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WA, EEMZHRXPIH 2L S &RmEn s, BEE % O 72 G A
FEEINTWB. AHFSETIX, BioCreative V Chemical Disease Relation dataset
XL, EARBEASE, LSRN, BRI E2TW, b o ket 5, B
MR TIE, 2L OEBRAXEFZVWTE D, BERHMEOE, SUR»S5 L0
BB REME T ABELD L. T2, KEEVFRUINTET ) 5=V a v
ISR Z ET 50T, FHT—XPVNETH 2HN L\, 5, EERE
i, BRHEICBVWTHEDE L, X2 E2<HRZMHTEIZ LN TEDET
W R—=21Z L, HBRETETIVEZEBINL, SX A7 OEZR EXEZET IV
EIRETD. BREEYERIDXA MV EEIIH L, FAERRZMEL, 2F
ARBERTIZHN U, LR, BERMH %2175, %72, BioCreative V Chemical
Disease Relation dataset AN DT — X 2 W2 HT, FER L2,

*F—7—K
ElARE, EAEREMME, LSRN, BIMRME, XEkiht, E¥R4Ewy, —a—
FIFxy NT—2
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Information Extraction for Biomedical papers™
Kenya Watanabe

Abstract

In recent years, with the rapid increase in the volume of biomedical papers,
information extraction using machine learning is expected. In this thesis, we
perform named entity recognition, co-reference analysis, relation extraction on
BioCreative V Chemical Disease Relation dataset and extract information in
the abstract. In biomedical document, many relation across sentences. Thus, is
necessary to infer relation from the context. In addition, annotating biomedical
literature requires expert knowledge, and training data is often small scale. In
this thesis, I use a base model that achieves high accuracy in named entity
extraction, relationship extraction and can extraction relation across sentences.
I propose enhancing the model with a module for co-reference analysis to further
improve task performance. The resulting model extract named entities from the
title and abstract of biomedical papers and perform co-reference analysis and
relation extraction for all named entity pairs. Also, I improved performance by

using external data.
Keywords:

Named Entity, Named Entity Recognition, Co-reference, Relation Extraction,

Information Extraction, Biomedical Literature, Neural Network

*Master’s Thesis, Department of Information Science, Graduate School of Information Science,
Nara Institute of Science and Technology, March 8, 2019.
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B1E FFim
1.1 &8

R, A VX =3y bE KL, HARGEPEFEL Wo2HRSHETHE PN X
BRXEPHETEAFHIREIZR 572, TN o OXEDOH DS ANMIZH R IERZED
B eVEERINTVWS.

EFXEYZIZEVNTE, flZX, EGRECEZEY YT - XA RX—-ATH 5
MEDLINE[52] TH, 140 /it QA BESRE TS, ZORIICED, E
FEYF OEMEOMESE THREFZEYFIZE W TORTOMICRE 22 THET
5 ZENHRLL IR o THE Y, ERAEYZEmH 5 HEIZ R Z i, #hdikd 2
RAP IO T WS, HlRH L, BEERBME (Named Entity Recognition,
NER) 42T (Co-reference), BfRAlIL (Relation Extraction, RE) 72 &
LN, EEEMZERUIHLTOT /) F— a VIFEMM#HEzEL, 28T —
RDINHIETH B Z L%\,

@A FE M (Named Entity Recognition, NER) & 1%, [EA#&H (Named
Entity, NE) Z2#iHiL, 772XV V79I 0BEOZ L TH5. —BoBTIE, #HM
MDA - Nf - Mg EOEA G, HE - RE - R EOBERIZ E %
EAEXRBEE TS5, £k, EMOHETIE, LEYMHOWHREDEMMHEEZ [EA KR
e d 5. HlzlE, Nndomethacin induced hypotension in sodium and volume
depleted rats.] &\ 5 3023 LT, lIndomethacin], Thypotension], sodium] %3
EARETH D, Nndomethacin, sodium] 2° [{b¥¥E | iIZJ& U, Thypotension |
MR BT WS 2 2l 202 BEAERBT WS . BERBIE, R~
EHLVWLOPHTRS 720D, RTHBFICEHLIMETEL 05 ZEALRARETDH
D, AR, BEWEEEAWZBEEREMEOTENRL BEINTVWS,

LSRN (Co-reference) & 1d, H D NENGZ oz & &, XEHERND BRI 745
RERTHFATNDS L, AUEREETERIAZ V-V I LTI IARELTEL
B THB. HlZIX, TScleroderma renal crisis (SRC) is a rare complication
of systemic sclerosis (SSc) but can be severe enough to require temporary or

permanent renal replacement therapy. | &\ XUZHWT, [Scleroderma renal



crisis], TSRCJ, [systemic sclerosis], [SSc] 2AEARITH O, &4 IZELTW
5. ZOLE, TNEFNOEAERHIMVEUCEARINE 5D, D%, [Scleroderma
renal crisis], [SRCJ 2RI UEHERBITH 0, [systemic sclerosis], SSc] HFU
EERHTHDZ L 2ilnld 202 SR WS. FUBEAERHTH->T
H, LEOLIIZBEVPHVWSNDE Z X, HREVHVWONEZ VD L. KB4
PHREMIZIE L TV A 2EUROEREZ HWRWE DN R WGEDRD 5.

R (Relation Extraction, RE) &%, XEEEN oG/ N7 EW
ZHE T 2EHRME DO A7 D—DTH Y, HAERIHBOBEKEZRT LS54
Ak & [EAREMOBEWEFEZMHT 20 TH 5. #l 21X, Mndomethacin
induced hypotension in sodium and volume depleted rats.] &\ 5 XIZx L T,
[Tndomethacin], Thypotension|, sodium] 23FEARHTH Y, lTndomethacin],
[sodium] % b¥F¥E | 1ZJ@ L, Thypotension| 2% [fE£ ] BLTW5., ZD&
&, lIndomethacin] & Thypotension] 2% TJHK - &5 OBEKIZH 5 LT 5
LR Z BRI & WS . EREOBIX D & 5z, BEREHET 22T SUROE#R % H
WRITNIER SV, HBOXN 53 EXEIINLT, XxEWCHEREZHMTT
256, L0ERSEMLROBENBREL I, BLWREE I TWDS. 7z,
Bfrihtiz 32554, LEdoflo X5, EERAEVPBEMNTH 29, HELZ LT,
BREHET 2 Z L NZ .

G R, LB, BRMEIZOWTOFMRERIE = THNT 5.

1.2 XwmoODBEM

ARG D HHE, BEFEYI i X DOME ST — & THh % BioCreative V Chemical
Disease Relation dataset (P&, CDR &{d9) 12X LU COEAREME, HES
Mg, BRI VWT, BEREZRASL L EHIZ, L0 EMBEIEVEE
TOERBRZITS. RIwXTIE, BEAEREMY, BEEHEOETIVTH S BRAN
(Bi-affine Relation Attention Network) [32] ZRX—ZXET)N & UZETIVERE
3 %. BRAN T, BRI 2475 BC, EARBME & ESBERFOEMRT — &
ZHWTWS A, KifFETIE, &0 EMEOREITIE, EAREHL & LS
M DEMET — XD WG E I HBERIME 21725 X512 BRAN 2B T 5. 7z,



AT — 22 HNTHEER L2A 5.

