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WAYNE S. DeSARBO and DONNA L. HOFFMAN* 

The authors present a new multidimensional unfolding methodology that can ana- 
lyze various types of individual choice data. The model represents choice data, 
defined by dichotomous variables that indicate whether a particular brand was cho- 
sen or not, in terms of a joint space of consumers and brands. Explicit treatment 
of marketing and subject background variables is allowed through optional model 
reparameterizations of consumers and brands. Together with the joint space rep- 
resentation of both consumers and brands, these optional reparameterizations can 
provide information on appropriate market segmentation bases and respective prod- 
uct positioning strategies. The authors apply this spatial choice model to data on 
consumer (intended) choices for 12 residential communications devices and dem- 

onstrate how the results can be used for optimal positioning decisions. 

Constructing MDS Joint Spaces from Binary 
Choice Data: A Multidimensional Unfolding 
Threshold Model for Marketing Research 

Multidimensional scaling (MDS) has been an area of 
prolific marketing research over the past two decades (cf. 
Green 1975; Cooper 1983). It has been used to inves- 
tigate problems in market segmentation (Johnson 1971), 
positioning (DeSarbo and Rao 1986; Wind 1982), com- 
petitive market structure (Day, Shocker, and Srivastava 
1979; Shocker and Stewart 1983; Srivastava, Alpert, and 
Shocker 1984), consumer preferences/perceptions 
(DeSarbo and Carroll 1985; Green and Carmone 1970; 
Green and Rao 1972), etc. However, as noted by Hol- 
brook, Moore, and Winer (1982), in certain cases tra- 
ditional MDS procedures are inappropriate or impracti- 
cal. One such case is the analysis of binary (0,1) data, 
which may arise, for example, when marketing research- 
ers collect actual or intended choice data from a number 
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Professor Hoffman gratefully acknowledges support from the Fac- 
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of actual or potential consumers evaluating a set of com- 
petitive brands. Traditional metric MDS procedures for 
analyzing such two-way (e.g., subjects x brands) choice 
data, such as MDPREF (Carroll 1972), PREFMAP (Car- 
roll 1972), and GENFOLD2 (DeSarbo and Rao 1984, 
1986), would attempt to solve for row (subject) and col- 
umn (brand) coordinates whose distances or scalar prod- 
ucts would "best match" the binary input data. Many of 
these procedures thus optimize a loss function compar- 
ing the actual binary data with predicted continuous val- 
ues. As a result, some of the predicted values may be 
outside the 0, 1 range. Because the predicted values are 
not constrained to be probabilities, it is also not clear 
how one interprets these values. Many of these proce- 
dures could be modified so that the predicted values would 
be in the 0, 1 range, but the imposition of such con- 
straints would entail the use of very cumbersome esti- 
mation algorithms and severe problems with locally op- 
timum solutions. Nonmetric MDS procedures such as 
KYST (Kruskal, Young, and Seery 1973) and ALSCAL 
(Takane, Young, and de Leeuw 1977) applied to such 
two-way binary data could also encounter problems. There 
would be a large number of tied ranks for each subject, 
and it is not clear how such ties would affect the re- 
sulting solutions. 

We develop a multidimensional unfolding threshold 
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methodology purposely designed to accommodate the 
spatial analysis of binary data. After reviewing the re- 
cent MDS literature on procedures for analyzing such 
binary data, we describe the proposed MDS unfolding 
threshold model and its many features. We illustrate the 
model with intention-to-buy binary choice data for po- 
tential consumers choosing among actual competing 
brands of a residential communication device. The re- 
sults are extended to show how optimal positioning/re- 
positioning strategies can be developed. Finally, we dis- 
cuss other potential applications and directions for future 
research. 

REVIEW OF MDS PROCEDURES FOR BINARY 
DATA ANALYSIS 

Literature Review 

Several multidimensional scaling (MDS) methods have 
been suggested in the psychometric literature to accom- 
modate the spatial analysis of two-way "binary" choice 
data. Torgerson (1958) presented deterministic conjunc- 
tive and disjunctive models of choice and corresponding 
spatial methods that operate on binary choice data. He 
also generalized Thurstone's (1927, 1929) method of 
similar reactions in obtaining a matrix of "directed dis- 
tances," which is converted into scalar products and then 
factor analyzed. 

Most nonmetric multidimensional scaling methods 
(e.g., Kruskal 1964) and nonmetric factor analysis 
(Kruskal and Shepard 1974) estimate a joint space of 
subjects and objects in which choices would, for non- 
metric unfolding MDS procedures, correspond to short 
distances between object and ideal points whereas non- 
choices would correspond to long distances. For non- 
metric MDS vector methods (e.g., PREFMAP2-Model 
4) and nonmetric factor analyses, choices would corre- 
spond to larger scalar products. In either case, one would 
find a large number of ties in the data, and it is not clear 
what effect they would have on subsequent solutions. 

Binary factor analysis methods (Bartholomew 1980; 
Christoffersson 1975; Muthen 1978, 1981) extend clas- 
sical factor analysis to the analysis of binary data. Max- 
imum likelihood estimation of the factor analysis model 
for dichotomous variables initially was treated by Bock 
and Lieberman (1970) for the special case of only one 
factor. Christoffersson (1975) generalized this model to 
multiple factors and presented a simpler approach to es- 
timation using response information that considers only 
the first-order marginal distributions. Muthen (1978) ex- 
tended Christoffersson's approach by proposing a gen- 
eralized least squares estimator that is computationally 
more efficient. Both Christofferson and Muthen propose 
the use of a latent unobservable variable ("response 
strength") and threshold values in a stochastic frame- 
work to derive factor loadings and an error covariance 
matrix. Bartholomew (1980) presents a latent-structure- 
like approach for the analysis of categorical data using 
a logit response function. 

Correspondence analysis (Benzecri et al. 1973) is per- 
haps the most popular type of scaling procedure for ana- 
lyzing such data. The method typically handles aggre- 
gate choice data in the form of a frequency matrix and 
derives a joint space of row and column objects based 
on an eigenstructure analysis of the normalized fre- 
quency matrix. It also can be used to analyze the raw 
binary data. Greenacre (1984) and Lebart, Morineau, and 
Warwick (1984) discuss extensions of the procedure to 
map external information (e.g., brand features, subject 
demographics) via "supplementary points analysis." 
Hoffman and Franke (1986) discuss the various uses of 
correspondence analysis and provide several marketing 
applications. Other "optimal scaling" approaches such 
as dual scaling methods (Nishisato 1980) and homoge- 
neity analysis (de Leeuw 1973; Gifi 1981a,b; Heiser 
1981) have been shown (Tenenhaus and Young 1985) to 
be equivalent to correspondence analysis. In fact, Lev- 
ine's (1979) centroid method also can be viewed as a 
special case of correspondence analysis where a different 
type of normalization is employed. Green and DeSarbo 
(1980) and Holbrook, Moore, and Winer (1980, 1982) 
present applications of Levine's model in marketing. 

Takane (1983) describes a method for the analysis of 
"pick any/n" data. Such data are viewed as a special 
type of successive categories data in which there are only 
two response categories. Here, each item (stimulus), rather 
than each category of an item, may be represented as a 
point, and the subjects are assumed to choose (or not to 
choose) the item according to its closeness to their re- 
spective ideal points. Takane develops an EM algorithm 
(cf. Dempster, Laird, and Rubin 1977) to maximize a 
marginal likelihood to estimate the joint space. His model 
is somewhat similar to a special case of one of the var- 
ious unfolding models developed here. 

Table 1 is a comparison of these eight particular ap- 
proaches (we discuss the ninth approach shortly) to the 
analysis of binary choice data. The columns of Table 1 
correspond to the following set of features. 

1. Whether or not the data are assumed to have been gen- 
erated from some stochastic process or choice rule. Within 
a few general approaches, there are deterministic and 
stochastic methods. 

