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ABSTRACT Medical records, as an essential part of the health care records of residents, save all the information about the clinical
treatment of patients, which are traditionally written by doctors on paper. With the development of information technologies, electronic
medical records that are more easily saved and managed gradually replace the traditional ones. Intelligent auxiliary diagnosis, patients’
portrait construction, and disease prediction based on medical reports have become research hotspots in the field of intelligent medical
care. To fully discover the hidden relationship between symptoms and diseases from the documents saved in electronic medical records,
the development of an efficient named entity recognition algorithm is the key issue. Although several studies have been conducted on it,
there is relatively little research on the information extraction of Chinese electronic medical records. To the best of our knowledge, the
documents in Chinese electronic medical records contain a large number of nested named entities and short sentences. Moreover, there is
weak logic among the sentences, causing a complex syntax structure. To effectively recognize the medical entities, a novel named entity

recognition method based on multifeature embedding and attention mechanism was proposed. After embedding three types of features

%5 H #A: 2021-01-12
BEL£WH: HERARBFLES T H (61973305, 61773384) 5 H1 E W Mk 2% g @ 4% S ARV 55 9% 4 100 %% 42 9% By 351 H (2020ZDPY0302)


mailto:nanfly@126.com
mailto:nanfly@126.com
mailto:nanfly@126.com
mailto:nanfly@126.com
https://doi.org/10.13374/j.issn2095-9389.2021.01.12.006

PLECD A Bl 22 R AR AT 1 AL A4 v SCH 5 D i 44 SR 1)

- 1191 -

derived from characters, words, and glyphs in the input presentation layer, an attention machine was introduced to the hidden layer of the

bidirectional long short-term memory network to make the model focus on the characters related to the medical entities. Finally, the

optimal labels for the five types of entities in Chinese electronic medical records, including diseases, body parts, symptoms, drugs, and

operations, were obtained. The experimental results for the open and self-built Chinese electronic medical records, recognition accuracy,

recall rate, and F1 value of the proposed algorithm are all better than 97%, which shows that the proposed algorithm can effectively

identify various entities in Chinese electronic medical records.

KEY WORDS Chinese; electronic medical records; named entity recognition; multifeature embedding; attention mechanism

ML I 2 RS sk B A s L AR
P MORE IR R | IR AE R A B s L 29T B R
IR — R 5 B E EFRR AR R A A
B & BT AT AR B Ak g i, Tl SR AR
I RIGITE B R E L 5eE. RTH T
5 DT I R RIS YT L R TGO R L AR A R
T IR R AR R T A A R R SR A
Pt 28 29T R Y BB R AR RO IE G HR G R
e A HE R 1) i 44 S5 44 R 5] (Named entity recognition,
NER) J2& H3 903 1 SCA S G i, BAR L1
Joi 3 ) i 44 SE AR O A B8R B RS UR,
2 T[] ¥ SC R 5 D A9 AH DG B 98 AR R A . R Gl
B, SR SCTR A R A b SO R T SCARAE
LML Z | B S S A I . SRR E
Hh ST 1 0 OB S R R, A% G 0 i 44 SRR )
AR T SR 2 9 2 SR,

