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Daily meal boxes are perishable goods which, if not sold within their limited lifetimes, will be
discarded. Convenience stores generally make their order decisions according to point of sale (POS)
analysis. However, due to the effects of uncertain factors, such as the weather, temperature, the number
of customers, and promotion activity of substitute products, the order quantity based on POS may not
actually match with real demand, especially for perishable items. In this study, a novel warning system
is established by employing the support vector machine (SVM) to modify the order quantity; and the
Taguchi method is applied to determine the optimal portfolio of the factors that may influence
the prediction accuracy of the SVM. Using actual data from a convenience store, which is a part of the
President Chain Store Corporation in Taiwan, the prediction accuracy of the warning system was
evaluated. Through numerical experiments, that the proposed methodology can significantly raise the
profit is confirmed.
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1. Introduction

Managers often have to make decisions about
inventory levels for a very limited sales period. For
example, seasonal goods such as Christmas cards
should satisfy all the demands in December, as any
cards remaining in January have almost no value.
Similarly, daily newspapers and meal boxes are
perishable goods which, if not sold within their
limited lifetimes, will be discarded. Decision-
makers are always faced with the dilemma of
balancing the increase of customer satisfaction and
the reduction of costs. The application of a
scientific method to determine the appropriate
order of perishable goods as accurately as possible
is greatly needed by decision-makers.

Demand forecasting is one of the major tasks
in business administration. Precise forecasting of
demand can not only decrease inventory cost, but
also increase the quality of customer service and
competition advantage. For perishable goods such
as meal boxes, freshness is always a primary
concern for consumers. Due to the short preserva-
tion period, the decision logic for coping with items
subject to obsolescence is even more difficult to
handle than in the case of those items with a longer
shelf life. As such, an effective forecasting approach
for catching the information on the demand of

perishable items is particularly important in inven-

tory control and marketing.
The issue of concern for inventory management

may not be the same in different industries. For

example, the inventory for the retail industry is the

available sales of finished products, and the inven-

tory for the manufacturing sector includes manu-

factured goods, raw materials, and accessories. The

purpose of inventory management is the timely

replenishment of stock when the inventory level

falls below a safe level of stock. The amount of an

order must also consider the possible exhaustion of

the existing stock over time. In most cases, good

inventory control can solve any potential shortage

problems. However, for deteriorating items, the

ordering decision requires a balance between the

customer’s satisfaction and wastage prevention.

Since the prediction problem is complex and

changeable in all trades and professions, a good

decision is not always easy to determine. Based on

the research study of Silver et al. [22], most firms do

not fully understand the complexities of inventory

management. For convenience stores, many factors

may affect the sale of meal boxes, such as the

weather, temperature, festivals, global economical

environment, and promotions. For perishable

items, such as meal boxes, a good ordering decision
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for the balance between the customer’s satisfaction
and wastage prevention is difficult and complex.

Convenience stores generally make their order
decisions according to point of sale (POS) analysis.
However, many uncertainties still exist when using
the POS system to estimate supply and demand. In

this study, the ordering, sales, and scrapped num-
bers of meal box products of a branch of the
President Chain Store Corporation (PCSC) in
Taiwan are collected. An efficient methodology to
determine the suitable amount of replenishment is
developed so as to achieve higher profits.

2. Literature review

There are nearly 5000 stores belonging to the PCSC
in Taiwan, and each store holds a substantial
amount of inventory, of which many perishable
goods may become scrap, leading to significant
losses. In such a complex and fast-changing busi-

ness environment, coupled with shortened product-
life cycles, the PCSC thus aims to meet customer
demand and to find the lowest inventory costs
using historical data through the existing inventory
control and sale information. Inventory control
policy is thus one of the most important manage-
ment topics, that is, the making of the right

decision as to order quantities and the timing of
such decisions. Different inventory management
policies and inventory models are briefly discussed
as follows.

Traditionally, orders have been adopted using
the decision-making model of the economic order
quantities (EOQ) model [9], which was frequently
applied to determine the optimal order quantity.
The EOQ problem can be summarized as the

determination of the order quantity that minimizes
the total costs by balancing the order cost and
the holding costs. Li et al. [13] developed an
EOQ-based model for deteriorating items with a
constant deterioration rate to evaluate the impact
of a form postponement strategy on the retailer in a
supply chain. They assumed that the demand rates
of the end products are independent and constant.

The EOQ model is simplistic, and thus limited due
to several unrealistic assumptions that are rarely
encountered in the real world. Since the meal box in
this research study is similar to goods with high
demand uncertainty, the EOQ model is not appli-
cable in calculating the optimum order quantity.
Businesses that have a steady demand for stock are

the most suitable for EOQ applications, but they
are no longer suitable in this case since the demand
uncertainty of the perishable items such as meal
boxes is high. Therefore, in this article, we are
motivated to develop a more sophisticated

methodology to determine an appropriate order
quantity.