2. What type of spatial representation is rendered for sub- 
jects and/or products. Typically, factor analytic methods 
involve an analysis or decomposition of some form of 
scalar products matrix, which implies the projection of 
points onto vectors. Other methods, such as correspon- 
dence analysis and many forms of optimal scaling pro- 
cedures, have been shown (Gifi 1981a,b; Heiser 1981) 
to be related to special forms of unfolding analysis where- 
by both subjects and products are represented by points. 
Finally, unfolding methods represent subjects as ideal 
points and products as points. 

3. How the appiopliate dimensionality is selected. This tends 
to be related to the deterministic/stochastic assumption. 
In deterministic models, ad hoc rules involving scree plots, 
interpretation, and parsimony are used to identify the ap- 
propriate dimensionality. In many stochastic approaches 
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Table 
COMPARISON OF VARIOUS PSYCHOMETRIC APPROACHES 

Type of Dimensionality 
Model representation identification 

Torgerson's (1958) methods Deterministic or stochastic Points Ad hoc 
Nonmetric MDS (Kruskal 1964) Deterministic Ideal points, vectors Ad hoc 
Nonmetric factor analysis (Kruskal and 

Shepard 1974) Deterministic Vectors Ad hoc 
Binary factor analysis (Christoffersson 1975) Stochastic Vectors X2 test 
Correspondence analysis (Benzecri et al. 1973) Deterministic Points Ad hoc and X2 test if 

contingency table 
Optimal scaling approaches (Nishisato 1980) Deterministic or stochastic Points Ad hoc and X2 tests 

Levine's (1979) centroid method Deterministic Points Ad hoc 
Takane's (1983) method Stochastic Ideal points Ad hoc and X2 tests 
Multidimensional unfolding threshold model Stochastic Ideal points x2 tests 

using maximum likelihood methods, asymptotic statis- 
tical tests (e.g., x2 tests) can be implemented in addition 
to these other methods to establish the appropriate di- 
mensionality. 

4. The type of data the model can accommodate. Some of 
the models discussed can handle any type of binary data 
(e.g., pick 1/n, pick any/n, pick k/n, etc.). Some ver- 
sions, such as Takane's method, typically are applied to 
pick any/n data. 

5. How the effect of marketing mix decisions and/or prod- 
uct features is reflected in the model. Nearly all of the 
techniques in Table 1 allow the use of correlation or 
regression property fitting procedures after an analysis is 
completed to interpret the dimensions extracted for the 
product/brands. For these cases, the user investigates the 
relationships between these features and/or marketing mix 
variables (e.g., price) and the extracted dimensions. This 
procedure not only aids intepretation, but also examines 
the impact of features and/or marketing mix decision 
variables such as price on each of the derived dimen- 
sions. One problem is that if the dimensions or coordi- 
nates for products/brands are not fully explainable in terms 
of these features/marketing mix variables, such analyses 
may prove fruitless. Many general MDS procedures (e.g., 
GENFOLD2 by DeSarbo and Rao 1984, 1986; DeSarbo, 
Oliver, and De Soete 1986) allow for brand (subject) co- 
ordinates to be an exact user-specified function of des- 
ignated features (background variables) and/or market- 
ing mix variables. This option allows for the simultaneous 
estimation of the joint space and "impact" coefficients 
relating these features and variables to the brand (sub- 
ject) locations. There is no error component relating brand 
(subject) coordinates to features (background variables). 
(Only one optimal-scaling-like procedure entitled OV- 
ERALS-Gifi 1981a-can be easily modified to allow 
for such reparameterizations.) Given this option, once a 
function is specified for such a reparameterization (dis- 
cussed subsequently) and coefficients estimated, the 
marketer can directly link such features/marketing mix 
decisions to locations in the derived space. The estimated 
coefficients would indicate the importance or impact of 
the feature/marketing mix variable on a dimension and 
aid in interpretation (cf. Bentler and Weeks 1978; Bloxom 

1978; de Leeuw and Heiser 1980; Noma and Johnson 
1977). 

6. How the effect of subject background information (e.g., 
demographic, psychographic, etc.) is reflected in the 
model. The preceding discussion of property fitting ver- 
sus reparameterization also applies here. Reparameter- 
ization options here allow for subject coordinates to be 
specified functions of selected demographic, psycho- 
graphic, and/or other relevant individual background data. 
As before, reparameterization coefficients are estimated 
that indicate the importance or impact of a particular 
background variable on a particular dimension. This aids 
in interpreting the obtained solution in terms of subject 
characteristics, which is useful for segmentation and 
classification. 

7. How the user can make predictions for subjects and/or 
products/brands not utilized in the analysis. Often, it is 
desirable to examine the position that a new subject/ 
product would have in an MDS space derived from other 
subjects/products being tested. Where property fitting 
techniques such as regression are employed in 5 and 6, 
one can obtain predicted locations (with regression model 
error) for these subjects and products. Where product and/ 
or subject reparameterization (product/subject coordi- 
nates are some specified function of designated vari- 
ables) is allowed, one can obtain predictions (without 
property fitting error) on subsequent coordinates. 

8. What type of utility theory underlying choice is sug- 
gested by the model. Basically, nearly all of the tech- 
niques described in Table 1 are data analytic procedures 
that provide for a particular type of spatial representation 
to the rows and/or columns of the input data matrix. 
Items selected by a subject would appear close to the 
subject point in an unfolding type model, or project very 
positively on a subject vector in a scalar products model. 
Only one model is based on any underlying choice (util- 
ity) theory positing how choices are made, where the er- 
ror distribution can be interpretable as a distribution of 
underlying utility or preferences among consumers (cf. 
Chow 1983). 

9. Whether there are alternative models and if the "best" 
one can be selected. Most of the alternative methods listed 
in Table 1 allow for the fitting of one basic model. With 
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1 
TO THE ANALYSIS OF BINARY CHOICE DATA 

Theory Nested 

Type of Marketing Subject of models 
data mix information Predictions choice & tests 

Binary Property fit Property fit Property fit methods Yes None 
Binary Property fit Property fit Property fit methods None None 

Binary Property fit Property fit Property fit methods None None 
Binary Property fit Property fit Property fit methods None None 
Binary, contingency Supplementary points Supplementary points Supplementary points None None 

table frequencies analysis analysis 
Binary, contingency Property fit or Property fit or Property fit methods or via None Nested models 

table frequencies reparameterize reparameterize reparameterization 
Pick any Property fit Property fit Property fit methods None None 
Pick any, pick any/n Property fit Property fit Property fit methods Yes None 
Binary Reparameterize Reparameterize Via the reparameterizations Yes Nested models 

and tests 

modification, one could allow for the reparameterization 
of subject and/or product coordinates via relevant back- 
ground variables in one or two of these methods. How- 
ever, it is not clear how the user can select a "best" model 
when options are provided to fit a number of related al- 
ternative models. 

Research Objectives 
Our goal is to develop a new MDS-based choice model 

for the estimation of a joint space of subjects and objects 
from binary choice data appropriate for marketing prob- 
lems involving competitive market structure, position- 
ing/repositioning, and market segmentation. For the 
analysis of such binary choice data, a new spatial choice 
model is proposed that eliminates some of the limitations 
in the current psychometric (and econometric) ap- 
proaches. 

