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Chinese Medical Named Entity Recognition Based on Multi-feature Embedding
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2 Manufacturing Industry Chains Collaboration and Information Support Technology Key Laboratory of Sichuan Province,Chengdu 611756, China

3 National Engineering Laboratory of Integrated Transportation Big Data Application Technology,Chengdu 611756, China

Abstract Aiming at the problems of single embedding information,lacking of word boundary and text structure information in
Chinese medical named entity recognition(NER) model based on character representation.this paper presents a medical named
entity recognition model integrating multi-feature embedding. Firstly,the characters are mapped to a fixed-length embedding rep-
resentation. Secondly.external resources are introduced to construct lexical feature, which can supplement the potential phrase in-
formation of characters. Thirdly, according to the characteristics of Chinese pictographs and text sequences, character structure
feature and sequence structure feature are introduced, respectively. The convolutional neural networks are used to encode the two
structural features to obtain radial-level word embedding and sentence-level word embedding. Finally, the obtained multiple fea-
ture embeddings are concatenated and input into the long short-term memory network encoding,and the entity result is output by
the CRF layer. Taking the self-built Chinese medical data and the CHIP_2020 data as the datasets,experimental results show that
compared with the benchmark models, the proposed model integrating both lexical feature and text structure feature can effectively
identify named entities in the medical field.

Keywords Named entity recognition,Chinese medical text,Lexical information, Text structure features,Deep learning
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Table 1  Chinese character decomposition
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y" =argmax score(X,y) (10)
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Table 2 Statistical results of datasets
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xicon I LR-CNN #i # 4 [t , MFEBC # & iy F1 {8 4 % 12
JFT 1.31% F1 0. 75% , MFEBC 7£ 51 A i 40 15 &, #9 5L ab
L EIN T PR SCAS G MR AR L FE — R B BEGR T SCA
R LR R . Hk, 8T 5] A charCNN Fl charLSTM
B i AR AR ] B2, 4855 80 1 28R A X BiILSTM-CRF #A A [A]
20 42 T L X U6 B 5l 7E A R 51 £ Fh A SRR AE RE AT
R TR R M fE . 5 BILSTM-CRF # It , BERT + BilL-
STM-CRF fg 5 47 F) H b F SCfF B, AT s A @ A, 1 X
TR L FL AR T 5.33% . Mtk BERT+ BiLSTM-
CRF % , %% MFEBC Ml BERT #1145 & 51 F1 &I T
0.28%.,

F 3 BURE TR SIS,

Table 3 Experimental results in dataset I

AT %)
Model P R F1
BiLSTM-CRF 85.73 85. 85 85.79
+ bichar 81. 84 90. 04 85. 74
+ charCNN 85. 63 86. 84 86.23
+ charCNN+ charLSTM 86.09 86. 94 86.51
BiLSTM-GCN-CRF 84.39 86. 41 85.39
BiLSTM-att-CRF 84.52 84.68 84. 60
TENER 83. 65 90.18 86. 79
LR-CNN 86.06 90. 27 88. 11
SoftLexicon 86. 68 88.43 87.55
MFEBC 87. 44 90.32 88. 86
BERT+ BiLSTM-CRF 90. 15 92.10 91.12
MFEBC+ BERT 90.74 92.06 91.40

BlEE TR g Rk 4 ir5, MFEBC £ #8 i) F1
54 63. 08% .5 BILSTM-CRF A It . MFEBC # % iy 1 #fy
OB R FLESMRFT 1.57%.5.21% /M 3.37%. 5
TENER, SoftLexicon, LR-CNN #{ [t , MFEBC £ F1 i 7 %I
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T T 2.34%,1.09% A1 1. 51 % , X P B A SC B A B 2 4%
IEAE B AR 1T L WA 2. 7251 A BERT il JIl 25 £
HJE ., S8 45 R % I MFEBC + BERT # A (1 F1 {6~
65.98% , 4 tt BERT+ BILSTM-CRF 4£F+ T 0. 76 % , 3%
WA 3C51 A 2 RRAE A5 B T LUFI BERT i Il 25 85 3 2%
“@ih.

