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Forecasting of Hospital Outpatient Based on Deep Belief Network

YANG Xuhua ZHONG Nan-yi
(College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China)

Abstract Forecasting of hospital out patient plays an important role in intelligent management of modern hospital me-
dical resources. The existing researches on outpatient visit analysis and forecasting mostly aim at a single set of data,
lacking in in-depth analysis of the data to fully tapped. Thus a hospital outpatient prediction method based on deep belief
network (DBN) was proposed. The DBN can excute unsupervised learn from hospital out-patient departments of outpa-
tient data and complete outpatient data feature extraction for mining hidden relationships between various out patient
clinic outpatient data. On top of the network layer a logistic regression is added,and the extracted data is based to fore-
cast the future outpatient clinic outpatient. The experimental results show that prediction model based on deep learning
achieves better forecasting effect of traffic outpatient capacity.
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