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On named entity recognition for Chinese electronic medical record

based on semi-supervised learning
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Science and Technology, Hangzhou 310023, Zhejiang, China)

Abstract ;. Studies on named entity recognition (NER) for Chinese electronic medical record have
achieved desirable results, but most of them rely on annotated medical corpus and fail to make
full use of unannotated medical corpus, and the text features constructed in the method are
relatively single, so it is impossible to obtain the features of medical text in depth. Aiming at
the above problems, a NER model based on semi-supervised learning was designed. Firstly, the

model constructed multiple features to capture the semantic information in the text of medical
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record, and harnessed the bidirectional encoder representation from transformers (BERT) to
train massive unannotated data with a view to learning word vector representation suitable for
the Chinese medical field. Meanwhile, the bidirectional language model was applied to capture
the context feature vector of each word, combing the medical dictionary with the two-way
maximum matching algorithm to construct the dictionary feature vector of text. Secondly,
those three eigenvectors were fused and input into the NER model, composed of bidirectional
gating loop unit, self-attention mechanism and conditional random field. Finally, the NER
model obtained candidate annotated corpora by predicting unannotated corpora, and introduced
bootstrapping to screen candidate annotated corpora with high confidence, which were merged
into the initially annotated corpora and then iteratively trained the NER model. The
experimental results show that the F, values of the model in the self-built cerebrovascular data
set and the CCKS2017 and CCKS2018 data sets published by China Conference on Knowledge
Graph and Semantic Computing (CCKS) are 90.16%, 92. 72% and 90. 93% respectively, being
superior to other NER models and mainstream neural network models using additional features.
This model can provide a new method for improving the entity recognition accuracy of Chinese
electronic medical record, applicable to NER tasks in practical engineering.

Keywords: Chinese electronic medical record; named entity recognition; semi-supervised

learning; language model; bootstrapping method
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Fig.1 Schematic diagram of BiLM_BNER model structure
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Lee S51°RI FT i 4 i 9% 3CAE W) B2 2 38 L P2 115 I 25 BERT B8R, 5k 45 10 1] 35 3C PR 97 403 1
BioBERT #EAY  ABF 5 FH rp ST 7 iR Il % BERT #8845 BERT 2 358 5 Hh ST S 7 SCA 1Y 1]
R Ty 3R T ) R SC R T A ) BERT 68 6y 44 29 CbBERT A5 5L , 4 #49 fd v SC B2 7 I 2R 8 64 1)
ARERAE 2.1 MR 4. APTFES IR BERT SRR 2 9 Ay it BERT BERUF I BRI 20
FrBTT txt SCA AL FK— 4. tirecord SCHF i run_pretraining. py #E47 1 I 5 » Yl 25 5€ W5 15 21— 1.
ckpt 1% X1 TensorFlow SR, 5 & F L HLAS RS . ckpt 4% 204 . bin 4% 20 PyTorch #7,

1.4 33 iR BAFAE AR IR

Py el i) L v A0 5 R A R R A T i o 5 1A B NER A8 FUN SR 1 5L K
32 TF L AU BOR T . AT CCKS2017 il CCKS2018 HL - i Bt 4 v b 1 1) B 7 52 M ) A — >
B RE R IR S A 5 P 12 B L B R NG ST O S8 B D) B AR IBCH ey PR ) A A LK ) R A
A BRI LR B — 2D FE i B Ah Al g3 i) T CCKS e A1 4 F 5~ D R & (g L S5 Il I 5 P
TG 3 SCAR BEAT S B A AR 3 0 N T 2 23 1 4 2R P AT BEOR Y 4 0 O A BT i R SRR
P ) it 18 T 5 4 ) A ] I L A B i 20 9 R ] A it BRI AR 1

F 1 EFOERE SR

Table 1 Statistics table of medical dictionary

ey X THAT AT 5

g 0L PR SRR spom 33w e
KA LRI R S 5 Check B3 KEER.D
NN Y NN Discase 54 B
SRR U R0 B B Body 1923 WELH LR
TR (SIS RS A AT 250 B Trea U5 BOLR BEIEZ