In terms of the features and benefits in Table 1, our 
spatial choice model can be described as (1) a stochastic 
model (2) utilizing an unfolding representation, (3) al- 
lowing for an asymptotic statistical test for identifying 
the appropriate dimensionality and for nested models 
testing, (4) accommodating virtually any type of binary 
data, but especially pick any and pick any/n, (5) having 
reparameterization options for subject and/or product 
coordinates that allow for the prediction of subjects and/ 
or products not used in the analysis, and (6) based on 
utility theory via an indirect utility function (cf. Mc- 
Fadden 1976) that posits choice as a function of a latent 
variable and an error function. We believe it is an im- 
provement over most current procedures in that its struc- 
ture is more related to the actual choice process (rather 
than merely another data analytic procedure), the repar- 
ameterization options allow for the direct and simulta- 
neous investigation of features, marketing mix, and psy- 
chographic as well as other variables, and, as we 
demonstrate, the proposed method allows for validation 
in a simple, straightforward manner. Finally, the new 
method can be augmented easily with postanalytic op- 

timization routines to examine issues 
tioning, as we demonstrate. 

in optimal posi- 

MULTIDIMENSIONAL UNFOLDING THRESHOLD 
METHOD 

The Model(s) 
Let: 

t = 1 ... T dimensions (extracted in an MDS con- 
text), 

i = 1 ... I respondents, 
j = 1 ... J products, 
k = 1 ... K product features and/or marketing mix 

variables (e.g., price, brand name, physical fea- 
tures objectively measured, etc.), 

I =1 ... L respondent characteristics (e.g. demo- 
graphic and/or psychographic background vari- 
ables), 

yi = 1 if respondent i chooses product j, 0 otherwise; 
Xjk = the value of feature k for product j, 
z, = the value of characteristic 1 for respondent i, 
ij = the probability respondent i chooses product j, 

a = the t coordinate for respondent i, 
w, = the salience of dimension t for respondent i, 
c = an additive constant for respondent i, and 
bj = the t" coordinate for product j. 

We define a latent, unobservable "disutility" variable 
Dij such that 

(1) Di = E w.(a, - bj,)2 + Ci + Iij 
t= 

where pij is a stochastic error component. Equation 1 
denotes that Dij, respondent i's latent disutility for prod- 
uct j, can be represented by a weighted unfolding model 
(Carroll 1972) involving respondent i's ideal point (A,), 
productj's coordinates (B,), the respondent's importance 
weights for each dimension (Wi), and an additive con- 
stant (ci). If wi = 1 for all i and t, the simple unweighted 
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unfolding model results. Now, if Di c d* (some indi- 
vidual threshold value), a choice is made for product j; 
that is, one observes yij = 1. If Dij > d, no choice is 
made for product j and yij = 0. 

Therefore, if the individual threshold value d* is greater 
than or equal to the value of the unobservable latent 
variable, the respondent will choose the product in ques- 
tion; if the threshold value is less than the value of the 
unobservable latent variable, the respondent will not 
choose the product. In terms of the ideal point repre- 
sentation, product j is selected by respondent i when it 
is not very far from his or her ideal notion of a product. 
Therefore, 

(2) P(yij = 1) = P(Dij - d*) 

= P wit(ai, 
- 

bji)2 + Ci + , ij d* 
_ t 

= P wLij ' -E wi(ait - b)2 - c* 
- t 

= P(ij -fij), 

where: 

c*= ci - d* and 

fij = E wi(ait - bj)2 + c* 

Similarly, 

(3) P(yij = 0) = P(Dij > di*) 

= 1 - P(gij 
< -f i). 

If we assume the model holds with no error, c*is an 
estimate of respondent i's (negative) threshold value. The 
size of the negative of the estimated additive constant is 
the magnitude of the choice threshold, indicating the 
sensitivity of a person's choice process. 

The general form of the likelihood function is 

(4) L = n P(yij = O) p (yij = 1). 
Yij=o Yij= 

If we assume y0 - binomial (l,pi) with independence 
across respondents and products, the choice process of 
respondent i choosing product j is an independent "coin 
toss" with probability of choice given by pij. The im- 
plications of this assumption are discussed subsequently. 
The effects of violations of this independence assump- 
tion were examined (DeSarbo and Hoffman 1986) and 
the model was found to be robust. We assume that Xij 
has a logistic distribution function (see McFadden 1976 
for a discussion of this assumption in logit type models). 
Then 

(5) P(Y = 1)1 + ef P 

and 

(6) 
efi - 

P(yij =)= ) 1 + e I - pi 
I + efij 

so that the spatial model can be expressed as (taking the 
In of the ratio of equations 6 and 5) 

(7) In = w(a,- b,)2+ c = f ij, 
- Pij t 

which is a logistic function (cf. Chow 1983), where the 
proximity of a product to a respondent's ideal point in- 
dicates some degree of the magnitude of the probability 
of choice. The "closer" (in terms of smaller weighted 
distance) a product point is to an ideal point, the higher 
the probability of that respondent choosing/buying that 
product. 

The log likelihood function, expressed in terms of the 
model parameters, can be obtained by substituting equa- 
tions 5 and 6 in equation 4 and taking logs. 

(8) 0 = InL = E [(1 - yii)fi - ln(l + efi')] 
i j 

Estimates of the a,'s, wit's, c*'s, and bi,'s, given Y = 

((Yij)) and T, are obtained by maximum likelihood meth- 
ods. For the computational details of the conjugate gra- 
dient algorithm, see DeSarbo and Hoffman (1986). 

Reparameterized Models 

The model we have defined in equation 7 can be gen- 
eralized to incorporate additional data in the form of 
product attributes and/or respondent background vari- 
ables. The coordinates for products or respondents are 
reparameterized as linear functions of background vari- 
ables (e.g., product features and respondent demograph- 
ics). If product attribute data are available, B = ((bi,)) 
can be reparameterized as 

(9) B = Xy 

=E Xjk/ t 
k 

where xjk is the value of feature k for product j and yk, 
is the impact of feature k on dimension t. The location 
of a product is modeled as a direct function of its re- 
spective features, as in CANDELINC (Carroll, Pruzan- 
sky, and Kruskal 1980), three-way multivariate conjoint 
analysis (DeSarbo et al. 1982), and GENFOLD2 (DeSarbo 
and Rao 1984, 1986). Thus, the Xjk are objectively quan- 
tified features that are related to subjective attributes. 

If respondent background data are available, A = ((a,)) 
also can be reparameterized as 

(10) A = Za 

w= iii l i 

where zil is the value of characteristic I for individual i 

44 



CONSTRUCTING MDS JOINT SPACES FROM BINARY CHOICE DATA 

and a/, is the impact of characteristic 1 on dimension t. 
If both product attribute and respondent background data 
are available, both individual and product coordinates 
can be reparameterized. These reparameterizations can 
assist in dimensional interpretation and also provide an 
effective tool for product positioning and market seg- 
mentation analyses. 

Model Implications 
Unlike the conditional logit (McFadden 1976) and 

conditional probit (Hausman and Wise 1978), our model 
need not have the constraint that Eipij = 1 because the 
product choices are modeled as being independent of each 
other. Therefore the model can accommodate those choice 
situations in which, say, complementary or multiple-pur- 
chased products/brands are bought with correspondingly 
high probabilities. For example, large families may con- 
sistently buy the same two or more brands of breakfast 
cereals on the same purchase occasion. This indepen- 
dence assumption is why the model is best suited to the 
analysis of pick any/n or pick any data, which place no 
"structural dependencies" on the number or format of 
the choices and nonchoices of a respondent. The re- 

spondent is assumed to choose any number from 0 to n 
of the objects tested. Thus, these types of data best match 
the independence assumption of the proposed unfolding 
threshold model. In some sense, this independence as- 
sumption is fairly restrictive. For many types of product 
choice scenarios (e.g., heavy appliances) in which only 
one unit typically is purchased, the resulting data may 
not be amenable to analysis by such a methodology. 
However, we have clearly demonstrated the robustness 
of the proposed method in analyzing synthetic data that 
severely violate these independence assumptions for rows 
and columns simultaneously (DeSarbo and Hoffman 
1986). Though one could modify the- proposed proce- 
dure to accommodate pick 1/n choice data by constrain- 
ing the predicted probabilities to sum to one and be non- 
negative, such a modification would imply the use of a 
constrained optimization/estimation procedure that would 
be very cumbersome. 

