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Chinese Medical Named Entity Recognition with Label Knowledge

YIN Baosheng and ZHOU Peng

Human-Machine Intelligence Research Center,Shenyang Aerospace University,Shenyang 110136, China
Abstract Named entity recognition in the medical field is one of the important research contents of information extraction tasks.
Its training data mainly comes from unstructured texts such as clinical trial data,health records,electronic medical records. How-
ever,labeling these data requires professionals to spend a lot of manpower, material resources and ime. In the absence of large-
scale medical training data,named entity recognition models in the medical field are prone to recognition errors. In order to solve
this problem, this paper proposes a Chinese medical named entity recognition method that integrates label knowledge. that is,after
obtaining the interpretation of the text label through a professional field dictionary, the text,label and label interpretation are en-
coded separately,and the fusion is performed based on an adaptive fusion mechanism, to effectively balance the information flow
of the feature extraction module and the semantic enhancement module,thereby improving the model performance. The core idea
is that the medical entity label is obtained by summarizing a large amount of medical data,and the label interpretation is the result
of scientific explanation and explanation of the label. The model incorporates these rich prior knowledge in the medical field to
make it more accurate. Accurately understand the semantics of entities in the medical domain and improve their recognition. Ex-
perimental results show that the method has achieved 0. 71%,0.53% and 1. 17% improvement on the three baseline models of
the Chinese medical entity extraction dataset(CMeEE-V2) ,and provides an effective method for entity recognition in small sam-
ple scenarios.

Keywords Chinese medical named entity recognition,label knowledge,Prior knowledge, Adaptive fusion mechanism,Few shot
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% FERS B R E A R A L 245 48 B, Bere MRC w/
LK4CMeNER M @A T H A A, CMeEE K04 % 2 & 14+
Xof T S B 2 U R A L R s AE T AR AR R R BLE
P ALE KL 4 48 S RS 4 3, (R EGR Y 2 A
Xof T JH: Al 450 355 T BRSO . S I 45 SR 3R W AR SR L 9 T I AE A
R4 LIS T AR RE R T

JuG 5 B R B 76 ffF A SC 4R 19 LKACMeNER J5
Af, 5 3 ML A M, F1EHA &S T T 0. 71%.
0.53%,1.17% X IEB T A S B A RAF iz fetkag ., H
o1, Bert-MRC w/LK4CMeNER B B H (1 PEE , 215
AT H A8 LKACMeNER J7 i 5 Bert-MRC R A 45 4

T A A R A R AR R R R AE 24 ) T AT T A
B A T SOAR B AT 2 R i 44 SEACTRUA Y P RE K F-
4.4.2 IHEAEBER

F 6PN T AR NEA SR P P RE R L. (B AR
B R A SCHR ) LKACMeNER J5 3k . 3 A4~ 2 2k
FERPERE XA B AR Tt .

# 6 CMeEE %4 8 /INREA 52 (R P 51 52 30 45
Table 6 Experimental results of few-shot entity recognition in

CMeEE dataset

%)
1-shot 5-shot 20-shot 50-shot
)
"2 F1 F1 F1 F1
UIE 23.14 35.73 39. 25 49. 36
NegSample 21.67 30.42 36.63 45.62
Bert+BiLSTM+ CRF 32.35 45. 25 51.72 57.41
Bert+BiLSTM-+ CRF
. 35.16 48.34 53.67 58.95
w/ LK4CMeNER
Bert+ Softmax 16.63 21.35 37.23 53.46
Bert+ Softmax
. 18.94 24.72 38. 34 54.82
w/ LK4CMeNER
Bert-MRC 36.51 42.63 55.43 64.25
Bert-MRC w/
40. 83 46. 36 58.26 65.74

LK4CMeNER

LA HF R LKACMeNER J5 3 i o A 50 76 /N B AR 52
PR A AN T R AR T R R AE R R 3D Y 1-shot
1 5-shot 1 8L T, B AL 3 Fh 20 5L 5 & 3, 1 7€ 20-shot A
50-shot & &L T BRI SR GE 05 AR RIF iR L.

