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Abstract 

Due to their flexibility in encompassing any structure of the error terms between different 

brands, generalized probit models evince themselves superior to other random Utility models. 

This superiority implies that the unobservable Utility of a brand and hence its market share is a 

function of the strict Utility and the structure of the error terms of all brands in the market. In 

searching for opportunities to gain market share, the respective research literature has exam-

ined only possibilities for influencing the strict Utility of a brand. However, substantial market 

share might be gained also by influencing the structure of the error terms of all brands in the 

market even when the strict Utilities of all brands remain the same. 



1 Introduction 

Generalized probit models relate the Utility function of a brand to a deterministic part, usually 

called strict Utility, and a stochastic part, called error term (McFadden, 1986). The generalized 

probit model is thus a member of the family of random Utility models (Corstjens and Gautschi, 

1983). However, in contrast to other kinds of random Utility models (e.g. multinomial logit 

model, independent probit model) it does not impose any restrictions on the structure of the 

covariance matrix of the different brands' error terms. This flexibility, combined with recent 

advances in the development of computational estimation methods (Horowitz et al, 1994; 

Chintagunta, 1992), provides at least two major reasons that the application of the generalized 

probit model for studying consumer choice behavior is becoming increasingly populär. First, 

the generalized probit model is appealing theoretically, as it does not süßer from the 

"independence of irrelevant alternatives" (HA) property. Second, comparisons between the 

generalized probit model and other kinds of random Utility models indicate that the generalized 

probit model is superior in terms of predictive validity (Currim, 1982; Chintagunta, 1992). 

One important managerial goal of the application of random Utility models has been the identi-

fication of possibilities to increase the Utility - and hence the market share - of a brand. This has 

been achieved by seeking opportunities to increase the deterministic part of the Utility function. 

Results might have been the identification of relevant marketing mix variables (e.g. Currim, 

1982). However, if generalized probit models are indeed more appropriate for describing mar­

keting behavior, this would indicate that the investigation of possibilities to increase the value 

of the deterministic part of the Utility function is only one way to gain market share. Another, 

previously unresearched way would be to influenae the stochastic part; that is, the structure of 

the error terms. By altering the magnitude of variances and covariances of the different brands1 

error terms, substantial market share can be gained. Therefore, the aim of this paper is to dem-

onstrate how market share might be gained by influencing the structure of the error terms, and 

to point out important implications for future research. 

In the following section we briefly desciibe the generalized probit model. Section 3 then dem-

onstrates how gains in market share might be realized by influencing the structure of the error 

terms. A summary and suggestions for future research are offered in Section 4. 
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2 The generalized probit model 

For the sake of simplicity, we will describe the generalized probit model for the case of two 

brands where V(i) is the strict Utility and s(i) is the error term of the i-th brand, and the unob-

served Utility U(i) can be written as in equation (1): 

(1) Ui = Vi + 8i 

In this case the probability of choice for the first brand (PI) is as follows (Daganzo, 1979): 

(2) P(l) = P[V(1) + s(l) > V(2) + 6(2)] = P[e(2) - e(l) < V(l) - V(2)] 

s(2)-s(l) is normal distributed with zero mean. The variance a2 is given by the sum of the vari-

ances 0\2 and O22 of 8(1) and e(2) minus twice the covariance oj 2 of 8(1) and 8(2) (Daganzo, 

1979). Therefore, the probability of choosing the first product is: 

where 0( ) represents the Standard normal cumulative distribution function. 

Hence in the generalized probit model, contrast to other kinds of random utility models, the 

probabilities of choosing one brand depend on the strict Utilities and the variances and covari-

ances between the error terms of all brands in the market. 

Assuming, for the reasons outlined above, that market behavior is best described by the gen­

eralized probit model, we will demonstrate how market share might be gained by using an ap-

proach that has not been investigated up to now. The basic idea of this approach is to influence 

the structure of the error terms' covariance matrix and gain market share without necessarily 

altering the value of the strict utility. This approach is thus clearly distinguished from the com­

mon approaches in respective Iiterature, which look for possibilities to increase the strict utility 

ofthe brand. 

Our starting position is the circumstance that has been labeled as case 1 in table 1. The Situa­

tion: an innovator's brand has a higher strict utility than the brand of an Imitator, and the error 

terms are uncorrelated and have equal variances. For the purpose of Illustration assume that 

(3) 

3 Gaining market share by influencing the 

covariance matrix of the error terms 
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the Marketing-Mix activities taken into account here influenae only the error terms' covariance 

matrix and not the strict Utilities of the brands. In this Situation, the Imitator could choose of 

these three strategies to increase the market share ofhis brand: 

1. Increase ofhis own variance (cases 2.1-2.2 in table 1), 

2. Increase of the variance of the innovator (cases 3.1-3.2 in table 1), 

3. Generate a negative covariance between the innovator's and his own error terms (cases 7.1-

7.2 in table 1). 

To contrast this, the innovator could choose of the following two strategies: 

4. Decrease his own variance or the variance of the Imitator (cases 5.1-5.3 in table 1), 

5. Generate a positive covariance between the imitator's and his own error terms (cases 6.1-

6.2 in table 1). 