1.3 XWX DIEK

AL DOMERIZILATD®EY TH D, 2 =TI, [FHAREME LS BN, BIR
HHDEITFHEIZDOVWTHNT B, 3FETIE, R—ZAET N EHERIZDOVWTHNR,
AR DREFIEIZOVWTHHET 5. 4 BT, FEBREE L ERERIZOVWTRN,
b ETEMIERZ2ERT 5. 6 HTIE, KigXOMHmzER~RS.



B2E FITHR

ARETIE, FEAEEAM, L2, BfRaHOLTmE2MN 5.

2.1 BERKRBEHH

— AN EA KRB, SCOhOEHFEIIR L, ERELUZEAERIOZ 7 ADH
DEDYTAES 25h, —DOEARFOHMEZ NV a5 HR5T~Y 27
e LTibisd. 7045 A2 LT, BIO /i (Begin, Inside, Outside),
%721 BIOES A (Begin, Inside, Outside, End, Single) [I] 2"\ ot 5. LA
FDFRIZHISC T... heparin induced thrombocytopenia type II ...1 12X % 241
IR VT KB EERBTH OH &R

#£2.1 RHISTNY VA & BEEETHS

’ X H ‘ heparin ‘ induced ‘ thrombocytopenia type 11 ‘ ‘
BIO ... | B-Chemical O B-Disease I-Disease | I-Disease
BIOES || ... | S-Chemical O B-Disease I-Disease | E-Disease

# 2.1 oflTix, BERHDZ 5 A2 LT [Chemicall, [Disease] 23 5. H
EILIZFOHENEDEAEHD 2 5 A ([Chemicall, [Disease)) IZJ@L,
EXRBOEOHP (B-, I-) THEh%E LR T NIZE > TEET 3.

ERLORRIRRII T R v K B EERBME O FIEICIE, KELHITT, AF
TERUEBRELREZ2HVAL—ILR—ZADFHL, EWEEE2HWEFEO D
Nh 5.

W= R=ZAZHW=FEE, AFTHELREDNX—V2EHRL, Tz
T35 L TCERARBMEZITS [2]. TOFETIE, BRonzaEicsnwWT—Inic
MARENTVWAEARRZSWHETHE T 22 TES. /2, AFTIL—
WaRERT 2720, YATLZMATHE, MHBMSEMAEL 2TV, LrL, &
HCRBARIZBRIZ, LRI WTEARKE 25 RBIHAHMLTEY,
REAERBIGHEIGSE 2121, V-ILZ2EHLRITNIERS RN, £z, EFE



Wit B OB 0%, EMNLAEEZE L TOWRTNIE, V- IVOER 21T
AT, W—IUERK, BEHIZRERIZ 205,

B E 2 AW FEE, AFTRINTINEZTFAMNroEHL, BERH
HWHZITS. AFTRINITIINZTFANEERT 720D 3 A MIPHr50,
—EFEUZETIVEERT 2L, RHMOEARIIZEFRITHEIGIND Z & HHE
RINTWD. WM TE 2 HWFEKIZE, KRy o —E (Maximum
Entropy, ME) [3], lBthv~) 37 €5 (Hidden Markov Model, HMM) [4],
A4 EERY (Conditional Random Fields, CRF) [5], ¥ R—tRT7 X —=%
¥ — > (Support Vector Machine, SVM) [6], =a—F )12y hT—2 %M\
T [7)[8][9] R EMREESNT VWS, Za—F )32y T =22V FETIE,
DAVY h=a—7)xv b7 —72 (Reccurent Neural Network, RNN) % ~X—
AL U, St &Ry fladbE 23k [10][11][12] %, CoNLL-2003 shared
task database T 72 & O OEHERN ZFEARBMBORY Fv =0 F =Xy b
WHUTEWHEEZRLTWS., — O T F A MK 2 EA KRB0,
Message Understanding Conference (MUC) [45] % Information Retrieval and
Extraction Exercise (IREX) [46] 72 EDXFHE TR I N T E 7=,

EFEMERE DT — 2 & L TIE, ChemdNER[51] ¥ CDR[43] 20 H D,
MUC[45] % THIZE & 1T & 7= [ A BB OB 2 8 T 2 LM b T E /-,
7z, £21DRIZRFITRY VI X 2EERBMH 2T HEE, XEHED
EDRRIZ E =27 VIZRBELTENETND b — 2 VI DOWTHAIZ1T 5 A%, EFAEY
FRBLREORHICEWCEHARBME 217556, XEHRFEI L TR IS H
FE (subword) IZ43EIT 22 &NH B B3], Zhid, (LFEYEALAXHRAREDEAE
KEUILL-RE D 2 E50 2 L XRHAMN LRI ZMAGDET VWL I EARENWHTH
%. HlzZ1X, Theadache] % [lstomachache] (ZIXFI L l-ache] X \WH#ED HEF
NTHO, M1,2-dimethylhydrazine] O X5 7 [, X [-] & TH LRI %/
AEDETWERIANEL KFIET 5. T ORGSR D PRI D IFH % Z R
RV, BAIED H 5 RMGEIZHEIST 57280, HFEZ MO HEGEICSEUTHWS.
Frz, KEK—BHHFOTFT -2 L TIE, AR—ZAXY)D DHGEEZ DD h—2 v
ELUTHRY, RANTRY K BEAEREAMEIZ1T75. UL, ChemdNER[AI]

Thttps://www.clips.uantwerpen.be/conl12003 /ner /
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BREDTF—RTIE, BERBENPAR—-ZATRREYNZWGEDRDBEET S, EX
EWF IO T — 22 U TORBEDENZDOVWTOHESITONT WS, HEENS
WA HEEANDRE G LT, SEtEZ W28 5 E P EMEER ORIz %
CHWLNTWS. Aif5ETHW S byte pair encoding(BPE)[13] 1%, t4x T — &
JEMED DB CTIREINZFIETH D, THFAMNDOEMEEZHWEBIZLT, AR
N E 2 RE ST DA HRERE TNV IV XLTH 5.

7=, AW THWS CDR 3 LT OREARBHT & LTI, tmChem[35] %
DNorm[36][37], et SHERGZHWFE 39] 280D 5.

A

BRERA

ST T, CoNLL 2012 shared task[47] 72 & — 3 BHDO T — X2 Z DT —

RZIZHT2ETIVITIEZ VD, BEEMZEREHO X S 2 HMSE TORBIET —
ZRNITRHME U 72 E TR < v, Fii & LTI, B4, MUC[45], B3[49],
CEAF. [50] D=2, ZN 6 DFITH % CoNLL score 2L THDNRERTH
5. MUC[S] i, FHILAEAY Y 3Vt k B2 TARE, REOI—NADI T
ARDEREM o> THRAEGEED, LSRMAHORA T 2H T 5. B349] 1&
E%77zat%M®&7za®x//a/®$a0®ﬁAmfA,%mm®x
a7 %FBET 5. CEAF [H0] 1k, 7 7 AXRDEAREFELTDT 714 A M &
b, MUEAERBEZRT IV IARBLTA Y Y a ZEIHEMMIZ L EHT
%. CoNLL score 1%, A EDOA a7 Z2HAWTEHEINT WS [50]. A#fgiTo,
Z WA D FEAM 1% 4 ECTHIAT 5.

HBIEMBHT OFEICE, RELH/ITT, AFTERLUEZHELREZHWSIL—)L
RNR—2ADFREEMFE 2 W= FIEDO 20D 5.

