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PROPOSITION OF THIS STUDY

Preface

It is the purpose of this dissertation to introduce a neu 
approach to the modelling of consumer brand-choice process.

Through the use of a email empirical study it uill be demonstrated 
that the neu approach is feasible in practice and may be applied 
to broad aggregation of consumer populations and to many product 

markets.
The dependent variable to be "explained" is the choice of 

brand uhich, over a population, may be summarized as a matter of 
a brand's share of market.

Previous research has used a great number of different in­
dependent variables but they have not bean highly developed in ig­
noring any sophisticated measurement of consumers' perceptions 

of the set of competitive brands.
When consumer perceptions of the brands have been measured, 

it has nomally been dons uith ordinal or at most interval scales. 
In this study an effort is made to "upgrade" the data to some 
stronger form of scale. They uill be done by multidimensional 
scaling, a method that has not yet been fully applied to the 
overall consumer brand-choice process.

tile are particularly concerned uith the follouing perceptual 
variables :
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Perceived quality of the brands 
Perceived prices of the brsnds 
Perceived dollar advertising per unit sold 
Psrceived market shares of the brsnde

Uith perceived price and perceived advertising, it uill be 

poaeible to see to what degree there is congruence betueen the 
perceptual data and the actual corporate data. Equally important, 
one may compute measures of the elasticity of advertising and of 
the conception of quality. Rao has already demonstrated the em­
pirical measurement of price elasticity for safety razors and elec­
tric shavers, using essentially the same methods of multidimen­

sional scaling
It is ths proposition of this dissertation that ue are on 

the threshold of developing pragmatic models of brand choice if 
these neu variables are introduced into the current state of the 
art. It is helpful to see these variables in the context of the 
overall constructs of modelling the consumer brand-choice process.

2



The organization of chanters

In Chapter lt an overview of multidimensional scaling methods 
is discussed uith their applicability in consumer behavior, their 
development, their taxonomy, and their underlying technical mean­

ings.
Chapter 2 is devoted to describing the conceptual foundation 

and the scheme of the proposed model uith the presentation of the 
hypotheses to be tested in the illustrative sample-problem. Later 
chapters uill deal largely uith this sample-problem on uhich ue 
uill demonstrate hou the model may be used in a practical market­
ing situation : modelling consumer brand-choice for automobiles, 
for example. Data, analyses and interpretation reported here uill 
serve not for any purposes of generalization and projection, but 
only to demonstrate the feasibility of such an approach uith a 
larger, projectable sample in a pragmatic marketing context.

Chapter 3 describes the design of the data bank for the sam­
ple problem. There is a brief description of the questionnaire 
uBed to collect data from the respondents.

In Chapter L, the common perceptual spaces for all brands 
are obtained after discussing the method of preprocessing the 
similarities data from the questionnaire. Chapter 5 is devoted 
to the measurement of perceived brand quality and to the tests of 

the hypotheses related to price and quality. In Chapter 6, the 
relation of advertising to price and quality is discussed. One

3



way of regarding allocation of advertiaing expenditurea ia propoaed 

in thia chapter.
Chapter 7 deala uith the effect of consumers' diapoeable budg­

et ("endowment"). The purchaaing power for perceived quality and 
marginal utility of it are examined. The utility function uill bs 

obtained to predict the price level of brands at uhich conaumera 
might find most utility.

In Chapter 8, consumers' perception, preferences and attitude 
are examined. Brand attributes are extrapolated beyond the respond­

ents' present context to other, hypothetical conditions. Fundamen­
tal brand properties (underlying the attributes and derived from 
them) are mapped in terms of brand perception and the nature and 
direction of each brand property is examined. After the examina­
tion of brand properties, these basic attributes of the brand are 
explored and related to respondents' estimates of their past, pre­
sent and possible future views.

In Chapter 9, the possibility market segmentation is demon­
strated by checking upon the commons.. y of perception and prefer­
ence. Consumers' characteristics data are examined to find homo­
geneity for segmenting consumers. In Chapter 10, the market sharee 
of brand are predicted by conaumera' proximity-prBference percep­
tions. A stochastic model is employed to predict consumers' pur­
chase probabilltiee.

Chapter 11 presents a summary of findings, discusses the limi­
tation of the study, and considers implications for possible future 
research.



CHAPTER 1 
MULTIDIMENSIONAL SCALING METHODS

Sum— rv

This first chaptar givea soma background to multidimensional 

scaling as it is uaed in thia study. In data analyaia and inter­
pretation, the particular advantage la in achieving interval or 
ratlo-scale data (which ia desirable for analysis) from lower-order 
data which ia more readily obtained from respondents.

At the same time, we determine any underlying structure in 
the data and can represent that structure graphically or mathemat­
ically.

The various types of multidimensional scaling are outlined 
and briefly explained, pointing up the key features of each major 
algorithm in commonly available computer programs that were uaed 
in thia study.
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The applicability of multidimensional scaling techniques to 
consumer buying behavior

According to Shepard^ description (75) , the purpose or 
these techniques is to determine uhat structure may lie hidden in 
our empirical data and to represent that structure by visual pre­
sentation. Therefore, the techniques employ a geometrical model 
or picture. In the perceptual space the stimuli are represented 
by points such that the significant features of the data about 
these stimuli are revealed in the geometricsl relatione among the 
spatial points in multidimensional apace. A model to employ theae 
techniques ia able to deal uith the situations uhere the multi- 
branda positions may be simultaneously presented by points or vec­
tors uith respect to their attributes and analyzed for consumer 
attitudes toward brands.

Consumer buying behavior should be studied uith a considera­
tion of a uide range of sociological and psychological constructs 
such as perception, preferences and attitude. Much of the behav­
ior that interests researchers is a consequence of a complex infu­
sion of many variables, and aa such it is multidimensional in na­
ture. The unidimenaional approach ia too limited in its scope, 
since it falls to obtain a full and accurate description of com­
plex phenomena. As Gatty eaye, "For the purpoaee of marketing 
research or any other applied field, moat of our tools ars, or 
should be, multivariate. One ia pushed to a conclusion that

6



unless a marketing problem le treated as a multivariate problem, 

it ia treated superficially (32)."
In order to develop a programatic model of consumer behav­

ior uith good explanatory and predictive pouer it becomes neces­
sary to use a set of appropriate measurBa of consumer perception, 
preferences and attitude touard a set of objects such as brands. 
Traditional multivariate statistical models are usually limited 
in the sense that the measurement scales has restrictive assump­
tions. Therefore, it becomes useful to find a method of convert­
ing ordinal scores (uhich are considered inherent to cognitive 

data) into cardinal scales or metric scales of either the interval 
or ratio type. Thus ue incorporate the constructs for cognitive 
processes of perceptions and preferences into a consumer behavior 
model (69). Multidimensional scaling techniques can be ex­
pected to handle these situations.
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Development of multidimensional scaling

Multidimensional scaling is a relatively new methodology, 
having become available in the last several years. However, its 
original concept might be date back to 1860s. G. Fechner attempt­
ed to measure mental energy and compare it to physical energy.
He developed a relationship (Fechner's Law), relating a psycho­

logical response to a stimulus by means of a logarithmic func­
tion (31).

Three major phases could be pointed out for the development 
of multidimensional scaling. The first of the three major phases 

in the development of this scaling is referred to as the "clas­
sical" or "metric" approach. Torgerson first achieved a general­
ly workable method of multidimensional scaling. In his 1952 work 
(80), he described several analytical procedures for multidimen­
sional sea'lng. When a subject's perception of the stimuli was 
measured, it was done with interval scales which, by definition, 
have no "zero point". He estimated an unknown constant to con­
vert these relative distances into absolute distances. He de­

termined the dimensionality of the psychological space and ob­
tained the projections of stimuli on the axes of the space by ac­
counting for these absolute distances. In his 1958 work (81), 
which has long been regarded as the classical treatment of theory 
and methods of scaling, he described the state of the art of psy­
chological measurements from Fechnerian psychophysics to the then
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recent development. Houiever, hie way of approach was specified 
by a ratner rigid requirement. That is, the underlying structures 

of a set of stimuli in the perceptual space should be absolutely 
known. The metric information in terms of proximity was assumed 
to be a rigid linearity between the stimulus pairs and the dis­
tances between the stimuli in the psychological space.

The second phase began with the concept of "unfolding" mod­
els by Coombs in 1958. He developed a new type of scale in which 
the problem of an equal-interval unit of psychological measure­
ment was avoided. This new scaling was called "ordered metric" 
and the concept logically falls between an interval scale and an 
ordinal scale (23). However, this approach considered only non­
metric output of only one dimension. His students, Bennet and 
Hays continued to generalize Coombs' unfolding technique to the 

multidimensional case. They expanded the theory to more than one 
dimension in 1961, but they still treated the output of only non- 
metric scales (7).

The third phase came with the development of the "nonmetric" 
variety of multidimensional scaling. Shepard applied this approach 
to the analysis of ranked data by the degree of proximity. He 
determined the minimum number of dimensions related to the origi­
nal proximity measures by specifying a monotone distance function. 
He derived metric output from nonmetric input and recovered a ra­
tio-scaled set of interpoint distances by the aid of a computer 
program (73). Hie procedures have given a substantively prac-
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tical technique to prectitlonere.
Hie mathematical colleague Kruakal contributed to Shepard'a 

approach in conceptual and computational improvement. Ha esteb- 

liahed a set of procedurea to find the dimensionality of the pay- 
chological apace by providing a criterion (which ia called Kruakal'a 
"stress" measure) which optimizea the goodneaa of fit of the deriv­
ed measures to the original input data through a multidimensional 

algorithm. (See p. 15.)
To deal with data of increasingly diverse types, the Bell 

Telephone Laboratories have developed numerous methods which are 
derived from these new approaches mentioned above. J. D. Carroll,
J. J. Chang, S. C. Johnson, L. Buttman, F. Young, and others have 
contributed especially in the development of algorithms of multi­

dimensional scaling techniques.
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Taxonomy of multidimensional scaling methods

Multidimensional scaling methods can be classified in many 

uays. The differences of approaches are quite natural from the 
nature of marketing research strategies which deal utith behav­
ioral data. The approaches differ in the scaling of similarities 
data (more generally called "proximities" data) as uiell as in the 
scaling of preference data (or "dominance" date). One of the clas­
sifications is proposed by Green and Rao in their book (35).

There are three important choices in determining the appro­

priate scaling of similarities data :
1. Response construct : Overall similarities/dissimilarities 

responses to stimuli (e.g., brands) versus ratings on pre­
specified constructs represented by specific attribute and 

attitude scales.
2. Treatment of subjects : Aggregate or group data versus 

disaggregate cr individual differences.
3. Scaling method : Metric scaling model versus nonmetric

scaling model.

For the response construct, direct judgments of overall sim­
ilarity/dissimilarity are obtained in the perceptual space and the 
stimuli are Jointly represented in it to evoke the appropriate 
frame of reference. If prespecified attributes are used, derived 

measures of similarity/dissimilarity are presented in the perceptual
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space by calculating conditional scores of each stimulus pair on 

the prespecified constructs.
For the treatment of subjects, similarities data are averaged 

across individuals as input, where perceptions are assumed homo­

geneous for members of the group.
On the other hand, differences among individuals as uiell as 

stimuli may be considered for the analysis. The differences in 

similarities data are observed for different points of view in 
terms of the evoked dimensions, their relative importance, stim­
ulus scale separations along dimensions, and/or the ordering of 

stimuli along the dimensions.
Far the scaling method, metric models are employed when the 

similarities data are measured on at least an interval scale. 
Nonmetric models are used on the assumption that only the rank 
order of the similarities is knoun.

Three important choices can also be considered for the appro­

priate ecaling of preference data :
1. Type of preference analysis : Preferences alone versus

both preferences and similarities whose perceptual spaces 
are already obtained.

2. Type of representation : Point-point models versus polnt- 
vector models.

3. Scaling method : Metric scaling model versus nonmetric
scaling model.

12
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As to the type of preference analysis, a joint apace of stim­
uli and subject points (or subject vectors) can be simultaneously 
presented from the preference data alone (internal preference anal­
ysis). Or, on the other hand, both similarities and preferences 
could be used in constructing the joint space of stimuli and sub­
jects (external preference analysis). The subject points (or vec­
tors) are fitted into a space uihich has already been obtained from 

a prior analysis of the similarities data.
For the type of representation, bath stimuli and subjects are 

represented as points in a common Joint-space attribute space 
(point-point models). As an example of point-vector models, one 
of Carroll and Chang's unfolding models (a vector model) assumes 
that a vector direction ia found for each subject in the common 
similarities space whose scale values of preference for each brand 
agree with the rank order of projections on the vector by maximum 
correlation of stimulus points with the scale values. (See p. 16 - 
21.)

For the scaling method, the same choice of metric or nonmetric 
approach can be applied aa in the scaling of similarities data.
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The underlying technical meanings of multidimensional scaling 
algorithms

The essence of multldlmensionsl scaling methods ia the geo­
metric representation of stimuli or subjects by points or vectors 

derived from all the relations of proximity or dominance. The 
discussion here covers the underlying meanings and objectives of 

algorithms which mere used in this study.

Ca) Models for analysis of similarities data

The major model uaed in the analysis of similarities data ia 
the distance model, where psychological space is, as in this study, 
assumed to be Euclidean in nature. Intuition to judge similarity 
can be connected to the notion of distance. For example, if coffee 
is considered more similar to tea than to milk, ue can assume the 
distance between coffee and tea ia shorter than the distance be­
tween coffee and milk. The model assumes that partial slrailarl- 
itles do not depend on the actual location of the points but only 
on their absolute differences, dimension by dimension. Ulhen a 
spatial representation of a set of similarities data is obtained, 
the interpoint distances are considered to be ratio-scaled. The 
axes of the configuration are assumed to be interval scales with 

a common unit.
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Various scaling algorithms are available for portraying sim­

ilarities as relations of points in geometric space. The basic 
objective of the algorithms is to seek the louiest possible dimen­
sionality which is monotonically consistent with the input data.
This is achieved through finding a good configuration in that the

*
ranks of its distances approximately reproduce the input ranks 
(33, 50, 53). The criterion used for obtaining a good configura­
tion of coordinates is one of minimizing the regression function 
called stress (S) given by

ae

Awhere d ^  is a set of ratio-scaled numbers, chosen to be as close
* *

to their respective d ^  as possible, subject to being monotone
with the original measure of similarity between pairs of

—  /\
stimuli i and J . d is the mean distance. The d^j take on
the role of fitted values in the monotone regression procedure. 
Perfect fit will result if all the points fall on the monotone func­
tion, and S , then, equals □ . If the stress 5 of a particular 
configuration is high, then the monotone fit is poor.

* See p. 226 - 228 in Appendix for further explanation.
** Monotonicity in Kruakal'a stress measure means <£ < £

“hensv"  R, . <  I ,  1.1,2...n-1 1J kl
1J J-2,3...n
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The algorithm to scale similarities data used in this study

uias Carroll and Chang's INSCAL model (15, 16). The INSCAL al­
gorithm performs an analysis of proximities data that reveals in­
dividual differences among subjects in the ueighta they apply to 
a common space. This model assumes that the similarity meas­
ure is a linear function of the modified Euclidean distance .
The modified Euclidean distance for the i th individual is given 
by the formula

t th dimension. This formula is different from the usual Euclid­
ean distance formula only in the presence of the uieight w ^  , 
representing the importance which the i th individual gives to 
the t th dimension of the perceptual space.

* See p. 229 - 231 in Appendix for further explanation.
** The Euclidean distance function is a special case of the 

Minkowski p-metric function given by

t * dimension

is the coordinate value for the j th stimulus on thewhere x

When p * 1 , we have the Attneave's city block metric. 
When p ■ 2 , we have the usual Euclidean metric.
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(b) Models for analysis of preference data only

All models based on preference alone must assume homogeneity 

of perception so that only differences in px*eferenca exist in the 
perceptual map. The models also assume that the perceived dimen­
sions constitute the arguments of the utility function and that 
preferences differ across subjects. Then uie may classify the ma­
jor models by type of representation - distance models and vector 
models. Distance models assume that the preference function is 
monotonic with (Euclidean) distance between an ideal point and the 
stimuli points located in the same space. Dimensions of the joint- 
space are multidimenslonally interval-scaled and the interpoint 
distance between any pair of points - ideal to ideal, ideal to stim­
ulus, stimulus to stimulus - is ratio scaled. All vector model 
formulations can be viewed as special cases of the distance model 
in which the ideal points are assumed to extend to infinity. Under 
this assumption the rank order of a set of stimulus points agrees 
with the rank order of projections on the vector.

The algorithm for analyzing such data employed in this study
*

was Carroll and Chang's MDPREF model . Its basic aim is to deter­
mine the stimuli and subjects vectors from the set of dominance 

judgmenta so that rankings of stimuli will agree as nearly aa pos­
sible with the estimated preference scale values of stimuli for 
subjects (21).

* See p. 231 - 235 in Appendix for further explanation.
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Mathematically, the model aeaume8 that stimulus points are project­
ed onto aubject vectors and that preference judgments are in agree­

ment uith these projected values as expressed :

i B 1,2,...,m
au  ■ » i  * ’ j ■ &  yi t  xj t  , ;

where s^j represent the estimated preference scale value or sub­

jective utility of stimulus j for subject i , y^ the unit- 
length vector for subject i and Xj the r-dimenaional vector 
emanating from the origin to the j th stimulus.

The problem is to determine the x’s and y's from the sat
of dominance judgments so that the original measures of dominant

Adata will agree as nearly as possible with the matrix of a .
An iterative procedure and Eckert-Young decomposition theorem are 
employed to accomplish this task.

(c) Models for analysis of both similarities and preference data

Carroll and Chang developed the set of preference models by 
a generalization of basic Coombsian unfolding model of preference 
(18). Subjects do not necessarily have the homogeneity of sim­
ilarities judgment. Similarities judgment tends to be heterogene­
ous across the subjects, as does preference judgment. These un­

folding models assume the heterogeneity of both similarities and
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preferences across the subjects and they allou us to construct the 
joint-space of stimuli and subjects. This nonmetric version of 
the Carroll-Chang PREFMAP model assumes only that utility is mono- 
tonically related to the weighted squared distance x^ from the 
ideal point y^ (16, 20). The assumption above is converted to 
an equation

2s a a. d . . + b. + e, . i — 1,2,... ,m
1 1 lJ j = 1,2,...,n

where a^j represent the scale values of preference of m sub­
jects for the n stimuli, â  and b^ are constraints ( a^ * 0 ), 
and e^j is an error term. The modified Euclidean squared distance 

is defined with weights as before :

d ij « 5 1  x̂jt “ Vit ^
(* : transformed data.

See Appendix p. 235 - 239.)

This squared distance is substituted into the preference scale 
equation above to produce the quadratic regression explaining the 
relationship between s., and x .. .1J Jt

8ij 5  r tt' (xjt xjt'} + *~*bit xjt + cij (1)

The coordinate values of and are solved by the models

after the coefficients are estimated.
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This basic monotonic assumption for the formation of ths pref­

erence scale is common to all four models except for the difference
2in the way in which d ^  is defined.

Both the so-called Models III and IV are employed in this study.
Model III is a simple unfolding model and utilizes the qua­

dratic regression procedures to estimate the scale value of pref­
erence by Equation (1) above. It allows some or all of the dimen­
sions to have negative weight. In the positive model, preference 
declines with increasing distance from the ideal along each dimen­

sion. In the negative model, preference increases with increasing 

distance from the ideal.
Negativity of the weights w can bB explained by the follow­

ing example. Suppose a person loves both occidental and oriental
art, but does not Interest himself in a combination of the two.
UJe define this point as the least preferred point. Then, his pref­
erence scale along the dimension of "art appreciation" may be de­
scribed as the farther the art moves from the least preferred point 
toward the two extremes, the more preferred the art is.

Preference
scale

Oriental OccidentalMixed

* See pp. 235 - 239 in Appendix for further explanation.



Model IV is the vector model In uihich scale values are linearly 

related with stimuli and subjects' coordinates. We define the pref­
erence scale values in the product from

SU  *  a it yit *Jt * c u

■ S  bit xjt * cij * bn  = “it yit *tsl

Equation (2) contains only linear terms. After coefficients 

bit ( t = 1,2,...,r ) are estimated, the direction cosines of the 
vector for the i th individual are calculated.
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CHAPTER 2

THE CONCEPTUAL FOUNDATION OF THE PROPOSED MODEL

ThiB chapter describes the scheme of the proposed model, par­
ticularly in relation to other models and relevant reeearch in this 
area. In later chapters, a small-scale case study will illustrate 
thB new approach applied to a specific market (automobiles). In the 

present chapter we will concentrate on the conceptual foundations, 

the broad approach and method.
The conceptual foundations of the model are examined by test­

ing eight hypotheses. The analytical methods for our model are pro­
vided and the technical problems are discussed in relation to a re­
view of the past studies which ars germane to our present research.

As a dominant analytical method, a topological approach is used 
to examine instantaneous or transient changes in the fields of con­
sumer perception and preferences, and to represent the constantly 
changing interrelationships among variables in ths four morphological 
fields of the model. In this sense, the multidimensional scaling 
method is appropriately used ss the tool of the topological approach. 
The derived measures from the multidimensional scaling method are 

subsequently used for the analysis by the multivariate methods.
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Intrnriuctlnn

In the development of brand-choice models both economics and 

the behavioral sciences havB played an important role in the under­
standing and analyses of the atructual complexities of decision 
process. Houiever, no single area of these sciences can adequately 

explain consumer buying behavior.
The analysis of consumer behavior in economics haa been limited 

mostly to income and price elasticities of demand, marginal utility 
analysis, and consumption functions (25, 48). Demand theory has 
largely ignored the formation and change of consumer perceptions, 
tastes and preferences. LittlB attention is given by economiats to 
advertising, to matters of products1 status implications or brand 
imagery, or even to human motivation.

The revealed-preference approach to consumer behavior had be­
gun to be studied in the post war period (42). With thia movement, 
some econometricians have attempted to introduce revealed preferences 
as neui variables, in addition to income. They examined the relative 
impact of neu variables on consumer behavior by employing tradition­

al economic theory and indifference analysis (49). Since they still 
continued to apply very strict conditions of traditional economic 
theories to their analysis, most of the results have been disappoint­
ing and sometimes even trivial (13).

Social and psychological variables began to be given increasing 
attention in the 1950a (47). Socio-demographic attributes such aa

23



age, race, place of residence, education, occupation, etc. began to 

be conaidered. However, the reaearch waa atill deaigned primarily 
to examine the income-conaumption relatione.

In 1959 Simon adviaed that perception and cognition ahould be 
atudied in relation to conaumere1 decision-making and the conaumera1 
objective environment (76). Since conBumer behavior i8 baaed on how 
and why they behave, it ia neceaaary to study paychalogical mechanisms 
and introduce behavioral approaches to consuming activities.

In our present study there is some effort to integrate a behav­
ioral, psychological approach with some of the traditional variables 
used by economists : price-quality relationship, price-advertising
relationship, propensity of consumption, price elasticity, advertis­
ing elasticity, utility analysis, and marginal analysis.

The structure of the proposed model

□ur proposed model will be illustrated by a small study of eight 
competing brands of passenger cars in the U.S. market. It attempts 
to analyze the total scheme of consumer buying decision in the four 
morphological fields : 1. environment (brand quality, price, and
advertising spent) 2. endowment (consumers' disposable budget)
3. consumer perception, preference and attitude and 4. the consum­
ers' future buvlnq behavior (market segments and predicted brand share).

Eight hypotheses are provided to be tested in the four morpho-
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logical fields of the model to explore the basic behavioral nature 
of consumers. Each hypothesis will be followed by discussion of its 

relevance to the consumer buying behavior model.

The basic conception of the proposed model

The scheme of the model csn be conceptualized by the interaction 
between economic, sociological, and psychological variables for con­
sumer buying behavior. Among and within the four morphological fields 
of the model, dynamic interrelationships are assumed to exist. All 
morphological variables are in a state of change. ThiB model adapts 

Kassarjian's concept : "all the psychological reality changes, be­
lief and value systems change, perception and preference change, and 
habits and loyalties change." No static picture of behavior is real­
istic (A5). Therefore, the field analytical approach is conceptual­
ized in our model in that only the resultant attitude which is exist­
ent at a given moment in time is used to explain the behavior of con­
sumers at another moment, in their act of purchase.

In order best to illustrate the dynamic interrelationships of 
variables which are constantly changing or being cognitively reor­
ganized, a topological approach is incorporsted. In our model, the 
multidimensional scaling methods are employed for this approach 5n 
that it is a geometrical and mathematical system to represent dimen- 
alonally the stimuli by points or vectors. In addition to that, the
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multidimensional methods derive the perceived measurements from the 

behavioral data. The multivariate methods mill be used for further 
analysis by using the resulting messurements.

Figure 2-1 presents the overall scheme of the new model for 
consumer buying behavior. The relationships betuieen and within the 
four morphological fields mill be discussed in the following sub­

headings.

1. Environmental factors*(brand quality, price, and advertising spBnt) 

The casual relationship of price and quality

Uithin the environmental factors, the proposed model attempts 
to form the relevant hypotheses, examining the relations betuieen 
brand quality, price, and advertising expenditures, and test their 
statistical significance under the formation of normative models.
This examination is conducted since brand quality may not always be 
neglected by price, and advertising may influence and change consum­
ers' preference to provide consumers uilth some other judgment for 
brand quality.

To bBgln uiith, the existence of price-quality relationship is 

examined. The following hypothesis is to be tested in the proposed 
model.

* Availability of products or brands is also an Important environ­
mental factor. However, it is not considered in this study. Ub 
have had to limit the number of specific environmental factors 
in the initial study.
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Note : Hp Ĥ , Ĥ , H^f Hg, H^, Ĥ , and Hg are hypotheses to be tested.
The words in the parenthesis are algorithms of multidimensional 
scaling methods to be used in the new model.

Figure 2-1 Comprehensive scheme of the neui model for consumer buying behavior



: "Do consumers feel that quality of a brand with higher

price la better than one with lower price ?"

The previous atudlea

Some of the relationahlpa between price and quality have bean 
previoualy studied (55,58). Leavitt (55), for example, using four 
imaginary consumer brands of products, undertook some price-quality 
studies. He obtained evidence that the relationship exists in rel­
atively high-priced brands.

Emery developed a mapping method with which the price-quality 
relationship was evaluated by a paradigm (30) ; Subjective price 
scale and subjective quality scale are mapped on thB same spacB and 
the line connecting these two quantity is examined. If its slope 
is positive, the product is judged as low-priced relative to esti­
mated quality, and vice-versa for the negative slope. This para­
digm method, however, gives no information on the degree of rela­
tionship between price and quality.

The proposed study

□ur study will examine if there is price-quality relationship 
among such expensive durable products as car brands under a con­
trolled survey situation.

In order to tBSt Hypothesis 1, the MDPREF method can be used
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for developing scale-rating scores of perceived quality! This method 

can be used for the analysis because thB derived scalar value for 
any brand can be regarded as an evaluative measure of quality of 
that brand. This scaling algorithm generates as output a geometric 
configuration of brand points and consumers vectors such that the 
projection of brand on each consumer's vector correspond optimally 
with the scale-rating expressed by the consumer. We can relate the 
value of a brand in quality space to the actual price of the brand 
and conduct a correlation analysis to examine how well they correlate.

The functional approach to price-quality relationship

To examine further the relationehip between price and quality, 
the proposed model conducts regression analysis to fit the point 
values between the measures of quality and pricBS, and the follow­
ing hypothesis will be tested.

: "Consumers perceive the quality of a brand as being in­
elastic in relation to its price."

The previous studies

For relatively inexpensive brands, some attempts to form a 
functional relationship between price and quality have been madB.

* For the definition of perceived quality in this study, see p.60.



McConnell observed perceptual distances on quality, uhlch are not 
uniformly proportionate between the price ranges. For example,
Si .30 and Si.20 brands of beer are more separated than the Si.20 
and SO.99 brands (63). Rao formed the function of price and quality 
in thB product fields of razor blades and electric razors and exam­
ined the elasticity among them by employing the measurements from 
the INSCAL algorithm of multidimensional scaling method (69).

The proposed study

In the proposed model, the psychological transformation between 
price and quality is to be examined in a nonlinear form. The de­
rived measures of quality by the MDPREF procedure are used as mea­
sures of perceived quality in this study.

The analysis is followed by examining the slopes of a nonlin­
ear model. UJe will test whether or not the psychological evaluation 
of brand quality will be transformed by price and whether a one per­
cent increase in price tends to contribute to more than one percent 
increase in brand quality. A possible price inelasticity would be 
evidence of non-rational buying behavior such as the purchase of a 
brand for prestige, social status by sacrificing a quality dimen­
sion. Reporting on consumer goods, Lambert says that consumers may 

choose a high-priced brand to enhance or maintain their social im­
age (54) - a result that should hardly surprise ua.
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The reliability of price estimation

After uie determine if there exists some price-quality rela­
tionship, ljb mill then examine to uihat degree consumers' subjective 
estimate of price can be relied upon, as follows :

: "Can consumers correctly estimate the rank order of the

brand prices and is the reliability of their estimates 

constant over all eight brands ?"

The previous studies

For relatively inexpensive products such as sweaters and stock­
ings, consumers do not generally try to estimate brand price, but 
select a higher-priced brand as a means of reducing risk (72). 
However, the methods of measuring the validity of price perception 
are still discouraging (11, 12).

The proposed study

The proposed model examined if consumers can estimate the brand 
price far expensive durable products such ss car brands in consum­
ers' choice behavior. In the proposed model, price estimation is 
examined in two steps. First, the rankings of the estimated prices 
are examined to see if they correspond to the rankings of the actual
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price. Second, the coefficient of variation is used as a criterion 
to serve as a measure of relative dispersion of the consumers' sub­

jective price from the actual price.

Advertising expenditures and brand price-levels

The environmental factors are further studied by introducing 

thB advertising variable. In the proposed model the advertising 
expenditures are first examined by the following hypothesis

: "Consumers feel that advertising expenditures are,

in general, inversely related with brand prices but 
they are not elastic for inexpensive car brands."

The previous studies

Borden did many studies on the effects of advertising economy. 
He noticed the relative importance of price and quality of brands 
upon advertising and studied it empirically for consumer goods in 
the 19^0s (9). He says that one refinement of quality after another 
by means of prod-ct differentiation, is an effective point to stress 
in advertising. He found that consumers are willing to pay much 
higher prices for products pertaining to health and beauty when 
their reputation has been established through advertising.
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Dorfman and Steiner studied a general model of advertising- 
price relationship uhich optimally determines a firm's profit by 
continuously differentiable equations (28), but they did not can** 

sider consumers' direct responses to advertising.

The proposed study

tile derive the measures of perceived advertising expenditures 
for each brand from consumers' scale ratings for the amounts (from 
only a little to a greet deal) they perceived as being spent. The 
MDPREF algorithm is used for the derivation of one aspect of the 
consumers' direct response to advertising. The derived scalar val­
ue for any brand can be regarded as an estimate of the advertising 
expenditures per car for that brand. Ule relate the scalar value of 
a brand to the actual price of the brand. Correlation and regres­
sion analysis are employed, and the elasticity of advertising ex­

penditures is examined.

The relationship between the amount of advertising expenditures 

and brand quality

The proposed model examines ths effects of advertising dollars 
on the perceived quality of expensive durable products such aa car 
brands by the follouiing hypothesis :
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H_ :  " C o n s u m e r s '  B a t i m a t e a  o f  t h B  c B r  b r a n d s '  a d v e r t i s i n g  e x -D
penditures arB negatively related to thsir pBrcaption of 

ths brands' quality."

T h B  p r e v i o u s  atudiBS

Borden illustrates the influence of advertising on quality (B).

He explains the importance of quality in that manufacturers' short­
term advertising efforts can not recover the deteriorated image of 
quality once they permit apparent product quality to deteriorate.
For convenience goods, it is reported that consumers feel there is 
a great deal of similarity among competing brands regardless of ad­
vertising ; they eventually get around to trying moat competing pro­
ducts (10).

The proposed study

Consumers' judgments on brand quality based on their advertis­
ing perception is normatively investigated for consumer durable goods. 
In this study, consumers' judgment on advertising expenditures is 
mapped directly through thB PREFMAP procedure by fitting property 
vectors of both actual and subjectively perceived advertising ex­
penditures in the quality dimension of the perceptual space. The 
collinearity of the position of the fitted vectors is examined 

against the evaluative dimension of quality. The measures of cor­
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relation of property vectors with quality are calculated by direct­
ly correlating the actual and perceived advertising expenditure vec­
tors with the coordinate valueB on quality dimension which are de­
rived by the MDPREF algorithm.

Congruence of subjective and actual advertising expenditures

Consumers' sensitivity to advertising is a great concern for 
the management. Therefore, the congruence of consumers' perception 
of brand advertising expenditures and actual advertising expendi­
tures may be tested with a formal hypothesis :

Hc : "Consumers correctly perceive the relative advertis-b
ing expenditures of the brands within the evoked set 

of brands (the eight brandB of car)."

