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Compesitional methods for generating product spaces from attribute data
differ in their capacity to recover objective dimensions that discriminate between
brands These differences, which have important imphications for the usefulness
of various scaling techniques to managers, are illusirated by an example
from consumer esthetics involving the evaluation of recordings by (azz saxe-
phonists The emphasis 15 on contrasts among the compositional approaches
that result in different kinds of dimensions being prominent in reduced space

Using Attribute Ratings for Product
Positioning: Some Distinctions Among
Compositional Approaches

solutions

In an age when product-positioning decisions have
become central to the firm’s competitive strategy, the
choice of an appropriate method for defimng the
desired image of a brand with 1espect to its competition
has become mncreasingly problematic Well-established
decompositional methods based on the multidimen-
sional scaling of pairwise brand simulanties data (e g ,
see Green and Rao 1972) may generate product spaces
whose dimensions are difficult to interpret In some
circumstances, the derivation of product spaces from
attitude data promises to help overcome this problem,
but a brief review of the hterature on such composi-
tronal approaches reveals conflicting opimons and
contradictory advice as to the preferred approach
For example, Howard and Sheth (1969) propose a
type of principal components analysis, whereas Urban
(1975) and Hauser and Koppelman (1977) advocate
the general factor model, and Pessemier (1977) recom-
mends discriminant analysis More general treatments
of the preduct-positioning problem, such as those by
Shocker and Srimivasan (1974) or Aaker and Myers
(1975), discuss various afternative representations, but
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offer little gwidance as to which 1s better sumied to
a given managerial situation Working with attribute
(as well as similanties) data, Green and Rao (1972)
compare a vanety of product spaces that can be
derived Therr simulation studies indicate, however,
that most of the available techniques may be inter-
changeable 1n terms of recovering a known configura-
tion Accordingly, even if attention is confined to
compositional approaches, 1t appears that the market
analyst wishing to produce a useful set of perceptual
dimensions based on brand attnbute ratings can select
fromm a variety of avalable techmques, reasonably
choosing whichever method best fits the nature of
the data, the available software, or his momentary
whim

Despite the prevailling confusion, there are impor-
tant, if hittle understood, distinctions among various
compositional approaches to bulding product spaces
from attnibute data In particular, methods differ mn
their treatments of affect It 15 well known, for
example, that a principal components solution denved
from semantic differential judgments generally con-
tamns an evaluative dimension (Osgood, Suci, and
Tannenbaum 1957) The evaluative component orders
brands by the respondents’ average degree of liking
and thus may serve as an important indicant of brand
health But because this factor 1s, by defimition,
uncorrelated with the other perceptual factors and 1s
therefore not predictable as a linear combination of
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these other factors, 1t remains essenually stenile o
terms of bemng explained by them Consequently, a
principal compouents solution ncluding such an affec-
tive dimension may warn the analyst that a braand
15 unpopular witheut 1solating dimensions that explain
why 1t 18 disliked

Whether a product space should include the affective
dimension depends on its intended use In some
contexts, 1t 15 advantageous to produce a relatively
affect-free set of perceptual dimensions as a basis
for product-posiioniig decisions Confinung attention
to compositional methods, the authors examime several
alternative approaches to purging the affecuve
component fromn perceptnal dimensions based on
brand attribute yudgments The first 1s merely to 1gnore
or delete the orthogonal evaluative dimensiem The
second mvolves creating 2 more precise wndex of affect
and partialing out 1ts effect pnor to acalysis The
third submats the principal components solutior to
multiple discnim:nant analysis to derive dunensions
that, for reasons showr hereafter, are often affeci-
free

The purpose of this article 1s to show that there
are important differences among the compositional
approaches that have hitherto been considered largely
equivalent These differences anse from the dimen-
stons that are vevealed rather than the positonng of
a brand on a particular dimensior and thus can be
understood better by comparmg the loadings on the
dimensions rather than the resultant spaces

The baswc findmg s that the use of partials and /or
discriminant anaiysis (as opposed to straightforward
prncipal components analvsis) produces dimensions
that are more objective n reflecting homogeneous
perceptions across consumers In addition, these solu
nons arg more hkely to be “‘actionable’™ as defined
by Shocker and Srimivasan (1974)—that s, they are
more hikely to “indicate specific actions the manufac-
turer must take to basld such a product” (p 292)
Conversely, straight principali components analyss
often provides solutions that are more sensitive to
the meaning of attributes Such analyses might be
more appropriate in, say, an advertising study where
managenal atteniion 1s focused on semantic labelmg
mstead of objective brand differences Thus rather
than advocating the use of one compositional appreach
over another, the authors attempt o ddferentiate
among methods and to define where thewr uses are
appropriate