W= R=ZDIBIIEMNE T IV L LTI, B Sieve LIFIEN BV — )L &K
EOEWIEIZEHE L BN o BB Z2 2175 ET NV [14] RENHE. ZOET
)i, CoNLL 2011 shared task @ Closed Track TH®H mWAiEZH L, CoNLL
score T H7.79 72> T\ 5.

BebEE 2 W= BB E T V2, KE LT, Mention Pair €5V
[15][16][17] % Mention Ranking & 7V [18][19], /- 3EHRDOETFT IV EZMAED

2.2 3

/|

\

W



Brb 0 [54] REND B,

Mention pair € 7V TlE, RNV —INREDHMEBINIZA VT a v EHAVT,
ZDOHDERD DDA VY a TN U THBROBEGRY D 20 L5 2% M1 H
ET B, TNETNORGH THETFHAL L TRDBELTVWDILDEEATI T AR
YITBZENEZN. L, KBEOI I AREELERT-EHENMMETHRNE
WOMBRDRH L. 7z, 7 & RUSFHOMIZ ENL S WBRYH 572 ERE T
5D, HAHMLFIIN L TEDRITFHI RS LSROBRIZDH 25 &\ D iaElE
LU TERTE RV, ZOMEZMEIRT 570D ETIVH Mention Ranking €
TIVTH 5.

Mention Ranking € 7V, XEZENSIEAFIZMIE LR S, ZNEND A
VVBVKOPT%ﬁﬁ%ﬁy#VﬁTé’t’iof%ﬁﬂ%&ﬁ?é%TwT
H5. FFERTZIFTRL, XEREDOA ¥ a3 v OFAT5E O %2 & I
NdZehcEs. Lrl, 5‘655?@'43(%0t%/\/ﬁgfﬁgk%étu?‘bﬂé%
DEERTH, VIAZXRD—EBMEZEDI LI TERVWEENZVWEERHINTY
5 5.

FBRDETINEMAGOEZFEEZEEL TWEIHMX b4] T, 773282V
THRDIRD 2O T2, AvyaviEs I AR VI 52T, TNE TITE
SN r I ARDEREA W ET, B¥ & MUC Za7izx U Chiiftd 5 &5
DAgger 2> TH¥ET 2522 T, 77 AXNDEEKRD ~EMEZEDTIENZIRE
LTWb., £7z, =a—J)bxvy hZ2HWAZFILE L TIL, Mention Ranking €
TVEFETHEETIV |21 X T AXO—BWEZREDEDIZYV ALY b=a—F)
3y NI—=2ZFAVTWEETIV[22] R EDNDH 5.

F72, K THWS CDR (X L TOSHRME LTk, T —&%2HW»
EEET Y F U R HAWEFE [40][41], XZ v Fﬁ%r)b%mb\tizf [39],
tmChem|[35] & DNorm[36][37] 7 &% 5.

2.3 Bk

AL T, =D DEARER OB Z M 5B X A 21200 TiRR 5.
PUR TR X A2 D FIRE UT, Hllid 0 FECHAEL LEE, FEDH D ¥



#, Distant Supervision Z fH\W7=E TNV E2ENT 5.

Hbid ¥ DFT—2 & LT The NIST Automatic Content Extraction (ACE)
RDC 2003 and 2004 2 — X [48] 72 &3 5. HhHidb O FEHOFHEL LT, ¥
K= IR R =<V E2HWETE (23], =t 7 bor2RWEFE[24], Xk
WAFNE R % V72 ARG IZ K B AR — IV R— 2% [\ - FE [25] 70 ¥ OWFZEH T
bNTWa., Hhid v FHEIE, ZELTEWHEZNT I AL WD, FHT—X
EERT 5 AAMBEL, T—XEDPHIRIND L WS HEVD 5.

Bz U FEE T, KREDTFAMT—X, BfRZHS 2 entiks. FIRIE,
REDT XA Mo EARAMOHRFEDO X FH 2 HH, WHL, HzBEi7
PG INT =X EMET2MENTTONT WS, £V ATLELT, BFED
EEEZMET 22 DMk D A — 7 VRGBT Y AT L [26) , BfROD B ED
SEAS UBRHH e 2 9 2% ) v 7R HWS Z LT, IHliitE 95 IDX ¥ X
T L2072 ED D 5. Bl UEE 2 HWZERH I, BEIRLUEHIZE ST
BonzERI Ve, AFTERINZERT VO D HEE L Wi 2 o
EhRH 5. NFTERINZERT NV e ik, HIZIXHER—AIZH 51 UDER
ENTWEIRLVBRETHD.

FHGD D FEEANEZFILREUT, 7= MANI vV THEERHWEZFIELRDH
5. BRHEICBIE 7 AT v VI 28] 1, U TFOFIEZ#ED KT HT
PEDA VAR Y A S KB A VARV A% FIRINCERT 2 FIETH S,

o EENRELIBURI TADA VARV AR —RELTEHEZS
e TXALNI—NAMSA VAR VAT EZ NN X - 2T 3
o I Uit R — Y Z2HWTH 2214 VAR A2 T 5

L2L, 7=bARTy 7RI, KELTWSEY=FROAM Y ARV A LIS
CHEROBRWA VAR Y AZHELTULES L WO HEDH 5.

Distant Supervision I, EEOFEON[HE2MAGOELZFTIE[29] THY, &
FAEYF S O S8EHH D % 72 FE [30][31] 1IZIEWVWEEE TH . Distant
Supervision (%, Freebase[44] 72 DGR — AMF TN D KRPF T — 2 X—2 &
NYTimes 7 & D 3 =N 2% W TR EMR S NV EERT 5. EAEREZ -
DUEEUXETF AP A—NANSMEL, H#AR—RAIEENLEEREARMO



BAMR T ROV Z BN R IEMRE S NV e LTG5 T 2HTHE T — X 2ERT 5. #H
RZRIEMRE T RNV DONWZT =R EERTHI LT, BllidvFHLD HHEET—X
N5, Zhi, Bhid v FEHEDOT — X REDMEDMIRIED —D s,
ffiZe LB OFIE L OMLERIL, H#BR—RAIZE TN 2 EARER ORI XL %
BRI RV U TNET R THL. BUWRIEMRIRVESE25Z
T, iU FH Lo TRONEBEFBEI NV E AFTERS NZBFRT XL
G| OMEZBRTEZENTES. 270, EBRIZIE I RUBMNEGEI NS
RETEBOVXIIHLUTE IRV EMNGTHIEDRHEN, REDT — X2 ER
U, BBDA VARV A EZRL 7 NUATRITAE, 250 o542 8L T
FERTHILNTEELEDNTWVWA.

E7, AWFETHWS CDR X U CTORBGHIE & U TiE, MR EoREE
ZEDZa—F03xy bPEHWATE(BRS], YR- MR X—< V=V EHWAET
I [39][40], V=L R—=ZADTFIL [41] REDDH 5.

