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Data mining is proving to be a valuable tool, by identifying potentially useful information from
the large amounts of data collected, and enabling an organization to gain an advantage over
its competitors. This article defines what data mining is and covers the operations of data min-
ing as have been classified throughout literature. It then focuses on the important uses of data
mining, which include but are not limited to marketing, risk management, fraud detection, and
customer acquisition and retention. Examples of how the banking and retail industries have
been effectively utilizing data mining in these areas are provided.
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IS ODAY, ORGANIZATIONS ARE REALIZING
the advantages that come with the utili-
zation of data mining. Data mining is
proving to be a valuable tool, by identify-

ing potentiallv useful information from the
large amounts of data collected, and enabling
an organization to gain an advantage over its
competitors. A report from Forrester Research
stated that of the Fortune 1000 companies, 52
percent were planning to utilize data mining in
their marketing strategies in 2001, which is an
increase from 18 percent in 1999.Also, 48 per-
cent were planning to use data mining to im-
prove customer service, wlhich is an increase
from 16 percent in 1999 (Le Beau, 2000).

The increase in the amount of data being
collected is not the onlv reason for companies
to look to data niining. According to Mitchell
(1999), several recent trends have increased
the interest in data mining, including the de-
clining cost of data storage and the increasing
ease of collecting data, the development of
robust and efficient machine learning algo-
rithms to process data, and the declining cost

of computational power.With greater data stor-
age capabilities and declining costs, data min-
ing has offered organizations a new wav of
doing business. Data mining can help organiza-
tions better understand their business, be able
to better serve their customers, and increase
the effectiveness of the organization (Chopoo-
rian et al., 2001).

Today, data mining is being used throughout
manv industries, including financial institutions,
retail, insurnce, and telecommunications. Ac-
cording to Crook et al. (2001), in the past few
years many organizations, especiallv retailers
and banks, have recognized the importance of
the information thev have on their customers.

Thlis article begins with what data mining
is, the operations of data mining, and the uses
of data mining. It then specifically focuses on
the banking and retail industries and how thev
lhave been effectivelv utilizing data niining.

WHAT IS DATA MINING?
Data mining has become a widelv accepted
process for organizations to enhance their
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TABLE I Data Mining Defined throughout the Literature

Fayyad et al. (1996a)

Cabena et al. (1998)

Fabris (1998)

Chung and Gray (1999)

Hui and Jha (1999)

Berry and Linoff (2000)

Data mining is a step in the knowledge discovery in databases (KDD) process
and refers to algorithms that are applied to extract patterns from the data. The
extracted information can then be used to form a prediction or classification
model, identify trends and associations, refine an existing model, or provide a
summary of the database being mined.

Data mining is defined as "the process of extracting previously unknown, valid,
and actionable information from large databases and then using the
information to make crucial business decisions."

Data mining is described as the automated analysis of large amounts of data to
find patterns and trends that may have otherwise gone undiscovered.

"The objective of data mining is to identify valid, novel, potentially useful, and
understandable correlations and patterns in existing data."

Data mining is the process of discovering interesting knowledge from large
amounts of data that can be used to help companies make better decisions
and remain competitive in the marketplace.

Data mining is "the process of exploration and analysis, by automatic or
semiautomatic means, of large quantities of data in order to discover
meaningful patterns and rules."

organizational performance and gain a compet-
itive advantage. Because the data mining pro-
cess is a relatively new concept, it has been
defined in various ways by various authors in
the recent past. Table 1 provides a few defini-
tions from the literature on what data mining is
and how it can be beneficial to an organization.

The definitions of data mininig given by
these authors are somewhat different but all
have the same idea: to extract important infor-
mation from existing data and enable better de-
cision making throughout an organization. Not
only can data mining improve decision making
by searching for relationships and patterns
from the extensive data collected by organiza-
tions, but it can also reduce information over-
load (Zhu et al., 2001). Data mining enables an
organization to focus on the most important in-
formation in the database, which allows man-
agers to make more knowledgeable decisions
by predicting future trends and behaviors
(Chopoorian et al., 2001). Before data mining
was utilized, managers were not as capable of
making such informed decisions because
searching through large amounts of data was
too expensive and time-consuming.

