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Multi-variable SVR demand forecast model for fresh products:
Factor extraction of customer perception based on online reviews

ZHANG Yanliang, DAI Peipei
(School of Management Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract In order to explore the influence of customer perceived product information contained in online review data on
the accuracy of fresh product demand prediction, based on the large amount of review data of a fresh product e-
commerce platform, web crawler technology and Word2vec model are used to build a product feature database,
extract the main factors influencing demand forecast, and quantify the influencing factors based on the product feature
database to classify the review text. A multi-variable SVR demand forecast mode is then constructed and the particle
swarm algorithm is adopted to optimize the main parameters of the SVR model. On this basis, an empirical analysis and
verification is carried out. The results show that: 1) The Word2vec model can mine the product features that consumers
pay attention to in online review data, and the influencing factors on consumer perception for demand forecasting can be
extracted effectively. 2) Compared with the univariate SVR model, the multivariate SVR with customer perception
factors added has smaller error in predicting product demand. In conclusion, using customer perception factors in online
reviews to establish the multivariate SVR demand forecasting model can improve the accuracy of fresh product demand
forecasting effectively.

Keywords fresh products; online reviews; customer perception; multivariate SVR; demand forecasting
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W, is the target word; W, 1, W, 5, W, 11 and W, are the adjacent words of the target word, respectively.
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Fig.1 CBOW model and Skip-Gram model
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Table 1 Semantic related feature word set of “Taste” and its similarity to the central feature word
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Fig. 2 The true value and the predict

ed value of the univariate SVR and

multivariate SVR of pitaya demand in the training sample data
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Fig. 3 The true value and the forecast value of multivariable

SVR of pitaya demand in the test sample data
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Table 2 Comparison of pitaya demand forecast errors between univariate SVR and multivariate SVR
7 i HER ¥R % - 4 5 1R 2 FlERE R
Product Model Mean square error Mean absolute error Coefficient of determination
K B P L SVR 0.1329 0.245 1 0.877 1
Pitaya £ 4 SVR 0.052 5 0.176 1 0.943 4
S AR SVR 0.1229 0.196 9 0.877 1
Apple £75H SVR 0.037 0 0.101 8 0.963 9
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