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ABSTRACT

In the increasingly competitive environment, companies are constantly focused on adjusting the sales strategies to
closely satisfy customers' requirements and preferences. Furthermore, accurate sales forecasting is crucial to assist in
production planning and improving business. The sales forecast is usually based on past sales history data and considers
various factors that possible affect sales through certain analytical methods to propose a predictive sales result (Heidi and
Adamantios, 2003). This forecasting method assumes that past sales patterns will continue into the future. In the export-sales
company, sales forecasting is challenging because the export-sales forecaster is plagued by a number of problems unknown
in international market. Forecasting experts base their judgment often on the economic expectations, numerically represented
in economic indicators. Macroeconomic information (e.g., Exchange Rates, Inflation Rate, Gross domestic product,
Purchasing Power Parity) has been used in improving forecasting. The other potential of external indicators is population
needs to be included in export-sales forecasting model as well. However, to the best of our knowledge, limited work has been
done on including those external indicators on sales forecasting that this paper aims to address.

Many forecasting techniques have been developed in recent years. The regression analysis method is usually used to
reflect the relationship between sales and the independents. Machine learning model has the ability to be non-linear and able
to find in a large amount of sample data therefore have good results of practical prediction in different field (Zhang et al.,
1998; Hamzacebi et al., 2009; Singhal et al., 2011). This study presents a different use of this methodology in a real-world

case of export-sales forecasting. The prediction models are compared and evaluated using four machine learning techniques
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based on past sales history data and external indicators. The key insight of the study is a substantial improvement in prediction
accuracy using machine learning technique. The result adds to the discussion of the continuing debate about superiority of

computational methods over statistical techniques and provides a suitable sales forecasting method for enterprises.

Keywords: Machine Learning ~ Sales Forecasting ~ Export sales
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A oRA B2 R TR RN SANRR TR L M o

2.0 frw AR S H
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MR EIERES SR ES L NI ALFE o 4 &3 p(SalesForecasting) e f ¥4F& P » b AR R 2 44 5 0 2
¥ £ & 3% 4% (Luis & Richard, 2007; Chang et al. 2009) -
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SR R e BB ROREFRE T L &)} F § H4p #(Consumer price index, CPI) i€
PR R & ) B R O S oRA i AR
223 AP 2 AR EDTR
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1994 # Hughes # 41 7 RFM #-3] > # 5 1% & = i3 2 = 58 ARG 8> T8 THF P (RiRecency of the
last purchase) > ¥ % = (R IR achp Hendofs - £ 5 > F L 2 5fé— MY hp HIERR A LG R SRR
R g AF 0 FlA A HETME P dpiRs dicr § E 5 REF HF 5 (F:Frequency of the purchases) » &% = & -
THRP e RSP IR R ERR A B A BARS LS N ERSE ARG AW
(M:Monetary value of the purchase) » - B P 22 MEZEEASDRER - &3 § L2 &9 4
PEORIEERREE TS B ERS cHughesdp > £ (7 AFTHEOATE P - #E 5 b FHEL NS A%
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Kahan(1998)# % RFM -3 i * 24 B iLchi7 5 A5 f1* RFM A7 2 { 8 ~ { Pd ka2 @
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2011)° 7 P 5 iR E 2 - AR B RS EE Y L B ATRMRMATE Y R LR Y 2 -
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NEAS B tRehP o A L S B MA T B Bk S A S RE I A R R Rk 7 o HiF
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(Breimans, 2001) » »* 2001 & #7F 3 N enF R FE LT L2 0 0 BT EFTE Y RN E ST cRF HiF Y
RIr P m B3 E L RIFRAEEAPR E 0 Ra R R e i R A A F R K 0 3 B A m R
PRHCl @5 Bt h Lk KARSEE - PP T 50 RF ¢ BiAAs B Ai BRI G 0 &5l
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(2) # 4 5% B (Neural Network)
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3] 4 #f (discrimination) it 4 i # - AUC i g * % 7 -3l 0 T4 4 g4 » AUC B8 4034 T4 4 5 4 5 TR R
( iE Tz % F 2007) AUC {E{ T F B m*ﬂ—__g B |8 A& % S _,., PES (Cortes & Mohri, 2004)
# 5AUC B¢ 03] A~ agic 4

AUC & 0.9~1.0 0.8~0.9 0.7~0.8 0.6~0.7 0.5~0.6
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HAERIHCE 7 3 A /e 5 B A F1 Score ehd gR2by A% R & P AERIBI E A B F 0 BBEN o g
PESRRIE T gk > A IRNA 2 etk o
37 ZAEERICAIL BRI RL B

N

RO F R Rl 1F BE A S e RS A
Ly 0.662 0.689 0.949
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