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Abstract Studies

Results of five empirical system studies of consumer
choice processes are compared for consistency in re-
sults. Applications include durables and nondurables,
new and established brands and U.S. and foreign set-
tings. Based on these comparisons, suggestions are
made concerning research required for further dex'elop-
ment of the field.

Introduction

Choice models describing the processes used by consumers
when buying brands of a product (Howard & Sheth, 1969;
Engel, Kollat and Biackwell, 1973; and Nicosia, 1960)
have been t'ae subject of intensive research for over a
decade. While much research effort has been focused or.
individual elements or subcomponents cf the models
(Farley, Roward and Ring, 1972), some empirical research
has also been cast in the general framework of the over-
all model—initially with the goal of testing the
feasibility of using model structures in their whole
form (Farley & Ring, 1970), and later with the goal of
providing insights and forecasts useful for managers
designing and assessing marketing programs (Black &
F'arlBy, forthcoming). With most focus on versions of
the Howard-Sheth choice model, these applications have
involved durable as well as non-durable products,
American as well as non-U.S. settings, and new as well
as established products and brands. This paper attempts
a syithesis of some common characteristics of a group
of t'lese studies in terms of:

1) nodel configuration and variable definition;
2) procedures for specification and parameter esti-

natior,;
3) problems to be solved before the field can yield

its full potential.

As Table 1 indicates, the five published studies select-
ed for discussion here vary along several dimensions—
size of the variable set (from 9 to 28 variables), set-
ting (U.S., Argentina, and Kenys), type oi products
(durables and non-durables) and stage of development in
terms of the product life cycle (products in test mar-
ket and with established markets). Research design in-
volved panels and waves of repeat interviewing of fresh
samples. Several '&rands of a product were studied in
some cases. Included are studies cf:

1) A convenience food product reported in (Farley S
Ring, 1970), as modified in (Farley & Ring, 1972).

2) A personal product reported in (Farley, Howard a
Lehmann, 1974), and (Lehmann, O'Brien, Farley &
Howard, 1974).

3) Paper products reported in (Katz, 1973), and
(Farley & Katz, 19 74).

4) Subcompact automobiles reported in (Farley, Howard
& Lehmann, forthcoming) .

5) A contraceptive product reported in (Black & Farley,
forthcoming) .

Model Configuration

The basic starting point for each study has been pro-
vided by a general flow-c'nart foraiilation of decision
process models such as is shown ic Figure 1, ta'lcen from
(Farley & Ring, 1970).

Variable Configuration

The qualitative ajodels generally incorporate tvo major
variable groupings:
1) Jointly determined (endogenous) variables that are
more or less conmon over studies. These can be

TABLE 1
Key Features of Data Collection For
Research on Buyer Behavior Models

Food Product

faptv FroAjctB

Product

AuteoobUc*

S«ttlnt

» • '

as

Argcntliw

U.S.

In Sycteac

Eodogcw*!* Exofetwuv Tots I

IX IT J*

s l e 21

10 1> 26

3 6 9

\ S I ?

In {iev«lcipncNC
Cycl*

TMt Harhct

tatabllslwtf
Brand*

Teatr *to*«t

tte

Yec

!4ff

tkr

•

ttuifcar e f Vc««»

U M ^ JJ* t todai

I

3

Modeled

-

1

1

•

t M <MT«C o f

of ai*U' Daed in
Nedet

5 wwth.

> BMtKt

337



FIGURE I
Conceptual Model of Buyer Behavior

TABLE 2
Variables Used in Buyer Behavior

Model Applications

identified in the flow-chart as variables which are
affected by as well as affecting others in the system;
2} Pre-determined (exogenous) variables which are
rather specific to the application at hand. These
affect endogenous variables but are not in tum affect-
ed by other elements in the system.

The endogenous variables further divide into those
variables which basically describe perception and learn-
ing processes, and those which describe decision making
and cognition. In general, measuring and modeling the
latter set has been more successful than the former.
The exogenous variable set often includes three types of
measures:
a) Lagged endogenous variables (especially behavior)
which are statistically useful in removing spurious
model elements at the point of parameter estimation;
b) Controllable variables—advertising, dealing, etc.
These allow assessment of elements of the marketing
program and prediction of the effects of program
changes; and
c) Socio-demographic measures, usually gleaned from a
rather large set of c^ididates which are specific to
the market in question.

