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Abstract—Mathematical models used for product positioning are proliferating at a rapid rate. To provide
a structure to this research, we have categorized the models/algorithms into three basic approaches: utility
functions, maps and trees. In this article we identify and discuss the recent advances related to these
approaches, discuss data requirements and indicate issues that influence that choice of the particular
product positioning approach best-suited for various situations.

i. INTRODUCTION

Mathematical models for determining perceptual structure, which typically takes the form of maps,
utility functions and/or hierarchical structures (trees), have dominated the current research on
product positioning [1-5]. These types of models help practitioners to assess market opportunities
by enabling them to discern the structure of the competition amongst products, which is indicated
by their relative positions in trees or maps, as well as the relative preference for various attributes
or levels of the attributes defining a product alternative. Furthermore, an understanding of
perceptual structure methods can assist practitioners in identifying the ““best” locations for existing
or new products, and/or function as a guide in how to best alter existing products which is essential
to advertising strategy and other components of the marketing mix.

The present paper’s aim is to provide an informative discussion of important decision issues
and advances germane to product positioning methods. This discussion is particularly important
to analysts who often make seemingly innocuous decisions ranging from the type of data input
to the choice of appropriate methods that can yield perceptual maps/spaces. While economists
[6] use a space spanned by physical attributes, marketers [7] and psychometricians [8] have
generally resorted to a perceptual space of reduced dimensionality. Perceptual mapping techni-
ques include a large family of methods which can be used to create perceptual configurations
of product markets. Analysis of such representations may be based on measures of overall
similarity/dissimilarity, perception, preferences and the importance of the set of attributes that
are embodied in the products. Customers or segments may also be represented in such a con-
figuration by the location of their ““most preferred” combination of attribute levels—termed their
ideal point.

The decision issues and advances to be discussed in this article are organized according to the
following broad categories:

I. Basic product positioning techniques

o Reduced-space compositional techniques such as: principal component anal-
ysis, factor analysis and discriminant analysis.

e Mapping techniques based on multidimensional scaling methods.

e Ultility-based procedures that include compositional methods (e.g. expectancy
value methods, regression, logit etc.) and decompositional methods (e.g.
conjoint analysis).

e Hierarchial (nonoverlapping) and overlapping clustering methods.
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II. Decision issues related to product positioning models

e Seclection of number of dimensions based on: (i) a priori knowledge of salient
dimensions on which choice is made; and (ii) number of attributes influencing
choice and also homogeneity of the population.

e Determination of the dimensions which are not a priori known.

o Levels of aggregation: (i) issues (problems) related to individual level model-
ing; (ii) issues related to aggregate level analysis; and (iii) segmented modeling
analysis.

e Interpretation of the diagnostic information generated from the output.

II. Factors influencing the type of models to use

e Knowledge of the problem area.

e Type of data available.

e Purpose of the study.

IV. Reliability and validity testing

2. BASIC STRUCTURE OF POSITIONING TECHNIQUES

Every product or service offered by a marketing organization has attributes, characteristics or
features that are perceived by the consumer. Perceptual maps are based on a perception of the
products (brands), which have attributes/features embodied within them. Perceptual maps are
generated from the images consumers hold about different products. Methods for tapping these
images may be categorized as:

(i) Reduced-space methods that utilize product attribute rating data to produce
perceptual maps.

(ii) Utility-based procedures that include compositional and decompositional
methods.

(iii) Procedures that ask samples of consumers to compare products (one pair at a
time) and make judgments about the similarity (perception)/preference of those
products. While making such judgments, consumers are assumed to rely on
underlying dimensions. These dimensions and their underlying structures are
inferred by a technique commonly known as multidimensional scaling.

(iv) Another approach that is distinct from the above two methods is known as
hierarchical clustering.

The ensuing discussion focuses on these positioning methods.

Perceptual Mapping Based on Reduced-space Compositional Techniques for
Product Positioning Using Multiattribute Rating Data

Perceptual mapping has received much attention in the current literature [1-4]. Perceptual maps
define the dimensions and gaps where products (brands)t do not exist. Perceptual mapping
analysis, based on reduced-spaces approaches that utilize brand attribute rating data, have become
important and frequently used mathematical tools to analyze product positioning. The primary
compositional-based techniques that have appeared in the literature and are widely used are:
principal component analysis (PCA) [2-4, 10], factor analysis (FA) [2-4, 10], and (multiple)
discriminant analysis (MDA) [11]. The use of these methods in marketing problems is widespread.
Our presentation of these techniques is succinct. A more detailed discussion of these techniques
may be found elsewhere [12-14].

Principle component analysis (PCA)

PCA tends to orient a space to dimensions that have high variance both within and between
objects. The purpose of PCA is to determine factors (i.e. principal components) in order to explicate
as much of the total variation in the data as possible, with as few factors as possible.

TIn our study we often use the terms “products” and “brands™ interchangeably. This terminology is adapted because it
is generally not known a priori whether the entries that constitute the set of alternatives are from a “conventional”
product class or are drawn from different classes (see Ref. [9]).
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Fig. 1. Product positioning methods.

SOME EXAMPLES (ARTICLE NOS.
ARE IN
REFERENCES )

Data input. The common practice is to use the n x p (individuals x variables) matrix of raw data
and transform it to a matrix of correlations, using the ordinary product moment transformation.
The primary reason for use of the matrix of the correlation coefficient is that the variables under
study may have different/arbitrary units and scales. Transformation makes the variables directly
comparable. It should be pointed out here that use of the covariances has not been prevalent in
PCA applications, although it has desirable properties (see Ref. [13]).
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Factor analysis (FA)

FA is the study of interrelationships among the variables in an attempt to find a new set of
variables, fewer in number than the original set [13]. Like PCA, FA requires consumers’ ratings
of all the products as its input. This technique attempts to isolate the underlying factors that best
explain the consumers’ ratings. FA looks for a correlation between the rating scales and estimates
their correlations to the underlying dimensions. These correlations are called factor loadings. Then
one can name the underlying dimensions by examining the factor loadings. In brief, the way FA
works is that it examines the matrix of correlations among the basic attributes and extracts factors
one by one in order of the variance explained.

The primary goal of PCA is to construct linear combinations of the original variables which
account for as much of the (original) total variation as possible. In contrast to PCA, in the FA
model, interest centers on only that part of the variation that a particular variable shares with the
other variables forming a set.

With the aid of these two data-reduction techniques, the analyst may calculate the pro-
jection of each observation on each of the factors. In PCA, principal component scores can be
calculated directly as a linear combination of the original or the standard variables. In FA,
the factor scores cannot be calculated directly, but instead must be estimated. Factor scores
give the location of each observation (individual) in the space of the common factors. It is
by averaging these factor scores across all individuals that the position of a product on the
perceptual map is determined. When we do this for all the factors and all the products, we have
a perceptual map.