The spatial choice methodology enables the user to 
estimate either a simple unfolding (Coombs 1964) or 
weighted unfolding (Carroll 1972, 1980) model. If the 
weighted unfolding model is estimated, the user may al- 
low the weights to be constrained to be non-negative given 
the concerns raised by Srinivasan and Shocker (1973) 
and Davison (1976) about interpreting negative weights. 
Note that the simple unfolding model is a special case 
of the weighted unfolding model where wi, = 1 for all 
i and t. The simple unfolding model assumes that a given 
distance on a dimension makes as much difference to 
one individual as another. Here, the "isochoice" con- 
tours are circles (T = 2), spheres (T = 3), or hyper- 
spheres (T - 4). The area within the isochoice contour 
for an individual denotes the area of the space where 
brands would be chosen. In the weighted unfolding model, 
individuals are permitted to weight the dimensions dif- 

ferentially, where the w,'s represent the saliences of each 
dimension for each respondent. In this case, the iso- 
choice contours are ellipses (T = 2), ellipsoids (T = 3), 
or hyperellipsoids (T > 4). 

This method gives the user great flexibility. In addi- 
tion to specifying the type of unfolding model and re- 
parameterization options, the user may specify the type 
of analysis. An internal analysis may be performed by 
estimating A and/or B directly. For an external analysis, 
the user must supply coordinates values for products or 
respondents. That is, in external analyses, one set of co- 
ordinates (typically B) is obtained through another anal- 
ysis (e.g., MDS of similarities) and is fixed in the mul- 
tidimensional unfolding threshold model. 

Goodness-of-Fit Measures 

Three goodness-of-fit measures are available for eval- 
uating the spatial choice model selected by the user. 

The deviance measure (McCullagh and Nelder 1983; 
Nelder and Wedderbur 1972). 

(11) D=-2 E yij ln(pij) 
- i i 

+ (1 - yij)ln(l - Pij) = -20 

where Pj, the estimated probability, is expressed as in 
equation 5 using estimated values for a,, wi,, and bj,. 
Nested models are tested as the difference between re- 
spective deviance measures, which is asymptotically dis- 
tributed as X2 with degrees of freedom equal to the dif- 
ference in model degrees of freedom. One obvious 
question in the use of maximum likelihood procedures 
here is the validity of the statistical properties of esti- 
mators and associated tests. This question is of particular 
importance in relation to the spatial choice model pre- 
sented because of the presence of incidental parameters 
(e.g., Ai, Bj, c*) whose numbers vary according to the 
order of Y. According to Andersen (1980), maximum 
likelihood estimators in such cases may not be consis- 
tent. He suggests the use of conditional maximum like- 
lihood estimators in such cases. Our major concern stems 
from our use of the X2 test for various nested models. A 
small Monte Carlo analysis on a synthetic data set 
(DeSarbo and Hoffman 1986) has shown that, for this 
data set, the X2 test appears to be robust to such issues. 
However, more testing is required. This asymptotic test 
can be used to test competing nested model specifica- 
tions (e.g., weighted vs. unweighted models) as well as 
for testing the applopriate dimensionality. Note that nested 
models can be tested via this x2 test only if one of the 
two models being compared (i.e., the simpler model) is 
the "true" underlying model; otherwise, the resulting 
difference in deviance statistics follows a noncentral X 
distribution. This requirement may prove troublesome in 
tests for dimensionality, for example, where one rarely 
knows the "true model." We therefore provide other 
goodness-of-fit measures (rb and the sum of squares sta- 
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tistic) to use in addition to the X2 test to verify the "cor- 
rect" solution. Also, as with all other MDS solutions, 
users should weigh the interpretability of the resulting 
solution for model selection. 

Sums of squares. 

SSQ = 2E[yj - pij]2 

Point biserial correlation between Y and P. 

rpb(Y,P), where P = ((P)) 

The last two measures also are provided for row and 
column objects so that goodness of fit for each respon- 
dent and product can be examined. The overall 
r2b(Y,P) can be regarded as a variance-accounted-for sta- 
tistic for a particular solution. 

AN ILLUSTRATION: PICK ANY/n RESIDENTIAL 
COMMUNICATIONS DEVICES 

Study Description 
A marketing research project was sponsored by a ma- 

jor communications firm to gain understanding of in- 
tended choices for various brands of a residential com- 
munication device and their features, as well as to find 
potential markets for new offerings. The study involved 
a total of 499 personal interviews at four geographically 
dispersed high traffic shopping malls. Potential respon- 
dents were screened on the basis of information on fam- 
ily income, size of family, and head of household's age, 
education, and occupation. Eligible respondents were es- 
corted to a completely enclosed interviewing area where 
12 actual products/brands were exhibited. Respondents 
were read the description of each brand by the inter- 
viewer, who then demonstrated how each brand was to 
be used. Respondents were asked whether they would 
be buying each of the 12 devices within the next six 
months, assuming the other 11 devices were not avail- 
able (0 = would not buy; 1 = would buy). Because of 
the proprietary nature of the research, the 12 brands are 
identified by the letters A through L. The exact product 
class cannot be revealed, but is one in which multiple 
brand purchases are common. 

The Data 

To present a detailed description of the results, the 
various analyses were performed on a subsample of 30 
subjects selected randomly from the larger sample. Our 
objective is to illustrate what different methods can and 
cannot do, rather than make explicit generalizations to 
the universe about the results of these analyses. 

In addition to the pick any/n choice data, the spon- 
soring firm provided seven descriptor variables for the 
12 brands which they hypothesized to be the most im- 
portant features to consumers. The selection was based 
on prior consumer testing and research. This information 
was conveyed to the respondents in the interviews. The 
seven descriptor variables for the 12 brands (X) were 
calling feature (1 = send and receive calls, 0 = receive 

calls only), repertory dialing (1 = yes, 0 = no), range 
(in feet), speakerphone capability (1 = yes, 0 = no), 
price, physical setup (1 = stand-up set, 0 = lie-down 
set), and style (1 = military, resembles a walkie-talkie, 
0 = cradle). 

The seven variables used in X were basically all the 
features for which measurements were readily available. 
Such psychophysical variables as color, smoothness, and 
weight were not available for use, but could conceivably 
be important in determining preference or intention to 
buy. Also, though other marketing mix variables besides 
price could have been used in X (e.g., promotions), such 
information was not available. We label the seven char- 
acteristics M through S. Note that DeSarbo and Rao (1984, 
1986) have reported analyses of preference data (mea- 
sured on an 1 -point scale) collected in the same study. 
Here, however, background data on the subjects were 
not available for use. 

Correspondence Analysis Results 

Because of the suitability of correspondence analysis 
for such data and its growing use in marketing research 
(cf. Hoffman and Franke 1986), and the fact that Te- 
nenhaus and Young (1985) have demonstrated it is 
equivalent to many of the alternative procedures listed 
in Table 1 under certain general conditions, we per- 
formed a correspondence analysis on the 30 x 12 binary 
choice indicator matrix of respondents and residential 
communications devices using a program written in the 
SAS MATRIX language (SAS Institute 1982). 

The associated cumulative proportions of inertia, vari- 
ance-accounted-for-like measures, for the first four prin- 
cipal axes are .24, .38, .50, and .62. In terms of the 
residential communications devices, the first dimension 
is characterized by products J, C, I, G, and K and ac- 
counts for 24% of the variance in the choices made by 
the respondents. All these devices have the ability to send 
and receive calls, and all but G have the repertory di- 
aling feature. These devices tend to be higher priced and 
resemble a walkie-talkie in style (except for K). In ad- 
dition, J and I have speakerphone capabilities. No other 
devices in the set have this option. These characteristics 
of the devices comprise the features available and so we 
tentatively label this a "features" dimension. 