The previous studies

In traditional economic theory, the effectB of advertising on 
consumer response are not operationally defined because there is 
no way of predicting the cauae-effect relationship between consum­
ers' before-after changes in perception. Recently a number of meth­
ods of measuring advertising resulta have been published to inves­
tigate consumers' cognitive ability. The techniques to measure
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consumers' cognition are still in most part recognition tests, and 
recall and association tests (58).

The proposed study

The actual and subjective advertising vectors are unfolded in 

the perceptual space by the PREFMAP model. The collinearity of 
thBse two vectors is first examined in the spatial relationship, 
and a correlation analysis ia conducted to fit the values between 
the measures of the perceived advertising expenditures obtained 
from the MDPREF model and the actual advertising expenditures.

An approach to the allocation of advertising expenditures

Companies have a problem in advertising policy as to how much 
expenditure would be appropriate and what decision rule should be 
used for the allocation of advertising expenditures. The proposed 
model presents an approach to the allocation Df advertising expend­

itures and creates a criterion to deal with this decision making.

The previous studies

Economic theory explains that the optimal advertiaing expend­
itures should be obtained by equating marginal revenue and marginal
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coat to maximize the present value of profits from advertising ex­
penditures. In order to accomplish this, we need both revenue 
(sales) and cost records. Most methods of budgeting advertising 
expenditures have been approached by relating advertising expend­
itures to profits or sales, such as some fixed percentage of sales 
for advertising. Schaffir and Crr proposed one method to take a 
fixed percent of last year's sales - the advertising-to-sales model 
(70). Schaffir and Crr's approach is that sales in the next period 
are a function of the sales in the current (base) period and the 
ratio of the advertising budget for the next period to the adver­
tising budget in the current (base) period. The parameters are 
given specific values from the statistical analysis of the histor­
ical data. The necessity of historical data on sales and advertis­
ing puts a limitation on handling a new brand which is not previ­

ously advertised.
Sophisticated approaches have been attempted by complex math­

ematical formulations, or simulation techniques. Even a simplest 
econometric model gives us difficulty in establishing appropriate 
input data (77). The more sophisticated a model is, the more com­
plicated it is (6, 7). The dynamic programming algorithm offers 
the convenience of handling a discontinuous function, but provides 
a computational difficulty rather than a conceptual one if many 
variables are Involved (60).

All the methods above need past records on either sales, cost, 
or advertising expenditures. Furthermore, even though some rela-
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tionships among sales, cost, and advertising are specified, they 
may be distorted and obscured by other factors such as price and 
quality changes, and even changes in market structures. ThB cru­
cial point is that those factors are not necessarily an appropri­

ate measure of the value of advertising.
Then, what is an alternative measure of the value of adver­

tising dollars ? UJe admit that the above methods have logical 
merits but they arB complex and time-consuming to handle. There 
is also a gap between theory and practice. uJb know that there 
clearly exists a sales-advertising relationship for brands of cars 

(1*+), but more perceptual data in the consumer process should be 
included in the approach.

The proposed study

The proposed model attempts to provide a criterion or a de­
cision rule for the allocation of advertising expenditures based 
on consumers' cognitive (perceptual) Judgment of advertising on 

brands.
The coordinate value of a brand which the MDPREF algorithm 

derives from the rating scores on advertising of each brand can 

be regarded as measure of the perceived advertising expenditures 
of that brand, We choose, as a criterion, the maximum value among 
the ratios of the perceived advertising expenditures from the MD­
PREF model to the actual advertising expenditures spent for each
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b r B n d .  T h B  r a t i o n a l e  o f  t h i s  a p p r o a c h  l a  a s  f o l l o w s  :  I t  i s  m o r s

e f f e c t i v e  f o r  a  c o m p a n y  t h a t  c o n s u m e r s  p e r c e i v e  m o r e  o f  i t s  b r a n d  

a d v e r t i s i n g  e x p e n d i t u r e s .  I t  i s ,  a t  t h B  s e m e  t i m e ,  p r e f e r a b l e  f o r  

t h e  c o m p a n y  t h a t  i t  s p e n d s  a s  l i t t l e  a s  p o s s i b l e  t o  g e t  t h e  s a m e  

e f f e c t .  T h e r e f o r e ,  i t s  r a t i o  s h o u l d  b e  m a x i m i z e d  t o  g e t  a n  i d e a l  

c o n d i t i o n  f o r  t h e  c o m p a n y .

B y  e m p l o y i n g  a  n e w  c r i t e r i o n ,  a  r e v i s i o n  o f  t h e  a d v e r t i s i n g  

e x p e n d i t u r e s  c a n  b e  m a d e  t o  d e t e r m i n e  h o w  m u c h  s h o u l d  b e  s p e n t .

The revised point of advertising expenditures for each brand is 
connected in the perceptual space. The formed curve represents 
the most effective advertising results based on consumers' per­
ceptual behavior. The curve is not efficient if there is another 
combination with either a high measure of perceived advertising 
expenditures and less actual spending on advertising expenditures, 
a higher measure of perceived advertising expenditures and the 
same spending of advertising expenditures, or the same measure 
of perceived advertising expenditures but less spending on adver­
tising expenditures.

2. Endowment

The endowment of consumers is here considered as the purchas­
ing power with which consumers can buy available brands or services. 
This purchasing power is usually expressed by money. If the concept
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of budget is introduced, the endowment represents one of consumers' 
behavioral constraints, which gives us an index how far consumers 
can satisfy their preferences by the combination of available goods 

or services under the budget.
In the proposed study, we examine if consumers are influenced 

by budgetary considerations in their brand preferences. It is re­

ported for beer that this is the case (79). The following hypo­

thesis is provided :

: "Consumers believe they would buy a better quality

brand if they had more money."

After this 1b examined, consumers' utility is measured through 
the perceived quality and a utility function will be formed.

The previous studies

In micro-economics, the theory of consumer behavior has been 
developed from the early concepts of marginal utility (25). In 
the traditional consumer analysis, goods themselves are the direct 
object of utility. A problem arises, than, as to how to measure 
utility. The work in the empirical derivation of utility functions 
has been quite sporadic to date (37).
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The proposed study

The proposed model uill provide e method of deriving e util­
ity function. It is important for the decision msker to obtain a 
utility index from the consumers' preference for brands and to sat­
isfy consumers uilth the utility they need to obtain. The measures 
of preferences for quality are regarded as the indexes of utility.

The analytical method of the proposed model is that budgetary 
preference vectors representing preference rankings under the mone­
tary constraints are fitted by the PREFMAP model in the perceptual 
configuration obtained from the IN5CAL analysis. The measures of 
correlating the budgetary vectors uith the coordinate values on 

quality dimension are assumed to represent utility indexes. The 
utility function is, then, constructed by mapping the brand price 
directly to the utility indexes.

3. Consumer perception, preference, and attitude

The components of environmental factors provide consumers uith 
physical and social cues of the different brands. The endoument 
factor provides the frameuork of utility uith uhich consumers spend 
their available money. Houever, for further analysis of consumer 
behavior, a complex infusion of other variables such as perception, 
preference, and attitude should be studied.
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Perception and preference

The previous studies

In Nicosia'8 model (67), perception and preference are ex­
plained by a search mechanism. That ia, internal search and ex­
ternal search are executed to uncover information about consum­
ers 1 specific needs or wants. An evaluation mechanism starts work­
ing by interaction of all the information gathered by these search­
es. The identification of preferable means-ends relations enables 
consumers to transform their built-in attitude into motivation by 

psychological ordering.
The Howard-Sheth model (Al) builds a perception-preference 

construct bassd on learning. The consumers discriminate brands 
by employing a set of criteria based on learning which they obtain­

ed from actual experiences or other information. Preference can 
be created at this stage by ranking brands among the alternatives 
in terms of their want-satisfying capacity or utility. The con­
sumers1 preference toward the brands in the evoked set is strength- 
sned by their goal-directed behavior.

The proposed study

Consumer perception leads to perceptual grouping of the brands 
by proximity or similarity through visual scanning mechanism. In
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searching for the similarity attributes among brands, a matching 

process is executed to find a measure of the brand attributes of 
each pair. In the proposed model, similarity is related to the 
formal notion of distance. That is, it is assumed thst a brand 
is more similar to itself than it is to any other brands and the 
distance of the brand to itself is zero. Preference ie determined 
by ranking brands among the alternatives in terms of consumers' 
satisfaction or utility. In general, the closer combination of 
attribute levels of brands is more preferred than the combina­
tions which are farther away in the perceptual space.

In the proposed model, no hierarchical formation of inter­
vening variables is assumed after obtaining the measurements on 
perception and preference. Accordingly, consumer reactions to 
the brand and the adjustment to their own reactions can not be 
functionally specified in our system, though Nicosia did in his 
model. These consumer reactions must be explained in terms of 
the properties that exist at the time the evBnt occurs, since 
interrelationships between variables are "dynamic and constantly 
changing or being cognitively reorganized (A6)." Instantaneous 
or transient changes of consumer perception or preference can be 
understood as changing consumers' attitudes. These changes can 
be studied by the feedback through repetitive use of electronic 
computers where the changes in the successive periods should be 

analyzed. Therefore, the concepts of topology and vector theory 
are much used in the proposed model to represent consumer per-



ception, preference, and attitude.

Consumer attitude

The formation of attitude toward a brand la made by inter­
nalization of conaumera1 perception and preference for the brand, 
consumers' attributes, and the brand's properties and attributes.

The previous studies

The Nicosia's model assumes that attitude is formed as the 
transformation of predisposition after the extensive means-ends 
evaluation. He formulates that attitude is a function of 8uch 
variables as advertisement and consumers' past experience with 
brand. However, problems of measurement are involved in speci­
fying the operational definitions of the variables of the model. 
For advertising expenditures, a metric scale can bB used as a 
measure - dollars, while attitude and motivations are measured 
on ordinal scales in his model. Therefore, a problem arises when 
the equation comprises two different sorts of measures, one car­
dinal and the other ordinal. Also this problem causes us to con­
front the difficulty in parameter estimation and interpretation 
of the regression method.



In the Howard-Sheth model, the theory aeka for metric infor­
mation to measure attitude. The graded scale they use is assumed 
to have equal intervals. However, this assumption may be unrea­
sonable for some criterion. For example, perceived taste inten­

sity, such as sweetness can be expressed by ordinal characteris­
tics, but not by the interval characteristics.

Haley and Gatty studied the question of interval scale and 

proposed the "usage-weights" method, an empiric way of determin­
ing appropriate weighting of the intervals (39). The equal in­
terval scale assumes that "a shift of one point at the lower end 
of the rating scale is equivalent to a shift of one point at the 

upper end." However, the fact that a geometric function could bB 
fitted to the percentage of actual brand users and the rating points 
led them to draw a conclusion that much greater probability of pur­
chasing should be given to a highly favorable attitude toward a 
brand. They conducted an experimental comparison of attitude mea­
sures and concluded that the "usage-weights" method showed greater 
sensitivity and more reliable than the equal-interval scale method.

The proposed study

The multidimensional scaling methods can handle attitudes on 
either a nonmetric or metric scale. That is, nonmetric ordinal 
relations (preference rankings) are transformed to derive the out­
put information consisting of interval scale or stronger. Guttman's
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"radex" method (38), onB of the multidimensional scaling tech­
niques, indicates the possible handling of nonlinear relations 
existing among the underlying variables governing the phenomenon 

under study, while metric factor analysis asks for metric infor­
mation and assumes a rigid linearity among the underlying vari­
ables. It is an advantage of the proposed model that it makes 
use of some algorithms of the multidimensional scaling methods.

In the proposed model, consumers' changeB of perception, 
preference and attitude are analyzed by three approaches as fol­
lows :

1. Analysis of scenario influences* in terms of different
levels of budget for the consumers' purchase of car 
brands and different geographical areas for living and 
driving (city, town, and suburbs),

2. Analysis of property vectors of brands in the perceptual
mapping, and

3. Study of basic attributes of car brands.

* Uith soft drinks, for example, there might be different res­
ponses if they are considered as "mixers" for use with hard 
liquor, or are considered as drinks to be taken alone. Uith 
cars, there might be a different context if one considers 
them in terms of city driving or country driving. Such con­
texts are called "scenarios" by Green and Carmona.



1. Analysis of scenario influence : MoBt preference judgments
can be obtained on an unstructured basis by soliciting consumers to 
give responses regarding overall preference. The rationale for this 
approach is to identify what dimensions are evoked by the consumers 
when they are not constrained to make comparisons along any prese­

lected set of scales (33).
The proposed model attempts to evoke the other dimension which 

is not interpreted by only overall similarity for pairs of brands. 
This aims to conquer the weakness of the usual multidimensional scal­
ing approach which deals with only overall similarity or overall 
preference - assumption of a unique ideal point. If consumers search 
for variety, the position of an ideal point may shift remarkably.
In order to examine this multimodel preference function, the hypo­
thetical scenarios are described to the consumers and the changes 
of consumer preference under several conditions can be elicited and 
examined. The scenario variables employed in this study are mone­
tary constraints for purchase and types of places where the car 
would be used (city, town, and suburbs).

The primary input data for this analysis is the ranks of pref­
erences for the nine scenarios concerning monetary constraints and 
places of residence, and the consumer perception which is obtained 
by coordinate values from the INSCAL solutions. The nonmetric ver­
sion of the PREFMAP algorithm is employed for the analysis.
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2. Analysis of brand properties : Properties and attri­
butes of a brand may be relevant to one consumer's perception 
but not to another's, or the same properties or attributes may 
be perceived positively by one and negatively by another.

In the proposed model, the property vectors are mapped in 
the conjoint space of brands. That is, property vectors obtain­
ed from ratings on prespecified scales on physical, economic, and 
functional attributes of brands are fitted in the perceptual space 
for each property vector separately through the PROFIT algorithm.* 
The linear regression method of the PROFIT algorithm finds the 

best direction in the brand space for each property scale so that 
the projection of the brand onto the fitted vector linearly cor­
relates in the maximum degree. The consumers' attitudes toward 
brand characteristics can be studied by the direction cosines of 
the fitted outside property vectors in the brand space.

3. Study of the basic attributes of brands : The underly­
ing factors for future changes of brand properties are evoked by 
factor-analyzing brand attributes, which may affect consumers' 
estimates of thB "expectancies" for information on brands.

In the proposed model we are interested in examining ; Can 
we identify the factors involved and expose their underlying struc­
ture ? Can consumer purchasing behavior be predicted from these

* See P. 2kk - 2A6 in Appendix.
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basic attributes of brands 7 Can us predict the effect of attri­
bute changes of brands and their influence on potential consumers' 
purchasing 7 How should the future brand be designed 7 Uhat may 
ue expect in a new brand’s performance 7

In the proposed model, the "importance ratings" for the past, 
the present, and the future for several brand attributes are fac­
tor analyzed to find the basic attributes of brands for each time 

space. After principal factors are extracted, the brands attri­
butes are superimposed onto the perceptual space by the MDPREF mod­

el. By tracing the time-series of vectors of brand attributes, ue 

can predict uhat brand attributes uill be sought, according to var­
ious attributes. This gives information that may allou us to pre­
dict consumers1 potential behavior.

k. Perspectives of consumer buying behavior

In multi-brand companies, it may be the objective to optimize 
profitability by a good brand-mix strategy through an attempt to 
uncover segmentation opportunities. Once the market is segmented 
and established, the evaluation of brand position and brand stra­
tegy comes to be of paramount Importance. Management can estimate 
the value of future performance and make decisions concerning the 
total marketing strategy by some overall measure of utility-

The proposed model discusses marketing segmentation and fac-
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tora affecting the consumers' brand purchases based on perception 
and preference. This approach will identify the underlying pro­
cess that best describes consumer buying behavior patterns. Fol­
lowing that, "next choice" behavior by later experience - repeat- 
purchasing and brand-loyalty - will be further studied.

Market segmentation

The previous studies

In economic theory, market segmentation is conducted by pro­
duct differentiation and price differentiation in monopolistic com­
petition. In market practice, market segmentation is customarily 
based on the identifacation and classification of demographically 
and socioeconomically different consumer groups (40, 65). Massy 
and Johnson have reported a market analysis by socioeconomic data, 
using discriminant analysis (44, 61). However, classification by 
only demographic variables and/or socioeconomic variables is no 
more appealing for market segmentation. Yankelovich reported that 
the demographic variables are in some cases outmoded for profit­
able segmentation and proposed new criteria for segmentation by 
consumer data such as aesthetic preference, attitude, motivation, 
and patterns of usagB (24, 63). Recently, various quantitative 
analyses have been applied in segmenting consumers. Multiple re-
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gresslon analysis, factor analysis, canonical analysis, econometric 
models have been employed, but the results from these methods are 
sometimes disappointing (69).

The proposed study

In the proposed model, market segmentation is based on the 
consumers' common perception and preference along with the dimen­

sion of their demographic data. Green and Rao have demonstrated 
this method for fifteen breakfast food items but the perception- 
preference segments found in their Btudy were not highly associ­
ated with consumera' background characteristics (35). The reason 
might be ascribed to the fact that breakfast foods are relatively 
cheap consumer goods and are commonly used by many kinds of people 
regardless of their financial and Bocial status.

In the proposed model, a method of market segmentation will 
be demonstrated for expensive durable goods such as car brands.
It is expected that significant consumer attributes will be ex­
plored for these fairly well differentiated brands. The basic 

approach of Green and Rao is employed in the proposed study. That 
is, the space of consumers' ideal points and brand positions will 
be partitioned into reasonably homogeneous subspaces and then the 
characteristics of consumers will be identified. A subapace of 
consumers' homogeneous ideal points can be identified as a seg­
ment in which they show common perception and preference. If we
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focus on the positions of the brands, the brands of one segment may 
be represented by their competitive position in the market.

The proposed model uses overall preference judgments to fit 
the nonmetric version of the PREFMAP model to the perceptual con­
figurations obtained by the IN5CAL algorithm. We will obtain sev­
eral main clusters based upon the commonality of perception and 
preference. Our analysis is, then, turned to see if these cluster 
members are related in their background characteristics. A multi­
ple discriminant analysis is employed for the background analysis. 
The component background vectors serve as a set of predictor var­
iables.

Market shares of brands

The previous studies

A useful and common approach to obtain market shares of brands 
is through the use of consumer panels, where the market shares are 
directly estimated through data as the ratio of the total sales of 
all the brands in the test market. However, recent articles have 
avoided using dollar sales and used demand in number of units as 
basic data to model the market shares of brands (59, 71). Thus ute 
avoid problems of comparison due to the changing value of the U.S. 
dollar. A number of market-share models by different approaches
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have been reported. A simple model is that a single variable of 
advertising can be uaed to affect a company's market share. It 
assumes that only advertising expenditures determine the share of 
market gained by each of all the brands in the market (6A). Among 
the complicated mathematical models, Schultz conducted a simulta­
neous equation model in which brand share proportions were obtained 
by regression on various decision variables such as price, adver­

tising and environmental conditions (71), Recently psychological 

data have been used as decision variables for consumers' brand choice 
behavior. The brand awarness, attitude and attribute change toward 
a brand have extensively been exposed as predictive variables for 
market share of a brand (1, U, 5, 26, 27). Palda presented a model 
whose predictor variable for the market share w b s  awarnesa (6B). 
Assael and Day examined the interaction of awarness and attitude 
with the market share and expressed their relationship as predic­
tor variables of the regression analysis (2). The studies above 
made by psychological data may reveal some relationship between 
those variables and choice behavior, but their significant rela­
tionship ia still under suspect (2).

The proposed study

In the proposed model, it is assumed that a realistic forma­
tion of the similarities-preference choice sequence will provide 
a predictive value for determining the share of brand market, and
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consumers' choice behavior is hypothesized as follows

Hq : "Share of brand-preference measured by preference andO
similarity mapping correctly reflects brand-share as 

determined by unit sales-"

To test Hypothesis 8, overall preference rankings data are 
submitted to thB nonmetrlc version of the PREFMAP model to fit the 
perceptual configurations uihoas coordinate values are obtained by 
the INSCAL program. It is assumed in the algorithm that consumers' 
motivation to buy a brand can be measured as the function of the 
squared distance which is measured from a brand to an ideal point 
in the perceptual space.

Brand switching

The previous studies

Lipstein introduced the first-order stationary Markov proceaB 
in brand-switching and brand-loyslty in the 1950s (57). Nicosia 
named a typical stochastic model (which Lipstein studied) "behav­
ioristic" where purchase frequencies and sequences of purchase of 
brands were specified as input data and no other explanatory var­
iables were Included as marketing decision factors (66).
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The proposed study

Nicosia noticed the importance of the probability of switch­
ing as a measure of direct experience with the brand which links 
upto psychological and perceptual fields by feedback loops. He 
argued for the possible application of Markov process to the mea­
surement of consumers1 indirect evidence about brand experience.

ThB proposed model studies the effect of consumers' brand 
switching behavior by means of preference uncertainty. The future 
market preferences are regarded as outcome of some probabilistic 
process which makes conditional predictions for the ultimate mar­

ket share.
The proposed model employs the first-order Markovian process 

as car brand-switching model. The employment of the first-order 
Markovian model ia justified by the following reasons which satis­

fy its requirements.
First, May reported that the past purchases of a particular 

make of automobile increase the probability of the current purchase 
for an automobile (62).

Second, no short-term changes in consumer buying behavior can 
be noticed for such durables as cars. The time interval between 
the purchases is in most cases more than a year. The changes in 
brand or product attributes are made in one year cycle due to the 
annual model change. In addition, the situation of the multi-brand 
buying rarely occurs in a given period for such expensive durables.
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Thus the stationary condition is met, which is a necessary condi­
tion for the first-order Markovian process.

The initial transition probabilities of the aggregate matrix 
will be derived by the PREFMAP algorithm basBd on consumers' over­

all preference for brands.
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CHAPTER 3 
A SMALL SCALE DEMONSTRATION SURVEY

Summary

This chapter outlines an empirical questionnaire survey that 
provides the data to be used in illustrating the later analyses 
and interpretations. The empirical study bias conducted only to 
assess and hopefully to demonstrate, the feasibility of gathering 
and analyzing survey data that could satisfy the requirements of 
the proposed approach to brand-choice modelling.

Brief description of the questionnaire

An empirical study bias conducted only to assess and hopefully 
to demonstrate, the feasibility of gathering and analyzing survey 
data that could satisfy the requirements of the proposed approach 
to brand-choice modelling. The emphasis bias on the analytical 
techniques rather than on the interviewing fieldwork.

For the prototype development of an automobile brand-choice 
model, a small sample survey (39 graduate and *»7 undergraduate 
students) was conducted at Baruch College.

The inquiry was limited to eight brands of passenger cars 
considered to have a wide range of brand characteristics such as
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prices, quality, advertising expenditures, and brand attributes.
These characteristics mould make it possible to demonstrate some 
generalizations as to the model of consumer buying behavior. Brand 
names are listed in Table 3-1. Individual responses mere obtained 
from the questionnaire uhich is reproduced in Appendix (p. 217 - 225).

The questionnaire consists of eight question areas, and a 
brief description of each questionnaire is given as follouis :

Question area 1 : Similarity judgments of brands are sol­
icited using the n-dimensional rank ordering on all conjoint pairs 
of brands.

Question area 2 : Open-ended questions as to mhat criteria
respondents used in judging similarity of brands. This should be 
useful for the interpretation of axes of underlying attribute- 

propertiea.
Question area 3 : The brand ratings on seven-point anchored

scales for each brand are asked in order to analyze respondent's 
attitude toward the brands. The ratings concern price, style and 
appearance, dependability, frequency of repairs, availability of 
repair service, amount of advertising, road performance, and over­
all hedonic rating.

Question area U : Respondents' estimated ranking of the manu­
facturer's retail price are asked. These can be used to see to 
mhat degree the actual price and the subjective price may be con­
gruent.
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Question area 5 : Respondents' estimated rankings of the
advertising expenditures per unit of each brand are asked. These 
can be used to see to uhat degree the subjective perception will 
be congruent with the actual advertising expenditures spent per 

car for the different brands.
Question area 6 : Each respondent is asked for overall pref­

erence rankings of each brand, preference rankings under five budg­
etary constraints of available money for car purchase, and prefer­
ence rankings under different geographical situations of living 

and driving.
Question area 7 : The desirability of various car features

are elicited for different time-periods of the respondent's life 
- past, present, and future. The information from this question 
area may be used for the examination of respondents' possible atti- 
tudinal changes through different phases of life.

Question area 8 : Socio-economic data to provide supplement­
ary information for possible market segmentation.

The data gathered were merely intended to serve as basis to 
explore the opportunities and problems of implementing the proposed 
type of brand-choice model.
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Definition of some marketing terms used In this study

Price of brand : The median of the price range for each brand
uias selected as the appropriate representative price for that 

brand.
Advertising per unit of brand : Manufacturers' spending in media
advertising was considered in determining advertising spending 
per car. Excluded was money spent by the auto companies in cor­
porate advertising programs, promotions and contributions by the 
auto companies to regional or local advertising associations (3).

Perceived quality : This is the derived measure of consumers'

"overall" hedonic brand ratings.
Perceived price : This is the brand price to be estimated by
consumers.

Perceived advertising : This is the respondent's estimated ad­
vertising expenditures per car before the true figure is revealed 
to the respondent.

The actual prices and advertising per unit for each brBnd are

listed in Table 3-1.
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TablB 3-1
Brand names, prices, and advertising expenditures

spent per unit.

Brand Abbrevi­
ated
notation

*Price range **
Adver­
tising 
per unitLohiest Highest Median

American A 11,999 14,437 13,218 $70.31

Cadillac CA 5,930 11,880 8,826 20.53

Chevrolet CHE 2,060 5,472 3,766 23.60

Chrysler CHR 4,035 6,762 5,399 20.57

Ford F 1,960 5,293 3,627 21.76

Lincoln L 7,068 8,640 7,854 78.08

Toyota T 2,056 4,425 3,241 50.27

Vnlksuiagen V 1,999 3,004 2,902 37.71

* Automotive Nettie. 1972 Almanac Ib s u b .
** Automotive Neuia. November 13, 1972.
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THE CONSUMERS' ENVIRONMENT : QUALITY, PRICE AND ADVERTISING

CHAPTERS A, 5, 6 and 7

The consumers' environment is made up of three components in 

this study ; perceived quality, perceived price and perceived ad­
vertising. The interactions among these three components mill ba 
studied in the following three chapters.

After obtaining the common perceptual space for all brandB 
from the directly judged similarities data in Chapter A, the brand 
quality dimension is determined in Chapter 5 by consumers' rating 

scores mapped in the perceptual space. Then, Hypotheses 1, 2, and 
3 for brand quality and price are tested in this chapter.

In Chapter 6, with perceived price and perceived advertising, 
it is possible to see to what degree there is congruence between 
the perceived and actual advertising expenditures. Hypotheses A 
and 5 will treat this question. Further, this study suggests a 
method for a decision-making rule in the allocation of advertising 
expenditures after testing Hypothesis 6.
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CHAPTER 4 
ANALYSIS OF SIMILARITIES BATA

Summary

In this chapter we determine the dimensionality of the brand 
space by meane of the INSCAL algorithm, ueing ae input the results 
of the TRICON procedure applied to directly judged brand similar­
ities. Two dimensions suffice : expensive-inexpensive and tradi­

tionally popular brands-foreign brands.
Brands are located in this space and studied in terms of 

clustering, through Johnson's HICLUST program.

Introduction

This chapter is concerned with the scaling the similarities

data obtained from the 39 Graduate and 47 Undergraduate students.
*The conditional rank-ordsr data for scaling the respondents' 

similarities judgment require preprocessing to develop a complete 
order of similarities and for this purpose the TRICON III program 

was used (34, 36).

* The raw data are taken from Question area 1 in the questionnaire : 
taking esch brand in turn aa the reference-baae, all other seven 
brande out of eight were ranked from 1 to 7 (moat almllar to 
least similar). This we call conditional rank ordering.
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The matrices Df directly judged similarities from the TRICON 
III slgorithms were then submitted to the INSCAL model (15), and 
solutions were computed in two dimensions. The two-dimensional 
brand spaces for the Graduate Bnd Undergraduate students (here­

after abbreviate as the G group and the U group, respectively) 
were tested for congruence.

In order to check the adequacy of the two dimensional solu­
tions for the input data (original similarity), Johnson's hierar­
chical clustering program (̂ 3) was employed.

The flow diagram of the analysis of this chapter appears in 
Figure 4-1.

Formation of the direct similarities data

The 3-way data matrices were formed with the order of 
39 x 8 x 0 and ( 7 x 8 x 8  by the conditional rank-order data 
from Question area 1. Since the conditional rank-order require 
the processing to derive a complete order of similarities, the 
TRICON III progrsm* was uaed to preprocess the conditionsl rank- 
order data, which yielded a symmetric matrix of similarities for

* See pp. 240 - 241 in Appendix.
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Graduate atudents n=39 Undergraduate atudents n=47
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Johnson
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Johnson
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TRICON III programTRICON III program

Forming the 
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Conditional rankings data 
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Directly judged similarities 
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Directly judged similarities 
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8x8 matrix
Averaged matrix of directly 

judged similarities 
8x8 matrix

Congruence test 
between 2 dim. 
spaces of G and 
U groups by 
Canonical cor­
relation analysis

Figure 4-1 Flow diagram of the analysis outlined in Chapter 4.
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each subject. The entries of these two sets of 39 and 47 subject 
matrices were then averaged cell by cell to obtain two sets of 
the 6 x 8  aggregate matrix of direct aimilaritiea.

Table 4-1 shows a tabulation of the frequency of intransitiv- 
ities from the TRICON processing. Inconsistencies may occur in 

reapondenta' judging similarities among brands and these are term­

ed "intrsnaitivitiss11.
Out of 166 implied comparisons*, observed intransitivities 

**ranged from 0 to 28 . In general, the incidence of intransitiv­

ities did not exceed 10 percent.
A tabulation of the frequency of Chi-square analysis for stim­

ulus intransitivity table appears in Table 4-2.
Out of 86 (39+47) Chi-square values, only 3 were significant 

at o( ■ 0.05 level, and all were not significant even at &  » 0.025 
level as shown in Table IV/-1 in Appendix. That is, in this prepro­
cessing atep by the TRICON III program, problems of intransitivi­
ties could be aafely ignored at thaae significance levels.

For the aggregate analysia, the half-matrices of similarities 
were averaged on a cell-by-cell basis for both groups. The aver­
aged direct similarities will become the input data for the anal­
ysis of this chapter. The lower half matrix of averaged direct 

similarities ia shown in Table IU-2 in Appendix.

* The number of implied comparisons in the n-dimensional rank 
order procedure is given by :

n C (n-1,2) ■ ^n (n-l)(n-2)
** See Table II/-1 in Appendix.
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Table <*-1
Intransitivities frequency from 

the TRICON ITI procedure.

Class interval (C)
Number of 
frequency

G U

C i 5 25 31
5 < C = 10 11 11
10 < C = 15 2 5

C > 1 5 1 0
Total 39

G : Graduate atudenta 
U : Undergraduate studenta

Table k-2
Frequency of Chl-aquare analysis for 

brand intransitivity table*
d.f. = 7

P Frequency
Class interval (C) tf G U

C < 2.83 P £
« I

0.10
0.90 10 6

2.83 < C = 12.01 0.10 < P 
0.10 < *

< 0.90
< 0.90 28 37

12.01 < C i 1**. 06 0.90 £ P 
0.05 < 0i

< 0.95 
£ o.io 0 2

1*+ .06 < c = 16.00 0.95 = P 
0.0254 a

< 0.975 
i 0.05 1 2

C > 16.00 P
a

I 0.975 
i 0.025 0 0

Total 39 1*7
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The perceptual space from the direct similarities data

The two averaged 8 x 8  matrices of directly judged similar­
ities from the TRICON III algorithm were submitted to the INSCAL 
program. In this run, the algorithm was set for 50 iterative com-

*
putations and 0.001 criterion value for terminating the iterations. 
The criterion value 0.001 was reached at the 34th and 32nd itera­
tions in three dimensions for the G and the U groups, respectively, 
and at the first iteration in two dimensions for both groups. The 
stimulus space was found in two and three dimensions for each group. 
The program computed a global measure of goodness of fit : the
proportion of variance in the scalar products matrix (computed from 
the input data) accounted for by the model - for both three and two 
dimension solutions.

Table 4-3 shows the percentage of variance accounted for by 
the INSCAL model, the average of the individual correlation coeffi­
cients between computed scores and original respondent data, and 
the correlations between the dimensions of the group stimulus spaces. 
These summary statistics were obtained from the analysis of the 
39 x 8 x 8 and 47 x 8 x 8 matrices of the G and the U groups' 
directly judged similarities. The correlation coefficients for 
the individual subject of each group are shown in Table IV—3 in 
Appendix.

