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Research on GDP Combined Forecasting Based on Web Search Data
Wang Shuping, Lu Zihan, Ji Chengxiu
(School of Economics and Management, North China University of Technology, Beijing 100144, China)

Abstract: Web Search Data (WSD) is an important micro-information basis for studying macroeconomic phenomena.
In this paper, keywords are selected and screened from the aspects of demand, supply and policy environment to
synthesize the web search index, and the Least Squares Support Vector Regression ( LSSVR) model optimized by the
Tuna Swarm Optimization (TSO) algorithm is used to predict GDP. The results show that the web search index has a
strong correlation with GDP, and the synthetic web search index can better reflect the fluctuation trend of GDP. The
addition of web search data makes the prediction results show strong timeliness, the prediction effect and prediction
accuracy depend on the selection of the optimal model, and the introduction of parameter intelligent optimization
algorithm can improve the prediction performance of the model. The proposed TSO-LSSVR & WSD model makes full use
of the advantages of web search data and combined forecasting to improve the accuracy and timeliness of GDP
forecasting, and can be applied to the field of macroeconomic index forecasting.
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Fig.1  Correlation of Web search data and GDP
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Fig.2  Optimization of LSSVR parameter process with TSO algorithm
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Tab. 1 Correlation coefficient of some web search keyword lag
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Fig.3  Comparison of web search index and quarterly GDP
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