BEX AR W e 2 SO, BIEE N DL S S R R ]
55U Y GE 124 J7 ¥, 3 F Transformer 4 % 1) iy
2 SR BRIP4 A R 2% 1 B
#L 3% ) Bidirectional long short-term memory with
conditional random field, BILSTM-CRF) #11 F T fii# 1
P A PR SRR IO A — SR Dic-Att-BiLSTM-
CRF AUV G5 R, bR 7 e I AT 784 7% i 5.
L0 5 A SCAR MR itk — 2D 4 i v SCRL
T3 SCAS 1) iy 44 S2 TR 0 o i 1, AR SCHR HH — b gl
B ZRHE A5 T = LT A SR e D A 44
5244 3R 1) 45 AU ( Multi-feature embedding-BiLSTM-
Attention-CRF, MFBAC) . 1Z %% A £ X v SCHL 79
D3 W SCAS R o, SR B IR RR AE 5 NER #5248 (1)
i AR, LIS R AR 22 09 4 AT B 235 H
X, B XoF H SC R D 1 4 i s 3 8080 R 55 )
W, Sk H Glove #il Il 5 55 i8] JiL VT i, 38 £ 5 iA)
Lattice £ #4) 55 B 7 18] Bk G ik A, DT fiff ke A% 558
A 1] 22 e 3K v SCHL 0 T SO A TR 1Y Jmy PR A 5
PR, 56D F IR ME U B, 8 & R 2 M
#% ( Convolutional neural networks, CNN) 2T J&)
AR, 5 IR IaRRE 0 40 R, Fe 2 S I A

FoRZEMZ R R A B, E T i )2, 38 i
BiLSTM SE 3L 45 78 /a) - H B i SCRRAE B B, IR
FH AL S B [ B 7 2 1 ACER 43 e, (3
SCRRAE 42 R fE 76 5 S2 AR RNTAE OC A R 1E I
Ifii, i@ 1 CRF fit, 415 4 5 17 5 e A hn 28

1 BFRHB A SRR A E R

iy 24 SR Tl BU 91 SCA o B R E
BOCI SR, thtn: A4 . Hh4 o BT S, JFR 3L E
KB LRI, Sz T 4R, |7
P48 2R | R R BT ARG H T, Ay 4 SR
Wk FEA:

(1) 5 7 m) ML DC e 1) Jy ¥ - 1S 7 i e B 5
Fa 0 B 1) ML, P o DG C AR 7 R 44 SRR
S, DT A 254 T SRR ) 58 0 T[] L9 g T
T8 FH & 8] 38 R A4S A ) PR N 4 R A R )
SRR, FE L R SR 48 i DLy g
SRy Ak s 2 1R B 0 AN VAR AR L, AT RAXT L
A BR2ESCHR SR T A iR Ab B, PR LA R
o) A0 — 305 ] A A A 1 T R A B el )
7R 5 ) LG E A vk e R TR R A, (H 2
T SCBET SR B AR L RN HE
DA R (i1 B, BT L2 5 S B0 B i A 5 U,

(2) BT HE 09 77 2k« AR AR %) R R, A
FHSEAREY /B SUF B, S8 iian 24 S, (H2, H
DA T 0 L S 2 ey, LA ) 5 38 =2 ] 1) $0 00)
RIS AE PR 2. Kraus 5512 38 2o 4 2 K & 19 1 ) %
IR, HF UG R IE SRR 2 | 59 A5 BT SR,

(3) TGt Hlas s > W 5 i & W gl
S INEA S AL RO L R R R
iR 24 BEALY (Conditional random fields, CRF)
. BRI EATTE S Z BN T, AH AR TR
PRI bR T B A1) R 8 B AT

(4) & TR EE 7 2] W9 7 1 1% 5 vk % F i 3 I
BRI 255 B SRR AR $E B, AN 75 22 X B8 i 47
N TARBR. B0 B0 D SCA, 98 N B 58 e 32 1S
— 2% Transformer & it A5 AU BT X ] K 4 #1212



- 1192 -

TRERLF2ER, 26 43 5, 56 9

2B FEAL AR R | I F 45 5 - g U g
SEARTE 4 Y B 1Y Lattice-LSTM-CRF #5151 45 3¢
25wl TR B BERT B AU 26 i 5 R 22 35 0 5T
Fo2E o] | B 2E ) 5] A NER {155 1.