Numerous studies have been made on perish-
able or deteriorating commodities. One may refer
to Nahmias [18], Raafat [19], and Goyal and
Giri [8] for comprehensive surveys of this literature.
The majority of the papers discussed in these
surveys involve deterministic demand processes,
while stochastic demand inventory models have
received considerably less attention [17]. Jain and
Edward [10] present a stochastic dynamic program-
ming model for determining the optimal ordering
policy for a perishable product which satisfies a
known time-varying demand over a specified plan-
ning horizon. In the study of Chandra et al. [2], an
optimal solution for the proposed model is derived
and the effects of deterioration and inflation on the
optimal inventory replenishment policy are studied.
In our study, the rate of deterioration is not
considered, that is, during the normal storage
period of the meal box, no deterioration will be
observed. However, at the end of the validity
period, the meal box will become worthless.

The studies identified above have all dealt with
the demand that follows a certain function. To our
knowledge, few papers have focused on the replen-
ishment problem in actual situations where the
uncertainty of demand is high. Therefore, statistics
have been applied in the past when dealing with
such practical cases. For example, the analysis of
perishable goods has often employed the newsboy
theory. The meal box is similar to a newspaper,
which will be considered scrap once it has expired.
There are several relevant studies that have
addressed this issue (see, e.g. [11]). Atkinson [1]
determined an optimal order strategy for the
generation of the greatest expected profit under
the assumptions of a fixed product price and a fixed
probability distribution for retail sales. Lau and
Lau [12] investigated the newsboy problem with the
demands of each subdivision being a function of
the prices, and thus included both the order
quantity and the sales price as the decision
variables.

To our knowledge, few papers have focused on
the replenishment problem in actual situations
where the uncertainty of demand is high. Most of
the research studies determined the optimal order
quantity from a statistical point of view. For
example, the analysis of perishable goods has
often employed the newsboy theory, and there are
several relevant studies that have addressed this
issue [12,15,16]. However, as consumer psychology
is difficult to fathom, it is difficult to control the
amount of scrap simply from the sale of these
products. That is, in real circumstances, consider-
ing highly uncertain demand and perishability,
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the variance of the optimal order quantity is so
great that one must determine the factors that have
significant influences on the sales rate. Therefore, in
this study, we applied a support vector machine
(SVM) approach to determine the optimal order
quantity instead of making a decision simply from
a statistical point of view. We develop a method-
ology for adjusting the order quantity of meal
boxes based on a POS decision by taking all
influential factors into account. This wastage
warning process is accomplished by conducting a
SVM analysis. Besides conducting a parameter
study to enhance the prediction accuracy of the
SVM, we innovatively apply the Taguchi method
for control factor screening. Through experiments,
we will demonstrate that our proposed algorithm
can efficiently reduce wastage, and thus increase
the profit.

The SVM, first introduced by Vapnik and his
group at AT&T Bell Laboratories [24], has now
evolved into an active area of research [21]. Due to
many attractive features and excellent generaliza-
tion performance on a wide range of applications,
the SVM is currently considered as one of the most
efficient techniques for regression and classification
problems [5].

Basically, the SVM can be used to classify
objects into two classes based on a series of
observations. A number of studies have been
announced concerning its theory and applications
in several aspects of real-world practices. For
example, the SVM learning algorithm has been
used to detect patterns in biological sequences, to
classify genes and patients based upon gene expres-
sion profiles, and also been applied to several new
biological problems [7]. Chen et al. [3] employed the
SVM to improve the prediction accuracy of
preventing credit card fraud under the question-
naire-responded transaction approach. A SVM-
based multi-view face detection and recognition
approach was proposed in the study of Li et al. [14].

In order to improve the prediction accuracy, it
is desirable to determine an optimal combination of
factors to construct the SVMmodel. One way to do
this is to employ trial-and-error based experimen-
tations of all possible combinations of factors, i.e.
we first remove one of the factors, for example the
climate, and reprocess the training model to check
the prediction accuracy. Then, this is followed by
the number of potential customers, temperature,
weather, and other factors. At the same time, we
observe the accuracy level affected by each indi-
vidual factor, and then compare the accuracy of the
SVM model with various factors in order to obtain
the best combination among the factors. However,
since there will be 32 (25) kinds of possible
combinations for five factors, the testing process

may be quite expensive and time consuming.
Moreover, the interactions among factors are also
being neglected as one factor is changed at one
time. Therefore, we are motivated to propose the
Taguchi scheme for factor screening before apply-
ing SVM.

To the best of our knowledge, none of the prior
researchers in this field have applied the SVM to
solve an inventory problem. Our study is innova-
tive as we suggest that policy makers whose sales
results lead to wastage or no wastage can also be
regarded as binary. Therefore, the SVM can be
applied to make a better decision by adjusting the
preliminary order quantity according to whether
the quantity will induce overstocking.

The remainder of this article is organized as
follows. Section 3 provides a description of our
methodology. Numerical experiments and verifica-
tion are given in Section 4. Analysis of factor
screening by the Taguchi method will also be
described in this section. Finally, in Section 5, we
discuss the limitations of the study and conclude
with a summary of the main contributions of the
study for research and practice.