[38] TlE, FBEXR—ZAETNLVEY Y ==X NVETI, Za—F3xy T —
JETIVOHHMATT DEAESHIC L VBB ZITS. ZOFETIE, BXT
[Chemical] & [Disease] OWifDEARNZ LT U BB ZITS. K
BER—AETIVIE, RHEEE UCUR, BEERE, &, FHEE, BFzEas
U, ZIHA =2V ERAWCHNA I 7 2583 5. HEE, 5%, Wi, —DO0[HE
AREDHIZ =HIEDOF ¥ > 7 % XIROFEE, ~v N, &6, Fv o7 ofR%z
EERBEOREE, TChemical]l DEAXBLE [Disease] DEARIAD EH & M)
ZH BN VSR EOREE, —ODREARBEBIZEODHEND D h N
S HH & B O R R, BEAA DDA REOF, MEZIFBOVWINIZH B H
WO ABFEORKMEL LTHWS., V) —h—3)VETIVIE, BEE, &,
BXORDOEHRE2RHEE U, =3 VEEZAVCEINAIT 258 T 5. =a—7
Vxy N7 =2 ETIVIE, HEEHIE WE], BAERREZA~NY RU—NICESH#R -
X, HEXAKRDEH%Z LSTM (Long short-term memory) % FHWTHEEL, FAA
a7 ZEHRET 5.

[39] TIE, XIRCEARE, FHRIRBOBHRERNEELE L, Y R—-MRIX—%
V—rERACCHERIE 2T, URPEERE, FRIAEROEHRIIITDO LS 4
TG D 5.



o IR ¥
— FEAEREODOE]D Bag-of-words & bigram
— FEARBOME D Bag-of-words & bigram
— [EARHIDED Bag-of-words & bigram
— ZODEBEREADBEUXITEEZNDE N E S
— ZODEAERAPBHEL UTEETNEINE S »
— ZODBEAERID U E#EN U EENDE N E D H
— FARIHEORFEIIREDXF— T — KRG ENTVENE S0
o [EHRIUGH
— [HA B D Bag-of-words & bigram
— [Chemical] & [Disease] DXH SAMITHBIT 50
— EHEZRED MeSH 1Ds
— [Chemical] DEERBNXA MILIZEETNTWS L IIME X IR
L GEND FERBERRIANE S
o FHTKIGRDIFH
— MeSH (Medical Subject Headings) [57] (2313 % [ Chemicall, [Disease]
DEERFDOH T T —
— MeSH 1281 25 ED [Disease] DEARHIADPIZEETN TV S
— MeSH 1281 % —#i72 TDisease] DEARELIZEHEENT VS0
— [Chemicall, [Disease] DEAXRH T D MEDI (MEDication Indi-
cation Resource) [55] DIFH
— [Chemicall, [Diseasel D [EA K ~7 @ SIDER (Side Effect Re-
source) [h6] DIEH
— lChemicall, Disease] D[EARE~T D CTDHS] OIFEH

[40] TIX, SFEBHROHIBER, FAABROBHREZ/FHEL L, YFK—- IR
R—=v—VEACCHERIEZTS. SEEERIE, BEARERTHPIXEFTHU
XIZEFENTENE I DR EDEREMXRDOERTH 5. MelEmlE, 2TOMH
BRIAART DCEAFTHI U 72 [MECCEA KRB O SR HGEDOR, X1 MIVITHEBL
U= E5 5, FIAREDL MeSH IZEENTVWENE I POWERTH L. FHRiHl
WO IX, UniProt ¥ CTD, UMLS % ¥ D& S 7z 7 — X R— 20 R F

10



XDOBEE A & Euretis Knowledge Platform %W CTHEZIEHRTH 5.

[41] TIX, [Chemical] & [Disease] D[EARILDETZDIFEDHEEEL 7 L —
ADINR— v &8 UG 217745, #lZ1EX, [Chemical]l DEAREDEZIZ
[caused] WO HFERDHEIMESINREDNR -V ERET 5.

11



BIE RRFE

ARETIE, KX TERETAETIDOR—ZAETILER—ZETILAS DWE K
IZDWTCEIHHT 5.

3.1 R—ZAEFI

AL TIRET Z2ETIVDOR—-RAETFINTH5 BRAN[32] 1%, [EAREMH & E
RIEZITS>ET NV THS. BRAN X, OB XLORKREWXEIZH L TX
IRIEH 2 TR 2T 5fE L 2o TWad. 72, 2T TR L /20 HiE
EHWSZ LT, EXEYFEmXIEEFNIEZEYFEREZHELPIILTY
%. BRAN 22K U723 T, MaWEOIERE LT, BPE[13] B HWVWS T
W5,

BPE &, 7¥ Xt DEfE®R %2 HIERKIZ LT, ;aﬁkﬁ’]c_éj\iﬂ%/kmbfbwjﬁﬁ
HEEQET NIV XALTHD. FTXFHRATHOHEEL L, HELPT VW=7
VEMEELTWL 22T, HiERHBROHE WIS :’ﬁﬂté.

Iz, BRAN QMRS S, b—2 v DE&EEE m, h—27 > DRID
EDS5RI%E], AMENZb =20 DR¥INDOEZ%E N &$5. b= DM
IABNT MV ENENRZ MVIXECIRIETH D d &35, b—27 VHOIAATTH]IX
Omxd, fPEMHDAAITINE P 235, EFVOANZE 22T 5L, ( ZHD
F—=2YDAS 2 ik, ARORXDRRIZ, i BHDO F—27 v OMOHIAANRST ML g,
Y i HHOABEDHDIAANY ML p; DRITERINS.

S (3..1)

f—=2>voOxra—XiZl&, Transformer self attention model (Transformer)
[33] ERX—RAIZUL=ET NV (BME, TF &39) 25, TF &, FUHEDET
V7% BREBAERTHEINTWS., 2720, TNETNDRETERDLNITA—X
BFD. TEOWH% b 5%, EBAD TF, 0dH 0% &, k—1@EOEH
B v k— 1 EHOES VY & TR, it A S L ROMT, B FORART

12



Fxnsd. 27U, b\ =2 2535,

pM = p* D 4 TR, () (3.1.2)

TF (21%, Multi-head attention & & &AAAE (Convolutional Neural Network,
CNN) 235 5.

Multi-haed attention &, 5D EHULZ N7z F A — X % FH\WT, self-attention
ZRERICAJNCN U CEBELNEHT S, ¥—Fk, fliv, 7TV q &35.k v gl
TNTNA/HRIGTHS., ZITHBEANY FOETHS. ~v K h D a 1324
ToRXTEHINS.

T
q; kin
Qijh = U(%) (313)

ClEjDTAAYYaVYTOY T MYV I AEREKT S, ixDT77v¥arvd
HJEARD o THT.

Oip = th]‘ @aijh (3.1.4)
J

0; = [041; ..; 0in] (3.1.5)
O RERITLOMZEERL, [] 3G 2 EKT 5. Multi-head attention M A

S 1D M % Layer normalization (LN) [34] L7zb D% 2 £ 5.

z; = LN(bF™ + 0;) (3.1.6)
Layer normalization X, AJJ input, H7I output iIZXF U TUTFDORD & 5125
"5,

d

1
inputmean = p Z input; (3.1.7)
i=1

13



d

. 1 . . . .

nputyqr = (a E mputi@mputi) - (znputmean@mputmean> (3.1.8)
i=1

input — inputmean
norm = p b (3.1.9)
Vinputyar + €LN

output = LNparameter, @ norm + LNparameter, (3.1.10)

7272 U LNparameter, £ LNparameter, \& d IRTTTHEZEL, X 3.1.10 TIE norm
WZIRTTED & D ICEHRE 2 EH, kT 5.

e W TEARAAEIZ D WTHIHT 5. Transformar ZRELU 72X TlX, 71 v
RYIE 1 OB AAAEE ZDOEAERT WA, TF T, ZAIMA 71> Ky
&5 DEAAAEZEMT S, L, A=AV EXRIERZ IS 72O DFEETDH
5. BB ETOBIC, 20X u—hVAEXIRERPERTHZLEZ LN
5. U4V ROE w DBIABEE Cp(-) LRT L, BAAHMBOHERUTO
BN AN

{9 = ReLU(C” (%)) (3.1.11)
™ = ReLU(C5(t\")) (3.1.12)
£ = oM (D) (3.1.13)

ZZETOETIVIE, FEAEREMELERHE, MXAZIZBWTHUTH 5.