These points are dlustrated by a studv based oo
attnbute ratings of recordings by jazz saxophonists
usmng data previously described by Holbrook and
Huber (1979) Though such an “‘esthetic’ data <et
may be somewhat novel to marketing researchers more
famubar with branded products, artistic offerings are
certainly marketable commodities of great managerial
mterest to concert promoters, radio stations, and
record manufacturers The data have an additional
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advantage 1w that the recordings +ee <glected to
fepresent cevtam objechively defined charactenstics
The degree to which the competirg -+lutions match
these predefined dimensions provides a measure of
relative objective content

PERCEPTIONS OF JAZ2£ RECORDINGS
AN TLLUSTRATIVE STUDY OF CONSUMER
ESTHETICS

The stimuli for the study copsisted of 14 recordmgs
by jazz saxcphomste of conientiona! 12-bar blues
EFach selection contamed three choruses (36 measures
of musi) from the saxophonisi’s solc These record-
ings were stmular in musical form and accompanument,
but differed with respect to whethe~ the saxophone
was alto or tenor and whether the artist was influenced
primaridy by Lester Young {“West Coast School™)
or Charlie Paike. (““East Coast School’”) These two
factors were crossed so that there weve altoe and
tenors w each of the schools The selections also
differed in two uncerirolled factors key and tempo
Thuas, as summanzed 1 Table | and dascnibed moie
fully elzsewhere (Hothrook and Huber 1979), the siumuls
spanned a numbe: of explicit dumensices

The 14 selections, rach recorded on 4 separate tape
cassette, were played by respondents 1n randomired
orders and cvaluated on 93 semantic diftsrential <cales
Toe bipolar adjectives defiping these £-posiiion scales
were dernved from wnformal wterview s with jazz bis-
teaers, popular jazz pertodicals, and introspection on
tne part of the avthors and were mtended 1o encomyass
most ways such selections might be discniminated

Sixteen subjects acie recruited by advertiscments
on umvers.ty bullet.r boards Lach was paid $5 for
participating n the iask which ook from 1 1/2 to
2 1/2 hoursto complete Because ¢f the small numbe-
i the sample and its resi~ict.on to stedenis or near-
students (spouses, firiends, secretar.es), perceptual
Judgmeants of the selechons cannot e assamed ta
represent those of society ai large However, fur the
parnoses of this study, the sample piovides a very
credible illustration of the solmtions derived by dif-
ferent analytic teckriques Farther~ire, the strong
mterest w jasz oxpressed by ihe rezpondents coupled
with the large number of rating= from each parficipant
led tn percepiual dunensions that wers hoth consistent
ard <table The solutiens therefore repressni coherent
perceptions of the recordings cven f these percpetions
are not completely representanive of the overall jazz
market

As suggested by Basz and Wilkie (1973) cach
semantic Jifferent.al ~zting (coded " to §) was divided
by the sum of ratings across obyects for » given subject
and attribute Tius normalization of the data cause=
a respondeni’s ratings on an attribute to sum to 10
across stimuly, thus houting both scale-unit and yes-
savig effects

The input to the analysis thus consisted of a three-
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Table 1
DESCRIPTION OF JAZZ SAXOPHONE RECORDINGS USED AS STIMULUS OBJECTS®
%:: —_ —— e IS ——— s mee e e — T [
Type of Beats per Trle of Record label
Siyle saxophone FPerformer Key minuie tune and number
West Coast Tenor Lester Young D-flat 222 “*Ad Lib Blues™ Verve VE-2-2502
Stan Getz B-flat 238 “Down Beat™ Verve MG V-3832]
Zoot S1ms G 262 “Zoot Swings the Blues® Prestige P-24061
Al Cohn B-flat 203 “John's Bunch” Famous Door HL-107
Alto Paul Desmond E-flat 210 “St Lows Blues” Columbia €28-826
ELee Kotz B-flat 108 “Cork ‘N° Bib”’ Atlantic 1258
Art Pepper B-flat 200 “Marty’s Blues” Archives of Jazz AJ510
Last Coast Alto Charlie Patker F 218 “Jam Blues™ Verve VE-2-2508
Sonny Sttt F 259 “*Au Privave" Verve MG V8-6108
Sonny Criss F 262 “Cahforma Screamyn’ Prestige 7628
Phul Woods E-flat 145 *‘The Stanley Stomper’* Prestige P-24065
Tenor Sonny Rolims B-flat 154 “Bluesnote™ Biue Note BN-LA401-H2
Dexter Gordon  B-flat 232 “Wee-Dot™” Steeplechase SCS-1025
John Coltrane F 196

