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INTRODUCTION AND SUMMARY OF RESULTS

_ The primary goal of marketing analysis is to provide managers with
the consumer response information necessary to develop, refine, and evaluate
alternative strategies. For example, a new product manager might want to
‘know what dimensions consumers use to evaluate laundry detergents, or he or
she might want to know the relative importance of those dimensions. Simi-
larly, a retailer might want to identify the basic dimensions that consumers
consider when choosing among shopping locations. Knowing these dimensions
and their relative importance helps managers select optimal store locations.

The marketing literature abounds with techniques to help managers
identify dimensions and importances. For example, the most commonly used
approach for identifying perceived dimensions is nonmetric scaling and its
variations (Green and Rao, 1972; Green and Wind, 1973), but many researchers
also use discriminant analysis (Jehnson, 1971; Johnson, 1970; Pessemier, 1976)
and factor analysis (Urban, 1975). The most common approach to identify the
importances of those perceived dimensions is expectancy values (Fishbein,
1967; Rosenberg, 1956; Wilkie and Pessemier, 1973), but recent advances in
econometries have allowed researchers to use statistical techniques such as
preference regression (Hauser and Urban, 1977) and preference logit
(McFadden, 1972; McFadden, 1975) for estimating the importance weights.

* Each combination of perception model and preferenee model provides
managerial insight. But which combination is best? If a manager or analyst is
to undertake marketing research to develop, refine, or evaluate a marketing
strategy, which combination of models should he seleect? To answer the
question, this paper empirically evaluates the perception and preference
models relative to the criteria of (1) ability to provide managerial interpre-
tation, (2) ability to accurately predict consumer preference, (3) ease of use,
and (4) cost.

The outcomes of those tests are clear, albeit surprising. Of the
perception models, factor analysis is superior to nonmetric scaling on all
criteria and. is superior to diseriminant analysis on interpretability and
predictability. Of the preference models, logit analysis predicts better but
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costs more than preference regression. Both logit analysis and preference
regression yield similar managerial interpretations and predict better than unit
weights with pereception models, but when the analysis is resiricted to
fundamental attributes, multicollinearity undermines the prediectability of
statistical models and both expectancy value and unit weights are better.
Overall, the best combined model is logit analysis used with factor scores

followed by expectancy value with fundamental attributes. ANl comparisons .

are confirmed with saved data and sampling tests.

The structure of this paper is fo review the theory underlying each
perception or preference model; discuss the empirical sctting and experi-
mental design; present the tests of interpretability, predictability, ease of use,
and cost; and provide the confirmatory saved data and sampling tests. A final
section suggests further research and testing. :

REVIEW OF THE UNDERLYING THEORIES

This section is meant to compare the basic model assumptions rather
than completely review the theory; the references in the introduetion contain
complete discussions. The basic characteristics of the perceptions and prefer-
ence models are summarized in Tables 1 and 2, respectively.

Perception Models

Focus groups, open-ended surveys, and other qualitative measurement
can identify a large number of fundamental attributes which consumers might
use to describe a particular product category. But to understand the true
perceptual process, to gain managerial insight, and to enhance creative
strategy development, market researchers must use models to identify the few
basic perceptual dimensions (Bruner et al., 1956) consumers use to reduce the
cognitive strain in evaluating products or services. These perception models
either reduce the set of fundamental attributes through correlation (factor
analysis) or diseriminant ability (diseriminant analysis), or they independently
uncover the dimensions based on measures of dissimilarity (nonmetrie sealing).

Nonmetric scaling asks consumers to consider all products in a
category and to indicate the relative similarity or dissimilarity between
products. Based on the assumption that judged dissimilarity between products
is proportional to the distance between stimuli in a 2, 3, or 4 dimensional
space, nonmetrie scaling, MDSCAL (Kruskal, 1964) selects the "positioning" of
products in this perceptual space to best recover judged dissimilarity. Indi-
vidual differences are modeled by differentially weighting the common di-
mensions, INDSCAL (Carroll and Chang, 1970). Identification of the names of
the dimensions is aided by a regression-like procedure, PROFIT (Carroll and
Chang, 1971) which projects the dimensions on the fundamental attributes.
The appeal of nonmetric scaling is that it makes very few assumptions about
how individuals process information and, at least in the "positioning” step, it is
not sensitive to the selection of the fundamental attributes. Its drawbacks are
that the number of dimensions is limited by the stimuli [at least 7 or 8 stimuli
are needed for 2 or 3 dimensions (KKlahr, 1969; Koppleman et al., 1877)] and
that the individual difference scaling implicitly assumes that, relative to each
dimension, all individuals perceive the stimuli in the same rank order. For
example, INDSCAL would not allow one individual to perceive that Pepsi is
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Table 1. Theoretical Construets Behind the Four Models
of Consumer Perecptions

