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Abstract

This study considers the problem of estimating the market size for individual items in
the retail grocery industry by sampling the point-of-sales (POS) data from a small number
of stores. Using publicly-accessible data provided by each chain and the information from
the retailers’ financial reports (e.g., number of stores and total revenue), the sampled POS
data can be translated into market size information for each item in each area. This
research culminated in the development of an algorithm called the POS Market Estimation
Heuristic Algorithm (PMEHA), which uses heuristic rules and sampled POS data to
estimate overall market information for each area. This algorithm was employed in a
prototype designed to calculate market size estimations. Through use of a simple cross
analysis procedure, the results for different types of retailers—such as convenience stores,
supermarkets, and hypermarkets—can be combined, thus making PMEHA useful for many
different retail channels. The algorithm was successfully integrated into a new Retail Sales
Information Sharing System (RSISS), and an innovative business model was created to
insure that the RSISS could be run profitably once the system had been transferred from a
non-profit context into the private sector.

Keywords: Market Size Estimation, Retailing, POS Data Analysis, Joint Sales Information
System, Heuristic Algorithm
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1. Introduction

Sales information always plays an important role in decision-making related to future
sales, marketing, and inventory policies. The new marketing channels that have appeared
in recent years—convenience stores, hypermarkets, and on-line shopping websites—give
consumers more alternatives for their shopping. Such new channels for retail goods not
only allow consumers to shop more conveniently and in a greater variety of places, but
also intensify the competition among retailers. In an effort to better respond to market
conditions, retailers have begun to collect massive amounts of data from their customers,
ranging from basic sales information such as point of sales (POS) data to payment methods
and even to personal data.

In this information-gathering effort, Wal-Mart is the leader among retailers. This
company has invested large amounts of money and effort in order to improve the
information system that supports their retail data analysis process. The supply chain tool
CPFR (Collaborative, Planning, Forecasting, and Replenishment) (Fliedner, 2003) was
developed and implemented to facilitate Wal-Mart’s attempts to synchronize the actions in
all the segments of its supply chain, including distribution and retail activities. Wal-Mart’s
managers turned to Information Technology and Data Warehousing to enhance their ability
to manage stock, and their data warehouse system is now able to store 65 weeks of
data—including inventory, forecasts, demographics, markdowns, returns and
markets—organized by item, by location, and by date (Foote et a/. 2001). The Japanese
retailer, 7-Eleven Japan, has improved its understanding of what drives the demand for the
3000 items most sold every day by obtaining demographic and POS data for its base
customers (Kopczak et al. 2003). With such a vast amount of data and a reactive supply
chain that re-supplies stores three times a day, 7-Eleven Japan has achieved the highest
sales per square foot in Japan’s convenience-store industry.

Kopczak et al. (2003) found that investing in better demand information in order to
identify shifts in consumer demand is very important for improving supply chain
decision-making. However, analyzing the data collected from the different channels has
become a major issue in the retail industry due to lack of analysis tools and knowledge.
Wal-Mart and 7-Eleven Japan are still trying to figure out how to capitalize on the vast
amount of POS data available to them through their data warehousing system and how best
to use their demand-based information management systems (Foote et al. 2001).

In the past, retail market and consumer research has generally focused on a specific
topic related to an individual project (Andreasen 1985; Rapp et al. 1989). However, this

type of research ignored the issues connected to the supply-demand environment and the
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relationship of marketing activities among different chain stores. Research into Marketing
Research Systems (MRS) (Curry 1989) and Marketing Information Systems (MKIS)
(Amaravadi et al. 1995) arose to remedy this lack. Li et al. (1993; 1995; 2001) tracked the
development of MKIS in the Fortune 500 companies over 20 years. They concluded that
MKIS has matured, becoming more and more complicated, but that marketing managers
were still unsatisfied with the reports and information provided by such systems. Li et al.
(2001) also tracked the development of MKIS in Taiwan’s top 1000 companies and found
similar results.

Among all the value-added information that can be produced by MKIS, sales forecasts
and estimation have traditionally been the most common and the most important (Li et al.
1993; 1995; 2001). Higby et al. (1991) found that 66% of MKISs provided support for
sales estimations. A similar conclusion was drawn by Li et al. (1993; 1995; 2001).
However, building an MRS or an MKIS not only requires a huge investment in terms of
manpower and funding, but also a commitment to continual hardware and software
upgrades due to the rapid progress in information technology (IT). No doubt for this reason,
it is still quite common to find that sales estimation was based on the intuition of the
company executives, sales people, or industry analysts (Foote et al. 2001; Shrieber 2005).

