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Abstract

In today’s competitive marketplace, locating and effectively targeting unique market segments is 
both a reality and a necessity. For the implementation of segmentation, the choice o f clustering 
techniques and segmentation base, the test of clusters, and the evaluation of segments are 
important factors for the success of segmentation.

Due to the increasing popularity of data mining, the study explores data mining from a business 
perspective, and clearly discusses the data mining definition, process, functions, techniques, 
business applications, and approach. Through the assessment of data mining, the study examines 
the current limitations and challenges to data mining

Self-organizing maps (SOMs), a data mining technique, are often used for clustering or 
dimensional reduction. Data mining is a way to analyze an enormous amount of data to find 
trends or relationships that were not previously known to exist. The study focuses on the 
segmentation issue and applies direct K-means clustering in the modified two-stage approach 
(SOMs and K-means) to group customers. Its performance is proved to be better than tandem 
approach. The process o f systematically collecting data and using data mining or other statistical 
techniques to transform data into information and to formulate marketing strategy is called 
database marketing (DBM).

This research reviews the marketing literature and redefines DBM. It also clarifies the 
relationships among direct marketing, relationship marketing, and database marketing. The study 
finds database marketing is evolved from direct marketing (but DBM is not direct marketing), 
and argues when DBM is used for a strategic purpose, it can lead to developing relationship 
marketing programs.

Based on the importance of segmentation, the author employs benefit variables as segmentation 
bases and uses previously collected data from Ratchford and Haines (1986). After clustering the 
customers, a test of clusters (Arnold, 1979) shows the clusters exist in the target market and 
potential market. But a following test of segments (Massy and Frank, 1965) indicates the clusters 
are not segments in both the target and potential markets. However, this research further 
examines significant regression coefficients in cluster one and cluster two in the potential market, 
and the result reveals that media promotion variable is significant and it would be a basis for 
segmentation, Finally, marketing segmentation strategies are presented to cope with customers in 
the two segments.
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Chapter 1. Introduction 

1-1. Research Motives and Research Objectives

Market segmentation is a core part o f marketing strategy and tactics. Since the early 

1970s, cluster-based market segmentation has become increasingly popular in 

marketing (Schaffer and Green, 1998). The statistical clustering techniques, including 

both hierarchical and non-hierarchical method, were used to group customers during 

the late 1970s and early 1980s (Schaffer and Green, 1998). But the hierarchical 

approach is criticized for non-recovery (i.e., once an observation has been assigned to 

a cluster, it should not be moved at all) and the major disadvantage o f the 

non-hierarchical approach is that the number of clusters must be pre-specified (Punj 

and Steward, 1983; Kuo et al., 2002).

Considering the weaknesses of using only a hierarchical or a non-hierarchical method 

alone, Punj and Steward (1983) suggested that the integration o f a hierarchical 

approach along with a non-hierarchical one can provide a better clustering solution. 

This approach is called the two-stage method (Punj and Steward, 1983). Along with 

the evolution of data mining techniques, Self-Organizing Maps (SOMs) have been 

used in determining clusters and is an alternative approach to statistical clustering 

techniques (Venugopal and Baets, 1994a, Fish et al., 1995, Bigus, 1996, Kuo et al.,

1
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2002). Based on Punj and Stweard’s (1983) research, Kuo et al. (2002) proposed a 

modified two-stage approach (a combination of SOMs and K-means) and claimed 

their research demonstrated that this method has better performance than traditional 

statistical clustering. Kuo et al. (2002) used Self-Organizing Maps, instead of the 

hierarchical approach, to decide clusters, and then, the numbers of clusters are used to 

implement a K-means analysis.

In the K-means procedure, Green & Krieger (1995) reported that the highly popular 

“tandem approach”, based on a preliminary factor analysis followed by a clustering 

(typically by K-means) o f rotated, standardized factor scores, to market segmentation 

does not perform as good as a straightforward K-means clustering. Kuo et al. (2002) 

used a tandem approach in the K-means procedure and they ignored the test of 

clusters and segments.

A good performance of clustering can help companies to better target their customers 

(Berry and Linoff, 1997). This research employs the straightforward K-means 

clustering in the modified two-stage approach (Kuo et al., 2002) and evaluates its 

performance. It is. followed by a test to see whether the clusters exist and the 

evaluation of each segment if segments are found. When segments are found, a

2
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homogeneity test is used to see if  demographic variables are associated with cluster 

membership. Finally, marketing strategies are presented to cope with the segments.

Database marketing has proven to be a powerful competitive weapon for companies 

(Hughes, 2001). The belief of many businessmen in increasing competition and 

accelerating market fragmentation, the high cost of traditional channels, coupled with 

lower information systems costs, has spurred many organizations into developing 

marketing strategies which capitalize on the opportunities presented by databases.

Data mining is an important tool for the effective implementation o f database 

marketing. How does data mining help database marketing? Data mining helps 

marketing users to target marketing campaigns and also to align campaigns with the 

needs, wants, and attitudes of customers and prospects (Berson et al., 2000). Bacon 

(2002) states that data mining is useful for solving problems in marketing such as 

market segmentation, increasing sales and profitability, and customer retention. 

Recently, with advances in data mining techniques, it is claimed (Lewington et al., 

1996) that companies can harness the power of data mining to cultivate more 

individual information and can develop one-to-one communication with individual 

customers. Neural Networks, one data mining technique, has been claimed to be an 

excellent method for prediction, classification, and clustering (Bigus, 1996; Schaffer

3
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and Green, 1998; Lee and Park, 2001; Rao and Ali, 2002). The applications o f neural 

networks in business in such areas as finance and insurance have attracted much 

attention from management researchers (Li, 1994; Zahavi and Levin, 1995; Wong et 

al., 1997; Wong and Selvi, 1998; Thieme et al., 2000, Nakhaeizadeh et a l, 2002). 

However, the application of neural networks in marketing is less explored.

Although database marketing has become more popular in recent years in the 

marketing literature (Stone and Shaw, 1987; Roberts, 1992; Fletcher et a l, 1994; 

Zahavi and Levin, 1995; Verhoef and Hoekstra, 1999), the definition of database 

marketing is not consistent and does not mention the functions of data mining in 

database marketing. In addition, the relationships among database marketing, 

relationship marketing, and direct marketing are not clear.

Database marketing can enhance efficiency in targeting, tailoring, and tying 

(Cespedes and Smith, 1993). Self-Organizing Maps (SOMs) are an alternative tool to 

implement market segmentation. The increasing popularity of database marketing and 

SOMs motivates the author to discuss database marketing and to study the application 

o f SOMs in marketing.

4
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The research objectives of this study are as follows:

1. A clear understanding of database marketing definition, development, strategy, 

advantages, and challenges.

2. The clarification of the relationships among direct marketing, database marketing, 

and relationship marketing.

3. A discussion of data mining definition, functions, techniques, applications, current 

limitations, and challenges.

4. The application of straightforward K-means clustering in the modified two-stage 

approach (SOMs and K-means) to customer segmentation in the home heating 

system market, an analysis of the performance of straightforward K-means 

clustering in the modified two-stage approach, and the test of clusters and 

segments.

5. A discussion of segmentation definition, criteria for effective segmentation, and 

benefit segmentation.

6. The development of marketing strategies for the segments.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



1-2. Research Outline

Following the introduction, Chapter 2 is a literature review. It discusses database 

marketing (section 2-1), data mining (section 2-2), neural networks (section 2-3) and 

market segmentation (section 2-4). Section 2-1 begins with an introduction to the 

definition and development of database marketing, followed by a discussion of 

database marketing strategy, and its relationship with relationship marketing. Section

2-2 begins by an overview of data mining. A review of data mining process, functions 

and techniques aids to clarify the differences among the techniques and to understand 

their applications on business. Section 2-3 examines the architecture of neural 

networks and provides a detailed discussion of self-organizing maps and their pros 

and cons. Section 2-4 introduces the methods o f segmentation in marketing and 

explores benefit segmentation in financial services. Chapter 3 presents the research 

questions and hypotheses. Chapter 4 discusses the research methodology in terms of 

previously collected data, questionnaire, and SOMs implementation steps. Chapter 5 

proposes data analysis methods. Finally, Chapter 6 concludes with both the 

contributions and limitations of this study and presents the directions for future 

research.

6
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Chapter 2. Literature Review

2-1. Database Marketing 

2-1-1. Definition

Database Marketing (DBM) developed from direct marketing and mailing (Roberts,

1992). Today, new technologies (relational databases, data mining, etc.) make possible 

the use o f a database to deliver the “right” message to the “right” person at the “right” 

time. Database marketing is a relatively new approach in marketing (Petrison et al.,

1993). In the marketing literature, a number o f different definitions o f database 

marketing have been presented in the 1980s and 1990s (see Table 2-1).

Table 2-1. Database Marketing Definitions Presented in Literature

1. Stone and Shaw (1987):

Database marketing is an interactive approach to marketing communication, which 

uses addressable communications media (such as mail, telephone, and the sales force) 

to extend help to its target audience, to stimulate their demand, and to stay close to 

them by recording and keeping an electronic database memory o f customer, prospect 

and all communication and commercial contacts, to help improve all future contacts.

2. Roberts (1992):

Database marketing is the application of statistical analysis and modeling techniques

7
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to computerized individual level sets. It is used to support the development of 

cost-effective marketing programs that communicate directly with identified 

customers and prospects, and to track and evaluate the results o f specific promotional 

efforts. Database marketing implies planned communication with individually 

targeted customers and prospects over an extended period o f time to promote repeat 

purchases o f related goods and services.

3. Fletcher et al. (1994):

Database marketing uses data to identify and communicate with precisely targeted 

customers and prospects, within a planned framework, while exploiting long-term 

customer relationships. Its immediate aim may be tactical but the ultimate aim is to 

maximize lifetime customer value.

4. Zahavi and Levin (1995)

Database marketing uses the power of data and information technology to target 

audiences for promotion of goods and services, usually through the mail, from among 

a list of customers in a database.

5. Verhoef and Hoekstra (1999):

Database marketing uses individual customer and /or prospect data from a customer 

database, which are transformed into information applying statistical analysis and/or 

modeling techniques to support marketing decision-making.

8
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In the first four definitions (Stone and Shaw, 1987; Roberts, 1992; Fletcher et al. 1994; 

Zahavi and Levin, 1995) in Table 2-1, three similarities exist. First, the scope o f DBM 

is mainly limited to direct communication. Second, individual contact between the 

customer and the company exists. Third, more precise targeting o f the marketing offer 

is considered as an important objective of DBM.

Differences among the four definitions also exist, such as the inclusion o f the process 

of DBM in the definition. The process includes the management o f the database (e.g. 

the content of the database) and the statistical analysis o f the data in the database. 

Only Roberts (1992) explicitly mentions statistical analysis and modeling.

Verhoef and Hoekstra’s (1999) definition of DBM is a better one due to the three 

properties in their definition. First, the content of the database is explicitly described. 

A database used in DBM is filled with individual customer and/or prospect data (e.g. 

name, address, purchase history, etc.). The restriction of the type o f data is necessary 

because otherwise marketing using all kinds of customer data would also be named 

DBM. Second, the process of transforming the data into information is included in 

their definition. No distinction between data and information is made among the first 

four definitions in Table 2-1. In this study, data refers to the original or raw data.

9
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Information means that, after statistical analysis, some structures or topologies hidden 

in the original data are found and can be used to make marketing decisions. Third, the 

scope of DBM is not limited to direct communication. Customer data can also support 

other marketing decisions, such as segmentation, targeting, pricing, and promotion. 

(Verhoef and Hoekstra, 1999).

For the five definitions in Table 2-1, no one mentions the function o f data mining in 

DBM. It is important to include such a function in DBM. Therefore, informed by 

Verhoef and Hoekstra’s definition of DBM, this study considers the popularity and 

increasing importance of data mining in database marketing and redefines DBM as: 

Database marketing systematically collects data about past, current and potential 

customers, and uses individual customer and prospect data from a customer database, 

which are transformed into information applying data mining and other statistical 

techniques to formulate a marketing strategy and to enhance personalized 

relationships with customers.

2-1-2. The Development of Database Marketing

In the past century, DBM techniques have become increasingly important in allowing 

companies to reach and communicate with customers (Petrison et al., 1993). An

10
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examination of the history of the field (Dwyer, 1989; Petrison et al., 1993; Hoekstra 

and Huizingh, 1999) reveals that, although the concept o f database marketing has 

gained wide attention during the past several years, many of the underlying themes, 

such as individualized communication and the lifetime value of a customer, have in 

actuality been used for decades. Understanding what had happened in the past can 

enable marketers to find better ways to create relationships with their customers in the 

future.

Most database marketing concepts and techniques are developed from direct 

marketers in the United States (Petrison, 1992). Direct marketing has been defined by 

the Direct Marketing Association as an “interactive system of marketing which uses 

one or more advertising media to affect a measurable response and/or transaction at 

any location” (Stone, 1994). Although database marketing was invented in the late 

1970s, it only began to take root actively in major American corporations in the late 

1980s, as a result of decreasing costs of computer storage and retrieval (Hughes, 

2001). Based on the evolution o f database marketing in the US, Petrison et al. (1993) 

present an overview of how the field of database marketing has developed and 

describe it in six stages: pre-1950 (Mass Marketing Through the Mail), the 1950s 

(The List Decade), the 1960s (The Computer Decade), the 1970s (The Analysis

U
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Decade), the 1980s (The Implementation Decade) and the 1990s and beyond. The 

major historical events are listed in Table 2-2.

Table 2-2. Database Marketing: Major Historical Events 

Source: Adapted from Petrison et al. (1993, p.122)

Pre-1950s
First Trade Catalogs Issued (1400s)
First Mass-Market Catalogs Issued (1880s)
“ 12-Month Prune Rule” Developed (1910)
RFM Model Developed (1920s)
R.L. Polk and R.H. Donnelley Prospect Lists Compiled (1940s) 
Rudimentary Lifetime Value Models Developed (1940s)

1950s
Lists Priced According to Value 
List Brokers Formed

1960s
Computer Systems Begin Being Used for Marketing 
ZIP Code System Used for Segmentation (1967)
Merge/Purge Systems Developed (1968)
Personalized Computer-Generated Letters Used 
Genesis of “Direct Marketing”
Multiple Regression Analysis Widely Used for Marketing (1967)
AID System Used for Marketing (1968)
800-Numbers Are Introduced (1967)

1970s
Lifetime Value Model Use Becomes Widespread 
Credit Card Use Becomes Widespread 
Mail Preference Service Established (1971)

12
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1980s
Relational Databases Developed 
Computers Become More Powerful 
Genesis of “Database Marketing”
Mass Marketers Begin Using Database Marketing

The history o f database marketing suggests that DBM evolved from direct marketing. 

The early catalogers (prior to 1950s) didn’t have the concept of market segmentation 

(Petrison et al., 1993). With technological innovation and improvement, direct 

marketing companies were able to target and address current and potential customers 

(Friedrich, 1957; Miller, 1964). In the late 1960s, ZIP Codes were used in 

geographical segmentation (Baier, 1967; Roel, 1988) and gradually became popular 

for the application in market segmentation in later years. Although some techniques 

developed decades ago, such as RFM (Recency-Frequency-Monetaiy Amount) model, 

some concepts, such as lifetime value of customers, are still used today. Besides the 

developments before the early 1990s, the improvement of data mining techniques and 

the rapid growth o f the Internet and personal computers are the major events after the 

mid 1990s, make possible the implementation of one-to-one marketing (Berson et al., 

2000; Han et al., 2001). Kahan (1998) argues that database marketing techniques can 

enhance one-to-one marketing initiatives. In recent years, advances in database 

technology and an increasing computer power have quickly led to a new age o f what
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eventually has become known as “database marketing”. In the future, the use of 

individualized consumer information does not have to be confined to the direct mail 

industry, but instead can also be relevant to manufacturers o f packaged products and 

to business-to-business companies (Savini, 1988; Fish et al., 1995; Berry and Linoff, 

1997, Hughes, 2001). As database marketing becomes more objective, and as its 

importance grows, it will become the focus o f more business researchers and 

practitioners and will be more popular and adopted by more and more enterprises.

2-1-3. Database Marketing Strategy

A number of database marketing strategies have been developed by practitioners 

(Berry and Linoff, 1997; Hughes, 2001) and researchers (Roberts, 1992; Cooke, 1994; 

Kahan, 1998; Glazer, 1999). Hughes (2001) argues that strategy is the factor that is 

often missing from database marketing as it is being practiced today. The goal of any 

strategy is to use information collected about customers and their dealings with the 

company to increase the revenues and/or decrease the costs associated with future 

transactions (Cook, 1994).

Glazer (1999) presents the idea of the customer information file (CIF) as a core 

corporate asset. A CIF is a single database that captures all relevant information about
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a firm’s customers and includes customer characteristics, responses to company 

decisions, purchase history, and potential profit. Glazer (1999) argues a company sets 

as its main objective the maximizing o f returns to the CIF. His six DBM strategies are 

shown in Table 2-3.

Table 2-3. Database Marketing Strategies 

Source: Adopted from Glazer (1999)

1. Mass Customization

This strategy takes advantage of developments in manufacturing that enable 
companies to tailor or customize individual offerings at little additional marginal cost. 
Typically, it involves a significant initial investment in fixed costs that effectively 
replaces hardware-intensive processes with software-intensive ones (the factory as a 
computer). Mass customization can also refer to strategies based on flexible 
marketing methods, i.e., customizing the non-product elements of the marketing mix, 
such as customizing promotions, price-discrimination, etc.

2. Yield Management

The second strategy builds on flexible or discriminatory pricing. It takes advantage of 
customers’ heterogeneous price sensitivity with respect to time in order to maximize 
the total return on a fixed asset—particularly when the marginal cost o f providing an 
additional unit is low and the product in question cannot be inventoried. Yield 
management is popular in service businesses and has been practiced in its most 
sophisticated form by airlines. For example, American Airlines’ SABRE division has 
used the data collected from its frequent fliers to predict temporal ticket-purchase 
patterns and selectively discount seats on a given flight.

3. Capture the Customer

It is also known as customer intimacy, or affinity marketing. The objective of this 
strategy is to realize as high a share as possible o f a customer’s total (lifetime) 
purchase in a given (often expanding) set o f product categories. The
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capture-the-customer approach relies heavily on interactive communications 
(telemarketing and, increasingly, the internet or other on-line media) and capitalizes 
on the firm’s ability to use the information collected and processed from previous 
encounters and transactions. Firms as diverse as Fidelity and Charles Schwab in 
financial services and Pioneer in seeds and agricultural commodities have used 
capture-the-customer strategies to cross-sell an increasingly wide range of products to 
the same customer.

4. Event-Oriented Prospecting

The event-oriented prospecting approach is the more general capture-the-customer 
strategy. It is based on the firm’s ability to store and process life-cycle-related and 
other situational information about its customers that might trigger a purchase. A 
leader in using this strategy is USAA insurance, whose information system will, for 
example, automatically direct that information about driver education and mobile 
insurance be sent to a client whose teenage son is about to receive his license.

5. Extended Organization

Extended-organization strategy goes beyond the more traditional EDI (Electronic 
Data Interchange) processes and involves one firm’s use of customer information to 
manage a set of activities of another firm in its value chain—in effect, dissolving the 
functional boundaries between the two (technically distinct) organization. For 
example, McKesson, the pharmaceutical wholesaler, whose pioneering 
ECONOMOST system (placing terminals in drugstores tied to McKesson’s central 
computer) was originally designed to expedite order processing and control inventory, 
rejuvenated the wholesale drug distribution industry and is now effectively managing 
retail drugstores for many of its clients by selling back to them summaries o f 
information collected daily.

6. Manage by Wire

Drawing on the customer information file, as well as appropriate expert systems and 
other decision tools, companies seek to model the enterprise and commit to code as 
much as possible the procedures that form the basis of managerial decision making. 
The objective is not to replace, but to augment, the managerial function.
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In Table 2-3, the mass-customization and yield-management strategies are taken to the 

individual customer level in a way that was not possible before the adoption of 

information technology. The capture-the-customer and event-oriented-prospecting 

strategies work by maximizing both the quality and quantity o f the interactions and 

transactions with customers. Finally, the extended-organization and manage-by-wire 

strategies rely for their successful implementation on treating the entire CIF as an 

integrated file (Glazer, 1999). The choice among strategies depends on three factors: 

(1) the relative profits o f the respective strategies, (2) customer response to the 

respective strategies, and (3) the firm’s capabilities and motivations as a processor of 

CIF data (Glazer, 1999).

Roberts (1992) argues that the existence of a database enables management to track 

and evaluate the effectiveness of each customer/prospect contact and encourages 

database marketers to develop a broader and more strategic perspective on the use of a 

key resource—their database of customers and prospects. Kahan (1998) proposes that 

the strategic goal of database marketing is to use captured information to identify 

customers and prospects as individuals and to build a continuing relationship with 

them. Fletcher et al. (1996) argue that DBM is an application of information 

technology that has both tactical and strategic uses. Therefore, in practice, most
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companies view DBM as a tactical tool (Hughes, 2001), but in fact, DBM can play a 

strategic role and provide competitive advantage when correctly developed.