X — 55 BB TE 1K B 4 FAR 45 R SCRlA B R R 62
Ao R O b ) R 2 U S B AR 7 S 2 SR T
SRS A AU SOCR . B AE B HCEE AN R L AT Y U L
AR TR B B A 2% X IR R AE /NRE AR 3 s TR A b T ik
A — B THROR b6 BUE B i 30, 42 THBOR BT RS
4.4.3 FRE#RSF XA ERIRI G H R

T RAIR R 1 SAE B R G T 2O BB PE R 1Y R
M, FATLL Bert+BILSTM+ CRF /£ Jg JE LR, 4 4 Mgl & 7
AT T S8 PFHE (Cav), S (Dov) . H & S Al & PF
(Adaptive fusion cat) . B & Ji fill &5 s L (Adaptive fusion dot),

WAV BB LEA W & 77 XN AR AT T VR A 581t
SR AR 7 TS, G b LB SR [R] Oy 2T 6 8 A
fig, ATA LU — 28 T A A I 2O B R B 5

® T OBAEAR @S AT B2

Table7 Results of models under different fusion methods
%
BhA T R P R Fl
B (Cat) 62.51 63.63 63.07
A R (Do) 65. 28 63.79 64.53
ERE A ER
HER B & 66. 04 64.52 65. 27
(Adaptive fusion cat)
iE N kA AR
FERRS AT 69.15 65.46 67.25

(Adaptive fusion dot)

AR S5 6 5 SR TR0 AR R 4 Uik i P R RR A D vk T
LA 35 42 o S AT ) 1 RE , 2 A 22 O o b PR AR 1 A AR
Ja BT BN o BT L T DR R AT RE A — SE
TR SRR A T ) T AT R BE AR AT T R B

ML ZTT » AT I T L S S 0 U ER B A 1)
X oz 44 SR f) 3 FRAE Ay T Y 1) Ak B TR 0 R 68 T B 9 B
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el L ) ALY iy b 8 Yl o L il LT R 1 = a1
KF Ny S BRUAT L 38 LA A L 2 B % AR LB A O M
PR, BT % T s RRUS A In] 3 26 7 1 JULA T M L 5 2

WA B 3 R G s R T vk TE S I U T s U R M e
S5 T5 1 i 1 R SRR S )t 4 R A AR, (45 4
B OGS AR AR B T AR AR R [R5 B Y BTk ok 9
ALHE A RO T RAE AR BUREHORIE )OI SRR R Y 45
44,4 NGAREBE LT ERRING R

o T BRI R AR 45 ] S xS AL Pk BE (Y 5 e, A BIF 5 SR
TR SRR AR SO A5 R, BUW AR S E R AT I 4k
SCE RN 8 BT A,

# 8 YIGRbraein S i iy 3
Impacts of training label semantic vector
%)
P R F1

69. 15 65.46 67.25
68.22 64.57 66. 34

Table 8

Original

w/o train

T X AR 2 T S AT IR T LA A e AR 2
1] 45k 75 R AE 25 () b 5 — B, DA T A A A B 5 T 4 el A 42 S
R 2z [ B 1R LG AR, B R SR AU B9 P R OK

4.4.5 R AAR AR SR BT EARR AR
T S A, FATIRIY TS I AR 48 R SCAR B X AR B
B AW, LI R InE 9 731,
F O BIMAR R UAE B R
Table 9 Impacts of adding label paraphrase information
[€79)
P R F1
Original 69.15 65.46 67.25
w/o label definition 68.07 64. 38 66.17
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PR, SRR AR R MR TR GO ik O IR TE SR A
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] B4 1 SO ZR TSR TR AL PERE . oAb Sl B 3@ 1 il
BU AT LU 280 A R A 4 TR B R 07 S ik A e ) 4% 68 0
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