e ———— . R ROAeRe  F
"This 1able 1s taken from Holbrook and Huber (1979}

dunenstonal matrix of normalized scores from 16
subjects (consumers) rating 14 recordings (brands) on
93 scales (attributes) As this kind of data 1s typical
of that often collected by marketing researchers using
comnpositional approaches, it 1s mmportant to compare
varnous aggregate perceptual dimensions that can be
denved from such a data cube First, the effect of
modifytng a principal components solution by replac-
ing simple correlations with partial correlations 15
described Then the effect of chaiing discriminant
analysis to the principal components solution 1s consi-
dered

A Comparison of Solutions Based on Raw Versus
Partial Correlations

Interattribute correlations were denived by stacking
the objest-by-attribute matrices for all 16 respondents
nto one long matrix with columns representing each
attnbute and rows representing each respondent’s
rating of each object The 93 x 93 wterattribute
correlation matrix based on these data then served
as 1aput to principal components analysis The result-
mg {actors with eigenvalues greater than 10 were
rotated to a more mterpretable vanmax Structure, and
the dimensions of the aggregate product space were
formed by taking an average across the 16 respondents’
scores fer each jazz selection on each factor

Two aspects of this compositional approach to
derrving perceptual dimensions bear comment The
first concerns the computation of correlations with
data that are pooled across both stimuli and respond-
ents The second mvolves the choice of prmcipal
components over the general factor model

The pooling 1ssue has long been recognized as g
problem beclouding the meaning of factor spaces
Consider furst the poohng across subjects To the
extent that subjects have different views about the

““Some Other Blues”

Atlantic 1354

way adjectives are related to each other, an aggregate
solutton may obscure or distort immportant individual
differences This effect can be called respondent-by-
scale interaction 1n that the resultant dimensions are
a function of the particular respondents chosen Pool-
ing across objects may produce a correspondmg ob-
Ject-by-scale nteraction 1o the extent that different
objects evoke different relations between attributes
In marketing, the first problem relates to perceptual
heterogeneity across consumers whereas the second
relates to perceptual heterogeneity across brands A
test for both kinds of mteraction 1s available (Clea-
venger, Lazier, and Clark 1965), or one might account
for certam kinds of mteraction with three-mode factor
analysis (Belk 1974, Levin 1965)

Strong mteraction would dictate grouping either the
subjects or the brands into smaller, more homogeneous
subsets and funning the analyses within these sub-
groups In the present case, however, the stimuli were
selected to be very simmlar so as to minimize the first
kinds of interaction F urthermore, the main objective
of ths type of analysis 1s to wentify those dimensions
that are common 4mong cansumers and across brands
Too many subgroups, just like too many dimensions,
nught result in a more accurate model that would
be less useful managenially

The second methodological 1ssue 1s related to the
use of principal components mstead of the more
elegant and complex factoring methods that do not
place 1 0°s 1 the diagonals of the correlation matrix
Without reviewing the details of this complicated 1ssue,
One can state that the principal components solution
15 a data-reduction techmique that preserves, as far
as possible, distances between objects 1n the orngmal
data matrix What 1t lacks as a conceptual and statist-
cal model by not accountng for umque vanance it
compensates for by avoiding the factor-score mdeter-
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munancy that plagues other methods of factor analysws
(Green 1976, Nuonnally 1978, Ch 11)

In the analysis ¢ f the 1a77 data, principal components
solutions were denived by two contiasting approaches
One was sunply to use the raw data as wmput and
thew control for affect by ignonng the cvaluative factor
that emerged as the mbal PIINCIPal Cumpanent

The second approach followed 2 method proposed
by Myers (1965} in ueog data from which an mndex
of affect had been removed satistically  This wdex
of affect was formed by summing the values of the
nine semantic differential scales that hiad correlations
of gieater than 070 with the good/bad ccale fas-
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memorable / forgetisble, nterest-
ad The gcod/bad seale vas
chosen as an anchor kecause o bas ica~onable face
validity as » measdre of affect fur recoidings and
trcanse had tbe highest lcading (0 ®8) on the
affeciive factor that cmerged from :he pnnecipal
components analvsis of the «aw dara This sunimative
ndex of affcct was then partialed ont of the Temn Ng
ccales so that a metrix of paitisl correlr ens (rather
than the omgioal raw correlations; cgr.ed as gt
to the prncpal cowponents apalysrs  Thiis second
approach mav be eqaiv !

