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Introduction



Introduction

AThe useful medical information is embedded in clinical text such as
EMRs.

AMost of studies focus on clinical text in English.
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Method

AToextract local context informatioof
Chinese character of interest.
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Method

ATo model a sentence tapture global context __ |
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Method

ADetermines relativity strengtof other
Chinese characters to a Chinese character of

Interest.
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Experiments

Table 1 Statistics of CCKS2017_ CNER and ICRC_CNER for enti

Dataset (CCKS2017_CNER) #Record #Clinical Entity
#Body

Training (300) 10,719

Test (100) 3021

Total (400) 13,740

Dataset (ICRC_CNER) #Record #Clinical Entity

#Medication
Training 1293
0

Development

Test

Total

recognition in Chinese clinical text

#Disease
722

553

1275

#Disease
11470
/441
3594
2421
7932
5153
22,996
15,015

#Symptom
7831

2311
10,142

#Symptom
5270
75

ADatasets

ACKKS2017 CNER
AICRC_CNER

#Treament
1048

465

1513

#Treament
3065

107

938




: AStrict; Entities are matched with gold one in bound
Experiments  and category.

ARelaxed: Only check entities overlap with gold one

Table 2 Performances of different methods on the two datasets: CCKS2017_CNER and ICRC_CNER

Dataset Method Strict (%) Relaxed (%)
Precision Recall F1-score Precision Recall F1-score
CCKS2017_CNER CRF 91.22 8820 89.69 95.73 9257 94.13
LSTM-CRF 90.68 8967 90.17 95.18 9412 9465
Our Method 90.73 90.49 90.61 94.84 94.59 94.71
ICRC_CNER CRF 81.84 78.86 80.32 93.75 9034 92.01
8342 7990 8162 94.02 90.05 92.00
LSTM-CRF 83.55 8226 8290 93.80 9235 93.07
82.71 8330 83.00 92.77 9342 93.09
Our Method 82.96 8260 82.78 93.30 9290 93.10
82.66 83.99 83.32 9257 94.07 93.31

Table 2 shows the performances of different methods on CCKS2017_CNER and ICRC_CNER, where the highest measures are in bold (the following sections also
use the same way to denote the highest measures)



Experiments

Aw/o: without

Table 3 Effects of the CNN layer and attention layer in our
method

Method CCKS2017 CMER (%) ICRC_CMNER (%)
Precision Recall Fl-score Precision Recall Fl1-score
Our method  90.73 90.49 9061 8266 83.99 B83.32

w/o CNN 91.11 9048 90.79 83.72 8253 8312
w/o attention 9061 9023 9042 83.16 8329 8322
wi/o both 90.68 8967 9017 82.71 8330 8300




Experiments

Table 4 Performances of our CNN-LSTM-Attention model on
each category under “strict” criterion

Category ICRC_CNER (%) CCKS2017_CNER (%)

Pre. Rec. F1 Pre. Rec. F1
Disease 82.84 81.67 82.25 85.06 77.22 80.95
Symptom 7706 76.01 7653 9492 96.28 95.60
Test 84.19 89.03 86.55 93.66 9348 93.57
Treatment 7753 79.58 78.54 7763 79.08 83.98
Medication 87.88 89.72 88.79 / / /

Body / / / 86.89 8736 87.12




Experiments

Table 5 Performances of methods on contiguous and
discontiguous clinical entity under “strict” criterion on
ICRC_CNER

Method Contiguous entity (%) Discontiguous entity (%)

Precision Recall Fl-score Precision Recall F1-score
CRF 83.52 8435 8393 82.73 5826 6837
LSTM-CRF 83.35 8735 8530 7870 6362 7036
Our method 83.57 87.75 85.61 7717 65.76 71.01

1 =CRF
aLSTM
| ®CNN-LSTM-Attention

Disease Symp. Test  Treat.

Med.

.

Disease Symp. Test Treat. Body

ICRC_CNER

CCKS2017 CNER



Conclusion



Conclusion

AEntity recognition in Chinese clinical text.
AExtends LSTMRF by introducing a CNN and attention layer.

ACNN is capture local context information of the Chinese character of
Interest.

AAttention layer is used to determine relativity strength of other
Chinese characters to Chinese character of interest.