NONMETRIC SCALING

. dissimilarily distance

"positions" stimuli to best

recover distance

. "fits" attribute rati‘ng}s to

explain stimuli postions

DISCRIMINANT ANALYSIS

. can identify stimuli by
its ratings

FACTOR ANALYSIS

searches for common
component of scale
rating

rating = common + specific
+ error

correlations identify
dimensions

FUNDAMENTAL ATTRIBUTES

. search for dimensions that

diseriminate best

. discriminant weights identify

dimensions

either no reduction
possible

or reduction sacrifices
information

Table 2. Theoretical Constructs Behind the Four Models
of Consumer Preference

PREFERENCE REGRESSION

. weighted attributes
. rank order preference

. statistically estimate
"average" weights
UNIT WEIGHTS
. either cannol distinguish

differential weighting

. or all altributes have
equal weight

1st PREFERENCE LOGIT

weighted attiributes
probability of 1st
preference

maximum likelihood
estimate of "average"
weights

EXPECTANCY VALUE

consumers can "self-
explicate" importance
weights

individual specifie 3 :

importance weights
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sviceter than Coke while another individual percecived that Coke is sweeter
than Pepsi.

Discriminant analysis assumes that it is possible to identify a
particular product or service by knowing how consumers rate that product or
service on the fundamental attributes. The model then searches for dimen-
sions (combined attributes) that best discriminate between products. That is,
the dependent variable is "product rated" and the independent variables are
the attribute scores. The discriminant weights, relative weightings of the
attributes in the discriminant function, identify the name of each dimension.
Some researchers rotate the diseriminant dimensions with varimax rotation
(Pessemier, 1976) to obtain better interpretability of the dimensions. The
appeal of diseriminant analysis is that the dimensions are specifically chosen
to discriminate among products or services. Its drawbacks are that it
- implicitly assumes that the attribute ratings are interval-scaled and that it
confounds differences between products based on a cognitive reduction with
physical differences between products in the marketplace. The limitation on
dimensions, one less than the number of stimuli, is not as severe as in
nonmetric scaling.

Factor analysis assumes that there are some underlying and cognitive
dimensions, and that when a consumer rates an attribute his rating has a
common component, an attribute-specific component, and some measurement
error. The comon components can be found by "factor analyzing" (Rummel,
1970) the attribute ratings across products and consumers. The dimensions are
named by examining the correlations, called factor scores, between each
dimension and the attributes. The appeal of factor analysis is that it is
directly based on assumptions about the measurement task. Its drawback is
the assumption that the attribute ratings are interval-scaled. Note that, like
MDSCAL, a common space is obtained, but, unlike INDSCAL, individuals are
free to reverse orderings on the underlying dimensions.

Fundamental attributes, i.e., the raw standardized attribute ratings,
are included in the empirical tests as a check of the hypothesis that underlying
cognitive dimensions exist and deseribe consumer response effectively.

Preference Models

It is important to managers to identify the underlying cognitive
dimensions and to know product or service positions relative to these dimen-
sions. But, if they want to develop effective marketing strategies, managers
must also know the relative importances of the dimensions. For example, it is
important for a health services manager to know that service is perceived
relative to quality, personalness, convenience, and value, but to develop
strategy he or she must know whether to stress quality (i.e., high quality,
premium cost), value (i.e., inexpensive but .adequate), or another dimension.
Preference models determine these relative importances by measuring or
estimating a linear compensatory model’:

! There are also nonlinear models such as the disjunctive, conjunctive,
additive conjoint, interaction conjoint, and von Neumann-Morgenstern
utility models (Green and Devita, 1975; Green and Wind, 1975; Hauser and
Urban, 1976; Johnson, 1974; Kotler, 1976).
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ij " % Wik digi (1)
that states that consumer i's preference, Pij’ for product j is determined by

differentially weighting his or her perceptions, di'k’ of product j relative to
cognitive dimension k. J - .