3. Methodology

There are thousands of items stocked in a conve-
nience store, and they must be managed carefully
with a suitable inventory management policy. For
perishable goods such as meal boxes, freshness is
always a primary concern for consumers. The
decision logic for coping with items subject to
obsolescence is even more difficult to handle than
those items with a longer shelf life. As such, making
accurate demand forecasting for perishable items is
particularly important.

In order to determine a suitable replenishment
quantity for the meal box, we propose an analysis
algorithm as shown in Figure 1. To give a clearer
view of the structure of the proposed algorithm, we
divided the proposed methodology into four sub-
sections as follows.

3.1 Estimation of preliminary order quantity

First of all, we need a roughly estimated order
quantity obtained from a POS system, which
normally provides figures from a statistical-based
tool, such as from a moving average method. Since
demand peaks, which may possibly have been
incurred due to several accidental events, such as
promotion, will be smoothed out through an
averaged process, we conduct a SVM analysis to
adjust the demand variation due to all the possible
uncertain factors. An innovative part of our study
is that we suggest that policy makers, whose sales
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results lead to wastage or no wastage, can also be

regarded as binary. Therefore, the SVM can be

applied to determine whether the preliminary

quantity will induce overstocking or not.
Before applying the SVM, we need to determine

an optimal combination of factors so as to increase

the predictive accuracy of the SVM model.

A Taguchi scheme is selected as the perfect tool,

since it can not only save the screening efforts but

also can check the interaction effects between

factors.

3.2 Factor screening

For a full-factorial experiment that considers all

potential interactions, the experiment numbers of

all combinations of the factor levels are required,

and it will be extremely time consuming and

expensive. To solve this problem, the Taguchi

method was developed by Dr Genichi Taguchi at

the Electric Communications Laboratory of the

Nippon Telephone and Telegraph Company in the

late 1950s. As an approach to quality engineering,

this method uses a special design of orthogonal

arrays to study the entire factor space with only a

small number of experiments [20]. The method,

which is one of the fractional factorial designs,

allows one to statistically and ideally obtain similar

information to a full-factorial experimental design,

but with fewer experiments. It uses a special design

of orthogonal arrays to study the entire parameter

space. The origin of the orthogonal array is

attributed to Sir Fisher in 1923, who applied the

arrays to control error in an experiment. Dr

Taguchi has adapted it to determine the influence

of each factor on both the mean result and the

variation from the result [4].

In this study, we innovatively employ a Taguchi
method to screen the significant factors to be used
in the SVM method. Usually, there are three
categories of quality characteristics in the analysis
of the signal-to-noise (S/N ) ratio, i.e. the-lower-
the-better, the-higher-the-better, and the-nominal-
the-better. Since we are going to apply the SVM to
determine whether the initial order quantity will
induce overstocking and establish a wastage warn-
ing system, the quality characteristic is the predic-
tion accuracy from the SVM, and it certainly
belongs to the category of the-higher-the-better.

Following the opinions of several experienced
managers through in-depth discussions, five possi-
ble factors that may affect the prediction accuracy
of the SVM are selected, including the consider-
ation of the order quantity, climate, temperature,
numbers of customers, and promotion activity of
the substitutes for the meal box. Since the Taguchi
method is applied for factor screening in this study,
each process factor has only two levels, i.e. with or
without this factor being included in the SVM
analysis.

It is noted that many other factors may also
affect the sales of the meal boxes, for instance, the
promotion discount of the concerned product and
the day of the week. However, in this article, we
focused on developing a methodology for adjusting
the order quantity of the meal box based on the
POS decision. Actually, taking all influential fac-
tors into account is not possible, since there are
many difficulties in data collection. All the data
from the PCSC, such as sales and scrapped
numbers of the meal box products, are stored in
the computer, and no data can be printed out due
to the concerns of business secrecy. Therefore, all
the data can only be collected by manually writing
down by hand, which is very time consuming.
Moreover, some factors may not be activated
during our data collection period. For instance,
during September to November, no meal box
promotion activities were conducted; and only
substitutes such as o-nigiri (a rice ball) were on
the promotional list. We therefore can only take the
effect of promotional activity of substitutes into
account.

Five factors, each at two levels, were consid-
ered; therefore, an L8(2

7) orthogonal array with
five columns and eight rows was employed. By
choosing an appropriate orthogonal array, the 32
experimental runs can be reduced to 8. Therefore,
it is a surprisingly efficient method for process
optimization. In Table 1, the ‘‘1’’ symbols represent
the properties used in the SVM analysis; otherwise,
they are not used.

In the Taguchi method, the S/N ratio is the
ratio of the desirable value (mean) for the output

Estimation of preliminary order quantity 
(moving average results proposed by POS) 

Factors screening (by Taguchi method)

Wastage warning system (by SVM)

Replenishment decision 
(preliminary order quantity tuning  

based on SVM analysis) 

Figure 1. Structure of the proposed algorithm.
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characteristic to the undesirable value (noise). The
S/N ratio, �, for the-higher-the-better quality
characteristic can be expressed as

� ¼ �10 log10
1

n

Xn
i¼1

1

y2i

 !
ð1Þ

The influence of each control factor on the
prediction accuracy was analyzed from the S/N
ratio response table, which expresses the S/N ratio
at each level of control factor. The Taguchi method
uses the S/N ratio instead of the average to convert
the trial result data into a value for the character-
istic in the optimum setting analysis. Regardless of
the category of the quality characteristic, a greater
S/N ratio corresponds to a smaller variance of the
output characteristic around the desired value, and
hence to a better quality characteristic. Therefore, a
bigger level difference of the control factor means a
greater influence on the prediction accuracy. Based
on analysis of the S/N ratio, the optimal levels of
the process factors are determined.

