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̆ ᵬҹ ῀̆ ₮ԅ ≢№

└̆ ₮ ӊ ᶭ ῏ ̆ ԅҺ ӟ ӊ ᶭ

῏ Ȃҍ ῖ ᴆ M̆L-CNN ₃ӍҌ ̆ΐ

ⱬȂ ≢̂NCBI CDR ̃ ≢

̂CHEMDNER ̃҉ ԅ Ȃ 

ԍ ᵣ῏ ̆ ₮ԅ ̂Syntax Convolutional Neural 

Network̆ SCNÑ Ȃ ≠ ҉Ҋ Ḥ ̆ Ḥ
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ABSTRACT 

Academic literature is the most important way for researchers to present and share their 

academic achievements. At present, the massive biomedical literature has become a huge 

treasure trove of biomedical knowledge and thus become the most important resources for 

biomedical research area. Biomedical relation extraction refers to using techniques of natural 

language processing, machine learning and deep learning to efficiently and accurately extract 

relations between biomedical entities (gene, chemical, disease, etc.) from biomedical literature. 

Biomedical relation extraction and related researches as useful complemental methods can help 

biomedical researchers and inspire the biological experiments, and can be widely applied to the 

field of life science research. As the foundation of biomedical relation extraction, biomedical 

named entity recognition also attracts the researchersô attentions. Therefore, biomedical named 

entity recognition,  biomedical relation extraction and biomedial relation triple extraction are 

studied in this thesis. The main contents of this thesis include the following three aspects: 

For the biomedical name entity recognition, multiple label convolutional neural network 

(ML-CNN) method is proposed. ML-CNN treats the name entity recognition as a word level 

classification problem while other methods (such as Conditional random field, CRF) treat it as a 

sentence level sequence tagging problem. Given a word, only the fixed-size window of words 

around it are inputted into 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 labels and it simplifies the process of learning the dependency 

information between labels. Compared to the CRF method̆ ML-CNN needs less feature 

engineering that enhances its generalization ability. Finally, ML-CNN achieves satisfactory 

performance on the disease NER problems (CDR and NCBI corpora) and the chemical NER 

problem (CHEMDNER corpus). 

For the biomedical relation extraction, a syntactic convolutional neural network (SCNN) 

model is proposed. The syntax word embedding is proposed to represent a sample with more 

rich information. Whatôs more, SCNN encodes the one-hot format feature vectors to the 

distributed format ones, and then combines them with the other distributed format feature 

vectors. The encoding process will make the combination better than before. Finally, SCNN 

method achieves the state of the art performance on the DDIExtraction 2013 corpus. 

For the biomedical relation triple extraction, a hybrid method is proposed. It divides the 

biomedical relation triple extraction problem into three sub-problems. First, the ML-CNN is 

utilized to recognize biomedical entities from the biomedical literature. Then, the entity pairs 

interacting with each other are extracted among the recognized entities using SCNN. Finally, 

the interaction words that represent corresponding entity pairsô relationship types are identified 
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using a rule-based method to generate the triple-(entity1, interaction word, entity2). By 

integrating machine learning methods with the rule-based method, our hybrid method 

overcomes the low recall rate drawback of the Open IE method. We conducted the experiments 

on the PPI corpus (AImed) and achieved the state of the art performance. 

 

Key words: Biomedical literature; Named entity recognition; Relation extraction; 

Convolutional neural network; Deep learning 
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Ҥ Ȃ 

 

 

 ל 1.1

Fig. 1.1  The growth trend of the Medline abstracts 

 

                                                 
1 https://www.nlm.nih.gov/bsd/index_stats_comp.html 

https://baike.baidu.com/item/%E5%9F%BA%E7%A1%80%E5%8C%BB%E5%AD%A6
https://baike.baidu.com/item/%E7%8E%AF%E5%A2%83%E5%8C%BB%E5%AD%A6
https://baike.baidu.com/item/%E7%A4%BE%E4%BC%9A%E5%8C%BB%E5%AD%A6
https://baike.baidu.com/item/%E7%A4%BE%E4%BC%9A%E5%8C%BB%E5%AD%A6
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ᴿᾥ≠ Hearst 1999 ₮ ̂Text MininğTM̃ ӈ

̆ ׆ Ҭ ̆ ҹңҩ№⅞ץ

̆ѿ ׆ Ҭ Ḥ ̆ԋ ₮ Ḥ ᶏ ȂῒҬ̆

Ḥ Һ Ḥ ̆ ῀ ῏ ₮ҍ ῀῏ ῏

Ḥ ̕Ḥ ↕ ≠ ᵣ ≢ȁ῏ ȁԊᴆ ׆ ₮

Ҭ ₮ ῏ ᵣ ȁ ᵣӊ ῏ ѿҩԊᴆ Ȃ 

̂Biomedical Text MininğBTM̃ Ғ

̆ ȁ ӟȁ ӟ ⌠

Ҭ̆ ᴇṿḤ Ȃ ץ ꜛ

Ғ Ḥ № Ȃɒ ̆ ӥ Ḥ ̂Information 

Retrivel̆ IR̃ ⌠ ̆ ԅ PubMed
2 ̆ῒ

Һ ԍ MEDLINEȂ Ғ ץ PubMed ̆ ׆

MEDLINE Ҭ ₮ ῏ Ȃ PubMed Ҋ ⱳ ̆ ץ

Ḃ ̆ ᶫ Ғ ѿ Ḥ ᵬȂ

Ӟ ץ ꜛ Ғ ῏ Ȃᶛ ̆

ᵣ῏ ̂ - ῏ [5-7]ȁ - ῏ [8,9] ̃Ȃ≠

Ḥ ץ ꜚ ׆ Ҭ ₮

ᵣ῏ ̆ ԍ ῏ Ȃ 

̆Ḥ ̂Ḥ ̃ ԍ

Ȃᵖ ̆ ԍ Ḥ ᵬ ȂᵬҹḤ ᵬ

ᴋⱵ̆ ᵣ῏ ѿ ⌠ ױ ῏ Ȃ ᵣ ῏

Ҭ ү Ḥ ̆≠ ֓ ԑᵬ ῏ ̆ ץ ꜚ
[10-12]Ȃᶛ ̆ - ӊ ῏ ץ ꜛ ᵝ [13]̕ ≠ -

ԑᵬ ῏ ҉̆ ץ ≢ [14,15]̕

- ӊ ԑᵬ ῏ ץ ֲ ̆ ᾧ ң

ԑᵬ Ҍ ֟ [16,17]Ȃ ᵣ῏

╠ ₮ ῏ ᵣȂ ̆‰ ≢₮ ᵣ

ҹԅ῏ ᵬ ̆ῒ ≢ ῏ ᵬ Ȃ 

                                                 
2 https://www.ncbi.nlm.nih.gov/pubmed 
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1.2  Ὺ ῗ ᵲ  

≠ ׆ץ Ҭ ₮ ᴇṿ Ḥ ̆ ᶫ

Ғ Ạ ѿ Ȃᵬҹ Ḥ ᴋⱵ̆ ᵣ ≢

ᵣ῏ ѿ ⌠ ױ ῏ Ȃ 

1.2.1  ᵩ ⌡ 

̆ ⌠ԅ ῏ Ȃᶛ ̔

̆ № ̆ ҍ ῏ ῏ ↓
[ 18]̕ ̆ ῏ ₮ [ 19]̕

ᵣ῏ ̆ ׆ Ҭ ᵣ ῏ [ 20]Ȃ

҉ ᵬӊ╠̆ ᾢ׆ Ҭ ≢₮ ᵣȂ 

ᵣ ≢̂Named Entity Recognition̆ NER̃ ≢ Ҭΐ ӈ

ᵣȂ Һ ̔ / ȁ ȁ / ȁ Ȃ ԍ

ᵣ ҉ ᶏ̆ ᵣ ≢ᴋⱵ ԍ

ᵣ ≢ᴋⱵȂZhou ֲ[21] ₮ ᵣ ҉ ̔ 

(1) ҩ ѿ ᵬҹѿҩ ᵣ Ȃᶛ ĬH636 grape seed proanthocyanidin 

extract ѿ ̆ ’Ҋ ‰ ∞ ᵣ Ȃ 

(2) ‰ ↕ ѿҩ ᵣ֟ Ȃᶛ ̆ñHuman 

balantidiasisòȁñBalantidiosisòȁñBalantidium coli infectionòȁñB coli infectionòȁ

ñLarge-intestinal infection with Balantidium coliòԓ ѿ Ȃ

ⱴ ԅ ӟ Ȃ 

(3) Ώ֟ ӈȂ Ҭ̆ Ώ ҩ ᵣ Ȃᵖ ԍ

Ώ ѿ ‰̆ Ώ֟ Ҥ ӈȂɒ ñ̆TCFòץ ñT cell 

FactoròΏ̆Ӟ ץ ñTissue Culture FluidòΏȂLiu ֲ[22]
MEDLINE Ҭ

Ώ № ̆ 81.2% Ώᴪ֟ ӈ̆ ғ ҩ Ώ ףץ 16.6

ӈȂ ץ ₮ Ώף ӈҤ ᶭ ҉Ҋ Ḥ ̆ Ώ Ҍ

Ҭף Ҍ ӈȂ Ώ֟ ӈⱴ ԅ ᵣ ≢ ₮ ҉Ҋ ᵣ

Ȃ 

(4) ᵣ Ȃѿҩ ᵣ ѿҩ ᵣ ῤ Ȃᶛ ̆ñfibrinogen degradation 

productsòñfibrinogenòץ ᵬ ѿҩ ᵣȂᵖ ԍ ↕ Ҍ ̆
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Ҭ ñfibrinogen degradation productsòᵣ ᵣ̆ ѿҩ

Ҭ ñfibrinogenòᵣȂ ӈῬѿ ⱴ ӟ Ȃ 

҉ ᵣ ̆ ױ ԅ ῀ ҍ Ȃ ╠̆

ᵣ ≢ Ҋ҈ץҹ№ץ ̔ 

(1) ԍ ῖ  

ԍ ῖ ῖ̆ ұ ≢ Ҭ ᵣȂ

ԍ ῖ ᶭ ԍ ῖ ץ ȂMeSH
[23]

C̆TD
3

ԍ ᵣ ῖȂ ԍ ῖ ̆ Ȃᵖ ̆ ῖ

ῃᶭ ԍ ῖ Ȃ ֲ ѿҩ ῖ ⱬ Ȃ

Neelakantan ֲ[24] ꜚ ῏ ᵣ ῖȂ ᾢ̆ ѿ֓

ȁᵞ‰ ׆↕ Ҭ Ṝ ᵣȂ ̆≠

ѿҩԋᾝ№ ѿ҉׆̆ ⌠ Ṝ ᵣҬ ₮ ᵣ̆ ῖȂ

╠̆ ῖ ҍ ӟ ᶏ ̆ ῖ ᵬҹ ӟ

ѿҩ ӟȂ 

(2) ԍ ↕  

ԍ ↕ ᶏ ѿ ֲ ↕ ᵣ Ȃ ᵣ ≢

↕ ԅѿҩ ҉Ҋ Ḥ ӊ ̆Һ ῏ ѿҩ Ḥ Ȃᶛ ̆ѿҩ

Ώ ȁ ñeròñorò ӈ Ȃ 

Alfred ֲ[25] ₮ԅ ԍ ↕ ׆̆ Ҭ ≢ֲ ȁ Ȃ

ԍ Ḥ ȁ҉Ҋ Ḥ ȁ ῖḤ ȁ Ḥ Ḥ ↕̆

҉ 89.47% F ṿȂRiaz
[26]≠ ↕ Ӌ ̂

̃ ᵣ ≢Ȃ ̆ ↕ ᴨԍҺ ӟ ðð

ᴆ [27]̂Conditional Random Field, CRF̃Ȃ ץ ₮̆ ԍ ↕ ᵣ ≢

ѿ֓ ᵣ ≢ᴋⱵ Ȃ֟ Һ ӎ

Ȃ ԍ ױ ῏ ᵣ ≢̆ ӎ

Ẓ ᶏ̆ ᶏ ӟ ᾟ№ ӟ ᴨ

Ȃ[26]ל ̆ Ҍᶭ ↕ ҹ Ȃ 

ֲ ₮ ↕ ’Ȃ ̆ ԍ ↕

‰ץ ≢₮ ↕ ᵣ ̆ᵖ ≢ ץ↕ ᵣ ̆

                                                 
3 http://ctd.mdibl.org/ 
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ῒ ᵞȂ ̆ ԍ ↕ ⱬ Ȃ ԍ ↕

⌠̆ ᵣ ≢ Ṝ̆ ֓ ↕ ᴪ Ȃ

╠ ↕ Ȃ 

(3) ԍ ӟ  

ԍ ӟ ׆ Ҭ ӟ ᵣ ≢Ȃ

ӟ ҹҺ ̆ ᶏ ̔ [28]̂Hidden 

Markov Model, HMM̃ ȁ [29]̂Support Vector Machine, SVM̃ȁ
[30]̂Maximum Entropy Markov Model, MEMM̃ ᴆ Ȃ 

Corbett ֲ[31]
42 ῏ ῃ ̆ ⌠ ᵣ ᵣ

Ȃ ᵣ№ ҩ ≢̔ñchemical compoundòȁñchemical reactionòȁ

ñchemical adjectiveòȁñenzymeò ñchemical prefixòȂ ҉̆ᵬ ≠

̆ ⌠ 74.4% FṿȂ Ҭ ≠ LingPipe
4 ΐ Ȃ

Zhou ֲ[32] ᵣ ≢ ᵬȂ ≢

₮ ᵣӊ ̆≠ ῖ ѿ֓ ≢ ȁ ᵣ Ώ ↕ ̆

Fṿ 60.3% ⌠ 72.6%Ȃ ԍ ̆ ғ ӟ⌠ῃ

ᴨ ↓̆ ԍ ↓ ᴋⱵȂ ԍ Ẋ ̂ ╠

┴ ᶭ ԍ╠ѿ ┴ ̃ Ẋ ̂ ₮ֽҍ ╠ ῏̆ҍ

ῒ ₮ ῏̃Ȃ ңҩẊ ԅ ̆ᵖ Ӟ ᵞԅ ≢ ‰ ȂԊ

҉̆ ↓ Ҍֽ ᶭ ̆ ғ ↓ ҉Ҋ Ӟ ꜛԍ ≢

Ȃ 

Corbett ֲ[33]ᾢᶏ ԍ ≢ nᾝ № ̆ Ῥᶏ

≢̆ 500 MEDLINE ҉ F̆ṿ ⌠ԅ 83.2%Ȃ

ҍ ̆ ̆

ᾟ№≠ ԅ ץ ᴨ ̆ ғᾥ ԅ

Ẋ Ȃᵖ ᶭ ԍ Ẋ ̆ Ẋ ԅ

Ẓ [27]̂Label Bias Problem̃Ȃ 

Klinger ֲ[34] ₮ԅ ԍ ᴆ ≢ Ȃҍ

Ҍ ̆ Ἕץ ѿ ⱴ῀ү ̆Ӟᶏ

‗ԅ Ẓ Ȃ ̆Klinger ֲ ᶫԅ ᵣ

≢ ̆ Һ ῏ International Union of Pure and Applied Chemistry 

                                                 
4 http://www.alias-i.com/lingpipe/index.html 
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(IUPAC) MODIFIER Ȃ≠ ᴆ

