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Introduction

N the past, models of individual brand choice behavior have been limited in their ability to include
variables exogenous to the consumer (e.g., state of
the economy, price of a competitor's product), including those variables within the control of the firm
such as price level,advertising level, etc. As a consequence, although these past models have provided
interesting descriptions of consumer behavior, their
capability of being used in a normative context was
extremely limited. Even those models that did include
exogenous variables had limited ability to do so, since
they could incorporate at most one of these variables.
Furthermore, the models were idiosyncratic in the
sense that they were unable to include variables other
than those with which they were specifically designed.
Up until the model presented in this paper, the
state of the art involved specifying a separate model
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A ~ew brand choice model that has the capacity
to Include explanatory variables is described and
its use illustrated in an application to a particular
brand. In this application, pricing and certain consumer demographics provide an explanation of
the purchase behavior for the brand studied. The
model provides a good fit to empirical data as
well as some important insights for marketing decision making.

for each situation, with each explanatory variable
modeled in a special way. This paper describes a new,
general model of individual choice behavior-one
that can incorporate any number of explanatory variables. Furthermore, the form of the model is such that
the model is not idiosyncratic to the variables that are
included. In fact, the model is quite closely related
to the linear regression model, and as such can be
used in an adaptive model-building context to interactively choose the exogenous variables (for inclusion
in the model) having the most explanatory power.
This paper reports on the concept of this model and
ticular brand in a frequently purchased, consumer
nondurable product class. The results have some interesting implications for the marketing strategy and
positioning of the brand analyzed. In addition, since
some of the important explanatory variables were demographic, the results have some interesting implications for market segmentation of the brand and
product class.

A Review of Stochastic Brand
Choice Models
The use of stochastic models to study brand choice
was initiated by Kuehn (1958, 1962). He observed
that consumers with several past purchases of a cerJournal of Marketing
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tain brand, say Brand A, have a much higher propensity to purchase Brand A on the next purchase
occasion than do those consumers with several past
purchases of some other brand. From this observation
he proposed that consumers are influenced by "purchase event feedback," that is, that consumers increase their propensity to choose Brand A as a result
of having purchased Brand A in the past. In conjunction with this, he proposed the linear learning model
to represent this behavior.
Frank (1962) proposed an alternative mechanism
for describing Kuehn's data. Frank's model assumed
that every consumer's attitude toward Brand A remains constant over time and purchase events, but
different consumers have different initial attitudes toward Brand A-a characteristic which is termed heterogeneity. Much of the next 10 years of research in
this field was devoted to resolving the controversy of
whether purchase event feedback or heterogeneity
was the influence controlling the consumer behavior
that Kuehn had observed. Not surprisingly, the general conclusion was that both phenomena were influential. Much of this research is summarized and compared in Massy et al. (1970).
The second decade of research in stochastic models
was mainly devoted to attempts to make these models
more useful. Two dominant streams emerged during
this time. The first accepted the tradition of purchase
event feedback and heterogeneity developed during
the first decade, and extended the models to incorporate various explanatory variables. Unfortunately,
however, the complexity of the modeling process almost always limited the inclusion of these to a single
explanatory variable. Among the developments in this
area, Montgomery (1969) and Jones (1970a, 1970b)
modeled a one-time shock to the market (i.e., the
ADA endorsement of Crest toothpaste) by incorporating time evolution to steady state. Zufryden (1973)
incorporated advertising exposure, and Lilien (1974)
incorporated price differential. However, until the
work reported in this paper, no way was found to incorporate any number of explanatory variables. Each
of the models mentioned above was developed specifically for the single explanatory variable incorporated.
The second major stream of development stems
from a work by Bass (1974) but has its antecedents
in papers by Herniter (1973, 1974). Unlike the models
mentioned above, these models required only market
share data.' Therefore, while incorporating many of
the ideas developed in previous research, this research
allows one to build a model with much less costly and

more readily available data. It must be pointed out,
however, that more recent studies in this stream, in
particular Jeuland (1977), Bemmaor (1979), and Bass
and Pilon (1980) do use panel data, so it appears the
two streams of research are about to merge again.

'The models by Kuehn, Frank, Montgomery, Jones, Lilien, Zufryden and those discussed in Massy et aJ. all require panel data, which
is fairly expensive to obtain and reduce in the desired way.

