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An Experimental Study on the Relation Extraction from
Biomedical Abstracts using Machine Leaming
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ABSTRACT

This paper introduces a relation extraction system that can be used in identifying and classifying
semantic relations between biomedical entities in scientific texts using machine learning methods
such as Support Vector Machines (SVM). The suggested system includes many useful functions
capable of extracting various linguistic features from sentences having a pair of biomedical
entities and applying them into training relation extraction models for maximizing their
performance. Three globally representative collections in biomedical domains were used in the
experiments which demonstrate its superiority in various biomedical domains. As a result, it
is most likely that the intensive experimental study conducted in this paper will provide
meaningful foundations for research on bio-text analysis based on machine learning.
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Relation extraction

Entity normalisation

Entity mention
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(Information Extraction) 7]&©] 42 o]t}
(Li, Liakata and Rebholz-Schuhmann 2014).
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Extract quantitative information (e.g. concentration, volume, time) of
reaction.

Associate regconised entities with semantic resources (e.g. Swiss-
Prot, ChEBI). This requires information extraction, such as organism
identification.

Tag entities (e.g. gene, protein and chemical) in text.

2 98 6EHAI(Li et al. 2014)
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£ 7|Hre 2 Ay o)e} oWl E(biomedical event)

(Ananiadou et al. 2010) & A5 o1& 53t
o EM UEL A7 AYES BT Stk

B =2 (T8 DY 6 X8t A &
oAl #A FZ(Relation Extraction)ell o
APA AFE st W FE22 24
o EAYsl= gk ] A 7l om]A A
A7F EAHEA] AR5 sk A 4
(Relation Identification) 2, ZAI7F A1 734
&g Ao RS Adtele A 7(Relation
Classification) 2 & K Choi et al.
2014). <I¥ 2)= tEA Q] ]} #of A
o} 4] 3k tf3]2l BioNLP 2011004 54
M F% 2oA YF(BioNLP-ST-2011_REL)
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1 Analysis of the Iigand—bm:‘ll;\g domain of human reﬁmic;cireuplm alpha by site-directed mutagenesis.

2| Three of retinoic acid

3| They are of different s domains, i

S R 482
(RAR), termed RAR alpha, RAR beta, and RAR gamma, have been described.

ing distinct domains for DNA and ligand binding.
4| RARs specifically bind all-trans-retinoic acid (RA), 9-cis-RA, and retinoid analogs.

o

Sl
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5/ In this study, we examined the functional role of cysteine and arginine residues in the ligand-binding domain of hRAR alpha (hRAR alpha-LBD, amino acids 154 to 462).

6| All conserved cysteine and arginine residues in this domain were mutated by site-directed mutagenesis, and the mutant proteins were characterized by blocking reactions,

ligand-binding experiments, transactivation assays, and protease mapping.

Component
G . €

7/ Changes of any u/sleinérresidue of the thm"alpha'—LBD had no significant influence on the binding of all-trans RA or 9-cis RA.

9 With respect to arginine residues, only the two single mutations of R-276 and R-394 to alanine showed a dramatic decrease of agonist and antagonist binding whereas

= =
8| Interestingly, residue C-235 is if il in ist binding.
the R272A mutation showed only a slight effect.
10| For all other arginine mutations, no differences in affinity were detectable.

11 The two mutations R217A and R294A caused an increased binding efficiency for antagonists but no change in agonist binding.

12| From these results, we can that

 [Protein)
of RAR alpha.

Component.

of retinoids with the RAR alpha-LBD play a significant role in ligand binding.
13/ In addition, antagonists show distinctly different requirements for efficient binding, which may i

to their i in the ligand-i ion function

(32! 2) BioNLP-ST-2011_REL ZM U=
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Ao]gt Hopo|ae] #A F& 7|&S whd
7+ A5 28 32 (Protein-Protein Interaction
Extraction, PPIE) el F2 #-go] =of gt}
A 7F e ARE AHe MR QIS 7 oy
AE Ao 7He] AHAR] A3 AA T oy,
T4 WorlE "ojzl 484 T A (hydrated
protein) & ARe]ollA] =84 (aqueous solution),
el A (electrolyte) el &J3ll o] FolA= 1M
2ol Ao AL 7R = EZFTH “Protein-protein
interaction,” 2016). ©|&&k PPl HH= thekst
A= 7= Astal skt a4
ol &2 s, FA7EA] Aol ok
FAEo] s 7y, AE =2 71
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(PPI Classification, PPIC) 2 7*3%¥tK Choi and

Myaeng 2010). PPII= thse] @ dHS 7t
Ae 54 4] I TAE 7] eaas
FHsIL A=A AFE Adehs 7]t 7]
| S5 #RlellA & w, PPII #41= o)X &7
(binary classification) FdZ F#g 4
™, FA7A] B A7t RlgEo gith

)
Fl
ot
%
R
i g Soxo
& oo o

20
e

¥ s e E Bt
A FAAQ] e 284
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7 29 (Multi-class Classification)
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T3 ek &3 PPICF PPICE shuz A%
o 9 v B REEL x¥E
Zhou and He(2008) & #H7H] A+-¥ PPl
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Valencia(2002) & A& 2H8 ThA] o]3] 3}
TR o) 5 7o g o}3)H 7S st
of PPl &0l A-&3I8ith olol wa}, +7%
oA WA o]3]7] 2o tigt AFEE %
o= ALt o] FEH PPIY AlFER
2319t Ono et al.(2001) 4 &8 +
A& 2k 3] 2 i A 75k
[o2-8 % RS golsty, a8 dF
“AE2 B A 2 Ald B A oK Saccharomyces
cerevisiae) " &F TS A<l "ol A1 2] x| o}k
Z2](Escherichia coli) "ol &g+ #AE tide
E A 49 52 Ao R tE
o] Fundel, Kiiffner and Zimmer(2007)& £
E 8 Ef 7] A FF RS AR
O 2H A Ao Al AlAEE Aee
A FE9] FTule HaS vpAsth LLLZ
HPRD50< o83t Aol 22t 82%, 78%
(F-score) 9] =& 5= YERARIT
Ao & Z|AIsky B BAA 7R 7P
F ol et 702 A, A=85(supervised
learning) &< WHA% S8R5 (semi-supervised
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A% WAE 7170 5L olgdlel EAHoR  adirh (29 DS LR WA 23 A2
Feabod ok Webd S5 AT L FE U A PHEE RoFR )

A 2R AL AAA T B2, BealE 7] Qo i Re) ol AT A} =8
53 52 A5 AN P /5E0] oE WA F29 T UK s BN FE
B4R 0 Frbslojo} Gk 3AGE BA Bl BRl BEH] A7t Walsel gt
NS BEWE oheh $A) FE Zealz Teju Aol RE Asee] 284
Age] BEAL FRY 5 YE TR Th L olY] 9814 oF 2071 el B 29
NS ARAoR dRdth E SR 2B ORE B BRE ZE @ 8 A
g2 ERe B o AFel A AE © Eaeks Bl LAl Al B4 el
of FAHA ST Tk Bl WEHoR 4 A duldeE AR ANEAE Jua
$Y 5 Uk W 32 FFU2ENE Y BHsRE WA 5E 58 5 U B
S Sagte goltt & AR s

Performance Optimizer

—

| Configuration Manager | [} | Trainer || Parameter Tuner |

rl Language Processor | Feature Handler

BioText | Biolnfer GENIA BioGrid 12B2 27
Corpora

Machine Learning Cores

} | Stanford CoreNLP | | BoW Manager l | Dependency Manager | LibSVM
i | Korean Indexing Engine | ParseTree Manager || WordNet Manager Convolutional Neural Network
‘ L " I " |