A &BTE, TF o olP) 2EEXE2 52 n OUVILIEET 5. dxn
WD WO 2HWT, AERBEOEFNEFNDZ S ADAIAT % scorepe. £ T 5
&, Ut ksnXicns.

SCOT€per = W(O)bgB) (3.1.14)

ZDAATDIREEWVEERI Y 7 A2 FHZ NV &9 5. FlEOREBRBIX
JuArybpb—2Hns. BEEBEBUTOL S BATHEINS.

14



N
1
N Z log P(n; | scoreper) (3.1.15)

BRAN T47 5 BfgHiH 2 31 2 B£%121%, CDR THH LU ZWEFRD X 5 i1z<
head, tail >»®H 3 L#E L T\W5. CDR TH#iHH 3 584%1EX, Chemical-induce
Disease TH D, AR LR ZiFHKI 2 WEMOBKREZHNTS. 20L&,
head Z{L¥WHE, tail &L T 5. TF O 0% 2BIFHO head & tail 2h 2
NUZDODWTAFDOAXD LS iz a— KT 5.

ererd — W (ReLUW, L) plP)y) (3.1.16)

€; ead

tazl W(Q)

tail

(ReLU(WH 5{P)) (3.1.17)

tail

A (3.1.12, 3.1.13) O W I ZF2£THUKILT, dxd ThH5.

RIZ, bi-linear ZFHHWT, £TDO M =27 U RTIZHUTOEBK T NHUIZHT 5 A
A7 EFETS. BRI AAVPLETHY, NXxNx LRTOT VYV AZHD
TUTORD XS IZEIRINS.

Ailj — ( headL) tail (3118)

RIZ, 5 head DEERHD v —2 > & tail DEERHBHD b —27 > DORTITH
UL TCTORERT NWIZX3 5 237 % LogSumExp B2 HWTEHTEHZ LT, H
% head DEARH L tail DEEERBEORTIZH U TOBBI NVIZHT S Aa7
EUTORD LS IZEHET .

scores(p©d, p'@i) = log Z exp(A;;) (3.1.19)

iEPhead
jePtail

ZO#EEIE, A REHT RSB O ERT — X X3 FHT -2 2 HWT
#75. BRAN Z2E U i X Tl&, (3BT 2175 Bz, EA R T & £S5

15



R DIEMRT — 22525 Z 2 ELTWS, £/, ZORA37 %2 IZHE%E M
WCFPHIZ RNV EERTS.
FEEOEEMBIZ s oA Ty b —2 W5, BEBRIX E EOFEARB
R7Tl, AFDES>ANTHAEINS.

E

1 .

o) g log P(r; | scores(p™ed, pt@il) (3.1.20)
i=1

B L7V 3) AL0E, Adam 2HWTE D, FEHK(X 0.0005 T, clip grafients
tonorm 10 & 9%. 7z, 5 HOMRTEAREMEZ, 5 HIOMEE TR Z
FHI 5. £72, BERHEZFE T 5ITIE, negtive data & positive data % %
NEN S HOMERTHEETE B=27T, H=47T, Ny FH A XL32Th5. ¥
72, token @ 15% %= fEfEAIZ UNK h—27 VICEESMZ 5. £72, KX THW
% CDRIZX L TIT5 & &, gradient noise 0.1 TH X, +—27 > OHMDIAAITSH] %
PubMed IZ& ENSEXDH NS 10% OMEXZHWTEET L. b—27 2D
HDIAALTHIDFEHIZIX, skipgram 2 W5, 7z, Adam DA /R—NF A —X&
¢ % 00001, B % 0.1, By % 0.9, token ® KT v 77 % kK% 0.15, 0 D KO v
TT7UNERE 015, ADROY TT7Y NEE0.65, ern & le 812, L Nparameter,
EHEFZ 1D dIRTEDRY MV, LNparameter, 2 EFE 0 D dIRTTDORT ML L HE
T 5.

BRAN £/KDOME DX 3.1 IZRT.
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EE&REHL

NERMLP

BafR i

LogSumExp

i

Bi-linear

N

headMLP headMLP

Transformer

Multi-head attention

!

X=5+p

/\

F— o v DIESHIAHAAST FILs

MEDEHIAHAp

\/

=2

l

BPE

I

F3C

3.1 BRAN
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3.2 WRH

REFEZ, 31HTHNALZBRAN Z2HELZETFVEHWS. DIFRT, ®RE
FUZDWTHIAT 2. R A E UTIE, HEBIEMTE T IVOEMN, BEAREMLE
TFTVDEENRD L., LBBIBFTORZ A7 2P U2 212 L3R OKRE S L H
4 ETHERB.

HBIRENTE T VI, AR EFEUSEOT — X8 LTS, BRAN 24
AIAART VW= —F )2y NDETIV [Bd] 2BFZITER L. T OHLSIEENTE
TN, HEMEXHTIZEEFNIEEREOETOMAEDLEIZEWT, EAEKH
RT KL, RTICEEFNZEERAVPE VR UEERETH 20D 12 i
ET D, AN, HEINEIZEEFNAEREOEERAXRTZNEND h—27 VDl
DIAARTZ MVT, HARRANINZEERIORT PEWIZFEICEAERITH 5
MESIPDMEDAIT THB.

A REART (entityy, entityy) D~ —27 VOMDIAART MV EZhT N
Sentity1r Sentity, £ . BIZIE, entityy WXFED { FHNPS jEHEHD =2 2T
HDEZ, Sentity, = [Si;-3 8] THY, (j—i)xdRmess.

Sentity,» Sentitys, ® AN E L, TNEHNIIN LU TEARARANE, Maxpooling J& %
AWT, UMFORXD ISy a—-R95. 72720, 3111 REFEBRIZT 1 KD
g w DBEAAAE% Cy(-) &KL, Maxpooling J§% Maxpool(-) & &£T. F7z,
BAIAMAE, Maxpooling JEDHJ1% cnns £ § 5.

CNNSentity, = Maxpool(C’éentityl)(sentityl)) (3.2.1)
CNNSentity, = Maxpool(C’éentityQ)(sentityg)) (3.2.2)

RIZ, Maxpooling JEDH N ZHKEET S, 7z, ZTDEE cnnentity, £ MNentitys
DAV VEMELRERLEAT S, a1 VEUEOEER, cossim(-,-) &
*9.