sant /unpleasart,
wig/bonpg and good 'O

H

alently vicved a8 rep.acing
the or.zmal rapags 5y oW Val ahles unconiclated wth
B

ty / dustasteful talented /untalented, tasteful ftaste- the mdex of affect, where the pew vanahles are formed
less  creative / nmimaginative, excitipg /dull  plea- by regressing ativibute ratngs o7 the affect.ve mdeX
Table 2

SELECTED FACTORS WHERE PRIMCI
ON RATINGS WiTh Th

On ravw dote

PAL COMPOMNENTS ON RAW ATTRIBUTE RATINGS WERE SIMIL47F
£ AFFECTIVE INDEX PARTIALED OUT

O COMPONENTS

O partaly

Fartaor

Factor racior
aumber ftem Leading® namwe rumér {ten: 1 oadmg®
Actnn
2 Busy /lasy b3 l Busy /lazy 81
Fast/sloa 81 [ast /elow R0
Encrgetc,
hstless 75 Fnergetic/
Listless 78
Coulnets
4 Cool/warm T8 2 Cool/ warm 73
Intellectital / intetleciual/
cmotienal 56 emetiona! 66
pristne/ Fuisiice /
funky 55 funky on
Strvisuic
3 Stryctured/ 4 Struciuved /
randormi 55 frec 74
Compnsed /
umprovised &6
Coat mpors o
5 Cuntemporary / 5 Contemporary /
traditional 21 tiaditienal 80
New /old Ti New, old 75
Progressive [ Progrees. 2/
TeEressive 0 regressi: € 74
Labor
6 Y.abored/ 18 Labored?
effortless 50 efforiless 56
Flatness [ heaviness
7 Filat/sharp 45 7 [lat ‘shasp 65
Heavy /light 59 Heavy/lieht 60
Soto
8 Solo/en~cmble 78 11 Solo/ensemble 55
Tidel 1y
9 Well-/ pooily 9 Well- fpoorly
recorded 78 recoided %0
High /low tHigh-/low
fidehty &9 fidehty B4
Masculard)y
10 Masculine / 15 Mascu's &/
fermipine 81 femrinine 77

aDirectior of the scales &

attributes with loadings gredter than 0 50 arc included
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and then replacing the onginal vanables with the
residuals

The justification of using partials instead of the
raw data 1s that it removes the affective component
of the ratings—leaving, presumably, adenotative core
It must be acknowledged, however, that there 1s some
arbitrariness in this index of affect itself Indeed, m
certain 1stances attributes may be strongly correlated
with affect but logically distinct from 1t, safety in
airplanes being an obvious example In such cases,
adjusting for affect could cause some important di-
mensions to be overcorrected However, as support
for this type of analysis, Myers (1965) found that
partialing out an mdex of job level from ratings of
various job descriptions produced a factor structure
that was both more usefu! and more readily interpret-
able than principal components By extension to the
context of a perceptual space for jazz saxophonists,
this partialing procedure may produce perceptual di-
meansions less distorted by affective overtones

Clearly, however, the raw components solution
provides a more straightforward way to remove affect
If a major evaluative factor cmerges, the easiest
expedient 1s to disregard thus orthogonal factor Thus,
the criical question 1s whether better results are
obtamned by sumply removing the entire evaluative
component or by more laboriously partialing out a
selective index of affect

Tables 2 and 3 show that, at least with respect
to the jazz data, Myers’ more cumbersome method
appears to be preferable Table 2 hists factors where
the two solutions are similar whereas Table 3 accounts
for those that differ and indicates that, as expected,
the solation based on partial correlations lacks an
affective dimension Moreover, it has gained two new
compornents depth and lyricism These components

511

had been part of the affective factor in the analysis
of the raw data

Thus, the preliminary partialng out of the wndex
of affect produces a solution that 1s largely sumilar
to that dertved from the raw data but (1) avoids the
evaluative factor and (2) reveals dimensions that might
otherwise be lost n that evaluauve component The
latter property 1s umportant because dimensions like
depth or lyncism, that are correlated with but not
equivalent to affect, may be of substantial use to
managers Partialing out an index of affect 1s a more
precise tool that can be hkened to the surgical removal
of that part of an organ that 1s cancerous, whereas
disregarding the whole component is more hke excising
the entire organ one 1s more certam that the cancer
is expunged with the second techmique, but there may
not be much left of the patient

