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l.Introduction 

Consumers who are considering the purchase of a good, available in a variety of 

substitutable forms, make three related decisions which are often recorded in disaggregate data: a 

decision to consume or not to consume the good, a selection of one or more alternatives as well 

as the corresponding quantities in the event of consumption. Observations in which consumers 

forgo the product have been referred to as 'zero-consumption' points while consumption data has 

been described as involving 'mixed discrete/continuous choices'. Although econometric models of 

consumer demand already acknowledge the interrelatedness of discrete and continuous choices, 

they ignore the possible ties of these choices to the consumption decision by omitting zero

consumption observations. Some have justified the exclusion of zeros by arguing that they most 

likely reL1ect a high level of time disaggregation and thus diminish in importance for long 

investigative periods (Deaton and Irish (1984». Frequently, though, the essence of a demand 

analysis involves consumers' responses to short-lived events: brand and/or product promotions are 

common examples. In these cases, zeros are legitimate observations which are likely derived from 

the same stimuli as discrete/continuous choices. 

Models exist which handle either zero-consumption (Wales and Woodland (1983), Lee 

and Pill (1986, 1987)) or discrete/continuous choices (King (1980), Dubin and McFadden (1984) 

and Hanemann (1984)) but not both. We propose an econometric consumer demand model in 

which all three decisions are simultaneously considered and so that their interdependence can be 

examined. We focus on three aspects of the model: tirst, the implementation of the three 

decisions in"a consumer's utility maximization problem while maintaining computational tractability 

of the estimating equations; second, a theoretical examination of the consequences of omitting 

zero-consumption observations, and finally, an illustration by way of empirical application. 

The paper is organized as follows. Section 2 presents the model and the MLE method for 
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the estimation. Choice probabilities and demands with self-selection with and without the zero

consumption option are discussed in Section 3. The two-stage estimation method is discussed in 

Section 4. The empirical application, which uses coffee purchase data, is in Section 5. The 

conclusion is found in Section 6. 
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2. Random Utility Model and Decision Rules 

Following Deaton and Muellbauer (1980) and Hanemann (1984), the utility of a 

representative consumer is defined over the product of the quantity and perceived quality for 

each of two goods. The first good is available in k alternative forms, which are perfect substitutes, 

and is assumed to be inessential to the consumer. The second good is a composite good and is 

assumed to be essential. The utility function is assumed to be strictly quasi-concave in its 

arguments and has the form: l 

k 

(2.1) V(E ljIixi,ljIk+lxk+l) 
i-I 

where Xi denotes the consumption of alternative j, j-l, ... ,k, and xk+l is the consumption of the 

composite good. Let ljIj' j-l, ... ,k+l denote the subjective evaluation of good j by the 

representative consumer. Even though these evaluations are deterministic from the consumer's 

point of view, they have unobservable components and are therefore regarded in what follows as 

random variables. Let the joint distribution of the ljIj be denoted F.(ljIl' ... , ljIk.l). 

The maximization of (2.1) is subject to the non-negativity constraints, ~ ~O, j -1, ... ,k + 1, 

and the budget constraint, l!1!~ PjXj s; y, where Pj' j-1, ... , k+l denotes the price of good j and y 

denotes the budget of the representative consumer. Therefore, the Lagrangean function 

corresponding to the maximization problem is given by 

k k+l 
(2.2) L-V(L ljIjXj''''k+l Xk+l) + .\(y- L PjXj) 

j-I i-I 

where .\ is the multiplier. 

1 Hancmann (1984) provides alternative forms for the first argument. This analysis can be 
easily modified to accommodate these alternatives. 
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There are two mutually exclusive consumption outcomes: either (case 1) zero-consumption 

of the first good occurs and none of the k alternatives are selected, or (case 2) one of the 

competing alternatives is selected.2 Let ze and ~ denote, respectively, the first and second 

arguments of the utility function so that ze-1IIre and zs-1IIk+lXk+l' Let z denote the vector (ze, zs)' 

2.1 Case 1: Zero-Consumption 

Let ~ denote the optimizing consumption vector in the event of zero-consumption for the 

first good so that ~-(O.1IIk+lX~+1)' where x~+l-yfpk+l' Differentiating (2.2) with respect to ~. j-l • 