Document Manager Index Manager Instance Manager
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T AJ2HS 2= 871 Y- BRER 7AE] oo A FE|AA Qo] BAS B3M =
o] gtk ¢4 A #AH Document Manager) 2% A= AASH "o olgA 4" &
= 5 A Z2 A2 e ot 2AE A Axte] AAl A o= (¥ 4)9F 2tk
At HEeYA AT F e e (O™ pollX Bz vpe} o] 7|98 & 2
7R AL Tk, 53] #A ARl dEE g 3 oE R A A9 83 A R =
2ES BASI 11 AYE tA| HIAE Fd=2 A G FE AFE ] itk A 32 FAo|
ARE 7 Ae 7so] A o= E H) et Ao a2 3 Wk =851 HHERE o]
2Eo] gisfiA Ao A2l BE(Language Pro- AIE vgo 2 kel 21 F& 7HES 4
cessor) & ©]&3te] BA (ARl F& W A 23] Aes JNAAIE F Tk
4§38 Fa% A FES] o5 AQl #2]2H(Index Manager)t Skl A 2
2 WE 2 Wk S Teslete], thrst A SeE AYE uiEe R F9 ARINE F=
A F2 7S 44T F e PHES A shal o] 5el gk 7kgA] FoE sl BB

Ho} A F| R A B E = A olt}, HE I FEolAM= 11 &8 7V =
& Advsles ¥t (E DI 2k ] kot A QaE 2] 7 AAY

HAzxE dYEE EAd= "#KWD=", = 55 o {854 &8 5 9tk
"#DEP=", " #PT="9] o] A=} A ¢1~El A~ #Ae) 2} (Instance Manager) & F
CE 1) 2M XM ElEs EMES) HZE 7=

gy Ay (A9 AL 598 dez vy

@RELATION el EA(FA A2’ E FREE I Bex

#1D B 2z}

#CON Ao yg (dA o] o] He= EF S& BA)
EA(E2) Woll 23 Aol thalld Jsiagl B3 (71EH ez o7 B 352 Hs2

#REP_CON 2 3] AjAel digiA A Al A= “ENTITYONE™ S 2 & Wa) 7j3l= ENTITYTWO"
2 gA

#ENT1 A A A ZAE

#ENT2 5 WA A A

#ENTL_TYPE A WA A 58 (A AL 2, AE o 5)

#ENT2_TYPE A A 58 (PN, §H1A A, AE E 5

#ENT1_START 23 52 Al A A A Ed 9R

#ENT1_END B 52 Al A WA A9 v 93]

#ENT2_START 23 52 Al F A A Ed 9R

#ENT2_END B 52 MM F A AAe) v 93]

#CAT 2R AR

#KWD B £ EAMdM FEE 7192 g 2E 2 28 Wk

#DEP B 52 Al g o= 77 B4 23 (doje 98 29

#PT A 5o EAo) ggt & Ef] (Penn-Tree Bank AEIYE A4
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@RELATION

#1D=0

#CON=alpha-catenin inhibits beta-catenin signaling by preventing formation of abeta-
catenin*T-cell factor*DNA complex.

#REP_CON=ENTITYONE inhibits ENTITYTWO signaling by preventing formation of a beta-
catenin*T-cellfactor*DNA complex.

#ENT1=alpha-catenin

#ENT2=beta-catenin

#ENTL1_TYPE=Individual_protein

#ENT2_TYPE=Individual_protein

#ENT1_START=0

#ENT1_END=12

#ENT2_START=23

#ENT2_END=34

#CAT=INHIBIT

#KWD=preventl beta-catenin 1 t-cell 1 signaling 1 dna 1 complex 1 inhibit 1 formation 1
factorl ENTITYTWO 1 entityone 1

#DEP=inhibit inhibits VBZ 2 nsubj entityone ENTITYONE NN 1 signaling signaling NN 4
nn ENTITYTWO ENTITYTWO NNP 3 inhibitinhibits VBZ 2 dobjsignaling signaling NN 4
inhibit inhibits VBZ 2 prepc_by prevent preventing VBG 6 preventpreventing VBG 6
dobjformation formation NN 7 beta-catenin beta-catenin NN 10 det a aDT 9 formation
formation NN 7 prep_of beta-catenin beta-catenin NN 10 factorfactor NN 13 dep * *SYM
11 factor factor NN 13 nn t-cell T-cell NN 12 formation formationNN 7 depfactor factor
NN 13 complex complex NN 16 dep * * SYM 14 complex complex NN 16 nndna DNANN
15 formation formation NN 7 dep complex complex NN 16

#PT=(ROOT(S (NP (NN ENTITYONE)) (VP (VBZ inhibits) (NP (NNP ENTITYTWO) (NN
signaling))(PP (IN by) (S (VP (VBG preventing) (NP (NP (NP (NN formation)) (PP (IN of)
(NP(DT a) (NN beta-catenin))) (X (X (SYM *)) (NP (NN T-cell) (NN factor)))) (X (X(SYM *))

(NP (NN DNA) (NN complex)))))) (. )

aE 4 AH 2M 2HZ= oA

oA ARG A FE BES ol§ale] BiE (I9 5 229) 3 Q2EsE

B2 shbe) £ MEE Ageks /5S¢ ok R WA BEE W £RE AEAE
Witk 54 ALl e BA GRS 0 EE EASKL 90F ol Ak Jelne B2
12 Agete] MEIE TAPORA A S5 Al ey delnk T oA gunes -
B0 94 FAT W BAES Wl A% ANEARRE Fue 240t udsel g
U ST S FTHA Q2ES RS = Fee) B Qe Ae) EHH
EaN E2E T BAO Ud 44 ME o) o2 FAE AL WEE A7 g4 9
= (29 5ok 2 MEE S/ ik
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6 3:1.000 4:1.000 172:1.000 236:1.000237:1.000 238:1.000 239:1.000 240:1.000 241:1.000
242:1.000 243:1.000 245:1.000 247:1.000 249:1.000 251:1.000 253:1.000 259:1.000
260:1.000 261:1.000 262:1.000 263:1.000 264:1.000 265:1.000 266:1.000 267:1.000
269:1.000 275:1.000 276:1.000 277:1.000 278:1.000 279:1.000 280:1.000 281:1.000
282:1.000 283:1.000 284:1.000 285:1.000 286:1.000 287:1.000 288:1.000 289:1.000
293:1.000 294:1.000 295:1.000 296:1.000 297:1.000

5 3:1.000 298:1.000 299:1.000 300:1.000301:1.000 302:1.000 303:1.000 304:1.000
305:1.000 306:1.000 307:1.000 308:1.000 309:1.000 310:1.000 311:1.000 312:1.000
313:1.000 314:1.000 315:1.000 316:1.000 317:1.000

(O 5 ddE oA FES AE HE A

1o} A2]7](Language Processor) & Sl o) & AellA] el A A, A B
g st 741 2] 2K Document Manager) o141 SoHEe I g3t nujgct AEHoZ B
HAES FAehs dgs Tt e o ATolME oy SRk MEY 4k & Ao
& HlolE7} B Gojo|HE Go] HIAE 4 £ Holx] o= A8 Ad 7wk LibLinear%
< $J8A4 Stanford CoreNLP(Manning et al. 7] HLo 2 FA 7K A3E A RE AFE
2014)7} 2felBje] = o] Eo] Qlrt Zofte] AL E2N I & e T