* The iterative computations stop when
. 2 1  Y - Y(I-n)  ̂ i a criterion value

where Y(I) is estimated Y's on the I th iteration (15).
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Table L-3
Summary statistics from the INSCAL analysis of 
directly judged similarities in three and two 
dimensions : Goodness of fit of the INSCAL model.

Measure of 
goodness of fit

3 dim. 2 dim.
G U G U

Peraentage of variance 
accounted for by the 
INSCAL model

86.8 87.6 78.2 75.5

Average correlation 
coefficient across 
subjects

0.932 0.936 0. SSL 0.869

Correlation between 
axes 1 and 2

1 and 3
2 and 3

0.57L
0.L05
0.716

-0.6L1
0.719

-0.396

0.57L -0.6L1
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An examination of Table A-3 suggests that some improvement of 
fit occurs with three dimensions rather than two dimensions. How­
ever, the improvement in goodness of fit is on the order of only 
10 percentage points of variance accounted for. For parsimony and 
easy interpretation for our practical demonstration of the theory, 
further analysis is restricted to the two dimensional solutions 

from the IIMSCAL model.
The three and two dimensional stimulus coordinates are pre­

sented in Table IV-A in Appendix. The stimulus spaces in two di­
mensions are shown in Figure A-2(a) and (b).

On the configuration of the G group, the horizontal dimension 
appears to describe the sophisticated and expensive brand of cars. 
The moat expensive brands like Cadillac and Lincoln are positioned 
at the extreme right and the least expensive brands like Volkswagen 
and Toyota are positioned at the extreme left. The vertical axis 
appears to show traditional popularity among American brands. The 
Chevrolet and Ford are positioned in the upper portion of the space, 
while recent new market invaders like Volkswagen and Toyota are lo­
cated in the lower portion of the apace.

0In the configuration of the U group, a 9Q counterclockwise 
rotation from the origin provides a similar perceptual configura­
tion to that of the G group and gives the same interpretation to 
the U group as to the G group.
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The above dimensional interpretation ia also confirmed by the 
subjects' response to Question area 2 - the open-ended question on 
the criteria used in making similarity judgments. Table k-k shouts 
the Frequency count of the criteria mentioned by the respondents.

The criteria can be roughly classified into tuio factor groups - 
a group of price, size, style and looks, and performance (Factor 
group 1) and a group of cost of operation and domestic or foreign 
brands (Factor group 2). For the G group, Factor group 1 explains 
the nature of the brands along the horizontal axis, and Factor group 
2 well explains that of the brands along the vertical axis. For 
the U group, Factor group 1 describes the nature of the brands along 
the vertical axis, and Factor group 2 describes that of the brands 
along the horizontal axis. These interpretations provide some ad­
ditional support to interpret the naturs of dimensions (brand at­
tributes) in perceptual configuration.

Cluster analysis

A cluster analysis was conducted to determine how well the 
low-dimensional scaling solutions (two dimensions in this study) 

preserved the original relationships in the input data.
The averaged two 8 x 8 direct similarities data (Table 

IV/—5 in Appendix) were submitted to Johnson's nonmetric clustering
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Table 4-4
Criteria uaed by reapondent8 in making similarity Judgments.

Factor Criterion used
Frequency of mentions

group G % u % Total
(G+U) %

Price 20 23.8 36 H•M3CM 56 25.2
Size 19 22.6 18 13.0 37 16.7

1 Style and looks 17 20.2 28 20.3 45 20.3

Performance 10 11.9 28 20.3 38 17.1

Sub-total 66 78.5 110 79.7 176 79.3

Cost of operation G 9.6 2k 17.4 32 14.4
2 Domestic or foreign 10 11.9 k 7.9 14 6.3

Sub-total 18 21.5 28 20.3 46 20.7

Grand total Qk 100.0 138 100.0 222 100.0
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program ((*3). This method bias used to obtain a aeries of nest­
ed clusters on the two dimensional apace of the stimuli.

Figure <+-3 shows the resulting hierarchies which expressed 
the clusters in the form of trees obtained from the HICLUST pro­
gram. In each figure the strength of clusters is given in the
left-hand column. The same row gives the clusters associated with
that diameter and X portions indicate clusters which contain 
more than one stimulus. Stimulus numbers appear in the top row.

The top row in Figure 4-3 showB a clustering with seven clus­
ters, the set of (Toyota and Volkswagen) is one cluster, and the 
other six brands are themselves clusters. Cluster strength at this 
level is 2.08 and 2.00 for the G and the U groups, respectively. 
Next, we have a clustering with six clusters (Chrysler), (Cadillac 
and Lincoln), (American), (Chevrolet), (Ford), and (Toyota and 
Volkswagen) at the level of 9.92 and 9.07 for the G and the 
U groups, respectively. Each cluster grows with the new addition 
of new members as the cluster's strength (Johnson's Ot ) increases. 
And, finally we have the strongest clustering which includes all 
brands in the same cluster at the level of 26.64 and 27.06 for
the G and the U groups, respectively.

The selected cluster contours obtained from the hierarchical 
grouping program can be plotted in the reduced-apace solutions.

• See pp. 241 - 243 in Appendix.
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Figure A-3 Tree diagrams by the diameter method of the 
hierarchical grouping algorithm for direct 
simllaritiee data.
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Now we can see how the original relationships have been sacrificed 
by the dimensional reduction to two dimensions through the scaling 
algorithm. The examination was made for the INSCAL solution (See 
Figure k-2 (a) and (b) ) by the cluster composition of the diameter 
option. Figure k-k (a) and (b) show the nested clusters of brands 
superimposed on the perceptual map, wherein the stronger clusters 

are embedded in larger weaker clusters.
Two types of clusters were obtained for each of the groups.

The examination of Figure k-3 and Figure k-U (a) and (b) reveals 
that Toyota and Volkswagen clustered first and therefore were per­
ceived to be the most similar. On the other hand, Chrysler was 
different from all other brands, and tended to cluster with more 
expensive brands (Cadillac and Lincoln), implying that if it might 
substitute for other expensive brands.

We found that for both groups three clusters were formed in 
the perceptual map baaed on similarities judgment ; one is a clus­
ter of foreign cars of cheaper brands, another is a cluster of 
traditionally popular cars of middle-priced brands, and the other 

is a cluster of luxurious cars of expensive brands. The examina­
tion of these clusters also support the previous interpretation 
of axes in our analysis.



THIS IS PLOT OF 0 1KENSICJN IVS.OIKCNSICN pro* TABLE NO.

0.667

CHE

-0.9JJ

- 1.200 -l.CCO -O.AUO -0.OO0 
Flqura U-U (n) Two-npacr brand conflqurntlrn frcm the IN7.

clusters cf orands bu thr HICL'iJT prenr.Tn

1.20000
L analysis of direct similarities and the nested
?r Graduates.

l.OCO-0

CA



THIS IS PLOT OF DIMENSION lVS.DIME'lSim ?FO« libit NU. 2

1.200*

O.'MJ

CHE

CHR

CA

-1.200*
-1.200 -1.000 -0.000 -0.600 -d.M i: -O.-’OO -0.000 0.200 O.AOO 0.600 O.oOO l.OCO 1.20

Figure A-6 (b) Two-specs brood configuration fron the INS' '.U .analysis nf direct similarities and the nested 
clusters of brands by the HICLuST program for Undergra(juate9>



The congruence testing of the perceptual spaces between the

Graduate group and the Undergraduate group

The comparison of the percentage of variance accounted for 
and the average correlation coefficients across subjects presented 
in Table k-3 indicates that the INSCAL model fitted better for the
G group than for the U group. The correlations betuieen the tuio
axes are 0.57A and -0.6A1 for the tuo dimension case in the G 

group and the U group, respectively.
The tuo INSCAL configurations of (a) and (b) of Figure h-2 

can be compared for congruence by canonical correlation. The re­
sults are shoun in Table A-5. As the table shoua, the tuo config­
urations are very highly congruent. We can conclude that both 
groups provide similarity judgments for brands of cars uhich are 
highly congruent in their perceptions.
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Table L-5
Results of canonical correlation analysis between the two- 
dimensional configurations of the Graduates and the Under­
graduates groups obtained from the INSCAL model.

Statistic of measure
Latent root number

1 2
Canonical correlation 
uJilks lambda 

Chi square ( X1 ) 
Degrees of freedom 

Probability

0.99930
0.00007
52.70378
h

< 0.0001

0.97508
0.0^921
16.56M7

1
< 0.0001

Both latent roots are statistically significant.
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CHAPTER 5
THE MEASUREMENT OF THE PERCEIVED BRAND QUALITY

Summary

In this chapter uie apply the MDPREF method to scale the aver­
age subject'a "overall" hedonic brand rating to obtain the measures 
of perceived brand quality. The scalar value from the rating scores 
via the MDPREF algorithm can be regarded aa a measure of perceived 

quality of the brand.
Ule find that quality ia perceived aa better aa price increased. 

(Hypothaai8 1). This ia determined by correlation analysis.
To examine further this relationship, a nonlinear model is 

applied. The fit of the model is extremely good for both groups.
Ule can assert that the psychological evaluation of brand quality 

uill be nonlinearly transformed by price, and the elasticity of 
brand quality with respect to brand price ia inelastic for both 
groups. (Hypothesis 2).

The consistency of perceived price ranking and actual price 
ranking is tested by (a) the Spearman rank order correlation anal­
ysis and (b) a significance teat of the rate of change in the co­
efficient of variation plotted againat the actual price.

The findings in this section indicate that the consumers' 

judgment on brand prices la quite reliable* (Hypothesis 3).

82



Introduction

The perceived brand quality can be obtained from the average 

subject's "overall" hedonic brand rating. That ia, the acalar 
valuea for any brand on the quality dimen8ion will be obtained by 
the MDPREF technique (21) from respondents' ratings. These sca­
lar valuea can be regarded aa representing an evaluative measure 
of the quality of that brand, tile can relate thia measure of a 
brand with the actual price of the brand to execute our analysis.

By forming a nonlinear model between quality and price and 
by examining the parameters of the equation, the rate of change 
of quality to price ia studied with a marginal analysis. Thia ia 
conducted to teat Hypothesis 2.

Finally, a comparison of ranking of the actual price with 
that of estimated (subjective) price of each brand leads to the 
congruence teat of the consumers' subjective judgment of price. 
Spearman's rank order correlation method is used for thia test.
The price distortion between the actual and estimated values is 
further analyzed.

The analytical flow chart of this chapter la shown in Fig­
ure 5-1.
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Hypotheses 1, 2, and 3 are restated below :

: "Do consumers feel that quality of a brand with higher price

ia better than one with lower price 7"
: "Consumers perceive the quality of a brand as being inelastic

in relation to its price."
: "Can consumers correctly estimate the rank-order of the brand

prices and is the reliability of their estimates constant 

over all eight brands ?"

Perception of quality with respect to actual price - Test of

The MDPREF method is used to scale rating-scores. The aver­
age overall hedonic ratings of each brand was calculated for each 
of the two population sub-groups (Graduates and Undergraduates) 
and submitted to the MDPREF program. The input data are presented 
in Table V-1 in Appendix.

The MDPREF scaling algorithm generates as output a geometric 
configuration of stimulus-points and subject-vectors such that the 
projections of stimuli on each subject's vector correspond opti­
mally with the subject's rating scale. The algorithm employs 
Eckart-Young decomposition theorem.*

* See p. 231 in Appendix for further explanation.
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In this point-vector model, representing rating data, the 
algorithm assumes that utility increases monotonely with increases 
along each dimension. Based on this nature of the MDPREF method, 
the scalar value for scores on "overall" ratings can be regarded 
as an evaluative measure of the perceived quality of that brand, 
liie can relate the measures of quality to the actual prices of the 
brands. Price and the measure of perceived quality for each brand 
obtained from the MDPREF model are presented in Table 5-1. These 
relationship is graphically displayed in Figure 5-2 (a) and (b). 
Conclusions may be drawn from Figure 5-2 : There appears to be
an increase in quality as price increases. That ia, the higher 
the. price, the more highly consumers evaluate the quality of a 
brand.

To examine how price and quality were correlated, a correla­
tion analysis was made. Correlation was 0.9525 and 0.9*»53 for 

the G and the U groups, respectively. The correlations were sig­
nificant, thus meriting further analysis of the relationship be­
tween price and quality. Hypothesis 1 was thus tested and accept­
ed affirmatively.
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Table 5-1
Measures of perceived quality from the MDPREF 

analysis and their corresponding prices.

Brand Price

Derived measure of quality

Graduates Under­
graduates

A *3,210 -0.3660 -0.3423
CA 8,826 0.5408 0.5751
CHE 3,766 0.0219 0.0886
CHR 5,399 0.0983 0.1952
F 3,627 -0.1311. -0.2509

L 7,854 0.5244 0.4361
T 3,241 -0.2130 -0.2820
V 2,902 -0.4752 -0.4117
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Figure 5-2 (a) Relationship between the measures of perceived
quality and actual prices for Graduates.
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Figure 5-2 (b) Relationship between the measures of perceived
quality and actual prices for Undergraduates.
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Teat of H„

Hypothesis 2 is restated below :
: "Consumers perceive the quality of a brand as being inelastic

in relation to its pries."

To examine further the relationship between price and quality, 
curve fittings were conducted to determine a function to which the 
point values between the measures of quality and prices would be 
best fitted. A linear, a semi-logarithmic, and a logarithmic func­
tion were submitted for the regression analysis. The results are

presented in Table 5-2.
Both a linear and a semi-logarithmic functions showed statis­

tical significance at the 1 percent level both in computed t- 
statistics of parameters a and b and computed F-values with 
1 and 6 degress of freedom, but a logarithmic function was not 
significant. Therefore, a logarithmic function was rejected as 
inapplicable. The coefficient of determination of a semi-logarith­
mic function was higher for both groups than that of a linear func­
tion, which led us to adopt a semi-logarithmic function for our 
analysis.

With cardinal measures of quality in Table 5-1, we could fit
the point values to a nonlinear model given by :

Q » a 1oqbp + b
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Table 5-2
Parameter estimates of quality-price relationship and goodness of fit 
of a linear, a semi-logarithmic, and a logarithmic model by a regression 
analysis.

Form of the 
Function Group

Parameters Coeffi­
cient 
of de­
termi­
nation

Com­
puted
F-
value

d.f.b a
Estimate Standard

error
t-

statistic Estimate Standard
error

t-
statistic

Linear'
Q = b + aP

G -0.7616 0.1087 -7.001*1* 0.0157 
x 10"2

0.0205 
x 10"3

7.6583* 0.9072 58.650* 1,6

U -0.7560 0.1161* -6.1*919* 0.0156
-2x 10

0.0219 
x 10”3

7.0983* 0.8936 50.385* 1,6

Semi*logarithmic
Q = b + alog P e

G -3.21*37 0.3372 -9.6181** 0.851*1* 0.0883 9.6720* 0.9397
*

93.51*7 1,6
U -3.2263 0.361*7 -8.81*63* 0.81*99 0.0955 8.8956* 0.9295 79.131* 1,6

Logarithmic**
log Q a-log b 6 6

+ alog PB

G
log b ae

1*. 11*01 2.3600 1.751*3 0.3390 0.0775 1,6-7.61*38 3.9126 -1.9536
U -8.3132 3.6657 -2.2678 1*. 1*770 2.2111 2.021*8 0.1*059 1*.0999 1,6

* : Statistically significant at the 1 percent level.
** : Q.1*753 and 0.1*118 mere added to Q for G and U groups, respectively

so that all derived measures of brand quality will be positive.



where Q is the measure of brand quality, P is the actual price, 
and "a" and "b" are parameters. In such a semi-logarithmic 
regression model, the exponent of P has a particular significance 
in that "a" represents the elasticity of Q with respect to P . 
That is, if "a" is not equal to zero we can prove that the psy­
chological evaluation of brand quality will be nonlinearly trans­
formed by price. When "a" is greater than unity, one percent in­
crease in price contributes tD more than one percent increase in 
brand quality. When "a" ia less than unity, the situation is 
vice versa. Thus, if price has an elastic "importance" in the eval 

uation of brand quality, then the value of "a" should be greater 
than unity.

As we can see in Table 5-2, the fit of the model is good for 
both groups. The regression coefficient "a" is less than unity 
for both groups, which indicates an inelastic quality-price rela­
tionship. This finding supports Hypothesis 2.
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Teat of Hj

Hypothesis 3 is represented below :
H^ : "Can consumers correctly estimate the rank-order of the

brand prices and is the reliability of their estimates 

constant over all eight brands?"

To test Hypothesis 3, the estimated rankings of brand prices 
obtained from Question area 4 (a) mere averaged over the respond­
ents of each group. The Spearman rank order correlation uas em­
ployed to examine whether the rankings of the estimated prices cor­
responded to the rankings of the actual prices. The result is pre­

sented in Table 5-3. The Spearman rank order correlations of 
0.9524 for the G group and 0.9762 for the U group shown in 
Table 5-3 indicate a good congruence between the estimated and 

actual prices.
It was noted that respondents' estimated rank order of brand 

prices corresponded fairly well to the rank order of actual prices 
for both groups. Next, in order to know the degree of distortion 
of the estimated prices from the actual prices, the respondents 
were asked to estimate the price of each brand by Question area 
4 (b). The coefficient of variation uas used aa a criterion, 
serving aa a measure of relative dispersion of tha aatimated prices 
from the actual prices. (See Table 5-4.)
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Table 5-3
Rank order of perceived and actual prices.

Graduates ilnderg raduates
Brand Estimated Estimated Actual

ranking
Yielding
score Ranking Yielding

score Ranking

A 5.98 6 5.69 6 7
CA 1.53 1 1.51 1 1
CHE 4.63 5 4.41 4 4
CHR 3.23 3 3.20 3 3
F 4.53 4 4.76 5 5
L 1.60 2 1.53 2 2
T 7.03 7 7.27 7 6
V 7.05 8 7.67 8 8

Spearman 
rank ordBr 
correlation

0.9524* 0.9762*

* Statistically significant at 1 percent level. 
Critical value * 0.833
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The significance test of the changes in the coefficient of 
variation against the actual prices was conducted. idhen the com­
puted t-ratios were compared with the critical value of the t- 
stati9tic of 2.365 (at 1 percent level with 7 degrees of freedom), 
insignificant differences were noted for both groups as shown in 
Table 5-5.

The relationship between the coefficient of variation and 
actual price for each brand is graphically presented in Figure 

5-3 (a) and (b).
The conclusion can be drawn that the consumers' ranking of 

brand prices was significantly estimated and the reliability of 
their sstimates was constant over all eight brands.
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Table 5-4
Estimated prices, standard errors, 

and coefficients of variation.

Brand

Graduates Undergraduates

Average 
estimated 
price £ fTX°G

?G

Average 
estimated 
price 7  

U
6~*y u

f t

.A $3,560 $625 0.1755 $3,539 $580 0.1638
CA 8,258 948 0.1148 7,784 1,240 0.1595
CHE *»,275 853 0.1995 4,170 545 0.1307

CHR 5,559 1,204 0.2165 5,249 1,155 0.2201
F A, 386 799 0.1821 4,035 650 0.1612
L 8,049 895 0.1112 7,771 1,267 0.1627
T 2,926 976 0.3337 2,655 525 0.1976
V 2,685 585 0.2180 2,473 502 0.2031

Table 5-5
Parameter estimates between the coefficients 

of variation and actual prices.

d.f. - 7
Group Estimated rate 

of change t-statistic

G -0.002128 -2.3873*
U -0.002218 -0.4322*

* Statistically insignificant at the 1 percent level.
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CHAPTER 6 
THE MEASUREMENT OF THE PERCEIVED 

ADVERTISING EXPENDITURES

Summary

The MDPREF algorithm is used to scale rating-scores on the 

perceived amount of advertising per unit. We test by a nonlinear 
model whether consumers perceive little difference in advertising 
expenditures for inexpensive car brands. (Hypothesis A).

The PREFMAP model presents the collinearity of perceived 
amount of advertising with the negative quality dimension. The 
negative value of the correlation coefficient of the perceived 
amount of advertising with perceived quality provides additional 
evidence : consumers' estimate of the brands' advertising expend­
itures are negatively related to their perception of the brand 
quality. (Hypothesis 5).

After testing consumers' correct perception of the relative 
advertising expenditures of the brands (Hypothesis 6), a criter­
ion for Judging advertising efficiency is suggested based on 
measures of perceived advertising expenditures and actual ad­
vertising expenditures.
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Introduction

This chapter discusses the relationships among advertising 

expenditures, price and quality of brands.
In Hypothesis A, the relationship betueen the perceived ad­

vertising expenditures and brand prices is tested. It is attempt­
ed to find the advertising elasticity uihich Green and Rao have 

suggested to doing (35).
In Hypothesis 5, it mill be tested how consumers perceive 

brand quality based on the perceived and actual advertising ex­
penditures.

After testing the reliability of consumers' estimates of ad­
vertising expenditures by Hypothesis 6, a decision rule for the 
allocation of advertising expenditures will be proposed.

The analytical floui-chart of this chapter is presented in 
Figure 6-1.
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From Chapter k
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dinates for 
each brand

INSCAL
2 dimensional 
solutions

1x0 matrix of rating 
scares on advertising

Curve fitting for the 
selection of a function

PREFMAP nonmetric model 
III and IV/

39x8x1 (G) Matrices 
A7xBxl (U) of rating 
scores on "advertising

Tuio 2x0 matrices of 
rating scores on adver­
tising ___

Correlate the perceived 
advertising vectors uith 
quality measures

Decision rule for the 
allocation of adver­
tising expenditures

Non-linear model anal­
ysis betueen the per­
ceived advertising and 
price. Test of H

39x8x2 (G) Matrices 
A7x0x2 (U) of prefer­
ence data for the per­
ceived and actual ad­
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A. Variation of corre­
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Figure 6-1 Analytical flou-chart for testing and H,..
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The Hypotheses U, 5, and 6 are recaptulated below :

: "Consumers feel that advertising expenditures are, in gen­

eral, inversely related with brand prices but they are not 
elastic for inexpensive car brands."

H_ : "Consumers' estimates of the brands' advertising expendi-D
tures are negatively related to their perception of the 

brands' quality."
Hg : "Consumers correctly perceive the relative advertising ex­

penditures of the brands within the evoked set of brands 
(the eight brands of car)."

The measure of perceived advertising expenditures and actual 
price - Test of

The MDPREF method was used to develop the scalar values of 
the perceived advertising expenditures from respondents' ratings 
on the amount of advertising spent for each brand (data from 
question area 3 in the questionnaire). This is a seven-point 
scale on which the amount of advertising spent an each brand is 
ratBd from "only a little" to "a great deal". Data are presented 
in Table VI-1 in Appendix for the average scale-ratings for each 
brand, by population sub-group (Graduates and Undergraduates).
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The resultant values from the MDPREF procedure are shown in 

Table 6-1. We can relate these scalar values of each brand to the 
actual brand price, as in Figure 6-2 (a) and (b).

The actual price and its corresponding measure of perceived 
advertising expenditures for each brand is presented in Table 6-1. 
The regression analysis was employed to examine the elasticity of 
advertising expenditures for the eight brands. In ordBr to deter­
mine a functional form of a regression analysis, curve fittings were 
conducted* so that the point values between the measures of adver­
tising expenditures and prices of brands might be best fitted. The 
curve forms and coefficients of determination to fit the model are 
shown in Table 6-2. The examination of the coefficient of determi­
nation value of each curve form suggested that there was no rela­
tionship between prices and measures of perceived advertising ex­

penditures. This finding does not support Hypothesis L.
If there were some theoretical grounds for removing Cadillac 

and Lincoln from the data set, we would observe from Table 6-3 (a) 
that an exponential model would fit the remaining values extremely 
well. Therefore, with the cardinal measures of perceived advertis­
ing expenditures in Table 6-1**, we built a modBl given by :

* This was conducted through the Rapidata system at the Baruch
Computer Center.

** See Table VI-2 in Appendix for the transformation of data.
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Figure 6-2 (a) Relationship betueen the measures of perceived
advertising expenditures and actual prices
for Graduates.
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advertising expenditures and actual prices
for Undergraduates.
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Table 6-1
Measures of perceived advertising Expenditures 

from the MDPREF analysis.

Brand Graduates Under­
graduates Price

A D.0807 0.0757 S3,218
CA -0.1237 -0.0214 8,826
CHE -0.3481 -0.2063 3,766
CHR -0.5926 -0.5717 5,399
F -0.1919 -0.4144 3,627
L 0.4533 0.4873 7,854
T 0.3972 0.2838 3,241
V 0.3251 0.3670 2,902

Table 6-2
Least squares fit of six curve types between 
the measures of advertising expenditures 
and the actual prices - eight brands.

Curve form Group Coefficient of 
determination

A = b + aP
G
U

0.0017
0.0051

n . aPA = be
G*
u**

0.0077
0.0094

A = bPa
G*
u**

0.0319
0.0343

A = b + ~
G
U

0.0429
0.0463

A " b + aP
G
U

0.0092
0.0092

A = — =• b + aP
G
U

0.0664
0.0664

* 0.5927 was added to the advertising measure.
** 0.5718 was added to the advertising measure.
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Table 6-3 (a)
Least squares fit of six curve types between 
the measures of advertising expenditures and 
the actual prices - six brands (Cadillac and 
Lincoln excluded).

Curve form Group Coefficient of 
determination

A = b + aP
G
U

0.7427
□.6967

A =  ̂apbe
*G
**U

0.9490
0.9478

A =* bPa
*G
**U

0.9038
0.9068

A = b a
+ P

G

U
0.8244

0.8028

A — 1 G 0.8795
H — b + bF4 U 0.8795

A — P G 0.7391
b + bP U 0.7392

□.5927 uas added to the advertising measure. 
□.5718 uas added to the advertising measure.
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where A is the measure of perceived amount of advertising, P 
is the actual price, and "a" and "b" are parameters. 
Logarithmic transformation was made of equation (1) to its equiv­
alent form :

log A a log b + aP (2)6 8

If Hypothesis A is true, the parameter "a” must be less than 
zero, making the perceived advertising expenditures a decreasing 
function of brand price. Further "a" can be interpreted as the 
elasticity of the perceived advertising expenditures to the brand 
price change. If "a" is between 0 and -1 ( □ and -1 ex­
clusive), then one percent increase in price causes less than one 
percent decrease in the perceived advertising expenditures. If 
"a" is less than minus unity, then one percent increase in price 
contributes to more than one percent decrease in thB perceived ad­

vertising expenditures.
Table 6-3 (b) presents the estimates of parameters and the 

testa of goodness of fit of the model to data by the regression 
analysis. As is seen in Table 6-3 (b) the fit of the model 1b 
good for both groups. The regression coefficient "a" , elastic­
ity of perceived advertising expenditures to price, is -l<a<0 
for both groups. This finding supports Hypothesis A. Unfortu­
nately, no theoretical Justification can be found for removing 
these two values of Cadillac and Lincoln.
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Table 6-3 (b)

Parameter estimates for the relationship between the measures 
of perceived advertising expenditures and the actual prices, 
and goodness of fit to data by a semi-logarithmic model.

Group

Parameters Coeffi­
cient 
of de­
termi­
nation

Com­
puted
F-
value

d.f.!oqeb a

Estimate Standard
error

t-
statistic Estimate Standard

error
t-

statistic

* * *
G 12.395 1.7086 7.25 1*1* -0.3900 0.01*52 -8.6297 0.91*90 71*. 1*71

* * *U 12.133 1.7132 7.0821* -0.3860 0.01*53 -8.5196 0.91*78 72.581*

* : Statistically significant at 1 percent level



Teat of l-L

Hypothesis 5 is restated beloui :

: "Consumers' estimates of the brands' advertising expendi­
tures are negatively related to their perception of the 
brands' quality."

Nonmetric versions of the Models III and IV of the PREFMAP 
procedure mere employed to fit two advertising expenditure vec­
tors in the perceptual space.* Data were obtained from Question 
area 5 in the questionnaire.

* For the nonmetric versions of the PREFMAP program, the maxi­
mum number of iterations uas set at 15 and the criterion for 
stopping the iterative procedure uias the value of 0.01.
If £!(Sj - = 0.01 , the iteration is terminated

^ Awhere S is the estimated scale value and I denotes I th 
iteration (20).
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In order to obtain parsimony and ease of interpretation it is 
desirable to fit a simple model rather than a complex one. In the 
PREFMAP algorithm, Model IV is a simpler model than Model III.

(See p. 235 in Appendix.)

We prepared two 0 x 2  matrices of coordinate values for the 
average subject in the G group and the U group separately, which 
were obtained from the INSCAL analysis in Chapter A. Next, we 
prepared two matrices of 1 x 8  of the average-subject rating 
scores on perceived and actual advertising expenditures.

The first step in the analysis for the G group and the U group 
separately, was to fit the non-metric versions of Models III and 
IV of the PREFMAP program to the perceptual configuration whose 
coordinate VBlues were obtained in Chapter 4, appearing in Table 
IV-4 in Appendix.

The measures of goodness of fit (multiple correlation coeffi­
cients) for Models III and IV and the value of the F-ratio for 
testing the contribution of Model III over Model IV appear in 
Table 6-4 for eaoh property vector.

When the computed F-ratios were compared with the critical 
value at 5 percent level of the F-statiatlc of 5.79 (with 2 
and 5 degree of freedom), no significant differences.were noted 
between Models III and IV for the G group.

Furthermore, the root mean square of the individual goodness 

of fit measures (multiple correlations) for Model III is 0.9301 
for the G group. This value drops to 0.9161 in Model IV for
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the G group. This small amount of difference ( 0.0220 ) Indicates 
that relatively little improvement can be obtained by employing 
Model III (the ideal point model) for the G group. Accordingly, 
Model IV (the vector model) was used for the G group. Since sig­
nificant difference uas recognized betueen Models III and IV for 
the U group. Model III (the ideal point model) uas used for the U 
group. In the ideal point model, the property vectors are repre­

sented as ideal points.
The direction cosines of the property vectors in the percep­

tual space are presented in Table 6-5. Figure 6-3 (a) and (b) 
shou the joint-space configurations of the vector model for the 
G group and the ideal point model for the U group.

We can interpret the vertical axis of Figure 6-3 (a) as re­
presenting the brand quality from the same inference as ue did for 
the horizontal axis of Figure U-2 (a). Similarly, ue can also in­
terpret the horizontal axis of Figure 6-3 (b) aa representing the 
brand quality from the same inference as ue did for the vertical 
axis of Figure k-2 (b).

UJe can drau conclusions from the analyses as follous.
For the G group, the position of the fitted vector of the per­

ceived advertising expenditures is not collinear with the quality 
dimension. This observation gives a cue that the perceived adver­
tising expenditures are against brand quality but for some other 
attributes - e.g., more advertising expenditures spent in less 

traditional brands in this study.

112



Table 6-U
Goodness of fit of Models III and IV of the PREFMAP procedure for 
perceived and actual advertising expenditures spent.

Graduates Undergraduates

Property
vector

Correlation coefficient
t̂ -ratio 
between the 
two models 
d.f.= 2.5

Correlation coefficient
F-ratio 
between the 
two models 
d.f.= 2.5Model III Model IV Model III Model IV

Perceived 0.9661 0.93**5 3.61**0 0.99A8 0.8872 77.815***
Actual 0.9092 0.8972 0.<*989 0.9851 0.9623 5.9779*
Root mean 
square 0.9381 0.9161 0.9899 0.9255 ,

* : Statistically significant at 5 percent level

Table 6-5
Direction cosines by the vector model for perceived 

and actual advertising expenditures.

Direction cosines
Property
vector

Graduates Undergraduates
Dimension 1 Dimension 2 Dimension 1 Dimension 2

Perceived -0.9990 0.DAA3 -0.3910 1.0A83
Actual -0.9990 0.0A37 -0.AA13** 1.1315**

** : Those are coordinate values of ideal points.
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For the U group, perceived advertising point is not situated 
close to the dimension representing "quality".

In order to prove these visual examinations that the perceived 

amount of advertising is negatively indicative of brBnd quality for 
both groups, the correlation of property vectors (points) with the 

quality dimension was made for each group by directly correlating 
the perceived and actual advertising expenditure vectors with the 
coordinate values on the brand quality measures. The brand quality 
measures uere already obtained from the MDPREF procedure in Chapter 

5. The results are shown in Table 6-6.
The advertising expenditure vectors are negatively correlated 

with the quality dimension for both groups. The positions of ad­
vertising expenditure vectors in Figure 6-3 and the correlation 
coefficients in Table 6-6 both support Hypothesis 5.
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Table 6-6
Correlations between perceived and actual advertising 
expenditure vectors with the quality measures.

Correlation between quality measures and
Graduates Undergraduates

Estimated ad­
vertising vector

Actual adver­
tising vector

Estimated ad­
vertising point

Actual adver­
tising point

-0.82633 -0.75935 -0.449985 -0.567421



Test of Hj. and the deciBlon rulB for the allocation of advertising 

expenditures

Hypothesis 6 is restated below :

Hc : "Consumers correctly perceive the relative advertising ex-b
penditures of the brands within the evoked set of Grands 

(the eight brands of car)."