Fa BRI AT LR

Table 4 Experimental results in dataset II

AL 20)
A P R F1
BILSTM-CRF 60.43 59.00 59.71
~+bichar 58.77 62.73 60.69
~+charCNN 60. 89 59.78 60. 33
+ charCNN+ charLSTM 60.91 60. 42 60. 66
BiLSTM-att-CRF 60.61 60. 89 60. 75
TENER 59.68 61.84 60. 74
LR-CNN 60. 59 62.58 61.57
SoftLexicon 62.05 61. 94 61.99
MFEBC 62.00 64.21 63.08
BERT+ BiLSTM-CRF 64.98 65.46 65.22
MFEBC+BERT 65. 69 66. 28 65.98

1.4.3 mMEEFREELER

R T E AR R A A SR ) Y SR AR L A SR
MFEBC #il BILSTM-CRF #5 70 ¢ 9 A~ K0 45 42 1) 40k B 52 iR 2%
W ESEAT S DR HE bR N HERR R (P) LA IR (RO AT F1 1,

FERIAEAOR AR T R4 b B Se g 25 SR 3k 5 gl . MFh
RS 25" D) g £IR 7R LAk i R A, Hrp fE
“PRY A SLIRAY F1 AN IEA R T 92, 25 %0 F1 94. 27 %, X Lb
PRI EET , MFEBC i SER ST FLE A Prdg 7, “ i 25
TR 7 2 S A R T RO R KL FL A A AR T T
1.26%F1 4.83% » Zead AT R I, FH 2 a7 S S0k £ Hh 4
FEHRFERFHR, Sk “0. 1~0. 2 354 H”7E BILSTM-CRF
FEARY 2B R JE SRS (O) A BRFES| A ZRRIEMR B S
SE BRI 2 A 72, R S R SR N A
By I A AR MR T L A R
e s W8 BH BT A 45 M RR IE 8 1% 5 B ASE AL 1E A R i 28 Sk

BOHR AL T A4k B 52 40 45 R AN 3% 6 g X Hb 75 A A
R, MFEBC 7 Ji A 52k 25 80 1 1) F1 (A R B B 4 71, oo
“BESTIA Cequ) ”FI“ER 1] (dep) " $2 FH i KL FL 2 B4R TH T
1L 7% 8% ., PIRMBIEIAE“Z5 ) (dru)” B (dis) 7 Ao A
W (mic) "8 IR [ 9 2 A X AL Horh “ 25 ) (dru) " 28 S 44
F1EBKE T 76, 17% M0 74, 71% . {H R 5F b o5 A~ Bd 42
BOSTEREE R B TR R B mIK. &0 &
B0 AR T SR 21 B L B L AL A D 58 R R SR 44 1)

TR AR 4 T 9 14 20 i B 5 4% il e 2 K o ) L
Lo AR s < ML A 2 b S5z 1o R S 30 5 b 1 O I R 3R B
Csym)”, “PR BB R FE S 46 8 307/ BMAR O & 7 b5 v 8 R
TR (pro)”, “ R & W4 I W (PCR) AR 78 b it o B& # K
AIE Gte)”. BAh, B E TP EESRREN RS, “ 5
PRERAL (bod) ™ SE M ik £ 78 “ 1 R R Csym) 7 SE R, n = 22
OE L EE R E AL E, S BCE FLERAL., “EyF
B Cequ) "R TE B 22 95 SCHR 'S A5 B, 5 SO I8 SCHL i 7= A=
BEf . TR E (dep) ”FE R 1) SR 32 FR T80 171 %0 43 Hodle =2 4%
D ACE BRI 0. 3%, FEURNRE A 4 2% A 1% AR RHE .
F 5 BURAE T IR S A S T B 2
Table 5 Experimental results of fine-grained entity recognition in

dataset 1

CHAAT %)

iRl 4 BiLSTM-CRF MFEBC
LK P R Fl1 P R F1
iR 83.62 81.51 82.55 87.93 85.71 86.81
BB 79.78 68.93 73.96 74.07 77.67 75. 83
%4 92. 49 92.01 92.25 94. 21 94.33 94.27
¥ E 77.68 84.36 80. 88 81.67 90. 18 85.71
Ik E 92.26 79. 81 85.58 91.92 87.50 89. 66
% ARz 86. 54 77.59 81. 82 82.76 82.76 82.76
2 89. 62 86. 33 87.94 85.77 90. 32 87.99
LEE& 91.67 75. 00 82.50 82.35 87.50 84. 85