̆ ⌠ԅ 85.6% FṿȂ 

ᵣ ≢ᴋⱵҬ̆ ᴆ ҹԅ ╠ Ȃ 2013

BioCreative IV CHEMDNERᴋⱵ҉ ῍ 26ҩ ᴝ ⱴ ֜ԅ ῒ̆Ҭ

19ҩ ᴝ ᶏ ԅ ᴆ [35]Ȃ2015 BioCreative V CDR ᴋⱵҬ̆

16ҩ ᴝ ⱴ ֜ԅ ῒ̆Ҭ 12ҩ ᴝᶏ ԅ ᴆ [36]ȂLeaman 

ֲ BANNER
[37] Ӟ ԍ ᴆ ̆ ԍ ῤ

ᵣ ≢Ȃ2012 ̆Doĵanֲ[38]ᶏ BANNER NCBI ҉

ᵣ ≢̆ ⌠ԅ 81.8% FṿȂ ֲ[39]≠ ᴆ

ᵣ ≢̆ ⱴ ᴆ JNLPBA ҉ ԅ 71.92% FṿȂ 

ᴆ ̆ ԍ ᴆ

Ҭ ҉Ȃɒ L̆eaman ֲ[40]ᶏ ȁ ȁ

ӈ ȁ ȁ Ώ ץ ҉Ҋ ̆ ң ᴆ

≢̆ CHEMDNERᴋⱵ҉ 87.39% FṿȂ CHEMDNERᴋⱵ҉̆Lu ֲ
[41]ᶏ ԅ ≢ȁ ≢ ⌠ԅ 87.11% FṿȂ 

ץ ₮̆ ԍ ᴆ ȁ ᵣ ≢ ᶭ

Ȃ ῀ ԅ ̆ Ӟ

№ Ȃᵖ ⱬ ̆ ץ ⌠ ᴋⱵ ̆

╠ᴋⱵ Ȃ ᴰ ᵣ ≢

̆ ₮ԅ ԍ ML-CNN ᵣ ≢ Ȃ Ҍ ̆

ғ ᵣ ≢ ≢№ ̆ ₃ӍҌ ≢

’Ҋ̆ ̆ ԅ ≢ Ȃ 

1.2.2  ᵩ ῗ  

׆ Ҭ ≢₮ ᵣ̂ ȁ ȁ ̆ ̃ӊ ̆

ץ ѿ ֓ ᵣ ԑᵬ ῏ Ȃ ≢ ᵣ ԑᵬ ῏ ∞ ѿ

Ҭ₮ ңҩ ᵣ ӈ҉῏ Ȃ≠ ֓ ᵣ ԑᵬ

῏ ̆ ץ ꜚ Ȃ 

╠ ᵣ ῏ ᴋⱵҺ - ֜ԑ῏ ̂Protein 

Protein Interaction Extraction̆PPIẼ ȁ - ֜ԑ῏ ̂Drug Drug Interaction 

Extraction̆ DDIẼ - ֜ԑ῏ ̂Chemical Disease Interaction Extraction̆

CDIẼȂῒҬ̆ ⌠῏ - ֜ԑ῏ ̆ ̔
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AImed
[42]ȁBioInfer

[43]ȁHPRD50
[44]ȁIEPA

[45]
LLL

[46]Ȃ ԍ - ֜ԑ῏ ᴋ

Ⱶ̆ ҈ҕ №≢ 2011 2013 ҽⱲԅң

̂DDIExtraction 2011
[47]

DDIExtractioin 2013
[20]̃̆ ₮ԅ Ȃ -

֜ԑ῏ ᴋⱵ̂BioCreative V, CDR
[36]̃ ᶫ̆ ᴋⱵҺ ῏

֟ ’Ȃҍῒ ≢ ῏ ᴋⱵҌ ̆ - ֜ԑ

῏ ≢ ῏ ᴋⱵ̆ ңҩ ᵣ ץ ֟ ῏ Ȃ 

҉ Ὲ ᵣ῏ ҍ ̆ ₮ԅ

‗ Ȃ ֓ ҹң№ץ ̔ ԍ ↕ ԍ ӟ Ȃ 

(1) ԍ ↕  

ᾢ̆ ԍ ↕ ᾟ№ № ̆ ₮

↕ Ȃ ̆≠ ֓ ↕ ᶛȂ ╠ ᶛҍ ҩ ⱳ ̆↕

∞ ᶛҬңҩ ᵣ ῏ ̆ ↕ ῏Ȃ ԍ ̆ ₮

↕ ̆Ҍֽ ԅ ̆ ѿ ȂBlaschke

Valencia ₮ԅ SUISEKI
[48]̆ ≠ Ҭ ȁ ҉Ҋ Ḥ

ԅ 30 ҩ ׆̆ Ҭ ᵣ ̆ ∞ ᴋ

ңҩ ᵣ ῏ ȂCorney ֲ ₮ԅҍ SUISEKI ᵌ ԍ ↕

Ḥ BioRAT
[49]Ȃ ≠ GATE

5 ΐ ̆GATE ҩ

ΐ̆ ≠ ӈ ԍ ↕ Ḥ ȂFundel

ֲ ₮ԅ RelEx
[50]̆ ≠ № ҩ № ⌠

̆ ≠ ү Ḥ ₮ ῏ / ӊ

῏ ᵬȂ 

ԍ ↕ ‰ץ ≢₮ ᵣ῏ ̆p ≢ ץ↕

ᵣ῏ ̆ ᵞȂ ̆ ῏

№ ⌠ Ҍ̆ ῏ Ҍ Ҍ Ȃɒ ̆

ҍ ӊ ῏ ҍ ӊ ῏ Ҍ ̕

Ҭ ԍẫ ҉ ⱴ Ȃ ѿҩ

῏ Ṝ̆ ↕ ᴪ Ȃ ̆ ↕

ⱬ Ȃ ̆ ↕ Ҍֽ ̆

ֲⱬ ῀Ȃ 

(2) ԍ ӟ  

                                                 
5 http://gate.ac.uk/ 
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ԍ ӟ ῏ ѿҩ№ Ȃ ӟ

҉ ӟ ⌠ѿҩ№ Ȃ ԍ ᶛ̆№ ᴪ ӊ╠ ⌠ №

∞ ╠ ᶛҬңҩ ᵣ ῏ Ȃ ԍ ԍ ӟ ץ ‗ ԍ

↕ ᵞ ⱬ ̆ ᵣ῏ ⌠ԅ Ȃ 

ֲ[51] ₮ԅ ԍү ̆ - ֜ԑ῏

ᴋⱵ̆ Ὲ ԓҩ ̂AImedȁBioInferȁHPRD50ȁIEPA LLL̃҉

̆ ԅᴨ Ȃ ̔ ȁnᾝ ȁ֜ԑ ȁ

ᵝ ȁ ȁ ȁΐᵣᵝ ȁῒ ȁ

ȁ ᵣӊ ῏ ȁ ᵣ ӊ Ḥ ȁ ȁᶭ

҈ᾝ ȂKim ֲ[52]Ӟ ү ῀⌠ Ҭ̆

- ֜ԑ῏ ᴋⱵȂ ᶏ Һ ȁ ȁ

Ȃ≠ ҉ ̆ DDIExtraction2013

҉ ԅ 67% FṿȂҹԅ ᴨ ῏ ̆ ֲ ү

ᵬҹ ӟ ῀Ȃ 

ԅ҉ ῖ ̆ ӈ ₱ ҹԅ≠ ӟ ᵣ῏

Һ Ȃ ₱ №̆ ץ ңҩ ᶛ ⌠

ῒ ᵌ Ȃ ῤҌ ѿҩ ⅞№ң ̆

Ҍ № Ṝ̆ ⌠ ̆ᶏῒ

№Ȃᵖ ̆ ̆ ̆

ңҩ ᵌ Ȃ ₱ ץ ‗ Ȃ Ὲ 1.1

̆ ңҩ ix jx ῀⌠ ₱ K( , )ÖÖ ҍ ≢№ױ ₱ )( ixf

⌠ ӊ ῤ ѿ Ȃ ₱ ῀̆ ץ

ῤ Ȃ ̆ ӈ ₱ ̆ ץ ѿҩ

Ḥ ӊ ῒ Ḥ Ȃᶛ ̆ᶭ Ḥ ȁ Ḥ Ȃ 

TK( , ) ( ), ( ) ( ) ( )i j i j i jx x x x x xj j j j=à ð=       (1.1) 

Bunescu ֲ[53] ҹ ҉ ңҩ ᵣ ҉ Ḥ ∞ ╠

ңҩ ᵣ ῏ ⌠ ῏ ᵬ Ȃ ױז̆ ₮ԅ ѿҩ

ᶛȂ ᾢ ≠̆ CCG № [54] ҩ № ⌠ Ȃ

̆ ҉ ₮ ңҩ ᵣ Ȃ ץ ҉ Ḥ ҹ

̆ ᾟԅ Ḥ ңҩ ᵣ ҉ᵝ Ḥ Ȃңҩ ᵣ ҉ᵝ Ḥ ׆

WordNet
[55]Ҭ Ȃ 
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Airola ֲ[56,57] ₮ԅ ῏ Ȃ ҩ ᶛ ңҩ

ѿҩ Ȃѿҩ ↓ ̆ ҉ңҩ

ӊ ̆ ҹ 0.9Ȃ ѿҩ ᶭ ̆

ҩᶭ ῏ ᴪ ҹ Ҭ ѿҩ Ȃ ᶭ Ҭ №ң ̆ ң

ҩ ᵣ ҉ ҹ 0.9̆ ▼Ҋ ҹ 0.3Ȃ ԅѿҩ

֟ Ḥ ̆ᵖ № Ҍ №Ҍ Ḥ Ȃ

ѿҩ Ҭ̆Ҍֽ ԅ Ḥ ̆ ԅᶭ ῏ Ḥ

Ḥ ȂZhang ֲ[58] ̆ ₮ԅ Ȃ

ԍ ץ ⱴ ᶭ Ḥ ̆ ῏ Ȃ 

ᵣ῏ ̆ ԍ ₱ ₮Ȃᵖ ѿҩ ₱

ѿ Ḥ Ȃᶛ ̆ ץ ᶭ Ḥ ̆

ץ Ḥ ̆ ץ Ḥ Ȃҹԅ ѿҩ

ⱴү ῃ Ḥ ̆ Ҍ Ȃ

ץ ⌠ ⱴẫ ғ ῏ Ȃᶛ ̆Miwa ֲ[59] ԅ ȁ

҈ ȂYang ֲ[60] ȁ ȁ Ȃ 

ץ ₮̆ ԍ ӟ῏ ֲ ̂ ₱ Ӟ

ץ ᵬ ѿ ̃̆Ҍֽ ̆ ѿ Ȃ

̆ ₮ԅ ԍ SCNN ῏ ̆ ץ ꜚ ӟ῏

Ȃ ̆ ֽ ȂSCNN ₮ ̆

῏ ῏ Ḥ ῀⌠ Ҭ ῏ Ȃ 

1.2.3  ᵩῗ Ҏᾣ  

╠ ᵣ῏ ᵬ Ả ԋᾝ῏ ̂ DDIExtraction 

2013
[20] ҍ ӊ ῏ № ԅ Ȃ̃ ҉ ᵣ ᵣӊ ү

ӈ῏ ץ ѿ Ȃɒ ̆ ӊ ץ ῏ ̂phosphorylatioñȁ

῏ ̂positive regulatioñȁ ῏ ̂negative regulatioñȁ ῏ ̂bind̃

Ȃ 

ԍ῏ ҡ ̆ ᾢ ⌠ԅ ‗ȂBanko ֲ[61] ₮ԅ

Ḥ ̂Open Information Extraction, Open IẼ ̆ ԍ ₮ԅѿҩ

Ḥ TextRunnerȂ ԍ ῀ T̆extRunnerᴪ Ҭ ᵣ

῏ ҈ᾝ ľ̂ ᵣ 1, ῏ , ᵣ 2Ŀ̃ ȂTextRunnerҌ ֲ ̆

ץ Ҭ ῏ Ȃ ӞҌ ᾢ ῏ ̆ ץ ꜚ
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₮ᴋ ᵣ ῏ ̆ ₮ ץ ╠ңҩ ᵣ ῏ ῏ Ȃᵖ ̆

TextRunnerᴪ ӈ Ҍ ҈ᾝ Ȃ ̆Fader ֲ[62]