Devices A, D, F, and B define a second dimension 
of the space. A and B both have the ability to receive 
calls only and have no repertory dialing capabilities. Both 
A and B are inexpensive. D and F have the ability to 
send and receive calls and also have repertory dialing. 
They are in the upper price range. Of these four devices, 
only A has a lie-down set and a cradle style. That brands 
A and B are relatively far from most respondents indi- 
cates they were not chosen very often. We loosely label 
this an "appearance" or "style" dimension. 

The third axis is defined by devices E and C, which 
both load positively, and by D, which loads negatively. 
This dimension is rather difficult to interpret, but we note 
that E and C are inexpensive and D is expensive, and 
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that E and C have a lie-down set and D has a stand-up 
set. Thus, this dimension could be considered to repre- 
sent "price." The remaining dimensions are very diffi- 
cult to interpret. 

The respondent points are reasonably well dispersed 
throughout the space. In fact, several respondents are in 
positions that would correspond to choosing devices with 
few features and a low price, but there are no devices 
in the region. 

Note that in correspondence analysis we may not in- 
terpret distances between points in different sets. That 
is, the distance between a respondent point and a device 
point has no meaning in a correspondence analysis. Be- 
tween-set comparisons are restricted to the interpretation 
we have just discussed. Carroll, Green, and Schaffer 
(1986) propose a different normalization of the coordi- 
nates from correspondence analysis that renders the be- 
tween-set distances interpretable. Nevertheless, caution 
must be used in examining between-set relations, for they 
are not similar to those obtained via a multidimensional 
unfolding analysis. 

Multidimensional Unfolding Threshold Model Results 

An analysis was performed in 1 through 4 dimensions 
with the reparameterization option of restricting B = Xy, 
where X is the matrix of brand features standardized by 
column to zero mean and unit variance given the dif- 
ferent measurement scales in which each feature was 
measured. Again, individual differences on the subjects 
via demographics (Z) were not available for these anal- 
yses. Table 2 gives the goodness-of-fit measures for each 
of the four solutions. The X2 test for deviance difference 
scores indicates that three dimensions is the appropriate 
dimensionality. Given the small sample size and con- 
cerns about incidental parameters, one should pay atten- 
tion to the other two goodness-of-fit statistics; they also 
indicate that the three-dimensional solution is most par- 
simonious. Here, the three-dimensional solution ac- 
counts for more than 67% of the variance in Y as in- 
dicated by rp,. 

Table 3 reports the correlations between the seven fea- 
ture variables and the three dimensions of B rotated to 
its principal axes. From an inspection of these correla- 
tions, one can begin to interpret the solution space for 
the brands (B). Dimension I is dominated by the physical 

Table 2 
GOODNESS-OF-FIT MEASURES FOR RESIDENTIAL 

COMMUNICATIONS DATA 

Model Sum of Deviance 
T d.f. squares rpb rb 0 Deviance difference 

1 66 56.41 .588 .346 -167.03 334.06 
2 101 40.78 .726 .527 -123.23 246.46 87.60a 
3 135 28.54 .819 .671 -90.74 181.48 64.98' 
4 168 24.06 .853 .727 -78.73 157.46 24.02 

ap .01. 

Table 3 
CORRELATIONS BETWEEN B AND X 

Feature Dimension 

variable I II III 

M .313 .807 -.331 
N .249 .736 .067 
0 -.113 .364 .731 
P .201 .542 .391 
Q .394 .764 .415 
R .775 -.239 .211 
S .928 -.083 .016 

setup and style variables. To load highly positive on di- 
mension I, brands have a stand-up design and resemble 
a walkie-talkie. We therefore label this a "style" or "ap- 
pearance" dimension. 

Dimension II is highly correlated with calling feature, 
repertory dialing, speakerphone capability, and price. To 
load highly positive on this dimension, brands must have 
send and receive capability, repertory dialing, speaker- 
phone options, and a higher price. We label this a "fea- 
ture" dimension. 

Finally, dimension III is highly correlated with range 
and somewhat correlated with price. To load highly pos- 
itive on this dimension, brands transmit/receive over long 
ranges and are typically higher priced. We label this a 
"power" dimension. 

The three one-dimensional joint space plots (A,B) are 
shown in Figure 1, depicting the interrelationship be- 
tween the 12 brands and the 30 ideal points. One striking 
feature in these plots is that the solution is not of the 
"degenerate" type that seems to plague many unfolding 
methods (cf. DeSarbo and Rao 1984). That is, one does 
not see instances of wide separation between the two sets 
of points. Rather, they are well intermixed, and their 
interrelationship tells us something about these intention 
to buy judgments. Unlike the correspondence analysis 
solution, the interrelationships between these two sets of 
points are meaningful. 

In the plot for the style dimension (I), we see that 
brands between K and J tend to be most preferred be- 
cause that range is where most ideal points lie. Note how 
brand A is isolated on this dimension away from the lo- 
cus of ideal points, as are brands G, D, and F. Also 
notice the concentration of ideal points between the or- 
igin (0) and -1 where no brands (A-L) are located. 

In the plot for the features dimension (II), there seems 
to be a wider dispersion of ideal points all along the axis. 
Notice the mixing of the various brands with these ideal 
points. Brands A and B load negatively on this dimen- 
sion but appear to have some ideal points near them, 
though brand B appears to be more isolated. 

In the plot for the power dimension (III), ideal points 
appear to be concentrated in a much smaller range; ideal 
points are concentrated between E and I. Here, brands 
K, F, G, D, J, A, and B appear to be most preferred. 
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Figure 1 
ONE-DIMENSIONAL JOINT SPACES FOR THE THREE 

DIMENSIONS DERIVED FROM THE MULTIDIMENSIONAL 
UNFOLDING THRESHOLD MODEL 
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We also examined the correlations between the three 
dimensions for the brand coordinates (B) and ideal points 
(A). Though these correlations will vary according to the 
particular rotation used, our solution indicates that no 
dimension (in A, B, or y) shares more than 15% vari- 
ance with any other dimension. This finding appears to 
indicate that we are obtaining three somewhat "indepen- 
dent" views of the structure in the choice data. 

Table 4 lists the additive constants (c*) and the squared 
distance (d2j) calculations between each ideal point and 
each brand. Recall that according to our spatial choice 
model, whenever d2. < -c*, the model predicts an in- 
tended buy; otherwise, no intended buy. Thus, the neg- 
atives of these additive constants can be viewed as 
threshold values. In comparing them with the computed 
squared distances in Table 4, one can make predictions 
about the brands selected by each subject. For example, 
the negative of c*is 2.385 for subject 1 and brands H, 
E, and C are predicted to be within this threshold squared 
distance. Thus, according to the model predictions, sub- 
ject 1 should intend to buy these three brands. In ex- 

amining the raw data, one notes that he does intend to 
buy brands H and E, but not C. As Table 4 shows, the 
squared distance for brand C is very close to - c*. Recall 
that the size of the negative of the additive constant is 
the magnitude of the choice threshold by subject indi- 
cating the sensitivity of a person's choice process to dis- 
tance from his/her ideal point. With this simple un- 
weighted unfolding model in three dimensions, one can 
draw spherical threshold patterns around each subject's 
ideal point. The volume within that individual's sphere 
denotes the volume of the space where brands are pre- 
dicted to be chosen. 

Finally, to compare the three-dimensional solutions 
derived from the correspondence analysis and the mul- 
tidimensional unfolding threshold model, we used ca- 
nonical correlation as an "approximate" configuration- 
matching procedure in comparing subject coordinates, 
brand coordinates, and the joint space (concatenating the 
subject and brand coordinates), given the rotational in- 
determinacies of both models.' These analyses demon- 
strated that only one dimension was somewhat common 
in each analysis. Major differences were seen with re- 
spect to the remaining two dimensions. Hence, the two 
procedures do in fact render different solutions. (We re- 
turn to further comparisons in validation between these 
two models.) 