A2 2] 2K Feature Handler) = ol < ﬁé}t WEko 2 AFE Zssisith
wEF ARl FE, g AE A A3 55 vige A% 323} =+ (Performance Optimizer)
E W FEd o3 st A ES 59 = 71 g5 299 vyl ¥ A 55
© BEoltt F 55/ (013 A4, oF I¥= A e i 5o ASH R WAsHHA Tt
A, e A, ofm) 2R, RA 2R 5) o] A =2 7Y s Ueille 44 HJEE
FES F2T F JoH B} A & o= 75 gt 71EH R N-F4
3. A FE2& A T/ R AR AREIA o 22+ A% (N-fold cross validation) & 7]¥ko.
=tk = 54 4 A4 3ol digk s FAE AL

71A| g5 4] B5(Machine Learning Core) oM Foixl S5 AddS 7o R dnt
<= okt Jeje) 74 gy RES &9A = 5} 7} (generalization power) 7} 74 =2 A
Yale] o]2jgt 4= Y= FAE Wrapper 2 A& AEsitt
2ol & LibSVM(Chang and Lin 2011) 37 A4 #2]7](Configuration Manager)
3} LibLinear(Fan et al. 2008) & &-£-3}3 ) = W FF AR g 2 HSS A (aE
t} H]E LibSVMel tFst Ad(Kernel) < 6 2 71 ARE AJE F AU V5s

A st @2 w7l Weso] EATeR s g7,
e FAskl B2 Aol A& A= A3 (" 6)9 44 o FolM #A F=3
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# A3l & X|H. (DOC_CAT, REL_EXT)
execution.mode=REL_EXT
# 25 M XN (M2 XS @i, WeHez A
category.number=0
# MUY HolM HRES AIESHE oH XE.
document.record.header=@RELATION
# 22 EMEYOl MYE CHED (2 EMe ZE 0N
document.directory=./relex/bio_infer

= A0 CHok Mol Anp Mz o X7d.
document.info.file=./relex/bio_infer.di
# M0l QITl ME.

rir
re
il

# Sifj= Ao 24 ME|E /3t STANFORD(English)2H X|&.
index.engine.mode=STANFORD

# Mol Bl XjE FH0| HFE Juid M oLl XHOE §2)
index.file=./relex/bio_infer.index

# 7|7 ot AT AME

#LIBSVM(CHYSH 7{d X8 7H5), LIBLINEAR(MS 7{'d0t JH53t CfAl 227} we)
train.engine.mode=LIBLINEAR

# 7|4 &5 AdlTlo] Y= offHa XY

train.engine.param=-q

# 3y OAEA U HME TAY X

train.instance.file=./relex/bio_infer.train

#7017 ot50| 2RE 2 oy X

train.model.file=./relex/bio_infer.model

#S50| EE RYS J|YOoR HASE SUT MY AHA TE HUY K.
test.instance.file=./relex/bio_infer.train’

# 2oi0|M =2 XAE ZE MF O

feature.file=./relex/bio_infer.feature

# XA TSR gy X"

#FC_TF, FC_LOG_TF, FC_ITF, FC_IDF, FC_TF_IDF, FC_LOG_TF_IDF, FC_TF_RF, FC_BIN
# C|Z2EE= FC_TF_IDF

feature.weighting.method=FC_LOG_TF_IDF

# AP MY 7Y XY

# S FS_SD_CDF, FS_SD_CTF, FS_DF, FS_MI_MAX, FS_MI_AVG, FS_CHI_MAX, FS_CHI_AVG,
FS_IG, FS_BNS_MAX, FS_BNS_AVG, FS_WLLR_MAX, FS_WLLR_AVG 7|% X &.

# C|ZE+&= FS_DF

feature.selection.method=FS DF

#AHE ME 7|0 2 MF Azt A (KIEE ZrED 270 2 Ao ME
feature.selection.thresh=0.01

# AE = dY X (E4) - lex, semlex, dep, parse, entity
feature.extraction.method=lex, semlex, dep, parse, entity

# uA 452 fleh QAHA I X,

cv.instance.file=./relex/bio_infer.train

# WX HB0 A2l fold 2 X|H.

cv.fold.number=10

# o8 Y XA JIEX JlY, RE U™ gy 35 H8% NN Aol AW MY Y.

optimizer.output.file=./relex/bio_infer.out

(Og 6 24 £ 43 o of




o] = FE Y HolE (g
A A Yol ad &

= TEAE AR
“document.record.header”, HleJE17} A=
AHE AATH= “document.directory”, FA]
o thet #4 AR7F THH R s ol
g XA “document.info file”, A9l 2
A FZo] 45¥ A9d A S A%
3t “index file”, 24 F& WES A3k
AT “feature.extraction.method” 51

1 9ol (ZI 3)olx] H upet o),
9o A F2ol A3 vkl 9 AYES
3, ), sl BE 2 YEAEE E
Asiel 1 FollA BioText,l) Biolnfer.2) Five
PPI Corporad) = Hlo] Q. H-of A 2 2 3

A #2393 ¢ B9H0R Bgud:

oL

k!

5=

2 AelA A FE= Sl 2859 VA &
24L& Support Vector Machines(SVM)
It} o] BHE A% o5 B EA, p-2kdel
Ak sy WEIE (p-1)-2Hde] A3 23
(linear hyperplane) &2 ®Fgl ol F
F AES BEloks 2HWES] g SolA
(margin) ©] el ZHWHS Hesl= 1t

AFHT, A71A miHlole A T

hifhe

o

ML g rp
E!

=
=
2

Ju M

lo qaf fo

b 4t o
N rot M ru
Mr 2> o

)
S

BN
o
rg
tlo
-
i)
¥
%0,
rir

3

1) http://biotext.berkeley.edu/
2) http://mars.cs.utu.fi/Biolnfer/
3) http://mars.cs.utu.fi/PPICorpora/

St& wlolX e BA FEo i 4EA A7 319

Aek IHy gukR e g fek A}
tlole Hee] Ay FEo] HA &= FA7F
A= wAst olgf st TAIE sl Ash] $IslA
Z719] 3 Hloly aHdolA o E=2 A A}
AR EE HolH HAE5s AR EN o] 1L
Aol A o] M3 Fe7t 7hseA sk el
ARFEN e o] A tefet A s
o] ZgHr}

olgfst SVM< 37 =l A-&317] 3l
A 718 JEE 7 7R Al2E S iIbSVM
libLinearg &3t 1ibSVM2 SVM 719t
71A ShEe A% teke 715 ES Alweta
Nem E3] C++, Java, Python, MATLAB,
R C#, Perl 59 Z2 739 doj2 &8 715
& B> Wrapper=°| 718tk dA) A Al
Ao 71 gol &8 SVM 718k 717 8
5 golEejjelal & < gitk B3 LIBLINEAR
© SVMellX &8=E= A 3 SollA] ol
1 47K 3= 5, A% 7'd(Linear Kernel),
t}8} 719 (Polynomial Kernel), 7F¢-A1F HPA}
714 3= A€ (Gaussian Radial Basis Function
Kernel), 3= ®IE 7'd(Hyperbolic Tangent
Kernel) oA A3 Advs ol&ahax o
£F9] g5 HolHE EHHCE AT F
545 7K sl g5 STt vl w
T 719 SVM 7|9k B3} v]wste]