DATA MINING OPERATIONS
Throughout the literature, data mining opera-
tions are also classified in different ways. The
following are a few categorizations of data min-
ing operations, including (1) clustering/seg-
mentation, (2) visualization, (3) predictive
modeling, (4) link analysis, (5) deviation detec-
tion, (6) dependency modeling, and (7) sum-
marization.

[1 Clustering/segmentation. Clustering, or seg-
mentation, is a method of grouping data into
classes (or clusters) that share similar pat-
terns or characteristics (Fayyad et al., 1996b;
Cabena et al., 1998; Groth, 1998; Bradley et
al., 1999;Yoon, 1999; Berry and Linoff, 2000;
Chye and Gerry, 2002). The clusters are
determined from the data, instead of relying
on predefined classes as in classification
(Fayyad et al., 1996b; Groth, 1998; Bradley et
al., 1999;Yoon, 1999; Berry and Linoff, 2000;
Chye and Gerry, 2002).The miner is the one
who must determine if there is any meaning
to attach to the resulting clusters (Berry and
Linoff, 2000). According to Groth (1998),
retailers can use clustering to discover where
similarities exist in their customer base so
they can create and understand different
groups to which they sell and market.

0 Visualization. Visualization is the graphical
representation of data (Groth, 1998; Chye
and Gerry, 2002). It can mean a lot more than
two-dimensional charts and maps by bring-
ing out points that you might not normally
see (Groth, 1998).According to Chye and
Gerry (2002), visualization can contribute
toward a greater understanding of a data set
and help to detect hidden patterns in data,
especially intricate data containing complex
and nonlinear interactions. Berry and Linoff
(2000) add that because humans are extremely
practiced at extracting meaning from visual
scenes, visualization can be very helpful.

O Predictive modeling. According to Chye and
Gerry (2002), the most common and impor-
tant applications in data mining involve pre-
diction. Bradley et al. (1999) state that
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predictive modeling has the goal of predict-
ing a specific attribute based on other
attributes in the data.According to Cabena et
al. (1998), predictive modeling is similar to
the human learning experience, where
observations are used to form a model of the
essential, underlving characteristics of an
occurrence. In data mining, predictive mod-
eling is used to analvze a database to deter-
mine some essential characteristics about
the data.The predictive modeling approach
is applicable across many industries. Exam-
ples of business applications that it supports
are customer retention management, credit
approval, cross selling, and target marketing.
Cabena et al. (1998), Bradley et al. (1999),
and Chve and Gerrv (2002) include classifica-
tion as a part of their predictive modeling
category.They conclude that classification
has the objective of predicting the most
likely state of a variable of interest when
given the values of other variables.According
to Groth (1998), a companv can use classifi-
cation to help predict which customers thev
are more likely to lose to competitors by con-
structing a model derived from historical
data of customers that are loyal versus those
who have left. A good model can enable a
better understanding of the customers and
allow prediction of which customers will
stay and which will leave.Yoon (1999) states
that regression can also be used for predic-
tion. Regression maps a data item into a real-
valued prediction variable using the data-
bases (Fayyad et al., 1996b;Yoon, 1999). Esti-
mation is another part of predictive
modeling.According to Chve and Gerry
(2002), estimation refers to the prediction of
a target variable that is metric in nature (e.g.,
predicting the amount spent, duration of a
call, or the account balance).
L link analysis. The link analvsis operation
has the objective of identifi-ing links or con-
nections between the records in a database
(Fav-vad et al., 1996b; Cabena et al., 1998;
Yoon, 1999). According to Cabena et al.
(1998), there are three specializations of link
analysis: associations discovery, sequential
pattern discovery, and similar time sequence
discovery. Associations discoverv can be
used to analyze goods purchased in a visit to
a shop to determine which products tend to
sell well together, w hich is called market bas-
ket analysis (MBA) or product affinity analy-
sis. Sequential pattern discoverv is used to
understand long-term customer buving
behavior by identifying associations across

related purchase transactions over time that
reveal information about the sequence in
which consumers purchase goods and ser-
vices. Similar time sequence discovery is the
discovery of links between two time-depen-
dent sets of data and is based on the degree
of similarity between the patterns that both
time series demonstrate. Retailers can deter-
mine whether a product with a specific pat-
tern of sales over time matches the sales
curve of other products, even if the pattern
match is some time behind.Yoon (1999) also
states that market basket analysis is a typical
application of link analysis in which the tech-
nique is applied to analyze point-of-sales
transaction data to identify product affinities.
Retailers are able to analyze transactions
with the use of scanners and find out what
items sell well together, such as babv's dia-
pers and formula, so they can determine
what items to displav together for effective
marketing.

