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Towaràs a Positive Tbcary of Rational Choie: 
From Substantive to Rocedwai Rationaiity. 

The 1st two decades of marketing has secn an exponential gmwth of acadernic 

articles in the arca of consumer choia models. A casuai p e d  of any leading 

marketing journal will show that choie is the dominant research agenda in marketing. 

Though a number of different models have ken proposed in the literature, most of 

them assume that consumer use ail the available relevant information for making 

decisions. Recently, a few researchers, using cost-benefit anaiysis, have show that 

this assumption is often violated. Eariier taxonomies that have been proposed in the 

literature also identim this area of consumer choice as not having received its due 

attention. The inability of mcdels, that assume computational limitations of a 

consumer, to capture dynarnic behavior was a major stumbling block for research in 

this area Attempts that have been made to capture dynamic behavior have found 

models to be computationally burdensome. 

1 propose a dynarnic brand choice mode1 that explicitly assumes computational 

limitations of a decision maker. Bomwing concepts h m  "bounded rationality" this 

work argues that due to computational limitations the arnount of information that a 

person can attend to is often limited. The basic premise of this research is that 

attention is a scarce resource. A "pmbabilistic activation fùnction" is used to 

implement the construct of "attention" into formal models of choice. Scanner data is 

used to undentand and predict the effects of recent purchase behavior, brand 



preferences and marketing mUr variables on attention. The author also shows that the 

"probabiiistic activation function" cm belp in capniring the effets of consideration 

sets and choice heuristic. 
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Cbipter One 

Introduction 

The last two decades of marketing rcscarch have seen an exponential growth 

of academic articles in the ana of consumer choice models (Meyer and Kahn 199 1). 

A casual perusal of any leading marketing journal will show that choice is the 

dominant research agenda in marketing. To emphasize the importance of choice 

models in marketing, Meyer and Kahn (199 1) write: 

Since 1980, for example, there have been over 200 articles published on the 

subject in the literature of marketing, and this reflects a small fiction of the 

total literahin that bas appeared across disciplines. Indeed the work has 

proliferated to such a degree that the field of quantitative models of behavior 

is probably best thought of as a discipline in its own nght (p 85) 

Various taxonomies have been proposed in the literature (Cortsjen and 

Gatushi 1983; and Mcfadden 1986) to understand the complex area of individual 

choice models - the most comprehensive of them being the one proposed by Meyer 

and Kahn (1991). They divide the ana of choice models into two intellechial 

traditions (1) utility maximizing rnodels, which assume that an individual makes 

decisions by considering al1 relevant information (Mcfadden 1986; Erdem 1993; and 

Guadagni and Little 1983), and (2) heuristic elirnination models which view 

individuals as inherently ümited in their ability to process information and. hence, 

make choices using simplitied heuristics (Restle 1959; Tversky 1972; Tversky and 

Sattah 1979). 



In this thesis, 1 borrow concepts h m  bounded rationality (Simon 1955) to 

describe these two stnams of rcsearch. Substantive rationai models emphasize their 

presccupation with the mult of rational choiec. w h e m  pmcedurai rational modcls 

are concemed widi the choice process. Central to this paradigm is the assumption of 

rationality as the product and process of thought rather thaa simply that of the 

outcome. This view of rationality aliows individuals to be satisficed (Simon 1955) 

rather than optimizers. 

Most choice models in marketing can be described as substantive rational 

models. Recently, a few researcbers (cg. Shugan 1980). using cost-knefit analysis. 

have shown that the assumptions of substantive rational models are often violated. 

The inabüity of models, that assume computational limitations of a consumer, to 

capture dynamic behavior was a major stumbling block for research in this area 

Attempts that have been made to capture dynamic behavior have found models to be 

computationally burdensome. Hence much of the growth in the area of procedural 

modeIs has centered around static models. 

A notable limitation of these static pmcedural rnodels is the a priori 

assumption of the heuristic (Kahn, Mwre and Glazer 1987) that will be used by 

consumer to make decisions. A consumer has a host of heuristics to chwse h m  and 

it is not certain how consumers decide which rule to use to make decisions (Meyer 

and Kahn 1991). A common conjecture arnong mearchers is that, as adaptive 

decision maker. a consumer would use cost-benefit analysis to make this decision 

(Bettman. Johnson and Payne 1991). A normative solution to this problem has ken 

A "sarisficcr" is an individual who is d y  to a c q t  a satisfactory solution nnha than the blu 
solution. Simon (1955) argues that obtainîng the bcst solution is teyond human cornpurational abilities 
due to a nwnbcr of cognitive constraints such as the limitations of short icnn memory. Due to thcse 
cognitive limitations consumes have CO make decisions by applying somc heroic approximations. mis 
makes a consumer a satisficcr, 



provided by Johnson and Payne (1985). with normative solutions for optimal 

elimination stretegies offed by Gmhcr and Wilde (1984). Thcre arc two limitations 

to this viewpoint: (1) How do consumers make decisions in an unceriain environment 

where costs and kncfits of using alternative niles arc not known. (2) The m t -  

benefit anaiysis is not appiïcabk to scanner panel data as the process of making brand 

choice is not observed by the mearcher. The only information available to h h  is that 

of the brand bought by a consumer. 

In this thesis, a different viewpoint than the one descrïbed in the paragraph 

above, is proposeù. This work argues that oniy certain bits of information will become 

active in the working memory, and hence, will be used by consumers to make 

decisions. This approach can also be found in the works of Anderson (1976) and 

Smolesky (1986). It assumes information to be a luxury, and attention to be the scarce 

resource (Simon 1982). Both Simon (1982) and Anderson (1986) argued that though 

we are constantly bombarded with information the amount of information that an 

individual can attend to, due to computational limitations, is often limited. Attention 

is conceived of as king a very limited mental resoum. Trying to emphesize the 

implication of this human limitation Anderson (1986) argued that 

. . . .al1 information gets into sensory memory, but to be retained, each unit of 

information mua k attcnded to and transformed into some permanent fonn. 

Given that attention has lidted capacity, all elements in the sensory cannot 

be attended to before they are lost. (p 53) 

Consumer theorists such as Bettman (1979) have also emphasized the 

importance of attention in consumer choice decision making. Despite the importance 



of attention in consumer decision process. it has never ban incorporateci into formal 

models of choice. This research is an attcmpt to model the effect of attention on 

consumer choice. Common to the work of Anderson (1993), it argues that consumers 

try to optimizc their actions in order to adapt to the local environment. In this work, 

the consmict of attention is  implernented as a pmbabilistic threshold activation 

function. 

There are two advantages in using the activation function. F i t ,  the need for 

assumptions about the cost and benefit of different choice heuristics is circumvented. 

Hence using activation functions, procedural models, that assume computational 

limitations of consumers, can be implemented on nomally availabk econometric 

(panel) data. Also, researchers in cognitive psychology (e. g. Rumelhart and 

McCIeland 1986) have demonstrateci the ability of the activation mechanism to 

capture different heuristics. Thus a single activation model may subsume several 

heuristics. A second advantage to using an activation fùnction is that it provides a 

more plausible description of how consumers make choices in excessively rich 

environment.. Extant procedura) models, such as cost-benefit models, assume that 

consumes fmt choase a heuristic appropriate to the task before implementing it 

(Huber and Klein 1989). While this allows consumers to use a simpler brand choice 

stage, it also complicates the choice pmcess by adding a decision making stage prior 

to the choice of a brand. The probabiiistic activation huiction, can on the other hand, 

explain what types of information are mon Iikely to be used in chwsing a bmd 

without recouse to an additionai pre-choice decision task (Anderson 1983). 

In bnef, this dissertation (1) proposes a new taxonomy for choice models, (2) 

identifies the limitations of existing choice models (3) introduces an explicit attention 

constmct in a formal mode1 of consumer choice, (4) uses the activation mechanism to 



uni& disparate arcas of consumer choice such as consideration sets, memory, 

expectations, perccivcd ris and choice stra&egy and, finally7 (5) sheds insight upon 

the relatiomhip among brand quity. brand awareness, loydty and paceived ri& by 

estimating and cmpincally testing these models on scanner panel data 

The nmahder of the dissertation is organued as foilows: in Chapter two 1 

review the relevant litcranire. In Chapter thne 1 provide a conceptual framework for 

the theonticai foundations proposai in this thesis. In Chapter four 1 use the 

conceptual Fiamework developed in Chapter three to derive mathematical models for 

testing the theory. Chapter five provides a brief description of the method employed 

to test the theory. The data is descrïbed in Cbapter s u  and the estimates are provided 

in Chapter seven. Finally, Chapter eight discusses the conclusion to be drawn fiom 

this work and identifies a program of fiirther research. 



Chapter Two 

Literature Review 

In this chapter I will provide the aeassary background to the problem 

identified in the previous chapter by reviewing the relevant Iiterature. Since my 

review is not limited to marketing alone, but draws on many different streams of 

research such as amficial intelligence, computing science, idormation processing 

theory and economics, it is not meant to be exhaustive. Sections that are pertinent to 

my research problem have been included in this chapter. 

2.1 Substantive Vs Roeedurrl Rationaiity 

As my research problem is gmunded in many different areas in marketing, 1 

have used a set of comrnon characteristics to compare contributions. Most models 

that are king reviewed in this chapter have k e n  describeci in Table 1 in terms of six 

characteristics. These six characteristics are as follows: (1) consumer limitations; (2) 

consideration sets; (3) consumer expectations; (4) consumer heterogeneity ; (5) nature 

of data; and (6) purchase decision. 

The models differ the most in terms of the assumption they make about the 

computational limitation of the consumer. Using the tems which Simon (1978) 

proposed I employ substantive rational for thor models that view consumers to k 

utility maximizen and procedural rational models for those that assume them to have 

computational limitations. 

Insert Table 1 about here 



Table 2 shows the contribution of models based on the criterion of substantive 

and pmcedural rationality. Substantive rationa) models are Iimited to their 

preoccupation with the nsult of rational choice. They are grounded in the expected 

utility maxirnizing paradigm and assume that an individual makes decisions by 

considering dl relevant information (Mcfaddea 1986; Erdem 1993; and Guadagni and 

Little 1983). 

Insert Table 2 about here 

On the contrary, procedural rational models are concemed with the process of 

choice rather than with the outcome of choice. Central to this paradigm is the 

assumption of rationaiity as the product and process of thought. These models view 

an individuai as a satisficer and not as an optimizcr. In its extreme fom (Currim, 

Meyer and Nhan 1988; Simon 1955; Anderson 1983; Newell 1990; and Grossberg 

and Gutowski 1987). it nject the existence of utility hinctions. By using differencing 

and differential equations. nsearchea (Anderson 1983 and Neweli 1990; Grossberg 

and Gutowski 1987) have used cornputer pmgrarns that emulate human decision 

processing. The middle ground for extrerne viewpoints of procedural and substantive 

rationality is found in the works of Bemnan, Johnson and Payne (1991). Tversky and 

Kahnemann (1972), and Tvenky and Sattah (1979). Though these models share the 

same ethos as those of heuristic models, they can at k t  k called a generdkation of 

the expected u tility models (Grossberg and Gutowski 1987). 



Most models in marketing fall into the category of substantive rational 

models. Meyer and Kahn (1991) tcm them as simply scalabk choice models that 

assume emrs to be independent of the considemtion sets. These models are described 

as varhts  of the original model proposed by Luce (1959). and implernented by 

Mcfadden (1973) as the multinomiai logit rnodel. Recentiy. Chintagunta (1993). 

Kamakura and Russell (1989). and Gonul and Srhivasan (1993) have shown that not 

accounting for individuai level heterogeneity can bias parameter estimates. In 

addition, several researchers have accounted for dynamics of consumer choice (Meyer 

and Sathi 1985; Erdem 1993; and Keane 1995). Erdem (1993). in an important 

application of structural equations to consumer choice. showed that leamhg effect of 

anributes may cause a temporal or a structural state dependence in brand choice. 

Keane (1995) used a probit model to estimate a factor analytic covariance structure 

model and incorporates dynamics of choice by ailowing e m  to be correlated across 
1 

time. 

On the contmy. most of the models proposed in the ana of bounded 

rationality have been doMnated by Tversky's (1972) elimination by aspect (EBA) 

model. Process tracing studies have shown that the characterization of the choice 

process assurned by substantive models of choice (Bettman 1971; and Russo and 

Dosher 1983). even in highly simplistic settings, is often violatecl. The process can 

more accurately be described as a sequence of dismete elimination heuristics in which 

only limited information is used by a consumer to make dacisions. 

Unforiunately, not too many models have been developed that assume 

computational limitations of consumers. There are th= limitations to this approach. 

The major drawback is the computational complexity involved in the estimation of 

the model Le. even for moderate set size the number of possible combination for an 



EBA modtl makes them vir<ually inestimable. Tversky and Sattah (1979) proposed a 

computationaily tractable version of uiis choice heuristic (PRETREE) by imposing a 

prior known hierarchical structure of eiimination. k a r c h e r s  (Kahn. Moore and 

Glazer 1987; and Lehmann and Moore 1985) who have applied PRETREE to a 

marketing setting have identified certain problem such as the difficulties of 

identiQing the correct decision tree, and the inabiiity of models to capture individual 

level heterogeneity in dezision ruIe within a sample. 

The second limitation to this approach is the lack of understanding of how 

consumers decide how to decide. A common conjecture among researchers (Hogarth 

1980; Payne, Bettman and Johnson 1988) is that consumers use an intuitive cost- 

benefit caiculation to decide which heuristic to use i. e. having a host of heuristics to 

choose from, a consumer would select the rule that yields the highest expected 

outcome at the lowest cognitive effort. Normative treatments of this problem have 

been provided by Johnson and Payne (1985) and Shugan (1980) and normative 

solutions to this problem provided by Grether and Wilde (1984) and Huber and Klein 

(1989). Much of the work in this area has been carried out in stable controlled 

environrnents. Vimialiy linle or no work has been done to identiw the effect of a 

dynamic envuonment on changing choice strategies (Meyer and Kahn 1991). 

Applying heuristic rules to nomally availqbie econometric scanner panel data poses 

insurnountable problems for the nseafchers as there are a multitude of different 

possible heuristics king used by consumers which might Vary across consumers and 

time periods. Therefore. with the exception of Andrew and Srinivasan (1995). no 

known saidy has applied these models to panel data. Tbe intractability of the static 

models is compounded when trying to capture dynamics of choice over time (Andrew 

and Srinivasan 1995). Meyer and Kahn (1991) have identified this area as one that has 



not received enough attention due to the lack of tools that can be used to implement 

these models on nomdy  available econometric data 

The third limitation to this approach. pobably the m a t  fundamental of dl, is 

the use of parsimony for deciding the most plausible hierarchicai sequential decision 

process. Anderson (1993). though not the fust theorist, daims that although 

behavioral data can k used to study the steps of mind at the algorithmic level 

(Bettman 1971; and Currim, Meyer and Le (1988)), they lack identification at the 

implementation level. Anderson (1993) argues that proceduralists are in search of a 

function that can map input to output, and that there are innumerable possible 

functions. Though parsimony can be used to senle this dispute, it stretches credulity 

beyond reasonable bounds to assume that nature chose the most parsimonious design 

for the human mind. 

Though attempts have been made and normative models have been developed 

to explain the effects of computational limitations of the consumer on brand choice, 

they are largely at an embryonic stage. Even in the simplistic possible situation, where 

only a few brands exist in the environment, the set of possible combinations of the 

brands can make the problem intractable (Meyer and Kahn 1991), particularly for 

models that try to explain choice over time. 