o] 953 AOF W o] BEL i

pul

&
of
o
=
o

%o,

it
e rr o

—4

A

A

oL

°Z E Afoie v A 7|HE A =
(multi-feature based relation extraction) &=

[e] =
a3 7hdsksd

a



sttt F2 A AAd Ao E AT 7}
570 =2 Y TolEE FEdY AR
ggeitt FrHeE ofF] ube] 19l (lexical
bi-gram) & F71H0 2 &30 ZH 2149
2189 (discriminant power) < o] Utk
T HAE o)& 7F 2E(dependency path
feature) = 7 7HA] 7¥e] oJF i A AAE
Higo® ol3] FAL °F 3 (dependency
type) 719k H&k A2 S 5
St A AHEA T AIE XS 2l o)
St EZE vlEe R U REES A9l
742 X3} EF(Path-Enclosed Tree) & A
a3k o] Apdg FEs7] 21814 WordNet
(Miller 1995)= ©l-§-stod lo1x 7153t 013
24zt o

gl X1 Al (parent synset) =
AMsle s HE

< F=0I%ith WordNet

4) http://projects.csail.mit.edu/jwi/

o] 5 A6 thE AL Sl MIT
o N TWI Al 2ol veleln & Ba8
Ak, mpeko 2 A AR oAk A BA

ou pR

3
EF 9 20 e 29SSt
*®

B AHES A4 hdollx] AAg g 5
ZH: dE S0, A4 914 9] "featureextrac
tion.method” &9l “lex, dep, parse” 7} A4
wof Qithd, A = BE2 o3 24, oF
AR A, 2 A The FESH gy Qe
B2 32 A JIAEIAE A dnbA o
2 W 359 dl AP 9Fe = A

IR
A A APES Bol &3tk 1oy 7iAl

Sig B2 AAEI7E 4150, B Aol
W A8 8 WA BR AFAE A 4L
S B8e 3, WA W By gunke @
$319) %S SR (IY DS AR F
24 449 AN BeiFT Ytk

(O™ DolA Bz npe} o] 7t gjle] A
T2 T2 S e ok 54 2
22 “WORDS-BEFORE-FIRST _ exogeneous”
o Ae} ro] "zpdelE  ApHZ o ® FAJE
o} 71 Fole @Al Al sk A8t U
o} 99 dAjeA “DEPS-LEMMA-PATH”
= 3 WA 71A (“entityone”) ¢F F WA A)A
("entitytwo™) Atele] o3 HAEE AHslaL
Atk (“entityone ¢ bind  associate > half »
entitytwo”). “PATH-ENCLOSED-TREE” =}

AL PennTree Bank 2EJ9] 53 235 )

2
ft
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il

ful

I MO

flet AHEe 7 H &Y

A T2 AL A IERTEEL
WORDS-BETWEEN-NONE | % /1A Ajolo] £ gol7} EAlaA] S5 45 100 A4
WORDS BETWEEN-ONE | T/V4 VO £ ST AR A 3 T e
WORDS-BETWEEN-FIRST ;ﬂﬂ]ﬂ;ﬁc’g;?;%‘* bAole 2 oy EAE A
A Alo Tl tho]r} FHolm oAk ZAF AL
s WORDS-BETWEEN-LAST T}j} E; ul}j—g— i oVF el 2N el EAE el

WORDS-BEFORE-FIRST

A A Ao et o

WORDS-BEFORE-SECOND

HA A ol 7 WAl Yehe Tl

WORDS-AFTER-FIRST

WA 1A 250 eRE wol

WORDS-AFTER-SECOND

WA A ol & wAdl et wol

WORDS-BETWEEN-BOWS

T T B TSE BN ESA R R

A Apelo] EA)sl= RE TSl tid Bag-of-Words
(BoWs)

WORDS-BETWEEN-BIGRAM

F WA Abelol EAsE B wolsl e vlel a9 R

rir

2% A2

DEPS-TAG-PATH

T A Alole] Hek o 7 Z (shortest dependency path) ol
EA ks FAE

DEPS-LEMMA-PATH

5 70A Abole] Ht 91 7 Z(shortest dependency path) ]
EAshks T

DEPS-TYPE-PATH

5 A Alole] Hek 9% 7 Z (shortest dependency path) o
A8l 2& 5349 (dependency type path)

F% A2 | PATH-ENCLOSED-TREE F 1A Afele] T E2)(parse tree) (T8 X A9)
HYPER-BETWEEN-ONE ;}zﬂi;gﬂ]%ﬁ ©ol7} shunt EAjake 730l L ol ¢
F WA Abolell £ grofzt Ao 27) o EAE gl
HYPER-BETWEEN-FIRST | 1 zg LM; ]%; Q -Hr;ﬁ;u;x]xg” 1 EAT 25
HYPER-BETWEEN-LAST | 1 ﬂj}éiﬂ jifzg ; j]i 2 1% EAT 25
ol 5y | HYPER-BEFORE-FIRST A A 1A Ao ek dole] AL
HYPER-BEFORE-SECOND A WA A ol F Aol e whold] Al
HYPER-AFTER-FIRST 7 WA A A5 vehde wole] 214
HYPER-AFTER-SECOND T A A o5 F wAll JeRtE gl A4
pre prTi | 71 APl et 22 WotEel e A4 Bagof Wards
(Synset BoWs)
HYPER-BETWEEN-BIGRAM | T/ Aolel SA8he £ wofgel dish 1 vl 19
(synset bigram) A
ENTITY-WORDI A WA A 24
ENTITY-WORD? 5 A A XY
g | ENTITY-TYPEL A A B
T

ENTITY-TYPE2

WA A e

ENTITY-WORD-PAIR

WA EAE Hhol I

ENTITY-TYPE-PAIR

A B wo] 1
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WORDS-BETWEEN-BIGRAM__1.9-10
ENTITY-WORD1__rhp51 19861
HYPER-BETWEEN-BIGRAM__to-than

ENTITY-WORD2_ keratin 10413

WORDS-BEFORE-FIRST__exogeneous

8696

13214
DEPS-LEMMA-PATH__entityone < villin > entitytwo 15901
WORDS-BETWEEN-BIGRAM__FLICE-tnf-induced 17718

HYPER-BETWEEN-BIGRAM__SID-03605915-N-SID-02677097-V 5303
WORDS-BETWEEN-BIGRAM__subfragment-1 8715

DEPS-TYPE-PATH__ nn prep_of prep_with nsubj prep_of 7277
WORDS-BETWEEN-BIGRAM__the-unaltered 16648
HYPER-BEFORE-FIRST__SID-03080309-N 3582

DEPS-LEMMA-PATH__entityone < bind < associate > half > entitytwo 13758
PATH-ENCLOSED-TREE__(ROOT (S (NP) (VP (PP (S (ADVP) (VP (NP))))) 8649
DEPS-LEMMA-PATH__entityone < protein > entitytwo-associated 11341

14940

HYPER-BETWEEN-BIGRAM__be-together ~ 7513

2 W3lEo] gEnh on] AFL ol
o WordNetol|Ae] 1 ghojo] Rt AlA
("SID-14944888-N") 7} A1 A=, 7+ &
ofoll gk F-1 AlMlo] EAlekA] ¢foH 1
to}z} U2 XA

e JFAR QeASZ Bt £
ol

0|21 #A| F=(sentence-based binary relation
extraction) & HlsiAe= (I® 83 22 A}
7} zl8) = ofof gtk

3 el tisiA A Q1 B A

E EN
AT T PAHOR F A oldel Aol

st A oAl

ro
1>
i
B

LS EH"]'_E HE ol 7].]11]1110]]
(relation identification) 2Fio]
AollMe (2™ 8)ollA His u)
Hzﬂ‘:‘doﬂ g WA A AFE

= 23 (classification) ¢

[e)

