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[ Abstract)  Purpose/Significance To improve the performance of named entity recognition (NER) model of Chinese electronic medi-
cal records (EMR) for better organization and mining of medical information. Method/Process The ERNIE — BiGRU - Attention — CRF
NER model of Chinese EMR is constructed. Firstly, the ERNIEL. O pre — training model is used to generate word vectors with semantic
features, and then BiGRU is utilized to capture the global semantic features and grammatical structural features, which are fed into the
Attention mechanism to further enhance the capture of the semantic features, and finally, the CRF decoding layer is connected to output
the label sequences with the maximum global probability. Result/Conclusion Comparison experiments and ablation experiments are car-
ried out on the publicly available medical text dataset CCKS2017, and examples analysis is conducted using the generated model. The
model proposed in this paper achieves better recognition results.

(Keywords]  named entity recognition; ERNIE; bidirectional gated recurrent neural networks ( BiGRU) ; attention mechanism; con-
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i 24 S5 5 (named entity recognition, NER)
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Y e AL (support vector machine, SVM) ' St
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2.1 ERNIE #&#

ERNIE 25X} BERT BRIHLAL, BEPRE T Trans-
former 2 14, AE BE % 30 A5 16 X, WL T 4
(mask) SR, ULIEI 2. 50 1 Br BeREAS B AT S M 5
BERT —#¢, FEHLXSCAS AP A IS, (HIG R BfELL
FEIrE A BISCAR H R SRR SRR s 26 2 BrBeialifs
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1 “Fmask |%45[mask] TG [mask], J[mask]Tc[mask] e

2 jii]i%mask |[mask][mask]JC[mask][mask], [mask][mask] JC[mask][mask]

3 5 fKmask|[mask][mask] JG[mask][mask], [mask][mask] JC[mask][mask]

2 ERNIE #2Y8) mask F &
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TR R SO R 31 ) 8, AH S Bl SCAS 3
ST RI RGN, Y A A% 8 Y A B S AKUZ T
Ko R T AR S ) A 4 2o R o B P0 BE J AE 5 0
KA, B TR ARG RY AT 4R B
5T (gated recurrent unit, GRU)"™'' K45 #1012
M2 M 2% (long short — term memory, LSTM) %,
AR I T AL P A S s, [ GRU £
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h,_
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2, :U(sz[hz—l’ny) (1)
r :(T(Wrx[hl—iixll) (2)
kY = = tanh(W x [r, x h,_, ,x,]) (3)

h, = Regy(h,_y,x,) = (1 =2,) xh,_, +z xﬁ (4)
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h, = GRU(«,,h,_,) (5)
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h, = GRU(x,,h,_,) (6)
h, = concat(_f;),;tj_) (7)

2.3 Attention &

TR IHLT RE % L0 5 5 D) S 4R 119 G IR
BERMR T A F AL, 5 TR T 7 b 27 > B
I SEAR I OCHEREAE, SE ML B R O .
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TTRE I THE =R o Hdr, w, FoR R )=
fith h, S SEEREABNEEIER G, w,
KR, b, J S50, tanh 3800 K%L, n g SCA
FPOIKIE , a, 2480 softmax 7 — L A0 B]S 15 2 Y
FER i, g, AR AL TR MU AE 5
B 1 I 4 R v SCRFAE [

u, = tanh(w. h, +b,) (8)
a, = softmax(u,) = M (9)
2 exp(u,)
x=1
q, = Z(IKI'Lt (10)

2.4 CRF =%

CRF Z2TEHA—2H 45 % I BEPLAS &8 2500 T i s
5 — RIS B A PFRER A AR | B Rg 4 A
EFXCK AR S BiGRU ~ Attention i H} 1) 45 R 25 Y
BARSHE, RS RIAECR, 0 17 %
HaMMTE “B” MZEZE,“B” &EAGES “B”
PREAIESE, 5 BhZESY H BRI e R e oA 1 7
%), CRF fAIi15 5 . BiGRU - Attention %y ! 15
YFERER v, KN noxk CIREL x BRZEE0) 5 v, FR
SCARJFHI RS i DFH AR A BT
SARFINT = {1,610, } WEIFRZETFIY = 1y,
Yoo oo Yol A957 0 Hoth, AR P BUERE, A, FoRPR
%1 EERE RS AT

score(T,Y) = iA“JM + ipi‘)[ (11)
Hk, APt 54 b 27 5 Y B9 i
R, H Ly FORBESLIAREIF S, v, FR A Al fE

MIPREE RS, ), SRTHER: HLBAS B 4 )R e
RS

exp(score(z,y)) 12
Zexp(score(l,&)) )
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3.1 SKIHRE

SR PEH CCKS2017 Keda '™, % Ms £ AR e
THIRAZW . BT BARERAL . RERFIRAE . K
ARG 5 JBEST L, HME 703 RIS NI
MRS, W1,

&1 CCKS2017 HiR&E K F KB K HESIT

SRS GREAE () TREEARE () A ()
PSR IS W7 487 235 722
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BT 7312 3 407 10 719
FEARAARAE 5391 2 440 7 831
2 G 56 6 594 2952 9 546
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RU [E80Z 4E 5 O 768 5 BiLSTM (G2 4E 5 o 768 5
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( Droupout) 4 0.3,