I Dev iation detection. According to Cabena et
al. (1998) and Yoon (1999), deviation detec-
tion is often the source of true discovery
because outliers express deviation from an
expectation and norm that was previously
known.Yoon (1999) gives various types of
deviation, including unusual patterns that do
not fit into a previouslv measured class, sig-
nificant changes in data from one time
period to the next, outlying points in a
dataset or records that do not belong to any
particular cluster, and discrepancies
between an observation and a reference.
One of the distinctive characteristics of devi-
ation detection noted by Bradley et al. (1999)
is that the ordering of observations is signifi-
cant and must be accounted for. Cabena et al.
(1998) maintain that deviation detection sup-
ports several business applications, includ-
ing fraud detection in the use of credit cards,
insurance claims, and telephone cards: qual-
ity control; and defects tracing.

I Dependency modeling. Fayyad et al. (1996b)
describe dependency modeling as significant
dependencies among variables, which exist
at two levels: st'inctured and quantitative.
The structure -.-el specifies which vari-
ables are locall .ependent, while the quan-
titative level specifies the strengths of the
dependencies using a numerical scale.
According to Bradley et al. (1999), in depen-
dencv modeling we trv to gain insight into
the data by deriving some causal structure
within the data. Models of causality can be
probabilistic or deterministic as in deriving
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TABLE 2 Literature Coverage by Selected Authors of Data Mining Operations

Fayyad Cabena
etal. etal.

(1996b) (1998)

Clustering/ segmentation
Visualization
Predictive modeling
Link analysis
Deviation detection
Dependency modeling
Summarization
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functional dependencies between fields in
the data. Density estimation methods, in gen-
eral, fall under this category.

fl Data summarization. Data summarization
provides a summary about a subset of data
(Fayyad et al., 1996b; Bradley et al., 1999).
Bradley et al. (1999) state that there are two
classes of methods that correspond to taking
horizontal (cases) or vertical (fields) slices of
the data. In the former, one would like to
produce summaries of subsets, and in the lat-
ter, one would like to predict relations
between fields. This class of methods is dif-
ferent from other methods in that rather than
predicting a specified field (e.g., classifica-
tion) or grouping cases together (e.g., clus-
tering), the goal is to find relations between
fields.Associations rules are one method that
can be used.Associations are rules that state
that certain combinations of values occur
with other combinations of values with a cer-
tain frequency and certainty One example of
this is market basket analysis, where one
would like to summarize which products are
bouglht together.

Table 2 shows how the data mining opera-
tions have been classified throughout the liter-
ature by selected authors.

USES OF DATA MINING
Data mining has many uses in industries today
that can be beneficial to the bottom line of a
company Mitchell (1999) reports that the field
of data mining"has already produced practical
applications in such areas as analyzing medical
outcomes, detecting credit card fraud, predict-
ing customer purclhase behavior, predicting the
personal interests of Web users, and optimizing
manufacturing processes. It has also led to a set
of fascinating scientific questions about how
computers might automatically learn from past
experience."The uses of data mining discussed

in this article include (1) marketing, (2) risk
management, (3) fraud detection, and (4) cus-
tomer acquisition and retention.

Marketing
Marketing is one of the foremost areas where
data mining teclhiques can be applied. Data
mining enables an organization to sort through
vast amounts of customer data to target the
right customers.This is of vital importance to
the marketing department of any organization.
Substantial amounts of time and money can be
saved if an organization knows who their cus-
tomers are and are able to predict what their
spending patterns will be.According to Cabena
et al. (1998), the objective of database market-
ing is to analyze corporate databases so that ef-
fective marketing and promotional campaigns
can be accomplished. The sales organization
builds a database of customer product prefer-
ences and lifestyles from sources such as credit
card transactions, loyalty cards, warranty cards
and discount coupons, entries to free prize
drawings, and customer complaint calls. This
information is then mixed with publicly avail-
able information. Data mining algorithms then
sort through the data and look for clusters of
"model" consumers who share the same
characteristics - for example, interests, in-
come level, and spending habits.This group is
then a target for marketing efforts.