22. Consideration Sets 

The second set of charactenstics on which models differ is in their ability to 

capture the phenomenon of consideration sets. The fact that consumers, while making 

decisions, do not consider ail available information is not new to marketing (Andrew 

and Srhivasan 1995). Of the brands that consumers are aware of, only a few of them 



will be considered at any aven tirne (Shocker et al. 1991). This concept of 

consideration sets, or the set of alternatives king considend by a consumer at any 

given tirne, bas k e n  of interest to marketers (Roberts and Lattin 1991; Hauser and 

Wemerfelt 1990; Nendungadi 1990). Theoretical rationale for the concept of 

consideration sets cm k found in both economics and psychology. Bonowing 

arguments from information economics. rrsuuch in the ana of consideration sets is 

based on the p m k e  that a consumer wiil continue to search for information as long 

as the expected retums from information search exceeds the marginal cost of future 

search- Hauser and Wemenelt (1990) and Ratchford (1 980) provide a nomative 

treatment for this problem while Roberts and Lattin (1991) applied this constmct on 

data for the choice of breakfast cereal- 

Despite recent interest in the idea of consideration sets, dynamic modeis of 

consideration set theory are sparse. An obstacle of research in this area is the inability 

of models to specify consideration sets at the individual level and across time periods. 

Andrew and Snnivasan (1995). in an attempt to study the dynarnics of the 

consideration set, estimate a probabiiistic model on panel data and conclude from 

their tests that their model does ktter than a multinomial logit model. The success of 

this model coma ai a great price as the computational complexity increases 

exponentiaily with the increase in the s k  of the consideration set. To simplify the 

computational requinments of the models. Andrew and Snnivasan (1995) kept the 

analysis to the brand level and within brand considerations. such as site, were not 

investigated. 



23 Expectations as a Means of Capturing the Proces of Choice. 

The third characteristic on which models diner is the incorporation of 

expectations in models of chaice. Ever since Kahnernan and Tversky (1979) ptoposed 

an alternative to the of "reference", the concept of reference price bas ben used 

to explain the eff- of promotion and price reduction on brand switching (Winer 

1986; and Winer 1985). The underlying asswnption in this Iiteranire is that positive 

value of (PO-p3 is perceived negatively, while negative values of (PO-d) are viewed 

positively, where po is the observed ntail price and p' is the individual's internai 

referme pnce,. Reference price (pC ) is defined as the price used by consumers to 

evaiuate the price for alternatives available at any given time. It can be bmadly 

defined as intemal or extemal reference price. Extemal nference price is one that 

exists in the environment, for example a price display, used by consumers to assess 

the value of an item. On the other hand. intemal reference price is stored in a 

consumer's memory but may also serve to evaluate extemal reference price. Various 

types of reference price which have been suggested in the literature include aspiration. 

market and histoncai prices (Klein and Ogiethorpe 1987); lowest and highest prices 

(Monme 1990); fair price (Thaler 1985); average market price (Emory 1970); 

expected future pnce (Jacobson and Obermiiler 1990); and lowest market pnce 

(Biswas and Blair 1991). 

Expeaation models have dominateci the economics literature for the last two 

decades. However, the applications of these models to marketing have been sparse. 

Russell Winer has played an important role in introducing the ideas of rational 

expectations to marketing. In his pioneering work Winer (1985) proposed that future 

expectations were an important component of consumer decision making. He 

believed that the future expectation of price of a consumer durable depends on the 



past reftrence prices and expected prices, general economic conditions, both cumnt 

and anticipated p r i a  expectations, future prie signals and household specsc 

variables. Due to inadequaîe data, a simplified mode1 had to be estimated and the 

results providcd preliminary support for the more general model. In his subsequent 

work Winer (1986) used a rational expectations formulation to test reference price 

theory. though the crucial element of fonvard expectations was missing h m  the 

model. 

Jacobson and Obemiiller (1990) were the fmt to test rational expectations. 

They argued that not incorporating f&we price as an important dimension of 

reference pricing was a violation of neoclassicai economic theory. In an experimentai 

study, explicit mesures of future expectations were obtained over a period of eight 

weeks and tested for unbiasedness and efficiency requirement of the rational 

expectations paradigm. The rationai expectations hypothesis was rejecteâ at the 

aggregate level but the serial conelation model, which accounted for the influence of 

unobserved variables, was most consistent with the data. 

Kalwani et ai. (1990) developed and calibrateci a price expectations mode1 of 

consumer brand choice. A two-stage model was used to estimate and study (1) the 

formation of expectations. and (2) the effact of this price expectation on consumer 

brand choice. The important distinction they made between expectations and 

reference prices was that the latter was a weighted function of past pnces while the 

former was not only a function of pas? pnces but also a function of other economic 

variables. The expectation of price of a brand was believed to k affected by the 

frequency of promotions, deal pmness of consumers, past pnces, and market trends. 

Consistent with reference price thwries, the asymmetry about price expectations was 

also obtained. 



Kalwani and Yim (1992) in a controUed experiment studied the impact of 

p r i e  promotions on consumers' pnce expectations. They investigate the effects of 

price promotion @th and Fnqucncy on price expectations and tcsted the effects of 

pnce promotions on brand choice. In a study similar to that of Jacobson and 

Obermiller (1990). they elicited price expectations directiy fmm the mpondents and 

did not use sumgate variables as a pmxy for the latent expectation constnict. The 

results of the experimental study were consistent with the findings of Kalyanataman 

and Little (1989) as they found that bah ftequency and size of the discount had a 

significant impact on a brand's expected pnce. 

Though intemal reference pnce has been incorporated in many applications of 

reference pnce theories to scanner panel data, extemal reference prices, which also 

play an important role in current price expectation, have largely ken  ignored, for 

exarnple Kalwani et al. (1990) and Lattin and Buclciin (1989). In contrast, most 

experimental studies nlated to reference price have focused on the effects of extemal 

reference price. in fact, only one experimental study has examined the effects of 

interna1 reference price (Biswas, Wilson and Licata 1993). There is considerable 

support for the notion that consurnea' current expectations of price are affected by 

intemal and extemal reference price (Biswas and Blair 1991). Biswas and Blair 

(199 1) showed that advertising and the store for which the external reference price 

was k ing  advertiscd could affect cumnt expectations of price. Besides this. Urbany, 

Bearden and Weilbaker (1988) showed that advertisernents that have a plausible 

reference price raised subjects' estimates of the advertiser's regular price and the 

perceived offed price. In general, there is sirong support for the effects of 

contextual variables such as store type, brand farniliarity and advertisements on a 

consumer's cumnt expectation of price. 



Consistent with the view of rational expectations. the cumnt expectations of 

price (combination of the extemal and intemal reference price) are fonned by 

incorporating al1 available information. Urbany, Beardcn and Weilbaker (1 988) 

pmposed that a consumer fim evaiuates the credibiiity of the extemal rcfercnce price 

and then either assimilates it, causing a shift in the internal reference price towafds the 

external referenœ price, or completely rejects the extemal reference price nsulting in 

no change of the intemal reference price. Biswas and Blair (1991) propose that the 

effect of the extemai reference price is in two dimensions: direction and magnitude. 

This will k dependent upon: (1) a dierence between the extemal reference price and 

internal reference price; (2) consumers' confidence in his prior beliefs. and; (3) the 

ciedibility of the external reference price. 

A major limitation of this Stream of reseamh is its inability to capture the 

unceriainty in the environment. The ne& to form expectations arises primarily 

because consumers, in deciding which brand to choose €rom, are faced with an 

uncertain hiture environment. They can only speculate about the hiture and form 

expectations about the fhre course of a variable, for example that of price. 

Thenfore, future expectations play an important role in most consumer decisions. 

Consumers are concemed with the implications of theit cumnt actions on their haire 

(Oliver and Winer 1986). Katona (1960). who spent a large portion of his carrer 

rrsearching in the area of future expcctations of a consumer, believed that though a 

consumer's ability to pay is important to purchase decision making. willingness to pay 

is also important. He believed that consumers' willingness to pay depends on their 

expectations of the future economic environment. 

Most choice models. which have accounted for the effects of uncertahty of 

product characteristics and imperfect information, have not incorporateci the 



mediating d e s  of price expectations on consumer choice decisions. Notable 

exceptions are the work of Meyer and Assuncao (1990) and Krishna (1992)- Meyer 

and Assuncao (1990). in an experimcntal setting, studied the effects of fiiture 

expectations of prie on brand choice decisions. From theu nsuits tbcy concluded 

that subjects, even when provideci with fiittlre price distribution, did not use this 

information optimally according to the dynamic programming algorithm. Krishna 

(1992) used a variant of the Golabi mode1 to study the effects of future price 

expectations on brand choice and stock piling. Using a Monte Car10 market 

simulation, she concluded that bath brand choice and stock piling behavior depend on 

not only the future expectations of price but also on the future price of the competing 

brand. 

Other choice models that have incorporated uncertainty of product 

characteristics (Meyer and Sathi 1985; Eckstein, Horsky and Raban 1988; Roberts 

and Urban 1988; and Erdem 1993) have repeatedly shown that the leaming effect of 

these attributes may cause a temporal or a structural state dependence in brand choice. 

With the exception of Eckstein, Horsky and Raban (1988) and Erdem (1993). 

dynarnic brand choice models have tended to k backward looking and have not 

incorporated the effccts of consumer search on choice dynamics. Erdem (1993) in a 

structural model frarnework shows the interdependencies in consumer risk, 

information search, brand choice, brand values and a fimi's marketing rnix decisions 

under imperfcct information. As quations of the model are structural or behaviod, 

the parameter estimates are policy invariant and allow her to cary out certain policy 

experiments. 



2 4  Consumer Heterogeneiw 

The fourth characteristic on which models Mer is unobserved heterogeneity. 

Hetemgeaeity attcmpts to account for the differcncc in behavior due to observed and 

unobserved variables. Observed hetcmgeneity can be a mult of the effect of income, 

family site and geographical location on choice. However. the= are variations across 

consumers that cannot k obsewed by nsearchers. These variations are known as 

unobserved heterogeneity. 

Heterogeneity across households has been characterized in different ways in 

the Iiteranin. Gupta (1988), Guadagni and Little (1983). Knshnamurthi and Raj 

(1 988). Chiang (199 1). and Bucklin and Lattin (199 1) used ptior household history 

and income ta account for heterogeneity. Though in the Iiterature this implementation 

has been defined as observed heterogeneity. ihis implementation has two limitations. 

First, incorporating heterogeneity baseâ on prior household behavior can confound 

loyalty and heterogeneity and these two different aspects of consumer behavior cannot 

be disentangled (Keane 1995). Secondly. as nsearchers often have to make inferences 

about certain unobservable variables, for exampk, inventory (Gupta 1988; and 

Bucklin and Lattin 1991). then is uncertaÏaty around the inferences which are 

required to be integrated out of the IikeIihood function. To the best of my knowledge 

this has never been done in marketing. . 

Unobserved heterogeneity has kui incorporated into models of choice in 

three different ways. The simplest way of handling heterogeneity is to estimate a f d  

effect mode1 (Jones and Landwehr 1988). A major limitation to this approach is the 

lack of availability of a large number of observations at the individual level. The non- 

availability of data at the individual level can cause ~bstantial estimation emr that 

c m  lead to overstating the m e  population heterogeneity (Elmd 1991). 



A second way of incorporating unobsemd heterogeneity into models of 

choice is to specify a fiactional form for the distribution of heterogeneity. The 

parameters of the underlying distribution for hetcrogeneity can be estimated directly 

from the data using empirical bayes (EB) or bayesian techniques (Elrod 1988; Keam 

1995; Gonul and Srinivasan 1993; Elrod and Keanc 1995; and Allenby and Lenk 

1994). Allenby and Le* (1994) use a hierarchicai bayesian method, while K m e  

(1995) and Elrod and Keane (1995) use an empllica.1 bayes methoci, to estimate the 

parameters of the model. Generally, monte car10 integration is used for estimating 

these models. 

A major limitation of EB models is that a large amount of data at the 

individual level is requind CO estimate parameters for the distribution of heterogeneity 

and for mode1 convergence. Though Gibbs-sampling techniques mitigate this 

limitation of the EB models, they cannot be used to estimate nonlinear models. 

A third way of incorporating heterogeneity into formal models of choice is by 

using a latent class approach (Kamakura and Russell 1989 and Chintagunta 1993). in  

a latent class approach the population of consumen is assumed to consist of a finite 

number of segments, each segment having its own parameters. Ofken, fit statistics, 

such as AIC (Akaike Information Criterion) or BIC (Bayesian Information Criterion), 

are used to determine the number of segments in the market. 

Of the three methods, latent class analysis is often considered the most robust 

as the mis-specification of the underlying distribution for heterogeneity will not bias 

the results. Although this is tme, latent class models often understate variability of 

the tme population (Elrod 199 1). 



2 5  Nature of Data and Rirchase Dedsion 

The last two criteria on which the models differ are the nature of the data and 

the purchase decision king stuclied. With the exception of Krishna (1992). most 

marketing studics cm bmadly be classüicd into two groups. The first p u p  concems 

models that are anaiyzed on single source scanner panel data (Chuitagunta 1993; 

Keane 1995; and Erdem 1993). The second group concems models thai use 

experimental data (Assuncao and Meyer 1990). Single source data, though widely 

used in marketing, has many limitations (Koslow 1990). four of which are discussed 

in the paragraphs klow. A fmt limitation of the scanner panel &ta is that as the 

extemal variables assumed to affect choice are not in the control of researchers, the 

effect of highly collinear variables, for example pnce reductions and promotions, 

cannot be disentangleci. A second limitation of scanner panel data research is that 

often researchers infer variables (e.g. inventory level. ceference price. brand loyalty) 

without accounting for the measurernent errors of their infenncing (Buckiin and 

Lattin 1991). No accounting for measurement emrs cm lead to biased and 

inconsistent parameter estimates. Third, Koslow (1990) bas argued and shown that 

aggregate mode1 of choice (Guadagni and Little 1983; and Gupta 1988) cannot be 

used to detect casuality using panel data. And fourth. most studies use data that 

pertain to only those store visits in which pvrchases are made in the product category 

of interest (Guadapi and Little 1983; and Kamakura and Russell 1989). This has the 

effect of overstating the effect of marketing mix variable (Chintagunta 1993) as the 

analysis ignores store visits on which puirhw was not made. Some studies (Gupta 

1988. 1991) have assumed that consumers visit the store every week. thereby 

imputing store visits using only purchase data. The availability of single source data 



has shown that the assumption of consumer visiting a store only once a week is often 

violated. 

Subject rrsponses obtained ushg experimentd design is often considemi as a 

better means of understanding casuality (Koslow 199û), as the externa1 environment 

is largely under the control of the researcher. A large part of research in marketing is 

based on data from experimental studies (Meyer and Sathi 1985; Assuncao and Meyer 

1990; Jacobson and ObermilJer 1990; and Kalwani and Yim 1992). Problems with 

this form of data have largely been under-acknowledged in the Iiterature. McCleland 

(1955) argued that most studies conducted in closed static experimental conditions are 

often divorced h m  the environment in which the decision is king made. Although 

experimental study rnight help in understanding casuality, it lacks extemal validity. 

The lack of extemal vaiidity poses a problem for marketers who are interested in 

identifying variables that affect consumer choice in the purchase environment. A 

researcher understands the effect of certain variables on khavior by making subjects 

attend to a few variables that a researcher feels are relevant to his study and by 

controlling or eliminating the effects of others. As the real environment provides the 

consumer with a multitude of cues, an important question that remains to be answered 

is whether the variables under study will have the same effect on consumer choice as 

what is predicted by experimental studies. The lack of extemal validity is a major 

limitation of experimental studies (Newell and Simon 1972). 

The next section proposes a fnimework which draws on the various streams of 

literature previously discussed. The models descrikd in the next chapter link the 

following concepts: (1) attention as a scarce resource with computational limitations 

of consumers; (2) purchase incidence; and (3) brand choice decision. These üine 



concepts form a framework that explains the pmcess of choice. In particular this 

framework attempts to incorporate the effect of price expectation on choice. 



