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Abstract Aiming at solving the problem of auxiliary disease diagnosis for electronic medical record, the word vector and text dis-
crimination method are applied to the semantic text analysis task. Concretely, the pre-training language model is used as the se-
mantic representation of characters,so as to accurately express the text features. After extracting N-ary features from convolu-
tional neural network, the capsule unit is used to cluster the features,so as to better capture the high-level semantic text features
and reduce the demand for data. It is found that the combination model based on ERNIE+ CNN- Capsule achieves high accuracy
on the real EMR. In addition,inspired by the image style transfer,a style conversion model from EMR text to disease self-report
text is trained. Based on the style conversion model,non-parallel data are used to add confrontation ideas and confusion evaluation
indexes, which can effectively alleviate the problem of inconsistent distribution of training data and test data. Finally, compared
with ALBERT,,, » BERT and other models, the proposed model gets 86. 89% F1 value in the EMR, which is improved by
1.36% ~3.68% ,and 94.95% F1 value in the generalization. Experiments show that the proposed model can effectively adapt to
the auxiliary disease diagnosis on the premise of ensuring high accuracy.

Keywords Electronic medical record.Semantic analysis, Auxiliary diagnosis.Deep neural networks.Capsule network
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Fig. 1 Auxiliary disease diagnosis model for EMR
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Input: Auxiliary disease diagnosis algorithm for electronic medical re-
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Output: Probability of disease category
1. Truncated or pad text data according to maxlen;
2. Transform words into word embedding by Ernie;
3. while epoch=1,--+,N do

3. 1. Select a random batch containing M samples

3. 2. for traing sample i=1,++,M do

3. 3. Feed i into convolution layer;

3. 4. Obtain CN=(cn; »***,cn .+ ,cn, ) ;
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3.5. Connect Capsule layer byDynamic Routing
3. 6. Begin Procedure Routing
for r_num iterations do
for all capsule i:C;= Zk:exp(BU)/Zexp(B,k)
for all capsule j:S;=2C; » U |,
for all capsule j:ej =squash(S))
for all capsule i and j:B; =B; + U, | ; * V,
3. 7. End procedure
3. 8. Calculate category probability distribution
3.9. end for

4. end while

5. END
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Fig. 2 Example of semantic modeling based on ERNIE model
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Table 1 EMR dataset statistics
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D https://github. com/paddlepaddle/models

» https://pypi. org/project/pandas/0. 25. 3/
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Table 2 60 medical records score by artificial sample

Metric
Model
Style Content Fluency
Personl 3.712 4.023 2.313
Person2 4.567 4.126 2.227
DualRL™ p s 4027 s.809 2441
Mean 4,102 4.016 2.327
Personl 3.875 4.223 2.568
DualRL2. 0 Person2 4.532 4.138 2.346
: Person3 4. 331 3. 684 2.546
Mean 4,246 4.015 2.487
@ BT

A 3 7 5 AR BE AL B 60 3 3L ¥ mi J5 s i . (8
FHFRYIN L5 19 JRUAR ) 590 A58 0 5% JXU A 2 46 1 56 JBE AT 3P A L 7 £k
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Table 3 60 medical records score by automatic sample
Score
Model
Style Content PPL
DualRL 0. 850 0.737 570.78
DualRL2.0 0.863 0.735 386. 24

Wk 4 Fr A WA BRI AE (] h R 3 %2 B . 2 DualRL %%
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Table 4 Medical record sample transform example
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® https://developer. nvidia. com/cuda-92-download-archive

Y https://github. com/pytorch/pytorch
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Fig. 4 Workflow of training and test
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Table 5 Word vectors and parameters

Parameter
Model Layer num  Embedding  Hidden Vocabulary P:l;:::it;r
BERT). 12 768 768 21128 False
ALBERT 1 128 312 21128 True
ALBERT),,., 12 128 768 21128 True
ERNIE, , 12 768 768 18000 False
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Table 6 Model testing results

Model F1/%
BERT/ERNIE 85.24/85.53
(BERT/ERNIE) +CNN 84.76/84.85
(BERT/ERNIE) +RNN 84.85/84.92
(BERT/ERNIE) +RCNN 84.62/84.83
(BERT/ERNIE) +DPCNN 84.77/85.02
ALBER Tyiny 83. 21
ALBERTbase 84.67
ERNIE+ Capsule 85. 46
ERNIE-+ CNN-+ Capsule 86. 89
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Table 7 Result comparison of using style transfer or not

Without style transfer style transfer
F1 0.632 0.7
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Table 8 Results of combination model on THUCNews dataset

Model F1/%

BERT 94. 83

ERNIE 94.61
(BERT/ERNIE) +CNN 94.44/94. 45
(BERT/ERNIE) +RNN 94.57/94. 54
(BERT/ERNIE) +RCNN 94.51/94.50
(BERT/ERNIE) +DPCNN 94.47/94. 60
(BERT/ERNIE) + Capsule 94.52/94. 54

ERNIE+ CNN- Capsule 94.95

N 8 R M & BH, £ 2 8l THUCNews X Fh 78 5 i £
A53R 1 H SO 46 |  BERT B8R ERNIE 58 (1) 3 28 2 #F
BN Wi AT DIMRAE S 8000 TR 5 SR B8 B . 7E e SR AL 1 i
Fi ERNIE $& 07 £ 900 i CRFAE, fiF F| CNN $2 10 N JT4E
A o A1 I 2 I 28 X R AF 64T SRR 41 A BERL IS T Lk B
M A BERT/ERNIE B 47 (9 2 5% . ot 6 IE B 7 2% 4 A A
SRR

GEHRAE A SO ) [t A SR O B R R B R T
BT LR HTAT 55 L &% BERT I 5 52 F2 b o A 552 4k i 6
Z A5 B Jey PR L R 0I5 (4 ERNIE A5 80 %6 30 A5 AF 3t 47
WERf ek, 78 CNN SR L E N JCHRAE 5 . 3 FH 5 4% 80 o0 X
FRAEEAT B2 , DL g i A 306 SCAR 1 85 J2 0 SUARRAE  [] B ik 2
X M B TR . AR SCA R o B D R A R S 3
P12 595 0 B 12 W A R DA, 2 A 455 A0 7 20 S 1 ol 6 T A
B HA AR 0 R R . A AR SCUNZR T B T 7 SCAR
FURTIE H R SCAS (1 KR 5 A0, 1 ST 45 ol 2R 858 R
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