Targeting potential customers is a market-
ing department's main objective. Data mining
helps those in the marketing department better
understand what drives a particular customer
behavior, product activity, or event, and there-
fore enables the organization to be proactive
rather than reactive to the constantly changing
conditions in the business environment
(Chopoorian et al., 2001). By better under-
standing customers, an organization is able to
target those customers who have a higher
chance of responding favorably.
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Peacock (1998) identifies several potential
uses that data mining has in the area of market-
ing, including:

] Customner acquisition. Marketers use data
mining methods to discover attributes that
can predict customer responses to offers and
communications programs. Then the
attributes of customers that are found to be
most likely to respond are matched to corre-
sponding attributes appended to rented lists
of noncustomers. The objective is to select
only noncustomer households most likelv to
respond to a new offer.

] Customer retention. Data mining helps to
identify customers who contribute to the
company's bottom line but who may be
likely to leave and go to a competitor. The
company can then target these customers for
special offers and other inducements.

] Customer abandonment. Customers who
cost more than they contribute should be
encouraged to take their business elsewhere.
Data mining can be used to reveal whether a
customer has a negative impact on the com-
pany's bottom line.

3 .1arket basket analysis. Retailers and direct
marketers can spot product affinities and
develop focused promotion strategies by
identifving the associations between product
purchases in point-of-sale transactions.

Risk Management
Risk management covers not only risks involv-
ing insurance, but also business risks from
competitive threat, poor product quality, and
customer attrition. Customer attrition, the loss
of customers, is an increasing problem and
data mining is used in the finance, retail, and
telecommunications industries to help predict
the possible losses of customers (Cabena et al.,
1998). Losing customers to competitors is a
major concern for industries today, with the in-
creasing amount of competition businesses are
facing. Therefore, methods must be found to
determine the number of customers who are
likely to be lost to competitors so that a busi-
ness can be better prepared. One approach
that can be used is to build a model of custom-
ers who are likely to leave and go to a compet-
itive company. An analvsis of customers who
have recently left can often slhow nonintuitive
patterns, such as after a customer has a change
of address or a recent protracted exchange
with one of the agents of the company (Cabena
et al., 1998).

Fraud detection
Fraud detection must also be dealt with across
all industries.The sectors where many transac-
tions are made are more vulnerable, such as
health care, retail, credit card services, and
telecommunications (Cabena et al., 1998).The
pioneers of the use of data mining techniques
to prevent fraud were the telephone compa-
nies and insurance companies, with banks fol-
lowing close behind (Decker, 1998). Fraud can
result in a business losing substantial amounts
of money. Being able to protect a business from
the chance of fraud is an important concern for
an organization and data mining can help. To
detect fraudulent actions, a model can be built
using fraudulent behavior (or potentially fraud-
ulent behavior) that has been done in the past
and then use data mining to identify behavior
that is similar (Cabena et al., 1998).

Customer Acquisition and Retention
Customer acquisition and retention is primarilv
a marketing effort but is discussed as a separate
area because of its vital importance to indus-
tries. Customer acquisition, the task of acquir-
ing new customers, is a major objective for any
organization because without customers, a
business cannot thrive. Customer retention in-
volves retaining those customers the business
alreadv has. Although acquiring customers is a
much easier task than retaining customers, it is
less expensive for a business to try to retain the
existing customers rather than developing ad-
ditional marketing initiatives to attract new
customers. Marple and Zimmerman (1999)
conclude that "it costs 33 to 50 percent less to
sell to existing customers than it does to sell to
new ones and that the odds of an existing cus-
tomer repeating business with y ou are expo-
nentiallv higher than converting someone
else's customer." Organizations can use data
mining to help in acquiring new customers and
retaining existing customers.