b

Preference regression statistically estimates the importance weights
using rank order preference as the dependent variable and the consumers’
perceptions as independent variables. The stalistical techniques are either
monotonic regression (Johnson, 1974) or ordinary least squares (OLS) regres-
sion. Because recent simulation (Carmone et al., 1976; Cattin and Wittink,
1976) and empirical tests (Hauser and Urban, 1977) show that OLS performs as
well as the more complex and expensive montonic regression, the empirical
tests discussed in this paper use OLS. The appeal of preference regression is
that full rank order information is used. Its drawbacks are the metric
assumption and the necessity of estimating average importance weights, wk's,
to gain sufficient degrees of freedom. : :

Preference logit assumes that the true preference, p};, is composed

of an observable part, p.. as in equation 1, plus an error term, e.., i.e.:
- 1j ? 1

1.
Assuming a probability distribution for the error term?2 makes it possible to
derive a functional form for the probability, Lij’ that consumer i ranks product

j as his or her first preference. This probability, given by
Ly; = eXp(pij)/rEn exp(p; ), (3)

where the sum is over all products, m, is called the first preference logit
model.  The importance weights are estimated by maximum likelihood
techniques (McFadden, 1970; McFadden and Wills, no date).

The appeal of the logit model is that it explicitly models stochastic
behavior (Bass, 1974) and it makes no metric assumptions about preference
rankings, Its drawbacks are that it uses only first preference information and
that it estimates average importance weights to gain degrees of freedom.

Expectancy value does not statistically estimate importance weights
but rather asks consumers to state their own relative importances. These self-
explicated weights are then used in equation 1. The appeal of the expectancy
value model is individual specific weights. Its drawbacks are the scaling
problems inherent in using self-explicated importances and the often ques-
~ tioned ability of consumers to accurately provide these weights. Furthermore,
because the seclf-explicated weights must be measured in the original survey,
expectancy value can only be used with fundamental attributes. s "

> The error terms are independent and identically distributed Weibull random

variables (McFadden, 1970).
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Unit wcig,'hts, i.c.,” the assumption that all dimensions are of equal
weight (Einhorn, no date), are included in the empirical tests as a check of the
hypothesis that market rescarch can identify relative importance.

EMPIRICAL SETTING AND EXPERIMENTAL DESIGN

The empirical problem is to model consumers' perceptions and
preferences relative to the attractiveness of shopping locations. Although
distance and other measures of accessibility influence a consumer's choice of
where to shop, most of today's consumers, especially in large metropolitan
areas, are faced with a myriad of shopping locations, all within easy driving
distances of their homes. Thus other attributes of shopping locations, such as
variety of merchandise, prestige, "specials", and reasonable price, are be-
coming important determinants of shopping behavior. To begin to understand
this construct of shopping' location attractiveness it is necessary to determine
the cognitive dimensions of attractiveness and their relative importances. ?

The study develops models based on measures of seven shopping
locations including downtown Chieago and six suburban shopping centers of
widely differing characteristies (see Table 3). The locations were chosen to
represent the types of shopping opportunities available to residents in the
suburbs north of Chicago. The data were obtained by sampling individual
shoppers at four of these locations. The models reported use choice based
adjustments to eliminate sampling bias in the estimation of importance
weights (Lerman et al.,, 1976; Manski and Lerman, no date; Wallace and
Hassain, 1969). Since choice based sampling theory is relatively new, the
study inluded tests to ensure that there was no estimation bias. This sampling
reliability was checked by performing two distinet streams of analyses, one
stream for the full set of seven locations and one stream for the set of four
sampled locations. The results, explained in a later section, confirm the
choice-based sampling theory, and indieate that the resulting models and
comparisons are unbiased. This result alone holds promise for market
researchers because it indicates that random samples may be replaced by more
efficient ways to colleet data.

Table 3. Description of Shopping Loeations

Downtown Chicago Central Shopping
District.

