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1. Bl KA R 2B B 225 BF s, R aE 226001

2. MAZRE TR (BRI THEHRE SRS, BRI 518055
JBFERER RS (R ) KAEERERGRRERE, 1 200433
4. FE AR DR F AR =B R I TRZFE, il 226001

[(EE] a4 2 —FILT Re-entity Hrorial ki & kLY (CRF) £A, F5 8 A e 22 M4
( BiLSTM ) -CRF Al Lattice- <AL IZMHZE M4 (LSTM ) ST H# . ek i T IA SRR i ABa )5, 4
X} 2018 A4 FEAIN RS 515 TR K4S (CCKS2018) {145— “HLFHRlian 4 SLiRit” |, #H3ETF Re-entity ()
CRF. BiLSTM-CRF. Lattice-LSTM J5i%, HAEANRIERENZAA RSB TR R . a5l ks Ash
ZE AT Fp HE TR E BEXT FLSE S, a4 BT ) F ORI S A R TR EAFSE . 46 & CRF AAIFE AL
TR TRRMER T 51 A Re-entity Jrik G MEREIFEIEE R, 4 F2UW Lattice-LSTM BIEI/EZAT 55 HEUS T 89.75% i)™
#% Fl-measure, ffiT CCKS2018 1L455—iimzh i (89.25% ) . £+ F&T Re-entity Hr4inl ki CRF AEHIAT A
FH R ST PR 25 0 R 2R A 5 v v T D R 2 RN ER . Re-entity Tk AT MO 50HE FAL BE B B i) S 3RO 4R B
i, Lattice 4544 AT LA 4 b2 & “F AR R 751 T AR 18 SUAE L, RIS -2 A REAT S5 1 ol 2 D) 5 A A6 g 151 o
fifi%e
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Chinese electronic medical record named entity recognition based on sentence-level Lattice-long short-term
memory neural network
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[Abstract] Objective To propose a conditional random field (CRF) model based on the new word segmentation
method Re-entity, and to compare with bi-directional long short-term memory neural network (BiLSTM)-CRF and Lattice-long
short-term memory neural network (LSTM). Methods After analyzing the existing entity recognition methods, we proposed
CRF method based on Re-entity, BILSTM-CRF and Lattice-LSTM for the China Conference on Knowledge Graph and
Semantic Computing in 2018 (CCKS2018) task one: Chinese clinical named entity recognition, and trained character vector sets
at different parameter levels based on different corpora. The comparative experiments on model performance were carried out
in the different neural network models for each methods. Finally, the comparative study was carried out based on different input
lengths such as the sentence level and the text level. Results Re-entity method can improve the performance of CRF model.

Lattice-LSTM model based on sentence level achieved a strict F1-measure of 89.75% on this task, which was higher than the
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highest F1-measure (89.25%) on the task one of CCKS2018. Conclusion The CRF model based on Re-entity can effectively

improve the recognition rate of traditional Chinese medicines in electronic medical records by using normalized Chinese

clinical drug. Re-entity method can improve the error accumulation caused by word segmentation in data preprocessing. Lattice

structure can better combine the latent semantic information of characters and word sequences. At the same time, sentence-level

input can effectively improve the recognition accuracy of neural network models.

[Key words] computed medical records systems; electronic medical record; entity identification; conditional random

field; bi-directional long short-term memory neural network; lattice-long short-term memory neural network

BT (electronic medical record, EMR )
WRTRANBEIETSR, EaSABEKR
HZIT R AN, AW BRI R AT Y
BPEKJE . EMR 444 SCR 5] (named entity
recognition, NER ) 1A AE &2 SUARIZ RS —
e, XTBEEE AR IR EE . 254 A VA A R
IR SR R ARSI A HEE R o 240
PREIEAL AT LTIl KRR, A Bl Tk £
EAMEAL BRSSP IR 55

