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Introduction

O Complex nested structures and sophisticated medical terminologies

bod bod bod
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(Due to the injury of vagus nerve, glossopharyngeal nucleus and hypoglossal nucleus, spasms of respiratory and
swallowing muscles can occur.)
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Figure 1: An example of nested entity.
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0 Contributions

® We introduce a nested medical Named Entity Recognition model based on Machine Reading

Comprehension (MRC), featuring the integration of Biaffine and Multi-Layer Perceptron
(MLP) for joint prediction.

® We take a task adaptive pre-training strategy to optimize the pre-trained model for medical

domain.

® Experimental results on the nested Chinese medical NER corpus CMeEE demonstrate superior

performance of our model over compared models.
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Figure 2. The architecture of the proposed NER model. The acronym 'wwm’ stands for the BERT-Whole
Word Masking model.
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The MRC-CAP Model

[0 Model Details

i = MLPsan (h;) (1)
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N 1s the length of the sentence, and C is the number of entity types+1
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[0 More entity information

Table 1: Statistics of entities in CMeEE V1 and V2.
Entit CMeEE VA1 CMeEE V2
y #Entity Per/% Avg.len | #Entity Per/% Avg.len

bod 23580 28.72 3.38 31467 28.94 3.36
dis 20778 25.31 5.34 25699 23.64 5.36
sym 16399 19.98 6.70 22415  20.62 7.42
pro 8389 10.22 5.21 13007 11.96 5.86
dru 5370 6.54 4.68 5945 5.47 4.78
ite 3504 4.27 4.29 5749 5.28 4.97
mic 2492 3.04 4.26 2964 2.73 4.27
equ 1126 1.37 4.39 1053 0.96 4.73
dep 458 0.55 2.88 431 0.40 2.55
Total | 82096 100 4.89 108730 100 5.17
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[0 More nested entities

Table 2: Statistics of nested entities in CMeEE V1

Table 3: Statistics of entities nested inside sym.

and V2.
Entity CMeEE V1 | CMeEE V2
#Flat 73336 74160
#Nested 8760 34570
Nested/% 10.67 31.79
#Nested in sym 3808 14908
Nested in sym/% 23.22 66.51

Entity CMeEE V1 CMeEE V2
#Nested Per/% | #Nested Per/%
bod 4114 85.01 23720 78.30
ite 405 8.37 3856 12.73
dis 202 417 846 2.79
pro 56 1.16 1268 4.19
dru 27 0.56 132 0.44
mic 23 0.48 340 1.12
equ 12 0.25 128 0.42
dep 0 0.00 2 0.01
Total 4839 100 30292 100
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O Query configuration

Table 4: Query for different entity types in CMeEE(Du et al., 2022).

Entity | Query

bod

FESOR R H BHRRAL, Blanaiie - B2k - i

Find body parts in the text, for example, cells, skin and antibodies

dep | fCAHHARE, FlaiRl. =
Find departments in the text, for example, department and room
dis | TESCATRHIZER, BIURBEE - AT - SR M R
Find diseases in the text, for example, cancer and pathological changes
dru ORI ZY) A - g -
Find drugs in the text, for example, capsule, vaccine and agent
equ | TEOUATHRHETRE, PlINKEE - 88 S8
Find medical equipments in the text, for example, device and conduit
ite ORI HBE RIS E . B R R~ A
Find medical examination items in the text, for example, urine routine and
blood routine
mic | FESCRFHHGAEY), BlrEE - R . B b
Find micro-organisms in the text, for example, virus and pathogen
pro SRR EITRRY . Flan O B RET R R
Find medical procedure in the text, for example, electrocardiogram and
pathological section
sym | fECRFHRH MR R, I - =2 . 7B

Find clinical manifestations in the text, for example, pain and spasm
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O Comparison with previous models
Table 5: Comparison with previous models on CMeEE V1.

