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Medical Named Entity Recognition
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We focus on end-to-end NN-based models.
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Label-Aware Double Transfer Learning

» Feature representation transfer  Source domain Target domain
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Feature representation transfer
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Feature representation transfer

* Parameter sharing
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Feature representation transfer

* Parameter sharing
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Feature representation transfer

* Label-aware MMD
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Maximum Mean Discrepancy (MMD)

* A non-parametric test statistic to measure the distribution discrepancy in
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Vanilla MMD
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Feature representation transfer
* Label-aware MMD
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Feature representation transfer
* Label-aware MMD
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Parameter transfer

Source domain Target domain ;
) Y
CRF CRF

Hidden Hidden
vector vector

g

Bi-LSTM

T

Word embedding

T

Input data




Parameter transfer
* L2 on CRF parameter
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Parameter transfer
e .2 on CRF parameter
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Parameter transfer
e .2 on CRF parameter
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Label-Aware Double Transfer Learning

» Feature representation transfer
* Parameter transfer
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Experiments

* De-1dentified EHRs from 4 departments:

Department # Train # Dev # Test
Cardiology (C) 3,004 601 601
Respiratory (R) 3,025 605 606
Neurology (N) 932 187 187
Gastroenterology (G) | 1,517 303 304

e 12 transfer tasks:
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Experiments

* 12 transfer tasks
* 2.62% to 6.70% average F1-score improvement

Method | C»R C—»N C—»G R—»C R—»N R—-»G N—»C N—»R NG G—»C G—»R G—-N | AVG
Non-transfer 6720 5451 49.01  65.63 5451 49.01 65.63 6720 4901 6563 6720  54.51 59.09
Linear projection (Peng and Dredze, 2017) | 69.01  67.02  57.40  69.79 6587 57.71 6770 68.77 5133 68.00 69.65 61.12 64.45
Domain mask (Peng and Dredze, 2017) 7076 6397 58.62 70.18 6427 58.16 6793 69.89 56.18 68.87 69.89  63.49 65.18
CD-learning (He and Sun, 2017) 7138 6401 5672 7217 6491 58.14 6899 71.13 5627 70.17 7176  62.06 65.64
Re-training (Lee et al., 2017) 7245 7055 59.58 7256 6859 6094 69.60 70.08 5658 70.14 7190  66.01 67.42
Joint-training (Yang et al., 2017) 69.82 7049 6352 7145 67.03 6771 7096 7143 60.54 69.68 7155  68.15 68.53
La-MMD 73.08 6948 59.86 7253 7028 60.16 7131  73.04 5794 69.80 73.99  67.19 68.22
CRF-L2 7334 7152 60.17 7243 6972 6761 6976 71.54 5996 69.75 7182  67.30 68.74
MMD-CRF-L2 73.05 7235 60.80 7265 69.87 66.82 7025 7175 5898 7048 7398  67.43 69.03
La-DTL 73597 72917 64.607 73887 73.017 70077 73.08T 73117 62.147 71617 74217 71497 |171.15!

(Peng and Dredze, 2017; He and Sun, 2017; Lee et al., 2017; Yang et al., 2017)
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Experiments

* (a) Different target domain Sampling rate on C—R
* (b) Results of 10 trials on C—R (Cardiology — Respiratory)
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F1l-score

Experiments
* Hyperparameter Study on C—R (Cardiology — Respiratory)
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Experiments on Social Media Domain

 SighanNER — WeiboNER * CoNLL 2003 — TwitterNER
Method Fl-score
Non-transfer 54.78
Linear projection (Peng and Dredze, 2017)* | 56.40
Linear projection (Peng and Dredze, 2017) 56.99 Method Fl-score
Domain mask (Peng and Dredze, 2017)" 56.80
Domain mask (Peng and Dredze, 2017) 56.32 N(_)n_traI?Sf_er . 34.65
CD-learning (He and Sun, 2017)* 52 05 Joint-training (Yang et al., 2017) 43.24
CD-learning (He and Sun, 2017) 56.46
Re-training (Lee et al., 2017) 55.36 La-DTL 45.71
Joint-training (Yang et al., 2017) 56.80
La-DTL 57.74
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