Y, NER W LEMR EE SR 3 K3k

(1) T in MR 7 v o X Fh oy P AE k8 &
I RICR B H AR R, {H SR 5 R X 1] i
FIASE S m] 7 55 58 0 AR P AR HL g 5 R D) 5 L
FESR R AN TIAY) 7 o BAE R 246 B0 T ¥ F )
FIbLes 2 rk s G, (2) fBgeplded
M5k, HER A &R ( conditional
random field, CRF) . SZ¥fm#EHl (support
vector machine, SVM ) 4¢, Fifgt—2EP5EF 2014
i2b2/UTHealth HHYESS, $#2HHEET SVM Hil CRF
B UZ AR T EMR R Ak, (3)
2R TR o UREE PR 28 S — Fh S i e A AR
TER) Z )2 2, B — )2 5 AR 2% i) —
PR RN, S AT MR MR MERIL,
I, 7E R R i B il Az il 1 ) i i
R, R M 43547 NER & H Fi 34 1E
FEBRRI— Rk Yo T o SGn 5 HRiE r 22
S5, HPOSCSARIUR B SE R SCAR AT 4], 43
BN 2 S EE NER EESBEE M. Bk, ©
AU T A T A E T S NER AL T
TR RS B R AR BN AT
AR A, AE N S5 — T TR i A 2 X By v
PR A, PR A S Rl R 2R e SR B AT LA
i FAF QB RILE U SEAR B P AR B S, g <
JEERPIR ™ RAAL B O TR o It

[Acad J Sec Mil Med Univ, 2019, 40(5): 497-506]

FAdFH —Fp 5L T R & M A% 1) Lattice-1
FCIC M2 M 4% (long short-term memory neural
network, LSTM ) £5#1°0, 33 Fh 4k ¥4 fiE 0% 52 AL
Xf ) A A4 B TR, ORI TR Y B R 4
AR LT F45 ) LSTM-CRFE ##Ith . R T 58
i 2018 AFaxE R IR 5 5 k2 (China
Conference on Knowledge Graph and Semantic
Computing, CCKS) VAGIIFAT 45, FRATHE Hfli
FFEF Re-entity A CRF . XU K ic 2 M2 K
%% ( bi-directional long short-term memory neural
network, BiLSTM ) -CRF #l Lattice-LSTM 3 Fh7J5
2, BFXF EMR HAAESIERAL (body ) o A AR
(osign) . FEARZFRIL (signs) . 254 (drug) F
FARIBIT (treatment ) 5 KA HTT NER, 50
25 BUE B S5 585 B IIR A8 Lattice-LSTM
LG, FAPRLEE CRF NI D MAFIE TR, iS5
ST FAF0) BILSTM-CRF HEAUAH EL A8 T - 1]
TR S BRI TR LR B

1 #RFTTE

1.1 %%iEd AB5MEH CCKS2018 {145 —

“HL T A 44 SRR R AR SC EMR i
RE, 3t 600 B CAREMYIZEHE (train) F1 400
RARERIREOE . 2 1 #R T CCKS2018 3T
55 BATHI TR SC EMR BAERILEL, 76 600 j Il 254K
P AT 9 472 A BRSO AR SR

F1 CCKS2018 #iEsite
Tab 1 Data scale of CCKS2018

n

Data Size/piece Body Osign Signs Drug Treatment

Train 600 9472 3712 2484 1221 1329
Test 400

CCKS: China Conference on Knowledge Graph and

Semantic Computing
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1.2 CRF ## CRF #%) 2 HFAY ESARR
BHESS, BT R, AREEE ALY
FREXT R IPREA T2, a5 4% R A it
SRR B NP, e fa > FR ] A R
XA SRR SR . AR R Y BT P(Y ] X)
AR MRS X(x,, x5, o0, x,) SERCES
Yy, v, -0, ) SEATERACI R

J” XK CRF J&fgii 2 P(Y,| X, Y, w#v) =
P(Y,|X, Y,, w~v) I EIRBLRNLYG . &SR
P(Y|X) 05 SCH

P(YI X)= exp[lzk:iktk(y,-l, Vo o D) 2t 0, % i)]

