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Abstract

To improve the accuracy of children’s multiple diseases reasoning, a children’s disease reasoning
algorithm based on the knowledge graph and the reasoning machine is proposed. A knowledge
graph is constructed by Neo4;j to store and apply the data, and the inference engine is based on the
TransE inference engine, and the Naive Bayes Classifier is combined to improve the ability to deal
with problems with the same symptoms in different diseases, and an adaptive mechanism is es-
tablished to reduce the impact of different symptoms of different diseases on the reasoning ma-
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chine. The experimental results show that the proposed algorithm improves the precision, recall
and F1 value of disease reasoning, indicating that this method improves the accuracy of children’s
multiple disease reasoning.
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Figure 1. Structure diagram of MedKG
B 1. EFmREENSHE
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SRS FEE SRR, BN EE MR A W 1 TR, MedKG HT h,t € E (Entities) -

Table 1. Node set
=1 Eags

e FL AR HC
DN Disease Name PR L4 TR

SDN Specific Department Name BARRL = AR
DI Disease Introduction PR A48

5E X 4. MedKG 12 ROD)ES . MedKG [ REG R EFAE A BAFHYIMEERNES, EEH
H RS R, #Br R R(L)ES W 2 . MedKG H1i# r e R(Relation)

Table 2. Edge set
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Figure 2. Overall structure of model
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Figure 3. Some images of the disease “whooping cough” on Neo4j
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Table 4. Test Results (%)
4 WLER (%)

T i Precision Recall F1 M_Precision M_Recall M_F1
Text-CNN 716.77 76.75 716.77 76.04 75.53 75.78
Bi-LSTM 79.71 78.54 79.12 78.45 78.38 78.56

Adapt-TransE-NBC(20) 81.15 81.23 81.19 80.89 81.08 80.99
Adapt-TransE-NBC(50) 81.22 81.61 81.41 81.13 81.21 81.17

Adapt-TransE-NBC £ Precision, Recall, F1, M_Precision, M_Recall #1 M_F1 #H%fF Text-CNN
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