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ABSTRACT

This thesis develops a modeling and measurement methodology to
forecast evolving preference for a new durable brand in an existing
product category, prior to its launch.

The methodology proposes a choice -hierarchy approach to modeling
individual purchase probability. Brand purchase probability is the
product of the probability of brand comsiderationm, the probability of
category purchase given consideration, and the probability of brand
choice given purchase and consideration. The thesis addresses the
pProblem of forecasting the last of these elements by combining diffusion
models with multiattribute utility models using the construct of
perceived risk. A decision analysis expected utility framework allows us
to model the role of increasing penetration gererating more information
about the product and thus reducing its perceived risk.* This reduction
in perceived risk increases the brand's expected utility and thus
probability of adoption is updated over time. '

Calibration of the model required the development of stimuli to
simulate the diffusion process and the design of a questiomnaire to
measure the model variables. Information stimuli of concepts, test
drives, videotapes, and consumer reports were sequentially administered
to respondents. Measures of preference, perceived risk, and information
levels were taken between stimuli.

An application of the model to the prelaunch planning of a new 1985
automobile is reported. By use of the 1983 version as a control brand,
belief changes in the experiment were able to be interpreted in terms of
brand diffusion in the marketplace.
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CHAPTER 1: INTRODUCTION

l.1 Overview

Forecasting the sales of a new consumer durable brand is a

theoretically interesting and managerially important problem. Imn this
thesis a model is developed to forecast the number of consumers choosing
the brand and how this changes over time by drawing on utility and
diffusion theory. Measures whi;h allow the calibration of the model and
generation of forecagts prior to the brand's launch are described.
Finally, an application of thé model and the measurement methodology to

the lavnch of a new 1985 auto is presented.

Purchase of the new brand is hypothesized'to7consist of three

components: consideration, purchase within the category; and brand
choice. The thesis addresses the third of these elements, brand choice

given consideration and a category purchase.
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1.2 Objectives and Contribution

As a managerial tool, the thesis aims to provide an important step

towards the development of a comprehemsive durable forecasting model.

From a managément science perspective, the specific objectives of the

thesis may be summarized as follows:

to develop a model which explains the diffusion effects of a new
brand in a competitive market by combining the product
positioning power of multiattribute utility theory with the

dynamics of diffusion models, using the construct of perceived

risk;

to present an experimental design and set of measures which
allow»the model to be calibrated at the individual level, prior
to the brand's launch; and

to demonstrate the feasibility of théiﬁefhodolggy and analyze

results obtained from an application of the model.

Given those objectives, we believe that the thesis makes the

following contributions to modeling and measurement practice.

A new approach to diffusion modeling is presented. This
approach is an individual-level one and directly incorporates
such phenomena as information acquisition, perceived risk, and
expected utility. It does not rely on an artificial division of
the population into innovators and imitators for its
justificatién. ‘

Diffusion phenomena and multiattribute utility are both combined
in the same model by a deductive development of existing

theory. A choice framework is developed which allows diffusion
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effects to be felt at both the brand level and also the industry
sales level.

Innovative stimuli to simulate diffusion effects of a new brand,
priér to its launch, have been introduced.

Innovative measures of preference, uncertainty, and information

levels have been developed and tested.



-15-

1.3 Approach to Brand Sales Modeling Framework

1.3.1 Context

The problem of forecasting brand preference for 2 new durable forms
an element of the larger problem of forecasting the sales of the
product. Together with forecasts of consideration of the brand and
purchase incidence within the category, brand preference may be used to
provide a forecasting system for the sales of the durable over time.
This section reviews the importance of accurate forecasts of brand sales
prior to launchf It then develops a framework which allows brand choice
conditioned on comnsideration and category purchase to be studied as one

component of brand sales.

The managerial importance of prelaunch fofbéésfs may be seen from
the fact that the manufacturer must commit significant Capital in plant
and equipment to develop and produce a mnew durable. ‘In the auto market,
for example, Ford recently committed approximately one billion dollars

for the launch of the Tempo/Topaz line (Auto News, May 1983). This

.production investment is made prior to launch, prior even to an initial
sales history. Furthermore, such investments are high risk. Success can
mean large profits (and commensurate rewards to the managers involved) .
Failure can bring the opposite consequences. Any modeling and
measurement methodology that can reduce the risk of failure and provide
diagnostic informarién to enhance the probability and magnitude of

success will become a valuable resource to managers.
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The value of a forecasting system will be greatly enhanced 1f it is
able to be implemented sufficiently prior to launch to allow changes
which might affect the product's appeal. The methodology developed in
this thesis ﬁay be conducted when first prototypes become available. In
the case of the auto application considered, this allows between one and
two years prior to launch for the research results to be used. In that
time, forecast.s may provide diagnostic information for features planning,
perceptual positioﬁing, market gegment definition and targeting,
production scheduling, and profit planniﬁg. However, investment in

physical plant is likely to already be committed.

Despite the managerial need for accurate forecasts prior to launch,
there is no currently published marketing modellto allow this at the
brand level for consumer durables. Sources ff&a-fhe sponsoring com#any
suggested tﬁat industry practice, at least for the autolindustry, is to
base foregasts more on company objectives than market conditions. This
lack of prelauch durable forecasting models contrasts with frequently
purchased goods where a number of models have been proposed for product
Aevaluation prior to launch (see Urban and Hauser [1980] for a review).
Evidence indicates that these models display good predictive
capabilities. For example, Urban and Katz [1983] give a systematic

review of one such model.

An examination of why no prelaunch durable forecasting models exist
raises a number of interesting modeling and measurement issues. Supply
constraints provide one reason for the difficulties, since test marketing

for durables often requires a commitment to tooling and production time
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set—up almost equivalent to a national launch. Even short production
runs require the design and production of dies and casts which have a
substantial cost, independent of tbe rum size. However, demand phenomena
also provide explanations as to why pre-launch forecasting methodologies
are difficult for consumer durables. The very fact that durables are not
a frequently purchased good makes observation of purchase behavior in a

limited period of time more difficult. Less information is available on
the behavior of eac™ member of the population since in any reasomnable
observation period repeat purchase is uncommon and only a small

proportion of the population is actively engaged in the buying process.

Consumer behavior phenomena which are particularly prevalent with
consumer durables also guide our approach in modeling the sales of a new
brand over time. Examples of these include budﬁef'effegts, existing
stock, econbmic'conditions, diffusion and word of mouth, product
positioning, and competition. The first three of these largely affect
purchase incidence and are described in Hauser, Roberts, and Urban
{1983]. The latter three are extremely important in brand preference
given purchase and will be central in the development of a model for

brand choice here.

1.3.2 Approach to Brand Choice Modeling

The brand choice model should allow the manager to anmalyze how his

product competes against other brands and how this will change over time.

The incorporation of competitive effects using multiattribute models

is common in the durable forecasting literature (e.g., Agarwal and
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Ratchford [1979], Berkowitz and Haines [1982], Hauser [1983]), described
in Section 2.2. Similarly, the use of diffusion models to forecast
industry sales in the form of a logistic time series has attracted
considerable popularity (Grilliches [1953], Chow [1967], Bass [1969]).
These diffusion models have all been at the industry sales level, not at
the brand level, and although they have been extended to include price
and advertising, until recently none has included product characteristics
and perceptual poéition (see Mahajan and Muller [1979] for a review).
Kalish and Lilien [1983] provide an exception with a model which
describes industry séles using a diffusion approach and brand share using

a logit model (see Section 2.2.1 for a review).

To date, ﬁo work has been published combining these two approaches.
It is self-evident that competition is important when forecasting the
sales of a new brand in a mature market using a diffusibu model. That
dynamic effects need to be incorporated into static multiattribute
utility models i1s less obvious. Silverman [1982] gives strong
circumstantial evidence for a life cycle’effect at the brand level for
vautos when she finds that Bass's model gave satisfactory fits to eleven
out of nineteen autos for which it was tried. An example of this efféct
is provided by the monthly sales of the Ford Granada, illustrated in

Figure 1l.1

The modeling approach taken in this thesis to include the benefits
of both multiattribute models and diffusion models, and to capture the
phenomena which they explain, is to use a decision analysis expected

utility framework. Through the intermediate comnstruct of uncertainty or
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Figure 1.1 Monthly Sales of the Ford Granada 1974-1978 (U.S.)
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perceived risk, increasing penetration is hypothesized to gemerate more
word of mouth and thus reducing uncertainty about the product. This
increases its expected utility, and can be modeled in a multiattribute
framework. We assume that the consumer updates his beliefs about the

brand's mean value and his uncertainty of it in a Bayesian manner.

The measurement approach taken to enable such a model to be
estimated cousisted of getting multiat;ribute evaluations of the new
brand under different simulated levels of penetration (or information
availability) based én market research measures gained in a laboratory

environment.

1.3.3 Modeling Framework

The approach used to model sales of the bfﬁnﬂ of 1pterest, N, is a
conditional-probability one at the individual level. Sales of brand N
depend on its consideration by a potential consumer, a category purchase,
and the preference of brand N over other considered brands. Thus, at any
point in time, a consumer has a set of bfands which he or she would
Vconsider, Ce In deciding whether to buy a durable or not, the consumer
does a mental scan of his current consideration set. Work by Day and
Deutscher [1982] and Stewart and Punj [1982] suggests that consumers do
have a consideration set and perceptions of price and value expected,
even before search (although these may change during the search
process). The existénce of this consideration set is empirically tested

in the study associated with this research.
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The representation of the brand purchase decision as a category

purchase decision followed by brand choice within the category, is
commonly accepted in marketing (e.g., Kotler [1980, p. 151], Warshaw
[1980, p. 27]), and has been found to give useful results empirically

(eege, Guadagni [1983], Kalish and Lilien [1983]).

This type of model, based on an explicit behavioral hypothesis, is
termed a hierarch& of choice structure by Ben Akiva and Lerman [1977].
Since we are attempting to build a prediétive model, we do not need to
claim that consumersAactually go throﬁgh this process. All that is
required is that their behavior may be represented by the model. The use
of this hierarchical choice structure permits the development of three
different models for consideration, category purchase, and brand choice.
These models are called block conditional (Beankiﬁa.and Lerman [1977,

Pe 16])0

In mathematical terms the conditional probability model may be

written:
= . . 1
PN = Pcen = Pc * PRic * Pnic,s (1.1)
where
Py = Probability of buying brand N fecr an individual.
PCBN = Joint probability of considering brand N, buying

within the category, and preferring brand N

P = Probability of considering brand N.

1 Note that a complete summary of notation is given in Appendix A.
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PBIC = Conditional probability of buying within the
category for those consumers who consider brand N.
PNIC B Conditional probability of preferring brand N,
’

given that it is considered, and a category purchase

is made.

Diagramatically, the conditional probability formulation may be

represented as follows:

Consideration Set

—

-1
DoL't Buy in Category
Buy in Category Category : Purchase

' _Decision

f; l l ' Brand
1 2

3 J N e C Choice

'Figure 1.2, Choice Hierarchy for New Durables Purchase.

The utility of purchasing brand j consists of & number of elements
specific to j, for example, attributes which it possess not possessed by
other brands. It also consists of elements not necessarily specific to
j, for example, the disutility of search. If that disutility is the same
for all brands, then it may be considered at the category purchase level
of the hierarchy rather than having to be considered individually for

each brand. This is an example of additive separable utility (Ben Akiva

and Lerman [1977, p. 15]).
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Formally, durable purchase is said to have additively separable
utility 1f, at different levels of the decision hierarchy, say I and J,
the utility of choosing brand j at level J from group 1 at level I above

it, may be expressed:l

(1.2)
where
U = that part of utility which is independent
of brand choice and,
Ujli = ?esiﬁual util?ty, i.e., utility of j given

that 1 is chosen at level I.

~

In the application in this thesis, the form of the separable utility

function, equation (1.2), is more specific:

ij = -=Cp+ Ule (For jeC) ' (1.3)

where

Upj = utility gained from buying a durable
and choosing brand j.

-Cp = negative utility associated with search and transaction
costs (that part of the utility derived only at the
durable brand level),and

Ujjp = utility of brand j (net of price),
given that it is bought.

The relaticnship between levels in the hierarchy may be gained by
considering the utility-maximization process which the consumer undergoes

at each level. For example, at the category purchase level in Figure

1 Note that this definition, used by Ben Akiva and Lerman [1977],
varies somewhat from that of Blackorby, Primont, and Russell [1975] who
describe a number of separability conditions.

A
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1.2, the consumer will purchase withLin the category if the expected
maximum utility of the right-hand branch exceeds that of the left-hand
branch. The expecced maximum utility of the right-hand branch comes from

equation (1.3):

E(Max UBj) = -Cgp + Max E(Uj]B) (1.4)
k|

Given distributional assumptione about the utilities, the probability of
category purchase may be determined. An example of this procedure for

Weibull-distributed errors is. given in Section 4.5.

Consideration set determination is not included as a level in the
hierarchy because possible consideration sets tend to be overlapping and

extremely numerous. Methods of treating comsideration are proposed in

Section 4.5.
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l.4 Structure of the Thesis

This thesis describes the development of a brand choice model and
how it has been applied in practice. Chapter 1 outlines the nature of
the managerial and management science problem in forecasting brand
preference. It then proceeds to develop a modeling framework in which
brand choice can be identified as one component in the sales of the new

brand.

Chapter 2 reviews the literature inm the field of durable
forecasting, drawing particularly on work in diffusion theory,

multiattribute utility, and perceived risk to motivate the model. The

model is developed in Chapter 3 under three headings: theory,

measurement, and estimation. - .

" An application of the model to the sales of a néw automobile is
detailed in Chapter 4. A specific model and appropriate measures are
developed and then the assumptions neces;ary to fit the model are
aiscussed. After the presentation of results, we give an indication of
how other elements in the forecasting methodology interface with the

brand share model.

Chapter 5 summarizes experience with the approach to date and

discusses promising areas for future research.
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CHAPTER TWO: LITERATURE REVIEW

2.1 Overview

The aim of the literature review is to classify and review research
techniques which have been applied to the forecasting of consumer
durables, and also other forecasting techniques which have potential
application to the development of a methodology for prelaunch
prediction. Thus the review covers models such as ASSESSOR (Silk and
Urban [1978]) despité its application to frequently purchased goods,
because substantial elements ;f the model offer insight into measuring
consumer durable demand. The emphasis is on models of brand choice given
purchase incidence, but models which forecast brand sales directly will

also be comsidered.
-The review only covers those methologies that are "quantitative” in
nature, tﬁat is, which use management science techniques for at least
part of their forecast generation. Makridakis and Wheelwright [1977]
4prov1de an excellent classification of methods which they term
qualitative (including decision trees, salesforce estimates, juries of
executive opinion (Delphi), exploratory, and normative techniques).
Chambers, Mullick and Smith [1971] give an example of the application of
these qualitative techniques to the Corning Company and illustrate the

use of different methods at differing stages of the product's life cycle.
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There are many different ways in which to classify new product
forecasting techniques. For example, Wind [1981] suggests eight
dimensions: purpose, type of product, units of analysis, format of
model, dependent variable, independent variable, required data and
analytical procedures. Green and Srinivasan [1978] found it useful to
use six criteria to categorize conjoiﬁt techniques. Because of the
specific nature of the problem addressed by this thesis, two dimensiouns
will suffice to group diffefent.methods. Those are format of the model

and data collection techniques.

Within each of these, a number of sub-classifications is possible.

For example model types could be divided stochastic/deterministic and
data collection techniques individual/aggregate. The most useful
classification however, which tends to group pdbefs of a similar focus
together, ié as follows:

Format of the Model Data Collection Technique
Diffusion models )x( Analogies/DSS/Judgement

Utility models Exposure to concepts
Prototype/Field trial
Early sales data
This split of new consumer durable forecasting methods into diffusion
models and utility models represents the two major traditioms in the
field. It also corresponds quite closely to Wind's [1981] distinction
between adoption process models (which have the consumer as their focus)

and diffusion-type models (which have the product and its life cycle as
the focus). However, the categorization does not represent a perfect fit
and boundaries are not always well-defined. The differemce between
diffusion models and utility models is ome which appears to be

narrowing. Because they represent the two main traditioms in durable
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forecasting it is interesting to examine their different bases. The
foundation of diffusion models comes from epidemioiogy and rural
sociology (e.g. Rogers and Shoemaker [1971]) while utility models have
been developéd with a different emphasis, grounded in economics,
psychology, and decision theory. The essence of diffusion models is a

growth curve, that is, univariate analysis or curve fitting. Efforts

have been successfully made to model the parameters of such curves in
terms of marketingAmix variables but the basis remains. Conversely,
Lancasterian utility theory is fundamentally multivariate. Component

attributes form the core of the theor&.