Table 1 

Catcgorization of Consumer Choice Modeis 

L 

Reference 

Guadagni 
and Little 
(1983) 

I Neslin, 
Henderson 
and Quelch 

Nature of 
Data 
Panel 

Decision 
S tudied 
Brand 
Choice 

( 1 985) 
Krishnamurth 
i and Raj 

Unobsewed 
Heterogenei ty 
No 

P. Timing 
P. Quantity 

( 1988) 
Tellis(1988) 

Consumer 
Limitations 
No 

Panel 

Brand 
Choice 

Jones and 
Landwehr 
( 1 988) 

Cornideration Expectations 
Sets 

P. Quantity 
Brand 

Panel 

Choice 
P. Quantity 
Brand 
C hoice 

No 

Panel No 

Panel Yes 





Table 1 (Cont9d) 

Categorization of Consumer Choice Models 

Studied Data Hetemgeneity 
Erdtm Brand Panel No 

P. Incidence l choit= I 
I Andrew and Brand 

Srinivasan I Choict 
( 1995) 
Winer (1 986) Brand Panel No 

Choice 
Jacobson and Quasi- No 

Kalwani et, Brand 1 Choicc 
(1990) 
Kalwani and Experimental No 

No No Yes 

No No Yes 

No No Yes 



Table 1 (Cont9d) 

Categorization of Consumer Choice Modeb 

üecision 
Studied 
Brand 
C hoice 
Pb Incidence 
Pb Quantity 

Nature of 
Data 
Panel 

Unobserveci 
Heterogeneky 
Yes 

Consumer 
Limitations 
No 

Considera tion 
Sets 
No C hintagunta 

( 1993) r Yes 

I Meyer and 
Assuncao 

Yes 

Krishna P=- -- 

Yes Simulation 

Lattin and 
Bucklin 
( 1989) 

Brand 
C hoicc 

Yes 

Sinha (1996) r- Brand 
Ctioice 
Pb Incidence 

Panel Yes Yes Yes Yes 



TABLE 2 

Static 

Substantive Rational 

Bass (1974) 
Bass, Jeuland and 
Wright (1976) 
Bass and Pilon (1 980) 

Erdcm ( 1993) 
Keane (1995) 
Guadagnl and Little 
(1983) 
Krishna (1992) 

Substan the Vs Procedural Mdels 

Kahneman and Tversky 
( 1979) 
Tvenky (1973) 
Tverdry and Sattah 
( 1 979) 
Kahn, Moore and Glazer 
( 1987) 
Moore, Lehmann and 
Pessemier (1986) 
bhmann and Moore 
( 1975) 

1 Rational 
Extmme Version 

Currim, Meyer and Le 
(1988) 

No Existing Models 



Consumer as Limited Inlormation Processot: An Activation Appmseh 

In this section the conceptual framework. rquired to devtlop formal models 

of choice groundcd in the litcranire of bounded rationaiity, is outlined. In particular 

my endeavor will be in providing a framework that c m  be used to fmt, distinguish 

between psychologicai and technoiogical limitation, and second, capture the 

psychological limitation of the consumer. 

A major assumption of this nsearch concems the computational limitations of 

the consumer (Simon 1955). Bettman (1979) and Payne, Bettman and Johnson (1988) 

viewed consumers as limited information processors who are incapable of making 

optimal decisions, as assumed by economic models of choice. Even in the simplest of 

choice situations, axioms of normative utility theory are o h  vioiated at the 

individual level (Bettman, Johnson and Payne 1990). Though various attempts have 

ken made to incorporate the limitation of the consumer, they can broadly be 

classified into two categories: (1) Mnd as a scarce resource (Payne, Bettman and 

Johnson 1988). and (2) information as a positive good2 (Roberts and Lattin 199 1 ; 

Hauser and Wemerfelt 1990). 

One way of capturing the concepts of boundcd rationality is to view the 

mental processing capacity as a scanr resource (Payne, Bettman and Johnson 1988). 

Payne, Bettman and Johnson (1988) show that consumers will optimix on the 

amount of processing that they will indulge in. They argue that as global optirnization 

is beyond the d m s  of most consumers. these consumers will use simple niles of 

thumb or heuristics to make decisions. In addition, these researchers daim that the 

' A good is a "positivew good if iu acquisition is beneficial to the individual. 
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characteristic of the probkm environment, person, and social context will influence 

the heunstic used by the consumer to make a decision. 

Another way of capturing the concepts of bounded rationaiity is to assume that 

in a world of imperfect idormation an individuai has to search for alternative courses 

of action (brands for consumers). Stigler (l%l) argueci, using an enample of the 

information search for a second hand automobile, that an individual will search till 

the point where the marginal utility of search is equal to the marginai cost of search. 

Researchers in choice models (Hauser and Wemefielt 1990; and Roberts and Lattin 

199 1) have used this concept to bnng human bouoded rationality within the compas 

of rational optimization. 

There are two limitations to the models described above. The next section 

details these limitations. 

3.1 Computational LimMation as a Technologieal Liitatfon 

Both these methods (mind as a scarce resource and information as a positive 

good) are at odds with the nature of the concept that they try ta capture. Rather than 

simplifying the problem at hand the complexity of the problem is compounded by the 

introduction of these mechanism. Not only do consumers have to choose a brand but 

also they have to make decisions about the amount of search or the heuristic that has 

to be used to choose a brand (Simon 1978). Rather than simpliwing the choice 

problem by assuming sub-goal identification (Simon 1978) and satisficing (Simon 

1955). whicti is the intent of bounded rationality, these methods add to the 

computational complexity, making the problem more difficult than before. 

Criticking the searcfi theories pmposed in economics (Stigler 196 1). Simon 

(1978) writes 



Li& and costs of iafomation arc introduced, not as psychological 

characteristic of the decision makcr, but as part of his technological 

environment. Hence. the new theorïes do nothing to alleviate the 

computational compkxities fachg the decision makerdo not see him coping 

with them by heroic approximation, simpfifying and satisficing. but simply 

magnify and multiply them. Now he needs to compute not merely the shape of 

his supply and demand curves, but, in addition, the costs and benefits of 

computing those shapes with greater accuracy as well. (p 485) 

This criticism, levelled at economics of information, can also be applied to 

mind as a scarce resource. Scarcity of mind should not be viewed as an optimization 

problem, with the assumption that individuais are using intuitive costlbenefit analysis 

to decide the heunstic to be use& but as psychological limitations that forces 

individuals to use heuristics. Unfominately, viewing scarcity of mental computing as 

a psychological limitation poses insurnountable pmblems of identification (Anderson 

1993). There are a host of inputsutput finctions that can capture the same process 

with no test for idenwng the correct heuristic. 

3.2 information as a Scarce Resou~ce 

The literature on search and information transfer in economics (Stigler 1 % 1 ) 

and marketing (Hauser and Wemerfelt 1990) views infonnation as positive go&. 

Information is assumd to be a scarce resource and. hence, has to bc optimally 

searched for. A number of researchers (Hogarth 1980; Bettman 1979; and Simon 

1982) provide empiricai examples to show that this assumption is often violated. In 



an information scarce world information is a positive gocxi. On the contrary, in an 

information rich world, information is a luxury which sometirnes might direct 

attention away from what is important (Simon 1978). In an empirical study of 

individual choice. Kunreuther (1978) showed that the best p d c t o r  of choice of flood 

insurance was not the constituents of the utility maximization equation but that of 

focus of attention, Neoclassical econornics assume that an individual wiil use 

costhenefit analysis to make these decision. The empirical data are at odds with this 

assumption as it appears that the decision of purchase by individuals was made on 

the basis of prior experience, more or less independent of the costmenefit thesis. 

Finally, Van Raaij's (1977) eye movement studies of consumer choice indicate that 

consumen select some pieces of information and ignore othen. 

The view that attention is a scarce resource is not new to marketing and is 

found in the works of Bettman (1979) and Van Raaij (1977). Hogarth (1980) writes 

that a consumer can perceive oniy 1/70 of what is present in his visual field. Since 

consumers are completely inundated with information. their computationai abilities 

only allows them to focus on a few bits of information at any aven time (Simon 

1982). Bonowing concepts h m  nieil (1954). Simon (1982) has provided a 

normative solution to this problem. A major limitation to the framework pmvided by 

Simon (1982) is the impossibility of applying du's approach to empirical data as the 

measures required for implementing this analytical technique is not available (Simon 

1982). Secondly, this approach belies the very nature of the concept, bounded 

rationality, that a researcher sets out to incorporate into fonnal models of choice. Not 

only do consumen now have to make brand choice decisions. but also they have to 

make decisions about ailocation of theu warce resource. Hence the problem is now 

m o n  complex than before. 



Attempts that have ban made to capture the psychologid limitation of 

human decision making fall into two categories: (1) modeling the limitations of the 

short tem memory (Newell and Simon 1972); and (2) using probability fiinctions to 

activate only a few bits of information at any timc (Anderson 1976; and Anderson 

1983). 

Newell and Simon (1972) allow only seven chunks of information to exist in 

the short tenn memory at any given time. Having seven srna11 bits of information in 

the short term memory does not allow ceseaichers to simulate complex human 

behavior (Anderson 1976). A way amund this problem is to use the system of 

chunking. Chunks are ieamed configurations of syrnbols which act as a single symbol. 

This view of short tenn memory king able to ntain seven chunks of information was 

popularized by Miller (1956) and has extensively been used by Newell(199 1) and 

Newell and Simon (1972). The advantage of using chu& of information is chat long 

strings of symbols will only occupy one slot in the short tenn memory. So. for 

example, while we can hold only seven random letien in the short tem memory, we 

can hold seven ten ktter words in ou; memory. 

It is apparent h m  the discussion in the previous paragraph that a major 

limitation of modeling the computational limitation in this manner is the arbitrary 

definition of "chunks of informationn. Though chunking allows mearchers to 

simulate complex human behavior, it contradicts the notion of modeling the limitation 

of short tenn rnemory (Anderson 1976) as it endows consumers with information that 

might be well beyond theu ability. 



A second approech found in the literaturc is the use of the activation function 

to capture the limitation of short tenn memoy (Anderson 1976). Using a system of 

differential equations, Anderson (1983; 1976) models computational limitation of 

human decision processing by making certain bits of information more active than 

othen. Hence, there is a higher Iilcelihood of the active information king used in 

making a particulat decisions. At a conceptual Ievel the frarnework provided by 

Anderson (1983) differs From Newell and Simon (1972) as it assumes parallel 

distributed processing. In addition, this framework did not view memory to be 

compamnentalized into short and long tem memory. Anderson (1983) assumes that 

the portion of long term memory that is active at any given time to be the working 

memory . 

3.4 Activation as a Means of Capturing Attention and Psychologid Limitation 

Perception of information is not comprehensive but selective (Hogarth 1980). 

One of the key factors in human intelligence is the ability to identify and utilize 

information that is relevant to a particular problem (Anderson 1983). Activation plays 

a major d e  in that facility. A piece of information or knowkdge will become active 

to the extent that it is related to the cumnt decision king made. Thus, activation 

identifies and favors the processing of information that is most pertinent to the 

imrnediate context, 

Activation measures the likelihood that a particular piece of information will 

be usehl at any particular time. It can k viewed as a heuristic that tells individuals 

the relevance of information. For example, when an individual is making a decision 

about cars, attributes of orange juice that are important to him will rarely come to 



rnind as he knows that the factors which infiuence his decision about which juice to 

buy are not related to the factors which influence his decision about which car to buy. 

Though the principal of oswciation con be traced back to Aristotle (Anderson 

and Bower 1973). die work of QuiUian (1969) was important to the resurgence of 

work on sprcading activation. particularly through the models and theories of paralle1 

distributed processing (Rumelhart and McCleland 1986; Grossberg and Gutowski 

1987; and Anderson 1983). Quüüan (1969) argued that this mechanism eliminates or 

reduces the costly knowledge search processes that can k the pidall of any anificial 

intelligent system with a large database. In addition, Anderson (1983) claimed that it 

is relatively cheap for the brain to spread activation but expensive for it to pcrform 

symbolic manipulations. 

However, in order to select information, it is necessary for the decision maker 

to know what to select. Anticipation plays an important mie in this selection pmcess 

as physical and motivational reasons account for most of this selective procedure 

(Hogarth 1980). Bniner (1957) showed that the more complex or arnbipous the 

stimuli is, the more the perception is determined by what is "in" the subject rather 

than what is "in" the stimulus. Simon (1976) argued that boui motivational and 

cognitive mechanisms mingle in the selective pmcess. Selective attention to a part of 

stimuli may reflect: (1) deliberate ignoring of other stimuli as not relevant to the goals 

of the mechanism; and (2) a learned response stemming fiom the p s t  history. A 

serious gap in much of the theonzing is that linle or no work has been done in 

developing madels that can be implemented on empirical data. 

Anderson (1993) showed that, under certain assumptions of independence, 

observed data can be used to predict pieces of information most likely to be used by 

consumers to make decisions. Using principles of adaptive rationality and 



associations, he argued that hûtozy and cues in the extemal environment will 

determine the use of a certain p i e  of information for making decisions. History 

manifests itsclf in the fkquency and Rcency of use, whik contextual and 

environmentai variabies are extemal stimuli that are provided to the decision maker. 

In the next chapter 1 propose a modeling frameworlr that allows me to capture 

the differcnt aspects of the theory proposed in this chapter. Not only does it allow me 

to capture the psychological limitation but also the information that a consumer is 

attending to. 



Cbaptet Four 

Model Developatent 

In this section the dynamics of consumer choice is modeled by considering the 

impact of brand familiarity, Ioyalty, extcmal cues and brand attributes on choice 

decision. The formal rnodels of choice developd in this chapter are grounded in the 

theory of bounded rationality and attempt to capture the computational limitation of 

the consumer as a psychologicaf and not a technological limitation. Bomwing 

modeling concepts from Anderson (1983) and Rumelhart and McCleland (1986) these 

models incorporate attention as an activation function. 

Like the models in ment marketing literature (Thaler 1985; Hardie, Johnson 

and Fader 1993). the models proposed hem attempt to understand the process rather 

than that of the outcome of choice. As the models try to capture the inner mechanism 

of the system in the form of activation rnechanism and psychological limitation, it 

represents a framework that is characteristic of structural models of choice (Simon 

1982). It is important to note that the definition of "stmctudism" used in this work is 

different h m  the one that is generally used by researchen in marketing (Erdem 

1993) and in economics (Rust 1987). An important property of structural models, as 

defined by Erdem (1993) and Rust (1987), is that these models treat uncertainty and 

time explicitly. The structural models are based on consumer utility maximization and 

their parameters are parameters of consumer utility functions and constraints. The 

decision maker is assumed to have a well defined objective function. which is 

dependent upon both information set, finire expectations and exogenous variables. 

This objective function ailows him to make squential decisions. 



A notable Limitation of the frarnewoik provided by Erdem (1993) is that it 

endows human k ings  with information and computational abilities far beyond what 

their mental faculties would ever allow (Simon 1982). In addition, these models 

capture the structure of the decision enviionment and not that of the decision maker. It 

is only when a model captures the inner limitation of the consumer that it cm be 

called a structural model (Simon 1982). 

Unlike the framework described in the paragraphs above, Gould (1980) and 

Margolis (1987) view "stnicturalism" as a concept that attempts to understand and 

model the inner limitation of the system. It cm be characterized as a framework that 

captures and tries to understand the inner mechanism of the mind of the consumer 

(Simon 1978; Gould 1980; Margolis 1987). Newell and Simon (1972) argue that to 

the extent that the behavior of a consumer is p~c i se ly  what is called for by the 

situation at hand, it will give us information about the task environment. It is only 

when behavior departs from rationality that one l e m  about the inner mechanism of 

the system. 