Based on the above reviews, sales estimation information is one of the most important
value-added elements provided by MRS and MKIS. In the late 90s, Gordon (1998)
reported that Duracell, the world’s leading alkaline battery manufacturer, determined its
market size by constantly evaluating six different statistical models. In fact, estimation and
forecasting data can come from many different sources (Chase 1993; Gordon 1998):
internal (e.g., point-of-sales and booking data) and external (e.g., retail market data
purchased from marketing research organizations, such as AC Nielsen and IRI). In general,
basic transaction data like POS include not only the time, place, brand, quantity, and
amount of each individual sale but also provide the basis from which further logistics
strategies and inventory policies can be developed.

Kiely (1999) found that such POS data are best suited to forecasting within a demand
planning system, allowing supply chain plans to be synchronized. If POS data is not
available, aggregated POS information has been found to be the next best data stream for
forecasting consumption. Data about market size and growth rates are also important in
forecasting and demand management (Chase 1993) because for example, it is easier to
evaluate the effect of forecasting errors if the company can clearly identify the market size.
However, due to the lack of capital, human resources, and/or computer capacity, not all
retailers are able to benefit from information technology and even those that are using IT
are still only working with their own sales data. Though Chase (1993) did find that some

marketing consulting organizations, such as AC Nielsen and IRI, had made some effort to
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integrate sales data from different sources in order to provide market information that
would help retailers project sales demand, prior to the development of the algorithm
presented in this paper, the different data-acquisition formats used by retailers made it very
difficult to integrate their sales data in a helpful manner.

The rest of the paper is organized as follows. Section 2 describes the problem. Section
3 develops our market estimation heuristic algorithm. Section 4 demonstrates the solution
process of the heuristic algorithm for a simple case. Section 5 shows how a sampled POS
database is constructed and how our market estimation heuristic algorithm is implemented.

Finally, Section 6 offers our conclusions and our suggestions for the future research.

2. Problem Description

For many years now, retail channels all over the world have been dominated by such
chain stores as Wal-Mart, Carrefour, 7-Eleven, and Cosco. These retail chains have opened
stores everywhere, even in the remotest areas. However, when they “go global”, even such
giants face challenges when it comes to analyzing their markets in the different regions
where they set up, with market estimations and sales forecasting being the two most
important issues. What is true for the giants is true industry-wide.

The retail industry has come to recognize the importance of POS data and has begun
to use computer technology to collect and analyze several aspects of this data. In general,
POS data includes not only the time, place, brand, quantity, and amount of each individual
sale, but also provide the basis from which future logistics strategies and inventory
policies can be developed. Given a rapidly changing and complex environment, it is
important for retailers to apply more advanced managerial decision-making models and
tools to POS data in order to generate better value-added information. However, merging
the POS data from different retail chains is quite difficult because retailers tend not to
share their sales data with their competitors. In addition, collecting and storing sales
information for all the retailers is a long-term, continuous effort.

This study is examines the possibility of producing individual sales estimations for
different markets in different regions using a combined database containing continuous,
long-term samples of POS data from different retail chains. There are several difficulties
involved, mostly due to the wide variety of factors that can influence the data, including store
location and store size as well as the number and variety of items sold, to name but a few.

Geographically speaking, most convenience stores in Asia are located in urban areas,
and most supermarkets or hypermarkets are located in suburban areas. In Japan, almost
60% of all convenience stores are located in the metropolitan areas of Tokyo, Kyoto, and

Osaka. Convenience stores are not limited by regulations. They can be situated inside
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schools or business buildings, or be coupled with gas stations or highway rest areas. These
different locations cater to different types of consumers, and thus sell different items and
produce different sales figures. For instance, stores located in school zones cannot sell
cigarettes or alcohol, while stores in other zones are not restricted in this way. To study
these demographic differences, in this study convenience store locations have been divided
into four typical zones: school, business, residential, and business-residential.
Supermarkets or hypermarkets, unlike convenience stores, are mostly built in the suburbs,
and the size of the store can vary from 20 square meters to several thousands square meters
depending on the conditions. These differences in square footage affect the numbers of
items carried and sales figures for each item. Thus, instead of grouping super/hypermarkets
by zone type, super/hypermarkets have been grouped according to size.

The items carried by the various chain stores also differ according to the type of store:
a convenience store carries over 4000 SKU (stock keeping unit) items, a supermarket
carries over ten thousand SKU items, and a hypermarket, an average of forty thousand
SKU items. Some items are seasonal or regional. In order to aggregate similar results,
items are grouped into several category levels (e.g., upper, middle, and lower). For
example, “Coca-Cola 355c.c.” is classified as “cola” in the lower-level category, as a
“carbonated beverage” in the middle-level category, and as a “refreshment” in the
upper-level category (Figure 1). The middle-level category, “carbonated beverage”, also
includes “Sprite 355c.c.”, but this item is classified as a “soda” in the lower-level category.

