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Abstract Recognizing chemical compound and drug name from unstructured data in the field of
biomedical text mining is of great significance. The current popular approaches are based on CRF
model which needs large amounts of hand-crafted features, and these approaches inevitably have the
tagging non-consistency problem (the same mentions in a document are tagged different labels). In
this paper, we propose an attention-based BiLSTM-CRF architecture to mitigate these aforementioned
drawbacks. First, word embedding is obtained from vast amounts of unlabeled biomedical text. Then
the characters of current word are fed to a BiLSTM layer to learn the character representation of this
word. After this, word and character representations are transformed to another BiLSTM layer and
the current adjacency context representation of this word is generated. Then we use attention
mechanism to obtain the current word’s context at document level on the basis of the adjacency context
of all words in this document and the current word. At last, a CRF layer is used to predict the label
sequence of this document according to the integration of the current adjacency context and the
document-level context. Experimental results show that our method improves the consistency of
mention’s label in the same document, and it can also achieve better performance (an F-score of
90. 77 %) than the state-of-the-art methods on the BioCreative IV CHEMDNER corpus.

Key words long short-term memory (LSTM); attention; conditional random fields (CRF); chemical

compound and drug name recognition; deep learning

W OE AADEFIARABEBEARNZEIDSLERRANEATLZEL. BN EAT FLAT &4
AL (conditional random fields, CRE)# F X .22 Z 5 EFE R XK THALHFIE, 5F A5 E FRRELE
o9 A SCAF — BOME P AR AT ok F AR L 3 B — AP R T E & (Attention) AUHRI MR B 5 T k. B kB A
HBEAMIAFTFEIAAET. REHAREKEHITILML(BILSTM) %3] F 442, MG %3764
FHEERFLEH— /A BILSTM 23 3# 6 LT X k7,846 FA A Attention Hu4| 3 1333 £ A it
BT# EFTXAT. REHAMCRF ZFFEELTOHRLEFT. FREREAN AT HHAL S %,
BETAR—B TP IR ANG — &M, 5 & BioCreative IV 3@ ¥+ 45 CHEMDNER # £ £ + /%
T BAFe LR (F LA 90. 77%0).

W EHE.2017—07—04 ;1€ @ HHB:2017—-12—08

ESTH . FRARR IS H (61272373,61572102, 61572098) ; H tH 42 1 75 A A L #5114 (NCET-13-0084) ; [§ 5% 1 & 5% 11 % 70 H
(2016 YFC0901902)
This work was supported by the National Natural Science Foundation of China (61272373, 61572102, 61572098), the Project for
New Century Excellent Talents in University (NCET-13-0084), and the National Key Research and Development Program of
China (2016 YFC0901902).



M RS R T B AYA2 2 W Al 4 AR

1549

%@ KEMTICRME 2T FHENT FEHDE L FRRAREF T

mEESES TP391

AR A B A AR ) B 2 U R R A
P 2 Gk 1) AH 56 STk LA 8 552 P i KL Xl
BEZ AR T AW R~ SOARHZ 48 HOR B e 3 % g T
25 25 ) i 44 SRR IR S A ) IR 2 SO E R R
AEE EER 2.

BioCreative P& B PR | 3¢ T 4 ¥ BE 22 CA S
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B, 1 45 4B #L37% (conditional random fields, CRF)
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IR F Y 87.39%. Lu S A FFEFI 2 4
CRF # % /£ CHEMDNER £ 4 | 345 T 88. 06%
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FHH A)F G 5 0 bR 25 7 B0 A B s Ma 48 N5 48
BiLSTM-CNN-CRF #5#Y , iz A5 8 1 S ) ] CNN 27
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) FEARRKMS EATERRFE D&
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M |, BILSTM-CRF #5815 ok T 3 3 19 7 3. 1%
TG AT A G0 B ALl SR #REL (sentence level
log-likelihood) , 5 J5 4 9 5 18] 2% J) 1) 1L 4% pR 4K
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HL R AR AT 1 Hi 18] 78 4 S B Y R SCER7R 5 R
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Fig. 1 The model architecture of Attended-BiLSTM-CRF
K1 Attended-BiLSTM-CRF #& %I 25 #4)
L1 RETE3] MR 3 214 T IR 200 1) i A 3 AR T T — I 220 £ e e
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0,=cW_x,+W,h, , +W,c,+b,), (3)

h,=o0,®tanh(e,). 4)