... , k+ 1, the Kuhn-Tucker conditions at ~ are 

(2.3a) j -1 •...• k 

(2.3b) 

These conditions can be rewritten by using the concept of virtual prices, developed in the quantity 

rationing literature (Rothbarth (1941), Neary and Roberts (1980». Let ~( and ~s' the virtual 

prices of the two goods, be defined by 

(2.4a) 

(2.4b) ~ ( *) _ aU(z*) fA 
s Zo az 

s 

Substituting (2.4a) and (2.4b) into (2.3a) and (2.3b), respectively, gives 

2 The probability of selecting multiple alternatives is of measure zero because of the linear 
structure of the first argument and the assumption that 111 is stochastic. 
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(Z.5a) j -1 , ... ,k 

(Z.5b) 

Since the Vj are deterministic from the point of view of the consumer, condition (Z.5a) 

implies that if the minimum adjusted price, min{p/Vj' j-1, ... ,k}, exceeds ~r<~) then zero

consumption results. Hence, ~r<~) is a reservation price. 

Z.2 Case 2: One Alternative Is Selected 

Let h denote the selected alternative and let z~ denote the optimizing consumption vector 

when the first good is consumed so that Z~-(VhX~, Vk~lX~~l). The Kuhn-Tucker conditions at z~ 

are: 

(Z.6a) 

(2.6b) j -1, ... ,h-1,h+ 1, ... ,k 

(2.6c) 

where, as in case 1, (Z.6) can be expressed as: 
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(2.7b) j -1, ... ,h-:-l,h+ 1, ... ,k 

(2.7c) 

Since these conditions characterize an interior solution, ~(z~) equals the minimum 

adjusted price of the first good. The selected alternative must have the minimum adjusted price 

because any other selection would reduce the budget set and consequently the utility level of the 

consumer. Therefore, PhJWh-min{p/Wi' j-l, ... ,k}. 

Cases 1 and 2 imply a simple decision rule for the consumer: when all adjusted prices 

exceed the reservation price the first good is forgone; and, when one or more adjusted prices are 

exceeded by the reservation price, the alternative with the minimum adjusted price is selected. 

2.3 Maximum Likelihood Estimation 

Muellbauer (1974) has shown that demand for the first good, xf' can be expressed 

where PrJW r is the adj usted price of the first good. 

Then, for case 1, 

Hence, inverting (2.9), ~r<~) can be expressed as a function of Pk .. /Wk .. l and y. 

Let H(Wl,,,.,Wkl Wk .. I) denote the conditional distribution for the Vj' j-l, ... ,k and let 

f" .. l(W" .. I) denote the marginal density function for Wk .. l' both derived from F.CVI' ... , Wk .. 1). 

These distributions are assumed LLd. across consumers. Let Hh(.) denote the first partial 

6 



derivative of H(') with respect to *h' Using (2.5a) the density, in the zero-consumption case, for 

individual i, is 

For case 2, equation (2.8) becomes 

Inverting (2.11), Vh can be expressed as a function of x~ and Ph in addition to Pk+l/Vk+l 

and y. Using (2.7a) and (2.7b), the density, when alternative h is consumed, is 

where I J I is the jacobian of the transformation from V h to x~ in (2.11). 

Therefore, the sample likelihood function, in which Nj , j -l, ... ,k denotes the set of 

consumers who consume alternative j, and Nk+l denotes the set of consumers who forgo the first 

good, is 

(2.13) L(')-IIN' L{zJ*)IIN L{~) 
J, J k~l 
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3. Choice Probability and Zero-Consumption Probability 

3.1 Choice Probability and Sample Selection Bias 

In this section we show a necessary and sufficient condition which ensures the functional 

forms of the choice probabilities without the zero-consumption option are identical to that of the 

conditional choice probabilities when the first good is assumed inessential. This implies that only 

in such cases can the estimating equations for the discrete choices derived without the zero

consumption option be immune from sample selection bias. 