Discrimmnant Versus Principal Components Analysis

In addition to the use of partial correlations, a second
compositional method for treating affect 1s to denve
perceptual dimensions by using discnminant analysis
in the manner proposed by Johnson (1971) In this
use of discimnant analysis, the brands define the
groups, and the analysis determunes Iinear combina-
tions of the oniginal attributes that best discriminate
between these dependent category variables If this
application of the technique has been relatively rare
in marketing (Ginter and Pessemier 1973, Lehmann
and Pessemmer 1973), 1t 1s perhaps because neither
the intuitive nor the managenal meamng of the discr-
minant dimensions has been well understood, particu-
larly in contrast with factor analysis (Shocker and
Srinivasan 1974, p 294) Briefly, discrimunant analysis
tends to extract dimensions based on those attributes
about which respondents agree in their perceptual

Table 3
SELECTED FACTORS WHERE PRINCIPAL COMPONENTS ON RAW ATTRIBUTE RATINGS WERE DIFFERENT FROM
COMPONENTS ON RATINGS WITH THE AFFECTIVE INDEX PARTIALED OUT

On raw data On partials
Facter Factor Factor
number Trem Loading® name number Ttem Loadmng®
Affect
1 Good/bad 88
Creative/ Not represented
ummagimnative 85
Talented /
untalenied 84
Depth
Not represented 3 Full/empty &3
Deep/ shallow g2
Lyricism
Not represented 13 Wistful/ sardonic 65
Lyncal/epic 45

» Dyrection of the scales was randomized, but here 1tems with negative loadings are reversed to facihtate mterpretation With the exception
of “lyncal/epic,” only those attributes with loadings greater than 0 45 are included
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posiioning of the brands, whereas principal comps
nents analysss produces factors tending to emphastze
those attributes that prompt agreement about the
meaning of the adrectives

The mathematical detaiis of this distinction, denived
from an excelient discussion by Green and Carroll
(1976), are presented m the Appendis To understand
its conceptual basis and its relation to affect, 1t 1s
useful to consider @ space m two dimepsions where
the attnbutes ave fast/slow (as an example of a
relatively objective attribute) and good/bad {a more
subjective attribute} A disenminant funcuon based
on such data car be 2xpected to have a greate-
ortentation to the more objective attribute whercer
the principal component %l be more onented toward
the affective dimens.won For example, both pancls
m Figure I contawn the same hypothetical scatier ot
responses The first principal component, as repre-
sented by the 45-degree hine m Panel 1, 15 that projec-
tion which accounts for the most variance m responses
measured across both subjects and objects In coa
trast, as shown m Pane! 2, multiple discrimimant
analysis begins by partihoning the total vanat-on into
within-obsect and between-object vanance For each
object the witki varsation 1s represented by the small
ellipse, where cach ellipse can be thought of as a
prebability contovr defining equal density of finding a
fating on an object Iu the example shown, the withir
vanation on the good/bad dumension 15 much greater
than that on the fast /slow dimens:on, indicating sumply
that there 15 much more heterogenesty of ratings for
objects on the former attribute than on the latter
By mimmtzng Wilks’ lamnbdacniterion the firstdisenim
mant function is that hnear combination which best
disciminates among all objects on the basis of their

figure 1
ILLUSTRATION CF ThE DIFFERENT QORITNTATIONS
OF THE FIRST PRINCIPAI COMPONENT AND THE FIRST
CHSCRIMINANT FUNCTION
(evaluation of <umull &, B, and C for 5 respondents)

Panel } Foaner 2

The First Pniocips) Component  The First Discriounant Cusction

P -
R v
Ry
1 /
v
ATy B1 ]3

i ' <t

Yavia o

S

0o
B —
w1l

Loy e
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attnbutes Cives thiscritenivn the Hnientation p.octmed
iti Parel 2 18 more w the directien of the objective,
fast /slow dimension and awa3 from the more subjec-
tive good /bad dimessios Thus, gives attributes wiih
equivalent between-cbyect vanaton discrmmant an-
alysie onients the reduced srace towzrd those atinbntes
that have smalter wethir-gcbject vanaton whereas
principal components analysis oriert= the «pace more
toward those attributes with larger wthin-object vas-
ation

In other aords all else being wyual, principal
companents asalysis tends to oat gieater weght o
thnse attributes ahout which people diszgree 1 thesr
ratings, and discrwr mant analysic pote greater weight
on those attnbutes sbout which people agree A
componeni soluhior thus tends to emphasize attributes
that

! Archeavily affect-laden 50 that ret wgs vary becouss

of different preferences or

Are ambiguces or vague s~ thot people disagree

o fataigs Or

3 Duffer aomcos subjects bt #re ot necessanly affect-
lads~ Exuamiples of sech atinbutes are “‘good to
dance t0™ or “anpredictable” where diyfercrces
individuale” expenence or sb ity lead w high wothin-
object varation