2 For ease of exposition we will discuss a regression model with only
one independent variable. The same concepts apply for any number
of independent variables.

A Description of the Model
The model used in this study has two parts-the first
a model that describes the brand choice behavior of
individual consumers, given that a purchase within
the product class is being made, and the second a
product class purchase incidence model. Each part of
the model will be reviewed below.
The Brand Choice Model

The basic concept of the brand choice model is that
changes in the values of the explanatory variables
change the collective propensity of consumers to purchase a particular brand. Since the model is not idiosyncratic to the number or kind of explanatory variables that are included, we denote only a general set
of explanatory variables, x!' x2 , . • . , xk ' leaving the
appropriate specification of these variables to the theory and practice surrounding a particular application.
In general, we would expect the x's to be any factors
that might be likely to influence the purchase decisions of consumers, including characteristics of the
consumers themselves, variables under the control of
the firm marketing the product, and other external factors. In an analogy with regression, these x's are the
independent variables.
The dependent variable in this study is p, the individual consumer's propensity to purchase the brand
in question. The model in this study focuses upon a
single brand of interest, which we shall denote Brand
A. In technical terms, p denotes the individual consumer's probability to purchase Brand A, given a purchase of the product class containing Brand A is being
made. Two crucial assumptions are made regarding
p. The first is that p varies over households. That is,
the value of p is different for different households,
even if these households face the same levels of all
the explanatory variables. The second assumption
concerning p is that its average or mean value for the
population varies as the levels of the explanatory variables change. Both of these properties will be illustrated in comparison with a linear regression model,
which is conceptually closely related to the model
proposed in this paper.
As a brief review, the simple/ linear regression
model
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Y = 130 +13, x +

E

FIGURE 1
Some Forms of the Beta Distribution

has two major components. The first is the mean
value of the dependent variable Y, which is assumed
to be a linear function of the independent variable x:
E[Ylx] = 130 + l3,x,
where the mean value of Y is denoted by E[Ylx]. The
second major component of the model is the uncertainty in Y values, denoted here by E. This term represents the variation of the Y values about their mean
and is assumed to have a variance of 0"2. It is usually
assumed that E is normally distributed, although this
assumption is not crucial to many of the estimation
and prediction aspects of the model.
The brand choice employed in this paper is conceptually very similar to this linear regression model.
The major difference between the two arises because
the dependent variable p in the brand choice model
must be constrained in value. It is crucial in this case
that the model be developed so that p will always lie
between 0 and 1 (since it is a probability).
Just as with the linear regression model, the brand
choice model has two major components--one that
describes the mean value of the individual consumers'
p values as a function of the explanatory variables,
and another describing the variation in these p values
across the individual households. The model for the
mean value of the p's is a logit model, with the functional form
E[plx] ) _
+ x
log ( 1 _ E[plx] - 130 13,
where E[plx] denotes the mean (across all households)
value of p, given the value of the explanatory variable
x. Note that the above formulation readily allows the
inclusion of any number of explanatory variables in
the same manner as linear regression merely by adding additional terms of the form I3j xj '
The logit function allows E[plx] to vary between
o and 1 in a curvilinear fashion. The function is flexible enough, via the values of its parameters, to depict
either increases or decreases in the mean value of p
for increasing values of x. It can also allow the rate
of increase (decrease) of the curve to vary, depending
upon the value of the coefficient multiplying x.
The variation component used in this model is a
form of the (quite flexible) beta distribution. It too
has the advantage of being range constrained to the
values between 0 and 1. The beta distribution is assumed to represent the variation in individual p values
that occurs across the population of consumers. At all
times its mean value coincides with the mean value
given by the logit function, just as the mean of the
Y values in linear regression fall on the straight line.
Of the many potential shapes which a beta distri-
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bution can assume, one would expect the three general shapes depicted by versions A, B, and C in Figure I to be most likely to arise in brand choice
situations. Most consumers would have a low probability of buying Brand A, hence there will be much
of the area of the distribution collected at low values
of p. A few brands, perhaps including Brand A, will
be in the enviable position of having a small group
of highly loyal customers. 3
The combined model, which is designed to represent the individual household's probability of purchase p, is depicted in Figure 2. (Notice that the traditional positions of the dependent and independent
variable axes have been reversed to depict the variation in p values more easily.) The curved line slicing
from lower left to upper right represents the logit
function, and the three probability distributions are
different versions of the beta distribution. The logit
function represents the mean value of p for any given
value of the explanatory variable x, and the variation
in p values of the individual households are represented by the (beta distribution) variations about these
mean values.
Thus, we can see that the model used in this study
is conceptually very similar to the linear regression
model, yet is adapted to the (0 to 1) range constraint
of the dependent variable. It should be pointed out,
however, that one of the strongest features of the lin-

3

Distributions with these properties were found to occur in practice

by Kuehn (1962).

