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[Abstract] Shortcomings have been inherited in the traditional influenza early warning system,
often expressed through the scope, accuracy on prediction and real-time performance of the monitor
related programs. With the new round of scientific and technological revolution and the increasingly
maturity of modern information system, related technology on influenza early warning has become the
focus of research in this field, based on big data analysis technology. Using the traditional influenza
surveillance and early warning system as reference, this paper summarizes the progress of influenza
early warning research, based on the Internet, influencing factors, time and space trends, and risk
assessment etc., to summarize the trends on the advantages, shortcomings and future development of
big data, used in the early warning system on influenza.
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