A more specific indication of the variable sets used in
each of the five studies just described is shown in
Table 2.

Model Specification and Parameter Estimation

Initial specification of models like those shown in
Figure 1 at first involved a rather literal interpreta-
tion that causal links exist between points connected
by arrows and flow in directions indicated by the
arrowheads (Farley & Ring, 1970). This exercise yielded
a set of general relationships generally equal in number
to the number of endogenous system variables shown in
Table 1. These general relationships were then cast
into linear form and parameters were estimated with
some sort of regression technique. More recently, the
initial specification has been somewhat more flexible.

Empirically-Based Model Specification

In several cases, multivariate procedures other than
regression have been used to provide additional situa-
tion-specific empirical bases for model specification.
Multivariate procedures appear appropriate, of course,
Because of the complex variable structure, particularly
among the jointly causal endogenous variables. For
example, factor analysis, canonical correlation, cross-
lag correlations, and AID techniques have been used as
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specification aids (See Table 3). While*the procedures
have provided insights in some cases, the results aiso
underline the critical importance of &_ priori model
specification based on theory plus experience.

Fcr example, factor anaiysis has been useful for assess-
ing the dimensionality of the endogenous and exogenous
variable sets separately (Katz, 1973). It is very use-
ful to know that the endogenous variable set is generally
of full dimensional.ity, because this fact assures that
later regression work will be feasible. However,
factor analysis has been less useful in specifying in-
dividual relationships.

Somewhat closer to the specification problem is canoni-
cal correlation, which can be used to form weighted com-
pounds of related variables from two distinct groups—
in this case the endogenous and exogenous variables
(Farley & Ring, 1974: anri KatZ: 3.973). This ioint

TABLE 3
Multivariate Procedures Used in

Specification and Parameter Estimation
for Buyer Behavior Models Applications
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structure characteristic of canonical correlation has
generally indicated the presence of ex5)ected variable
groupings among either the endogenous or exogenous
variable sets (attitude-awareness-intention-purchase,
for example) but the procedure has not been useful in
establishing the directions of causation. Cross-lag
correlation has aiso been used to help establish
direction of causation in panel studies in which measure-
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ments on the same individuals are available at different
pointi! in time (Lehmann, O'Brien, Farley & Howard,
1974). It now appears however, that the adjustment of
the individual to experience or to new information is
rather rapid relative to any practical inter-measure-
ment period (e.g., one njonth) , so cross-lag techniques
have provided less specification guidance than had been
hoped.

Various step-wise procedures have also been tested to
help solve the specification problem (Katz, 1973; and
Farley & Katz, 1976). These procedures, such as the
Autom^itic Interaction Detector and step-wise regression,
have the inherent disadvantage that they are single-
equation techniques—that is, that they have a single-
valued dependent variable. However, in practice AID
has indicated the presence of mere complex feedback
structures than is usually specified in qualitative
flow charts like Figure 1. This result indicates
limited promise for recursive models except in the con-
text cf rigidly controlled experiments..

Finaiiy, the problem of specifying parameter configura-
tion (in contrast to variable configuration) has re-
ceived only limited attention, although developmental
work has indicated substantial potential. For example,
analysis compariag results from a Bodei with fixed
parameters to a model in which paran^ters were allowed
to vary over the range of values of explanatory
variables showed substantial improvement in goodness of
fit measures and allowed use of the segmented regress-
ions to identify market segments defined within the
buyer behavior system fraaiework (Weinstein S Farley,
1976).

General Patterns of Parameter Estimates

As Table 3 indicates, a substantial amount of effort
has gone into comparing results of equation-by-equatior.
paraiaeter estimation methods (e.g., ordinary least
squares) with methods that take explicit account of
inter-relationships among the system of endogenous
variables (e.g., two stage least squares). The fact
that OLS has been shown experimentally to stand up
better than other methods to specification problems
probably explains why results differ little qualitative-
ly and in some cases are identical quantitatively for
the different approaches (Farley, Lehmann & Howard,
fcrthcojiing). Rather consistent patterns emerge in
terms of both goodness of fit and patterns of relation-
ships among system parameters even though problems of
parameter identification have arisen in connection with

estimation (Lutz i Resek, 1972). There are also indi-
cations that results may vary systematically with the
context in which data are gathered (Farley, Katz &
Lehmann, 1976).