₮ԅReVerb ῒ ȂReVerb≠ ῖ ѿ֓ ↕ ̆

ᾢ ≢῏ ̆Ῥ ≢ ῏ ᵣ ԅ῏ ‰ Ȃᵖ

ReVerb ≢₮ꜚ ῏ ̆ ԍῒ ’ҊӞᴪ ҹ῏

ңҩ ᵣȂ ̆Mausam ֲ[63] ₮ԅ OILLIE ̆

῀҉Ҋ № ≢ ꜚ ῏ Ȃ ̆

Ӟ ₮ԅ Stanford Open IE
[64]Ȃ ᾢᴪ ѿҩ ℗№ ̆

Ῥ≠ ׆ Ҭ ₮ ҈ᾝ Ȃ 

̆Ӟ ѿ֓ ῏ Ḥ ῀⌠ ȂNebot ֲ
[65] Ḥ ҈ᾝ Ҍ Ҍ̆ Ḡ ҹ

ᵣ ᵣӊ ῏ Ȃ ̆ Ḥ ᴪ ₮ᴋ ң ᵣ

῏ ̆ ῏ ᵣӊ ῏ Ȃ ҉ץ ̆Nebot

ֲ ₮ԅ ӈ Ḥ Ȃ ԍ ῀ ̆ ᾢᴪ≠

ѿҩ ӈ ΐ[66]
UMLS

[67] ≢₮ ᵣȂ ̆

Ҭ ̆ ₮ Ҭ ᵣӊ ῏ ̆ ҈ᾝ ȂNguyen

ֲ[68] ₮ԅΈҩ ԍ - ̂Predicate-Argument Structure, PAS
[69]̃ Ȃ

ᾢ̆≠ Έҩ ׆ Ҭ ₮῏ ҈ᾝ Ȃ ̆ ֓҈ᾝ

ң ̔ ҈ᾝ Ҭ ᵣ Ҍ Ṝ̆ ҈ᾝ ̕ ᵣ

̆ᵖҌ ᵣ Ṝ̆ ҈ᾝ Ȃ ̆ Ḡ ᵣ

῏ ҈ᾝ Ȃ҉ץң ԍ MeteMap
[70] ΐ ᶫ Ḥ Ȃ 

ᵣ῏ ҈ᾝ ԍ ↕ Ḥ Ȃ ԍ ↕

‰ץ ₮ ↕ ᶛ̆ᵖ ⌠ ↕ӊ ῏ ̆

ᵞȂ ̆ ₮ԅѿ ῏ ҈ᾝ Ȃ ≠ ӟ

ᴨ̆ל ӟ ҍ ↕ ̆ ԅ῏ ҈ᾝ

Ȃ 

1.3  ӥ ῗ  

ῖ ӟ ̂ ̆ ᴆ ̃ ׆ Ҭ ꜚ

ӟ Ȃ ̆ ֲ № ̆ ₮ѿ֓ ̂ ̃ᵬҹ ῀Ȃ

ѿҩ ӟ ̆ Ғҙֲ № ̆
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₮ѿ֓ ╠ᴋⱵ Ȃ ῀ ῀ ѿ

ҩ ӟ Ȃ ̆ ֓ ῖ ӟ ⱬ ̆ ⌠ѿҩ

Ṝ̆ ╠ ₮ Ȃ 

₃ ̆ ԍ ⱬ ῖ ӟ ̆ ӟ ҹԅ ῏ױ

Ȃ ӟ ׆ץ Ҭ ꜚ ӟ № Ḥ ̆

ֲ Ȃ ӟӞ ҹ ӟ̆ ̆

ᴪ׆ ̆ ץ ⌠ ₱
[71]Ȃ ԍ№ ̆ ῀ ῤ ≢ № Ḥ ̆⁞

῏Ḥ Ȃ ᵣ ҹ Ȃ ֲ

≢ᴋⱵҽᶛ ̆ ῀ Ἕ ̆ Ἕ ̆ ҉ ѿ

ᴪ ⌠ ̆ ѿҩ Ȃ ֓ ₮ ѿ ̆ ᴪ

⌠ Ҋ̆ Ȃ ̆ ᴪ ⌠ ֲ Ḥ Ȃ

ӟ ӟ ⱬ ᴋⱵ҉ ⌠ԅ Ȃᶛ ̆ ImageNet 

LSVRC-2012 Ἕ ≢ ᴋⱵҬ̆≠ ӟ  

top-5 ҹ 15.3%
[72]̆ ῖ ӟ ԋ ̂26.2%̃ ₮ 10.9%Ȃ

≢ ҉ H̆inton ֲ[73]Ӟ ₮ԅ ԍ №̆≢ ԓҩ

≢ ҉ ԅ ̆ ӟ ԅ ≢ ‰ Ȃ

ӟ ԅ Ἕ ≢[72,74,75] ≢[73,76] ȁ № [77]ȁ

№ ⱴ [78]ȁ [79]ȁ DNA

[80,81] ҉ ⌠ԅ Ȃ ԍ ӟ Ӟ ԅ Ȃ 

1.3.1   

ѿ № ̆ ѿҩ ҹ Ȃ

ҹ≠ ӟ ‰ ῀ Ȃᵬҹ≠

◐֟ ̆ Bengio ֲ ₮ȂBengio ֲ[82]

Ṝ̆ ᾢ ҩ ⌠ ѿ ̆ ױ ᵬҹ ῀Ȃ

֓ ҬӞ ⌠ Ȃ Ṝ̆ ץ

⌠ Ȃӊ ̆ Ҍ ₮ ȂCollobert ֲ[83]Ӟ

⌠ԅ ̆ ץ ᵬҹ ῀̆ ȁ № ȁ

ᵣ ≢ ӈ ҉ ԅᴨ Ȃ ԍ҉ץ ᵬ̆ױז ԅ
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ѿҩ ððSENNA
6̆ ᶫ ȂMiklov ֲ[84] ₮

ԅ CBOW Skip-Gram ȂCBOW ץ ╠ ᵬҹ ῀

╠ S̕kip-Gram ץ ╠ ᵬҹ ῀ ῒ Ȃץ CBOW Skip-Gram

ҹ word2vec
7 ╠ ΐȂPennington ֲ[85]

₮ԅ ῃ Ḥ ̆ ᶫ ΐððGolVe
8Ȃ҉ ԍ

҉Ҋ ֟ ̆ Ẋ ңҩ Ҭ ҉Ҋ ᵌ̆↕ңҩ ӈ

ᵌȂңҩ ᵌ̆↕ ңҩ ᵌ Ȃ ̆ ҍ ῖ

̂One-hot̃ ̆ ү ӈḤ Ȃ≠ ֓ ӈḤ ̆ ץ ң

ҩ ӊ ᵌ ȂBulimia Lumbago ̆Trump ᴋ Ȃ

ԍ ̆Bulimia Lumbago ᵌ ԍ ҍױ Trumpӊ ᵌ Ȃ

ᵖ ԍ One-hot ̂Bulimia=[1,0,0], Lumbago=[0,1,0], Trump=[0,0,1]̃̆ ӊױ

ᵌ 0̆ ᴋᵥ ≢Ȃ 

ῖ ԍ ҉Ҋ Ḥ ⌠Ȃ ̆Hashimoto

ֲ[86]
Levy ֲ[87]↕ ₮ԅ ԍ ҉Ҋ Ḥ ̆ Ẋ ңҩ

҉ ҉Ҋ ᵌ̆↕ ױ ӈ ᵌȂ ԍ ҉Ҋ ԍ

҉Ҋ ̆ ץ ≠ ҉Ҋ ֟

Һ Ḥ ̆≠ ҉Ҋ ֟ ӈḤ Ȃ ₮

dancing ҩ Ṝ̆ ≠ ҉Ҋ ֟ Ҭҍ dancing ᵌ

₃ҩ danceȁsingingȁdancer Ȃ ̆ ԍ ҉Ҋ ֟

Ҭҍ dancing ᵌ singingȁrappingȁbreakdancing Ȃ 

1.3.2  ӥ ᵩ ⌡ҏ ῗ  

ץ ᵬҹ ῀̆ ӟ ⌠ԅ Ȃ ԍ ᵣ ≢

C̆ollobert ֲ[83]≠ ╠ ‗ ᵣ ≢ ↓

Ȃҹԅ ↓Ḥ ₮ ӊ ᶭ ῏ ױז̆ ₮ԅ ≢

ᵌ ₱ Ȃӊ S̆antos Guimaraes ֲ[88] ԅ Collobert ֲ ᵬ̆ ԅ

‰ ̆ ῀ ѿҩ Ḥ Ȃᶛ ̆ ԍ ≢

̆ ץ Ȃ ץ ⌠ ֓ Ḥ ̆

ꜛ ≢ ῖ Ȃ Ҭ ̂Convolutional Neural 

                                                 
6 http://ronan.collobert.com/senna/ 

7 https://code.google.com/p/word2vec/ 
8 https://nlp.stanford.edu/projects/glove/ 

https://code.google.com/p/word2vec/
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Network̆ CNÑ[89] ѿҩ ≢ ̆ ѿҩ

῀⌠ѿҩ Ҭ̆ ⌠ ₮ ᵬҹ ≢

Ȃ 

ԅ҉ ңҩ ᵬӊ ̆ῒז ױ ̂Recurrent 

Neural Network̆ RNÑ[90,91]Ȃ ‗ ԅ ץ ↓

῀ȂRNN ῀ ↓ ᴪ̆ ↓ ׆ ѿҩᾝ ᶭ ȂRNN

ѿҩ ӊ╠ ῀ ᾝ Ḥ ̆ ҍ ᾝ ᵬȂ ԍ

ҩᾝ ̆ ץ ₮ȂChiu Nichols
[92] ₮ԅѿ

̂Bidirectional Long Short Term Memory, BLSTM̃ Ȃ ᾢ

≠ ӟ ҩ ≢ ̆ ѿҩ Ҭ ҩ

≢ ῀⌠ Ҭ ↓Ȃז

ױ ᶏ ԅ [83]Ҭ ₮ ≢ ᵌ ₱ ₮ ӊ ᶭ ῏

ȂMa Hovy
[93] ₮ԅѿҩ ‗ ↓ BLSTM-CNN-CRFȂҍ

[92] ᵬ ѿҌ ̆ ≠ ԅ ᴆ ѿҩ ↓Ҭ ᾝ

ȂLample ֲ[94] ₮ԅ BLSTM-CRF ̆ҍӊ╠ ᵬ Ҍ ̆

ԍѿҩ ≢ ӟ ԅ Ҍ

Ȃ ֓ ᵣ ≢ ҉ ԅ Ȃ 

1.3.3 ӥ ῗ ҏ ῗ  

ԍ῏ ̆ ӟӞẠԅѿ֓ Ȃ ᾢ Z̆eng ֲ[95]
Collobert

ֲ[83] ‗ ӈ Ṝ ₮ ᵝ ῀⌠῏ ҉Ȃ ԍ

῀ Ҭ ҩ ̆ ԅ ӊ ̆ ₮ ҍңҩ ᵣӊ ᵝ

Ḥ ̆ ҩ ᵝ ҹ ᵝ Ȃ ҍ ᵝ

῀⌠ѿҩ Ҭ ≢ Ȃ ̆ ңҩ ᵣ

҉Ҋ WordNet
[55]҉ᵝ ̆ ѿ ῃ

⌠ ≢ Ȃ ̆ ≢ ҍ ≢ ῀⌠

Softmax№ ∞ ╠ ᶛ ῏ ȂZhang ֲ[96] ₮ԅ ԍ

῏ Ȃ ԅ Zeng ֲ ȁᵝ ԍWordNet ҉ᵝ

ӊ ̆ ᶏ ԅ ȁ ᵣ ȁ ԍ № Ḥ Ȃ

Yan ֲ[97]↕ᾟ№ ԅ Ḥ ̆ ңҩ ᵣ ҉ ῀⌠

ҬȂYan ֲ ȁ ȁ ԍWordNet ҉ᵝ
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҉ ↓№≢ ῀⌠Ҍ Ҭ ҩ ≢

Ȃ ̆ ҩ ѿ ῀⌠ Softmax№ № Ȃ 

ԅ ᵣ ≢ ῏ ̆ ӟ ῒ ҉Ȃ

ᶛ ̆ ̆ ԍ - ̂Encoder-Decoder̃
[98,99]

ҹ ҙ ‰Ȃ ԍ ῀ ѿҩ ↓̆ ᾢᴪ

Ҭ ӈ ̆ Ῥ ѿҩ Ҭ ӈ

Ȃ Ḥ ⱬ № Ӟ ⌠ԅ

῏ [100,101]Ȃ 

1.4 Ӏ ғ Ὺ  

1.2 ₮ԅ Ȃ ԍ ̆ ӟ

ԍ ↕ ̆ᾢ ᵣ ≢ȁ ᵣ῏ ῏ ᵬ̆

ᵣ῏ ҈ᾝ Ȃ҈ᾝ ңҩ ῏ ᵣ

ΐᵣ῏ ῏ Ȃ ῤ ΐᵣ№ץҊ₃ҩ ׃ ̔ 

 

 

1.2   

Fig. 1.2  The research framework of this thesis 

 

ԋ ₮ԅѿ ᵣ ≢ ðð Ȃ ᾢ̆׃

╠ ԍ ᴆ ԍ ᵣ ≢ Ȃ ׃̆

₮ Ȃ ‗ԅ ᴆ

ֲ Ȃ ̆ ԍ ᵣ ≢

≢ ↓ ̆ ₮ ᵣ ≢

≢ № ̆ ԅ Ȃ ̆ ҩῈ ᵣ ≢ ҉

№ Ȃ ̆ ₮ ҩ ҉ FṿȂ 
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҈ ₮ԅѿ ᵣ῏ ðð Ȃ ᾢ̆׃

ῖ CBOW Skip-GramȂ ׃̆ ₮ Ȃ

↓҉ ̆ ⌠ Ḥ Ȃ ̆

One-hot ᾢ Auto-encoder ̆ Ῥҍ№ Ȃ

ԍ ⌠ԅ Ȃ ̆ DDIExtraction2013 ҉

№ Ȃ ̆ ץ ‰ ≢₮ ᵣ ῏ Ȃ 

₮ԅѿ ᵣ῏ ҈ᾝ Ȃ ҈ № ̔

ᵣ ≢ȁԋᾝ῏ ῏ Ȃ ᵣ ≢ ԋᾝ῏ ᶏ ԋ

҈ ₮ Ȃ Һ ׃ ῏ №Ȃ ᾢ̆ ׃ ᶭ

῏ ԍ Ḥ Ȃ ׃̆ ₮

ῖ ῏ ̆ ῏ ῖ Ȃ ̆ ῏ ү

- ֜ԑ῏ ҉ № Ȃ ̆

ӟ ↕ ̆ ԅ῏ ҈ᾝ Ȃ 

ԓ ῃ ᵬ ̆ ⇔ ̆ ᵬ Ȃ 
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2  ᵩ ⌡ 

2.1   

ᵣ ≢ Ḥ ᴋⱵ Ȃᶛ ̆ ᵣ ῏ ∞ ѿ

Ҭ῍ ңҩ ᵣ ῏ ̆ ₮ΐᵣ ῏ Ȃ ῏ ̆ ᾢ

≢₮ ᵣȂ ԍԊᴆ ᾢ Ԋᴆ ̆ ₮ Ԋᴆ Һᵣ ῒ

Ḥ Ȃ Ԋᴆ Һᵣ̂ ᵣ̃̆ ᾢ ≢₮Ṝ ᵣ̆ Ῥ∞

ᵣ ╠Ԋᴆ ҺᵣȂᵬҹ Ḥ ᴋⱵ ̆ ᵣ ≢ Ҍ ̆

ῒ ᴪ ᴰ Ȃ ̆ ᵣ ≢ ᵬѿ ⌠ ῏ Ȃ ῒ

̆ ᵣ (DrugBank
[8]ȁMeSH

[23]ȁOMIM
[102]

