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Abstract:

In order to address the limitations of the current state-of-the-art clinical named entity recogni-

tion (CNER) models, which fail to fully exploit the global information and semantic features in text and

address issues like character substitutions, we had improved the traditional word embedding model and

proposed a novel approach that combines deep convolutional neural networks with bidirectional short-term
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memory conditional random field (DCNN-BILSTM-CRF) for clinical text named entity recognition. The
enhanced word embedding model integrated the meanings of word roots, phonetics, and characters them-
selves. It utilized bidirectional encoder representations from Transformers, enabling the word embedding
vectors to capture the characteristics of both Chinese characters and clinical text. By introducing DCNN in
the task of clinical named entity recognition, we addressed the issue of losing information that cannot be
retrieved during CNN prediction. Through the utilization of DCNN, our approach was capable of captur-
ing global information more effectively, capturing weight relationships between characters, and extracting
multi-level semantic feature information, thereby improving the accuracy of clinical named entity recogni-
tion. We conducted experiments on the CCKS2017 and CCKS2018 datasets. The experimental results
show that F1 score of our model improves 0.48%, 0.68%, 0.6%, 0.58%, 0.04% and 1.43%,
2.36%, 3.31%, 1.11%, 0.17% respectively when compared to the baseline model. Furthermore, to
further validate our model, we performed two ablation experiments. Compared to variant model M1, our
model achieved F1 score improvements of 0. 79% and 0.84% on the CCKS2017 and CCKS2018 datasets
respectively. Compared to variant model M2, our model achieved F1 score improvements of 0.53% and
0.64% on the same datasets. These experimental results confirm the feasibility of the proposed algorithm
in this study.

Key words: clinical named entity recognition; multi-feature fusion embedding; DCNN; BILSTM-CRF;
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Fig.1 Schematic diagram of the model framework
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Tab. 2 Number statistics of different types of entities in CCKS2018

. e R Ay 24 S5 R
Anatomical part ~ Symptom description  Independent symptom  Disease  Treatment
Training set 7838 7831 2066 1005 1116
Test set 6339 918 1327 813 735

3 CCKS2017 AR RS AR B 1 GE it
Tab.3 Number statistics of different types of entities in CCKS2017

o i e 44 55
bUEITES .
Body Symptom Exam Disease Treatment
Training set 10 719 7831 9 546 722 1048
Test set 3021 2311 3143 533 465

3.2 LEXFiEER

ARSCHERL T LA B () 1) 2R 45 9 NER A5
TR FE PSRN | LG IE A SC AR 5SSl R
i 44 SR P MR

H SN A7E CCKS2017-CNER 3R 48 |74k
) — BB LA AR A .

1) HIT-CNER™': iZf8AEH T —FR A R4,
B4 Rule, CRF, RNN ., 47 RFE ) RNN X 4 Fhrik
A AE— , IFAE ST I — AL

2) BILSTM-CRF-DIC"?" . % #5 %K < i i
RN 2, ff e T — SRR A SRR BE
BN A ] R

3) RD-CNN-CRF ™' iZ #5484 7 3¢ CNER $2
PET A S EBEN LI R 22T TR TR 2 2
BRI T 2, AT T IR R

4) LM-Att-BiGRU-CRF™®'; Z #& 5 1 55 )
AR ARV I PR B 7 B o I 25 5 4% o] 1 o 5 A
B, SR 5 R RS B R DI bR i A 7

5) MKRGCN™; iz BRI n] DLk [ v S g
G ENR G Z AR IR AR F CNER.

AN, Ry T i PEHIEEAE CCKS2018-CNER
Bl ErNEE ST, AR SCGAGERE T —2e7EAH R 2L
P 2 st Se R T e, BARGTR .

1) FT-BERT+BILSTM+CRF+Fea®': i%
BEAYLEARARIL A E I R T2 S _E Ik BERT A
R, il FH AN [R] )22 49 0] 18 BB SCAS R AE R 65 000
bR

2) DUTIR™ : iZ BRI T — b 25 (o 28 42
B IZTTIEEE AT 5 A B ) b 2 ) 246 4L Y
KT A FPRHIE

3) BILSTM-CRE""; ¥ BiLSTM-CRF # %l
BT SCH TR D, AU X R T HR ) AR
KA 44 AR

4) MSD_DT _NER™: iZ 8 # ] LA H A Fr
TR ST R E R AR B2, A
B2 (LSTMD FI A A BEHLIL (CRF) |, 4351l $2 1L
SCAHEAE A I A BR 25