A major focus of the models that 1 propose in this section is that they 

distinguish between the parameters of the inncr mechanism and that of the task 

environment. These models nest the rational models within models of boundecü 

adaptive rationaiity. As models of rational behavior assume that al1 information 

available to a consumer will be used to make decisions, rationai models can be 

specified as limiting cases of the adaptive model. This is an important advantage of 

the framework as it allows the use of fit cnteria e.g. BIC (Bayesian uiformation 

Criteria) and likelihood tests for comparing competing models? 

'~orne researchers might argue that the rnodels being proposeci in this section are not 
capturing bounded rationdity as their estimation is based on the maximization of the denved 
utility functions. Though this is a limitation of the framework, it is also its strength. A 



4.1 Model Assumptiom 

The models developed in this section are based on the following assumptions: 

1. A consumer's utility function for a brand can be approximated by a compensatory 

rnodel, 

2. There is a higher likelihood of pertinent information king active in the working 

memory. 

3. Anticipation plays an important role in a brand's utility function. 

4. Consumers are assumed to purchase only one bottle of ketchup on any given 

purc hase occasion. 

5. Consumers can obtain information about competing brands at no cost. Hence, 

consumers are assumed to be making decisions among the brands available in one 

store at any particular time. 

6. Consumers are assumed to be exposed to brand promotional activity in every time 

period. 

4.2 Adaptive Rational Choice Modei. 

In this section the dynamics of the consumer choice are modeled by considenng the 

frarnework provided in chapter thne. For easy exposition. the entk mode1 has been 

divided into three sub-sections: 

(1) Deep Panuneters - parameters that are used to mode1 the psychological limits of 

the consumer. 
- - - - - - - -- - - -- - - - . - -  - - -  

limitation of the exmme fonn of bounded rationality (Anderson 1983) is that the system is 
under identifieci, that is, then are a number of dserent input-ou~ut functions with no one 
universal measure of testing the competing theories and mechanism. By viewing consumers 
to be adaptive rational (Anderson 1993), the researcher ailows some structure in decision 
theory, thus making theory testing much simpler. 



(2) Expectations - parameters îhat are used to madel price expectations. 

(3) Task environment- parameters that capture the effcct of adveriising. promotion 

and pria. 

4.2.1 Consumer Expected Uülity 

As the parameters of the utility function an used as variables in the activation 

function and price expectations, I will fmt define the most general functionai form of 

the utility function and define the indexes used in the model. The functional f o m  for 

the most general utility hinction can be expressed as: 

where, 

d ,  =l, if consumer i chmse j-th brand in the t-th time period 

=O, othexwise 

E ~ ,  is assumed to have a double extreme Gumble distribution. 

a's are the parameters to k estimateci, 

p is Price, 

a is Advertising, 

i ..... indexes for the consumer (i=l, ...... n), 

j ....indexes for the brand ÿ=l ,..... J). 



t.....indexes for the time period of store visits? (t=l ,.....T), 

t* ... indexes for store visits on which one of the brands was bought, 

k .... indexes fot amibutes, price and advertising, (k=l,. . . .X) 

S.. . .indexes for possible statc space, that is, the infonnation that could have k e n  used 

by consumers to maice decisions. (SI,. . . ..S) 

B,, = O if the pnce of the j-th brand is not king attended to by consumer i in the t-th 

time pend given that the consumer is in the s-th state. 

= 1 otherwise, 

B,, = O if consumer i is not attending to the advertisement of the j-th brand in the t- 

th time pend given that the consumer is in the s-th state. 

= 1 otherwise, 

and, 

p,;, is the pnce expectations of the i-th consumer for the j-th brand at the t-th time 

period. 

The utility hinction defined in equation 4.1 warrants an explmation. This 

equation specifies that consumers are not using all available infonnation to make 

decisions in each time period. This is captured by the activation hinction ( B ,  and 

B ,  ). which can take a value of 1, if the attribute of a brand is k ing  attended to and 

conversely O, if it is not. An implicit assumption of the utility specification is that 

advenising has no impact if it is not king attendcd to. The assumption does not hold 

4 1 use time periods and store visits interchangeably. 

39 



for price as consumes cm infer priees fiom prior experience and use this infuence 

for making decisions. A~so, the utility equation assumes that both absolute and 

relative pria have an impact on consuners' utiiity. If consumers are ettending to 

price then not oniy the absolute but also the relative price is having an impact on 

utility. On the other hand, if consumers are not attending to price, then they are 

making inferences about price (not assurning it be 0) and using this inference to make 

decisions. 

4.2.2 Psychologid Limitations of the Consnmer 

In the structurai mode1 the consumer psychological limitations are modeled as 

two separate constmcts. One tries to distinpish between action and inaction. and the 

other captures the limited information processing ability of the consumer. 

i)iscriminati?zg beîween Action &nd Inaction:- A major limitation of utility 

maximization theory is its inability to distinpish between "action" and "inaction". 

The consumer is pictured as always in a state of action. No action is a particular way 

of doing something not distinpishable from other forms of action (Simon 1977). 

Hence, in the dynamic case, the observation of a consumer not rnaking a purchase in 

the pmduct category may in tum be due to two factors: (1) consumes decide not to 

make a decision and hence, do not buy a brand in the market; or (2) consumers decide 

to make a decision, processes information, and then decide not to buy one of the 

brands in the market. Most models in marketing (Chintagunta 1993; Gupta 1988; 

Ouadagni and Little 1983; Erdem 1993; and Keane 1995) belong to either of these 



two characterizations. Guadagni and Little (1983) and Keane (1995) estimate a brand 

choice mode1 assurning that the store visits when no b m d  was bought in the product 

category arc imlevant and sbould aot be a pan of the data anaiyzed to estirnate the 

models. However, Erdem (1993) and Chintagunta (1993) asswne that consumers are 

always in a state of action i. e. the choice of not buying a brand in the market is no 

different h m  choosing a brand in the market 

The opposing approaches manifesteci in these two models mpresent extreme 

viewpoints. The consumer decision process lies somewhere in the middle. Hence, on 

a given store visit on which no purchase was made in the product category. a 

consumer could have been in either of these two states. Tùis requires the likelihood 

function to be evaluated at both these states. A uniform prior is assumed for the two 

states, that is, the probability that consumer i is making a decision on the t-th store 

visit on which no brand was bought is given as follows: 

w here, 

A, = 1, if consumer i is making a decision on the t-th store visit, 

= 0 , otherwise. 

Consumer Information Processing :-At one extreme, it can be assumed that a 

consumer will always use al1 availabk information to make decisions. Hence, for this 

state 

BfiR = 1, for al1 k, j and S. 

where K attributes are used by consumers to make decisions. Variants of this 

specification are found in the works of Guadagni and Little (1983), Chintagunta 



(1993). and Keane (1995). Another extreme is to assume that only certain bits of 

information about the attributes of a brand wül be used by consumers to make 

decisions. For example, a specification of the sort given bclow: 

B,, = 0 ,  and 

B,, = 1, for al1 j 

would mean that consumers use oniy price and prie expectations to rnake decisions. 

Most models in marketing are based on the assumption that the underlying 

state space, that is, the information king used by consumea to make decisions, is 

known to researchers. Having knowledge of the state space in which the consumer is 

making a decision. models can be estimated on bath experimental and dynamic panel 

data Unfortunately, this extreme viewpoint is not able to adequately capture the 

pmcess of consumer decision making. Decision making is not only influenced by the 

environment but also by the inherent limitations of consumers' mental capacities. 

Depending on the extemal environment in which decision makers End themselves, 

they will use diffemt information to maice their decisions (Payne, Bettman and 

Johnson 1988). 

Activation hinctions can be used to capture the interaction of environment 

and consumer limitation. In common with the wodc of Rumelhart and McCleland 

(1986) and Anderson (1976), the psychological limitation of the human mind is 

captured using activation functions. There is some pcobability of information king 

used by consumers. As consumes are ovewhelmed by the amount of information 

available to them, only a few bits of information can be brought into their working 

memory at any given time. Activation plays an important role in detennining the 

diffennt pieces of information that will coexist in the working memory at any given 



time. The activation mechanism is assumed to b M g  the information pertinent to a 

particular situation into working rnemory. Viewing it normatively, eveiy piece of 

information is competing with others for attention and, thus there is some likelihood 

of it king attended. 

An important advantage of using the activation function is that assumption of 

the state, that is, the information being used by consumen to make decisions need not 

be made a priori. The probability that a certain state wiii occur cm be calculated as 

follows: 

where, 

s is one of the the possible 2A(J X K) States, 

J is the total number of brands in the market, and 

K is the total number of attributes that a consumer will use to make decisions. 

P(s, ) is the probability of consumer i king in the s-th state in the t-th time period, 

B,, = O if consumer i is not attending to the k-th attribute of the j-th brand in the t-th 

time p e n d  given that the consumer is in the s-th state. 

= 1 otherwise, 

and, 
zbjt , the activation function. is the probability that consumer i is attending to the k-th 

attribute of the j-th brand at t-th time period. 

It is modeled as a binary variable with the expectation that the activation function rnay 

be expressed as a logistic hrnction: 



k.,. ..indexes for the attributes, 

z,, .... is a vector of 1 x m vaiues of variables for the i-th individual on which the 

activation of k-th attribute of the j-th brand is dependent upon at the t-th time period, 

and 

yi is a m x 1 vector of parameters that needs to be estimated for the k th attribute. 

Anderson (1993) showed that the Iikelihood that a piece of information will be 

used in a particular situation is dependent on two factors: (1) history faftors and (2) 

context factors. A history factor is the mord of dl the times infonnation was used, 

such as: (1) fquency of use, that is, how many times in the past has it been used (2) 

recency of use, that is, how recently has it been used (3) spacing of use, that is, time 

between use. On the other hand, context factors are the external cues in the 

environment that will activate a particular infonnation node. 

Based on the work of Anderson (1993). Bumll(198û,1985) and Stritter 

(1977). it can be shown that under the assurnptions of conditional independence, the 

likelihood of an attribute Y' king used in the choice decision is given by 

P(kj 'H,.Qj>=f(Hj,Qj), 

where, 

P( ) is the probability that the k-th attribute of the j-th brand is attended to, 

j is the brand index, 

H is the history, and 

Q is the cue present in the environment 



It is hypothesized thaî these are two variables that will affect activation. 

These are as folIows: 

(a) History of the brand. Prior history of the brand wil1 manifest itseif in two 

variables: (1) consumer specific, brand specific intercep&, and (2) the time since the 

last brand was purchased by a consumer. 

(b) Cues in the environment -for this analysis only the effect of promotion on 

activation will be investigated. A positive relationship is expected between promotion 

and activation. The promotionai activity of any brand drives attention to the gain in 

price, that is, gain becomes an important component of the decision making. nius, if 

a brand has been promoted, it is Iikely that the price gain of that brand will be noticed 

by the consumers (Dickson and Sawyer 1990, and Gijsbrechts 1993). 

Hence, from the discussion the activation function in its most general fom can 

be written as: 

where, 

k is the k-th attribute, 

Djt =l if j th brand is on promotion and is displayed as an ad featun or a display at 

the t-th store visit, 

=û otherwise. 

For each attribute, four parameten have to be estirnatecl - (suppressing 

subscripts) y,, y, , y, and y, . y, can take either positive or negative values. 

- -- 

'frequency of brand purchase and individual level brand intercept will bc highly comlated. 
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y, > O, means that consumers are predisposed to use attributes of brands that 

they are loyal to in O& to make decisions. This specification captures the impact of 

consideration set on brand choia. If the brand specific activation functions have large 

positive values and the ùitrinsic brand prefennce has large positive values, then 

probability that a brand is a part of the consideration set is large. On the other hand, a 

negative y, means that consumers use only unobse~ed common attributes (such as 

taste, color etc.) of the brands that they are loyal to, to make àecisions. The observed 

amibutes of othet brands, such as price, that they are not loyal to are used to make 

decision. 

A negative sign is expected for the parameter y,. y, captures the impact of 

time since the last brand was purchased on the activation function. A negative 

parameter captures the idea that with the increase in inter-purchase timing the 

probability of the impact of observed attributes. such as price and advertising. will 

decrease over time. An explanation for this decrase in probability cornes from the 

ideas of regret theory (Bell 1982). Regret is typically defined as the feeling induced by 

comparing a given outcome or state of events with a state of foregone alternative (Bell 

1982). Inman and Mcalister (1994) used regret theory to predict that expiration dates 

for coupons induce a second mode in the redemption pattern just prior to the 

expiration date. Empirical results show that the results are consistent with the 

predictions set out in their study. A negative coefficient, building on these empiricai 

and experimentai studies, would mean that utility gained by making a choice earlier 

than expected (by virtue of consumers' mean purchase timing) is a result of not 

regretting to pass up a cumnt attractive offer in anticipation of an attractive offer in 

the future. A major reason for this regret is in part due to observable attributes. The 

impact of regret, for example, due to not buying a brand on promotion. will decrease 



over time as the inventory e f f i  will dorninate the decision to buy in the praduct 

category . 

4.2.3 Rice Expectations 

A number of studies in marketing have shown that anticipation or expectation 

plays an important role in consumer choice decision (Winer 1985,1986; and Kalwani 

et al. 1990). In this framework price expectations have bem modeled as a 

geomenicdly decaying function of laggeâ prices. A notable ciifference between the 

characteriration of price expectations in this models and the ones used in earlier 

studies (Kalwani et. al. 1990) is that this mdel  tests for the effects of attention on 

price expectations. Price expectations are modeled as follows: 

w here, 

Equation 4.5 reflects the possibility that consumer price expectations. king a 

latent variable, have a possibility of error in their measurement. This emr in 

measurement has been assumed to be m) normal, with zero mean and variance 

constant across time. The emr tem q, can be decomposed into emrs due to two 

different effects, and can be written as follows: 

4 = ri,, + %,y 

w here, 



and 

qirl captures the fact that consumers ofien do not have a good idea about the 

reference price for a produci, pariicularly for a frequently purchased product. This 

might be due to a loss of memory or the effect of an inexpensive product that is king 

bought by a consumer @ickson and Sawyer 1990). 

b tries to capture the measurement enors involved in specifjhg the latent 

reference price constmct, that is, though the history of past prices that might have 

been observed by a consumer is used as a rough estimate for reference pnce, this 

specification of reference price has enors in measurement that have to be incorporated 

in equation 4.7. 

The process of price expectations is modeled as an adaptive mechanism which 

is also affected by consumers' attention to price at any given tirne. In common with 

the literature on reference price (Winer 1986; and Kalwani 1990). i, is modeled as 

an adaptive process with decaying effects of lagged prices for al1 shopping trips. If 

attention is assumed to have no effcct on price expectations, then the process of 

adaptive expectations is given as follows: 



- - 
P,' = &#-l + (1 - A) q-,' . 

where 

k is a pariuneter ktween O and 1. 

In order to capture the effects of attention on pnce expectations. equation 4.9 

can be rewrïtten as follows: 

where, 

4.2.4 Consumer Utiiity for No Purehase 

For a mode1 that captures both brand choice and purchase incidence. it is 

important to define the utility of no purchase. This has ken specified as given below: 

w here, 
UiE is the utility derived by the i-th consumer at t-th time periad h m  not purchasing 

in the product category given by 7. 
a, is the intercept term for no purchase, constant across individuals and time period 

Date, is the day on which the t-th store visit was made, and 

Date,,-, is the day on which 1st time any brand was purchased. 