Regarding customer acquisition, Weir
(1998) states that customer profiling is used to
help identify the characteristics of good cus-
tomers with the objectives of predicting who
will become one and helping the marketing de-
partment target new prospects. Customer ac-
quisition can be targeted appropriately using
data mining to find patterns in a customer data-
base. By only targeting persons who have the
potential to become customers, an organiza-
tion reduces the amount of time and money
spent on customer acquisition efforts.
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To retain an organization's existing custom-
ers, it is important for an organization to know
what factors indicate whether a customer is
likely to leave the business and go to competi-
tors. Data mining can assist in identifying cus-
tomers who are likely to leave and the business
can offer those customers incentives to stay.
Berger (1999) points out that an organization
can create models that offer detailed "profiles"
or characteristics of customers likely to churn,
be profitable, or respond to a specific retention
offer.When an organization knows the custom-
ers who are most profitable and most likely to
respond favorably to an offer, there is less
chance of losing those customers to competi-
tors. Utilizing data mining, a business is better
able to understand the needs of its customers
and, therefore, can improve and extend the ex-
isting relationship.

THE BANKING INDUSTRY
The banking industry is recognizing the impor-
tance of the information it has on its custom-
ers. This industry has high information
demands and uses information teclnology not
only to improve the quality of service, but also
to gain a competitive advantage (Hwang et al.,
2002). The enormous amount of data that
banks have been collecting over the years can
greatly influence the success of data mining ef-
forts.

According to Fabris (1998), by using data
mining to analyze patterns and trends, bank ex-
ecutives can predict with increased accuracy
how customers will react to adjustments in in-
terest rates, which customers will be likely to
accept new product offers, which customers
will be at a higher risk for defaulting on a loan,
and how to make each customer relationship
more profitable. Data mining is proving itself
very useful in the banking industrv In the fol-
lowing sections, examples are given of how the
banking industry has been effectively utilizing
data mining in the areas of (1) marketing, (2)
risk management, (3) fraud detection, and (4)
customer acquisition and retention.

Marketing
One of the most widely used areas of data min-
ing for the banking industry is in marketing.
The bank's marketing department can use data
mining to analyze customer databases and de-
velop statistically sound profiles of individual
customer preferences for products and servic-
es. By offering only those products and servic-
es the customer really wants, the bank saves

money on promotions and offerings that would
otherwise be unprofitable (Decker, 1998).
Bank marketers need to focus on their custom-
ers by learning more about them. Bank of
America uses database marketing to improve
customer service and increase profits. By con-
solidating five years of customer history
records, the bank is able to market and sell tar-
geted services to their customers (Cabena et
al., 1998). By revealing patterns of customer
behavior, their profitability can be determined
and the bank can also expand its business by of-
fering each individual customer other products
and services.

Cross selling is a marketing area where data
mining can be used. Cross selling is when a ser-
vice provider makes it attractive for a customer
to buy additional products or services with the
same business (Cabena et al., 1998).The more
products and services a bank can provide for
customers, the more likely the bank is to retain
those customers. Cabena et al. (1998) give the
example of Mellon Bank, which uses data min-
ing to find customers with demand deposit ac-
counts who may be interested in a home equity
loan.A model is built of the customers who al-
ready have home equity loans and this model is
then used to pinpoint other customers who
may also be interested.Another example is the
Bank of America, which has recently complet-
ed a project with IBM's data mining tools to
search its database of corporate clients and try
to figure out what products the clients may
need next (Lach, 1999).

Risk Management
Data mining is also used for risk management
in the banking industrv. Bank executives need
to know whether the customers they are deal-
ing with are reliable. Offering new customers
credit cards, extending existing customers
lines of credit, and approving loans can be
risky decisions for banks if they do not know
anything about their customers. Data mining
can be used to reduce the risk of banks that is-
sue credit cards by determining those custom-
ers who are likely to default on their accounts.
An example given by Kuykendall (1999) is of a
bank discovering that cardholders who with-
drew money at casinos had higher rates of de-
linquency and bankruptcv.

