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MRC-PBM: A Chinese electronic medical Record nested named entity
recognition method

Zhou Jialun Li Linyu Ma Hongbin Jiang Yanjing
(College of Computer and Information, China Three Gorges University, Yichang 443000, China)

Abstract: The Chinese electronic medical record entities contain a large number of medical domain vocabulary and have
obvious nested features. When identifying nested entities, there is often a problem of incomplete or inaccurate location of
the target entity. To address this problem, a Chinese electronic medical record nested named entity recognition model
machine reading comprehension-position information biaffine and MLP(MRC-PBM) , based on MRC is proposed. The
model transforms named entity recognition (NER) into an MRC task. concatenating the Chinese EMR text and
predefined query statements as input, using the medical-based pre-trained model MC_BERT to obtain word vectors, and
then using a bidirectional long short-term memory network (BiLSTM) and a multi-granularity expansion convolution
model to obtain bidirectional feature information and information between words, respectively, to obtain corresponding
feature vectors. Finally, the Hybrid-PBM predictor is used to predict the entities. Experiments are conducted on nested
and flat NER datasets. The experimental results show that the proposed model outperforms other mainstream neural
network models on the diabetes corpus and public medical datasets, with F1 scores improved by 1.21% to 5.80%
compared to baseline models.

Keywords: Chinese electronic medical record; machine reading comprehension; named entity recognition; nested entity
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NER %4 3 Fp2f . 1) 3 o A & — 4~ ok 2 A4~ 1 52
PRI ST 5 2) 40 7 224 S AR S R 10 S 15 3) R 3 4 S fk
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J1 3 B, 7 9% 7 (Chinese electronic medical records,
CEMR) & & y7ic % i A0 5 Z 4L 8 4% . 16 B 3 I PR A5
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R T VEAGZR SCRARE AL A SO 3 B 4B L lE AT T K
55, B0 IF AR AR ) S (A B BURE ) ANz fk Ak

R (Diabetes) 4l &K B 1 120 £y Kt B= B b
PRIG B HF W T T, B S B UL SR 5 B, 3k
1.2 fif 7R . M4, Diabetes 088 8 A0 5 B Sk,

£ 1 Diabetes HiEERFE R

B S

It K fE (Complication) ¥E%s (Dis-
ease) KA H (Test) KA HUH
25 (Drug) B3k
KA SE AR (self-check symptoms) .
2 Wi fE K ( Examination symp-
toms) F AR (Operation)

Y G 4E 900

(Test_value)

I UFE 4R 220
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FJERAE  WE PRSI R Ak Ay M fb 3 1 082 6.98
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B 3 IE R FHBE & R A — 4 1) 396 14.89
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BWOREIR AR A RIS L i, BB AR FR I 647 10. 61
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BV J VP A 8 b5 1 T 4 T A B NER RO PERE 1155
ZASW/IN
TP

Preczswn - W (20)
TP

Recall = TP L FN 2D

F1 =2+ Precision * Recall (22)

Precision + Recall
K. TP HEIES; FP MBIES; FN Rk,
2.3 BH¥IEE
FEAE ST Y AE Tesla T4 16 G B 5 o5 L #kAT, 5086
MSHOEE IR 6 PR,

x6 XTHWBSH

SR Diabetes CMeEE
Epoch 150 30
Learning rate gx10""* 8x10°"°
Dropout 0.2 0.2
Batch_size 8 4
BiLSTM_size 768 768

CNN_size 512 512
Biaffine_size 512 512
Inner_size 64 64

2.4 XfLEEIE

1E Diabetes $(#i 4 . CMeEE $ 4 % 1 CMeEE_Nes-
ted ZUHGAE [ HEAT XS EL 528, DL IE MRC_PBM £ %Y 72
fLRE T PR P RE , SEIR A5 RNk 7 o, Hidh AL
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x7 KBER L)

PGS HE 7 WmE HREFE F1{HE
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Bert_ MRC™ 89.02 88. 49 88.75
MRC-PBM 90. 51 90. 51 90. 51
Bert_Seq2Seq 57.78 59. 80 57.78
MRC_Baffine 61.49 61.78 61.63
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MRC-PBM 64.59 61.01 62.76
Bert_Seq2Seq 69.57 45. 26 54. 84
CMeEE_ MRC_Baffine 61.51 63. 83 62. 65
Nested Bert. MRC 61.42 62.67 62.04
MRC-PBM 62. 46 63. 21 62. 83
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