Horpr, o J&AE 26 M R B0, A SO hard sigmoid B8
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(2 B0 4 (b, b, o b, ) & LSTM [ {f 5 35,
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SR 2 JE 1R E T O FRZE. e AT g, 78 52 bR
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T SC A S m I bR A 0 R SCL B, 7 R
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NV TAE 45 A CRE 70 2% [ bR 25 54 A5 A0 R 1 1
M RATE R A B9 BILSTM JEff Fom A 44 1Y
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BRI @ RS BIAR 25§ M9 0 3 2 — A Bl A
B —® YR S50 2 X0 R JE s BILSTM 7 %2
AWSHELIM 0 =0U{A,, Vi) RBEAHERE)
WA S8 B —AFLx ]l T AT RE, &
SCL S i A5 0 AN 5 @ M FRZE Y BILSTM 1y
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T
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[x ]l EESAREFIILy ] BNy
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XEL] RoRTA MR E T e, A1
o Je KA KT EURL SR E 3R N B S5
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In Z oSl Lol {0 (7
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FeA T4l A BE WL BE B B& 15 (stochastic gradient
descent, SGD) ik 2 %K.
YRGS o 78 0 A 25 B, FR AT 7 22 - 4R A5 45
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B WA T bR TR AL 5k ) 8 A ) 32
Ji RLAE T B4 455 3 5 5 LA /) A Sy B0 174 4b 3
JC. TE—> Bl b B T b SRR YR XA Y R
SORMR T #3545 B SEEAUUAL A ] TR 1R B . 2
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8 368 455 A0 TG VR AR 48 3 645 B H I A S AR R 4

Lyl | [x11.6) = (6)



1552

HENMR SR B 2018, 55(7)

2 S T AR AR LA T A P S DR L 0 T A A SR
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T fifp e BT b 25 Al — Bt ) b B
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W ¥ Attention L2 F 2 4k 2 25 P 1 45 52 14K
PUIAT 55 b 78 B8 4038, Attention AL 32 22 B
PINBEBEHLE Y AW 2R — f) R, R 2
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AL, TR 22 0 AR o SROFF I 5 0 4R v 3 IR 0 R
WA BIANE NP AR 8 28 2 ) 4R b B
AR AEA SO XS T B — 1A BLE ] Attention L
il > R B B A B . 2 T el B A [R] TR) B AR 2 Y 4
SCAE— Ft n) L.
HARH, xF T — 0 i Ls 10, N Ros A1) 7 %,
Lx ]l R Kb — a7, T a7 KE. JATE
X attended Jy[ s 1Y 1) 38) ) £ 5 5 AF 0] i DL KB AT
MIZH G 5 € X state; 95 @ 1Al AE attended HAH X
JOL ) — 005 7 L source Ay 4 SCHEAS 1 X R R
SCLRPCsTY Zead BILSTM Ay 4 . 0 Al 1A 28 303K
355 ¢ A RAE A SRS BN T A IC I iE B ) a,
energy, = f(attended .state; W) , 9
o, =softmax(energy,) . (10)
Hor, o) JRH T i i state, 5 attended 2 [8]FH 5
P B RV, R S S 5 W BB R B — [R] I 2. AR SC
{1 = e R B A S A ARG R L T a 5
H ORI R 0, ] B AN [a] 3] B 18] SCAH OGP B 55 =
I B B A A O (H TR AT A R SRR I 1Y 1)
R BE B A i 7 S B R FRATT R ] max Cenergy, ) —
energy; KA E TG (Y BE 5. A SCA T 2 0 0 P %5

d(a,b,W) = :gjug‘a;——b,‘. (D
FESCEL R FRATTN W AR an Akl 1, 3F B AR
it T DR IE K.