Diffusion is primarily concerned with the dynamic nature of product
choice while utility theory has concentrated largely on comparative

.= .-

staticse.

‘Both Fraditious offer valuable insights; the dynémics of diffusion

and the normative ability and descriptive validity of utility models.

One possible way to link the two is by tie construct of perceived risk or
uncertainty; an area attracting considerable attention in both traditions
(e.g., Kalish [1982] and Jeuland [1983] incorporate uncertainty into
diffusion models while Pras and Summers {1978] introduce perceived risk
into a linear compensatory model). Thus, a review of the literature on
perceived risk is included as a link between the two schools (Section

2.3).

Data collection may be considered according to level of aggregation

of the data (individual or population) or by how early the data is
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collected in the product development process. Table 2.1 gives an example

of how techniques may be classified according to level of aggregation of

the data.
Models of Models of
Irdividucal P lation
(Data on Individuals) (Agg%%%a%e Measures)
Oriented to individual] Attitude/Evaluation Econometric models
adoption process models (e.g., Berkowitz (eege, Chow [1956])
("Utility Models") and Haines [1982]
Oriented to products' Sociometry (e,g;, Coleman Diffusion Models
diffusion ' et.al. [1957] _ (e.g. Bass [1969]
("Diffusion Models")

Table 2.1 Relation of Consumer/Product Model Orientatiom
to Level of Data Collection

Wind [1981, p. 11] usefuily classifies da;q.cqllection fechniques by
“"what people say, what people do, and what peoplé have done." However,
more than one technique is often used within the bne.model, blurring the
distinction. Table 2.2 shows a summary of the studies considered in this
literature review classified by the primary model used and the data
collection method. Data collection methods are divided into: analogies
to other products; management/researcher judgment; concept evaluation;

prototype or field trial; and use of early sales data.
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EARLY
PROTOTYPE SAIES
METHOD ANALOGIES DSS/JUDGMENT CONCEPTS FIELD TRIAL DAT A
i | i
DIFFUSICN MODELS (See Table 2.3 for Taxonomy of Methods)
Bass Lawton & Lawton Hauser Lavrence & Bass
[1979]) [1978]} Lawror {1981) [1969]
Dodds [1973) Nevers[1679]
lleeler &
Hustad
[1980)
Silvermat
[1982]
Chow [1967])
Bass [1980)
Horsky &
Simon
[1979]
Grilliches
[1957)

Generzlizations of Bass! Mahajan &
' Petersor

{1978)
Ralish &
Iilien
11983]

Multi-State Diffusion Models (including Macro Flow Models)
Hauser & . Mahejan &
fWisniewski Peterson
[1982b] - [1978]
- Kalish

[1982]
Midgley

[197€]
Urban

[1570]
Blattberg

& Gollanty

[1978])

‘teviee s.c rmpirical Studies of New Product and other Sales
Forecasting Techniques: Classjfied by Modeling
Method and Data Collection Technique.
(Part A: Diffusion Models)

1 This table orly describes applications of forecasting techniques.
Theoretical developments in diffusion models are described in Table 2.3
Thus Jeuland's [1983a, 1983b) contributions to diffusion theory are not
included because they are yet to be applied. »
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PROTOTYPE EARLY SALES
METHOD ANAIOGIES DSS/JUDGMENT CONCEPTS FIELD TRIAL DATA
! | : { ] 1 |
UTILITY »0ODELS (See Table 2.3 for Taxomomy of Methods)
i 1
Traditionzl Utility Models
Aggregatel Crow and
Ratchford [1975) |
i
order of !
Acquisition2 . Kasulis et ali
[1979] i
Multi-Attribute Utility Nodeling {
| !
von Neuman-Morjeustern Hauser & Urban
: [1979])
Perceptions/Preference/Choice Jain et al Silk &
Berkowitz & [1979) Urtan [1978]
Haines [198Z]
Hauser & Urban [1975]
Simmie Ryans [1974]~
[1981] -
Tybout & - f
Hauser [1981]
Green &
Wind [1975] |
|

Table. 2.2 Empirical Studies of New Product
and other Sales Forecasting Techniques:
Classified by Modeling Method and
Data Collection Technique.
(Part B: Utility Models)

1 Other aggregate econometric models i )
. on an established product (autos,
include Carlson and Umble [1980], Chow [1960], and Suits [1958, 1961]?S

2. Other order of acquisition chain i
L studies on established products
i?cluoe Paroush [1965], Brown et al [1965]), McFall [1968], Bgzkwith and
ehman [1980], and Clark and Soutar [1982].

3. Discrete choice models on existing product categories and durable

types include Dubin and McFadden [1982 4 '
popes include Dubin aod)! [ ], Goett and McFadden [1982], and
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2.2 Major Modeling Traditions Used to Forecast Durable Sales

The previous section outlined a rationale for considering models
under the headings of diffusion and utility.- This section consists of

two subsections whichk review models of those two types.

Section 2.2.1 introduces diffusion theory briefly (2.2.1.1) before
discussing its relevance to the product life cycle (2.2.1.2), Bass'
model [1969], outlined in 2.2.1.3, serves as a benchmark for other
diffusion models. After a review of the model, its applicatioms, and
criticisms of it; extensions Are considered. Multi-State Diffusion
Models and Macroflow Models are briefly reviewed in Section 2.2.1.4. A
summary table of diffusion models is given in Table 2.3.

Utility models are developed in Section 2.2.2, first by considering
traditional economic interpretations and recent work by Hauser and Urban
[1982] to‘extend and operationalize them. Empirical studies at the
aggregate level are also included. From there, multiattribute utility
‘models are described together with their roots in economics, decision
theory, and psychology. Differeat forms of models of choice, probability

and preference on attributes are discussed and applications reviewed.

Section 2.2 completes the review of methods used to forecast demand.
A further section (2.3) on perceived risk is included because that
construct provides an important link between the two forecasting

traditions.



2.2.1 Diffusion Models

2.2.1.1 Introduction. Rogers and Shoemaker [1971, p. 7] define

diffusion as "the process by which new ideas are communicated to members
of a social system." From this definition, three elements can be
identified: the innovation, adoptors, and the process by which the two
are brought together. The diffusion phenomenon is usually associated

with an upward S-shaped curve of cumulative adoption with respect to time.

There is a rich iiterature on ;he'characteristics of innovations,
members of the adopting population, and the social structure in which the
process is embedded, that promote or retard the diffusion process. While
useful in marketing, much of the research embodied in the ljiterature

comes from the fields of sathropology and sociology and tnus must pass an

external vaiidjty hurdle before being accepted as markefing lore.

Characteristics of the Innovation. The pioneering work of Rogers and

Shoemaker [1971], and before that Rogers/[1962], has guided much of the
.research into characteristics of the innovation which shape the diffusion
process. They suggest five fectors are important in determining the rate
and extent of a new product's diffusion. They are: Relative Advantage,
Complexity, Compatability, Observability, and Trialability. To these,
marketing researchers who have studied the correlates of successful
innovations have addéd perceived risk (e.g., Ostlund [1974], La Bay and

Kinnear [1981]. ' .



Rogera and Shoemaker [1972, Appendix A] fird mixed evidence that
their five factors affect the rate of adoption (each receiving support in
60~80% of studies conducted). A number of reasons can be advanced for
this. One is lack of uniformity of definitions. The studies are
conducted across a variety of disciplianes. Another problem is simplicity
in the development of comstructs. For example Hebb and Leuba's optimal
stimulation level (Raju [1980]) wecw'd suggest that rate of adoption with
respect to complexity shoulﬁ be U-shaped rather than linear. And a final
problem with a numbe; of the studies is experimental design, constraints
imposed by cross-sectional anglysis, and lack of experimental

conditions.

Level of Innovativeness in the Adopting Population. Rogers and

Shoemaker [1971, p. 27] define innovativeness ab ;the degree to which an
individual is relatively earlier in adopting new ideas than other members
of his sygtem." That definition and its philosophicél basis have guided
most of the research into individual adoptor characteristics. Measures
of innovativeness have been based eitherxon the time taken to adopt or
the bundle of durables held at a specific point in time (see Midgley and

Dowling [1978, p. 280] for a summary).

On the basis of time of adoption, Rogers and Shoemaker divide the
population into five groups: 1innovators, early adoptors, the early
majority, the late majority, ard laggards. This is illustrated in Figure

2.1.
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1 5(&)

347 34%
Innovators Early Late
Majority | Majority ([ Laggards

Time bo
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Figure 2.1 Roger and Shoemaker s [1971] classification
of adoptor categories.

Rogers and Sﬁoemaker provide 32 "generalizations” about the
demographic and psychographic profiles of early adoptors by summarizing
available diffﬁsion studies. The level of support for tﬁesg generaliza?
tions varies from 47% of studies surveyed to 1002, In the marketing
literatute,-there is also mixed evidence. (See Robertson [1971] for a
summary.) Robertson suggests that even the mixed results in his survey
could be upwardly biased by the tendency only to publish statistically

significant results.

Midgley and Dowling [1978] cast a shadow on much of the
innovativeness work in marketing and other fields. They suggest that
because most studies do not control for precocity, that is, when the
adoptor learned of the imnovation, what is measured is a mixture of

social connectedness and innate innovativeness.

Process of Diffusion Through the Population. There is considerable

evidence that word-of-mouth communications and direct observation play a



role in generalizing the S-shaped diffusion curve of cumulative sales
over time. Perry and Ham [1959] found verbal influence more important
for color TV's and autos (whose attributes may not be visually apparent)
and observation more important for home furnishings. Midgley and Dowling
[1978, p. 233]) argue that diffusion effects are more important for
durables than non-durables and cite six marketing studies to demonstrate

its significance.

Turnbull and Meepaghan [1980] suggest that interpersonal influence
and product-related discussions will be important when:

(1) the project investment is high;

(2) the level of objective information surrouding the product is low;

(3) the product has significant social or sfmbolic value; and

(4) perceived risk is high.

"The qpestion arises as to whether awareness and consideration are
dichotomous, with an individual either being aware or unaware. The
alternative is that there are levels of ;wareness and each contact with
an adoptor increases this awaremess. Little research has been addressed
to this issue, although for solar systems Leonard-Barton [1980, p. 9]
found number of adoptors known to be the single most importaunt
determinant of adoption intentions. Thus probability of adoption may
increase with penetration not only because the probability of coming in
contact with an adopéor increases (as proposed by the contagion models
underlying much of the mathematical modeling of diffusion processes), but
also because of the cumulative effect of contacts on a susceptible member

of the populationmn.



Diffusion Models and The Product Life Cycle. A long held, though

controversial, theory in marketing is that product categories go through
l1ife cycles involving distinct stages: introduction, growth, maturity,
and decline (e.g. Levitt [1965]). The evidence for this is mixed, with
Cox [1967] discovering six different types of cycle for 754 ethical drugs
and Polli and Cook [1969] finding that only 34% of chauges in sales were
significantly different from a random model at the 1% level for 140

products ané product classes.

Diffusion mo@els are normally appiied to the penetration of a new
product into the market at the introduction and growth stages of the
product life cycle. Most, but not all, models limit their domain to a
period before repeat sales occur (e.g. Bass [1969, p. 21?]), This makes
them less vulnerable to many of the criticisms'Sthhe product life cycle,
most of whiéh center around the inevitability of the deéline stage (e.g.
Dhalla an§ Yuspeh [1976]). Most diffusion models also do not consider
competitors but rather model the whole product category. This removes
criticisms of the application of productalife cycle analysis to brands
‘(e.g. Kotler [1980, p. 292]). One remaining objection to product life
cycle analysis and also diffusion models is that growth may never come.

Support for this may be found in the sensitivity of Heeler and Hustad's

results to early sales data [1980] discussed later in this sectiom.

There have been attempts to fit the entire product life cycle of both
brands and product categories (e.g., Brockhoff [1967]). Rink and Swan
[1979] in a survey of such models, suggest that fits to the post-growth

phase are considerably worse than such models' fits in the early stages
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of the product 1ife cycle. This is not surprising since the factors
which cause the decline are often external to the sales history (for

example, new technologies and competition).

Life cycle analysis is primarily an extrapolative, time series
technique and thus is not appropriate when exogenous factors are
important determinants of sales. Because competitive entry and marketing
strategy can have a profound effect on brand's sales, product life cycles
have had more success at the product catégory level or for a monopoly

brand. This same constraint has tended to bind diffusion models.

In summary, it may be said that diffusion models represent an attempt
to model the introduction and growth phases of the product life cycle.

In restricting their attention to a period bef5¥e7repea; sales and

decline, they avoid many but not all of the criticisms leveled at product

life cycle models.

2.2.1.3 Bass' Diffusion Model

Description of the Model. Mathematical diffusion models have been

adapted from those in epidemiology to explain the spread of new products
throughout a potential market. Typical of these is Bass' model [1969]
which has received more attention than any other and which subsumes a
number which preceded it. Bass' 1969 Management Science article gives a

rationale for the model and also empirical results.



The model suggests that sales (yt)1

depend on the untapped market
(m - yt) and the likelihood of an individual purchasing, given that he
has not already done so. This in turn depends on a diffusion effect,
that is it increases with increasing penetration. Bass assumes this

effect to be linear (see Jeuland [1983a] for a justification).

Thus

y, = (O + qj%)(m -y . (2.1
where y, 1s cumulative sales and m the market potential. The parameter
p is called the Eoefficient of 1nn6vation and q the coefficient of
imitation. p represents theAproportion of the population which adopts
independent of external communication and q those that are influenced by
the increasing penetration. Jeuland [1979] polnts out that, as
formulated, Bass' model is deterministic. That is, Y, is assumed to .be
the actual number of sales in time t, whereas according to Bass'
iuterpretétiou of p+ qyt/m, it should only be the expected number of
sales. Jeuland derives the result for the stochastic model which does
not yield the same solution as Bass and shows the difference to be "not

insignificant.”

1 The symbol y; is used for cumulative sales in the Literature

Review, consistent with Bass and other researchers. Thus, it is the
first derivative of cumulative sales and is also used to represent sales
in a discrete time period. In Chapter 3 Yy 1s used for cumulative
sales to avoid confusion with attribute ratings.
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Closed form solution 1s possible for Bass' model. Sales as a

function of time may be expressed as follows:

y = mp(ptg)” P (2.2)
Cumulative sales (y,) may be written
(ptg)t
= 2 (2.3)

Ve Tt L g
P

which is a logistic curve in time.

Special cases of Bass occur when ﬁ = 0 which corresponds to a model
developed for industrial applications by Mansfield [1961]. The resultant
curve is still logistic, but an artificial seed is needed to start the
process. When q = 0, the imitation effect is zero and an exponential
curve results. This is equivalent to a model‘J;ed by Fqurt and Woodlock
[1960]. Typicaily p << q in marketing applications, thus soon after

the process is started (that is, y,/m becomes large relative to p/q),
E t

the effect of p is negligible.

The diffusion effect is posited to arise from a number of causes.
These include increases in awareness (Kalish [1982]), reduction in
uncertainty (Sheth [1968]) and the need for social acceptability (Bass
[1969], Nevers (1972]). Additionally, penetration can enhance utility by
creatirz a service igfrastructure, networking (e.g. a phone is more
useful the more people that have one), and new uses. A simpler
explanation of the diffusion effect has been proposed by Russell [1980].
He suggests that traditional ecomomics is quite capable of handling

"diffusion” phenomena. He notes that prices normally fall as inmnovations
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penetrate and the approximately log normal distribution of income in the
community leads to a distribution of reservation prices which generate an

S-shaped sales curve as price falls.

Applications of Bass' Model

Applications of Bass' model consist largely of curve fitting
excercises on the early years' sales of a number of durables. In his
paper Bass examinés eleven éppliances.‘ All models but one have an R2
of between .47 and .95 and Bass claims gbod predictive performance.
Applications by Nevers [1972] and Dodds [1973] lend further empirical

support to Bass's model using "early” sales data on 13 series.