F 6 BHEAE 1Ay 40k S G 5

Table 6 Experimental results of fine-grained entity recognition in

dataset II
CHLT %)
0 BiLSTM-CRF MFEBC

N P R Fl1 P R Fl1

dis 67.88 72.43 70.08 71.35  76.83 73.99
sym 58. 52 43.22 49.72 56. 28 47.62 51.59
pro 56.13 54,24 55.17 57.58 60. 80 59. 15
equ 43,28 21.97 29.15 46. 60 36.36 40. 85
dru 74.10 75.33 74.71 74. 88 77.50 76.17
ite 44,80 28. 39 34.76 39. 64 36.45  37.98
bod 56. 50 62.31 59.26 59. 04 67.36 62.93
dep 60.71 48.57 53.97 61.11 62. 86 61.97
mic 69.58 71.95 70.75 69. 82 82.76 75.74

4.4.4 FEHRKEZR

ARSCxb T S K B X MFEBC #il BiILSTM-CRF #
BISEI , STEEE RN 7 Fra0 0 TS R B A SR, A S
R MERE S AR IR B2 A 4R T, AEBIE 4 1 b, M8 K
KT 3 i, MFEBC # 2 2 Jh % K, 43 548 7+ 1 6. 29%,
4.1%,7. 4% 8. 71% . FEBHEAE T 1. KEEH 5 15 kiE
This K FLAESRTE T 5. 25% , Hog SRk A A W) R B A 42 0
UL 51 A Z R AE 15 B AR 05 AU THAR AL PR BE

F TSR EER SR LE R F1E

Table 7 Entity length experiment results F1 value

CHLASE . 260
dataset Model Entity Length AKT%T7
1 2 3 4 5] 6
e BiLSTM-CRF 90. 80 88.50 89.32 75.70 79.31 71.43 65.09
HERT MFEBC 92.73 91.36 90. 20 81.99 83. 41 78.83 73.80
. . BILSTM-CRF 64.02 64. 14 60.91 59. 87 55.67 57.90 44.63
AER MFEBC 67.49 66.95 64. 80 62.80 60.92 61.86 46.75




B A BT 2R AR IR A B T SCBR 2 i 44 SE U

249

4.4.5 Radical-level embedding =T #L1&

AR SCHERCR4E 1 175 ) CNN Y255 B9 545 45 M 15 1iE 8%
A B g 2R 3 A A BT EAT AR AR B 4k i O L
I A S IO NP [ Rl = I L R (% S R I =)
AH TR 350 2 B 65 A B I e T A 1A b S L U I A
SEMAE —E P R RENY R IE S PRI BTRL AR .

&6 AT AT AL
Fig. 6 Visualization of radical-level embedding
4.4.6 Mk

H T RAES B A R AR SRR SR T BT T
TSR, JIZE RN 8 T d, R sentence-level embed-
ding B 5 ALY F1 A N R T 0. 39% , & B& SoftLexicon
embedding BHE B F1E FRET 1.38% . 5 radical-
level embedding #E M S RIEGE TRE T 1. 1% . M LI 4
LA, BB AU R FL(E A A [ R B 0T R
B UE T AR SCRR A A AN AR B A B R RO

8 ML
Table 8 Ablation experiment results
CHLA 2 20
model R P F1

MFEBC 87.44 90. 32 88.86
-sentence-level embedding 86.39 90. 65 88.47
-softLexicon embedding 86.18 88.82 87.48
- radical-level embedding 86.95 88.58 87.76

BEIRIE ASCERXT rh SC B 2 SORRR SR AR AR
SR — A [ 7R A A LA TR DR AE A SR G5 M R AIE o 2
FivERAIE 1) 5 PF 3240 A BILSTM-CRF 47 4 i . F 28 B8 0 78 B
AR B8 F1 A A R R B4R T1 E W] T AR SO A
BB AT S8R 31 SCA i i By S A, (B R 22 U P TR R 2
9 it B SR A, BUA B IR M IR R A8 58 3 L S B0 M HRE DU C 2 1A
BB TR 2 . TR 2 AR R, 25 B T 5 AR R LA S
B 2 P A] S, 0 T TR 0 = Y BR TR DR B iR B SRR Y
PIBCR
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