Multiple discriminant analysis (MDA)

Discriminant analysis is a technique for classifying individuals/objects into mutually inclusive
groups on the basis of a set of independent variables. This technique can handle either two groups
[13] or multiple groups [11]. In the two-group case, the idea is to find a single linear composite
(function) of the independent variables (attributes) that would discriminate between the groups.
Essentially, the single linear composite provides a new axis along which the groups were maximally
separated.

In MDA the objective is the same in that one finds an axis with the property of maximizing
the ratio of between-groups to within-groups variability of projections on this axis. In general,
with M-groups and p-independent variables, there are, in total, min(p, M —1) possible
linear composites (axis). In most applications, since the number of predictor variables far
exceeds the number of groups, at most, M — 1 discriminant axes (composites/functions) will be
considered.

Determining the number of statistically significantt functions is a particularly important issue.
The number of discriminant functions which provide statistically significant among-groups
variation essentially defines the dimensionality of the discriminant space. Thus, MDA can be
viewed as another data-reduction technique.

In discriminant analysis the mean value of the discriminant function is commonly referred to
as the group centroid. Utilizing the statistically significant discriminant function, the group
centroids can be plotted in the reduced discriminant function space to exhibit geometrically the
separation of groups.

It has become customary to transform the discriminant weights, associated with predictor
variables, into what are labeled as discriminant loadings. Discriminant loadings are simply
correlations, where the correlation is taken across the observed values of a given variable and the
computed discriminant scores for the discriminant function. Discriminant loadings play a dominant
role in aiding managerial interpretations.

Unlike PCA, which tends to orient a space to dimensions that have high variance both within
and between objects, discriminant analysis orients a space to those dimensions that have high
variance across objects, but low variance for subjects rating a given object.

+To know how many linear functions to retain, Bartlett's statistic and its y* approximation is commonly employed.
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Data transformation in reduced-space mapping techniques is important to remove bias in
the data. In perceptual mapping applications, the data format generally used is in the form
of: respondents x brands x attributes [4]. In perceptual product space analysis, Harshman and
Margaret [15] discuss preprocessing data, which refers to the transformation of the data values
prior to applying techniques, and before generating the perceptual space. Processing trans-
formations, which have been used in perceptual product space analysis, may be classified as:
standardization by individuals [3], standardization across respondents and brands [16] and
normalization within individuals [2]. Dillon e al. [4] provides an extensive discussion of these data
transformations used in perception mapping techniques. The most commonly mentioned reason
for the use these three tranformations is to remove ‘‘scale-bias™ and “‘yea-saying” effects [2—4, 17].
This type of transformation seems consistent pragmatically as suggested by Harshman and
Margaret [15].

Another class of methods, which has dominated current research on product positioning, for
determining the perceptual space/stimulus configuration are the multidimensional scaling tech-
niques that are discussed below (see Fig. 1).

Perceptual Mapping [Stimulus Configurations Based on
Multidimensional Scaling (MDS) Techniques

MDS is another mathematical tool which is frequently applied to product positioning problems
[7, 16, 18-24], and attempts to represent the proximities (similarities) between objects (products)
spatially, as in a map. Although MDS is a complex psychometric technique, the principle behind
this approach is quite simple. The primary objective of this technique is to map the objects in a
space in such a way that their relative positions in the space reflect the degree of perceived proximity
(similarity) between the objects.

Unlike the previous data-reduction techniques that utilize brand attribute rating data, MDS is
based on consumer judgments or preferences of the brands. In other words, the consumers’
similarity/preference data of product pairs is the basic input for an MDS program. MDS methods
are typically used to provide discriptions of preferences and/or similarities of a sample of consumers
towards a set of items in a product category.

A variety of MDS programs, which can assist in identifying ‘““best” locations for existing of new
products in the perceptual space, are now available. In the last decade or so, there has been a rapid
increase in the number of computer programs for MDS. The major available computer programs
are: MDPREF, INDSCAL, MDSCAL, PARAMAP, PREFMAP, TORSCA, PROFIT AND
MINISSA [7, 19, 25].

The most commonly employed algorithms either use similarity data or preference data. The
multidimensional algorithms (e.g. TORSCA) that use similarity data construct geometrically
spaced models such that the more similar objects (brands) are placed close together.

Preference data algorithms (e.g. PREFMAP) produce joint space maps of both consumer
ideal points and brands [8, 26, 27]. These joint space maps are constructed so that consumers’
ideal points and objects are placed in a common spatial configuration. For nonmetric maps of this
type, the objects and ideal points are positioned so that the object’s relative proximity to the
individual’s ideal point best preserves the rank order preference of that individual.

A detailed discussion of mapping configurations of the various MDS algorithms, based on the
data type, will be presented next.

Types of models [algorithms used to portray the stimulus configuration when using different data input
in the MDS

MDS methods, considered generally, attempt to represent certain types of data as relations on
points on a multidimensional space. The dimensions of the space are assumed to represent
attributes or certain properties along with which stimuli (objects) are compared. A variety of
models have been proposed for the analysis of similarity, preference or similarity—preference
data.

Whether one uses similarity (perception), preference or both, it is important to understand
models that portray different stimulus configurations (maps). Various types of similarity (proxi-
mity) matrices and algorithms have been developed to portray similarity relations geometrically.
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The major model used to represent similarities (or dissimilarities) is the distance model 19, 28).
Many distance measures are special cases of the Minkowski metric, defined by

K 1r
wy= (k; | X X, ) , M

where 9, denotes the distance between stimuli / and j and X, and X, represent the response on
the kth characteristic, k =1,2,..., K. All the distance models considered in mathematical
psychology assert that the similarity between a pair of stimuli is some function of their parital
dissimilarities, with respect to each of several perceptual dimensions.

The most commonly used algorithms (e.g. MDSCAL, INDSCAL, TORSCA, PARAMAP) that
use similarity data construct geometrically spaced models such that the more similar objects
(brands) are placed close together. To mention succinctly, the MDSCAL and INDSCAL generate
different results. For instance, MDSCAL represent the products in k-dimensional space such that
the Euclidean distance between pairs of products, d,,, best produces the rank order of the judged

similarities among the products; the Euclidean distance is measured by (see Refs [7, 29])

K 1/2
djm = [kZ (x — xmk)z} , 2
=1

where x; is the measure of product j's position on the kth dimension as produced by the algorithm.,
The goodness-of-fit criterion often called “‘stress” is calculated using the following stress
formulas:
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where d is the arithmetic mean of the estimated distances. The Jj,,, are a set of values chosen to
be as close to the d,, as possible subject to the constraint that they be monotonically related to
the original data. Stress (formula) 1 and 2 differ only in the normalizing constant for the
denominator of the fraction under the square root sign. Stress is minimized via the nonlinear
programming method of steepest descent.

