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Multi-task Learning Model for Text Feature Enhancement in Medical Field
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Abstract The recognition and standardization of medical named entities are the foundation for constructing high-quality medical

knowledge graphs. This paper proposes a multi-task learning model based on text feature enhancement,aiming to address the is-

sue of inadequate utilization of text features in existing models for medical entity recognition and standardization. The model in-

corporates word-level,character-level features,and contextual semantic information to enhance text representation. Through four

hierarchical sub-tasks,it jointly models medical entity recognition and standardization tasks. Experiments indicate that the pro-

posed model can learn common features for both entity recognition and entity standardization tasks,effectively improving the ac-

curacy of learning. Satisfactory results are achieved on two datasets, NCBI and BC5CDR, with F1 scores for NER and NEN tasks

1.09%,91.02%;92.05%,92% , respectively.

Keywords Medical named entity recognition, Entity normalization, Multitask, Feature enhancement,Joint modeling
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SO R ) G R IE 1 3 422 D7 2O R AE T RN, S T E B A Ak
P TR T 2 AR AE 3 12 O O N ARG U R L
T /INFIRFAE AR 6, 1T 2LE BN NCBI Fil CDR P A 038 4 I
NER 5 NEN B4~ J7 1 2505 R QA 1) A0 W 7 1%
05 Bk A B

#3 BREANFEBSETH FL 05

Table 3 F1 scores of the model with different hyperparameters
NCBI BC5CDR
A
NER NEN NER NEN
A A 0.9109  0.9102  0.9205  0.9200
& A 0.9023 0.8948 0.9189 0.9145
A4 Ay B AL 0.9122  0.8902  0.9166  0.9094

BAEEHET A K 0.3

. . 0.9022  0.8940  0.9190  0.8911
FHFAEF0. 7 * A
REAE B 7 AR R A 0.8987 0.8955 0.9174 0.8946
AR B 7 RO R 0.8995  0.8751 0.9123  0.8880
o AE g R A

RELET AN FH 0.9034  0.8983  0.9203  0.9165

AR 17 4 AE

4.8 EEAMNFRALFHLBRER
A5 % NCBI Al BCSCDR 9 3 48 #E 47 T 48 31 43 #r
NCBI W & 4 v A 5326 9 55 & A 78 I 2k 4 b iy 8L, 1

BCSCDR ML A 39 M e R AN Zh s ih B, (&l 2
AT E2EMERN AU LA SC 4 H i A5 A8 78 0 3l 4R v i R
A DA AR 1 ST R AR RO, . AR SCHR S S BRSR T A o S
A B Rk 2 AT 55 2 30, HLX SCAR 15 SIS e ] 4 £iE
D7 T HEAT T R HLA TSR 072 A BE T, AR AE X R A AR A SR AT
AR AL AL 2
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Fig. 2 Comparison of model effects on unseen entity dataset
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TEHTF 6 Myh)F M & IR E/ANT 6 A 74 FF 43, I
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Bl DA SLIe a5 A, AR SRR AR /N 4 NCBI |/ NER
1245 & 8RR N 90. 24 % , 78 K B ¥iE £ BCS5CDR & ()
NER 1T 45 B IR A2 N 86.35% . MTTAL B & 4 NCBI Lk
B NER {E 45 b 09 3 50 20 % 0 83, 20% . £ BC5CDR | /Y
NER 1T 45 B9 5180 5K g 79. 73 % o 3% & WA R 8 76 41 %o /N
PR NER AL 55 BRI o0 B3 M RCR, IF HABIB 1L
MTTAL #EEI7E B A 5088 4 119 NER AT 5 RELER4F . DAL,
ABIAIE NCBI Ry NEN 4T 55 iR 5 &R O 89. 2304, 1 7
BC5CDR I NEN {E: 4 (1 iR 1 20 R4 85. 81% ., MTTAL #4
AI7E NCBI L% NEN {5 L 38 5180 5% b 93. 23% . 7
BC5CDR | NEN 155 i iR B 0 R S 88, 81% . ik 3K W A HL
RUTEER X /NEIE 4R 19 NEN £ 5% bR IH E B E R .
B MTTAL BBI7E NEN AL 45 E Ry RIMEAE,

F4 o PrEBMA MTTAL 78 K S2ARSR T8 F1 25
Table 4 F1 scores of the proposed model and MTTAL model on

long entity data

[€79)
AXHEE MTTAL
datasets
NER NEN NER NEN
NCBI 90. 24 89.23 83. 20 93.23
BC5CDR 86. 35 85. 81 79.73 88. 81