5) Attention-BiLSTM-CRF +-all'®’ ; % & #1
PR T — A BT I s SAAE B SR B B R IE SR
e, IF B T 25 Yy i) MRS A BRI, X6 S A
AT TRIE, E— 4 m T R,

3.3 SHURE

A3 A 3 F Python 3. 8 i Transformers-
4.19. 2 PR SEIA SCH AL, i 1] Adam 5507k F
2B, VIR 2 R E 1077, BRI
BHNO. 1o WG 35T AT AT IR R, B X2
BRI SR O TR R LA, A Tk
HRF T H S R AR R RS, B R R IR B
B3 MAN, SRR EER S 0 R e TR AR
FEMEE, % T DCNNACH, §7 5K 56 5y 1<
2X4, XFF BILSTM B, iy AFF Ak 4E X0 Bl
768X 2, BRIRZHILER BN 384, IR/
BOR 8, X TREAEARAE , A SCERE I 9026 1
INGRERE , HARAE D

3.4 HBIRBMLER

AR SR RIAE CCKS2017 A [A) 2 Y Il R S A4 |-
S 25 AN 4 Fros, £ CCKS2018 I (1) 525
GERMEK 5 PR, EPAEUESE L5 X RiAL LY
BRI 6 Fis .

M2 6 FTLVE Y, A SCHE 9B R 5 XA
RIM HE , 780 % CCKS-2017 F &8 F1 435053 3
P T 0.48%, 0.68%, 0.6%, 0.58%, 0.04%.,
76 B0 A B CCKS-2018 | 4> 42 7/ 7 1.43%,
2.36%, 3.31%, 1.11%, 0. 17% . X EZIZRH N
TR B A B 28 I 28 76 IR T SR BURRAIE D T AT 3K



CEEE 215 1)

T ZHHIEREA A S DONN [l R a5 42 SR B RIS (B B4 271

MPEH, SEGERERMEMEM L, B L
PR B L RE AR A R TR R N B ARAIE , O R

B N=B vy SRS o S 1 1 7 S A S R
fIE AT LS e A 2 A U0 1 RE R Af 28

T4 ARICBRAE CCKS2017 L s2 a4l 1
Tab.4 Experimental results on CCKS-2017 of this paper model

- PR 44 51
W IEDR - -
Body Symptom Exam Disease Treatment Overall
Precision/ % 89.50 93.58 92.40 88.51 87.64 92.28
Recall/ % 87.92 93.67 92.01 89.65 88.48 91.57
F1/% 88.70 93.63 92.21 89.08 88.05 91.92
5 ASCHIEIE CCKS2018 |- Seih 2k i
Tab.5 Experimental results on CCKS2018 of this paper model
. - i PR i 44 SR
A : — :
Anatomical part Symptom description  Independent symptom Disease Treatment Overall
Precision/ % 86.48 90.20 90.02 88.53 94.00 88.31
Recall/ % 89.56 93.17 90.95 89.89 88.68 93.82
F1/% 88.42 91.66 90.48 88.92 91.26 90.99
F 6 HBBAECCKS2017 FICCKS2018 L A 5L 45 Fxt
Tab.6 The experimental comparison results of different models on CCKS2017 and CCKS2018
] VA5 b
iR —
(il Precision/ % Recall/ % F1/%
HIT-CNER 91.99 90.30 91.44
BILSTM-CRF-DIC 90.83 91.64 91.24
RD-CNN-CRF 90.63 92.02 91.32
CCKS2017 .
LM-Att-BiGRU-CRF 88.60 94.25 91.34
MKRGCN 93.33 92.19 91.88
Our model 92.28 91.57 91.92
FT-BERT+BILSTM-+CRF+Fea 92.06 91.15 89.56
DUTIR 88.89 88.37 88.63
BILSTM-CRF 88.52 86.86 87.68
CCKS2018
MSD DT NER 89.84 89.93 89.88
AttentionBILSTM-CRF +all 91.26 90.38 90.82
Our model 88.31 93.82 90.99
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Tab.7 Experimental results of model M1 on CCKS2017 and

CCKS2018
HiEE R Precision /% Recall/%  F1/%
o M1 90.81 91.45 91.13
CCRS2017 Our model 92.28 91.57 91.92
S M1 88.79 91.56 90.15
CCKS2018 Our model 88.31 93.82 90.99

# 8 RIEIM27E CCKS2017 fl CCKS2018 Y34k 5
Tab.8 Experimental results of model M2 on CCKS2017 and

CCKS2018

HlE R Precision/ % Recall/% F1/%
. M2 91.61 91.17 91.39
CCRS2017 Our model 92.28 91.57 91.92
. M2 90.30 90.41 90.35
CCKS2018 Our model 88.31 93.82 90.99
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