The mathematics of INDSCAL, however, differs from MDSCAL in that it provides individual
i’s perception of the jth product along the kth dimension. Then the modified Euclidean distance,

]
i

Stress(formula 2) = | £

M~

m

d,, between two products, j and m, for an individual i is given by
5ijm = M(dljm)
and
K 172
Ay = [ Y Wil Xy — ka){l ) 5)
k=1
where

8, = ith individual’s similarity ranking for products j and m,
d;,, = weighted distance between j and m,
x; = coordinates of stimulus j on dimension k,

w, = weight individual i attaches to dimension &
and

M = any monotonic function.
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INDSCAL provides individual level estimates of product perceptions. In this method, instead
of pooling similarities data from all respondents, it is assumed that although all share a common
perceptual map, individuals may weight the dimensions of the map differently. For details of the
algorithms, see, for example, Refs [7, 16].

When preference data is used, the models used to generate the stimulus configurations are the
distance and vector models [7, 16, 26-28]. The conceptual notion underlying the distance models
in the context of preference is the ideal point, a hypothetical stimulus encompassing a specific
combination of “‘scores” on underlying perceptual dimensions. All vector model formulations can
be viewed as a special case of the distance model in which the ideal points are assumed to extend
to infinity. Carroll and Chang’s [25] MDPREF model uses a vector formulation which can handle,
metrically, the case of either rank ordered data or paired comparisons.

Alternative methods for dealing with a joint space representation of stimuli and ideal points,
using either similarities or similarities and preference data, have been also used extensively in
product positioning analysis. There are two approaches to deal with joint space representation:
ideal point formulation and ideal point generalization. In the ideal point formulation, similarity data
are collected for all pairs of (n + 1) stimuli (the » + 1 stimulus being an ideal brand). Here
respondents are asked to imagine what their ideal brand would be like when the similarity data
are scaled by the usual distance model; the distances of the real stimuli from the ideal/ are assumed
to reflect decreasing preference (the maximal preference at the ideal and a utility function that
declines monotonically with the distance from the ideal point).

In the ideal point generalization approach, which uses both similarity and preference data for the
same group of subjects and stimuli, Carroll and Chang [27] proposed models that can be
distinguished on the basis of being metric vs nonmetric. The metric version assumes that an
individual’s utility function is linearly related to the weighted squared distance of each of the real
stimuli from his ideal. The metric version of the model proposed is PREFMAP (see Ref. [19]).
In Carroll-Chang’s nonmetric version of the PREFMAP, the utility is assumed to be only
monotonically related to the weighted squared distance from the ideal. The models that develop
joint space configurations from preference data alone, of course, obviate the need for collecting
the similarity judgments. The trade-off here involves a loss of information regarding the trans-
formation associated with going from a similarities to a preference context, and the assumption
that all respondents visualize the stimuli in the same way.

Recently, extensions of joint space mapping routines have been developed. Keon [30], for
example, introduced an MDS routine called TRINODAL. The basic advantage of the
TRINODAL MDS routine over other mapping techniques is that it simultaneously plots consumer
ideal points, ad images and brand images onto a single map. The MDS routine first reorders the
ads according to the lowest variance, and then reorders the brands so that the first brands load
most heavily on the earlier ads.

The scaling of the ads and brands is done by assuming that the proportion of times and
advertisement i is identified as being for brand j can be considered a proximity measure of the
relative spatial distance between the ad and the brand in a perceptual configuration. Mathemat-
ically it is expressed as

0, = d,;z/kil di? (6)
where
d, = the proportion of times advertisement i (i = 1,2,...,n) is identified as being for brand j
U=12,...,J)
and
d, = distance of advertisement i to brand k (k =1,2,...,m).

Each ad thus establishes a set of the above relationships, one for every brand. Each set of
relationships represents a series of concentric spheres in k-dimensional space where a particular
brand can be positioned.

M.CM. 10/12—E
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Utility-based Compositional Methods Used to Generate Perceptual Maps

The compositional methods, which are based on the utility principle (see Fig. 1), are: the
expectancy value models, regression, logit/probit etc. It should be pointed out that the reduced-
space techniques presented earlier, which include PCA/FA and the MDA, are also compositional
approaches. However, these dimension-reducing methods simply aid practitioners in condensing
the data into fewer dimensions using the compositional functional form; where the objective is to
reduce data into space of fewer dimensions. In the utility-based compositional approaches,
however, the underlying principle is to choose an object with the highest utility rather than reducing
the data into fewer dimensions. Compositional techniques, in selecting the best positioning of a
product, the best physical features to achieve that positioning and which product or set of products
is best to cover the market, are the preference models (Fig. 1). By using the preference models,
an evaluative tool, a manager can predict how consumers will prefer each positioning and thus
make a selection amongst a number of alternative product positions.

Preference models

Perhaps the easiest techniques to measure consumer preferences are the expectancy value
models (EVM). EVM asks consumers to directly specify product perceptions and the import-
ance weights of the attributes embodied in the product. The preference of individual i for product
Jj 1s given by

p
pij=z WikXijk’ @)
k

where
w, = the importance individual i places on attribute k(k —1,2,...,p)
and

X, = individual i’s perception of product j relative to attribute k.

The model, equation (7), has been used extensively to obtain consumer preferences {29, 31].

The expectancy value model uses “‘self-stated”” importance weights given by consumers. Though
these weights are indicative of what consumers believe to be important, one cannot assert that
they capture the range and scale used to mathematically represent the attributes as perceptual
dimensions. One way to capture these effects is to use a statistical model that estimates the
importance weights and best fits the observed preferences. Preference regression is one of these
techniques.

Preference regression analysis (PRA)

PRA is a statistical technique that produces average importances for the dimensions of the
perceptual map [29]. These average importances and the position of the products on the map help
identify positioning opportunities. In PRA, the model used is similar to the self-rated importance
model used to represent preference. However, there are subtle differences. These are: first, in
preference regression analysis, perceptual dimensions are used rather than the basic values of the
attribute ratings to measure consumer perception; second, importance weights are estimated rather
than asking the consumers to state them directly.

These methods are powerful techniques for analyzing consumer preferences. The EVM offer an
inexpensive way to get an idea of the linear effects of product attributes in formulating preferences.
PRA provides a method of estimating the importance of psychological dimensions used to define
perceptual maps. Other compositional methods, such as logit/probit, which are probabilistic in
structure, are discussed under the rubric of estimation methods for conjoint analysis, which relates
paired-comparison data to a choice probability model.

Utility-based Decompositional Methods for Product Positioning Analysis

The underlying principle here is that decomposition models express the overall value of each
object (product) as a function of the real value associated with its components. This class includes
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all variations of the expected utility theory, as well as the various adding and averaging methods.
The most widely used method is conjoint analysis [32].

Conjoint analysis (CA)

CA permits determination of consumer part-worth utilities for different attributes at their levels.
An understanding of such part-worths would enable practitioners to decide: (i) what should be the
basic features of the product they offer and (ii) at what level should these features be offered?