Nevers applied the model to data relating to 12 product.categories
and was well satisfied with the fit. It is wdfih;nofing that there was

an average of eleven years data for each series. .Summat& statistics were
good and peaks were identified accurately with respeét to timing and
size. However, with the exception of one series his data extgnd past the
peak sales. Nevers makes the excellent ;oint that new products may
.change in nature significantly in the introductory phase and this may

present a confounding effect.

In an interesting application at the brand level, Silverman [1982]
fit Bass' model to the nineteen life cycles of nine auto models
(including a number 6f relaunches) using monthly data. Eleven out of
nineteen showed significant fits. Of the remainder, some had poor fits
while a number of others had large outliers. This is not surprising

given the sensitivity of a brand's sales to gas prices, the state of the
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economy, and competitive offerings, factors not included in the Bass

model.

A number of attempts have been made to impute model parameters prior
to launch. Eastman Kodak has adopted a method developed by Lawton and
Lawton [1979] in which the imitation parameter ,q, is estimated prior to
launch from those of similar established products. m is estimated
subjectively using managerial judgment. And p may be found as a function
of first year sales or also jpdgmentally'before then. In a later paper,
Lawrence and Lawton‘[1981] suggest‘thé use of market research to get
better estimates of the parapeters,.again'before launch. The Bayesian
updating of parameters would seem to best use early sales data as it
becomes availaﬁle. | |

Lawrence and Lawton add an interesting twist by suggesting that the
model can be "restarted” every time an enhancement to a product occurs.
The customer appeal of the enhancement is determined from market research
and then the model is rerun with a new m (and no loss of diffusion
'goodwill yt/m). They claim excellent results on 30 practical

applications (p. 531) but report no data.

Hauser [1978] in a study of narrovw band TV also suggests that q may
be imputed from other products. He estimates p from market research by
examining the situational appeal of the innovation times an
innovativeness composite. m is derived using a top-box technique on
preference and intect to try. That is, it is assumed that 80% of first

preferences and 202 of second preferences will go to the i{nnovation,
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while 75% of the "definitely will try” respondents would, 30%Z of the
"probables,” and 10%Z of the "mights.” Thus, an estimate of the diffusion

of the product, as formulated, is available at the concept stage.

Criticisms of the Bass Model

Criticisms have been levelled at the Bass model both at an empirical

level and also with respect to interpretation of the diffusion process.

In a critical reviewv of the forecasting ability of the model, Heeler
and Hustad [1980} report fits to sgveﬁ further U.S. annual appliance
sales histories as well as those from up to 15 countries for 15 differeant
durables. They conclude that the temporal stability of Bass' model is
net good unless data are included past the saleg peak, that. Bass'
estimates of p,q, and m are biased, and that tﬁzugh the model fit series
extremely wéll ex post it was difficult to use as.a forecasting tool.
Fits on international data were not as good as those on American data.
While forecasts were good after the peak, this is cold comfort since at
that stage forecasting by any method is ;asier and also replacement sales

tead to confound the data and the marketplace.

A related criticism was made by Bernhardt and MacKenzie [1982] who
suggested that Bass' "successes have been due to judicious choices of
situation, population, innovation, and time frame on analysing the data.

These choices have been made post hoce They have been made for

successful innovations."”
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Jeuland [1983a] points out that

"The problem of interpretation of Bass' model lies in the fact
that the equations

(D) =p+dy and § = (p+dyd@-y)

do not by themselves formally define the dichotomy
innovators/imitators with which Bass at times describes the
model. In fact, even if p were related to the size of the
innovator group, it is not clear that this would be very
useful since there is no operational definiticn of the
innovator group (the 2.5% cutoff point of Rogers is arbitrary
as pointed out by Bass).”

2.2.1.4 Extensions to Béss' Model.

A numbzr of extensions to Bass' model have been proposed to remove
thz criticism that it is not responsive to environmental changes and
variables under management control. These may be considered under the
headings of (1) Increasing the Model's Normative Applicatioﬁ (introducing

_price and advef;ising); (2) Modeling the parameters; p, q, and m (in
terps of population characteristics); and (3) Genéralizations of the
Model.

Increasing the Model's Normative Application. Early work to

incorporate the effects of adversiting and price is well summarized by

Mahajan and Muller [1979] and will not be reviewed in depth here.

Early attempts to incorporate price (pt) may be briefly summarized |

by noting that a price factor (D(pt)) wvas multiplied by the probability

of adoption, thus giving sales of

5= (p+ 3y )@=~ y)IDp) (2.4)
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Bass [1980] assumed the form of D(pt) to be D(pt) = pg, while
Robinson and Lakhani [1975] and Dolan and Jeuland [1981] comsidered

D(pt) = e F. Jeuland [1979] points out that one of the shortcomings of

both of these formulations is that neither allows the price to affect the

ultimate population size, m.

Horsky and Simon [1979] incorporated the effects of advertising into
their model by assuming that thé parameter p is a function of
advertising, specifically:

p=a+blog A

where a and b are parameters, and A is advertising.

Modeling p, q, and m in Terms of the Population's Characteristics.

In a pioneering_work on hybrid corm, Grilliches [1557] fit a logistic
model to the 31 corn—-growing states separately. This allowed him to
perform a cross— sectional analysis on his diffusion parameters. He
modeled the time till “"take—off"” (10% penetration) and found that this
depended largely on supply factors (or the attractiveness of the area to
producers). However both the rate parameter (p + q) and the ultimate
population size, m, were extremely closely related to the average size of
the farm, the yield increase expected, and the a priori yileld. Fits of m
and (p + q) on these variables across geographic regions had st of .89
to .99. The variables used were similar to those used in the diffusion
literature in sociology and marketing. For example, Arndt [1968] found

that heavy users are early adoptors, while the work on relative advantage

as an adoption determinant has already been discussed.
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Another economist to apply product attributes as a determinant of
diffusion parameters was Chow [1967]. Although he fit both Gompertz and
logistic curves he reports primarily on the former because of the better
fits. His rationale for including explanatory variables has a strong
econometric base. Bass's model with q = 0 may be written

¥e = p(m - y,)
or with p =20
e = q ye(myg)
The differential equation spécifying a Gompertz curve may be written

d(log yi) -

q(log m - log yt)

dt
All three of these are of the form of a stock adjustment model for which
the standard treatment is to model the "desired” stock as a function of

economic variables (Cagan [1956]).

'Chow's formulation of m(t) = a - bpt is proposed.after finding that
price changes were almost perfectly correlated with performance changes
over the period and thus there was collinearity in including both price
decreases and quality increases in the model. He obtained excellent fits

to his model and price was a significant predictor of market size.

Generalizations of the Bass Model

A number of generglizations of the Bass model have recently
appeared. These include work by Jeuland to allow non—constant
probabilities of adoption within the population (Jeuland [1983a]), by
Kalish and Lilien [1983] to model brand share as well as industry

diffusion, and by Jeuland [1983b] to incorporate the effect of diffusion
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of information on the perceived risk of a product. The latter two are

relevant to this thesis and will be briefly described.

Kalish and Lilien use a diffusion model to represent industry sales:

. = * e + aA + bW
Y, (m(pt) yt) e ey (2.5)
where
Ye = sales in time t
. : dpg
n(py) potential market at price py, = m e
* .
e = cumulative sales, after allowing for attrition
(replacement)

A = sum of past advertising, exponaentially discounted
"} - = sum of past sales, expomentially discounted.

e,a,b,mo,d,c are parameters.

Equilibrium share of industry sales is then predicted with a nested
‘logit model using three levels of nesting: price range, company, and
brand. Product characteristics, company image, price, and advertising
are used as attributes. Dynamics at the brand level are introduced by
assuming that market share next period will be a weighted average of
market share this period and equilibrium market share predicted by the

logit model.

The model gives very good fits (R2 = 0,995) although the parameters

e and a are not statistically significant. The model is an appealing
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method of combining diffusion at the brand and industry levels. It does
not, however, allow feedback between the brand share model and the
industry sales model in terms of the repositioning of any brand. From
equation 2.5, above, only price, advertising, and cumulative sales affect
industry sales. It also requires sufficient historical sales data to
allow the estimation of its ten industry-level parameters and however
many logit parameters are used. Some of these may be able to be
estimated using maﬁagement judgment (and were in Kalish and Lilien's

application)-

Jeuland [1983b] takes Schmalensee's pioneering brand framework to
incorporate information uncertainty into a diffusion model. Schmalensee

[1982] assumed that

(1) that a product is either of value v or EQ and the consumer has
some uncertainty (p, = 1-m, P, = m; |
"(2) that uncertainty may be totally removed in oce step (Schmalensee
suggests by trial, Jeuland by word-of-mouth communication);
(3) consumers are risk neutral; and
(4) there is a distribution of reservation prices throughout the

population meQ(p), where Q(p) is the proportion of the

population for whom the expected value exceeds p.

Given this framework, Jeuland shows that
¥, = @ - ed).1e) (2.6)

where A = 1 - (1-k)n. Note that the expected value to the consumer is
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(1-mv + mkv = Ave I(t) is the proportion of the population totally

informed about the product. I(t) is givenm by

Bmt

I(t) = L (2.7)
eBmt -1 + QC%)_I

Jeuland also considers the effect of price changes over time.

The model is interesting because it explicitly incorporates
information uncertainty into a diffusion model in a rigorous way. Its
application to the practical fo}ecasting‘of a number of durables is
limited by the restriction of total learning in one step, homogeneity of
perceptions of vﬁlue, lack of.inhefent product unreliability, and risk
neutrality. However, it provides the first anaiytical framework to

incorporate information uncertainty into a diffusion model.

It is worth noting that the "risk reduction” driving the model occurs
because of a change in the mean expected level of the product, not due to
any risk aversion. Before information, the product has expected value
Av < v. After information, it has value-v. The consumer was

‘specifically defined to be risk neutral.

2.2.1.4 Multi-State Diffusion Models

Bass' model may be thought wf as a two-state transition probability
model in which adoption is a trapping state and the probability of
transition 1s a function of the number of people in the two states. A
number of authors have extended diffusion models to more than two
states. For example, Mahajan and Peterson [1978] in a three-state model,

allow diffusion from the population into the market potential and then
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diffusion from the market potential to adoption to allow dynamic

populations. Kalish [1982] allows diffusion from unaware to aware and
from aware to adoption to account for consideration. Dodson and Muller
[1978] use the same framework to allow repeat sales (flows of adoptors to
aware and unaware). Finally, Midgley [1976] has four states: unaware,
aware (passive), active adoptor, and active rejector to allow a negative

diffusion process to take place simultaneously.

When viewed as transition state modeis, these multistate diffusion
models are generally related to Urban‘s SPRINTER framework (Urban
[1970]). In its most sophisticated form, the model uses 77-states with
some five hundred equations detailing movement between states,
demonstrating the level of detaii that can be incorporated using a
transition state approach. SPRINTER III consi&%fé the effects of
advertisiné; sampling, coupouning, word of mouth, and avéilability in the
purchase decision. Consumers are also classified acéording to brand
loyalty and depth of repeat. The level of complexity of the model can be
tailored to the requirements of the situation. Urban and Karash [1971]
'point out how a three-state model can evolve continuously to a more
complex one. Hauser and Wisniewski [1982a, p. 459] note:

"Although he combines data frocm panels, questionnaires, and

store audits, Urban's model requires a large number of non-—

stationary parameters which put a strain on data resources.

Furthermore the flows are estimated independently amnd period by

period and thus do not make full use of the stochastic
properties of the Markov model.”

Hauser and Wisuniewski [1982a] also allow transition state
probabilities (including self flows) to be (linear) functions of

marketing mix variables. The probabilitv of a transition is modeled as
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Erlang or exponential to capture the “"purchase” incidence element. They
are able to derive closed form solutions for cumulative awareness,
cumulative trial, penmetration, expected sales and purchases due to
promotion. The incorporation of word—of-mouth communication suggests

that this model cculd also be considered a diffusion model.

An application of the model to travel mode choice is reported on
Hauser and Wisniewski [1982b]. The model is illustrated below in Figure
2-2. Perceptions in the four 1;ft boxes are assumed to influence
preference which toéether with 1nt¢rvéning factors (direct mail,
publicity, word of mouth communication, availability, tramnsport as a
perceived percentage of the household budget, and Neslin's preference
inertia) determine state to state flow rates. In the fiﬁal,model word of
mouth, budget allocation, and preference 1nertfh'ﬁefe dgleted due to lack
of signific;nce; The model fit reasonably well (R2 = .82) and had a

correlation of .94 with ridership.
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2.2.2 Utility Measurement Models

An important class of model for forecasting product choice is that

involving utility measurement.

Utility theory has a long history in the field of economics. Its
modern use may be traced back to Jeremy Bentham (Stigler [195C, p. 308])
in the late eightéénth cenﬁury. Traditional utility theory considers a
consumer's tradeoff between various goodé, or one good against a
composite of all other goods.- The.théory addresses indifference between
quantities of n goods using an n-dimensional space to determine marginal
rates of substjtution (see, for example, Nicholson [1979]).

"Traditional” is used in contrast to Lancaster's approach of ccnsideriﬁg
the utility of a good as arising from its comﬁShéﬁt.att;ibutes (Lancaster

[1966]) «

Using such a traditional approach, Gossen showed in the
mid-nineteenth century that an individuai's utility is maximized under a

budget constraint when

3 where continuous uj is the utility
5_1 = ) (constant) of the j the (contlnuous) item
P nstan (j =1,2,e0.,n) and p; its price
i Stigler [1950, p. 3157
(2.8)

It 18 this relationship which can be used to derive an individual's

demand curve and also to perform comparative static equilibrium analysis

to study the effect of price and income changes at the individual level.
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However, there is little empirical work at the individual level using
this framework. Recent research by Hauser and Urban seeks to extend the
model. They consider household consumer durable purchase plans with a
view to studying how the budget constraint imposes a substitution effect
br:tween durables. They note three properties of durables; their
individual significance in the budget, their discrete nature, and their
long life. The budget constraint is already included in Gossen's formula
cited above. They.incorpofate the discrete nature of durables by making
utility maximization a mixed integer proéram, rather than a continuous
one. The multigeriod nature of thg pfoblem is overcome by optimizing
over a finite planning horizon with suitable discount factors,

depreciation and borrowing assumptions.

Purchase is determined by considering the'ﬁiiiity per dollar gained
from each durable and also that of a composite good. The utility of the
composite good (Uy) is assumed to be piecewise linear and it is scaled

to have unit price.

Hauser and Urban propose that consumers minimize search by a using a
heuristic of choosing the durable with maximum utility per dollar, then
-that with second most, etc. until the utility per dollar no lounger
exceeds that of spending an equivalent amount on the composite good.

Under these conditions they show that durable j will be purchased in time

period t if
u ™t
] Wam™h @
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where T is the planning period, r the discount rate, y the
depreclation rate, and M the Lagrange multiplier associated with the

debt repayment constraint and also that

du_(y)

= ™t o

t

Hauser and Urban propose extensions to allow for future price
expectations to affect plans (by the inclusion of a time subscript on
price) and product interactions (complements and substitutes). That is
achieved by the consumer myopically cﬁoosing the first complemeut or
substitute only if its individual ﬁtiliti per dollar dictates and then
considering subsequent purchases on the basis of their uti;ity per dollgr

conditional on the purchase of the first.

A number of methods are proposed to measure these cross—durable
utiiitiea. Logit estimation is proposed to fit the probability of
purchase. An application of the technique is discussed in Hauser,

Roberts, and Urban [1983] and briefly reviewed in Seciion 4.5.1.

Order of Acquisition Chains

When consumers have homogeneous tastes, the order of acquisition of
durables can be expected to follow a uniform pattern from one household
to the next. This approach may be viewed as a particular case of Hauser
and Urban's algorithm and it has found considerable application. The
order of acquisition technique has only had one reported application to
new durables. A study by Kasulis, Lusch, and Stafford [1979] attemptfd

to fit microwave ovens into priority buying patterns to investigate order
'
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of acquisition chaius as a method of using early sales data to forecast

sales of newly launched durables.