)Ȃ

ׂ ̆Ҍ ֲ Ȃ

Ғ ℗ Ṣꜛ ⱬ ׆̆ Ҭ ꜚ ≢₮

ᵣȂ 

Һ ῤ ᵥ≠ ̂Multiple Label 

Convolutional Neural Network̆ ML-CNÑ‰ ȁ ׆ Ҭ ≢₮

ᵣȂ ╠ ᵣ ≢ᴋⱵ ≢ ↓ ̆

↕ ᵣ ≢ ҹ ≢ № ̆ ≢ Ȃ ̆ ≠

└̂Multiple Label Strategy̆ MLS̃ ף ԍ

₮ ӊ ᶭ ῏ ̆Ῥѿ Ȃ ̆ Ὲ ᵣ ≢ ҉

№ ̆ ᵀȂ 

ῒ ῤ Ҋ̔ ԋ ׃ ᵣ ≢ᴋⱵץ ῤ Ȃ

҈ ԅ ML-CNN Ȃ ≢ᴋⱵ ≢ᴋⱵ

ML-CNN ԅῃ Ȃ ԓ Һ ᵬ Ȃ 

2.2  ᵩ ⌡  

2.2.1 ᵩ ⌡ᴑꜙ 

ᵣ ≢ᴋⱵ ׆ Ҭ ꜚ ₮ ᵣ ̂ ȁ

ȁ Ȃ̃ 2.1 ̆ Ҭ / ̂Glucocorticoid receptors̃ȁ

/ ̂glucocorticosteroids̃ȁ ̂bronchial asthmã ᵣȂ ῀

Ṝ̆ ₮ ᵣ̆ ₮ ᵣ Ȃ 
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2.1  ᵣ ≢ 

Fig. 2.1  Biomedical named entity recognition 

 

 2.1  BIO ᶛ 

Tab. 2.1  An example of BIO tagging scheme 

  

Glucocorticoid B-Protein 

receptors I-Protein 

in O 

peripheral O 

blood O 

lymphocytes O 

of O 

patients O 

with O 

bronchial B-Disease 

asthma I-Disease 

. O 

 

≠ ӟ ‗ ᵣ ≢ Ṝ̆ ᵣ ≢ ↓

̆ ᵬ ↓ ῀ ӟ ̆ ₮

ҍ ῀ ↓ѿѿ ѿҩ ↓Ȃ └Һ Ҋ₃ ̔BIO └̆

BIOE └̆BIOES └ ȂῒҬ B̂begiñ ѿҩ ᵣ Î̕inner̃

ᵣῤ ̕Ôother̃ ↓Ҭ ᵣ № ̕Êend̃ ѿҩ
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ᵣ ѿҩ ̕Ŝ singlẽ ѿҩ ᵣȂץ 2.1Ҭ ѿҩ ҹ

ᶛ̆ ῀ ñGlucocorticoid receptors in peripheral blood lymphocytes of patients with 

bronchial asthma.òṜ ₮ ↓̂BIO └̃ 2.1Ҭ ₮Ȃ 

2.2.2  ᵩ ⌡ ῗ  

╠̆ ᴆ ҹ ‗ ᵣ ≢ᴋⱵ Һ Ȃᶛ ̆

BioCreative V CHEMDNER-patents
[103] ≠Ғ׆ Ҭ ≢₮ Ȃ

16ҩ ⱴ ᴝҬ 14ҩ ᴝᶏ ԅ ᴆ ȂBioCreative V CDR
[36]

ѿҩ ≢ ᴋⱵȂ 16ҩ ⱴ ᴝҬ 12ҩ ᴝᶏ ԅ ᴆ Ȃ

ԅ ῖ ᴆ Ӟ̆ ѿ֓ ӟ ⌠ ᵣ ᵣ ≢ᴋⱵҬȂ 

(1) ᴆ  

ᴆ [27] ѿ ∞≢ ̆ ҩ ṿ ᴆ

Ȃ 2.2 ₮ԅ ᴆ Ȃ 

 

 

2.2  ᴆ  

Fig. 2.2  The structure of the conditional random field  

 

Ẋ 1 2{ , ,..., }nx x x=x ҹ ↓̂ѿҩ ↓̃̆ 1 2{ , ,..., }ny y y=y ҹ

↓Ȃ ᴆ ( | )P y x ӈ Ὲ 2.1 ̔ 

1

1 1

1
( | ) ( ( 1, , , )) ( , , )

n n

j j i i k k i

j i k i

P t y y i s y i
Z

l m
-

= =

= + +ää ääy x x x    (2.1) 

ῒҬ
1( , , , )j i it y y i+ x ӈ ↓ ңҩ ᵝ ҉ ₱

̂Transition Feature Function̆ TFF̃ ̆ ԍ┴ ӊ ԑᶭ ῏ ץ

↓ ױ Ȃ ( , , )k is y ix ӈ ↓ ᵝ i ҉ ₱ ̂Status 

Feature Function, SFF̃ ̆ ԍ┴ ↓ Ȃ
jl km ңҩ ₱

̆Zҹ Ȃ ᶏ ᴆ ‗ ᵣ ≢ Ṝ̆

ΐᵣ ӈ ₱ ̂TFF SFF̆ ҹ ṿ₱ ┴ץ̆̃

ix 1ix+2ix- 1ix-

2iy- 1iy- iy 1iy+
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ѿ֓ Ȃץ ≢ҹᶛ̆ Ὲ 2.2

TFF 

1

1

1 "O", "B", "sigmaF"
( , , , )

0

i i i

j i i

y y x
t y y i

+

+

= = =ë
=ì
í

x
̆

̆ ῒז
   (2.2)

 

↕ ╠ sigmaF Ṝ̆ Ҋѿҩ №≢

ñBòñOò̆ sigmaF ѿҩ Ȃ Ὲ 2.3 SFF 

1 "O", "V"
( , , )

0

i i

k i

y x
s y i

= =ë
=ì
í

x
̆

̆ ῒז
      (2.3) 

Ẋ ₱ ̆↕ ╠ ҹñVò

̂ꜚ ̃ Ṝ̆ ñOò̆ ѿҩ ꜚ Ṝ ҹ ᵣ

Ȃ 

ᶏ ᴆ ‗ ᵣ ≢ Ṝ̆

̂TFF SFF̃
[104-107]̆ᶛ ȁ ȁ ӈ ȁ ȁ

ῖ ȁ ȁ Ȃ ֓ Ҍֽ ̆

ғ ⱬȂ 

(2)  

ӟ ᵣ ≢ᴋⱵ҉ ԅ Ȃ

ӟ ↓ ῀ ̆ ҹԅ ᵣ ≢ Ȃ

ԍ ῀ ↓̆ ѿҩᾝ ̆ ╠ᾝ ₮ᵬҹҊѿ

ҩᾝ ῀ ѿ №Ȃ ҉ Ữץ ӊ╠ᾝ Ḥ Ȃᵖ ԍ

Ҭ ̆ ᵟ Ḥ Ȃ [91] ῖ

҉ ῀ └̆ ‗ԅ Ḥ ҡ ̆ ҹԅ ↓
[92-94,108]Ȃ 2.3 ̆ ѿҩ ñHFE binds to the transferrin receptorò

῀ Ṝ̆ ᾢᴪ ҩ ҹ Ȃ

Ҋ҈ № ̔ 

(1) ̆ ҩ ҹ Ȃ 

(2) ̆ ╠ ҩ ҹ ̆ ῀⌠

Ҭ̆ ⌠ѿҩ Ȃ 

(3) ῒ ѿҩ ꜛԍ ᵣ ≢ᴋⱵ ῒ Ḥ ҹ

̆ Ḥ Ȃ 
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̆ ↓ ῀⌠ ҬȂ

ῖ ҉ ῀ԅ ᾝ ҈ҩ ̂ ȁ ῀ ₮ ̃

└Ḥ Ȃ ᵬ ץ Ҋ₃ҩῈץ Ȃ 

 

 

2.3  BLSTM-CNN-CRF  

Fig. 2.3  BLSTM-CNN-CRF method 

 

1[ , ]t t t-=z H x           (2.4) 

( )t F t Fs= Ö +F W z b         (2.5) 

( )t I t Is= Ö +I W z b          (2.6) 

tanh( )t C t C= Ö +C W z b         (2.7) 

1t t t t t-= +C F C I C         (2.8) 

( )t O t Os= Ö +O W z b         (2.9) 

tanh( )t t t=H O C            (2.10) 

t ҩᾝ tx Ṝ̆ ᾢ tx ҍ╠ѿҩᾝ ₮ 1t-H ⌠ tz

̂Ὲ 2.4̃ Ȃ ̆№≢≠ Ὲ 2.5 2.6 ⌠ tF ῀ tI ̆Ῥ≠ Ὲ

2.7 ₮ ╠ᾝ Ṝ ᾝ
tC ȂῒҬ̆sҹ sigmoid₱ ̆ tF tI

ҩᾝ ṿ ҹ 0⌠ 1ӊ ṿ ῒ̆ᵬ ╠ᾝ ᾝ tC Ṝ̂ Ὲ

2.8̃ ҉ѿҩᾝ ᾝ 1t-C Ḥ ῀ ╠ᾝ Ṝ
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ᾝ
tC Ḥ Ȃ ῀Ḥ ҍ ≠ ҍ tF tI ᵝ ӗ

№Ḥ ⱳ Ȃ ṿ 0̆ ᴪ Ȃ ̆≠ Ὲ 2.9

₮ tO ҍ ╠ ᾝ tC ᵝ ӗ ₮ tH ̆ ₮Ȃ 

ѿҩ ↓Ҭ ҩᾝ Ṝ̆ ╠ᾝ ᶷ

ᾝ Ḥ ̆ ╠ᾝ ᶷᾝ Ḥ ̆ ҡ №҉Ҋ Ḥ Ȃ ̆

≠ ‗ ᵣ ≢ Ṝ̆ ᴪ Ȃ

2.3 ̆ ҩᾝ ᴪ ѿҩ ѿҩ №

≢ ╠ᾝ ᶷ ↓ ᶷ ↓ Ḥ Ȃ ̆ ₱ ̂tanh̃ ңҩ

₮ Ȃ ̆ ↓ ῀⌠ ᴆ

↓Ȃ 

2.3   

҉̆ ᵣ ≢ ңҩ Ȃ ѿ̆ ῖ ӟ ̂

ᴆ ̃ ֲ ̆ ⱬ Ȃ

⌠ ᵣ ≢ᴋⱵ Ṝ̆ ╠ᴋⱵ Ȃ ԋ̆ ӟ

ᵣ ≢ ≢ ↓ Ȃ ӟ

҉̆ ⱴѿҩ ̂ ᴆ ̃ ҩ Ȃ ԅ

ӟ ӊ ̆ ѿҩ ̆ ≠ [109]

ᴨ ↓Ȃ ̆ ᶏ ⱴ Ȃ 

ҹԅ ‗҉ ̆ ₮ԅѿҩ ᵣ ≢ ððML-CNNȂ

ML-CNN ѿҩẊ ҉̆ ѿҩ ҉Ҋ Ḥ ∞ץ Ҍ

ᵣȂ M̆L-CNN ᵣ ≢ᴋⱵ ѿҩ ≢ № Ȃ

╠ ҩ Ḥ ᵬҹ ML-CNN ῀Ȃ ̆ №ҹ҈ҩ ≢

̂ñBòȁñIò̆ñOò̃Ҭ ѿҩȂ ᾢ̆ML-CNN ȂML-CNN ῀

ȁ ῖ ҈ № Ȃ ῖ ∆ ⌠̆

word2vec ⌠Ȃ ֓

ѿ №̆ Ҭ ꜚ Ȃ҈҉ץҩ ῀Ҭ ῖ ֲ ̆

ץ ML-CNN Ȃ ̆ ₮ └ ₮

ӊ ᶭ ῏ Ȃ └ ╠ ̆ ӊ

ᶭ ῏ Ȃ └ └ ᾟ ₮ ҩ ץ ̆ ԍ ⱴѿҩ

ᴆ Ȃ ̆ML-CNN ≠№ᾟץ GPU ⱬ
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Ȃ ̆ ᶭ ↓Ҭ ѿҩᾝ ̆

Ȃ ץ ₮ M̆L-CNN ‗ԅᴰ ᴆ

ғ ⱬ Ȃҍ BLSTM-CNN-CRF ̆ ԅ

ԅ Ȃ 2.4 ̆ML-CNN ΐᵣ ԅ Ҋ ҩ ̔ 

 

 

2.4  ML-CNN  

Fig. 2.4  The flowchart of ML-CNN 

 

(1) Ȃ ̆ᶏ ӟ ῤ Ḥ Ȃ 

(2) № ӟȂ ѿҩ ≢ȁ ≢ ῖ № Ȃ

word2vec ̆ ῖ Ṣꜛ ᵣ

ῖȂ 

(3) ML-CNN Ȃץ 2Ҭ ҈ ᵬҹ ̆ ML-CNN№

Ȃ 

(4) Ȃ ML-CNN№ № ̆ ѿ Ȃ 

2.3.1   

ᾟ№ ҉ Ȃ ң ̔№

Ȃ 
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(1) №  

№ ̂Tokenizatioñ ҹ № Ḥ ᴋⱵ ‰

ӊѿ̆ѿҩ № ᵬ ̆ ℗№ ӈ ᵝ Ȃ ץ

ñ/--><;:?[]{}()!@#$%^&* -+òҬ ᵬҹ℗№ ̆ Ҭ₮ ֓

ҍ╠ ℗№ Ȃ 

(2)  

̂ ̃ ₮ ҬȂᶛ ̆ ñ164 patients 

(mean age +/- standard deviation [SD] 81.6 +/- 6.8 years) were admittedòҬ₮ ԅѿҩ

ľ164Ŀ ңҩ ľ81.6Ŀ ľ6.8ĿȂ ֓ ѿ ̂ñnumò̃

ñ̆num patients (mean age +/- standard deviation [SD] num +/- num years) were admittedò̆