The term Dote, - Date,.., captures the time varying effect of disutility of purchase or 

the utility of no purchase. As the Iength of thne since 1 s t  brand was purchased 

increases, the disutility of purchase dccreases. A rationale for this specification is that 

as the stock of invmtory for a product goes dom. the probabiiity of purchase 

becomes higher. Hence, the expected sign of a ,  is negative. Another interpretation of 

equation 4.12 is that the term Dateir - Dateu.-, (time since the 1st purchase) has a 

double exponential extreme value (weibuiI-gumble) distribution with a swivor, and 

hazard rate as given below: 

and 

where, 

p ,  is a scale parameter that has been fixed to a value of 1, 

and rl, is the mode of the distribution. 

The hazard rate h(t) captures the likelihood of purchase, given that it has not 

occumd in the time interval (Oit). Hence. the purchase incidence model is nested 

within the brand choice m ~ d e l . ~  

6 This spccification does not control for inventory effects. The operationalization of the 
inventory variable used by Chintagunta (1993), Bucklin and Lattin (1993) is too approximate 
to be used in estimating models of purchase incidence and brand choice. As inventory is an 
unobsewed variable, its operationalization is nddled with measurement errors. This renders 
the parameter estimates biased, inconsistent, and unstable. 



4.2 J Consumer Brand Choice Probabüities 

In order to obtain consumer brand choice pmbabilities. one necds to substitute 

eq 4.5 in eq 4.1. The utility derived by consumer i for the j-th brand in the t-th tiw 

period, given that the consumer is in state s is given by: 

where, 

Assuming, 

2 2 2 cjP = an *ci = ap * 0; 

equation 4.1 3 can be written as follows: 

w hem, 

and 



4.2.6 Estimating tbe Mean LeveIs of the Unobsvoed Attributes 

The utility equation specified by equation 4.14 assumes that consumers use 

only observeci attributes to make decisions. EIrod (1988). and Elmd and Keane (1995) 

specify a method by which mean utility of unobserved attributes can be inferred h m  

scanner panel dam According ta E W s  (1988) specification, the utility that 

consumer i derives from the j-th brand at the t-th tirne period c m  be n-expressed as 

foIlows: 

where, 

Lj is the mean level of the unobserved "latent" attribute that is k i n g  used by 

consumers to make decisions, and 

w, - ~(ïF.1)  

The model specified in equation 4.15 belo~gs to the general class of models proposed 

by Elrod and Keane (1995). Elmd and Keane (1995) developed a factor analytic 

specification for the covariance matrix of the consumer specific utility term to infer 

the underlying market structure from revealed prefmnce data, such as scanner panel 

data. The model described by equation 4.15 cm be viewed as a "principal 

component" specification of the covariance matrix. Hence, the formal models that are 

proposed in this thesis can infer underlying brand position from revealed preference 



data. However, most of the other models in the market structure literature (Elrod 

1988; Eirod and Keane 1995) do not capture the computational limitations of the 

consumer. 

It is important to note here that the utility equation specified in quation 4.15 

subsumes a number of âiiennt models proposcd in the marketing literanire. An 

advantage of this utility formulation is tbat the models that assume consumers use al1 

available information to make decisions are a limiting condition of the structural 

model specified in equation 4.14. For a brand choice model, if the activation function 

(B's) are assumed to be equal to 1, weights are assumed to be uniform. % is quai to 

zero. and a smoothing exponential hinction is assumeci for the state dependence 

variable. then we obtain the Guaâagni and Littie (1983) model. Similarly, assuming 

expectations to k fomed rationally, and the activation hinction (Bs) to be equal to 1. 

and weights to be unifonn, we obtain the model of Winer (1986). Incorporating the 

effects of gains and losses and assurning uniform weights, Bs equal to 1, and 

expectations are formed rationally, we obtain the model of Kalwani et al. (1990). 

4 3  Implication of the Mode1 

A major implication of the structural model developed in this thesis is that it 

rejects the assumption of utility maximization theory that of consumers using dl 

available information to make decisions, Consistent with the models outlined in the 

bounddadaptive rationality literature ( Bettman, Johnson and Payne 1990), it models 

the consumer decision making without making the assurnption of normative decision 

d e s .  At a ibndamental level, this work provides an analytical framework that can be 

used to incorporate pnnciples of adaptation (bounded rationality) within the utility 

maximization framework without requinng measures of cost of thinking (Shugan 



1980). In fact. it goes a step furthet than the models of bninded rationality proposcd 

by Shugan (1980). end Payne, Bettman and Johason (1988). A major limitation to the 

f m w o r k  proposed by Shugan (1980). and Payne, Bettman and Johnson (1988) is a 

lack of understanding of how consumers decide which mie (heuristic) to use in any 

particular situation (Meyer and Kaha 1991). Activation theory, proposecl in this 

thesis, provides an explanation for this, as information s t o d  in the rnemory and as 

extemal stimuli are competing with each other for consumers' attention. Factors that 

are intrinsic to a consumer or exist in the extemal environment will not only 

detemine the value of the activation function, but also information that will CO-exist 

in the working memory at any given time. Hence, it provides an insight into choice 

strategy king used by consumers to make decisions. 

At a more applied level, this mode1 can be used to understand different 

consumer choice concepts such as dynamic consideration sets, risk aversion and the 

promotional sensitivity signal. The activation function can be interpreted in a number 

of different ways. It can k conceived of as the degree of confidence that the preferred 

feature of an amibute is pnsent. For example, Gmssberg and Gutowski (1987) use 

the activation function to mode1 the risk aversion behavior in the extended dynamic 

prospect theory. The expectation mjt in equation 4.2 can also be viewed as a dynamic 

pi hinction of prospect theory. As the activation mechanism is a function of the brand 

promotional activities, a positive nlationship would show that an individual is more 

certain of a price cut only when it is accompanied by an adveriisement or display. 

Thus, the activation mechanism provides an explanation for the empirical 

phenomenon of price promotion not accompanied by an ad-feahire, or a display has 

no effect on sales (Popkowski Leszczyc 1994) or the effect of promotional signal 

sensitivity found by Inman and McAlister (1993). 



Inman and McAlister (1993) argued that promotional sensitivity. the fact that 

consumers nspond to a promotional signal even though there is no prïce cut, is a 

result of consumers king conditioncd ta rrspond to promotional signals. A major 

limitation of this explanation has ken  provided by Chomsky (1957; 1968). Using 

paucity of stimuli as a counter argument to the S-R paradgm, Chomsky (1968) 

contends that the amount of data that an individuais rtceive in their lifetime is not 

enough to uniquely detemwie the nspoase to each and every stimuli they are exposed 

to. Thus. the S-R explanation provided by Inman and Mcaüster (1993) is not adequate 

for understanding the effects of promotional signals on consumer behavior. 

A more plausible explanation is found in the works of Grossberg and 

Gutowski (1987). They proposed a dynamic model of risk aversion that provides an 

information processing explanation for the effects of the promotional signal. They 

contend that in a dynamic model of r i s e  choice, the riskiness of an alternative has to 

be inferred frorn the environment. It can also be viewed as an interaction between 

short terni and long terni memory where the activation mechanism captures the risk 

associated with the attribute of an alternative and the reference pnce is the musa1 

level stored in the long tenn memory. The more the risk associated with the attribute 

of an alternative. the less will be its activation in the short tem memory an4 hence, 

the less the impact of that attribute on choice decisions. As the activation mechanism 

is dependent upon brand familiarity captured by intrinsic brand preference and 

pmmotional signal such as newspapcr advenising and end of aisle displays. a positive 

relationship between activation and these two variables would signify that consumers 



are more confident of a plice cut oniy wben it is accompanied by a promotionai 

signal? The less risky the alternative, the more its impact on choice decisions. 

By building on the arguments provided in the previous patagraphs, the r 

function cm also be thought of as capturing the dynarnic construct of consideration 

sets. Smaller values of the activation fiinction would imply low probability of 

marketing mix variables having an impact on brand utility. If the brand specific 

activation hinctions have small positive values, and the intrinsic brand preferences 

have large negative values, then the probability that the brand is king considered by 

consumers is very small: the higher the nsk associated with an alternative. capturecl 

by the activation mechanism, the lower the probability that it wiil k a part of the 

consideration set. A positive relationship between the external stimuli and activation 

function would increase the probability of a brand king included in the set of brands 

king considered at any given tim. 

In summation, this framework allows me to capture the psychological 

limitation of the consumer, adaptive rationality , consideration set and choice 

heuristics. In the next chapter, 1 pmvide a rnethod by which satisfcing modeis 

specified in the previous section c m  be implemented on scanner panel data. 

' Extension of this mode1 can be shown to capture and explain the effccts of preference 
reversal. Readers are refend to Grossberg and Gutowski (1987) for further detaiis. 



Chapter Fke 

Estimation 

The estimation of structurai modtls is made more difficult due to the fact that 

the attributes consumers are using to make decisions are not known to the rrsearcher. 

Thus. the likelihood function for the &ta has to bt evaluated over ali  possible 

combinations of attributes and brands, thereby integrating the uncertainty due to these 

possible States out of the likelihood function. In this chapter 1 discuss the technical 

aspects of the procedure that 1 use to estimate these models. The models to k 

estimated are specified below. Utility for brand choice is specified as: 

where, 

q - N*J) . 
and the utility for no choice is specified as: 

U ,k = aw + a ,  (Date* - Date,. -, ) + eii 

In the structurai mode1 given by quation 5.1, consumers' probability of 

choice is specified by a Iogit formulation. If v is defined as the deterministic part of 

the expected utility function, then v is dependent upon the attributes of different 

brands that are king used to make decisions. The number of different combinations 

of the attributes and brands that could have been used by consumea to make 

decisions is given by 2A(J X K), where J is the number of brands in the market, and K 



is the total number of amibutes that could have been used by consumers to make 

choice decisions. 

Let us assume that parameters that inchide price coeficient (a,). the 

advertking coefficient (4 ), the relative price coefficient (a, ),the common attribute 

(Lj). the coefficient for state dependence (a, ), are groupd into a vector given by 

0, ; and the coefficient for no purchase (a, ). the coefficient for inter-purchase 

timing ( a, ), are grouped into another vector, given by 9, . Similady, parameters for 

the activation hinction that include the intercept term y,, the parmeter that captures 

the impact of brand preference on activation y,, the coefficient for inter-purchase 

timing y, , and that for promotion y,, are grouped into another vector 8,. 

Using this notation described above. equation 5.1 and 5.2 can be recxpressed 

as foflows: 

a, =v,oy,q)+~# 

ui3 = y> (O2 ) + Ei> 

where the indexes are as described above. . 

Unfortunately, the general equation for the choice probabilities of the mode1 

cannot be specified by a cornmon equation for the two States, that is. for: (1) store 

visits on which a purchase is made in the product category by consumers; (2) store 



visit on which a purchase is not made in the product category by consumers. The 

following seaion outünes a method by which these probabilities c m  be specified. 

The unconditional probabifity that the j-th brand is chosen by consumer i on 

the t-th time pend is given as follows: 

and the unconditional probability that no brand ( ?-th alternative) is chosen by 

consumer i on the t-th time period is given by: 

where, 

d i  = 1, if consumer i makes a purchase in the product category in the t-th time 

P(s, ) is the probability of consumer i k i n g  in the s-th state in the t-th time period, 

P(A,  ) is the probability that consumer i is making a decision in the t-th time period. 



The diflerent possible scenarïos wiil vary depending upon: (1) the store visit 

on which no brand is bought, and (2) the store visit on which one of the brands is 

bought fmm the purchase category. In order to estimate the model, probabilities 

specified in equations 5.5 and 5.6 neai  to be defined. 

5.1 Store Viits on Which No Purchase is Ma& by a Consumer 

There are two possible scenarios for a store visit on which no purchase is 

made in the product category: (1) consumer i makes a decision not to make a purchase 

in the product category, and (2) consumer i makes no decision at al!. Even in the 

second scenario, consumer i makes no purchase in the product category. As there is 

complete uncertainty about these two states described above, it has k e n  assumed that 

the probability of the i-th consumer making a decision at the t-th time period is as 

follows: 

P(Au = 1) =5 

A ,  = 1. if consumer i is making a decision on the t-th shopping trip 

=O, otherwise. 

Hence, when consumen make no purchase in the product category. there is 

an equal probability of consumers either making a decision or that of not making a 

decision. 



If consumers make no decisions in dK product category. then a researcher 

knows with certainty that there is only one state possible, which is that of no 

information king proccssed, and hence, no brand k i n g  bought by a consumer. The 

probabiiity of not buying in the product category, given bat no decision is king made 

by a consumer is the product of three probabiiities given below: 

Combining equation 5.8,S.9 and 5.10 we obtain the probability of consumer i 

choosing alternative 7 (no brand in the product category) at time t, given that a 

consumer is not making a decision. This probability is expressed as follows: 

 KG(^, =o))=tfl${%.~4,&4 = o } ) * R J ~ I M . ~  =0))*44 =QI+ (5.1 1) 

On the contrary, if a decision is being made in the product category and no 

brand is being bought in the product category, then there are 2A(J X K) different 

possible States, where J is the total number of brands in the market, and K is the total 

number of anributes king used by consumer to make decisians. The pmbability that a 

consumer is in a particular state is given as follows: 



where, 

B d w  = 1, if in a given state s, consumer i is attending to the k-th attribute at t-th 

time period of the j-th brand, 

=O, otherwise, 

and, 

n,, is the probability of consumer i attending to the k-th attribute of the j-th b m d  at 

t-th time period, and is given as: 

Given that a decision is king made in the product category, and that a 
- 

consumer is in state s, the probability that j-th aitemative (not to purchase any brand) 

is chosen is as follows: 



Hence, the probabiiity that consumer i is choosing alternative 7 (nochoice) at t-th 

time period, giwn that a consumer is making a decision and is in state s is obtained by 

combinïng equations 5.7.5.12 and 5.14 : 

[~( iTt l {s ,  90, ,&.w;-,A~, = 1})1P(si,1{0,,Ah = l } ) P ( A ,  = 111 (515) 

and the unconditionai probability of not choosing a brand in the market by consumer i 

for the t-th ston visit when no purchase is made in the product category is as follows: 

where , 

S is the total number possible combinations. 

Also, the unconditional probabiiity of consumer i choosing brand j on the t-th store 

visit on which no purchase was made in the product category is given by:- 

5.2 Ston Visit on Wbich a Brand is Bougbt from the Product Category 

If on a store visit consumer i bought a brand in the product category, then a 

researcher knows with cenainty that a consumer is making a decision. This can be 

expressed as follows: 



P(AY = 1) = 1 (5.18). 

As a decision is k i n g  made in the pioduct category. there are in al1 2A(J X 

K) diffcrnt possible States, with the probability that a consumer is in any particular 

state given by equation 5.9 and quation 5.10. 

Given that a decision is being made in the pmduct category, and that a 

consumer is in state S. the probability that j-th brand is chosen on the t-th store Msit is 

as follows: 

Combining equations S. 12,5.18 and 5.1 9, the unconditionai pmbability of j-th brand 

k i n g  chosen on the t-th time period by consumer i is given as follows: 

As equation 5.20 is independent of A, , it can be expressed as follows: 



A b ,  the unconditional pmbability that consumer i chooses not to purchase a brand in 

the product category on the t-tti store visit on which a brand was bought is given as 

follows: 

Combining equation S. 16 and 5.22, the unconditionai probability that consumer i 

chooses brand j on the t-th store visit is expressed as follows : 

and, combining equations 5.17 and 5.2 1, the unconditional probabilities that 

consumer i chooses the j-th brand on the t-th store visit is given as fo1lows:- 

where, 

d i  = 1, if consumer i makes a purchase at the t-th time period in the product category. 

=O othewise, 

and, 
- 
j = option of no choice, 



j = the j-th brand in the market. 