From the above discussion, it can be argued that the use of a customer information file 

for management decision making includes short-run tactical endeavors and long-run 

strategic initiatives. At its most basic level DBM is a tactical tool. As the complexity 

of the database increases, more information can be held. Eventually, a customer 

information file with detailed, strategic information may evolve. The evaluation of 

promotion programs by media can be regarded as a tactical level application. 

Determining promotional effectiveness by media can be seen as a strategic level task. 

Database marketers use data mining techniques to mine the information from 

customers and the information can be used to develop database marketing strategy. 

Neural network techniques offer the function o f clustering, classification, and 

prediction, and can be applied to all industries for the strategic purpose of database 

marketing (Bigus, 1996).

2-1-4. Database Marketing versus Direct Marketing

Because the development of database marketing is closely related to direct marketing 

before the 1980s (Petrison et al., 1993), some marketing researchers (Roberts, 1992;
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Nowak and Phelps, 1997) were thinking of them as the same. From the definition of 

direct marketing by the Direct Marketing Association (Stone, 1994) described in 

section 2-1-2, and this study’s definition of DBM in section 2-1-1, they are different. 

Direct marketing focuses on the direct communication and interaction with customers. 

Database marketing employs data mining or other statistical techniques to transfer 

data into information and the information is used to develop a marketing strategy. The 

scope o f DBM is not limited to direct communication. Customer data can also support 

other marketing decisions, such as segmentation. Therefore, it is proposed that DBM 

evolved from direct marketing but DBM is not direct marketing.

2-1-5. Database Marketing versus Relationship Marketing (RM)

Section 2-1-4 shows database marketing has evolved from direct marketing, but is not 

direct marketing. What is the relationship between DBM and relationship marketing? 

As is evident from the definition of database marketing in section 2-1-1, using 

database marketing can foster the development of personalized relationships with 

customers. This notion is supported in the literature by several authors and their 

arguments are shown in Table 2-4.
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Table 2-4. Arguments about DBM and RM

Authors Arguments

Roberts (1992)
The use of customer database can enhance the customer 
relationship maintenance

Shani and Chalasani 
(1992)

Database marketing is a tool to implement relationship 
marketing, but it is not relationship marketing

Keane and Wang 
(1995)

Database marketing provides an analytical tool to assist 
business managers in calculating lifetime value and 
segmenting these long-term desirable customers

Fletcher et al. (1996) Database marketing can lead to the development of long-term 
relationships with customers

Buttle (1996) Customer databases can be used to compute the lifetime 
value o f individual customers or segments o f customers. A 
relationship-oriented view of the customer considers the 
revenues and contributions earned from a long-term 
relationship with a customer

Hughes (2001) Database marketing is a strategic tool to establish long-term 
relationships with individual customer

Database marketing is information-driven and centers on efficiently reaching 

consumers that will prove to be a good target for a particular offer. Using database 

marketing information, a company can better understand its customers on an 

individual level and can deliver to them information and products targeted to their 

specific needs (Petrison et al., 1993). Therefore, it is argued a company can develop
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long-term customer bonds that will eventually translate into substantial profits.

Relationship marketing (RM) aims to establish, develop, maintain, and enhance 

relationships with customers (Gronroos, 1990; Moigan and Hunt, 1994; Berry, 1995). 

Its main objective is to foster a relationship with each customer for mutual benefit. 

Relationship marketing concentrates on differentiating individual customers from 

each other (Shani and Chalasani, 1992). Using the information in a database, the 

marketer individualizes a series of offers and messages to each member in the target 

customer group. Petrison et al. (1993) summarize the opinions from experts and argue 

that the move toward using database marketing information to create long-term 

relationships with customers has been and will continue to be fueled by the following 

factors: improved technology, increased costs of targeting a mass audience, the 

saturation o f the marketplace with products, and consumer concerns over the 

environment and personal privacy. Among the factors, improved technology and 

personal privacy are especially discussed more in late 1990s because o f  the rapid 

improvement o f information technology and the legal issue o f acquiring and using 

personal information.

In database marketing, modeling techniques such as predictive modeling and the
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calculation of the lifetime value of a client have advanced the idea of a database from 

a list of customers with isolated, individual contacts with an organization to the 

development of a tool for managing long-run relationships. One procedure, presented 

by Shaw (1992), is to identify the factors that are most predictive and weight them 

according to their relative contribution. The weights are combined into an overall 

probability estimate or score. The individual scores are then computed for each 

customer and customers are then ranked from high to low. The highest scoring 

customers represent the most eligible target group. The lifetime value o f a customer is 

the value that a customer will provide to the organization over his or her lifetime 

(Hughes, 2001). Determining the lifetime value of a customer can allow an 

organization to focus its attention on its most valuable customers, sustain relationships 

with them, and provide the ability to profile these customers in order to find and target 

others like them. Predictive modeling and customer lifetime value calculation allow 

database marketing to be used as a strategic tool rather than simply a list o f names and 

addresses.

Based on the above discussion and section 2-1-3, one might conclude that, when 

DBM is used for a strategic purpose, it can establish a continuing relationship with 

customers and therefore, may lead to developing relationship marketing programs.
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2-1-6. Advantages and Challenges of Database M arketing

The use of database marketing appears to have many potential positive outcomes for 

the company and may avoid the displeasure of customers who are inundated with 

“junk mail", i.e., mail in which they have no interest. While the implementation of 

database marketing can provide benefits to the company, there are some important 

challenges confronting database marketers with the use of database marketing. This 

section will examine the positive impacts of database marketing and also discuss the 

disadvantages o f the use o f database marketing.

Advantages of Database M arketing

1. The Three Ts

Cespedes and Smith (1993) suggest that, from a marketer’s perspective, database 

marketing can improve efficiency in what they call the Three Ts: targeting, tailoring, 

and tying. Because companies work with a defined customer or prospect list, DBM 

can improve the targeting of current and potential buyers. The process allows 

companies to waste less effort, money, and other resources by not promoting their 

products to individuals who are unlikely to respond (Cespedes and Smith, 1993). 

DBM also allows companies to tailor marketing messages and products more 

specifically to a customer group. As a firm learns more about the heavy users of its
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products or services through DBM campaigns, it can provide different variations of 

the product mix to more customer sets. By taking advantage of relationships the 

company has created through targeting and tailoring, it can develop and maintain 

better ties with its customers. Over time, customers can receive more relevant 

messages and products, and the vendor can lower selling costs and increase retention 

rates (Cespedes and Smith, 1993).

2. Benefit for marketers and individual customer

From Cespedes and Smith’s discussion of the three Ts, better targeting and tying can 

waste less effort, lower selling cost, and increase marketer’s profit. If  a company’s 

marketing efforts are targeting only at those consumers who are good prospects and it 

can choose appropriate approaches to communicate with them, then the purchase rate 

should be higher. This will, in turn, translate into higher profits. For customers, 

receiving pleasant marketing messages and products will reduce time and cost of 

searching and will potentially increase their satisfaction for the service. It is no 

wonder why Kahan (1998) argues that database marketing can create great benefits 

for the individuals and greater profit for the corporation.

Challenges of Database Marketing
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1. Privacy

Privacy is a fundamental human right recognized by the United Nations (Catlett, 

2002). In the DBM context, privacy has two discrete components: physical privacy 

and information privacy (Cespedes and Smith, 1993). Physical privacy concerns 

outcomes of DBM, such as telephone calls, mail, and faxes. Information privacy 

issues concern the inputs, use, and control of data, such as the ownership o f data. An 

examination of the privacy literature (Cespedes and Smith, 1993; Catlett, 2002) 

reveals that information privacy has attracted much attention in recent years. This 

research, however, uses a broader perspective and the discussion of privacy includes 

both physical and information privacies.

The issue of privacy is a major concern for companies considering using database 

marketing as they may suffer a consumer backlash and/or legal challenges for their 

efforts. Advances in database technology and greater access to individual-level 

information have unquestionably improved database marketers’ market segmentation, 

message formulation, and campaign evaluation capabilities. These developments also 

have raised questions regarding how far companies should be allowed to go in 

learning about or attempting to persuade consumers (Gray, 1990; Nowak and Phelps,

1997). Foxman and Kilcoyne (1993) suggest that while marketers are voracious users
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of individual-level consumer information, relatively few practitioners have considered 

whether their information practices may adversely affect consumers. Recent history 

provides several examples (such as LEXIS-NEXIS’ sale of Social Security Numbers 

in its P-TRAK system in 1996) of how public scrutiny of companies’ privacy-invasive 

practices can provoke lawmakers, damage their reputation, lower their market 

capitalization, reduce goodwill, and place stress on their customer service functions 

(Catlett, 2002).

The conflicting perspectives of privacy between companies and consumers, such as 

information ownership issue, lists selling, and junk mail, lead to difficulties in the 

implementation of DBM. Some suggestions have been made on how to deal with the 

privacy issue. Firstly, consumers are made aware anytime individual-level information 

is being collected (Jones, 1991; Nowak and Phelps, 1997). More specifically, database 

marketers should routinely inform consumers when individual-specific information is 

collected, let them know how the information will be used, and tell them who will 

have access to the data. A second suggestion is that consumers be allowed easy access 

to the information that pertains to them, e.g., allowing the consumer to check his or 

her credit rating information (Nowak and Phelps, 1997). Thirdly, database marketers 

could further alleviate privacy concerns by allowing consumers to opt off lists that are
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rented to other marketers (Jaffee, 1993; Nowak and Phelps, 1997). Ideally, database 

marketers would offer consumers a blanket approach (i.e., removing their names from 

all lists that are rented to others) as well as a selective option (i.e., allowing consumers 

to indicate the types of companies to which their names could be rented). Finally, 

educating consumers and industry self-regulation are seen as desirable (Boddewyn, 

1989; Jones, 1991; Cespedes and Smith, 1993). Database marketers should inform 

customers o f the benefits they can obtain from offering their information and, at the 

same time, marketers should self-regulate their activities so that their efforts will 

enhance their credibility.

It is evident that there are many potential gains to be made for companies deciding to 

adopt database marketing. Although some problems exist, these problems would be 

eliminated or reduced if  both database marketers and consumers had a better 

understanding o f how the database marketing process is managed and used in 

marketing efforts. In sum, continuing communication and the establishment of trust 

between both sides will be the best policy to. solve the privacy issue.

2. Environmental Concerns

Environmental and privacy concerns are widely felt in the community, and if the
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direct marketing industry does not answer these concerns in a way acceptable to the 

public, governments may answer with legislation that could severely restrict or add to 

the cost of direct marketing (Pollock, 1992). Petrison et al. (1993) also point out 

environmental issues will be a factor affecting the implementation o f DBM. Database 

marketers would tend to argue that the increased use of DBM will reduce the amount 

of wasted mail sent to households and is therefore a positive environmental measure. 

However, with the popularity of database marketing, more marketers will use this tool 

and the amount of mail sent will continue to grow, although some marketers use 

electronic mail. This once again illustrates the gap between the perceptions of 

marketers and consumers and is an issue that may be resolved by legislation.

2-1-7. Assessment of Current Research in Database Marketing

From 1990s to date, the existing literature on the subject of database marketing has 

focused on four main areas. The first is the organizational issues in the adoption of 

database marketing (Fletcher et al., 1996; Fletcher and Wright, 1997; Fletcher et al., 

2001; Seiler, 1999). These issues include such things as the structure of the 

organization, organizational culture, and the size and complexity o f the oiganization. 

The second focus is the use of database marketing, such as privacy concerns 

(Cespedes and Smith, 1993; Thomas and Maurer, 1997; Nowak and Phelps, 1997),
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and environmental concerns (Pollock, 1992; Petrison et al., 1993). The third one 

relates to database marketing strategy, such as the event-oriented prospecting (Cooke, 

1994; Kahan, 1998; Glazer, 1999). The final focus is the potential benefits of this tool, 

such as reduced costs, increased sales, and better targeting o f customers (Petrison et 

al., 1993; Crafton, 1998). All of these elements have been very well explained in the 

existing literature.

As per the application of database marketing, financial services are well known for 

the application of DBM (Fletcher et al., 1996; Crafton, 1998; Nakhaeizadeh et al., 

2002). Other industries, such as fast moving consumer goods industry (Verhoef and 

Hoekstra, 1999), pharmaceutical industry (Fried-Cassorla, 1997), and the health care 

industry (MHS staff, 2001), have also been explored. Obviously, DBM has been 

widely applied across industries.

A criticism o f the literature is the lack of precision and this could be attributed to the 

fact that little academic literature has been produced on DBM. This is evident when 

examining those articles (Stone and Shaw, 1987; Cespedes and Smith, 1993; Kahan,

1998) dealing with the potential benefits that can be obtained from the use o f database 

marketing. The articles state that DBM will allow a company to better target its
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customers. However, there is no mention o f how the customer information is to be 

used, and the steps required to go from the capture of information to actual targeting. 

In addition, many aspects of database marketing have been almost ignored. As has 

been mentioned in section 1-1, data mining techniques play an increasingly important 

role in database marketing, but very few empirical studies (Zahavi and Levin, 1995; 

Verhoef et al., 2002; Kuo et al., 2002) have been done on the application of data 

mining techniques in DBM. The use of mined information in marketing strategy has 

not yet been fully investigated and is not well understood.

As will be explained in greater detail in the following sections, the objective of this 

thesis is to apply an unsupervised neural network algorithm to group customers and to 

develop marketing strategies for target segments. The study hopes to add to the 

knowledge base of DBM.

2-1-8. Summary

The catchphrase for the 1990s database marketer is “data rich, information poor”. 

This research integrates data mining into the definition of database marketing and 

emphasizes the transformation of data into information. In fact, with the fast evolution 

of information technology, data mining techniques can aid in successful DBM by
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offering valuable customer and product information and increasing customer loyalty. 

Direct marketing, relationship marketing and database marketing are major 

buzzwords in the fields of consumer marketing and business-to-business marketing. 

This study investigates the relationships among these ideas and argues that DBM 

evolved from direct marketing and is a launch-pad for developing relationship 

marketing. DBM is not just a tactical tool. In fact, more and more companies are now 

building strategic customer management databases as distinct from the much larger, 

technically driven databases. This study argues that one DBM strategy is to establish a 

long-term relationship with customers. The implementation o f DBM can help to better 

target customers and to reduce marketing costs.

2-2. Data Mining 

2-2-1. Data Mining Context

In recent years, the application of data mining (DM) in business has had an 

unprecedented impact on business decisions (Li, 1994; Berry and Linoff, 1997; 

Berson et al., 2000). Much of the current upsurge of interest in data mining arises 

from the confluence o f two great forces: the need for data mining (drivers) and the 

means to implement it (enablers) (Cabena et al., 1997). The driver of data mining is 

what comes out o f the process of data mining that helps managers make decisions.
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Knowing your customers is the critical issue facing most businesses today. Data 

mining enables a company to understand the wants and needs of its customers to be 

competitive in the market. The enablers are mostly recent technical advances in 

machine learning research, database, and visualization technologies (Cabena et al., 

1997; Han and Kamber, 2001; Kohavi et al., 2002). The growing commercial 

pressures and major advances in information technology lend an inevitable push 

toward a more “advanced” approach to informing critical business decisions.

Facing more complex problems and a less structured decision-making process, data 

mining is one procedure that may enable decision makers to cope with fundamental 

change and to survive in the “fierce competition” ahead.

2-2-2. Definition

Data mining, which is also sometimes referred to as Knowledge Discovery in 

Database (KDD) (Frawley et al., 1992), has different definitions and aspects that have 

been addressed independently by different disciplines. Stretched to its limits (Bigus,

1996), the term seems to apply to any form of data analysis (Han and Kamber, 2001). 

From a statistical point o f view, Berry and Linoff (1997) define DM as: “The 

exploration and analysis, by automatic or semiautomatic means, of large quantities of

32

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



data in order to discover meaningful patterns and rules.” Data mining therefore is a 

way to analyze the enormous amount of data that are being generated in today’s 

industries to find trends and relationships that were not previously known to exist. 

Berry & Linoff’s definition is the most widely accepted one in the business area to 

date (Bacon, 2002; Thanakom, 2003). Fayyad and Uthurusamy (2002) present a 

similar definition and define DM as: “The identification o f interesting structure in 

data. Structure designates patterns, statistical or predictive models o f the data, and 

relationships among parts o f the data.” Alternatively, some people view data mining 

as simply an essential step in the process of knowledge discovery in databases (Han 

and Kamber, 2001). The process includes data cleaning and integration, data selection 

and transformation, data mining, pattern evaluation and knowledge presentation. The 

knowledge discovery perspective integrates concepts like data warehousing and 

database systems in the definition. However, this study focuses on data mining and 

does not discuss data warehousing or other information system issues. Therefore, the 

DM definition in this study will be the one defined by Berry and Linoff (1997).

2-2-3. Data Mining Process

From a business perspective, the data mining process relies on the data mining system 

to automate much of the predictive modeling process. Berry and Linoff (1997) call the
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data mining process a “virtuous cycle of data mining”. Data is at the heart o f most 

companies’ core business processes. If the internal data were not enough, external 

sources further augment internal data, providing demographic, lifestyle, and credit 

information on retail customers, and credit, financial, and marketing information on 

business customers. The promise o f data mining is not just to find interesting patterns 

from billions of bytes o f data. Companies must be able to respond to the patterns and 

to act on them, ultimately turning the data into information, then the information into 

action, and the action into value. This is the virtuous cycle o f data mining in a nutshell 

(Berry and Linoff, 1997).

The process of data mining can be divided into four stages (Berry and Linoff, 1997; 

Feelders etal., 2000; Koslowsky, 2001; Saban, 2001, Bacon, 2002):

1. Identify the business problem(s)

In order to solve a problem, one needs to find it first. A company should try to identify 

business problems and areas where patterns in data have the potential o f providing 

value.

2. Use data mining techniques to transform the data into information

According to the problems identified, it is crucial to choose the right source o f data. 

After the data collection, internal or external, appropriate DM techniques are used to
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deal with the data and transform the data into actionable information.

3. Act on the information

After the information has been discovered by data mining, companies need to study 

how to turn this information into action, and how to ultimately profit from it. At this 

time, one or more domain experts can help to interpret results of the analysis and 

suggest possible courses of action.

4. Evaluate the results

Evaluation provides the feedback for continuously improving results. Every data 

mining effort, whether successful or not, contributes to understanding and future 

application. The question is what to measure and how to approach the measurement 

so it provides the best input for use.

As these steps suggest, the key to success is incorporating data mining into business 

processes. These stages are highly interdependent. The results from one stage are the 

inputs into the next phase. The whole approach is driven by results. Each stage 

depends on the results from the previous stage.

2-2-4. Data Mining Functions, Techniques, Applications and Approaches

One important part o f the data mining process is the functions and techniques
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employed to achieve the mining. Many techniques have been used to perform the 

functions o f associations (or affinity grouping), clustering, classification, prediction, 

and modeling (Bigus, 1996; Berry and Linoff, 2000; Han and Kamber, 2001). The 

good news is that many business problems can be phrased in terms o f those functions. 

Data mining employs different kinds of techniques. They range from statistics, to 

neural networks, to set theory, and to other scientific and engineering fields (Bigus, 

1996; Berson et al., 2000). Obviously, data mining techniques are related to statistics. 

In fact, some DM techniques are derived from multivariate statistics, such as two 

popular decision tree technologies - Chi-Square Automatic Interaction Detector 

(CHAID) (Berry and Linoff, 2000) and Classification and Regression Trees (CART) 

(Breiman et al., 1984). The applications of DM to business became more popular after 

the mid 1990s (Berson et al., 2000; Koslowsky, 2001). Banks use DM to predict credit 

risks (Bigus, 1996). Insurance companies use DM analysis claims patterns for fraud 

and to predict high-risk situations (Berry and Linoff, 1997). Other applications 

include stock market analysis, predicting foreign exchange rates based on current 

financial indicators, etc (Rao and Ali, 2002). A list o f common data mining functions, 

the corresponding data mining techniques and typical applications are shown in Table 

2-5.
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Table 2-5 Data mining Functions 

Source: Referenced from Bigus (1996), Berry and Linoff (2000)

Data Mining Functions Techniques Application Examples

Associations Statistics, Set theory Market basket analysis

Classification Decision trees, Neural networks Target marketing, Quality 
control, Risk assessment

Clustering Neural networks, Statistics Market segmentation

Modeling Neural networks, Curve fitting, 
Linear and nonlinear regression

Ranking/scoring customers, 
Pricing model

Prediction Neural networks, Statistics 
ARIMA models, Genetic 
algorithm

Sales forecasting, Interest 
rate prediction, Inventory 
control

Once we’ve decided on the type of data mining functions we are trying to perform, 

then we can specify which data mining technique should be used. For practical 

application, no single data mining technique can solve all functions. This dissertation 

focuses on clustering issues and employs neural networks to form customer segments.