Ҍᴪ ӈ Ȃ≠ word2vec ̆ ᴪ ⌠

ñnumò ̆ Ҍ ñ164òȁñ81.6òñ6.8ò҈ҩ ҈ҩ Ȃword2vec

≠ ꜚ ׆└ ῀ ᶷᶭ ꜚ ῀Ȃ ̆ ᵬ

ñnumò ҈ ̆ Ҭñ164òȁñ81.6òñ6.8ò҈ҩ ѿ Ȃ

ԍ ̆ ̆ ⌠ ‰ Ȃ ̆ ѿ

⌠ ‰ Ȃ ̆ ѿ

҉⁞ ҩ ׆̆ ⌠ ⱴ ⁫ Ȃ 

2.3.2  ⅎ ӥ 

ML-CNN Ҭ ҩ ѿҩ Ȃ ҩ ҈

№ ̆№≢ ≢ № ̂ ̃̆ ≢ № ῖ

№ Ȃ 

(1) ≢ №  

ץ ᴋ ѿҩ ѿҩᵞ Ȃ ₮ ҹԅ

‗≠ Ҭ [82]Ȃ № ԍ ӟ

ᵣ ≢ ץ ᵬҹ ῀[92-94]Ȃ ⌠ ̆

ᵬҹ ῀[110]Ȃ ̆ ԅ ᶫ ӊ ̆

ᾟԅ 17,354,833 MEDLINE ̆ ֓ ԍPubMed ᶫ MEDLINE

Ȃ Ҋ MEDLINE ҍ ӊ ̆ҍ ѿ

῀⌠ word2vecҬ̆ ⌠ ≢№ Ȃ 

(2) ≢ №  
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≢ № ҍ ≢ № ѿ ̆ ҹԅ≠ ӟ ‗

ᵣ ≢ ‰ ῀[92-94]Ȃ ≢ № ׆ ѿҩ

Ҭ ӟѿҩ Ḥ Ȃ 2.5 ₮ԅ ≢ №

Ȃ 

 

 

2.5  ≢№  

Fig. 2.5  Character-level distributed representation 

 

ᾢ̆ ԍ ῀ ñdepressionò̆ ҩ ≠

Ȃ ̆ ↓ ῀⌠ѿ Ҭ̂

2.3.3 ׃ ̃̆ ӟ ῤ Ḥ Ȃ ̆

₮ ↓ ⌠ѿҩ ≢№ Ȃ ӊ ̆

ӊ ⱴԅ Dropout ץ[111]└ ⱬȂ ҩ

̂20 ̃ ̆ ∆ ṿ ∆ ⌠Ȃ

Ҭ Ҭ₮ Ȃ ≢№ Ҍֽ ץ ⌠

ѿҩ Ḥ ̆ ץ ѿҩ Ḥ Ҍ‰ Ȃ ≠ word2vec

Ṝ̆ ѿҩ Ҭ₮ ̆ ̆

ץ ⌠ ‰ Ȃ ѿҩ Ҭ₮ Ṝ̆

≢№ Ҍ ‰ ̆ ≢ № Ḥ ᾟȂ 

(3) ῖ №  

№ ᵣ ≢ [105-107] ԍ ῀Ȃ

Ҭ̆ Ṣꜛ ᵣ ῖ ῖ Ȃ ԍ ≢ᴋⱵ̆ᶏ MEDIC
[112]
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ῖ ȂMEDIC OMIM
[102]

MeSH
[23]

ñDiseaseò № ̆

9,700ҩ 67,000ҩ ̂ ѿ ̆ᶛ ̆

ȁῃ Ώ ̃ ῖȂ ԍ ≢ ↕̆ᶏ Jochem
9 ῖȂ

Jochem ҂ҩҌ ῖ̂ MeSHȁDrugBank
[8] ̃ Ȃ

ML-CNNҬ ῖ № Ҋңҩ ̔ ѿ ≠̆ MEDIC

Jochem ῖҬ ᵣ ̂ ȁ ̃ Ҭ

ұ ̆ ⌠ ῖҬ₮ ᵣ Ȃ ԍ ῖ ץ ѿҩ

‰ ñBIOò↓̆ ѿҩ Ҭ ҩ ᴪ ñBò̆ñIòóOôȂ ԋ̆

ҩ ῖ ̆ ῖ № Ȃ

ῖ ץ ∆ ⌠Ȃ 

2.3.3   

ML-CNN ᴆȂ ᴰ

Ҭ ѿ ῃ ̂ ӗ ̃ ҹ ̂ ̃ ⌠

Ȃ ≠ ‗ ῏ ̆ ᴪ ῀ ̂ ↓̃

↓̆Input 1 2[ , ,..., ,... ]i n=x x x x ̆ῒҬ
v

iÍÁx ף ῀ Ҭ i ҩ

̆ῒ ҹ VȂ 

(1)  

̂Kernel̃ ѿҩѿ ̆ ԍ ῀ ↓

ðð ̂Feature Map̃ Ȃ ῀ ׆҉↓ ꜚ̆ ꜚ

Ҭҍ ῀ ↓Ҭ ⌠ № ῤ ⌠ Ȃ ꜚ

̂Stridẽ ̆ Ṝ ҹ 1Ȃ 

ᶏ ѿҩ ῀ Input ̆ ѿҩ Ȃ

Ҭ̆ҹԅ ү ̆ ᴪᶏ ҩ ᵬ̆ ҩ

Ȃᶛ ̆
m k³ÍÁK ץ ᵬ mҩ ҹ k Ȃ

ԍ ῀ Input ҹV ѿ ↓̆ kץ V Ṑ (k=win³V̆

ῒҬ win ץ ̆ win ҩ )Ȃ≠ Ὲ 2.11 ץ ץ i

ҩ ҹ Ȃ 

/2 /2[ ,..., ,..., ]i i win i i winÖ - += Ö T
FM K x x x      (2.11) 

                                                 
9 http://biosemantics.org/index.php/resources/jochem 
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ῒҬ m

iÖÍÁFM ̆ mҩ ץ i ҩᾝ ҹҬ ₮ mҩ Ȃ

≠ K ῀ ↓Ҭ nҩᾝ ӊ ץ ⌠
m n³ÍÁFM ̆ mҩ

mҩ n Ȃ 

(2) ̂Pooling̃  

ҹԅ ‗ Ἕ Ἕ ≢ ₮̆ ̂ ȁ

̃ ҍ ѿ ᶏ [72,74,75]̆ ҹԅ ‗ Ҍ

̂Local Shift Invariancẽ Ȃ Ҍ Ἕ ѿҩ Ȃ

ᴋⱵ ΐ Ҍ Ȃɒ ̆ ѿ ȁ

ᵬӊ ׅ̆ ₮ Ҭ Ȃ ᵬ ץ ⁞ ңҩ

̆ ᵞ Ҭ Ȃ 

ԍ ̆ Ӟ ᶏ ᵬȂ≠ Ὲ 2.12 ץ ҉ѿ Ҭ

₮ Ȃ 

max( )i iMaxFM Ö= FM ̆1 i m< <      (2.12) 

ῒҬ iÖFM FM Ҭ i ̆max ṿ₱ ̆ ԍ ῀

ᾝ Ҭ ṿȂ׆Ὲ 2.12 ץ ₮̆ ᵬ ׆ i ҩ ֟ n

ҩ Ҭ ₮ ṿᵬҹ ₮Ȃ m ҩ №≢ ᵬ̆

mÍÁMaxFM Ȃ 

(3)  

̔ ҍ ӊ ῃ ̆ ῀ ѿҩ ҍ ₮

ѿҩ ӊ Ȃ ̆ Ҭ Ȃ Һ

ԍ ῀ ҩ Ȃ׆Ὲ 2.11 ץ ₮ ᵬ

₮ iÖFM ҍ ῀ /2 /2[ ,..., ,..., ]i win i i win- +x x x ῏Ȃ ᶏ

ԍᴰ ̆ ӟ ᵞȂ 

῍֣̔ ₮ ῀ ҍ ӗ ⌠ Ȃ

ҩ ҍѿ Ȃ ↕ ׆ ꜚ

Ҭᴋᵥѿҩᵝ ῍֣̆ ῍֣ ᵞԅ ҩ Ȃ 

̔ ᵬ ῀ ̆↕ ᵬ ₮

Ӟᴪ ⌠ Ȃ ԍ ῀ ᵬ ᵬ Ῥ

ѿ Ȃ ҬҺ ᵝ ̆ ԍ

ᵬᶏῒḠ Ҍ Ȃ 
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2.3.4  ML-CNN 

ԍ ӟ ᵣ ≢ ᵣ ≢ ԍ

↓ ̆ ML-CNN ῒ ≢ № Ȃ Ẋ ѿҩ

҉Ҋ Ḥ ∞ץ ᵣ̆ Ҍ ҩ Ḥ Ȃ ̆

Ḥ ᵬ ѿҩ ԍ҉Ҋ Ḥ ≢№ ̆ Ҍ

↓ Ȃᵖ ̆ ≢ № ᴪҡ ӊ

ᶭ ῏ Ȃᶛ ̆ ҉ñOò ӊ Ҍ ₮ ñIòȂῒ ӟ

ⱴѿҩ ᴆ ‗ ӊ ᶭ ῏ Ȃ ̆ ⱴѿҩ ᴆ

ѿҩ Ȃ ̆≠ ᴆ ‗ ᶭ ῏ ᴪᶏ

ӟ ⱴ ȂML-CNN ₮ԅѿ ≢№ └̆

ӊ ᶭ ῏ Ȃ └ ҩ ̂ ̆

╠ ̃ ӊ ᶭ ῏ Ȃ └

₮ ҩ ץ ̆ ԍ ᴆ Ȃ 

 

 

2.6  ML-CNN  

Fig. 2.6  The architecture of ML-CNN 
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2.6 ₮ԅ ML-CNN Ȃ iw ҍ ҉Ҋ

῀⌠ ML-CNN ҬȂ ᾢ̆ ҩ ѿҩ ̆ ҩ

≢ № ȁ ≢ № ῖ № Ȃ

̆ ֓ ↓ ῀⌠ ̂2.3.3Ҭ׃ ̃Ҭ̆

ᵬ ⌠
h m n³ÍÁFM ̆ῒҬ m ҩ ̆n ҩ

֟ ҩ Ȃ ̆ h
FM Ҭ mҩ ֟

̂ ̃ ῀⌠ ₮ ⌠
1 2[ ]main m m m

zo ,o ,...,o=out 1 2[ ]aux a a a

ko ,o ,...,o=out ȂῒҬ̆

main
out ҹ ₮ ̆ ҩᾝ №≢ №ҹ ľ̂BĿ̆ ľIĿ̆ ľOĿ̃

Ḥ ̕ aux
out ҹ ⱴ ₮ ̆ ҩᾝ №≢ ╠ №ҹ Ḥ

Ȃ 

׆ 2.6Ҭ ץ ̆ML-CNN Ҭ ᶏ ᵬȂ 2.3.3 Ҭ ̆

ᵬҺ ҹԅ ‗ Ҍ ̆ ץ ⁞ ңҩ

ᵞ Ҭ Ȃ ̆ ԍ Ҍ ȁ ᵬ̆ Ҍ

Ҍ Ȃ M̆L-CNN ῀ ̆

῀ ԍ Ἕ ȂẊ ҩ 100 ̆

῀ ╠ 4ҩ ҉Ҋ ↕̆ML-CNN ῀ ҩ ҹ 900Ȃ ̆

Ἕ Ҭ̆ ῀ ҹ 65,536̂ 256*256̃ Ȃ ץ ₮ M̆L-CNN

‗ ᵣ ≢ ԍ Ἕ ᵞ Ȃ ѿ ̆ Ӟᴪ

Ḥ ҡ Ȃ ̆ ML-CNN Ҭ ᶏ ᵬȂ 

ӈ 1 2{ , , , , , ,..., , }w c d c h oq=E E E K K K K W ҹ ML-CNN Ȃ wE ̆ cE

dE №≢ҹ ≢№ ȁ ≢№ ῖ№ Ȃ ױ

Ҭҍῒ ѿ Ҍ Ȃ cK ҹ ≢№ Ҭ

Ȃ 1 2, ,..., hK K K Ҭ ѿ

Ȃ oW ₮ Ȃ ₮ Ҋ Softmax ᵬ ץ ⌠ iw

ԍ ҩ ṿȂ 

1

p ( | , )

m
i

m
j

o

main z o

j

e
i x

e
q

=

=

ä
       (2.13) 

1

p ( | , )

a
i

a
j

o

aux k o

j

e
i x

e
q

=

=

ä
       (2.14) 
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̆ ₮ Ҋ Ṝ̂ ( ) ( ) ( )

aux{ , , }i i iT x y y= ̃ ץ ₮

ᵌ ₱  

( ) ( ) ( ) ( )

main aux auxJ( ) log(p ( | , )) log(p ( | , ))i i i i

i i

y x y xq q q= +ä ä   (2.15) 

 

 2.2  ↓ 

Tab. 2.2  Legal and ill-legal label sequences 

↓   

é,B,O,é *   

é,B,B,O,é *   

é,B,I,O,é *   

é,B,I,B,I,O,é *   

é,O,I,O,é  *  

é,O,I,B,O,é  *  

 

2.3.5   

ҹԅ ѿ ᵣ ≢ ̆ ML-CNN ≢ ҉ Ҋңץ

ᵬȂ ѿ̆ ⌠ML-CNN ↓Ҭ ↓ ̂ 2.2 ̃̆

ԍ ԍ ֓ ↓ ᴇ̆ ↓ Ҭ

ҹñOòȂ ԋ̆ ѿҩ Ώ ῃ ≢ҹ ᵣ̆↕ ΏӞ

ᾟ ≢ҹ ᵣȂῃ Ώ ῖ Ώ ΐ ⌠Ȃ҉ץң

ᵬ̆ ץ Ḃ ᵣ ≢ᴋⱵ Ȃ 

2.4  ғⅎ  

ֲ ẫ ⌠ԅ ῏ Ȃ ̆ ȁ ̂

̃ ᵣ ≢ ҹԅ ֲ ẫ ᵬȂ ML-CNN

⌠ ̂ ̃ ᵣ ≢ ҉̆ ҍῒ ᾢ № ̆

ᵀ ML-CNN Ȃ 
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2.4.1   

ML-CNN ≠ Keras
10 ȂKeras ѿҩ ԍ python

₱ Ȃ≠ ץ Ḃ ̂ᶛ ̆

ȁ ȁ ̃ȂML-CNN GPÛ Nvidia 

Tesla k20̃ ҉ Ȃ 

 

 2.3  ML-CNN  

Tab. 2.3  The hyper-parameters of ML-CNN 

 ṿ 

҉Ҋ  13 

 200 

 20 

ῖ  5 

 3 

-CNN  3 

-CNN ҩ  20 

-CNN  3 

-CNN ҩ  100 

 

ѿ֓ Ȃ 2.3 ₮ԅ ᶏ

ṿȂ ԍ ̆ Ҭ Ȃ ̆ №

̆ ῒ ҉ ṿȂ ӊ ̆ ӟ ᶏ

Keras SGDᴨ Ҭ ᶫ ṿȂ 

ML-CNN ԅñBIOò └ȂñBòף ѿҩ ᵣ ̂Begiñ ̕ñIò

ף ѿҩ ᵣῤ ̂Insidẽ ̕ñOòף ԅ ᵣ ӊ ῒ

̂Other̃ Ȃ 

ԍ ML-CNN ᴇ̆ Ḥ ҈ҩ ᴇ ̔‰

̂Precision̆ P̃ȁ ̂Recall̆ R̃ Fṿ̂F-scorĕ F̃̆ ױ ӈ Ҋ  ̔

TP
P

TP FP
=

+
         (2.16) 