FIGURE 2
The Full Brand Choice Model Used in this Study
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ear regression model-the ease of parameter estimation-has not been lost to this new formulation.
Therefore, the ease and power of least squares, with
minor modifications, can be applied to the model presented here, and this allows the model to be used to
determine adaptively which of a potentially large set
of independent variables are the ones that most significantly affect p.
Because of the 0-1 range constraint on p, the distribution of p values cannot remain the same for different values of x. Moreover, it is intuitively appealing that the distribution must change. For example,
if price is decreased one would expect the distribution
to change to yield a smaller proportion of consumers
with very low probabilities of brand purchase.
Just as with the linear regression model, the model
used in this study can be formulated with categorical
independent variables. In this form the model provides a useful way to include qualitative variables
such as demographic descriptors (e.g., see Green et
al. 1977 and Flath and Leonard 1979). The present
study also makes use of this important model capability.

In this study, the purchase incidence model describes
when the household will make a purchase in the product class. Since the brand choice model assumes a
purchase event within the product class, the overall
model describes a two-stage process whereby a decision is first made to buy an item from the product
class, and then a brand choice is made.
For the purchase incidence, the model at the individual household level assumes purchases from the
product class are made at intervals of random length.
As a consequence, the total number of product class
purchases made by a family in a particular time period
(say, a year) will be uncertain, and is specified by the
model to be a Poisson distributed random variable.
Moreover, we assume that different households have
different purchase rates within the product class.
Therefore, different families will have different probability distributions of the number of product class
purchases made in a year. The aggregate (populationwide) purchase incidence model is obtained by selecting a probability distribution to reflect the product
class purchase rate variation and combining this distribution with the individual Poisson model. The combination results in a distribution that represents the
proportions of the consumer population making 0, 1,
2, . . ., etc., brand purchases over a specific time
period. 4
The parameter estimation technique for the resulting aggregate purchase incidence model which we
used is the iterative approach developed by Ehrenberg
(1959; see also Zufryden 1978). This technique will
not be discussed here. The empirical results and managerial implications of the estimated model will be
highlighted later.

Parameter Estimation for the
Brand Choice Model
Unlike the purchase incidence model whose parameter estimation method is well established, parameter
estimation for the brand choice model involves some
new concepts and will be outlined below. Readers interested in the details of this technique should consult
Neter and Wasserman (1974, pp. 324-35), Green et
al. (1977), Jones and Zufryden (1980), and, to a certain extent, Flath and Leonard (1979).
The major problem in the estimation of the brand
choice model is that the dependent variable p, the
probability of choice for Brand A for any particular
consumer, cannot be directly measured. At best we
can only obtain a manifestation of this p value-the

The Purchase Incidence Model

The details of the purchase incidence model are technical and have been presented elsewhere (Ehrenberg
1959), so we will only review the basic concepts here.

'In particular, Ehrenberg (1959), Zufryden (1978), and others have
used a Gamma distribution to characterize the variation in purchase
rate, as we have in this study. The resulting aggregate model is the
Negative Binomial Distribution (NBD).
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TABLE 1
The Observed Proportions for Various Values of the Explanatory Variablesa,b
Children
Income
<$20,000
~$20,000

No Children

High
Price

Low/Med
Price

High
Price

Low/Med
Price

0.085 (375)
0.062 (227)

0.098(458)
0.062 (307)

0.079 (661)
0.046 (284)

0.096 (909)
0.049 (371)

• Numbers in parentheses represent the total number of purchase occasions within each cell.
b Based on a total sample of 3,592 product class purchases for 381 households.