Both equation 5.23 and 5.24 have a hetaogeneous logit formulation 

(McFadden 1991). hence, do not have a closed fonn solution. Variants of this model 

have k e n  estimated using numerical integration (Elrod 1988). a semi-parametric 

approach (Chintagunta 1991). or sarnpling techniques (Erdem 1993). A major 

limitation of the numerical integration approach is that integration of mon than three 

or four dimensions is not possible and therefore cannot k applied to large choice sets. 

Con- to this, the semi-parametric approach is oftcn considered to be the most 

prefernd estimation procedure as the underlying distribution does not have to be 

specified (Elrod 1991). Rather, the heterogeneity distribution is approximated by a 

cumulative distribution function (Kamakura and Russell 1989). A major limitation of 

the semi-parametric approach is that, as a multivariate distribution function is king 

approximated by a few mass points, the possibüity of mis-specification is very high. 

Though simulation techniques suffer h m  the drawback of having to specify the 

underlying distribution for heterogeneity, an important advantage of this method is 

that high dimensional integrais can be evaiuated using very inexpensive Monte-Carlo 

techniques (McFadden 1989; Pakes and Pollard 1989). 

Unfominately, the model specified by equation 5.23 and 5.24. must be 

evaluated over discrete distributions in order to account for uncertainty due to 

researcher's lack of knowledge of the information king used by consumers to make 

decisions. Similar to the models in Monte-Carlo simulation literature (Erdem 1993; 

Supan and Hajivassiliou 1993). for a given state space, simulates are sampled fmm 

the prior distribution. Given the values of the simulates, state space and the parameter 

estimates nquired to evaluate the probability function provided in quation 5.14 and 

equation 5.19, it is possible to constnict a likelihood fûnction for the observed data. 



Using an iterative proceâure such as BFGS, one c m  obtain the maximum Iikelihood 

estimates for the problem. 

If 8 are bK estimates of the set of parameters on any given iteration, then the 

cocresponding simulated log-likeiihd for the data set conditional on the parameters, 

is given by 

where, 

d ,  =1, if consumer i chwses the j -th brand in the t-th time period 

=O, otherwise, and, 

di* =1. if consumer i chooses not to purchase in the product category in the t-th time 

4, otherwise. 

The simulated probabilities P * (ijtlû) and P * (i3l e) are Oven as follows: 

where, 



and 

YI ,  13.. ...fi, are random vectors drawn h m  the distribution f (W, 18) and N is the 

total number of draws h m  this distribution. 

Thus, monte-carlo integration can be used to estimate the parameters of the 

mode1 described by quation 5.26 and 5.27. Before discussing the estimation result 

(Chapter seven), 1 fmt discuss the specifics of the data set used for theory testing. 



Data Description 

The data that I have used to test the hypotheses is a subset of the ketchup data 

provided by Nielsen Inc. The data base includes store and brand choice information 

for approximately 3ûûû househdds, h m  the two markets in Sioux Falls SD, and 

Springfield MO. Daily data is available for thme years between 1986 and 1988, and a 

variety of exogenous vari-ables are provided for each individual store visit. The 

househoid demographic information is also available. The ketchup consists of three 

major brands, Heinz, Hunts, Del-Monte, and a group of private Iakls and generic 

btands, These account for 99% of the market share. 

1 use scanner panel data for two reasons: (1) the model has been developed for 

frequently purchased non-durable goods, and (2) the theory predicts the mediating 

role of reference price and activation or attention on brand choice. The formation of 

reference price and activation mechanism requires some experience by consumers. 

Ketchup is a product category that is frrqwntly purchased by consumers which will 

provide them with the prequisite experience to form price expectations. 

Ketchup as a product category has been chosen for the following misons: 

(1) it is a fnquently and regularly purchased item; 

(2) the brands in this category are regulariy promoted, and an therefore a source of 

price variability; 

(3) as my model does not account for purchase quantity, it is desirable to use a 

product category in which consumers rarely or never purchase more than one item of 

the same brand; and 

(4) previous research has shown (Mem 1993) that for mature market products like 

ketchup or laundry detergent, preferences for the brands are well established. 



As my model d œ s  not incorporate learning effects, ketchup data set was a good 

choice for investigation. 

This data set has al1 the iafomation mircd to estimate and test the model. 

The exogenous variables, for each store visit, such as price, advertising, price 

speciais, displays, store at which the brand was bought an availabk. The information 

required to implement the probabilistic activation function is also available or can be 

imputed reasonably well from the data. 

6.1 The Data Set 

One hundred individuals were randomly sampled h m  Sioux Fa11 data for the years 

1987 to 1988. In this market there are three major brands- Heinz, Hunts, Del Monte 

and a group of genenc brands. Heinz is the market leader, followed by Hunts and Del 

Monte. The market share for the four brands is provided in the table below. 

Insert Table 3 about here 

In order to limit the dimensionaiity of the underlying heterogeneity structure 

different sizes of the same brand were not included in the analysis. Rather, price was 

converted to price per ounce. In a way, al1 s i w  werc included in the study but were 

not distinpished. The dependent variable is a brand choice variable. Consumers can 

choose from the four alternative brands, and can also choose not to purchase any 

brand on a given store visit. 

The exogenous variables such as price, advertising, purchase timing and 

promotional variables were used for estimating the model. The purchase history 



(consumen' purchases over time) and the tetail tracking fiies (weekly store sales) 

were used to obtain pria data To calculate prices of the competing brands, store 

specific prices were useâ as prices d E e d  significantiy by stores. Prices per ounce of 

ketchup differed significantly depending on bottie size. Thenfore, pnces for the 

competing brands were calailateci for the same bottie size. 

There are in total twenty five stores, four bmds end four different bottle sizes 

of each brand in each ston for a total of one hundred and fm weeks. Unfortunately, 

when no purchase is made during a week in a particular ston, price data for that store 

is not available. Whenever price data was missing, chah price for the brand was used. 

Without this information, average price for the last quarter for the store is caiculated. 

If no purchases were made in the past quarter. then prices were averaged over the 

previous year. If price information was still not available, then the prices were 

averaged over a period of three years. 

The price variable is the actual price paid by the consumer before the use of 

coupons. Coupon usage is not incoxporated as one of the independent variables. The 

information about the coupon value for the brand that is king purchase is only 

available. The information about coupon value or availability cannot be obtained for 

the competing brands. This has an effect of biasing the iesults. In addition, the process 

of coupon selection is an endogenous variable kyond the scope of this study. 

The advertising variable is a dummy variable indicating whether a particular 

brand was localiy advertised (in the local newspaper) or not. The promotional variable 

is also a binary variable that takes a value of O if a brand is not promoted, and a value 

of 1 if it is promoted. One important aspect of the promotion that needs to be pointed 

out is that it is recorded only if a price promotion is accompanied by a display or an 



ad feature. Hence, the promotional variable is an interaction between a price 

promotion and an in-store promotion or an ad feahre. 



Market Share 

Brand Market Share 
1 

Heinz 
r 

Hunts 
Del Monte 

Generic 

70.6 1 % 
14.42% 
7.65% 
7.29% 



Chapter Seven 

Data Analyysis 

In this chapter I provide the empiricai results for the models developed in 

chapters four and €ive. Three models wen estimateci (1) the "satisficing" mode1 

described in chapter four. (2) a heterogenous logit (HGL) model that is a variant of 

the model proposed by Guadagni and Little (1983); and (3) a reference price model 

(KaIwani et. al 1989). 

An important advantage of the model descrikd by equation 7.1 is that the 

HGL model (Guadagni and Little 1983) is its limiting case. For example, if Bs are 

assumed to be equal tol, and if an is equal to zero, then the model is a HGL model. 

Hence the HGL model can be used for evaluating the performance of the satisficing 

model. The satisficing model is as follows: 

where, 

The HGL model can k viewed as a variant of the Guadagni and Little (1983) 

model. In particular, the HGL tries to disentangle the eff- of state dependence and 

heterogeneity - state dependence is captured by the inclusion of lagged choice and 

heterogeneity is captured by the assumed functional form for the household specific 

brand intercepts. As a mult in this variant of the Guadagni and Little (1983) model 



an exponentially decaying finction for brand loyaky is not estimated. In addition, the 

HGL model can also be considered as an extension of the intemal market structure 

model pmposed by Elrod (1988), as it incorporates the impact of exogenous variables 

on choice. The equation for the HGL model is given as follows: 

= L,& ++a, p, + auan + CY,d,.-, + Eyr 

where, 

L, is the factor loading for the "latent" attribute king used by consumer i to make 

decisions, 

is the weight attached by consumer i to this attribute, 

a, is the price coefficient of consumer i, 

a, is the coefficient for state dependence common to dl consumers, and 

a, is the advertising coeffcient of consumer i. More specifically, 1 make the 

following assumption: 

Equations 7.3.7.4 and 7.5 assume that consumer specific weights for the "latent" 

unobserved variable and that for the coefficient of price and advertising are normally 

distributed across the population. 



The other mode1 used for cornparison to the satisficing model is a variant of the 

refennce-price mode1 proposeci by Winer (1986) and Kalwani et al. (1990). By 

constraining the Bs to k equal to 1, a, = O and factoring the impact of the differenœ 

between price expectation and price (p,; - p, ) . into gains and losses. one obtains 

the reference price model specified below: 

II, = LjF +aa, *(Gain, +A, *Loss,) +a,ar +a,d ,,, +& 7.6) 

where, 

A, is the loss avenion coefficient with respect to price, and, 

Gain,, is defined as the positive difference between reference price and observed 

price, 

Loss, is defined as the positive difference between observed price and reference 

price, and, 

a, ,a, and y- have been defined in equations 7.3,7.4 and 7.5. 

The operationalization of Gains and Losses are defined as follows: 

When the price of brand j is equal to or below that of the reference price for the j-th 

brand, then the consumer i faces a positive p r i e  difference given by: 

Gain, = p& - p, , bss ,  = O. 

When the price of brand j is above that of the refennce price, consumer i faces a 

negative or loss price difference given by: 

Gain, = O ,  bss* = p, - P,;~.  

Also, the reference price is defined as follows: 



= =A*P> +(1-app,;-, Pijt (7-7) 

where Â. is the exponentiai smoothing hiaction. 

It is important to note that the utility function spccified in equation 7.2 is an 

extension of models specifieâ by Wmer (1986). and Hardie, Johnson and Fader 

(1993) as it incorporates heterogeneity in the price coefficient. A few researchers have 

argued (Kalyanaraman and Winer 1996) that the significance of the loss aversion 

parameter may in fact be due to the non-inclusion of a heterogeneity mesure of the 

price coefficient. This mode1 provides the opportunity to study the effect of 

incorporating heterogeneity on the loss aversion coefficient 

In al1 the three rnodels, the utility for no-purchase has been defined as klow: 

LI, = a, + a,, (Date, - Datekm-, ) + E~~ 

w here, 

a, is the intercept tenn for "noîhoice", and, 

a ,  is the impact of purchase timing on the overall value for no-purchase option. 

Hence, the purchase timing mode1 is nested within the brand choice models. 

Both the HGL and referénœ price models are representation of the normative 

unbounded model in which consumers are ppresented as utility maximizea who use 

al1 available information to make decisions. It is important to note here that HGL and 

reference pria  models are lirniting and not nested cases of the satisficing moâel 

descrikd in quation 7.1. Hence nesteâ tests like the log-likelihood ratio test cannot 

be used for identifying the best model. Indeed 1 use MC, BIC. CAIC and HQ fit 

criteria for identioing the better model. In the next few sections of this chapter 1 

provide empirical ~ s u l t s  and model comp~sons. 



7.1 HGL M d e l  

The parameter estimates and the standard emrs of the estimaîes for the HGL model 

are provided in Table 4. 

- - - 

Insert Table 4 about bere 

For identification purpose, the utility of generics has k e n  set to zero. 

Therefore, statisticai tests for the cornmon factors of the three brands hold no 

meaning. Hence, intemal market structure studies do not report the t-values. Al1 

parameter estimates have the right sign and are significant, except for the parameter of 

heterogeneity for the advertising coefficient. It is important to note hem that the 

effects of state dependence and heterogeneity have been incorporated separately in 

this model. A significant positive parameter for state dependence shows that that the 

past purchases associated with a brand (brand loyalty) inmases the probability of 

brand choice, even though the utility function is king controlled for heterogeneity 

(consumer specific idiosyncratic intrinsic brand preference). This result is consistent 

with Keme (1995), who found significant impact of past purchases on cumnt choice 

despite inclusion of cornplex functional forms of heterogeneity. 

The negative parameter estimate for the purchase timing variable shows that 

as time increases since the last brand was purchased, die probability of a consumer 

making a purchase also increascs. This is captured by the demasing utility of no 

choice over time. 



7.2 Refemnce Price Model 

nie resuits for this model have becn provided in Table 5. 

insert Table 5 about here 

AU parameten have the right sign and are significanf except for the 

heterogeneity parameter for the adveitising coefficient As hypothesized. the loss 

aversion panuneter has a negative sign. though it is not signif~cantly different ftom 

one. This nsult conttadicts the fndings of earIier studies (Hardie. Johnson and Fader 

1993; Bell and Lattin 1993). Though a proper undemanding of this anomaly will 

require further investigation. one can conjecture that the significance of the loss 

aversion parameter may in part be due to the non-inclusion of the heterogeneity 

structure for the price coefficient. ïncorporating heterogeneity may render the loss- 

aversion parameter insignificant. 

7.3 Structural Satisficing Model of B m d  Choice and Rvehase Incidence 

The parameters for the satisficing mode1 are the same as the ones for the HGL 

model, except for the parameters of the activation function and the specification of the 

impact of pnce on brand utilities. The satisficing model assumes that it is not only the 

absolute values of attributes that are important, but also the relative values of the 

attributes evaluated about a reference point. Values that are less than this reference 

point are viewed as gains, while those that are more than the reference point are 

viewed as losses. Hence, the expected sign of the pararneter % or the pararneter for 

gain is positive. 



y, captures the effect of intrinsic brand prefemces on activation. y, 

incorporates the impact of time sînce the last brand was purchased on the activation 

function and y, captures the impact of promotion on attention. Though the model in 

equation 7.1 specifies the atttibute specific activation fùnction for the two marketing 

mix variables included in the model - (price and advcrtisiag). in order to decrease the 

dimensionality of the estimation problem these two are constrained to be equal. Not 

only does the constraining of the parameters ease the burden of computing high 

dimensional integrals. it also increases the interpretability of results. The intercept 

tenn, y, for the activation mechanism. is the threshold level for attention. Large 

positive values would mean that there is a probability of consumers using al1 available 

information to make decisions and conversely. large negative values would mean a 

small probability of using that information. Hence. the deterministic component of 

the consûained model estimated here is as follows: 

where, 

B,, = 1, if consumer i is attending to the attributes of the j-th brand at t-th time 

period in the s-th state, 

= 0, otherwise. 

Insert Table 6 about here 

The parameter estimates and the standard emn are provided in table six. A few 

results in this table warrant an explmation. For identification purposes, the utility for 



generics has been fued to an arbitrary value of zero. Hence latent common f a n ~ s  

reported in tabk six are relative to generics and do not have any absolute meaning. As 

this mode1 diffcmtiates the positions of brands in the amibute space, the nsult 

suggests that Heinz has the maximum and Hunts has the lowest unobserved attribute 

in question. 

The ~ ~ u l t s  show that al1 parameters are significant. The coefficients for the 

activation mechanism. such as that for promotion, are positive. This indicaies that the 

promotional variable makes the amibutes of the brands more salient, which leads to 

an increase in utility and, consequently, an increase in the probability of choie. The 

intercept terni y, is a measure of the threshold value. A positive significant threshold 

value signifies that consumers are predisposed to use information about attributes to 

make decisions. 

