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Abstract

Business organizations generate and collect a
large amount of data in their daily operations.
However, despite this wealth of data, many companies
have failed to fully capitalize on its value because
information implicit in the data is not easy to discern.
[n this paper, sales in the supermarket is predicted by
integrating two data mining techniques such as the
CBR (Case Based Reasoning) and the ID3 induction
method. POS (Point of Sale) data from a real-life large
retailer are analyzed. The data has chaotic and noisy
time series patterns. The results of the prediction
imply that the integrated method provides better
prediction performance and is easy to use.

1. Introduction

The amount of information in the world is
doubling approximately every 20 months, and it is
becoming impossible to effectively manage that data
using  traditional database systems. Business
organizations generate and collect large amounts of
data which they use in daily operations. The data
necessary for each operation is captured and
maintained by the corresponding department. Yet
despite this wealth of data, many companies have
been unable to fully capitalize on its value because
information implicit in the data is not easy to discern.
However, to compete effectively today and take
advantages of high-return opportunities in a timely
fashion, decision-makers must be able to identify and
utilize information hidden in the collected data.

Data mining is a set of analysis techniques used
to uncover these nuggets of value. In recent years,
data mining methods have been applied to solving
marketing problem successfully. Especially, the time
series prediction for economic and marketing
processes is a topic of increasing interest. These data

mining methods outperform statistical methods for the
prediction of chaotic and noisy time series, because
they are able to learn the system dependencies on their
own.

In this paper, the level of sales in a supermarket
is predicted by the integrated method of the CBR
(Case Based Reasoning) and the ID3 induction.
Analyzing the POS data set results in a non-linear
problem - a chaotic and noisy time series problem. A
proper forecast of the sales demand reduces stock-
keeping costs because it can replenish the -items
according to consumer preferences and develop
specific and profitable marketing strategies for the
decision maker.

2. Related Work

The following four cases are most closely related
with our work.

A. Prediction of sales in supermarkets by a neural
network

As one of the Esprit projects, the University of
Vonberg Research center in Holland predicted sales
volume in a supermarket by using a neural network.
The center used the back-propagation and feedforward
propagation of the neural network about the sales
prediction in the supermarket. It adopted the sale
information of 53 articles of the same product group
in a supermarket DM[ 8-13].

B. Marketing strategies for grouping stores for a
market basket analysis

IBM consulting group stored sales data of 2000
categories or sub-categories of items for each store in
the chain and attempted a market basket analysis.
Market basket analysis refers to the process of
examining POS data to identify affinities between
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products and/or services purchased by a customer.
IBM consulting group employed the association rules
and neural segmentation methods in order to solve this
problem[7].

C. Automatic product replenishment by Neovista’s
Decision Series tool

Wal-Mart was resorting to a number of
approximations such as grouping stores into zones and
items into groups, resulting in sub-optimal predictions
and leading to occasional over-stock and under-stock
conditions. Recently, Neovista has been developing
the prototypes for Wal-Mart, handling the massive
database and analyzing it effectively by its Decision
Series tool[4].

D. Inventory control expert system for large scale
retailers

In KAIST, an inventory control problem was
solved by two methods, a statistical method and neural
network, respectively. The test result of performance
showed that the neural network approach provides the
better results[20].

3. Sales Prediction Method
A. Case description

The integration of CBR and ID3 induction can be
used for predicting sales in the supermarket. This
method can yield better results than neural networks
and is easy to use due to the characteristics of CBR -
the adaptability of the domain knowledge. This paper
uses sales volume during 10 weeks about the new
products, which is collected by the POS system in a
convenience chain store. This short term prediction
doesn’t consider the effect of seasonality, holidays,
advertising campaigns and changing prices. These
variables are found to have no effect on this short term
sales data. The 49 sale information of same item group
is used.

For precise forecasting, it is important to obtain
accurate data set and choose the proper variables. If
not, the noise would be severe[15]. In our analysis,
the target variable is the sales prediction value and the
input variables are the previous sales prediction levels
such as increase, decrease and hold. The proper
number of input variables would be determined from
the pre-prediction by CBR. Raw data of sales volume
are transformed to one of the increase/decrease/hold
values. The increase condition is converted to the
value 1. The decrease condition has the value 0, while

the state of hold has the value of 0.5.
trained on 35 cases and tested 13 cases.