There are two data mining approaches worth mentioning. The first, hypothesis testing, 

is a top-down approach that attempts to substantiate or disprove preconceived ideas. 

We start with a hypothesis and validate the hypothesis. This is known as confirmatoiy 

analysis in the statistical world. The second, information discovery, is a bottom-up
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approach that starts with the data and tries to get it to tell us something we didn’t 

know already (Berry and Linoff, 1997; Moustafa, 2001). This is known as hypothesis 

development. Information discovery can be either supervised or unsupervised (Bigus, 

1996; Berry and Linoff, 1997). In supervised information discovery, the task is to 

explain the value o f some particular field (income, age, gender, credit worthiness, etc.) 

in terms of all the others. We select the target field and direct the computer to tell us 

how to estimate, classify, or predict it. In unsupervised information discovery, there is 

no target field. A computer program is simply used to identify patterns in the data that 

may be “significant”. Unsupervised information discovery supplements- but does not 

seek to replace- the expertise of business analysis (Berry and Linoff, 1997). Neural 

networks that are trained using unsupervised methods are called self-organizing 

because they receive no direction on what the desired or correct output should be 

(Bigus, 1996). This study uses self-organizing maps technique to cluster customers. It 

is an unsupervised learning algorithm and is discussed in detail in section 2-3.

2-2-5. Current Limitations and Challenges to Data Mining

In order to conduct effective data mining, one needs first to examine what kind of 

limitations and problems one may face at the development o f data mining techniques. 

These include the following considerations (Marakas, 1999; Feelders et al., 2000;
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Koslowsky, 2001; Fayyad and Uthurusamy, 2002):

1. Large databases and high dimensionality

Operational databases are inherently large and dynamic. Their contents are ever 

changing as data are added, modified, or removed. Rules derived from a data set at 

one moment in time may become less accurate as the data change. This need for 

timeliness of the data creates a parallel need for increased dimensionality o f the data 

for the purpose o f mining. It creates a problem requiring increasingly greater 

computing power to search.

2. The test of mining results

Because using mining techniques will always form some rules or patterns, when 

researchers use DM techniques to discover information, such as market segmentation, 

it is necessary to test if these mining results (the clusters) really exist or not.

3. Expression o f data mining results

It is very important that discovered information be expressed clearly, e.g., in 

high-level languages and/or graphical user interfaces, so that the data mining results 

can be specified by non-experts and the mined knowledge can be understood and 

directly used by users.

4. Protection o f privacy and data security

Guarding the privacy of customers has become a lot more difficult since the collection
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and distribution o f mass data can be done so easily and at low cost. Firms may buy 

additional data obtained from so-called list-brokers and merge these with their own 

company database. When using DM, one should know how to prevent the invasion of 

privacy, and how to prevent the disclosure of sensitive information.

2-2-6. Summary

Data mining (DM) is an application-dependent issue and different applications may 

require different data mining techniques. The bottom line in picking a data mining 

technique really depends on the contribution it makes to business. This translates to 

increased return on investment. If the technique can’t increase profit, it is unlikely that 

any company will use the technique. Identifying business problems is also very 

important before implementing DM. With a clear mining objective and “right” data, 

an enterprise can achieve success in using the technique chosen. An end-user-friendly 

interface is an obvious development direction in DM that has not yet occurred. The 

ultimate goal, according to Fayyad & Uthurusamy’s (2002) suggestion, is to make 

DM easy, convenient, and practical to explore very large databases for organizations 

and users with lots o f data but without years o f training as data analysts.
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2-3. Neural Networks 

2-3-1. Neural Networks Context

The term ‘neural network’ arose from artificial intelligence research, which attempted 

to understand and model brain behavior. A neural network is a computing system 

composed o f a number of simple, highly interconnected processing units or “neurons”, 

which are able to store information in a distributed manner as interconnecting weights 

between the nodes (Li, 1994; Bigus, 1996). The theoretical advances, such as the back 

propagation algorithm, Kohonen feature maps, adaptive resonance theory, along with 

the availability o f relatively cheap computing power, allowed both academic 

researchers and commercial application developers to explore using neural networks 

(NN) to solve their problems. NN can apply to all industries and offer the functions of 

classification, clustering, modeling, and prediction (Bigus, 1996). In marketing, the 

major application of NN is market segmentation. The self-organizing map is used for 

clustering and its advantages, such as its parallel processing and distributed memory, 

make it competitive compared with traditional approaches.

2-3-2. Model of a Neuron and Types of Transfer Function

A neuron is an information-processing unit that receives input signals and 

connects/transmits signals to other neurons via special interconnections (Cabena et al.,
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1997; Han and Kamber, 2001). Processing units or neurons of a NN consist of three 

main components: weights connecting the neurons, the summation function within the 

neuron, and the transfer function that produces the neuron’s output. An artificial 

neuron operates by receiving inputs from other elements, the inputs are weighted and 

added, the result is then transformed (by a transfer function) into the output (Li, 1994). 

Upon input o f patterns to the network, every neuron in the network is involved in 

some sort of calculation using the weights and the input values to produce an output 

subject to a threshold value that is intrinsic to the neuron. In mathematical terms, the 

Kth neuron by writing the equation 1 and 2 may be described as:

Uk =£W, X ,, k=l,2 m; i= l,2,3...n (Eq.l)

Y =f(U k- 0 k) (Eq.2)

where Uk represents a linearly combined output; X |,X 2,...,X n are the input signals; 

W ,,W 2,.. . .W n are the weights of neuron k; f ( ) denotes a transfer function; 0k is a 

threshold; and Y is the output state o f the neuron.

There are various possibilities for what this transfer function should be. Three basic 

types of transfer function may be identified.

1. Step function or hard limited threshold 

For this type of transfer function,
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f(x)= 1 if x
0 if x < 0 (Eq.3)

2. Linear transfer function

For a linear function,

f(x) = 1 if  x ^ k
x/2k +1/2 if -k<  x< k

0 if x < -k  (Eq.4)

3. Non-linear transfer function

Two commonly used nonlinear transfer functions are sigmoid and hyperbolic tangent. 

The major difference between them is the range of their outputs, between 0 and 1 for 

the sigmoid and between -1  and 1 for the hyperbolic tangent. For moderate input 

values, the slope o f the curve is nearly constant. Within this range, the two functions 

are almost linear and exhibit almost-linear behavior. So far, the sigmoid function is 

the most common form of transfer function used in the construction of NN (Li, 1994; 

Bigus, 1996; Berry and Linoff, 1997). Therefore, a sigmoid function is utilized in this 

study. It is defined as a strictly increasing function that exhibits smoothness and 

asymptotic properties. One popular sigmoid function (Bigus, 1996; Berry and Linoff,

1997) is

f(x)= -------   (Eq.5)
1 + exp(-x)

For a hyperbolic tangent function,
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f ^ = exp(x )-exp(-x ) 
exp(x) + exp(-jc)

(Eq.6)

2-3-3. Neural Network Architectures

The arrangement of neural processing units and their interconnections can have a 

profound impact on the processing capabilities of the neural networks. There are two 

major connection topologies that define how data flows between processing units: 

feed forward and recurrent networks (Li, 1994; Venugopal and Baets, 1994a; Bigus, 

1996; Setiono et al., 1998; Berry and Linoff, 2000):

1. Feed forward networks

Feed forward networks are used in situations where we can bring all of the 

information to bear on a problem at once, and we can present it to the neural network 

(Bigus, 1996). As the name suggests, a feed forward network is one in which data will 

flow in one direction, from input layer to output layer without any feedback loop. The 

neurons are connected from one layer to another but not to each other. There are three 

different kinds o f neurons within a neural net. Input neurons (contained in an input 

layer) receive encoded information from input variables. It is not the actual values of 

the input variables that are fed into the input layer, but some transformation of them. 

Because most neural networks accept inputs in the range of 0 to 1 or -1 to +1 (Bigus, 

1996; Berry and Linoff, 1997; Garson, 1998), data transformation is necessary. For
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example, when the data have continuous values, we can do simple linear scaling. A 

variable that can take on values from 0 to 100 can be linearly scaled from 0.0 to 1.0. 

So a 30 would take on a value o f 0.3, while a 70 would take on a value o f  0.7. For 

discrete values, the challenge for neural network representation of them is to present 

these variable values in such a way that the network is able to discern the differences 

between values and can tell the relative magnitude of the differences if that 

information is available (Bigus, 1996). There are three commonly used codes of 

discrete values: One-of-N codes, Binary codes, and Thermometer codes (Bigus, 

1996).

Output neurons (located in the output layer of the NN) send signals out to the 

produced outputs in the form o f an encoded answer to the problem presented in the 

input. Hidden neurons (in hidden layer located between the input and output layer) 

allow intermediate calculation between inputs and outputs. There is usually one but 

sometimes more than one, additional layer of neurons between the input layer and 

output layer. The number of hidden layers and the number of neurons in each hidden 

layer are usually determined by a trial-and-error procedure (Li, 1994; Venugopal and 

Baets, 1994a). By adding one or more hidden layers, the network is enabled to extract 

complicated statistics and this ability is particularly valuable when the size of the
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input layer is large (Setiono et al., 1998). Till now, feed forward networks have 

accounted for most existing NN applications (Venugopal and Baets, 1994a; Berry and 

Linoff, 2000). The three layers o f  NN, including input layer, hidden layer, and output 

layer, are shown in Figure 2-1.

Figure 2-1A Feed Forward Neural Network with a Hidden Layer 

Source: Referenced from Berry and Linoff (2000, p.123), Li (1994, p.305)

Connections (each carries a weight)

Neurons

XI

*■ Y

X2

Hidden Output ProducedInputInput
Variable Layer Layer Layer Output

2. Recurrent networks

Recurrent networks are used in situations when we have current information to give

the network, but the sequence o f input is important, and we need the neural network to

somehow store a record o f the prior inputs and factor them in with the current data to

produce an answer (Bigus, 1996). Recurrent networks allow the flow of signals in
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both forward and backward directions. This can be achieved because the outputs of 

some neurons are fed back to the same neurons or to neurons in preceding layers. A 

recurrent network distinguishes itself from a feed forward network in that it has at 

least one feedback loop. For a stable recurrent network, this feedback process 

normally produces smaller and smaller output changes until the output become 

constant. If this process would not end, the network is unstable and is known as a 

chaotic system (Li, 1994). Recurrent networks have a dynamic memory, so that the 

outputs at a given time reflect the inputs at that moment as well as the previous inputs.

2-3-4. Self-Organizing Maps (SOMs)

Self-Organizing Maps are feed forward, unsupervised learning neural networks and 

were developed by Kohonen (Bigus, 1996; Kohonen, 2001; Kauko et al., 2002; 

Thanakom, 2003). SOMs are also called Kohonen feature maps. The SOM consists of 

two layers of processing units, an input layer fully connected to an output layer. There 

is no hidden layer. A SOM provides a mapping from a high-dimensional input data 

into the lower dimensional output maps, usually one or two-dimensional map. As a 

result of this process, the SOM is often used for clustering or dimensional reduction 

(Thanakom, 2003). A distinguished feature of the SOM is that it preserves the 

topology of the input data from the high-dimensional input space onto the output map
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in such a way that relative distances between input data are more or less preserved 

(Garson, 1998; Thanakom, 2003). The input data points, located close to each other in 

the input space, are mapped to the nearby neuron on the output map.

The technique is based on the principle o f unsupervised competitive learning, which 

could be described as ‘the winner takes all’ (Kohonen, 2001; Kauko et al., 2002). 

Thus, the winner is the neuron with shortest distance (Euclidean distance) to the 

observation vector, and its weights are adapted towards the observation. This 

continues until all desired observations are used for training, usually more than once. 

Neighboring neurons on the map are being similarly adapted towards the observation.

The competitive learning network is used to assign the input patterns into a number of 

categories. This clustering proceeds without knowing the number of clusters of the 

input data, and the network organizes and learns the input data unsupervised 

(Kohonen, 2001). Each input element in the input layer of the competitive learning 

network is connected to the output neurons in the output layer, via the weight vectors. 

During the training, an input vector is presented into the network. The output neuron 

with the highest value for the response is considered the winning neuron of the 

competition. Generally, the similarities between a presented input vector and the

48

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



weight vector of the output neurons are based on the minimum Euclidean 

distance1 (Thanakom, 2003). The winning neuron is allowed to adjust or update its 

weight vector by a certain amount and to make its weight vector more similar to the 

presented input vector.

There are two important learning parameters in SOMs: learning rate and 

neighborhood (Bigus, 1996). SOMs are very sensitive to the learning rate (Garson,

1998). The learning rate is used to control the step size in the adjustment of the 

connection weights. There is no harm in trying to train with a relatively large learning 

rate but it is decreased over time (Bigus, 1996; Garson, 1998). In a SOM-context, the 

‘neighborhood’ concept is defined as the ‘winner’ with adjacent neurons (Kauko et al., 

2002). Typically, this parameter is set to a value roughly half the size of the maximum 

dimension of the output layer. The neighborhood value is important in keeping the 

locality o f the topographic maps created by the Kohonen maps. As training progresses, 

the neighborhood scope is decreased, so that at the end, only the winning neuron’s 

weights are modified (Bigus, 1996).

From a business perspective, two sets of information are available from a trained

1 Input vector X - [XI, X2 Xn], weight vector W -[W I,W 2 Wn], The neuron c whose weight vector is closest to the

input vector X is called the winning neuron. || X- Wc || ■ mln || X - Wi ||; w here | | . | |  d e n o te s  the d istance m easure .
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feature map. First, similar customers, products, or behaviors are automatically 

clustered together. After the test of segments, if the groups are segments, a marketing 

message or some other part of marketing strategy can be targeted at homogeneous 

groups. Second, the information in the connection weights o f each cluster defines the 

typical attributes of an item that falls into the segment (Bigus, 1996). This information 

lends itself to immediate use for evaluating what the clusters mean (see Figure 2-2). 

When combined with appropriate visualization tools and/or analysis o f both the 

population and segment statistics, i.e. a test to see if  the groups are segments, the 

make-up of the segments identified by the SOM can be analyzed and turned into 

valuable business intelligence.
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Figure 2-2 Kohonen Self-Organizing Maps 

Source: Referenced from Bigus (1996, p.72)
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2-3-5. Strengths and Weaknesses of SOMs

One advantage of using SOMs for a segmentation problem is the fault tolerance, 

which means SOMs degrade gracefully because information is distributed throughout 

the network, and operating problems like outliers have less effect on outputs 

(Venugopal and Baets, 1994b; Li, 1994; Garson, 1998). Neural Network’s parallel 

processing and distributed memory make it relatively fault tolerant (Thanakom, 2003). 

The second advantage is that SOMs can solve systems o f linear or non-linear 

equations (Li, 1994). SOMs have the ability to handle data sets whose underlying
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nonlinearities cannot be described in advance (Garson, 1998). The third advantage, in 

comparison with hierarchical clustering methods, such as Ward’s minimum variance, 

is that SOMs can continually update, or reassign, the observation to the closest cluster 

(Kuo et al., 2002). One of the shortcomings of hierarchical methods is non-recovery,

i.e., once an observation has been assigned to a cluster, it should not be moved at all. 

The final advantage of SOMs is VLSI implementability, which means the SOM 

analysis is well suited for very large-scale implementation (VLSI), allowing real-time 

analysis of complex information (Garson, 1998). In addition, SOMs are available in 

many off-the-shelf packages, such as SAS Enterprise Miner, and the software 

packages make the implementation of SOMs easier.

One criticism directed at SOMs is that SOMs can identify clusters of records that are 

similar to each other, but it does not explain how they are similar (Berry and Linoff,

1997). One way to complement the weakness is to determine the center or average 

member in each cluster and compare clusters. Another drawback of SOMs is the 

complicated calculation process (or black box). It is very difficult to understand the 

mathematical calculation. The third weakness is that clustering techniques researchers 

employ will always find clusters. It is easy to fall into the trap o f discussing clusters 

that really do not exist. The final disadvantage of SOMs is that all inputs must be
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transformed to be in a particular range, usually between 0 and 1 (Bigus, 1996; Berry 

and Linoff, 1997). This requires additional transformations and manipulations of the 

input data that require additional time, and the possible loss of information contained 

in the original input data.

2-3-6. Summary

Recently, a great deal of interest and effort has been directed towards using neural 

networks in business practice. In particular, they have been used in areas, which were 

once reserved for multivariate statistical analysis. A neuron is the fundamental unit o f 

neural networks and its different kinds of transfer function offer the flexibility to deal 

with linear and non-linear problems. Neural network architectures have two major 

types- feed forward and recurrent networks, with feed forward networks being the 

most widely used. Self-organizing maps are unsupervised, feed forward networks and 

can be used to help marketing researchers to implement market segmentation. SOMs 

perform as computer eyes that enable us to gain insight into the structure o f the data 

set and observe the relationships occurring between the patterns being originally 

located in a high-dimensional space. Compared with statistical clustering approaches, 

most business researchers tend to position SOMs as an alternative tool and a 

complement to other statistical techniques (Venugopal and Baets, 1994b; Kuo et al.,
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2002; Kauko, 2002). With the availability of much more user-friendly software 

products, the SOMs will become popular and be applied to solve business problems.

2-4. Market Segmentation 

2-4-1. Definition

Since the pioneering research of Wendell Smith (1956), the concept of market 

segmentation has been one of the most pervasive activities in both the marketing 

academic literature and practice (Desarbo and Grisaffe, 1998; Alfansi and Sargeant, 

2000). Smith argues that segmentation is based upon the development on the demand 

side of the market and represents a rational and more precise adjustment of product 

and marketing effort to consumer or user requirements. In the language of the 

economist, segmentation is disaggregative in its effect and tends to bring about the 

recognition of several demand schedules where only one was recognized before 

(Smith, 1956). One standard definition of market segmentation is (Sommers and 

Barnes, 2003): “market segmentation divides the total heterogeneous market for a 

product or service into several segments, each of which tends to be homogeneous in 

many significant aspects.” Segments are defined as groups showing some patterns of 

similarity and that differ significantly in their response to communications, product 

positioning and product configuration, in synthesis, to the relevant marketing
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variables (Sommers and Barnes, 2003). Clusters identified that differ in some way, 

such as attitudes or demographics, but not in behavior are not true segments (Massy et 

al., 1965; Meadows and Dibb, 1998). The theoretical grounding for market 

segmentation comes from economic pricing theory, which indicates that profits can be 

maximized when prices are discriminated among segments (Massy et al., 1972). 

According to the marketing literature, segmentation helps organizations to identify 

market opportunities and improve the allocation of resources, assists in the 

development of a suitable competitive position and ultimately leads to more satisfied 

customers (Wind, 1978).

2-4-2. Methods of Segmentation in Marketing

The methods for forming segments can be a priori or post hoc, and descriptive or 

predictive (Wedal and Kamakura, 2000). A priori methods are procedures where the 

type and number o f segments are determined in advance. An example is grouping 

customers based on whether their income level is high or low. Post hoc methods are 

those in which the data indicate the number and type of segments (Wedal and 

Kamakura, 2000). Although a priori segmentation may be relatively simple to apply, 

the approach is criticized on the basis that the segments selected may not differentiate 

effectively in terms of behavior (Meadows and Dibb, 1998). For this reason, care is

55

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



needed to ensure that segmentation variables are selected which distinguish between 

segments in terms o f the offerings required (Meadows and Dibb, 1998). It is generally 

acknowledged (Wedal and Kamakura, 2000; Neal and Wurst, 2001; Bacon, 2002) that 

marketplaces are better segmented through a more data-intensive, post-hoc procedure 

that gathers extensive information from a sample of the relevant market and uses it to 

form market segments employing cluster analysis or similar algorithms. Predictive 

procedures distinguish between dependent variables and independent variables 

(Bacon, 2002). It is the association between these two variable types that is analyzed. 

One example of predictive, post hoc method used by marketers is CHAID (Berry and 

Linoff, 2000).

In marketing, CHAID can be used in market segmentation (Berry and Linoff, 2000). 

In the data mining functions, CHAID is used to implement classification (Bigus, 1996; 

Berry and Linoff, 2000). CHAID was evolved from AID. Sonquist and Morgan (1964) 

developed the technique AID. AID provides analysts with the means to explore 

interactions in the data in a systematic manner. In a marketing context, such 

explorations may lead to identification of suitable market segments to target (Baron 

Philips, 1994). AID has a lot o f limitations (Baron and Philips, 1994). It is assumed 

that the dependent variable is measured at interval level (in practice, it is converted to
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a dichotomous variable) (Perreault and Barksdale, 1980). The categorical predictors, 

the explanatory variables, can only be split in a dichotomous fashion. For a predictor 

variable such as gender, where there are only two categories, this is not a problem. 