actual purchase outcome of the consumer. In order to
obtain a reasonable estimator of p we must aggregate
these purchase outcomes, either over time for a single
consumer or cross-sectionally for a number of consumers. In any case, the aggregation must be performed only when the explanatory variables Xl' x2 '
. . ., xk remain at the same levels . We have chosen
to aggregate over both time and consumers, since an
over time aggregation by itself would require that
each consumer be observed for an extremely long period of time.
The basic data used in the brand choice model
parameter estimation is thus the observed proportions
of consumers who make purchases of Brand A under
certain conditions (values of the explanatory variables). For example, in the study to be reported on
later in this paper, three of the important explanatory
variables were defined categorically as
Xl:

x2 :
x3 :

The presence (x. = 1) or absence (x, = 0) of
children in the household,
The relative price the purchaser faced on
Brand A, high (x, = 0) of low/medium (x,
= 1),
The yearly income level of the household,
either less than $20,000 (x, = 1) or $20,000
or more (x, = 0).

Using the brand choice data for the 3,592 purchases
made by the 381 panel families in this study, the purchases were first categorized using the independent
variable classifications, and then, within each cell, the
observed proportion of all purchases of Brand A was
determined.l The results of this data reduction are
shown in Table 1. There we find, for instance, that
of the 375 purchases made by panel families with incomes less than $20,000 and with children at home,
when the relative price of Brand A was high, 8.5%
or 32 were Brand A purchases.
5 Using panel data, this data reduction step is easily accomplished
using SPSS or some other statistical program which allows one to
build multi-way contingency tables.
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These observed proportions are then used to estimate the parameters for the logit model. Since the
model is

least squares techniques can be used if we first transform the observed proportions p (such as those from
Table 1) using the logit transformation

q = log~.

1- P

These q values are then regressed against the values
of independent variables using weighted least squares,
. . . , ~k are obtained.
and the estimates for ~o, ~l' ~2'
See Green et al. (1977) or Jones and Zufryden (1980)
for a detailed technical discussion of this estimation
technique.
Two points should be made. First, the logit transformation of p is only defined if p does not have the
value of 0 or 1. Therefore, multiple observations at
each possible set of values for the independent variables x., ... , xk are necessary. This makes it more
difficult (but certainly not impossible) to build a logit
model using continuous explanatory variables (rather
than categorical ones). Related to this, there exists at
least one other technique for estimating logit model
parameters, a maximum likelihood technique, which
has the distinct advantage of not requiring multiple
observations at each possible set of values for the independent variables. Hence, it is more readily applicable to formulations with continuous independent
variables. However, it has a disadvantage that makes
it much less applicable in the present study. It requires
much more complicated calculations to estimate the
parameters of the model. Because of these complicated calculations it is difficult to do adaptive model
building using this technique. That is, it becomes difficult to build what one considers a good model by
choosing a relevant subset from a large shopping list

of potential independent variables because the estimation cost is very high.

TABLE 2
The Estimated Values of E[plx]
Using the Logit Model

An Application of the Model
The remainder of this paper will discuss the results
of an application of this model and emphasize the implications of the results for both marketing strategy
and segmentation.

No
Children

Children
Income

<$20,000
~$20,000

High
Price

Low/Med
Price

High
Price

Low /Med
Price

0.0885
0.0525

0.1017
0.0607

0.0800
0.0473

0.0922
0.0548

The Data Used in This Study
Consumer panel data provide an excellent source for
the data needed for both the brand choice model and
the purchase incidence model. Such data, for a frequently purchased consumer nondurable, were obtained from NPD Research, Inc. for this study. The
brand chosen as the focus of interest, Brand A, was
one of the market leaders, having approximately an
8% share. The structure of the market for the product
class shows three distinct categories into which specific brands fall, based upon price and perceived quality. Brand A was a relatively high priced brand within
the economy, or low price, category.
Although the NPD panel contains consumers from
throughout the U. S., this study considered only those
panel members residing in California, and only those
who had perfect reporting records for their diaries
(returned on a monthly basis) throughout the year
(1976) during which the data were collected. The
study was limited to California panel members to reduce regional variabi1ilty of price.
Although consumer panel data provide an excellent partial source of data for such a study, it is by
no means as complete as one might like. For instance,
certain marketing mix variables such as the level of
advertising cannot be obtained from panel data, and
other marketing mix variables such as distribution,
price, and dealing can only be obtained in an indirect
way. (Take, for instance, the consumer who does not
buy Brand A on a particular shopping trip. What price
of Brand A did he/she face at that decision occasion?)
However, since the purpose of this study is exploratory, panel data proved to be an adequate (and the
only available) source. A combination of panel data
and data from other sources would provide the best
data for the model.
Model-Fitting Results
A previous proprietary study by NPD Research suggested several potentially important explanatory variables," including relative level of net price (including