From the decision rules described in Section 2.2, alternative h is selected by the consumer 

whenever the foIlowing pair of conditions are satisfied: 

(3.1) and 

where M-{I, ... , k}. Therefore, letting D be the discrete choice indicator and I a dichotomous 

indicator for which 1-0 corresponds to zero-consumption and 1-1 corresponds to consumption of 

the lirst good, the probability of such a selection is given by 

Equation (3.2) can be expressed alternatively as: 

Suppose that ~r<~) is deterministic. Then, if the conditional distribution of Philjlh given that 

Ph/ljIh-min{p/ljIj' jEM} is the same for all hEM, then P(~r<~»Philjlhlp~ljIh-min{p/ljIj' jEM})-C, 

a constant for all h. Therefore, factoring this term when summing the choice probabilities given in 

(3.3) over the k alternatives gives the probability of consumption, or P(I -1), as 
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k 

(3.4) P(I-l) - L P(D-h,I~l) 
11.1 

k 

-C· L 

Since ~~.I P(Pllhh-min{p/Vj' jEM} )-1, we have that P(I-1)-C. Therefore, 

(3.5) P(D-h I 1-1) _ P(D-h,l-l) 
P(I-l) 

which states that the conditional choice probability when zero-consumption is considered is 

identical to the choice probability without the zero-consumption possibility. This conclusion is not 

altered when ~I{z:,) is stochastic and independent of the Vj' but, the sufficient condition is instead 

that the probability of ~C<~»Ph/Vh given Ph/Vh-min{Ph/VII' j€M} is a common constant for all 

heM. It can be easily shown that both versions of this condition are also necessary. 

Two distributions frequently used in discrete choice analyses, the normal and generalized 

extreme value (GEV) distributions, are next examined to see whether they satisfy the necessary 

and sufficient condition. Let Vj-exp(wju€j)' jEM, where wj't is a product of relevant 

explanatory variables and their coefficients, and €j is a random term. Hanemann (1984) has shown 

that when the €j are jointly distributed with a normal or GEV distribution, then the choice 

probability is, respectively, a probit or a logit probability. Under these specifications and taking 

the logarithm of the conditions in (3.2), (3.2) becomes 
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where 1C--Iner<~) and aj-~'t-Inpj" 

Let H(e)-exp(-G(_eOC» denote the joint GEV distribution for the ej , jeM, where G(·) is 

a homogeneous function of degree one, and let Hh(.) and G h(.) denote the first partial 

derivatives of H(·) and G(·) with respect to the hlh argument. Then, the choice probability 

becomes: 

where e6 - ( exp( a 1 ),oo.,exp( a,,). 

Since P(ah+€h~aj+ej,jEM)-Gh(e6)exp(ah)/G(e6) and p(ah+eh~aj+ej,jEM and ah +eh 

>lC)-p(ah +€h~aj +ej,j EM)·p(ah +eh>lC I ah +eh~aj+€j,jEM), (3.7) implies that 

where the expression on the right hand side is a constant for all heM.3 Therefore, with a GEV 

distribution for the ej' both the conditional choice probability and the choice probability without 

3 Thus, p(ah+eh<lClah+eh~aj+ej,jEM)-exp[-e°"G(e6)], hEM, which implies that the 
conditional distribution of ah +eh is a univariate extreme value distribution with location 
parameter -lnG( e6). 

10 



This conclusion cannot be obtained when the €j have a joint normal distribution because 

than a common constant. 

3.2. Demand With Self-Selection 

To check for differences between the expected demand functions derived with and without 

zero-consumption possibilities we must specify functional forms for both the utility function and 

the distribution of the random terms. This is because, with or without the zero-consumption 

option, the expectation of the demand function (2.11) conditional on the selection of an 

alternative, involves the conditional expectations cif 1IIh and 1IIk+l' Without either an explicit 

functional form for (2.11) or a joint distribution for the random component of 1IIi' €i' j-1, ... ,k+1, 

unambiguous analytical results cannot be obtained. Following Lee and Pitt (1986) we choose the 

Indirect Translog Utility function and the GEV distribution for the €j since this distribution 

preserves the conditional choice probabilities. 

Let V(vr/1IIe, vk~1/1IIk~1) denote the Indirect Translog (ITL) utility function. Then, 

(3.9) 

where "I +"2--1 and vf and vk+l denote the prices of the two goods normalized by y. The 

4 When ~I{~) is stochastic but independent of the 111·, the above derivation will involve an 
additional integration over the range of the distribution tor ~c<~). The same conclusion follows 
nevertheless. 
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function V is also assumed to be homogeneous, so that ~11+~12-0 and ~12+~22-0.S.6 As 

before, Vj-exp(wiuej) for jeM and in addition Vk .. l-exP(w' .. luek .. l) where the w' .. t't and 

the ek .. 1 have analogous interpretations. Also, let ek .. l be independent of the ej and have an 

extreme value distribution. 