But for other potential predictor variables, such as educational background, 

socio-economic group or age, a premature collapsing into a dichotomous split could 

obscure real differences in response between categories (Baron and Phillips, 1994), 

CHAID is a development of AID, which addresses the limitations o f AID without 

sacrificing the benefits (Baron and Phillips, 1994). CHAID allows the binary or 

multi-way split based on a predictor (Perreault and Barksdale, 1980). CHAID is 

appropriate for research situations in which all variables to be analyzed are non-metric 

(Perreault and Barksdale, 1980). For metric data, they need to be categorized. But 

how many categories (three, four, or more, subjective judgment) in predictor variables 

in metric data is a problem when implementing CHAID (Baron and Phillips, 1994; 

Sargeant and Mckenzie, 1999).

Descriptive post hoc procedures for describing segments make no distinction between 

criterion and predictor variables. These procedures include k-centroid clustering 

procedures like k-means, hierarchical clustering methods, and unsupervised neural 

networks (Bacon, 2002). Therefore, because SOMs make no distinction between
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criterion and predictor variables, SOMs are a descriptive, post hoc method.

Cluster analysis, such as the K-means method, is a common tool for market 

segmentation (Bacon, 2002). Punj and Steward (1983) suggested that the integration 

o f a hierarchical approach, such as Ward’s minimum variance, along with a 

non-hierarchical one, such as the K-means (these two approaches combined are 

known as the two-stage approach), can provide a better solution than using either a 

hierarchical or a non-hierarchical method alone. The main reason for such integration 

is that Ward’s minimum variance method can provide the number of clusters, which 

the K-means method requires. In this way, the number o f clusters needs not to be 

assumed by the researchers (Punj and Steward, 1983). In recent years, due to its 

performance in engineering, self-organizing maps, one unsupervised neural network 

technique, have been applied in the area o f market segmentation (Bigus, 1996; Wong 

et al, 1997; Nakhaeizadeh et al., 2002). SOMs are appropriate to deal with metric data 

(Bigus, 1996). Because this study uses SOMs to cluster customers, we will discuss 

SOMs’ applications to market segmentation separately in section 2-4-3.

In our research, there are 14 input benefit variables and the data are metric data (see 

Q.18, Appendix 1). If  we use CHAID to segment the data, we will encounter:

l.The transformation of metric data into categorical data: how many categories for
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each variable? It is a subjective judgment unless we know the categories in 

advance.

2. The original questionnaire (see Appendix 1) is designed in metric type: is it 

necessary to transform into categorical type?

The clustering function is different with the tree-based classification function. The 

two functions are suitable for different data; even if they can deal with the same 

application- market segmentation. From the above discussion, apparently, CHAID is 

not appropriate as a method of segmentation in this study.

2-4-3. SOMs in M arket Segmentation

Venugopal and Baets (1994a) proposed that unsupervised neural networks, including 

SOMs and Adaptive Resonance Theory (ART is a recurrent network, not a feed 

forward network), could be used in determining segments. They presented a network 

with six inputs and three outputs. The inputs were six attributes of market including 

demographic information, socio-economic information, geographic location, purchase 

behavior information, consumption behavior information, and attitude to product, 

while the three outputs represent three segments. In their article, no empirical study 

was employed. Their network for segmentation was conceptually developed.
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Fish et al. (1995) also suggested that unsupervised neural networks could be utilized 

for market segmentation. In addition, Bigus (1996) presented a conceptual application 

o f  SOMs to market segmentation. He proposed a network with three different 

dimensions of inputs: geographic information (states, cities, and level of civilization), 

economic information (salary and family income), and population (sex, age, and 

marriage).

Kuo et al. (2002), based on the conventional two-stage method (Ward’s minimum 

variance and K-means method; Punj and Steward, 1983), proposed a modified 

two-stage approach, which first used the self-organizing maps to determine the 

numbers o f clusters and then employed the K-means method to find the final solution. 

By way o f the integration of unsupervised neural network with the K-means method, 

Kuo et al. (2002) used both simulated and real world data and found that their 

proposed two-stage approach (SOMs and K-means) had better performance than the 

conventional two-stage method on the basis of Wilk’s Lambda value. The main reason 

was that the first stage o f the conventional two-stage clustering method (Punj & 

Steward, 1983) always involved the hierarchical methods. One o f their shortcomings 

is non-recovery: once an observation has been assigned to a cluster, it should not be 

moved at all. However, self-organizing maps are a kind o f learning algorithm, which
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can continually update, or reassign the observation to the closest cluster.

In the housing market, Kauko et al. (2002) examined the application of neural 

networks to housing market segmentation in Helsinki, Finland. Their study shows 

how it is possible to identify various dimensions of housing segments by uncovering 

patterns in the dataset as well as the classification ability o f SOM-LVQ (LVQ, 

learning vector quantization models are supervised networks which use competitive 

learning).

An examination of the literature (Venugopal and Baets, 1994a; Fish et al., 1995; Kuo 

et al., 2002) reveals that most studies focus on conceptual application o f SOMs on 

market segmentation. Some researchers (Kuo et al., 2002) argue that their proposed 

two-stage method (SOMs and K-means) outperforms the conventional two-stage 

approach (Punj and Steward, 1983). But, Kuo et al. (2002) used a tandem approach, 

based on a preliminary factor analysis followed by a clustering o f rotated, 

standardized factor scores, in the K-means procedure. They neither tested for the 

existence of clusters nor evaluated whether their clusters were segments. Green and 

Krieger (1995) criticized the tandem approach and they argued that the performance 

of tandem approach was not as good as a straightforward K-means clustering.

61

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



From the above discussion, it is obvious that few empirical studies of the applications 

of SOMs have been explored by marketing researchers, and the SOMs papers ignore 

the importance o f the test for clusters and segments. The neglect o f the test for 

clusters could lead to the discussion of clusters that really do not exist. Lack of the 

evaluation of segments could lead to the result of “unreal” segments.

2-4-4. Test of Clusters

Cluster analysis has been successfully used in market segmentation for several 

decades (Bottomley and Naim, 2004). However, alongside evidence for the value of 

the technique, a number o f studies (Engelman and Hartigan, 1969; Johnson, 1972; 

Arnold, 1979; Punj and Stewart, 1983; Pilling et al., 1991) had highlighted the 

importance of testing the validity of the cluster solution. While some researchers 

(Engelman and Hartigan, 1969; Johnson, 1972; Arnold, 1979) had questioned whether 

clusters really exist at all, the majority o f academic research has concentrated on 

refining clustering algorithms and techniques (Chaturvedi et al., 1997). The definition 

of clusters in this study means that, by mathematical calculation of members’ distance, 

the members at the same cluster have the minimum distance among them 

(homogeneous) and are separated of from other clusters. However, the crucial issue 

for practitioners has been implementation, and the identification of segments for
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which clear marketing programs can be developed (Dibb and Simkin, 2001). If  cluster 

solutions are inadequately validated, such clustering results can be considered as 

random, namely devoid o f meaningful structure (Bottomley and Naim, 2004). 

Therefore, testing for clusters is an imperative task for both marketing researchers and 

practitioners.

Engelman and Hartigan (1969) derived an exact univariate method to test the null 

hypothesis o f one normally distributed cluster against the alternative hypothesis o f 

two normally distributed clusters. Engelman and Hartigan (1969) studied a likelihood 

ratio test for clusters. But it is not clear, however, whether their test for clusters in the 

univariate case repeated several times on a domain of attributes is the same as making 

a test whereby all attributes are considered simultaneously (Arnold, 1979). That is, 

clusters evident in several dimensions are not necessarily evident in only one 

dimension (Arnold, 1979). In another approach to the validation of clusters, Johnson 

(1972) suggested comparing the averaged F-ratio of the data with another averaged 

F-ratio derived from a set of randomly generated data. One difficulty with this 

approach is that one does not know how different the two values should be before 

deciding that clusters are present (Arnold, 1979).
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Arnold (1979) argues that an appropriate test for clusters appears to be one, which 

takes into account the fact that the objective of cluster analysis (at least the 

partitioning techniques) is to minimize the within-group variance and maximize the 

between-group variance. The significance of the cluster solution is tested by 

comparing the calculated value of the C test statistic (see Eq.7 following) to the values 

which would be expected if  the data were drawn from either a unimodal or a uniform 

distribution, i.e., no basis for clusters (Arnold, 1979).

Some test or set of tests must be applied to determine whether the solution differs 

significantly from a random solution (Punj and Stewart, 1983). Milligan (1980) and 

Milligan and Mahajan (1980) have reviewed several such methods for testing the 

quality of clustering solutions and found them wanting on a number o f dimensions. 

However, a method suggested by Arnold (1979) appears to be better than other 

methods (Punj and Stewart, 1983).

Although the test for clusters is often ignored by researchers, most research papers 

(Helper et al., 2002; Midgley and Dowling, 1993; Pilling et al., 1991; Malhotra, 1986; 

Golden and Meehl, 1980), emphasizing the validity of clusters, employ Arnold’s 

(1979) test to find if  clusters exist.
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According to the above literature review, Arnold’s (1979) tests are performed in this

study.

Arnold’s (1979) procedure includes two tests. The Fust tests the null hypothesis that 

the population entities tend to concentrate at one point (i.e., one normally distributed) 

against the alternative hypothesis that its entities are either uniformly distributed or 

grouped into clusters. If the null hypothesis is rejected at some level o f confidence, a 

second test is made. The null hypothesis that the population entities are uniformly 

distributed is tested against the remaining alternative hypothesis that they form two or 

more clusters. Rejection of the second null hypothesis leads to the evidence that there 

are clusters in the population.

The test statistic selected for testing these hypotheses was proposed by Friedman and 

Rubin (1967) and it is shown as follows:

C=log (max ( j“ j-)) (Eq-7)

T represents total scatter matrix (T = X ’X, matrix X representing p measurements on 

each of N observations). W stands for pooled within-group scatter matrix. Friedman

| t  |
and Rubin’s (1967) technique maximizes the ratio of determinants, ( ) ,  a function

I ” I
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o f the within- and between-group variances.

2-4-5. C riteria for Effective Segmentation

Ideally, management’s goal should be to segment markets in such a way that each 

segment finds its company’s offer attractive and responds positively to its marketing 

program (Sommers and Barnes, 2003). There is some consensus in marketing on what 

makes a segmentation solution a good one (Kotler, 1995; Wedel and Kamakura, 2000; 

Bacon, 2002; Sommers and Bames, 2003). The important criteria include the 

following:

1. Identifiability

The marketer should be able to classify customers into distinct segments.

2. Accessibility

The marketer should be able to reach the members of segments by a distinctive 

marketing mix strategy (e.g., promotional strategy, advertising copy, etc.).

3. Substantiality

The potential demand in the segments should allow targeting them to be profitable.

4. Stability

The segments should be stable enough over time so that strategy and tactics developed 

for them can be executed.
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5. Responsiveness

Consumers in different segments should behave differently toward marketing 

programs directed at them.

6. Actionability

Effective programs can be formulated for attracting and serving the segments.

These criteria are in terms of usefulness for managerial decision-making. They are 

also independent of the technology used to obtain them (Bacon, 2002). Therefore, 

they provide a useful set o f goals for segmentation solutions developed using data 

mining techniques (Bacon, 2002). These criteria are not easy to evaluate and few 

studies have attempted to assess segmentation solutions with them (Desarbo and 

Grisaffe, 1998).

2-4-6. Benefit Segmentation

Benefit segmentation is based on the premise that people seek benefits or the solutions 

to their problems and not products or brands per se, and that different groups of 

individuals may desire varying sets o f benefits (Minhas and Jacobs, 1996). The 

concept of benefit segmentation was introduced by Haley (1968) and is used in a 

broad sense, covering rational and emotional aspects. On the one hand, the concept is
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concerned with what the product does (rational benefits), and on the other hand how 

the product makes the consumer feel (emotional benefits) (Haley, 1968). Young et al. 

(1978) argue that segmentation based on benefits desired is usually the most 

meaningful type to use from a marketing standpoint as it directly facilitates product 

planning, positioning, and advertising communication. The main strength of benefit 

segmentation is that the benefits sought by customers will lead to a causal relationship 

to future purchasing behavior (Minhas and Jacobs, 1996). Weinstein (1994) states two 

other advantages o f benefit segmentation are widespread application and flexibility. 

For widespread application, benefit segmentation is an appropriate segmentation base 

for consumer, industrial, and international markets. It can be effective for assessing 

markets for goods and services (Weinstein, 1994). For flexibility, benefit segments 

can be derived through a variety of approaches, including the Delphi technique (a 

group of expert opinions), in-depth interviewing, and quantitative research (mail 

surveys, telephone, and personal interviews). In addition, benefit segmentation can be 

used in collaboration with several other closely related segmentation bases, including 

demographics, psychographics, usage, and perceptions/preferences (Weinstein, 1994). 

However, difficulties can arise in choosing the “correcf ’ benefits to be emphasized 

(Minhas and Jacobs, 1996). Failure to understand the benefits which consumers may 

be seeking can prevent market success (Young et al., 1978).
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In financial services, banks and building societies typically focus on geographic, 

demographic, socio-economic, and psychological characteristics to segment the 

market, although these are not necessarily good as segmentation variables (Minhas 

and Jacobs, 1996). For example, geographic segmentation calls for dividing the 

market into different geographical units such as local town, region or country as a 

whole. But, by using a plastic card or telephone banking, one can engage in business 

transactions from anywhere in the country, and even from anywhere in the world, 

without visiting a branch office (Chee and Harris, 1993). Alfansi and Sargeant (2000) 

explored the potential for banks to utilize benefit segmentation and they argued that 

for benefit segmentation to offer any real utility, a link must be found between 

benefits and general observable characteristics, such as demographics. In conjunction 

with benefits variables, demographic variables have become a popular basis for 

segmentation, where the knowledge o f consumer demographics can greatly aid 

accessibility (Minhas and Jacobs, 1996; Alfansi and Sargeant, 2000). Benefit variables 

are considered excellent in relation to actionability and responsiveness, but perform 

rather less well against each of the other criteria (Wedel and Kamakura, 2000; Alfansi 

and Sargeant ,2000).
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2-4-7. Summary

Market segmentation is a vital part of marketing because it provides the fundamental 

framework necessary for effective marketing efforts (Wedel and Kamakura, 2000). 

The identification of market segments is highly dependent on the variables and the 

clustering approach that are used to define them. The SOM in market segmentation is 

less explored by marketing researchers and benefit segmentation is an improved 

method of targeting customers for financial services (Minhas and Jacobs, 1996). After 

the test of clusters and the choice o f appropriate criteria, a company can make an 

effective segmentation and develop marketing strategies to cope with the segments.
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Chapter 3. Research Questions and Hypotheses

As mentioned in Ch-1 (introduction), the self-organizing map is one neural network 

technique that has been used in determining clusters. The advantages of using SOMs 

for a segmentation problem (section 2-3-5) are the fault-tolerance, the ability of 

solving systems of linear or non-linear equations, and the analysis suited for very 

large-scale implementation. Traditionally, most companies, such as financial service 

organizations, used demographic variables as the segmentation base to segment 

customers, but the results were frequently not satisfactory (Minhas and Jacobs, 1996; 

Alfansi and Sargeant, 2000). In addition, even when organizations employed 

statistical clustering analysis, they usually did not test for the existence of clusters and 

evaluate whether the clusters were segments. Therefore, choosing benefit variables, 

instead of demographic variables, as segmentation base, this study uses SOMs as a 

clustering method, tests the clusters, and evaluates the segments. The results will offer 

a better understanding of the segments and contribute to the development of 

marketing strategy.

3-1. Research Questions

Market segmentation provides a structured means of viewing the market place 

confronting the firm (Wilkie, 1994). The present intensely competitive situation has
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stimulated companies to search for untapped market segments (Minhas and Jacobs, 

1996). Hence, segmentation has become an extremely important strategy for 

companies competing in the market.

An examination of the literature (Minhas and Jacobs, 1996; Alfansi and Sargeant, 

2000) reveals that, in conjunction with benefit variables, demographic variables have 

been a popular basis for describing the segments. In order to provide a better 

understanding of customer segments, this study employs a straightforward K-means 

clustering in the modified two-stage clustering method (self-organizing maps and 

K-means, Kuo et al., 2002; see section 4-3) to group customers and uses benefit 

variables as input variables in self-organizing maps. Identifying the “real” target 

segments and using demographic information in the segments are important for 

companies to develop marketing strategies. Therefore, the research addresses the 

following questions:

l.Do the clusters exist? If the clusters exist, then the study will test whether or not the 

clusters are segments.

2.1f the clusters are segments, is there any association between segment membership 

and demographic variables?
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3-2. Research Hypotheses

Based on the research questions presented in section 3-1, the research hypotheses are 

as follows:

1. According to the procedure for testing for clusters described by Stephen John 

Arnold (1979), there are two tests in the procedure. The first test and its hypotheses 

are:

Null Hypothesis- H I: The population entities tend to concentrate at one point 

Alternative Hypothesis- HI a: The population entities are either uniformly distributed 

or group into clusters

When the first test indicates the null hypothesis is rejected, there comes the second 

test.

Null Hypothesis- H2: The population entities are uniformly distributed 

Alternative Hypothesis- H2a: The population entities form two or more clusters 

Rejection o f the second null hypothesis shows that there are clusters in the population.

2. As mentioned in section 2-4-5, one criterion for effective segmentation is 

responsiveness, which means consumers in different segments should behave 

differently toward marketing programs directed at them. Massy and Frank (1965) 

argue that different segments should have different promotional or marketing
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variables elasticities. The null and alternative hypotheses are:

Null Hypothesis- H i: The marketing variables elasticities among clusters are the 

same

Alternative Hypothesis- H3a: The marketing variables elasticities among clusters are 

different

Rejection of the null hypothesis means that clusters are segments.

3. As per the statistical significance test of association between demographic variables 

and segment membership, the null hypothesis is:

H4: The empirical frequency distributions o f  demographic variables fo r  each segment 

are drawn from the same underlying distribution

Alternative Hypothesis- H4a: The empirical frequency distributions o f  demographic 

variables across segments are drawn from different underlying frequency distributions
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Chapter 4. Research Methodology 

4-1. Research Sample

The study uses previously collected data for clustering analysis (Ratchford and Haines, 

1986; Ratchford and Haines, 1987; Berger et al., 1994). Data were collected from a 

national sample of Market Facts Consumer Mail Panel in January-February 1983 in 

the US. This research focuses on customers planning to replace their home heating 

system in the next five years and those planning on buying a house within the next 

five years. I define the respondents answering “yes” in question 4 (see Appendix 1) - 

plan to replace their home heating system - as the target market. In addition, I define 

the respondents answering “No” or “Not Applicable, I rent” in question 4, but 

answering “Yes” in question 9 (See Appendix 1) - plan on buying a house - as the 

potential market. When all cases with any missing data were eliminated, 216 

responses were obtained for the target market and 433 responses were obtained for the 

potential market. Kuo et al. (2000) used a sample size of 168 (total sample size is 240) 

for training in the SOM and their research showed that the result of training was 

positive. Based on their study, this research uses a sample size of 150 for training and 

the remaining 66 individual data records for testing in the target market. In the 

potential market, a sample size of 300 is used for training and the remaining 133 

observations are used for testing. The description o f sample allocation for training and

75

with permission of the copyright owner. Further reproduction prohibited without permission.



testing is shown in Appendix 10 and Appendix 11.

4-2.Questionnaire

This study uses benefit variables to group customers. In Ratchford and Haines’s (1986) 

research, the questionnaire (Appendix 1) solicited information on five types o f home 

heating systems: gas, oil, electric, heat pump and solar. Each system type was rated 

for each o f the fourteen attributes (benefit variables) listed in Table 4-1. In addition 

confidence judgments about each of the ratings were solicited, a question about 

degree o f knowledge of each type of system was asked, importance ratings on each 

attribute were obtained, and respondents were asked to state whether or not they used 

each attribute in their system choice decision. Respondents were also asked how much 

it cost to heat their home last year. Objective heating costs were calculated for each 

respondent and included in the database.

Table 4-1

List of Benefits as Worded on the Questionnaire (Ratchford and Haines, 1986)

Reliability against breakdown 
Floor space required for the system 
Cleanliness of operating the system 
Absence o f fumes and odors 
Availability o f professional servicing 
Safety of the system
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Warranty protection
Future availability of fuel supply
Efficiency of converting fuel source into heat
Ease of conversion to another system
Absence of pollution
Noise-free operation of the system
Initial purchase price
Annual operating cost

Purchase intentions were measured by the following question: “If you were buying a 

heating system for your home, please lx’ the one type that you would be most likely to 

purchase.” Responses were limited to the five system types.