In CA, the respondent is asked to react to a product alternative in terms of an overall evaluation.
The overall evaluation is generally a preference rating (e.g. the respondent may be asked to rank
the alternative products by overall preference). There are two basic data collection procedures used
in CA: (i) the trade-off procedure and (ii) the full-profile approach. The trade-off procedure is also
commonly referred to as the “two-factor at a time” procedure [33]. For a detailed discussion of
the advantages/disadvantages of the data collection approach, readers may refer to the Green and
Srinivasan [32] article.

CA is thus a mathematical technique used to outline the ranking information that is useful to
managers, in order to understand the product features and thereby make positioning/designing
decisions. The conjoint estimation equation is given by

K L
Fi= Y ¥ Uydy+ error, ®)
k=1[1=1]
where ¢, is the indicator variable which tells us whether product ;j has features k, at level /; and
is given by

__ )1, if product j has feature £ at level /
%« =130, otherwise.

Uu/'s (called part-worths) represent the utility level that is appropriate to show individual i’s
valuation of having the kth attribute at the /th level.

In CA, there are various approaches to computing the utility scale of each attribute. These
utilities indicate how influential each attribute is in the consumer overall evaluation. Techniques
for estimating utility scale values differs depending upon whether the preferences of the input data
are assumed to be ordinal (rank order only) or interval (ratings). Among the class of techniques
that treat the preference data as, at most, ordinally sealed are: MONANOVA [34], PREFMAP
[8], LINMAP [35] and Johnson’s nonmetric trade-off procedure [36]. The most widely used method
when the preference data are assumed to be intervally scaled is ordinary least-square regression
[14]; a succinct discussion of these methods is presented below.

Estimation methods for part-worth utilities

Kruskal’s [34] MONANOVA (MONotonic ANalysis Of VAriance) algorithm performs
an additive main-effect ANOVA on monotonically transformed values of the original data.
As the name suggest, in the MONANOVA, the response variable needs only to be rank
ordered. MONANOVA attempts to find a monotone transformation of the input data whose
values are represented as an additive combination of main effects. The monotone transform-
ation is obtained on an iterative basis that seeks to minimize what is known as Kruskal’s stress
[34].

LINMAP, developed by Srinivasan and Shocker [35], is another approach to estimate part-
worths in CA. The major advantage of this approach is that it uses a more robust error structure
and that constraints can be added to ensure certain properties of the utility function. In the
LINMAP procedure, the consumer is asked to rank order the products, and from this a rank order
among all pairs of products is derived. To illustrate this, using equation (8), one can estimate
part-worths Uy,, as follows:

m
min Y |F;—F,
i=1
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subject to
K L
Fij: Z Z Uik15jk1 v
k=11=1
and
Uikic1 2 Uiy (Vk, for [ =1,2,...,L = 1)
and
Uw=0 (Vk, D).

Here it should be noted that the first constraint defines the linear form and the second constraint
ensures a monotonic utility function. The final constraint simply defines the scale for the utility
function and has no behavioral meaning. Since LINMAP is very flexible, it has been gaining wide
popularity. For a detailed discussion of this approach, refer to Refs [29, 35].

Other methods for estimating part-worth utility values are: ordinary least squares (OLS), and
stochastic modeling approaches such as: logit [37] and probit [38]. The OLS procedures attempt
to minimize the sum of squared deviations between the observed and predicted preference values.
Stochastic models such as the logit/probit maximize the likelihood function to estimate part-worths.
The basic rational behind the logit/probit analysis is a mathematical function that links preference
values to choice probabilities, based on the theory of consumer behavior developed by McFadden
[37].

Another approach that has been frequently used in product positioning is cluster analysis. Like
MDS, one can analyze proximity data using hierarchical cluster analysis. Both the methods are
built on distance models. Despite the similarity between these two approaches, they fundamentally
differ. The relationship between the proximity data and the distances in cluster analysis often
cannot be expressed by a linear or even a monotone function as in MDS. Further, cluster distances
are not spatial distances as in MDS.

One may further divide clustering approach into nonoverlapping or overlapping clustering; each
of these approaches are next discussed.

Nonoverlapping (Hierarchical) Clustering Analysis

Evidence indicates that consumers simplify a problem according to a hierarchical struc-
ture/scheme; whereby the total set of items is sequentially partitioned until a subset of items (which
are considered as substitute alternatives) exists [39—41]. Hierarchical clustering approaches are
generally based on the computation of distances between pairs/clusters of objects or brands; then
at each clustering stage, objects that are closer together are grouped first. Computational
algorithms offer choices among alternative methods (e.g. minimum average or maximum linkage
[42], which can be used to identify points between which the distance is then computed; for example,
by obtaining the sum of squared distances (d) between pairs of points (objects or clusters) or some
characteristics {e.g. product attributes). This distance may be represented as [40]:

d?(total) = d?(accountable) + d*(chance).

Thus, if the “total” similarity measure is used as input into a clustering algorithm the resulting
structure is subject to the optimization of the chance variation. This approach is based on the
concept that given a relevant set of variables, objects should be grouped in an iterativet manner
so as to maximize the prediction of the accountable variance between objects on some relevant
criterion available.

In the psychology literature, Sattath and Tversky [43], for example, developed a computer
algorithm, labeled ADDTREE, for the construction of additive similarity trees. Its input is a
symmetric matrix of similarities (or dissimilarities), and its output is an additive tree. In the present
algorithm the construction of the proceeds in stages by clustering objects so as to minimize the

+The iterative grouping procedure is conditional on previous groupings, just as predictor variable selection in stepwise
regression is dependent upon variables already selected.



Product positioning models in marketing research 939

number sets in satisfying the additive inequality which is given by
d(x, y) +d(u, v) < max[d(x, u) + d(y,v) + d(x,v) + d(y, u)], ®

where x, y, u, veS, and § is any set of objects.
A dissimilarity measure 4 on S is a nonnegative function S x S such that

_Jd(y, x)
d(x,y)= {O, if fx =y.

Sattath and Tversky [43] point out that the additive inequality is both necessary and sufficient
condition for the representation of a dissimilarity measure by an additive tree. An ADDTREE is
less restrictive than the above discussed hierarchical clustering scheme; and, as noted by Tversky
and Sattath [43], it has some empirical and theoretical advantages over the MDS.

Users of the hierarchical clustering algorithm, such as discussed above, tend to assume that
clusters are disjoint; i.e. clusters are nonoverlapping. Users of these approaches, however, tend to
discard much of the detail (e.g. levels of nesting for specific clusters) found in the dendrogram (tree
structure). The most commonly employed alternative is to obtain a partition of the set of entities
being clustered. That is, the objects are segregated into mutually exclusive (and exhaustive) clusters.
However, in reality it is easy to find examples in which clusters overlap.