In the previous section, it was noted that both perceived ad­

vertising vector and actual advertising vector were collinear with 
each other. Therefore we can say that the consumer can perceive 
advertising effects on brands as spent by a company. To further 
examine this hypothesis, the correlation analysis was conducted to 
fit the values between the measures of perceived advertising ex­
penditures obtained from the MDPREF model and the actual advertis­
ing dollars. Input data for this analysis are presented in Table
6-7. The correlation coefficients are 0.70^2 and 0.7077 for 

the G group and the U group, respectively. The results were fair­
ly good for both groups, with the additional visual evidence that 
both vectors are collinear in Figure 6-3 (a) and (b). These find­
ings support Hg.

It was concluded that a company's advertising expenditures 
were relatively well reflected in consumers' perceptions of amount 
of advertising spent per car. This study attempts to provide a
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Table 6-7
Measures of perceived advertising expenditures 
from the MOPREF program and actual advertising 
expenditures spent per unit.

Brand
Measure of advertising f(A^) *Advertising 

spent per unit
AiGraduates Undergraduates

A 0.0807 0.0757 #70.31
CA -0.1237 -0.0214 28.53
CHE -0.3481 -0.2063 23.60
CHR -0.5926 -0.5717 20.57
F -0.1919 -0.4144 21.76
L 0.4533 0.4073 78.08
T 0.3972 0.2838 **50.27
V 0.3251 0.3670 **37.71

* Automotive News. November 13, 1972.
** Estimated.
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criterion or a decision rule for the allocation of advertising ex­
penditures based upon consumers' cognitive (perceptual) judgment 
of the amount of advertising spent. An efficiency curve mill pre­
sent a locus of optimal advertising expenditures to bB allocated.

As the MDPREF algorithm assumes, the coordinate value of a 

brand can be regarded as the measure of the perceived amount of 
advertising Bpent per unit of that brand. Figure (a) and (b) 
plot the coordinate values of brands in the perceived advertising 
space and the actual advertising expenditures of the brands.

Examination of Figure 6-^ (a) reveals that Chrysler, for in­
stance, was perceived to spend least in advertising. But it actu­
ally spent more in advertising (per car) than Chevrolet, Ford, and 
Cadillac. So ue can say that every dollar spent for these brands 
was more effective than for Chrysler. Therefore Chrysler should 
not have spent so much advertising per unit or it should improve 
the effectiveness of the dollars spent.

The question arises as to whether more advertising dollars 
be spent if the perceived measure could be increased accordingly. 
There is of course, a practical limitation on the amount that can 
or mill be spent on advertising. But uhat criterion should be em­
ployed to measure the effective amount of advertising?

iiie could suggest that it might be more effective for a com­
pany that consumers perceive more of its advertising, and that it 
is, at the ssne time, preferable that the company spend as little 

as possible to get the same effect. To achieve this, the ratio
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of the measure of perceived advertising to the actual advertising 
expenditures should be maximized. The criterion can be given by 
the following formula ;

max
max fi

f(Ai)

i
C

Ratio value for brand i .
Measure of perceived advertising 
expenditures for brand i .

Actual advertising expenditures 
for brand i .

Constant. ( £ -f(Ai) )

^  was calculated for each brand, and the criterion value
j for all brands was obtained as shown in Table 6-8. This v max

maximum value of 0.0371 for the G group indicates an ideal val­
ue to balance the actual advertising expenditures spent with the 
measure of perceived advertising expenditures to obtain the most 
effective spending.

It is obviously desirable for a company to spend the adver­
tising expenditures as effectively as possible. For the G group, 
Ford obtained an ideal position. It apant $21.76 par unit and 
its measure of perceived advertising expenditures was -0.1919 , 
which turned out to be the best among all brands.

For the LI group, the maximum value is 0.0363 . V/olkswagen 
obtained an ideal position. It spent $37.71 per unit and its
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Table 6-8
Revised advertising expenditures based 

on the new criterion.

Brand fi Revissd AA (*) Difference (t)
G U G U G U

A 0.0154 0.0153 29.13 29.63 41.18 40.68
CA D.D3Q7 0.0343 23.62 26.96 4.91 1.57
CHE 0.0276 0.0336 17.57 21.87 6.03 1.73
CHR 0.0143 0.0150 10.98 11.80 17.59 16.77
F 0.0371 0.0269 21.76 16.13 0 5.63
L 0.0186 0.0191 39.17 40.97 38.91 37.11
T 0.0278 0.0255 37.66 35.37 12.61 14.90
V 0.0351 0.0363 35.72 37.71 1.99 0

0.0371 0.0363

+1.0000 was added to the measures 
of advertising for both groups.
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perceived advertieing measure utas 0.3670 . The advertising ex­
penditures were the most effective for Ford in the G group and for 

Volkswagen in the U group.
The revision of the actual advertising expenditures spent could

be made by employing a new criterion to determine haw much should
*

be spent. The revised advertising expenditures based on this new 
criterion and the difference between the actual and the revised 
advertising expenditures are also presented in Table 6-8. The re­
vised advertising expenditures were also plotted in Figure 6-A (a) 

and (b). The curve connecting the most effective point for each 
brand is called an efficiency curve for advertising expenditures.

We might seek a combination of the advertising expenditures 
and the consumers' perception that lies on this efficiency curve.
A combination is not efficient if there is another combination 

with either a higher measure of perceived advertising expenditures 
and less actual expenditure, a higher measure of perceived advertis­
ing expenditures and the same actual advertising expenditures, or 
the same measure of perceived advertising expenditures but less 
actual expenditure.

* The revised advertising expenditures are expressed as ;
A, =    I f(A.) + 1.0 ] for Graduates.
1 0.0371 * 1

A. ■ —  ■ f f(A.) + 1.0 ] for Undergraduates.
1 0.0363 1 1

f(A^) : Measure of perceived ad­
vertising expenditures 
for brand i .
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CHAPTER 7
PROPENSITY TO CONSUME IN RELATION TO 

BRAND QUALITY

Summary

Five vectors for possible car-buying budgets ($**,000, $6,000 

$8,000, $10,000, and $12,000) are fitted in the perceptual config 
uration.

We find that the vectors of higher budgeted preferences come 
closer to the quality dimension in both groups. (Hypothesis 7).

By constructing a utility function in which the prices are 
directly mapped to the utility indices, ue can theorize that con­
sumers might realize the beat utility by Mercedez-Benz when ue 

consider all five possible budgets.

Introduction

This chapter is concerned with the "endowment" of consumers 
uhich, in thia study, consists of available purchasing power.
In Chapter 5 the analysis indicated that the effect of price on 
the perception of quality uas clear. Our concern here is to de­
termine the importance of price, from the point of consumers• 

budgets, in the evalustion of brand quality.
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The hypothesis to be tested is restated belou

H7 : "Consumers believe they would buy a better quality brand 

if they had more money."

The analytical steps in this chapter are presented in Figure

7-1.

Ttaat of H„ and utility analysis

First uie see how property vectors for budgets were fitted in 
the perceptual space of brands ; five preference vectors of the 
average subject which represented his preference rankings undBr the 
monetary limits of $4,000, 56,000, $8,000, $10,000, and $12,000 
were fitted in the perceptual configuration obtained from the 
INSCAL analysis in Chapter A. Nonmetric version of Models III 
and IV of the PREFMAP algorithm was employed for the analysis.
Table 7-1 presents the goodness of fit (correlation coefficients 
of the estimated preference values and the nonmetric transform of 
the original prefererce ranks) for Models III and IV.

Even though there are wider variations smong correlation co­
efficients in Model IV than in Model III, correlation coefficients 
are even better in certain vectors than those in Model III for 
both groups. Furthermore, the differences in the correlation

127



Average preference data

Analysis of utility

Test of

Curve fitting for the sele­
ction of a function

Two 6x0 matrices of 
preference scores

PREFMAP nonmetric model

Stimulus coordinates for 
each brand

INSCAL 2 dimensional solu- 
tlons from Chapter 4____

Correlation analysis between 
the measure of brand quality 
and budgetary vectors

Choice of models under the 
examination of
1. Correlation coefficient
2. Variation of correlation 

coefficient
3. Root mean square

Individual preference data 
for average subject under 
the following budgetary 
constraints ;

14.000
56.000$0,000
$10,000
$12,000

39x0x6 (G)\ Matrices of 
47x0x6 (U)' preference 
data for overall prefer­
ence and five budgetary 
constraints

Figure 7-1 Analytical procedures for testing Ĥ .
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coefficients in absolute value between Model III and Model IU are 
less than 0.1 in all cases and so they may be considered negli­

gible.
Accordingly little improvement in the goodness of fit from 

Model IV/ to Model III was to be expected. Therefore, the analysis
was made by Model IV/ for all vectors.

The direction cosines of the property vectors in the percep­
tual spaces of both groups are presented in Table 7-2. Figure 7-2 
(a) and Cb) show the joint-space configuration by the vector model 

for each group.
The vectors of higher budgeted preferences ware positioned

*
closer to the quality dimension in both groups (or, closer to 
dimension 1 for the G group and to dimension 2 for the U group). 
That is, the vectors for the G group moved clockwise, being di­
rected toward better quality of brand from lower budgeted prefer­
ences to higher budgeted preferences. The $12,000 budgeted vec­
tor was collinear with the dimension which represented higher 
quality of brand. V/ectors for the U group moved counter-clockwise, 
being directed toward better quality of brand from lower budgeted 
preferences to higher budgeted preferences. The $12,000 budgeted 
vector showed the same nature aa for the G group with regard to 
the quality dimension. The overall preference vector was located 
between the $/»,0QQ and the $6,000 vectors in both groups. Since

* In interpretation of axes, see Chapter A, and this interprets 
tion we8 confirmed in Chapter 5.
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Table 7-1
Goodness of fit of Models III and IV of the PREFMAP 
procedure with vectors of overall preference and 
five dlspoaable budgets.

Preference
budgetary
condition

Graduates Undergradualtea
Correlation
coefficient

Difference 
in correla­
tion coef* 
ficient be­
tween the 
two models

Correlation
coefficient

Difference 
in correla­
tion coef­
ficient be­
tween the 
two models

Model III Model IV ^odel III Model IV

Overall
preference
$**,000
36,ono
$0,000
$10,000
$12,000

0.9600
0.9906
0.9791
1.0000
0.9971
0.9996

0.9037 
0.9U66 
0.979** 
1.0000 
0.9999 
0.9996

0.0651
0.0<***0
-0.0003
0

-0 .0020
0

1.0000
0.9517
0.9300
0.999**
0.9999
0.9990

0.9652 
0.9****5 
0.9130 
0.9999 
1.0000 
1.0000

O.O3**0
0.0072
0.0250
0.0005
0.0001
0.0002

Root mean square 0.9925 0.9722 0.9020 0.9710

Table 7-2
Direction coainea of the fitted vectors of 
overall prefersnee and five dlspoaable 
budgets by the vector aodel.

Property
vector

Direction cosines
Graduates. Undergraduates

Dimenaion 1 Dimenaion 2 Dimension 1 Dimension 2
Overall
preference -0.1321 0.9912 0.9955 0.0952
$*.,000 -0.0109 0.5052 0.0121 -0.5036
$6,000 0.1021 Q.99**0 0.9025 O.**3O0
$6,000 0.9792 0.2030 0.3711 0.9206
$10,000 0.907** 0.150*. 0.2553 0.9669
$12,000 0.99**2 0.107** 0.17 0*. O.90**O
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1.500 *
1.999 *
1. 399 ♦
1.333 •
1.278 «
1.222 •
1.167 •
1.111**
1.056 .
1.000 •
0.999
0.S89
0.833 •
0.778 •
0.722 ,
0.667 «
O.bll «
0.556**
0.500 .
0.999 •
0.389 •
0.333 •
0.278 •
0.222
0. 167 •
0. Ill •
0.056 •

-0.000**
-0.056 .
-0.111 ,
-0.167 .
-0.222 «
-0.27b *
-0. 333 •
-0.389 .
-0.999 «
-0.500 .
-0.556**
-0.611 •
-0.667 •
-0.722 •
-0.778 ,
-0.e33 #
-0.839 .
-0.999
-1.000 «
-1.056 •
-1.Ill**
-1. 167 •
-1.222 •
-1.278 «
-1.333 «
-1.389 *
-1.999
-1.500 •

SA.COO

Overall $6,000

$0,000
310,000

>313,000

-1.8319. -1.9958. -1.1597. -0.8235. -0.9879. -0.1513. 0.1899. 0.5210. 0.8571. 1.1933. 1.5299. 1.8655.

Figure 7-2 (a) Preference vectors (overall and five disposable budnPts) In the brand perception space 
for Graduates. .



-1.8319. -1.4958. -1.1597. -0.6235. -0.4874. -0.1513. 0.1849. 0.5210. 0.8571. 1.1933. 1.5294.

Fiqure 7-2 (b) Preference vectors (overall and five rilsnor.able hurferts) In the hrnnd percrptlnn nnece 
for Undergrodu'jtua.
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the average budgetary vector was found between the SB,000 and
$B,000 budgetary vectora for both groups, we may aay that they were
trading off brand quality for eome other uae of the money.

The mea8ure of correlation of property vectora with the qual­
ity dimenaion waa made by directly correlating the five budgetary 
vectora with the coordinate veluea on the quality dimenaion. Re­
sults are ahoun in Table 7-3. The relationship between the budgets 
and their degree of correlation with brand quality was graphed for 
both groupa in Figure 7-3,(a) and (b).

It la noted again that the high monetary budget caused the 
respondents to ahow a greater propensity for brand quality. These 
findings support Hypothesis 7.

However, "saturation" of quality was reached with higher mon­
etary budgets. Between the Budgets of $10,000 and 112,000, consum­
ers ' utility for quality was not remarkably increased. This sug­
gests that consumers may purchase expensive brands not for atrictly 
utilitarian motives but for other factors such as prestige or so­
cial status.

If we regard the correletion between budgetary constraints 
and quality as the expected utility obtained from the value of the 
brand price, we could construct a utility function by mapping the 
prices directly to the utility indices.
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Table 7-3
Correlations between the vectors of five 
disposable budgets with the quality 
dimension.

Correlation with the quality measure
Vector Graduates Undergraduates

$<♦,000
$6,000
$8,000
$10,000
$12,000

-0.27U1
0.28995
0.95635
0.96578

0.97358

-0.38598
0.2166<t

0.95223
0.95721
0.9626<f



Correlation between 
the disposable budget 
and the brand quality

1.0:
0.9+

0.6+

0.3+

0. 0+

-. 3+
+

■3 300 0.
+

4 5 0 0. 6000. 7500. 9000. 10500. 12000,
D i s p o s a b l e  b u d g e t

Figure 7-3 (a) Relationship between five disposable budgets and 
their coiresponding correlations with the brand 
quality ior Graduates.
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Correlation between 
the disposable budget 
and the brand quality

1.0 

0.9 +

0 . 6+

0.3+

0. 0 +

-.3+

6+
$3000.

•- +  +  +  +  +  +
4500. 6000. 7500. 9000. 10500. 12000,

Disposable budget

Figure 7-3 (b) Relationship between five disnnsnble bur.lnets and
their correspondinn correlations with the brand
quality for Undergraduates.
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In order to determine the form of e function, curvee were 
*fitted . The eeeumption of the neture of utility led ue to ex-

amine three aeymptotic curve forme. Table 7-5 (a) presents the 
results of curve fittings. Since a reciprocal transformation 
showed the best fit to the data for both groups, it was used for 
our analysis. Detailed analysis was mads with the form given by :

U . b  + -|- ( 0 * 0 )

where U is the measure of brand utility. D is the budget, and
"a" and "b* are parameters.

The model was applied in its reciprocal form to the data giv­
en in Table 7-4. The estimates of "a” and Nb" by the least 
squares fit and the tests of goodness of fit of the model to data 
are presented in Table 7-5 Cb). The utility function is shown by 
curve in Figure 7-4 (a) and (b). The fit of the model was very 
good for both groups.

From the curve obtained, we could predict how much of their 
budget consumers would have to use to reach a utility index of, 
say, 1. $10,639 and $10,725 were calculated for the G and the U
groups, respectively. Mercedez-Benz would fall into this price 
range, for which consumers would realize the best utility.

* This was done through the Rapidata system at the Baruch Com­
puter Center.
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Table 7-4
Five disposable budget vectors and their 
corresponding utility indices.

Budget
vectors

Utility measure
Graduates Undergraduates

$ 4,000 
6,000 
8,000 

10,000 
12,000

-0.27411
0.28995
0.95635
0.96578
0.97358

-0.38598
0.21664
0.95223
0.95721
0.96264
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Table 7-5 (a)
Least squares fit of three curve types uiith 
an asymptonic level for the utility analysis.

Curve form Group Coefficient of 
determination

G 0.9439
u - b + “S’u U 0.9406

1 G 0.1800
U = b + aD U 0.0052

n G 0.4071
U = b + aD U 0.2009

Table 7-5 (b)
Parameter estimates for the reciprocal form 
of the utility function of disposable 
budgets and goodness of fit to data.

Parameters
Coef­
ficientb a

Group
Esti­
mate

9556 confidence 
limit

Esti­
mate

9556 confidence 
interval

of de­
termi­
nation

G 1.770 1.305 i b i 2.23*4 -8188.81 -11152.6 * a i -5225.0 0.9439
U 1.828 1.308 i b i 2.347 -8876.76 -12189.1 - a > -5564.4 0.9406
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Utility
index

1.0

0«8 +

0 ./)+

0. 0 +

l\ +

-.8 +

- 1.0

+
+ ----

S 2000. '1000. CO 0 0. 800 0 .
Price-level

1 0 0 U 0 1 200 0.
10039.

Figure 7-t» (a) Utility function for car.-, at various price-levels 
(<̂ t, SO, ci6, 310 and :i>12 thousand) for Graduates.
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Utility
index

0. 0 +

- 1.0

S 3 0 0 0 .  /15  0 0 - C O C O .  7 5 0 0 .

Price-level

I
9  0 0 0 .  1 0 5 0  0 > \  1 2 0 0 0 ,

10725.

Figure 1-U (b) Utility function for cars n>. various orico-levels
06, S3, ;.i 1 □ and .f>12 thousand) for Under­

graduates .
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CHAPTER 8
CONSUMERS' CHANGE OF PERCEPTION, PREFERENCE 

AND ATTITUDE TOUARD BRANDS

Summary

Chapter 8 is divided into three sections.
In the first section ue conduct the analysis of scenario in­

fluences in terms of monetary constraints and places of residence, 
liie find that the city preference-vector ia collinear with the $<t,000 
monetary vector. Ue also conclude from the data that the more spa­
cious places to live in are appropriate for owning the larger and 
the mors expensive cars.

The second section deals with the analysis of basic attribute 
vectors (property vectora) of brands in the perceptual map.

Ue find that the property vectora which represent "Styling 
and appearance", "Price”, "Road performance", and "Overall rating" 
are directed around more expensive brands of cars. The property 
of "Availability of repair service” is more relevant to the domes­
tic brands. It ie confirmed that the property of "Overall rating" 
can be uasd as a good index far perceived quality.

The third section studies the basic product features in rela­
tion to time.

For the Luxury concept of the product features, there is no 
difference between Graduates and Undergraduates in their three
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vectors of the paet, the present and the future.
For the Economy concept of the product featuree, there are 

some significant differences discerned between vectors of Graduates 
and Undergraduats8. Both have the eimllar perception for future 
import vice of economy. But they perceive past and present impor­
tance of economy differently. Generally, Graduates give less im­

portance to the economy factor.
In terms of the change through time from the past into the 

future ue recognize little change in perception of the importance 
of luxury. Moot of the change through time is to be found in a 
much greater importance given to economy with the passage of time.

Introduction

Chapter 8 is divided into three sections as follows ;

Analysis of scenario influences in terms of monetary con­
straints ($4,000, $6,000, SB,000, $10,000, and $12,000) and 
places of residence (city, suburbs and small toun).
Analysis of basic attribute vectors (property vectors) of 
brands in the perceptual map.
Study of the basic product features of brands in relation to 
time.
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In the first section, ujb attempt to evoke uhat uere not in­
terpreted by only overall preference. When the scenarios are giv­

en, the changes of consumer preference under conditions might be 
elicited. The scenario variables used in this study are monetary 
constraints for purchase and types of places uhere the car uould 

be used (city, suburbs, and small toun).
The second section analyzes consumer attitude touard a brand 

by rated scales of brand properties. Since Question area 3 provid­
ed us uith the unidimensional construct ratings on eight properties, 
it is possible to fit these outside property vectors in the percep­
tual map of brands and study consumers’ attitudinal direction on 
each property.

In the third section, efforts are made to find basic attri­
butes of brands by factor analysis. Consumers form their percep­
tual frame about attributes of a brand uhich they are motivated to 
purchase. Our aims here are to examine these questions : Can ue
identify the factors involved and expose their underlying struc­

ture? Can consumer purchasing behavior be predicted from these 
basic brand attributes? Can ue predict the effect of attribute 
changes of brands and their influence on potential consumers' pur­
chasing? Hou should a future brand be designed? liJhat may ue ex­
pect in a neu brand's performance?

The analytical flou for Chapter 0 is diagrammed in Figure 8-1.
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PROFIT 
Max "r" 
method

Factor
analysis

Interpretation 
of dimensions

Average 
ratings 
tkio 8x8 
matrices

Average 
ratings 
over res­
pondents

MDPREF 
2 dim. 

solutions
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coordinates 
for each 
brand

Analysis of 
scenario 
dependence 
analysis

INSCAL 
2 dimen­
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Chapter 4

Average 
preference 
data 
tuio 9x8 
matrices
PREFMAP 
nonmetric 
version 
of models 
III and IV/

"t" tBBt be­
tween the pro 
duct-feature 
vectors

Ratings on 
product 
attributes 
39x8x8 (G) 
47x8x8 (U) 
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ScBnario-
dependent
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39x8x9 (G) 
47x8x9 CU) 
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"Importance 
scale data 
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duct fea­
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to time

Analysis of 
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attitude to­
ward the pro­
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in relation 
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data Cpast- 
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ture for 
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models under 
the examina­
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1. Correla­

tion co­
efficient

2. V/ariation 
of corre­
lation co< 
efficient

3. Root mean 
square

Figure 8-1 Flow diagram of the analysis outlined in Chapter 8.
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Analysis of Scenario influence in terms of monetary constraints 
and places of residence

We are here considering thB data from Question area 6 (a) 
and (b) in the questionnaire. The respondent is asked to rank the 
eight brands. First he ranks them by overall preference. Then he 
is asked to rank them in eight separate and different contexts 

within which he might buy or use a car.
There are five contexts (scenarios) of budgetary constraints ;

i.e., $L,000, $6,000, $8,000, $10,000, and $12,000.
There are three geographical contexts of living ; i.e., in the 

city, in the suburbs and in a small town.
Average ranks was computed for each brand. These averages 

and the coordinate values from our Chapter k INSCAL solutions were 
submitted to the nonmetric versions of both Models III and IV of 
the PREFMAP procedure. The input data are summarized in Table

VII-1 in Appendix.
The goodness of fit measures (individual-scenario multiple 

correlations) is presented in Table 8-1. The root mean squares 
for Model IV which were applied to the original INSCAL spaces were 
0.9797 and 0.9750 for the G group and the U group, respectively. 
Model III whaBe root mean squares for the G group and the U group 
WBre 0.99^2 and 0.9906 , respectively.



Table 8-1
Goodness of fit measures of Models III and IV 
of the PREFMAP procedure for nine scenario- 
dependent preferences.

Graduates Undergraduates

Scenario
dependent

Correlation
coefficient

Correlation
coefficient

vector
Model III Model IV

Difference
Model III Model IV

Difference

Overall 0.9900 0.9019 o.oaai 0.9982 0.9671 0.0311

$<*,000 0.9856 0.9469 0.0387 0.9925 0.9440 0.0385

86,000 .0.9796 0.9799 -0.0003 0.9640 0.9146 0.0494

88,000 1.0000 0.9956 o.oo44 0.9964 0.9940 0.0024

810,000 0.9969 1.0000 -0.0031 0.9995 1.0000 -0.0005

812,000 0.9996 0.9997 -0.0001 0.9996 1.0000 -0.0004

City 0.9968 0.9977 -0.0009 0.9683 0.9558 0.0125

Suburbs 0.9996 0.9923 0.0073 1.0000 1.0000 0.0000

Town 0.9995 0.9991 0.0004 0.9959 0.9958 0.0001

Root mean 
square 0.9942 0.9797 0.9906 0.9750



The absolute differences In the correlstion coefficients be­
tween Models III and IV/ were less than 0.1 for all cases, and 
ware thus considered neglegible. For the above reasons therefore, 
Model IV was used in the analysis.

The direction cosines of the scenario dependent vectors in 
the perceptual space are shown in Table 8-2. The Joint-apace con­
figuration is presented in Figure 6-2 (a) and (b).

In the conjoint space of the G group, it was noted that the 
city preference vector was closer to the $<*,□□□ monetary vector, 
indicating that city dwellers liked smaller-sized brand of cars. 
Town and suburbs dwellers preferred more exoensive cars whose 
prices ranged between $6,000 and $8,000. Understandably, the 
more spacious places to live in were appropriate for owning the 
larger and the more expensive cars.

The U group followed the same pattern of preferences as the 
G group. Only difference was the direction of the suburbs vector, 
which was located near the $10,000 monetary vector.
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Table 8-2
Direction-coaines of nine fitted 

scenario-dependent vectors.

Scenario
dependent
vector

Direction cosines
Graduates Undergraduates

Dimension 1 Dimenaion 2 Dimension 1 Dimension 2

Overall -0.1793 0.9838 0.9835 0.1809

$4,000 -0.8199 0.5725 0.851*3 -0.5197
$6,000 0.0578 0.9983 0.8850 0.4656

$8,000 0.9721* 0.2331 0.3161 0.9487

$10,000 0.9821* 0.1871 0.2031* 0.9791

$12,000 0.9909 0.131*2 0.1277 0.9918

City -0.8030 0.5959 0.8473 -0.5310

Suburbs 0.9213 0.3887 0.2204 0.9754

Town 0.7168 0.6973 0.3797 0.9251

Average 0.A306 0.9025 0.7766 0.6300
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Figure 8-2 (a) Jolnt-spnce cnnrinuratlnn of brands and scenarln-dupendent preferences (overall. Five contexts 
of budgetary constraint, and three geographical contexts of living for Graduates.
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Analysis of basic attribute vectora (property vectors) of brands 

In the perceptual map

'ole are here considering the data from Question area 3 in the 
questionnaire. The respondent is asked to use a seven-point scale 

to give an overall hedonic rating to each of eight brands. Then, 
still with a seven-point scale, he is asked to rate the brands 
separately on seven characteristics or attributes ; i.e., price, 
styling and appearance, dependability, frequency of repairs, avail­
ability of repair service, amount of advertising, and road perform­
ance.

A summary of the resultant averages is shown in Table VIII-1 
in Appendix. These averages and the corresponding INSCAL coordi­
nates were used as input in the present analysis.

Using a plot of the INSCAL coordinates and the previously

identified loci of the eight brands, we wish to draw in a vector 
to represent each of the scales mentioned above.

Ule will call these vectors "property vectors". Ue will see
how consumers perceive each of the eight brands in terms of their 
perception of brand properties (Figure 0-3 (a) and (b)). Tech­
nically, the objective was to fit the outside property vectors 
which represented the unidimensional ratings in the perceptual 
dimensions. The method of max "r" of the PROFIT algorithm was
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PLOT FOR FIRST TWO DIPENSIONS OF STIMULUS POINTS AND DIRECTION COSINES OF FITTED PROPERT VECTORS
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Figure 0-3 (a) Eight brand property vectora fitted In the hrand space by max "r" method for Graduates.



PLOT FOR FIRST TWO DIMENSIONS OF STIMULUS POINTS ANO DIRECTION COSINES OF FITTED PROPERT VECTORS

l.OOO*

0.778

0.556

0.333* CHE
Availability of 
reoalr service

0 . 1 1 1

0. Ill

------------------- o--------------------------------------

CHR

0.313

0.506

0.778

I.000*

Amount of 
advertising Infrequency of 

repairs

CA \

\
\ Price

Styling and 
aopearance

Road
performance

Overall
rating

Dependability

-1.2C0 -I.COO -0.800 -0.600 -0.400 -0.200 -O.CCO 0.20C 0.400 0.600 0.800 1.000 1.20

Figure 8-3 (b) Eight brand property vectors fitted In the brand space by mox "r" method for Undergraduates.



employed for the enalyeis of thie study. This method finds the 
best direction in the stimulue space for each property ecale so 
that the projections of the stimuli onto the fitted vector are 

linearly correlated with the original ratings of the candidate 
property vector in the maximum degree. Resulting goodness of fit 
(multiple correlation) for each fitted vector and the direction 
cosines are presented in Table B-3 for both groups.

The goodness of fit measures (the multiple correlation coef­
ficients in Table 8-3) represented the degree of congruence of the 
construct represented by the property scale with the dimensions 
of the configuration linearly related. Correlation coefficients 

of each property for both groups were quite simllary but the G 
group generally showed higher correlations with the perceptual 
map than the U group. The property A in both groups end property 
6 in the U group were not highly correlated with the perceptual 

configurat ions.
Figure 8-3 (a) and (b) revealed little differences in the 

configurations of both groups. "Styling and appearance", "Price", 
"Road performance", and "Overall rating" property vectors were 
directed around more expensive brands of care such as Chrysler, 
Lincoln and Cadillac. Both groupa indicated that "Availability 
of repair service" waa more relevant to the domestic brands. The 
fitted vector labeled "Overall rating" waa positioned close to the 
quality dimension (dimension 1 for the G group and dimenaion 2 for 
the U group), supporting our interpretation of the axes in Chapters
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Table 8-3
Goodness of fit measures of eight brand property 
vectors by max "r" method of the PROFIT algorithm.

Graduates Undergraduates

Property
*Correla­

tion co­
efficient

Direction cosine
*Correla­

tion co­
efficient

Direction cosine
vector

Dimension
1

Dimension
2

Dimension
1

Dimensior
2

1. Price 
Lou/High

0.9937 0.9003 0.4352 0.9715 0.7167 -0.6974

2. Styling and 
appearance 

Not at all 
attractive/
Very attractive

0.9711 0.6241 0.7813 0.9748 0.8779 -0.4788

3. Dependability 
Undependable/ 
Dependable

0.7188 0.9576 -0.2882 0.6868 0.1914 -0.9815

4. Frequency of 
repairs 
Frequent/ 
Infrequent

0.5426 0.7900 -0.6131 0.5289 -0.7013 -0.7128

5. Availability 
of repair 
service 
Poor/Excellent

0.8514 0.1231 0.9924 0.8277 0.9845 0.1756

6. Amount of 
advertising 
Only a little/ 
A great deal

0.8540 0.6429 -0.7659 0.5162 -0.7300 -0.6834

7. Road per­
formance 
Poor/Excellent

0.9826 0.9515 0.3076 0.9530 0.8504 -0.5262

8. Overall 
rating 
Poor/Excellent

0.9638 0.9530 0.3031 0.9607 0.5276 -0.8495

I
* : The maximum correlation between the property and

the projections on fitted vector
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k and 5, Also, it bias confirmed that "Overall rating" could be 

used as a good index for perceived quality.

Study of the basic product features in relation to time

Here me are using data from Question area 7 in the question­

naire concerned uiith 59 specific car features. On a seven-point 
"importance" scale (Unimportant-Important) respondents are asked 
to rate the specific car features in terms of importance to them 
in the past, at the present, and in the future.

The 59 specific features appear in the full questionnaire in 
Appendix. The ram data sre summarized in Table V/III-2 in Appendix.

The data mere submitted to six principal component analyses* : 
Graduates and Undergraduates each for the three different time pe- 
rioda (past, present and future). In each case a varimax rotation 
mas made and the first tmo factors mere extracted. The factor load­
ings for the three time periods of each group are shomn in Table

VIII-3 through VIII-5 in Appendix.
Interpretation of the tmo factors of product features mas 

made by considering the extracted main factor loadings, appearing

* BMD72-Factor Analysis-Revised, April 5, 1972, Health Science 
Computing Facility, UCLA.

157



in Tables 8-4 (a) and (b). The tuo factors of product features 
mere interpreted as first, a "luxury" concept and second, an "eco­

nomy concept".
In the resultant two-factor space, we plotted three vectors 

(past, present and future) separately for Graduates and Undergrad­
uates. (See Figure 8-4.) Three vectors were derived by the MDPREF 
model using the raw seven-point interval-scale data as input uihich 
are presented in Table V/III-2 in Appendix. The objective uas to 
represent the consumers' perceptusl changes in the product features 
for the three time periods - past, present and future.

For the Luxury axis, there was no significant difference be­
tween Graduates and Undergraduates in their three vectors. Ule de­
termined this by lnter-t test of distances between the projected 
points from the vectors onto the axis. (See Table 8-5.)