(5) IR G 77 Jang 55706 7 A LI 5 5
FHLAR 5 2T 1 SE AR B B A G, B E T —F
I R SE AR IR A IR R g Wed 58U 0] £ % 21—
P 1 BT SR U, R SR BERL I BT g A
KO 2B AR ALk 0 3R U s B ] e
CRF XL JZ b V£ 19 HL 05 D7 S A 38 51 J7 i, I
-9 {E (F1 Score, F1{H ) ik 3] 97.2%. Hu %P9 7%
2017 4F- 4= FE AR ENE 518 SO K2 B I PR i 44
SRR ) e R, G A e T SRR, AR A T
RGP BT SR U AR 3l i A A T
FUN | Goitar 2] | BRIE 221 G075, $2TF NER Bl
P BE A S AR ISR

FEAE #: NER BT, 38 5 >R FH il A 71k,
W5 1) R Sy i S EE 0 H SCHL T AR B9 G
figh. ik AN 1% BE 78 4042 4 1A 7E R ST SRR
fiE. LGB I ik, AR @ s,
B TEvk Z i in) (i SUfE B LTIk, R85 4 5
i 1R R T 4 J B o i AN L SCE R R ik
AT & Jm ik BRI T & Rtk
BHRRIE, (FR SR AR T SRR . A E T &, 2

TR bR SCE B i 2R 4845 AU (Continuous
bag of words, CBOW) 1Bk 5451 % ( Skip-Gram) 55 Jr
TRASOR) Y Jay 38 SCA B s A7 U 25, AN fig A 2% s
W2 RS EE. 8T ek R o fif fn
Jay R SCH H 5 A R BR M, Pennington 45 3
T2/ CAMGE R, ¥ —Fh @l A 4 5 56 B 53 A
Word2Vec 1 Glove J5%, 4T T il AZCR.

2 BMAEZBIEHBRASEENNSBRRE
F w7 fn B SEARIR A

MFBAC L1 AR R ZTIAFERT . FIE .
B IA] =AML Y RRAE, IR 7E BILSTM-CRF H1 it A
TR JIHLE, MR FBRAE, 740 T BILSTM B A
A BT T A A SRR R TR, BA
SCARTTF 2 Glove Tl 5, 5245 5 ik A,
IF38 o A R A, RO T 5 SCAS 5 4 A %5 ]
5 i 0 IR B TR, 3L F 2R Lattice 2514, SEHLF
A A SR FH CNN R B TE B35 B SR R AiE
fr] 5 3 2k R JA] K A 3 0 12 M 4% (Long short term
memory, LSTM), X D432 )5 (1 R A1E ] 2t S BRI 42
B JEF 1 2y WL S2 B R] B J2 AR A 558
43 TL; 25 CRF ffA%, 3-8 2 )5 p S et hn s, mit
AL, ZHRAE R AJZ AU LSTM., 7 & J1 Ll
JZ . ZAFBEPLIZE: MFBAC 53 1 S B AR

O
CRF layer <4——» CRF = p CRF («4—»| CRF @—» -
A A A
Attention layer Attention mechanism
A A
BiLSTM layer <¢———» BiLSTM (= p BiLSTM (t—» -
A A
;- : T T T/ T —71
A A
pmbeitings | @ O O] (@ O O]
Glyph character word ﬁ Glyph character word
Input WO W KW B &

Bl 1 MFBAC FikHESR
Fig.1 MFBAC framework



PLECD A Bl 22 R AR AT 1 AL A4 v SCH 5 D i 44 SR 1)

- 1193 -

2.1 ZEIEHRNE

% JE 3 v SCHL 9 Ty A AR ) R) R] 2 B OC R
559 SRR bR AR B = SRR AL
PETF NER BEAUPERE, TEMIA R RZ5I AT Z A3
FRAE. A% G0 =7 LU e 7 1k B8R W] LUAS S50 e rh
SCHE 95 D3 SCAS v ) R 55 38 B OC AR [R) A, (HL &
B — [y T A2 iy PRL i) ML H G BT 1 e 2 01 7 A
PR ZE. DLFAFRAE N &, R H Lattice 4544 19 7
RIS g 5% AT DUFE A0 R AE o AR B A
T ol iR 22, 38 T I, AR SOR 245 1) 12 -5 40 3
i) ML DG JC S5 (%) R3], 3 Lattice 25 44 55 30 1Al 1
B G hi, 15 2 RAE W & 5 F IR R 1 & PFZ,
1SN F 5 SCA I ZFEE A