1. Chicago Loop

2. Woodfield ~ One of the largest shopping eenters in the
Midwest

3. Plaza del Lago An exclusive shopping center characterized

by Spanish architecture and specialty shops

4, " Korvette City A small discount shopping center

In & companion study, shopping center choice is modeled as determined by
accessibility and attractiveness. The pereeption/preference study is nec-
essary to develop those models. All comparative results hold true in the
expanded model (Hauser and Koppelman, 1977).

.
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5. Old Orchard Relatively large suburban shopping center

Moderate size shopping center on major
highways

6. Edens Plaza

7. Golf Mill -~ Moderate size shopping center on major
' highways S’

The data were collected by self-administered questionnaire. The
data used in this analysis include rank order preference for the attractiveness
of each shopping location, similarity judgments for all pairs of shopping loca-
tions, direct ratings of each shopping location for sixtcen attributes, and self-
explicated importances of those attributes. (See Figure 1.) The attributes
‘chosen to describe the general characteristics of shopping locations and the
questionnaire were developed through extensive literature review, preliminary
surveys, and analysis of developmental questionnaires (Stopher, et al., 1974).

After a series of pretests, 37,500 mail-back questionnaires were
distributed. Of these, 6,000 consumers returned complete questionnaires and
1,600 of these consumers reported familiarity with all seven shopping loca-
tions. Five hundred of these respondents were randomly selected for analysis
and an additional 500 respondents were selected for saved data testing.

The experimental design is a full factorial for all feasible cells.
Preference regression, preference logit, and unit weighting models are esti-
mated for each perception model (nonmetrie secaling, diseriminant analysis,
factor analysis). Preference regression, unit weights, and expectancy value
are estimated~for the fundamental attributes.® In addition, two base models
are used for comparison. These are equally likely preference and preference
proportional to market share. All models are compared with respect to (1)
interpretability, (2) predictability, (3) ease of use, and (4) cost.

=

MANAGERIAL INTERPRETABILITY

Good models provide insight to analysts and managers by helping
them understand consumer response. Thus our first model comparison is
managerial interpretability. This criterion, which serves as a first screen, is
primarily a test of face validity but is also a test of intermodel consisteney
and robustness. The next section will test accuracy by using multiple
measures to test predictability. (Predictability and interpretability serve as
surrogates for explanatory power since the models are all of the same basic
- structure.) '

Perception Models

The first test of interpretability is based on perceptual structure.
Although the analyses differ, each perception model identifies the underlying
cognitive dimensions with structure matrices which relate the cognitive
dimensions to the sixteen fundamental attributes (Table 4). Despite strong

Preference logit is too costly to run with the 22 variables (16 attributes
and 6 sampling parameters) for fundamental attribute model. Without a
resurvey, expectancy value is only good for the fundamental attributes.
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If all the following shopping centers were Chicago Loop []

cqually casy to get to, which of them s . !
would you prefer to shop at for the goods Edens Plaza (Wilmette) []
you came to buy? Golf Mill Shopping Center []

Korvette City (Dempster & [ ]

Please indicate your order of preference Waukegan)

by placing a number beside each center.

Start with number I for the most prefer- Plaza del Lago R
red shopping center, number 2 for the

sccond most preferred, and so on down to Slel Unetiard [
the least preferred shopping center. Woodfield F [1]

Please rank all the shopping centers.

(a) Rank order preferences for attractiveness

Again, if all the shopping centers were equally easy to get to, how similar do you
think they are to each other? In answering this question, please think about your
preference to shop at them for the goods you came to buy. Check the box which best
describes how similar they are. Please be sure to do this for all pairs of shopping
centers. ‘

Completely
similar Completely
(identical) different
1 2 3 4 5 6 7
Woodfield and Chicago Loop [1] [] [1] [1 [] [1] []
Edens Plaza and Gold Mill [] [1 [] [] [] [] []
Woodfield and Plaza del Lago [] [1 [1] [1] [] [1 11

(b) Similarity judgments

In this question, we would like you to rate each of the shopping centers on these
characteristics. We have provided a range from good to poor for each characteristie.
We would like you to tell us where you feel each shopping center fits on this range.
For example: ) o

