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Abstract : The main task of named entity recognition on medical record is to convert unstructured text into structured data,
and then provide an important fundamental support for data mining for medical field tasks. This paper proposes a named
entity recognition method for Chinese medical records based on ALBERT and fusion model. Firstly,we use manual labeling
to expand the sample dataset,and fine-tune the dataset in conjunction with the ALBERT. Secondly,the Bi-directional Long
Short-Term Memory( BiLSTM ) is used to extract the global features of the text. Finally, on the basis of the conditional
random field model ( CRF) , sequence tags for named entities are made. The experimental results on the standard dataset
show that the proposed method further improves the accuracy of name entity recognition on medical text and greatly reduces
the time overhead.
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Table 4 Comparison of pre-trained models

Model Hidden Size Parameters RACE ( Accuracy)
BERT-large ( Devlin et al.2019) 1 024 334M 72.0%
BERT-large (ours) 1024 334M 73.9%
BERT-xlarge (ours) 2 048 1 270M 54.3%
ALBERT-large( Lan et al.2020) 1 024 18M 68.4%
ALBERT-xlarge ( ours) 2 048 59M 70.2%

4.2 FMHHENLIZ (CRF)

S AP BN — T JC Tl B3R RIS A e — S A K LA Y2 I T S AR v [ e gy
TR 2= {2, 2,1 2, GRS i DFAF LIAFIE BT A A 55 45 7€ 2 BIARZE TS =1y, , -+,
yo by (2) A3 z T AT RERRSE. CRF RBLE T TEL EFAFTH 2 I ARBEF 00 y IR A

n

> exp(S(y',7,0))
p(ylz;0)= — - ,
; 2, ep(S(y;,2.0))

P, S(y' .2, 0) ¥R K ;0 9 CRF BRI S 4L
4.3 BILSTM-CRF

Hochreiter I Schmidhuber'®™ T 1997 442 H1 T LSTM , e W1 42~ 1 fif e 386 5 41 25 [ 2% ( recurrent neural
network , RNN ) U115 £ B (14466 3 2 1 FIUBG B2 , SR DR B S8 BB A T IZ 4 e 5407 s 1 F 3Uf5
KITARE LSTM D540 12 BT T A AR 7 A BT, FTRT NER B ERARUE BILSTM-CRF , HATHA ANIA] 1

— 38 —




Wk 7,55 35T ALBERT b SCBE7 0 i iy 44 S

J7R. Lample 25V HEH T 2 R 4% 05 i, —Fh LT BILSTM Al CRF, 55 — Bl J& 2 B0 U3 2 f A7 i
( shift-reduce parser) J7 & & tH (5L T4 40 (transition ) 19 77 A8 EE FIBRIC 0B

ﬁ‘y‘; o BBRILH gz

oo
BTy O
e

Word Fmbcddmg Fmbcddmg Fmbcddmg Fmbgddmg Embedding
embedding
i o T i) il
E 1 BiLSTM-CRF #%
Fig.1 BiLSTM-CRF model
44 ALBBC %
B R SC RS D SR AR Rt R B IE AR 4 A SO T ALBERT-BILSTM-CRF ( ALBBC ) #5745 7Y
P AR AE D 2 AR AE. AU ALBERT A5 Y [ 47 f) i) S B8 45 19 S A7 BB O 1D 5, 48
ALBERT #5281 Embedding JZ2Xf 74 ID #EA75 ) i AL, B JS HE A 928 T 2. 1 S0 R 1 e 70 1
HEAT A 24 SR A AR RN 5 AR5 7E b SCHE 4R A ALBERT BUUIZRACRY, Fiaff A BIiLSTM 42 HUR 215
B IHEH] CRE TS 05, 40T ALBERT REALHANIE 2Z b | IF 51X B2 7 50808 58 (4 R i, B0 124 7l
DI REAS  28 75 By Bt i R9SRBL. ARIRE SR AN 2 FIrms.