6 In the absence of such a preliminary study, one could use an AID
technique, such as that reported in Green (1978).

promotional discounts), household size, presence and
number of children in the household, and household
income level. These last four variables were used as
the shopping list of potential explanatory variables
from which it was hoped a good model, incorporating
one or more of these, could be built. Originally,
price, income, and household size had three levels
each (low, medium, and high), (less than $13,000,
$13,000 to $20,000, and greater than $20,000), and
(1 or 2 members, 3 or 4 members, 5 or more members), while presence and number of children had two
levels (children under 18 residing in the household,
and no children in the household). Various linear
models, including some or all of these variables in
original or collapsed form (see Jones and Zufryden
1980) were fitted to the data. Of these, the best fitting
model was the following (t-values are in parentheses):
log (

E[plx] )
I = -3.003 + 0.110 x,
(-37.9)
(1.75)
1 - E[px]

+ 0.156x2 + 0.559x 3 ,
(2.52)

(7.75)

where the independent variables are those defined in
the logit estimation section.
This model provided an excellent fit, yielding a
X2 value (see Green et al. 1977) of 0.947, which, with
four degrees of freedom, has a p-level of 0.92. The
X2 goodness-of-fit value for this model provides a
comparison between the observed proportion of Brand
A purchases in any category and the estimation of
E[plx] obtained from the logit model. These latter
quantities are shown in Table 2. A comparison between these values and the corresponding observed
proportions from Table 1 shows how closely the logit
model fits the data.
Recall that, unlike linear regression, the brand
choice model proposed in this paper must allow for
the distribution of p values to be different for different
values of the independent variables (see Figure 2).
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Using a X2 estimation technique (see Jones and Zufryden 1980 for details), a separate beta distribution
was estimated for each set of explanatory variable
values. Since there is not a great deal of variation in
the market shares (observed proportions) for the various values of the independent variables, one would
not expect there to be a great deal of difference among
the various beta distributions. This proved to be the
case. Figure 3 shows a graph of the two most different
beta distributions. The distributions for the variance
in p values for other sets of values of the explanatory
variables lay somewhere between the two distributions shown in Figure 3.
The third, or purchase incidence, part of the
model also proved to have a good fit. This is illustrated in Figure 4, where both the empirically observed and theoretically fitted aggregate product class
purchase count distributions are displayed on the same
graph. A quick glance will show how similar the actual data and the model are.
Figure 5 illustrates the most basic result coming from
the model and one that is likely to be of primary interest to the manager. In this figure the market shares
of Brand A are displayed for each set of values of the
independent variables and the incremental share that
is added for each change in a single variable. Such
a network-like diagram displays the range of share
values that occurs and provides an indication of how

FIGURE 3

The Beta Distributions of p Value in the Most
Extreme Cases
17.5

flPl
15.0

....-s-

Estimated Beta Distribution for
No Children, High Price, Income!:- $20,000

10.0

7.5
~

Estimated

Beta Distribution

Chlld,en. Low/Medium

5.0

for

Price, Income

< S 20,000

2.5

0.05

0.1

0.15

No. of
families

012345878910111213.".151817181920

Number of Product
Class Purchases

o

Common area

I2J

Obsarvad

m

Interpretations of Results

12.5

FIGURE 4

A Comparison of Purchase Counts from the
Panel Data and from Ehrenberg's
Theoretical Model