They reﬁorted disappointing results:

"The order of acquisition scale does not do a good job in
predicting innovative behavior. Of the 52 households owning a
microwave, 32 households or 61.5 percent did not own all lower
order durables. Comparable results are found in the other
analyses. Thus, it appears that ownership of microwaves is
Cutting across established priority or acquisition patterns in

that the innovators are not necessarily households that have
accumulated all other durables on the scale. In general, it can
be concluded that the derived order of acquisition scale fails
to precisely identify the adopters of microwave ovens."”
However, poor results are not surprising since the authors make no
attempt to measure dynamic effects of the new durable sales, and they
take no account of innovativeness characteristics other than curreant

holdings.

: “As Pipkering [1977, p. 10] points out, in their éurrent form order of
acquisition chains are not well suited for replacement purchases. The
theory could be adapted by the 1nc1usion/of a stochastic element for
'repeat purchases, but the more general framework of Hauser and Urban
[1982] appears more appropriate for this. However, the model may well
have application for forecasting first purchases of different types of
durables as a complement to a repeat forecasting model. Indeed, position

on the chain seems a natural measure for the concept of susceptibility

advanced in Chapter 4.5.2.
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Aggregate Econometric Models

The above discussion centers around a single household's propensity
to purchase durables. It is possible to derive individual demand curves
for a commodity as a function of price and income and to aggregate these
across consumers, thus forecasting industry sales at the aggregate level

(e.g., see Nicolson [1979], Chapters 4 and 5). Personal disposable

income, average auto prices, and other macroeconomic determinants of

demand may thereby be related to sales.

There is a f}ne Aistinction be;weén these models and those in the
next section on multiattribgte utility models measured at the aggregate
level. The separation of aggregate regression models from that group is
done largely to reflect their origin from classical utility theory. |
Generally, aggregate models motivated by tradif&oﬁallutility theory have
price, incoﬁe and other macroeconomic indicators as expianatory

variables, but not product attributes.

Such models have been developed by Chow [1960], Nerlove [1957], and

Suits [1958, 1961]. Typical of these models is that of Nerlove:

x, = 0046 - .018p + .006p _, + .013y - .007y,_, + .268x _, (2.11)
(-3.0) (+1) (+6.5) (-2.3) (+1.68)
where
x, = saleé of new autos in time t (U.S., per capita)
P, = index of new auto prices (GDP deflator)
Ye = personal disposable income (per capita)

Fitted to annual data between 1922 and 1953, the model gave an R2 of 0.91.
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The advantages of these techniques are that they use data which is
normally readily available or cheap to obtain. Estimation at the
aggregate level also skirts the problem of how to generalize from a
sample to a population. Use of actual sales rather than self-reported
data removes reporting biases. However, they are largely appropriate for
category sales forecasts, not brand choice. At the brand level, we must
be able to compare brands in terms of their different attributes which
form the basis on which they are compared. This leads to a consideration

of the utility of a good arising from its constituent attributes.

Multiattribute Utility Models

Motivation for multiattribute utility models has come from the
disciplines of economics, decision theory, and social psychology. In
economics, the traditional concept of utility'dévéloped.in the previous

section, thét of preference and indifference between goods and
commodities has been extended by Lancaster [1966] to'consider component

attributes of products. Lancaster considers not only the goods necessary
to sustain a certain level of activities, but also the componeunt
.characteristics of those goods (the consumption technology). He
postulates that utility is derived not from goods, per se, but from their

characteristics.

The consumer's problem 1is:

Maximize U(z)
subject to px <k
with z = By
X = Ay
%,y,z > 0 (2.12)
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where z is the vector of characteristics providing utility
x 1s the vector of goods at price p,
y is the set of activities undertaken,
k is the budget comnstraint, and
B and A are the matrices representing the constituent
characteristics and goods respectively, necessary to sustain

level of activity y.

A consumer's choice is thought of as.buying a required mix of
characteristics.at minimum total cqst'(an "efficiency choice”), and
choice between characteristics mixes (a "private choice”). This allows
substitution to be defined in terms of switching within efficiency
choices. The approach has a number of advantageé over traditiomnal
theory. One is that it is possible to model éﬁéﬂging utility of durables
over the life cycle more easily. Another is that the introduction of a
new‘good.(or modifications and retirement of existiné ones) does not

require changing the number of axes and hence, the surfaces of

individuals' utility functions.

In order to be applied to a group of products, Lancasterian theory
demands that those chacteristics of products in the group which vary
between members are not possessed by any goods outside the group. The
need to have comparable characteristics within the group of goods under
consideration togethér with the separabilitv requirement, dictate that
these multiattribute models are usually used to study brand choice within
product classes, or at the most general, product forms within generic

product groups (e.g. choice between modes of tramsport).
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von Neumann-Morgernstern Utility

Lancaster assumes ordinal utility. The work of von Neumann and
Morgenstern [1953] developed an alternative view of approaching utility
theory. By-considering different probabilities of obtaining outcomes and

by assuming that individuals can "compare not only events, but even
combinations of events with stated probabilities,” they show that with

certain assumptions about behavior, a measurable utility fumction (unique

up to a linear transformation) can be derived.

von Neumananorgenstern's work'aliows the operationalization of
cardinal utility with a flexible range of utility functioms. 'Hauser and
Urban [1979] operationalize von Neumann-Morgenstern utility theory to
derive utility functions based on consumer perceptioms of existing and'
proposed health maintenaunce organizations. Tﬁg'ﬁéthod uses lotteries to
assess the‘éhape of consumer's utility function by askihg a series of
questions to determine indifferences between lotteries with different

outcomes.

The approach has Fpe advantage of being perfectly gemeral in its
assumptions about the shape of utility curve with respect to attributes.
Also interaction between attributes is not restricted in form. While
relatively strong assumptions must be made to make the method tractable,
at least these may be tested. The wide range of utility functions
available means that a remarkable variety of different utilities may be
modeled parsimoniously. Hauser and Urban found that the technique did
reasonably well in predicting préferences (better than logit analysis and

preference regression).
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Certainly this method is the most powerful and flexible of any
considered in the measuring of consumer preferences. It easily allows
for product insertion and it can be modified to consider any factors at
all (e.g., scenario analysis of changing environmental conditions). Risk

neutrality or even constant risk aversion is not required.

The method's major drawback is its onerous data collection
requirements and limited theoretical work om associated error

structurese.

Linear Compensatory Multiattribute Models

The most usual assumption concerning the utility function is that of
additive independence which implies a utility function of the following

form (Keeney and Raiffa [1976, p. 295]).

' uj =7 Wy Xi4 (2.,13)
1

where W, are termed importance weights of the attributes (character-

istics) 1, and xij is the amount of attribute i possesses by good j.

Motivation for this form can be found in the field of social
psychology. Models by Rosenburg [1956] and Fishbein [1967] have a
similar mathematical form. For example, Rosenburg's model can be

expressed:
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where
Aj = attitude toward object j
V1 = value importance of value 1
Iij = perceived instrumentality of the cbject j for attaining

or blocking value 1

Wilkie and Pessemier [1973] point out that "It is clear that
marketing adaptatibns haversignificantly departed from the original
proposals of Roenburg and Fishbein,” and an examination of the two sets
of variable definitions above shows this different emphasis.

Nonetheless, Fishbein and Rosenburg's work provides a ratiomale for
"overall affec; reflecting net resolution of an individual's cognitioms
(beliefs) as to the degree to which given objects possegs certain
attributes weighted by the salience (importanbg);bf each attribute to the

individual.; (Wilkie and Pessemier [1973]).

Two variants of the linmear compensatory model above are common. The

first is the ideal point model, in which

'.2
uj -Zwi(xij - xj) (2.15)

1
where X, is the ideal level of attribute i.

The second variant is the part worths model in which

Uj =7z wikxijk (2.16)
i ki
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where attribute i is categorical with k1 levels and xijk =1 1f ]

possesses i at the kth level, 0 otherwise.

Green and Srinivasan [1978] give an excellent review of the data
collection requirements, scaling assumptions, estimation methods, and
reliability and validity tests for these models. Shocker and Srimivasan
[1979] compare multiattribute models for evaluating new product ideas on
the basis of market determinat%on, attribute determination, creation of
the perceptual space, modeling of preferénce, and ability to generate new
ideas. Finally Jain et al. [1979]_c6ﬁduct an experiment to compare data
collection methods and estimation techniques to measure consumer

prefereuces for banking services.

Application of the linear compemnsatory model to the prediction of
preferences are‘given by Hauser and Simmie [1981], Tybout and Hauser

[1981], and Agarwal and Ratchford [1979] (discussed in more detail below).

A good review article and application of the part worth model is

glven by Green and Wind [1975].

Ideal poict models were used by Urban [1973] in h’s development of
PERCEPTOR to aid in the design of new frequently purchased consumer
products. Both probability of purchase and probability of repeat are
modeled as linear fuﬁctions of squared distance from the ideal point. He
reports a close relationship between predicted and actual share as well
as the source of share gained by a new entrant. In a similar application

to a consumer durable Ryans [1974] clustered respondents on the hasis of
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existing braunds, and then used perceptions of a new product to estimate
its share and the draw of that share. By using different price levels

across the sample he was able to determine a price elasticity for the new
insertion. Exposure to the new product (a blender) was by the
examination (but not use) of a prototype model. The method gave
significant improvements over a naive one but no comparison to actual

sales were possible.

Lioking Preference to Choice.

Green and Srinivasan [1978] poinf out that the decision whether to
relate overall preference or probability to attribute levels depends on
the purpose of the study. Many studies which look at the comparative
appeal of different formulations of a product may have no need for a

probability measure, preference may be sufficient.

- For studies requiring a sales forecast a probabiiity estimate is
required; Shocker and Srinivasan [1979, pp. 172-173] give a good review
of techniques which have been applied. Many researchers assume that the
.most preferred brand is purchased or that some percentage of first,
second, and third preferences will be tramslated into choice. For
example, Hauser [1978] uses 80% of first preferences and 20% of second
preferences in calculating a convergent measure of share for a proposed
narrow band TV service. Kalwani and Silk [1982, p. 279] provide evidence
to suggest that such‘"top box" methods may be reasonably accurate in
practice. Pessemier et al. [1971] found that assuming that the most
preferred product was always chosen, gave aggregate predictive results

almost as good as more complex models.




-06~—

Another popular method of telating preference to choice is by an
assumption that probabilty of choice will be proportional to preference
(for example, see papers by Rao and Soutar [1975], Shocker and Srinmivasan
{1974], and Lehman [1971]). Pessemier et al. [1971] propose raising

preference to a power to minimize scaling problems.

Recently, more formal models to relate preference to choice have
appeared. By assuming suitable error structure on the consumer's
estimates of utility, probabilities of phrchase may be derived
analytically. For éxample, McFaddgn [1974] has shown that if utility is
measured with Weibull distributed errors ‘which are independent between
choices, the probability of choosing brand j is given by

eBuj
P =
J zeBuk
K

- (2.17)

Successful applications of the model are manifold. In the area of
marketiné, Tybout and Hauser [1981] use it to predict mode of travel in a
Chicago suburb, incorporating both physical attributes and affective
‘attitudes. Hauser and Simmie [1981] use it to model narrow band
television to allow the estimation of the position of the product
relative to Lancaster's efficient frontier. Silk and Urban [1978] use
the logit model to estimate the market share of new frequently purchased
products based on perceptions of evoked existing products and likely
awereness of the new'product. In their ASSESSOR model they also have a
trial-repeat module to obtain convergent validity. Berkowitz and Haines
[1982] report an application to a new durable (solar heating). The model

was calibrated on existing heating methods (oil, gas, and electricity)
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and extrapolated to solar on the assumption that the market structure

would remain the same. Perceptions of solar were collected. No attempt

was made to measure how much information respondents had about solar
energy, nor to fit diffusion effects. Fits on neither the logit model
nor on the relative shares model (an adaption of that of Crow and
Ratchford, discussed below), had high fitting or predictive ability,

although all predictor variables were significant.

Using data on currently available aufos, Agarwal and Ratchford [1979]
compare logit quels based on utilities obtained from fitting preferences
by LINMAP, logit based directly om product attributes, logit estimated
separately on two clusters, and a naive model consisting of choosing the
first preference. The top preference model did not perform well at thé
aggregate level, overstating some popular makég"éhéresf Logit on
attributes4%erfbrmed considerably better at the aggregafe level than
logit on fitted utilities. Using clustering based oﬁ estimated
preference weights gave comparable fits to attribute-based estimation on
the whole sample at the aggregate level ;nd somewhat higher percentage of

correct classifications (9% as opposed to 6%,).

Logit models have also received extensive application by economists
and transportation researchers to forecast demand for appliances,
automobile type and brand choices, and travel mode studies. Most of
thece studies estimafe probabilities directly on attributes rather than
using the intermediate construct of utility or preference in the
estimation. However, multiattribute utility is an integral part of the

derivation of these models. Examples of these models are provided below.
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Berkovec and Rust [1982] model vehicle type purchase and usage
decisions for one vehicle households. They use a nested logit model in
which sequential decisions are made to keep the current auto or to
purchase a new one, and then vehicle class and vehicle type. The model
based cn a vehicle miles driven/purchase choice optimization algorithm
includes a number of product-related and household-related variables
(subjectively selected and objectively measured). Anticipated
interactions are incorporaﬁed by transformation of exogenous variables.
For example, seating size is defined as household size times the square
root of the number of seats in the_adto, thus increasing its level for
large households. Operating costs, the prime exogenous determinant of

utilization, are included by the use of a gasoline price.

Reasonable results were obtained using an'fi;ﬁafiab;e version of the
model. Thé model is able to impute transaction costs wﬁich are
significant and greatly improve the log likelihood function. The model
seems to be valuable in its treatment of the purchase/keep decision, in
terms of its strong theoretical basis, and for the incorporation of
future usage utility into the purchase decision explicitly (if only

through the relatively weak mechanism of gas prices).

Another example of such an economic model is that of Dubin and
McFadden [1982]. In an analysis to determine electricity usage and
appliance purchase tﬁey use a nested logit mcdel to determine holdings of
various appliances taking account of capital and operating costs as well
as availability and other holdings. In analyzing a similar nested logit

model Goett and McFadden [1982, p. 1-15] point out the normative uses of
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such a model. One nice feature of the Goett and McFadden model is that
stochastic failure is iacorporated so that replacement due to breakdown

can be predicted.

Aggregate Models Incorporating Product Attributes

Aggregate models of demand on component attributes resemble those
which relate demand to a price index and personal disposable income
discussed earlier. However, their roots lie in the aggregation of
individual Lancasterian attribute-level 6pt1mizations, rather than the

sum of individual's demand curves ;eiated to price and income.

An interesting example of such an application is one by Crow and

Ratchford [1975] using a relative shares model to examine specific brands

of auto. Their model may be written:

logéflg) = o+l Jogézlg) + ;B 1og6211£) +k;1Y M (2.18)
: t °" TPy i Yize g R
where
xjt = sales of brand j ’
j=1 represents the base or reference brand (a full-sized
Chevrolet)

pjt = price of price j, time t

yjit *= level of attribute i1 in brand j, time t

MQ = manufacturer's dummies.

The Crow and Ratchford paper is noteworthy in that it attempts to
estimate the effect of a major innovation; the electric auto. To do

this it has to make strong assumptions about perceptions of electric
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autos. For example, the model assumes that such a vehicle would possess
no new attributes not estimated from existing autos, and that it would
not disrupt the market. Without collecting data from potential
consumers, the reasonableness of these assumptions cannot be tested.
Because data for the model are at the aggregate level, only objective
attributes can be used (price, front leg room, rear leg room,
acceleration, passing speed, fuel consumption, transmission, ride,
handling, and freqdency of'repair). The latter threer attributes were
imputed after reference to popular auto ﬁagazines. The manufacturers'

dummies explained more of the variation than the other attributes,
suggesting that some variables, possibly perceptual, are missing from the

attribute specification. Fits without the manufacturers' dummies were
mediocre with an R2 of 0.123 and only leg room, price, and fuel economy

were statistically significant, the last being'bf3the wrong signe.
- However, the methedology provides an imaginative.way of calculating
the effect of a new brand imsertion gi#en only publicly avallable,

aggregate data.

2.2.3 Summary of the Major Forecasting Traditionms

Mathematical diffusion models have been shown to offer a high degree
of explanatory power to new product sales trajectories over time.
Problems which arise'in their application include the difficulty of
estimating the model prior to peak sales, the lack of normative variables

in Bass' model [1969], and the general restriction of the models to new
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categories and industry sales. Each of these problems has attracted

considerable research attention.