Crook et al. (2001) report that credit scor-
ing was one of the earliest financial risk man-
agement tools developed. Credit scoring can
be valuable to lenders in the banking industry
when making lending decisions. Lenders
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would not have expanded the number of loans
they give out without having an accurate, ob-
jective, and controllable risk assessment tool
(Crook et al., 2001). The examples of both a
good and a bad loan applicant's histories can
be used to develop a profile for a good and bad
new loan applicant (Cabena et al., 1998). Data
mining can derive the credit behaviors of indi-
vidual borrowers with instaUment, mortgage,
and credit card loans, using characteristics
such as credit history, length of emplovment,
and length of residencv (Decker, 1998).A score
is produced that allows a lender to evaluate the
customer and decide whether the person is a
good candidate for a loan or if there is a high
risk of default.

Customers who have been with the bank
for longer periods of time, have remained in
good standing, and have higher wages are more
likely to receive a loan than a new customer
who has no histon- with the bank or who earns
low wages. By knowing what the chances of
default are for a customer, the bank is in a bet-
ter position to reduce its risks. The Bank of
Montreal analvzes customers' transactions in
checking, savings, and other accounts for in-
sight into customers who may be at risk of de-
faulting (Pabris, 1998).

Fraud Detection
Another area where data mining can be used in
the banking industrv is in fraud detection.
Groth (1998) reports that, in banking, the most
widespread use of data mining is in the area of
fraud detection. Being able to detect fraudulent
actions is an increasing concern for manv busi-
nesses; and with the help of data mining, more
fraudulent actions are being detected and
stopped. According to Decker (1998), two dif-
ferent approaches have been developed by fi-
nancial institLtions to detect fraud patterns. In
the first approach, a bank taps the data ware-
house of a third party (potentially containing
transaction information from many companies)
and uses data mining programs to identif
fraud patterns. The bank can then cross-refer-
ence those patterns with its own database for
signs of internal trouble. In the second ap-
proach, fraud pattern identification is based
strictly on the bank's own internal information.

One system that has been successful in de-
tecting fraud is the Falcon fraud assessment svs-
tem developed by HNC, Inc.; it was built using
a neural network shell and is used by many
banks to detect suspicious credit card transac-
tions (Brachman et al., 1996). Kuykendall

(1999) reports that "Falcon is used by nine of
the top ten credit card issuing banks, where it
examines the transactions of 80 percent of
cards held in the U.S." Mellon Bank also uses
data mining for fraud detection and is able to
better protect itself and its customers' funds
from potential credit card fraud (Cabena et al.,
1998).

Customer Acquisition and Retention
Not only can data mining help the banking in-
dustnr gain new customers, but it can also help
in retaining existing customers. Customer ac-
quisition and retention are important concerns
for any industry, especiaUy the banking indus-
try. Today, customers have so many options
with regard to where they can choose to do
their business. Executives in the banking indus-
trn must be aware that if they are not giving
each customer their full attention, the custom-
er can simply find another company that will.
Data mining can help in targeting new custom-
ers for products and senrices and in discover-
ing a customer's previous purchasing patterns
so that the bank will be able to retain its exist-
ing customers by offering incentives that are
individually tailored to the customer's needs.

When Chase Manhattan Bank in NewYork
began to lose customers to competitors, it be-
gan using data mining to analyze customer ac-
counts and make changes in its account
requirements, thus allowing the bank to retain
its profitable customers (Fabris, 1998). Data
mining is also being used by Fleet Bank in Bos-
ton to identify the best candidates for mutual
fund offerings. The bank mines customer de-
mographics and account data along different
product lines to determine which customers
mav be likely to invest in a mutual fund, and
then this information is used to target those
customers (Fabris, 1998). Bank of America's
West Coast customer service call center has its
representatives ready with customer proffles
gathered from data mining to pitch new prod-
ucts and senrices that are the most relevant to
each individual caller (Fabris, 1998).

Mortgage bankers are also concerned with
retaining customers. Mortgage Guaranty Insur-
ance Corporation (MGIC), in Milwaukee, be-
gan a customer retention program for lenders,
with the goal of helping lenders retain their
customers' lender of choice.The program uses
leading-edge Internet teclnologies, predictive
models, and consumer-direct marketing to en-
able lenders to identify new customers and re-
tain those that they already have (Marple and
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Zimmerman, 1999). For lenders to remain
competitive, they must understand the needs
of their customers; otherwise, the customers
will be lost to competitors.