( 0 BFA LFA 0 )

A
0.12 0 B fir I_Kifr 0
0.94 0 B FA I TR 0
)
C CRF )
A A A A A
-0.32 -0.68 -0.23 -0.92 -0.04
0.21 0.12 0.55 0.10 0.95
-0.54 -0.23 -0.64 -0.23 -0.28
0.28 0.44 0.25 0.56 0.39
0.81 0.78 0.03 0.94 0.05
} . ! f }

- -
> BISTM 5  BILSTM > BILSTM ¥ BiLSTM 3 BILSTM ¥

!

| Embedding | Embedding | | Embcddingl | Embedding | | Embedding |
ALBERT
Los | [w ] [we ] [w] [wa]

& 2 ALBERT-BiLSTM-CRF #&£#!
Fig.2 ALBERT-BiLSTM-CRF model



BT R =  ( TR 5521 B4 1 HH (2021 4F)

5 SgRai R G

51 XWigE

SIS AR AR AL T TensorFlow-gpul.15.2 BREE 22 JHELLFI keras .numpy | seqeval 5555 = 1 ¢ | fifi FHH &%k
K/NA 1.8M Ay H SCAE Y ALBERT _TINY ; 6 {4 % F 4 £t NVIDIA GeForce GTX 2080Ti 2 ek il 4k 5
.

HOCH TR DT BRI R 2 W R R TR 2 R 6 S 4 LR, R B 4R
T 80% A A INZREE , 10% 4 R BELE | 10%4E LS. ALBERT A7 9 i K P K BE e 88 512, P4k
BN Adam Bk 242 RN 1e—5 , batch_size 16, epoch 2 60, MAX_SEQ_LEN =128, #[a] LSTM JZ /Y
B2 S804 R 32 (3xX BLHR BN 5 [l A9 B )2 1 R 80

A SO S YR A H 3 h 22 U S8 IO A A
5.2 EMHIERR

ARS8 R F iy 44 SEREU 8 B0 IFAR F8 R IE B 38 P ( precision) A 1% R(recall) (F1 {4 ( F-measure )
XoF B3 T i 44 SEAAR TR I 485 SR A 7 1 e Ay o

BARIHRARE
TEBRTEN il 44 AR B

PSR SR S
TEBRTEOM B i 25 SRS B

IE#R P=

A R = e LA ST
pl=2*PER

P+R

5.3 LIgbbd
WK 3 Frs, AWrE S5 TR, 20 3125 T 24 epoch 87.51
8>~ 10,15,20,30,50 A F1 {8, At F1E A5 F1{E 8251
HEEIE. T LAE F, 24 epoch fH/N T 30 B, 455 AU HH & Ay i
Si; epoch K 50 Ze Ay, FEAST] LIYSY ; F1 {H7E epoch {E°h 60 B ik
P55, Y epoch H K 70 B B 2 FF bR T R, #E— 2 1#% epoch 7257

{00 FUESR B SAPUIBCRE S T 134 FLEL, BRI a5 o o

7751

F1/%

;IJIJ E/‘] F1 {Eﬂ‘j%/l\;’;'ﬁ: Fl @E@%ﬁ@,&i%%{%ﬂ@ epOCh {Eﬂ‘:’ epoch
60, H: F1 {64 85.38% , l ¥E$E1% epoch [H N L5 & LIS HL. VA B3 epoch A5 F1 HXRE

?iy\%ﬂjﬁ'{ epoch {Ejj 60 E"J%ﬂﬂi%ﬂ: , ,EQEFS@“ i%%*ﬁ%” Fig. 3 Graph of epoch value and F1 value
FE SRRSO o 2 FT (A FR Y 81.76% 1215551 84.85%. epoch ELFN F1 A SE 5 H 1 R H
HEAEEAT Adam.
N T AFRHEE A BRI, % 57 (Dropout) ML (Optimizer) H#E4T 1T 2EMLAYSLH. T Dropout
HATHY SR AN 5 PR,
#5 AEH Dropout X EEIZLRAIF N
Table 5 Effect of different Dropout

F1
Entity

Dropout=0.1 Dropout=0.2 Dropout=0.3 Dropout=0.5 Dropout=0.8
2y 85.01 83.33 78.63 81.75 66.85
FA 86.70 83.42 83.67 64.07 77.04
GRS 94.34 84.62 82.46 75.00 86.00
S EE R I 100.00 90.24 90.24 94.74 91.67
YIRS W 79.74 85.85 87.27 74.43 83.92
fife B A7 90.88 92.90 92.54 65.32 88.57
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Table 8 Comparison of experimental results
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