Lawrence and Lawton [1981] and Hauser [1978] propose methods of
conducting market research prior to launch to gain early estimates of the
parameters in Bass' model. These may be updated as early sales data

become available.

Research to increase the normative ébility of Bass' model largely
centers around incofporation of adyeftising and price. However,
Grilliches [1959], Chow [1967], and Hauser [1983] suggest ways in which
the underlying parameters may be modeled in terms of the products’

characteristics.

Kalish and Lilien [1983] have made a useful start iﬁ their efforts to
include competition at the brand level into diffusion models by their use
of two sgages: an industry diffusion model and a logit brand sales
model. Although some feedback is allowe& from brand strategies to
'industry sales, the treatment of sales of all brands as equivalent in
stimulating industry diffusion may be biased against the diffusion

effects of a major innovative new brand.

All of these models are specified in terms of differential equations
relating sales to paét cumulative sales. None coasiders a choice
modeling framework in which changes in expected utility cause changes in
probabilities of adoption (with the partial exception of Jeuland

[1981b]).



Utilify models have had a wide range of application to durable
forecasting problems. Traditiomal utility which addresses how consumers
make tredeoffs between different goods has been largely applied at the
aggregate lével, although Hauser and Urban [1982] propose a method to

operationalize it at the individual level.

The alternative utility approach, proposed by Lancaster [1966], has
been extensively used at the iuﬁividual level. The approach regards
utility of goods as'arising from their component attributes and it has
analogues in decision theory gnd sqciél psychology. Models based on such
a view are most appropriate for comparing brands with the same
characteristicg (in differing proportions). Hence, multiattribute
utility models have found more application in the area of brand choice
than for purchase incidence. Various formulatfbﬁé of the model have been
proposed, f;r ekample, relating attributes to preference, attributes to
choice, (g.g., Dubin and McFadden [1982]), and a fuli set of modules
relating attributes to perceptions, perceptions to preference, and
preference to choice (e.g., Tybout and Héuser [1981]). Generally, these
.multiattribute models have not considered the dynamics of utility as the

brand diffuses.

This section has examined models commonly used for forecasting
durable goods and found valuable insights from both diffusion models and
utility models. In ; desire to incorporate the best features of both
traditions in our models, we are naturally led to ask what causes changes
in the probabpility of an individual to purchase over time. Changes in

awareness are obviously one factor, while changes in expectations about
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the mean value of a product are clearly another. The third, decreesing
perceived risk, has received considerable attention in the literature.
It deserves a discussion since together with awareness and expectation
changes, it can help to explain the diffusion phenomenon of both product

classes and individual brands.
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2.3 Perceived Risk

2.3.1 Definition and Importance

Bauer [1960] is generally credited with introducing the concept of
perceived risk. Since then his original ideas on the notion have
attracted a considerable amount of research interest in marketing,
decision theory, communications science, social psychology, and
psychometrics. Pefceived risk is important because it affects relative
preferences for different brands (and 1ﬁ.that sense 1s like a negative
valued ettributg) and becausg its dyn;mic nature with search and product
diffusion causes changes in preferences over time. While it is not a
method of forecasting the sales of a mew durable by itself, because it is
an important phenomepon and because it promises to offer a link between
multiattribute utility and diffusion models, é'ré#iew of the relevant

literature ﬁas been included.

In its role as an "attribute”, a number of researchers have found it
to be an important determinant of prefer;nce (e.ge, Pras and Summers
.[1978], Mever [1981]). Taylor [1974] cites a major oil company which
found that low perceived risk was the primary determinant of gas brand
choice. Perceived risk offers a possible explanation for choice of
familiar brands over unfamiliar ones with higher expected attribute
levels (Neslin's [1976] preference inertia, Hershey et al's [1982]
inertial effect, and.Bernhardt and McKenzie's [1976] safety margin).
Schmalensee [1982] shows that uncertainty and information acquisition can

be used to explain the enduring market share advantages enjoyed by the
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first entrant into a product category as demonstrated by Urban, Johnson,

and Brudnick [1982].

The importance of the dynamics of perceived risk has also been
highlighted in both empirical results and theoretical developments.
Rogers [1973] and Roselius [1971] cite evidence that perceived risk
reduces as word-of-mouth communications about the product spread. Cox

[1967] speculates that consumer-dominated channels (word-of-mouth

communication) will be important when

"(1) performance risk has been aroused (perhaps by
being stimulated by information supplied by the
marketer) and is sufficiently high; and/or when;

(2) psychosocial risk is sufficiently high to
justify the time and effort required to obtain
information from these informal channels; and
when '

(3) perceived risk is high and consumers are anxious
to avoid mistakes (herce want negatfve or
unfavorable information if it exists).”

- Sheth [1968] ties the importance of perceived risk to diffusion when
he suggests:
"Depending upon the magnitude of risk perceived in an
innovation, two products may exhibit widely different
patterns of diffusion on aspects such as rate of

adoption, word-of-mouth communication, and importance
of two-step flow of communication.”

From this base Kalish [1982] incorporated uncertainty in the model in
his Ph.D. thesis by inflating a consumer's reservation price depending on
the uncertainty (see’later in this section). Also, as reviewed in the
previous section, Jeuland [1983b! has recently incorporated uncertainty

in a diffusion model.
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A third reason for the 1mp6rtance of perceived risk is a
methodolngical one. Schmittlein [1981] shows that failing to account for
uncertainty in linear compensatory models leads to inconsistent parameter
estimates and tends to equalize preferences for all stimuli. He draws

the parallel to work in errors in variables in econometrics.

The considerable body of literature which is now available omn
perceived risk, together with the diversity of disciplines which have
examined the concept, has led to a confﬁsing array of meanings and

definitions.

1 shall follow Taylor [1974, p. 56] in using perceived risk and
uncertainty synonymously. Uncertainty may be defined as the effect of
consumers' expectations not being at a single’Boiht; there are a number

of values wﬁich'the variable with uncertainty could také and the consumer
is unsure as to which one will materiaiize. It is cépable of decision
theoretic operationalizations such as the certainty equivalent or
differences between the value function (utility under uncertainty) and
the utility function (utility under certainty). See Keeney and Raiffa

[1976] for a theoretical development and examples of these comstructs.

Bell and Raiffa [1982] and Dyer and Sarin [1983] discuss the relation
between the value function under certainty and the utility function.

This work is outlined more fully in a discussion of the model in Chapter 3.

A number of definitional distinctions are also drawn in the consumer
behavior area which will prove useful in our comsideration of perceived

risk. As Bauer [1960] points out in his pioneering work on the subject,
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it is perceived risk in which we are interested, rather than any actual
physical uncertainty. Bettman [1972] distinguishes between inherent risk
and handled risk;

"Inherent risk is the latent risk a product class

holds for a consumer, the innate degree of conflict

the product class arouses in the consumer. Handled
risk is the amount of conflict a product class

engenders when the buyer chooses a brand from that
product class in his usual buying situation. Thus,
handled risk includes the effects of information and
risk reduction processes as they have acted on
inherent risk.”

Bettman notes tﬁat these two different types of risk have been
confused in the research literature. A different usage of "inherent"”
will be made in this thesis. Inherent product variability will be taken
to mean risk agsociated with the product given perfect information. |
Total uncertainty will be taken to mean the uhzeftaintx associated with
the product-at any time, including both information uncértainty and
variability inherent to the product. This is equivaient to Bettman's
"handled ;1sk." Thus, Bettman's inherent risk is higher than handled
risk because cues such as brand and store are not present. Our inherent
.product variability is a lower bound on total uncertainty (or handled

risk).

Work on perceived risk may be considered under four headings:
studying the components of perceived risk; incorporating the effects of

perceived risk into the preference structure; measurement; and dynamics.
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2.3.2 Components of Perceived Risk

Classifying types of perceived risk has attracted much attention, but
is not central to the topic of this thesis. Typical of such
classifications is that of Jacoby and Kaplan [1972] who identified five
types of risk: financial, performance, physical, psychological, and

social.

0f more rele#ance is a debate between Cunningham [1967] and Bettman
as to the underlying dimensions of perceived risk (Bettman [1975]).
Cunningham proposes.certainty and ;odsequences as the two relevant
dimensions, whereas Bettman advances probability of acceptabilily and
importance. Tbe expected utility framework iucorposateg all of these
factors: probability (the consumer's distribution of beliefs about a
brand), consequences (shape of the marginal véIué‘funcqion), and

importance (the risk aversion parameter), in an axiomatic way.

2.3.3 Incorporating the Effects of Perceived Risk into the
Preference Function

Uncertainty has been incorporated into models of preierence in three

distinct ways.

f

First, Schmalensee [1982], Jeuland [1983b], and Peter and Tapley
[1975] assume that the product can have one of two levels of
performance: basicaily, that the product works as expected, or it does
not. Given probabilities of these two outcomes and an assumption about

risk aversion, expected utility may be maximized.
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The second wethod of incorporating risk is by an algebraic
manipulation. For example, Kalish [1982] mulciplies the reservation
price by a factor related to uncertainty, R, of the form

at+ 1l
a + (yt/m)

2 « This functional form is chdsen for fit rather than for

theoretical reasons.
’
Third, a number of researchers have incorporated uncertainty into
expected value models. These incorporations have been based om the
belief that expected utility should be discounted geometrically or

linearly by risk, rather than by reference to the literature in decision

theory or finance.

Pras and Summers [1978] suggest the form

U. = U(E(X)) - r.R. (2.19)
X X :
where
U = utility
X = vector of component attributes of the good
T = lack of risk tolerance, or risk aversion, and
Rx = risk

Meyer [1981] addg a cross-product term, reminiscent of a

multiplicative value function

U;(' = klU(E(;()) + sz)‘E + k., U(E(;t))Rgg
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This suggests that he more has in mind risk as a dimension of the
attribute rather than an integral part of the evaluation of the

distribution of beliefs.

2.3.4 Measures of Perceived Risk

Four types of measures of perceived risk are considered:
elicitations of the distributions of beliefs, direct questions about the
level of risk, meaéures of the relative difference in risk between two

products, and Wilton and Pessemier's derived measure.

The most thorough measure of the distribution of expectations was
developed by Wpodruff [1972a, 1972b]. In observing that some people
could give prior distributions easily, while othérs could ﬁot at all, he
tested a two step procedure for eliciting the'5}65abilipy distributions
of possibléioutcomes. The first task for respondents wés to mark on a 19
point scgle the highest and lowest possible value fof each attribute of a
product. Using these as benchmarks, in the second step respondents
allocated points to each graduation "so that the relative number of
points for each represented judgments of the relative likelihood of the

accuracy of the evaluations.”

Even with this scale, Woodruff reports some people had difficulty,
that all had to exert considerable effort, and generally respondents
found the task "unpléasanﬁ." He noticed strong evaluation apprehension
and most subjects tried hard to ensure that their distributions looked
bell-shaped. After an information stimulus subjects were remeasured and

almost exactly half had a range of values outside (at least in part) the
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range which they had previously called the possible range. However, the
measure was not without its success. The mean and the variance of scales
were shown to measure independent dimensions of evaluation. And 65% of
respondents‘did decrease the variance of their beliefs when presented
with movre information. Woodruff suggests that with more practice
examples and more detailed explanations his results would be further

improved.

A variant of the Woodruff scale usedAby Pras and Summers [1978] also
had moderate success. Using a seventéen point scale they had subjects
assess eight attributes on each of 5 auto makes and found risk measured
by this method to significantly discount the utility of expected
attribute levels. They also ncte "the burden of the Woodruff scale might
result in more random error tham is produced B;'tﬁe other less demanding
rating procédurés." Indeed Hagerty and Aaker [1981, p. 25] call for
"adequate and more practical measures based upon one or two questions.”
That may be achieved if one is prepared to impose a distributional
assumption on beliefs. For example, if beliefs are normally distributed,
'then Hogarth and Teboule [1973] suggest methods of estimating the mean
and variance by asking for fractiles. Additional questions may be

included to test consistency with the normal distribution.

Given the distribution, a risk measure in terms of dispersion may be
calculated. For Praé and Summers [1978], the amount of risk is measured
by the positive semi-standard deviation for risk takers (i.e.,
[ZI(xi--]J)zfi]]'/2 where fi is the distribution function at

xi) and the negative semi-~standard deviation for risk avoiders. They
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suggest that otherwise higher—-order moments will not be adequately fit.
Their form with equal degrees of freedom as the variance or standard

deviation would just do better in some distributional shapes and worse in

others.

Although he presents no theoretical justification for it, Meyer's
[1981, 1982] use of the variance to measure uncertainty appears more
sensible (and is shown to be optimal in Chapter 3 under suitable
conditions). Meyer also suggests discouﬁting the expected utility by a
factor of (1 + rgi)-l as an alternatibe formulation (Meyer

[1981], p. 8).

The second type of risk measurement, direct Questioning, has been
applied to different facets of risk 1nc1ud1ng'§isﬁ itself (Bettman
[1975], Jac;by and Kaplan [1972]), certainty of evaluation (Arndt
[1968]), @anger (Cunningham [1967]), and confidence in choice (Deering
and Jacoby [1972], Day and Deutscher [1982]). Typical of the questions
and scales involved are those of Bettman [1975]:

"To you, chocsing a brand of this product class in an imaginary
store would be: -

Not risky 1 2 3 4 5 6 7 8 9 10 11 Exceptionally
at all Risky”

The third type of measurement also devised by Bettman [1973] involves
(n-1)n/2 pairwise ratings of the relative risk of a group of n objects.
The respondent picks the object from a pair which he or she considers to

be the more risky anc then estimates the degree on a ten-point scale. O
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represents indifference and 9 much wore risky. This allows the relative

risks for each brand to be calculated.

The final measure of "risk” is proposed by Wilton and Pessemier
[1981]). They suggest that the variance of an estimate of preference
across the population may be taken as an index of perceptual clarity if
the population is homogeneous. Clearly, if the population were
segmented, this wéuld help the homogeneity assumption. In a
conversation, Pessemier suggested to me that this population measure

might make a good surrogate for uncertainty.

In an interesting experiment Wilton and Pessemier deliver different
messages about auto brands to consumers using split cable TV (low/

intermediate/high information levels and hire/purchase availability).

They hypothésize that both the complexity and clarity of beliefs will
increase with more information and they take pre and'post—information
stimulati;n measures. Their proposed index of perceptual clarity
improves over time. In addition they find that a probit model with
'parameters fitted on initial perceptions but with predictions based omn
informed perceptions gives a good fit to stated preference. They point
out that stated preference may not be a good indicator of actual
purchase. They suggest that their approach may be used to estimate
ultimate market shares. Although the method does mot attempt to show the
dynamics of attitude change at the individual level during the purchase
process or at the aggregate level as penetration occurs and diffusion
effects grow, it does seem a useful start to trying to simulate

post—launch conditions to calculate ultimate acceptance.
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2.3.5 Dynamics of Perceived Risk

Most of the research studying changes in perceived risk has involved
a controlled information stimulus with pre and post measures. However
diffusion researchers have also measured it (e.g., Sheth [1968]). No
relationship has been established between the two schools. While
uncertainty can theoretically increase with increasing information
(Hagerty and Aaker [1981, p. 7], Cunninghman [1967, p. 265]), theory and
evidence dictate that in genergl it should decrease. Sheth [1968],
Cunningham [1967], Arndt [1967, p. 289],‘and Woodruff [1972a] all provide
evidence of this. Bauer [1969] relatés this to group influences
increasing the probability of social acceptability of adopting, while
Sheth [1968] relates it to decreasing risk of adverse p;oduct
performance. Both effects are probably normally‘at worke

The difkusion process consists of two dimensions; a.process one and
an indivigual one. At an individual level a consumef goes through the
purchase stages from awareness to post—purchase feelings (over time). At
the process level, at any point in time there is a distribution of
consumers in each state influencing others. Perceived risk is an
individual phenomenon which feeds on the state of the process (e.g. the

cumulative number of adoptors and rejectors).