Hp, |

Z(x)=2lexp [,Zkzktkcy,-l, Y%, D20 x, i)j

N i RCRERS AR, XPVANTE A, B v, #E
B kANEE, R EE X A2 B bR 2 22 a] Y R
TEo s N i AREPIRAERE, XHAE w, By, #
A LA, Z(x) BRI T

RERHEEL EMR HRALiR, AT B AR R
R A RE Tk, WA AR, FEEAEE
TIF TR T LAAT 2 i AR g 2 20 BE g AL i)
R, ARBFRET XS EMR SCARI ATk BT
FRIFSE .

(1) FAFREIE . P SCFAFA B ] LIRSy —Fif
FEARPFAE, A SC AR A B Rkt s
TSR FEGS R BN, FRAEHERF RN 545
VE BT S HHEG A

(2) TAPERRAE . i/ EMR H i OSCART]
L& AR 25k th A iS4k, fln “8%
TR e E Pl FEEIRERE K
AU B . RERAE A TR BE H BLTE Bhin) 4
WP, R AR AR — IR

(3) A BARIE, B EMR B9 &L iR
S, ORIEUD SRR R, BBk R B
HHE Y, 7Y NER 40k, MeSH. UMLS.
SNOMED-CT., RxNORM %5 fi i) it % 4% T &
PR . T SCa s = 8 TF H 56 A 1Y B 2 )
R, FRAT L R AT A R B IR A T
EMR J:AITCE (item) . fHAE (body) .
JEAR (symptom ) | H ST IR 245 9 b T 0 2
( normalized Chinese clinical drug, NCCD ) """
4 A RO AN SR 2 iR, il NCCD 42

$E CONCEPT-NAME ., CONCEPT-ID. CONCEPT-
CLASS-ID “J@tt, AW ¥ T CONCEPT-
NAME 254 J& 13t 28 008 AN Ry ial SR AE A

K2 EELAE

Tab 2 Dictionary scale

Type Size
Item 1985
Body 812
Symptom 1137
NCCD* 28 008

*: CONCEPT-NAME; NCCD: Normalized Chinese

clinical drug

(4) =JCH51E, 78 CRF++ T E AR bR T
K %x [row, col] BIFEE, row 54/ EARXT
R AIATEL, col Z7m 4wy BT B 5% AT
FEid FRERRAER MR L3R 3.

®3 FHERR
Tab 3 Feature template

Type Template
Unigram U00: %x [—2,0]

Unigram Uo01: %x [—1,0]

Unigram U02: %x [0,0]

Unigram U03: %x [1,0]

Unigram

Unigram Ul13: %x [1,1]

Unigram Ul4: %x [2,1]

Unigram UL5: %x [—2,11/%x [—1,1]
Unigram

Unigram U18: %x [1,1]/%x [2,1]
Unigram U20: %x [—2,1]/%x [—1,1]/%x [0,1]
Unigram U22: %x [0,1]1/%x [1,1]/%x [2,1]
# Bigram B

U00~U14 H—JCHHE, ASHIFIE BE £ 24 7+
FFHIRTE 2 DFFREN B R SCRIE, BN S5,
U15~U18 2FAHLRIY 2 D—JChRiE Bl T4l &
EIF RN ZIUHHE, U20~U22 ¥ Y RT A RS
3 ANFPATH AT = ICHEE, YRt 4
H A AR SRR H AL
1.3 Re-entity 7% T4 7 1k LG 4
FHEE, X EMR SCF& b P58 1) SCAR 1 4 TRl R0UR
25, P kG o il s ok i R Snde T
Re-entity 77k, Sl 3L F UL LAFIER) CRF 4
R, SR BIZERI T CCKS2017 (i) 7 Gt ik
2205 ZAFRER EMR SCA,  Fi 58 805 ShEBGR)
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W TRE SRR 2019 4E 5 H, M 40 4%

