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Table 3 Regression coefficient estimation

T
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Table 4 The correlogram of regression residuals
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Table 5 The comparison of four forecast models
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Fig. 4 The cost diagrams of the traditional and the integrated

inventory decisions
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Table 6 The components of the costs of traditional and the VNS
integrated forecasting models
/ / / 44
FMTR 2 055 13 998 16 053
FMIID 4617 0 4617
14 4937 16 150 21 087
11 3 463 73 257 76 720

Table 7 The forecast outputs of the synthesized model and the

integrated model

( ME) ( MAE) ( MAPE)
FMTR [3.71 x107'?| 1563.40 0.27
FMIID 417.36 1641.77 0.29 ARIMA
6
4 617
2 055 11 14
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Classification of sentimental polarity for Chinese online reviews based on sen—
tence level sentiment

WANG Hong-wei' ZHENG Lisuan' YIN Pei' HE Shao-yi’

1. School of Economics and Management Tongji University Shanghai 200092 China;
2. College of Business Administration California State University San Marcos USA

Abstract: With the boost of online reviews sentiment polarity classification rises in response to the require—
ment of retrieving consumers” positive or negative opinions on certain products. The primary goal of this re—
search is to improve the accuracy of sentiment polarity classification at the level of paragraphs for Chinese on—
line reviews. With a view to the ways of expression and the grain of corpus this paper presents a method to
predict the sentiment polarity of Chinese online reviews in paragraphs based on sentence level sentiment analy—
sis. Firstly traditional classification methods are applied to predict the sentiment polarity of sentence. Then
three different algorithms i. e. the equal weight correlation degree and assumption of sentiment condition
are employed to calculate the contribution that each sentence lying in the different positions of paragraph makes
to the sentiment polarity of paragraph. Finally an experiment has been made based on hotel and mobile phone
online reviews with lengths beyond two sentences. The result shows that the accuracy of sentiment polarity
classification at the level of paragraph is remarkably increased by the method proposed in this paper by taking
correlation degree of expression and assumption of sentiment condition into consideration.

Key words: sentiment polarity; sentiment polarity of sentence; sentiment polarity of paragraph; Chinese on—

line review; contribution to sentiment polarity
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Synthesized model for demand forecasting and its integration with
inventory decision

NI Dong-mei ZHAO Qiu-hong LI Hai-bin
School of Economics and Management Beihang University Beijing 100191 China

Abstract: Accurate forecast is helpful for the enterprises to make decisions including the production plan
the pricing and promotion decisions etc. so as to reduce the inventory cost and improve the service quali—
ties. In this paper by analyzing the factors influencing the demand for fast moving consumer goods ( FMCG)

a synthesized forecasting model which involves both the time series and the multi+egression methods is es—
tablished. The synthesized forecasting model is further integrated with the inventory decision with the purpose
of minimizing the overall logistics costs. To solve the integrated model where multiple parameters are involved
a variable neighborhood search ( VNS) based algorithm is developed. To evaluate both the synthesized forecas—
ting model and the integrated model of demand forecasting and inventory decision computational studies are
conducted based on some real data. The computational results show an outperformance of the synthesized fore—
casting model regarding forecasting accuracy and an outperformance of the integrated model of demand fore—
casting and inventory decision when the logistics costs are minimized.

Key words: fast moving consumer goods ( FMCG) ; demand forecast; time series analysis; multi regression

model; inventory decision



