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Abstract

Prospecting means “finding new customers”. It
demands effort and resources. Traditional prospecting
techniques involved surveying. During surveys raw data
is generated which must be cleaned before usage. This
cleaning is an overhead. Other techniques require
customer  demographics. Unfortunately supermarket
databases lack customer demographics and acquiring
these demographics by any mean is very expensive. So
these traditional techniques cannot be used to perform
prospecting for supermarkets. Hence our aim is to devise
a way that will assist supermarket analysts in identifying
future prospects by analyzing the semantics hidden in the
customer’s past transactional records without using any
customer demographics and without conducting any
surveys. We will classify the customers on the basis of
date and time and then identify the prospective customer
classes.

1. Introduction

Supermarkets are a great place to reach a mass
audience. Non-food items now make up a third of
supermarket sales. It is therefore not surprising that
consumers have embraced the ability to purchase other
items whilst in store and are spending more time in
supermarkets as a result. But every year thousands of new
products are launched and despite their support by large
scale advertising and promotional campaigns 75% fail [1].
These failure rates can be reduced by taking more
informed decisions before committing huge costs required
to launch these products.

Supermarket analysts should focus on prospecting.
They should start with asking the critical questions like
“If we have the opportunity, with whom do we want to do
business? “. The answer is to identify their prospective
customers by analyzing their historical transactional data.
Prospecting means to find new customers. Traditional
prospecting techniques involve customer surveys that
require considerable effort and result in huge amount of
data. Since this data is raw, its analysis offers an overhead
of cleaning the data. Another mean to identify the
prospects is to analyze the existing customer’s behavior,
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present in the form of customer’s transaction history.
Prospect analysis on these records require customer
demographics, so that customers can be classified on their
basis, but environments like supermarkets lack these
demographics and acquiring them from external means is
Very expensive.

Thus our aim is to devise a way to first classify the
customers in the absence of their demographics using
some other dimension and then identify the prospective
customer class using the buying history of that class. In
order to do so this paper presents a new technique for
identifying the prospects for the new products by
analyzing the buying behavior of the customers for the
older products. Since the most ideal customers for any
new product are none other but the most profitable
customers for similar previous products. Customers
buying behavior will be classified on the basis of the time
they perform these transactions and then the buying
behavior of each class for the matched products will be
analyzed. Depending upon this behavior, prospective
class will be identified.

The paper is organized as follows. Second section
presents the literature review. Third section deals with the
detailed description of proposed method. In the fourth
section some experimental results are presented and in the
last section conclusion of the whole proposed system is
presented.

2. Related Work

Planning a better promotional campaign for the sale of
a new item requires its prospective customers to be
identified, so that the advertising campaign can be altered
according to their needs and it also helps in saving cost
and resources. Frank M. Thiesing in [2] presented a
technique of wusing artificial neural networks for
predicting a short term forecast of the sale of articles in
supermarkets but its focus was not to identify the
prospective customers for a new product. Many
techniques use Association Rule Mining to identify the
hidden rules in the data called Association Rules [3, 4, 5].
These rules identify the products that are frequently
bought by customers and sct of products whose sale is
affected by the sale of another set of products. But the
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at any part of the week but they usually prefer the day
time. Since different people exhibit different behaviors
with respect to the time they visit supermarkets, we can
use this behavior to cluster the transactions made by them
and it will ultimately divide the customers into different
clusters. Thus we have devised a way to classify the
customers even in the absence of their demographics
using only their behavior. The stepwise description of this
component is as follows

Step 1: Since there can be billions of transactions in a
supermarket database but for our analysis we focused on
the transactions of last year. Let these transactions be
represented by set D. We identify the time of the latest
and the oldest transaction and divide the whole range into
a set of n discrete small time intervals such that

T:{S17S2:S3:"':Sn} (©)

If A represents the length of each interval then the i i’
time interval can be written as

S, =T, >T_, @)

For accurate classification, A should be small.