Let S~-Phx~/y denote the expenditure share equation for alternative h. Thus, the expected 

conditional expenditure share equations corresponding to the selection of alternative h with and 

without zero-consumption option are E(s~ 10) and E(s~ 10'), respectively, where by Roy's identity 

(3.10) 

and 0 and 0' are the sets of e which satisfy the respective decision rules. With our specifications 

for Vj' j-1, .... k, O-{eleh+eh~ej+ej.jEM and eh+eh~-ln~cC~)} and O'-{eleh+eh~ej+ej,jEM}. 

The expression -ln~cC~) in 0 can be found in one of two ways: either from the first-order 

condition (2.4a) or, following Lee and Pitt (1986), by imposing zero-consumption on the demand 

equation for the lirst good and solving for the corresponding virtual price. In the latter method, 

equation (3.10) becomes 

(3.11) 

0-{e I eh +eh~ej+ej,jEM and eh+eh~ek+l +ek .. l}' 

The difference between E(s~ 10) and E(s~ 10') clearly depends upon the difference 

bdween E(eh-ek .. 11 0) and E(eh-ek .. ll 0'). Theorem B.2.2 in Dubin (1985) shows that 

5 The Indirect Translog Function needs to satisfy the coherency conditions (see Soest and 
Koorcman (1990». In the bivariate case, the homogeneity conditions and the positivity of I}u are 
consistent with the coherency conditions. 

6 The homogeneity restrictions yield simple functional forms for the expenditure equations. 
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E(e"+110)- G(eft)+e
ftk

+

J 
[P(I-l) ~+P(I-O) InP(I-O)] 

G(eft ) 

where ~ is the Euler's constant and P(D-h,I-l) and P(I-O). respectively, are 

(3.12) 

(3.13) 

(3.14) 

h-l, ...• k 

ftk+J 
P(I - 0) ___ e_-:-_ 

G (eft ) +eftk +J 

Hence. using (3.12), (3.13) and P(I-O)-I-P(I-l), gives 

_ -(6 -6 )_lnP(I-O) 
h ".1 P(I-l) 

Applying the same theorem, E( eh I 0') is given by 

E( e
h 
I 0') _ ~ + In G h( eft) _In[G

h
( eft) e fth] 

G(eft) 

whereas E(e".ll O')-~ since €k.l is not in 0'. Thus, 

(3.15) 
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Subsequently, the expenditure share equation (3.10) with and without the zero-

consumption option can be expressed, respectively, as 

_ ~ (-lnp(I-O») + u 
11 P(I-I) h 

and 

(3.17) s~-E(s~IO/)+u~ 

If the model with the zero-consumption option is the correct model, equation (3.17) can 

be further rewritten as 

(3.18) 

- ~11 (lnP(I-l) -lnP(I-O») + u~ 

where, since InP(I-l)<O, the following inequalities hold: 

(InP(I-I) -lnP(I-O») < InP(I-I) -lnP(I-O) < -lnP(I-O) 
P(I-I) P(I-I) 
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Comparing (3.16) and (3.18) and using this inequality, the conditional expected expenditure share 

without the zero-consumption option is biased downward since J} 11 is positive by the coherency 

conditions. Thus, though the discrete choice probabilities without the zero-consumption option 

are not biased with the GEV distribution, the conditional expected demands under this 

distribution are biased. 
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4. Two-Stage Estimation 

With the ITL utility function and the GEV distribution, we have shown that the model 

yields an endogenous switching regression model with a limited dependent variable, characterized 

by the continuous and discrete choices given, respectively, by equations (3.16) and (3.12), and the 

zero-consumption probability of equation (3.13). We found that rather than being an alternative 

to the set of discrete choices, zero-consumption can be regarded as a member of the set of 

discrete choices. In this case, then, including binding non-negativity constraints to the 

discrete/continuous choice framework yields probabilities which resemble those of the GEV 

discrete choice model. 7 

Furthermore, for this specification an alternative estimation procedure, the two-stage 

method, can be used. Since (3.12) and (3.13) yield a GEV model, the first stage is to obtain 

consistent estimates of T, 11 and "I/~ll by maximum likelihood method from the choice 

probabilities. The estimated values of these parameters can then be used to form the regressor in 

