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Abstract

Data driven health care, as the use of available large-scale medical data, to provide the best and
most personalized care, is becoming one of the main trends of the success of the revolution in the
medical industry. Electronic health record is the main carrier to promote the success of this da-
ta-driven medical revolution. In this paper, we use the method of deep learning, based on the word
embedding model to express the EHR information, and use the characteristics of the long-term
memory network model to solve the irregular time of EHR information and the long-term depen-
dence of disease information, so as to achieve the prediction of disease risk. Compared with the
convolution neural network model, the results show the effectiveness of this method.
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Figure 1. Code embedding
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Table 1. Parameter settings on the prediction model LSTM
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Table 3. Experimental results
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Figure 2. Loss image of CCN and LSTM models

2. CCN #1 LSTM #& B! o5 5k E 15

0.698 |

0.696 1

0.694 -

0.692 1

0.690 A

0.688 1

0.686 A

0.684

—Loss

0.00 025 050 0.75 1.00 125 150 1.75 2.00

K2 275 7 CNN M LSTM BV R AL IR . AL 2 b, JRATE S, LSTM BB 45 S A LA
T CNN BERAEHT— [ BOR R SER, 72 )5 — B BOH BT B 5 B — B Be AR A /DN, (E R R B A8 e

WAL T NN BERY, 235 3 Bi M AL o, it — DU WA SOERI L 3

4 BP =M R, F1 22800 AUC fE B PPAE Fa bR 45 R . AT LI EEE], 5
MIELAHLE, PRt (77 VELE BT A FL AR 77 TS T P RE

DOI: 10.12677/hjdm.2020.101005

53

HEtzdm


https://doi.org/10.12677/hjdm.2020.101005

=S

Table 4. Performance evaluation of the three models
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