNLP, (2011), D McCloskey, M. 
Surdeanu, and C. Manning.  IN Proceedings of the Association for Computational 
Linguistcs: Human Language Technologies 2011 Concerence (ACL-HLT'11), Main 
Conference, Portland, Oregon, June.  This paper builds on [30] and extends it 
somewhat. 
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http://nlp.stanford.edu/pubs/dmcc-bionlp-2011.pdf

[32] Evaluating Contributions of Natural Language Parsers to Protein-Protein 
Extraction, Miyao, Sagae, Saetre, Matsuzaki, Tsuji, 2008, Bioinformatics, 
December 9,25, 3, 395-400. Much like [25].  The study measures to what degree a 
number of parsers in combination with output representations contribute to 
accuracy improvement of PPI extraction. 
http://bioinformatics.oxfordjournals.org/content/25/3/394.full.pdf+html

[33] U-Compare Bio-event Meta-Service: Compatible BioNLP Event Extraction 
Services, (2011), Kano, Y, Bjorne J, Ginter F, Salakoski T, Buyko E, Hahn U, 
Cohen KB, Verspoor K, Roeder C, Hunter LE, others, Ohta T, Tsujii J. 2011.U-
Compare bio-event meta-service: compatible BioNLP event extraction services. BMC 
bioinformatics. 12:481., Number 1: BioMed Central Ltd. This work integrates nine 
event extraction systems in a U-Compare/UIMA framework. The user can run protein 
extraction programs of their choice with one event extractor of their choice. 
Ensembles are also facilitated. 
http://www.biomedcentral.com/content/pdf/1471-2105-12-481.pdf

[34] Extracting Protein-Protein Interactions from Text Using Rich Feature 
Vectors and Feature Selection, (2010), Van Landeghem, Saeys, Van de Peer, de 
Baets, Bioinformatics. 2010 September 15; 26(18): 554–560. This work uses 
features derived from dependency graphs, viz. Syn e-walk, v-walk and Lex e-walk, 
v-walk and Bag-of-Words to determine whether a protein-protein pair is in the 
class of interacting proteins or not.  The classifier is an SVM.  The features 
are reduced in number (there is a high number of features - “high dimensional 
feature vectors”) by a feature selection process. Analysis of feature sets 
reveals to what extent syntactic or lexical features contribute to the results. 
This work also makes the point that various researchers make use of various data 
sets, and that the F-measure fluctuates across these.  The cross data set 
experiments “offer a more realistic view” on the performance of each method. 
Finally, the Introduction section contains a useful overview describing [26], 
[4/5], [17], [7], and [24].  This work is related to Erkan [] and Kim []. 
http://bioinformatics.psb.ugent.be/pdf/solan_paper_4.pdf

[35]Hash Subgraph Pairwise Kernel for Protein-Protein Interaction Extraction 
(2012), Zhang, Lin, Yang, Wang, Li, IEEE/ACM Transactions on Computational 
Biology and Bioinformatics, 9, 4, pp. 1190-1202. This work proposes a hash 
subgraph pairwise kernel-based approach for PPI interaction extraction.  The key 
to the novel kernel is to use the hierarchical hash tables to express the 
structural information of subgraphs in a linear time. The graph kernel is 
applied to compute dependency graphs representing the sentence structure for a 
protein-protein interaction task, which can efficiently make use of full graph 
structural information, and particularly capture the contiguous topological and 
label information ignored before.  The results show the approach outperforms 
all-path kernel approach. (FROM ABSTRACT; NOT ONLINE). 

[36] Dependency Parsing for Interaction Detection in Pharmacogenomics (2012), 
Schneider, Rinaldi, Clematide, Proceedings of LREC 2012; The Eighth 
International Conference on Language Resources and Evaluation.  Istanbul, 21-27 
May 2012. This paper seeks to automate finding types of relationships between 
entities rather than just pairs, and to determine the interaction classes of 
such interactions. It contains an overview of OntoGene's approach to the 
interactions between pharmacogenomical entities like drugs, genes, and diseases. 
This approach takes the place of kernels and SVM approach – see [34].  The 
authors use the top dependency verbs of the syntactic classes to explore the 
interaction classes of the domain events, driven by data from PharmGKB, and 
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propose a set of interaction labels for the pharmacogenomic domain – a few 
labels from WordNet are suggested in addition to BioNLP labels. A dependency 
syntactic analysis is used for this endeavor.
http://www.zora.uzh.ch/62069/1/og-lrec5.pdf

[37] Semi-Supervised Classification for Extracting Protein Interaction Sentences 
Using Dependency Parsing, (2007), Erkan, Ozgur, Radev, In: Proceedings of the 
Joint Conference on Empirical Methods in Natural Language Processing and 
Computational Natural Language Learning, pp. 228-237. This is probably the 
original article using (T)SVMs to determine protein interactions rather than 
handcrafted rules like [7]. Relations are defined on syntactic dependency paths. 
Two separate kernels are defined on cosine similarity and edit distance among 
the paths between the protein names. With these kernels, two classes of learning 
algorithms, SVM and k-nearest-neighbor, are investigated. The performances of 
two semi-supervised machine-learning approaches, harmonic functions (the semi-
supervised equivalent of k-nearest neighbors) and TSVM (the semi-supervised 
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