As given in Table 1, five factors, each at two
levels, were considered. However, when using the
SVM to provide a warning system to compensate
for the possible error of the preliminary order
quantity, the factors should be independent of each
other. Although the full-factorial experiment con-
siders all potential interactions, the experiment
numbers of all the combinations of the factor levels
are extremely time consuming. The Taguchi
method can reduce the testing requirement dra-
matically and determine the significance of control
factors; moreover, it can check the interaction
between factors. Intuitively, the climate and tem-
perature may have some kind of relations; hence,
potential interaction between these two control
factors will be investigated.

3.3 The SVM

In order to determine an optimal order quantity for
meal boxes so as to maximize profit, a SVM-based
replenishment methodology is developed. Based on

the information from POS systems, a convenience

store can provide order decisions but cannot

accurately predict sales. Therefore, in this study,

we focus on a wastage warning system for tuning

the preliminary order quantity derived from the

POS system. An intelligent tool, the SVM, is used

to increase the prediction accuracy of the approach

by considering influential factors such as the

weather, temperature, and promotions.
The principle of the SVM classifier is to project

the data into a higher dimensional space, where the

classes are separated by a linear model, and the

maximum margin hyperplane can give the maxi-

mum separation between decision classes. The

training points that are closest to the maximum

margin hyperplane define a small set of support

vectors. All other training examples are irrelevant

for determining the binary class boundaries [6].

A simple description of the SVM algorithm is

presented as follows. First, we define the labeled

training examples [xi, yi], an input vector xi 2 Rn,

and target labels yi 2 fþ1,�1g, i¼ 1, . . . ,N. For the

linearly separable case, the decision rule defined by

an optimal hyperplane is given as follows:

Y ¼ sign
XN
i¼1

yi�iðx � xiÞ þ b

 !
ð2Þ

where Y is the outcome, yi the target label of xi,

x ¼ ðx1, x2, . . . , xNÞ the set of support vectors, and

b and �i the parameters that determine the hyper-

plane. In general cases where the data are not

linearly separated, SVM uses non-linear machines

to find a hyperplane that minimizes the number of

errors for the training set. A high-dimensional

version of Equation (2) for the non-linearly sepa-

rable case is given as follows:

Y ¼ sign
XN
i¼1

yi�iKðx, xiÞ þ b

 !
ð3Þ

The function K(x, xi) is the kernel. The SVM

classification exercise is to find the support vectors

and to determine the parameters b and �i. For the
non-separable case, the SVM can be generalized by

placing an upper bound C on the coefficients �i in
addition to the lower bound [25]. Besides the linear

kernel, three common types of kernel function for

constructing the decision rules are given as follows:

(1) A polynomial kernel of degree d:

Kðx � xiÞ ¼ ðx � xi þ 1Þd ð4Þ

(2) A radial basis function (RBF) with kernel

function

Kðx � xiÞ ¼ expð�1=�2ðx� xiÞ
2

ð5Þ

where �2 is the bandwidth of the RBF kernel.

Table 1. Experimental layout using an L8(2
7) orthogo-

nal array.

Factor and level

Trial number A B C D E F G

1 1 1 1 1 1 1 1
2 1 1 1 2 2 2 2
3 1 2 2 1 1 2 2
4 1 2 2 2 2 1 1
5 2 1 2 1 2 1 2
6 2 1 2 2 1 2 1
7 2 2 1 1 2 2 1
8 2 2 1 2 1 1 2
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(3) The Sigmoid kernel,

Kðx � xiÞ ¼ 1=½1þ expf�ðx � xiÞ � cg� ð6Þ

where v and c are the parameters of a sigmoid
function satisfying the inequality c� v.

There are a number of software-related param-
eters that need to be set for the problem with the
SVM. To investigate the effect of the variability in
prediction and generalization performance of the
SVM, we conduct the experiment with respect to
various values of parameters in the SVM such as
the kernel parameters and the upper bound C.

3.4 Replenishment decision

Once the preliminary order quantity is determined
based on the POS system, we use a range of five
(or more) to cover the possible variation of the order
quantity, and proceed to the SVM analysis. We will
tune this number through the SVM by checking the
order quantity ranging in ascending order, with the
other three control factors left constant. The output
of the SVM analysis changes sign from negative to
positive, which implies that wastage will occur. Since
the marginal cost of a meal box is much higher than
the marginal benefit, it is better to order a number
that will not incur wastage. Hence, the order number
can be determined. A detailed example is presented
in Section 4.4.