4-3. Generating Clusters: Using SOMs And The K-means 

After identifying the marketing problem-segmentation, and deciding the data resource, 

the next step is to group the customers. As mentioned in section 2-4-3, Kuo et al. 

(2002) proposed a modified two-stage approach and the proposed scheme 

outperforms the conventional two-stage method (Punj and Steward, 1983). But they 

used a tandem approach in the K-means procedure and the tandem approach is 

criticized by Green and Krieger (1995).

Instead of using the tandem approach, the study employs the straightforward K-means 

clustering in the modified two-stage (SOMs and K-means) to group customers. In the
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first stage, SOMs, the author uses three different software packages-PCNeuron, SAS 

Enterprise Miner, and Neuroshell to implement segmentation. Appendix 4-5 

(PCNeuron), 6-7 (SAS Enterprise Miner), and 8-9 (Neuroshell) show the visualization 

o f clusters for training and testing samples in the target market and potential market. 

When we set the same parameters, such as the learning rate = 0.1, and implement 

SOMs in the three software packages (PCNeuron, SAS Enterprise Miner, and 

Neuroshell), the clustering results are consistent among the three software packages- 

two clusters in the target market and three clusters in the potential market. Although 

the aggregate results- in terms of identifying the number of possible clusters- are the 

same, the results may differ at an individual level. That is, across the three software 

packages, the same individual may not always be assigned to the same cluster. Due to 

the zero cost o f PCNeuron (free software package), we choose PCNeuron to 

implement SOMs in this study. After running SOMs by PCNeuron, the number of 

clusters is used to implement straightforward K-means.

The Kohonen algorithm can be summarized in the following steps (Bigus, 1996; 

Garson, 1998; Kohonen, 2001):

1 Neuron weights are initialized to random values

2 Data representation. This study has input variables that take on the following
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values: from not important to extremely important (Question 18, Appendix 1). 

This is exactly what happens with a thermometer code. A thermometer code is 

used most often when the discrete numeric values are related in some way, 

usually by increasing or decreasing values (Bigus, 1996). Therefore, 1,2,3,4,5, 

for example, can represent (in an order) “not very important”, “not important”, 

“normal”, “important”, and “very important”. When clustering data with neural 

networks, it is standard practice to scale (or normalize) the input data to a range 

of 0 to 1 (Bigus, 1996; Garson, 1998). This research uses the sigmoid function 

(section 2-3-2, Eq.5) to transfer input data to a range of 0 to 1. Data 

representation is important. If  wrong decisions are made regarding representation, 

it might be impossible for the neural network to learn the relationship.

3 Setting the learning rate. The study sets the learning rate as 0.1 (Appendix 10 and

11). The learning rate will decrease over time.

4 Setting the neighborhood. Typically, this parameter is set to a value roughly half 

the size of the maximum dimension of the output layer (Bigus, 1996; Garson,

1998). So if the winning unit is in the center of a 6 -by- 6  output layer, and the 

neighborhood is 2 , then not only the winning unit, but also the 8 units one .step 

away, and the 16 units 2  steps away will also have their weights adjusted.

5 Presetting the number o f training epochs (training cycles). An epoch is the
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number o f training data sets presented to the model between updates of neural 

weights (Garson, 1998). The purpose of training is that neural networks have the 

ability to learn and recognize any important pattern or relationships from a set of 

data (Nguyen and Ramirez, 1998). So far, there is no rule for determining the 

number of learning epochs. The only way is trial and error (Kuo et al., 2002). In 

this study, it is coincidental that the training epochs for target market (Appendix

12) and potential market (Appendix 13) are 80 (from 0 to 79). At 80th epoch, the 

network converges to average total minimum distance.

6  Data points are input to the net, selected at random

7 Determine which neuron is least distant from the presented observations. This is 

the neuron whose weight vector is closest to the input vector from the current 

observations, measured in Euclidean distance (see footnote on p-47).

8  Weights of neurons in the neighborhood of winning neuron are adjusted in value 

to become closer to the value of winner. The neighborhood starts out widely 

defined but decreases spatially as learning iterations proceed, eventually 

reaching zero (that is, only the weights of winning neuron are adjusted). When 

the neighborhood drops to one, the convergence phase begins.

K-means method is the best known of non-hierarchical clustering methods (Hair et al.,
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1998). During the late 1980s, non-hierarchical methods, such as K-means, became 

dominant for segmenting the large data sets typically encountered in marketing 

(Schaffer and Green, 1998). The use o f k-means technique usually assumes that the 

number of final clusters is known and specified in advance (Hair et al., 1998; 

Gnanadesikan, 1997). The steps involved in a generic description o f the K-means 

algorithm are:

1. Determine an initial set of k clusters

2. Move each observation to the cluster whose centroid/means is closest in distance.

3. Recalculate the cluster centroids/means and repeat step (2) until no observation is 

reassigned to a new cluster.

4-4. Data Preparation

4-4-1. Absence of Outliers

Although SOMs are robust (section 2-3-5) and outliers have less effects on outputs, 

this study detects outliers in ensuring data accuracy. Stevens (2002) defined outliers as 

data points that are very different from the rest of the data. Outliers often occur 

because of data recording error. The occurrence of outliers may seriously distort the 

research outcome and diminish the research contribution. As outlined in section 4-2, 

the questionnaire for this research employs a 7-point Likert scale to capture the
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benefits variables. To test for the absence of outliers, an examination of the minimum 

and maximum scores for each variable is required, where any score below or above 

the questionnaire scale anchors is an outlier. Appendix 2 and 3 show the results and 

apparently, there are no outliers.

4-4-2. Data Transformation

As described in section 4-3, all o f the input data were transformed to the range o f 0 to 

1 using the sigmoid function (section 2-3-2, Eq.5).
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Chapter 5. Data Analysis

Following the discussion of research hypothesis and research methodology, this 

chapter presents the statistical analysis of the previously collected data. The chapter 

begins with the results of self-organized maps, followed by K-means analysis of the 

target and potential market, and then the test of clusters and segments.

5-1. Self-Organizing Maps and K-means Analysis 

5-1-1 Self-Organizing Maps

As mentioned in section 4-3, this study employs the straightforward K-means 

clustering in the modified two stage approach (SOMs and K-means) to group 

customers. Through the implementation of SOMs by PCNeuron, Appendix 4 shows 

the visualization o f clusters for training and testing samples in the target market. In 

the 1 0 -by- 1 0  output layer, the vertical axis stands for the frequencies o f observations 

in output neurons. The SOM clustering result (Appendix 4) is consistent between 

training and testing samples, showing that there are two clusters in the target market. 

In Appendix 5, the results of training and testing samples show that there are three 

clusters in the potential market. Then the number of clusters (two in the target market 

and three in the potential market) is used to implement the K-means method.
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5-1-2 K-means Analysis

Arabie and Hubert (1994) had taken a strong position against using the tandem 

approach. They argued that the method cannot be supported theoretically and, 

moreover, could distort the original cluster structure. Green and Krieger (1995) found 

empirical support for Arabie and Hubert’s (1994) contention that the tandem approach 

leads to poorer external validation than the application of K-means alone. Further, 

Schaffer and Green (1998) compared three approaches: 1. K-means clustering based 

on the original variable scores, 2. a principal components analysis o f  the 

inter-variable correlation (with no rotation) follow ed by a k-means clustering o f  the 

top principal component scores, 3. the tandem approach in which Varimax rotation 

and factor score standardization are implemented, fo llow ed by a K-means clustering, 

and found that both direct (straightforward) K-means clustering (no preliminary 

transformation) and the principal components transformation (no rotation) followed 

by K-means clustering outperformed the tandem approach. In Schaffer and Green’s 

(1998) three studies, study 1 most favored K-means clustering alone and least favored 

the tandem approach. Study 2 and 3 most favored K-means clustering alone or 

principal component analysis (no rotation) followed by K-means clustering and least 

favored the tandem approach.
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As mentioned in section 4-3, Kuo et al. (2002) used the tandem approach in their 

modified two-stage clustering approach (SOMs and K-means). As a point of 

comparison, Appendix 14 contains results of a tandem analysis o f the current data. 

The interested reader will see that nothing in these results contradicts Arabie and 

Hubert’s (1994) contention. Based on the above discussion and results, this study 

employs the direct K-means clustering and the principal component analysis (no 

rotation) followed by K-means clustering, and further compares the performance 

between the two approaches. This study uses a popular, readily available statistical 

software package-SPSS to implement K-means and principal component analysis.

1. Direct K-means clustering

The original 14 benefit variables are directly used as input variables and the results 

are shown as follows:

(1) Target Market

Table 5-1 shows 7 members in cluster 1 and 209 members in cluster 2. From 

Appendix 17, members o f cluster 1 place a high degree of importance on warranty 

protection & noise-free operation of the system. For members of cluster 2, they appear 

sensitive to all 14 benefit variables.
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.Table 5-1 Number of Cases in Each Cluster in Target Market

Cluster 1 7.000
2 209.000

Valid 216.000
Missing .000

Source: The Study

(2) Potential M arket

In the potential market, Table 5-2 shows that there are 143 members in cluster 1, 273 

members in cluster 2, and 17 members in cluster 3. The characteristic of clusters in 

Appendix 18 reveals that members of cluster 1 place the highest degree o f importance 

on, except for floor space required for the system and ease of conversion to another 

system, the other 12 attributes. The members o f cluster 2 appear sensitive to all 14 

attributes. The members of cluster 3 place a high degree of importance on reliability 

against breakdown, initial purchase price o f the system, annual fuel and maintenance 

cost o f operating the system, and safety of the system. They are less concerned with 

floor space required for the system, cleanliness of operation of the system, absence of 

fumes and odors, availability of professional servicing, warranty protection, future 

availability of fuel supply, efficiency of converting fuel source into heat, ease of 

conversion o f another system, absence of pollution, and noise-free operation of the 

system.
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Table 5-2 Number of Cases in Each Cluster in Potential Market

Cluster 1 143.000
2 273.000
3 17.000

Valid 433.000
Missing .000

Source: The study

2. Principal component analysis (no rotation) followed by K-means clustering 

(PC-K-means clustering)

Principal component analysis is used to reduce the number o f variables from the 

original variables (Stevens, 2002). Through the use of principal component analysis, a 

set o f correlated variables is transformed into a set of uncorrelated variables 

(components) (Stevens, 2002). The hope is that a smaller number of these components 

will account for most o f the variance in the original set of variables (Gnanadesikan, 

1997). In principal component analysis, linear combinations of the observed variables 

are formed. The first principal component is the combination that accounts for the 

largest amount of variance in the sample. The second principal component accounts 

for the next largest amount of variance and is uncorrelated with the first 

(Gnanadesikan, 1997). Successive components explain progressively smaller portions 

of the total sample variance, and all are uncorrelated with each other (Gnanadesikan, 

1997). In deciding how many components to retain, it is helpful to examine the
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percentage of total variance explained by each (Stevens, 2002). The total variance is 

the sum of variance of each variable. The most widely used criterion is that of Kaiser: 

retain only those components whose eigenvalues are greater than one (Stevens, 2002). 

However, cutting out the components that have small eigenvalues (or removing the 

components that give least contribution, up to a total of 2 to 5% of variance) can keep 

more information in the original set of variables (Campbell, 1980). This study 

removes the components giving contributions of less than 5% o f variance. After the 

principal component analysis, the original 14 benefit variables form a 7-dimension 

structure in the target market and the seven components account for 79.678% of the 

total variance (see Appendix 15). In the potential market, the original 14 benefit 

variables form a 6 -dimension structure and the six components account for 69.833% 

of the total variance (see Appendix 16). The detailed results are shown as follows:

(1) Target Market

The significant correlation between components and 14 input variables (component 

matrix) are displayed in Appendix 19. A cut-off absolute value o f 0.4 (Alfansi and 

Sargeant, 2000 ; Kuo et al., 2002) is used, for the correlation coefficient (or a loading) 

between the variable and the component, to be regarded as significant and to be 

included in the Appendix 19 and 20. Component 1 is the most important component 

(explains 36.039% of total variance, see Appendix 15) and has heavy loadings for 12
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dimensions (see Appendix 19), except for warranty protection and ease of conversion 

o f another system. Component 2 has heavy loadings on safety of the system 

(negatively correlated), noise-free operation of the system, warranty protection 

(negatively correlated), reliability against breakdown, and annual fuel and 

maintenance cost o f operating the system (negatively correlated). Component 3 is 

highly correlated with warranty protection and ease of conversion o f another system. 

Component 4 has high loadings on floor space required for the system, warranty 

protection, and initial purchase price of the system (negatively correlated). 

Component 5 is highly correlated with floor space required for the system and initial 

purchase price o f the system. Component 6  and 7 have heavy loadings on availability 

of professional servicing and reliability against breakdown, respectively.

Table 5-3 shows 47 members in cluster 1 and 169 members in cluster 2 in the target 

market. From Appendix 19, members o f cluster 1 appear sensitive to components 3 

and 4. Members of cluster 2 are most sensitive to components 1,2,5,6 , and 7.
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Table 5-3 Number of Cases in Each Cluster in Target Market

Cluster 1 47.000
2 169.000

Valid 216.000
Missing .000

Source: The Study

(2) Potential Market

The significant correlations between components and 14 input variables are shown in 

Appendix 20. Component 1 has heavy loadings for the whole 14 dimensions (see 

Appendix 20). Component 2 has heavy loadings on reliability against breakdown 

(negatively correlated) and initial purchase price of the system. Component 3 is highly 

correlated with initial purchase price of the system and annual fuel and maintenance 

cost of operating the system. Component 4 has high correlations with reliability 

against breakdown, noise-free operation of the system (negatively correlated), and 

cleanliness of operation of the system (negatively correlated). Component 5 to 6  have 

heavy loadings on floor space required for the system and safety o f the system, 

respectively.

Table 5-4 shows that there are 23 members in cluster 1, 26 members in cluster 2, and

384 members in cluster 3 in the potential market. From Appendix 20, members of

cluster 1 appear sensitive to components 2 and 5. For members of cluster 2, they
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concern more to components 2, 4, 5, and 6 . Members of cluster 3 are sensitive to 

components 1, 3 ,4 , and 6 .

Table 5-4 Number of Cases in Each Cluster in Potential Market

Cluster 1 23.000
2 26.000
3 384.000

Valid 433.000
Missing .000

Source: The Study

3. Comparisons of direct K-means clustering, principal component analysis (no 

rotation) followed by K-means clustering (PC-K-means clustering), and tandem 

approach

The objective o f cluster analysis (at least the partitioning techniques) is to minimize 

the within-group variance and maximize the between-group variance (Arnold, 1979). 

Kuo et al. (2002) used Wilk’s A to compare the performance of Ward’s clustering, 

two-stage clustering (Ward’s method + K-means), and modified two-stage approach 

(SOMs + K-means). Wilk’s A is the ratio of the within-group variance (SSwithin) to the 

total variance (S S totai) (Kuo et al., 2 0 0 2 ). The total variance is the sum of 

between-group variance and within-group variance. A large Wilk’s A implies that 

there is no difference between within-group averages. A Wilk’s A closest to zero
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implies that the source of total variance is from the between-group variance instead of 

within-group variance. The smaller the Wilk’s A, the better the clustering result is. 

The formula is defined as:

Wilk’s A = S S wi,hin/  SS.otai (Eq.8 )

Therefore, we can compare the Wilk’s A among different approaches and if one 

approach has a smaller Wilk’s A, then the performance (a better clustering result) of 

the approach outperforms other approaches.

(1) Target market

The Wilk’s A calculated from direct K-means clustering is (see Appendix 21):

25 448
Wilk’s A= SSwithm / S S l0,ai = -----------------  = 0.0172

(1455.224 + 25.448)

The Wilk’s A calculated from PC-K-means clustering is (see Appendix 22):

Wilk’s A= SSwithm / SStotal = - —— 7 ^—— —— = 0.0417
(145.849 + 6.351)

The Wilk’s A calculated from tandem approach is (see Appendix 14)

Wilk’s A= SSW|,hm / SStotai = 4.331/ (81.171+ 4.331) = 0.051

Because 0.0172 < 0.0417 <0.051, therefore, the performance of direct K-means 

clustering is better than the performance o f PC-K-means clustering and tandem 

approach.

(2) Potential market
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The Wilk’s A calculated from direct K-means clustering is (see Appendix 21):

Wilk’s A= SSwithin /  SStotal = -------- — --------- = 0.0114total (19.31 + 1671.872)

The Wilk’s A calculated from PC-K-means clustering is (see Appendix 22):

/ 4 88
Wilk’s A= SS within /  SStotal = ------- “ -----------=0.0194total (4.88 + 247.14)

The Wilk’s A calculated from tandem approach is (see Appendix 14)

Wilk’s A= SS within /  SStotal =2.904/ (128.474+ 2.904)= 0.0221

Because 0.0114 < 0.0194< 0.0221, the performance of direct K-means clustering is

better than the performance of PC-K-means clustering and tandem approach.

From the above discussion, we can conclude that direct K-means clustering

outperforms PC-K-means clustering and tandem approach.

5-2. Hypotheses Testing

From section 5-1-2, direct K-means clustering is shown to have better performance 

than PC-K-means clustering and tandem approach. Based on the direct K-means 

clustering results and the research hypotheses, this study will do hypotheses testing as 

follows:

1. Test for clusters

(1) Target Market

ITI
The test statistic is C= log (max (■-—---)), where T represents total scatter matnx and
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W stands for pooled within-group scatter matrix (see section 2-4-4). For the unimodal 

case, the best fitting function (probability point) is (Arnold, 1979):

C a = C  (unimodal) = J .n w ,  * 0.29723 (Eq 9)

g: group, p: attribute, N: entity, 0c alpha (level of significance, Arnold, 1979)

From the ANOVA analysis in Appendix 21, the total scatter matrix T is:

T= between-group variance + within-group variance^ 1455.224+ 25.448= 1480.672 

The test statistic is C= log (max (1480.672/ 25.448)) = 1.765

As mentioned in section 5-1, there are two clusters (groups), 14 variables (attributes), 

and 216 observations (entities) in the target market. The study sets a  as 0.1 and 

therefore, Q j.i is:

Co.. -(e006239 20'95242140-21011 0.1°,3389) / (216)029723= 0.5331

C= 1.765 > Co.i=0.5331, the result shows that the population entities are either 

uniformly distributed or group into clusters (the data are not unimodally distributed). 

If we employ other different level of a, such as 0.05, the conclusion is the same with a  

-  0.1 and it shows that the data are not unimodally distributed (C= 1.765 > C0.1 > 

Co.os)-

For the uniform case, the best fitting function is (Arnold, 1979):

Ca = C (uniform) = comM  ga89S,° p0 13896 c? '6™/  N0 23672 (Eq. 10)
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This research sets a  as 0.1 and Co.i is:

C0.i = ( e00866420.895l0j40.!3896 Q 10.16356  ̂(216)023672 =0.5626

C= 1.765 > Co.i=0.5626, the result shows that the population entities form two or 

more clusters. After the test, we can conclude that the clusters exist in the target 

market.

(2) Potential Market

From the ANOVA analysis in Appendix 21, the total scatter matrix T is:

T= between-group variance + within-group variance 

= 1671.872+19.31= 1691.182

The test statistic isC= log (max (1691.182/19.31)) = 1.942

As mentioned in section 5-1, there are three clusters (groups), 14 variables (attributes), 

and 433 observations (entities) in the potential market. This research sets a  as 0.1. For 

the unimodal case, C= 1.942 > C0 , = (eo ^ 0. ^ 14Mioii0 ilo.i33S9) /  (433)°'29723 =

0.6379

The population entities are either uniformly distributed or group into clusters (the data 

are not unimodally distributed).

For the uniform case, C= 1.942 > C0.i =(e0 0866430'89510 1 40'13896 0.10 '6356)/(433)0'23672
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= 0.6859

The population entities form two or more clusters (the data are not uniformly 

distributed). Therefore, the test statistics show that clusters exist in the potential 

market.

2. Test for segments

In order to test whether or not promotional or other marketing elasticities vary among 

clusters, a multivariate test for the significance of difference between sets of 

regression coefficients is available. Because the study wants to estimate marketing 

variables (price, media promotion, and total knowledge of home heating systems) 

elasticities, all variables (dependent and independent variables) will be transformed to 

logarithms before estimation so that the regression function can be written as a 

classical linear regression. Since the variables are logarithms it is possible to interpret 

the regression coefficients as elasticities. The Chow test (Doran, 1989, Johnson et al., 

1987) can be used to test the equality o f regression coefficients across two or more 

sets. If the test is significant, the null hypothesis (section 3-2) will be rejected, then, 

we can conclude that the clusters are segments.