0.2

42 / Journal of Marketing, Winter 1982

0.25

p

0.3

sharad by both distributions

fraquancias axcaad Ehrenberg's

Ehrenberg's

model

exce.ds

observed

model

frequencies

sensitive share is to changes in these variables.
A distinct advantage which this model has over
merely processing the panel data is in providing specific detail on the groups of consumers under various
influences (values of the independent variables). Table 3 illustrates this type of model result. In this table
the estimated brand purchase distribution (i.e., the
proportion of consumers making 0, 1, 2, . . . brand
purchases over a one-year period) is given for each
set of values for the explanatory variables, The distributions for the individual sets of values of the independent variables are obtained by determining the
probability distributions for various numbers of Brand
A purchases given that the consumer has made a certain number of product class purchases; then these
distributions are weighted by the probabilities of the
household making various numbers of product class
purchases-these latter numbers obtained from the
purchase incidence model.
The distributions given in Table 3 could not be
accurately estimated from a direct reduction of the
panel data because the data would become too attenuated. The model, however, can quite easily provide
these distributions, and, what is probably more important, certain quantities derived from these distributions, such as the average number of Brand A purchases per household per year, and the total proportion
of households penetrated during a year's time. These
quantities are given at the bottom of Table 3.
A graphical illustration of two of the brand purchase distributions from Table 3 is given in Figure 6.
Here, the two most extreme of these distributions

FIGURE 5
Incremental Effects of Explanatory Variables on Brand Share

No Children
High Price
High Income

4.73%

0.75
No Children
High Price
Low Income

8.00%

No Children
Low/Med Price
High Income

Children
High Price
High Income

Children
High Price
Low Income

Children
Low/Med Price
High Income

5.48%

5.25%

1.22
No Children
Low/Med Price
Low Income

9.22%

8.85%

1.32

6.07%

4.10

Children
Low/Med Price
Low Income

10.17%

have been graphed. As is obvious from this figure
(or a close examination of Table 3), the proportion
of families who never buy Brand A in the High Income, No Children segment, when a relatively high
price is in effect, is much higher (about one-third)
than this proportion among Low Income, Children
consumers facing a Low/Medium price. Conversely,
the proportion of greater than zero Brand A purchases
is higher for this latter group. This shows the extremes in purchasing potential within the categories
modeled.
Strategic Implications of the Results

The most important implications of these results center on the indication of which variables measurably
affect market share. These are obtained from the
adaptive model-building exercise used on the brand
choice model. Knowing the members of this collection of significant variables can aid the manager in
appropriately allocating his/her efforts.

In this case the significant variables fall into two
categories-two demographic variables over which
the manager has (presumably) no control, and one
marketing mix variable, price, over which there is
some measure of control. We will discuss below how
the model can be used to help make rational decisions
regarding price. Before we do, however, we should
point out that although the manager cannot change a
household's income level or the presence of children
in that household, the knowledge that variations in
share are affected by these demographics can be extremely important. For instance, this knowledge could
suggest changing Brand A's advertising and/or the
media buying to target the related consumer segments
more effectively.
The variable over which the marketing manager
has maximum control, of course, is price. Recall that
the price discussed here is relative price, and fluctuations in this quantity arise for Brand A, so far as we
know, only due to natural fluctuations and dealing,
and not due to any determined effort on the part of
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TABLE 3
Effects of Explanatory Variables on Estimated Brand Purchase Frequencies Over a One-Year Period
Income Greater Than $20,000

Income Less Than $20,000
Number
of Brand
Purchases
0
1
2
3
4
5
>5

Low/Med Price

High Price
Children

No
Children

0.5944
0.2082
0.0914
0.0491
0.0243
0.0137
0.0226

0.6182
0.2011
0.0854
0.0414
0.0219
0.0122
0.0198

0.910

0.610

0.434

0.321

Children

No
Children

0.5660
0.2157"
0.0987
0.0502
0.0273
0.0157
0.0264

Average
Number
of Brand
Purchases
Brand
Penetration

Low/Med Price

High Price

Children

No
Children

Children

No
Children

Overall
Actual

0.6333
0.1962
0.0815
0.0391
0.0204
0,0113
0.0182

0.6791
0.1795
0.0699
0.0322
0.0164
0.0089
0.0140

0.7263
0.1596
0.0582
0.0258
0.0128
0.0068
0.0106

0.7356
0.1554
0.0559
0.0246
0.0121
0.0064
0.0099

0.7572
0.1452
0.0507
0.0219
0.0107
0.0056
0.0087

0.6483
0.1916
0.0735
0.0420
0.0157
0.0131
0.0157

0.764

0.481

0.828

0.502

0.724

0.435

0.688

0.382

0.264

0.406

0.274

0.367

0.243

0.352

• Numbers in table represent consumer segment proportions making indicated number of brand purchases. For example. 21.57%
of families with income less than $20.000 and children are expected to make one Brand A purchase over a one-year period when
a low/medium price is in effect.