For the Economy axis, some significant differences were dis­
cerned between vectors of Graduates and Undergraduates. Both per­

ceive future importance of economy similarly. But their percep­
tions of economy-importance in their past and present fairly dif­
fer. In general, Graduates give less importance to the economy 
factor.

In terms of the change through time from the past into the 
future we see little change in perception of the importance of lux­
ury, only perhaps a very small (non-significant decline).

Most of the change through time is to be found in a much 
greater importance given to economy from the past through the
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Table 6-4 (a)
Extracted main factor loadings for the past-preaent-future 

product features : Factor 1.

Variable
Factor 1

Graduates Undergraduates
Past Present Future Past Present Future

Lou insurance rate
Redale value
Ua rrant y/Guarantee
Trade-in allouance
Convenient service facility
Air conditioning
Smoothness of operation
Driving comfort
Silent running
Strong protective bumpers
Pouer steering
Automatic transmission
Pouer disk brakes
Rear uindou defogger
Hap light
Front aeat roominera 
V8 engine 
Front engine 
Sporty styling

i CL 8732' 
'0.8428, 
tO.S241i 
•0.7962' 
i0.7897' 
"0"?6U5 
0.3772 
0.3331 
0.2344 
0.2520 
0.3602 
-0.1953 
0.3725 
0.3817 
0.1461 
0.4803 
-0.1126 
0.2695 
0.1540

0.2314 
0.0270 
0.2572 
-0.0082 
0.1571 

f 0.8418'' 
I 0.8599' 
• 0.8179 
0.8480
■ff.Hfg” 
;‘o".68io; 
, 0.6628.! 
0.0551 
0.3635 
0.0896 
0.4954 
0.1722 
0.0171 
-0.0260

0.1001 
0.0499 
0.2581 
0.0677 
0.1901 
1 0“. 7620 •
• 0.7799J
• 0.8141, 
' 0.8507i 
1 0.7195'
• 0.7308' 
•0.7671| 
" ff. 0143
0.2668
-0.0122
0.3726
0.0225
0.0746
-0.0323

0.1941 
-0.0761 
0.0083 
0.1315 
-0.2086 
•*0.6989; 
0.8103) 

, 0.7077'
• 0.6864! 
0.5675.

| 0.7409!
• 0.7608*
• 0.7062! 
! 0.7115. 
, 0.7880! 
'0*3455 
0.1760
-0.0268

-0.2454 
-0.0700 
-0.0366 
-0.0906 
-0.1210 
0.1100 
0.2255 
0.0508 
0.0378 
0.1241 
0.0831 
0.2704 
-0.0112 
-0.0603 
0.1487 
0.1947 

''0.7518; 
[ 0.8610; 
,_0._722_5_!

0.2552
-0.1305
-0.0634
0.0317
0.1078
-0.1381
0.0020
-0.0720
-0.0301
0.0636
0.2846
0.1201
0.2744
0.0312
-0.0350
-0.0138
0.0256
0.0927
;o'.72i5j •;----- J

Percentage of explained 
variance 24.0 17.6 18.6 30.1 14.4 16.2

Label •Luxury* concept



Table 8-4 (b)
Extracted main factor loadings for the past-present-future 

product featurea : Factor 2.

Factor 2

Variable Graduatea Undergraduates
Past Present Future Past Preaent Future

Reaale value 
Warranty/Guarantee 
Trade-In allowance 
Convenient aervlee facility 
Strong protective bumpera 
Mini eize 
Compact aize 
Vinyl roof 
Cloth aeat
Low coat of operation 
Eaae of parking

0.0946
0.0915
0.0476
0.0498
;0.7306 ; 
* 0,6461! 
-0.0208“ 
-0.1049 
0.2265 
0.3214

0.0581 
-0.0528 
0.0464 
-0.0256 
0.0571 
0.0158 
0.1191 
‘o‘H-gi':
-0.1510*
-0.0053
0.0363

0.1966
0.1490
0.1336
0.0732
0.0043
0.0446
0.0397
0.0625

•JO."8606>
-0.0976
-0.2290

: "o.aSiV;
• 0.7624,
| 0.8042 •
. 0.65001 
'0.-3442* 
0.0945 
0.1454 
0.0184 
0.1159 

f 0.-7828’: 
tq._676_3_V

[ 0.'7542’;
, 0.8666 1
i 0.7635 1 
1 0.8135t 
o;d5i»7- 
-0.0193 
0.0247 

-0.0020 
-0.1883 
0.2796 
0.2481

0.1598 
0.0506 
0.2166 
-0.1574 
;‘0,8096": 
'0.1379*' 
0.0161 
-0.1549 
0.0887 

f 0.“873f: 
•'"o“.7441 |

Percentage of explained 
variance 10.2 11.7 11.6 8.7 ' 12.3 11.2

Label "Economy* concept
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Table 8-5
Inter-t values of time vectors (past, present, future) 

against product-feature axes (luxury, economy)

LuxurV «xls

Past(G) Past(U) 3resent(G) 3resBnt(U) Futurs(G) Future(U)

PSst(G)

Past(U) -0.0197
Preaent(G)
Present(U)

-1.0774
-1.2268

-0.9283
-1.0452

mm

-0.0841

Futura(G)
Future(U)

-1.6721

-1.5148
-1.4405
-1.3001

-0.5282
-0.3701

-0.4689
-0.3022 0.1672 -

Economy axis

Past(G) Past(U) Present(G) Present(U) Future(G) Future(U)

Past(G)
Past(U) -0.2613
Present(G) 
Present(U)

-2.3223
-5.1707*

-2.1513
-5.1317* -2.5547

Future(G)
Future(U)

-3.5536
-5.5640*

-3.4306
-5.5330*

-1.1771
-3.0674*

1.2967

-0.7231 -1.8803 -

* : Statistically significant at 0.01 level



preaent and on to the future.
Theae concluaiona are confirmed by the queationnaire (Quea- 

tion area 8, item 13) in which reepondanta mere aaked what model 
of car they intended to buy next. Mainly, they named economy 
modelB : Audi, Capri, Gremlin, Toyota, Vega, Volkswagen and t/olvo. 

The result was presented in Table IX-3 in Appendix.
The trend is anyway, quite apparent. Further support carries 

in the comment in the Advertising Age (56).
"One important factor ia a growing inclination to regard the 
motor vehicle as an appliance, rather than a symbol of afflu­
ence or status ....

Past-performance charts on the auto market indicate 
clearly that Americans are opting for smaller care,  N
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CONSUMER BUYING BEHAVIOR 
CHAPTERS 9 and 10

It Is designed to identify the underlying process that best 
describes consumer buying behavior patterns in the following two 

chapters.
In Chapter 9, market segmentation is conducted based on the 

consumers' common perception and preference along with the dimen­
sion of their characteristics data.

A subspace by consumers' homogeneous ideal points can be iden­
tified as a SBgment in which they present their common perception 
and preference. Therefore, the brands of one segment may repre­
sent their competitive position in the market with the brands of 
other segments. This segmentation is made in terms of perception 

and preference regardless of the brands' similarity with respect 
to physical or other particular characteristics (35).

Chapter ID discusses a stochastic model to allow a multitude 
of the factors that affect consumer buying behavior by means of 
preference uncertainty. That is, future market preferences are 
regarded as outcome of some probabilistic process which makes con­
ditional predictions for the ultimate market share. This appli­
cation will be directed at determining the best descriptor of con­
sumer behavior in marketing decision process.

The analytical steps for Chapters 9 and ID are presented in 
Figure 9-1.
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Chapter 9 Chapter 1C
Model III of 
PREFMAP

Market
segmentation

Form clusters 
from Models 
III and IV

The analysis 
of consumer 
profiles

'Discriminant 
analysis for 
6 sub-groups

Consumer
charac­
teristics
data
vector

Calculate
stimulus-
ideal
distances

Overall 
preference 
1x8 (G) 1 
1x8 (U) ) 
matrices

Stimulus coordi 
nates for each 
brand

Construct the first 
order Markov chain 
model ___

Calculate the com­
bined brand pur- 
chase probabilities

PREFMAP
nonmetric version 
of Models III and IV

Compare 
rankings of 
distances 
uith those 
of actual 
brand shares

Calculate brand 
market share from 
Model III for each 
group

INSCAL 2 dimen­
sional solutions 
for average- 
subject obtained 
in Chapter *♦

Overall preference 
for individuals 
39x8 (G)
*♦7x8 (U)

Examination of 
transient prob­
abilities de­
rived by PREFMAP 
model

Choice of models under
1. F-ratio between the two models
2. Root mean squares
3. Correlation coefficient
*♦. Variation of correlation coefficient

Figure 9-1 Analytical step for Chapter 9 and Chapter 10.
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CHAPTER 9 
MARKET SEGMENTATION

Summary

Two sub-population groups can be divided into six reasonably 
homogeneoua groups with each having different preferences for 

brands of car.
The above results are confirmed by the discriminant analysis 

and the classification matrix in uihich ten demographics served as 
predictor variables.

There are essentially important factors in determining mem­
bership in the specific preference clusters : "Age", "Place of 
residence", "Degree of use of car at weekend", "Expectation of 
income increase" are positively associated with the membership 
classification, but "Marital status" and "Number of children" are 
negatively associated with the membership claaaification.

We can draw conclusions as follows ; the consumers of older 
age and with more income are inclined to buy more expensive cars. 
They live in the suburbs or a town with family and have a con­
siderable possibility of income increaee during the next three 
years.

166



Introduction

It is the purpose of this chapter to see to what extent our 
tuo sub-populations can be divided into homogeneous groups with 
each having definably different preferences within the already 

defined perceptual map.
Chapter k has already described the development of the per­

ceptual space within which brands are located by means of the IN- 

SCAL procedure.
In the present chapter we locate each individual person's 

preference in this same space and examine any possible grouping 

that becomes apparent.

Method and analysis

The raw data are taken from Question area 6 (a) in the ques­
tionnaire in which the respondents ara asked to rank the eight 
brands according to their overall preference. Individual person's 
overall preference rankings for each brand are presented in Table 
IX-1 in Appendix.

Nonmetric versions of Models III and IV were employed for 
the analysis. The goodness of fit to the model (multiple correla­
tion coefficients) for Models III and IV and the F-ratios between 

the two models for individuals of each group are shown in Table 9-1 
(a) and ( b ) .
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Table 9-1 (a)
Goodness of fit measures of Models III and IV 
of thB PREFMftP algorithm for 39 subjects for 
Graduates.

Subject Correlation coefficient F-ratio between 
thB two models 
d.f.« 1,*Modal III Model IV

101 0.9978 0.8178 295.775**
102 0.9861 0.8890 26.*301,
103 0.9681 0.8*2* 1*.5008
10* 0.9696 0.9*67 2.92*5
105 0.7555 0.6788 1.02*7
106 0.9*69 0.9**3 0.1909
107 0.9661 0.962* 0.*196,
108 0.9851 0.8937 23.1637
109 0.8523 0.8016 1.2269,
110 0.9893 0.8888 35.3711
111 0.8267 0.*812 5.7116
112 0.8006 0.77*3 0.*607
113 0.9088 0.885* 0.968*
11* 0.9273 0.9083 0.9971
115 0.6920 0.661* 0.3177
116 0.8710 0.7270 3.81*1,
117 0.9985 0.9337 166.2231
118 0.9682 0.9605 0.9**1
119 0.8132 0.8092 0.0773,
*20 0.9889 0.8529 *5.*328
121 0.8362 0.8056 0.6678,,
122 0.902* 0.9037 -0.0505
123 0.7116 0.68*9 0.3029
12* 0.8389 0.7161 2.5779,
125 0.9972 0.9067 121.117*
126 0.9705 0.7266 8.*6*7
127 0.9152 0.90*3 0.*882
128 0.85*1 0.853* 0.0192,
129 0.9852 0.888B 2*.63*7
130 0.8*79 0.8**1 0.0917,,
131 0.9627 0.966* -0.3879, ,,,
132 0.9995 0.8892 1000.0000 '
133 0.917* 0.9005 0.7751
13* 0.7*39 0.*8*6 2.8538
135 0.9617 0.9512 1.0598
136 0.8*79 0.838* 0.2277
137 0.7991 0.5097 *.1905
138 0.9759 0.9593 2.6895
139 0.8893 0.8223 2.1893

Root
mean
square

0.9059 0.8357
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Table 9-1 (b)
Goodness of fit measures of Models III and IV 
of the PREFMAP algorithm for 47 subjects for 
Undergraduates.

Subject Correlation coefficient F-ratio between
Model III Model IV u n E  u tilo  m uOBAB

d.f.» 1,1*

201 0.9715 0.9592 1.6966
202 0.9738 0.9530 3.1061**
203 0.9575 0.8326 10.7665
204 0.9529 0.91*27 0.81*11
205 0.9738 0.9530 3.1061*
206 0.9852 0.9579 7.2322*
207 0.8817 0.5851* 7.8121
208 0.8711* 0.7960 2.0870*
209 0.9508 0.7671 13.1378
210 0.991*2 0.9861 5.6177
211 0.781*6 0.5978 2 . 6 8 6 8

212 0.7808 0.7777 0.01*83
213 0.9672 0.91*1*8 2.61*1*8
211* 0.51*63 0.5355 0.0665
215 0.9796 0.9527 5.1259
216 0.9751 0.91*68 1*.1*253
217 0.781*6 0.2350 5.8311** ***
218 0.9999 1.0000 1000.0000 »
219 0.9782 0.9697 1.5290
220 0.971*3 0.9598 2.1951*
221 0.9671 0.9378 3.1*51*1*
222 0.9783 0.631*5 51.6608
223 0.8691* 0.701*8 4.21*1*3
221* 0.9715 0.9592 1.6966*
225 0.9972 0.9691 39.5435*
226 0.9553 0.8528 8.4765*
227 0.9975 0.951*0 68.5527*
228 0.9928 0.9705 12.2044
229 0.9205 0.7522 7.3813*
2 30 0.9961* 0.961*1* 34.8066
231 0.961*1* 0.91*1*3 2.2018
232 0.9751 0.91*85 4.1577**
2 33 0.8896 0.8900 -0.0130
2 31* 0.971*3 0.9598 2.1954*
2 35 0.981*1 0.931*1 12.1904*
2 36 0.9975 0.9571* 62.0939*,
2 37 0.991*3 0.9969 -1.8433
2 38 0.7711 0.6838 1.2519*
239 0.9991* 0.9691 195.8719

( Continued )
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Subject Correlation coefficient F-ratio bBtuieen 
the two models 
d.f.= 1,4Model III Model IV

240 1.0000 0.9990 10000.0000*,***
241 0.8597 0.8456 0.3683
242 0.9823 0.9594 5.0749
243 0.8259 0.7747 1.0331
244 0.8195 0.7891 0.5947
245 0.9300 0.7113 10.6358*
246 0.9271--- --0.7779 7.2466
247 0.8850 0.8351 1.5829

Root
mean 0.9341 0.8716
square

* Statistically significant at 5 percent level.
** Negative F-ratios are due to rounding error in

the computation of product-moment correlations. 
These should be Interpreted as zero values.

*** F-ratio of 1000.0000 is due to R very close to
1.00.
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F-ratios serve to ascertain the statistical significance of the 

contribution of Model III over Model IV.
When the computed F-ratios were compared with the critical 

value of 7.71 at the 5 percent level of 1 and A degrees of free­
dom, significant differences among subjects usre noted between 
Models III and IV for both groups. It was noted that for the G 
group, F-ratios of Model III markedly exceeded those of Model IV 
for ten subjects (marked •), and, for the U group, so did fifteen 
subjects (marked *). Therefore, Model III was employed for these 
ten and fifteen subjects, and Model IV was employed for the re­
maining 29 and 32 subjects of the G and the U groups, respectively.

The dimension weights in Table IX-2 (a) and (b) in Appendix
were checked to see whether these subjects belonged to a positive 
or a negative ideal point model. The dimension weights of ten 
subjects of the G group were all negative. The dimension weights 

for these fifteen subjects of the U group were positive or par­
tially negative. The PREFMAP specifies that along with the dimen­
sion of the negative weight, preference increases with increasing 
squared distance from the ideal point. With this specification 
in mind, these ten negative ideal pointa of the G group and thsse 
fifteen mixed ideal points of the U group were also plotted in 
Figure 9-2 (a) and (b), respectively.

The direction cosines of the fitted subject vectors in the 
perceptual space of each group are presented in Table 9-2.
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Tabla 9-2
Direction cosines of Individual subjects 

for overall prefersncs.

Direction cosines of fitted subject vectors
Graduates Undercraduates _ _

Subject Dimension 1 Dimension 2 Sub.lect Dimension 1 Dimension 2
1D1 0.9774 -0.211$ 201 0.9986 0.0529
102 0.9828 -0.1845 202 0.9977 0.0678
103 0.9909 -0.1349 203 0.9854 -0.1701
104 0.6597 -0.7515 204 0.9873 0.1588
105 -0.3531 0.9356 205 0.9977 0.0678
106 0.9804 -0.1971 206 0.8612 -0.5083
107 -0.9851 0.1720 207 0.7599 -0.6501
108 0.9839 -0.1791 208 -0.3025 -0.9531
109 0.9232 -0.3843 209 -0.7032 -0.7110
110 0.9857 -0.1683 210 -0.9574 -0.2886
111 0.9941 0.1086 211 -0.9105 -0.4135
112 -0.9994 -0.0344 212 -0.9999 0.0164
113 0.9816 -0.1910 213 0.9884 0.1518
114 -0.9973 -0.0738 214 0.7758 0.6310
115 -0.9956 -0.0937 215 0.9978 0.0660
116 -0.9527 -0.3039 216 0.9979 0.0650
1 17 0.8901 -0.4558 217 0.3084 0.9512
1 18 0.6605 -0.7508 218 0.9747 -0.2235
1 19 -0.9468 0.3218 219 0.9952 0.0976
1 20 0.9692 -0.2461 220 0.9983 0.0577
1 21 -0.9845 -0.1752 221 0.9878 0.1560
1 22 -0.9931 0.1174 222 0.6744 0.7384
1 23 -0.6251 0.7805 223 0.8194 -0.5732
1 24 0.3743 -0.9273 2 24 0.9986 0.0529
1 25 0.9747 -0.2237 225 0.9959 0.0900
1 26 0.1125 0.9937 226 -0.7758 -0.6309
1 27 -0.9992 -0.0412 227 0.9835 0.1809
128 0.9222 -0.3867 2 28 0.9949 0.1010
129 0.9858 -0.1681 229 0.9845 0.1753
130 -0.9074 0.4204 2 30 0.9981 0.0608
1 31 0.9915 0.1297 2 31 0.9885 0.1511
1 32 0.9829 -0.1840 2 32 0.9798 0.2001
1 33 0.9753 -0.2210 2 33 -0.9944 -0.1056
1 34 1.0000 0.0036 2 34 0.9983 0.0577
1 35 -0.6279 0.7783 2 35 0.9923 0.1236
1 36 -1.0000 -0.0067 2 36 0.9894 0.1453
1 37 -0.9355 -0.3533 2 37 0.8378 -0.5460
1 38 0.4912 -0.8710 2 38 -0.6041 -0.7969
1 39 0.8856 -0.4644 2 39 0.9959 0.0900

2 40 -0.7553 0.6553
2 41 0.9835 -0.1808
2 42 0.9868 0.1620
2 43 0.6819 0.7314
2 44 -0.3528 -0.9357
2 45 0.9950 -0.1001
2 46 0.9833 0.1817
2 47 0.8868 -0.4622
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The ten negative ideal point aubjecta of the G group and fif­
teen partially negative ideal point aubjecta of the U group uere 
set aside for the analyaia aa being ideoeyncretic from the remain­
ing aubjecta in preference nature.

Aa far aa the vector portion bias concerned, ue obtained by 
Inspection three main clustere for each group. Thus, ue could de­
fine six reasonably homogeneous sub-groups of vector model desig­
nating as A, B, and C for the G group, and D, E, and F for the U 
group. The subjecta uho fell into these sub-groups are tabulated 
in Table 9-3.

From Figure 9-2 (a) the subjects in the G group uere divided 
into three kinds of subjecta ; those uho preferred Chevrolet and 
Ford (assigned to A), those uho preferred Cadillac, Lincoln and 
Chrysler (assigned to B), and those uho preferred no specific 
brands (assigned to C).

Similarly, from Figure 9-2 (b), the U group uas clustered 
into three sub-groupa ; those uho preferred Chevrolet and Ford 
(assigned to 0), those uhose cloaeat preference uas Chrysler 
(assigned to E), and those uhose cloeest preference uae American, 
Toyota and t/olkauagen (assigned to F).

Our interest uas turned to see the relationship betueen clus­

ters and respondents' background characteristics data. Table IX-3 
in Appendix preeenta data on respondents' background characteris­
tics.

175

1-''



Table 9-3
Segmented subjecta obtained from the PREFMAP vector 

model for the analysis of overall preference.

Group Graduates Undergraduates
Sub-
qroup

A B C 0 E F
104 105 107 201 214 208
106 123 112 202 217 210
109 126 114 204 243 211
111 135 115 205 212
113 116 206 233
118 119 213 238
124 121 215 244
128 122 216
131 127 219

Subject 133
134
138
139

130
136
137

220
221
223
224 
229
231
232 
234 
236
241
242
246
247

Sub­
total 13 4 12 22 3 7

Total 29 32
Grand
total 61
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Six-group stepwise discriminant analysis was conducted to 
identify their distinctive characteristics. The ten background 
variables, such as the various demographics (see Table XX-3 in 
Appendix) were used as a set of predictor variables to predict 
the six clusters of respondents. (Also see Table IX-4 in Ap­
pendix for supporting output of the six-group discriminant anal­
ysis. )

The results of the discriminant analysis are presented in 
Table 9-4. This classification matrix contains the output for 
the ten-variate six-group stepwise discriminant analysis of 
sixty-one respondents (twenty-nine and thirty-two from the G 
group and the LJ group, respectively). The run was made assum­
ing the sample population frequencies as a priori probabilities. 
From the entries on the main diagonal of the matrix, we can see 
how correctly the respondents are classified, while the off- 
diagonal components represent respondents1 misclassification.
The percentage of correct classification was 73.8 . Wilks' A

**to test equality of group means was □.03940 . In testing the 
significance of Wilks' A  , the F approximation is used. The ap­
propriate F statistic derived from Wilks' A  to test equality

* BM007-Stepwise Discriminant Analysis-Revised, April 10, 1972 
Health Sciences Computing Facility, UCLA.

•• Wilks' A  - Jt7 d.f.« (r, g-1, n-g)
where U. is the pooled within-groups deviation score cross- 
products matrix and T is the total sample deviation score 
cross-products matrix, r is number of predictor variables, 
g number of groups, and n number of eubjecte.
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Table 9-A
Classification matrix for ten characteristics variates 
by 6-group stepuiiae discriminant analysis. (The sample 
population frequencies are assumed aa a priori proba­
bilities.)

Actual Predicted group
Totalgroup A 8 C 0 E F

A 11 0 0 2 0 0 13
Q 0 3 0 D 1 0 k
C 0 0 9 2 □ 1 12
D A 0 2 16 □ 0 22
E 1 1 0 Q 1 □ 3
F □ 0 2 0 0 5 7

Total hits » k5 61
Percent hits 3 73.B%
Wilks' A ■ C.039A0 ( d.f.= 10, 5.55 )
F = 1».AQ005 ( d.f.= 50, 213.16 )
Statistically significant at the 0.01 level.

Table 9-5
Normalized classification matrix of Table 9-U.

Actual Predicted group Total
group A B C 0 E F

A 0.85 0 0 0.15 0 0 1.00
8 0 0.75 0 0 0.25 0 1.00
C 0 0 0.75 0.17 0 0.08 1.00
0 0.18 0 0.09 0.73 0 0 1.00
E 0.33 0.33 0 0 0.33 0 1.00
F 0 0 0.29 0 0 0.71 1.00
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of group means use <f.<tQ005 and that exceeded the critical F- 
value of 1.62 at the 0.01 level (with 50 and 213.16 de­
grees of freedom). Therefore, the differences between the means 
among these six groups uere found to be significant at the 0.01 
level. There uas at least one pair of aub-group of respondents 

uho uere different on at least one of their ten variables.
Figure 9-3 ahowa a plot of respondents in discriminant func­

tion space based on the first tuo linear components. The space 
is separated uith group means in each quadrant. Therefore, the 
conclusion uas draun that the perceptual-preference segments uere 
found to be associated uith respondents' background characteris­

tics fairly uell.
The normalized classification matrix uaa obtained by divid­

ing each component of each row by its rou sum. The neu entries 
in Table 9-5 represent the probabilities that a respondent would 
be so classified correctly or mistakenly by chance. Nou, ue are 
in a position to talk about the probability of consumers' member­
ship profile by the normalized classification matrix as folloue.

Sub-group A uas clearly and correctly identified in 85 per 
cent of the cases. There uas a distinct membership profils. The 
only "confusion" uaa uith aub-group D and only to an extant of 

15 per cent of the members.
Sub-group B had a fairly distinct membership profile (75 

per cent correct classification) and aaaoclation uith only one 
other group, sub-group E, with 25 per cent "confusion".
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The other sub-groups were moderetBly well defined with the 
eingle exception of eub-group E, which wee evenly divided amonget 

sub-groups A, B and E.
In aum, we can conaider the cluater definition to be relative­

ly good in general.
Baaed upon the relationa between aub-group8 above, the direc­

tion of a8sociation could be diegratnmed with their respective pro­
babilities (Figure 9-4). An arrow loop in the sub-group represents 
correct classification. By following the direction of the arrow, 
we can see the possible misclaasification of members in one group 
into a second group and the misaasignment, on the other hand, of 

members of the second group to the first group.
In order to see the possible effects of misclaaaification, 

the coefficients of the ten variables were examined as to their 
relative importance. Table 9-6 presents the multiple discriminant 
coefficients for ten variablee and aix discriminant functions.

The extreme values of the discriminant coefficients for each 
variable reveals certain characteristics in the sub-group. The 
moat positive variable contributes moat to the probability of clas­
sification in that sub-group. Conversely, negative coefficients 
contributes less to the classification probability in the group 
members. The coefficients which ere near zero for any eub-group 
do not contribute to determining memberahip in the individual 
groups.
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Figure 9-L Association diagram between 6 sub-groups.
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The coefficients of the following variables were large for 
each sub-group (Table 9-6), suggesting that these are essentially 
important factora in determining membership in the specific pref­
erence clusters : "Age", "Place of residence", "Degree of use of 
car at weekend", "Expectation of income increase”, "Marital sta­
tue", and "Number of children”.

"Marital status" and "Number of children" were negatively 
associated with the membership classification. The possible rea­
son waa that the survey samplea consisted of students, some of whom
had not yet considered marriage or children.

The average value of characteristics data are shown in Table 
9-7 to explain the relevant values of the coefficients of the var­

iables.
liie may briefly highlight the average figures of sub-groups 

B and F which make a wider contrast with their characteristic data.
The membership of eub-group B consists of Graduate students. 

They are the oldest among six sub-groups ( 28.8 years old).
Their yearly incoms is the largest ( $21250.0 ). All of them are 

married and half of them are most likely to have a child. Most 
of them live in the suburbs or town. They have owned about k.& 
cars. They are interested in buying expensive cars with great 
expectation of income increase during the next three years. (See 
also Table IX-3 in Appendix.)

Group members of sub-group F are Undergraduate students. They
are the youngest among six sub-groups ( 19.9 years old). Their
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Table 9-6
Multiple discriminant coefficients for 6 Bub-groups and 10 variates.

Variable
Function

A B C D E F

1 Age : 15.10859 14.72069 13.60478 14.07939 14.99061 11.59749
2 Income : -0.00114 -0.00085 -0.00124 -0.00098 -0.00105 -0.00104
3 Sex : 0.21452 1.48077 1.13950 1.21468 2.33760 3.44529
4 Marital status : -4.96300 -5.48125 -9.13257 -9.67521 -6.04736 -8.97677
5 Number of 

children :
-5.06976 -2.99364 -4.31478 -2.97993 -4.89635 -3.30712

6 Place of 
residence :

8.22982 7.34730 10.50856 9.88178 4.60651 11.45205
7 Frequency of 

car used :
2.19587 1.80855 3.69326 3.102140 1.81010 3.50088

a Degree of usage 
at weekend :

8.11990 4.40441 6.28899" 6.18213 4.93857 3.36275
9 Number of cars 

owned :
-1.60001 5.26255 -0.47077 -1.10222 1.79288 -0.11291

10 Possibility of 
income increase :

5.76825 14.50176 7.00015 6.42766 14.96766 6.15283

Constant -200.19032 -221.26633 -170.72923 -180.52560 -210.81010 -130.82939



Table 9-7
The average values of characteristics data for six sub-groups.

Group Graduates Uncergraduates

------------------- ---Sub-group A B C D E F Grand
mean

1 Age : 26.5 28.5 23.2 2if.7 27.3 19.9 2if.6

2 Income : 1663if.6 21250.0 llif58.3 153if0.9 18750.0 8750.0 lif651.6

3 Sex :
(Msle=l, Female=0)

0.8 1.0 0.9 0.9 1.0 1.0 0.9

4 Marital status :
(Marriedal, Single=0)

O.if 1.0 0.1 0.1 0.7 0.0 0.2

5 Number of children : 0.2 0.5 0.0 0.5 0.0 0.0 0.2

6 Place of residence :
(City=l, Toum or suburbs=0)

0.8 0.3 0.9 0.8 0.3 1.0 0.8

7 Frequency of car used per week : 3.1 1.3 6.0 if.9 1.7 5.if if.if

8 Degree of usage at uieekend : 
(Heavy=l, 0theruiise=0)

0.9 0.3 0.8 0.8 0.3 O.if 0.7

9 Number of cars ouned : 2.0 if.8 l.if 1.5 3.3 1.1 1.9

1 0 Possibility of increase in income : 
(Yes*l, No=0)

0.2 0.8 0.2 0.1 1.0 0.1 0.2



yearly Income ia the amalleBt ( 16750.0 ). They are all 8ingle 
and live in the city. They have almoet no poaaibility in income 
increaBB during the next three yeara. They chooae inexpenaive 
brands of car aa their next choice.
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CHAPTER 10 
CONSUMER PROBABILITIES OF PURCHASE

Summary

It is assumed that consumers' motivation to buy a brand can 

be measured by their perceptions and preferences for the brand.
The nonmetric version of Model III of the PREFMAP model ia 

a good predictor of the rank order of brand shares for Graduates.
It correctly estimated the first four brands. If foreign brands 
are excluded for Undergraduates, this model is also a good predic­
tor of the rank order of brand shares.

tile calculated the brand shares for the total (student) consum­
er population from these two sub-population groups. There is little 
difference between the actual and the calculated markst shares. 
(Hypothesis 8).

A first-order Markov chain model provides the predicted mar­
ket shares of brands. Among the two biggest market-share brands, 
Chevrolet and Ford, it would be predicted - if we had a represent­
ative sample - that the former will decrease ita market share and 
the latter will increase ita market share.
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Introduction

Chapter ID discusses the last component of the consumer deci­

sion process ; buying a certain brand which is available in markBt.
In this part of the study, we will provide a predictive value 

for determining the share of brand market, based on our knowledge 
of perception and preference.

After assuming that preference determines subsequent sales 

and therefore estimating the market share for each brand, an eval­
uation of the potentiality Df brands will be made.

The relevant hypothesis is restated below :

H_ : "Share of brand-preference measured by preference and aim-o

ilarity mapping correctly reflects brand-share as deter­

mined by unit sales."

Test of Hq

Overall preference rankings data on the average-subject level 
for the G group and the U group, separately, were submitted to the 
nonmetrlc versions of Models III and IV of the PREFMAP algorithm 
to fit the perceptual configurations whose coordinate values were 
obtained in Chapter b. Data were obtained from Question area
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6 (a) in queationnaire.
Table 10-1 shows goodness of fit measures for Models III and 

IV. The F-ratios testing the contribution of Model III over Model 
IV/ exceeded1 the critical value of 7.71 at the 5 per cent level 
(with degrees of freedom of 1 and 4) for both groups. Therefore, 
the difference between Models III and IV was statistically signif­
icant. Accordingly Model III was employed for the analysis for 
both groups. Stimuli coordinates, ideal point coordinates, and 
signs of the axes weights from the model are presented in Table 
10-2.

For the G group, both dimensions were negatively weighted, 
suggesting that along these dimensions a monotonically ascending 
relationship exists between preferences and inter-distancee of 
stimulus-ideal points.

For the U group, both dimension weights were positive. 
Therefore in this case, preference declines with increasing dis­
tances from the ideel point. It was assumed that consumers' mo­
tivation to buy a brand could be measured as a function of dis­
tance from the ideal point in the perceptual mapping. The stim- 
uli-ideal point-perceptual map is shown in Figure 10-1 (a) and (b).