The results of the application of these strategies are shown in table 1. To allow comparisons 

with other populär Utility models, the results for the independent probit model and the Luce 

Choice model are also provided. In contrast to the generalized probit model, the independent 

probit model assumes the error terms to be uncorrelated and to have equal variances (Currim, 

1982),1 whereas the Luce Choice model assumes the error terms to be zero. The latter there-

fore, is a member of the class of strict Utility models (Corstjens and Gautschi, 1983). Because 

of these restrictions on the structure of the error terms, both models suffer from the HA prop-

erty. 
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Table 1: Effects of different covariance matrices on the market share of two brands 

i 
strict 
utility 

market share in t le 

covariance matrix case brand 
strict 
utility 

Luce-Choice 
Model 

independent 
probit model 

generalized 
probit model covariance matrix 

innovation imitation 

1 Innovation 1,00 0,57 0,57 0,57 1 0 
Imitation 0,75 0,43 0,43 0,43 0 1 

2.1 Innovation 1,00 0,57 n.d. 0,54 1 0 
Imitation 0,75 0,43 n.d. 0,46 0 2 

2.2 Innovation 1,00 0,57 nd. 0,50 1 0 
imitation 0,75 0,43 n.d. 0,50 0 20 

3.1 innovation 1,00 0,57 0,54 0,54 2 0 
imitation 0,75 0,43 0,46 0,46 0 2 

3.2 innovation 1,00 0,57 n.d. 0,50 20 0 
imitation 0,75 0,43 n.d. 0,50 0 2 

4.1 innovation 1,00 0,57 nd. 0,55 0,5 0 
imitation 0,75 0,43 nd. 0,45 0 2 

4.2 innovation 1,00 0,57 n.d. 0,55 0,1 0 

imitation 0,75 0,43 nd. 0,45 0 2 

5.1 innovation 1,00 0,57 nd. 0,59 1 0 

imitation 0,75 0,43 n.d. 0,41 0 0,5 

5.2 innovation 1,00 0,57 0,64 0,64 0,5 0 

imitation 0,75 0,43 0,36 0,36 0 0,5 

5.3 innovation 1,00 0,57 1,00 1,00 0,05 0 

imitation 0,75 0,43 0,00 0,00 0 0,05 

6.1 innovation 1,00 0,57 0,57 0,60 1 0,5 

imitation 0,75 0,43 0,43 0,40 0,5 1 

6.2 innovation 1,00 0,57 0,57* 1,00 1 0,999 

imitation 0,75 0,43 0,43* 0,00 0,999 1 

7.1 innovation 1,00 0,57 0,57* 0,56 1 -0,5 

imitation 0,75 0,43 0,43* 0,44 -0,5 1 

7.2 innovation 1,00 0,57 0,57* 0,55 1 -1 

imitation 0,75 0,43 0,43* 0,45 -1 1 

n.d.: independent probit model is not defined for the corresponding covariance matrix 
*: covariances are not taken into account in the independent probit model 
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In cases where the Imitator increases own variance (strategy 1), his market share goes up from 

43% (case 1 in table 1) to 50% (case 2.2). Similar results are obtained by following strategy 2, 

in which the variance of the innovator is increased (case 3.2). When a negative covariance 

between the error terms of the two brands is generated, market share still goes up from 43% to 

45% (case 7.2). Furthermore, it is interesting to observe that the innovator himself has little 

possibility to react to an increase in the imitator's variance by influencing his own variance. In-

creasing his variance (cases 3.1-3.2) as well as decreasing his variance (cases 4.1-4.2) leads to 

a loss in market share. In contrast to this however, the innovator is able to gain substantial 

market share by following strategy 4 - decreasing the variances of the error terms of both 

brands (cases 5.1-5.3) - as well as by following strategy 5, which generates a positive correla-

tion between the error terms (cases 6.1-6.2). 

This example demonstrates that gains in market share for a brand can be achieved by influenc­

ing the covariance matrix of the error terms, even if the strict Utilities for all brands remain the 

same. To the best of our knowledge, this approach has not been outlined in previous literature. 

Hence, the implications of such a possibility to gain market share by the use of Marketing-Mix 

Instruments have not yet been analyzed. We therefore wish to illustrate some possible oppor-

tunities of doing so by using the Marketing-Mix Instrument "advertising" as an example. Faced 

with the starting position in table 1, where the Imitator has a lower strict Utility than the inno­

vator, the Imitator could increase the variance of his brand's error term by using advertising 

messages that give very little Information but underline some fascinating aspects of the brand. 

On the other side, the innovator should try to keep the variance of both brands' error terms as 

low as possible. This could be attempted by striving for advertising messages that give Infor­

mation on the features of both brands. Furthermore, the innovator should try to generale posi­

tive correlations between the error terms. This might be realized by means of an advertising 

message emphasizing the same features of the brand that the advertising message of the Imita­

tor does. 

4 Conclusions 

Comparisons between various types of random utility models have demonstrated the general­

ized probit model to be superior (Currim, 1982; Chintagunta, 1992). The reason for this is that 

the generalized probit model has the flexibility to encompass any structure of the error terms. 

This superiority implies that the unobservable utility of a brand, and hence, its market share are 

functions of the strict utility and structure of the error terms of all brands in the market. How­

ever, in searching for opportunities to gain market share, previous literature has only examined 
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possibilities derived from influencing the strict utility of a brand. Possibilities derived from in­

fluencing the structure of the error terms have been completely overlooked. The example out-

lined above indicates, however, that Variation of the error terms' structure can result in sub-

stantial market share gains. Future research should thus concentrate more strongly on possi­

bilities for influencing the covariance matrix of the error terms. Valuable results might be ob-

tained through analysis of different advertising messages and difFerent Information acquisition 

strategies. 
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Notes 

1 We would like to point out that some authors (e.g. Chintagunta, 1992) distinguish between two kinds of in­
dependent probit models: the Standard Independent Probit Model in which covariances are zero and vari­
ances are constrained to 1, and the Independent Probit Model in which covariances are zero but variances are 
allowed to be different for different brands. We do not follow this distinction because it offers only limited 
additional insight. Furthermore, note that a logit model would show results fairly similar to the results of the 
independent probit model. 
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