There are techniques such as EXTREE [44] which produce hierarchical structures (trees) that
can accommodate overlapping clusters. Similarly, there is a technique called ADCLUS/MAPCLUS
[45] which, when used in association with MDS, can produce overlapping clusters on a map
representation.

The Overlapping Clustering Concept

The development of overlapping clustering [42, 46] permits researchers and analysts to cluster
brands into nonmutually exclusive and exhaustive categories. Conceptually, it is desirable to extend
the concepts of product positioning to encompass the cases of overlapping clusters. Methodolog-
ically, this extension would require a clustering method to represent the overlapping structure in
the data in a parsimonious manner, focusing only on necessary cluster overlaps that can be
substantively justified and often spatially presented.

Though the methods of overlapping clustering have been available for decades [e.g. 42], recent
methods of product positioning, proposed by Phipps e al. [45] and Arabie and Carroll [47], provide
new insights into positioning concepts. These approaches are ADCLUS (ADditive CLUStering),
and MAPCLUS (MAthematical Programming CLUStering).

The ADCLUS model and MAPCLUS algorithm

Assume that M objects (brands) are to be clustered, with input data of n(n — 1)/2 entries
contituting a two-way symmetric proximity matrix having no missing data.t Let S = ||S,|| be
transformed proximities, with which the fitted S matrix is being compared. The underlying structure
of ADCLUS can be expressed as

Sy= % WiPuPy, (10)
k=1
where S’,j is the theoretically reconstructed similarity between object i and j, W, is the nonnegative
weight representing the saliency of the property corresponding to subset & and

P = 1, if object i has the property k&
® 70, otherwise.

Thus, there are m subsets or clusters of the n objects, and these clusters (which are to be recovered
or fitted by the clustering algorithm) are allowed to overlap (although there is no explicit
requirement that they do so). It should be mentioned that the weights and clusters are both fitted
in applying the ADCLUS model. The underlying rationale for the ADCLUS is that the predicted

+The raw data may be in the form of either similarities or dissimilarities; it can then be first transformed linearly to be
similarities as the interval [0, 1].
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similarity S‘,.j of any pair of objects is the sum of the weights of those clusters containing both the
objects and i and J.

Arabie and Carroll [47] devised a MAPCLUS algorithm to fit the ADCLUS model. The most
obvious difference between the ADCLUS and the MAPCLUS programs is that, for the latter, the
(fairly small) number of subsets m, is specified by the user. In practice, MAPCLUS has been able
to obtain solutions acceptable in terms of both interpretability and goodness-of-fit, using
considerably fewer clusters for various data sets than was possible with the ADCLUS program.

In brief, overlapping clustering can be applied to market analysis (e.g. segmentation) to cluster
products (or individuals). The acceptance of this concept, coupled with the likelihood of the
presence of both overlapping positioning and segments, suggests the need to explicitly examine the
relation between the two sets of results.

3. DECISION ISSUES RELATED TO PRODUCT POSITIONG MODELS

Selection of the Number of Dimensions Based on A Priori Knowledge of the
Dimensions Upon Which a Decision is Made

The set of product attributes provides the basic dimensionality for the mapping techniques and
also clearly plays a crucial role of theoretical importance. An important characteristic of the
mapping models such as: EVM, conjoint, logit, probit and PRA, is the underlying assumption that
dimensional inputs are a priori known and measured by the researcher. Since, in these procedures,
the data is not condensed to obtain the underlying dimensions, the researcher’s knowledge
regarding the problem is crucial. Several issues surround attribute generation and inclusion of
attributes in the model. As Wilkie and Pessemier [31] pointed out, attribute generation operates
at two levels: the initial specification of attributes in data gathering; and the inclusion of attributes
in the model, which can reflect either a direct use of the raw data, or be the result of reworking
the raw data in some manner. A fundamental criterion required for specification of attributes is
that they be exhaustive, semantically meaningful, and subject to unidimensional interpretation [31].
Issues concerning the inclusion of the number of attributes, as noted by Wilkie and Pessemier, are:
attribute independence, salience vs the importance of the attributes and the minimum number of
attributes descriptive of attitudinal structures.

Another important decision issue concerns the number of attributes influencing the choice
decision, and also the homogeneity of the population. Within the sample (population), individuals
differ in their background variables, such as: education, familiarity with the products, past
experience etc. Therefore, different individuals in the population may use a different number of
attributes when they make their decisions. Thus, by segmenting the population on the basis of, for
example, background variables, a different set of variables may be included in the model to generate
perceptual space.

Determination of the Dimensions Which are Not Known A Priori

Models, such as the PCA/FA and discriminant analysis, enable researchers to generate
dimensions directly using raw data. Here it is important to realize that the derived perceptual space
(i.e. the “factors/dimensions”) generated by the use of a data-reduction procedure such as the
PCA/FA, is actually a functin of the raw data collected. In the data collection procedure, if one
attribute is asked for in several different forms, that attribute is more likely to constitute a major
dimension of the derived perceptual space. In other words, the number of dimensions generated
may be more a function of the attributes asked for rather than of the product features that
consumers perceive as important [4, 48]. As extensively discussed by Schocker and Srinivasan [48],
if the analysts wish to obtain the product space in actionable/interpretable terms, then the attributes
selected must not only be meaningful to consumers, but also be easily controlled by marketers.
Furthermore, care must be taken in defining the underlying dimensions on which products are
scaled (prior to using PCA/FA), and in relating these dimensions to modeling consumer choice (or
preference). The argument whether preference/choice is truly a function of the original attributes
or of “latent” attributes that are uncovered through reduced-space techniques is debatable. If it
is a function of the original attributes, care must be exercised in scaling them so that they will load
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on the reduced-space dimension in the same way that they influence preference/choice. Pragmat-
ically, however, this is not always feasible.

Compared with dimension-reducing methods, MDS requires no prespecification of attributes.
Consequently, MDS may serve as a tool to check on the set of attributes that can distinguish the
products in the space and can be associated with customer preference/choice. Each methodological
approach, no doubt, has certain advantages and disadvantages. Some researchers [e.g. 49] suggest
working directly with respondents’ attribute perceptions, while other researchers [23, 50] propose
to use PCA/FA, MDA or MDS to determine a configuration in reduced space.

Issues Related to Levels of Aggregation

Research decisions involved with product positioning studies deal with three types of analyses:
the individual level, the segmented level and aggregate level modeling analysis. In conducting a
positioning study, the researcher can choose the desired level of modeling based on his assumptions
and the type of analysis required. The purpose here is to briefly explicate the strengths/weaknesses
of these approaches.