Further Analyses 
Because of potential problems associated with possi- 

ble locally optimum solutions, we reran the three-di- 
mensional solution in our spatial choice model from a 
different random start. The algorithm converged in 29 
iterations, producing a sum of squares of 28.686, point 
biserial correlation of .819, and a deviance of 183.165. 
The resulting canonical correlations between this solu- 
tion and the one reported before are .995, .982, and .971 
for A; .999, .988, .964 for B; and .999, .998, .881 for 
y. Hence, there is substantial congruence between the 
two solutions. 

Another analysis was performed in three dimensions 
on a different randomly selected group of 30 subjects. 
The algorithm converged in 33 iterations, producing a 
sum of squares of 25.906, point biserial correlation of 
.839, and deviance of 169.464. The canonical correla- 
tions between this solution and the one reported before 
are .999, .977, and .636 for B and .999, .988, and .458 

'Canonical correlation is used as a method of configuration match- 
ing throughout the article. It is labeled as rendering an "approximate" 
congruence between the various solutions because of the type of in- 
determinacies exhibited by the various two-way methods. For ex- 
ample, distances (from the multidimensional unfolding threshold model) 
are invariant to centering of the joint space or orthogonally rotating 
A and B by the same transformation matrix T. A more appropriate 
configuration-matching procedure might be the Cliff-Match procedure 
(Cliff 1966) after centering the two joint spaces. Because of its un- 
availability, we chose to use canonical correlation, which should not 
severely distort the true relationship. 
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Table 4 
ADDITIVE CONSTANTS AND SQUARED DISTANCES 

~~~~~~~~~Brand~~ ~Additive 
constants 

Subject A B C D E F G H I J K L Ci 
1 6.690 10.448 2.359 9.337 2.077 7.564 8.335 1.107 10.097 12.097 4.790 9.090 -2.385 
2 11.581 14.397 0.926 4.838 1.113 4.470 6.336 2.688 4.170 4.494 2.404 6.014 -5.185 
3 8.466 5.792 2.527 2.854 2.814 2.788 3.102 7.405 2.557 4.903 6.162 4.316 -2.595 
4 1.906 5.643 9.275 15.814 8.874 13.684 12.736 6.622 15.295 21.439 10.990 10.526 -7.393 
5 3.149 3.389 8.917 13.947 8.544 11.896 10.565 8.446 14.677 20.365 12.687 11.208 -6.397 
6 10.431 5.618 0.823 3.918 0.653 2.479 2.536 5.219 7.691 8.136 8.220 10.356 -2.479 
7 15.724 9.446 3.842 1.121 4.431 1.958 2.698 12.471 1.198 1.861 8.786 6.026 -2.002 
8 8.685 8.720 3.887 3.786 4.379 4.332 5.143 8.043 1.190 4.152 4.894 2.309 -2.216 
9 25.527 18.617 4.486 1.592 5.202 2.809 4.806 14.715 2.679 0.159 10.205 10.644 -1.688 

10 5.437 6.180 3.425 5.136 3.663 4.922 5.264 5.890 3.356 6.985 4.904 3.085 -5.371 
11 2.834 3.612 7.163 10.252 7.114 9.176 8.410 7.892 9.102 14.679 9.266 6.446 -7.472 
12 1.477 9.450 7.153 14.851 6.870 13.072 13.214 2.777 12.546 18.105 6.086 7.539 -4.005 
13 9.775 12.121 2.226 3.788 2.665 4.177 5.739 5.087 1.225 3.042 2.455 2.601 -3.279 
14 3.464 12.348 4.817 9.996 5.006 9.633 10.927 2.284 5.298 9.872 1.498 2.128 -2.143 
15 6.651 4.393 3.829 4.435 4.055 4.183 4.090 7.972 3.841 7.239 7.172 4.459 -5.037 
16 7.256 5.452 4.009 10.145 3.496 7.679 7.112 4.779 13.911 16.155 10.583 13.448 -6.125 
17 14.020 8.388 0.142 1.898 0.175 1.068 1.738 6.192 5.444 4.613 7.527 9.905 -0.516 
18 8.540 17.850 7.992 9.755 8.711 10.985 13.061 7.638 2.053 6.625 2.159 0.172 -4.236 
19 5.112 3.099 4.074 6.171 4.079 5.257 4.778 6.999 6.520 10.273 8.111 6.205 -7.516 
20 8.042 12.263 1.463 5.551 1.648 5.174 6.725 2.116 3.748 5.529 1.704 4.029 -5.948 
21 18.107 15.496 0.809 2.607 1.069 2.457 4.329 6.412 4.397 2.525 5.782 9.582 -2.931 
22 16.264 13.920 3.167 1.833 3.816 2.849 4.512 9.958 0.482 0.667 5.712 4.906 -7.899 
23 9.293 5.751 13.622 11.129 14.095 11.617 10.510 18.979 8.249 14.642 15.766 7.329 -11.617 
24 12.555 25.680 9.394 12.549 10.188 13.999 17.180 7.436 3.614 7.216 1.321 1.805 -8.398 
25 3.268 5.695 4.276 7.596 4.344 6.871 6.956 4.845 5.775 10.241 5.254 3.950 -4.584 
26 12.617 13.013 1.165 2.756 1.543 2.963 4.665 5.152 1.858 2.212 3.222 4.769 -8.131 
27 9.850 13.264 1.547 4.501 1.867 4.533 6.292 3.364 2.434 3.785 1.802 3.627 -2.789 
28 16.793 10.437 0.249 1.742 0.316 1.015 1.952 7.053 5.773 4.027 8.180 11.262 -7.655 
29 9.483 3.872 7.710 5.692 8.086 5.890 5.176 14.277 5.104 9.182 12.157 6.366 -5.271 
30 19.675 16.476 2.367 1.763 2.928 2.514 4.531 9.581 1.940 0.483 6.277 7.711 -4.345 

for 'y. There is somewhat less congruence here than that 
reported with a different random start, though the results 
are still very positive. 

Comparative Validation 

To compare correspondence analysis thoroughly with 
the proposed method, we ran both procedures on a sub- 
set of the data and used the derived solutions to make 
choice predictions on that part of the choice data held 
out of the analysis. More specifically, we randomly se- 
lected two of the 12 brands to hold out of the analysis 
(brands G and K). We eliminated the two respective col- 
umns from the input choice data and performed a cor- 
respondence analysis and multidimensional unfolding 
threshold analysis on the resulting 30 x 10 matrix. After 
obtaining a solution by each method, we used the fea- 
ture/attribute data in B for the two brands to make pre- 
dictions on where their locations in the derived spaces 
would be. Then, for each model, we constructed pre- 
dicted choices for all 30 subjects for the two brands and 
compared these predictions with the actual data for the 
two brands. These particular validations are possible be- 
cause these feature variables were available for all 12 
brands. Similar validations would have been possible for 
the remaining 499 - 30 = 469 consumers had we had 

"relevant" background data (Z) for these consumers and 
utilized one of the reparameterized models that estimated 
a. We next describe these comparative validation anal- 
yses for brands G and K utilizing the two procedures. 

Correspondence analysis was performed on the 30 x 
10 binary choice data matrix. Products G and K were 
deleted from the analysis. The corresponding propor- 
tions of inertia on the first three principal axes were .239, 
.165, and .160. Thus, these three axes account for 56.4% 
of the weighted variation in the data. We also used can- 
onical correlation to compare this solution with the pre- 
viously reported one performed on all 12 brands. The 
canonical correlations are .997, .989, and .940 for sub- 
ject coordinates and .999, .998, and .981 for brands (for 
the same 10 common brands), indicating substantial con- 
gruence between the two solutions. 

The 10 x 7 design matrix of product features was col- 
umn standardized to zero mean and unit variance and 
regressed on the product coordinates from the three-di- 
mensional correspondence analysis. The regression coef- 
ficients from the analysis were applied to the standard- 
ized features on products G and K to obtain point locations 
for these two products in the space of the original 10 
products. 

We then "reconstituted" the binary choice data matrix 
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according to the relation (Greenacre 1984) 

(12) P = rc' + DrFD'G'Dc 

where P is the normalized data matrix to be approxi- 
mated, r is the 30 x 1 vector of scaled row (subject) 
marginals, c is the 12 x 1 vector of scaled column (prod- 
uct) marginals, D, = diag(r), Dc = diag(c), Du is the 3 
x 3 diagonal matrix of singular values, F is the 30 x 3 
matrix of subject coordinates from this three-dimen- 
sional correspondence analysis solution, and G is the 12 
x 3 matrix of product coordinates (the 10 obtained di- 
rectly from this analysis and the two predicted). 

Because products G and K were not used in the cor- 
respondence analysis, their marginals are zero. Zero 
marginals would necessarily yield predictions of zero. 
To get around this problem, we tried two approaches. 
Initially, we substituted the marginals for c that we would 
have obtained if all 12 products had been in the original 
analysis. Thus, in a sense we were using information 
that one typically would not have in real applications. 
This obviously changed the marginals of the 10 products 
that were in the analysis, but the change was very minor 
and enabled us to get predictions for G and K that we 
could not obtain otherwise. Once P was obtained, we 