C oor lender-s
to r emain
competitive,
they must
under stand the
needs of their
customzer s;
otherwvise, the
customers will
be lost to
competitor-s.

THE RETAIL INDUSTRY
The retail industry is also realizing that it is pos-
sible to gain a competitive advantage utilizing
data mining. Retailers have been collecting
enormous amounts of data throughout the
years, just as the banking industry, and now
have the tool that is needed to sort through this
data and find useful pieces of information. For
retailers, data mining can be used to provide in-
formation on product sales trends, customer
buying habits and preferences, supplier lead
times and delivery performance, seasonal vari-
ations, customer peak traffic periods, and simi-
lar predictive data for making proactive
decisions (Savage, 2002). According to Groth
(1998), retailers are interested in creating data
mining models to answer questions such as:

0 How much are customers likely to spend
over long periods of time?

0 What is the frequency of customer purchas-
ing behavior?

0 What are the best types of advertisements to
reach certain segments?

0 What advertising mediums are most effective
in reaching customers?

0 What is the optimal timing to send mailers?

In the following sections, examples of how
the retail industry has also been effectively utiliz-
ing data mining in the areas of (1) marketing, (2)
risk management, (3) fraud detection, and (4)
customer acquisition and retention are shown.

Marketing
One of the most widely used areas of data min-
ing for the retail industry, like the banking in-
dustry is in marketing. Groth (1998) suggests
that customer identification is critical to most
retailers, and is likely to become more so.
Therefore, it is crucial that retailers identify
with their customers by offering promotions
and incentives that are tailored to fit each indi-
vidual customer's needs.

Market basket analysis is a marketing meth-
od used by many retailers to determine the op-
timal locations to promote products. Brachman
et al. (1996) defines market basket analysis as
"the study of retail stock movement data re-
corded at a point of sale - to support deci-
sions on shelf-space allocation, store layout, and
product location and promotion effectiveness."

As indicated by Peacock (1998), market basket
analysis uses information about products al-
ready purchased by customers to predict
which products they would be likely to buy if
given special offers or even if they are just
made aware of the products. Knowing where
to locate products and promote them effective-
ly can increase the stores' sales.

Another marketing tactic employed by
many retail stores is the use of loyalty cards. Re-
warding those customers who are frequent
buyers encourages them to do even more of
their shopping at that store and makes them
less likely to buy from competitor stores (Cabe-
na et al., 1998). Rewarding customers for pur-
chasing products gives them the incentive to
purchase even more. Supermarkets can use
loyalty cards so that when the store has a new
service to offer, such as ready-to-eat frozen
meals, it goes only to the people who have al-
ready shown interest in frozen meals.They can
also be used to increase spending, where shop-
pers could be offered a free dinner when they
have spent over $400 during a month (Berry
and Linoff, 2000).

Coupon printers at the checkout stands of
supermarkets provide an additional way to tar-
get customers.These printers are beneficial to
brand managers who may not know which cus-
tomers to target for their brand of products.
The coupon printer at the checkout stand can
be programmed to print out a coupon for their
particular brand when certain products are
purchased.This ensures that an incentive to try
the particular brand is offered to the people
who are currently buving products in certain
categories (Berry and Linoff, 2000). For exam-
ple, if shoppers buy a certain kind of laundry
detergent, they will be given a coupon for oth-
er laundry care items of the desired brand.

There are an increasing number of retail
companies utilizing data mining for marketing
purposes and benefiting from its use. Fingerhut
Corp., a catalog retailer in Minnetonka, Minne-
sota, sends out 130 different catalogs and has a
six-terabyte data warehouse holding informa-
tion on more than 65 million customers. Users
can query the database daily and crunch more
than 3000 variables on the company's 12 mil-
lion most active customers in the past four
years.The company uses more than 300 predic-
tive models to search the data warehouse, with
one or more models being used on each poten-
tial recipient of every catalog that the company
sends out. In addition, data mining has also en-
abled Fingerhut to create new catalogs. One
example is the "mover's catalog,' which was
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determined to be successful when targeted to
customers who had changed their residence.
The catalog contained targeted products for
this segment of customers and saved the com-
pany money by not sending these customers
other catalogs right after they had relocated
(Lach, 1999). Another example given by Lach
(1999) is of the marketing department at Eddie
Bauer in Redmond, Washington, which is able
to run queries from its desktops to determine
which promotions to offer in each store and
which catalog to send to a customer who has
not made any recent purchases.