Brand A management to change Brand A's price.
Therefore, the conclusions we reach regarding the
effect of price reduction by Brand A must be tempered by the fact that temporary price fluctuations
may have different effects on consumers than per-

FIGURE 6
Percentages of Households Making Various
Numbers of Brand A Purchases During the Year
for Two Sets of Independent Variable Values
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manent price changes. While perhaps not providing
definitive answers, the analysis we present here
should at least provide enticing food for thought for
Brand A management.
Not only can the model discussed in this paper
provide brand purchase distributions for various values of the independent variables, it can provide similar distributions in certain "what if" situations, such
as those depicted in Table 4. Here we have taken the
381 panel families and asked how they would distribute themselves over the number of Brand A purchases
(for a year) if the relative price they faced was either
always high or always low or medium. As one would
expect, the constantly low or medium price provides
better penetration, average number of purchases, and
share than either the constantly high price strategy or
the current pricing situation. Therefore, it would seem
a price decrease is indicated.
But can a price decrease be justified economically? Although we were not privy to Brand A costing
information, we can, using the model, provide estimates of the numbers of purchase occasions that will
be gained (or lost) within each demographic category
for various price levels. For example, we see from
Table 1 that 833 (375 + 458) purchases were made
during the year by low income families with children.
Had all of these families faced a Brand A price that
was low or medium, the model estimates Brand A
would have captured a 10.17% share, or 84.72 of
these purchases. Similarly, if the consumers on these
833 purchase occasions had always found a high price

TABLE 4
Illustration of Brand Purchase Behavior Predictions Over the Consumer Population
Under Alternative Price Setting Policies
Predicted Frequencies Under:

Number of
Brand Purchases

o
1
2
3
4

5
>5
Market Measures:
Brand Penetration:
Average Number of
Brand Purchases:
Share of Brand
Purchases:

Price High

Price Low/Medium

255.19
69.00
27.61
12.96
6.69
3.67
5.88

238.90
74.67
31.70
15.44
8.18
4.59
7.52

Under
Current Pricing·
247
73
28
16
6

5
6

0.330

0.373

0.352

0.639

0.748

0.688

0.071

0.082

0.078

"These values under current pricing represent the actual counts obtained from the panel data.

for Brand A, 8.85% of the market, or 73.72 purchases
would have gone to Brand A. Therefore, for the low
income, children demographic category Brand A can
capture an additional 11.0 purchases as a result of
always having a low or medium relative price rather
than maintaining a high price.
Similar calculations can be done for each demographic category, and are illustrated in part A of Table
5, which compares the overall effect of the two constant pricing strategies on the 381 families for one
year. Once this data is obtained it can be extrapolated
to the population and combined with cost figures to
determine whether a change in pricing is warranted.
Table 5 also shows the net effect a uniformly low/

medium price would have relative to the current variable pricing scheme. Here the numbers of Brand A
purchases under the current pricing scheme are those
obtained directly from the panel data (which was also
used to calculate the proportions in Table 1). Again
the uniformly low/medium price increases the quantity sold. Whether such a change is economically justified can only be determined through the use of these
numbers with company confidential accounting data.

Summary
This paper has discussed a new model of brand choice
behavior-one that incorporates variables whose val-

TABLE 5
Estimated Number of Brand Purchases Under Alternative Price Policies·
A. Estimated Net Gains in Number of Brand A Purchases for Low/Med Price in Contrast to High Price
Children

Yes
Income

<$20,000
~$20,000

11.0

No
18.84

4.37

Total: 39.12

4.91

B. Estimated Net Gains in Number of Brand A Purchases for Low/Med Price in Contrast to Current Pricing
Children

Yes
Income

<$20,000
~$20,000

No

7.72

5.44

-0.59

4.89

Total: 17.46

"Based on 381 families for a one-year period.
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ues can significantly impact on market share, and
demonstrated the application of this model to a certain
brand in a frequently purchased nondurable product

category. The model proved to be good-fitting and
provided important insights for marketing decision
making and the segmentation of a target market.
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