4. Numerical experiments and verification

4.1 The preliminary order quantity

To conduct experiments on the SVM methodology,
related data of meal boxes of a PCSC store in
Taiwan were collected from September to
November 2009, including the ordering, sales,
scrapped numbers, cost, profit of meal box, the
customer number, promotion activity of substitutes
(such as sandwiches or o-nigiri), weather, and
temperature. In this study, temperature and
weather data were obtained from the Bureau of
Meteorology, using the variables of 1, 2, and 3 to
represent sunny, cloudy, and rainy weather, respec-
tively. Also, we used the variables of 1 to show that
there was promotion activity of a substitute and 2
otherwise. To insure that the larger value input
attributes did not overwhelm smaller value inputs,
a linear scaling process was conducted before
conducting SVM analysis so as to normalize each
feature component to the range of [�1, 1].

The predicted meal box order quantity based on
the POS system can only provide the manager with
a preliminary order quantity. However, in practice,

the real number of items sold will be affected by
several factors which may change from day to day,
and thus induce variability to the demand for the
meal box. To resolve this uncertainty, this study
introduces the SVM research tool to establish a
wastage warning system.

The SVM has achieved high accuracy as a
binary judge in applications such as credit risk
assessment, airport passenger entry probability
assessment, and forecasting. However, the SVM
has never been applied to inventory applications. In
this study, based on the historical data of order
quantities and the number of scrapped items, as
well as in-depth discussions with several experi-
enced managers, we found that there are five
possible factors (attributes) that may affect the
prediction accuracy of the SVM, including consid-
eration of the order quantity, climate, temperature,
number of customers, and promotion activity of
substitutes for the meal box. But, before we
conduct the SVM analysis, we propose the
Taguchi scheme for factor screening so as to
improve the prediction accuracy of the SVM
model.

4.2 Factor screening

Since the L8(2
7) orthogonal array has seven col-

umns, two columns of the array are left empty for
the investigation of interaction. According to the
Taguchi method, the interaction effect can be
measured in column 3 if one inserts the factors to
be investigated in columns 1 and 2, respectively.
The data of prediction accuracy of the order
quantity of the meal box derived from SVM
analysis were conducted with the RBF kernel
function, the parameters gamma¼ 10, and C¼ 1
(the optimal choice for the related parameters is
explained in Section 4.3). In order to calculate the
S/N value of the experiment, three groups of data
(i.e. the y1, y2, and y3 given in Table 2) are
established. Each group of data is a 10-day
(randomly selected in November) average value of
the prediction accuracy of the meal box.

The S/N value of each trial experiment, as
depicted in Table 3, can thus be obtained by
Equation (1).

Since the experimental design is orthogonal, it is
then possible to separate out the effect of each
control factor at different levels. For example, the
mean S/N ratio for the temperature at levels 1 and
2 can be calculated by averaging the S/N ratios for
the experiments 1–4 and 5–8, respectively.

The influence of each control factor shows the
change of the S/N ratio when the control factor is
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changed from level 1 to 2. As can be seen in
Table 4, the effect of the promotion activity of the
substitute is the most significant factor.

The influence of each control factor can be
clearly observed by a response graph. The power of
the influence of each control factor can be deter-
mined according to the slope of the lines shown in
Figure 2.

By picking up the factors with the higher S/N
ratio value, the optimal combination for achieving
the best accuracy is determined. It is noted that,
according to the results given in Table 4, the
interaction effect between temperature and climate
cannot be neglected. The interaction effect can be
further confirmed by the response graph (Figure 3)
between these factors.

The crossed lines shown in Figure 3 imply that
the interaction effect between temperature and
climate is significant and, therefore, only one of
them can be chosen as the control factor. Since the
influence of climate is larger than that of temper-
ature, as given in Table 4, the temperature factor is
considered to be excluded in the best combination
of factors. For confirmation, the S/N ratio is
recalculated using climate, preliminary order quan-
tity, customer numbers, and promotion activity of
the substitute as the combinatorial factors. The
result of the new S/N ratio is �0.915, which is lower
than the value (�1.278) with all five control factors
included in the combination, as given in Table 3.
This result can provide us with a valuable reference
when using the wastage warning system as a better
decision-making tool in the following section.

4.3 Wastage warning system by SVM

The sales data, recorded from September to
November in 2009, were provided by a PCSC
retail store in Taiwan. For simplicity, only infor-
mation and data from November are given in
Table 5. Among them, the climate data are derived
from the Bureau of Meteorology, using the vari-
ables of 1, 2, and 3 to represent sunny, cloudy, and
rainy weather, respectively. Also, using the

variables of 1 to show that there is promotion
activity of a substitute, and 2 otherwise. To ensure
that the larger value input attributes do not
overwhelm smaller value inputs, a linear scaling
process was conducted so as to normalize each
feature component to the range [�1, 1]. There are a
number of performance-related parameters that
need to be set, and our goal is to identify the
optimal choice for the kernel model and related
parameters, such that the classifier can accurately
predict the unknown wastage data. Based on the
results proposed by Tay and Cao [23], we set an
appropriate range of parameters as follows: a range
for the kernel parameter gamma is set between 0.1,
1, and 10; a range for the capacity parameter C is
set between 0.1 and 1000; and for the polynomial
model, the powers d¼ 2 and d¼ 3 are inputted. A
total of 30 SVM experiments were performed with
three kernels, namely dot (linear), polynomial, and
RBF. The experimental results show that the
prediction performance of the SVM is sensitive to
the various kernel parameters d and the capacity
parameter C. As given in Table 6, the accuracy of
the training set increases monotonically as C
increases for all models. When gamma is 10 and
C is 1, prediction performance is the best, and it
maintains an almost constant value as C becomes
greater than 10. We therefore choose this param-
eter combination for the following analysis.