Model | Pre. Rec. Fi

Lattice-LSTM(Liu et al., 2021) 57.10 43.60 49.44
Lattice-LSTM+Med-BERT(Liu et al., 2021) | 56.84 47.58 51.80
FLAT-Lattice(Liu et al., 2021) 66.90 70.10 68.46
Medical NER(Liu et al., 2021) 66.41 70.73 68.50
LEAR(Yang et al., 2021) 65.78 65.81 65.79
MacBERT-large(Zhang et al., 2022) - - 62.40
Human(Zhang et al., 2022) - - 67.00
BERT-CRF(Gu et al., 2022) 58.34 64.08 61.07
BERT-Biaffine(Gu et al., 2022) 64.17 61.29 62.29
RICON(Gu et al., 2022) 66.25 64.89 65.57
TsERL(Yang et al., 2022) 61.82 64.78 63.27
W2NER(Li et al., 2022) 66.05 69.07 67.53
MRC-MTL(Du et al., 2022) 66.28 70.34 68.25
FLR-MRC(Liu et al., 2023) 66.79 66.25 66.52
FFBLEG(Cong et al., 2023) 64.70 64.92 64.81
ChatGPT(OpenAl, 2022) 42.02 32.40 36.59
GPT-4(OpenAl, 2023) 39.21 50.81 44.26

MRC-CAP(Ours) | 67.35 71.62 69.42
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O Ablation study

Table 6: Ablation experiments on CMeEE V1 and V2.

Model CMeEE V1/% CMeEE V2/%
Pre. Rec. F1 Pre. Rec. F1

MRC-CAP 67.35 71.62 6942 | 77.20 76.88 77.04
-AP 67.89 6954 68.70 | 76.97 76.02 76.49
-(AP+MLP) 70.71 64.09 67.24 | 75.65 7491 75.28
-(AP+Biaffine) 67.64 68.68 68.16 | 75.08 76.42 75.74
-(AP+Biaffine+MLP) | 67.98 65.87 66.91 | 75.39 73.76 74.56
-(AP+DConv) 69.75 65.76 67.69 | 76.79 75.07 75.92
-(AP+Region Emb) 68.56 67.14 67.84 | 76.01 76.34 76.17
-(AP+Distance Emb) | 67.99 67.28 67.63 | 76.44 7559 76.01
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O Recognition of various entity types

Table 7: Results of different types of NEs on

CMeEE V1.

Entity Pre. Rec. F1

bod 67.19 6551 66.34
dis 79.75 7793 78.83
dru 76.77 84.60 80.50
dep 65.96 86.11 74.70
equ 78.33 77.44 77.88
ite 53.30 41.23 46.49
mic 8142 7818 79.77
pro 64.41 67.16 65.76
sym 66.85 49.22 56.70
Mac-Avg | 70.44 69.71 70.07
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Figure 3: Confusion Matrix of NER on CMeEE V1.
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[0 Results of nested and flat NER

Table 9: NER on CMeEE V1(Accuracy/%). "Inner"
and "Outer" denote nested inner entities and nested

outer entities, respectively.

Named Entity | MRC | MRC-CAP
All 65.87 70.43
Flat 67.54 71.75
Nested 52.03 59.48
Inner 46.43 63.08
Outer 56.64 55.10
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O Case study
Table 8: Two cases

Casef S 2 OB B m e B, N RARTT -
High risk populations with positive skin test results for tuberculosis should be
treated.

Golden Entity | [45#% & Z&]mic - [FZit]pro « [Ait%H 2 K atPHE]sym - [£51%]dis

MRC [GER B 2 Rk prol P[5 1] dish s s ARE. T LLIATT -

MRC-CAP {[E54% F & ]mic[ K i) proPH ) sym[ &5 dis By e fis A W T RIVRTT -

Case2 BIVFOE, FF1& E AR SOm ML -

The condition of the child is good, and only one develops chronic rejection
and hypertension.

Golden Entity | [ EHE]sym ~ [&LE]sym
MRC BB, HAE & A2 EHE ] dis [ ML ]dis -
MRC-CAP BILBOL, FAFZ S EHE R sym [ = L& ]sym -
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Conclusion

® We propose an MRC-based medical NER with Biaffine and MLP for joint prediction of entity.

® Experiments on the nested Chinese medical NER benchmark CMeEE V1 and V2 show that

the proposed model outperforms comparative models.

® In the future, we will incorporate more domain knowledge to improve the performance of the

medical NER model and explore potential of LLMs on medical NER task.
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