Dickson and Wilkie [1978, p 84] cite statistics which slow that at
purchase an average consumer is aware of about 40% of the relevant

information concerning the brand he is purchasing. Therefore any model
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which follows the dynamizs of risk with increasing information must be
able to predict the stage at which purchase will occur. Generally this

will be considerably less than full information.
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2.4 Literature Summary

In Section 2.1, a framework for classifying new product forecasting
techniques by modeling approach and data collection methods was given.
Section 2.2 considered the two major traditions in forecasting consumer
durables: diffusion models, and utility models. Both traditions were
shown to have appealing features: the product positioning explanation of
multiattribute utility3‘fnd the.dynamics of diffusion models. The
chapter closed with a consideration of the construct of perceived risk or
uncertainty since this appears to qffér a method of marrying the two
major traditions. Multiattribute utility has been extended to include
risk by a numbgr of researchers (e.g., Pras and Summers [1978]), while
the dynamics of risk have been considered by research diffusion theory

research (e.g., Jeuland [1981b], Kelish and Lif&eﬁ [1983]).
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CHAPTER 3: MODEL

3.1 Theory Development

The objectives in developing the model of brand choice are twofold.
First, the model aims to provide a vehicle which combines the benefits of
diffusion models' dynamics with the product characteristic explanation of
relative advantage at the individual level offered by multiattribute
utility models. Second, it qtt;mpts to show how diffusion effects are
felt at the brand leQel and to shoy how specific brand diffusion effects

can influence product class sales.

To achieve these objectives, it is useful to consider what causes
changes in the sales of a new brand cver time. ™ The behgvioral diffusion
literature reviewed in Chapter 2 suggests that increasiﬁg adoption stems
from both growing awareness of the brand and (generaily) increasing
preferencé for it. Increasing awareness is included in the probability
of consideration component of the model,“Briefly addressed in Section
‘4.5. Increasing preference stems from changes in expected utility which
are generally assumed to have two compomnents: changing mean expectations
about the product (which may move either up or down), and changing
perceived risk or uncertainty of the product's benefits as more

information becomes available.

While a number of researchers have identified the impurtance of risk
or information uncertainty on choice (e.g., Pras and Summers [1978],

Wilton and Pessimier [1981], and Meyer [1981]), and some have modeled
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risk as a determinant of sales dyramics (e.g., Jeuland [1981b], Kalish
[1982]), none has combined risk in its static role of discounting
multiattribute utility choice between brands with risk in its dynamic
role of explaining the changing rate of adoption of a specific product in
isolation. (See Chapter 2 for a review of this literature). This
chapter uses the concept of expected utility from decision theory to
model the magnitude and effect of changes in mean and uncertainty of a

new brand as its penetraticn increases.

We call this model the "Multiattribute Utility Diffusion” model or

MAUD.

3.1.1 Form of the Expected Utility Function

¢ Theoretical justification for the multiatff&bdte modeling of consumer
preference is provided in the growing literature of the Fishbein-
Rosenburg class of expectancy-value models and the néw economic theory of

consumer choice advanced by Lancaster (see Section 2.2.1 for a review).

The most popular of these in marketing is the linear compensatory
model (or vector model) in which a measure of preferemce for good j, vj

is represented

K
whare W k =1, 2, +ee K, Trepresent the importance weights of the K

attributes and yjk is the amount of attribute k contained in product j.

The application described in Chapter 4 gives a specific example of the




model using a framework adapted from Tybout and Hauser's [1981]

Integrated Model of Comsumer Choice.

In the case of certainty, this measure of preference, vj, is the
objective criterion which a consumer attempts to maximize. If price
(pj) is an important criterion in the choice, it may be incorporated
ioto (3.1) by one of three assumptions. First, the consumer may be
argued to maximize the preferen;e/dollar which he gets from his choice
(vj/pj). Second, if all other goods are.grouped as a composite good
and the consumer uses preferepce per dollar to choose among the
composite, he may be thought to maximize his total consumer surplus of
choosing a brand within a category (vj - ij, where A = marginal
utility/dollar of the composite good in some reference budget). Last,
price may be treated as a negative- valued atff&bﬁte (g~ the objective
function beéomes Vj - wppj, where wp is the importance ﬁeight of

price). If X is not available from external data, tﬁen for practical

estimation, the second and third methods become equivalent.

There is substantial empirical justification for the third approach
(e.g., Dubin and McFadden [1982], Berkovec and Rust [1982], Train and
Lohren [1982]), and so the theory is developed in terms of that
formulation. However, both are included in the analysis and Chapter 5

suggests this as a promising area for future research.

On the basis of these arguments, we define net preference for brand

j’ xj’ by
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K
Xj =vy- kpj = % Y gk~ kpj (3.2)
The preference function Xj assumes that the attribute Levels are
known with certainty. As suggested in the literature review, consumers
generally make decisions with some uncertainty about the true level of
attributes they will obtain, both because of inherent product variability
and imperfect information. Thus, it is necessary to have a method of

determining how tt : consumer moves from his preference function (3.2) to

a utility function which takes account of uncertain outcomes.

Bell and Raiffa [1979] define a strength-of-preference measure

~

(measurable value function in Currim and Sarin's terms [1983]), X, to be

one in which for brands a,b,c, and d

[avb] 2 [cd] => Xp = Xy > Xq = Xe (3.3)

where

> means preferred to, or indifferect to, and

[a*b] means switching from brand a to brand b, and the tilde
above the X identifies it as a random variable.

They show that for such value functions that if the consumer obeys
the von Neumann-Morgenstern axioms for lotteries (tramsitivity,
substitutability, etc.) and 1f a utility function exists, it should show
constant risk aversion with respect to the strength of preference
measure. Thus, the utility function should be either linear or negative

exponential. That is:

u(§j) = a+ bij (3.4)
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or, . —r§
U(X,) = a - be ] (3.5)

where U( ) i1s the utility after allowing for the uncertainty of the

~

value, Xj, and a and b are scaling constants (b > 0).

If we assume that the linear compensatory preference functiom (3.2)

satisfies condition (3.3) and that consumers follow the von Neumann-

~

Morgenstern axioms, X is a strength—of-preference or measurable~value

function and utility follows either (3.4) or (3.5).

There is little empirical evidence to choose between (3.4) and
(3.5). 1In a study of forty-three subjects evaluating simulated job
offers, Currim and Sarin [1983] found that the exponential model gave

better fits than the linear model in forty csses. Therefore, the

negative exponential utility form (3.5) was selected for derivation.
However, footnote 1 at the end of Section 3.l.1 shows that a similar
result to.the one obtained here with linear marginal vaiue (equation’
(3.2)) and exponential utility (equation (3.5)) may be obtained with
quadratic marginal value (an ideal point model) and linear utility

(equation 3.4)).

Using exponential utility and arbitrarily setting a=0 and b=1, the

model for utility becomes:l

1 As discussed in Chapter 5 this formulation does not correspond to
maximizing E{U)-)Ap across categories since we have discounted value by
price in equation 3.6, not utility. The behavioral assumption implied by
this equation is that when a conerner looks at a category what 1s
important to him is the surplus value that he would get under certainty
integrated across levels of uncertainty. This is not quite the same as
E(u)-\p.




~ -rX

U(X,) = -e 3
J
K ~
—r(f wkyjk - kpj)
= —¢ (3.6)

where r is Dyer and Sarin's [1982] relative risk aversiom, or Bell and
Raiffa's [1979] intrimsic risk aversion. In economics, Pratt [1964] and
Arrow [1971] term this parameter absolute risk aversiom. Arbitrarily
setting the scaling constants a and b will not affect the utility

orderings of different products.

A graph of utility as a function of preference is given below as

Figure 3.1

-rX,.
J

Graph of 'U(xj) = -e
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If we assume the consumer's uncertainty about the measurable value of

brand j, Xj can be characterized by a normal distribution, mean Xj’

2
variance ¢

3

that a consumer will derive from j.

» then it is possible to calculate the expected utility

E(U(Xj)) = I u(xj)f(xj)dxj
1 2, 2
1 -rx -(x~X)/o
= - h| 23]
/27031(8 ) e jdxj
-r(X, - E02)
-—e 1.2 (3.7)

The normality distribution assumpgion is based on the proposition
that consumers will assign the highest probability to values around the
mean and this probability will decrease for values further from the mean,
making the bell-shaped normal distribution a reasomable approximation.
Given the assumption that a consumer will choésevéhe brand with maximum

expected utility, he or she will choose the brand for which (3.7) is

greatest..

It should be noted the expected utility, (3.7), is monotonic in

2
X, - cj o« We call this term risk-adjusted estimated net value. The

J

consumer will choose brand j if

NlH

>X -

§ ) oi %eC (3.8)

(Y10

We denote risk-adjusted estimated net value Xj - % o§ by Xj « In

multiattribute terms, this condition may be written

K K

- r2 - -r2
f Vidge T APy T 904 f Yk T WPy T 3% (3.9)
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Equations (3.8) and (3.9) imply that the consumer will select the
brand of maximum expected value, after discounting for the variability or
uncertainty associated with each brand. Being able to use variance as a
measure of uncertainty is an implication of the assumption of the
consumer's belief about value ' :ing normally distributed. Normality
implies that mean and variance are complete statistics. The linearity of
inequalities (3.8) and (3.9) follow from the functional form assumed for

utility.

An analogous expression go inequality (3.9) may also be obtained by
assuming an ideai point or quédratic strength-of-preference function
(described in Section 2.2.2), together with a linear value to utility
transformation'(equation 3.4). In that case, the normality assumption is

not required.l -

1 A quadratic marginal value model may be written without loss of
generality as: 5
Xj = c-2 wi(yij-yi')
If we let the distribution of ranges on each attribute be

(v 1 2 d e mutual utilit

¥ yi3)s mean u% j» variance 0f4, and assume mutual u y
.independence, én using expregsion (3.4) for utility (a linear
transformation of value) we obtain:

U(yij) = E(a + ij)

a+ b(c-ZwiE(yij‘yi')Z)

a+ b(c-Zwij(yij ~yy")2 £4(y1ydyq )

a+ b(c-ZwiI{(uij'yi')z + (Yij'Uij)z} fi(yij)dyij)

a + ble=2wy(ug ;v 2] = bIwy 0f 5

= uj(“ij) - waicij

Thus, the expected utility is again the utility of expected attribute
levels, linearly discounted by variance.
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3.1.2 Changes in the Distribution of Beliefs Over Time

Given the objective function in equation (3.8) or (3.9), diffusion
effects at the brand choice level are assumed to occur in two distinct
ways. First, word-of-mouth may change estiyated attribute levels (yjk)
with either positive or negative reviews. Second, uncertaint”

(o§) way be decreased by a more precise perception of the product,
stemming from more information. Hagerty and Aaker [1981) note that under
some conditions, uncertainty may increase and conditions for that
phenomenon are derived in Appendix B.2.“Because we assume known
variances in our model, variance is qonotouic decreasing (see footnote 2,

following equation 3.20).

Distinction Between Beliefs About Brand's Mean Value and Value to be
Realized on Purchase

v
All products are subject to some variability im quality, however

small. At any point ino time a potential consumer.hag a distribution of
beliefs about tne mean value of brand j, averaging over these quality

differences.

-~
~

We denote this mean distribution by uj and assume it to have

.~

expectatiou.uj and variance oi . We assume that if the
h|
consumer had perfect information, his estimate H5 would aave

expectation uj and zero variance. We call 052 the
J

information uncertainty.

If the consumer were to purchase brand j, not only would he have

uncertainty because he did not know the true mean, he would also realize
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some inherent product variability. If we denote by X the distribution of

value which he believes he would obtain on purchasing the brand, we may

~

examine the relationship between uj and Xj'

~

Let Xj have expectation Xj and variance og. Let ej denote the

inherent product variability which the consumer would realize. That is:

-~
~ ~

Xy =yt e
B(R)) = %, = E(u) + E(e) | (3.10)

3

In general the expected value which a consumer estimates that he will

= ;j + g(; )

obtain (Xj) is equal to his estimate of the expeétation of .the mean

level of value of brand j (4), implying E(ej) ='0.

~

Thus X3 = uj (3.11)

To obtain the variance of Xj, we may write

t 3R

+ €.
J J

-~

ng

L=

=w f (i - w) +e
BTy T T E
Assuming ¥j does not change over time and suppressing the brand j
subscript for notatiomal ease:
o? = E(X - X)2
/ " 2 =
= E((u -y + ¢) since Xj My

-~

2 ~
= 0, + o% + 2 cov (u—-yu, €
U=y €
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-~

= oi + o% if cov(p=-yu, =0
pu

The assumption of zero covariance is equivalent to the assumption that

successive samplings of brand j are independent.

2
We mey rewrite o, the total uncertainty which a consumer expects

to realize;

2 2 2
o. = o -+ o'e (3.12)
Consumer's = Information + Inherent
Total Uncertainty . Product
Uncertainty ' Variability

Prior Beliefs of the Consumer

Before receiving word of mouth information, a consumer has a set of

prior beliefs about the value of the brand. These beliefs were assumed

to be normally distributed (Section 3.1.1).

For measurement and model development simplicity, we assume that all
‘variances (uncertainties) are known to the consumer (though not
necessarily constant). Updating formulae when variances are not known
are derived in Appendix B.2. The assumption is not necessary in deviving
the updating model, but it does simplify the measurement task by not
having to measure the dynamics of perceptiomns of inheremt product

variability. A discussion of when two sets of assumptions are likely to

g8ive divergent results is included later im this section.
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We assume that the consumer knows all of the uncertainties necessary
to calculate his risk-adjusted net value for a brand. From equation

(3.12) we assume that he knows the inherent product veriability (oi),

his information uncertainty (og ) and the total uncertainty assoclated

M

2
with the brand (0~.). (We will also assume when we discuss word-

3

of-mouth integration that he knows the variance of owners' perceptual
2
biases, Gv') Because we assume no change to the product form over

time, since 02 is known and coﬁstant, it will not be updated.

c% will be updated as more information becomes available.

The consumer has normally distributed beliefs about the value of

brand j.

; N'N(;j, 02)

3 ]

B v NQu,, o2 )

: J Hj
If incoming word of mouth about the value of the brand can be assumed
to come from a normal distribution, then after updating of beliecfs, the

posterior beliefs will still be normal. (Prior beliefs and word of mouth

form a normal-normal conjugate pair.)

Following DeGroot [1970, p. 168] we define T, the relative strenmgth

in prior beliefs, by:

5N

g

T= (3.12)

ol

o

>

T is often termed the equivalent sample size.



Incoming Word of Mouth

We assume that consumers seek (and receive) word-of-mouth information
(WOM) and update their beliefs in a Bayesian fashion. Thus, as the
consumer acquires more information about brand j, changes in estimated
value, Xj’ and uncertainty, og, change the brand's expected utility.
Implicit in the Bayesian assumption is that successive pieces of
information are uncorrelated and of equal value. Appendix B.l suggests
how this assumption might be relaxed to allow for homophily, the tendency
for the people to whom a consumer talks to hold similar views. While a
number of studigs have found.Bayesiaﬁ updating a good approximation to
consumers' information integration (e.g., Ajzen and Fishbein [1975],
Trope and Burnstein [1975], and Scott and Yalch [1980]), Slovic and
Lichtenstein [1971] suggest that consumers tend to be conservative by
underweighting later pieces of information. Kitérnatiye information

integration algorithms are discussed in Chapter 5 under Future Research.

Let us assume that a potential comsumer talks to n owners of brand j,
indexed owner l,2,¢00,i, 00000 (Alternaéively, we may regard the consumer
acquiring n bits of information about the brand's value from current
owners, advertisements and other information sources)s. For notatiomal
ease, the brand subscript j is suppressed for the development of updating

formulae. All means and variances implicitly refer to brand j.

Consider Owner i who provides word-of-mouth to the consumer. His

report of his durable's value, xi, may be represented:

;1 = gl 4+ 1 (3.14)
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where
x1 is the true value (as the decision maker would see it) and
vi is a personal bias.