R A o A AR AN T2 RRE A Y
A0, A SR H Glove S 5l A, M5 4L
IR B A i AR E LAl TR AR, BIY
Win . BT LA bR B RO R Y SOAS, SR
Glove BERY, KA1 n A FAF 1Y BT SUA T 91 i 46
R 100 4k 45 1m) . [R) B X 3] Ak BRI SCAS R
H, ik Glove Yl 5k, 155 100 4 (138 o] 5. HE 1707,
K H Lattice 2514, K 718 R 4iE 1] f2 K BI{E J5 , 15 5
100 4 19 5% i8] [0 &t J5 51 V = {vi,va,--- v}, K
CNN 48 UM F I8 1Y Ja # AR AR 2, R s A KR J2
SIAE 20 8018 R E. X TR F4F, R H
CNN 5 I £, 3l if CNN XJ i 1 54 45 i
THEME A I, ATV R m & )75
W={wi,wy,- w). BEIT, KW E A I RRAE 6]
VT HE, B3 2R E ik A RIEU.
2.2 X[E LSTM

WMARRZHZREN EU, &R 4i5)2,
SRR R B . B AR B S8 TR IR Rl 2 ) 2%
(Recurrent neural network, RNN) 1] DL %5 4 by #3245 5]
AT L H AR e MR, (HR AT RS |
12, 78 A0 HR K 73 SCAS B 25 8 A T O BB
B, NG A KIE SR E UEEP. LSTM 7F
RNN g5t ] A AT s T T AR b 0], ik
I AL ) 2 2 P b 2 75 EE AR B NS, R K
P B OCHRAE B, A 0w Ik T 1% 48 RNN A5 AU 7E 4b 2
K7 SCAS B B A BE [R) . i LSTM 2 19 i th o
n X KAEFERES = [sijlnsicr FoH, n A SCA RS
JE, kR bRZEAEL

LSTM A Jiz | & — B m 2% S 55k, it
iz s A B SUE R, B LSTM 5 2 41
A, F A LSTM, H4 [a] — % A A% 8 1) 9 A 2 1)
Bon B AR A 1) R AT DRE, 0 RO R E AT AE

LR SCH SRR H = [ ), S Ay
SEIE R RHIE AL, [ PR PR S. ET I, R
XL J) LSTM i H (R RS L B AE B, id M.
23 FEANEHE

15 58 ik A 2R 7 IR A 25 IR A 2 18] 1 A
KtkE, FEE AR P EBANGET A, N
I, 5IAEZE JIPLE], B2 58 BORCRRE A1 AF
S, AT X r SC R 9 ) SCAR H 5 SR AE OC
FEIEA B 3 &, Z 8 TG 8., i SCAR 7 51
(1) Jey AR AR AR

B IHLHR T X AN ZESE i gE, EAEAL
AR PLAS LT S5 S A B N )iz Y
R SCHE T 1 B g ) ORI A ) 55 0 AR R, A
) B2 & 2 5 A B I HLE], ST A = A
BN BB 55 b ol P BT, RS
BIL el B £ A5 70 3R £ T g A3 90 1) AR B,
IRBUE 24 R, B2 PR T meS.
FIHLENF A [F 45 B B 3 2 RS T A ) i G
ACE, DTG 1 SCRRAE AT DL AR e 5 B Y7 SR A
KM FAF 10,

SO 1) LSTM i i i Bt H; = [ o, 565 i
FAFAE AT B B A N BE B R e, SN HP
bR it B 1

e; = tanh(WTH; + b) (1)
X e; HEATIH— AL AL BREE R, 12N
_expled)
“i= 2. exp(e;) (2)
M, JEF S REREE INERN
H: = H,' o7 ( 3 )