IR NI e B e S M N TRN ek 2 €/ e SRl NN
TRAFEBURGIR L, ) 238 6 U R e P 140
i), PRUEC R 44 SARTE SCAR SR AP DI, 2
T IERR, SRIF T DL R A R E B G

1.4 BiLSTM-CRF Hochreiter 1 Schmidhuber'”
T 1997 A LSTM Eebl il T A 42
M 2% ( recurrent neural network, RNN ) iJl|ZxfLRE
IR FE AR R BERRAE , A IRFRE B2 TIAT
iz, eSS B CFEE . A LSTM
JrERE) I T HARE S AL, HHET NER
1) F B ALE BILSTM-CRF, Z5f4nKEl 1 i,

BIiLSTM & 51~ 41 2 BRI o] A1 ] 2 B
FRR S, ornildd R B ARG R, A5

2 PNREURES S R K . % ERAE 2T
% RS T U8, Lample 2R T 2 Fhhiz
W4 T3, —FE3EF BiLSTM Al CRF, Jj—Ff
EZBALA NS (shift-reduce parser ) Ji &
PR T (transition ) 7B & MFrid
1B, BRI 2 ANME B2 BRI T B E R
JE g 2] B 1) 2 T A 0 1) RN DA AR bR 0 A v
BN IC WA, B  AE 4 PR T S
T HHT NER MyfebfrEng. A1 BILSTM #
Y[ B WUINREE h 2z R fiE, IR 7E S %
EHi{diH CRF ik softmax PRELIEFT 4200k,
CRF "SRR IE 237 T H Hh bR T =2 18] A DGR
&R

- 099 @

/

BiLSTM encoder —i

Word embedding { |

SeoA

1 BiLSTM-CRF %#3[E
Fig1 BIiLSTM-CREF structure
BiLSTM: Bi-directional long short-term memory neural network; CRF: Conditional random field; O: Placeholder; B: Beginning of

entity; 1: Forward hidden layer; r: Backward hidden layer; c: Final out of hidden layer; 1, 2, 3, 4: Character sequence. The arrows

indicate model running direction

1.5 Lattice-LSTM  J&F 45 LRI v] DLk 6 i)
BERUAE SRl B B i iR 20, (B MBS 235 R
F0, A R SCH B R R A 2 i iE S
ST DA BRI FE =5 o T Lattice 4544 1] LA
AR R P HE B T4 45 e e R A O 1
PEFIBATE DLSRAS B4 NER Z5 5 A5 1 e fA 1
PEJEFIFH Lattice-LSTM /R iy A /8] 7 rp 111117

(lexicon word ) , SR FIEAE MR HRLA 2]
THAPRIE ) LSTM-CRF FA

wiE 2 P, AR T SR D T
DG i ) 3 3R] - 45 (1 Lattice 4544, iAl88 D S
KA 28358 330 Ji5 O v SCSCAS Gigaword (hteps://
catalog.ldc.upenn.edu/LDC2011T13 ) {§ Ff] Word2vec
WHERRM, Bl P77 K
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B SR TR D R TTFR LT b, AR IR T L S Bl S5
RN 4 SR S RIRITUT — AN R
CHERBLLR “TMH” — i, %A TE Lattice

Body?
H R JE ﬁ &
Person No [ Belly | Unit A" Pain
e JIE R
Patient Belly

JB PR
Abdominal pain

B2 EBi7-FFF Lattice
Fig2 Word-character Lattice

The arrows indicate character combination

1.5.1 Lattice-LSTM ¥ (R4 W 3 Fs, fF  XAF, BEEBAEILA “BW" M K
EI/‘J “élﬁélﬂﬂ@ (@) ” ;E/'ﬂtpﬂg?%ﬁiﬁjr?ﬁu, l_ﬁ ?uﬁl\ﬂ:m%% “HE;%” ﬂEH “HE%E%J%” )
FF LSTM MR AR R 19 745 4 . BN i