The true value xi, of his particular durable's value is given by
o=yt el (3.15)

where u is the mean of the brand's true value and ei is the

inherent product variability which Owner i realized. Combining (3.14)

with (3.15) yields

~

xl=p+ul+el (3.16)

We have already. assumed E(eg) = 0 and it has variance oi. We assume

cov(e,v) = 0. We also assume that vi has a zero mean; that is, the

population as a whole perceives the brand the same way the consumer

does.l This may be relaxed at some cost to clarity of exposition.
Let vi have variance di- Then the mean and variance of

owner i1's report of his durable is given by

E(xi) = E(u + N ei) =1 and
2_ 2, 2 |
O = 0y T 9

The expected value and variance of the sample mean are given by

E® = 1EGH =y (3.17)
2 _1 2
0'_ n OX
X
1 2 2
2 (o, + o) (3.18)

1 The implication of this may be seen by examining equation (3.10) where

we assumed X3 u + €3, that is, that the consumer did not

realize a perceptual gias in his purchase. That may be easily included
in the model, though in practice it would be hard to measure. To the
extent that it is the same across considered brands, it will only have
small effect on the choice probability, equation (3.36).
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Integration of New Information by the Consumer

~

2
Given prior beliefs (u(t), oﬁ(t),r) and the receipt of word of mouth

- 2
information, (n, x, 0;), De Groot [1970, p. 168] shows that the updating

formulae for the mean and the variance are given by the following

expressions:1

p(t+1) = 3‘-(%‘%9—‘5 (3.19)
o Xt = (g% o) + (292 o2 (3.20)

These updating formulae may be coﬁtrasted to those in which the variance
is not assumed known. Thoée formulae (B.12 and B.13) are given in
Appendix B.2. Comparing (3.19) to (B.12), it may be seen that the
updating formula is unchanged for the mean. .The.variance formula has a
change in the weighting of the prior variance estimateiand the sample
variance estimate from 2(a-1) + n to T+n. Additionally, the bias

term, (x;u)2 is absent. Thus, the approximation will not be good

2(a-1) > 1 or 2(x=1) << T, that is, the strength of belief in

" the mean varies from the strength of belief in the precision. The

formula will also fare poorly when the prior estimate of the mean,

p(t), is very different from the sample mean. Hauser, Roberts, and
Urban [1983] provide an alternative approximation in the latter case,

using a different behavioral model.

1 In order for the consumer to continue to know his information

2
uncertainty 0%, he must know og =1 (02 + cf2 Je Since he knows o_ ,
! X 1n € v €

by implication we assume he knows o%.
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The variance updating formula 3.20 implies that information

uncertainty will always decline.l

The updating formulae (3.19) and (3.20) may be shown equivalent to
other minimum variance unbiased weighting models. Appendix B.l shows the
relationship to simple exponential smoothing, partial adjustment models,
and Granger and Newbold's [1977] combination of forecasts. These
alternative formulations of the updating rules suggest how the model
might be extended to includg systematic variation in the perceptual bias
(vi) and homophily'(correlatiou amongst the information providers).

An outline is provided in Chapter 5 under Future Research.

og(t+l) - o=~(t)
u u

= (T2 2 By 2. 2
_ (m) c:u(t)+(1_,_n)o;z ou(t)

= lzlnzoi-(z m+n2)02(t)]
(1t+n) ¥
2
(o]
But‘t c..5x=> og=_l.°2=_no.2
o2 T X T X
u

te 02(+41) = ga(t)
u u

1 2 2 2

= , [n70F = 2n o% - o® Ug(t)
(t+n) L
-nz(o2 + Gg)

= X U <0

Cr+n52
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Example
A numerical example illustrates how these formulae might be used in

practice. Changes in belief structures may also be illustrated

diagramatically (see Figure 3.2).

As an example, consider the net value for an automobile (in a

thousand dollar metric).

~ A2 .
Let u(t) = 8, o = 8, (Uﬁ.= 2.83)
therefore:

h = o:? =

ool =

Assume T, the equivalent sample size, equals 3.

If the consumer receives four pieces of sample information, with

x = 8.5, I (xi - ;)2 = 31, then we may apply (3.19) and (3.20) to

obtain the posterior beliefs about the mean and variance of the mean

W) = 2E8

NS
n
o]
L]
N
0

+
+

25-1 , 3 ,g,_2 3 3
2.5-1+42  3+4 2.5-1+42 = 3+ x4

oz (t+l) =
u

= 1,47 + 0.63 = 2,10
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(known variance)
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3.1.3 Integration of Changing Consumer Beliefs into
the Expected Utility Function

We have advanced a method by which the consumer's beliefs about the

mean value of brand j (that is, what an "average” realization of brand j

is like) are updated over time (Equations (3.19) and (3.20)).

-~
~

To relate these beliefs of the mean quality of brand j, uj to

what the consumer would expect to obtain 1f he purchased brand j, we

refer to equations (3.11) and (3.12):

-~

02 = 02 + 62 : ‘ (3.12)
j My ej A

ai was assumed known and thus since the product is assumed not
to change during the diffusion process, oz, the perceived -

inherent product variability is constant.

V Therefore, substituting (3.11) and (3.12) in (3.19) and (3.20), we
may readily see how beliefs about the value a consumer will realize or

~purchase get updated over time:

I X(t) + nx (3.21)

X.(t+ 1) e

h|
o2 (t41) = 0% (t+1) + o>
k| M €
T 2 2 n .2 2 2
(;;;9 oﬁ (v) + C;;;) a + o, (3.22)

If it were not for the idiosyncratic reporting error in word-of-
mouth, v, shown in equation (3.14) and its effect on the variance of

word-of-mouth (equation 3.18), information uncertainty would quickly
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become small relative to inherent product variability since an
examination of (3.20) shows
2 1, 2
0% = 0(3) o> + 0(E)
M n x n2

= 0(%)(oi + oi) + OGLE) (see footnote 1)
n

While the U% term is also 0(1/n), if it is large relative to

2
oe, then 1t will take a large n before 02 dominates oﬁ .

To relate updating rules to a brand's diffusion over time, it is

useful to re-introduce the brand subscript, j. We assume that the
consumer talks to a proportion, k, of the cumulative adoptors at time t,

Y .
t

Thus nj = ijjt (3.23) where k is a constént.2

" Returning to the formula for expected utility, equation (3.7) we have

r, 2 2
-r(Xj --i(oa + o ))

E(U,) = -e 3 3 (3.24)

The objective function which the consumer will try to maximize, given
inequality (3.8) is

Max Max T 2

jec [xg) = je¢ 1X4- 3 03] (3.25)

1. f(n) = 0(1/n) is a notation which suggests f + 0 as n + . Note
that n is implicitly a function of time.

2. This algebraic form is based simply on the fact that if a consumer
speaks to N members of the population of size M who are randomly selected
with respect to ownership of the brand, then he will speak to an expected
number of owners = (N/M)Yy = kY.
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2
From equation (3.12), oj, total uncertainty about the value of
brand j may be expressed as the sum of information uncertainty and

inherent product variability.

Thus, (3.25) may be written

2
. )] (3.26)

Max r, 2
.~ X, =-3s( +
eC 2 .

J J NJ i

Xj and oi get updated according to the Bayesian updating formulae, (3.21)
j .

and (3.22) .

If the objective of the model is to produce monthly forecasts, then

the preference for brands in the consideration set may be calculated at
discrete periods of time. Observing this inherently continuous process
at discrete intervals is analogous to Bass's é?eatment 'of time intervais
in his logistic model [1969]. Schmittlein and Mahajan [1982] demonstrate
a number of problems with this approach and it is a topic deserving of
future research, as discussed in Chapter 5. The problem is less severe

for monthly data than for annual data.

3.1.4 Relationship of Expected Utility to Probability

We postulated that the consumer would attempt to choose the brand j
that maximized his estimate of the risk adjusted net preference,

Max r 2
. = X. - - .
Xy= jec | X572 9]

We assume that there is some measurement error, ejs associated with

Xj 8o that; XX gte (3.27)
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I1f we assume that ej is distributed normally, the multinomial probit

model may be used (Hausman and Wise [1978]).

For the stimulus brand, N, the brand choice probability, PNlB c
H]

is given by
Byip,c = PT {xg > X; jec} (3.28)
where
- _r 2 _r 2 2
Xp = Xy = 7 oyt ey v N(Xy 2°N’°eN)
r 2 r 2 2
. =X, -3 +e.vNEX, - = , O )
Xy = X5 705 ey VR -7 0y e

The updating formulae can be used to update brands other than the
stimulus brand. They may also be used to incorporate the effects of
information obtained during active search as well as passive information

gathered during the passage of time.
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3.2 Measurement

This section gives a general overview of the way in which data are

gathered for the model outlined in Section 3.1. It refers to durables in

general. Details and an example of an application of these measures are

presented later in Sectiom 4.2.

In designing a measurément instrument, we must take not oaly detailed
measures of consumer perceptions of braﬁds' utility and risk at present,
but also how thgy will change over tiﬁe. These are particularly relevant
for the stimulus brand. Therefore, we need an experimental design which

allows enough information to calibrate the model, but also ome which

allows a simulation of the diffusion process and different.levels of

information about the brand.

- The measurement task should satisfy a number of desiderata. For the
model and results which come from it to be useful for management
planning, and for the methodology to be/capable of implementation, we
need:

(1) the measurement task to be feasible for respondents;

(2) the managerial inputs (e.g., prototypes, advertising copy, etc.)
to be available;

(3) the measurement and analysis cost to be reasonable; yet

(4) sufficient ﬁeasures must be taken to deal with the variables in

the model over time; and
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(5) sufficient redundancy must be built into the measurement to

provide estimates of convergence and allow us to have faith in

strategic plans based on our analysis.

Feasibility for respondents is measured by reliability of measures
from the experiment. Reasonable cost may be taken to be less than
$100,000, approximately twice the cost of a pre-test survey for a
frequently purchased produét (Urban and Hauser [1980]). Estimates of
convergence include alternative brand share, consideration, and industry
sales models outlinéd in Section 4.5; Experience with the model will

also allow predictive accuracy to be tested.

Just as tﬁe modeling of brand preference was developed within a
framework which included a1l the components.df'tﬁe brapd's sales, so in
designing é calibration system for brand preference, if is necessary to
keep in mind that it forms a part of a total vehicle to forecast sales of
the new brand. Thus, we must ensure consistent measures across model

components. For example, utility is also an important construct in the

'durable purchase decision and the utility of existing stock must be able

to be measured in a way comparable to brand utility. The need to
consider other elements in the measurement system also has ramifications

for the amount of information which can be gathered.

In discussing the measurement task, we first discuss the stimuli
which might be used to simulate the diffusion process and them go on to

the measures used to quantify variables in the model.
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3.2.1 Experimental Design

Simulation of the diffusion process may be undertaken by giving the
respondent progressively more information about the new brand and
measuring his or her beliefs at each stage. Clearly, some correspondence

relationship between the stimuli and the brand's actual diffusion must

also be established.

The most basic information about the brand is a concept description
(Urban and Hauser [1980], p. 237). The respondent views a factual
description of the brand including méker, attribute levels, ard a

picture.

Experience with the product provides another level of informationQ
For small durables such as a food processor, fhié may be able to be
gained by éllowing the consumer the opportunity to puréhase the product
in a manner similar to that used with frequently purchased goods (Silk
and Urbaﬁ [1978]). For somewhat larger durables, a trial in the home
might be possible, for example, with a ﬁrojection television. For some
such durables, the supply of complementary goods may present a problem to
implementation (e.g., a new model personal computer may be limited in its
trial by the software available). In other cases, features of the new
product need not be available as a prototype, they may be simulated. For
instance, facilities on a new "intelligent” telephone such as call
forwarding, holding‘calls, etc., may be provided by the local telephone

office without the consumer being aware.
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For highly expensive durables for which prototypes are difficult to
construct, highly confidential, or likely to require significant
maintenance, testing by respondents at a central site is an alternative
way of providing direct experience with the brand. The product used in

the application chapter of this thesis, a new auto model, fell into this

latter categorye.

In addition to physicai experience with the product, it is necessary
to simulate other informaton which a consumer might get about a new
brand. Cox [1971] ;lassifies such information which a consumer will
receive about a product intp three categories according to source:
marketer—-dominated, consumer—-dominated, and neutral. Examples of stimulil
to stimulate ﬁhese three types include advertising copy, videotapes of
"owners" discussing the new brand, and consumé&.fepbrtg about the brand,
respectiveiy. ‘These stimuli should be tried at differeht levels to allow
an estimate to be made of the effect of different contents and to permit
a sensitivity analysis to various valences of word of mouth.

Because of the potential for a methods effect, a control brand whose
sales are krown, but which is not readily identifiable, should also Se
useds To minimize demand effects, response sets, and other sources of
unwanted methods distortion, it is desirable to embed the new brand at
the concept description stage in a group of other descriptions. A
conjoint analysis prbvides a good vehicle for this as well as providing
valuable information on the effect of competitive entry and responses.
For some small durables, it might also be possible to develop competitive

prototypes for testing.
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Data about the consumer's perception of the current market and his or
her beliefs about the brand as he or she gains more information about it
are best collected in a face-to-face interview, though this could be

modified for the testing of a new brand in the home.

Details of sampling designs and typical modules involved in the
measurement task are provided in the description of an application of the

methodology in Section 4.3.

3.2.2 Measures for Variables in the Model

Equation (3.25) provides the objective function which a consumer will

try to optimize in his brand choice decision:

e x-3 o) N : (3.8)
Thus, we need estimates of the mean value of each brand in the
consideration set, together with the total uncertainty in buying it (the
sum of information uncertainty and inherent product variability). We
also need to work out how these will change over time. Equations (3.19)

and (3.20) show how estimates of the mean value and information

uncertainty of each brand are updated:

- T ; (t) + 0 x T ; + n.u
Uj(t+1) = =+ & 1] j‘i N g i 4 normal error (3.29)
h| h| h| h|
Z (g41) = (—Zi——->2 2 (1) + (ead)? o2 (3.30)
%yt Ty ray iy T ey O '

To apply these formulae, we need estimates of the mean and variance
of incoming word of mouth. For the stimulus brand, which is the one in

whose diffusion effects we have the most interest, these may be obtained
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as a managerial input, describing the word of mouth which the manager
believes will circulate about his product. Alternatively, the views of
the total sample after full information may be used to estimate true

values, as detailed in Sectiom 4.3.

The variables for which we need to develop measurement scales include

expected value (utility), uncertainty (risk), and information levels
(strength of beliefs, t/n). In addition, to estimate the model, we

need probabilities of brand purchase. ASome of these values were measured
directly, some weré derived. An qvefview of the measurement and
estimatioan procedures is included in Section 4.3.2. A complete set of

the measures used is included as Appendix D.

Value

A number of measures of value are possible. Raﬁking considered
brands g;ves an ordinal scaling, while constant sum paired comparisomns,
graded paired comparison, and Pessimier}s dollar metric give potentially
interval- or ratio- scaled measures (Urban and Hauser [1980j, p. 272,

Hauser and Shugan [1980]). For this application, we developed a

thermometer scale of value using two reference points, indifference about
owning a brand being zero points and top brand from those currently

available being 100 points.

Attribute ratings, when suitably weighted, alsc provided a preference

or value measure. Selection of attributes is discussed in Chapter 4.2.
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Secondary data may be able to be used for some of the measures. For
example, the dynamics of the value of brands currently in the
consideration set may be modeled as a function of that brand's position

in the product life cycle.

Uncertainty/Risk

A number of wéys have been postulated to measure risk or uncertainty
of beliefs, as described in Section 2.3. Pras and Summers [1978] use
Woodruff's [1972a,b] method of eliciting the whole distribution of
beliefs by asking respondents to place counters next to possible values
in proportion to their probability of occurrence. Hogarth and Teboule
[1973] provide an even more comprehensive range of probability assessment

techniques.

The advantage of such methods is that they allow us to examine the
reasonableness of the normality assumption. Their problem lies in the
time intensiveness and fatigue involved in their administration. A
compromise is to use a fractile method to just establish two or three
data points and use the normality assumption to determine the variance of

the distribution of beliefs (Hogarth and Teboule [1973]).

An alternative approach is direct assessment of risk. For example,
Bettman [1975], uses a fifteen point scale from "Not risky at all” to
"Exceptionally risky”. To these we added "confidence in choice” as a

measure of information uncertainty.
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Probability

Probability of brand choice was measured on an eleven point (0-10)
Juster scale, since that scale has had substantial validation in the

marketing research literature (Juster [1966], Kalwani and S11k[1983]).