Chicago  Edens Golf Korvette - 0l1d Plaza
Loop Plaza Mill City Orchard del Lago Woodfield

good

Eating
Facilities

poor

(c) Ratings of the attributes of shopping locations

Yigure 1. Examples of the Survey Measurement

.
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superficial similarities, the different models demonstrate striking differenccs
in interpretation. First, examine the three three~dimensional perception
models. The nonmetric scaling model and the factor analysis model generally
have strong loadings on a single dimension indicating strong relationships
within groups of attributes. The diseriminant model has some attributes
related strongly to two or three dimensions and six attributes which are not
strongly related to any of the dimensions identified.® The nonmetric scaling
and diseriminant models include mixed signs for some of the major loadings;
that is, some attributes load positively and others negatively on the same
dimensions. These mixed loadings prevent the manager or analyst from
identifying any natural direction of goodness along the affected dimensions.
The factor analysis model does not ineclude mixed signs for any of the major
loadings.

The effect of increasing the number of dimensions was examined by
developing four-dimensional diseriminant and factor analyses (the small num-
ber of shopping locations do not allow the development of a reliable four-
dimensional scaling analysis). The four-dimensional diseriminant analysis
continued to include both uneclear and mixed loadings and was not analyzed
further.® The four-dimensional factor analysis produced clearer dimensions by
separating variety from quality and satisfaction (Table 4, part d).

The second test of interpretability is based on the perceptual maps
(Figure 2). These maps help managers identify how each product, service, or
shopping location is "positioned" in the market place. This way a manager can
know the relative strengths and weaknesses of each shopping location and can
identify opportunities in the market.

Careful inspection of Figure 2 reveals some consisteney among the
reduced maps even though the measures of dimensions come from different
models. For example, note the low scores for Korvette City on quality
(satisfaction) and for Chicago Loop on parking, or the high scores for
Woodfield on variety and for Plaza del Lego on quality (satisfaction). These
and many other "positionings" have strong face validity. But there are
important differences. The factor analysis map gives slightly better insight
because the four dimensions do not mix quality with value nor parking with
satisfaction. All of the reduced perceptual maps are easier to work with and
understand than the fundamental attribute map, which presents too much
information to readily internalize for strategy development.

Thus all the perception models- provide useful insjght and some
overall consistency of interpretation. However, factor analysis which has
strong face validity is superior because of the clearer loadings, absence of
mixed loadings, and the ability to identify four managerially important
dimensions. Final judgement on the importance of these difféercnces must
await results of the predictive ability tests. '

Varimax rotation of the discriminant coefficients did not improve inter-
pretability and was dropped from further analysis.

The four-dimensional discriminant also provided very little improvement in
explaining differences in pereeption among individuals and shopping
centers. '
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Preference Models

The normalized cstimated importance weights for each preference
model for the three perception models are shown in Table 5. Although the
exact values of the importances vary, their rank order is identical for both
statistical models. This statistical robustness plus the faet that the estimated
weights are definitely not equal suggests that the dimensions do have
differential importances and that a unit weighting model probably neglects
importance information. (The negative value for parking further indicts the
discriminant analysis model.) Final judgement on robustness and significance
relative to unit weights must await the predictability tests,

The expectaney value model incorporates individual importances for
the fundamental attributes. These can be averaged to obtain an overall index
of the importance of these attributes but cannot be used to obtain importance
weights for the underlying 'cognitive dimensions.” Thus expectancy values
provide a different type of importance information which may augment those
obtained from the other preference models.

. Table 5. Normalized Importance Weights for the Preference
Models (* = not significant at the .05 level)

CONSUMER MODEL NORMALIZED IMPORTANCE WEIGHTS
Quality/
o . Satis- -

Factor Scores . Variety faction Value Parking
Pref. Regress. .38 .54 AT 01*
Ist Pref. Logit - .30 .41 .23 OT*
Unit Weights 28 .25 «25 .25

Quality/ Parking/

Nonmetric Scaling Variety Value - Satisfaction
Pref. Regress. .26 .43 .31 =
1st Pref. Logit .26 .49 .26 -
Unit Weights .33 33 .33 -

Variety/

Diseriminant Satis- Quality/ ) _

Analysis factlion Value Parking
Pref. Regress. .10 70 -.20 -
1st Pref. Logit .17 . .63 -.20 o
Unit Weights .33 .33 .33 ~

7

The structure matrices are not full rank and eannot be inverted.
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PREDICTIVE ABILITY

A good model provides managerial insight and prediets well.
Furthermore, predictive abilily acts as a surrogate for explanatory power if
the models have similar structure. Three distinet but related tests examine
predictive ability. This use of multiple tests minimizes the problem that some
models, such as preference logit, optimize one measure, i.e., first preference
prediction, at the expense of other measures.