W f5 , AR AR B0 3 2 JIAE a; Xt source

P {5 B AT R O 1R RN RS AR A Y IR 7E 42 3
T B S BIRATE Xy glimpse,

glimpse, = a; source. a2

N T AE Attention #558 TE 25 5y I S5 . [A] 24 i

i) 1 SEAR bR 2 AN AU T SIS N ) R SCOfE
SN IVA/3: 87 e N1 R (B o N & =P S N
A1 ¥ glimpse; 5 source, HZEE 5 - i A B )5 2L (1
BERL G Ay v
context,= g(glimpse, ,source; ,U). (13)
Horbr, g Co) AR LM R B, AR SCHE ) tanh U 2y BEAR
RIYI LR 258
FH Attention L #1177 3 fr iR 19 BILSTM,
X T — g ScE (s Y A LB >0 > context

(EE 1 h a5 R O, k)5 H 2 0f — 4> tanh 2,
3 BB XS T3 SR Y B A T A B bR 2R 2R 5
B0k D) D) output (FEIE 1 H i 5 O) )G

AR s TY g ERRAE A D) [m]] R
5
SsTY. Dm0 =

T
E 2 (Apwy, .y, + Loutput Jp, 0. a4
M (=1

A (1D 5 A5 B X253t J s 1Y &
—ALx ]l W55 R E ¥ A Dx 0 B 45 43 A0 i 3k
s Y MBS S WS, 5 1.2 5 AH A {4 H ek 5L
softmazx FFAFHERE 5T 38 1 F KAk X BARLER A 2 ok
YRS S8

TET BB, 5 1. 2 35 [ 102 X A4S ) 54y
SR FH 4 L fig i

2 arg ?Tlax S(x] s [m]],00). (15)

2 LIS OHT

2.1 ZWiRE
AR HE BioCreative 1V 4y 44 SE K 15 F 1% 45
CHEMDNER %454 Fi 7t R 1 RR T
CHEMDNER Ji i #0405 5 5944 1
Table 1 CHEMDNER Corpus Analysis
% 1 CHEMDNER &l B 8B % 1t

Item Training Set  Development Set Evaluation Set
Abstracts 3500 3500 3000
Chemicals 8520 8677 7563

S rp, FRATTKEE U 2R 4E (training set) AT & 4
(development set) 5. I A BEHLEL 10 % 17E K
B IF K& A IF R B B T R ARk =, Ik 4R
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(evaluation seO)PRFFAZL. 745 RV, 1L AR A
3 F AR E R ) UE 8 2R (precision, P) | A Bl &K

(recall, R).F {8 (F-score, F)VE N SCu6 5048 3T Hr
FRbR. 37 2 JBI/R T A OB Rl FH )68 25

Table 2 The Hyper-Parameters of Model
®2 XRPEHHBSHIIE

Parameters Description Value

word_embedding_dim the dimension of word embedding layer 50
char_embedding_dim the dimension of char embedding layer 25
char_for_lstm_dim the dimension of forward char LSTM layer 25
char_rev_Lstm_dim the dimension of reverse char LSTM layer 25
Sor_lstm_dim the dimension of forward LSTM layer 100
rev_Lstm_dim the dimension of reverse char LSTM layer 100

tanh_dim the dimension of tanh layer 3

learning_rate learning rate 0.001

2.2 XWHER

FATH H B A £ 3 7 % BILSTM-CRF 5 fin A
Attention #HLiI ¥ BiILSTM-CRF #4715 . tt4h. K
T BB ARV RR AR F 5 45 4 AE X 455 80 RE A 52 L X T
AR AE A RRAE TR AT A3 B R T 2 AR i Ak 2R

77 3 D) 3 R AE 5 A RRAE 2 S 4 8 Attention J2
AFE, B Attention ) FHAR] Ff RRAE S Hh 22 7E 42 S0
B 09 X 5 5 20 1) RRAE AL F AR R IE R A 4 LSTM
J2 o BIR A K ) R AR B AT R R TR I 43 2. S
a5 RN 3 iR .

