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An improved recommendation algorithm for mobile health care system

ZHOU Yan, LEI Shiyao, ZHANG Can

(School of Electronic Electrical and Communication Engineering, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract As an important method for information searching and filtering, the mobile health care
system has successfully improved service efficiency of existing medical resources. To enhance
accuracy and effect of the information recommendation, a new recommendation algorithm based on
multi-bipartite network is proposed. Evaluation criteria of users are enriched as “interested”,
and “unknown”.

“uninterested” Moreover, a genre layer is appended so that the information

b
confidence propagates on a new multi-bipartite network iteratively. Finally, we prove that multi-
bipartite network iterative algorithm enhances service effect of mobile health care system.
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Fig.1 Structure diagram of mobile health care

recommendation system
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Fig.2 Bipartite network of “user-information”
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Fig.3 Example of confidence propagation
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Fig.4 Model of multi-bipartite network
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Table 1 Comparison of AUC values among

the three algorithms

(RS AUC/%
BNP 62.52
BNPI 65.76
MNP 67. 50
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Table 2 Comparison of cold-start AUC values

between the two algorithms
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