CNNSconcat = [CNNSentity, ; CNMNSentity, ; COSSIM(CNNSentity, , CPNSentity, )] (3.2.3)

18



a9 A VKELE DEIEIX, ATIRZ NIVE inputy, inputy, HIMEZE output &
THEUTDED LATEHEIND.
inputq - inputh
\/Zle inputy () inputy X Z?Zl inputy () inputs
WIZ, MTRDESICEARBERTVPEWVZFAUEAERETHE1E S PO fED

AT EFET B, 72720, WO & (2d+1) x (2d+1) ¥, W& i (2d+1) x (2)
RIETH 5.

output = (3.2.4)

SCOT€Scoreference = W(4)(W(3)cnnscomat) (3.2.5)

Db REWAAT R TFHIT NN E TS, OB KERIZ O AT Y b
DY —%Hn5. BEERE EMOBERREAT7TIE, UFDOLS A THEX
na.

E

1
5 Z log P(y; | scorecore ference) (3.2.6)
i=1

T, BEAERBEMEETVORBAIZOWTHHT S, B AIZ, BRAN ©
EARBEHME T T IVOHET scorepe, WU, SR SHERGZ2EIGT 25 TH 5.
27U, CRF Oifis CRF() L £bT.

scorenc? = CRF(scoreper) (3.2.7)

ner

EFNVIIBITAF0MDEMEE, BUTHhs. =770, & (3.1.19) @ phead p
Ptoil 13 [EA R 2B O EMRT — X TR FHITF— X 2 W51
&M H%5. BRAN 2R UIREETIVOLAERMEX 3.2 1217
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HB MR Elf &R BER

LogSumExp
CoreferenceMLP AT E FERIS -

Bi-linear

A VERBIE | |NERMLP headMLP |  |headMLP
Maxpool Maxpool
B AN [E
B7p 58| [BErise Transformer T 8]
Multi-head attention ‘
|

I

Sentityl Sentity2 X=s5+p

T

F—2 2 OEHAHRRT FiLs IEDIEHIAHAp

3.1 fRETFIR
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B4E R

ARBETIEERIZHAW T — &, §HliGE, ETNVREDNT A —RDOHKE & ER
FEFIZDOWTHIT 5.

4.1 =BT
4.1.1 5T—%4

AR THWT—XIECDR THS. CDROT/T—YarT—2D—fl%
X 4.1 1R

439781 |t |Indomethacin induced hypotension in sodium and volume depleted rats.

439781 |a|After a single oral dose of 4 mg/kg indomethacim (IDM) to sodium and volume
depleted rats plasma renin activity (PRA) and systolic blood pressure fell significantly
within four hours. In sodium repleted animals indomethacinm did not change systolic blood
pressure (BP) although plasma renin activity was decreased. Thus, indomethacin by
inhibition of prostaglandin synthesis may diminish the blood pressure maintaining effect
of the stimulated renin-angiotensin system in sodium and wvolume depletion.

439781 B 12 Indomethacin Chemical peav213
4309781 21 32 hypotension Disease DRBTRZ2Z

439781 36 42 sodium Chemical DRl1z2o64

430781 1@5 117 indomethacin Chemical pDeay21l3
439781 119 122 IDM Chemical peay213

439781 127 133 sodium Chemical DBl1z2o64

439781 256 262 sodium Chemical DRl1z2o64

4309781 2ZBR 292 indomethacin Chemical pDeay2l3
439781 3BO9 481 indomethacin Chemical peav213
439781 4109 432 prostaglandin Chemical DB11453
439781 518 529 angiotensin Chemical DeRREAD
439781 548 546 sodium Chemical DRl1z2o64

430781 CID DRBT213 DRATAZZ

4.1 CDR O—Hi

MO—f7THIE, #XDID, &1 PIVOHTHS (|t]), XD XA FILDTF A b
DIEIZZ>TH L, MOZfTHIE, #@wXDID, MEXDOHTH S (|a|l, FwXDOHK
BEYXDTFANDIEIZIR > T WD, I, BAERED T )L, BEFHRD T XLDNEIZ
FLTWB, FEEERID I ~)LIX [Chemicall, Disease] @ —fiA H 5. HiR
DI N)E, TCID] 2B 5. MO XSZ, BERIHDOT /) 7—3 3 VIESCHEH
SDOXFHTRERONRL LS >THEY, TOEL, HAERED I )L LEE
KELZTLDID B2 oNnTWS., AWK TIE, ID 2 HWTEREDEARIRTIZ
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S ULBIBO TRV, DEDART IR LEARIDHE—TH D001 DfHT
RV EERT S, MOREDTIZERZRI RLT, CID L WO BRIV ERO>Z &
Z2RU, EEREDID OX7 % [Chemicall, Disease] DIEIZEKFTLIN T3,

CDR 2% 1500 DFXD X A bV EBEXAH 5. FEARED 7 ~)LiE, [Chem-
icall 7315935, [Diseasel 7% 12850 H 5. &M ~)LiX, [Chemicall DEAE
BART OIEFID 172069, [Disease] DEA KRBT DIEFIH 98709, [Chemical]
DEARILRT OEAFIH 340344, [Disease) DEARELART DEARFIH 209976 &
5. BRI vk, EHIH 3116, EHIH 12686 H 5. CDR Tl, 1500 DX D
T—REIMT—&, NVF—Yarvyr—X&, FAMT—XIZ500 T OH0NTH
B0, AL TIHEIEAIIN) T =2 a v TF—2D 55 350 F— R E2HIT — X
L, s —% 850, NUF—rarvsyr—=& 150, TAMT—X 50012017 5.

4.1.2 M@

[E A RE O X, BIO AAZHWS. EAREMETTHITSE IR
JViE, B-Chemical], [T-Chemical], B-Diseasel, [I-Diseasel, 0] O HFET
H5. XM41 OEAEERK TIDM] O I )L eiigExo DM o HEERR 2 75
B LD, EMARRIFZAR-ARY D TERL, EAERIDATPHITX
FTHHIHBENDDI Vbbb, ZOOHZIE, BPEIZXb I(IDM)] »
(L1, TDM)J iZa#lEnrzk, TnZnEAERER T N)Le U T IB-Chemicall,
[T-Chemical] Z2f15-3 5. £7-, IROH [EERFEH ] T Precision, Recall, F-
measure C, BEFEWF%E & RS 5. BARIHDO I NVHNIZEAXRIHZNE LD
=2 OHM (XHEIrSM =2 H2PSM N2 HETH) Z2FH 5
)b, EfRETRVIITkD B, Filll 7 RV [Chemical] DEHFRHI TN T D
D=2 voHIMDES %2 NER Chemical Predict, 1Efi# = ~X)L [Chemical
DEFBREZTNZTNOD N —27 >V DOHEHBEDES%Z NER Chemical Label &3
5. NER Chemical Predict D& DE%E% NER_Chemical Predict Num,
NER_Chemical _Label DEZDOEE % NER_Chemical Label Num &9 5. %
7z, NER_Chemical Predict & NER Chemical Label DFEE S DEZEOEHE (IF
fiE®) = NER_Chemical Correct Num &3 5. Precision, Recall, F-measure

22



DFEHEE, UTFDLS3ATRDS.

NER Chemical Correct Num
NER_Chemical Precision_ Num

PrecisionNgr = (4.1.1)

NFER Chemical Correct Num
NER Chemical Label Num

Recallygr = (4.1.2)

P 2RecallygR - PrecisionNgr (4.1.3)
-measure = 1.
NER Recallygr + PrecisionNygr

Zhik, FEAERBHH Z NV [Disease) ®FRIZFHET 5.