Q A
o0 ]
H ; 3 i} e & )
Suffer Person No Belly Unit Pain Ache

mE i P
Patient Belly Pain

JEER YR

Abdominal pain

3 Lattice-LSTM 4519
Fig3 Lattice-LSTM structure

LSTM: Long short-term memory neural network; c: Character vector; h: Hidden layer vector; £: Potential word information. The
black arrows indicate model running direction, and the green arrows indicate dynamical route information from different paths to each

character

1.5.2 Lattice A i FH 9% SC S0 38R0 5 B 1) HH n AHIA ) o 0k Fona] s | AR
NER %] LSTM-CRF 2 FHR fEdbent - kDM FERRNRS] o

R T FME B T SIE SO, BERY [R5 AR A7 5 S H 5 inl i D L]
A F S FTLARIR K S=cy, ¢, €3, +, ¢, (¢ R VEBCAY A A58 i 4 IR, o BitaE%
AR AR, A m AT ), WATLARIR JEE T IS R F S wh.

S=w,, Wy, Wy, =+, w, (w, FrnAIHES i P EAR 45 Xy, =e"(wy,)
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v

¢ c
(& (&

. A . A
X, X5
P )1
No Belly

W
Crs x§

I8
G

o
Ache

A

HE

Abdominal pain

B 4 Lattice #£5!
Fig4 Lattice model

O: Placeholder; B: Beginning of entity. xj”: Character input vector; Cf: Character cell vector; h;: Hidden vector; X, 3: Word embedding

of abdominal pain; ¢, : Recurrent state of X3 5 from the beginning of the sequence. The arrows indicate information sources

Hp " JRr ARz, o, BRE—1 x,
HERAS, w Fonial, TR be 43 5llFnin w 7E
FEHI R B TF U RIS oA

vl [ o) T

L))

Che tanh h

= O L0,

Herp oy, R0 £ R LSTM A% A RIS 63 ] 4
Ho WTRI B EMERIBRL, o Fon sigmoid ML,
tanh 5 YOS RE, SRR ¢, 25,
BAREEN o fitE =2 2 B RE SRR
M), AN IR XA TAF o MITTHRRIZAZ x5 Al
cyy K bE—ABa 2 n s, A R4
e B ¢y, BIFE R, BUARTE A7 547 Aoz B
THE A BT A7 B iRl AF B RAGE

£.—g (W’T[x; :|—|—b1]
' cb,e

SRIGFHAN S AR YR AL E R T j T
Frm Rl G TR ERIR] e B R
= Z abc,j CZ:‘ +ajcéjc

G= J
be(b |wi,ED)

fJa e 2 —)= CRF fRIERZ bR
)& B

1.6 sRfeins PAEIRAAADE R . A R L
Fl-measure fERTFIE R, TFARYE RGIIEE R 5
N TARERY SRS 10 Lo M ™ ks e hm AL it
fabr, AR AGHE A8 hs . TR RGN
FREESICH S=1{s), Sy, ==, 8.}, FeF m 2T T
GIE S MEAF (s) B, N TARER ShREgs AL
BICH G={g,, &, . &}, n FRBIEES G I
T (g) B EEITLERN DAL, Foxhil
gt (d, pos,, pos,,c) , HH d FKiRICHY, pos, Fl
pos, 53 BRI SEARSE K AR SCRS d R I AR,
¢ TN LAY BT @ e 5

JergdERR . FATE X s,€8 5 g,€G 5
fr, MHAY

(1) s,.d=g.d

(2) s,.pos,=g; pos,

(3) s,.p0s,=g; .pos,

(4) s,.c=g.c

ETULEMXLR, RIMMEXESGSEHGH
FEREACHE R N o H AR AR FE AR

_|SﬂSG|
s

_|SﬂSG|
BETe]
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2PR
P+R

2.1 CRF #H/ry R ERLER 5 5  CRF FAISL
I e MR D ( CRF-onlychar ) 7E4 baseline,
baseline A FUM ] T I 4R SCA S 75 R AiF 76
CRF++ 0.58 T HH1i#4T NER, £i#! @ ( CRF-
POS-Dic ) £ baseline #AY 4 FEAH i A a1 bR
I (part-of-speech, POS) Flia# Item. Body.
Symptom YERFFIEY JE. #i% @ ( CRF-POS-Dic-
NCCD ) WIZERERS @) By FEhl_Ein A8 bR 3 A
3 A g LRl E 5] A NCCD, #i% @ ( CRF-
POS-Dic-NCCD-Re-entity ) JE7ERAL @) [KHEAE
LA Re-entity 438 J5 ik AR RES 1R, DU L
4 MR ALY SE R0 A5 RN S TR