As data from different types of retail chains are included in the database, the variety
of products increases; the store sizes and promotional activities can also differ significantly.
In addition, depending on store location, sales figures can be quite different. A busy
7-Eleven store near a train station can produce US$200,000 in sales per month, for
example, while the average for an individual store is only US$20,000. The convenience
store chain, 7-Eleven, has over 25,000 stores worldwide and each store carries more than
4000 SKUs (stock keeping unit) Because multiple scales are possible given such wide
variations, random sampling cannot be used. For this reason, when providing sales
information for the database, convenience store chains need to select stores of different
scales in order to balance the differences among sampled stores.

A graphic illustration of the sales estimation problem considered in this study is
shown in Figure 2. As shown, the market estimation of each individual item each month is
computed based on the sampled POS data collected from the retail chains. This market
estimation can be depicted as a global amount or can be broken down to reflect different
perspectives. It can highlight individual items or different levels in the item family
architecture, or it can reflect the total market or the market in different areas. In addition,

convenience store estimations can be analyzed by zone, and super/hypermarket estimations
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can be analyzed by store size. For example, the estimated convenience store sales of
“Coca-Cola 300ml” can be shown as a global figure for all stores, or a figure for the stores
in the “Asian Pacific” area, or for just those in “School” zones; the estimated supermarket
sales of “Coca-Cola 300ml” can be shown globally, for the “Asian Pacific” area, or for
“Small” supermarkets. Alternately, the estimation could also reflect the three levels in the
item family architecture, in this case, figures for “Cola”, “Carbonated beverages”, and
“Refreshments”.

In the past, this problem has usually been solved using statistical forecasting and
prediction techniques, such as linear regression, moving average, and exponential
smoothing, to name a few (Peterson 1996; Sanders et al. 1994; Taylor 2004; Wilson et al.
2005). However, most of these forecast methods are limited to the analysis of the
time-series data. Such statistical forecasting methods cannot be used to solve this problem
in this study, which deals with cross-sectional data. In addition, certain methods for
predicting market size at each time period (cross-sectional data analysis and estimation)
are not suitable for this problem because the sampling process here is not random and the
population does not fit the normal distribution, which are the two most important
assumptions in the prediction methods (Sanders et al. 1994; Taylor 2004; Wilson et al.
2005).

According to Filedner (2001), a hierarchical forecasting (HF) methodology would be
an innovative way to accommodate varied needs in a complex environment. This HF
process combines “bottom-up” and “top-down” techniques to produce forecasts for
individual items and for families of items. The hierarchical structure of several item levels
used in the HF process is very similar to the category structure of items, geographic zones,
and store size described above. Since the traditional statistical forecast methods (e.g.,
linear regression, exponential smoothing, and moving average) are not well suited this
problem, we developed a market estimation heuristic algorithm that adopts the concepts of
the HF process to achieve the goal of this study. This algorithm is presented in the next

section.

3. The Estimation Algorithm

The HF process described by Fliedner (2001) is often used to provide forecast
information based on a product schema that groups items into product families. An
example of such a schema is shown in Figure 1. In this study, we adopt the HF process,
combining “bottom-up” and “top-down” concepts to estimate market sizes in three
dimensions, with each dimension having a three-level hierarchy as illustrated in Figure 3.
The estimation algorithm calculates the market size for each individual item in each zone
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of each geographic area for each store size of each type of retailer. To do so, the algorithm
summarizes sales data from the sampled POS data, collects the data published each month
by the government, and defines chain store references for those chains that have no
sampled POS data for certain zones of certain areas. With these input data, the estimation
algorithm uses modified “bottom-up” and “top-down” prorating procedures (Fliedner 2001)

to compute the estimated market size for each item.

3.1 Input Data Evaluation Method

The main difficulty with the problem in this study is lack of information: the POS
database does not have complete POS data from every retailer store. In addition, the
revenue and profit information needed to calculate the estimation are unavailable due to
the competition that exists between the different retailers. This missing information is an
obstacle to reliable estimations of overall market size. In order to continue the estimating
process despite this missing data, we propose the following evaluation mechanism for
computing two important ratios: P(r), the percentage of the total sales of chain r at the
sampled stores; and W(r, a), the percentage of total sales of chain r occurring in area a.
The first ratio will be used as the denominator when estimating the total sales of chain »
for each item, and the second will be used to estimate the sales of chain » for each item in
each area.

Evaluation of P(r): The total sales figure for the sampled chain » stores can be
computed every month from the combined POS database. The total revenue of chain » can
also be obtained from the companies’ monthly financial reports. However, the revenue
generated from items such as take out foods (e.g., box lunches, rice balls) and
fee-collecting services (e.g., telephone bills, electricity bills) must be excluded from total
revenues because these items are not SKU items. Let 8% be the percentage of revenue
coming from SKU item sales, calculated using a linear average procedure. Therefore, for
chain r, P(r) is equal to the total sales figures for the sampled stores divided by 6% of the
total revenues. For example, the total sales figures for the sampled stores in chain » is US
$45 million and the total revenue for chain r is US $4,186.875 millions with 8% = 80%.
Thus, P(r), or the percentage of sales at the sampled stores in terms of total chain r sales,
is equal to 45 million / (4,186.875 million * 0.8) = 1.343484%.