Step2: 1. Foreach S, €T

2, Select transactions {f, —> [, } D,
satisfying criteria.$,

3. Sum up these transactions into a single
transaction 7.

4. Determine the part of the week and part
of the day for ¢

5. Determine the class for .

Class of transaction ¢ is determined by calculating the
distance d between the time of transaction ¢ and mean
point M of each class using the equation (8)

d= |m - Z(weekl + |mday - tday | (8)
The class whose centre M corresponds to the smallest d is
the desired class for transaction 7 At the end four

different classes of transactions are produced (see figure
3).

week

4. Analyzing the behavior of each class for
item set A and identifying the prospective
class

Once all the transactions have been assigned their
respective classes, the analysis component analyzes the
behavior of each class for all the items in set 4, where 4
is the final item set produced in the item set generation
step.
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Figure 3. Classes after the classification of transactional
data
For each item i in set A, its frequency is computed in each

class, such that
Freq, =Number of transactions containing item i in a

particular class )
Over all weight of the item i in a particular class is
calculated as

Weight, = Freq,/ Total number of transactions in a

particular class 10)
Weights for each item in set A in all four classes are

stored in a matrix /¥ having n rows and 4 columns, such
that

w w w w

11 12 13 14

w21 w22 w23 w24

11)

w w w w

nl n2 n3 n4

Rows of matrix W correspond to the items in set A while

columns of 7 correspond to four classes. Wl.j represents
the weight of i" item in j " Class. Finally the weights of

individual columns are summed up to provide total
weight for all the items of A in that particular column,
such that

w=[tw, 1w, 1w, IW,] 12)
Where
W, =>W, 13)
j=0

Where n is the total number of products in set A
The class with the largest 70 value will be the most
profitable and prospective class for items of set A .

5. Experimental Results
Our proposed system performs three main tasks

1. Identify the matched products and generate
frequent item set.
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2. Classify the customer behavior by classifying the
transaction data on the basis of date and time.
3. Identify the prospective customer class.

The accuracy of the third task depends upon the
accuracy of the former tasks. If the item set generation
and classification of the transactions have been done
accurately, it will lead to the identification of correct
prospective customer class. We simulated a virtual store,
considering only the most common transactional
attributes in any retail industry, as shown in Table 1.
Total number of products used was 100 and 500000
transaction records were generated spanning a sale period
of one year.

Before simulating the data, we chose a set of products
similar to our new product and make the sale of some
other products dependent on the sale of these matched
products, thus we had already chosen our Item Set.
During the simulation we kept the record of actual
number of transactions happening at different parts of the
week and at different times of the day, thus we have
actual number of data points belonging to different
classes on the basis of date and time of the transactions.
Part from keeping the record of numbers, for analyzing
the accuracy we divided the transactions into classes
during simulation so that the classes generated by the
system could be compared with them to identify the
number of wrongly classified transactions. Finally we
introduced some hidden patterns in the data which reveals
a large percentage of sales for items of our chosen item
set at a particular part of the week and a particular time of
the day, thus we already knew the most profitable
customer class for our item set. We then applied our
proposed method on the same data set and compare the
results of the system with the results of simulation to
calculate the accuracy of the system.

Trans_date | Trans_time| Lane | Prod upc | Quantity |amount

1/3/2003 | 12:54:00 3 10 1 24

PM

Table 1. Type of simulated transactional record

The indices we used were
1. Recall
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Recall is the ratio between the total number of results
identified by the system and the total number of results
present in the actual data.

2,  Precision

Precision is the ratio between the total number of correct
results identified by the system and the total number of
results identified by the system

3. F1 Measure

F1 measure uses both of recall and precision to give a
final value that depicts the viability of the algorithm
employed or our system.

B 2rp
(r+p)

Where r stands for recall and p stands for precision.

F1 a4

5.1. F1 Measure for Item Set generation

We ran simulation ten times, each with different
number of products in the chosen item set and compared
these with the item set generated by the system to
calculate recall, precision and F1 values using the
equations (15), (16) and (14) respectively. Results are
presented in Table 2 and Fig 4.

I = Noof productsinitem setidentified by the System (15)
No of Products in chosen item set

P = No of actual products in the item set identified by the system

Total no of products in the item set generated by the system

(16)
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Table 2. Numerical results for item set generation in ten
simulation runs
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