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Abstract 
The purpose of this paper is to propose a system and 
process for maximizing store profits to discover the 
optimal price pattern among various items based on a 
purchase prediction models. This system, called 
PRISM, involves the use of data mining techniques to 
handle a large amount of customer purchase history 
data. In this paper we have applied PRISM to the cus-
tomer data of supermarket in Japan and present the 
utility of PRISM in the real business world. 

Keywords: Store Profits, Pricing Strategy, Purchase 
Data, Data Mining. 

1. Introduction 
In a deflationary economy, the Japanese retailing 

industry has been facing a period of extreme price 
competition for survival. In supermarkets, sales are 
being carried every day involving various different 
product categories. The importance of successful exe-
cution of such sales is becoming more and more criti-
cal. However, in the case of the Japanese food retail-
ing industry, there are almost no food retailing chains 
that derive prices for the items to be featured in sales 
by using systematic pre-sale analysis of related prices 
and accumulated purchase data to create effective pric-
ing strategies. In this paper, we suggest the use of the 
PRISM system as a support system for generating op-
timum pricing strategies based on the effective use of 
high volumes of customer purchase data. 

Individual consumers have differing needs and 
different standards of judgment concerning prices [10]. 
Therefore, the store marketing staff must have a good 
understanding of the general purchase behavior of the 
store’s customers and their likely reactions to prices in 
order to put together effective pricing strategies [9]. 
When a specific item is sold at a discounted price, this 
affects the sales of other rival competing products and 
also affects the sales of related products in other cate-
gories. In order to achieve the aim of optimizing store 
total profit, it is necessary for the marketing staff to 
understand the complex relationships that exist be-

tween various products and between categories and to 
be able to predict the overall store total profits that 
will be derived from overall pricing configurations [1]. 
To the best of our knowledge, there have been no ex-
tensive studies of these pricing complexities that have 
been based on the large amounts of accumulated indi-
vidual customer purchasing data gathered by means of 
member-ship club card transactions for obtaining solu-
tions to these pricing questions. 

The purpose of this paper is to explain the use of 
large quantities of such accumulated customer pur-
chasing data for various different pricing situations for 
building models for predicting the purchases of indi-
vidual customers and using these models to discover 
combinations of prices that will make it possible to 
optimize store total profits. This system and the ac-
companying analysis process are called “PRISM” 
(PRIcing Strategy for Maximization of profits). The 
PRISM system includes data mining techniques for 
handling large accumulations of customer purchase 
data. By using these techniques, the probability of 
purchase of each participant customer in the sample 
can be predicted. Since these individual predictions 
involve an immense number of calculations concern-
ing the various combinations of prices for the sale tar-
get items and related items in order to generate the 
optimum pricing patterns, in the case of PRISM, ap-
proximating methods are used to calculate the combi-
nation of prices that lead to store optimum profit. If 
PRISM is used, when the store marketing staff at-
tempts to set the discount prices for items to be put on 
sale, in order to obtain the optimum profit for the store, 
it becomes possible to ascertain the most suitable 
prices for rival items and related items in other catego-
ries. 

2. PRISM 

2.1. What is PRISM? 
In this paper, we introduce the use of a support 

system for determining optimum pricing to obtain op-
timum store total profits called PRISM, a system 



based on the use of accumulated customer purchase 
data. In the case of PRISM, it is taken as a given that 
since every consumer has different standards for judg-
ing their acceptance and reactions to the prices for 
specific items. These behavioral tendencies are ex-
tracted for each respondent customer in the sample by 
determining the probability of whether a given cus-
tomer will buy a given product at a given prices within 
the framework of multiple pricing scenarios for many 
different categories of products based on previous pur-
chase behavior as reflected in the accumulated data for 
the given customer. The data required for this process 
is massive in scale so that the PRISM system includes 
the use of various data mining technology, making it 
possible to cope with data many gigabytes in size. 
PRISM calculations do not involve only the items that 
are to be put on sale, but also includes related items 
with the objective of determining the optimum pricing 
combinations to obtain optimum store total sales. 
Therefore, not only the prices of the items to be put on 
sale, but also the prices of rival competitive items and 
related items in other categories and their various 
combinations are examined. On the question of how to 
determine the combination of prices that will lead to 
maximization of total store profit, since the NP com-
plete [3], we are using approximating methods to ob-
tain the pricing patterns that lead to optimum store 
profits. 