                                                 
10 https://keras.io/ 

https://keras.io/
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TP
R

TP FN
=

+
         (2.17) 

2 P R
F

P R

³ ³
=

+
         (2.18) 

ῒҬ TPף ∞ ҹ ᶛ ᶛ Ҭ ᶛҩ T̆Nף ∞ ҹ ᶛ ᶛҬ

ᶛҩ F̆Pף ∞ ҹ ᶛ ᶛ Ҭ ᶛҩ F̆N∞ ҹ ᶛ ᶛ Ҭ

ᶛ ҩ Ȃ‰ №≢ ⌠ ‰ ῃ Ȃ ‰

Ҍῃ ȂFṿ ‰ ṿ̆ ῃ ᴇѿҩ

Ȃ ╠ ᵣ ≢ ᶏ Fṿᵬҹ ᴇ Ȃ 

2.4.2   

(1) ≢  

≠ NCBI
[105]

CDR
[113]ңҩ ≢ ML-CNN Ȃ ң

ҩ Ḥ 2.4Ҭ ₮ȂNCBI 793ҩ MEDLINE ̆ῒҬ

593 ҩ ᵬҹ ̆100 ҩ ᵬҹ ̆▼Ҋ 100 ҩ ᵬҹ ȂNCBI

Ҭ ₮ ID̂ ID ץ ⌠ MeSH OMIM

Ҭ ID̃ȂCDR 1500ҩ MEDLINE ̆ 500ҩ ̆

500ҩ 500ҩ ȂCDR Ҭ ᵣ ץ ⌠ MeSH

Ҭ ID ҉Ȃ 

(2) ≢  

ԍ ≢ᴋⱵ̆ ԅ BioCreative IV Ҭ CHEMDNERᴋ

Ⱶ ᶫ [114]Ȃ 10,000ҩ ℮ MEDLINE ̆

Ғ ֟ 84,355ҩ ᵣȂ 2.4 ̆ 10,000ҩ №

̂3,500̃ ȁ ̂3,500̃ ̂3,000̃ Ȃ 

 

 2.4  Ḥ  

Tab. 2.4  The statistics of corpora 

    

CDR 500 500 500 

NCBI 593 100 100 

CHEMDNER 3,500 3,500 3,000 
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2.4.3  ғῚ  

(1) ≢ 

2.5 ₮ԅ ML-CNN ҍῒ NCBI CDR ҉ Ȃῒ

׆ Ҭ ̆ ҉ ⌠ ╠ᾢ Ȃ׆ 2.5Ҭ ץ

̆ML-CNN NCBI CDR ҉ҍῒ ╠ᴨ ̆ Ȃ 

 

 2.5  ҍῒ  

Tab. 2.5  Comparison with other methods 

  P (%) R (%) F (%) 

NCBI 

BANNER
[37]

 83.80 80.00 81.80 

Bi-LSTM+WE
[108]

 84.87 74.11 79.13 

ML-CNN
*
 83.74 83.03 83.39 

ML-CNN 85.08 85.26 85.17 

     

CDR 

HITSZ_CDR
[106]

 88.68 85.23 86.93 

Lee et al.ôs
[107]

 87.34 83.75 85.51 

CRD-DNER
[115]

 79.49 73.58 76.42 

ML-CNN 88.20 87.46 87.83 

     

CHEMDNER 

tmChem
[40]

 89.09 85.75 87.39 

Lu et al.ôs
[41]

 88.73 87.41 88.06 

ML-CNN 89.05 86.50 87.76 

 

NCBI ҉ M̆L-CNN ҍBANNER Bi-LSTM+WE ԅ Ȃ

BANNER ԍ ᴆ ⌠ ᵣ ≢ ̆ Ҭ ԅ ̆

Һ ̔ ȁ ȁ Ȃҍῒ ̆ML-CNN

≠ ’Ҋ ԅ F ṿ̂ 85.17% vs. 81.80% Ȃ̃ML-CNN Ҭ̆

ԅ ≢ ≢ ӊ ̆ ≠ MEDIC ῖ ԅ ῖ Ȃץ

҉ ץ M̆L-CNN ץ ꜚ ӟ ̆ ᴆ ↕

ҍ ╠ᴋⱵ ῏ ȂBi-LSTM+WE ╠ ԍ ӟ

ᵣ ≢ ̆ ᵣ ≢ ≢ ↓ ȂBi-LSTM-WE

ץ ≢ ≢ № ᵬҹ ῀Ȃҍ Bi-LSTM-WE M̆L-CNN
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ᶏ ԅ ῖ № ң ᵬȂ ̆ҹԅ Ὲ ̆

ᶫԅ ῖ ML-CNN NCBI ҉ ≢

̂ML-CNN
*̃Ȃᵖ ̆ML-CNN

* ׅ Bi-LSTM+WE ₮ 4.26% Fṿ

̂83.39% vs. 79.13%̃Ȃ Һ ҹ Bi-LSTM+WE ᵣ ≢

≢ ↓ Ȃ ̆ ᵣ ≢ ץ ᵬ ≢ № Ȃ ≠

Ṝ̆ ȂML-CNN ≢

≢ № ׆̆ ᾧԅ ̆ ץ ‗ ≢ Ȃ 

CDR ҉̆ML-CNN ҍ HITSZ_CDR ȁLee ֲ

CRD-DNER ԅ ȂCDR ԍ - ῏ Ȃ

ңҩ ᴋⱵ̔ ᵣ ≢̂DNER̃ ̂ ̃ ῏

ȂHITSZ_CDR Lee ֲ DNER ᴋⱵ҉№≢ ԅ ѿ ԋ

ȂHITSZ_CDR ≠ ԅңҩ ῖ ↓ ̆ ᴆ

̂Structure Support Vector Machinĕ SSVM̃Ȃ≠ ᴆ

⌠ңҩ ↓ӊ Ῥ̆ ѿҩ № ∞ ңҩ Ҭ ҩ

ⱴ‰ ȂHITSZ_CDR ֲ ԅ ̔n-ᾝ ȁn-ᾝ ȁ

ȁ ╠ ȁ ȁ ῖ ȁ ῀ ȂLee ֲ

ֲ ҉≠ ᴆ ԅѿҩ ↓ Ȃ ԅ

ȁ ӊ ̆ ԅ ᾝ Ȃҍ҉ ң

Ҍ M̆L-CNN ᶏ ̂ ῖ ̃ ’Ҋ ԅ

Fṿ̂87.83% vs. 86.93% 85.51%̃Ȃ Ῥ ԅ ML-CNN ץ

ꜚ ӟ ̆ ֲ Ȃ 

CDR ҉̆ML-CNN ҍ CRD-DNER ԅ ȂCRD-DNER

ԍ ≢ Ȃ׆ 2.5Ҭ ץ C̆RD-DNER Fṿ

ԍ ML-CNN ᵞ 11.41%Ȃ֟ ҹ CRD-DNER

̆ ԅ Ȃ

ᴋⱵ҉̆ῒ ᴨԍ [108]Ȃ ̆CRD-DNERӞ

₮ ӊ ᶭ ῏ Ȃ ғ̆CRD-DNER Ӟ ≢ №

̆ҡ ԅ Ḥ Ȃ 

(2) ≢ 

2.5 ₮ԅ ML-CNN ҍῒ CHEMDNER ҉ ȂῒҬ

ῒ ׆ Ҭ Ȃ ץ ₮ M̆L-CNN ≢



ᵣ῏  

- 34 - 

 

҉̆ ԅҍῒ ╠ᴨ Ҍ ȂtmChem Lu ֲ ₮

ԍ ᴆ ̆ ԅ ֲ ȂtmChem ̔

ȁ╠ ȁ ȁ ȁ ȁ ӈ

ȁ ᾝ ȁ҉Ҋ ȂLu ֲ ᶏ ̔ ≢ ȁ

≢ ȁ ԍ skip-gram ȂtmChem Lu ֲ

₮ ᶏ ԅ Ȃ M̆L-CNN ᶏ

’Ҋ̆ ԅҍῒ Ҍ Ȃ 

2.4.4  ┼ ⅎ  

ԅ ≢ № ӊ M̆L-CNN ԅ Ҋ

└̔(1) ≢ № ׆̆ ≢ ѿҩ ѿҩ Ḥ

̂ᶛ ̆ѿҩ ╠ ̃(2) ῖ ̆ ≠ MEDIC ῖ Jochem

ῖ ῖ № Ȃ(3) └̆

╠ѿҩ ѿҩ ӊ ᶭ ῏ Ȃ(4) └̆

ԍ Ҭ ↓ ̂ 2.2Ҭ ₮ ӈ̃ ҡ ̂

Ώ̃ Ȃҹԅ№ ҉ץ └ ML-CNN Ҭ ⌠

ᵬ ̆ ԅ Ҋ Ȃ ׆ ML-CNN Ҭ ѿ

└̆ Ҍ ᵣ ≢Ȃ ̆ ҩ ⌠ Fṿҍ≠

ML-CNN ⌠ F ṿ Ȃ ҩ └ Ṝ̆ ⌠ F

ṿ Ҋ ̆↕ └ ̆Ҋ Ȃ 

2.6 ₮ԅΐᵣ Ȃ ѿ↓ └

Ҋ F ṿȂ ץ ₮̆ ῖ ԍ ML-CNN Ȃ ῖ №

ӊ ̆ ᵣ ≢ NCBIȁCDR CHEMDNER ҉№≢Ҋ ԅ 1.73%ȁ

2.64% 0.77% FṿȂMEDIC Jochem ῖҬ ᶫ ̆

ץ Ҭ ₮ Ȃ └ ML-CNN

ҬӞ ⌠ԅ ᵬ ̆ └ Ṝ̆ NCBIȁCDR CHEMDNER

҉ ≢ №≢Ҋ ԅ 0.98%ȁ1.16% 0.50% F ṿȂ Һ ҹ

└ ץ ᾧ ↓ ֟ Ȃᵖ ̆ └ ῃ ↓̆

ѿ Ȃ ̆ ᴪ ᾟ ѿ֓ ᵣ

ΏȂ Ҭ ң ᶏ ᵣ ≢ NCBIȁCDR CHEMDNER

҉№≢Ҋ ԅ 0.33%̆1.15% 0.68% F ṿȂҍῒ ҈ҩ ̆

≢ № ԍ ML-CNN ≢ᴋⱵ҉ ̆
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≢ᴋⱵ҉ ₮Ȃ ≢№ Ҍ ᵣ ≢ ҉

̆ ҹ Ҍ Ȃ ̆

ҍ ≢Ҍ ̆ ̆ ԅ ӊ ῒ

Ȃᶛ ̆ľN-[4-(5-nitro-2-furyl)-2-thiazolyl]-formamidealphaĿ̆ľbeta-methylene 

adenosine-5'-triphosphateĿ̆ľpralidoxime-2-chlorideĿ Ȃ ≢ №

ҹԅ Ḥ Ȃҍ ≢Ҍ ̆

ץ ӟ̆ ץ ⱴᾟ№ ≢№ ӟ

Ḥ ⱬȂ 

 

 2.6  ML-CNN └ №  

Tab. 2.6  The effectiveness analysis of each feature or mechanism of ML-CNN 

 /  P (%) R (%) F (%) Ë(%) 

NCBI 

- 85.08 85.26 85.17 - 

 84.50 84.41 84.46 -0.71 

ῖ  83.53 83.35 83.44 -1.73 

└ 83.97 84.41 84.19 -0.98 

 84.84 84.84 84.84 -0.33 

      

CDR 

- 88.20 87.46 87.83 - 

 87.25 87.35 87.30 -0.53 

ῖ  85.48 84.90 85.19 -2.64 

└ 87.18 86.17 86.67 -1.16 

 86.67 86.69 86.68 -1.15 

      

CHEMDNER 

- 88.95 86.68 87.80 - 

 87.81 86.24 87.02 -0.78 

ῖ  88.94 85.21 87.03 -0.77 

└ 89.19 85.49 87.30 -0.50 

 87.36 86.88 87.12 -0.68 
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2.5   

׃ ԅѿҩ ԍ ᵣ≢ ̂ML-CNÑȂ ≢ȁ

≢ ῖ № ῀⌠ ML-CNN Ҭ̆ ԍ ӟѿҩ

≢ № ȂML-CNN ѿ Ҭ ҩ № ľBĿȁľIĿȁľOĿ҈

≢̆ ᵣ ≢ȂML-CNN ңҩ ≢ ̂NCBI CDR̃

ѿҩ ≢ ̂CHEMDNER̃ ҉ ̆№≢ ԅ 85.17%̆ 87.83%

87.76% FṿȂ  

ML-CNN Һ ץ Ҋң (̔1) ҍ ῖ ᴆ ̆

ML-CNN Ȃ(2) ML-CNN └ ₮

ӊ ᶭ ῏ ̆ ԍ ⱴ ᴆ Һ ӟ ̆ғ

Ȃ 
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3  ᵩῗ  

3.1   

≠ ԋ ML-CNN ׆ Ҭ ≢₮ ᵣӊ ̆ ץ

ѿ ₮ ᵣҍ ᵣӊ ῏ Ȃ ᵣ ῏ Ҭ ү Ḥ ̆ ԍ

ҩ ӈȂᶛ ̆ ӊ ῏ ץ ꜛ

ᵝ [13]̕ ≠ - ԑᵬ ῏ ҉̆ ץ

≢[14,15]̕ ӊ ԑᵬ ῏ ץ ֲ

̆ ᾧ ң ԑᵬ Ҍ ֟ [16,17]Ȃ

ғ̆ ꜚ ׆ Ҭ ≢₮ ᵣ ֜ԑ῏ ̆ ԍ

῏ ᵣ῏ ꜛᵬ Ȃ 

Һ ῤ ᵥ≠ ̂Syntax Convolutional Neural 

Network̆ SCNÑ ‰ ғ ׆ Ҭ ≢₮ ᵣ ῏

Ȃ ῖ ԍ ҉Ҋ Ḥ ̆ ԅ῏ Ҭ ῏

Ḥ Ȃ ̆ ₮ Ḥ ̆ ≠ ᶭ

⌠ Һ ̆Ῥҍ ӟ ⱬ ̆

ԅ ῏ Ȃ ̆ DDIExtraction 2013 ҉

№ ̆ SCNN ԅ ᵀȂ 

ῒ ῤ Ҋ̔ ԋ ׃ ᵣ ῏ ᴋⱵץ ῤ

Ȃ ҈ ԅ SCNN Ȃ ΐᵣ ῏ ᴋⱵ̂DDIExtraction 

2013̃ SCNN ԅῃ № Ȃ ԓ Һ ᵬ Ȃ 

3.2  ᵩῗ  

3.2.1 ᵩῗ ᴑꜙ 

ᵣ ῏ ᴋⱵ ≢₮ ᵣ̂ᶛ ̆ ȁ ȁ

̃ Ҭ ₮ᴋ ңҩ ᵣ ῏ Ḥ Ȃ ╠ ῏ ᵬ

№ ≢ ῏ ̆ ѿҩ Ҭ῍ ңҩ ᵣ ῏ Ȃ

῏ ᴋⱵ ѿҩ№ ȂҌ №ΐᵣ῏ ԋ№

Ȃ№ ῀ ᶛ№ ľ ῏Ŀ ľ ῏Ŀң Ȃ ԍ №ΐᵣ῏

̆ № Ȃ№ ῀ ᶛ№ ľ ῏Ŀ ῏
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Ȃ 3.1 ץ₮ ľMazindol may reduce the effects of guanethidine (Ismelin).Ŀ

