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Research on intelligent diagnosis model for respiratory medicine

HU lJinpeng, GUAN Yi
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] With the development of science and technology, intelligemt medical treatment has become a hot research topic in the
current academic circles. This paper focuses on the intelligent diagnosis of respiratory diseases, using symptomatic entities and
abnormal test results entities in electronic medical records to diagnose diseases that patients may have. The paper compares the
performance of different models on this task, including traditional machine learning and deep learning. In addition, graph
representation learning methods are added to the deep learning and attention, which is used to strengthen the relationship between
disease and symptoms. In the experiment, the model which combines attention, Convolutional Neural Network( CNN) and external
vector achieve the best performance.
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Tab.1 Examples of different types of entities
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Fig. 1 Network structure of entity recognition
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Fig. 2 Character—based embedding generation
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Fig. 3 Diagnostic model structure based on deep learning
Bz B VAR R d,d i ] &, 4
SRR AR W ) i, P RS E R AR P 1)
d NFR, &0t softmax JZREL o {8, B —AMEAR
oA 5 Z AR N A . HBCE AKX AT SR
B
o = softmax(P - d), (1)
W DR A AR ) it 311 3Fe LA oo T AE X N Y 4R
{H, A5 23 Attention ZEIS AR ) i P o 4K
SN VP
P =Pxq (2)
AP FE H  FH Y Attention (135 31 3 2 3 I
K4, FEICEER b B P AE A B CNN HhghfT 5 2210y
FRESRIBGEFE 85 CNN FlBCA [F]REAR 1Y n—gram
FRIE FEM A2 R T T SRtk o 99 5 Dt EAT D)
T —AF LT BUE S K W RAE R (U2 i
BLRHIE . BOE R B P AR 2 E R ok
i — 20 SR URAAE

TERTIRBE T R , B Ja — 2 A2 softmax =
SCHE FH AR S SUR S pR AR T DR O 52 SR R
BRI SR AR TP J7 2245 5% sR O U, £ Y11 2k
L F xR,

IR FE VNSRBI AR SC P e R A S 1)
Pt ik , o S i AL R AN BT i o 2% P R S5, ot
HAES T S U 2R Bl

dot product

True Label

Softmax

4 EERAME

Fig. 4 Attention mechanism
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Tab.2 Performance of different entity recognition models

Tk F1
LSTM 0.934 5
CRF 0.944 5
LSTM+CRF 0.951 4
LSTM+CRF ( char) 0.9597
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Tab.3 Performance of different disease diagnosis models

Jrk Topl Top2 Top3
RandomForest 0.5583 0.7300 0.8000
DecisionTree 0.538 3 0.6933 0.776 6

KNeighbors 0.4930 0.6350 0.7230

CNN 0.5783 0.7200 0.7900

DNN 0.5400 0.7017 0.7833

CNN+Attention+deepwalk 0.5950 0.7483 0.8133
DNN+Attention+deepwalk 0.5750 0.7150 0.8017
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Fig. 5 Disease frequency chart
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