ﬂ-o
1

=
:‘.)L_"
o)
X
o

o,
rid
L;y

O
_4 N

J-

=P Y
rm\l
g,
Kags

)
S
2
>
rlr
o

TEr( binary classification)
ATk 1 o]Fol| AA o] &
F 23] FRAI ol thafA] Al
e Tt A7IAE
Aoz ojugh 7_74]7} A=A E A
stA == ol v £ ?:Zﬂ(multi-dass
classification) 2 sl Attt o|F2A JA FZ0]
5= 3 Ao 7]-]7"4]‘339— “FNA-SBA-AT
Bje] efn A ETEE FEH o] TR ol

g0 B 4+ Uk

e o
(O
Bu/
i~
N
rL ot
- -l> i
o

r—{u:

B2
i
riy
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o CHA BELHO| o JHH O] & o A0l EXf  « 2RE A Y
NI EE 2 O|& EXfs f SHCE D BHERE g2 =9
ASED 5 A 20 CHoK A JHH| Aol E=XY (predicate) 2 &}
EINEE ot 40| 74|17t St= B30i of = 5 7hH|ofl oy
BANOIGE MY AN soluH el
XIE HAL (O[T Aof| Cish 2HA R
£5) 2544 (03
27)
(32 8y Y QAo ZHA FENK|Q ME Z2MA
Aol AR AT FA7} = A2E A9 A4t
4.1 T Al NS T 7 H o
4196791 wbH, TEx] ok BARS 12884700
4.1.1 g<5/571F A4 9 Al vy i) wheba] AR 2o 72E AYs| Bl
£ AN F A 7l SAI7E A=A o] E2 Ay Mol B 4 Qlt) o] AL
iR T?BV] Qe BAl A AJAELS A BE v gl ousiyle] 9ok thAl &
s7] $18l 2 ApellA] ARESE 8y GRS Five A, 714 g5 Alell A S Z43F 5= Q)
PPI Corpora(Pyysalo et al. 2008) o]t} o] & o 9] = o 2Pk 288 4 Qltk
% A3 AlMed, Biolnfer, HPRD50, IEPA, = Ao}l ¥#) Biolnfero} 72 AdAL vhay
LLL 5 % 57kA19] ©hld 7k A3t 2] 2 At oz} thE Al F3 % elAEo] 3o
(Protein-Protein Interaction Extraction) Z o o5 7ke] IA7L /‘ﬂ—‘?@—i A Eof Q)T
GAE At el = vy ok zh A9 ol I A LFAZ FL317] A o
AL oz HdelE AYogt Fof = 25 & 213} binalization) = 536} Hdo] a23tE o
Aol A TS Ay o]5 7ke] A7} ATH
PAE O] Y=AE FFo T Fsle] 153
Eﬂ"]‘ﬂ"]ﬁ} N Ao st TA HHE= 412 A8 Az 4 v‘i'-"—'l

¥ 3) Five PPl Corpora SH4 M=

AlMed Biolnfer HPRD50 [EPA LLL Total

#Sentence 1,955 1,100 145 486 7 3,763
#Positive Instance 1,000 2,534 163 335 164 4,196
#Negative Instance 4,834 7,132 270 482 166 12,884
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= ARl YoM ARe BE S B8
stiem, 11 AFE Macro-averaged Recall,
Precision, F-measure2 AXF%itE LIBLINEAR
o] w74 C(Penalty Score) ol W2 A5
2 W3l S (F 4ol YeRITh

(3 pol|A] B vk} 7o] LIBLINEARS]
w7l mhE s HEbE Ao lom, A
£ (Macro-Averaged Precision) 7|22

a2 0.8170(C=0.0313), H#Al+= 0.79885
Ho|y ok FE3H F-23F0] 7|Eo =2 A
271 0.74645 VFERASAT Fe=ot Ad S
%/\}f‘;_} B2y E Eo]*:_ 74_04 A]g_:alo] o] 7]
o2 ohgFel S ke 2 olvjsi
O A2 0 7 F-251018] Al 0.74645
el = w7 EE4(C=0.0625) ol A1) &% 3
& (Confusion Matrix)< (3 5)¢} 2tk

Ao

(E 4y BA Al Al ZA3(Five PPl Corpora &, 104 WA AZ)

C-value Accuracy Precision Recall F-measure
0.0313 0.8170 0.7267 0.7428
0.0625 0.8119 0,7382 0,7464
0.125 0.8096 0.7275 0.7388

0.25 0.8036 0.7411 0.7428
0.5 0.8006 0.7315 0.7358
1 0.7925 0.7312 0.7308

2 0.7982 0.7352 0.7363

4 0.8006 0.7362 0.7383

8 0.7934 0.7252 0.7280
16 0.7921 0.7329 0.7313
32 0.7966 0.7247 0.7296
64 0.7911 0.7207 0.7241
128 0.7999 0.7299 0.7345
256 0.7909 0.7230 0.7253
512 0.8030 0.7313 0.7371
1024 0.7901 0.7319 0.7297
2048 0.8025 0.7292 0.7357
4096 0.7935 0.7320 0.7317
8192 0.8010 0.7343 0.7376
16384 0.7979 0.7246 0.7302
32768 0.7887 0.7273 0.7264
A 0,7988 0,7302 0,7340

(E 5 #A Ad MY Adn(Es o

: Macro-Averaged F1=0.7464) (&)

NS/ A TRUE
FALSE 1662
TRUE 2342

F-SCORES 0.6175
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(£5) £F DL &+ YRl AT fRe] 43 ulask ke
oA e FA 2 L FATE EAS At o g A HolHE thdeE Ayt
A g Q22T HohhE B0l B S5 Ashrks tha WolE A% FXE e
e HojFoh oA EellA] "FALSE™ 7 s U= R B Xéi% 7102 s 39 A
o JAXEAE “FALSE"Z #F3h= 590l A GRS 87 AT ¥ U2 085928
Holuth ol & WA BRoIMS] 952 Mol 9l A F-23e] 7|FOR Hopw
< Faslelay A5E dipt EEEHE e 0.7367 A== AAE o=z P e 0.7464
oL AE AN £ E & 9 S HwalA] 24 Aol g Mol Yk e
H71Ho 2 AlMed AHA tist 5 = U Ao Z2E 071128 yepdozxn A
A A3E GE 6ol eI 5719 A9 AETHE o FA7F 92 A & 5 At
S ZoIA 53] AlMed BA) A ME ((E D BR),

2458 SA ol 715 B2 AlZHE (3R 7oA HZo] B A-ftollA] 7likE A
o o] AYML olfsle] Ay NS WEN] A 715 WA A Azl HEiA
CE 6) | Alg A AT(AMed, 108 DA AE)