3.3 HEELEMIEIR

KR HEZR P (precision), HE[ZF R (recall)
I FLAH (F1 —Score) 3 TARHRIFAE BRI o
FARPRTRE AT . b, Ty SRR U Y IE
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U 0 TE i SEARAN B, BRSO e, SEBR R A
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3.4 ZWigit

3.4.1 FRAFET A SRAEAEUE BIO A
BIOES AN[RIEdibnt XM Efg. BIO SEAARFR: AL
i, B AREIARLES, TGRS R, 01K
FEEYAR; BIOES FRiE LN, B ARRINRLAS, 1
REFESRRFNCE, EAARRIAEER, S RERAF
FFISEAA, O ARERAESLAR, BIOES FRifidkify F1 {H3KL
BIO #ridiik i 0.25 A~ H 4045, B AR 7 A%
RETE R WA B A B, BB ok S A 1 R BIRICR
DA 4. PR, JEEEE SR BIOES FRit i,

92.46

mBIO SBIOES
B4 AERREFTAHEEER

3.4.2 FEBEAMERAL N T EFHER A
P BB ST S HL T D R R BUIRCR 1k
WWLUR E BT Xt e se s, W2, (1) fd
ZRERRUE B M 2 M 2% (dual channel neural net-
work, DCNN) #7), BEyk26 it & 2 AR MY
XUE A2 M RIRL, A al ik A% A DCNN #1774
fEPEHL, 2Rl G ZHHE, SIAEE P74
IEREEE X 43, CRF Hf7i)5 S,  (2) Lattice -
BiGRU - CRF, PR 2 H IR T 74075 9 BiG-
RU T /4%, FIG% (Lattice) Z5HKE IR 55
FiAHES:, &ad CRF JZHRGEMITFS]. (3) Bil-
STM - CRF - SP + ELMo., % ¥ 45 ffi i) A= 40y 155 27 451
NGRS T N AR (R B 5 BT U (E
SRS ELMo #8845 5 Fh A L 24T 55 %
MTHEZRMGE BRI PUNMERE.  (4) LM - At - BiGRU
— CRF. R SR U 2R 20 0 b i 5 R A
FARAMELR, RJE700% 3] BiIGRU FH)I ki
BRI GRS PR, B PR B A S —
BiGRU FIZ Sk IH B IR IF REFFIE SR I, fi ) i 42
CRF #i¥t, (5) RoBERTa — wwm — MLDF - CRF,
A5 SR 1 3C RoBERTa - wwm 1| 255 2
P& ERRESFY, AIHZZEZERE (mult -
layer dynamic fusion, MLDF) #i#i5 X {5 H., CRF
RIS

®2 7F[FE NER RN ERBER

far (%)

Fre B Fridr=X
P R Fl
U R SR A R 3 22 R 2 24 BIO 90. 14 87.29 88. 69
2 Lattice - BiIGRU - CRF'?*! BIO 90. 40 91.70 91
3 BiLSTM — CRF — SP + ELMo!* — — — 91.75
4 LM - Att - BiGRU — CRF? BIESO 90. 83 91. 64 91.24
5 RoBERTa — wwm — MLDF — CRF[2! BIESO 92. 60 91.90 92.24
6 ERNIE - BiGRU - Attention — CRF (4230 J57%:) BIESO 91.45 93. 48 92.46

B L, BERY2 | TN 3 B TR AR, K
PR R PRSI S WAL T AR RS LT 552
PRGIRCR s AT HA 4 Fh AR, BERL S 78
ANIETIVRROE AR A R A 1 U B i AR BIROR 2
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— A B BN 2B B B PUBBOROE T4k TR A
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B BERT — BiLSTM — CRF fE MLkt HE £
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PRI EERY I, 4% 1 UIZRIEE] o X HEAE TR 2
3 MR 4 SRS, nTRIE I IAEE 1L
AL ) S PR TRUA BE 0 23 il B e 0. 23 AN 43 A
F0.31 AF I3 rE, St i S A pLw et 1 R T
TESCRFIESRIGE ST, 32T T SRR BITERE
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SCRE PRI E A SR ERTRUIRCR, PRARGETT 1
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TR P R Fl
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e 91.45 93.48 92.46
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2%, F1 {8 74.95%
AT EE R I RS R, R — 2
FIRPTBAREE SRR, RIS W” X
FLRM N ZRREA R 487 A4, A5 Y ZRRE A i
(1 2.37% , sEWRgERERL & PR SR iR B
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LART BT R FARNGE" RS RS
A, 0 AR B R BT A AN
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3.4.5 LM R T I RIEAR SCRERL
e, MR T — N RBE B EL 50 4y f 73 I
Wi ARAME . BURIE RS LR, SRR E i
MBI JohR E B IR S . 18 A SCAE B W s
NER SRR TL kbR, Siil 5 w4458

A&, RANES e R R S RFA 89. 86% | ki fx Al
Ko 92. 74% | 9k A2 Wi 70. 13% | i R AR AE

83.05% . {fif¥ 76.56% . HEARFWIZMLRIAE S
PR RERS AR BB IR . “HEE R I AAR”
BT CLBEREAT SRk CTA” Gy AL AR BEAG
A+ GIIE AR A5 9B HE R UM (AR T
O CERDTOCIR CEED T ORBEMES IR, EE
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AR B IR
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