Evaluation of W(r, a): Based on historical POS data, the sales of a store located in
area a is about ga% less than the overall average sales. The number of stores from each
chain in each area is public information. Therefore, W(r, a) is the ratio of the weighted
number of stores in area a divided by the weighted sum of the number of stores in all areas,
where the weight for area a is (I — qa%). For example, the number of chain » stores
located in the north sector is /385; this number is 602 and 670, respectively, for the central
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and south sectors. Assuming that ¢,,.4% 18 0%, Gcenter”0 18 15%, and gsoum% s 15%, then
W(r, a) = 1385/ (602 * 85% + 670 * 85%) = 56.16%. Under the same assumptions, W(r,
center) = 20.75% and W(r, south) = 23.09%. In other words, the sales of the chain r stores
in the north sector constitute 56.06% of the total sales of chain », while the sales of chain r
stores in the center and south sectors are 20.75% and 23.09%, respectively.

These two important ratios are used in the market estimation heuristic algorithm

presented in the following subsection.

3.2 POS Market Estimation Heuristic Algorithm (PMEHA)

The algorithm is called POS Market Estimation Heuristic Algorithm (PMEHA)
because it uses heuristic rules and sampled POS data to estimate the overall market
information for each area. However, the reality of the situation is that some chains cannot
provide sampled POS data for stores in certain areas. To remedy this lack, a reference
chain and a reference area are assigned to those chains that cannot provide real data. In
addition, since the combined POS database stocks only sampled sales data from retailers,
in some cases the estimation must rely on public data (e.g., the numbers of stores for each
chain in each area). Information, such as total number of sampled stores and the sales
figures for each item or for each first-layer category for each chain in each area, is
acquired and summarized monthly, following reception of the sampled sales data from the
various retailers.

To facilitate understanding of PMEHA, three important assumptions related to
“bottom-up” and “top-down” prorating procedures must first be explained:

1. The sales patterns of the items belonging to the same lower-level category are
assumed to be similar. Thus, the same percentage of total sales can be applied to
the items in the same lower-level category for each family in each chain in each
area.

2. The sales patterns of same-size stores in the same chain in the same area are
assumed to be similar, which implies that the average sales figures for these stores
are also similar.

3. The sales patterns of same-sized stores in the same chain in the same type of zone
are assumed to be similar, which implies that the average sales figures for these
stores are also similar.

The seven steps of the PMEHA are listed below:

(P1) Calculate the average sales for each store of each chain.

(P2) Determine the average sampled sales of lower-level category items for each

chain in each area.
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(P3) Calculate the percentage of the total sales figures for each lower-level category

for each chain in each area, using a normalization mechanism.

(P4) Derive the adjustment factor of the total sales figures for each lower-level

category for each chain in each zone, using a normalization mechanism.

(P5) Calculate the estimated total sales figure for each item for each zone and each

area.

(P6) Add together the estimated total sales figures for each lower-level, middle-level,

and upper-level category in every zone and every area.

(P7) Perform a cross analysis among the different types of retailers.

PMEHA must deal with three potential difficulties: 1) some chains can not provide
sampled POS data for stores in certain areas, but their sales must nonetheless be taken into
consideration; 2) customer behavior with regard to individual items varies greatly from
area to area, and sales figures should reflect this difference; and 3) the restrictions on the
items carried by stores in different zones vary, and sales figures should reflect these
variations. Of the seven steps in PMEHA, steps (P1) to (P4) are crucial to resolve these
difficulties, and thus are explained in detail in the following paragraphs.

To take care of the first difficulty, PMEHA (P1) calculates the average sales for each
store in each chain. This average is necessary because, although some chains might not
provide sales information from the stores in all areas, the sales in those areas still have to
be included in the estimation by substituting the sales of a reference chain and a reference
area for the missing information. However, all chains are not on the same scale; thus to
adjust for the differences in scales, the average sales for each store in each area for each
chain must first be determined. To do this, the total sales of the sampled POS data for
chain r are divided by P(r) to obtain the total sales for each chain. Then, the total sales of
each chain are multiplied by W(r, a) to obtain the total sales of chain 7 in area a. Finally,
the total sales of chain 7 in area a are divided by the total number of chain r stores in area
a to obtain the average sales figures for each chain r store in area a.