(3.16). The second stage uses a sub-sample, in which each consumer chooses the same alternative, 

to obtain a consistent estimate of ~ll by OLS. Since there are k alternatives the second stage 

yields k estimations for ~ll and "I' 

In general, the two-stage method avoids a complicated likelihood function but suffers from 

the possibility of multicollinearity in the second stage. Also, the estimates obtained by the two

stage method are inetlicient since the data on quantity are not used in the first stage. In addition 

the derivation of the corrected standard error is complicated. On the other hand, the 

computational burden of the MLE method is significantly reduced by available computer 

hardware and software. We found that using the estimates from the two-stage method as the 

initial values for the MLE method reduces the number of iterations slightly. 

7 The Linear Expenditure System can also yield similar results (Chiang (1988)). 
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5. Empirical Application and Comparisons 

We apply the model described in section 3.2 to data on the demand for coffee. Then, for 

purpose of comparison, we also apply the model with zeros excluded to the same data. Both are 

estimated by the MLE method. 

5.1 Data 

IRI scanner panel data for coffee purchase is used for estimation and validation. The 

analysis is restricted to data for ground caffeinated coffee in one market (Pittsfield, MA) for the 

first 20 weeks of the record. The data is from 253 households, with at least a female adult, who 

purchase regular coffee in this 20-week period at anyone of six different stores at least one time. 

Group I is a set of 130 panelists who are randomly selected, and group II is comprised of 

the remaining 123 panelists. Estimation of the model uses only the data from the first 10 weeks 

for group I. The last 10 weeks of group I data and the first 10 week of group II data are reserved 

as the holdout samples for model testing. 

Regular coffee is the focus of this application, and so purchases of nonregular coffee 

alone arc regarded as zeros.s Hence, among the 612 observations involved in the estimation. 

there are 187 zeros and 425 consumption events.9 

The data does not include the total expenditure, including noncoffee products, of a 

panelist at each purchase occasion. Therefore, the total expenditure is estimated.1o 

8 The model, in principle, needs data from each shopping trip including those which do not 
involve any kind of coffee purchase. Unfortunately, IRI coffee data does not record those trips. 
Therefore, the author recognizes that the number of zeros are under-reported. 

9 Obervations with multi-brand purchases are about 1.8% of the total sample. These 
observations can be eliminated with a higher degree of brand aggregation. We discard these as 
exceptional cases. 

10 The estimation of weekly expenditure is based on Ching-Fan Chung (1987). Chung'S model 
is adopted for its intensive use of demographic variables, which is compatible with the information 
provided by IRI data. The standard errors caused by this expenditure estimation can be easily 
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5.2 Brands and Variables 

The three major brands of regular coffee are denoted A, Band C. D represents an 

aggregate of five minor brands, while E is an aggregate of all generic brands.u 

The explanatory variables are now defined as follows: 

1) Variables included in wf are: 

{

I for brand j, 
w1 _ 

J 
o otherwise 

j-A,B,C,D 

In the subsequent tables, w; is denoted Dummy j. The brand-specific dummy is suppressed for 

Brand E as a standard normalization. 

Two marketing promotional variables which record whether a brand was featured in a 

store flier/ad (Feature) or on special store display (Display) are included for their potential 

influence on consumer decision-making. The corresponding coefficients are assumed the same 

across brands. 

1 if brand j was on feature at time of purchase 

w;(t)- { 
o otherwise 

1 if brand j was on display at time of purchase 

w}(t)- { 
o otherwise 

2) Variables included in w'+l are: 

Several demographic variables are included to reflect consumer heterogeneity in scaling 

incorporated into the model. 

11 Each brand may have various sizes and unit prices. The weekly representative price in 
dollar per 16 ounce of each brand is calculated with the conventional weight scheme over these 
brand/size variations. 
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the composite good. These variables are 

wL 1- the number of family members (Family Size). 

wLl- 1 if the household income is greater than $25k, 0 otherwise (Income). 