ҹᶛ ΐᵣ῏ Ȃ Ҭ ҈ҩ ᵣ ľ̔mazidolĿȁľguanethidineĿ

ľIsmelinĿȂ ҈ҩ ᵣ Ṝ ῏ <̔mazidol, guanethidine>ȁ

<mazidol, Ismelin> <guanethidine, Ismelin >Ȃ ̆≠ Ҭ ȁ ȁ

ӈ Ḥ ⌠ № ҈ҩṜ ᶛ № Ȃ ̆ № ₮

₮ңҩ ῏ ᵣ ̔<mazidol, guanethidine> <mazidol, ismelin>Ȃ №

ΐᵣ῏ Ṝ̆ ѿ ῏҉ץ₮ ῏ ððľEFFECTĿȂ 

 

 

3.2.2  - ῗ ῗ  

Һ ӊ ԑᵬ ῏ ԅ ῀ Ȃ

ᴪ 300,000ֲ ԍ ◐ᵬ [16]Ȃ - ֜ԑ῏ ̂Drug Drug Interaction̆

DDĨ ҍ ѿ ѿ ᶏ Ṝ Ҍ⌠
[9]̆ - ֜ԑ῏ ◐ᵬ №ȂLandau ₮̆ 57⌠85

 

Mazindol may reduce the effects of guanethidine (Ismelin). 

 
Ṝ ῏  

Ṝ ῏ 1̔ <Mazindol̆ guanethidine> 

Ṝ ῏ 2̔ <Mazindol̆ Ismelin> 

Ṝ ῏ 3̔ <guanethidinĕ Ismelin > 

 
ԋᾝ῏  

<Mazindol̆ guanethidine> 

<Mazindol̆ Ismelin> 

 
῏  

<Mazindol̆ EFFECT̆ guanethidine> 

<Mazindol̆ EFFECT̆ Ismelin> 

 

3.1  ᵣ῏  

Fig. 3.1  Biomedical entity relation extraction 
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ֲ Ҭ22,000,000
[116]Ȃ ̆ - ֜ԑ῏

ҹԅ Ὲ῍ẫ №Ȃ - ֜ԑ῏ ԅᾟ№ ԅ

ӊ ̆ ץ ̆ ᾧ ᴪ֟ ◐ᵬ Ȃ 

╠̆ѿ֓ ῏ ̂DrugBank
[8]ȁStockleyôs Drug Interaction

[9] ̃

̆ ԍ ꜛ - ֜ԑ῏ Ȃp ̆ ԍ ̆

ׅ - ֜ԑ῏ ҬȂ ꜚ ׆

Ҭ ₮ - ֜ԑ῏ ҹԅ ױ ℗ Ȃ 

2011 2013 ҽⱲ ңҩ - ֜ԑ῏ ̂DDIExtraction 2011
[47]

DDIExtraction 2013
[20]̃ ꜚԅ≠ ӟ ׆ Ҭ ꜚ

DDI ᵬȂDDIExtraction 2011 ᴋⱵ ∞ ѿҩ Ҭ῍ ңҩ

῏ ȂDDIExtraction 2013 ᴋⱵ↕Ҍֽ ₮ңҩ

῏ ̆ ױ ѿ №ҹץҊ ῏ ľ̔ADVICEĿȁľEFFECTĿȁľINTĿ

ľMECHANISMĿ[117]Ȃ ѿҩ ᶛ ῏ԍ ң ῏ ῤ

Ṝ № ľADVICEĿ῏ ̕ ѿҩ ᶛ ѿ ѿ

῏ ῤ Ṝ № ľEFFECTĿ῏ ̕ ѿҩ׆ ᶛ Ҭ ∞ ң

῏ ̆ᵖ Ҍ ΐᵣ ῏ Ṝ № ľINTĿ῏ ̕

ľMECHANISMĿ῏ ң ꜚⱬ └҉֟ ῏ Ȃ 

╠ - ֜ԑ῏ ץ № ң ѿ̔ ң Ȃ

ѿ ѿҩ ≢SVM№ ̆ - ֜ԑ῏ №

̆ ҩ ᶛ№ ԓ ῏ ľ̂ADVICEĿȁľEFFECTĿȁľINTĿȁľMECHANISMĿ

ľNEGATIVEĿ̃ Ҭ ѿ Ȃ ľNEGATIVEĿ ңҩ ӊ ᴋᵥ῏ Ȃң

↕ № ңҩ ‗Ȃ ѿҩ ̆ - ֜ԑ῏

₮ ̆ ԋҩ ̆ ҩ - ֜ԑ῏ ⅞№ҹ ӊѿȂ 

DDIExtraction 2013 ᴋⱵҬ̆FBK-irst
[118]ᶏ ԅң Ȃױז≠ ѿ

̆ᾢ ₮ - ֜ԑ῏ ̆ ҩ №

̂῏ԍ ѿҩ - ֜ԑ῏ ≢ ѿҩ№ ̃ ₮ - ֜ԑ῏

№ Ȃ ̂65.1% Fṿ̃ ⱴ ᴝҬ ѿᵝȂӊ ̆Kim

ֲ[52]Ӟ ₮ԅ ԍү SVM ң ̆ ⌠67% FṿȂ

ᶏ ԅ ȁ ȁ Ȃ ӊ ̆

ԋ № ҉ ľѿ ѿĿ └ ԍ Ạ₮ԅ Ȃ 

ҍ ῒז ᴝҌ Ŭturku
[119] ԅѿ Ȃױז
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≢SVM№ [120]̆ - ῏ № Ȃ ⱴ ᴝҬץ

59.4% Fṿ ԅ ҈ Ȃ 

3.3   

DDI ҉̆ ῏ ᵬ̆ᵖ ԍ ̆

ῒ ׅ Ȃ DDIExtraction 2013 Ҭ̆

⌠ԅ65.1% Fṿ[118]Ȃ ғ̆ ╠ - ֜ԑ῏ ᶭ ̆

҈ NLP ΐ Ȃ Ҍֽ

ⱬ̆ ғ ѿ Ғҙ Ȃ ӊ D̆DIExtraction 2013 ѿҩ ≢№

ᴋⱵ̆ ױ ₮ѿҩ ≢№ Ȃ ̆ ҩԋᾝSVM№ ‗

≢№ ҹԅ [52,118]Ȃ K ≢№ Ṝ̆Kҩ

K(K-1)/2ҩԋᾝSVM№ ᴪ ѿ Ȃΐᵣ ԋᾝ№ ҩ ‗ԍ

ľѿ Ŀ └ ľѿ ѿĿ └[121]Ȃ ѿҩ № ңҩ

‗̆ ץ ̆ᵖ Ӟᶏ ⱴ Ȃ 

ҹԅ ‗҉ ̆ ₮ԅ ԍ SCNN - ῏ Ȃ ԍ

≢ ῏ ̆ Ḥ ꜛԍ῏ [53]Ȃ ̆SCNN

₮ѿ ðð ̆ Ḥ ῀⌠ ҬȂ ҩ

ӊ ̆≠ ᵝ [95] ѿ Ȃ ̆ ѿ ᵬ

̂Max pooling̃ ᵬ ⌠ Ȃ ̆ ҩ ᶛӞ ԅѿ֓ᴰ

̂҉Ҋ Ȃ̃ҹԅ⁞ ̂ 0-1 ̃ҍ

҉Ҋ ̂ ӊ̃ ҉ ̆ ᾢ 0-1

̂Auto-encoder
[122]̃ ̆ Ῥҍῒ

ѿ ̆ ῀ Softmax№ Ȃ 3.2 S̆CNN
1 ̂ѿ SCNN

̆ ң SCNN ҹ SCNN
2̃ΐᵣ ԅ ҊΈҩ ̔ 

(1) ᶛ̆ᶏ Ҭ ᶛ ᶛ ᶛ ѿ֓Ȃ 

(2) ̆ᶏ № ӟȂ 

(3) ≠ Enju № [123]
word2vec ΐ ӟ Ḥ  

׆̆ (4) ῀ ᶛҬ ᴰ Ȃ 

(5) ≠ ҉ѿ ̆ ԓ№ SCNN Ȃ 

(6) ῏ ̆ ѿҩ ῀ ᶛ⅞№ ΐᵣ ῏ ≢Ȃ 
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3.2  SCNN
1

 

Fig. 3.2  The flowchart of SCNN
1
 

 

3.3.1  ᶡ 

ᶏ № ‗ ≢№ Ҍ Ṝ̆ ⌠ № Ȃ№

ԍ ≢№ Ẋ ҉ ̆ Ҍץ ≢ №

ᴇף [124]Ȃ ῏ ҳ ≢Ҍ Ȃᶛ ̆

DDIExtraction 2013 Ҭ ᶛҩ ᶛҩ ӊ ᶛҹ 1:5.91Ȃҹԅ⁞

Ҍ ̆ ₮ԅңҩ ↕ ᶛ̆ ᵞ ≢ӊ

Ҍ Ȃ 

↕ 1̔ ѿҩ ᶛҬ ңҩ ᵣ ѿҩ ᵣ̆↕ ᶛȂ ҹ

ѿҩ ᵣҌ ҍ ᴋᵥ῏ [118]Ȃ ↕ Ῥץ №ҹ Ҋң ’ (̔1) ңҩ

ᵣ Ȃ(2) ңҩ ᵣ ῃ Ώ ῏ ̆ ѿҩ ᵣ ѿҩ ᵣ Ώ

ȂҊ ₮ңҩΐᵣ ᶛ Ȃ 

̔Interactions for Vitamin B2 (Riboflavinentity1): Alcohol impairs the intestinal 

absorption of riboflavinentity2  
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ῃ Ώ ̔ Methyldopa does not interfere with measurement of 

vanillylmandelic_acidentity1 (VMAentity2), a test for pheochromocytoma, by those methods 

which convert VMA to vanillin 

↕ 2̔ ᶛҬңҩ ᵣ ҉ ԍ ↓῏ ̆↕ ᶛȂ ↓῏

ңҩ ᵣ Ҍᴪ ῏ Ȃᶛ ̆Ҋ Ҭңҩ ᵣ ↓῏ Ȃ 

Methscopolamine may interact with antidepressants (tricyclic type), monoamine oxidase 

(MAO) inhibitors (e.g. phenelzineentity1, linezolidentity2, tranylcypromine, isocarboxazid, 

selegiline, furazolidone) 

3.3.2   

҉̆ Ȃ Ҭ

ң ̔№ ̂ 2.3.1 Ȃ̃№ ҹ №

Ḥ ᴋⱵ ‰ ̆ѿҩ № ᵬ ̆ ℗№ ӈ

ᵝ Ȃ № ΐ[125]Ȃ ΐ

ᵣ̂ ȁ ̃ ̆ ԍ № ΐ ץ ⱴ‰

№ ᵬȂ 

3.3.3   

Ḥ ≢ ῏ Ҭ ῏ ᵬ [53]Ȃ ̆ Ḥ

῀⌠ ӟ Ҭ ‗῏ ȂXu ֲ[126] ₮ԅѿ ԍ

῏ ̆ ץ ңҩ ᵣ ҉ ↓ᵬҹ ῀̆

Ḥ ῀⌠ ҬȂYan ֲ[97] ≠ ҉ ᵬҹ

῀ ‗῏ Ȃ҉ץ ῏ ῀ ῀ Ḥ ̆

Ṝ ῀ Ḥ Ȃ ѿҩ׆ ⌠ѿҩ

₱ Ȃ ⌠ ῏ ᴋⱵҬȂCollober ֲ[83]

₮ ץ ᵬҹ ῀ ȁ № ȁ ᵣ ≢

ӈ ҉ ԅᴨ ȂZeng ֲ[95] ₮ԅ ԍ

‗῏ Ȃ ̆ ῖ ԍ ҉Ҋ ̂ѿҩ

҉ ҉Ҋ Ȃ̃ץ ╠ᶏ word2vec ΐҹᶛ̆ ΐ ᶫ

ԅң CBOW Skip-gram ̆ 3.3 Ȃ CBOW

Skip-gram ╠ Ẋ ̆ңҩ ↓҉ ҉Ҋ Ḥ ᵌ̆↕ңҩ

ӈḤ Ӟ ᵌȂ ᾢ̆ ῀ ҉ ↓ [̔W
1
, W

2
, é, 

W
t-1

, W
t
, W

t+1
, é]ȂCBOW ѿҩ ҉Ҋ ̂╠ ңҩ ̃
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Ḥ W
t Ȃ ̆Skip-Gram↕ ѿҩץ W

t

ᵬҹ ῀ ҉Ҋ Ȃ 

 

 

3.3  CBOW Skip-Gram  

Fig. 3.3  CBOW and Skip-Gram models 

 

ץ ₮̆ ῖ Ҭ ῏ ᵬ Ḥ Ȃ ԍ

ῖ Ḥ ̆ word2vec ῀ ҹ ԍ

῀̆ Ḥ ῀⌠ ҬȂץ ľTrimethoprim may 

inhibit the hepatic metabolism of phenytoinĿҹᶛ̆ ᾢ≠ Enju № [123]