PMEHA (P2) uses the results of (P1) to determine the sales in all geographic areas for
all chains, including sales in those areas for which some chains do not provide sales
information. For these areas, the reference area of the reference chain is used, but taking
differences in customer behavior between the different areas into account. For instances,
the sales of “Tea with milk” in northern Taiwan is 1.6 times the amount of such sales in
southern Taiwan, while the sales of “Sorghum Liquor” in the north is only half the sales of
this item in the south. If the majority of the sampled POS data were to come from the
stores located in the north, the estimations of the overall market size for “Tea with milk” or
“Sorghum Liquor” in Taiwan would be distorted: 1.6 times greater for the first product and

50% less for the second. Hence, it is necessary to take consumer behavior into account.
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Still, computing the average for each individual item involves an enormous amount of
data. A total of 100,000 active items in 3 areas for 6 chains would mean over 1,800,000
data elements. In addition, variations in POS data can disguise true customer behavior
because items in the same category may be subject to the same customer preferences and
can substitute for each other. For example, customers who want to buy “Green Tea Drink”
(GTD) may switch from brand A “GTD” to brand B “GTD”, but not from “Green Tea
Drink” to “Cola.” In order to reduce the calculation effort and to capture real customer
behavior, the lower-level categories are used instead of individual items to compute the
average sampled sales of the lower-level category for each chain in each area. To obtain
this average, PMEHA computes the ratio of average store sales of chain » in area «
compared to the average store sales of the reference chain and the reference area and
adjusts the ratio according to the number of stores sampled for chain » and the reference
chain. PMEHA then computes the sampled sales figures for lower-level category j of chain
r in area a by multiplying the above ratio by the total sampled sales for the lower-level
category j of the reference chain in the reference area.

To deal with the difficulty related to item and zone, PMEHA (P3) uses W(r, a) ratio
described in section 3.1. This ratio can be adjusted to take both item and zone into account.
For example, W(r, North) = 50% indicates that half of chain r sales occur in the north.
However, the percentage of the sales of chain » in the north for individual items, such as
“Coca-Cola 300ml”, is 65%. In order to obtain 65% for “Coca-Cola 300ml” instead of the
global figure of 50%, the differences among the items must be identified. For the same
reasons mentioned above, calculating the percentages of individual items is difficult. Since
products in the same lower-level category possess similar characteristics, this percentage
can be computed using the lower-level categories. To do so, PMEHA calculates the
percentage by multiplying W(r, a) by the ratio of the sampled sales figures for lower-level
category j of chain r in area a divided by the total sampled sales for lower-level category j
in all areas. However, the sum of the percentages of each lower-level category for each
chain in all areas might not be equal to 1 and thus may have to be normalized.

To take the type of zone into account, PMEHA (P4) derives an adjustment factor from
the total sales figures for each lower-level category of each chain in each zone. The stores
in the different zones are subject to various regulations with regard to the items they carry,
and the sales figures must reflect the effect of these regulations. For example, since stores
in school zones cannot carry cigarettes or alcohol, these items should not be included in
the sales figures of school zone stores. To compute this adjustment factor, PMEHA (P4)
calculates a ratio for each chain by multiplying two proportions: the number of stores in
each zone divided by total number of stores; and the sampled sales figures for lower-level
category j of chain 7 in zone z divided by the total sampled sales for lower-level category j

in all areas.
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Given the percentage of the total sales for each lower-level category of each chain in
each area and the adjustment factor for the total sales figures for each lower-level category
for each chain in each zone, PMEHA (P5) can then calculate the estimated total sales for
each item in each zone and each area by dividing the total sampled sales figures of chain r
for each item in each zone by P(r) and multiplying the percentage and the adjustment
factor by the result to obtain the total sales of each chain for each item in each zone and in
each area. The algorithm (P5) adds the total for each chain together to obtain the total sales
figures for each item in every zone and every area. To obtain the total sales for each
lower-level, middle-level, and upper-level category in every zone and every area, PMEHA
(P6) simply adds the results from (P5) for all items belonging to each lower-level,
middle-level, and upper-level category in every zone and every area. If there are more than
one type of retailer providing sampled POS data, the same analysis dimensions have to
apply to both convenience stores and supermarkets or hypermarkets in the cross analysis.
Thus, PMEHA (P7) eliminates unique factors, such as zone type and store size, and sums
up the total sales of each item in each area, using X; (sales estimated for retailer type & in
each area) / P;, where B; is the percentage of the sales of retailer type & included in
database.

This algorithm is intended to be run once each month. The estimated sales data from
the past months are stored in history files. In the following section, a simple market

estimation problem is used to demonstrate the PMEHA solution process.

4. The PMEHA Solution Process

To demonstrate the PMEHA solution process, a simple market estimation problem is
described below, using the data given in Tables 1, 2, 3, and 4. In this example, chain r/
provides POS data for 20 stores, whose sales figures total $9,000,000 (i.e., 5% of the total
sales of chain r/ or P(rl) = 5%). To use PMEHA to solve this problem, the average sales
figure for each store in chain r/ in the north section computed in step (P1) is $600,000.
The computational results for the center and south sectors are listed in Table 2.