~"l- 1 if the female adult has a full-time job, 0 otherwise (Female Working Status). 

wtl- 1 if the age of the female adult is over 35, 0 otherwise (Female Age). 

WLI - 1 if the female adult is at least high school educated, 0 otherwise (Female Education). 

It is presumed that the female adult shops for each family and hence we restrict our attention to 

their characteristics. 

Since each panelist mayor may not appear each week, the data is unbalanced. We assume 

shopping frequency is determined independently from the decision framework in our model. 

Therefore, let the dummy variable Sil equal one if consumer i shops during week t, and equal zero 

otherwise. Let Psi denote the probability of Si,-1 and Ijil denote the event indicator for which 

Iji,-l if alternative j is chosen and Iji,-O otherwise. Then, the sample likelihood function of each 

observation, which is indexed by i and t, is 

where L(D-j,I-111t,Si,-1) and L(I-O 11t,Sil-1) are, respectively, represented by (2.12) and (2.10) 

and 1t denotes the parameter. 

Summing, across both individuals and time, the logarithm of equation (5.1), it is clear that 

the portion of the likelihood function involving 1t is identical to the likelihood function given in 

(2.13). However, because the serial correlation of choices made by each panelist at different time 
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periods is not specified, this likelihood function is a pseudo-likelihood function.12 Hence, the 

variance-covariance matrix of 1t is adjusted accordingly (see White (1982)). 

5.3 Coefficients and Relevant Statistics 

Table 1 provides the likelihood estimates using the ITL utility function with and without 

the zero-consumption option. The two cases are labeled ITLI and IT~ respectively. Assuming 

that the €-(€I' ... '€k+1) have the GEV distribution with G(t)-[l:~_lt/(1-6)]1.6+tk+l' both the 

discrete choice and zero-consumption probabilities have a multinomial nested logit structure. 

Though the signs of coefficients are the same for the two sets of estimates, the magnitudes 

are dissimilar. ITLI has larger coefficient estimates for Feature and Display, two major variables 

in the brand-specific index, but has, overall, smaller absolute values of the estimates for the 

variables in the composite good index. The smaller log-likelihood value of ITLI is due to the 

negative log-density values contributed by zero-consumption observations. 

We found that both types of promotion have strong positive effects on brand choice and 

consequently on demand. This implies that, for a given market price, promotions effectively 

enhance perceived quality and increase the probability of selection. By equation (3.16) the 

expected demand also increases. 

The number of family members has a significant positive coefficient. Thus, as family size 

increases then. as shown in (3.13) and (3.16) respectively, the likelihood of a regular coffee 

purchase and the expected demand decrease. This may retlect the greater importance of the 

composite good for large families having the same budget as smaller families. 

12 It is plausible that an error components model (Balestra and Nerlove (1966)) can deal with this 
problem. but this method complicates the derivations of choice probabilities and increases the 
computational burden. The method of simulated moments proposed by McFadden (1989) maybe an 
alternative method for the estimation. 
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Other things being equal, higher income households have less tendency to purchase 

regular coffee and have lesser expected demand when purchases do occur. This may reflect the 

substitution by these households to premium grade coffee. 

All characteristics of the female adult are shown to be without significance. Thus, coffee 

drinking habits of a family appear to be separate from that of their shopper, possibly rel1ecting 

the fact that the collective family traits are more relevant. 

The coefficient ~ is interpreted as a measurement of the similarities among brands. For 

both ITLI and ITLz data, ~ is significantly different from zero. This implies that the data does not 

support a multinomial logit structure. The Lagrange Multiplier tests for the homogeneity 

restrictions in the utility function are not rejected at the significance level of 5% in either ITLI or 

IT~ (X2-3.24 and x2-2.45 respectively with d.f-2). 

Table 2 presents estimates of price elasticities [or the unconditional expected demand 

equations. For ITL1• the total elasticity is decomposed into three portions: changes in the 

expected quantity conditional on both brand selection and purchase occurrence ('11
M

), changes in 

the brand choice probability conditional on purchase occurrence ('I1 pb)' and changes in the 

probability of purchase ('11 pp). These elasticities are calculated at the point which represents 

average family size. zeros for all demographic variables. an absence of promotions, and average 

market prices.13 Since the estimates indicate that 111 pb I > 111M I > 111 pp I, an average consumer 

switches brands instead of consuming less or forgoing regular coffee when the price increases. 