The signifiant negative parameter for y, can be interpreted in the following 

way. A consumer can simpiify a decision problem either (1) by considering a subset 

of brands available in the market ( A n h w  and Srhivasan 1995), or (2) by selectively 

processing pertinent information at any given tirne (Payne, Bettman and Johnson 

1988). Most studies in marketing that attempt to capture the limitations of consumer 

information processing assume one of the these two positions. y, captures both these 

elements of consumer decision making. A positive parameter signifies that the= is a 

higher likelihood of using information about the attributes of the brands that one has 

bought in the part (brand loyalty). Conversely, a negative panuneter signifies that 

consumes, while making decisions, use only latent attributes, for example, taste and 

freshness, for the brands that they are loyal to, and, both unobserved and obse~ed  

attributes, such as taste and price respectively, of brands that they are not loyal to. 



The negative parameter for y,shows that with the incrrase in time since the 

Iast brand was purchaseà. the impact of marketing mix variables on braod choice 

decreases. A rationale for this result is as foiiows. As inter-purchase timing is related 

to inventory, one can say that as tirne since the last brand was purcha~td hc~ases, the 

stock of inventory available to a consumers for use goes down. With a decrease in 

inventory, consumers wish to replenish the stock. Hence, with the incr«ise in inter- 

purchase time the inventory effm wiil dominate the decision, thereby reducing the 

impact of marketing mUt variable on choice. On the other band, if consumers are 

making a decision to buy a brand in the market at a time when inventory levels are 

high. there is a higher probability of them using the information, such as gains in the 

price, to make decisions. As the need to replenish the stock is not that urgent, 

consumers can chwse to buy the product at a later time. Their processing of 

information can be ascribed to the concept of regret. A negative coeficient would 

mean that utility gained by making a choice earlier than expected (by virtue of their 

mean purchase timing) is a result of not regretting to pass up a current attractive offer 

in anticipation of an attractive offer in the funire. Regret may in tum be due to 

exogenous variables, such as promotional activity, advertising, or price cuts. 

An interpretation of the values and signs of the parameters of the activation 

function is that boui brand familiarity and extemal cues in the environment decrease 

the perceived risk involved in making decisions. The satisficing mode1 seems to 

suggest that both experience associaad with brands and promotional signals tend to 

demase perceived risk and, hence, increase the probabüity of purchase. Rior 

experience with a brand makes the exogenous variables, such as price. not an 

important component of consumer decision making. Brand loyal consumen use 

unobserved latent attributes to make choice among brands available in the market. As 



marketing mix variables are less important to loyal consumers, positive past 

experiences will have a substantiai impact on choice. 

A positive parameter for promotion signifies that consumers wili take notice 

of a price cut only when it is accompanied by some fonn of promotion. This result 

provides an explanation for the empincal anomaly of promotional senstitivity. The 

activation function cm be thought of as bringing pertinent information to short term 

memory. Promotionai activity brings information about price gains to the working 

memory, thereby making the gain more salient 

The mechanism of making certain bits of information more active than others 

can also be thought of as an interaction between long term and short terni memory. 

The price expectation, which can k thought of as an arousal level, is stored in the 

long term memory as a reference criterion. On the other hancl, the activation function 

can be thought of as bringing the dflerence between price and the reference price into 

the active working memory. When a brand is not pmmoted the likelihood that this 

difference will be noticed will be lower han when a brand's price promotional 

activity is accompanied with a promotional signal. 

The satisficing mode1 also tends to suggest that different consumer histories 

c m  lead to consumers making radicaily diffcrent decisions. As the price variables that 

a consumer is exposed to on a store visit can have an impact on the reference point, a 

gain for one consumer could be a loss for another. Consistent with the findings of 

Kalwani et al. (1990), the parameter A, is not significantly different from one which 

means that only the 1st  time period's pnce (store visit) is important in the formation 

of price expectations (brand specifc rcfcrence prices). 

The parameter estimates for the activation mechanism also seem to suggest 

that consumers tend to consider only the "latent" attributes of the brands (such as 



taste, ficshness) that they have had sorne positive experienœ with. in the past. There 

is a Iower probability of consumer using information about marketing mix van*ables 

of these brands, such as price and advertising, to make decisions. Contraq to the 

findings of Hauser and Wernerfelt (1990), and Roberts and Lattin (1991)' that 

suggest the existence of an optimal size of the consideration set, the results of this 

research suggest its non-existence. Rather, consumers tend to selectively process 

information about al1 brands available in the market. Extemal cues in the form of 

promotional activities increase the Iikelihood that observable attributes (pnce gain 

due to promotional activity) are brought to the notice of the consumers. 

A positive parameter for absolute price can be infemd to mean that 

consumen use absolute price to discriminate between high quality and low quality 

brands. The relative price of the brand i s  used to asses a gain or a loss. 

7.4 Coodness of Fit 

In order to identiv the k s t  of the three models, HGL, reference price and the 

satisficing brand choice, four different measurcs were employed It is important to 

realize that these models belong to three different class of models - substantive. 

%e idea that consumers, while making a pwhasc decision consider an optimal number of 
brands bas its mots in information economic b r y  (Stigler 1961)- This argument can be 
viewed as king equivaient to ihe concepts of sampling theory which calculates the number 
of observations requireà to makc inferences about the population with a certain amount of 
confidence. Simon (1978) points out that thougb this might explain the nason for the 
existence of the latent construct of consideration sets, it violates the assurnptions of bounded 
mtionality. The number of steps in the decision making are i n d  and not decreased by 
viewing the decision pmetss as a two stage process. Not only does a consumer have to make 
decisions about which brand to chwse, but also how many brands ta consider at any given 
tirne, Thus, although the explanation of information economics might have explanatory 
power, it Iacks procedural rationality. The end result may make sense, but the proccss 
outlined by the theory cannot even approximately describe the process king used by 
consurners to make decisions. 



processual, and procedural rational models. Erdem (1993) specifies the model 

pro@ by Guadagni and Little (1983) (HGL is a variant of the original G & L 

model) as an "a~mximation to the reduced form" m&l. As G& L model assumes 

unbounded rationality, 1 =fer to this as a substantive rational model. The reference 

price model is a variant of the original mode1 proposcd by Winer (1986) and tries to 

undentami the process by which coasumen use @ce to make decisions. Although it 

attempts to understand the process of making choice. thus makuig it a processual 

model, it still assumes unbounded rationality in the fom of consumer abüity to use 

dl available information to make decisions. The satisficing model goes beyond the 

processual models as it incorporates computational limitations of consumers in the 

fom of activation functions. Probabüistically, at any given time only certain bits of 

information are active and are. therefore, king used. 

Table seven provides a comprehensive sumrnary of the evaluation of the 

three models on these four criterion - AIC, HQ, BIC and CAIC (Elrod and Keane 

1995). The log-likeühaods for the HGL, refemce price and satisfcing models are 

provided in the table. 

AIC is defined as : 

AIC=-2*LL+2*& (7.10) 

when R is the number of parameters estimated in the model. A major limitation of 

this criterion is that it suffers h m  the phenomenon termed dimension-inconsistency 

(Elrod and Keane 1995) and, thus, is not able to identify the most parsimonious 

model. 



To remove this limitation of the AIC criterion Schwan (1978) proposed the 

BIC that talces into account the number of observations in the data set- BIC is defined 

as follows: 

BIG=-2*LL+R4n(N), (7.1 1) 

where R is the number of parameters and N the number of observations in the data 

set. 

Perhaps the criteria that imposes maximum penaity for additional parameters 

is the Consistent Akaike Information Criterion (CAIC) developed by Bozdogan 

(1987) and is defined as follows: 

CAIC=-2*LL+R*ln(N)+R (7.12) 

Elrod and Keane (1995) contend that both B K  and CAIC over penalize the 

log-likelihood function and argue that the HQ measure derived by Hannan and Quinn 

(1979) is the ideai measure for model selection. Their argument is baszd on the fact 

that HQ penalizes the log-likelihood for an extra penalty by a minimum value 

required to preserve the property of dimensionai consistency. Dimensional 

consistency is a necessary requinment of the criteria used for model selection. HQ is 

defined as follows: 

HQ=-2*LL+2*R4In(in(N)) (7.13) 

Using different criteria for mode1 selection often leads to accepting different 

moâels. Though this is mie for a number of studies conducted in marketing (Erdern 



1993; Eirod and Keam 1995). table seven shows that on alI four selection criteria the 

satisficing model docs better than the HGL and the rcfercnce price model. 

lnsert Table 7 about here 



Table Four 

Parameters 

L2 (Del Monte) 1.25 (.083) 

No Choice 
- 

(pn,) 

4.58 (.055) . 

- i .45 (.026) 

1 ad (State Dependence) - 
aa (Advertising) 

* Not significmt at .O5 Ievel of significance 

1 .O2 (.096) 

1.80 (. 163) 

 PI (Purchase Timing) - 1.32 (.028) 



Table Five 

Reference Price Mode1 

Parameters 

r 

LI (Heinz) 

L2 (Del Monte) 

- 
(Gain) 

Estimates 

(Std-Error) 

2.40 (.O 10) 

-58 C.200) 

L3 (Hunts) 

No Choice 

1.41 ( . l a )  

4-59 (. 1 30) 

*not significant at .O5 level of significance 

#PI (Purchase Timing) 

** not significantly d i f fc~nt  from 1 

-1.17 (-1 12) 

*** not significantly different from - 1 



Table Six 

Parameters Estimates 

I L2 (Del Monte) ! -1.33 (-123) 

No Choice 4.00 (. 146) 

(State Dependence) 

*Not Significant at .O5 level. 

**Not Significantly different fnnn 1. 

1.40 (.056) 

(Purchase Timing) 
- 
W 

- 1 .O3 (-200) 

.O0009 (-035)" 



Table Seven 

Goodness of Fit Criteria 

LqipLikelihood 

, No. of Parameters 

AIC 

B K  

C N C  57 14.8 1 6873.5 6769.9 1 

HO 5628.03 6798.26 6705.02 

Satisficing Mode1 

-2780.68 

15 

559 1.36 

5699.8 1 

Rderenœ Rice 

-3370.4 

13 

6766.8 

6860.5 

HGL 

-3328.8 

I I  

6657.6 

6758.9 1 



Chaptv 8 

D i s d o n s  and Conciusions 

8.1 General Discussions and Iinpiicatioas 

Though it is heartcning to see that the satisficing mode1 has a better 

explanatory power than the rational HGL model, it is important to remember that the 

tme purpose of structural models is to understand and describe choice processes. For 

example, the satisficing model assumes an inability of consumers to use al1 available 

information to make decisions. This assumption can be captureci in a number of 

different ways such. These different ways are seen in the model proposed by Payne, 

Bettman and Johnson (1988), and Roberts and Lattin (1991). In this thesis, neither 

one of these two methods is used to capture limitations on consumer decision making. 

These methods attempt to capture the scarcity of human thinking as a technological 

and not a psychological construct. This assumption of scarcity of rnind king a 

technological limitation is at odds with the theory of bounded rationality. 

In this thesis a more plausible process of consumer thinking pmcess is 

proposed Bonowing ideas from Rumelhart and McCleland (1986), this work 

implements the psychological limitations of the human mind by the use of activation 

mechanisms. It argues that certain bits of information can k activated more than 

others. hence will be used by consumen to make decisions. Althwgh detennining the 

optimal consideration set size (Hauser and Wemerfelt 1990) and symbolic 

manipulations required for heuristic decision making can be costly human thinking 

processes, it can be argued that the sprcad of activation is not expensive and can be 

achieved in parallel (Anderson 1993). In addition, the activation mechanisrn mitigates 

the computational complexity of the process based heuristic models. Of the several 

heuristics that are available to a consumer it is not certain which will be used by a 



consumer to make decisions. Furthemore, in an uncertain environment it is not 

certain how consumes decide which heuristics to use as the costs and benefits of 

using different niles are not kwwn (Meyer and Kahn 1991). 

Activation m&ls have the advantage of not nquiruig the information on 

cost and benefits of using different heuristic rules. Given the psychological 

limitations, knowledge of the environment in which the decision is k i n g  made is 

enough to predict the bits of iMomation that wiii becorne salient for any decision. 

The variables that impact activation can often be determinecl fiam theoreticai 

development in the area of information processing (Newell and Simon 1972; Simon 

1978; Simon 1976), connectionism (Anderson 1976, 1983. 1993) and mernory 

(Johnson-Laird 1983, Anderson 1 W6)? Infact, the satisficing model is the only model 

in marketing that attempts to undentand and model consumer choice behavior under 

~ncertainty.'~ The activation mechanism c m  be thought of as capturing either the 

9 This argument cornes from the views proposai by Rumehart and McCleland (1986). niey 
argue that symbolic manipulations leading to models of heuristic decision niles are 
macroscopic accounts, analogous to Newtonian mechanics, whereas activation models offer 
more microscopic accounts, analogous to quantum theoty. In a broad range, just as  the two 
theories of physics -Newtonian mechanics and quantam theories, both the symbolic and 
activation theories are able to pd ic t  behavior of individuals. However, simila. to 
Newtonian mechanics, heuristic theory breaks dom. One such example is the choice of 
decision nile used by consumers to make decisions in an uncettain envuonment where the 
cost and benefit of using diierent decision niles are not known. It is for an understanding of 
these situations that a more microscopic theoe is required and is providecl by the activation 
theory. 
10 Economic theory frrquently uss tcrms "risk" and "unceaainty" interchangeably (Erdem 
1993). It is important to distinguish betwem these two concepts. When the moments of 
distributions are known with certainty, &en the decision is king made under risk. On the 
other hand, uncertainty can stem h m  a number of different sources. Som of hem rnay be 
as follows: (1) Consumers may not be aware of the different alternatives available to them at 
any given tim; (2) Consumers may not have the ability to use al1 the available information to 
make decisions; (3) Consumers m a b g  decisions in an absolutely new environment have no 
idea of the moments of distribution of the variables that might e t  decisions. Ail these 
conditions render economic models of utility maximization under risk highly inappropriate to 
capture consumer decision making. The satisficing mode1 captures the uncertainty of the 



uncertainty or the nsk involved in making a àecision. The lower the activation, the 

more risky the choice alternative and, consequently, the l e s  the derived utility h m  

the alternative. A srnail positive or a large negaiive bmd intercept would mean that 

(1) a brand (alternative) is unfamibar and may not be a part of the consideration set, 

or (2) that the consumer does not have the ability to use ail the available information 

and is not able to consider an alternative. Hence, brand loyalty or braud famüiarity not 

only increases the probability of choice, as rneasured by purchase feedback, but also 

decreases the perceived risk by inmasing activation with the result that information 

pertaining to a brand is brought into the working rnemory. As bits of information are 

competing with each other for attention, activation not only bnngs information into 

working rnemory but also inhibits infornation about other brands becoming available 

at the time of making decisions. This mechanism of inhibition can wbstantially 

i n c m  the probability of choice as the probability of choosing a brand is largely 

dependent upon the number of brands in the consideration set. Thus, it is in the 

interest of brand managers to make certain that the number of brands a consumer is 

considering is kept to as few as possible, and that theK brand is part of this 

consideration set. 

There are a number of difTerent ways of accomplishing this. One way is to 

increase brand name awareness. Another w.ay is to decrease perceived risk related to 

brand choice by positive brand associations and increased perceived quality. A third 

alternative is to increase brand loyalty by offering high perceived quality. Al1 these 

variables in effect lead to higher brand equity. In another study it has been suggested 

by Erdem (1993) that perceived risk (in this mode1 perceived risk is king captured 

form describecl by (1) and (2) and has the ability to capture the uncertainty of the form 
described in (3). 



by the activation hinction) is related to brand equity, and that decrase in prceived 

risk le& to an increase in brand equity. Aaker (1991) mites that brand equity can be 

incnased by: brand name awareness, brand loyalty, perceivcd quaiity and branci 

associations. The activation fbnction that captuzes differcnt components of brand 

equityl' shows that a brmd that has low brand equity wiil have to use price 

promotions to atrnrt consumem. 

