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Tourism Trend Prediction Based on Baidu Index Spatial

and Temporal Distribution

KANG Jun-Feng', GUO Xing-Yu', FANG Lei’

1. School of Architecture and Surveying Engineering » Jiangxi University of Science and Technology . Ganzhou Jiangxi 341000, China ;
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Abstract: In this paper, the Baidu index and the number of Chinese domestic tourists (1. 38 billion in total)
of each consecutive monthly travel destination of Shanghai from 2011 to 2018 have been studied. Through
the Granger causality test, ARIMA model, spatial clustering method and principal component analysis,
the mapping relationship between Internet virtual space and the real world has been explored. With the
help of Spatio-temporal distribution pattern analysis and seasonal trend analysis, the multicollinearity
problem of a similar time trend of different sources has been solved, thus the average prediction accuracy of
the optimized prediction model been increased by 23. 35%. Moreover, it is concluded that “yesterday’s
searchers are today’s tourists”, “travel distance is inversely proportional to travel rate” and “the geograph-
ical location attribute of the search index is helpful to improve the prediction accuracy”. Tourism forecast
can provide scientific and accurate decision-making basis for the scenic spot management department to en—
sure the safety of the scenic spot and tourism experience.

Key words: Baidu index; tourism forecast; space-time distribution; ARIMA model; Support vector cluste-

ring; geographic information system