881
86
84
82
80
78
76
741

Fl1-measure (%)

(OCRF-  @CRF-POS- ®CRF-POS- @CRF-POS-
onlychar Dic Dic-NCCD  Dic-NCCD-
Re-entity

Bl 5 CRF$HE REWER
Fig5 Experimental results of CRF feature extension
CRF: Conditional random field; POS: Part-of-speech; Dic:
Item +body +symptom (dictionary); NCCD: Normalized

Chinese clinical drug

AL @© AU AR #E T CRF ALY
2, 1599 76.96% B Fl-measure, Al @ Wik
TR bR T AR HLRRAE 2 )5, Fl-measure $ 5 2]
85.80%, Al @ TEMAL @ MyEEAl E5I A NCCD
PERIE IR 25 25 i A 1IR3, Fl-measure & 7%
86.13%. HJA7ERA @ HomA T Al EGE R MR i
SRS TR I Re-entity /77, #E CRF fBIHARAS T
) Fl-measure ( 86.51% ) . Il ZpEE Fniik 4
AR Z i P B SR, R L Bl fft ) e
e A8 7 7 3 3k BE AR 1) OIS RN ] BLAS 35 %8, CRF
FARIE R HLAS S BRI RG> YU iR M rh i Ay
AISEHAR, RISt REAR AR AR I SCIRBEXRT SAARTE

FLASHERA Y325 . IR LD CRF R ALK SR A i)
i RMERRESEERIE R Re-entity 59 AT LASRANS
Hoph NER AU 2 .

{H CRF X FMEGEpLaR: > 7 ikt A W iy dik
R, Rk BRI B RIS RN o7 i S A BOREIE Y E
i DIANIRAT T TGS 2 AR I 25
2.2 BiLSTM-CRF A& e N TR % %) & 69 5= 5
2R AW A )2k T H Word2vee Tk
FIBLEE 2= Ll SCRUNR T 2 M I, R T
2 NNk, 55 1 SRR FIRAEREE . ShE
2 P RRERLRRE 4 REZACA (RURfRFR
nwfe_emd) , % 2 PMFEELZ 2017 4F CCKS 3E3EK
I ABRE EMR 25 (LR fiiFR unlabel emd )
JH Python #ATEEE L, Hia5 Ll NEICKN
oy, RIG AT EAPRLEE A E, S VR AR A
ATE Word2vec HEAT YIS 75 3] nwfe emd
Fil unlabel_emd 2 NFAFm e FAF0HIE I
%) 1o e R MR AN R 4 7o

x4 IERENE
Tab 4 Corpus size

Number of character ~ Number of vectors

Data set . .
per piece Per piece
Nwfe emd 7257 743 2 834
Unlabel emd 7150418 1 869

T 26 00 UE ) A 2R B AR B g, AR
W52 AT unlabel emd WREHZE > BIVISR T 4N
100, 200, 300 F1 400 fymH4E . 7E BiLSTM-
CRF #iAIFPELT epoch 7E 40, 60 F1 80 HISEK
BN 3 TS [ 48 ) d A LS, A5 AR AN
Kl 6 Frs .

