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The Study of Multi-label Auxiliary Diagnosis of

Obstetrics Based on Feature Fusion

MA Hong-chao 2, ZHANG Kun-li*t,ZHAO Yue-shu® ZAN Hong-ying*,Zhuang Lei*
(1. Information Engineering School, Zhengzhou University, Zhengzhou 450000, China;

2. Industrial Technology Research Institute, Zhengzhou University, Zhengzhou 450000, China;
3.The Third Affiliated Hospital of Zhengzhou University, Zhengzhou 450052, China)

Abstract: The Chinese obstetric EMRs contain massive amounts of medical knowledge and health
information, and the information extraction and assistant diagnosis of obstetric EMRs is of great
significance in improving the fertility level of the population. The admitting diagnosis in first course
record of EMR is reasoned from the information which includes chief complaints, auxiliary
examinations, physical examinations etc. Inspired by this, we transform the diagnostic process into
multi-label classification problem. The diagnostic conclusion is standardized on the basis of data
cleaning and structuring, while the features of LDA extraction and the digital features of medical
records are fused into new features by vector merging. According to the diagnosis results of different
frequency to form different multi-label set, we make the auxiliary diagnosis more effective with the first
part of the course of information. RAKEL, MLKNN, CC and BP-MLL are used for multi-label
classification. The experimental results show that the method of multi-label classification with fusion
feature can be used to improve the auxiliary diagnosis of Chinese obstetric electronic medical records.
Key words: Chinese obstetric electronic medical record; data cleaning; assistant diagnosis; features
fusion; multi-label classification
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