The importance weights estimated for the "calibration” sample of 500
consumers are used in equation 1 to predict consumers' preference rating
among the seven shopping locations for the "ealibration" sample, and for an
additional "save data" sample of 500 consumers. The preference ratings are
rank ordered to obtain individual preference ranks. These data are used to
test (1) the percent of times each model corrcetly predicts first preference,
(2) the percent of times' the model correctly prediets the seven preferences,
and (3) the mean of the absolute difference between the predicted and actual
first preference market shares. Table 6 reports the results of those tests.

Perception models

It is clear from Table 6 that factor analysis dominates both non-
metric scaling and discriminant analysis, and in some cases is superior to
fundamental attributes. This difference in predictive ability cannot be
explained solely by the use of four versus three cognitive dimensions. In fact,
the nonmetric sealing models predicted that no one would prefer Edens Plaza,
Golf Mill, or Korvette City, which account for 13% of the aectual first
preferences. This is a direct result of the theoretical problem mentioned
earlier that INDSCAL assumes common rankings of stimuli along each
cognitive dimension.

The predictive ability of the fundamental attributes is sensitive to
the preference model used. The poor performance of preference regression on
fundamental attributes is surprising. A priori, one would expect that funda-
mental attributes would contain more information than the reduced perception
models, but in this case the data is collinear and it appears that the
collinearity degrades prediction. This multicollinearity also produces unreli-
able importance weights which degrade managerial interpretability. On the
other hand, fundamental attributes combined with expectaney values or unit
weights predict alomst as well as the best factor analysis models.

Thus the predictive tests reinforce the interpretability analysis.
Factor analysis is the superior perception model to uncover consumers'
cognitive dimensions.

Preference models

The interpretability tests indicate that preference regression and
preference logit are similar and that both are superior to unit weights with the
reduced perception models. The predictive and saved data tests confirm this
hypothesis for nonmetric scaling and diseriminant analysis, but for faetor
analysis they indiate that logit is slightly superior. All preference models for
factor analysis, diseriminant analysis and fundamental attributes predict
significantly better than both the "equally likely" base model and the market.
share proportional model. Expectancy value predicts well with fundamental
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Table 6. Predictive and Saved Data Tests for the Combined Models

et e S e

PREDICTIVE TESTS SAVED DATA TESTS
1st All Mean 1st All Mean

CONSUMER prefer- prefer- Absolute| prefer- prefer- Absolute

MODEL ence ences Error ence ences Error
Base Models

Equally likely 14.3 14.3 12.0 14.3 14.3 12.0

Market Share 26.8 & - e = =
Factor Scores

Pref. Regress. 50.1 32.9 4.1 46.6 31.8 4.3

1st Pref. Logit 55.0 37.0 3.6 50.8 36.6 4.5

Unit Weights 48.7 33.0 5.8 44.0 31.4 3 |
Nonmetric Sealing

Pref. Regress 36.6 25.1 9.0 19.0 14.4 22.6

1st Pref. Logit 34.8 24.4 10.8 19.0 13.5 23,1

Unit Weights 32.4 24.8 9.7 19.8 11.3 22:9
Discriminant Analysis

Pref. Regress. 35.6 26.6 9.9 38.4 29.1 852

1st Pref. Logit 36.2 27.8 10.1 39.6 29.7 8.3

Unit Weights 35.2 23.8 9.0 35.6 23.2 T8
Fundamental Attributes

Pref. Regress. 39.5 30.6 7.8 41.4 30.9 6.2

Unit Weights 51..1 - 36.4 9.7 47.0 34.2 5.3
Expectancy Value 52.8 34.4 5.4 47.0 34.0 5.4
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attributes but not as well as preference logit/factor analysis. Expectancy
value cannot provide relative impertances for the reduced dimensions.

Thus, based on both managerial interpretability and predietive abil-
ity, the best combination model is factor analysis with preference logit.