Individual level models

The early empirical applications of the individual models (e.g. CA) indicated that the predictive
ability of the individual level models was very good [7, 51, 52]. When one employs these models,
a separate function needs to be estimated for each individual. Therefore, individual level analysis
requires that enough information be collected from each individual to estimate separate functions.
Moore [53] points out that, though individual models may demonstrate good predictive power,
the output of the estimation procedures (e.g. a separate set of importance or utility weights for
each individual) makes managerial analysis and understanding more difficult when the number of
respondents is large. Moore [53] further notes that several good reasons, which includes data
collection, knowledge of the attribute levels, time, cost etc., can be given for not analyzing the data
at the individual level; however, this needs to be balanced against the very good power of the
individual models.

Aggregate models

At the other extreme of the aggregation continuum is the case in which the information is pooled
across all respondents and one function is estimated. The results appear to be easy to explain (e.g.
on average, convenience is more important than trip cost in determining the transportation mode).
However, a potential problem associated with pooled analysis is termed “‘the majority fallacy” by
Kuehn and Day [54]. The majority fallacy is caused by heterogeneity of preferences; for example,
if half of the people like large cars and the other half like small cars best, the “average” person
may like medium-sized cars best, even though no real person wants one. This problem has been
demonstrated in CA settings by Huber and Moore [55].

There are other subtle issues involved in using the aggregate approach. Dillon ez al. [4] discuss
the effects of aggregation on perceptual space. They point out that if PCA/FA is used in uncovering
latent dimensions (i.e. factors) that define reduced space, interattribute correlations are typically
computed by stacking the brand-by-attribute subarrays for all the respondents into one long
matrix. They contend that this approach, in which correlations are calculated across an entire
sample (i.e. respondents and brands), can produce misleading results. The primary reasons, as they
pointed out, are as follows.

First, the correlation between the attributes is a function of two different sources: one source,
which contributes the correlation, relates the consistency/inconsistency of responses to the set of
attribute characteristics. Another source relates to how homogeneous or diverse the respondents
are in their attribute rating judgments.

The second reason is related to pooling attribute ratings. An approach in which interattribute
correlations are computed across an entire sample produces essentially an average correlation
coefficient. Such average correlations can be acutely affected by mean differences introduced by
brands, by outliers, or untypical responses. There is also empirical evidence to suggest that pooling
attribute ratings across respondents and brands is not to be recommended [56]. Thus, there is
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convincing evidence to question the common practice of reporting aggregate product space analysis
that do not retain differences due to individuals, or brands.

Segmented models

One would then like an approach that combines the most desirable properties of the two extreme
levels (individual and aggregate) and avoids the problems of each. Wind [5] cogently notes that
there is a strong relationship between segmentation and positioning and the two decisions must
be made jointly.

Several interesting approaches towards the creation of segments appear promising. Pessemier
[57], for example, suggested using dollar metric sealed preferences as the basis for forming
“product preference market segments”. Each segment would be composed of individuals who had
common relative preferences for all existing products. Urban [23], on the other hand, suggested
defining segments on the basis of “similar” distances between the brands and the individual
ideal points. Such a procedure might result in fewer segments than would be obtained from the
Pessemier approach. If one attempts to segment on the basis of ideal point locations alone, or for
that matter, attribute salience alone, these procedures offer less desirable criteria than those
mentioned above.

In a review of market segmentation, Wind [58] refers to two traditional methods of segmentation,
a priori and clustering, and two newer methods, flexible and componential. The clustering and
componential methods, which are also mentioned by Green and Srinivasan [32], are frequently used
techniques in product positioning. Cluster (segments) are formed by grouping the respondents into
segments that are homogeneous with respect to the benefits they seek from the product/service
class. Green and Srinivasan [32] suggest they have achieved better discrimination by clustering on
the vector of part-worth utilities, rather than on the most preferred level of each attribute.

The componential segmentation approach focuses on the effect of the interaction between the
product profile and the persons’ profile. Through this mechanism one is able to predict how a
person with a certain set of background characteristics will react to a particular product. A
potential advantage of the clustering approach over componential segmentation is that people in
different segments need not differ in terms of background variables. Componential segmentation
will uncover the groups only if they differ in terms of background variables. It must be also
mentioned that to assess the key discriminating characteristics, reduced-space techniques such as
the discrimination analysis approach has been employed.

Interpretation of the Diagnostic Information Generated from the Output

Perceptual maps that come in different forms generate different types of diagnostic information.
This information may be related to finding the underlying “latent” attributes (factors), estimated
values of the part-worth utilities, estimation of the ideal point and distance between brands etc.
For the consumer analyst to correctly understand the output is imperative. The consumer analyst
may fact such situations as retaining the number of dimensions, naming the dimensions and/or
interpretation of the solution obtained from the perceptual mapping procedures; each of these
issued will be discussed next.

Decisions to retain the number of dimensions

When one employs reduced-space techniques to produce a product space, such as FA, there are
two classical rules of thumb for determining the number of dimensions (factors): The “scree test”
and the “eigenvalue” rule. In the former case, one plots the incremental variance explained by each
factor vs the order in which the factors were extracted. Factors are retained up to the point where
the incremental contribution levels off. The latter rule is akin to the scree test, except the cut-off
is known when the fraction of variance explained by the next successive factor drops below 1/p;
where p is the number of attributes. In practice, either of these rules are used to retain the
appropriate number of dimensions. Recent advances, however, have shown some sophisticated
procedures for determining the number of factors {59]. While working with FA, once can name
the dimensions by examining the factor loadings.

Like FA, MDS gives analysts the positions of the products on the underlying dimensions.
A decision regarding how many dimensions to retain may be made simply by choosing the
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dimensionality with the smallest stress value. Here one can plot the stress value (S) against the
number of dimensions (P). The stress value decreases as the number of dimensions increase. When
S is plotted against P, the resulting marginal changes in stress can be examined in the same way
as in FA, except that we are examining the stress value rather than an increase in incremental
explained variance.

Interpretation of the stimuli in the derived space is very important as it reveals the underlying
position with competing products; this is discussed under the rubric of solution interpretation.

Solution interpretation

To interpret the stimulus configuration, one can either simply use the configuration itself (the
position of the stimuli in space) to determine the interpretation (the subjective approach), or
undertake a more objective approach. The subjective approach to interpreting the configuration
rests on the position of the stimulus objects in the stimulus space. The procedure here is to look
at the properties (e.g. diet vs nondiet, light vs heavy etc.) of the stimuli occupying extreme positions
in the configuration (map). However, it should be noted that the problems encountered in the
interpretation of similarity configurations concern the appropriateness of the dimensional (sweer
vs unsweet) interpretation itself. In the context of joint space configurations of stimuli and ideal
points (or vectors), the problem concerns the interpretation of configurations as obtained from the
preference data alone, and their correspondence to the interstimulus distance obtained from the
similarities data.

Several objective methods have been used to assist researchers in this task. They include
“property fitting” procedures and experimental design methods. For a discussion of these
approaches, the readers are referred to Ref. [19].