Table 4 shows goodness of fit measures fcr ordinary
least squares equations common to se\'erai studies.
Experience has showr. consistently better fit for
eqiiations predicting a subset of the endogenous system
variables—attention and awareness, intention or be-
havior, and knowledge (which appear in all four studies)
as well as attitude and satisfaction. One resi:it of
this fact has been a tendency to cut back models in
application to "working" versions which incorporate
oniy these five variables as endogenous. These endog-
enous variables have two characteristics in common:

1) The measures (usually scales or actual records cf
one sort or another) correspond quite closely tc the
theoretical, concept under study; and
2) There is a very substantial literature or. the
measurement of each variable.

While Table 4 also shows that the goodness-of-fit
nieasures increase over time as experience with the
models accrues, the coefficients of determination of
even the well-fitting equations generally range from
.2 to .5, and even the segmented regressions mentioned
earlier are not beyond this range.

In terms of both marginal (pairwise) and partial measures,
inter-relationships ansong pairs of this same subset of
endogenous variables have been consistently positive
and significant. Relationships involving other endog-
enous variables hai'e been less predictable in terms of
either sign or significance. Relationships between
endogenous and exogenous variables (particularly socio-
demographic measures) have generally beer, weak and have
provided relatively little incremental explanatory
power in the regression equations.. In fact, tae
major utility of these variables has been in providing
groupings for within-group averages (purchase or in-
tention to purchase, attitudes, etc.) to be used for
market segment identification (Farley, Howard &
Lehmann, 19 74).

Difficulties to be Dealt With

Our prediction is that these laodeis will continue to be
used and developed as both research tools and predictive
devices. The broader the scope and ambition of the
application, the greater the number of problems co over-
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Five Buyer Behavior Model Applications
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come. Certain endemic difficulties have arisen and have
been openly discussed in appiications:

Operationalizatlon of the Constructs

One of the most difficult tasks is operationalizing the
concepts designated bj' the model. Sometimes key con-
structs have been omitted by necessity—as in the com-
pact car example where purchase was not used because
only a handful of people purchased the product. In the
case of the personal product in Argentina, intention
was simply not included in the translated questionnaire.
Ir, other cases, omissions arose because sponsors were
interested more in proven constructs than in compiete
models, or because data were used that were designed for
purposes other than examining the models.

Real problems lie 'in measuring ail of the constructs, of
course. On one level is the issue of whether the con-
structs are uni- or multi-dimensional. The regression
framework virtually dictates a single measure for each
construct for parameter estimation. More basic problems
occur with how to operationalize each individual con-
struct into an item or set of items on a questionnaire.
Even attitude and intention, which typically are
measured on semantic differential scales, have been
measured with different numbers of scale points and
different anchors. Other constructs, such as brand
comprehension, have been measured by the respondent's
own perception of his comprehension, with a single yes-
no objective question and with a sum of the n'jmber of
correct answers to a series of multiple choice questions.
Still other constructs, such as coixfIdence, have been
operationalized in numerous ways. As a result, com-
parability across studies is difficult. A set of
relatively standardized measures is needed, and some
work has been done in this direction (Katz, 1973).

Noise in Measurement

A major problem in using any set of data is assessing
the level of noise in the measures. The early applica-
tions tended to result in coefficients of determination
of cross-sectional regressions ranging from .05 to .5.
Whiie the .05 obviously can be improved, we also felt
then that the .5 R^'s could be also increased to . 8 or
.9. Given the present state of measurement technology,
it now appears that .6 is a. much more likely upper
bound for R'.

The major reason that half the variance is essentially
unexplainable is that the signai-to-ncise ratio is
relatively low. Put differently, the test-retest
reliabilities of many of the measures (most attitude
questions, for example), tend to produce correlations
of about .7 and R'-'s .of .5. Since the test-retest re-
liability of the dependent variables is limited to R^'s
of about .5, it is unreasonable to expect the regression
equations to get higher R^'s.

Numerous reasons exist for the low reliability of the
measures. One which we have struggled with is the
problem caused by missing data which leads to a choice
among substituting a mean value for the respondent or,
as we have generally done, discarding him entirely.
Another is the tendency of respondents to "halo" their
answers by checking either favorable or unfavorable
ratings for a given product regardless of the construct
being measured. This implies that the statistical
error structure of the endogenous variables may be very
complex. Finally, there is a certain amount of random
noise in the respondent's feeling toward the concepts,
which means that on a 7-point scale, a response of 5
probably has at least 1 scale point random error
associated with it.