The study uses purchase intention (see Question 6, Appendix 1) as dependent variable
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and price (Question 20, Appendix 1), media promotion (Question 31, Appendix 1), 

total knowledge of home heating systems (Question 13-17, Appendix 1) as 

independent variables. In price variables, there are ten variables. They are initial 

purchase price of oil, electric, solar, gas, heat pump and annual operating costs of oil, 

electric, solar, gas, heat pump. As per media promotion variable, it is defined as where 

customers see or hear anything about heat pumps as a method of home heating 

systems from media (radio, television, newspaper, magazine, and flyer or handbill) in 

the past 6 months. In total knowledge of the home heating systems, we sum up the 

scores o f question 13 to question 17, which stands for the total score o f the knowledge 

of oil, electric, solar, gas, and heat pump systems. The dependent and independent 

variables are listed in Table 5-5.
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Table 5-5 Dependent and Independent Variables

Dependent Variable Purchase Intention

Independent Variables
Total knowledge of the home heating systems 
Initial purchase price of oil 
Initial purchase price of electric 
Initial purchase price of solar 
Initial purchase price of gas 
Initial purchase price of heat pump 
Annual operating costs of oil 
Annual operating costs of electric 
Annual operating costs of solar 
Annual operating costs of gas 
Annual operating costs of heat pump 
Media promotion

This research employs sequential methods (forward, stepwise, or backward selection 

procedures) to select a good set o f predictors (Stevens, 2002). The test results of target 

and potential market are interpreted as follows:

(1) Target Market

Based on the clustering results o f section 5-1-2, there are 7 members in cluster 1 and 

209 members in cluster 2. After deleting the missing or incomplete answers in 

question 6, 13-17, 20, and 3 1 ,6  members are valid in cluster 1 and 179 members are 

valid in cluster 2. Through the stepwise selection procedures on the whole valid 185 

observations in the target market, 4 independent variables (total knowledge of the 

home heating systems, initial purchase price of solar, annual operating costs of oil,
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« * 9media promotion) are identified as good predictors. This model yields an adjusted R 

of 40.6% and a significant F-test of overall model fit (see Table 5-6)

Table 5-6 Results of Multiple-Regression in Target M arket

Dependent Variable: Purchase Intention

Independent Variables Coefficient Sig.

Intercept 2.872 .000
Total knowledge of the home heating systems 2.127 .000

Initial purchase price of solar -.211 .002

Annual operating costs of oil -.226 .003

Media promotion .115 .007

F-test 32.325*

Adjusted R2 0.406

*: P< 0.05

The regression results for each cluster in target market are shown in Table 5-7 and 5-8. 

In cluster 1, all regression coefficients are not significant. In cluster 2, all regression 

coefficients are significant.
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Table 5-7 Results of Multiple-Regression of Cluster 1 in Target Market

Independent Variables Coefficient Std. Deviation Sig.

Intercept 1.553 9.702 .762

Total knowledge o f the home heating .532 7.475 .890

systems -1.057 10.464 .846

Initial purchase price o f solar .065 4.731 .978
Annual operating costs of oil 
Media promotion

.118 2.712 .932

Dependent Variable: Purchase Intention

Table 5-8 Results of Multiple-Regression of Cluster 2 in Target Market

Independent Variables Coefficient Std. Deviation Sig.

Intercept 2.899 4.027 .000
Total knowledge o f the home heating 2.145 3.197 .000

systems -.208 0.883 .002

Initial purchase price o f solar -.232 1.044 .003
Annual operating costs of oil 
Media promotion

.108 0.201 .000

Dependent Variable: Purchase Intention

According to the Chow test (Doran, 1989; Johnson et al., 1987), there are three basic 

steps to conducting the test:

(1) Carry out the separate regressions on cluster 1 and 2, and denote the residual sums 

of squares by RSS1 and RSS2.

(2) Carry out the regression over the entire data set (target market), denoting the 

residual sum o f squares by RSS
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(3) Construct an F-ratio, defined by

r _  [RSS -  (RSSl + RSS2)] /(K  +1)
(RSS\ + RSS2) / [Nl  + N 2 -  2( K +1)]

Where K is the number of independent variables, and N |, N2 are the observations in 

cluster 1 and 2. Both N| and N2 are greater than K + 1 (Doran, 1989). The null 

hypothesis (Ho) is;

Ho; B 'o =  B 2o and B*|= B2j and 6 *2= B22 and J3,3= B23 andB!4= B24 

Bo is the intercept; Bj, B2, 6 3 , and B4 are the regression coefficients o f total knowledge 

of the home heating systems, initial purchase price of solar, annual operating costs of 

oil, and media promotion, respectively.

This F-ratio is compared with F (ic+ i, n i+ n 2 -  2(ic+i)), and if F is significantly large, a 

different model applies across the two groups.

Running the data on cluster 1 and 2 shows that the residual sum of squares on cluster 

1 is 0.318 and the residual sum of squares on cluster 2 is 11.974 (Table 5-9). The 

residual sum of squares on the entire data set is 12.432 (Table 5-9).
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Table 5-9 ANOVA of Multiple-Regression in Target Market

Cluster 1

Source Sum of Squares DF Mean Square

Regression .344 4 .086

Residual .318 1 .318

Total .662 5

Cluster 2

Source Sum of Squares DF Mean Square

Regression 8.337 4 2.084

Residual 11.974 174 .069

Total 20.311 178

Entire Data Set
Source Sum of Squares DF Mean Square

Regression 8.778 4 2.195

Residual 12.432 180 .070

Total 21.210 184

Therefore, the F-ratio is:

F= [12.432-(0.318+ 11.974)]/(4+l) _Q <|
(0.318+ 11.974)/[6+ 179-2(4 + 1)]

F= 0.4 < F (5, 175,0.95) = 4.405 (set G=0.05)

The valid members for clusters 1 and 2 are 6  (N|) and 179 (N2), and that both Ni and 

N2 are greater than 5 (K + 1= 4 + 1). From the result, the test is not significant and we 

can conclude that the clusters are not segments.

(2) Potential Market

From the clustering results of section 5-1-2, there are 143 members in clusterl, 273

members in cluster 2, and 17 members in cluster 3. After deleting the missing or
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incomplete answers in question 6, 13-17,20, and 31, 130 members are valid in cluster 

1,248 members are valid in cluster 2, and 11 members are valid in cluster 3. Through 

the stepwise selection procedures or forward selection procedure on the whole valid 

389 samples in the potential market, 6 independent variables (total knowledge o f the 

home heating systems, initial purchase price o f heat pump, annual operating costs o f 

electric, annual operating costs of solar, annual operating costs of gas, media 

promotion) are identified as good predictors. The backward selection procedure 

identifies 7 predictors (total knowledge o f the home heating systems, initial purchase 

price o f oil, initial purchase price of solar, annual operating costs o f electric, annual 

operating costs of solar, annual operating costs of gas, media promotion). On the 

grounds of parsimony (Stevens, 2002), we might prefer the 6 predictors selected by 

stepwise or forward procedure, especially because the adjusted R2 for stepwise and 

backward procedure are quite close (0.235 and 0.239). This model also yields a 

significant F-test of overall model fit (see Table 5-10)
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Table 5-10 Results of Multiple-Regression in Potential Market

Dependent Variable: Purchase Intention

Independent Variables Coefficient Sig.

Intercept 1.324 .000
Total knowledge of the home heating systems 0.952 .000
Initial purchase price o f heat pump -.174 .040
Annual operating costs of electric .209 .002
Annual operating costs of solar .184 .004
Annual operating costs of gas -.408 .000
Media promotion .248 .000

F-test 17.819*

Adjusted R2 0.235

*: P< 0.05

The regression results for each cluster in potential market are shown in Table 5-11,

5-12, and 5-13. In cluster 1, at the significance level o f 0.05, only regression 

coefficients of total knowledge o f the home heating system, annual operating costs of 

solar, and media promotion are significant. In cluster 2, only regression coefficients of 

total knowledge of the home heating system, annual operating costs of electric, annual 

operating costs o f gas, and media promotion are significant. In cluster 3, only 

regression coefficients o f initial purchase price of heat pump, annual operating costs 

of electric, and annual operating costs of gas are significant.

104

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 5-11 Results of Multiple-Regression of Cluster 1 in Potential Market

Independent Variables Coefficient Std. Deviation Sig.

Intercept 1.023 2.234 .000

Total knowledge of the home heating systems .946 1.436 .000

Initial purchase price of heat pump -.038 .809 .556

Annual operating costs o f electric .025 .707 .690

Annual operating costs o f solar .149 .832 .044

Annual operating costs o f gas -.075 .844 .305

Media promotion .355 .125 .000

Dependent Variable: Purchase Intention

Table 5-12 Results of Multiple-Regression of Cluster 2 in Potential Market

Independent Variables Coefficient Std. Deviation Sig.

Intercept 1.634 3.195 .000

Total knowledge of the home heating systems .984 1.998 .000

Initial purchase price of heat pump -.165 1.637 .113

Annual operating costs o f electric .234 .59 .000

Annual operating costs o f solar .181 1.983 .152

Annual operating costs o f gas -.494 .77 .000

Media promotion .102 .118 .000

Dependent Variable: Purchase Intention

Table 5-13 Results of Multiple-Regression of Cluster 3 in Potential Market

Independent Variables Coefficient Std. Deviation Sig.

Intercept 4.736 3.825 .035

Total knowledge of the home heating systems 2.732 3.326 .053

Initial purchase price of heat pump -3.119 2.713 .019

Annual operating costs o f electric -1.600 1.827 .044

Annual operating costs o f solar -.956 2.869 .331

Annual operating costs o f gas -1.891 2.007 .035

Media promotion .221 .663 .331

Dependent Variable: Purchase Intention
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Running the data on cluster 1,2, and 3 shows that residual sum of squares on cluster 1 

is 12.615, the residual sum of squares on cluster 2 is 23.431, and the residual sum of 

squares on cluster 3 is 0.173 (Table 5-14). The residual sum of squares on the entire 

data set is 37.474 (Table 5-14).

Table 5-14 ANOVA of Multiple-Regression in Potential Market

Cluster 1
Source Sum of Squares DF Mean Square

Regression 3.829 6 .638

Residual 12.615 123 .103

Total 16.444 129

Cluster 2
Source Sum o f Squares DF M ean Square

Regression 6.895 6 1.149

Residual 23.431 241 .097

Total 30.325 247

Cluster 3
Source Sum of Squares DF M ean Square

Regression .829 6 .138

Residual .173 4 .043

Total 1.001 10

Entire Data Set
Source Sum of Squares DF Mean Square

Regression 10.523 6 1.754

Residual 37.474 382 .098

Total 47.997 388

The F-ratio is:

[37.474-(12.615+ 23.431+ 0.173]/(6 + l) _ { Si5 
(12.615 + 23.431 + 0.173) /[130 + 248 +11 -  2(6 +1)]
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F= 1.845 < F (7, 375,0.95) = 3.245 (set a=0.05)

The valid members for clusters 1, 2 and 3 are 130 (Ni), 248 (N2), and 11 (N3), 

respectively. Ni, N2 and N3 are all greater than 7 (K + 1= 6 + 1). The F-statistics 

shows that the test is not significant and we can conclude that the clusters are not 

segments.

For the potential market, only 11 valid members are in cluster 3 and the sample size is 

very small. This raises a natural question about the power of the test. Therefore, the 

study further compares cluster 1 and cluster 2. Running the data on the entire data set 

of cluster 1 and 2 shows that the residual sum of squares is 36.705 (Table 5-15).

Table 5-15 ANOVA of Entire Data of Cluster 1 and Cluster 2 in Potential M arket

Source Sum of Squares DF Mean Square

Regression 10.290 6 1.715

Residual 36.705 371 .099
Total 46.995 377

The F-ratio is:

[36.705 - (12.615+ 23.431)]/6 + l .  < ,
(12.615 + 23.431)/[130 + 248-2(6+1)]

The test is not significant.

107

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Because the Chow-test tests all the variables together, the effects of the variables that 

do have the same coefficients could possibly “swamp” the effects of only one or two 

of the variables with the different coefficients. If such differences did exist, variables 

found with different coefficients would be a basis for segmentation. Therefore, the 

next step is to examine two possible results (significant regression coefficients in 

cluster 1 and cluster 2, Table 5-11, 5-12) by use o f a t-test to compare the individual 

regression coefficients.

(a). Before implementing the t-test, an F-statistics is used to test whether the two 

populations have equal variance or not. For the regression coefficient o f total 

knowledge of the home heating system in cluster 1 and cluster 2 (Table 5-11, 5-12), 

the F-statistics is (we set a  as 0.1):

F = S |2/S 22 = (1.436)2 / (1.998)2 = 0.517 < F(,29.247.0.9) = 1.37

Where Si2 is the variance of j3| in cluster 1, S22 is the variance of /3| in cluster 2. The 

F-test result appears to be that no real difference exists in the variance of the 

regression coefficient of total knowledge of the home heating system in cluster 1 and 

cluster 2.
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Then we employ t-test and the t-statistics is:

t -  B1(1)-B1(2) = 0.946 -  0.984 _ QQ21 
Sp 1.829

-0.021 is in the interval [ - 1 (376,0.95), t (376,0.95)] =[-1.645, 1.645]

(N[=130, N2=248, degrees o f freedom= 130 + 248 -  2 -  376; the significance level is 

0 .1)

Where Sp2 = [(N ,-l)S i2 + (N2 -1)S22] / (N,+N2 -2)

Therefore, it is not significant.

(b). For the regression coefficient of media promotion in cluster 1 and cluster 2 (Table

5-11, 5-12), the F-statistics is:

F= Si2 / S22 = (0.125)2 / (0.118)2 =1.122 < F(,29.247.0.9) = 1-37

We have no sufficient evidence to reject the equality of variance between the 

regression coefficient o f media promotion in cluster 1 and cluster 2.

The t-statistics is:

B6(l)-B6(2) _ 0.355-0.102 =2Q 9 
Sp 0.12

Because 2.09 is not in the interval [-1.645, 1.645], therefore, it is significant.

The above t-tests show that the media promotion variable would be a basis for 

segmentation. In this section, the definition of media promotion variable depicts that
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customers see or hear anything about heat pumps as a method o f home heating system 

from radio, television, newspaper, magazine, flyer or handbill. In Question 31 

(Appendix 1), customers can choose all tools that apply to see or hear heat pumps or 

maybe they have never heard about heat pumps. The study calculates the frequencies 

of radio, television, newspaper, magazine, and flyer or handbill chosen by customers 

of cluster 1 and cluster 2 in potential market (Table 5-16). The results (Table 5-16) 

indicate that in cluster 1, most customers see or hear about heat pumps as a method of 

home heating system from radio, newspaper, and magazine. In cluster 2, most 

customers see or hear about heat pumps from newspaper and magazine. The market 

segmentation media is radio.

Table 5-16 Frequencies of Radio, TV, Newspaper, Magazine, and Flyer in Cluster
1 and Cluster 2

Cluster 1 (N,=130)

Radio TV Newspaper Magazine Flyer or Handbill
46 24 59 67 16

% 35.3 18.5 45.4 51.5 12.3

Cluster 2 (N2=248)

Radio TV Newspaper Magazine Flyer or Handbill
19 51 102 125 35

% 7.6 20.6 41.1 50.4 14.1

no
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The marketing segmentation strategy could be designed in both sides: content and 

media. Table 5-17 and 5-18 present mean values on the 14 benefits used in the study 

for each system type of cluster 1 and cluster 2 (Question 20, Appendix 1). This will 

aid in understanding what messages should be included in what media to reach each 

segment. In cluster 1, heat pumps have a lower annual operating cost than the cost of 

gas, oil, and electric (Table 5-17). In addition, a heat pump system has a better 

performance in the attributes o f future availability of fuel supply, absence o f pollution, 

and efficiency o f converting fuel source into heat (Table 5-17). In cluster 2, in 

comparison with other heating systems, a heat pump system has the advantages of 

lower annual operating cost, ease o f conversion o f  another system, and future 

availability of fuel supply (Table 5-18).

Table 5-17 M ean Values of Benefits by System Type in C luster 1

Variable Gas Oil Electric Heat Pumps Solar

Reliability 5.50 4.06 4.90 4.90 5.20
Floor Space 5.10 3.73 5.40 4.73 3.63
Cleanliness 5.17 2.57 6.57 5.80 6.67
Absence Fumes 5.19 2.50 6.63 5.80 6.73
Avail, of Service 6.17 5.07 5.90 5.40 4.43
Safety 4.57 3.97 6.10 5.57 6.53
Warranty 5.10 4.53 5.03 4.93 4.70
Future Avail. 4.13 2.97 4.80 5.03 6.57
Efficiency 5.03 3.97 4.43 4.83 4.77
Ease of Conversion 4.23 3.83 3.37 3.80 3.17

i l l
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Absence o f Pollution 4.30 2.53 5.40 5.60 6.63
Noise Free 4.63 3.63 5.40 4.57 6.00
Initial Purchase Price 4.13 3.93 4.20 3.27 2.47
Annual Operating Cost 3.66 2.77 2.53 4.40 5.70

All variables are measured on a scale, 1=Very Poor, ,7 =  Very Good.

Table 5-18 M ean Values of Benefits by System Type in C luster 2

Variable Gas OU Electric Heat Pumns Solar

Reliability 6.10 4.57 5.20 4.40 5.27
Floor Space 5.73 4.33 5.47 5.00 5.10
Cleanliness 5.23 3.07 6.30 5.50 6.57
Absence Fumes 5.07 2.90 6.50 5.60 6.87
Avail, of Service 6.23 5.30 5.77 4.97 4.23
Safety 4.90 4.10 5.43 5.17 6.27
Warranty 5.57 4.87 5.37 4.80 4.83
Future Avail. 4.27 4.07 5.17 5.27 6.57
Efficiency 5.17 4.07 4.53 4.73 5.37
Ease of Conversion 5.07 4.03 3.47 4.47 3.50
Absence o f Pollution 4.50 2.67 5.70 4.97 6.53
Noise Free 5.17 4.03 5.90 4.77 6.23
Initial Purchase Price 4.77 4.17 3.83 3.57 2.93
Annual Operating Cost 3.67 3.10 2.87 4.07 5.27

All variables are measured on a scale, 1= Very Poor, ..,7 =  Very Good.

3. Homogeneity Test

This research wants to know if demographic variables are associated with cluster 

membership. After interviewing with practitioners of different heating companies, we 

realize that heat pumps are complementary to furnaces in Canada and have a reversion 

function (in summer, heat pumps can reverse its system and offer air conditioning).
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The practitioners also identify that the target market of heat pumps system are seniors 

and white-collar young men (with higher income). In the questionnaire, four 

demographic variables (see Appendix 1) are included in the test: gender, age, 

occupation, and income. From previous discussion, there are two segments in the 

potential market (based on media promotion). After deleting the incomplete answers 

(missing answers in demographic information) and the answers in categories 12 and 

13 in occupation (Table 5-19), there are 100 valid observations in cluster 1 and 170 

valid observations in cluster 2.

(1). Occupation

White collar means middle class and upper-middle class. In the occupation of panel 

members, the thirteen categories of occupation of the panel members in the database 

are shown in Table 5-19.

Table 5-19 Categories of Occupation

1. Professional workers
2. Managers & Administrators, except farm
3. Clerical and Kindred workers
4. Sales workers
5. Craftsmen & Kindred workers
6. Operatives, except transport
7. Transport equipment operatives
8. Labors, except for farm
9. Farmers, farm managers, farm laborers, & farm foremen
10. Service workers, except private household
11. Private household workers
12. Not specified
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13. Panel member not employed

This study divides the categories into white-collar, service workers, and non-service 

workers. The majority o f white-collar workers would be found in categories 1 through 

4; category 10 stands for service workers; non-service workers could be found in 

categories 5, 6, 7, 8, 9, and 11. The respondents in categories 12 and 13 are not 

included in the test.

This study has a predetermined sample size of cluster 1 (100) and cluster 2 (170), and 

classifies each response in categories. Our objective is to test whether the frequency 

distributions of occupation are the same for the two segments. The homogeneity test 

would be a test to answer this question (H. Cramer, 1958; Hair et al., 1998). The 

measure of departure from homogeneity is provided by chi-square statistic, which is 

defined as:

X2 =  E ( O i ~ E i) 2 / E i (E q .  12 )

with (r-1 )(c-1) degrees of freedom

Oj =observed number in cell i

Ej = number in cell i expected under homogeneity

r = number o f rows, c = number o f columns

Null Hypothesis: The empirical frequency distributions o f  occupation are drawn from
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the same underlying distribution

Alternative Hypothesis: The empirical frequency distributions o f  occupation are 

drawn from different underlying frequency distributions 

From Table 5-20, the chi-square statistic is:

X2 = (75- 75.6)2 /75.6 + (129- 128.4)2 / 128.4 + (15- 13.7)2 / 13.7 + 

(22-23.9)2/ 23.9 + (10- 10.7)2/ 10.7+ (19- 18.3)2 / 18.3 = 0.2751 < ^(o.os. 2)= 5.991 

(level o f significance: 0.05; degrees of freedom = (3-l)(2-l) = 2)

The test result shows that frequency distributions of occupation are drawn from the 

same underlying distribution for the two segments. The null hypothesis cannot be 

rejected.