) P = 7 Tl S 7R A [1] B K DC R 45 758 (bi-direction maximum matching , BMM) 3 i) 32 4& 1) o
T I3 SCAS 111 . BMM B3k DA VG e a3 22 L] o 4 B B A Oy J U 356 B0 1) e K DS TAE 3k AR IR 17 B
JRVC FE 325 4 3 1) S G A o K DG TC 21 A9 S (AR Al LS B R AT AR 182, O 1 AR i S AR Y i 45 5L T B B
VRS A5 o T T T S AR Y A A 4 AR SE U None drid o BL* PR Sk 9 f 0 48 4G A0 i B A
M CT” R3] o S A 2 B AR 1 45 5 o “None B-Symptom I-Symptom None B-Symptom I-Symptom None
None None B-Check I-Check I-Check None B-Check I-Check I-Check I-Check” ., ¥ 524425 B 4 BRBENL AT
BE AL L — > 50 2 i) MURR AR o) S, 4 21 BT A X8 N ) S ARSI Y 4 Bk A A Sy ) SHURRALE 1)
1.5 BiGRU-Attention-CRF #& &Y

BiGRU L5 J T 4R B B 97 SCA i b S0 SCRE

iE - H BIGRU #58 R A7 7 K B 8 4 0 i AL L FC AR S A5 @ @
B RE ) 2 WA SCAS 7 B 3 I8 » 51 A R T

BILH AT A 20 R TR 3 T D HIL R A 22 3 4 2 A 4

P R S
B AL E - AT fff 2 BIGRU A5 B A7 7 19 4 B 85 AR 1) 8t B ) hy Ben Ve ( e

CRF A9 23t Bt v BE ) 8h 27 20 bR 8 22 [] 11 249 3R % A A A A
P 5 L300 A 8 A L O B3 790, T 4y ¢ LORU (ORI {GRUJ«—{GRU)
BiGRU-Attention-CRF £ %1 [) J3 51 b 14 2 F /s A . GRU -
1.6 bootstrapping & %
bootstrapping % 3% AT LA 147 BR ) # 4% ¥t 603t 17 L) Lo Do) L)
Z U SRR T ST — A R IR AR AR DT m 4 BIGRU- Attention CRE B8 g 1 41 b 13 P 25 1
HETREA . B 5 4 bootstrapping B LI ZR i FE/R 5 Fig. 4  Schematic diagram of sequence labeling process
K, bootstrapping Z kM Gt B . D ¥ — 1% of BiGRU-Attention-CRF model
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8 DA /I s T KA B A D 0 6 80 4R - NER BERUTE ) 0 B0HE 4 b A7 455 2) YN ZRiF 19 NER #2981
FHF 00 AR 1 B2 73R - 75 2 A 2E Am i TR} bootstrapping 53k i 1o 3 F: B (B A 07 2 0% 8 A 1 78 )
LA LR TR R AT BOR B 0k B 3 TR O B 4R b i O 2 b L AR 25 NER BE8Y53) A
AR 2. RIS NER BEEY 3R AU 1k 9 25 AR 38 BB 1Y B R I ZR U B0 B R B R I BCR A 42 T

i e AL

N H
G EIEMIIREIRR [

E R

NE R RS i A pn v
P g Na Rty o

PR H
ARIB BN F IR 2

5 A R ARTE VR
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B 5 bootstrapping F 35 Il Zk i i 78 & A

Fig.5 Schematic diagram of bootstrapping algorithm training process
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I T s A @RI “ 5 i 71 B 10 24 7 (0 5 9 7 A IR 0 L BV T 58 55 SUAR B2 [ 25 ) 7 S5 7
L) I 3l R 1 B RS DB A Al SR e [ AR f R 7 e B IR 2 B R YT T R R T T R
AL LA S CCKS HE B8 TF B ToAR i H 905 I S FRATT N A 5 B A5 9 v ST -9 I o % R B 7 SOA
03 BRI VR N B A B R R AT L TC R BRI R MR RS ) R ) S R R AE — NLE 92 T84 AN IR
PR R R/N R 1.5 GB B 45 F 1k BE 97 R b i B 46 .