EASE OF USE AND COST

In multimillion dollar managerial decisions it is worthwhile spending
substantial money, time, and effort on analysis. But not all managerial
decisions are multimillion dollar decisions. It is important that a good model
be tailored to the decision it supports. While a model may be the best
predictor, it may be too difficult or costly to use in a real environment. Thus
the final model comparisons are ease of use and cost.

Perception models

Factor analysis and discriminant analysis are readily available in
most standard statistical packages, e.g., QUAIL, BMDP, SPSS (Berkman et al.,
1976; Dixon, 1975; Nie et al., 1975), are simple to access and use, and provide
easily interpretable output. Both models cost about $10-$20 to run, including
checks at three, four, and five dimensions (CDC-6400 at $510 per epu hour).
Finally, the models are readily transferable to new data sets via factor score
coefficients or unstandardized diseriminant coefficients.

In contrast, the special programs for nonmetric sealing require many
exploratory runs, special FORTRAN programs to handle data transfer, and a
series of statlstlcal manipulations and data handling to develop a ecommon
space, estimate individual weights, and compute the directional cosines. A
single set of runs costs about $40, but because various starting configurations
and dimensions must be checked, the effective cost is about $150. Further-
more, new individual weights must be estimated to transfer the model.
Finally, there is an added survey cost because nonmetric sealing requires
direct similarity measures® in addition to attribute measures.

Preference models

Preference regression is available in most statistical packages
(Dixon, 1975; Nie et al., 1975) and preference logit is becoming readily
available (Mcl“adden, no date) Both are simple to access and use, and provide
easily interpretable output. Of the two, preference regression is less
expensive. A typical run of 20 or more variables costs under $10. Logit costs
increase rapidly with the number of variables. For example, for our analyses
an estimation on reduced perceptions which requires 9 or 10 variables (3 or 4
cognitive dimensions and 6 sampling variables) cost about $30, while an
estimation on fundamental attributes which requires 22 variables (16 attri-
butes and 6 sampling variables) would cost over $100. [Fortunately, forth-
coming estimation packages promise to be muech less expensive to use
(Berkman, 1976)].

8  There are techniques based on indirect similiarity measures, but these
techniques introduce metric assumptions (Green and Rao, 1972). Further-
more, when checked on this data set they did not outperform the direct
measures.
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Unit weights and expectancy values have no estimation cost, but
expectaney values incur a survey cost because sclf-explicated importances
must be measured in addition to attribute ratings.

Thus the best model for interpretability and predictability, prefer-
ence logit-factor analysis, is relatively easy to usc, not very expensive, and
requires no survey qucstions beyond the attribute ratings and first preference.
The last section outlines a summary of these comparisons, but first the next
section presents a short discussion on the choice based sampling checks.

RELIABILITY AND EXTENDABILITY

Perceptions/prefc'rence models are important marketing tools, but
standard proccdures to collect data for these models can be difficult and
expensive. For example, random samples collected at home locations require
a survey frame, a sampling strategy, and either mail back or home interview
surveys thoughout the metropolitan area. For the types of models tested in
this paper these sampling costs would be high. Alternatively, choice-based
samples ean be collected. In a choice-based sample, consumers are sampled
based on their choice of shopping location. To obtain unbiased estimates,
samples should be collected in proportion to the number of consumers who
would have chosen that location in a random sample. These sampling costs are
less but still quite high. A third sampling strategy, made possible by recent
developments in econometrics (Lerman, et al.,, 1976; Manski and Lerman,
forthecoming; Wallace and Hassain, 1969), is to purposively collect samples at
representative shopping locations and statistically correct the sampling bias.
If this statistical analysis proves successful, market researchers with small or
moderate budgets will be able to develop perception and preference models.

This study used choice-based sampling theory, and all empirical
analyses use estimation procedures designed to eliminate sampling bias
(Lerman, et al., 1976; Manski and Lerman, forthcoming; Wallace and Hassain,
1969). To test the reliability of the results, the models were estimated for the
full seven stimuli and then again for only the four sampled stimuli. These
empirical tests confirmed the predictions of the theory. For example, Table 7
shows that when factor analysis is the perceptual model, all estimated
importances are statistically equivalent independent of the sampling strategy.
Analyses when diseriminant analysis and nonmetric scaling are the perception
models provide similar results.