 

Fig. 1: The PRISM Framework. 

2.2. The PRISM Framework 
Figure 1 indicates the framework of the PRISM 

system. The PRISM system consists of five stages as 
follow. Stage1) Processing of exceptions, 2) Setting up 
target categories, 3) Discovery of related categories, 4) 

Construction of purchase probability models, 5) De-
termining the optimum pricing for maximizing store 
total profits. Below, there are detailed explanations of 
these stages and their various respective procedures 
and algorithms. These explanations provide a general 
overview of the PRISM system framework. 
 

Processing of exceptions: The objective of the 
first stage processing of exception is to remove 
sources of error and noise from the voluminous data. 
Part of the core of the PRISM system consists of the 
individual consumer respondent purchase probability 
models and the degree of accuracy of these models is 
easily influenced by errors and noise.  For example, it 
is especially important in cases concerning reference 
price levels for target categories (or specific items), 
that is, these are prices at which a given consumer will 
make a purchase if the price goes this level. If the 
price for a given category or item goes down below a 
certain level, purchase may suddenly leap. In these 
types of situation, the PRISM system may not function 
well. Therefore, we remove the item groups for which 
these reference prices [5] [6] exist before carrying out 
the ensuing calculations. By doing this, it is possible to 
generate more highly accurate purchase probability 
predictions. 

Setting the target categories: The second stage 
consists of setting the core item categories that are be 
the target of the pricing strategy being formulated. In 
the case of the everyday business, if the usual item 
categories are used, there are frequently cases where 
this approach leads to difficulties. When picking the 
items to be included in the respective target item cate-
gories, in the case of the PRISM system, the procedure 
is to use the basic item category for the purpose of 
generating a target item candidate list. Then, special-
ists pick the items to analyze from candidate items in 
the list. 

Exception Handling

Setting the Target Category

Identifying Related Categories

Purchase Probability 
Models for Brand Selection

Generation of Explanatory 
Variables

Generation of Customer Profile

Building of Prediction 
Models

Selection of Model

Algorithm for Maximizing 
Store Profits

Price of Target Product

Price Setting for Rival Products

Price Setting for Related 
Products

Discovering the related item categories: At the 
third stage, we use procedures to discover related item 
categories that have an effect on the pricing of the 
target sale items. The pricing of certain items does not 
only affect the sales of rival competing items in the 
same item category, but also affects are also generated 
with regard to items in related categories that are 
likely to be purchased along with the sale target items, 
causing their sales to rise. In the case of this stage, one 
of the data mining techniques that are used is “associa-
tion rule” that is used to extract the item categories 
that are related to the sales target item category. 

The purchase probability models: The objective 
of the fourth stage is to construct the models that will 
predict, whether or not, a given target item will be 
purchased, in various pricing scenarios tested. The 
pricing data for the items in the related categories that 



were extracted in stage two and stage three and the 
customer purchase records are used as explaining vari-
ables for the construction of the individual models for 
calculation of the predicted purchase probabilities for 
the sale target items for each consumer respondent. As 
functions that are an integral part of the PRISM sys-
tem, we use such data mining methods and prediction 
models as C5.0 and CART, the LOGIT model, etc [2] 
[4] [7] [8]. 

Optimum pricing for maximization of store prof-
its: At the final stage, we carry out pricing optimiza-
tion concerning the target item categories and the re-
lated items to attain the maximization of the store total 
profits. When the prices of certain items are lowered, 
there are cases where the sales of other items (Rival 
competing products) are strongly affected. In order to 
maximize the total profits for a given store that is han-
dling many different items, it is necessary to clarify 
the complicated relationships that exist between the 
various items in order to formulate a given pricing 
strategy. However, since it is impossible to involve all 
items and pricing combinations to find a given pricing 
strategy, approximating methods are used in the case 
of the PRISM system for determining the optimum 
combination. 

3. Experiments 
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In this section, using Japanese supermarket customer 
purchase data, PRISM system simulation is used to 
determine the optimum pricing strategy for obtaining 
the maximum total profits for a given store and the 
related pricing patterns are generated. In this case, the 
data for actually existing stores is used to carry out 
this simulation to validate the utility of the PRISM 
system. For this particular case, the data of five differ-
ent retailing locations belonging to a Japanese super-
market chain for about two years (2003-2004) was 
used. This involved data for an average 5,000 respon-
dent consumers per store in a month and its size was 
about 300MB. 