Causal Priority and Timing of Measurements

The Howard-Sheth model implies a definite causal priori-
ty among the constructs. Unfortunately, this priority
is very difficult to test in the context of the whole
model, because it is almost impossible to design ex-
periments which control all the endogenous elements.
Consider, for example, the attitude to intention link.
The "classic" way of testing the causal priority would
be to measure both attitude and intention at 2 points in
time and see whether the correlation of attitude at time
1 with intention at time 2 or attitude at time 2 with
intention at time 1 is higher. This approach has three
major difficulties. First, ir is not clear how far a-
part the measurements should be taken to a) minimize
measurement bias and b) match the time period in which
a change in attitude becomes a change in intention. In
fact, since for many of the links in the system the
adjustment may take only seconds, such an approach is
unfeasible practically. Second, even if the time
periods were correctly chosen, the effects of other
variables on the variables of interest must somehow be
rCTioved, and full experimental control on all of them is
simply not feasible. Finally, it is likely that for
some fraction of the people, the causal order is re-
versed at a given point in time because the feedback
effects are dominant. Hence the real task is not to
prove the causal order specified by the model, but
rather to estimate the fraction of people for which it
is true.

In contrast, survey data, whlcVt form cine basis for most
practical applications, are inherently non-experimental
and strong assumptions must be made about the nature of
the error structure and about the data-generating pro-
cess in order to be able to estimate effects at all.

Individual Differences

The problem of inter-individual differences is both
large and multi-faceted. One obvious problem is the
measurements where a "4" may mean different things to
different respondents. Normalization, the usual remedy,
assumes that the number has no meaning, and in most cases
that the variance of the responses has no meaning as
well. We generally have used raw data and hence data
normalization is one possible avenue of future research.
Another problem of individual differences is the
assumption that the marginal response to changes iu the
variables depends only on the level of the variables
and not on the individual. While this is a practical
necessity since the sytem cannot now be estiiaated
statistically or. an individual level, it is still
bothersome, and perhaps some grouping of more or less
homogeneous people would be useful prior to estimation.
However, this process may be no more successful than
the typical segmenting exercises based on demographic
or personality variables have been in providing insight
into the buyer behavior process.

Functional Fora.

The qualitative flow chart versions of the model do not
specify functional forms of relationships among variables
and much of the early work has recosmeaded that non-
linear functional forms be investigated. Unfortunately,
given the noise level in the data and only modest non-
linearity, it is difficult to determine whether the non-
linear model will behave much differently froE a linear
approxjjuation of the same function over a reasonable
range of variable values. The use of orthogonal poly-
nomials (Laroche, 1974) has in fact improved the fit of
some of the relationships.
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Non-S:ationarity of the Model

Througho;jt the past five years, the model itself has
been in a state of constant change (Farley, Howard S
Ring, 1973). Changes have occurred in the operational
defir..itioris, both because of product situation and the
availability of data. Similarly the model has changed
to meet the situation, and it has also changed over
time based on new findings in the literature, rethink-
ing o:: the model, and accumulated empirical results of
the studies like those described here. While this
change is both appropriate and desirable, it has made
comparability of results more difficult. The consider-
able criticism of individual studies as not being tests
of "the" model aiso appear misaimed during a period of
model modification.

Future Directions of Development

The future of examination and uses of models like the
Koward-Sheth model should be different from the past in
many ways. The model forms a useful organizing frame-
work ior data collection and analysis of situations
where respondents process information about the product
in question. In order for it to become more useful, both
as a tiimulation tool for decision makers and a tool for
basic research, several things must happen:
1} Examination of alternative operational definitions
must .lead to agreement on a "best" set of definitions..
2) Explicit mathematical form or family of forms of the
equations as well as segments must be specified,
3) Controllable decision variables must be tied more
directly to the endogenous variables—e.g. , advertising
messasjes delivered to sales.

Progress toward all three of these goals is more likely
through limited small scale studies of subsets of
variables than through experimentation with the full
model. Similarly, applications of different statistical
and modeling methodologies will be useful in investi-
gating these models. Progress wiil be facilitated if
all concerned recognize that choice process models offer
only one approach to the understanding of consumer be-
havior which is complimentary with many others.
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