Table 7, Example of Comparlson Between Full Stimull Set and
Choice-Based Sample Only. '
» (There were no statistically significant differcneces at the .05 level. .
The # indicates the estimated coefficient was not significant at the .05 level.)

Quality/
Variety Satisfaction Value Parking
Complete Set of 7 Stimuli
" Preference regression .38 .54 * K
1st preference logit .30 .41 .23 »
Sampled Stimuli Only (4)
Preference regression .38 «h% * *
1st preference logit 27 .42 .24 -

The basic idea behind choice-based sampling theory is simple, al-
though the formal proofs contained in the references are complex. Suppose
that a sample is biased in the sense that it contains all the relevant population
segments but in the wrong proportions. One such biased sample might result
from drawing 50% of the sample from color TV users and 50% from nonusers
when testing for differences among users and nonusers. If it were possible to
identify the correct usage proportions in the population (suppose only 10% of
the population were color TV users) it would be possible to differentially weigh
each respondent and create a statistical sample more or less equivalent to a
random sample. But in a choice-based sample this proportion bias may not be
known. Choice-based sampling theory allows one to include sampling variables
to simultaneously estimate both sample bias and importances (Lerman et al.,
1976; Manski and Lerman, forthcoming; Wallace and Hassain, 1969). The
resulting importances are unbiased. '

For the analyses of this paper, the choice-based sampling theory and
the empirical checks indicate that the results are extendable to other shopping
locations within the Chicago area and perhaps to other metropolitan areas. At
the very least, these sampling tests indicate that there is no systematie
sampling bias confounding the intermodel comparisons.

SUMMARY

The model comparisons described previously are summarized in Table
8. Based on these comparisons, the best model for accuracy and insight
appears to be preference logit/factor analysis. If a logit package is not
available on the computer system, the next choice would be preference
regression/factor analysis for interpretability and expectancy value for pre-
dictability.
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Table 8. Summary Compuarison of Pereeption and Preference Models

MODEL L CRITERIA
INTERPRET- PREDICT- EASE OF -
PERCEPTION ABILITY ABILITY USE COST
FACTOR ANALYSIS Excellent Best Standard $10-20
insight statistical
package
NONMETRIC Good Moderate Special
SCALING insight: programs $40-150
many analysis
runs
Requires
similarity
questions in
survey
DISCRIMINANT Standard
ANALYSIS Good Moderate statistical $10-20
insight package '
FUNDAMENTAL Difficult to Good with non- No additional Expensive
ATTRIBUTES interpret statistical analysis with Logit
pref. models model
PREFERENCE
PREFERENCE Standard
REGRESSION Consistency Good statistical $10
package
across
PREFERENCE Methods Best Becoming $10-100
LOGIT available
EXPECTANCY Only useful on No additional No analysis
VALUE fundamental  Good analysis cost
attributes -
Requires
importance
questions
in survey
UNIT No Good No additional No analysis
WEIGHTS insight " analysis cost
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When seleeting preference models, both preference logit and prefer-
ence regression provide consistent managerial insight and good predictions
with relatively small cost and effort. Unit weight provides a good base model
but does not help identify the relative importances of cognitive dimensions or
attributes. Finally, expectancy value provides a basis for assessing relative
importances for fundamental attributes but does not provide information about
the relative importance of cognitive dimensions. However, it does provide
good predictive ability and can add to managerial insight.

The analyses reported in this paper have been performed for a single
product category and for a single measurement instrument. However, the
product category, shopping loeation, is an important category for marketing
research and the measurement instrument went through extensive and careful
theoretical and empirical development. Nonetheless, the results obtained are
subject to eonfirmation ip other empirieal or simulation tests. [Hauser and
Urban (1976) report similar statistieal consistency between preference logit
and preference regression for models applied to the design of health serviees.]

Further interesting tests are possible to test the linear compensatory
models relative to the extended expectancy value models (Ryan and Bonfield,
1875) and relative to nonlinear preference models (conjoint analysis, tradeoff
analysis, direct utility assessment) which require followup personal interviews
after the perceptual dimensions have been identified. This area of compar-
ative model development is fruitful and deserves attention from marketing
researchers.
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