2.1.2 CCKS CNER E 7 # % &

CCKS2017 %ffs 842 & C AR T B9 400 4395 Jy SCRS B Horh 300 34 Sl g e T T 811 25, 100 3 4
SR A BR A AR T 5 SR R AE A 25 46 36 VB 12 W TR YT T R B IR ) . CCKS2018
s AT — DU — DK 3 B FE 600 DEEIFICEA 400 DEEIFICR ARTE 1 5 R (g
FIERAL . RERFE A . SRR W T A o 2 B A 0 SER SR B R et o ) LR 2 Rk 3.

2 CCKS2017 B 8 i 92 1R 20 K Bt 4 i

Table 2  Statistics table of entity type and quantity in CCKS2017 data set A~
PGS i R A AE o A5 Ay 3 Y95 12 W IEEIRIE S B (A5B0n Sk SR
Y g 7 831 9 546 722 1048 10 719 29 866
i & 2 311 3143 553 465 3021 9493

F 3 CCKS2018 %l 4 iy LAk 6 8 8 4 it

Table 3 Statistics table of entity type and quantity in CCKS2018 data set A~
YGRS fiff #5) F AL i IR Al A ST AR 25 TA SR B
Y Rt 9472 2 484 3712 1221 1 329 18 218

IREWES 6 339 918 1327 813 735 10 132
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2.1.3 aEmhFRmEEE

FATINEAEBE B S i 400 £ 1t PR ¥ 995 Dg o 58 BB IR L BR AT sl L AL B2 12 W L A1 BE 28 3 55 B2 97 3¢
A BTHIRTE 1 062 A3 4% h) 5 R4, SRS 4 920 A)F-. i pkuseg 43 A TH X A) - HEAT 43
) IR 3 44 BEf Bl N D25 G 4 G 8 A 2 7 1) 3R X6) 43 1) 45 R AT A 0 o BRAS — A B 1 55 95 0 A T
AR . BRI SN 80 Y0 M) TAE R UNZRAE T 19 2000 T FI A 4E . 25 08 B2 7 SCAS RRAIE i s S 4
P 7 IR R 1 i i A SE ARG A FRATTE SO T 4 RS AR SE R 1) BRI A S RS E L an s AR Bk
O BR AT ABSE 5 2) REARARAE L B R T B AN IS L S B R B A SR T TE AR5 3) N2
W, A5 B G 44 PR A I A0 I e A BT i A s 4) IR YT T A B ARIR T R W R B TR
AR 24 FR A0 e kit 5 AR Bl w] DC AR R

i 67 % s K AT B T S A T R B R R LR 4

4 JIng IR R e HE A Y SR 2 B R B et

Table 4 Statistics table of entity type and quantity in cerebrovascular data set 0N
By b il IR ARAT YRI5 12 W RIT TR B R AR AL EMLIEY Y
W Zr g 3756 786 1526 4 394 10 462
R 1211 493 568 1361 3633

2.2 REREE

R B IR 55 2 B & 40 F - CPU 2k i7-8700, a7 N AE A 16 GB, .8 GeForce RTX 2080Ti, #i%
1 Ubuntu $#2/F 24 T {#i ] PyTorch 1. 12 #4711 % .

BiLM_BNER #%f) 2: %4 3= 24 % CbBERT £ | BiLM #£ % ¢ BiGRU-Attention-CRF 1y &%k,
CbBERT f{#i il BERT-base-Chinese-uncased & 8 & 8 347 91 454k, Fr LA & S 50k 6], 2L 31 12 2 3 h)
transformer, transformer [ G i J2 A9 45 FE X B 768 1 &= I HLEI L BN 12 BRI S 8080 8 4. BILM
BRIV 1) B4R Oy 128, LSTM Rl )23 i 48 2 152 1o 128, /) F B4 AL B /Ny 32 /) s d5e KON 2 I %K
9 50,4 B 3 B I 20 4l 3 Cadaptive moment estimation, Adam) 52 L AL BE B S50, 5| ABBHL K I Jr ik
B 1k 3 604 o) A, BILML (9 S 500 B UL 3% 5.

BiGRU-Attention-CRF % B fie Kl 2Rk ECh 100, #LAb 3K /Ny 32 A1), GRU [ )2 4k 2 i &
128, BiGRU-Attention-CRF 12 51 & I3 6.

