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ABSTRACT

Academicliterature is the most important wdgr researcherto present and share their
academic achievementét presentthe massive biomedical literature has become a huge
treasuretrove of biomedicalknowledgeand thus becomthe most importantesourcegor
biomedicalresearch areBiomedicalrelation extractiomefers tousing techniques afatural
language procamg, machine learningnddeeplearningto efficiently and accuratg extract
relationsbetweerbiomedicalentities(gene, chemical, disease, efcom biomedical literature
Biomedicalrelation extractiomnd related researef as useful complemental methods help
biomedical researcheand inspire the biologicaxperimenrs, and can bavidely applied tathe
field of life science researcls the foundation of biomedical relation extractiommnbedical
namel entityrecognitiona | so attr acts t h€heref@ebemedicahaeels 6 at t
entity recognition biomedicalrelationextractionand biomedial relation triple extracti@me
studied in thighesis The main contents of thtkesisinclude the following three aspects:

For the biomedical name entityecognition multiple label convolutional neural netwio
(ML-CNN) method is proposed. MCNN treatsthe name entityrecognitionasa word level
classificatiorproblem whileother methodésuch as Conditional random field, CRFatit asa
sentencéevel sequence tagging proble@iven a word only the fixedsize window of words
aroundit are inputedinto the ML-CNN model And multiple label strategy (MLS), which is
appropriate to word level classification architecture, is proposed to capture the dependency
information between labelsand it simplifies the process of learning the dependency
information between labelsCompared to th&€RF method ML-CNN needs less feature
engineeringthat enhanceits generalization abilityFinally, ML-CNN achievessatisfactory
performanceon the disease NER problems (R@nd NCBI corpora) anthe chemical NER
problem (CHEMDNERcorpus.

For the biomedicalrelation extractionasyntactic convolutional neural network (SCNN)
model is proposedrhe syntax word embeddinig proposed to represent a sample with more
rich information. Whatss more, SCNN encodes thenehot format feature vector® the
distributed formatones,and then combines them with the othedistributedformat feature
vectors The encoding process will make the combinabetterthan beforeFinally, SCNN
method achieves tletate of the apperformancen the DDIExtraction 2013 corpus.

For the biomedical relatiotniple extraction, a hybrid methad proposed. Idividesthe
biomedical relatiortriple extractionproblem intothreesub-problems First, the ML-CNN is
utilized to recognizdiomedicalentities from the biomedical literature. Then, dmdity pairs
interacting with each other are extracted among the recognized entities using SCNN. Finally,
the interaction words that represent corresponéimigyp ai r s6 r el ati onship t



using a rulebased methodo generate the tripléentityl, interaction word, entity2By
integrating machine learning methods with the 4hdsed method, our hybrid method
overcomes the low recall rate draadi of the Open IE metho@e conduatdthe experiments
on the PPI corpus (Almed) aadhievel the state of the art performance

Key words Biomedical literature Named entity recognition; Relation extraction;
Convolutionalneural networkDeep learning
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Tab. 2.6 The effectivmess analysis of each feature or mechanism ciQWIN
/ P(%) R(%) F (%) E (%)

- 85.08 85.26 85.17 -

84.50 84.41 84.46 -0.71

NCBI T 83.53 83.35 83.44 -1.73
L 83.97 84.41 84.19 -0.98

84.84 84.84 84.84 -0.33

- 88.20 87.46 87.83 -
87.25 87.35 87.30 -0.53
CDR 85.48 84.90 85.19 -2.64
L 87.18 86.17 86.67 -1.16

86.67 86.69 86.68 -1.15

et

- 88.95 86.68 87.80 -
87.81 86.24 87.02 -0.78

CHEMDNER T 88.94 85.21 87.03 -0.77
L 89.19 85.49 87.30 -0.50

87.36 86.88 87.12 -0.68
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Mazindol may reduce the effects gianethidine (Ismelin).

| I

R 1  <Mazindol guanethidine>
R " 2 <Mazindol Ismelin>
R 7 3 <guanethidine Ismelin >

‘ HH” 0

<Mazindol guanethidine>
<Mazindol Ismelin>

¥ -

<Mazindol EFFECT guanethidine>
<Mazindol EFFECT Ismelin>

3.1 \ e 0
Fig. 3.1 Biomedicalentityrelation extraction
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Fig. 32 The flowchart of SCNN
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DDIExtraction 2013 T °a P @ H Dy 1:5.91A4 i
b v FuHae 1 " o~ vV #H
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t T Wae °T He Wae ¢ o Ay
e b b 0 kv MIA 17 VYP N WH " (D He
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Interactions for Vitamin B2 (Riboflavdriy1): Alcohol impairs the intestinal
absorption of riboflavighity2

-41-



n Q * Methyldopa does not interfere with measurement of
vanillylmandelic_acighiy1 (VMAenity2), @ test for pheochromocytoma, by those methods
which convert VMA to vanillin

2 P THe o6 LT T n A L
He bw i Ao~ 01 2 THe L7 A
Methscopolamine may interact with antidepressants (tricyclic type), monoamine oxidase

(MAO) inhibitors (e.g. phenelziggyi, linezolidniy2, tranylcypromine, isocarboxazid,

selegiline, furazolidone)
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Fig. 3.3 CBOW and SkipGram models
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Fig. 34 The predicatargument structure afsentence
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Fig. 3.5 Convolutional feature extraction
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Fig. 36 The flowchart of SCNR
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