compared it with P, the original normalized binary choice 
data matrix, by counting the number of correct matches. 
According to our procedure, 53.3% of the choices for 
product G and 73.3% of the choices for product K were 
predicted correctly. 

Given that we were "cheating" in that one rarely would 
have such marginals, we then alternatively substituted 
(for c) averages of the marginals for the 10 brands in the 
analysis. With this procedure, we predicted 43.3% of the 
choices for product G and 70.0% of the choices for prod- 
uct K. As one might expect, these predictions are less 
accurate than when the actual marginals are used. How- 
ever, the latter figures are more representative of actual 
validation prediction accuracy because users rarely know 
such information a priori. 

Multidimensional unfolding threshold model re- 
sults. A three-dimensional analysis was run on the 30 
x 10 choice data with the reparameterization option for 
the brand coordinates. The resulting sum of squares was 
17.267, with rpb = .875 and -20 = 117.18. Three ca- 
nonical correlations analyses were performed to compare 
the A, B (only the relevant rows in the first analysis), 
and y that were estimated separately with the full data 
set (Y) and this 30 x 10 subset. For comparing the ideal 
points (A), the canonical correlations are .966, .955, and 
.921; for B, .986, .820, and .740; and for y, .998, .994, 
and .836. These statistics indicate congruence between 
these two solutions, though not as strong as in the cor- 
respondence analysis. By multiplying the standardized 
attribute data for the two holdout brands G and K by the 
impact coefficients estimated in this secondary analysis, 
one obtains predicted locations in the derived three-di- 
mensional space for these two brands. By then calcu- 
lating squared distances between these two new brand 

locations and the resulting set of 30 ideal points and 
comparing these squared distances with the newly esti- 
mated threshold coefficient c*for each subject, one ob- 
tains predicted choices for each of the 30 subjects for 
each of the two brands. In comparing these predictions 
with the actual choices for these two brands, we are able 
to predict 21 of 30 choices/nonchoices for brand G (70%) 
and 24 of 30 for brand K (80%). This represents a sub- 
stantial increase over prediction accuracy by guessing 
(50%) as well as the results obtained by use of corre- 
spondence analysis (in both cases using actual and av- 
erage marginals). Thus, the multidimensional unfolding 
threshold model appears to have validated a small hold- 
out sample of choice data better than would chance or 
the correspondence analysis. 

DISCUSSION 

Competitive Market Structure and Segmentation 
The analysis from the simple unfolding option of our 

spatial choice model for the residential communication 
device choice data provides some interesting results for 
marketers. The analysis affords valuable insight about 
the nature of the competitive structure of this particular 
market. Figure 1 shows a parsimonious decomposition 
of the relevant dimensions along which the various brands 
compete, and the respective location of each brand on 
each dimension. For example, brands A and B compete 
in terms of being located near one another on dimensions 
II (features) and III (power), but are far away from each 
other on dimension I (style). Thus, brands may have dif- 
ferent "substitutes" or competitors along different di- 
mensions. 

The analyses also provide information on market seg- 
mentation. Figure 1 is a graphic summary of the bases 
of consumer choice for the set of 12 brands. Subjects 
with similar ideal points share similar bases underlying 
their respective choices and can be segmented or clas- 
sified according to such behavior-related criteria. For ex- 
ample, one could cluster subjects' ideal points for these 
three dimensions to examine what submarkets appear- 
what types of subjects have similar choice bases on these 
three dimensions. Assuming the sample is representative 
of a target market(s), one could address subsequent clus- 
ters or subgroups differently via promotion depending on 
the respective clusters' characteristics or choice bases. 

Optimal Positioning/Repositioning 

Assuming this small sample is representative of some 
target audience, one has the bases for performing some 
interesting product positioning/repositioning analyses. 
Here is where the y coefficients come into play. Because 
the brand locations are explicit functions of the seven 
feature variables, one can relate changes in these feature 
variables directly to changes of brand coordinates in the 
space. That is, because Bj = Xiy, where Bj is the vector 
of brand j coordinates in T dimensions and Xj is the vec- 
tor of feature variables for brand j, if one were to, say, 
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redesign brandj to have X* as design variables, one could 
get brand j's new position in the space as B* = Xj*y. 
For example, brands A and B are the less popular brands 
in the study. Suppose the product manager for brand A 
decides to redesign the product via changes in some sub- 
set of the seven variables mentioned before. Given new 
product design specifications, the manager could obtain 
predictions not only for the new brand's location, but 
also for how many customers in the sample will intend 
to buy it. More specifically, let us examine what effects 
a change in the design of brand A will have on predicted 
demand and location. Brand A can be described as being 
able to receive only and having no repertory dialing, a 
range of 300 feet, no speakerphone option, a price of 
$119.95, and a lie-down, cradle style. Its three-dimen- 
sional representation is (-2.616, -1.455, .486) and the 
model predicts seven people will intend to buy it (actual 
= eight) as seen from Table 4. Suppose the brand man- 
ager adds the capability of sending and receiving calls, 
the ability to transmit 1000 feet, a speakerphone option, 
and a military style at an increased price of $225. On 
the basis of the independence assumption, the model 
would predict that 20 of the 30 consumers would state 
they intend to buy the revised product, and the reposi- 
tioned brand location for this new brand A* would be 
(.236, .314, .873). Clearly this estimate of demand is 
optimistic given the threshold assumption of the model 
that a consumer will intend to buy all brands within c* 
radius of his/her ideal point. Suppose we assume the 
consumer will only buy one unit-the one closest to his/ 
her ideal point. The original brand A would be predicted 
to have 5 of the 30 and repositioned product A* would 
be predicted to have 10 of the 30 who intend to buy only 
that unit. Thus, this analysis can be conducted with a 
variety of different assumptions about the buying be- 
havior and competitive structure of the market. 

Let us take one step further. Suppose the brand man- 
ager is interested in optimally positioning a new product 
or repositioning a current one spatially in such an anal- 
ysis. That is, what should the design of the brand be, in 
terms of these seven features, to maximize expected profit? 
Suppose we assume the (hypothetical) costs of the var- 
ious levels of these features shown in Table 5. The nine 
levels of price are not costs, but feasible prices. Note 
that all levels of each feature are within those of the brands 
used in the original analysis. We also assume an auxil- 
iary fixed cost of $20 per unit for other materials (e.g., 
the casing). Again, these costs are hypothetical. Though 
the analysis can be performed under a variety of com- 
petitive assumptions, assume the consumer actually will 
buy only one device-the one which, in comparison with 
the other 12, is closest to his or her ideal point. Thus, 
the problem can be stated as 

(13) Max H = (Pi - Ci)q xj 
where: 

n = net profit, 

Table 5 
HYPOTHETICAL FEATURE COSTS PER UNIT 

Feature Levels Costs ($) 

1. Calling features Receive only 8.88 
Send and receive 19.18 

2. Repertory dialing None 0 
Yes 15.75 

3. Range (feet) 50 7.12 
150 7.12 
250 7.12 
350 7.12 
450 7.12 
550 12.93 
650 12.93 
750 12.93 
850 12.93 

1000 12.93 
4. Speakerphone option None 0 

Yes 12.15 
5. Price ($) 100 

125 
150 
175 
200 
225 
250 
275 
300 

6. Setup Lie down 6.24 
Stand up 9.77 

7. Style Cradle 7.63 
Military 11.75 