A five-fold cross-validation is used, which
initially divides the training set into five subsets of
equal size, and sequentially one subset is tested
using the classifier trained on the remaining four
subsets. Thus, each instance of the whole training
set is predicted once such that the cross-validation
accuracy is the percentage of data that are correctly
classified. In this study, the mySVM software
system is used to perform the SVM experiments.
Note that, if the period of the training data is
extended to too great a length, the accuracy of
prediction using the cross-training method may not
be good enough. For instance, the prediction of
November is dependent on the training data from
September to October. However, during these
2 months, temperature and climate may be quite
different. In addition, some seasonal trends may
occur during such a long time, which result in a
low-accuracy prediction. It is very important for
decision-makers to be cautious in the selection of
training data.

4.4 Demonstrative example

Here, we will take 1 November as an example to
present a step-by-step procedure for the wastage
warning system.

Table 2. Averaged prediction accuracy of three groups.

Trial number y1 y2 y3

1 0.8 0.7 0.6
2 0.6 0.7 0.5
3 0.4 0.4 0.5
4 0.6 0.7 0.5
5 0.7 0.8 0.5
6 0.4 0.4 0.6
7 0.7 0.7 0.5
8 0.6 0.5 0.6
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Step 1: The preliminary order quantity
The preliminary order quantity on 1 November is
17, which is only a number for reference. The
optimal order number may be lower or higher than
this number depending on the influence of four
control factors.

Table 5. Information and data over the November
period.

June
Sales
unit

Number of
customers Temperature Climate

Promotion
activity of
substitute

1 17 720 25.0 2 2
2 14 968 21.5 2 2
3 14 791 20.8 2 2
4 10 761 22.2 1 2
5 14 724 23.8 1 1
6 14 766 24.5 1 1
7 13 965 24.9 2 1
8 12 844 25.5 2 1
9 15 929 25.3 2 1
10 11 879 24.2 3 1
11 13 817 23.5 2 2
12 12 756 24.0 1 2
13 14 830 21.4 3 2
14 13 1014 20.0 2 2
15 10 894 22.0 2 1
16 16 1031 22.4 2 2
17 8 819 19.3 2 2
18 6 761 18.8 2 2
19 4 736 20.1 2 2
20 15 805 19.7 2 2
21 9 908 19.1 2 2
22 11 807 19.7 2 2
23 6 1011 21.6 2 1
24 12 788 22.2 2 1
25 7 786 22.3 1 1
26 10 755 22.1 2 1
27 8 826 22.1 1 1
28 17 967 21.1 1 2
29 9 900 20.8 1 2
30 11 1142 19.6 2 2

Table 3. Experiment for testing the optimal control factors.

Trial number
Temperature

(A)
Climate

(B)
Interaction

A�B
Order quantity

(C)
Number of

customers (D)

Promotion
activity of

substitute (E) S/N

1 1 1 1 1 1 1 1 �1.278
2 1 1 1 2 2 2 2 �2.596
3 1 2 2 1 1 2 2 �5.452
4 1 2 2 2 2 1 1 �2.597
5 2 1 2 1 2 1 2 �1.611
6 2 1 2 2 1 2 1 �4.685
7 2 2 1 1 2 2 1 �2.111
8 2 2 1 2 1 1 2 �3.142

Table 4. Response table.

Temperature
(A)

Climate
(B)

Interaction between
temperature and
climate (A�B)

Order
quantity

(C)
Number of

customers (D)

Promotion
activity of

substitute (E)

Level 1 �2.981 �2.543 �2.282 �2.613 �2.229 �2.157
Level 2 �2.888 �3.325 �3.586 �3.255 �3.639 �3.711
Effect �0.093 0.783 1.304 0.642 1.411 1.554

Figure 3. Response graph between temperature and
climate.

Figure 2. Response graph of all the factors.
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Step 2: The SVM
We therefore tune this number through the SVM
by changing the order quantity ranging from 12 to
22, with the other three control factors left
constant. As given in Table 7, the output values
with a negative sign stand for ‘‘no wastage occurs.’’
Therefore, the optimal order quantity is determined
as the output of the SVM analysis becomes
positive.

In this example, the SVM output will change
sign as the order quantity is increased from 15 to
16, which means that if we order 16 meal boxes,
wastage might occur according to the wastage
warning system. On the other hand, if we order
15 meal boxes, there will be no wastage.