#£5 BILMMBSHELE % 6 BiGRU-Attention-CRF [ S50 &
Table 5 Parameter table of BiLM Table 6 Parameter table of BIGRU-Attention-CRF
g fE E s {8
- 1) & 4t B 128 2 3] R 0.001

LSTM [ J2 4 128 HEAL B RN /) 32
Fifi #1250 0.5 Bifi L 2% 0 0.5
Ak 2% Adam kA Adam
25 R 0.001 BRI 100
HeALH AN/ A 32 GRU FJ 15 #8 128
UERI€ 50 BiGRU 2%k 1

2.3 FMrigkR
NER 1T 45 " , i 5 R FH HER R (precision, P) \ F [A] & (recall ,R) Al F, {HAE A PF- 0 455 Y% BE 19 35 5 » 3
A PE R AR BT A I

_ TP 0
P—TP+FP><100 0
_ TP 0
R—TP+FV><1OOA, (3)
2PR
FI*P+R
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S T Sy T 235 S 0 52 B 285 S 349 g 1 A80) PO A 4810 A 505 Fo Ry S B 45 SR Sy 2 4] L 003000 45 5 S 1 491 1)
BIAE s B SRS Bl JE Sy 10 491 1 T90I0 235 51 S 600 451) B4 6 481 A %
2.4 RBRERESH
2.4.1 bootstrapping F i &£ KL 1K 1

PEAH AR BB [ B 4 0. 1, BIE X 8] 2 0.1 F1 1. 0 0.96
H I3 ¥R 58 bootstrapping B3 78 A [] B 7 #5040 4 1 0.94
(At B . BILM_BNER B17%0 1 F, {f K 5 (5 25 1k 2 ol
R E N E 6 TR =

SR M 0. 6 Bf, BILM_BNER KiRIZE [ @ Mim 090 —
BRI CCKS2018 $UE 46 19 F, fie i 1 43 3 M o8l L
00 16% A1 90. 93% . B % 0.7 it BILM_BNER 0.1 0.2 0.3 0.4 0.5 I;.{ﬁﬁ 0.7 0.8 0.9 1.0 1.1
i AE CCKS2017 B4R 4EM F, & R 92. 2%,
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Fig. 6 Diagram of F, value variation with threshold

value in BiILM_BNER model

Table 7 Contrast test results of different named entity recognition models %
. el IN= €T CCKS2017 %4 £ CCKS2018 #y# £&
P R F, P R F, P R F,

BiLSTM-CRF 87.76  85.65  86.70 88.55 88.25  88.40 88.02  87.35  87.68
BiGRU-CRF 88.06  85.80  86.92 88.65 88.73  88.69 88.12  87.60  87.86
BERT-CRF 88.25 86.35 87.29 88.96  89.12  89.04 88.75 88.10  88.42
Qiu &2 90.63  92.02  91.32
Li &gt 89.65 88.23  88.93 92.06  91.15  91.60 89.59  89.54  89.56
Wang 25117 90.83  91.64 91.24
Luo %1 91.75 90. 05
Tang 41 90.83  91.64 91.24
BiLM_BNER (A L) 90.52  89.81 90.16 92.86  92.59 92,72 91.30  90.56  90.93
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Table 8 Ablation test results %
f EREgnLgIIRER- €/ CCKS2017 %4z 4= CCKS2018 % # 42
j2 R F, P R F, P R F,

BiGRU-Attention-CRF(Baseline)  87.62  85.30  86.44  88.30 88.12 88.21  88.05 87.45 87.75
dictionary+ Baseline 88.86  86.50 87.66  90.13 89.66 89.89  89.58 88.72  89.15
CbBERT -+ Baseline 87.99  85.73 86.85  88.65 88.37 88.51  88.32 87.76  88.04
BiLM+ Baseline 88.13  86.23 87.17  89.12 89.20 89.16  88.96  88.38  88.67
fi;é’;}yj}i}er; 89.76  88.58 89.17  90.58  90.32 90.45  90.05  89.48  89.76
bootstrapping + Baseline 88.65 86.65 87.64  89.96 89.80 89.88  89.75 89.15  89.45
BiLM_BNER (7 3¢ 4 7)) 90.52 89.81 90.16  92.86 92.59 92.72  91.30  90.56  90.93
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