For ITLz. the total elasticity is only decomposable into two parts. 11M and 11pb' Both elasticities as 

well as the total elasticity are larger for ITLz. Thus, in spite of the results of Section 3.1, which 

show that the GEV distribution yields functional forms for the conditional discrete choice 

13 There are minute differences in the calculated results when demographic variables are 
individually set equal to one. 

21 



probabilities which are identical to that for the discrete choice probabilities without zero

consumption, the calculated elasticities differ. This reflects the misspecification caused by biased 

sample selection and its effect on the parameter estimates. 

Tables 3 and 4, respectively, show the effects of feature and display promotions. Both 

ITLI and ITLz show that the most pronounced effect of promotions is on the brand choice 

probabilities. This suggests that both promotional means can effectively increase market share by 

attracting consumers away from competing brands. Also, the promotional effects on brand choice 

and quantity are stronger for ITL}. This, again, is caused by the biased sample selection. 

5.4 Testing and Comparison 

Discrete choice predictions for the holdout sample are given in Table 5, where the 

outcome with highest calculated probability is the predicted choice (Domencich and McFadden 

(1977)). The model correctly predict" approximately 50% of the choices. In contrast, a naive 

approach which tabulates the frequencies of outcomes across individuals, week by week, and uses 

these as predicted probabilities for every individual, correctly predicts only about 26.5%. Excluding 

zeros, the predictions of ITL} and ITLz, though not shown here, are almost identical, with 60% 

and 62% correct respectively. 

Figure 1 shows the predicted and actual demand quantities in the holdout sample for 

ITL1. The one-step ahead total quantity prediction for brand j is obtained by multiplying the 

conditional expected demand for brand j, equation (3.16), by its choice probability, equation 

(3.12), for each individual and then summing across individuals. The standard error of the quantity 

prediction for each brand is derived as follows. Let It denote the underlying parameters of the 

model and let n denote the estimates of It. Let qji(n) denote the expected quantity given in 

(3.16) multiplied by Y/Pj so that the actual demand for brand j by consumer i is qji( It) +vji( 1t), 
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where v/n)- y~lluji(n)/pj. Pji(i) represents the choice probability of brand j by individual i, as 

defined in (3.12), and Iji indicates the action taken by consumer i with respect to brand j. The 

estimated and actual total quantity, Qj and Qj, can be expressed by OJ-I: qji(,t)Pji(,t) and 

(5.2) OJ -0; -['i: qji( ,t)Pji( ,t)-'i: qji( n)Pji( n )]+ 'i: qji( n)Pji( n)-'i: [qji( n )+Vji( n)] ·Iji 
I-I I-I I-I i-I 

N 

oL qji( x)P/ x) N N 

i-I -(x-n)+ L qji(n)[P/n)-IjJ-L vji(n)Iji on I-I i-I 

By (5.2), the asymptotic variance is: 

N N 

(5.3) Asy.Var(Oj) - Tall: 1" + L qji( n)ajqji( n)' + L var(vji( n»Iji 
i-I i-I 

where T - ~~_I Oqji(it)Pji(it)lon, ax is the asymptotic variance of (it - n), a j is the variance of 

the Bernoulli variable (Pji(n)-Iji), and Var(vji(n)-(~lly/p/var(uin». The variance of uji(n) can 

be derived using theorem B.2.2 of Dubin (1985). By substituting i into (5.3) the consistent 

estimate of the asymptotic variance of Qj can be obtained. 

As shown in Figure I, the predictions are reasonably accurate at 90% confidence intervals. 

The model also follows market turns for demand especially well. Figure 2 shows the predictions of 

ITLz against the actual data. Comparing these figures, model performances are very similar for 

each brand. The aggregate prediction, which includes all brands, has mean sum of squared errors 

(MSSE) equal to 103.44 and 130.07 for ITLI and ITLz respectively, and so the ITLI model is 

more accurate but has greater variances. 
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Figure 1 Quantity Prediction (lTL1) 
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Figure 2 Quantity Prediction (IT~) 
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Figure 3 Purchase Quantity (Market Level) 
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