8.2 Future Research 

A numkr of issues have been left for fiiture research. Certain aspects of 

cognitive modeling, such as dedarative and procedural memory, have not been 

distinguished in the current model. Declarative memory is the knowledge of fxts 

about the world. On the other hand, procedural knowledge is the knowledge about 

how to do something. in the models pioposed in this thesis the activation functions 

can be described as production systems (Newell and Simon 1972; Anderson 1976) 

that attempt to capture procedurai knowledge. As the parameters of the activation 

function are constant over time, an implicit assumption of the model is that of no 

learning. that is, experience does not change the interaction of mernoor with khavior. 

This assumption is a major limitation of the moâels pmpsed in this dissertation. An 

advantage of using activation models lies in their ability to Ieam and unlearn concepts 

from the environment. As the focus of research in marketing todayI2 is in establishing 

the long term effects of marketing mix variables, consumer brand choice models that 

attempt to understand the process of choice cm play an important part in doing so. 

"~ositive brand associations and brand awareness are measured by the interapt tenn of the 
activation fanction. The vahie of the activation fbnction itself measures the perceivecl risk of 
the attribute. 
12 A specid session on long term impact of marketing rnix variables on market share was held 
at the 1996 Marketing Science Conference. GainesvilIe, March 7-10. 



For example, Erdem (1993) showed ihat by using structurai models a researcher could 

understand the nason for insignifiant advertising effect, that is. not only can one 

study effm but also the teason for that effeft Activation models go a step furthtr in 

that not only do they capture a more rcaiistic pmcess of choice but they also describe 

it. in addition. relationships among diffennt variables and the activation function 

represent kaming effccts over time. The parameters for the activation function 

measurr the association of diffcrent variables with the underlying construct. Leaming 

about brands would be capnired by the updating of parameten. Bayesian techniques 

should be usehl in capturing this Ieamlng pmcess. 

Another major limitation of the models pmposed in this thesis is their 

computational complexity that allows only a few brands and amibutes to be included 

in the study. Even for fast machines (workstations and supercomputers) the estimation 

problem is oftcn an infeasible exercise. An avenue for further research could be in 

the development of new algorithms that would substantially reduce the required mn 

time. Taylor series expansion of the likelihood function provides a promising avenue 

for such future research. 

Structural modeling can easily be extended to incorporate the process of 

forming price expectations. The uncertainty of the pice expectation is modeled as an 

individual specific normal error time that is constant over time. One cm easily relax 

this assurnption. In addition. these moàels cm be used to study the effects of 

frequency and intensity of price promotions on price expectations. 

8.3 Conclusion 

This thesis accomplished three purposes. First, bomwing concepts from bounded 

rationality and cognitive psychology it introduced a framework that incorporates the 



impact of risk and uncertainty, consumer price expectation, and consideration sets on 

consumer brand choice. In addition. it provides a plausible explanation for 

phenornenon such as promotionai signal sensitivity that have ofken been obserwd in 

the market environment (Iman and Mcalister 1993). Secondly, it shows a 

relationship among brand equity, perceived ris& brand loyalty. brand awareness and 

promotional signal. Findly. it has developed brand choice models that are based on 

cognitive theory and thus. has enableci rusearchers to undentand the process of 

choice. To the best of my knowledge, this is the fmt procedural rational structural 

dynamic brand choice model that has several applications and implications. The 

model developed in this thesis attempts to bnak new ground by providing a 

framework for capturing the adaptive character of human decision making without 

resorting to a cost-benefit analysis. 
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Gauss Saurec Code of the Rgrun Useà for the Estimation of tbe SatMieing 

closeall; 
iibrary maxlik; 
#inchde maxlik.ext; 
maxset; 
closeall; 

l* 
Data Set y5.out Contains Random Generates From a Standard Nomal Distribution 
*/ 

load y5 1 =yS.out; 
yS=y5 1 [., 11; 
jlS=l; 

l* 
Parameters for MaxIik 
*/ 

{ x,f,g,cov,rec ) =maxlik("logi",O,&likfun,xO); 
output file=hrf8 1 .out reset; 
cal1 maxprt(x,f,g,cov,rec); 
output off; 



closeall; 

/* 
Global Parameters Used in the Program 
*/ 

/* 
Likelihood Function 
*/ 

PROC likfun(beta,d22); 
local r,denov,logv,logiv,hid,i,y 1 ,y2,xT 

ii,step,m~mJia,hb,xx,tot,yy,f 1, 
gam ~k,y8,ylO,t8,y9,~2,~3,t20,~33 
,price,adv,loyal,temp&cov22,cov33 , C O V ~ ~ ~ C O V ,  

g 1 jt,d22,hess 1 ,logivl ,tot 1 ,cov55,b 1l.b 1 g,b21,b2g,b31,b3g,rf,b2 1 ,bZ,b23, 
e l  ~2 .e3 . t  lO,tX!,bl ,bZ,b3,kappa,va,ve jkl.tl9.cov2,vL ,v2,v3,i6.y 1 1 I ,lk,111 
,12 1 .l3 1 ,l4 1 J7,y 1 19,y2ûû,del; 

closeall; 
@ce=-kta[17]; 
~6=y~ibeta[81)~2; 
y7 1 =y6*(beta[l]-beuiw-beta[3]); 
y 1 19=beta[l2]; 

it=I ; 
j= 1 ;hid= 1 ;lik=û;numhh= 1 ; 
closeall; 

l* 
Data Set x.dat Has the Combinations of the Possible Bits of Information That Could 
Have Been Used by Individuals to Make Decisions. There are 8 (2A3) Possibilities. 
The Data Set has 3 Rows and 8 Colurnns. TheTransposed Data Set is Rovided 
Below: 

State 
1 

1 

Del Monte 
O 

Heinz 
O 

Hunt. 
O 



O - Reprtsents That Attribua of a Brand is  Not Being Used by an Individuai to 
Make Decisions 

1- Represents That Attributes of a Particular Brand is Being Used by an 
Individual to Make Decisions 

*/ 
load x[3 $]=x.dat; 

/* 
The Data Set. There are 10200 Observations and 100 Households. 
*/ 

open f 1 =ash59.dat; 
j12=1; 
lik1=0; 
do while numhh <= IO@ 

xx=readr(f 1 , 1 ); 

/* 
tot 1 - Total Number of Observations Per Househoid 
*/ 

tot 1=xx[1,34]; 
yy- Wfl JI; 
d h a d r ( f  1 ,tot 1); 
aread; logv=0, t 1 ;ii= 1 ;km@; 

tot=tot 1 - 1; 



/* 
Setting up Variables for Measuring State Dependence 
*/ 

do while i<=tot; 
if d[i,28]= 1; 
ll[i,l]=l; 

elseif d[i,28]=2; 
U[i, lJ=l; 

elseif d[i28]=3; 
13[i, 1 1 4  ; 

else; 
14[i, I]=1; 

endif; 
i=i+ 1; 
endo; 

/ * 
These Are The Bernoullis 
*/ 

/* 
Capturing Uncenainty Due to Decision/ No Decision 
*/ 

/* 
Exponential Smoothing Function For Reference Price 
*/ 



l* 
Capturing the Effect of Attention on Updating of the Refercnce Rice 
*/ 

/* 
Reference Price 
*/ 

/* 
Initial Values for Reference Price 
*/ 

pr 1 [i,.]=prl [i,.]+d4[i, 121; 
pr2[i..]=pn[i,.]+d4[i, 131; 
pr3[i,.]=pr3[i,.]+d4[i, 141; 

else; 
pri [i,.]=(d[i. 12].*lkl+prI [i-1 ,.].*(l-lkl)); 
prî[i,.]=(d[i. 13].*1k2+prZ[i-l..].*(1-lk2)); 
prî[i..]=(d[i, 14].*lk3+pr3[i-1,.].*(1-lk3)); 

endif; 
i=i+ 1 ; 

endo; 
tot2=tot 1 - 1 ; 



/* 
Dependent Varaibales 
*/ 

do while i <= tot2; 
if db,30]=1; 

i l  [i,l]=l; 
elseif d[i,30]=2; 

i2[i, l]=I; 
elseif d[i,30]=3; 

i3[i,I]=l; 
elseif d[i,30]==4; 

i4[i, 1 ]= 1 ; 
elseif d[i,30]==û; 

iS[i, 1 1 4 ;  
endif; 
i=i+ 1 ; 
endo; 

/* 
Loyalty Variable 
*/ 

/* 
Evaluating The Likelihood Function. This Lmp Incorporates Heterogeneity Due to 

Individual Tastes. It Also Accounts for Researchtis Lack of Knowledge of What 
Information is Being Used By Consumers to Make Decision. 

As There are Three Brands - Heinz, Hunts and Del Monte me Utility For the Fourth 
Brand Has Been Fixed to a Value of Zero) There Are In AI1 Eight Possible 
Combinations 
*/ 

do while i<=8; 



w 1 Measures the Robability that Individual i is in the s-th State at the t-th Time 
Period, Given That a Dacision is Being Made. 
*/ 

/* 
Utility Function For Each Brand Given the State in Which the Decision is Being 

Made $1 

/* 
UtiIity For Heinz 
*/ 

/* 
Utility for Del Monte 
*/ 

1" 
Utility for Hunts 
*/ 

/* 
Numerator for the Logit 
*/ 



l* 
Numerator for No Choice Alternative 
*/ 

/* 
Denorninator for the Logit 
*/ 

/* 
e21 Captures the Fact that It is Known with Certainty that Individual i is Making a 
Decision, When a Brand is Bought in The Product Category. 
e2 1 is the Probabiiity of Individual i Purchasing the j-th Brand in the t-th Time 
Period. 
*/ 

l* 
el 1 is the Probability of Individual i Not Purchasing a Brand in the Market Given 
That a a Consumer is  Making a Decision in the Product Category 
*/ 

i* 
Incorporating Uncertainty Due to Decision/ No Decision on a Store Visit 
* / 



Likelihood for the i-th Individual 
*/ 

/* 
Log-Likelihood for the i-th Individual 
*/ 

prob l=ln(prodc(t62)); 
lik l =lik liprob 1 ; 
j=j+tot 1; 
j12=j12; 
numhh=numhh+ 1 ; 
else; 
j=j+tot 1 ; 
nurnhh=numhh+ 1 ; 

endif; 
endo; 

/* 
Retum Value of Likelihood Function €rom the Procedure 
*/ 

retpuik 1); 
endp; 



Appcn* 2 

Simulation 

To test the performance of the simulatod maximum IiktIihood algorithm used 

for the estimation of the satisficing model, simulatecl data set with known true 

parameters were generatcd A variant of the algorithm used in this thesis was then 

employed to recover the ûue parameters. The foiiowing specification for the four 

brand choice model was assumed: 

where, 

eiir is assumed to have a double extreme pmble distribution, 

a's are the parameters with known values, 

p is Mce, 

a is the Advertising, 

i,.. .. indexes for the consumer (i= 1 ,...... N), 

j .... indexes for the brand ÿ=1, ..... J), 
t ..... indexes for the time period of store visi ts. (t= l ,.... .T), 
5 is the probability of consumer i attending to the attributes of the j-th brand at the 

t-th time pend, and is given as follows: 

w hem, 

0, = 1, if the j-th brand is on promotion in the t-th time pend 

= O, othenivise, and, 



p,; is the price expectations of the i-th consumer for the j-th brand at the t-th tirne 

period, wbich is given as follows: 

4; =(Ao *(z*)'l)* P,. 

Also, the following spccifications were assumeâ: 

5 - N@,I) 

and 

Yoi œ N ( E * ~  1 

The utility for no purchase is d e f i i d  as follows: 

Ui> =a, +a;, *Weeki, ++; (A.2.6) 

The data set has 1 0  individuals over a period of 32 weeks. a total of 32000 

observations. The parameters for the simulated data set has k e n  provided in Table 8: 

Insert Table 8 about there 

With known parameters for the distributions specifed in equations A.2.4 and 

A.2.5, and y, werc generated from a multivariate nomal distribution. Knowing 

the values of the exogenous variables gïvm in equations A.2.1 and A.2.2. , utility for 

each brand or that for no punhase was evaluated. The alternative with the highest 

utility was the individual choice for a given time period. 

Table 9 reports the parameter estimates and the respective true values as well 

as the standard emrs of the estirnates. For identification of the model, the Brand 



specifc intercept is assumcd to be equal to zero. The standard errors of the estimates 

show that only two of the sixteen parameters, W and &, . are biased at .O5 level of 

signif icanœ. Also, the likelihood tests shows bat the parameters cstimated by the 

algorithms are not signiticantly diffeitnt From the mie parameters at .O5 level of 

significance. Hence the algorithm does a reasonably well at recovering the mie 

parameters of the data set. 

- -  - - -  - 

Insert Table 9 about here 



Table 8 

Tme Vaiues of the Paramaters 

Parameters True Values 



Table 9 

Estimates of the S 

LizF Paramet ers I 

Log-Li kelihood at Estimated Values = -37009.2 

Log-LikeIihood at Tnxe Values = -3702 1.9 

xi = -2 * *(kV- - LLEzluiaudVdlrr) = 23.6 l3 

I 3  Critical Value at .O5 level of significance is 26.2 

124 



Appendix 3 

Technical Appendbr 

This appendix provides the technical details of the method used to estimate 

the parameters of the satisficiug model. As the ükelihood fùnction does not have a 

closed fonn solution, a simulated maximum likeiihood (SML) procedure was used to 

estimate the parameters of the &el. Thm am in ail four discrete distributions and 

one continuous distribution that need to be simulated. In particular, the SML needs to 

integrate the informational unceriainty and heterogeneity out of the likelihood 

function. Details of the algorithm are provideci below. 

(1) The cunent estimate of the mean of the weights W for the latent attribue is used 

to generate 80 simulates h m  a nomal distribution given by ~(w.1). 

(2)There are in all F(J-l)+l possible States, where J is the total number of brands 

available in the market. As a fmt step the probability of each state is evaluated. Using 

gauss estimates of y,, y,, y,, y ,  , equation 4.4 is used do calculate the probability of 

using a bit of information. The current estimate of this probability is then used to 

evaluate quation 4.2.2, which provides the pmbability of any given state. 

(3) Given (i) the state in which the consumer is making decisions (that is the 

information being used by consumer) (ii) simulates fiom the nomal distribution, and 

(iü) cumnt estimates of the parameters, equations 5.1 and 5 2  are used to calculate 

the value of the utility function for choice of the brand and that of not choosing a 

brand in the market for each state is obtained. 



(4) The utility value for each brand and that for no choice is used to estimate the 

probabilities given by equations 5.14 and 5.19. which are uscd to compute the 

likelihood function providecl by equations 5.23 and 5.24. GAUSS optimization 

routines such as BFGS were used to obtain the maximum likelihood estimates. 

It is important to note here that algorithm praposed in this dissertation is a 

hybrid of two differcnt methods found in the üterature: Elrod and Keane (1995) and 

Andrews and Srinivasan (1995). More spcificdly, it extends the Elrod and Keane 

(1995) aigorithm to incorporate the effects of infornational uncertainty using the 

method pmposed by Andrews and Srhivasan (1995). A major limitation of this 

algorithm is that the run time inmases exponentially with the numkr of alternatives 

and attributes of the alternatives. This makes estimation of large choice sets often an 

infeasible exercise. For example, even for as few as four alternatives and two 

attributes. estimation times on a Risc 6000 workstation were often close to 50 hours. 

Although the availability of fast cornputen will allow us to estimate these complex 

models, a major focus of future research shouid be to develop methods that 

considerably shorten the run time. Taylor senes approximations are a promising 

avenue for future research- 