4. FACTORS INFLUENCING THE TYPE OF MODEL TO USE

Knowledge of the Problem Area

The knowledge of the researcher plays an important role in selecting the appropriate technique.
For example, if a consumer analyst has knowledge of the attributes (e.g. price) and their levels (e.g.
$8, $10, $11) and is further interested in new product positioning, then he may prefer to choose
the conjoint approach. If the analyst believes that the population is not homogeneous with respect
to the choice process, then he may segment the population and thereby wish to use different
mapping procedures. Based on his knowledge of the problem area, he may choose a data-reduction
technique to reduce the problem to a few dimensions and then choose a perceptual space technique
to obtain the product space analysis. Hauser and Koppleman [3] point out that an analyst has
neither the time nor the money to simultaneously apply all the techniques. He/she has to select
one method and use it to address the particular marketing problem at hand. Furthermore, they
suggest that the use of the technique should parallel as closely as possible the recommended and
common usage. In essence, if the researcher/analyst is knowledgeable about the problem area, the
decision as to which technique to choose primarily depends upon whether the added expense in
gathering more information is worth the added insight obtained from the analysis.

Type of Data Available

Availability of the data is another factor that influences the choice of technique. The data types
used to generate perceptual maps broadly are divided into two approaches. One approach in the
construction of the maps utilizes the respondents’ evaluation of the products on a set of
predetermined attributes in a series of scales. These scales represent the way products are evaluated
in the market place. Another approach to the generation of the stimulus configuration depends on
the nonattribute-based data; namely, similarity (or proximity) measures simply reflect the perceived
similarity of two objects in the eyes of the respondents. The scale ranges typically from “extremely
similar” to “extremely dissimilar”. The number of pairs to be judged for the degree of similarity
is equal to n(n — 1)/2, where n is the number of objects. Preference data also contains similarity
information. Here respondents provide direct judgments of similarity between brands measured
by the rank order information. In general, a respondent is expeceted to rank close together those
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objects perceived to be similar. If the preference information were obtained not as rank order but
rather on an interval scale, this information could yield a similarity measure between objects.

If one has brand attribute rating available, reduced-space techniques such as PCA/FA or MDA
may be used to construct perceptual maps. If the desire to determine which attributes/features
discriminate between brands, MDA may be employed [33]. Alternatively, using brand attribute
data, FA may also be utilized, which provides factor scores across all individuals. In averaging
these factor scores, a perceptual map is determined [10, 29]. In this attribute-based approach, if
information regarding the levels of each attribute is available, CA may be used.

If the data is collected in the form of similarity measures, the MDS technique may be utilized
to produce perceptual maps. The important point here is that, based on different data inputs,
different perceptual maps can be produced, which thereby yield different managerial diagnostics.
In brief, data input is an important issue in selecting the appropriate mapping method.
Furthermore, the type of data available has an effect on the perceptual space in terms of data
aggregation, data transformation [4], the method of obtaining or estimating parameters (e.g. ideal
points) of interest, and managerial usefulness [3].

Purpose of the Study

The primary objective of the research is to develop a taxonomy which will indicate what
type of technique should be used. The research problems may be to position/reposition and/or
design/redesign existing or new products. Based on the research objective, the problem is formu-
lated, the existing methodology may be employed, a new approach can be developed or the present
technique is modified.

Let us suppose that the research problem is to determine positioning based on the similarity of
brand j to other existing brands. In this case, a direct measure of the similarity data is submitted
to the MDS programs to produce a perceptual map. For instance, given proximity data defining
the rank order of similarities or dissimilarities on a set of stimulus pairs, the TORSCA program
may be used to find a stimulus configuration. TORSCA finds points (objects) in a specified number
of dimensions such that the rank order or interpoint distances best reproduces the original rank
order of input data.

The researcher can choose the desired level of analysis based on his assumption as to the
homogeneity of the market’s perceptual configuration. If the researcher assumes that respondents
have common perceptual dimensions, however, they differ with respect to the weights they
attach to the various dimensions. In this approach, one can use the INDSCAL model algorithm
[60].

In the above TORSCA and INDSCAL approaches, the perceptual configuration is based on the
consumers’ similarities (perceptions) of products; the consumers preferences were ignored. If the
researcher wishes, he may use both perceptions and preferences for positioning analysis. The data
for this approach may be a simple rank order of the objects according to consumer preferences.
A joint space program such as PREFMAP can be utilized, resulting in a joint space of the original
similarity space and “ideal” points. The closer a brand is to the “ideal”, the more that brand is
preferred.

MDS methods, discussed earlier, typically provide descriptions of preferences and/or perceptions
of a sample of consumers toward a set of objects in a product category. These methods, no
doubt, assist in identifying the “best” locations for existing or new products in the derived
perceptual space. However, if the researcher is interested in such issues as optimal product
positioning and/or optimal product design, an understanding of extensions of the existing or new
techniques related to optimal product partitioning and/or optimal design is imperative. Our
attention here is focused on presenting succinctly the mathematical tools that aid in optimal
product positioning and design.

Optimal product positioning means to determine the levels of the attributes of a new
product to be introduced into a market; such as to meet certain objectives (e.g. profits, revenues
etc.) specified by a firm. The optimal product design refers to procedures for not only deter-
mining (estimating) the value of the objective function for each point location of interest, but also
is a way to search the space systematically to find the specific location that meets the derived
objectives.
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Recently, several approaches towards understanding positioning/repositioning and design/
redesign precedures have evolved; they include: MDS methods, as implemented in the
PERCEPTOR model [23]; the TRINODAL model [30]; product positioning using an adaptation
of Lancaster’s [6] theory of consumer demand; and CA methods [32].

In the PERCEPTOR model [23], physical and psychological product attributes are linked to the
trial and repeat probabilities through MDS procedures; and the product design process determines
the new brand’s position in the perceptual space. The distance from the new brand to the ideal
brand specifies its probability of purchase. The PERCEPTOR model provides managers with a
better understanding of the perception, preference and purchase structure of their markets, and aids
in channeling their creative efforts towards developing successful new product designs.

The TRINODAL procedure analysis data on consumer preferences to simultaneously plot brand
images, images and consumer preferences on a single map. This approach, however, lacks directions
for product positioning or design.

The CA approach [32] and its extensions directly analyze preference data in terms of product
attributes, and estimates (using procedures such as LINMAP, MONANOVA etc.) part-worth
functions. These functions are then utilized to determine optimal product (re)designs. Various other
procedures have been utilized for product design optimization, and these include: modified gradient
and grid search procedures for identifying new product ideas [49]; ZIPMAP [61]; PROPOSAS [22];
and a mixed integer nonlinear programming approach for optimal product positioning proposed
by Gavish et al. [62] and POSSE [24].