C-Value Accuracy Precision Recall F-measure
0.0313 0,8592 0,7767 0.7033 0.7298
0.0625 0.8560 0.7647 0.7144 0.7345
0.125 0.8446 0.7395 0,7279 0.7334
0.25 0.8297 0.7111 0.6835 0.6953
0.5 0.8317 0.7188 0.7221 0.7204
1 0.8365 0.7241 0.6864 0.7017
2 0.8400 0.7315 0.7225 0.7268
4 0.8508 0.7542 0.7028 0.7230
8 0.8030 0.6861 0.7212 0.6997
16 0.8345 0.7210 0.6995 0.7091
32 0.8329 0.7175 0.6883 0.7007
64 0.8333 0.7184 0.6916 0.7031
128 0.8235 0.7001 0.6783 0.6878
256 0.8371 0.7258 0.6790 0.6970
512 0.8261 0.7055 0.6867 0.6951
1024 0.8155 0.6867 0.6721 0.6787
2048 0.8428 0.7364 0.7076 0.7201
4096 0.8349 0.7240 0.7267 0.7253
8192 0.8369 0.7255 0.7040 0.7136
16384 0.8337 0.7191 0.6918 0.7036
32768 0.8578 0.7690 0.7155 0.7367
ki 0,8362 0,7265 0.7012 0.7112
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CE Ty 34 Ald Alg ADH(AMed 7|ZE22 E} A|[AHIDIO| M H|)
POS NEG Precision Recall F-measure
Our System 1,000 4,834 76,90 71.55 73,67
(Chol and Myaeng 2010) 1,000 4,834 72.80 62.10 67.00
(Miwa et al. 2009b) 1,000 4,834 60.00 71,90 £65.20
(Miwa et al. 2009a) 1,000 4,834 58.70 66.10 61.90
(Miwa et al. 2008) 1,005 4,643 60.40 69.30 61.50
(Miyao et al. 2008) 1,059 4,589 54.90 65.50 59.50
(Giuliano et al. 2006) - - 60.90 57.20 59.00
(Alrola et al. 2008) 1,000 4,834 52.90 61.80 56.40
(Satre et al. 2007) 1,068 4,563 64.30 44.10 52.00
(Erkan et al. 2007) 951 4,020 59.60 60.70 60.00
(Bunescu and Mooney 2005) - - 65.00 46.40 54.20
Y53 =2 AT FAE HoliL k. o= J?ﬂr 4 BioText AHAE o] 83 A5 A 234
Al 2 EA7F @<=3k LIBLINEARS] A £ HAF AFHog BAs 2o
AL ol &l T3] =2 AT ol ?SH
Ao| 7ksshe onsi, tieket AdEe] At 4.2.1 s/ AEAd 2 Alg iy
5, of3] A, o= 1 A, AT A, 9n BioText A#A-2 HIV-1 Human Protein
2 5o Aol 71 ¥ - El A Interaction Database”} Al&-dh= HIV-1 T
3 (convolutional parse tree kernel) oJu} £-3} A, &5 AE @& (host cell protein) g

A4 (composite kernel) S 72 sl H]

WS AR At T &3]

Ol:lE'_

4.2 BioText ZHME 0|28t
Lt

ZA

gll
M
0z
olr

i
15
&
(g
i
i

LA %‘%—‘8&: Yz 87 4z 7729
oA g A2e] B
s éxosm AN F 744 AeA

BioText <} Biolnfers &-&-3it} & HojA

—LJ

o [} A H £ 30

J HIV 2 AIDS A=z %@01 J= A F
7\A| ] e 7] g H (interaction
type information) = 01%3}04 olgo] g+

PubMed 22 % HE j¢] BAES Z2a
Adoltt, F2H HAEx A T4 A
AL EdA 2= 9 EA U= dolH

£ o] HEAR gE o] FEEUT
(Rosario and Hearst 2004). dl& EoJ, ¢ o]
Eju| o] 2of ZA3}= “AIP1 binds HIV-1-p6
14519344" 2= A ¥+= PubMed 2184} “14519344”
£ 7HA= =l “AIP1"3 "HIV-1-p6~ T
o] “binds” %2 (interaction type)< 7}
The Avo] gtk Seolth o] volEH|

2ol E 655 F2] Ao As AR A8}

™

o
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™, 809702 Tl del] thelA F 22247 ¢] e TR o w2

‘_o] m-/ngsl 2= oh:].' _or] =

2 2ol FEE o] AUk A7t He i ] ME BAEC 2 F5E AR AddA o
dlolefuo] 7t 5 whil Agol] thiaA] o A (1070) ol e Mgt A2 s}
e FeAg JRE FA6lal ke Aolth Aol £ AFelME e Alad e s
Qloll A oAz Ae "AIP1" ¥ "HIV-1-p6” B ASA 0 R F487] SlsiA F 22579
T Ae glojefuo] A YolA “binds"Z T B RS VIR AFS sk
AlEe] 91715 8}, “incorporate” 2 4|78 ¥ o] ol¢} HAate] & Ao A ARE-EH BioText Z
A% sl AHAS 75w, Rosario and A o] 7t A Ag W S5 o AEIXe] F
Hearst(2004) & ©15< 27 ZdA W 23 BoF Aol A§ oAF+= (F 83 2tk
ARG A8 R A T Al2Ho] FE 2 Aol e s Al viAlE =

(i 8) BioText Z3Me| EH| HE 2 A M2 o{F

o o 45 oy, 45 oy

BEAE AT Azd s (Rosario and Hearst 2004) (Our System)
binds 422 o} 0
requires 393 0 )
upregulates 217 0 0
synergizes with 187 0] @)
stimulates 167 o} 0
inhibits 162 0 0
interacts with 162 @) 0
inactivates 160 o} 0
suppresses 150 ¢) 0
downregulates 124 X @)
regulates 124 X o)
activates 123 X 0
degrades 123 0] @)
competes with 80 X 0
complexes with 75 X 0
induces 72 X O
incorporates 68 X o)
modulates 63 X )
phosphorylates 61 X O
enhances 54 X 0
co-localizes with 40 X 0
recruits 37 X O
stabilizes 15 X X
ubiquitinated by 14 X X
myristoylated by 2 X X

A 3,095 2,143 3,064
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22 37X (“stabilizes”, “ubiquitinated by”,
“myristoylated by”) oItk wiA|¢] 7|Eo 2=
Adet FH JA2H ] 7 YR Ao o
B 7F e agolels A I Fo %7t
Hojxikal ggl7] wiioltk £ 3,0647H9] ¢
Z2El20) His|A 10-3 Ak AES 5o
o, 1 A3E v Holl A8 71=sal

gt 712 A& ML BioText 2L J
ToE F5E AYMo|EE JoAgow U
oJ A= ANAE () o] FR[7E Yo

Atk wEbA Ao A Ads &gk o
A JEHRORE 22 455 Kol of34d
A AL =22 F Stk wepd £ A3
M A AEE S48 @ B4R 1 2}
2w Efate] Age FYsisith tEo,
HIE & Ag o] JiA] £ FolA Tl Eont

—1—’

HIV-122 SP8AIZ7] el ok 70A|

ofu} ol 2&ap717F ofHrhal AAZE 4= A
O, ool A 83t Biolnferoll A E o] th
2 /1R Frgolut Folol A A-ahs AASE
AZ B3 FeE e 9o E g gnts)
7 B Sy ZReA B A2Ele) g

ol UETIE o7t ek & 4 9)

_g

422 A3 Az 9 84

e 7 AT flellA AeE F 3,06470

o] AXEA lolE HAE EH’:}EE 10-8 &

At Aes wellA R E Ak AHA A Al
Sl QoM AHet RE AAES S8
, 71 A3}E Macro-averaged Recall, Precision,
F-measure 2 7l4tstich LIBLINEAR ] #j
704> C(Penalty Score) ol e A5 424

3 AAHE (F Dol YepAAT

(GE PollA Bo] CRlol 1024 739 F-2=
FoJ7} 057122 7129] A 21 Ads kTt nf
G S A0 E Vet 9 11 ol el
A AJA g ule} 7ol gk A ARzl oY
A 7 7HA ode] e R AR
VE BT B IAR S Bdo] dyE 7
e A Bl Ao= d]/}}LU. Accuracy =
060742 VeSO HF F-2F1= 055727
TEHAUTH