3.1. Pricing Simulation 
In this paper, the target item was “Chinese cabbage” 
(“Hakusai”) which is sold in 2003in quarters of a cab-
bage “Q”. As a pricing strategy of the store for this 
item, Hakusai Q, a price of 100 yen per quarter was 
chosen. PRISM calculations, based on statistical 
evaluation standards, involved the use of the selected 
prediction model for this sales target item and compet-
ing items in the same category, halves of the same 
type of cabbage, Hakusai H and a related item, 
“ponzu,” a favorite Japanese citrus-based flavoring 
condiment used when cooking Hakusai, were ex-

tracted from the data. For the related customer pur-
chase tendency data, the amount of money spent on 
Hakusai in the past was used and was extracted from 
the total data related to purchases of vegetables. 

Using these explaining variables, the purchase 
prediction models were generated and based on the 
results of a 10-fold cross verification, the C5.0 algo-
rithm was found to produce the best level of accuracy. 
Using this these prediction models, the sales were pre-
dicted. When the profits from the sales of Hakusai Q, 
H, and ponzu were calculated, for the case where the 
prices were set at 100 yen, 198 yen, and 248 yen, re-
spectively, the store profits were maximized. 

Figure 2 shows that when Hakusai Q is set at 100 
yen and H is set at 198 yen, the ponzu explaining vari-
ables change and the total profits for the store can be 
predicted to undergo a change. From this, the condi-
tions related to the price of the ponzu were varied and 
calculated for 218 yen, and 248 yen. In these cases, the 
total sales of the store achieved a maximum, but prof-
its were the greatest at the 248 yen price, as can be 
seen from the figure. In other words, the pricing pat-
terns related to Hakusai Q at 100 yen and H at 198 yen 
and ponzu at 248 yen was the pricing pattern that 
yielded the greatest total profit for the store as calcu-
lated using PRISM. 

 

Fig. 2: A simulation involving Hakusai Q, H and Ponzu to 
obtain the maximum profits for the store. 

3.2. Results of an Actual test at Su-
permarket in Japan 

To verify the utility of PRISM, during November 2004, 
in three Japanese supermarkets, differing pricing pat-
terns including the pattern obtained by using PRISM 
were tested and the maximum profits obtained for the 
stores were calculated as part of this verification test-
ing. 

Figure 3 shows a part of the tests results involving 
a pricing pattern of Hakusai Q at 100 yen, H at 198 
yen and ponsu at 218 yen. The sales of ponzu at 218 
yen reached a maximum for the testing, but in terms of 



total profits, their profits were the maximum level the 
when the price was set at 248 yen. From this result, it 
was also found that focusing only on the target items 
did not always produce the optimum total profits for 
the stores. However, it can be said that the relation-
ships of the rival items and the related item prices can 
be understood and it is possible to obtain an effective 
overview of these relations and to optimize the profit 
levels of the stores. Based on the results of these tests, 
it was possible to conclude that PRISM can generate 
pricing strategies that can contribute to the maximiza-
tion of store profits. 

 

Fig. 3: Results for different pricing patterns used in Japa-
nese supermarket. 

4. Conclusion 
In this paper, we have introduced a system for the 
generation of optimum pricing strategies for maximiz-
ing store profits, the PRISM system. In this paper, we 
used Japanese supermarket customer purchasing data 
to extract optimum pricing patterns and in actual store 
environments, these pricing strategies were carried out 
on a test basis resulting in clarifying the utility of 
PRISM for the purpose of generating pricing patterns 
that will contribute to maximizing the total profits of 
the given store. 

However, there are, as yet some problem areas 
that have not been solved yet. The current version of 
the PRISM system is designed to use the strategic 
pricing for the target items as the given condition. In 
the future, it is necessary that these target item prices 
also be included in the pricing patterns search. In addi-
tion, in the case of PRISM, rival store pricing informa-
tion, etc. cannot as yet be input into the PRISM proc-
ess. Likewise, the PRISM GUI has not been developed 
yet. There is a need to add such a system in the future. 
Moreover, for the case that was used in this paper, the 
variables involved were relatively limited in number 
and the sales target items were relatively simple in 
nature. Henceforth, it will be necessary to use more 
complicated items to carry out more complicated test-

ing and carry out reiterations of category testing to 
further the utility offered by the PRISM system. 
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