To test Hypotheaia 8, the distances between a stimulus and 
an ideal point were calculated. The rankings of these distances 
and those of the actual brand Bharea were first examined by the 
Spearman rank order correlation method. The results are presented 
in Table 10-3. From the tabulated reaulta, we note that Model III

189



Table 10-1
Goodness of fit measures of Models III and IV/ 
of the PREFMAP procedure for overall preference.

Property
vector

Graduates Undergraduates

Correlation coefficient
F- ratio 
between the 
two models 
d.f.» 1,4

Correlation coefficient
F-ratio 
between the 
two models 
d.f.« 1,4Model III Model IV/ Model III Model IV/

Overall
preference 0.9954 0.9029 76.7927* 1.0000 0.9648 1000.000*'**

Root mean 
square 0.9954 0.9029 1.0000 0.9648

* : Statistically significant at 5 percent level
** : Seceuee R ia 1.0000.



Table 10-2
Coordinate values of brands, idBal points 
and signs of axes uieights from Model III 
of the PREFMAP procedure.

Brand
Graduates Undergraduates

Dimension 1 Dimension 2 Dimension 1 Dimsnslon 2

A

CA
CHE
CHR
F

L
T

V

-0.59829

0.63664
0.30112
0.53004
0.08570
0.64127
-0.69241
-0.91209

-0.15992

0.83731
-0.81823
0.01690

-0.54823

0.78427
-0.16037
0.04827

-0.01794

-0.91624

1.39831
-0.10541
0.93021

-1.03905
-0.04912

-0.2DQ76

-1.45361

1.87145
0.17120
0.84619

-0.03958
1.86178

-1.51893
-1.73846

Ideal
point -0.01528 0.42710 1.32280 -0.27694

Weight Negative Negative Positive Positive
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1.500
1.444
1. 399 
1.333 
1.278 
1.222 
1. 167 1.111* 
1.056 1.000 
0.344 
0.883 
0.833 
0.776. 
0.722 
0.667 
0 .6 1 1  
0.556* 
0.500 
0.444 
0.389 
0.333 
0.278 
0.222 
0. 167 0.111 
0.056 -0.000* 

-0.056 
-0.Ill 
-0. 167 
-0.222 
-0.278 
-0.333 
-0. 389 
-0.444 
-0.600 
-0.556* 
-0.611 
-0.667 
-0.722 
-0.778 
-0.833 
-0.889 
-0.944 
-1.000 
-1.056 -1.111* 
-1.167 
- 1.222 
-1.278 
-1.333 
-1.389 
-1.444 
-1.500

Ideal
point

CA

CHS

CHE

-1.8319. -1.4958. -1.1597. -0.8235. -0.4874. -0.1513. 0.1849. 0.5210. 0.8571. 1.1933. 1.5294. 1.8655.
Flrjure 10-1 (lO .Tnlnt-space conflnnratlcn oF brands and an ideal point from the nenatlve Ideal point model 

nf the PAEFIViP procedure For Graduates.
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Table 10-3
Actual and calculated rank order of 

the market shares of brandB.

Calculated rank order Undergraduates

Brand
Actual 
rank „

or market snare ror 
each brand :
S brands included

Calculated 
rank order 
of market 
share : Except 
foreign brands

Actual rank 
order except 
foreign brandsorder

G U

A 6 5 3 3 4
CA 5 6 7 5 3
CHE 1 I 1 1 1
CHR 7 B 4 4 5
F 2 2 2 2 2
L 8 7 8 6 6
T 4 4 5
V 3 3 6

Spearman rank 
order correlation 
coefficient

**
0.95 0.62

**
0.93

Automotive Neuts. 1972 Almanac Issue and 
March 5t 19il.
The actual rank order was adjusted undar 
the assumption that only these eight brands 
were on the market.
Statistically significant at 0.05 level. 
Critical value « 0.643
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uias a good predictor of the rank order of brand market eharea for 
the G group. The Spearman rank order correlation coefficient was
0.95 and was highly significant at the 5 per cent level. It ac­
curately estimated the first four brands - Chevrolet, Ford, Volks­
wagen and Toyota. However, this model was not quite so good a pre­
dictor for the U group. It predicted the first two brands - Chev­
rolet and Ford. The Spearman rank order correlation was 0.62 and 
was not significant at the 5 per cent level. If foreign brands 
were not considered for the U group, this model would also become 
a good predictor of the order of brand market shares as shown on 
the right side of Table 10-3. The Spearman rank order correlation 
coefficient improved from 0.62 to 0.93 , which is highly signif­

icant at the 5 per cent level.
After the rankings of the brand market shares were examined,

the percentage of the market share of each brand was calculated
*

separately for each group. The actual market share for each brand, 
the calculated brand market share for each brand from Model III, 
and the differences between the actual and the calculated market 
shares are presented in Table 10-4 for both groups.

These market shares for each brand obtained separately for 
both groups were combined into a single market share for each brand 
so that a prediction of the market shares from the total consumer 

population could be made.

* See p. 273 in Appendix for the calculation methods.
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Table 10-A
Actual and estimated market shares of brands 
obtained from Model III of the PREFMAP 
procedure and the difference between them 
in percentage points.

Brand
*Actual

market
share

Market share estimat­
ed by preference 
model

Difference 
actual and 
ed market 
(percentag

between 
estimat- 
Bhares 
e points)

G U G U

A A.36 96 10.26 96 2.88 96 5.90 p.p. 1.A8 p.p.
CA A. 50 8.89 0.95 A.39 3.55
CHE 38.99 2A.7A A A. 30 1A.25 5.31
CHR 2.99 7.11 2.77 A. 12 0.22
F 3A.KI 1A.A1 A3.A7 19.59 9.A7
L 1.18 8.35 0.90 7.17 0.28
T A.65 12. OA 2.67 7.19 2.IB
V 9.13 1A.20 2.06 5.07 7.07

Average 8.A6 p.p. 3.70 p.p.
Tr.tal 100.OCT * 100.00 96 100.00 96

The actual market shares were adjusted 
under the assumption that only these eight 
brands uerB on the market.
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We had a population consisting of the two groups - the G and 
the U groups in this study. The market shares of brands usre ob­
tained separately for each group as shown in Table 10-4. Our next 
task was to estimate brand choice probabilities :

Some statistical notation for the analysis are given as follows :

p(G> 0.453 : the probability that a consumer belonged
to the G group

<*7p(U) - ~  * 0.547 : the probability that a consumer belonged

to the U group.

p<»i t/G> : the probability that a consumer from the

G group purchased brand i at time t .
i-1,2 8 (See Table 10-4.)

p Cam /u ) : the probability that a consumer from the
U group purchased brand i at time t .
i-1,2 a (See Table 10-4.)

: the probability that a consumer would
purchase brand i at two successive
periods. 1-1.2 8
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The probability that a consumer buys brand i at time t la :

p(A1 t) - p(fli t/G) p(G) + p(Aljt/U) p(U) 1=1,2,... ,8

For the "American" brand aa an example,

p(Ax t) = p(Al t /G) p(G) + P(ftlft/U) p(U)
- (0.1026) (0.453) + (0.0260) (0.547)

= 0.0622

For the other seven brands, the same procedure uas applied to 
obtain p(A2 t), p(A^ t),..., p(Afl t) . The results are pre­

sented in Table 10-5.

It ia noted that the accuracy of the probabilities for a 

consumer's brand purchase increased remarkably due to the above 
transformations. The average difference in absolute value be­
tween the actual and combined probabilities of brand purchase 
(market shares) uas 0.020 , and none of the differences between 
corresponding brands exceeded 0.04 in absolute value. From 
the newly eatimated market shares, the change of market shares 
uas predicted aa follows ; Chevrolet, Fprd, and Volkswagen would 
decrease in their market shares by 3.55% , 3.69% , and 1.57% , 
respectively. The other five brands were predicted to improve 
the market aheres of the magnitude from 0.05% (Cadillac) to
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Table 10-5
Probabilities that a consumer from the total 
population would purchase a brand on the 
purchase time t .

Brand
Actual
market
share

Probability
Difference between 
the actual and com­
bined probability

A 0.0/i 36 0.0622 + 1.86
CA 0.0450 0.0455 + 0.05
CHE 0.3B99 0.3544 - 3.55
CHR 0.0299 0.0474 + 1.75
F 0.3400 0.3031 - 3.69

L 0.011B 0.0427 + 3.09

T 0.0485 0.0691 + 2.06

V 0.0913 0.0756 - 1.57

Absolute 2 20
average
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3.09% (Lincoln). The results of both the calculsted market shares 
and their rankings support H0.

Our finml interest uas to predict hou the market shares at 
present would change at the time of the consumers' next choice.
Itle could calculate the probability that a consumer uould purchase 
a brand at tuo successive periods. For, we had already obtained 
the probability that a consumer uould buy a brand at t .

ThB probability that a consumer buys brand i at tuo successive 
periods is :

However, ue must compute the probability that a consumer who bought 
brand i at the previous period belongs to the G (or the U) group. 
By the Bayes' theorem, the following transformations are conducted.

i—1,2,...,8

p(A. ./G) p(G)
p(G/A, ) - ------------ -----------------

p(Ai,t/G) pCG) + pCAi,t/U) p(U)

p(Ai,t/G) p(G)
(?)

i-1,2 ,..., 8

p(At t/U) p(U)
p(U/Ai|t> - (3)

i-1,2,2,...,8
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Substituting (2) and (3) into (1), us can determine the probability 
defined in Equation (1).

For the "American" brand,

(0.1026) (0.4*53)
p(G/A ) = ----------------  . 0.74*60

A,x 0.0622
(0.0288) (0.54*7)

p(U/A ) = ----------------- . 0.254*0
A,x 0.0622

Therefore, the probability that a consumer buys "American" at tuo 
successive periods uas :

p(Al t+l/Al t} “ Q̂*1Q26> (0.7A6Q) + (0.0288) (0.254*0) . 0.0839

We could calculate a 8 x 8  matrix for all combinations of eight 
brands to produce a first order Markov chain model. The aggregate 
traaition matrix is ahoun in Table 10-6.

This aggregate transition matrix is a special type of a fore­

casting model, tile could examine a brand-pouer situation betueen 
the brands by thia matrix. The diagonal entries can be interpreted 
as a measure of a brand's retentive or holding pouer, uhile other 
entries are a measure of one brand's pouer to attract consumers 
from another brand. Stronger holding pouera from time 0 to 1 
uere Chevrolet and Ford, uhoae values are 0.3811 and 0.3721 , 
respectively and they are eminent among others.
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Table 10-6
Aggregate tranaltion matrix of the first-order Markov chain.

t + 1

Brand A CA CHE CHR F L T V
'

Total
ff 0.0839 0.0686 0.2969 0.0601 0.2177 0.0646 0.0967 0.1113 1.0000
CA 0.0942 0.0798 0.2698 0.0661 0.1773 0.0750 0.1097 0.1281 1.0000
CHE 0.0521 0.0346 0.3811 0.0414 0.3428 0.0326 0.0563 0.0590 1.0000
CHR 0.0790 0.0635 0.3100 0.0572 0.2371 0.0597' 0.0904 0.1032 I.0000
F 0.0447 0.0266 0.4009 0.0370 0.3721 0.0250 0.0469 0.0467 1.0000

L 0.0941 0.0798 0.2699 0.0661 0.1776 0.0749 0.1096 0.1280 1.0000
T 0.0070 0.0721 0.2887 0.0619 0.ZO55 0.0678 0.1006 0.1164 1.0000
U 0.0916 0.0771 0.2766 0.0646 0.1874 0.0724 0.1064 0.1239 1.0000



It ubs noted that Chevrolet uould decrease Its market 8hare 
from the present 36.99% to 38.11% by 0.86% , uhlle Ford uould 
Increase its market share from the present 3*4.00% to 37,21% by 
3.21%.
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CHAPTER 11
SUMMARY DF F I N D I N G S  AND L I M I T A T I O N S  OF TH E  S T U D Y ,  

AND I M P L I C A T I O N S  FOR FU TU R E  RESEARCH

T h e  f i n a l  c h a p t e r  d i a c u a s a a  t h e  f i n d i n g s ,  l i m i t a t i o n s  o f  t h e  

s t u d y  c o n d u c t e d ,  a n d  t h e  i m p l i c a t i o n s  o f  t h e  m o d e l  f o r  t h e  f u r t h e r  

r e s e a r c h .

T h e  s u b s t a n t i v e  f i n d i n g s  o b t a i n e d  i n  t h e  s m a l l  s c a l e  a u t o m o ­

b i l e  c a s e - s t u d y  m o d e l  a n d  t h e  t e s t s  o f  h y p o t h e s e s  c a n  b e  s u m m a r i z ­

e d  a s  f o l l o w s  :

1 .  T w o  d i m e n s i o n a l  s o l u t i o n s  w e r e  a p p r o p r i a t e  i n  p o r t r a y i n g  m o s t

o f  t h e  i n f o r m a t i o n  i n  t h e  d a t a .  T h e  t w o  m a i n  d i m e n s i o n s  o f

t h e  g r o u p  b r a n d  s p a c e s  w e r e  i n t e r p r e t e d  a s  t h e  a x e s  o f  e x ­

p e n s i v e / i n e x p e n s i v e ,  a n d  t r a d i t i o n a l l y  p o p u l a r / f o r e i g n  b r a n d s  

o f  c a r s .

2 .  Q u a l i t y  w a s  p e r c e i v e d  a s  b e t t e r  a s  p r i c e  i n c r e a s e d .  F u r t h e r ­

m o r e ,  i t  w a B  f o u n d  t h a t  t h e  p s y c h o l o g i c a l  e v a l u a t i o n s  o f  b r a n d  

q u a l i t y  w a s  n o n l i n e a r l y  t r a n s f o r m e d  b y  p r i c e .

3 .  C o n s u m e r s '  j u d g m e n t  o n  r a n k i n g  b r a n d  p r i c e s  ( p e r c e i v e d  p r i c e )  

w a s  p r o v e d  t o  b e  r e l i a b l e .  A n d  i n s i g n i f i c a n t  d i s t o r t i o n  b e ­

t w e e n  t h e  p e r c e i v e d  a n d  a c t u a l  p r i c e s  w a s  n o t i c e d .
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4. The brand in uhich more advertising wee spent wee perceived 
to benegativaly related to quality. Coneumere proved to be 
able to rank the brands in order of advertising expenditures. 
Given this fact, a decision rule for the allocation of ad- 
vertising expenditures was proposed. The criterion uas based 
upon cognitive judgment for budgeting advertising expenditures.

5. It uas found (with no surprise) that the more the discretion­
ary budget allowed, the more consumers spent for quality. 
However, saturation of utility for quality uas noticed in the 
budget range of S10,000 and $12,000. This might show consum­
ers' motivation to purchase expensive brands for prestige or 
social status. The price level of brands at uhich coneumera 
had best utility uas between $10,639 and $10,725. Hercedez- 
Qenz fell in this category.

6. Consumers uho lived in the city preferred the $4,000 budgeted 
brand. Ae the place of residence shifted from the city to 
the suburbs, mors would be spent.

7. "Luxury” and "Economy" were extracted aa leading factors of 
product features. However, liking for the luxurious type of 
car did not differ markedly from the past, the present, and 
to the future, while attitude toward the economical type of 
car differed markedly from the past to the future. It was
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predicted that a future car uould be smaller, leas costly, 
and safety oriented.

8. Market segmentation based on the measures of perception and 
preference yielded six sub-groups. They revealed that "Age" 
contributed most strongly to classification, and "Place of 
residence", "Degree of use of car at ueekend", and "Expecta­
tion of income increase" uere highly related to membership 
classification. "Marital status" and "Number of children" 
uere negatively associated uith classification.

9. Market shares of brands uere reasonably uell predicted by the 
proximity-preference choice behavior model. The ranking measure de­
rived by the Graduate students uas a much better predictor
than it uas for the Undergraduate students. Houever, if for­
eign brands uere excluded, the Undergraduate students also 
provided a good prediction of market ehsres. The combination 
of market shares of both groups shoued a remarkable improve­
ment in prediction. The average difference betuesn the ac­
tual and predicted market shares was only 2.20 percentage 
points.

10. A prediction wee made as to how the market shares uould 
change from the combined purchase probabilities. Chevrolet,
Ford, and V/olksuagen uould decrease in percentage points of
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their market aharea by 3.55 , 3.69 , and 1.57 , respective­
ly. Five other brands uere expected to Increase their market 
shares by a magnitude of 0.05 (Cadillac) to 3.09 (Lincoln) 
percentage points.

11. Through Bayes* theorem, ue obtained the first order Markov 
chain matrix, uhich ia a special type of forecasting model.
Ule could examine a "brand pouer" situation among the brands. 
Stronger holding pouera from time 0 to 1 uere Chevrolet 
and Ford, uhose values uere 0.3811 and 0.3721 , respective­
ly. It uas noted that Chevrolet uould decrease its market 
share from the present 38.99% to 38.11% by 0.88 percent­
age points, uhile Ford uould increass its market share from 
the present 34.00% to 37.21% by 3.21 percentage points.

Nou, to revieu briefly the essential points of the proposed 
consumer model that is illustrated by the small-scale automobile 
caae-study : Green and Carmone have liated a series of research 
problems such as advertisement measurement, market segmentation, 
and probability of choice modal that could utilize multidimension­
al scaling (33). This study attempted to introduce all of the 
suggested applications mentioned above.

Rao demonstrated the empirical relationship betueen price 
and quality using essentially the same methods of multidimensional 
scaling (62). Houever, it should be noted that the uay of

207



obtaining the evaluative measures of quality differs between Rao's 

model and the proposed model. Rao obtained the evaluative dimen­
sion from the INSCAL solution of similarity data, and interpreted 
it as representing the quality measures after examining the brand 

attributes in the perceptual configuration. This dimensional in­
terpretation was also confirmed by the subjects' responses to the 

open-ended question on the criteria for similarity judgments. In 
the proposed model, the evaluative measures were obtained from con­

ditional dominance data ; The quality measures for brands were ob­
tained by the MDPREF algorithm where quality judgments were in 

agreement with the projected values of the stimulus paints onto 
the subject vectors. In both models, the subjects' responses to 
the open-ended question on the criteria for similarity Judgment 
gave added confirmation for interpretation in the perceptual space.

The primary objectives of this study for consumer buying 

behavior were to demonstrate
1. thB development of the model,
2. a preliminary, small-scale illustration, and
3. the plan how to generalize the model.

liia believe that the model and the techniques are applicable 
to the complex- decision processes for other consumer goods, in­
dustrial goods, and services.
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However, some criticisms and limitations should be mentioned 
and openly discussed. They Mill fall into conceptual, computa­
tional, and empirical categories.

Conceptual problems :

1. The underlying assumption employed by all the algorithma in 
this etudy was that perceptual space is Euclidean in nature.
If the constructs of cognition and preference are Euclidean, 
then attribute-epace of stimuli by the multidimensional scal­
ing algorithms are appropriate for use. But, if dimensional 
differences in perception should be established for the exact 
differences of stimulus attributes, then the city block metric 
might be appropriate since it gives an equal weight to each 
dimensional difference.

2. All the analyses were conducted on an aggregate (average- 
subject) basis except the market segmentation. However, it 
is quite likely that different respondents adopt different 
criteria in making judgments on overall similarity and/or 
overall preference. Therefore, if there is serious question 
of the homogeneity of the respondents, the aggregate analysis 
should be avoided. Some advantages are credited for the use 
of the average-subject data ; leas fieldwork is necessary, 
and the missing data in individual matrices can be overcome
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by averaging relevant cell entries. Ule should consider the 
trade-offs as to the time to be taken for the survey, number 
of subjects, and the possible existence of the missing data 

for our experimented design.

3. Overall preference and perception were used as a basis for es­
timating the brand's share of purchase in conjunction with per­

ception in this study. Houiever, consumers do not necessarily 
select the mast preferred brand. Some other factors (e.g., ac­
cessibility of brands, time-pressure on consumers) and policy 
variables (product, price, promotion, or distribution) should 
bB considered as important factors in consumers' perception, 
preference, choice, and ultimately, market share.

Computational problems :

1. A small number of stimuli may not fully recover known config­
urations. In general, as the number of points increases, the
more "uniqueness" of solution can be obtained for a specific 
dimensionality. Houiever, Shepard found that a perfect recov­

ery can be obtained with as feui as only eight points and the 
lowest coefficient for that case was about 0.99 (74).
Therefore, the eight stimuli taken for this study may be jus­
tified for the use of multidimensional scaling analysis.
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Dangers of extrapolation may, however, be Involved due to the 
lack of the number of data pointB. The balance betwsen the num­
ber of atimuli and the accuracy of queatlonnalre response should 
be considered In the application of multidimensional scaling 
methods. When the number of stimuli Is Increased, the neces­
sary experimental matrices will becomB overwhelmingly large In 

size, and consequently this may lead to cause respondents' fa­
tigue and produce "noise" in data. Furthermore, it is reported 
that more than twenty data points do not contribute to signifi­
cant configuration recovery (22).

2. In this study, two dimenaions were determined in the percep­

tual mapping for easiness of interpretation and parsimony.
This waa made after the examination of the possible improve­
ment of goodness of fit to the data in three dimensions com­
pared with that in two dimensions. In general, the lowest 
possible dimensionality consiatent with data should be ob­
tained so that we can recognize the underlying structure of 
proximity and/or dominance. However, we should not reduce 
the number of dimensions only for convenience, at the cost 
of violating the original data. The trade-off between the 
practical significance and the statistical reliability should 
be determined by some criterion, for instance, a goodness of 
fit to data.
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3. The PREFMAP program can analyze preference data up to a maxi­
mum of US subjects, which limita the number of respondents for 
an experimental design and Jeopardizes the adequacy of sample 

size in the statistical sampling theory. Df course the program 
itself can be expanded. And it may be used for national sam­
ples, based on clusters of more than US people.

U. There were missing data from the respondents ; every respond­
ent did not fill all the cells of ratings, similarity, or pref­

erence matrices, resulting in smaller sample sizes than the 
presently allowable US subjects of the PREFMAP program. In this 

study, the thirty-nine of Graduate and forty-seven of Under­
graduate students with no missing data were submitted for the 
analysis.

Empirical problems :

1. In our particular automobile case-study, the median price 
range within each brand-class of cars was selected as the 
objective, representative price-base. Liith any product class 
or service, we must face the problem of selecting some price 
on set of prices to represent each brand. This can be a dif­
ficult choice, given the proliferation of product and brand 
variations differing in s Iz b , style, packaging flavour, or 
other characteristics.
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2. Labelling of axes is subjective and intuitive rather than ob­
jective and deductive. It must be made through external in­
formation obtained from respondents and through experience and 
judgment on the part of experimenters. In this study, we used 
open-ended questioning of respondents' criteria In judging sim­
ilarity of brands. These aid in the interpretation of axes.

3. Respondents were asked to rate the specific car features in
terms of Importance to them in the past, at the present, and in
the future. It is problematical as to whether or not consumers 
can provide valid information on very different phases of their 
life, With some product categories the data may be more accurate 

and valid than uiith others.

L. Market segmentation uias based on the consumers' common percep­
tion and preference along ulth the dimension of their demograph­
ic data. Properly, one might well consider not only demographics
but also personality, life stylB and product benefits sought, 
as in "benefit segmentation."

5. Only perceptual measurement uias usBd as a criterion of advertis­
ing in this study. Also possible uould be the use of perception/ 
preference measurements as a neui source of data in advertising. 
Additionally, other important factors such as sales, brand shares, 
time-lag effects, and media selections should be considered for 

the problem of effective advertising.
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6. Markov process uias employed for the analysis of consumers' brand 
switching bBhavior under the assumption that their previous ex­
perience enhance the probability of repurchase for a specific 
make of automobiles. But other factors, such as consumer satis­
faction, availability in distribution of brands, or the price 
chBngBS of brands, may play an important part in their ultimate 
brand choice behavior.

7. Within the limitation of timB and money, a small Bample survey 

was conducted. In order to test the theory of the proposed mod­
el, more replications among the population aub-groupa should bB 
conducted. Furthermore, more sample with a variety of socio­

economic and geographical distributions should be chosen to val­

idate the model for any particular product class.

The research conducted on the proposed model haa provided somB 
implications for further investigations :

1. Carroll and Chang's unfolding model was used as thB basis of a
predictive tool for consumers' purchase behavior. Other predic- 
tivB models among thB multidimensional scaling techniques (e.g., 

using preference data only) should be compared with our model 
and their predictive performance determined.
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2. It would be possible to submit other sorts of data to the multi­

dimensional scaling method : Examples are psychogalvanometer,
tachisto8cope data, and eye-camera data.

3. To make the proposed model more practical as an adaptive model 

of consumer buying behavior, a post-purchase analysis should be 
made, and the theory Df cognitive dissonance be introduced to 
analyze a disequilibrium between thB two pieces of knowledge of 
before and after purchases. But several years would be neces­
sary to survey the post-purchase behavior for such durable goods 
as cars. It is nevertheless entirely possible to apply the mul­
tidimensional scaling models to the analysis of cognitive disso­
nance and the post-purchase behavior.

k. Experimentation may be done with different representation of the 
product class (in our casB car brands) to be studied. While we 
have simply named brands to the consumer, it would be possible 
to provide also pictures, word descriptions, or even exposure to 

the product itself to study consumer perceptions and preferences. 
Experimental design might be suggested for the analysis of indi­
vidual consumer behavior, using analysis of variance. The MANOUfl 
algorithm of the multidimensional scaling methods can be employed 
far this purpose. The INSCAL data can be appropriate in that it 
remains thB individual differences in scaling proximities data.
The combination of experimental design and the INSCAL data should 
provide a useful approach for understanding consumer buying behavior.
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Questionnaire

I would like to ask you a feu questions 
about your attitudes to some major brands of 
cars. We uill be talking mainly about the 

standard pasaenoer cars.

Graduate student ( )

Undergraduate student (

June, 1973



Page 1.

1. Please rank each brend on how similar it ia to the one
at top. Give a "1" to the moat similar and a "7" to the 
least similar.
AMERICAN

CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

CADILLAC
AMERICAN
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

CHEVROLET
AMERICAN
CADILLAC
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

CHRYSLER
AMERICAN
CADILLAC
CHEVROLET
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

FORD
AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
LINCOLN
TOYOTA
VOLKSWAGEN

LINCOLN
AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
TOYOTA
VOLKSWAGEN

TOYOTA
AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
VOLKSWAGEN

VOLKSWAGEN
AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
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Pago 2.

2. What criteria did you uae in making theae judgments of
overall similarity in the question abovs ?



Page 3.

3. Indicate your feallno about each brand even though you 
have not bought nor used, nor are currently using .any of the brands,
(Circle one number for each brand.) 

Price
Lou High

Availability of 
repair service 

Poor Excellent
AMERICAN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CADILLAC 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHEVROLET 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHRYSLER 1 2 3 A 5 6 7 1 2 3 A 5 6 7
FORD 1 2 3 A 5 6 7 1 2 3 A 5 6 7
LINCOLN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
TOYOTA 1 2 3 A 5 6 7 1 2 3 A 5 6 7
VQLKSUIAGEN 1 2 3 A 5 6 7 1 2 3 A 5 6 7

Styling and appearance Amount of advertising
Not at all Very Only A great
attractive attractive a little deal

AMERICAN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CADILLAC 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHEVROLET 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHRYSLER 1 2 3 A 5 6 7 1 2 3 A 5 6 7
FORD 1 2 3 A 5 6 7 1 2 3 A 5 6 7
LINCOLN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
TOYOTA 1 2 3 A 5 6 7 1 2 3 A 5 6 7
VOLKSWAGEN 1 2 3 A 5 6 7 1 2 3 A 5 6 7

Dependability 
Undependable Dependable

Road performance 
Poor Excellent

AMERICAN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CADILLAC 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHEVROLET 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHRYSLER 1 2 3 A 5 6 7 1 2 3 A 5 6 7
FORD 1 2 3 A 5 6 7 1 2 3 A 5 6 7
LINCOLN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
TOYOTA 1 2 3 A 5 6 7 1 2 3 A 5 6 7
VOLKSWAGEN 1 2 3 A 5 6 7 1 2 3 A 5 6 7

Freauencv of repairs Overall rating
Frequent Infrequent Poer Exce

AMERICAN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CADILLAC 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHEVROLET 1 2 3 A 5 6 7 1 2 3 A 5 6 7
CHRYSLER 1 2 3 A 5 6 7 1 2 3 A 5 6 7
FORD 1 2 3 A 5 6 7 1 2 3 A 5 6 7
LINCOLN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
TOYOTA 1 2 3 A 5 6 7 1 2 3 A 5 6 7
VOLKSWAGEN 1 2 3 A 5 6 7 1 2 3 A 5 6 7
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Page U.

U. Please rank the brands, 1 through 8, as to how expensive
you think theBe are.
"1" la most expensive, and "8" la least expensive.
Then please estimate the average price of each brand.
(The average price of the moat expensive brand is $8,826.) 
Please guess even If you are very uncertain.

AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSUAGEN

Your estimated 
rank

Your estimated 
average price
($
(I
(S 
(S 
($
(S 
($
($

5. Please rank the brands, 1 through 8, as to how much
advertising expenditure you think is spent per car for each 
of these brands.
"1" is highest, and *8* Is lowest.
Then please estimate the advertising expenditure per car of 
each brand.
(The highest advertising expenditure per car la $78.08.) 
Please guess even if you are uncertain.

Your estimated 
rank

AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSUAGEN

Your estimated 
advertising 
expenditure per car

($
($
($
($
($
($
($
($
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Paga 5.

6.
Ca 1

(b)

Plaaae give rankings by your personal preference.

Overall preference for each brand.
"1" la moat preferred, and "8" la leaat preferred.

Rank
AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

Possible preference under budgetary constraints, 
all of them even if you do not prefer. 
ttln la moat preferred.

Please rank

$L,000 $6,000 $8,000 $10,000 $12,000
Rank Rank Rank Rank Rank

AMERICAN ( ) ( ) ( ) ( ) ( )
CADILLAC xxxxx ( ) ( ) ( ) ( )
CHEVROLET ( ) ( ) ( ) ( ) ( )
CHRYSLER xxxxx ( ) ( ) ( ) ( )
FORD ( ) ( ) ( ) ( ) ( )
LINCOLN xxxxx xxxxx C ) ( ) ( )
TOYOTA ( ) ( ) ( ) ( ) ( )
VOLKSWAGEN ( ) ( ) < ) ( ) ( )

(c) Please rank your preference for the brands, if you uere to have 
the car in the city, the suburbs, or a small town.
"1H la moat preferred, and "8" is leaat preferred.

In the city 
Rank

AMERICAN
CADILLAC
CHEVROLET
CHRYSLER
FORD
LINCOLN
TOYOTA
VOLKSWAGEN

In the suburbs 
Rank
(
(
(
(
(
(
(
(

In a small town 
Rank
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Page 6.

7. Indicate your feeling about the deairability of varioua
car faaturea even though you have not bought nor used, nor are 
currently uelng, nor even plan to buy a car.
(Circle one number for each feature.)

Peat Preaent Future

1.

Unimport­
ant

Sporty atyling 1 2 3 it 5

Import­
ant
6 7 1 2 3 if 5 6 7 1 2 3 if 5 6

2. Simple but husky styling 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
3. Hardtop 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
if. European styling 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
5. 2 door sedan 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
6. if door sedan 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
7. Mini size 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
a. Compact size 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
9. Intermediate size 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
10. Standard aize 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
11. Bright body color 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
12. Vinyl roof 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
13. Convertible 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
lif. Undercoating 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
15. Strong protective bumpers 1 2 3 A 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
16. Vif engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
17. V6 engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
16. V8 engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
19. Front engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
20. Rear engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
21. Piston engine 1 2 3 k 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
22. Rotary engine 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
23. Pouer dlak brakes 1 2 3 if 5 6 7 1 2 3 it 5 6 7 1 2 3 if 5 6
2if. Power steering 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
25. Emission control system 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
26. Automatic transmission 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
27. Automatic speed control 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
28. Engine tachometer 1 2 3 if 5 6 7 1 2 3 if 5 6 •7 1 2 3 if 5 6
29. Safety belt warning aystem 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
30. Air conditioning 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
31. Reheat ayetem air 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 it 5 6
32.

conditioning 
Power window 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6

33. Remote-control outside 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
3if.

mirror
Rear window defogger 1 2 3 if 5 6 7 1 2 3 it 5 6 7 1 2 3 if 5 6

35. Tinted glass 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
36. Map light 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
37. AM radio 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
38. FM Btereo radio 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
39. TV installation 1 2 3 if 5 6 7 1 2 3 if 5 6 7 1 2 3 if 5 6
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Page 7

Past Present Future
Unimport- Import-

<♦0. Lou seating position
ant
1 2 3 4 5

ant 
6 7 1 2 3 4 5 6 7 1 2 3 4 5 6

41. Bucket seat 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
42. Front seat roominess 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
43. Rear seat comfort 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
44. Synthetic fiber seat 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
45. Cloth seat 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
46. Interio luxury 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
47. Trunk space 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
48. Smoothness of operation 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
49. Driving comfort 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
50. Silent running 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
51. Fuel economy 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
52. Lou cost of operation 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
53. Ease of parking 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
54. Lou purchase price 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
55. Lou insurance rate 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
56. Resale value 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
57. tiiarranty/Guarantee 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
58. Trade-in allouance 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6
59. Convenient service 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6

facility

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
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Page 8

h. $20,000 - 22,A99
i. $22,500 - 2A,999
j. $25,000 - 27,A99
k. $27,500 - 29,999
1. $30,000 and over

8. Pleaae answer all of the following questions. All the
answers are completely coded so that your identity will remain 
anonymous.