The method

B. Integration of CBR and an induction method

First, CBR and induction method are compared as
follows.

CBR (Case Based Reasoning): The most
important advantage of CBR is that it is relatively easy
to acquire most of the information needed to make it
work as a natural by-product of the design process.
A CBR system can be effectively used even if it does
not have enough domain knowledge. But, despite the
fast application of CBR, it currently lacks a
systematic theoretical foundation. Moreover there is
not yet a consensus on good ways of resolving many
of the question that occur in the design of CBR[2].

Induction method (ID3 algorithm): The ID3
algorithm determines the classification of an object by
testing its values for certain properties. [D3
repeatedly partitions the training instances according
to the variable with the greatest discriminatory power,
using an information-theoretic measure of entropy .

CBR offers flexibility regarding the domain
knowledge. Induction techniques yield general
knowledge based on instances. Both CBR and the
inductive method have drawbacks for smart prediction,
but provide the useful predictive information for
decision makers.

Therefore, integrating two methods is likely to
improve the predictive quality and to enhance
comprehension. In contrast, the neural network is
effective but considered as black-box. The
architecture in Figure 1 shows the integration of
case based reasoning and the induction method. The
goals of the integration are to use the tools easily, to
improve the results of prediction, and to provide new
knowledge for the decision maker.

Sales ";‘igigzsrt Prepredict  Final result
volume CBR maodel (1D3)
(CBR)

<Fig 1> Integration of CBR and ID3
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4. Results

The N-neighbor CBR method is used in the
pre-prediction for further prediction. These results
show which condition is optimal in terms of reduced
errors. Input variables are tested at the level of 2 or 3
weeks for the selection of the optimal model. The
number of training cases is 35 and that of the testing
set is 14. The prediction error (MAE: Mean Average
Error) is summarized below.

0. of neighbors
No. of input node 3 4 5
2 weeks 0.61 0.29 0.27
3 weeks 0.34 0.25 0.36

<Table 1> The pre-predictive error of N-nearest
neighbor CBR

Table 1 shows that the 4 nearest neighbor
model with 3 inputs is optimal for CBRs and thus 3
input node is selected for further prediction using ID3.
According to this 4 nearest neighbor case, predictive
result of sales is as shown in Figure 2.

1.5
1 B A2
(real data
0.5
BAHA2
(prediction)

<Fig 2> Prediction Result by CBR

By the ID3 algorithm the best discriminative
variable is the sales for the first week and the second
best is the sales for the second week. The third best is
that of the third week . The decision tree as shown in
Figure 3 is generated by the ID3 procedure.

Total Entropy: 0.826 bit

Entropy: 0.768 bit

Entropy: 0.999 u'.‘

0.25

4th week 0.7 0,05

<Fig 3> Result of prediction by ID3 algorithm
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Lastly, the result of the integrated method is
compared and showing in Figure 4. MAE for the
final result is 0.23. This error is lower than that of
the optimal model of N-nearest neighbor .CBR.

Dﬁ%ﬂ

(integration)

EHJ%‘ﬁ

<Fig 4> Result of integrated prediction

The results show that the integrated method can
be applied to chaotic patterns of sales. In addition it
may reduce time to predict and improve predictive
quality. Furthermore, our method is fairly easy to use
because CBR provides flexibility to accommodate
incremental domain knowledge.

5. Conclusions

CBR is useful as a pre-prediction tool. CBR
readily learn from new domain knowledge. However,
it does not guarantee accurate results. [D3 is better for
understanding the decision behind a prediction but
fails to control the distribution of data

This paper proposes a novel approach to
integrate. CBR with ID3 to complement the two
methods. Our method is applied to analyze
supermarket data and the preliminary results are
promising. We are currently in the process of
sharpening our method and applying the integrated
technique to larger data sets. We shall report any
interesting results in the near future.
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