̆ ⌠ 3.4 - Ȃ Ҭ̆ ѿҩ ̕

ѿҩ ῏ ̕ ѿҩ ѿҩ ҉

̆ῒᵩ Ȃ Ҭ ѿҩ ѿҩ

҉ ↓ ῀ ↓ððľTrimethoprim inhibit metabolism of 

phenytoinĿȂ ↓Ҭ ԅ ҬҌ ḱ ̂ᶛ ľ̆mayĿȁľtheĿ

̃̆ Ḡ ԅѿҩ Ȃ≠ № ⌠ ῀ ↓

῀⌠ word2vec ΐҬ ̆ ץ ⌠ Ḥ Ȃ

ԍ ᵬҹ ῀̆ Ҭ ᵣḤ Ȃ

̆ҹԅ ѿҩ Ҭ Ḥ ̆ ѿҩ Ҭ ѿ

ҩ ѿҩ ̆ Ҍ ңҩ ᵣ Ȃ 
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3.4  -  

Fig. 3.4  The predicate-argument structure of a sentence 

 

3.3.4   

SCNN ѿҩ׆ ᶛҬ ₮ԅ ̂ ȁᵝ ̃ ᴰ

̂҉Ҋ Ȃ̃ῒҬ̆

0-1 ̆ῒᵩ Ȃҹԅ ң ҉ ≢

̆ ᾢ≠ Auto-encoder
[123] ̆

ӊ ̆Ῥҍῒ Ȃ 

 

 

3.5   

Fig. 3.5  Convolutional feature extraction 

(1)  

1)  

Collobert ֲ[83] ₮ ᾛ ѿҩ ץ ҉ ᴋ

ȂZeng ֲ[95] ԅᵝ ╠ ᶛҬ῏ ңҩ ᵣ
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ᵝ Ȃ 3.5 ̆ Ҭѿҩ ҈ № ̔ ȁᵝ

Ȃ 

̔ ҉ѿ ̂3.3.3̃ ̆ word2vec ΐ

῀ Ȃword2vec ῀ ↓̆ ѿҩ ῒ

- ҉ ҉ ↓ᵬҹ ῀Ȃ 

ᵝ ̔ ᵣ ῏ ѿҩ Ҭңҩ ᵣ ῏ Ȃ

ᶫ ῏ ᵣḤ Ȃ ̆ᵝ Zeng ֲ ῀⌠῏

Ҭ̆ ᾟ ᵣᵝ Ḥ Ȃѿҩ ᵣᵝ Ḥ ң № ̆ ҍ

ѿҩ ᵣ ᵝ ҍ ԋҩ ᵣ ᵝ Ȃץ ľɒHyaluronan_lyaseentity1 

had a limited effect and collagenaseentity2 was ineffective.Ŀҹᶛ ľ̆effectĿ ԍңҩ ᵣ

ľhyaluronan lyaseĿ ľcollagenaseĿ ᵝ ҹ-4 ľ̂effectĿҹľhyaluronan lyaseĿ

4ҩ ̃ 2 ľ̂effectĿҹľcollagenaseĿ╠ 2ҩ Ȃ̃ ֓ᵝ

10 0-1 ̆ 1 ̂ ̃̆ ▼Ҋ 9 ԍ Ȃ 

 

 3.1  ᵝ  

Tab. 3.1  The mapping of distance feature embedding 

-Ŝ~ 

-31 
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-20~ 
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3.1Ҭ ₮ΐᵣ ῏ ̆ ѿ ̆ ѿ↓ ᵝ

Ȃ ץ ₮̆ᵝ № ⱬ Ҭ⌠ ᵣ ҉̆ ῒ ᵣ

10ҩ Ȃ ̆ ԍ ԍ30 ̆Ҍԇ №Ȃ
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ѿҩ Ҭ̆ңҩ ↕ ῏ Ḥ ̆ ѿ ӊ ̆ ֟

῏ Ȃ 

̔ ҬӞ ҩ Ḥ ԍ Ȃ Ḥ

῀ ꜛԍ ᵣ ῏ Ȃ ԍѿҩ῏ ᶛ̆

ѿҩ ץ ῏ ῏ ∞ ╠ңҩ ᵣ ῏ Ȃץ

ľFluvoxamineentity1 [inhibits] the CYP2C9 catalyzed biotransformation of tolbutamideentity2.Ŀ

ҹᶛ ľ̆FluvoxamineĿ ľtolbutamideĿӊ ῏ ῏ ľinhibitsĿ Ȃ῏

ᵬҹꜚ ₮ ҬȂ ̆ ңҩ ᵣ ₮ Ҭ ꜚ Ṝ̆

ҹ῏ ̆Ӟ ⱴԅ ╠ңҩ ᵣ ῏ Ȃ ̆

Ḥ ῀ ꜛԍ∞ ңҩ ᵣ ῏ Ȃ ᵌ ̆ Enju

№ ֟ 37ҩ ѿ ⅞№ҹ8ҩ ≢Ȃ ѿҩ ≢ 8 0-1

Ȃΐᵣ № ῏ 3.2Ҭ ₮Ȃ 

 

 3.2   

Tab. 3.2  The mapping of POS feature embedding  

 №  One-hot  

1 nn; nns; nnp; nnps; nnz 1  0  0  0  0  0  0  0 

2 vb; vbg; vbd; vbn; vbp; vbz 0  1  0  0  0  0  0  0 

3 to; in; cc 0  0  1  0  0  0  0  0 

4 rb; rbs; rbr; jj;  jjs; jjr;  dt; pdt; md; mdn 0  0  0  1  0  0  0  0 

5 wp; wp$; wrb; wdt; ex 0  0  0  0  1  0  0  0 

6 prp; prp$ 0  0  0  0  0  1  0  0 

7 pos; rp; fw; hyph; sym 0  0  0  0  0  0  1  0 

8 cd 0  0  0  0  0  0  0  1 

 

ᴰ One-hot ̆ ҍ ≢ ̂

̃ ң Ҍ ᾟ№ Ȃ ̆ ᶏ

Auto-encoder ‗ң Ȃ 

 2) Auto-encoder 

 Auto-encoder
[122] ѿҩ ӟ ̆ᵬҹ ӟҬ

ӊѿ ᶏ [127]Ȃ ץ ᵬ ᶛȂ ᾢ̆ ѿ
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῀ ⌠ ῀ ҉ Ȃ ̆

⌠ ₮ Ȃ ̆ ₮ ‰

῀ Ȃ Ὲ 3.1 3.2 Ȃ 

h ( ) f(a ( ))j j=x x ̆ῒҬa ( )j j ji i

i

= +äx b W x      (3.1) 

* g( )k k=x a ̆ῒҬ
* h ( )k k kj j

j

= +äa c W x      (3.2) 

ῒҬxҹ ῀h ( )j x ҹ ̆ x ҉ Ȃ
*

x ↕ h׆ ( )j x Ҭ ⌠ x

Ȃ῏ԍ f( )Ö g( )Öңҩ ₱ ̆№≢ tanh sigmoid₱ Ȃ ῀

0-1 ̆ҹԅ‰ ῀ ̆ ₮ ᶏ sigmoid ₱ ₮ṿ

0-1ӊ Ȃ ԍ ᾛ ṿ ̆ tanh Ȃҹԅ ᾧ

Auto-encoder ⌠ ᴇṿ ₱ ̆ Larochelle ֲ[128] Ạ ̆ T =W

*
W ȂAuto-encoder ӟ ̆ῒ ₱ ץ ӈ Ὲ 3.3

Ȃ 

** ( ) ( ) 2 2L( , ) ( )
2

n n

n

b
= - +äx x x x W       (3.3) 

≠̆ ᴰ Auto-encoder ⌠ ҉ ̂

̃Ȃ ѿҩ Ṝ̆ ץ Ҭ ѿҩ ѿҩ

0

1 2[ , , , ]
nword p p pos

i i i e i e i- -= Íw E E E E R Ȃ №№≢ word

iE ̆ ԍ

ѿҩ ᵣ ᵝ
1

p

i e-E ̆ ԍ ԋҩ ᵣ ᵝ
2

p

i e-E

pos

iE Ȃ 

3) ᵬ 

҉ ̆ѿҩ ץ ѿҩ ↓ 1 2[ , ,..., ,..., ]i t=S w w w w ̆ῒ

Ҭ t Ȃ≠ Ὲ 3.4 S ᵬ 

/2 /2[ ,..., ,..., ]i i win i i winÖ - += Ö T
FM K w w w       (3.4) 

ῒҬ
m k³ÍÁK ҹ ̆m ҩ ̆k Ȃ ԍ ῀

ҹ 0n ѿ ↓̆ k 0k win n= ³Ȃwin ץ ѿҩ ̆

winҩ ȂῈ 3.4 i ҩ ҹ ῒ ĭ ṿ ҹ

1 ti< <ɺ Ҭ ≠ Ὲ 3.4 ⌠
m t³ÍÁFM Ȃ

≠ Ὲ 3.5 ₮ ᵬȂ 
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max( )i iÖ=MaxFM FM 1 i m< <       (3.5) 

ῒҬ iÖFM FM Ҭ i ̆max ṿ₱ ̆ ԍ ῀

ᾝ Ҭ ṿȂ׆Ὲ 3.5 ץ ₮̆ ᵬ ԍ i ҩ ֟ t ҩ

Ҭ ṿ ҩ̆
mÍÁMaxFM Ȃ ̆≠ tanh ₱ ԍ

ᵬ ₮ ̂Ὲ 3.6̃ ̆ᶏῒ ⌠ Ȃ 

tanh( )=tanhFM MaxFM         (3.6) 

ῒҬ mÍÁtanhFM Ȃ 

̆ Ҍ ̆ ҩ ‗ԍᶏ

ҩ ̂m Ȃ̃ ӊ ̆ ץ Ḃ ῃ Ȃ 

 4)  

 ⌠ ӊ ̆ ҩ ץ ѿҩ

tanhFM Ȃ tanhFM ҉ ⱴѿ ῃ ̂Ὲ 3.7̃ ׆̆ ⌠

Ȃ 

tanh( )conv= ÖConvF tanhFM W        (3.7) 

ῒҬ convW ҹ Ȃ 

 (2) ᴰ  

ԍ῏ ̆ңҩ ᵣ ҉Ҋ Ḥ ҉ ңҩ ᵣ

Ḥ Ȃ ̆ ԅ ̆SCNN ᶏ ԅ҉Ҋ

ᵬҹ ῀Ȃ 

1) ҉Ҋ  

҉Ҋ ΐᵣ ңҩ ᵣץ ױ ңҩ ᵣ ҉Ҋ

ץ ױ Ȃѿҩ ׆ץ - Ҭ Ȃ 3.4

ľTrimethoprimĿ ľinhibitĿȂ҉ ҉Ҋ Ҍֽ ԅ ҉

҉Ҋ ̆Ӟ ԅ ҉ ҉Ҋ Ȃ ҉Ҋ ̆

҉Ҋ ContFȂ 

2)  

Һ ҉ ңҩ ᵣ ҉ ȁ῏

ӈ Ȃ 3.4 ̆ ľTrimethoprimĿ ľphenytoinĿ

҉ ῏ ľverb_argĿ ľprep_argĿȂ ҉ ҩ ӈ

MetaMap
[70]֟ Ȃ ץ ῀ Ҭ ҩ
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UMLS Metathesaurus ӈ ȂMetaMap ֟ץ 104 ӈ ̆ ľftcn (functional 

concept)Ŀ̆ľchem (chemical)Ŀ̆ľanim (animal)Ŀ Ȃ 

 One-hot ̂ 0-1 Ȃ̃ҍ

̆ ԍ One-hot Auto-encoder

ShortF̆ᶏῒҍῒ ѿ Ȃ 

3) ᴰ  

҉Ҋ ContF ShortFӊ ̆ ױ ᵬ

ҹ ᵣ ῀⌠ѿ ῃ Ҭ ᴰ ̂Ὲ 3.8̃ Ȃ 

tanh([ ] )trad= ÖTradF ContF,ShortF W      (3.8) 

ῒҬ tradW ҹ Ȃ 

3.3.5  ⅎ  

̆ ᴰ ῀⌠ ₮ Ȃ Ὲ 3.9

₮Ȃ 

[ ] out= Öout ConvF,TradF W        (3.9) 

ῒҬ̆ cÍÁout ̆c ῏ ≢ҩ Ȃ outW ҹ Ȃ ₮ ѿ

1 2[ , ,..., ,..., ]i co o o o=out ῒ̆Ҭ io ╠ ῀ ᶛ ԍ i ҩ ≢ Ḥ Ȃ  

SCNN Ҭ ӟ ҹ { , , , }conv trad outq=K W W W Ȃ≠ Softmax̂ Ὲ

3.10̃ ץ ₮ ῀ ᶛ ԍ i ҩ ≢ ṿȂ 

1

p( | , )
i

j

o

c o

j

e
i x

e
q

=

=

ä
        (3.10) 

₮ ( ) ( ){( , )}i iT x y= Ṝ̆ ⌠῏ ɗ ᵌ ₱ ̂Ὲ 3.11̃  

( ) ( )J( ) log(p( | , ))i i

i

y xq q=ä       (3.11) 

SCNN ≠ Ҋ ̆ ⌠ᶏᵌ ₱ ṿ ɗ Ȃ 

3.3.6  ҩ SCNN  

 Ӟ ₮ԅ ԍ SCNN ң ῏ ̂SCNN
2 Ȃ̃ 3.6 ̆

SCNN
2 Ҋῇҩ ̔ 

(1) ᶛ̆ᶏ Ҭ ᶛ ᶛ ᶛ ѿ֓Ȃ 

(2) ̆ᶏ № ӟȂ 
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(3) ≠ Enju № word2vec ΐ ӟ Ḥ  

׆̆ (4) ῀ ᶛҬ ᴰ Ȃ 

(5) ≠ ҉ѿ ̆ ԋ№ SCNN Ȃ 

(6) ≠ ԋ№ SCNN ̆ ₮ ῏ Ȃ 

(7) ≠ Ҭ ᶛ̆ № SCNN Ȃ 

(8) ≠ № SCNN ̆ Έ Ҭ ₮ ῏ ѿ

⅞№̆ ⌠ΐᵣ ῏ Ȃ 

 

 

3.6  SCNN
2

 

Fig. 3.6  The flowchart of SCNN
2
 

 

ҍῒ ᵌ̆ ԍ SCNN ң Ӟ ῏ № ῏ ῏ №

ңҩ ᴋⱵȂѿ ѿҩ SCNN ң̆ ңҩ SCNN Ȃ

Ҍ SCNN ӊ ѿ ≢ ₮ ҩ ȂSCNN ₮

ҩ ᴪ № ≢ҩ Ȃᶛ ̆ DDIExtraction 2013 ᴋⱵҬ̆ѿ

₮ ҩ ҹ 5̆ң Ҭ ѿ ԋ ₮ ҩ №≢

2 4Ȃ 




















































