SR R B 1 ACEE 43 e 2k 0k 2R W] LSTM
i+ ) ARE 3R I, T DA U £ SR SRR AE , ik Rk
3% CRF 2T IARESS R
24 EHHENS

CRF fiff it 3k 75 vpr, 4% 2 07 43 e AN 2R 5 19 0L )
LSTM A AE e A, JEA3 R AbR 2. e 7R3
N X={x1,%2,X3,--,x,), Fe T B89 4R 28 5 51 O y=
WLY2.3 -yt WA AR R AR

n n
PXY)= M . +> Ny, (4)
i=1 i=1

Fob, My 3R My B By B N, B
S5 1A RRE Wyl B, pOX, )R A )
TR B X BR T b 8k Y . A
X R bR 7 91 LA K p(X. V)L



- 1194 -

TRERLF2ER, 26 43 5, 56 9

3 KBERSHN

AR A R, ASCLL CCKS2017
FEUE R F2 A1 3 B PR T SO e D AR AE Ry 52
B0 SR R, G 5 FE AR (Y 22 X L g, TR
AT AT T B2 44 SRR B T TR R RE . T A LG R
£ intel Xeon Silver 4210@2.20 GHz b #E %% . 256 GB
N #£ . Nvidia Quadro P5000 1154 45 144 F #E 4y, Al
¥ @K TR HEZR TensorFlow 1.14 SC3E.

30 EWHIEEMSHELE

B HE PR P SCH e D 4 3 500 1, %
CCKS2017 FiEE 4, R H BIO #p iR R 48— iff
ThR¥E. BIO Ap iR &, BAR R SR I 4R 17
B TR SLARE R, O ARFRIESLARER 4. AH R 1Y
A 24 AR S B L RER L BRI L 2 KA
BRAE TR, Ik 1 .

R1 A5k
Table 1 Types of named entities

The entity class Identifier Definition of categories

Diseases B-diseases I-diseases Terms of various diseases

Symptom  B-symptom I-symptom Abnormal physical manifestations

Body B-body I-body Various parts of the human body
Drug B-drug I-drug The names of various medicines
Test B-test I-test Various physical examinations
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Table 3 Performance of NER embedding different features
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Table 2 Distribution of training and test datasets for medical entities

Model Pl% R/% F1/%

Font embedding-BiLSTM-CRF 79.51 80.35 79.72
Char embedding-BiLSTM-CRF 88.61 87.43 87.96

Word embedding-BiLSTM-CRF 85.82 86.87 86.32
CW embedding-BiLSTM-CRF 86.58 87.23 87.62
CWF embedding-BiLSTM-CRF 96.24 97.25 96.94

Dataset Training data Test data
Diseases 856 382
Symptom 3845 1526
Body 563 214
Drug 657 289
Test 3426 1647
Total 9347 4058
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Table 4 Performance of NER with attention

Model Pl% R/% F1/%

Font embedding-BiLSTM-Att-CRF 92.46 93.12 92.68
Char embedding-BiLSTM-Att-CRF 93.41 93.56 93.49

Word embedding-BiLSTM-Att-CRF ~ 96.36 96.18 96.21
CW embedding -BiLSTM-Att-CRF 96.52 96.18 96.45
CWF embedding -BiLSTM-Att-CRF ~ 97.21 97.83 97.54
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Table 5 Comparison of the performance of different NER models

P/ R/ F1/ Loading Testing

Model % % % time/s time/s
Transformer 85.46 86.32 85.68 433 12.6
BiGRU-CRF 85.87 86.23 86.14 2.95 9.4
BiLSTM-CRF 88.61 8743 95.16 3.21 9.81

Attention-BILSTM-CRF 94.52  96.18 96.45 3.56 10.56
Transformer-CRF 9532 94.62 94.14 5.32 13.57
MFBAC 9721 97.83 97.54 434 11.68
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Fig.2 Comparison on the F1 values of different NER models
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