™3

Theus, fens defines “objective” atinbutes as those
aboot whick pecple agree i their rtags and *‘subjec-
tive’” attribefes as those about which thzv disagree,
one ¢an expect the former to be more prominent in
a discriminant analv=is and the latter to smerge in
a pruicipa!l compoten’s solud ca

Trese expe ciations were con®red o the analysis
ofthejrserecordings data In this case the diseniminant
analvs,is was perfoimed on the rediced prmcipal
components solution rather thay on the origmg! 03
=cales because analyeir on such a large number of
attnbutes produced unstable and largely umnterpret-
able ~eculis rwrthermore, chaming disertininant analy-
sis to a prircipa!l components soluton mavides a clear
contrast between the methods Tahie 4 shows the foar
dimensons that wele signeticant at the p << 0 10 leve!
The diseniminant analyses on hoth the raw and parnal
principa! components selutions were resarkably simu-
lar excent for a divergenee at the fourth discriminat
fincunn  As gapecied, asither solution had an affec-
tive dimmension. Fhis fact wmplies that the affective
duneasicn s onc on whieh respondents werg semant -
cally homogencuous, but perceptually heterogenicous
That 1s, they agreed on the meanin,+ of words so
that 2 brand viewed as “‘zood” was al=o bkely to be
called “‘creative,”” “‘talerted.”” *‘tastefivl,”” and so on,
and this agrecment resulted m the prorumence of the
affective dumensior . the pnncipal componenis an-
alysis However, respondenis disagreed or the affec-
twve positionang of brands —whetker a particular brand
wds “‘good” or “bad”—and tus judgmenial betero-
geneity accounts for the lack of an affective dimension

- Capyright ©.2001._All Rights Reseved.
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Table 4
DISCRIMINANT DIMENSIONS FROM RAW AND PARTIAL COMPONENTS

On raw data

On partials

Discriminant Standardized Discriminant Standardized
dimension Factor coefficient Name dimension Factor coefficrent
Tempo
1 Activity S0 1 Acuvity 89
Heaviness-
masculinity
2 Flat/Heavy 48 2 Flat /Heavy 42
Masculinuty 43 Masculity 34
Recency
3 Fidelty 53 3 Fidelty 43
Contemporary 52 Contemporary 51
Groupfeminine Lyrical
4 Mascuhmaty — 51 4 Lyrnical 45
Solo - 49
m the discnmunant solutton  Simmlarly, both than the discriminant solutions However, because the

*‘coolness’ and ‘‘structure’ appear to be applied too
mconsistently to emerge as discnmimant dimensions !
Thus, the prominence of some attributes i the
principal components analysis but not mn the discrimi-
nant solution reflects the fact that some attributes were
cognitively fixed across subjects whereas others
showed substantial vanabihty

In sum, compared with principal components,
discrimmant analysis provides dimensions that are
more ohjective 1n the sense of representing homogen-
eity of perceptions across subjects Such dimensions
may be closer to those that are “objective’” m a
scientific sense-—namely, representing brand charac-
tensucs about which consumers agree The next sec-
tion describes a test of the extent to which the various
composttional approaches do 1n fact produce external,
venfiable representations of the data on jazz record-
1ngs

The Obective Content of the Perceptual Dimensions

In total, four four-dimensional solutions were
denived from the data on recordings of jazz saxophon-
1sts twe principal components analyses (one on the
raw data with the evaluative factor dropped and one
on data with an affective index partialed out), and
two discriminant analyses (each based on one of the
principal components solutions) The analyses are not
strictly comparable because the principal components
solutions contain many more significant dimensions

'"Thus mierpretation 1s supporied by analyses of variance showing
the ahsence of significant differences among saxophomsts mn the
wdex of affect (F = 100, ns) or in coolness (F = 119, n 5 )
or structure (F = 1 55, n 5 ) but the presence of significant nter-
saxophonst differences in perceved activity (F = 15 33, p < 00l),
heaviness (£ = 267, p < 01), masculinity (F = 3 18, p < 001,
Didelty (F = 380, p < 001), contemporaneity (F = 3 63, P <
001) and solo (F = 212, p < 05y (all df = 13, 206 due to
four aussing observations)