TESRRK /N T 6 19 SR A) F B0 T3Pl TR 2 Y v
fig, 45 ANk 5 pral, FE /N A NCBI I, 7 SO 7Y X
NER 1T 45 5938 B30 58 91, 32% , % NEN AT 45 it 15 51 25 5t
91, 04%; MTTAL # & %} NER 1T 45 B9 12 5 2 R R
81.13% 4F NEN MR BRI K 93. 31% . A SCHERIZE KL
BRI 4 BCSCDR |, %F NER 4 45 B3R BIZCR K 91. 83 %,
S NEN 1T 45 B9 R 90 8% 54 91, 39% s MTTAL # 8 % NER
R4 09 R 3 2R 82, 67% . X} NEN AF 55 19 8 5 2L R 4
89. 3896, IX bt HH A A5 2 75 vh 4 ST R B 4G £ b, XF NER T 45
R  BOCR SR L T MTTAL # 8, NEN £ %5 1R 5
MTTAL 22 854 B4 /1 . 48 BC5CDR %04 8 H 80 e MT-
TAL %% 2%,
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Table 5 F1 scores of the proposed model and MTTAL model on
medium to short entity data

%)
AXHA MTTAL
datasets
NER NEN NER NEN
NCBI 91.32 91. 04 81.13 93.31
BC5CDR 91.83 91. 39 82.67 89. 39

AT T AE T, & %) 61 & Disease 55 Chemical 1 Fh 5244 )
BC5CDR ##E 4 .38 6 X R [E 265 1 NER Fl NEN #4715
BB, MRS A Ak E , AE Disease 25 B, AR SCAE B AE
NER 75 1 573 2l 88. 60 % , Tl /£ NEN J7 I 19 42 571 2% 5t
7 88. 46 % ; £ Chemical 285 F , A LAY ¥E NER J7 [ (131
SRR 93.61% ,4F NEN J5 i B9 SO0 801 S 93, 41% . A
N1 LR A U HIAE Chemical 28 5] F #9 NER #1 NEN
BRI AE Disease 2 T8 E 5.01 % F12.95% ., XM T
BC5CDR %4 £ *F Chemical ZE5F #9524 K B 45 4 A8 80 %o
TR IR 0 R RO LB SR B A B S X
B ZE0l. Xk MTTAL 8RR SCRERY/E NER £ 45 [ 3%
W R 5EH  NEN AT 55 B RIMBC N HE .

F 6 PHRBTEA MTTAL 78R [ SSRZE R 19 F1 4030

Table 6 F1 scores of the proposed model and MTTAL model

in different entity categories

(23]

. AXHEA MTTAL

H NER NEN NER NEN
Discase 88. 60 88. 46 79.95 88.76
Chemical 93.61 93. 41 81.87 88. 90

410 ZTELEILHER

I 2 SO P A AE R I (R SR R — AN SR i S B DF
4R S {44 5 DO11125, B 7E LA AT AE (19 48 B 5 A FAP;
APC; familial adenomatous polyposis; adenomatous polyposis
coli;familial adenomatous polyposis syndrome; Inherited colo-
rectal polyposis. & 7 WIR T 458 F X5 T &8 43 47 76 ¢ 2 748 B 5
YA U R . o Do11125 Rk A /b B dis 48 NCBIL
D007674 3k [ K ¥ 4E BCSCDR., TT LA Hi L 6k 48 7 5 Ak
TER /B 4 [ AR SO g NER A958R L NEN 255
2%~ 6% o 1t B X A8 B SO Y B AR I A A — S 1Y R A
ARSCHE B AE /N RN SR P AR B S AR DO11125 L 2 5R
89, 620, 15 K K 4 1 L B SR D007674 b, SLHL T
90. 58 6 YR . MTTAL BLAIfE NER {55 (9 & LR LA
IR 2% 7E NEN A 55 P R I 5 AR SCR AU AR B .

T BRI T AR RIS F1 A4
Table 7 F1 scores of the proposed model and MTTAL model

on variant entities

%)
L AR A MTTAL
NER NEN NER NEN
D011125 95. 65 89. 62 79.43 92.97
D007674 92.57 90.58 79. 46 88.99
LERE AR T — AN H AR 2B R S5 A TR R

L2 2% W 22 AT 55 2 T J5 ik 58 I A 44 S5 PR U0 AN LY A6 7 A
AT 55 JF 38 3 3R A I 5 0k 4 v BT 55 e . S A O
LA FE A5 B DA BRG] A0 R P O TR AT T SCA T SR

I LR 4 A aff B2 28 16 0 A 45 4 A B T X AR SCA Hh R 2
S B AN A v SO A DAL P R AR E AT A, I R b 5 22 A%
o I XA R G S AOCR BN 4 M AR T A R .
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