Table 5-20 Cross Classification of Clustering M embership by Occupation

Cluster 1 Cluster 2 Total
W hite-Collar 75 129 204

(75.6) (128.4)
Service Workers 15 22 37

(13.7) (23.9)
Non-Service 10 19 29

Workers (10.7) (18.3)
Total 100 170 270

Note: Estimated expected frequencies for hypothesis of homogeneity in parentheses 

(2). Age

From the original categories in the questionnaire (Appendix 1), this research merges

115

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



some categories and forms three categories as follows:

1. Under 25 years of age (young)

2.25 to 54 years of age (middle-age)

3.55 years and older (seniors)

Then the study uses Table 5-21 to perform homogeneity test.

From Table 5-21, the chi-square statistic is:

^  = 0.7023 < x 2(0.05.2)= 5.991

The test result shows that the frequency distributions of age are drawn from the same 

underlying distribution for the two segments.

Table 5-21 Cross Classification of Clustering Membership by Age

Cluster 1 Cluster 2 Total

Under 25 years of 18 26 44

age (16.3) (27.7)

25 to 54 years of 75 128 203
age (75.2) (127.8)

55 years and older 7 16 23

(8.5) (14.5)

Total 100 170 270

Note: Estimated expected frequencies for hypothesis of homogeneity in parentheses

(3). Income

From the original categories in the questionnaire (Appendix 1), this research merges
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some categories and forms three categories as follows:

1. Less than $14,999 (low income)

2. $15,000- $39,999 (middle income)

3. $40,000 and Over (high income)

Then the study uses Table 5-22 to perform homogeneity test.

From Table 5-22, the chi-square statistic is:

X* = 12.7531 > x W  2)= 5.991

The test result shows that the frequency distributions o f income are drawn from 

different underlying frequency distributions for the two segments. Having obtained a 

significant X2, we should now examine Table 5-23 and try to locate the source of 

significance. Large contributions to x2 come from the “high income” category, where 

the values o f (O j  -  E j)2/  E ,  are 4.928 in cluster 1 and 2.912 in cluster 2. The relative 

frequency is 14/100 or 14% for cluster 1 and 7/170 or 4% for cluster 2. People in 

cluster 1 are more likely to have high incomes than people in cluster 2.
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Table 5-22 Cross Classification of Clustering Membership by Income

Cluster 1 Cluster 2 Total

Less than $14,999 39 52 91
(33.7) (57.3)

$15,000 - $39,999 47 111 158
(58.5) (99.5)

$40,000 and 14 7 21
Over (7.8) (13.2)

Total 100 170 270

Note: Estimated expected frequencies for hypothesis of homogeneity in parentheses

Table 5-23 The values of (O. -  E.)2/ E,

Cluster 1 Cluster 2

Less than $14,999 0.8335 0.4902

$15,000-$39,999 2.2607 1.3291

$40,000 and 
Over

4.928 2.912

X2 = 12.7531

(4). G ender

The study uses Table 5-24 to perform homogeneity test 

From Table 5-24, the chi-square statistic is:

X*= 11.59 > x W  0=3.841

The test result shows that the frequency distributions o f gender are drawn from 

different underlying frequency distributions for the two segments. A further 

examination from Table 5-25 reveals that large contributions to $  come from the

118

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



“male” category, where the values of (O j -  E ;)2/  Ej are 5.33 in cluster 1 and 3.13 in 

cluster 2.

Table 5-24 Cross Classification of Clustering Membership by Gender

Cluster 1 Cluster 2 Total

Male 39 34 73
(27) (46)

Female 61 136 197
(73) (124)

Total 100 170 270

Note: Estimated expected frequencies for hypothesis o f  homogeneity in parentheses

Table 5-25 The values of (Oj -  Ed2/ Ei

Cluster 1 Cluster 2

Male 5.33 3.13

Female 1.97 1.16

X2 = 1159

An interview with practitioners in Kamloops, BC, identifies the target market o f heat 

pumps system as seniors and white-collar young men (with high income). Compared 

with the result of homogeneity test, it appears consistent that men with high income 

are the target markets in both the US and Kamloops, Canada. The differences could be 

explained by:

1. The survey data were collected in the US in 1983, but the interview with

practitioners is conducted in Kamloops, BC, in 2004. Different countries (in
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Canada, the weather is usually cold in each province in winter; in the US, the 

weather is not cold in every state in winter) and different survey times could lead 

to different results.

2. Due to the hot weather in summer in Kamloops, air conditioning perhaps is felt to 

be necessary by many people. The reverse function of heat pump systems makes it 

more popular than other heating system by seniors, and high-income, white-collar 

young men in Kamloops.

Therefore, based on the above discussion, aiming at high-income men and advertising 

in newspapers and magazines as well as promotion through radio programs regarding 

the strengths o f heat pumps in efficiency, lower annual operating cost, absence of 

pollution, and future availability o f fuel supply, would be good marketing promotion 

strategies to cope with customers o f segment 1. In segment 2, focusing on men with 

high income and advertising or promoting mainly in newspapers and magazines about 

the advantages of heat pumps in lower annual operating cost, ease of conversion of 

another system, and future availability of fuel supply could be effective marketing 

strategies to communicate with customers o f segment 2.
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Chapter 6. Conclusions and Future Research

Database marketing (DBM) is a relatively new approach in marketing. In fact, DBM 

developed from direct marketing. The evolution o f data mining techniques and the 

availability of software have led to the rapid development of DBM. Data mining 

techniques were developed primarily by computer scientists. Many marketing 

practitioners are not familiar with data mining techniques and thus lose the chance to 

capitalize on the tool to discover valuable information. This study examines the 

functions, techniques, and approaches o f data mining and their business applications. 

Among the functions and techniques, the author focuses on neural network (NN) 

technique and the clustering function. Self-Organizing Maps (SOMs) are an 

unsupervised NN technique. The study uses the modified two-stage approach (SOMs 

+ K-means) to cluster customers. It further investigates alternative approaches to 

K-means clustering and finds that direct K-means clustering has the best performance. 

A test o f clusters shows that the clusters exist in the target and potential market. But in 

the test of segments, the test results with the Chow test are not significant in both the 

target and potential market. Further study reveals, however, that segments exist in the 

potential market based on media utilization.

In the potential market, this research further compares cluster 1 and cluster 2 and finds
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that the media promotion variable is significant between cluster 1 and cluster 2. In 

addition, a homogeneity test indicates that men with high income are the target market. 

Emphasizing the advantages of heat pumps in terms of efficiency, cost, absence of 

pollution, and future availability of fuel supply, and targeting men (with high income) 

can cope with target customers in segment 1 well. For customers of segments 2, 

informing high-income men about the benefits o f using heat pumps regarding cost, 

ease of conversion o f another system, and future availability o f fuel supply, can lead 

to effective communication with target customers in segment 2.

6-1. Research Contributions

There are six major contributions o f this research. First, due to the novelty of database 

marketing (DBM), scientific research in marketing about DBM is relatively limited. 

There is no consensus about the definition of DBM. In addition, although the 

implementation of DBM can provide benefits to an organization, there are some 

important challenges confronting database marketers with the use o f DBM. This 

research contributes to redefining DBM and discussing the pros and cons of using 

database marketing. The new definition emphasizes that data are transformed into 

information applying data mining and/or other statistical techniques to formulate a 

marketing strategy and to enhance personalized relationships with customers.
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Second, through a review of literature, the study contributes to clarifying the 

relationships among relationship marketing (RM), direct marketing and database 

marketing. The study finds that DBM is evolved from direct marketing, but it is not 

direct marketing. Direct marketing focuses on the direct communication and 

interaction with customers. But the scope of DBM is not limited to direct 

communication. Customer data can also support other marketing decisions, such as 

segmentation, targeting, and pricing. As per the relationship between relationship 

marketing and DBM, this research argues that when DBM is used for a strategic 

purpose, it can establish a continuing relationship with customers and, may lead to 

developing relationship marketing programs.

Third, instead of exploring data mining from mathematical or computer science 

perspective, the study explores data mining from a business perspective. Our research 

clearly discusses the data mining definition, process, functions, techniques, business 

applications, and approach. Through the assessment of data mining, the study 

examines the current limitations and challenges o f data mining. Among data mining 

techniques, this research specifically focuses on the SOM and contributes to 

delineating the implementation steps o f the SOM, presenting empirical application of 

the SOM, and identifying the strengths and weaknesses of the SOM.
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Fourth, the study employs, for the first time, the direct K-means in the modified 

two-stage clustering approach (SOMs and K-means), and then tests for clusters and 

segments. The result reveals that direct K-means clustering outperforms PC-K-means 

clustering and tandem approach. It could be complementary to Kuo et al’s (2002) 

modified two-stage clustering (they employ tandem approach in the K-means 

clustering) and provides a better solution to the problem of market segmentation.

Fifth, beyond the Chow test, this research uses a t-test to further compare the 

individual regression coefficients of cluster 1 and 2 in the potential market. The result 

shows that the media promotion variable is significant. Marketing promotion 

strategies are developed to cope with the two segments. This procedure could be used 

by practitioners to find the variables with the different coefficients in other cases, and 

the significant variables would be a basis for segmentation. This result shows that 

“blind reliance” on the Chow test is not a good idea when seeking to see if segments 

really exist.

Finally, by applying the SOM and direct K-means techniques, this research provides 

an empirical study of the home heating systems market segmentation. Canadian 

companies can employ this procedure of segmentation to identify their customer
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segments and to develop marketing strategies to cope with the segments.

6-2. Limitations

Two major research limitations were identified in the process of thesis development. 

First, because of considerations of commercial secrecy, this research project did not 

get any help from Canadian companies offering historical customer data. The author 

uses previously collected data from Ratchford and Haines (1986).

Second, although the researchers (Ratchford and Haines, 1986) made the benefit 

variables as complete as possible, the data were collected in 1983. If the results were 

to be put to immediate practical use by a manufacturer of home heating systems, it 

would have to be assumed that customer benefit perceptions have remained stable 

over the intervening years.

6-3. Future Research

In our study, the SOMs are utilized to determine the number of clusters. However, in 

some cases, it is quite difficult to determine the cluster number by observing the 

outcome o f network output array, unless the network topology is very clear. Therefore, 

it may be desirable to apply a different unsupervised neural network, such as ART-2
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(Adaptive Resonance Theory 2), for further comparison.

For the test of segments, although this research employs the criterion- responsiveness, 

to test the clusters, other criteria, such as actionability and stability, could also be used 

to test whether clusters are segments.

Because the previously collected data used in the study are cross-section data, time 

series data is not available. If future research can acquire the longitudinal data from 

private companies or public organizations, the comparison of group members with 

“real” members will further refine the accuracy o f clustering.

Finally, more empirical studies (in different industries) are needed to investigate the 

efficacy of SOMs and direct K-means clustering approach.
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1. How is your home (house/apartment) heated? (“x” one)

Gas ............................................................................ ( )  1
Oil ............................................................................ ( )  2
Electric ................................................................  ( ) 3
Gas and Heat Pump .................................................  ( ) 4
Oil and Heat Pump .....................................................( ) 5
Electric and Heat Pump ..............................................( ) 6
S o lar.............................................................................. ( ) 7
Other (write in )........................................................ ( )  8
Don’t know ............................................................. ( )  9

2. About how much did it cost you to heat your home last year?

$250 or less ...............................................................................( )  1
$251 to $400 ...............................................................................( )  2
$401 to $500 ..............................................................................( ) 3
$501 to $800 ...............................................................................( ) 4
$801 to $1000.............................................................................. ( )  5
$1001 to $1200 ...................................................................... ( ) 6
$Over$1200 ............................................................................... ( ) 7
Don’t know ...............................................................................( ) 8
I rent and heating cost are included in the rental payments ( )  9
Not applicable.............................................................................. ( )  0

3. Has the heating system in your home been replaced within the last five years?

Yes ............................................................................. ( )  1
No ............................................................................. ( )  2
Not applicable, I rent ........................................... ( ) 3

4. In the next five years, do you plan to replace your home heating system?

Yes ............................................................................. ( )  1
No ............................................................................. ( )  2
Not applicable, I rent ........................................... ( )  3
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5. If you were buying a heating system for your home, please “x” all those types that 
you would seriously consider purchasing (“x” all that apply).

Gas .......... .............................................................................. ( )
Oil ..........................................................................................( )
Electric .................................................................................( )
Gas and Heat Pump............................................................... ( )
Oil and Heat P u m p ................................................................( )
Electric and Heat Pump ...................................................... ( )
Solar .................................................................................( )

6. If you were buying a heating system for your home, please “x” the one type you 
would be most likely to purchase.

Gas ..........................................................................................( )  1
Oil ..........................................................................................( )  2
Electric ................................................................................. ( ) 3
Gas and Heat Pump............................................................... ( )  4
Oil and Heat P u m p ............................................................... ( ) 5
Electric and Heat Pump ...................................................... ( ) 6
Solar ................................................................................. ( ) 7

7. Have you installed any energy conservation items in your home in the last year, 
(e.g., insulation, storm doors, weather stripping) ?

Yes..........................................................................................( )  1
N o ..........................................................................................( )  2
Not applicable, I rent ...................................................... ( ) 3

8. About how much did you spend on these energy conservation items in the last year?

Nothing ................................................................................. ( )  1
$1 to $200 ........................................................................ ( )  2
$201 to $400 ........................................................................ ( )  3
$401 to $600 ........................................................................ ( )  4
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$601 to $800 ........................................................................ ( )  5
$801 to $1000........................................................................ ( )  6
$1001 to $1200 ................................................................( )  7
$1201 to $1500 ............................................................... ( ) 8
Over $1501  ( ) 9

9. Do you plan on buying a house (either as a first-time homeowner or replacing your 
existing home) within the next five years? (“x” one)

Yes-1 plan to buy a brand new house....................................................................( )  1
Yes-1 plan to buy a house, but not a brand new one .......................................... ( ) 2
Yes- but I have not decided whether it will be a brand new house or not ....... ( )  3
No-1 do not plan to buy a house in the next five years ..................................( )  4

10. Which one of the following statements would best describe your attitude to buying 
a major new item for your home? (“x” one)

I would likely be one o f the first people to buy it ........................................ ( )  1
I would not likely be one of the first to buy it ..................................................( )  2
I would likely be one o f the last people to buy it ........................................ ( ) 3
I would be unlikely to ever buy it ..................................................................( )  4

11. If you are married, who usually makes the final decision about a new heating 

system?

Husband always decides ...................................................................................... ( )  1
Husband more than wife ...................................................................................... ( )  2
Husband and wife exactly the sam e ..................................................................... ( ) 3
Wife more than husband ...................................................................................... ( ) 4
Wife always decides............................................................................................... ( ) 5
Don’t know ........................................................................................................( ) 6
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12. Who usually participates in discussions about a new heating system (“x” all that 
apply)?

Husband ................................................................................................................ ( )
Wife .......................................................................................................................... ( )
Children ................................................................................................................ ( )
Other relatives ........................................................................................................( )
Friends ................................................................................................................( )
Heating contractor ...............................................................................................( )
Don’t know ......................................................................................................... ( )

13. Which of the following statements best describes your knowledge of oil heating 
systems? (“x” one below)

I know a great about oil heating system s..............................................................( ) 1
I know quite a lot about them ............................................................................... ( ) 2
I know a little about them ........................................................................................( ) 3
I know hardly anything about them ...................................................................... ( ) 4
I know nothing about them ............................................................................... ( ) 5

14. Which of the following statements best describes your knowledge of electric 
heating systems? (“x” one below)

I know a great about oil heating system s..............................................................( )  1
I know quite a lot about them ............................................................................... ( ) 2
I know a little about them ........................................................................................( ) 3
I know hardly anything about them ...................................................................... ( ) 4
I know nothing about them ............................................................................... ( ) 5
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15. Which of the following statements best describes your knowledge o f solar heating 
systems? (“x” one below)

I know a great about oil heating system s.............................................................. ( )  1
I know quite a lot about them ............................................................................... ( ) 2
I know a little about them ........................................................................................( ) 3
I know hardly anything about them .......................................................................( ) 4
I know nothing about them ............................................................................... ( ) 5

16. Which of the following statements best describes your knowledge o f gas heating 
systems? (“x” one below)

I know a great about oil heating system s.............................................................( )  1
I know quite a lot about them ............................................................................... ( ) 2
I know a little about them ......................................................  ( ) 3
I know hardly anything about them .......................................................................( ) 4
I know nothing about them ............................................................................... ( ) 5

17. Which of the following statements best describes your knowledge o f heat pump 
heating systems? (“x” one below)

I know a great about oil heating system s.............................................................. ( )  1
I know quite a lot about them ............................................................................... ( ) 2
I know a little about them ........................................................................................( ) 3
I know hardly anything about them .......................................................................( ) 4
I know nothing about them ............................................................................... ( ) 5

18. How important as a resource of satisfaction do you consider each o f the following 
characteristics to be in your purchase of a central home heating system? Please 
rate each characteristic on a scale from “ 1” to “7”
“ 1” means you consider the characteristic “not important” while 
“7” means that you consider the characteristic “extremely important.”
The numbers between “ 1” and “7” represent degrees between “not important" and 
“extremely important.” (Please “x” only one for each characteristic under 18 

below)

145

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Not

Important

Extremely

Important

1 2 3 4 5 6 7

Reliability against breakdown ( )  ( )  ( )  ( )  ( )  ( )  ( )

Floor space required for the system ( )  ( )  ( )  ( )  ( )  ( )  ( )

Cleanliness of operation o f the system ( )  ( )  ( )  ( )  ( )  ( )  ( )

Absence of fumes and odors ( )  ( )  ( )  ( )  ( )  ( )  ( )

Initial purchase price o f  the system ( )  ( )  ( )  ( )  ( )  ( )  ( )

Annual fuel and maintenance cost o f ( )  ( )  ( )  ( )  ( )  ( )  ( )

operating the system

Availability o f professional servicing ( )  ( )  ( )  ( )  ( )  ( )  ( )

Safety o f the system ( )  ( )  ( )  ( )  ( )  ( )  ( )

Warranty protection ( )  ( )  ( )  ( )  ( )  ( )  ( )

Future availability o f fuel supply ( )  ( )  ( )  ( )  ( )  ( )  ( )

Efficiency o f  converting fuel source into heat ( )  ( )  ( )  ( )  ( )  ( )  ( )

Ease o f conversion of another system ( )  ( )  ( )  ( )  ( )  ( )  ( )

Absence of pollution ( )  ( )  ( )  ( )  ( )  ( )  ( )

Noise-free operation o f the system ( )  ( )  ( )  ( )  ( )  ( )  ( )

19. In actually buying a central heating system, which of the characteristics would you 
use in making the decision? (Please “x” as many as apply)

Decision

Reliability against breakdown ( )

Floor space required for the system ( )

Cleanliness of operation o f the system ( )

Absence o f fumes and odors ( )

Initial purchase price o f the system ( )

Annual fuel and maintenance cost of operating the system ( )

Availability o f professional servicing ( )

Safety o f the system ( )

Warranty protection ( )
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Future availability o f fuel supply 

Efficiency of converting fuel source into heat 

Ease o f  conversion of another system 

Absence of pollution 

Noise-ffee operation of the system

20. For each of the following questions please rate all the methods o f central heating 
on a scale of “ 1” to “7”. A ‘ 1” means that the method of heating is “very poor” 
and a “7” means that the method is “very good” in providing the value represented 
by that characteristic, (“x” one for each method of central heating for each 
characteristic)

Very
Poor

Reliability aeainst breakdown 1

Oil ( )

Electric ( )

Solar ( )

Gas ( )

Heat Pump ( )

Floor space required for the system

o n  ( )

Electric ( )

Solar ( )

Gas ( )

Heat Pump ( )

Cleanliness of operating the system 

Oil ( )

Electric ( )

Solar ( )

G as ( )

Heat Pump ( )

2 3 4 5 6

Very
Good

7

0 0 ( ) ( ) ( ) ( )

0 ( ) 0 0 0 ( )
0 0 0 0 0 0
0 ( ) 0 0 0 ( )
( ) ( ) 0 ( ) ( ) ( )

0 0 0 0 ( ) ( )
0 ( ) ( ) ( ) 0 ( )

0 0 0 0 0 0

0 0 0 ( ) 0 ( )

0 0 0 ( ) 0 0

0 ( ) 0 ( ) 0 ( )
0 0 0 ( ) 0 0
0 0 0 0 0 0
0 0 0 ( ) ( ) 0
0 ( ) 0 ( ) 0 0
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Very
Poor

1
Absence of fumes arid odors

Oil 0

Electric 0

Solar ( )

Gas 0

Heat Pump ( )