84 r
82 ;//‘\A
g /-
=4
2 —e— Epoch 40
“2 —a— Epoch 60
LTI. —a— Epoch 80
70
0 1 1 1
100 200 300 400

Dimension
El6 AERELETLHRERE
Fig 6 [Experimental results at different embedding

dimensions
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& 6 AL, BfE M EE R R, 3 4
epoch 7E /A [F) 2 5 114 [ 45t S 56 v 2 90 L0 AH [R] )
P, E—EJEHIN, Fl-measure FEH 0] 1 4E Y
B BTG, Te4EE Ry 300 BRI b nY4h
B, SRITAELERE ) 400 B Fl-measure AHELAERE 300 T
Ko, RWIIFAS R ) 45 B B i A O R 77 2
AR AR 55 ZOR BEA TS0 50, RS ELARPERE AN S 50
S e B ] 45 7 T P R SRR B A Y I S AR R, (R
ARG VEREAERE 300 [0 HAE Iz baseline
BOHAT IR L5 5 .

Lattice-LSTM AT JE {57 R AR BE i1 22 (o 2% A5 Y
LSTM HAIREAN 456 TiHmMEE, JFHRA %
b 53], R T R R B AR R
2.3 Lattice-LSTM ¥ 31 AT % &) & 89 5 5o
Z R Lattice-LSTM BIRUERAL T FUII 25 45 n] i
LR MR, FAF M gigaword_chn.all.a2b.uni.
ite50.vec 45 T RHBIRUE S 18] J5 19 rh SO BHE
Gigaword i/} Word2vec T HIIZpymEESE,
] B 704 400 DFAFANRE, A4 5 700 4>
BUFAF AL . 29 150 XA EERT 278 100 A4
SR, R ctb.50d.vee JE3ET CTB 6.0

( Chinese Treebank 6.0 ) ERHEVIZRAFEIAY . 1245
RS AE R R Al ] 72 ctb.50d.vec NAZHTHE R 7
A gigaword chn.all.a2b.uni.ite50.vec. nwfe
emd Fl unlabel emd 3 A4 [a] g ST X% L 5L
5y, SCEESRANER 5 R

% 5 Lattice-LSTM EFAEFHFEELIWER
Tab 5 Different character embeddings experiment
results of Lattice-LSTM

Dataset F1-measure (%)
Gigaword_chn.all.a2b.uni.ite50.vec 89.75
Nwfe emd 89.12
Unlabel emd 89.70

LSTM: Long short-term memory neural network

M 5 AT, FETFRABLZE i bR i o316 1 v
SCERHENN 0 1) 5 4 gigaword_chn.all.a2b.uni.
ite50.vec {F Lattice-LSTM A=A 1| 25 o 3545 i 1
B, Fl-measure N 89.75%. AMWHFSY W) F45 In] &
BT FR - FIEEENIZA, Fl-measure 7
KT H gigaword chn.all.a2b.uni.ite50.vec Y
R Ao S WTEARE I s ] ) A LE -]
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Fig7 Comparison of F1-measure between sent-level
and txt-level
BiLSTM: Bi-directional long short-term memory neural
network; CRF: Conditional random field; LSTM: Long short-
term memory neural network; @CRF: CRF-POS-Dic-NCCD-
Re-entity; POS: Part-of-speech; Dic: Item+body+symptom
(dictionary); NCCD: Normalized Chinese clinical drug; Sent-

level: Sentence level; Txt-level: Text level
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Tab 6 Results of different models

Model F1-measure (%)
(D CRF-onlychar 76.96
@ CRF-POS-Dic 85.80
3 CRF-POS-Dic -NCCD 86.13
@ CRF-POS-Dic-NCCD-Re-entity 86.51
(® BIiLSTM-CREF (txt-level) 82.42
(© BiLSTM-CRF (sent-level) 84.93
(D Lattice-LSTM (txt-level) 82.72
Lattice-LSTM (sent-level) 89.75

CRF: Conditional random field; POS: Part-of-speech;
Dic: Item-+body-+symptom (dictionary); NCCD: Normalized
Chinese clinical drug; BiILSTM: Bi-directional long short-term
memory neural network; Sent-level: Sentence level; LSTM:

Long short-term memory neural network; Txt-level: Text level
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