Pj = the price for brand j, 
Cj = the costs for brand j as a function of the specific 

levels selected for the features in Table 5, and 
qj = the number of intended purchasers predicted from 

the model as a function of Xj. 
Because one has both continuous and discrete vari- 

ables with a nonlinear objective function, some mixed- 
integer nonlinear programming algorithm would be nec- 
essary to find the globally optimum result (e.g., Dakin's 
1965 modification of Land and Doig's 1960 branch and 
bound procedure would be appropriate). To simplify the 
problem, we discretize the price variable to include nine 
levels and the range variable to include 10 levels. 

A combinatorial optimization routine (cf. DeSarbo and 
Rao 1986) was programmed to maximize II and find the 
corresponding set of design variables. It is a modifica- 
tion of the Lin and Kernighan (1973) procedure. The 
routine generates several locally optimum solutions of 
optimal bundles of features. The procedure sequentially 
alters the discrete levels in X, until no further improve- 
ment is obtained in the maximand in equation 13. This 
procedure was run for 50 trials, generating a number of 
locally optimum solutions. The optimum product, from 
the producer's standpoint, generates an expected profit 
of $2390.18 for these 30 consumers, with 13 of the 30 
(predicted) buying it. The optimal features, if we assume 
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the cost structure in Table 5, are receive only, no rep- 
ertory dialing, range 50 feet, speakerphone option, price 
$250, lie-down setup, and military style. Obviously, there 
are more popular offerings from a consumer's standpoint 
(e.g., "high" features, lowest price) but, for the hypo- 
thetical cost structure in Table 5, this redesign renders 
maximum expected profit. This solution was verified by 
a (more computationally expensive) complete enumera- 
tion procedure as the globally optimum solution. The co- 
ordinates of this optimal brand are (-.866, .021, .588), 
shown as X in the plots in Figure 1. 

Similarly, this analysis can be performed with differ- 
ent assumptions about the buying behavior of con- 
sumers. If we assume the independence of multiple pur- 
chases, as specified by the spatial choice model, we can 
perform a similar maximization of profit. The only com- 
putation that changes is the calculation for qj. The com- 
binatorial optimization procedure was altered to reflect 
this assumption change, and 50 locally optimum solu- 
tions were generated that locally maximized H. The global 
maximum, as verified by complete enumeration, ren- 
dered n = $5526.24 with 24 of the 30 consumers pre- 
dicted to intend to buy the brand. The features were 
receive only, repertory dialing, range 50 feet, no speak- 
erphone, price $275, lie-down setup, and military style. 
Again, this is the optimum product from the manufac- 
turer's perspective. The coordinates of this brand are 
(-.528, -.593, .427), shown as Y in Figure 1. 

Though these policy simulations and optimizations also 
could be attempted with many of the other procedures 
in Table 1, several problems would arise. First, without 
exact reparameterizations on brands, predicted locations 
for them in a derived space via regression will be pro- 
duced with error that could render misleading results. 
Second, as demonstrated by the validation comparison 
with correspondence analysis, it is not clear how one can 
validate the results or make choice predictions on a hold- 
out sample or set of brands/consumers not included in 
the analysis. Many of these procedures, especially those 
mentioned to be related to correspondence analysis, re- 
quire additional information rarely available at the time 
such predictions are requested or needed. 

Limitations 

We use our small example as an illustration of what 
can be done with the new method, not as a basis for 
drawing substantive recommendations for this market. 
Clearly, a sample size of 30 is too small to justify clear- 
cut policy/strategy. The method, however, is not limited 
to merely 30 people and 12 products.2 A similar analysis 

2The current version was written in APL and is executing on a VAX 
8600 machine. Depending on volume of usage, an analysis of data 
sets as large as I = 100, j = 20 is computationally feasible. Current 
efforts involve converting the program to FORTRAN (which should 
allow for at least double the data set size) and putting it on a diskette 
for microcomputer usage. 

with a vector spatial choice model (DeSarbo, Kerami- 
das, and Clark 1985) was performed on 350 subjects and 
12 brands on a Cray-I machine. Unfortunately, the re- 
sulting joint space plots became very messy. We used 
30 subjects here to facilitate the analysis and graphically 
display all the detailed analyses. 

Second, this method, like all others, is not a substitute 
for good theory and common sense. It does not tell the 
user which background variables (for subjects) or fea- 
tures (for brands) should be specified in X and Z. This 
choice is a matter of expert judgment, previous research 
findings, and other factors. In addition, concept testing 
of the designated "optimal brand(s)" would be desirable 
to verify demand for the item(s). 

Finally, the present version of the model can be ex- 
tended in the postanalytic optimization phase to accom- 
modate multiple brand positionings and dynamic com- 
petitive reactions. The first author is currently working 
on accommodating competitor reactions and a dynamic 
marketplace within such spatial models via spatial equi- 
librium analysis. 

Future Research 

The spatial choice model presented can be used in a 
variety of ways to analyze binary data. In addition to 
analyzing pick any/n or pick any data as described in 
the application, the spatial choice model can provide a 
spatial representation of binary profile data, for exam- 
ple, products having or not having certain attributes or 
benefits. The resulting space can be used for product po- 
sitioning, as well as obtaining insight into competitive 
market structure. Another application would involve re- 
cording items purchased in a grocery shopping trip by 
different subjects to investigate the issue of complemen- 
tary goods. The method also could be used to study so- 
ciological networks (e.g., opinion leaders) where re- 
spondents denote choices for friends out of particular social 
groups. Another application would be in investigating 
potential job choices. Clearly, many marketing and be- 
havioral applications involve binary choice data. 

Several interesting research directions are suggested 
by the development of this procedure for spatially rep- 
resenting binary data. One extension would be to model 
the log of the odds as a vector model instead of a dis- 
tance model. The ideal point model in expression 3 may 
not be appropriate for many applications where subjects 
have "the more the better" utility functions for the var- 
ious underlying dimensions/bases of choice. Here, one 
could use the vector model and provide a different spa- 
tial representation. Such work is currently underway by 
DeSarbo, Keramidas, and Clark (1985). Further Monte 
Carlo work must be performed on all models under a 
diversity of conditions to test the algorithm for local 
minimum or other potential problems, such as other types 
of violations to the independence assumption. The sta- 
tistical properties of the estimates must be evaluated via 
bootstrapping and using second derivative information. 
Also, the small-sample properties of the X2 test must be 
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examined more rigorously, as should the consistency of 
the estimated parameters. Finally, work is needed to 
generalize the method to handle three-way choice arrays 
where, for example, choices are obtained from subjects 
for products purchased/chosen over time or for different 
situations, or where one collects brand x attribute x 
consumer data as is done in many types of marketing 
studies. Jedidi (1987) currently is investigating these ex- 
tensions of the method. In this context, DeSarbo et al. 
(1985) have extended the basic unfolding model to ac- 
commodate the analysis of three-way asymmetric prox- 
imity (binary) data and apply it to the spatial analysis of 
word associations. 
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