Table 3 Experment Results for the Feature of Attention
R 3 Attention 3FERM SR E R

Model Word LSTM Char LSTM Word Attention ~ Char Attention PI% RI% Fl%
BILSTM-CRF O X X X 88. 28 87.06 87.66
BiLSTM-CRF X O X X 84.96 81.77 83.33
BiLSTM-CRF O O X X 91.31 87.73 89. 48

Attended-BiLSTM-CRF O X O X 88. 45 87.15 87.8

Attended-BiLSTM-CRF X O X O 86. 15 83.34 84.72
Attended-BiLSTM-CRF O O @) X 91.09 90. 25 90. 67
Attended-BiLSTM-CRF O @) X O 91.4 90. 15 90. 77
Attended-BiLSTM-CRF O @) O O 91.23 89.92 90. 57

Note: “O” indicates that our model uses this feature.

“ X7 indicates that our model does not use this feature. Word LSTM or char LSTM

indicates that our model whether use LSTM layer to process word feature or char feature. Word attention or char attention indicates

that our model whether use attention layer to process word feature or char feature.

H 2 3 FATAT LIRS

D g2 W FE AR E S E AT A A . B
F Attention ML ¥4 BEHE = 1 BE.

2) £ LSTM J2, Bl i) i) 55 AE 22 b B gk 1 7
PR ARG 117 (] B 5 FH 1) A AR R 4 R AE R i — 2P
P e,

3) fE Attention 2, Bl 1% 18] ff fiF 22 Lb B0 1
FAFERAE 22 L 00 [5] B z FH 3] 4 A A A R AR T 4
R AP g

XL SR AT P

1) Attention AL 68 18 2% > 2 i = R A 15 B
il i 15 B A TR0 R T 4 S0 — BOME AR 5 RN A o
FAEHATE R AT AT B AN R 4 AR, & 4
HRG T S 1 AR AR AR U i SE kL TR
W PR FRATA W T SCrh B4 ) AR ANIT LA
HMEIRRTE. NFR 4 Rl DL B AR SCHE R A RS A 45
HRS F AT BILSTM-CRF 57,

2) TEABChR 25 28 00 ) T i), 32 AR SE AR S, T AN
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ST S A ) S5 A SO R AR X
12 AT AR B AR, BT LAFE LSTM 2, 5 i) 45 fiF
U B ) AR REAE S 1 [ Ao A B 4 v 1 .
3) T AR IR GO AR A S ] Ak 2 4 P
FEAE K I 1) A 85 S5 1) L JIr DA FH 3] K A Attention
B, R SR IR 2352 ) Attention AU e YA AL 38
HUH A3 BEASEA 24 5 107 T4 H0 R AF A6 3 P o) S, T LA AE

Attention JZ2 B A AT RRAE 247 T 1) FRAE. 13X PR
4 [R) B P B AR AR i 12 8 4 T 6k ) R AIE 1Y) B L T
L Bk A PR RE A TR R

T IR Attention AU H [ 5 2 R AT AT
AL T Attention AT, WK 2 Fras. 1% 3R & 24 1 17
4 Retinoic B, 42 SCREA L8] BT R AG I ALE. T4
SCHLR S 22 Toik —— R BOIBORE B 1 AR

Table 4 An Sample of Tagging Consistency

x4

Attended-BiLSTM-CRF

BiLSTM-CRF

-« Here, we found that mice lacking A (1) AR were resistant to
alpha-naphthyl isothiocyanate ( ANIT )-induced liver injury, as
evidenced by lower serum liver enzyme levels and reduced extent of

histological necrosis.

In the kidney, A (1) AR deficiency prevented the decrease of
glomerular filtration rate caused by ANIT. Treatment of WT mice
with A (1) AR antagonist DPCPX also protected against ANIT
hepatotoxicity. Our results indicated that lack of A (1) AR gene
protects mice from ANIT-induced cholestasis by enhancing toxic
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Fig. 2 A sample’s attention weight from CHEMDNER dataset
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Table 5 The Results of Different Method
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Method PI% RI% FI% Al%

CRF model of Ref [3] 89.09 85.75 87.39  3.87

CRF model of Ref [4] 88.72 87.41 88.06  3.10

BiLSTM-CRF 91.31 87.73 89.48 1.48
Attended-BiLSTM-CRF 91.4  90.15 90.77

A indicates the percentage of promotion in F-value.
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