As shown in Table 2, the average sales figures for each store in chain / in the south
equal $540,000, while the average sales figures at each store of chain 72 in the north equals
$360,000. If 1 provides sales information for 20 stores in the north and 2 provides data
for 10 stores in the south, the ratio computed by dividing the average store sales of chain r
in area a by the average store sales of the reference chain and the reference area is 3. This
ratio implies that if chain »/ provides sales information for 20 stores in the south, the sales
will be 3 times the sales at the 10 sampled stores in chain 2 in the south. Finally,

according to (P2), if the total sales of lower-level category “Fruit Tea” at the sampled
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stores in chain r2 in the south are $10,000, the sampled sales of lower-level category
“Fruit Tea” for chain r/ in the south are $30,000.

As shown in Table 2, the total sales figure for the lower-level category “Fruit Tea” at
all the stores in chain ] equals $104,000. Before normalization, the percentage of the total
sales of the lower-level category “Fruit Tea” for chain »/ in the North is 24.04%, with the
percentage for the Center being 4.62% and the South being 8.65%. The percentages of
sales of “Fruit Tea” for chain »/ in the areas North, Center and South total 37.3/%. Thus,
according to (P3), the percentage for the north—after a normalization procedure designed
to set the sum of percentages equal to 100%—is 24.04% / 37.31% = 64.46%. (See Table 2
for the percentages for the Center and South.) The results of the computation process are
shown in Figure 4, which depicts the changes in the percentages: from W(rl, a), to the
ratio adjusted for lower-level category sales, to the percentages after normalization.

The sales figures for the lower-level category “Fruit Tea” at all the stores of chain r/
total $52,000, with a total number of stores of 320 (Table 3). According to (P4), the
percentage of sales for the lower-level category “Fruit Tea” in chain r/, adjusted by
scattering the stores in each zone, is equal to 0.3053. The adjustment factor for the school
zone is (120 / 320) * (1 / 0.3053) = 1.2283, which implies that the sales of “Fruit Tea”
should be 22.83% higher than the average sales figures. The same reasoning can be applied
to the data for other zones, and the results are shown in Table 3.

Based on the data in Tables 1 to 5,and according to (P5), if only two chains carry and
sell the item “AA apple tea 200ml”, the total sales figure of item “AA apple tea 200ml” in
all chain r/ stores in a school zone in the North is computed as follows: ($5,400 / 5%) *
1.2283 * 64.43% = $85,470. The same item in the same zone and area for all chain r2
stores would be ($3,600 / 15%) * 1.1123 * 10.21% = $2,726. Thus, the total sales figure
for item “AA apple tea 200ml” in a school zone in the north is $85,470 + $2,726 = $88,196.
(Please see Table 6 for the results for other areas.) In addition, if only three items—AA
apple tea 200ml, BB orange tea 200ml, and CC peach tea 200ml—are classified in the
lower-level category, “Fruit Tea”, the estimated total sales of the lower-level category
“Fruit Tea” in a school zone in the North would be $88,196 + $63,124 +$20,168 =
$171,488.

Finally, assuming that 95% of convenience stores and 90% of super/hypermarkets
provide POS data for all areas (i.e., Pevs = 95% and Buxe = 90%) and assuming that the
estimated total sales in super/hypermarkets for the lower-level category “Fruit Tea” in the
North is $180,271, then the estimated total sales of the lower-level category “Fruit Tea” in
the North would be ($171,488 / 95%) + ($180,271 / 90%) = $380,815.

To prove the feasibility of PMEHA, we built a combined sampled POS database to be

used within a new business model, as described in the next section.
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5. A Retail Sales Information Sharing System (RSISS)

While PMEHA was still under development, the Computer and Communications
Research Laboratories (CCL) of the Industrial Technology Research Institute (ITRI) in
Taiwan built a combined sales information analysis system, called “Retailing Sales
Information Sharing System” (RSISS), in an attempt to prove that the algorithm was
feasible. Launched in May 2000, this system was designed to collect and sample POS data
from retailers throughout Taiwan. CCL/ITRI maintained RSISS and provided the regular
summary reports and graphic analyses for individual items and categories across regions
and time horizons using a website that was set up for retailers who participated in the
project.

Three major types of grocery retail chains exist in Taiwan: convenience stores,
supermarkets, and hypermarkets. (Old-fashioned grocery stores exist only in rural areas
and constitute only a very small part of the Taiwan grocery retail market. They do not
usually have IT capability and are unable to provide digital POS data for RSISS. Thus,
they were not included in this project.) Six major convenience store chains—7-Eleven,
FamilyMart, Hi-Life, Circle K, Niko Mart, and SJ Express—hold about 95% of the
convenience store market in Taiwan; at the project’s launch in May 2000, these chains
agreed to participate in the RSISS. The major players in the supermarket sector—
Wellcome, SunChing, SinNun, Da-Tung—hold over 90% of supermarket sales in Taiwan,
and these companies joined the RSISS project a year later in May 2001. Negotiation with
the hypermarket sector was undertaken, and the Da-La hypermarket began to provide POS
data for testing at the end of 2002.