purpose of a reduced space 1s to achieve a manageable
dimensionality, 1t 1s reasonable to compare the solu-
tions on the basis of the first four dimensions Table
5 shows the correspondence between these soltions
and three external, objective charactenistics (1) tempo
(measured as the number of beats per minute), (2)
school of jazz with which the saxophomist 15 most
associated (East or West Coast), and (3) type of
saxophone (alto or tenor) The measures of correspon-
dence are based on the canonical correlations between
the various four-dimensional solutions and this set
of three objective attributes If the solutions perfectly
reflected the objective charactenstics, the three ca-
nonical roots would each have an R*of 1 0 Therefore
the average of the three R*’s measures the proportion
of possible objective vanance explamed by each
competing analysis (Whether maximal representation
of the objective charactenstics should be the re-
searcher’s goal 1s considered 1 the discussion section )
In all cases, tempo emerged as the first root, and
the second and third roots represented combinations
of the East/West and alto/tenor distinctions But,
as expected, both disciminant solutions surpassed the
prncipal components solutions in their degree of
correspondence to the objective dimensions (R* =
67and 74 versus 49 and 61) Furthermore, partialing
the affective index seemed to be more effective than
merely dropping the affective dimension (R* = 61
and 74 versus 49 and 67) This finding suggests
that, if one’s goal 1s to denve perceptual dimensions
that are as objective as possible, affect should be
removed by partial correlation, principal components
should be derived, and then discnminant analysis
should be used to create a final reduced space

DISCUSSION

Two major conclusions can be drawn from the
preceding analysis

Copyright © 2001. All Rights Reseved.
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Toble 5
CORRESPONDENCE QOF PERCEPTUAL DIMENSIONS 10 PRIQR QBIECTIVE CHARACTERISTICS

Sobution |
Components an raw atiribute<

Sntution 2
Components op patials

Canorseal Objective Caggn.cal Obectin.
root label R’ root labe? R
1 fempo 86 1 lempa 93
2 Fast Coast- 2 Fa~. Coast-
tenor 52 alto 64
3 East Coast- 3 tast C oast-
alto 08 tenor 4
Proportson of
possible vanance R* = 48 R’ = 6l
explamed
Soluvon 1
Solwiron 3 Diceraraniant 07 COrIpongs s
Discrinunant on raw compeneni on parta’s
Canonteal Obyjective Canonicaol Objerte e
roo' label R? root labe’ ’
1 lempo 93 ! Tempu 04
2 East Coast- 2 Fast Coast-
tenor 79 femor 84
3 East Coast- 3 past Coost-
alto 25 aho u”
Proporuon of
possible variance R* = 67 R-— 74

explaned

Paruialing out an 1ndex of affect may lead to a more
clearly mterpretable solution that better represents
objective dimensions

IMscriminant aralysis provides dumensions on which
respondents agree abont the positioning of objects
Where preferences are relatively heterogeneous, il
therefore tends to remove the affective factor In
the preseni studs, it also produced mrre objective
dimen<ons that did principal cornpenenis analys:s

An umportant remaming issue 1s the extent to which
compositonal approaches should reflect objective
dimensions Clear'y the decision depends on the
managenal task To the extent that wanagement 1S
attempting to design a new brand or redesign an old
one, the more cobjective dimensions ansig frem
discniminant analvsis are hikely to be of greater use
m an engimeering <ense However, though it must be
acknowledged that more subjective dumens ons w b
typically perform better m predicting brand preference
or chowe {Haaser and Koppelman 1975, Holbrook
and Huber 1979}, 1 1s no great feat to pred.st brand
preference with an affective dimension The ~cal inick
18 to pred ct preference or chowce frem dimensions
that management can control Indeed. :f marketimg
maragers could alter affect directly thete would bz
1o need for stndving croduct spaces 13 the first place

In comtrasi o such preblems of producs dosign
the develepmient of promotional or COMIRGLCANGH
strategy may .avolve less need for discripunant analy-
s1s and more wse for principal componernts soltions

s nan s s HE Ao mimeverre ce (OPYHGNEC 2004 All.-Rights-Reseaved.

In a promouonal campaign one is concerned with
the meaning that »ords communczie abouvt a product
In suct 7 -ontext, where the analyst focuscs, for
enample on the associanons evoked by labehng a
beer as having “gusto,” the homogeneity of lingwstic
-onnotations revealed n factor analysis 15 much more
iaporiant than whether consumers are objeciive or
cven consistent sn judging varcus brands on that
atirbate Moreover agregment among respondents
on the ratings of biands might actually impede move-
ment of a pa.ticular brand alhng an aiinbute f gstab-
hshed soca' beliefs thwart at*empts 2% Teposdionirg
Thus, 18 sharp contrast to the product desagn problem,
e prometion-desige problem might lead the analyst
to distegard the more obective duremsiors of the
diseriminant solation and concentrafe wnstead on the
more subjeciive pracipal compensnis

