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QoS prediction and active recommendation for Web services overview
YAN Hongdan, YANG Huaizhou
(School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)
[ Abstract] With the rapid increase in the number of Web services, how to recommend quality services according to the quality of
service (Quality of Service, QoS) in a timely and effective manner has become a hot research topic. In practical application, due to
the difference of network environment, geographical location and service running environment, QoS is different, which shows strong
instability. It is difficult to guarantee the accuracy of prediction only by mining neighbor information in QoS data. As an important
method to solve the problem of QoS prediction accuracy, collaborative filtering algorithm is worth studying. In this paper, an active
service recommendation method based on Web service QoS prediction and its existing problems are analyzed and explored.

Subsequently, the research trend and development prospect of current QoS prediction methods are summarized.
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