By the end of May 2001, there were more than 6,250 convenience stores, 570
supermarkets, and 100 hypermarkets in Taiwan. On average, each convenience store
carried over 4000 SKU items, each supermarket carried more than ten thousand SKU items,
and each hypermarket carried forty thousand SKU items. Each convenience store chain
agreed to sample POS data for 20 stores and each supermarket chain agreed to provide
POS data for 10 stores, with most of the POS data came from the stores in the North of
Taiwan. However, PMEHA was still under development. It didn’t launch until the end of
2001, and it wasn’t until several months later that it began to provide results to the retail
chains. Consequently, three years into its tenure, this project was harshly criticized for not
providing enough value-added information.

PMEHA was intended to provide valuable information to the retailers participating in
the RSISS project. The retailers joining the project were highly interested and greatly
satisfied once the preliminary results of PMEHA began to be distributed. However, the
original sampled POS data did not constitute a sufficiently large database for PMEHA to
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perform market size estimation. Therefore, new rules were set for the chains participating
in RSISS, requiring them to provide more sampled POS data. Each convenience store
chain agreed to sample POS data at 100 stores, while each supermarket chain agreed to
provide POS data for all their stores, or at least 40 stores.

CCL/ITRI divided Taiwan into three geographic areas—North, Center, and
South—and discovered that more than 60% of the retail stores located in Taiwan are in the
north. After negotiation, each convenience store chain agreed to provide sales information
from 60 stores in the north, 20 in the center, and 20 in the south, except Hi-Life, Circle K,
and SJ Express who did not have enough stores in each area. Supermarket chains agreed to
supply sales information from 20 stores in the north, 10 in the center, and 10 in the south,
providing that the chain had enough stores in each location. Random sampling could not be
used since the scales of the convenience store chains varied significantly. To balance the
differences among the sampled stores, CCL/ITRI required the samples to be taken from the
stores whose sales were in the top 50% of all the stores in each convenience store chain.
Because some items are seasonal or regional, CCL/ITRI developed a standard three-level
product family architecture for the items in the RSISS. This architecture was used in this
study. (See Figure 1 for an example of this product family architecture.)

The CCL/ITRI’s assigned task was to estimate the market size for every individual
SKU items using the sampled POS data provided by the retail chain stores. It was for this
purpose that PMEHA was built and eventually incorporated into the RSISS. (The gray box
in Figure 5 shows the place of the estimation algorithm within RSISS.) The RSISS was
built in an MS Server 2000 environment with MS SQL as database server and MS .net
framework as the development tool. The system was built and tested on a PC server with
Pentium IV 2.8 GHz CPU and 2GB memory. The testing data comes from convenience
stores and contains more than 2.4 million data elements. The computation time for each
month’s estimation is less than 30 minutes, but the storage space required is enormous. The
sales data and estimation results for a 2-year period take up 40 GB of hard disk space.

After the PMEHA prototype was finished and implemented, twenty-four months of
convenience store estimation were tested for all items for all months. Two On-Line
Analysis Procedure (OLAP) functions—Drill down and Sum up—were added to the
PMEHA prototype so that users could query the estimation from different perspectives,
such as item, product category, area, zone, and/or store size. The PMEHA prototype
included web enabling capability so that users could easily access the results through
Internet. Figure 6 provides a sample view of the graphic interface. Other than the example
in Figure 6, the user interfaces and PMEHA results cannot be shown here because of the
sensitivity and confidentiality of the sales data. The information shown in Figure 6
represents the estimations for the upper-level category for supermarkets (in increments of
NT $1000.) For example, the estimations in the first row are for “Dairy Products” in the
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north, center, and south from 1/1/2001 to 6/30/2001; the total is given in the right-most
column. This “Dairy Products” category was the number one upper-level category sold in
supermarkets, while “Refreshments” were number one in convenience stores and
“Household Cleaning Products” were number one in hypermarkets.

Although a verification procedure was carefully carried out, no public data existed at
the time to validate the results of this estimation. Therefore, the estimation result was
shown to the retailers participating in the RSISS project: convenience store chains,
supermarket chains, and hypermarket chains. In June 2002, a meeting of CCL/ITRI,
retailers, and manufacturers was scheduled to demonstrate the PMEHA estimation results.
One reason for this meeting was to ask manufacturers to validate the estimation results.
Although manufacturers could not provide detailed proof, they affirmed that 85% of the
estimation was close to their idea of the market. These manufacturers were quite interested
in obtaining the result of this estimation because there was no other source for retail census
information with so many dimensions. For the first time, manufacturers were able to gain
some insight into the local markets for individual products. For instance, sales of a famous
brand of tea drink (200 ml) attained NT $600 million (more than 18 million US$) alone in
convenience store market in 2002, and its biggest customer group was students, as shown
by the high level of sales in school zones. The information also showed that competition in
the tea drink market was fierce, with several large local brands competing in the
school-zone convenience store market.