AFAC R AEHY, 5 Az 7}
o A SR 435 9Fol vig- A JEk
o}, "COMPLETE"dl| tigt Ad5¢] 0.370°]
“COMPLEX"& #H3hles Ao JHT 2
0.295 =4rol =A] eF=tt I vhdel] “INAC
TIVATE"S+=0807<; “PHOSPHORYLATE =
0832 7V =& A5 Ho|v 9t} "COMPLEX”
735 Agol gt AJ5o] W olfi= o] Rl
23 dAE 2o disiA £7717F “BIND” A
A E53E A9 Y] Wi E el
o} mEgk QIAE A9 A7t B "BIND” /S
280l thah F75 "INTERACT”, "REGULATE",
"STIMULATE" 53 22 4sa&34e &
T dodo] Wol BMAYSIAL 9tk <oA1 H e
upe} o] Hizks o 2 EE Ao o]
%i /}ijéEJ /\]-ixkg__/] OL.Jr/l-]o] 1/1,0 =] Ho]

sloh e A9E z:aamw e

)\
o2l
Loy

Rl



71A] Sh5g o]8-3k nulo] @ Hol e E oM TA FFo| UE A¥FH A+ 329
CE 9) A 257 ME ADH(BioText, 2271 MAIESF, 10-4 WAt )
C-Value Accuracy Precision Recall F-measure

0.0313 0.5943 0.6250 05178 0.5530

0.0625 0.6034 0,6311 0.5308 0.5639

0.125 0.6000 0.6198 0.5349 0.5624

0.25 0.5987 0.6076 0.5288 0.5540

0.5 0.5916 0.6047 0.5305 0.5562

1 0.5970 0.5950 0.5285 0.5533

2 0.6013 0.6039 0.5333 0.5579

4 0.5923 0.5958 05210 0.5460

8 0.5940 0.5984 0.5287 0.5530

16 0.5973 0.5969 0.5290 0.5533

32 0.5973 0.6056 05277 0.5546

64 0.6034 0.6047 0.5365 0.5605

128 0.6023 0.6011 0.5307 0.5536

256 0.5956 0.6032 0.5268 0.5541

512 0.5963 0.5904 0.5294 0.5512

1024 0,6074 0.6191 0.5438 0,5712

2048 0.6023 0.6032 0.5402 0.5631

4096 0.6074 0.6165 0.5386 0.5645

8192 0.6007 0.6074 0.5284 0.5564

16384 0.6034 0.5885 0,5415 0.5588

32768 0.5993 0.5978 0.5379 0.5595

ot 0,5993 0,6055 0,5317 0,5572
(& 10> Rosario and Hearst(2004) ol A A AF3 U3 T Aol tialj A 7ol
TRYA A g FLE 1050 dohe whe} A2 e Aleako] (A o] Ao
& goR & Aol e A2Ee) 0 543 REt 58 INTERACT™E o
N e FAG Aol 2 4EAE FHE gel ok QukEgl £
(G 10p0lA His vpel o], o A= g oz Aol A o] Ao atge tigt 18 A
o) o) e BOMHSS & ok BEF- ol QoW E5d 757} wol WASIT) Rosario
2Fol& 0.67500)w A 3E(Macro-averaged and Hearst(2004) oA A&3F A5 x]9} 2
Precision) < 0,6923°] W27 itk 3 F-2~F AelA et s FRE vlaek e (&

] 0.6820°1 st &5 FE (3E 1) ek
7P @2 S Hole 4 A2 “INTE
RACT" 24 0466 Holx gltk FA& uhst
e “INTERACT & & “BIND", “REQUIRE"

53} £50] ol ATk Holt), o oo

1259} 7tk

9] E=Rol M 243l 3714 A|2=Eld]] BlE)A
2 Ao A i Al2Ele] YD) =2 AT
& BTNtk 53] 59 A9AE Adig
B0 = A2s}7] 214 Rosario and Hearst
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(E 10y A 257 Mgl ZIH(BioText, 1074 HAHESF, 10-4d LA HZ)
C-Value Accuracy Precision Recall F-measure
0.0313 0.6914 0.6974 0.6582 0.6738
0.0625 0.6957 0.6931 0.6621 0.6748
0.125 0.6928 0.6897 0.6643 0.6746
0.25 0.6928 0.6919 0.6629 0.6747
0.5 0.6852 0.6798 0.6584 0.6669
1 0.6919 0.6916 0.6671 0.6773
2 0.6981 0.6969 0.6712 0,6820
4 0.6842 0.6781 0.6537 0.6637
3 0.6995 0.6999 0.6658 0.6796
16 0.6928 0.6916 0.6653 0.6757
32 0.6876 0.6831 0.6582 0.6686
64 0.6943 0.6924 0.6667 0.6775
128 0.6904 0.6905 0.6655 0.6761
256 0.6813 0.6692 0.6552 0.6605
512 0.6952 0.6898 0.6709 0.6793
1024 0.6914 0.6918 0.6642 0.6758
2048 0,6990 0,6979 0.6692 0.6808
4096 0.6919 0.6967 0.6656 0.6787
8192 0.6947 0.6914 0.6706 0.6797
16384 0.6890 0.6830 0.6643 0.6737
32768 0.6986 0.6921 0,6739 0.6814
it 0,6923 0,6901 0,6644 0,6750
(E 11> A 2F £ H(BioText, 1070 ZA|, F-score: 0.6820)
P/A BND. | DEG. INA. INH. INT. REQ. STL SUP. SYN. UPR.
BIND 296 12 5 29 40 18 13 21 12 15
DEGRADE 6 80 1 0 2 1 0 3 3 4
INACTIVATE 0 0 122 7 5 1 0 1 1 4
INHIBIT 14 1 5 81 6 3 5 7 6 5
INTERACT 23 1 5 6 66 6 7 5 3 2
REQUIRE 22 4 2 14 18 320 29 5 3 5
STIMULATE 16 4 3 1 7 20 97 2 9 1
SUPPRESS 7 9 4 7 2 7 0 100 2 2
SYNERGIZE 12 1 3 7 4 7 13 2 124 4
UPREGULATE 14 3 3 7 4 4 2 3 9 173
F-SCORES 0,680 0,727 0,830 0,555 0,466 0,791 0,595 0,692 0,701 0,783
(E 12) Ef AlAHEITe| M5 H|W(BioText, 1070 S &2 Cf4)
Hl W A|2H] Accuracy
Dynamic Model 60.5
(Rosario and Hearst 2004) Naive Bayes 59.7
Neural Network 516
ke Al 2E] Linear Kernel SVM 69.9




(2004) ol A AEAl AIFE EEQl “Dynamic

Model" Btk 94% 9] A5 g5 ol F3Uth H]

£ A9 ZA 9] FARCE QA o] FHeke
S8 AR A7 Bl A EAE IR ‘Jr
AlZHle] A5 Y BoFTldde

4.3 Biolnfer ZHMS 0183t 2 =7 &5
=
431 /3071 A9 2 Ay vy

o] Aol A+ Biolnfer(Pyysalo et al. 2007)
2GS &gt A2E AT HrkE TSt
Biolnfer= th¥gh §-3<] 7fAge] o £33
o] Q= 1,100 AL gtoz FE0 2 )
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Biolnfer (Binalized Biolnfer)
. %3] A S B2 A,
59 okt iAol
-4 HANA = A =]
I BE A= Ao
Biolnferol| A #|3-3}
7S =S HojEr
(1™ 9olA +74 Hell= 4719] A7 &
A&k, °]E Z “Acanthamoeba profilin” 2}
“properties of actin” Aleloll= “AFFECT” &
AZE Gerg BAFEr): £ Aollx] AdE Slal
A AAE S FA GAE L wskE HY
Aol = “Individual Protein”, “Gene”, “DNA