HBMHEEN L, IAERHOEMT —X2HVTHEMT 2. HUXERIZE
nT ‘55.]U.ﬁi‘%fﬁ7/\‘}bo)ﬁ‘b‘flﬂ5£f®]\‘—7‘/’\07535@LDVC#§7§H§
fEMr 2475, WU ID OBAREXRT % EH], £22 ID OEAERERT % Al
E35. FHTRUPEFOBEERIHART DES % Coreference_Predict, 1Ffi#
T RVDIEBIDEA KRBT DA% Coreference_Label, Coreference_Predict
DEFE % Coreference_Predict_Num, Coreference Label DEF#¥ % Corefer-
ence_Label _Num &3 5. %7z, Coreference_Predict & Coreference_Label @
FEGOERZOMEE (IEMEE) % Coreference Correct_Num &3 %. Precision,
Recall, F-measure DR AL, UTFD XS0 TkD 5.

Coreference_Correct_Num

Precision = 414
Coreference CmaeferenceiprecisioniNum ( )
Coreference__Correct_ Num
Recall = — A 415
Coreference C’OreferenceiLabeliNum ( )
2Recall - Precision
F-mBGSUTeCo'refe?”enCe - Coreference Coreference (4 1 6)

RecallCoreference + PreCiSionC’OTeference

Bt T FHIT % 7 ~Lid, [Chemical-induces Disease (CID)] INULL (B4
BBV O E’C?)Z) BAGRAhH O REAM I, [EARBANL, LSRN O E
T—XERAWRHEL, EAEXREML, XSEETFOFHT -2 2HW54805H
%. .ﬁi’@ﬁ?ﬁﬂ&, HBIBENT D IEMET — X 2 W358 580 Ol HERD 5.
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o EERIMM, LRSHMMOEMT —XE2HWEZEAERIDO ID X7 TO
e
— XEFIZEEFNTWAEL ID @ [Chemical] @D F XL DANT NS [E
ARBLEHEL ID @ Disease] DT XD WTWBEFRBEDOETD
WX UTEBI VDA aT7 Z2EHEL, ID X7 U TEBI N
VDAAT %FHRT 5.
o EARIIHIL, KSR OFHT — X %2 HWEARB AT T O
— EARBEMEZT .
— [Chemical] ®F XV DFFNWTWBEHAEREL L Disease] DT ~XILDfF
WTWAREBARE, ThETNE XA TORTOREARBIIIN U TSR
fRMT %2175 .
— lChemical] DFH#IZ XN DFNWTWBEERELL [Disease] D FiHlZ
VDA NWT WS EARBLD R TDRTITHN U TSR O % H
W, BfRAHi 24T 5.

B RBEME, ESBEEFOTHlT—XZ2HW55E, R0 ->HD iEE &
5. UTFOM 4.2, M 4.3 T 4.1 DF— X120 L TO =20 BERAH o2 F 1
DIIRFIEZ RS . 72720, K ET—XD—H2HNTRT.
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Indomethacin induced hypotension in
1D : DO07213 ID : DDOV022

sodium and volume depleted rats. After a
ID : DO125964

single oral dose of 4 mg/kg indomethacin
ID : DO07213

(IDM) to sodium and volume depleted rats
ID : DDO7213 1D : DO12564
plasma renin activity (PRA) and systolic

blood pressure fell significantly within four

hours. ...

Indomethacin induced|hypotension|in

sodium and volume depleted rats. After a

single oral dose of 4 mg/kg/indomethacin

qIDM}- to sodium and volume depleted rats

plasma renin activity (PRA) and systolic

blood pressure fell significantly within fou

—

hours. ...

RLIDOEARIET & ICEHRMmE

Ef=RME & A SBRTOERT — 2245

Chemical
Disease

Indomethacin induced|hypotension|in

sodium|and volu

single or.

(IDM) tond volume depleted rats

plasma renin activity (PRA) and systolic

pleted rats. After a

ose of 4 mg/kg indomethacin

blood pressure fell significantly within four

hours. ...

4.2 BRI ORI FE 1
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Indomethacin induced hypotension in
sodium and volume depleted rats. After a
single oral dose of 4 mg/kg indomethacin
(IDM) to sodium and volume depleted rats
plasma renin activity (PRA) and systolic
blood pressure fell significantly within four

hours. ...

|Indomethacin| induced |hypote nsion| in

sodium and volume depleted rats. After a
single oral dose of 4 mg/kg indomethacin
F(IDM) to sodium and volume depleted rats
plasma renin activity (PRA) and systolic
blood pressure fell significantly within four

hours. ...

BHEFBERMEDOERZ ~N, FHZALELE

2 T® (Chemical, Disease) <7 #IFIEIRT 3

Indomethacin inducedlhypotension in

sodium and volume-depleted rats. After a

single oral dose of 4 mg/kg

|‘ to sodium and volume depleted rats
plasma renin activity (PRA) and systolic
blood pressure fell significantly within four

hours. ...

|Indomethacin|induced hypotension|in
” |—|

sodium and volume-depleted rats. After a

single oral dose of 4 mg,/kg

|| to sodium and volume depleted rats
plasma renin activity (PRA) and systolic

blood pressure fell significantly within four

BERZRRENETNICHLT
HBRENOIER S N, FRIZRVENSE

Indomethacin inducedlhypotensionlin

@and volume depleted rats. After a
single oral dose of 4 mg/kg indomethacin
(IDM) to sodium and volume depleted rats
plasma renin activity (PRA) and systolic

blood pressure fell significantly within four

hours. ...

RD (Chemical, Disease) -7 % 3R

hours. ...
BYfAd
fRySRL
Chemical
Disease

4.3 BEERAH QR FE 2




FTHI Z RV ICID] O RT DESE % Relation  Predict, 1Ffi# 7 X)L H
[CID] X7 D E % Relation  Label, Relation Predict ® B £ % Rela-
tion Predict Num, Relation Label D3 % Relation Label Num &9 5.
¥ 7=, Relation Predict & Relation Label DFEE SO EZDMWEE (IEMEE) %
Relation  Correct Num & 3 %. Precision, Recall, F-measure ® gt J7 1%,
PFD &S ANTRDS.

Relation  Correct Num

Precisiongp = (4.1.7)

Relation Precision Num

Relation _Correct_ Num
Relation  Label Num

Recallprp = (4.1.8)

I 2Recallrg - Precisionpg (4.1.9)
-Measurery = 1.
RE Recallpp + Precisionrg

4.1.3 RS A—YHE
ETIDNTA—RELTDORIZRT.

#£41 ETFTIVDNTA—=X

HOAAR T N ILDIRTE 64
V=V ADRKE 1111

B 2

H 4

fh—=2 Y% unk b—27 VIZEHT ER || 0.15
N=2voray 777 R 0.05

o Ky 77w fh&K 0.05
ARay 77T R 0.65

ETNDNRTA—XIEBRAN LHIUTH 5.
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PAZ A D FEM 72 3 B DWW C BT 5. FIRiRE, [EA RS & LS R
Mr, BAGRHHE % FIMER CRIEAITERIRL 2HE T 5. LSBMN T, X 5IZFRMR
T [Chemicall, [Disease] DT —&XIZ L THE TS, BEBRMETIE, X5I12H
=< ICIDJ, INULL] OF—RIZHNLTEHTS. £/, Ny F¥o1 38T
METIIFEAEREMEZB IR S55E6 Ny F9 1 X 16, BRME 2T 556Ny F
PA X328 LTWE. RIIEDREETNVOFEETIE, AEVRIZEVEULANY
FHARXTHEZETEIENTERD DT, NvFH 14 XDE2ELET, EE
FHHH, BB E2TO5E, Ny FHa X8, BERMHEETS85E, Ny
FH A XN 16 &35, HEf7LaT) XAE, Adam ZFHWTW5.