PMEHA was finally incorporated into RSISS on December 1, 2003 by CCL/ITRI, and
on December 1, 2004, RSISS was privatized, creating a private consulting firm, which is a
subsidiary of Trade-Van Information Services Co. The ultimate goal of the RSISS project
was to create a unique business model for the long-term maintenance of RSISS. During the
first phase of development, only retailers joined; they provided sampled POS data for
RSISS and in turn were able to connect to the database and access the estimation
information. After RSISS was privatized, Trade-Van Information Services Co. began
collecting service fees from all these retailers. With such valuable information, the
manufacturers were willing to pay, but the scale and level of services are still being
negotiated by Trade-Van, the retailers, the local manufacturers, and the importers.

With the successful implementation of PMEHA and the privatization of RSISS,
Trade-Van Information Services Co plans to extend the use of PMEHA to 3C retail chains
in the next few years. In the future, Trade-Van also hopes to extend their RSISS service to
other parts of the geographical areas in Asia, such as China and South/East Asia. Given the
enormous degree of expertise gained while constructing RSISS, convincing retailers in
those regions to form a combined POS database in order to obtain valuable market size

estimation through RSISS should be fairly easy.
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6. Conclusion

This paper describes the development and history of an algorithm, called POS Market
Estimation Heuristic Algorithm (PMEHA), used to estimate the market size of grocery
products based on sampled POS data provided by retailers. Sampled POS data refers to the
POS data from only a small portion of the retailer chain stores. Adding certain publicly
accessible data, such as number of stores per chain in each area or in each zone, to the
sampled sales information allows the estimation heuristic algorithm to calculate market
size information. A prototype of the algorithm was built and implemented as part of the
RSISS, which was officially launched and became accessible to participating retailers on
December 1, 2003.

In the future, it is expected that the PMEHA estimation information can be further
processed to provide more value-added information. One of the extensions will allow
time-series analysis by incorporating cross-sectional estimation with forecast models and
economic/environmental variables. From current estimation results, it is clear that zone,
area, and item classification all have an impact on sales. For example, tea drink sales in
school zones reflect a significant seasonal effect, while coffee sales demonstrate no
seasonal effect at all. Therefore, different forecasting models should be used for items of
different classifications, or in different zones and/or areas. Another future project is to
extend the use of this estimation algorithm to other retail industries, such as 3C or fashion,

or to extend the services to other regions of Asia, such as China and South/East Asia.
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Figure 6: The Estimation Result for Supermarkets from 1/2002 to 6/2002

Table 1: The data for chain r1needed in step (P1)

Data / Areas (a) North Center South
W(rl, a) 50% 20% 30%
Total number of stores in the chain r/ in area a. 150 80 100

Table 2: The data for chain r1 computed in steps (P1), (P2), and (P3)
Data / Areas (a) North Center South Total

Average sales figures at each store $600000)  $450000( 3540000) $1590000
Sampled saleg flgur.es for Lower-Level $50000 $24000 $300001  $104000
Category Fruit Tea in each area
Percentages for Lower-Level Category
Fruit Tea after adjusting for sales| 24.04% 4.62% 8.65% 37.31%
figures
Pergentages for Lowe.r-Le.w:l Category 64.43% 12.379 23 20% 100%
Fruit Tea after normalization
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Table 3: The data for chain r1 computed in step (P4)
Data / Zones (z) School |Business |Residential Bu.smes?— Total
Residential
Sampled sales figures for Lower-Levell ¢, /05 ;5000 $9000 $4000| $52000
Category Fruit Tea in each zone
Total number of stores in each zone. 120 100 60 40 320
Adjustment factors for Lower-Levell ) )30 oy35 04742 0.4094] 3.2755
Category Fruit Tea after normalization.
Table 4: The data computed in step (P4)
Data / Chains (7) rl r2
Sampled sales figures for item A4 apple tea 200ml in school zone $5400, $3600
P(r) 5% 15%
Adjustment factors for Lower-Level Category Fruit Tea in school zone | 1.2283| 1.1123

Table 5: Percentages for Lower-Level Category Fruit Tea in each area needed in step (P5)

Chains (r) / Areas (a) North Center South

rl 64.43% 12.37% 23.2%

r2 10.21% 32.28% 57.51%

Table 6: The results computed in steps (P5) and (P6)

Sales / Area (a) North Center South Total

The estlmgted total sales of item Apple $88.196]  $25.486|  $43.986| $157.668
tea 200ml in school zone
The estlmqted total sales of item Orange $63.124|  $19.560|  $33.758| $116.442
tea 200m! in school zone
The estlmgted total sales of item each $20.168 $6.250 $10.786|  $37.204
tea 200ml in school zone
The estlmateq totallsales for Lower-Level $171.488|  $51.296 $88.530| $311.314
Category Fruit Tea in school zone