Farthermore, for cer‘ain prodic’ categores the
“objecuve’’ dimensions that emerge U om discorminant
analysis may be affeci-lader This happened 1 the
soft drmh sindy by Lehmann and Pessemier (1973)
where “popalarity w.th others™ was a ma;or discrim-
natag dimcaswor This jes 'l makes e2gae becadse
w the so™ Jdrnink metket popalardy with othcs s a
celatively ohjecirve charactenstic (witpess the frus-
trated attermpt- 2t repcsiioming 5y ovner brends)
Smularly, o Ginie” ard Peosemier’s {1974y stady of
autcmobides  the two sirepgest disorounant dmes
sions were “‘pleasuig style’ and “pepulanty wit
trieads 7 The Fact that a third, csserualv affecuve
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attnibute, “‘good value for your money,”’ was less
strongly represented ndicated that, although respond-
ents agreed about which cars had tugher quality and
popularity, they disagreed on which was a better deal

The foregoing suggests that although discrimmant
analysis tends to remove affective overtones from
some data sets, 1t will not do so cases where
preferences are homogeneous In particular, for a
mature product class, overall liking may be a good
discrimunator between brands In such cases, it may
be better to remove the offending dimension by
creating an index of general affect or market share
and running the analysis with that index partialed out
The results of the present study suggest that the latter
strategy 1s likely to be more fruitful than 1gnoring
the entire dimension

The important point 1s not that one compositional
method 1s better or worse than another for forming
product spaces, but rather that the key differences
among methods may render one more or less appro-
puiate tor a specific task In particular

| Prncipal components analysis tends to orient a space
to dimensions that have high vanance both within
and between objects Hence the semantic meaning
of the adjectives with high loadings is very stable
This kmd of analysis 15 particularly relevant to
formulating a communication strategy wn which the
hnguistic relations between attributes are critical

2 Discrimunant analysis onents a space to those di-
mensions that have high varance across objects but
low vanance for subjects rating a given object This
method 15 especially appropriate where one 15 con-
cerned with product design attributes that can be
clearly and unequivocally perceived by consumers

3 Parualing out an index of an offending variable may
result 1n a more mterpretable and useful product
#pace Dropping the entire factor is less preferable
because more than just the unwanted vanable 1s
bkely to be lost

Thus there are no foolproof compositional methods
for generating product spaces from attribute data, only
Judicious choices Understanding some of the mpaor-
tant distinctions underlying these choices makes the
scarch for an appropnate approach less bewildermg
and arbitrary Consequently, the results are likely to
be more useful to marketing managers

APPENDIX
PRINCIPAL COMPONENTS ANAL YSIS AND
DISCRIMINANT SPACES

The purpose of this appeadix 15 to show that
discriminant and principal components analyses both
mvolve the eigen-decomposition of data matrices but
that the former operates on the total vanance-
covanance matrix whercas the latter operates on the
ratio of the between-object to within-object covanance
matrices., The results are grven 1 more detail by Green
and Carroll (1976)
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Assume one has a data cube with elements X,
for the rating of the ™ subject with respect to the
7" object on attribute k The within-object cross-
products matrix then has elements for attributes &
and /,

(1) Wo=3 3 (X, ~X)(X, - X,
T
whereas the between-objects matnx, B, has elements
@ Bu=3 3 (X, - X)X, -£)
.
These sum to the total matrix
3) A= S (X, - X)X, -X)
-
so that
) A=W+B

Principal components analysi1s operates on the A
matrx to find a linear combination, At, of the orngmnal
values such that their vanance s a maxumum subject
to the constraint that

(5) tt=1
This reduces to solving
(6 (A—ADt=0

where the A are the principal toots

By contrast, multiple discriminant andlysis seeks
the linear combination of the ornginal attribute scores
that maximizes the ratio

V'BY
) A=

VWY
It can be shown that A 1s maxmuzed when
® W'B-apv=0

But, because W ™' Bisnot symmetric, the eigenvectors
V will not be orthogonal even though the discriminant
scores mn reduced space will be uncorrelated Further,
as ¥ 13 not an orthonormal transformation, 1t does
not preserve the distances in the original data In
practice, however, 1t 15 fairly close to orthonormal
so that the distortion 1s not very great

Thus, the two techmques are mdthematlcally very
sunilar except that discrrminant analysis substitutes
the ratio of the between-to-within for the rotai of
between-plus-within vanance Practically, of course,
there 15 a big difference between adding the within
variance and dividing by 1t Both methods focus on
dimenstons whose between vanance 1s large, but, other
things being equal, principal components concentrates
on attributes over which people disagree whereas
multiple discrimuinant analysis stresses those attributes
about which they agree
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