1. Age ( )
2. Male ( ) or Female C )
3. Single ( ) or married ( )
A. If married, number of children ( )
5. Total family income

a. Under $5,000
b. $ 5,000 - 7,A99
c. $7,500- 9,999
d. $10,000 - 12,A99
e. $12,500 - 1A.999
f. $15,000 - 16,A99
g. $17,500 - 19,999

6. Do you presently live in
a. the city ?
b. the suburbs ?
c. a small town 7

7. How many days do you use a car a week 7 ( days)
8. Are you a heavy user of a car in weekend 7 Yes ( ) No (
9. Do you presently own a car 7 Yes ( ) No ( )

If Yes, what car do you own 7 (Model : Year 19_
Are you satisfied with it
a. very much 7
b. moderately 7
c. little 7
d. not at all 7

10. Number of cars you have owned ( )
11. How much do you expect your next car to cost 7 ($ )
12. During the next 3 years, you expect your income to

a. increase a great amount
b. increase a little
c. remain about the same
d. decrease a little
e. decrease a great deal

13. Uhat model of car do you want to buy next 7
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Kruskal'a multidimensional scaling aloorlthm (MPSCAL 5M) (33, 51, 52, 53)

Kruskal'a concept la to derive a configuration of stimuli in a 
prespecified number of dimensions, given a set of proximities data 
among pairs of stimuli. Let ua suppose that we have a set of ranked

pairs (1*1,2,...,n-l and J*2,3.... n). Then represent
the original measure of similarity between pairs of stimuli i 
and j . lile can call the R ^  similarities, or psychological 
distances. Our objective is to represent the n stimuli by n 
points in a r-dimenslonal space, ao that the rank order of distances 
between pairs of points best reproduces the rank order of the Rs . 
Let the coordinates of the i th point be x. ■ ( x,,,xJO,...,x,_ )

and the distance from x^ to x^ be d^j .
'i " ' "il* 12’* * * * ir 
Now, we can denote

X * ( x1,x2,...,xn ), which consists of n vectors in a space of 

r dimensions. For each x̂ , x^ in X we can compute a distance 
d^j . If X is a good configuration in that the ranks of its dis­

tances d^j approximately reproduce the input ranks R ^  , then 
that configuration should be final or close thereto for represent­

ing the R^j in a specified dimensionality.
The criterion used for obtaining a good configuration of X 

is one of minimizing the regression function called stress (S) 
given by the formula,

- d)
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Awhere d^j is a sat of ratio-scaled numbers, chosen to be aa close

to their respective d. . aa possible, subject to being monotone 
—  A

with the R^j . d is the mean distance. The d^j taka on the role
of fitted values in the monotone regression procedure. Perfect fit 
will result if all the points fall on the monotone function, and S , 

then, equals to □ . If the stress S of a particular configura­
tion is higher, then the monotone fit is poorer. The algorithm keeps
finding a new configuration X in which the ranks of interpoint
distances are more closely monotone to the original R^j than the 
previously ranked distances. The new configuration X is obtained 
by the numerical method called "steepest descent".

Let the coordinates of the gradient of stress be g^ ■ ( g^,

9jL2*****9ir Then next configuration is formed by moving
along the gradient the distance which ia proportional to the stap-

Asize c . If d^j is larger than d^j , the point i starts to­

ward point j by the distance specified by c . If d.. is smaller
Athan d^j , then the point i starts away from the point j by

the distance specified by c .
The new configuration measured by the Euclidean distance

is given by the following formula :
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x,it - xit + mag (g) 'it

mag (g)
1,t u It

(normalized)

9lt * S

U1 . !

(U1 - Uj) U

(diJ " V
1+J

lj

x.. - x .. it - jt

ij

if i-j 
if H j

All (n-1) paints uhich effect on the point i are considered 
and the process is repeated until successive configurations Xg,X^, 
X2»...*Xp converge S value to be less than or equal to a crite­
rion value (usually 0.01 ). If the stress value is not satisfac­
torily achieved, the same process is repeated in the next lower di­
mensionality uhich satisfies 5 .

228



Carroll and Chang's INSCAL model (15, IS, 18)

The INSCAL algorithm performs an analysis of proximities data 
that reveals individual differences among subjects in the weights 

they apply to a common space.
A set of r dimensions or factors underlying the n stimuli 

is assumed. These dimensions are assumed to be common for all m 
individuals making similarity judgments. Let Xjt represent the . 
value of the j th stimulus on the t th dimension ( j»l,2,...,n 
and t=l,2,...,r ).
Similarity judgments for each individual are assumed to be related 
in a simple way to a kind of modified Euclidean distance in this 
apace, and the relationship is to be linear. That is, the simi­
larity measure, s ^  , the pair of j th and k th atimuli for the 
i th individual, is a linear function of the modified Euclidean 
distance d^^ such aa

The modified Euclidean distance for the i th individual is 
given by the formula :
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where x.. is the coordinate value for the J th stimulus on the Jt
t th dimension. This formula ia different from the usual Euclidean 
distance formula only in the presence of the weights w^t , which 

represent the saliences or importances which the i th individual 
givea to the t th dimension of the perceptual space. The above 
model ia eufficiently general. It can accommodate individuals with 
widely divergent perceptions of a set of stimuli in terms of a com­

mon perceptual apace.
The procedures by which the parameters of the model are esti­

mated from similarities judgments on all possible — —  ̂ dis­
tinct pairs of stimuli by m individuals will be discussed as 
follows. The model consists of the n x r elements of the X
matrix ( X = (x..) represent the matrix of stimulus coordinates jt
in the common space ) and the m x r elements of the matrix 
U - Cwlt) .

The method to analyze data in terms of this model uses a pro­
cedure called "canonical decomposition of N-way tables." In the 
present case, we start with a 3-way table of distances (derived 
from similarities or dissimilarities) betwesn stimuli for indivi­
duals. This table of data will be m x n x n , for m indivi­
duals and n stimuli. By using procedures described by Torgerson

(82) , this cube of distances data ia converted to a cube of sca­
lar products data. That is, the procedures estimate an additive 
constant which converts the comparative distances (that ia, the 

original similarities judgments) into absolute distances
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between pairs of stimuli. The distance estimates are then converted 

for each individual to scalar products of vectors. If we let bjj^ 

denote the Bcalar product between the vectors ( yj2^>***> Vjr^ ^
for the pair of the j th and k th stimuli, then this relation can 
be shown by the equation :

rh(i) ^  (i) (i) ^  „
V  * vjt »kt - ^  “it xjt xkt

The similarities data will generate the 3-way matrix which con- 
sosts of stimulus pairs for individuals. The problem is to esti­
mate values of the X matrix and the Ul matrix, whose elements 
enter into the right-hand side of the preceding equation so that 
the estimates satisfy the equation.

Carrqll end Chang's MDPREF model (21, 29)

MDPREF is designed to perform an internal analysis of prefer­

ence (or any other type of dominance) deta. T^e objective of the 

program is to maximize a measure of agreement between projections 
of points on subject vectors and the initial paired comparisons 
data for each subject. The program develops simultaneously the 

vector directions for the subjects and configuration of stimuli
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in a common apace. The preferencea are aaaumed to be described by 

a vector model.
The data to be aseumed is the dorainsnce Judgments of either 

paired comparisons or rankings of stimuli. Thus a set of paired 

comparisons matrices may be assumed, one for each subject. These 
matrices can be considered to be of the form :

where

pi - II pi,jk II

{•
+1 if subject i judges j > k

P, ■ t 0 if no response or indifferencei.Jk 1 if subject i judges j < k

The model assumes that stimulus points are projected onto sub­
ject vectors and that preference judgments are in agreement with 

these projected values Let x^ ■ ( x^, *j2'***’ xjr  ̂ represent 
the r-dlmenaional vector emanating from the origin to the j th 

stimulus and y^ ■ ( y^, y ^ f * *  y^r ) represent the unit-length 
vector for subject i . Then, , the estimated preference scale 
value (or "subjective utility") of stimulus j for subject 1 is 
defined by the scalar product :



If X 55 || x | |  is the n x r matrix of stimulus coordinate values, 

and Y s  || Yit|| is the m x r matrix of coordinates of the ter­
mini of subject vectors, the m x n matrix of preference scale is 
defined by

A
S - Y X'

The problem is to determine the matrices Y and X' from the

set of paired comparison judgments so that the P matrix uill agree
A

as nearly aa possible with the S matrix. An iterative procedure
and Eckart-Young decomposition are used to accomplish this task

A
Given any such matrix S of scale values. The following pre­

ference differentials are defined.

°l,jk =  8ij
A

- sik

Perfect agreement of the matrix of Beale values with the original
poss

sign as p, .. for all i , j , and k ( p41 f JK

paired comparison data causes D. to possess exactly the same1 9 JK
ijk * 0 ). In this

case, therefore, the product p. .. D. .. will always be positive* * JK 19 JK
or zero. Then, the following criterion of agreement between the 

data and the given configuration is suggested :

( Z Z p,
J*k Jk °i,jk }



As values of + 1 , 0 ,  and >1 are assigned to the p *s , 
the criterion simply adds up, for each subject, the 0 's agree­
ing with his data, substracta the sum of the 0 'a disagreeing,
squares the resulting number and normalizes by dividing by the sum 
of squares of the 0 's to get a measure of sgraement for that 
subject. These individual agreement Indices are then weighted (if 
desired) and thiB weighted sum forms the overall measure of agree­
ment. The goodness of fit to the paired comparison data can be
found by maximizing C .

The procedure for maximizing C can be described as follows.

First, define S j|ŝ jII by

_1_

B‘j ’ ( “i >2 i j c p‘>Jk ‘ Pi-kJ }

And 5 is Expressed by a product form :

S . UbV'

set Y a U br r
and X a V r

U end V are mBtrices whose first r columns are made up of r r
U and V/ . b is the diagonal matrix whose first r rows and r
columns are made up of b .
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Mathematically, the elemente in Ur of each row repreeent
the projected pointa on th8 unlt-length principal vectors of S ,
and the elemente in V/ of each column similarly represent ther
projected points on the same unit-length principal vectors of S . 
Matrix Y , the product of Ur and br , represents the underlying 
factors, and the number of factors are expressed in the number of 
columns in the matrix. Matrix X , equated by , contains the
preference scores for the subject i in column i . ( i*l,2,...,m ) 
The Eckart-Young procedure produces matrices X and Y such that 
the matrix S • YX' is the rank r matrix uhich gives best least- 
squares approximation to S .

MDPREF program can also accept directly judged preference ecale 

values as input ( S is directly defined, by bypassing paired- 
comparisons matrices ).

Carroll and Chang*9 Model III and 11/ of PREFMAP aloorlthm (16, 20)

Carroll and Chang have developed the set of preference models 
celled "external analysis" for relating preference data to a given 
stimulus space. It coneists of a hierarchy of models ranging from 
the vector model (Model IV/) to the generalized unfolding model (Model 

I). In this study, however, only Model III end IV/ are discussed.
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PREFMAP algorithm has two versions : metric and nonraatric. 
The metric version assumes that a monotone function is linear be- 
tueen the preference acale values and the squared Euclidean dis­
tances, while the nonmetric version assumes an arbitrary monotone 
function which is nondecreasing. The metric version will first 

be diecueaed.
Let us assume that a matrix ia given

representing the coordinates of n stimuli in r dimensions (aa 
determined by a multidimensional scaling solution). Also 
Xj S  ( Xj1? Xj2,..., Xjr ) is used to represent the J th point 
in r dimensions. Since we obtain the scale values of preference 
of m individuals for the n stimuli, we can define :

The unfolding model of the PREFMAP algorithm aasumes that the 
preference scale value is monotonically related to the square of

psychological space. The assumption above is converted to an 
equation,

3 = 1 1  “ijll i - 1,2 
J - 1,2

and the ideal point Ythe Euclidean distance between X

(1)
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where and are constants ( a^ - □ ) and e ^  is an error

term.
lile assume that original Xj and can be orthogonally

transformed through matrix as follows :

xj* - V i
V  * vi Ti

Since the squared distance is invariant by the transformation, our 
modified Euclidean squared distances are expressed by the new co­

ordinate values :

d2‘J ’ “«  c * yiv r  (2)

If ue substitute Equation (2) in Equation (1) and arrange a 
newly defined preference value by matrix form, then ue have :

* «  -  xj ki  x ’ j *  ai  x ’ j *  ci  (3)

where R* * ai T* T 'i » Bi * ”2Yi Ri » and ci * constant.

Equation (3) is of a form of the quadratic regression between

8u  and xjt •
This basic assumption for the formation of preference scale

ia common to Models I, II, and III. These models differ in the
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2way in which d ^  1b defined. s ^  's are estimated by quadra­
tic or linear regreeaion methods in all four models, and coordinate 
values of vectors and are solved by the models after the
coefficients are eatimated.

Model III : This la a simple unfolding model. The concept

of negative weight can be introduced in this model. Some or all 
of the dimensions are allowed to have negative importance. Pre­

ference scale is expressed in the quadratic regression :

3ij ~  Bi Xj R'i X'j + °ij

where R 1̂  consist of the components of + 1

Model I\J : This is a simple linear or vector model, (tie 
define the preference scale values in the product form :

■u - ai vi x'j ♦ cii
-  bt x 'j * cu  < bi * ai vi > M

where Xj represents an inverse matrix of the J th point of 

stimulus in r dimensions. Equation (<♦) contains only linear 

terms. After coefficients b ^  ( t«l,2,...,r ) are estimated, 
the direction cosines of the vector for the i th individual are 

calculated in the form of a unit length.
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In the nonm8trlc version, the model fits nondecrsasing mono­
tone functions between the preference scale values and the square 
of Euclidean distance. Therefore, ue can assume to replace equa­

tion (1)

With * .JJ

and .jj . (Sjj)

uhere is an arbitrary monotone function uhich is nondecreasing.
In order to predict the values of s^j 's , the parameters 

of the appropriate linear regression are solved. Suppose a first 
estimate of the monotone function is found, uhich is called

. Then ue compute 9̂ij^ ant* rBPlacB bjj
<■*> (i)uith to compute a neu set of regression coefficients.

Ue use tbs neu set of s. , compute a neu monotone function
(2) — (2)and a neu set of s^j . This iterative process is re­

peated until it converges (that is, until no more change occurs 
in the monotone function or regression coefficients). The feature 
of this nonmetric scheme is that it is quite general and can be 
applied to a multiple regression uhose predictor variables are 

measured on interval scales uhile the criterion variable is mea­
sured only on an ordinal scale.
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TRICON III - Trlanoularlzatlon III of Con joint Data (34, 35, 36)

Coombs proposed a triangularization procedure for converting 

conjoint data to a complete order of ranks over all pairs of stim­
uli. Conjoint data can be obtained by ranking the (n-1) remain­

ing stimuli out of a set of n stimuli due to the degree of simi­
larity to a reference stimulus i . Each i , in turn, serves as 
a reference item. Name "conjoint" is derived by that all pairwise 
similarities have a stimulus in common.

TRICON algorithm first develops a .n.Cn-l) x n(n-l) matrix 

of all possible tetradic comparisons from the input data. In this 

stBp all direct comparisons are made. Either 1 or 0 is entered 
into this new matrix according to whether or not the row pair is 

more similar than the column pair. If the row pair is judged as 
more similar than the column pair, □ is entBred in the cross- 

cell of the matrix.
The row sums of this pairs-by-pairs matrix are calculated.

The more sum a row has, the more dissimilar the pair corresponding 
to the row is regarded than other pairs. If a perfect consistency 
arose in judgment, no 1 s below the major diagonal in the per­
muted matrix could be found. A 1 below the major diagonal meanB 
that thers exists an intransitive pair. Slater's 1 Bnd the deter­
mination of nearest adjoining orders are employed to render the 
data transitive (78).
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After intransitivltiee are removed, the matrix ie powered to 
obtain higher-order (assumed to be transitive) connections between 
the pairs. Powering la repeated until no higher-order relationship 
can be obtained. The final matrix can be obtained by ranking the 
pairs in a decreasing order of raw sums to end up with a lower-half 
matrix. The resulting form of order of all possible pairs can be 

treated as measures of direct similarity and used as input to 
various multidimensional scaling programs, (e.g., 1IMSCAL algorithm 

in this study.)

Johnson Hierarchical Cluster Program (12)

Johnson’s algorithm is baaed upon hierarchical in that each 

object starts out in its own cluster. A similarity matrix of 
stimuli or subjects is used as input to this program.

The hierarchical clustering algorithm has two methods - 
connectedness and diameter methods. The connectedness method will 
be first discussed.

Let us suppose that we have n stimuli and a sequence of 
(m+1) clusterings such aa CQ, C^,..., . Each clustering
has a number a^ , its value. Our problem is to find a set of 
numbers aQf a^,..., am subject to
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for j=l,2,...,m ( aQ « 0 )
for i«l,2,...fm

If ue define d( x,y ) as the measure of similarity betueen 
the pair of stimuli x and y ( x,y ■ l,2,...,n ; x f y ),

d ( x,a ) a max  ̂d ( x,y ), d ( y,z ) )

can hold for perfect data. ( Ultrametric inequality )
Johnson proves the existence of a hierarchical clustering scheme 
(HCS) for every matrix of distance measures under a metric d , 
satisfying the ultrametric inequality uhich is stronger than the 
triangle inequality. Steps of HCS are summarized as follows :

Given a similarity function d on n stimuli,

Step 1. Clustering Cg uith value 0 uhich mean8 the ueak 
clustering.

Step 2. Assuming that the clustering Cj.i is 9*vsn uith the 
similarity function d , define a^ as the smallest 
nonzero entry in the matrix. Merge all pairs of points 
and/or clusters uith distance a^ , generating Cj 
uith aj .

3j-l i 3J 
Ci-1 < Ci

2kZ



Step

Step

Step

That

I

3. Creating a neu similarity function for Cj ae folloua ;
if x and y are cluetered in Cj and not in 
(i.e., d(x,y) » a^ ), define the dietance from the clus- 
ter (x,y) to any third stimulus or cluster, z , by 

d( (x,y), z ) ■ min £ d(x,z), d(y,z) ]

k. Obtaining a neu similarity function d for Cj .

5. Repeating Steps 2 through U until all stimuli are included
in one cluster.

The diameter method only differs in its function of Step 3.

is,
d ( (x,y), z ) » max [ d(x,z), d(y,z) ]

2«f3



Carroll and Chang'a PROFIT program (17, 19)

This program fita outside property vectors into stimulus spaces. 
That is, it uiill find for each property a vector, or direction, in 
the r dimensional space such that the stimulus projections of the 
n points on the vector are maximally correlated uith the scale 
values of the candidate property vector. There are tuo approaches 

to be employed in finding the vectors : the max "r" procedure 
and the nonlinear correlation method.

Let us define matrices as follous ;

X =|| Xjj || : the matrix of the coordinates of n stimuli
in r dimensional space

1 * 1,2,...,n 
j “ 1»2,• • •»r

P =: (p^) : the ratings of the n stimuli on an attri­
bute i * 1,2,... ,n

T —  (tj) : the direction cosines of the fitted vector

j * 1,2,...,r

H EE (h^) : the projections of n stimuli an the fitted

vector i ■ 1,2,... ,n



Max "r" linear regression : The criterion in the max "rn

approach is
min ( P - H )2

The solution for the transformation t ia given by the least square 

method.
T * ( X' X J"1 X' P

and
H a X T  = X ( X ' X ) ”1 X'P

Nonlinear correlation method : The criterion ia defined to

minimize an index value :

n n
“7  Z .  21 wii ( x i ■ xi ^  i=i >1

14j

where w^j * f ( | p^ *Pj I * is a monotone decreasing func­
tion, and

S2  -  - i -  ±  C x 4 -  X  > *
i-1

The direction cosines (T) of the fitted vectors and the pro­
jections (H) of stimuli on the vector csn be obtained by construct* 
ing a r x r symmetric matrix X'AX , where the element of A are 

defined by
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Aij * -ij for 1 * 1

flu ■ ll “ij
The smallest characterietic root of X'AX is the minimum value of 

k , and the direction coainea (T) of the fitted vector (the neu 
vector) are given by the corresponding characteristic vector. Once 
ue obtain T , the projections (H) can be calculated by H « XT .
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Table IV-1
Observed intransitivities and Chi-squares 

from the TRICON III procedure.

Subject
number

Total intran- 
sitivities x a Subject

number
Total intran- 
sitivitiee X*

101 3 2.5556 201 1 5.0000'
102 1 5.0000 202 5 14.3333
103 2 4.6667 203 1 5.0000
104 3 4.3333 204 4 8.0000
105 k 6.6667 205 2 7.3333
106 lk 11.7143 206 4 4.0000
107 6 5.1111 207 4 2.6667
108 10 5.2000 208 4 9.3333'
109 0 0.0000 209 8 14.6667
110 3 7.8889 210 0 0.0000
111 0 0.0000 211 5 3.6667
112 0 0.0000 212 11 6.0303
113 12 8.4444 213 9 8.8518
114 6 8.6667 214 11 9.4242
115 9 6.4815 215 0 0.0000
116 28 2.2857 216 1 5.0000
117 2 7.3333 217 2 7.3333
118 7 9.0952 218 2 4.6667
119 5 3.6667 219 0 0.0000
120 6 5.1111 220 14 7.1429
121 7 4.5238 221 2 4.6667
122 2 7.3333 222 3 7.8889
123 6 6.8889 223 2 7.3333
124 3 4.3333 224 5 12.2000
125 2 7.3333 225 8 8.6667
126 3 4.3333 226 2 4.6667
127 0 0.0000, 227 3 9.6667
128 5 14.3333 228 3 9.6667
129 7 2.2381 229 1 5.0000
130 5 3.6667 230 10 13.7333
131 3 5.0000 231 9 9.4444
132 6 11.3333 232 6 8.6667
133 5 9.0000 233 6 1.5556
13k 3 5.0000 234 8 6.6667
135 6 6.8889 235 4 6.6667
136 3 2.5556 236 3 7.8889
137 0 0.0000 237 0 0.0000

( Continued )



Subject
number

Total intran- 
sitivitiee X*

Subject
number

Total intran­
sitivities

X
X

13 8 4 5.3333 230 4 6.6667
139 0 0.0000 239 9 5.2963

240 7 4.5230
2 m 4 0.0000
242 2 7.3333
243 4 6.6667
244 10 9.4667
245 11 9.4242
246 12 6.6667
247 4 6.0000

* : Statistically significant at 5 percent level
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Table II/-2
Input louier-half matrix of the averaged 

direct similarities data.

Graduates

Brand A CA CHE CHR F L T V

A □
CA 19.54 0
CHE 7.92 14.74 0
CHR 13.64 9.92 B.76 0
F 7.13 16.13 3.73 8.87 0
L 19.71 2.10 14.03 9.23 14.85 0
T 10.31 25.44 15.31 20.51 14.83 24.54 0
V 11.55 26.64 17.49 22.99 17.71 26.35 2.08 0

Undergraduates

Brand A CA CHE CHR F L T V

A 0
CA 19.55 0
CHE 8.59 13.83 0
CHR 12.81 8.85 8.39 0
F 7.62 14.77 5.10 8.96 0
L 19.09 2.11 15.30 9.07 14.64 0
T 10.29 25.47 15.63 Z0.50 14.63 24.63 0
V 12.01 27.06 1B.22 22.83 17.23 26.86 2.00 0
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Table IV-3
Individual-subject correlation coefficients 
From aggregate level INSCAL analysis of dirBCt 

similarities in two and three dimensions

Graduates Undergraduates
Correlation Correlation

Subject 2 dim. 3 dim. Subject 2 dim. 3 dim.
1 0.928757 0.932989 1 0.925806 0.967757
2 0.808590 0.907247 2 0.935657 0.951820
3 0.955528 0.960371 3 0.757954 0.965511
A 0.747539 0.956343 4 0.946924 0.969588
5 0.929747 0.949801 5 0.819527 0.968124
6 0.918100 0.924020 6 0.697769 0.948759
7 0.868008 0.943607 7 0.763984 0.945216
a 0.882849 0.390568 8 0.858399 0.913093
s 0.973626 0.975897 9 0.930270 0.936845
10 0.364412 0.962732 10 0.938289 0.954117
11 0.771119 0.968906 11 0.952665 0.958549
12 0.986582 0.990263 12 0.861364 0.861428
13 0.608528 0.314825 13 0.814494 0.931822
14 0.909126 0.983400 14 0.754674 0.928127
15 0.879115 0.917123 15 0.945238 0.952538
16 0.600867 0.674138 16 0.931232 0.960810
17 0.921708 0.962699 17 0.961202 0.969281
ia 0.933224 0.972973 IB 0.927603 0.962692
19 0.838191 0.927070 19 0.933011 0.984403
20 0.956527 0.957083 20 0.576239 0.706866
21 0.894887 0.919184 21 0.934378 0.953086
22 0.933272 0.957833 22 0.851102 0.958223
23 0.944827 0.946342 23 0.944710 0.968667
2k 0.898866 0.926794 24 0.923262 D.943199
25 0.966206 0.982461 25 0.850637 0.932559
26 0.835948 0.882435 26 0.937817 0.954028
27 0.962171 0.969015 27 0 303453 0.803766
28 0.846927 0.876187 28 0.957461 0.982261
29 0.940421 0.951645 29 0.958078 0.962518
30 0.720765 0.889274 30 0.940800 0.957475
31 0.953907 0.957005 31 0.393057 0.915011
32 0.836022 0.922909 32 0.837283 0.867553
33 0.919585 0.934002 33 0.727223 0.944944
3k 0.953436 0.959833 34 0.725563 0.885724
35 0.821001 0.838822 35 0.866589 0.888080
36 0.388127 0.957298 36 0.904750 0.924538
37 0.969945 0.972210 37 0.973928 0.978653

( Continued )
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Graduates Undergraduates
Correlation Correlation

SubjBct 2 dim. 3 dim. Subject 2 dim. 3 dim.
38 □.793189 0.903941 38 0.878106 0.979814
39 0.947125 0.957929 39 0.941785 0.947995

40 0.817819 0.950589
41 0.906301 0.916593
42 0.918293 0.967593
43 0.913496 0.975749
44 0.757191 0.891018
45 0.647856 0.919768
46 0.607154 0.841376
47 0.923843 0.981111

Table IV-4
Stimulus coordinates from aggregate level 
INSCAL analysis of direct similarities 

in tuo and three dimensions.

Brand 2 dimensions 3 dimensions
A -0.27250 -0.34089 -0.27250 -0.34089 0.31471
CA 0.56479 0.21212 0.56479 0.21212 0.16415
CHE -0.23307 0.37448 -0.23307 0.37448 0.15181

G CHR 0.19278 0.33522 0.19278 0.33522 0.16556
F -0.19624 0.17778 -0.19624 0.17778 0.25394
L 0.54454 0.22701 0.54454 0.22701 0.16065
T -0.30519 -0.40010 -0.30519 -0.40010 -0.61640
\l -0.29511 -0.58563 -0.29511 -0.58563 -0.59440
A -0.40286 0.23718 -0.40286 0.23718 0.26266
CA 0.37274 -0.54680 0.37274 -0.54680 0.20694
CHE 0.26434 0.33094 0.26434 0.33094 0.15226

U CHR. 0.21652 -0.16785 0.21652 -0.16785 0.28908
F 0.13361 0.24568 0.13361 0.24569 0.13992
L 0.35100 -0.57676 0.35100 -0.57676 0.16034
T -0.42568 0.24003 -0.42568 0.24003 -0.56920
V -0.50966 0.23757 -0.50966 0.23757 -0.64200
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Table IV/—5
Input to HICLUST of lower-half matrix of 
thB average direct similarities data’*'

Graduates

Brand A CA CHE CHR F L T \l

A 0
CA 9.23 □

CHE 22.99 14.33 0
CHR 15.31 17.71 20.51 0
F 24.54 11.55 25. 44 19.71 0
L 0.07 26.35 14.85 19.54 14.03 0
T 17.49 3.93 13.64 8.76 14.74 7.13 0
I/ 16.13 2.08 10.31 7.92 9.92 2.10 26.64 0

Undergraduates

Brand A CA CHE CHR F L T V
A 0
CA 8.85 0
CHE 20.50 14.77 0
CHR 15.30 19.55 22.83 0
F 24.63 13.83 25.47 19.09 0
L 8.96 26.86 12.81 18.22 14.63 a
T 17.23 5.10 12.01 8.59 14.64 7.62 0
V 15.63 2.00 9.07 8.39 10.29 2.11 27.06 0

* The morB similar, the larger rank orders are given.
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Table V-l
Preference scores on overall ratings by 

the average subject

Brand Graduates Undergraduates
A 4.00 4.12
CA 5.66 6.10
CHE 4.4 3 4.30
CHR. 4.85 5.28
F *♦.71 5.05
L 5.63 5.BO
T 4.28 4.25
V 3.80 3.97

Table V/I-l
Rating scores on advertising - the average subject

Brand Graduates Undergraduates

A 4.83 4.40
CA. 4.80 4.39
CHE 3.55 4.35
CHR 3.40 2.71
F 3.83 3.41
L 5.65 6.06
T 5.00 4.57
V 4.95 5.84
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Table VI-2
Actual prices and their corresponding measures 
of perceived advertising for logarithmic 
transformation. (CA and L excluded.)

Brand Price
(*>

Measure of perceived 
advertising* logBA

Graduates Under­
graduates Graduates Under­

graduates

A 3,218 0.6734 0.6475 -0.3954 -0.4346

CHE 3,766 0.2446 0.3655 -1.4081 -1.0065

CHR 5,399 0.0001 0.0001 -9.2103 -9.2103

F 3,627 0.4008 D.1574 -0.9143 -1.8490

T 3,241 0.9899 0.8556 -0.0102 -0.1560

V 2,902 0.9178 0.9388 -0.0858 -0.0632

* A constant of 0.5927 and 0.5718 were added to the 
original projections of brands on fitted vectors 
of advertising preference ratings to yield positive 
measures for graduate and undergraduate groups, 
respectively.
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Table V/II-l
Average-subject scenario dependent preferences

Dependent
condition
for
scenario

Brand
Graduates Undergraduates

A CA CHE CHR F L T V A CA CHE CHR F L T V

Overall 5.55 4.35 3.48 5.70 3.53 5.88 3.80 3.73 5.41 4.69 2.92 5.71 3.24 6.16 3.86 3.63
84,000 3.28 7.00 2.30 7.00 2.75 7.00 3.25 3.38 3.51 7.00 1.98 7.00 2.78 7.00 3.16 3.67
86,000 4.43 3.35 2.73 2.93 3.18 8.00 5.03 5.48 4.47 3.37 2.86 3.29 3.84 8.00 5.00 5.29
88,000 5.08 2.22 3.48 3.35 4.35 3.03 6.33 6.80 5.65 3.43 3.82 3.55 4.31 3.08 5.67 6.37
810,000 5.05 2.93 3.78 3.30 4.68 2.75 6.35 6.78 5.76 2.92 3.78 3.53 4.55 2.57 5.90 6.98
812,000 5.43 2.80 3.80 3.38 4.90 2.63 6.33 6.95 6.04 2.73 3.94 3.45 4.49 2.14 6.10 7.08
City 4.15 6.00 3.50 5.38 4.05 6.08 3.30 3.75 4.67 6.00 3.71 4.63 4.06 6.04 3.18 3.69
Suburbs 5.45 3.43 3.53 3.73 4.33 3.18 6.98 5.85 5.47 ?. 94 3.73 3.63 4.67 3.04 5.78 6.53
Town 5.13 4.33 3.45 3.53 3.95 3.68 5.75 6.20 5.45 3.47 3.61 3.51 4.43 3.35 5.69 6.49



Table VIII-1 
Average ratings on the 7 rating scales.