Risk Management
Risk management is another area where data
mining is used in the retail industrv; however,
there has not been as much research done in
tlhis area as has been done in the other areas.
Cabena et al. (1998) report that retail organiza-
tions use data mining to understand which
products may be vulnerable to competitive of-
ferings or changing consumer purchasing pat-
terns. The previous purchasing patterns of
customers are anal)zed to identify those cus-
tomers with low product or brand lovalty. Data
mining enables retailers to remain competitive
and reduce their risks bv helping them under-
stand what their customers are reallv doing. Re-
tailers can then target those customers who are
more likelv to buy a certain brand or product
and also be able to promote products in stores
where and when they are needed.

Fraud Detection
Retail industries must also be aware that fraud
detection is necessary. Fraud occurring at POS
terminals is a concern for retailers but can be
reduced using data mining. It is estimated that
38 percent of retail shrink occurs because of
dishonest employees (Cabena et al., 1998).
Weir (2001) reports that the average supermar-
ket is almost twice as likel- to lose a dollar to
shrink as it is to earn a dollar in profit.And with
about 25 cents of every shrink dollar traceable
to POS fraud, it is no wonder retailers continue
looking for wails to reduce the number of dis-
honest cashiers.

According to Weir (2001), some supermar-
kets have begun to make use of digitized
closed-circuit television (CCTV) systems along
with POS data mining to enable retail loss pre-
vention managers to expose cashier stealing
and sweethearting, assemble convincing evi-
dence, and deal with these situations as a mat-
ter of routine. The managers decide wxhat

constitutes suspicious behavior and send their
software out to detect it. This is called excep-
tion-based reporting. The system flags POS
transactions that are the most susceptible to
fraud - refunds, credits, discounts, no-sale
rings, and the like - and compiles them in a
report that identifies the date, time, and check-
out lanes where they took place.The managers
can then look at the videotape to see exactly
what happened and do not even have to be
an}where near the store when thev do it.

Customer Acquisition and Retention
Data mining can also help in acquiring and re-
taining customers in the retail industry.The re-
tail industrv must deal with an enormous
amount of competition and can use data min-
ing to better understand what their customers'
needs are. A retailer can studv customers' past
purchasing histories and know with what
kinds of promotions and incentives to target
customers.Also, if a store has seen a number of
people leave the store and go to competitors,
data mining can be used to study the custom-
ers' past purchasing histories and then use this
information to keep other customers from go-
ing to a competitor store.

CONCLUSION
Th-is article has defined data mining as a tool
used to extract important information from ex-
isting data and enable better decision making
throughout an organization. An organization
uses a data warehouse to combine various data
from its databases into an acceptable format so
that the data can be mined.The data is then an-
alvzed using data mining and the information
that is captured is used throughout the organi-
zation to support decision making. The opera-
tions of data mining that have been classified
throughout the literature were also discussed,
including (1) clustering/segmentation, (2) visu-
alization, (3) predictive modeling, (4) link anal-
vsis, (5) deviation detection, (6) dependenc-
modeling, and (7) summarization.

This research has shown that many indus-
tries, including the banking and retail indus-
tries, have been effectively using data mining.
In marketing, data mining enables an organiza-
tion to sort through vast amounts of customer
data to target the right customers. In risk man-
agement, data mining helps an organization
predict the number of customers who are like-
l- to be lost to competitors so that the business
can be better prepared. Data mining is useful
for fraud detection because, by detecting these
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fraudulent actions, an organization can keep

from losing substantial amounts of money. Data

mining is also important for customer acquisi-

tion and retention, enabling an organization to

target new customers and retain the customers

it already has. Those industries that effectively

utilize data mining have the ability to develop

or enhance a competitive advantage. A
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