ZIPMAP [61] uses a zero-one integer and nonlinear programming for finding the best perceptual
attributes of a new product; PROPOSAS, on the other hand, finds the best profile of perceptual
attributes of a new product using the ideal point formulation. POSSE [24] presents a comprehensive
CA methodology for optimal product design. More recently, May et al. [63] have proposed an
interesting nonlinear programming algorithm call QRMNEW, which can incorporate technological
range constraints on the product attributes, as well as more general linear constraints. However,
this method does not guarantee a global optimum:.

Except for the POSSE approach, these optimal product design methods deal with perceptual
attributes. In contrast to these approaches, DeSarbo and Rao [20] present a new approach which
employs the method of combinatorial optimization to obtain a solution to optimal product
positioning and design. This methodology is called GENFOLD 2 (GENeral unFOLDing analysis
of preference data—version 2).

The attractiveness of this methodology lies in its structure, which enables the researcher to
“manipulate” the derived space in answering various questions about product positioning and/or
positioning, optimal product design and targeting products to the designated market segments. The
underlying mathematical structure of the GENFOLD 2 model is

and

T

fi=X G5 =y, (12)

i=1

where:

A; = the “dispreference value” (inversely related to preference values) the ith subject has for the
Jjth stimulus (i = 1,2,...,I subjects; y = 1,2, ...,J stimuli); A = ((A));

vy = the tth coordinate of subject i’s ideal point (¢ = 1,2,...,T dimensions); Y = ((y;));

x;, = the rth coordinate of stimulus j; X = ((x;));

a, = subject i’s multiplication constant;

b, = subject i’s additive constant;

f;=squared distance between subject / and stimulus j;

and

e, = error.



946 D. H. GenscH and R. G. JavaLal

The structure of the above model postulates equal weights for the dimensions; further, individual
differences in preferences are modeled by allowing the parameters a, and b, to vary among the
subjects. Technical details and an estimation procedure may be found in Ref, [20].

The technical details available from the GENFOLD 2 model provide interesting insights into
decision making for optimal product(s), design, product positioning/repositioning and market
segmentation. Compared to other MDS algorithms, GENFOLD 2 provides an intriguing product
positioning map of both the ideal points and the stimuli in a2 common dimensionality; however,
it has some limitations (as pointed out by the authors). One potential problem as recognized by
the authors is that GENFOLD 2 does not offer a specific theory to indicate when physical attributes
will predict perceptual locations of products, or when personal characteristics will adequately
predict individual ideal point locations. Another limitation of GENFOLD 2 concerns the static
market assumption. It is assumed that competition is not active during the targeting phase of the
optimization. However, the authors point out that these concerns are under investigation.

In addition to the above methods for designing/redesigning products, hierarchical structuring
(or tree analysis) reveals some intriguing information regarding product design. Hierarchical
structuring analysis posits information on what characteristics/features are guiding the consumer
to perceive one brand differently from other brands. When the goal of the manager is product
(re)design, the product perceptual mapping techniques may not yield adequate information
which would be imperative to the product design. There are, however, instances where employ-
ing both maps and hierarchical clustering can enable us to better understand the underlying
market structure. Urban and Hauser [29] illustrate an application of PRODEGY to a specific
market (coffee market) in which brands were represented by maps, but the substitutabilities of
various types of coffee markets were portrayed by a hierarchical analysis. This discussion therefore
posits that, depending upon the managerial goal, which may be product (re)positioning, product
(re)design, or both, a map, a hierarchical tree, or both, may provide enough information to meet
the goal.

5. RELTIABILITY AND VALIDITY TESTING

Green et al. [24] note that to date, little is known about the reliability and validity of the
MDS-based procedures. As far as the reliability of the conjoint methodology is concerned, evidence
indicates that as long as the stimulus descriptions are relatively simple and the number of separate
evaluations is not excessive, reliability of the conjoint tasks appears acceptable. Furthermore, the
internal validity (i.e. estimating judgments for the holdout stimuli during the survey) of the conjoint
methods, for example, compares favorably with survey-based techniques in general. As far as the
predictive (external) validity is concerned, the predictive ability of the conjoint procedures to
predict actual market choice behavior or, at least, judgments made after the survey or experiment,
has results that seem to be encouraging [64].

Data used for the reliability test also provides a method of cross-validation. The parameters of
the population from the first set of data can be used to predict choices/preferences for the second
set. The procedure can then be reversed by predicting from set two to set one, thus completing
a double cross-validation. While the internal validity tests the goodness-of-fit of the model,
cross-validation also takes into account the predictive ability of the model.

It has become customary to use the double cross-validation procedure on attribute-based
methods; such as the PCA/FA, MDA, logit, probit etc. Since the data is collected by survey-based
designs (questionnaire designs), it becomes convenient to perform the cross-validation procedure.
One can also use statistical tests to test the significance of the predictive ability of the models (e.g.
proportion of correct predictions). Use of the statistical test suggests how well the models perform,
and which model predicts better than the other.

Published empirical work also provides some additional considerations for the testing reliabil-
ity/validity. Hauser and Shugan [65], for example, have proposed measures of intransitivity for
interval and ratio-scaled preference data. These authors suggest that consistency can be tested at
the aggregate level in terms of market shares. Similar approaches have been proposed by other
researchers [66]. Scott and Wright [67] recommend some additional consistency checks to test
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whether the estimated parameters make sense. First, the signs of the estimated parameters should
agree with the a priori notion, based on the prior theory or reasoning. Second, the parameters
derived for different subpopulations should differ in the direction that would be expected from the
prior theory. In addition, the face validity (or content validity) of the resuits can be checked by
comparing a respondent’s subjective values (self-reports) with estimated parameters. In brief, a
reliability and validity check is an important part of gaining a degree of confidence and accuracy
about the techniques used. Clearly, product perceptual mapping procedures are only as good as
the quality of the basic data that underlies them. Much more research is needed for measurements
of reliability and validity.

6. CONCLUSIONS

The more traditional utility value models of product positioning assumed that the researcher
knew the full set of relevant variables the customers used to evaluate the alternative brands or
products. The models would then indicate the relative salience each independent variable had on
preferences and/or purchase decisions. CA is often used when the researcher assumes he knows
the relevant independent variables and is interested in how customers evaluate and make relative
trade-offs on various levels of each independent variables.

The mapping approach with its many MDS algorithms is particularly useful when the researcher
is unsure of what are the key dimensions used by customers in evaluating alternative brand choices.
As the rate of technological innovation, image creation and multiple-usage products increases, it
becomes increasingly difficult to specify exactly what is the competing set of products or brands
and at what hierarchical level do various alternatives compete with one another. The tree -
approaches are particularly useful on this type of problem.

In addition to considering the specific product positioning questions the researcher wished to
address and the relationship (s)he feels comfortable in assuming, the type of input data available
or to be collected strongly influences the selection of the type of product questioning approach to
be used.

Finally, the researcher must come to grips with the issue of heterogeneity in the perceptions of
the population (sample). Each approach has methods for testing for heterogeneity and specific
algorithms for properly dealing with various segmentation structures.
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