Group Property Brand
A CA CHE CHR F L T 1/

1 2.BO 6.63 4.34 5.35 4.22 6.45 3.15 2.68
2 2.95 5.37 4.59 4.76 4.46 5.98 3.22 2.27
3 4.15 5.63 -F- a CD OJ 4.98 4.02 5.34 4.15 5.37

Gradu­ 4 4.00 4.40 4.20 4.66 4.05. 4.68 4.32 4.90
ates 5 4.70 5.33 5.26 5.03 5.05 5.02 3.20 3.80

6 4.83 4.80 3.55 3.40 3.83 5.65 5.00 4.95
7 4.10 5.93 4.83 5.24 4.49 5.93 4.39 4.00
6 4.00 5.66 4.43 4.85 4.71 5.63 4.28 3.80

1 2.77 6.23 4.30 4.82 4.12 6.21 3.72 2.58
2 3.22 6.20 4.76 4.91 4.53 6.44 3.56 2.36

Under
gradu­

3 4.09 5.61 5.14 4.95 4.10 5.46 4.47 5.19
4 3.61 4.40 4.07 4.03 3.41 4.22 4.54 4.69

ates 5 4.85 5.15 5.32 4.91 4.91 5.19 3.31 3.79
6 4.40 4.39 4.35 2.71 3.41 6.06 4.57 5.84
7 3.81 5.97 5.30 5.21 4.67 5.98 4.29 4.32
a 4.12 6.10 4.30 5.28 5.05 5.80 4.25 3.97
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Table VIII-2
59 car feature scores by the average subject 
for the past-prssent-future analysis.

Car feature 
variable

Past Present Future
G U G U G U

1 4.40 4.63 4.13 4.92 4.10 5.06
2 3.68 3.35 3.65 3.57 3.43 3.65
3 k. 05 4.61 4.48 5.14 4.50 5.14
4 3.00 3.37 3.25 3.96 3.48 3.98
5 3.15 3.95 3.30 3.88 3.15 4.06
6 4.18 3.86 3.98 4.06 4.10 4.57
7 2.83 2.63 3.33 3.69 3.80 3.80
8 3.48 3.16 4.30 4.20 4.70 4.45
9 3.90 3.78 3.93 4.39 3.95 4.39
10 4.08 3.96 3.80 4.22 3.60 4.31
11 3.50 3.06 3.60 3.76 3.43 3.88
12 2.63 3.49 3.33 4.27 3.38 4.41
13 4.13 3.16 3.28 3.20 3.05 3.04
14 4.73 4.63: 5.13 5.47 5.00 5.59
15 4.73 4.76 5.93 5.92 6.43 6.27
16 2.70 2.78 3.23 3.24 3.70 3.51
17 3.43 3.78 3.68 4.04 3.95 4.33
18 4.80 4.47 4.98 5.20 4.85 4.94
19 4.45 4.71 4.53 5.29 4.53 4.96
2D 2.90 2.73 2.93 3.18 3.03 3.20
21 4.13 4.29 4.15 4.47 3.88 3.96
22 2.58 3.02 3.65 4.73 4.45 5.24
23 4.38 4.47 5.28 5.76 5.83 5.84
24 4.70 4.82 5.53 6.00 5.73 6.22
25 3.45 3.80 5.18 5.55 6.00 5.88
26 4.35 4.55 4.88 5.71 5.18 5.86
27 2.98 3.39 3.38 4.39 3.55 4.71
28 3.28 3.08 3.55 3.76 3.75 3.94
29 3.23 4.04 4.45 3.39 4.75 5.76
30 3.78 3.94 5.13 5.57 5.50 6.00
31 3.13 3.49 3.90 4.65 4.13 5.20
32 2.25 2.59 2.65 3.18 3.05 3.84
33 2.18 2.88 3.03 4.06 3.30 4.31
3k 3.53 3.94 5.23 5.67 5.88 6.10
35 3.63 3.68 4.93 5.33 5.28 5.61
36 3.30 3.18 3.93 4.35 4.20 4.47
37 4.83 4.16 5.13 5.24 5.38 5.29
38 3.88 4.20 5.10 5.47 5.35 5.71

C Continued )
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Car feature Past Present Future
variable G U G U G U

39 1.58 1.76 1.63 2.27 1.90 2.71
40 2.15 2.86 2.48 3.69 2.65 3.92
41 3.58 3.49 3.90 4.49 4.13 4.69
42 4.75 4.98 5.38 5.96 5.40 6.22
43 4.03 4.63 4.50 5.29 4.53 5.51
44 2.73 3.08 3.18 5.67 3.35 3.88
45 2.68 2.86 2.90 3.57 3.05 3.71
46 3.58 3.94 4.30 5.00 4.58 5.12
47 4.30 4.55 5.40 4.88 5.35 5.57
4Q 5.48 5.63 5.98 5.98 5.95 6.57
49 5.43 5.49 4.00 6.35 6.15 6.57
50 4.88 5.00 5.68 5.84 5.95 6.35
51 4.78 4.90 5.48 5.98 5.83 6.27
52 5.08 5.53 5.88 6.00 6.20 6.02
53 4.83 4.96 5.75 5.61 6.10 6.06
54 5.50 5.00 5.63 5.27 5.50 5.24
55 5.60 5.00 6.00 6.63 5.83 5.94
56 5.28 5.14 5.65 5.88 5.65 5.98
57 5.58 5.69 5.93 6.27 6.13 6.27
58 5.18 5.39 5.58 5.90 5.40 5.88
59 5.63 5.49 6.18 6.22 6.05 6.37

iti
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Table VIII-3
Factor loadinga for the car features

for the paat

Car Graduates Undergraduates
feature Factor Factorvariable

1 2 1 2
1 0.15398 -0.1936D -0.02684 0.11554
2 0.15941 -0.14875 -0.04961 -0.06B65
3 -0.13455 -0.08646 -0.00718 -0.16128
4 0.17104 0.29516 -0.12340 0.00644
5 -0.02006 -0.08010 0.22069 0.10971
6 0.12972 0.10734 -0.15497 0.16726
7 0.22259 0.73056 0.02554 0.09449
B 0.14391 0.84611 0.06213 0.14535
9 0.17870 0.15515 -0.22194 0.28178
10 0.05654 0.00667 0.14782 □.07673
11 0.01057 0.45173 0.05238 0.06512
12 0.13714 -0.02078 0.21292 0.01843
13 0.21488 0.08567 0.03803 □.10997
14 -0.04571 0.27359 -0.02025 0.24943
15 □.25204 -0.03427 0.16992 0.34420
16 0.06094 0.15475 0.00080 0.19323
17 -0.08791 0.17314 0.14150 0.20669
18 -0.11262 0.21312 0.34546 -0.07634
19 0.26947 0.00082 0.17604 -0.05184
20 -0.03602 0.24362 0.05229 0.12163
21 0.13274 0.07042 -0.04126 -0.00096
22 -0.08458 0.07032 □.03312 0.15840
23 0.37252 0.54112 0.16407 0.32708
2k 0.36016 -U.19280 0.01824 0.21956
25 0.30143 0.51788 0.47302 0.23365
26 -0.19526 0.19766 0.23679 0.27425
27 0.07768 0.00243 0.B01D2 0.22062
28 0.07150 0.16425 0.66024 0.34097
29 0.19799 -0.12278 0.28382 0.24868
30 0.26026 -0.01801 0.00412 0.14965
31 0.17175 0.13986 0.37097 -0.05343
32 -0.03203 0.07714 -0.04808 0.12722
33 -0.02479 0.D5528 0.18657 0.21093
3k 0.38170 -0.17927 0.31171 0.11537
35 0.45528 0.16573 0.03670 0.28459
36 0.14605 0.25867 0.20577 0.22019
37 -0.00198 0.01079 0.01086 0.08780
38 0.38682 0.02616 0.14827 0.03905
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Pav Graduates UndergraduatesuQl
feature Factor Factor
variable 1 2 1 2

39 -0.12190 0.07175 0.07716 -0.07940
40 -0.05936 -0.16376 -0.13671 -0.11526
41 0.18829 0.30737 -0.05462 0.02317
42 0.48027 0.37635 0.03218 0.29348
43 0.37646 0.38167 0.18221 0.42399
44 0.20319 -0.19115 0.23810 0.23379
45 0.09306 -0.10494 0.06695 0.11591
46 0.05291 -0.16165 -0.06118 -0.01579
47 0.53196 0.20799 0.19938 0.22311
48 0.37723 -0.00278 0.04371 0.40653
49 0.33311 -0.03799 0.01399 0.43529
50 0.23441 -0.09321 0.16331 0.32042
51 0.61651 0.24263 0.07516 0.72371
52 0.62400 0.22649 0.25471 0.78284
53 0.54571 0.32135 0.22431 0.67633
54 0.66623 0.11695 -0.03184 0.64069
55 0.87320 0.01630 0.19405 0.82298
56 0.84276 0.09461 -0.07613 0.83174
57 0.82409 0.09151 0.00825 0.76243
58 0.79624 0.04757 0.13152 0.80424
59 0.78965 0.04981 -0.20863 0.64997

Percentage
of
explained
variance

23.96 10.92 30.12 8.74

*1
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Table 1/III-4
Factor loadings For the car features

for the present

Car
feature
variable

Graduates Underoraduatea
Factor Factor

1 2 1 2
1 -0.02602 0.20549 0.21080 0.01564
2 -0.03852 -0.05595 -0.10114 0.02053
3 0.17050 0.10578 0.10462 0.06015
4 -0.33133 0.02968 -0.22306 -0.13264
5 0.14770 0.42166 0.05622 -0.07815
6 0.25333 -0.10739 0.04314 -0.04353
7 -0.31424 0.01577 -0.33954 -0.01934
a -0.09045 0.11905 -0.30531 0.02466
9 -0.05697 0.10371 -0.01632 0.11740
10 0.24461 0.06561 0.03582 -0.03531
11 -0.08112 -0.19105 -0.06423 0.07886
12 0.00553 0.74906 0.40790 -0.00199
13 -0.46304 -0.06909 0.00074 -0.17121
14 -0.09096 0.12411 0.32096 0.43677
15 0.35789 0.05706 0.12412 0.05469
16 -0.05707 -0.15406 0.11151 0.17024
17 -0.13818 0.03615 0.00758 0.11057
18 0.17216 -0.27206 0.75182 -0.24777
19 0.01706 0.01461 0.86102 -0.04941
20 -0.52450 -0.09947 0.00641 -0.03282
21 0.09403 0.27959 0.31185 0.25361
22 0.08068 0.20681 0.03495 0.13322
23 0.05505 0.04988 -0.01122 0.22690
24 0.68096 0.29831 0.08308 -0.06316
25 -0.02072 -0.03786 -0.04138 -0.05435
26 0.66279 0.16383 0.27035 -0.05233
27 0.20257 0.12445 0.09226 -0.18435
28 -0.23104 0.30108 0.06746 -0.12929
29 0.12177 0.07464 -0.33702 0.06860
30 0.84182 -0.01278 0.10997 0.09765
31 0.34961 -0.09276 0.17215 -0.06945
32 0.02810 0.03500 0.15451 0.03289
33 0.10283 0.15198 -0.12800 -0.06841
34 0.36349 -0.21655 -0.06030 0.16077
35 0.37868 -0.18655 -0.11884 0.09517
36 0.08964 -0.14946 0.14874 0.24528
37 0.40984 0.10609 0.25470 0.25194
38 0.35383 0.13821 0.19829 0.06325
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Car Graduates Undergraduataa
feature Factcr Factor
variable 1 2 1 2
39 -0.17173 -0.07599 -0.16528 -0.02458
40 -0.19411 0.20517 0.26323 -0.08047
41 -0.11785 0.41904 -0.02055 0.02896
42 0.49536 0.16408 0.19471 0.13370
43 0.16873 -0.13433 0.07178 0.07773
44 0.20489 0.19499 0.05045 0.16238
45 0.18870 -0.15096 0.16022 -0.18883
46 0.43913 0.05171 -0.00218 0.06597
47 0.49475 -0.14260 0.19876 0.36358
48 0.85985 -0.00273 0.22554 0.44303
49 0.81793 -0.12912 0.05077 0.13094
50 0.84804 -0.09321 0.03780 0.38537
51 0.10396 -0.10374 -0.05053 0.20271
52 0.12998 -0.00525 -0.04279 0.27961
53 0.12991 0.03633 0.11399 0.24809
54 -0.05320 -0.15468 -0.34316 0.37319
55 0.23136 -0.13450 -0.24536 0.27522
56 0.02696 0.05809 -0.06996 0.75418
57 0.25722 -0.05283 -0.03664 0.86664
50 -0.00817 0.04636 -0.09059 0.76349
59 0.15709 -0.02560 -0.12103 0.01351

Percentage
of
explained 17.6 11.7 14.4 12.3
variance
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Table 1/III-5
Factor loadings for the car feature

for the future

Car
featurB
variable

Graduates Undergraduates
Factor Factor

1 2 1 2
1 -0.03230 0.02208 0.72248 -0.17484
2 -0.05940 -0.00593 0.31180 0.24714
3 0.15203 0.17636 0.24125 0.18387
4 -0.19118 0.30372 0.06275 0.08675
5 0.01895 0.03104 0.06941 0.08924
6 0.25472 0.11956 -0.10237 0.06799
7 -0.21982 0.04463 -0.00239 0.13785
a 0.09224 0.03973 0.05776 0.01610
9 0.05315 -0.27880 -0.11863 -0.08161
10 0.18092 -0.08642 -0.04729 -0.07327
n -0.15619 0.13511 0.55187 -0.05149
12 0.08901 0.06251 0.30784 -0.15489
13 -0.36112 -0.01826 0.33528 -0.14319
14 -0.07443 0.02136 -0.17642 0.24286
15 0.71948 0.00426 0.06356 0.80963
16 -0.05395 0.27723 0.11714 0.19001
17 0.00192 -0.17037 -0.01241 0.03570
18 0.02249 -0.16226 0.02562 0.08541
19 0.07464 0.00875 0.09274 0.20715
20 -0.46353 0.20502 -0.00148 0.01674
21 0.04602 0.01864 0.16014 -0.15069
22 0.28474 -0.10658 -0.08080 0.22056
23 0.01429 -0.09984 0.27438 0.09404
24 0.73077 -0.17032 0.28456 -0.01459
25 0.10651 0.04084 0.17959 0.22660
26 0.76709 -0.19751 0.12010 -0.04288
27 0.31313 0.01742 0.18912 0.40313
28 -0.17098 0.17471 0.62340 0.25619
29 0.39185 -0.05189 -0.14189 0.10897
30 0.76198 0.19642 -0.13805 -0.16663
31 0.37889 0.04334 0.07072 -0.13084
32 0.16261 0.10648 0.03732 0.00828
33 0.10369 0.17154 0.08964 0.32762
3k 0.26680 -0.04779 0.03116 0.00910
35 0.06337 0.09705 0.03061 -0.13450
36 -0.01224 0.06086 -0.03501 0.17632
37 0.40895 -0.05380 0.14225 0.01709
38 0.33730 0.07760 0.21951 -0.00622
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Car
feature

Graduetee Undergraduates
Factor Factor

variable 1 2 1 2
39 -0.08309 0.20772 0.07730 -0.19945
40 -0.18848 0.52650 -0.09858 0.15481
41 -0.06342 0.12661 0.27942 0.04866
42 0.37256 0.02027 -0.01380 0.20681
43 0.35393 0.15674 0.04550 0.16865
44 0.29353 0.52617 0.14782 0.07008
k5 0.17957 0.86063 -0.03577 0.08868
46 0.44978 0.42477 -0.14348 -0.39181
kl 0.56283 0.10785 -0.14638 0.25164
48 0.77594 0.00015 0.00199 0.18157
k9 0.81406 0.20544 -0.07202 0.02773
50 0.85068 0.15827 -0.03010 0.03536
51 0.09159 -0.14726 -0.02326 0.50627
52 0.21367 -0.09761 -0.11990 0.87310
53 0.32842 -0.22899 -0.01678 0.74409
5k -0.05461 -0.41464 0.27123 0.28834
55 0.10011 -0.07217 0.25524 0.37907
56 0.04992 0.19657 -0.13047 0.15983
57 0.25808 0.14901 -0.06337 0.05055
58 0.06774 0.13361 0.03167 0.21664
59 0.19011 0.07319 0.10778 -0.15738

Percentage
of
explained 18.56 11.59 16.21 11.21
variance
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Table IX-1
Overall preference rankings at the individual- 

subject level

Graduates Undergraduates

Subject
Brand

Subject
Brand

A CA CHE CHR F L T \J A CA CHE CHR F L T V

101 8 4 1 7 3 6 2 5 201 7 6 2 5 1 8 4 3
102 5 4 1 8 2 7 3 6 202 7 5 2 6 1 8 3 4
103 6 7 1 5 4 3 2 8 203 1 4 2 7 3 8 6 5
104 5 6 2 8 1 7 4 3 204 5 7 2 8 1 4 6 3
105 8 6 7 2 3 1 5 4 205 7 5 2 6 1 8 3 4
106 7 8 2 4 1 5 3 6 206 2 7 3 5 4 8 1 6
107 6 2 8 5 7 4 1 3 207 2 8 3 4 6 1 5 7
108 3 5 1 a 2 7 6 4 208 2 8 4 7 5 3 6 1
109 4 5 2 8 3 7 1 6 209 7 3 5 8 4 6 1 2
110 6 3 1 8 2 7 4 5 210 2 6 8 5 7 3 4 1
111 3 1 2 8 4 7 6 5 211 1 6 5 8 4 2 7 3
112 4 3 7 2 6 8 5 1 212 7 4 6 3 a 5 1 2
113 6 4 2 7 1 8 5 3 213 a 6 2 5 1 7 3 4
114 4 3 7 5 6 8 1 2 214 4 5 2 8 6 1 3 7
115 7 1 4 8 3 6 5 2 215 6 4 2 7 1 8 3 5
116 7 3 6 5 2 8 4 1 216 7 4 2 6 1 8 3 5
117 6 4 3 8 2 7 5 1 217 4 3 5 1 8 7 6 2
118 5 6 1 7 2 8 4 3 218 4 7 1 6 2 8 3 5
119 5 6 2 7 1 8 3 4 219 7 5 2 4 1 8 3 6
120 8 5 6 2 7 1 3 4 220 7 6 2 5 1 8 3 4
121 6 4 1 7 3 8 2 5 221 8 4 2 6 1 7 3 5
122 8 7 5 6 4 3 1 2 222 8 1 2 7 4 5 6 3
123 6 3 7 4 8 5 1 2 223 4 8 1 7 6 3 5 2
124 3 6 5 2 8 1 7 4 224 7 6 2 5 1 a 4 3
125 3 5 6 4 1 8 7 2 225 6 4 1 7 2 8 5 3
126 6 5 1 7 2 8 3 4. 225 1 3 5 7 6 a 4 2
127 6 1 2 8 5 3 4 7 227 7 3 1 8 2 6 4 5
128 2 3 6 7 5 8 4 1 228 7 4 1 6 2 8 5 3
129 I 5 3 7 2 8 4 6 229 6 3 1 8 7 5 2 4
130 7 4 1 6 2 5 8 3 230 8 1 6 4 5 7 2 3
131 6 4 7 2 5 I 8 3 231 7 5 1 6 2 8 3 4
132 8 5 2 4 1 3 6 7 232 8 5 2 6 1 7 4 3
133 6 5 1 8 2 7 3 4 233 8 3 2 5 1 7 4 6
134 6 8 2 7 1 4 3 5 234 1 4 a 5 6 3 7 2
135 6 4 5 1 3 8 7 2 235 7 6 2 5 1 8 3 4
136 7 2 5 1 8 3 6 4 236 6 5 2 a 1 7 4 3
137 4 2 5 7 6 B 1 3 237 6 4 1 8 2 7 3 5

C Continued )
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Graduates Undergraduates

Subject
Brand

Subject
Brand

A CA CHE CHR F L T V A CA CHE CHR F L T V

138 6 2 3 5 8 7 1 k 238 5 8 1 6 if 7 3 2
139 5 8 7 2 6 3 1 239 2 6 if a 5 3 1 7

2if0 6 3 1 7 2 8 5 if
2ifl 8 1 7 3 5 2 6 if
2if2 7 6 3 if 1 8 2 5
2if3 8 5 1 7 2 6 if 3
2 if if 1 6 3 5 if 2 8 7
245 7 3 if 5 6 8 1 2
2if6 6 if 2 8 3 5 7 1
2if7 8 2 1 6 5 7 3 4
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bje
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
3k
35

Table IX-2 (a)
I d e a l - p c i n t  c o o r d i n a t e s  a n d  d i m e n s i o n  u i e i g h t s -  

o v e r a l l  p r e f e r e n c e s

Graduates

Ideal
D i m e n s i o n  1

-0.98779
-1.01279
-1.10732
-1.0644D
-0.81733
-k.33k95
-4.90491
-1.07843
-0.95084
-0.96312
-0.77588
-1.15428
-1.84926
0.19756
-0.14851
-0.58124
-1.04331
-1.14981
1.29566
-1.08354
-0.17052
-5.29006
-0.80992
-0.73629
-1.06078
-0.79703
0.59931
3.14995

-1.10071
-2.26790
-3.71394
-0.97149
-1.85161
-0.66095
-1.13241
0.67964

-0.69093
-0.91045
-0.97758

point
Dimension 2
0.24014 
0.25994 
0.24990 
0.51996 
0.30318 
0.92190 
0.92844 
0.25970 
0.30528 
0.24358 
0.19899 
0.18057 
0.41021 
0.27494 
0.27237 
0.24100 
0.32937 
0.52433 
-0.49161 
0.27047 
0.30597 
0.66913 
0.35010 
0.15225 
0.27760 
0.15456 
0.25846 
-1.45518 
0.25150 
0.89646 

-0.08887 
0.25900 
0.45691 
0.20040 
0.58906 
0.22159 
0.20943 
0.53204 
0.31638

D i m B n s i

D i m e n s i o n  1

-3.29110
-3.00048
-2.56876
-0.92751
1.84346
-0.29308
0.26416
-2.71748
-2.13935
-3.36816
-3.59539
1.66557
-0.91062
-0.83113
-0.87542
-2.42802
-2.14442
-0.92730
-0.34832
-2.64696
-0.97687
0.22803
1.27889
3.00225
-2.69186
-3.32634
-0.62516
0.16211
-2.64267
0.38547

-0.27470
-3.20440
-0.87314
2.97369
0.76266
-0.57606
-3.24432
-0.86327
-2.08111

**
w e i g h t _________

D i m e n s i o n  2
-3.29110*
-3.00048*
-2.56876
-0.92751
1.84346
-0.29308
0.26416*
-2.71748
-2.13935*
-3.36816
-3.59539
1.66557
-0.91062
-0.83113
-0.87542
-2.42802*
-2.14442
-0.92730
-0.34832*
-2.64696
-0.97687
0.22803
1.27889
3.00225*

-2.69186
-3.32634
-0.62516
0.16211*
-2.64267
0.38547

-0.27470*
-3.20440
-0.87314
2.97369
0.76266
-0.57606
-3.24432
-0.86327
-2.08111
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Table IX-2 (b)
Ideal-point coordinates and dimension uieights- 

overall preferences

Undergraduates

Subject
Ideal point

* *Dimension uieight
Dimension 1 Dimension 2 Dimension 1 Dimension 2

1 1.21875 -0.12621 0.84645 -0.84645
2 1.23314 -0.13250 0.82613 -0.82613,
3 □.89665 -0.09399 2.23218 -2.23218
4 1.32987 -0.20368 0.68208 -0.68208
5 1.23314 -0.13250 0.82613 -0.82613
6 0.64383 -0.27478 -0.82880 0.82880,
7 □.80378 -0.15147 -2.29671 2.29671
a □.84116 -0.21072 -1.60378 1.60378
9 0.8D999 -0.10643 2.57916 -2.57916

10 1.26902 -0.27667 -0.76620 0.76620
11 0.85173 -0.11593 2.32590 -2.32590
12 1.92878 -0.12354 -0.23952 0.23952
13 1.35980 -0.21150 0.65320 -0.65320
lit 1.05825 -0.29078 0.57308 -0.57308
15 1.00110 -0.11918 1.73393 -1.73393
16 1.21883 -0.15055 0.87665 -0.87665
17 0.85173 -0.11593 -2.32590 2.32590,
18 1.49273 0.01067 0.43382 0.43382
19 1.30205 -0.15774 0.72718 -0.72718
20 1.23739 -0.13373 0.81933 -0.81933
21 1.27132 -0.20006 0.78426 -0.78426,
22 0.88564 -0.17254 2.57857 -2.57857
23 0.79810 -0.17295 -1.93054 1.93054
24 1.21875 -0.12621 0.84645 -0.84645,
25 0.98224 -0.12339 1.94874 -1.94874,
26 0.81572 -0.07311 2.07807 -2.07807,
27 0.96287 -0.16316 2.23561 -2.23561
28 1.13363 -0.15147 1.14118 -1.14118
29 0.85375 -0.11621 2.73026 -2.73026,
30 1.24704 -0.15036 0.83456 -0.83456
31 1.26747 -0.19398 0.78864 -0.78864
32 1.02447 -0.19421 1.61012 -1.61012
33 1.30569 -0.18632 -0.66713 0.66713
34 1.23739 -0.13373 0.81933 -0.81933,
35 0.95880 -0.11328 2.04511 -2.04511
36 0.98595 -0.12536 1.93027 -1.93027
37 1.70861 0.36762 0.23054 -0.23054
38 0.85188 -0.11534 2.27900 -2.27900
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Subject
Ideal point

* *Dimension weight
Dimension 1 Dimension 2 Dimension 1 Dimension 2

39 0.97255 -0.13979 2.14012 -2.14012*
40 0.50939 -0.42739 0.45505 -0.45505
41 1.26030 -0.05534 0.59619 -0.59619
42 1.19061 -0.18204 0.97147 -0.97147
4 3 0.75813 -0.09466 -1.82771 1.82771
44 0.79957 0.06357 0.73878 -0.73878*
45 0.89007 -0.13289 2.75783 -2.75783
46 0.91851 -0.15225 2.51484 -2.51484
47 1.00879 -0.03616 1.01859 -1.01859

Subjects whose Model III goodness of fit values 
markedly exceed those of Model 11/
Only the algebraic sign of the dimension weights 
is relevant for the simple ideal-point model.
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TablB IX-3
ThB background data of ths respondents for

discriminant analysis

Variable Re­
spond­
ent

Sub­
group

1 2 3 k 5 6 7 8 9 10 Next car
25 18750 1 1 0 1 3 1 2 1 Dodge IDA A
26 16250 1 1 0 1 6 1 1 1 Porach 106 A
20 21250 1 1 0 1 5 1 2 0 Volkswagen 109 A
26 16250 1 0 0 1 2 1 2 0 Valiant 111 A
26 18750 1 0 0 1 0 1 2 0 Ford 113 A
26 13750 1 0 0 1 3 1 2 0 Capri 118 A
29 18750 1 0 0 1 k 1 2 0 Pontiac 12k A
28 13750 0 0 0 1 0 □ 2 0 Dodge 128 A
29 13750 1 1 1 1 3 1 2 0 Plymouth Duster 131 A
25 16250 1 0 0 1 0 1 2 0 An old MG 133 A
25 16250 1 0 0 0 k 1 3 0 Grand Prix 13k A
26 18750 1 1 1 0 7 1 2 0 Ford Mustang 138 A
25 18750 0 0 0 1 3 1 2 0 Ford 139 A
28 21250 1 1 1 0 2 0 5 1 Station wagon 105 B
26 18750 1 1 0 0 0 0 k 1 Mercedez 123 B
29 23750 1 1 0 1 0 1 5 1 Mercedez 126 B
31 21250 1 1 1 0 3 0 5 0 Porsch 135 B
25 13750 1 0 0 1 3 1 2 0 Audi 107 C
22 11250 1 0 0 1 6 1 1 0 Chevy Vega GF 112 C
23 00750 1 0 0 1 7 1 1 0 Toyota lilt C
2k 16250 1 0 0 1 7 1 2 0 Volkswagen 115 C
23 06250 1 0 0 1 5 1 2 1 116 C
22 11250 1 0 0 1 6 0 1 0 Monte Carlo 119 C
2k 16250 0 0 1 0 0 7 2 0 Toyota 121 c
22 06250 1 0 0 1 6 0 0 1 Mazda 122 c
23 11250 1 0 0 1 7 1 1 0 Dutsun 127 c
25 18750 1 0 0 1 7 1 2 0 Pontiac 130 c
23 11250 1 0 0 1 5 1 1 0 Volkswagen 136 c
22 06250 1 0 0 1 6 1 2 0 Toyota 137 c
26 18750 1 0 0 1 5 0 2 0 Dodge Charger 201 D
23 16250 1 0 0 1 k 1 2 0 Toyota 202 D
25 03750 1 0 0 1 2 0 2 0 Volvo 20k D
25 06250 1 0 0 1 6 0 2 0 Audi 205 D
26 13750 1 1 2 1 7 1 2 0 Gremlin 206 D
27 18750 1 0 0 1 k 1 2 0 Dutsun sportscar 213 D
25 13750 1 1 2 1 3 1 2 0 Chevrolet 215 D
2k 13750 1 0 0 1 5 1 2 0 Toyota 216 D
25 21250 1 0 0 0 7 1 2 0 Capri 219 D
23 13750 0 0 0 1 5 1 1 0 Audi 220 D
25 21250 1 0 0 1 k 1 1 0 Vega 221 D

( Continued )
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Variable Re­
spond­
ent

Sub­
group

1 2 3 k 5 6 7 8 9 10 Next car
27 21250 1 0 0 1 k 0 2 0 Mustang 223 D
23 11250 1 0 0 1 k 1 1 0 Valiant 22k D
24 13750 1 0 0 1 5 1 2 0 TDyota 229 D
23 13750 1 0 0 1 7 1 1 0 Volkswagen 231 D
25 13750 1 0 0 1 7 1 1 0 Volvo 232 D
26 18750 1 0 0 1 2 1 1 1 Porsch 23k D
23 16250 1 0 0 1 7 1 1 0 Ford Cinger 236 D
2k 13750 0 0 1 0 7 1 1 0 Plymouth Duster 241 D
25 21250 1 0 0 1 3 1 1 1 Volvo 242 D
23 16250 1 0 2 1 3 1 1 0 Toyota 246 D
27 16250 1 0 3 0 7 0 1 0 Volkswagen 247 D
27 18750 1 1 0 0 1 0 k 1 Mercedez 214 E
29 21250 1 1 0 0 2 0 5 1 BMW 2002 217 E
26 16250 1 0 0 1 2 1 1 1 Cadillac 243 E
19 06250 1 0 0 1 7 0 0 0 Mazda 208 F
23 11250 1 0 0 1 5 1 1 0 Volkswagen 210 F
18 06250 1 0 0 1 k 0 1 0 Toyota 211 F
21 11250 1 0 0 1 1 1 1 1 Chevrolet 212 F
19 06250 1 0 0 1 1 0 2 0 Volkswagen 233 F
20 11250 1 0 0 1 3 1 2 0 Vega 238 F
19 08750 1 0 0 1 5 0 1 0 Dutsun 244 F

Note : Variable
1. Age
2. Income
3. Sex : Male=l, Female=0
A. Marital status : Married=l, Single=0
5. Number of children
6. Place of residence : City=l, Town or suburbs=D
7. Frequency of car used per week
8. Degree of usage at weekend : Heavyal, 0therwise«0
9. Number of care owned

10. Possibility of increase in income : Yes=l, No=0
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T a b l e  I X - 4

S u p p o r t i n g  o u t p u t  f o r  6 - w e y  d i s c r i m i n a n t  a n a l y s i s ,  

p e r c e p t i o n - p r e f e r e n c e  s e g m e n t s  v e r s u s  b a c k g r o u n d  

c h a r a c t e r i s t i c s .

S u m m a r y  t a b l e

*
S t e p  V a r i a b l e F  v a l u e  t o N u m b e r  o f U-

n u m b e r  E - n t e r d  R e m o v e d e n t e r  o r  r e m o v e v a r i a b l e s s t a t i s t i c

i n c l u d e d

1 1 29.5247 1 0.2714
2 9 11.7742 2 0.1299
3 in 5.0254 3 0.0881
4 1 2.4994 4 0.0710
5 a 1.4068 5 0.0624
6 4 1.2029 6 0.0557
7 5 1.4738 7 0.0484
a 2 1.0749 8 0.0436
9 6 0.6879 9 0.0406
10 3 0.2759 10 0.0394

E i g e n v a l u e s

82808 1.50073 0.30052 0.20248 0.11346
0.00000 0.00000 -•0.D0000 -0.00000 -0.00000

C u m u l a t i v e  p r o p o r t i o n  o f t o t a l  d i s p e r s i o n

0.69516 0.91124 0.95451 0.98366 1.00000
1.00000 1.00000 1.00000 1.00000 1.00000

C a n o n i c a l  c o r r e l a t i o n s

0.91017 0.77467 0.48071 0.41035 0.31922
0.00099 0.00019 0.00086 0.00096 0.00119

*  S e e  t h e  n o t e  o n  P a g e  2 7 1 .
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Table IX-5

The method for calculation of 
market shares of brands

(1) If monotone ascending (the negative-ideal point case)

MS1 - --------  x 100 1 - 1,2,...,8

£ dIi 1-1 11

(2) If monotone descending (the positive-ideal point case) 

1

dn
MS « --------- x 100 i - 1,2,...,8
1 n 121 —

Iii-1 d2
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