Iaformation lLevels

The strength of beliefs.wﬂich a respondent has (1/n) may be
measured either difectly or indirectly. Direct measures are of the form
"How much information do you-have.on this orand relative to the
information you would need when you mext purchase?” (relative
information), and "How much knowledge do you have about the durable

category market?” (absolute).
An indirect measure of the strength of beliefs about a brand may be

gained from showing the respondent a stimulus, taking pre- and

post-measures as well as his perception of the stimulus, and thus

determining his relative movement by estimation (see Equatiouns (4.4) and

accompanying explanation).



~117-

3.3 Estimation of the Model

The objective function of the consumer in the brand choice problem

was taken to be (3.27)

gzg [;j] = gzg [Xj -'5 o§] + eys where e; 15 measurement error.
~ - r 2 2
xj ~v N (uj =35 0: oej), since the distribution of measurement errors

in
the risk adjusted net value of each brand were assumed to be normal.

Since the consumer has & normal distribution of xj for each brand j

in his consideration set, ﬁhe choice problem may be fit by the multi-
nomial probif model. Details of brand choice probability estimates for
both currently available brands and the new bwand, as well as value and
risk measures can be collected from respondents'in a gurvey (as detailed

in Chapter 4).

The Multinomial Probit Model

The multinomial probit model may best be illustrated by considering
the case of two alternatives, j and k. This case corresponds to
Thurstone's Law of Comparative Judgment, Case V (McFadden [1976]).
Thurstone showed that if a consumer observed ome drawing (or took ome
measurement) on each of two alternatives whose values were distributed

normally mean X and variance 02 that the probability of preferring

j over k, P,, is given by:

j’
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Pj = Pr (Xj = X 0) (3.31)
Xs = X
=0 { L mt— 1) | (3.32)
(oj + 0, - 20jk)2

where ¢ is the standard normal cumulative distribution function.

This is based on the fact that the difference of two normal variables is

itself normal.

The multinomial probit can be gemeralized to J alternatives with

equation (3.31) becoming

Pj = Pr(xj - xk > 0 for k‘l,Z, cee J and k * j) (3.33)

However, {t should be noted that because the maximum of a number of
normal variates is not, in general, normal, the simplicity of equation
(3.32) cannot be gained for greater thanm two altern;tives. McFadden
[1976] notes:

"with judicious choice of the joint distripution to
reflect expacted or hypothesized variations in tastes
and perceptions in the population, this approach has
the potential of yielding flexible and realistic
selection probability functions. Unfortunately, the
problem of computing selection probabilities computed

in this way is usually formidable, particularly for
multinomial response.”
McFadden [1981] suggests that the multinomial probit is reasomable
for up to three altérnatives but largely impractical for greater than
five. To the problems of computational difficulty and cost he adds the

problem that the multinomial probit does not guarantee a global optimum

for its parameter estimates (in contrast to the logit model, for example).
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In order to use the full power of the multinomial probit in
explaining variance-covariance structure between alternatives and their
errors, Albright, Lerman, and Manski [1981] point out that many degress
of freedom are lost and empirically they find that this hurts the

standard errors of their probit parameter estimates.

Logit Approximation to Probit Model

McFadden [1973) has shown that, given the utility maximization

problem implicit in equatiomn (3.33),'a necessary and sufficient condition
for Luce's form of the selection probabilities,

X;
=< (3.34)
Pj 3 Xk . .
I e L

k=1

is that the errors in observing the values are independently and
identically Weibull-distributed. That is:

e Xy Xy

f X - = e .
(xj xj) e
This distribution is similar in shape to that of the normal distributiom.

It is usual to include a scaling parameter for the x so that 3.34

becomes

By.
e XJ
P-
Iop B

ke C€

To use a logit approximation to the probit model when the number of
considered alternatives is large has wide acceptance in the discrete

choice literature (e.g., Hauser and Simmie [1981]). Gensch and Recker
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[1979] claim that the two methods give the same results and an empirical
comparison by Albright, Lerman and Manski [1981] suggests that "the
probit estimates do not differ greatly from their logit counterparts” and
the difference in log likelihoods for probit and logit is small.
Domencich and McFadden [1975] show the similarities of the two

distributions on their Figure 4.5 and Table 4.1

Studies which have found gubstantial differences between logit and
probit estimates (g.g., Currim [1981], énd Hausman and Wise [1978])
appear to do so because of the brgakﬁown of the irrelevance of
independent alternatives (IIA) assumption implicit in logit. That is,

cov(xj, xk) #‘O for some brands j and k. The IAA assumption

requires that the relative probabilities of all existing alternatives
stay the same if a new alternative is added.'fbAthACurpim, and Hausman
and Wise, gere looking at tramsport mode choice where the number of
alternat;ves are few and the differences between thém are quite marked.
It is thought that IIA should not be a problem for most durables which
are generally reasonably similar in ter;s of attributes, particularly
when conditioned by the consideration set. To the extent there are
distinct differences in the market (for example, between food processors
and expensive blenders in the category of mixers), a further level of
nesting can be used in the brand choice framework (Urban, Johmson, and

Hauser [1983]). Thus, the choice hierarchy would become:
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I —]

Do Not Buy
Buy Category
Buy Buy
Blender Food Processor
Brand Brand Brand Brand Brand Brand
By B3 By1 3! F2 Fy2

Under suitable error assumptions, this i1s a nested logit model and
its estimation does not present a problem (Ben Akiva and Lerman [19771).

Maximum likelihood programs are readily availéble to estimate logit
models; a partial list is provided by McFadden [1976, (footnote 4)].
Similariy, a number of different maximum likelihood algorithms are

available. Again, a detailed discussion is given by McFaddeﬁ [1976]. He

has shown the maximum likelihood estimates to be unique.
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3.4 Summary and Discussion

3¢4.1 Model Summary

We have developed a model to explain the diffusion of a new brand,

the basic elements of which may be summarized as follows.

Utility for the brand is a function of its estimated mean net value

(Xj) and the variance of beliefs about the value (oﬁ):
02)

_r(x * -
3. (3.7)

- o 3
E(U(Xi)) e |

ol

Utility across brands will be maximized if the following expression

is maximized:

= - I 2 - N .
xj Xj 3 Oj .- (3.8
) K r 2

We call this variable risk—adjusted estimated net value. An analogous
expression to (3.30) may be nbtained by/considering quadratic rather than
linear marginal value combined with a linear rather than exponential

value to utility transformation.

When a consumer purchases the brand, he or she 1s uncertain about the
value which he or she will realize. The mean of the consumer's beliefs
about this value is X; and it equals the belief about the mean value of

3

brand j durable (uj). The variance of value that a consumer expects

to obtain has two components; information uncertainty (o%) and inherent
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product variability (0%):

2. 2 . 2
Uj qu + oej (3.12)

Beliefs about the mean value and variance are updated in a Bayesian way

according to:

p(t+1) = X “(t;: L (3.19)
2 A T 2 2 ny2 2
o (t+1) = (;;;) o () + E;;E] o (3.20)

Inherent product variability, oi, is assumed known and thus does

not get updated.

The assumption of normality for risk—adjusted estimated net value

~

including measurement error, X

;|

probit model to fit reported brand choice probabilities (Hauser and Wise

» implies that we can use a multinomial

[1978]). A logit approximation is proposed as an alternative because of
the large number of brands in many consumers' consideration sets. Under
the logit formulation, the probability of brand choice is given by

BXj
£ (3.35)

P =
i g eE%xk
k

We call this model the Multiattribute Utility Diffusion Model (MAUD).

Definition of an Innovation. By considering an entrant in an

existing product class and its position relative to currently available

brands, we have finessed the issue of "What is new enough to be
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considered an innovation?” which plagues many diffusion models (Rink and
Swan [1979], Zaltman and Lin [1971]). Very new products are likely to
have high initial information uncertainty and (potentially) very
inaccurate mean estimates. They will therefore show marked diffusion
effects. "Me-too"” brands in a static market are likely to elicit
accurate prior beliefs and low information uncertainty suggesting little

diffusion effect. Thus, an innovation and its diffusion have been made a

matter of degree.

3.4.2 Flexibility of the Model

The model has considerable flexibility in explaining different
diffusion patterns. A graph of diffusion shapes which may be
algebraically generated by the model is provided as Figure 3.3. A number
of these imply increasing variance (uncertainty) and qhus only have an
interpretation if the known variance assumption is relaxed (as in

Appendix B.2).

The figure was generated by assuming that industry sales and brand
consideration were constant. Purchase probabilities were generated

recursively using the equation

w(0)+ky ky 2 g2
g L Vepf (T 2 t X 2
. Ty, J-r{( T+kyt) op + [T+kyt) I};'* o, }
P - n
NIB,C X(0)+ky p pJ ky 2 o
(— L300 VY G + 2 t X, 2
« +et gl o O ) o) e

2
where X(0) is the initial preference, o, the initial uncertainty. Equation

3.36 is obtained by substituting equation (3.23), oy = ijjt’

in equations (3.21) and (3.22) and in turn substituting these in equation
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(3.35), the logit model. No diffusion effects were assumed for other
brands in the consideration set. All members of the population were

considered to have the same probabilities of adoption.

The first graph shows a case of no diffusion. This corresponds to a
mean known to consumers and no information uncertainty (or mo

communication with adopters).

The second two graphs (I1) show the.effect of the mean being updated,
but no uncertainty reductionf The third graph in II shows information
uncertainty reduction with.no change in 'the mean. These three graphs
represent the range of possibilities 1f only mean changes or uncertainty
changes are considered. The richness of shapes stems from the

interaction of changing uncertainty and meanes .

The_third set of graphs, III, show the effects bf mean changes and
variance changes in opposite directions. Note that the first graph, the
classic diffusion S—-shaped curve, can dﬁly be generated by allowing
increasing variance, that is, by relaxing the known variance assumptiomn.
In this graph, 0% > oﬁ(O) and p > u(0). Early low penetration

and variability of word of mouth slows the diffusion effect.

2 2
In the second graph, oy << O (0) and p < u(0) so early

variance reduction initially moderates the decline.

The third graph of III, which may have an asymptote either higher or

lower than initial sales, is a more extreme case of the previous one.
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Figure 3.3 Alternative Choice Probability Dynamics Using MAUD
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Initial uncertainty about the'product is very high and is reduced
quickly. As 1t ceases to be a factor, the declining mean change becomes
more apparent. This graph is similar to the trial repeat graph for a
frequently'purchased product with high trial and low repeat (see Urban

and Hauser [1980, p. 40]).

Graphs in IV occur when incoming WOM variance is so high that it
causes an increase in the consumers' variance which initially overshadows
mean change effects, either positive or’negative. This shape corresponds
to increasing qncertainty (ip the.eafly stages) and thus has no direct

interpretation in terms of the Bayesian updating rules which we have
developed. It may be possible to generate the same shape by dropping the
population homogeneity assumption. Alternatively, the knqwn variance

assumption can be dropped.

3.4.3 Overview
In this chapter we have developed a model which is capable of
explaining the perceptual position of a mew brand in the market and which

can handle a flexible range of growth patterns over time.

Chapter 4 moves from the general consideration of prelaunch durable
forecasting to a speacific application of the model to a new auto brand.
This allows a demonstration of how the model may be specified in
practice. Measures'and stimuli that can be used to calibrate the model,
estimation techniques, and results obtained when applying the model are

given.
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CHAPTER 4: APPLICATION

4.1 Introduction

The multiattribute utility diffusion model, MAUD, developed in
Chapter 3, was applied to the prelaunch forecasting of the brand share of
a 1985 new car, planned by one of the major domestic auto manufac-
turers, MMC.1 While the word "model” is frequently used for a specific
car line within the automobile industry, the term "brand” is continued in
this chapter to avoid confusion with the word "model” used in its

mathematical sense.

The auto industry was chosen for the application for the following'

reasons: ";f‘

-- The extended problemsolving nature of auto pufchase suggests
that risk is an important factor (Pras and Summers [1979]).

- bata are available in considerable detail on the numbers and
ages of different auto brands currently in operation, thus
allowing a stratified sample to be extrapolated to the
population as a whole.

-- The industry has high fixed tooling costs and prototypes of new
brands available years in advance, mentioned in Chapter 1 as

typical of industries producing durable goods.

1. Throughout the application, Michigan Motor Company (MMC) is used as a
disguised name for the sponsoring company. Regada is used as a disguised
name for the concept brand tested.
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-- Evidence of brand life cycle effects has been presented for the
auto industry by Silverman [1982], suggesting that diffusion is
an important phenomenon for this category.

~=- The well-developed second-hand market allows other components of
the model to be fit (for example of the existing stock model,

see Section 4.5).

The specific application reported in this chapter imvolved the
substantial redesign and doqui;ing of an existing car line MMC's
Regada. The structﬁre of the chapter is outlined briefly below. Sectiom
4.2 discusses tﬂe specific fo;m of the multiattribute diffusion model
used and some further assumptions necessary in this application. After a
discussion of éonditioning brand choice on purchase and congideration,‘
the consumer behavior model used is outlined.:*This modgl, a modification
of Tybout and Hauser's [1981] integrated model of_consuﬁer choice,
suggests that attribute perceptions are reduced to factor perceptions
which infiuence total preference. Total preference is discounted for
price and risk, as outlined in Chapter 3, to obtain estimated risk
.adjusted net preference. This variable is transformed to choice using a

logit model.

Details of the strategy used to fit the model are included in Section
4.3, The section starts with a description of the experimental design
for data collection including testing, logistics, and stimuli used. This
is followed in subsection 4.3.2 by an overview of measurement and

estimation to give the reader a sense of which variables in the model are

measured directly and which are computed. A game plan for fitting the
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model is also included in this subsection. The measures (subsection
4.3.3) and specific estimation techniques used (subsection 4.3.4) flow

naturally from this overview.

Results of the application are included as Section 4.4. The model is
fit in two stages. First, an analysis of the experimental effects of
giving consumers information about the car are analyzed. Then, second,
this is related to physical sales in the marketplace. A correspondence
is achieved by comparing experimental reéults for the 1983 Regada with

historical sales after its last major redesign.

The chapter ends with a discussion as to how this brand preference
component of the new product forecasting system fits in with other

components: purchase incidence, new brand conéfﬁéfation, and competitive

entry (Section 4.5).
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4,2 The Specific Model

4,2,1 Conditioning on Purchase and Consideration

The modeling framework developed in Section 1.2 posited that the

probability of purchasing the brand under investigation (the stimulus

brand) consisted of three components. Specifically, equation (1.1)

stated:

Py = Pean ™ Be * Bmic * Pyic,s .’
PN = Probability of buying brand N for an individual,
Pegy  Joint probability of considering brand N, buying
within the category, and'cﬁboéiﬁg_brand N.
PC~ = Probability of comsidering brand N. ‘
?BIC = Conditional probability of buying within the
category for those consumers who consider brand N.
PNIC,B = Conditional probabilit; of choosing brand N, given

that it is considered, and a category purchase is

made.

It is this last probability, PNIC B? which the multiattribute
’

utility diffusion model addreséés. Thus, measurements are conditioned on

consideration of N and a durable purchase. This consideration will be

thought of as a dealer visit. Measures of the probability of meeting

1 Notation for Chapter 3 carries through. This notation and new
potation introduced specifically for Chapter 4 is summarized in Appeundix A.
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this condition are taken as part of fitting the other two elemeuts, P,

and PB:C'

4,2.2 The Consumer Behavior Model

Respondents in the survey were asked to evaluate markets under
various scenarios. For example, one scenario was the auto market as it
existed when the research was conducted. Another was that market after
the entry of the stimulus brand. The final one was the market after the

stimulus brand had become better known.

An adaption of Tybout and Hauser's integrated model of consumer
choice was used to examine perceptions, preference, and choice under each
of these conditions (Tybout and Hauser [1981]). Tybout and Hauser cite
theoretical and behavioral evidence to suggest that physical
characteristics are abstracted to perceptions (e.ge., Brunswik's lens
model), that perceptions jointly combine to form preferences (e.g., the
Fishbein and Rosenberg models), and that preference mediated by
environmental constraints determines choice. Individual and situational
differences mediate both the attribute-to— perceptions transformation and
the perceptions-to-preference transformation. Thelr model is illusfrated

in Figure 4.1.

Physical Perceptions Preference Ctoice

Characteristics
A /////

T \ ' <f Constraints j)

@dividual & Situational )
Differences

Figure 4.1 Tybcut and Hause