Step 3: Replenishment decision
Because the marginal cost of the meal box is much
higher than the marginal benefit, it is better to
order a number that will not incur wastage. Hence,
the order number of 15 is recommended.

4.5 Verification

Note that, in this example, we do not choose an
order quantity less than 15 simply to reduce the
cost, because this number is what we think to be the
most precise prediction of demand. A lower order
quantity may reduce the possibility of wastage;
however, the possible benefit may also be reduced.
So, when 15 meal boxes are ordered, the profit is
expected to be maximized without sacrificing the
customers’ rights.

Convenience stores generally make their order
decisions according to POS analysis. The order
quantity determined by POS and SVM may be
different, and therefore the net profit will be not the
same. Using the averaged cost ($44.03) and aver-
aged profit ($12.23) of the overall meal boxes, the
net profit between these two methods is compared.
As can be seen from the experimental results, the
improvement in the net profit made by SVM is
significant. For October, the net profits obtained

by following the decision policy from POS and
SVM are $907.32 and $2707.72, respectively.
While, as given in Table 8, the net profits of POS
and SVM for November are $400.98 and $2174.43,
respectively.

It seems that most of the order quantity
determined by POS is higher than that of SVM.
Hence, the profit made according to the decision of
POS is high; however, its loss is also high due to
more wastage. Clearly, the improvement of the net
profit made by SVM is significant.

5. Conclusions and recommendations for future

research

While the POS system is able to provide informa-
tion for ordering decisions in convenience stores, it
cannot accurately forecast demand. This is parti-
cularly so in relation to perishable and deteriorat-
ing items. As the product life of a meal box is very
short, overstocking may lead to some products
passing their expiry dates. On the other hand, if
there are insufficient stocks, sales opportunities
may be lost with a reduction in customer satisfac-
tion. Accurate predictions of the order quantity of
a perishable product are of interest to many
scholars, but there are many uncertain factors
affecting the forecast results. In this study, a
SVM-based replenishment methodology is devel-
oped to determine an optimal order quantity for
perishable items so as to maximize profit. The
optimal combination of control factors for achiev-
ing the best prediction accuracy of the SVM is
determined by the Taguchi method. The results
show that the model is workable, and the results
can be used as a valuable reference for future
practical applications.

Before this novel approach is applied in
corporations across Taiwan or even mainland
China in the future, it is suggested that more
factors should be identified that may affect the
prediction accuracy of the SVM such as festivals,
the effect of substitutes, and promotional activities
from the competitors of the President stores
company.

Notes on contributors

Jia-Yen Huang is currently a Professor in the
Department of Information Management, National
Chin-Yi University of Technology, Taiwan. He received
his Bachelor’s degree in Mechanical Engineering from
National Chiao-Tung University in 1982, and his PhD
degree in Mechanical Engineering from National Taiwan
University in 1987. His present research interests include
supply chain management, innovation management, and
operational research.

Table 6. Classification accuracies (%) of various
parameters.

Polynomial Radial

Kernel Linear d¼ 2 d¼ 3 gamma¼ 0.1gamma¼ 1gamma¼ 10

C¼ 0.1 0.739 0.828 0.961 0.711 0.711 0.711
C¼ 1 0.761 0.922 0.983 0.75 0.867 0.994
C¼ 10 0.779 0.972 0.990 0.867 0.983 0.994
C¼ 100 0.780 0.989 0.992 0.95 0.989 0.994
C¼ 1000 0.783 0.989 0.993 0.984 0.989 0.994

Journal of the Chinese Institute of Industrial Engineers 433



Po-Chien Tsai is a Lecturer in the Department of
Marketing and Logistics Management at Ling Tung
University, Taichung, Taiwan. He received his Bachelor
of Arts degree in Business at Benedictine College,
Kansas, USA, and received his MS degree in Business
Administration from Saint Louis University, Missouri,
USA. He founded the Center for Institutional Strategic
Planning in Ling Tung University and works as a
business consultant for several companies and enter-
prises. His research activities include marketing manage-
ment, inventory management, consumer behavior, and
brand management.

References

[1] Atkinson, A., ‘‘Incentives, uncertainty, and risk in the

newsboy problem,’’ Decision Sciences, 10, 341–357

(1979).

[2] Chandra, K.J., K.K. Aggarwal and S.K. Goel,

‘‘Optimal order policy for deteriorating items with

inflation induced demand,’’ International Journal of

Production Economics, 103, 707–714 (2006).

[3] Chen, R.C., T.S. Chen, Y.E. Chien and Y.R. Yang,

‘‘Novel questionnaire-responded transaction

approach with SVM for credit card fraud detection,’’

Lecture Notes in Computer Science, 3497, 916–921

(2005).
[4] Chen, R.S., H.H. Lee and C.Y. Yu, ‘‘Application of

Taguchi’s method on the optimal process design of an

integration molded PC/PBT automobile bumper,’’

Journal of Composite Structure, 39, 209–214 (1997).
[5] Collobert, R. and S. Bengio, ‘‘Support vector

machines for large–scale regression problems,’’

Journal of Machine Learning Research, 1, 143–160

(2001).
[6] Cristianini, N. and J. Shawe-Taylor, An Introduction

to Support Vector Machines, Cambridge University

Press, Cambridge, England (2000).