Biolnfer Visualizer

Open | Help | Quit I Go to ||Sentence:1l]

Linkage type: typed

Dependency
e o J=
v S /"_—- :\%_ A AN~ tp AN,

[Acanthamoeba) [prafilin] [affects] [mechanical] [properties] [af] [nonfilamentous| [actin] []

L[4

=

Relationships

Entities

affects: AFFECT

- Acanthamoeba profilin
- properties of actin

: |Acanthamoeba profilin {Individual_protein)

profilin (Individual_protein)

properties of actin (Physical_property)
actin (Individual_protein)

[

&

Sentences

4: A binary complex of birch profilin and skeletal muscle actin could be isolated by gel chromatography [
6: Abnormal immunareactivity in the tumor tissue was ohserved in 18 patients ( 34.0 % ) for E-cadherin , J
7: Absence of alpha-syntrophin leads to structurally aberrant neuromuscular synapses deficient in utropt

8: Abundance of actin , talin , alpha 5 and heta 1 integring , pp125 focal adhesion kinase , and alpha-c
9: Acanthamoeba actin and profilin can be cross-linked between glutamic acid 364 of actin and lysine 1
10: Acanthamoeba profilin affects the mechanical properties of nonfilamentous actin .

.| |

(22l 9) Biolnfer 7tA|3} EF 2 W=
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family or group”, “Protein complex” “Protein_
family_or_group” 2} 7+ 3 57k41¢] 7|AH
TR SAT (£ 132 A AHE &
A SF B JA2EA 5 e Y ek (T
H 9olA B nieh o] 5 Hgdls B
TFe MA7E SASL 15 1+ 4&74] s
teFsA Edab] witel, sds =

o ze_/] /\1:,1/\7} _1_%5

=
ELO g AZ2el A B A¥S At 1
o)

(I 13) Biolnfer EA HE(Z 1971 2HA|)

oA HEsG kel
BIND 616
ASSEMBLY 46
ACTIVATE 50
MODIFY 38
RELATE 86
PHOSPHORYLATE 40
MEMBER 280
OTHERS 364
INTERACT 159
ATTACH 33
ASSEMBLE 33
CONTAIN 42
CAUSAL 55
LOCALIZE 72
CHANGE 73
SIMILAR 59
COLOCALIZE 112
INHIBIT 32
ENCODE 32
3 2222

ol A A3l BioText e} nz7 A= 7R
7k IZEIA Jhere] HAPL vl
T Eo)7] 71 YL of

of| 2 “BIND"ol| alldsh= Q1282

r
M

o]l:! /Ié

L o>
oo X
re

b

= 61670191 ¥HH “INHIBIT ol thgl Q12
29 F& 1F 27H Tol wA] gkt Fet
JAXE RS 7} v A2 Uz ER/RES
"OTHERS" 2 Eg35to 2 ARzl dA =
ofld et ele] AV} S-S 2o
VT w7 Al="E ] Sal =gt
AAE BioTextollA 158 4328 JHE
I @ BRo] A Ut “LOCALIZE”,
“INHIBIT”, “INTERACT”, “"BIND” %). w
2hr] Tl 7k 4528 Protein-Protein Inter-
action) oItk B} 7] 7he] BAEL H]AEo|A
o] I 8o JoAXME MR Ffshes FEo]
Boy & 4 Stk

B
?:?
&
L

F

«loﬂﬁ ﬁﬂi% = 22227H

52
et BE ZP’Q%*% OBHEQEL a 75_34%
Accuracy, Micro-averaged Recall, Precision,
F-measure = Al4FHich LIBLINEAR 9] v
N4 C(Penalty Score)dll W A% 4%
W3l AL (F 14y JeRriSth

197]9] BAZ oz 3 BHE =343
A3, Precision®] Hoi#k> 08158 % w9~ =2
Holmw, F-2310)9] gk 0.72420]ct 3
A= 0.70189] 2375 YeR L 9o
Macro-Averaged Precision(Accuracy) 2] %

TS 0734424 B2 F 573 Holt} A3
Ad 718ke] SVM] w7421 penalty score
o] Wl mE A W vl A A Hol
ng &g oerst Ao a4 S0l
FAEGga & ek
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(E 14y BA 23 As A(Biolnfer, 1970 2H 2%, 10-4 TX AZ)

C-Value Accuracy Precision Recall F-measure
0.0313 0.7305 0.8158 0.6279 0.6895
0.0625 0.7341 0.7926 0.6363 0.6896
0.125 0.7377 0.7959 0.6555 0.7067
0.25 0.7355 0.7738 0.6634 0.7038
0.5 0,7532 0.7992 0,6789 0,7242
1 0.7459 0.7848 0.6711 0.7149
2 0.7345 0.7720 0.6559 0.6991
4 0.7318 0.7472 0.6636 0.6958
8 0.7314 0.7564 0.6610 0.6973
16 0.7245 0.7872 0.6336 0.6908
32 0.7414 0.7629 0.6741 0.7090
64 0.7355 0.7922 0.6616 0.7108
128 0.7355 0.7750 0.6640 0.7053
256 0.7227 0.7977 0.6431 0.6988
512 0.7291 0.7537 0.6582 0.6939
1024 0.7323 0.7752 0.6540 0.6991
2048 0.7291 0.7524 0.6577 0.6935
4096 0.7459 0.7860 0.6734 0.7158
8192 0.7332 0.7819 0.6509 0.7000
16384 0.7282 0.7750 0.6515 0.6962
32768 0.7309 0.7797 0.6573 0.7043
g 0,7344 0,7789 0,6568 0,7018
A 78 Ao AFACE AuEH A H2o) tigk 27 5] obA7Al 4] S
RPAR 2 59 AV} 390 2 & uekPe, oI A s A8l 17
Wtk 55 7Kg 1S A5S HOl= “MEMBER' % B2 ¥7bel Aae) 48 2 /1 o
SV S S Mol ASSEMBLE' 0 49 3% Fol 22 Aol £ ¥
o] 4 zlel= A9] 045 27t ek “OTHERS” &l ok WS Hes Aol st
A= “BIND” #AS} 7P S5 3, o wE A E7F S A A&A
"INTERACT™ A SA] wp7pA]olt) 54] o] dosjtt
& wek ALe “OTHERS® e teka u2 Biolnfer ZeAlo] Hho] L. Hofo] A
A} &5 AiJe] Yehdths Holth o] & A el &t s JEell AT, Al
FE Qo AFaldEe] 259 A2HAE 7KK iR 92 2P(Relation Identification)
7= teket #AE SR Al =2 7 At JFE o] AT whirel vlal iy *1
&9 A HolA FAst difol= At 2glo] ERskA] etk & Aol FHE

ot AR A 2E WA Jn7t FARE Q1A Biolnfers ©|-&-3 ¥4 &7 Al2d< ?%6}
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28310 A5 JUSAAOL Bk thy
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A2l Mz 7 B RS Foh 0w

At g-gslrjel HejshA A= 3l
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rdk

Learning) 595 443 A28 A 5 &
d& Mty Ae A5 & Za7t Sl
A Q1A w9 F-2H(Semantic Role
Labeling) 53 722 Hl2E Alg2o] Ho]ES
g0 2 BAe= FAE2 RNN(Recurrent
Neural Network) ©Juk CNN(Convolutional Neural
Network) Edle] @A 7V £ A= UE
Wi e A FAT wek ARglo|t) 1y
A A, oy F2E olEslal o8 &
s|A T A 7] IAIE Al BRSlE
A tgt At obd7HA] stk
F7H 2 F AYY FHolth & AT
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