# 4.2 Adam DT A—XK

betal 0.9

beta?2 0.9
epsilon 0.0001

gradient clip 10

7, BERMHEEZYEITZE, AR/ A XAnp=01&F5. £/z, —D2OD3
SNV FT—REFZEHTBHI L% Istep LR, Adam DV T A — R alpha %
alpha = alpha x 0.7575000 CHEEFT 5. T st 7= step (938step) Z&
N F=vaviiBs, N)VF—varysF—X&2HWT, BERMEOBEZ kD
5. BfRHED TCID] A7 L, ML D AT THAKRESITNETRIZ X
W% [CID) /N0 TNULL) &9 5. BifElx 10.5, 0.6, 0.7, 0.75, 0.8, 0.85,
0.9, 0.95, 0.975] 22 TiAL, mERMEZIOE. NV T—2 3 VIZBVWTOD
PERER M LUz ET A MIBS. TA NOBOBRMEOBMEIX, N)F—> 3

VT = 2T B ERE R BMEE VN .

4.2 SRERIER

AEiTIE, B4 7T BRAN CHREFIIL O, BEETI EEETFEL T
9 5.
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£9, EAERBEMEHRZLTORTILKT .

# 4.3 FEAEERH (Chemical) #llH#E D Hhig

Fik Precision | Recall | F-measure
BRAN 85.29 84.67 85.29
REFIE 91.17 89.35 90.52
RETFIE +Data 95.77 93.45 94.59

# 4.4 [EAEERBE (Disease) HliHifhE D ik

Fi& Precision | Recall | F-measure
BRAN 68.93 72.88 70.85
REFIE 80.84 75.58 78.12
REFIL +Data 85.30 84.88 85.09

7272U, [+Datal FFEARBEMHDO CTD F—Xt v b [68] ZBMMLAZZ L %

R~
RIS IR DR IR 2 R 7.

F A5 RETIEO LSRR

X4 F )L || Precision | Recall | F-measure

Chemical 97.43 94.49 95.94
Disease 96.46 89.29 92.73

PRI N DR CHRMH OfER % ik d 5. %K 4.6 T, §HliFE I & @ BRAN
DR S 5 72, £ 4.7 D BRAN, RREFIKIZFMTIE 2 2 HW KR 2R
U, RA4TD TOJ 1F O WORAZIZDOWTTFHT NNV EHWEZZ L %2RT.
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# 4.6 BRAN (T & % B fRaAl i R 00 3FAM T-75 D LR

FEAiF3E || Precision | Recall | F-measure
FEMM VL 1 56.99 74.20 64.47
SEATFE 2 58.30 86.96 69.80

4.7 BGRA KR O

Fik Precision | Recall | F-measure
BRAN 58.30 86.96 69.80
BRAN ([&E#H ZBiHH) 32.73 42.49 36.98
RETFIE (EARBHHL, LSRN 39.60 56.44 46.54
RETIR (EAERBHE +Data, ST 39.91 64.19 49.22
Zhou[38] 55.56 | 68.39 | 61.31
Zhou (EAZKBMH, LB [38] 4259 | 4991 |  45.96
Xu (EAEBHL, LS [39) 55.67 | 58.4 57.0
Pons (A Z&IHIH, HEBIRET) [40] 51.34 | 53.85 | 52.56
Lowe (A, BRI [41] 52.62 | 51.78 | 52.20
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9, EARBIIOVWTERT L. £43LR44056, *#ﬁ%%f%%Lm
U7zfER, BEMM EL, CTD 7—X 28T 5 & I SITHENH ELZ. iR
FIEEHARTE, GWHEL o7, 72, [HRETFIE +Datal OFEIX, CDR O
F—RZDEREDER R 2EBT 5L, ZhMEDOKRERDEZHELWEEZS
N5. CDR DT —XDOIEREDER —B %2 L FDORIZRT.

#51 7/ T7—XDFK

7—2X+%w b | Chemical | Disease
Train 95.2 86.0
Development 95.7 87.4
Test 96.3 88.8
All 96.1 87.5

FHOERDESIZ, CDROT—XDOEERIIIHZ2BERAOINSGT /) 7 —
VaviRoTwad., £5.1 0156, KFFETREL ZEAREMBEOE T IVt
WiEEEZHLTWSEEZ6NS.

Wiz, HBBEFEERICOWTERT L. £4.5 &0, REFIEOLSEMATIX
AR TOHES BT OREIZEWTHENE K 2o 72, KWH5E TOILS RN O
METIE, EHNCHEURAOEERIRT A%<, ﬁ%@ﬁ%ﬁif%ok_a@
bird. T, KRBT Z2ETIVICHAALET, MOX A7 LHEFIZERT S
HC, DR AT DEELURENR ETL2EZTWED, BILIER SN,

iz, BIfRIHEASERIZ O WTHERT 5.

4.6 DFRD» S, FEFEDOLEEZTS. FHIFE 1 (AERHEATZID Z&
ZEHiS 5 ) D SAEHEITE 2 (BERBAT ZTEICFHET 5) &0 & EEMEL
otz ThiE, XFEIZHDIEAERAVZ S GFETNIE, T2 ITEROHEHRE X
R SENET-HOTHBLHEAOLNS., XFILHIEARAVPL S FETNIE, £
DEAREZECEBIRUNELL LD, KOBBRIZEMTEL T 204 <o
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TR D Zhou 3R] 1ZBEMFHE 2 W2 FIET, WEURENTR EDFHE AW T
BT ETFNLEARTARTIG U THEGRIME 247 5. HETFIED Zhou[38] &t
B9 5 e, MR HOWTOWERWREFTEO LVKENE L, X £ CHfFED
MHTEH L VI KT, REFEROTIVENTNELERS.

R FE D Xu[39] & Pons[0] &Y R — bR T X =< ¥ =& HWIFILT,
Xu[39] ¥ MeSH, CTD, MEDication Indication Resource (MEDI) , Side Effect
Resource (SIDER) &\ - 7z4MBA1E % , Pons[40] iX UniProt, UMLS, Medline[52]
BREDT—=RPS/FOENTZT T TR=ZADIEHRP, FEAERIEPMAEHIL 207k
DI EHRHEX> Stanford CoreNLP parser (2 & % /X AR DG #H 2 F W C B fRHH
2175, HFED Xu[39] & Pons[40] OFEE I KB R AEBEGEEZ FH W26 D
DT—HIZHBIZTE LR WD, REFEOAVPEEMELS 2oz, FEL L TE,
YR—- IR R ==V 2 AWEliS R FIEEDT, SRR 1T X 2R HE
DRIRPKE P oz eBEAOND. REFIETH, T o OIMERRTEECHE SR D1
WEH, FEEEUTEAD I THEN M ETSEEZ6N5.

T HEED Lowe[d1] 1ZNV— NV R—=ZADFETH 5. HKFIED Lowe[d1] & 2%
FETE, HIBRFIEOE S PRENE S Loz, 720, HIEFIED Loweldl] &
A LB, ST CRRHER-ADFEE, BT TRIV- L X—2D
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