Very
Good

> 3 4 5 6 7

0 0 ( ) 0 0 0

0 0 0 ( ) 0 0
( ) 0 ( ) ( ) 0 0
0 0 ( ) ( ) 0 0
( ) 0 0 ( ) 0 0

Availability o f professional servicing

oi l  ( )

Electric ( )

Solar ( )

Ga s  ( )

Heat Pump ( )

( ) 0 ( ) ( ) ( ) 0
( ) 0 ( ) ( ) 0 ( )
( ) 0 ( ) ( ) 0 0
( ) 0 ( ) ( ) 0 0
( ) 0 0 ( ) 0 0

Safety of the system

oi l  ( )

Electric ( )

Solar ( )

G as  ( )

Heat Pump ( )

Warranty protection

oil  ( )

Electric ( )

Solar ( )

Gas  ( )

Heat Pump ( )

Future availability o f  the fuel supply 

Oil ( )

Electric ( )

Solar ( )

Ga s  ( )

Heat Pump (  )

( ) 0 ( ) ( ) 0 0
0 0 ( ) 0 0 ( )
( ) 0 ( ) ( ) 0 ( )
( ) 0 0 ( ) 0 0
0 0 ( ) ( ) 0 0

0 0 0 0 0 ()
0 0 () 0 0 0
0 0 () () 0 0
( ) 0 0 ( ) 0 ()
() 0 () 0 0 0

0 0 0 ( ) 0 ( )
0 0 ( ) ( ) 0 ( )
0 0 0 ( ) 0 0
( ) 0 0 0 0 ( )
( ) 0 ( ) ( ) 0 0
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Very
Poor

1
Efficiency o f converting fuel source into heat

oil  ( )

Electric ( )

Solar ( )

Gas  ( )

Heat Pump ( )

Ease of conversion to another system 

Oil ( )

Electric ( )

Solar ( )

Gas  ( )

Heat Pump (  )

Absence of pollution

oil  ( )

Electric ( )

Solar ( )

Gas ( )

Heat Pump ( )

Noise-free operation of the system

oil  ( )

Electric ( )

Solar ( )

Gas  ( )

Heat Pump ( )

Initial purchase price

Oil ( )

Electric ( )

Solar ( )

Gas  ( )

Heat Pump ( )

Very
Good

) 3 4 5 6 7

( ) ( ) 0 0 0 0
0 0 0 0 ( ) 0
( ) ( ) 0 0 ( ) 0
0 0 ( ) 0 0 0
0 ( ) 0 0 0 ( )

( ) ( ) 0 0 0 0
() ( ) 0 0 0 0
( ) ( ) 0 0 0 0
() ( ) 0 0 0 0
0 ( ) 0 0 0 0

0 ( ) 0 0 ( ) ( )
( ) ( ) 0 ( ) 0 ( )
( ) ( ) 0 0 0 ( )
( ) ( ) 0 ( ) 0 0
( ) ( ) 0 ( ) 0 0

0 ( ) 0 0 0 0
() ( ) 0 0 0 0
0 ( ) 0 0 0 0
0 ( ) 0 0 () 0
() () 0 () 0 0

( ) ( ) 0 0 0 0
0 0 0 ( ) 0 0
( ) ( ) 0 ( ) 0 0
( ) ( ) 0 0 0 0
0 ( ) 0 ( ) 0 0
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Annual operating cost

Oil 0  0 ( )  ( )  ( )  ( )  ( )

Electric 0  0 0  ( )  ( )  0  0

Solar 0  0 0  ( )  ( )  0  0

Gas 0  0 0  ( )  ( ) 0  ( )

Heat Pump 0  0 ( )  0  ( )  0  ( )

21. For the judgement you made in response to the preceding question, how confident 
were you in your ratings of each type of heating on each of the following 
attributes. Please record your degree of confidence in the appropriate place as a 
number between 1 and 7, using the scale below:

1 2 3 4 5 6 7
Not at all Somewhat Extremely

Confident Confident Confident

Degree o f confidence in judgement about:

Oil Electric Solar Gas Heat pump

Reliability against breakdown___________ ___  ___ ___  ___  ___

Floor space required for the system ___ ___ ___  ___  ___

Cleanliness of operating the system ___ ___  ___  ___  ___

Absence o f  fumes and odors ___  ___  ___  ___  ___

Initial purchase price of the system ___ ___ ___  ___  ___

Annual fuel and maintenance cost of

operating the system ___  ___  ___  ___  ___

Availability of professional servicing

safety of the system ___  ___  ___  ___  ___

Warranty protection ___  ___ ___  ___  ___

Future availability of fuel supply ___  ___  ___  ___  ___

Efficiency o f converting fuel into a

source of heat ___  ___ ___  ___  ___

Ease of conversion to another system ___ ___ ___  ___  ___

Absence o f pollution ___  ___  ___  ___  ___

Noise-free operation of the system ___  ___  ___  ___  ___
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22a. Which one method of home heating do you think has the highest initial cost, i.e., 
equipment cost plus installation cost? (“x” one)

Oil ........................................................( )1
Electric ...............................................( ) 2
Solar ...............................................( )3
Gas ..........................................................( ) 4
Don’t know ....................................... ( ) 5

22b. Which one method of home heating do you think has the lowest initial cost? (“x” 

one)

Oil ............
Electric ...
Solar
Gas ............
Don’t know

22c. Which one method of home heating do you think has the highest yearly cost, i.e., 
annual operating plus maintenance costs? (“x” one)

Oil .........................................................( )1
Electric ................................................ ( ) 2
Solar  ( ) 3
Gas .........................................................( ) 4
Don’t know ....................................... ( )5

22d. Which one method of home heating do you think has the lowest yearly cost? (“x” 
one)

Oil .........................................................( )1
Electric ..................... ( ) 2
Solar ................................................ ( )3
Gas ......................................................... ( ) 4
Don’t know ....................................... ( )5
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23. Think of yourself buying a home heating system today. For each statement below, 
please mark your preference for one method of home heating over the other, (“x” 
one to complete each of the ten sentences)

For heating a home, gas is
Much better than oil  ( ) 1
Slightly better than oil................................................................... ( ) 2
Just as good as oil ..................................................................( ) 3
Slightly worse than oil...................................................................( ) 4
Much worse than oil ..................................................................( ) 5

For heating a home, solar is
Much better than electricity  ( )1
Slightly better than electricity  ( )2
Just as good as electricity  ( )3
Slightly worse than electricity.........................   ( )4
Much worse than electricity .................................................( )5

For heating a home, oil is
Much better than solar  ( ) 1
Slightly better than solar  ( ) 2
Just as good as solar  ( ) 3
Slightly worse than solar  ( ) 4
Much worse than solar  ( ) 5

For heating a home, solar is
Much better than heat pump  ( ) 1
Slightly better than heat pump  ( )2
Just as good as heat pump  ( )3
Slightly worse than heat pump  ( ) 4
Much worse than heat pump  ( )5
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For heating a home, a heat pump is
Much better than gas  ( ) 1
Slightly better than gas  ( ) 2
Just as good as gas  ( )3
Slightly worse than gas  ( ) 4
Much worse than gas  ( ) 5

For heating a home, electricity is
Much better than heat pump  ( ) 1
Slightly better than heat pump  ( )2
Just as good as heat pump  ( )3
Slightly worse than heat pump  ( ) 4
Much worse than heat pump  ( )5

For heating a home, a heat pump is
Much better than oil .................................................................. ( ) 1
Slightly better than oil.................................................................. ( ) 2
Just as good as oil  ( ) 3
Slightly worse than oil  ( ) 4
Much worse than oil  ( ) 5

For heating a home, solar is
Much better than gas ................................................................. ( ) 1
Slightly better than gas  ( ) 2
Just as good as gas ................................................................. ( ) 3
Slightly worse than gas  ( ) 4
Much worse than gas ................................................................. ( ) 5

For heating a home, oil is
Much better than electricity .................................................. ( ) 1
Slightly better than electricity  ( )2
Just as good as electricity .........................................................( ) 3
Slightly worse than electricity...................................................... ( )4
Much worse than electricity ................................................. ( )5
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For heating a home, electricity is
Much better than gas ................................................................( ) 1
Slightly better than gas  ( ) 2
Just as good as gas ................................................................( ) 3
Slightly worse than gas ....................................................... ( ) 4
Much worse than heat pump ...............................................( )5

24. In your opinion, how reliable against breakdown are the following methods of 
heating a home compared to the reliability of gas heating? (“x” one for each 
method)

A Little A Little

Much Less Less Regular More Much More

Reliable Reliable Reliable Relaible Reliable

Than Gas Than Gas As Gas Than Gas Than Gas

Electric heating is ( )1 ( )2 ( ) 3 ( ) 4 ( )5
Solar heating is ( ) I ( )2 ( ) 3 ( ) 4 ( )5
Oil heating is ( )1 ( ) 2 ( )3 ( ) 4 ( )5
Heat pump is ( )1 ( ) 2 ( )3 ( ) 4 ( )5

25. In comparing each of the following home heating methods listed below, to a gas
system, would you say that the initial purchase price of.. .(“x” one for each
method)

Initial Purchase Price
A Little A Little

Much Less Less Regular More Much More

Than Gas Than Gas As Gas Than Gas Than Gas

Electric heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Solar heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( ) 5
Oil heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( ) 5
Heat pump is ( )1 ( )2 ( ) 3 ( )4 ( ) 5
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26. In comparing each o f the following home heating methods listed below, to gas 
heating, would you say that the yearly operating costs (e.g., fuel and 
maintenance) of...? (“x” one for each method)

Yearly Operating Costs

Much Less

A Little 

Less Regular

A Little 

More Much More

Than Gas Than Gas As Gas Than Gas Than Gas

Electric heating is ( )1 ( )2 ( )3 ( )4 ( )5
Solar heating is ( )1 ( )2 ( ) 3 ( ) 4 ( ) 5
Oil heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Heat pump is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5

27. In your opinion, how safe are the following methods of heating a home relative to 
the safety of gas heating? (“x” one for each method)

Much A  Little Equally A  Little Much

Less Safe Less Safe Safe More Safe More Safe

Than Gas Than Gas A s  Gas Than Gas Than Gas

Electric heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Solar heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Oil heating is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Heat pump is ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
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28. In your opinion, how available will fuel be for each o f the following methods of 
heating a home relative to the future availability of gas? (“x” one for each method)

Much Less A Little Less Equally A Little More Much More

Available Available Available Available Available

Than Gas Than Gas As Gas Than Gas Than Gas

Electricity will be ( )1 ( ) 2 ( )3 ( ) 4 ( )5
Solar energy will be ( )1 ( )2 ( )3 ( ) 4 ( )5
Oil will be ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5
Heat pump will be ( )1 ( ) 2 ( ) 3 ( ) 4 ( )5

29. How would you prefer your home to be heated? (“x” one)

By oil  ( ) 1
By g a s  ( ) 2
By electricity  ( )3
By gas and heat pump................................................ ( ) 4
By oil and heat pump ............................................... ( )5
By electricity and heat pump .............................. ( ) 6
By solar ................................................................ ( ) 7
Other (Write in )________________________ _ ...( ) 8
It makes no difference to me ...................... ( ) 9

30. In the past 6 months, where did you see or hear anything about solar energy as a 
method of home heating? (“x” all that apply)

Radio  ( )
Television  ( )
Newspaper  ( )
Magazine  ( )
Told about it by a friend  ( )
Government Publication  ( )
Flyer or handbill ( )
Saw a demonstration  ( )
Told about it by a salesman for a heating firm  ( )
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Other (Write in )_________________
Don’t rem em ber..................................
I have never heard about solar energy

( ) 
( )

( )

31. In the past 6 months, where did you see or hear anything about heat pump as a 
method of home heating? (“x” all that apply)

Radio   ( )
Television  ( )
Newspaper  ( )
Magazine  ( )
Told about it by a friend  ( )
Government Publication  ( )
Flyer or handbill..............................................................( )
Saw a demonstration  ( )
Told about it by a salesman for a heating firm ......... ( )

Other (Write in )   ( )
Don’t rem em ber..............................................................( )
I have never heard about solar energy  ( )
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Demographic Information

1. This questionnaire was answered by

Male ( )
Female  ( )

2. Age of panel member

Under 25 years of age  ( )
25 to 34 years of age  ( )
35 to 44 years of age  ( )
45 to 54 years of age  ( )
55 to 64 years of age  ( )
65 years and older  ( )

3. Occupation of the panel member

Professional workers ........................................... (
Managers & Administrators, except farm ......... (
Clerical & Kindred workers ................................... (
Sales workers .............................................................(
Craftsmen & Kindred workers .......................... (
Operatives, except transport ...................................(
Transport equipment operatives .......................... (
Labors, except for farm ........................................... (
Farmers, farm managers, farm laborers, &
farm foremen .............................................................(
Service workers, except private household ......... (
Private household workers ................................... (
Not specified .............................................................(
Panel member not employed ................................... (
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4. Total household income, 1981

Less than $ 6,000 
$ 6,000- $ 9,999 
$ 10,000-$11,999 
$ 12,000- $ 14,999 
$ 15,000- $ 17,499 
$ 17,500-$19,999 
$ 20,000- $ 24,999 
$ 25,000- $ 29,999 
$ 30,000- $ 39,999 
$ 40,000- $ 49,999 
$ 50,000- $ 69,999 
$ 70,000 and over
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Appendix 2

Target Market- Descriptive Statistics

N Minimum Maximum Mean Std. Deviation

Reliability against breakdown 216 0 7 6.69 1.012

Floor space required for the
216 4.88 2.112

system
0 7

Cleanliness of operation of the
6.06 1.625

system
216 0 7

Absence of fumes and odors 216 0 7 6.30 1.516

Initial purchase price of the
5.74 1.685

system
216 0 7

Annual fuel and maintenance cost

of operating the system
216 0 7 6.37 1.391

Availability of professional
6.14 1.375

servicing
216 0 7

Safety of the system 216 0 7 6.65 1.129

Warranty protection 216 0 6.36 1.245

Future availability of fuel supply 216 0 7 6.33 1.455

Efficiency of converting fuel
6.20 1.513

source into heat

Ease of conversion of another

216 0 7

system
216 0 7 5.01 1.914

Absence of pollution 216 0 7 5.85
j

1.556

Noise-free operation of the
! 5.97
j

1.338
system

216 0 7

Valid N 216 I i
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Appendix 3

Potential Market- Descriptive Statistics

N Minimum Maximum Mean Std. Deviation

Reliability against breakdown 433 0 7 6.69 .909

Floor space required for the 

system
433 0 7 4.85 1.779

Cleanliness of operation of the 

system
433 0 7 6.12 1.258

Absence of fumes and odors 433 0 7 6.51 1.194

Initial purchase price of the 

system
433 0 7 5.80 1.481

Annual fuel and maintenance 

cost of operating the system
433 0 7 6.42 1.252

Availability of professional 

servicing
433 0 7 6.03 1.305

Safety of the system 433 0 7 6.72 .895

Warranty protection 433 0 7 6.11 1.337

Future availability of fuel supply 433 0 7 6.22 1.423

Efficiency of converting fuel 

source into heat
433 0 7 6.00 1.533

Ease of conversion of another 

system
433 0 7 4.87 1.864

Absence of pollution 433 0 7 5.83 1.531

Noise-free operation of the 

system
433 0 7 5.92 1.324

Valid N 433
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Appendix 4- V isualization o f C lusters in T arget M ark e t
-PC N euron

1. V isualization of clusters fo r tra in in g  sam ples in the  ta rg e t m ark e t

m m m m )
' ikjb i-

■  Seriesl

■  Series2

□  Series3

□  Series4

■  Series5 

m Series6

■  Series7 

a  SeriesS

■  Series9

■  Seriesl 0

2. V isualization o f clusters fo r testing sam ples in the ta rg e t m ark e t

\ m  Seriesl !
i i
i  ;

■ Series2 j 

: □ Series3 I
I j
; □ Series4 | 
i i
j ■ Series5 j

|® S eries6 |
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Appendix 5- V isualization o f C lusters in Potential M ark e t
-PCN euron

1. V isualization o f clusters fo r tra in ing  sam ples in the potential m a rk e t

w m m m

xm m & sm k

m S e r ie s l
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□  S e r ie s3

□  S e r ie s4
■  S e r ie s5  

B S e r ie s6

■  S e r ie s7  
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■  S e r ie s9
■  S e r ie s l  0

2. V isualization o f clusters for testing sam ples in the poten tial m ark e t
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Appendix 6- Visualization o f Clusters in Target M arket
-SAS Enterprise M iner

1. V isualization o f C lusters fo r tra in ing  sam ples in the ta rg e t m ark e t
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j
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2. V isualization of C lusters fo r testing sam ples in the ta rg e t m ark e t
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A p p en d ix  7 -  Visualization o f  Clusters in Potential M arket
-SAS Enterprise Miner

1. Visualization of Clusters for training samples in the potential market
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A ppendix 8- Visualization of Clusters in Target Market
-Neuroshell

1. Visualization of Clusters for training samples in the target market
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A p p e n d ix  9 -  V isualization of C lusters in Poten tial M ark e t
-N euroshell

1. V isualization o f C lusters fo r tra in ing  sam ples in the potential m ark e t
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■  Series2

□  Series3

□  Series4

■  Series5

■  Series6

■  Series7

■  Series9

■  Seriesl 0

2. V isualization o f C lusters for testing sam ples in the poten tial m arke t
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Appendix 10-Neural Network Parameters in Target Market

SOM-Self-Organizing Map 
Unsupervised Learning-1

0
1
2

3
4
5
6 

7 
S 
9

10

11

12

13
14
15
16

Number of Input Unit (<20) : 14
Number of Rays (=Columns) of Output Unit (about 4-10, <20): 10
Number of Train Examples: 150
Number of Test Examples: 66
Number of Train Cycles (about 20-200) : 80
Number of Test Period (about 1-10): 1
Using Batch Learn (Yes=l,No=0, usually 0) : 0
Using Learned Weights (Yes=l,No=0, usually 0) : 0
Range of Weights (0.1-0.5, usually 0.3): 3.000e-01
Random Seed (0.1-0.9, usually 0.456): 4.560e-01
Learn Rate (0.01-0.3, usually 0.1): 1.000e-01
Learn Rate Reduced Factor (0.9-1.0, usually 0.95): 9.500e-01
Learn Rate Minimum Bound (0.01-0.1, usually 0.01): l.000e-02
Radius (about = Number of Rays): 1.000e+01
Radius Reduced Factor (0.9-1.0, usually 0.95): 9.500e-01
Radius Minimum Bound (about 0.1): 1.000e-01
Interactive RUN (Yes=l, No=0, usually 0): 0
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A ppendix 11 -Neural Network Parameters in Potential Market

SOM-Self-Organizing Map 
Unsupervised Learning-1

Number of Input Unit (<20) : 14
Number of Rays (=Columns) of Output Unit (about 4-10, <20) : 10
Number of Train Examples: 300
Number of Test Examples: 133
Number of Train Cycles (about 20-200): 80
Number of Test Period (about 1-10): 1
Using Batch Learn (Yes=l,No=0, usually 0): 0
Using Learned Weights (Yes=*l,No=0, usually 0) : 0
Range of Weights (0.1-0.5, usually 0.3): 3.000e-01
Random Seed (0.1-0.9, usually 0.456): 4.560e-01
Learn Rate (0.01-0.3, usually 0.1): 1.000e-01
Learn Rate Reduced Factor (0.9-1.0, usually 0.95): 9.500e-01
Learn Rate Minimum Bound (0.01-0.1, usually 0.01): 1.000e-02
Radius (about = Number of Rays): 1.000e+01
Radius Reduced Factor (0.9-1.0, usually 0.95): 9.500e-0l
Radius Minimum Bound (about 0.1): 1.000e-01
Interactive RUN (Yes=l, No=0, usually 0): 0
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A ppendix 12-TVaining Epochs in the Target Market

Column 1: Learning Cycle
Column 2: Train: Average Total Minimum Distance 
Column 3: Test: Average Total Minimum Distance

0 2.77870 2.86567
1 0.62508 0 .60132
2 0.62197 0 .59840
3 0.61852 0 .59506
4 0.61495 0 .59412
5 0.61066 0.59013
S 0.60627 0.58433
7 0.60205 0 .58035
8 0.59756 0.57689
9 0.59314 0.57259
10 0.58873 0.56865
11 0.58237 0.56321
12 0.57741 0.55861
13 0.57280 0.55439
14 0.56821 0.54992
15 0.56373 0.54573
16 0.55878 0.54064
17 0.55437 0.53642
18 0.55009 0.53236
19 0.54590 0.52844
20 0.54174 0.52447
21 0.53774 0.52071
22 0.53353 0.51695
23 0.52944 0.51328
24 0.52552 0.50979
25 0.52136 0.50550
26 0.51756 0.50185
27 0.51389 0.49816
28 0.51024 0.49470
29 0.50671 0.49140
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