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Abstract

The sales of automobile could affect the
automobile brand strategy, then resulting in
the survival and development of related
industries. This study want to develop a
method to assist in Taiwan's domestic
automobile industry. So this paper create car
sales forecasting model for Mazda, and the
results can give the industry a reference for
production schedules, sales orders or
investment advertising strategy, and let firm
understands which variables affect car sales by
market the subject. The sentiment indicators is
the automobile forum of Mobile 01 in Taiwan,
and the keyword popularity from Google
Trends and economic indicators from DGBAS
PC-AXIS overall statistical database. According
to forecasting model construction results, the
model of Neural Network can achieve the best
absolute error of the mean value (Mean
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Absolute Percentage Error, MAPE) was 25.75%.
So the method proposed by this paper are
indeed effective.
Keywords:
forecasting model
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