[7] Furey, T.S., N. Cristianini, N. Duffy, D.W.

Bednarski, M. Schummer and D. Haussler,

‘‘Support vector machine classification and valida-

tion of cancer tissue samples using microarray

expression data,’’ Bioinformatics, 16, 906–914 (2000).
[8] Goyal, S.K. and B.C. Giri, ‘‘Recent trends in

modeling of deteriorating inventory,’’

European Journal of Operational Research, 134,

1–16 (2001).
[9] Harris, F.W., ‘‘Operations and cost, factory man-

agement,’’ Production and Operation Management,

5, 1–6 (1915).
[10] Jain, K. and A.S. Edward, ‘‘Lot sizing for a product

subject to obsolescence or perishability,’’

European Journal of Operation Research, 75,

287–295 (1994).
[11] Kabak, I. and A. Schiff, ‘‘Inventory models and

management objectives,’’ Sloan Management

Review, 10, 53–59 (1978).
[12] Lau, A.H.L. and H.S. Lau, ‘‘The newsboy problem

with price-dependent demand distribution,’’

IIE Transactions, 20, 168–175 (1988).
[13] Li, J., T.C.E. Cheng and S. Wang,

‘‘Analysis of postponement strategy for

perishable items by EOQ-based models,’’

International Journal of Production Economics, 107,

31–38 (2007).
[14] Li, Y., S.G. Gong, J. Sherrah and H. Liddell,

‘‘Support vector machine based multi-view face

Table 8. Performance comparison between POS
and SVM.

Date

Order quantity
determined by

POS

Order quantity
predicted by

SVM

1 November 17 15
2 November 14 15
3 November 14 15
4 November 14 9
5 November 15 9
6 November 18 9
7 November 20 11
8 November 19 11
9 November 15 11
10 November 12 12
11 November 12 11
12 November 13 9
13 November 15 12
14 November 14 12
15 November 13 11
16 November 16 11
17 November 17 11
18 November 17 10
19 November 13 10
20 November 14 11
21 November 9 11
22 November 11 11
23 November 10 11
24 November 10 10
25 November 8 9
26 November 9 10
27 November 14 9
28 November 14 9
29 November 11 9
30 November 12 11
Sales unit 328 293
Wastage 82 32
Loss $3610.46 $1408.96
Profit $4011.44 $3583.39
Net profit $400.98 $2174.43

Table 7. Analysis results from mySVM.

Preliminary order quantity 8 9 10 11 12 13 14 15 16 17 18

Output of SVM �1.96 �1.72 �1.49 �1.25 �1.02 �0.78 �0.54 �0.31 0.07 0.16 0.39

434 J.-Y. Huang and P.-C. Tsai



detection and recognition,’’ Image and Vision

Computing, 22, 413–427 (2004).
[15] Lin, C.H and Y.H. Lin, ‘‘The production size and

inventory policy for a manufacturer in a

two-echelon inventory model,’’ Computers and
Operations Research, 32, 1181–1196 (2005).

[16] Lin, C.H. and Y.H. Lin, ‘‘A cooperative

inventory policy with deteriorating items for a
two-echelon model,’’ European Journal of
Operational Research, 178, 92–111 (2007).

[17] Lodree Jr, E.J. and B.M. Uzochukwu, ‘‘Production

planning for a deteriorating item with stochastic
demand and consumer choice,’’ International Journal
of Production Economics, 116, 219–232 (2008).

[18] Nahmias, S., ‘‘Perishable inventory theory: a
review,’’ Operations Research, 30, 680–708 (1982).

[19] Raafat, F., ‘‘Survey of literature on continuously

deteriorating inventory models,‘‘ Journal of the
Operational Research Society, 42, 27–37 (1991).

[20] Ross, P.J., Taguchi Techniques for Quality

Engineering, McGraw-Hill, NY (1989).
[21] Shin, K.S., T.S. Lee and H.J. Kim, ‘‘An application

of support vector machines in bankruptcy prediction

model,’’ Expert System with Application, 28,
127–135 (2005).

[22] Silver, E.A., D.F. Pyke and R. Peterson,

Inventory Management and Production
Planning and Scheduling, 3rd Edn, Wiley & Sons,
NY (1998).

[23] Tay, F.E.H. and L. Cao, ‘‘Application of support

vector machines in financial time series forecasting,’’
Omega, 29, 309–317 (2001).

[24] Vapnik, V., The Nature of Statistical Learning

Theory, Springer Verlag, NY (1995).
[25] Witten, I.H. and E. Frank, Data Mining: Practical

Machine Learning Tools and Techniques with

Java Implementations, Morgan Kaufmann,
San Francisco, CA (2000).

Journal of the Chinese Institute of Industrial Engineers 435



*

411 215 35

(SVM)

SVM

SVM

(* jygiant@ncut.edu.tw)

436 J.-Y. Huang and P.-C. Tsai


