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WEB service response time prediction method based on big data and LSTM

LIU Cheng-Qi', LIN Zhen-Rong®, HUANG Wen-Hai'
(1. Center of Network, Nanchang University, Nanchang 330031, China;
2. School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract: Effective prediction of web services response time has important guiding significance for service
providers to guarantee the quality of service, using big data approach to process a large number of indict-
ors’ historical data can improve the efficiency of prediction. Correlation analysis is proposed to remove
indicators’ items that are not highly correlated with response time, the computed data volume is reduced
by the feature dimension reduction, and the multi-layer LSTM optimization algorithm with dynamic ad-
justment parameters is designed to predict the response time of web services. Experiments show that the
proposed method can predict the response time of Web services efficiently and accurately.
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Fig. 3 Prediction model of Web service response time based on multitier LSTM
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