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ENDOGENEITY IN BRAND CHOICE MODELS

ABSTRACT

Applications of random utility models to scanner data have been widely presented in marketing for
the last 20 years. One particular problem of these applications is that they have ignored possible
correlations between the independent variables in the deterministic component of utility (price,
promotion, etc.) and the stochastic component or error term. Marketing-mix variables, such as price,
not only affect brand purchasing probabilities but are themselves endogenously set by marketing
managers. This work tests whether these endogeneity problems are important enough to warrant
consideration when estimating random utility models with scanner panel data. Our results show

that not accounting for endogeneity may result in a substantial bias in the parameter estimates.



1. INTRODUCTION

Over the past 20 years, there has been a significant increase in the research literature on the topic
of modeling the choice process of economic agents or consumers. Motivated by McFadden’s (1973)
work on the conditional multinomial logit model, there has been particular interest in what are
referred to as random utility models where the decision maker faces a choice set for which the utility
of each alternative is a random variable. This utility is usually specified to have a deterministic
component which is a function of observable variables and a random component for which a variety
of parametric assumptions have been made. In particular, random utility models, mainly logit and
probit models, have been often applied to household purchasing behavior using electronic scanner
data (e.g. Guadagni and Little 1983).

One particular problem in how marketing researchers have applied these random utility models
to scanner data is that they have ignored the fact that the exogenous deterministic components of
utility such as price, promotion, advertising, etc. are themselves endogenous. Marketing managers
set these marketing-mix variables based on market information which may be in part unobservable
to the researcher but which nevertheless affects consumer choice. This would create a situation
where the marketing-mix variables could be correlated with the residuals in the latent utilities.®
Failure to account for this endogeneity in the deterministic components of utility has the potential
to bias the parameter estimates of the marketing-mix variables. If this happens, both major uses of
these models, for diagnostic and optimization purposes, could produce misleading results, seriously

affecting the outcomes of the marketing decisions.?

This problem of endogeneity is not, of course,
a new topic in the marketing literature as Bass (1969) discussed the problem in the context of the

simultaneity issue between advertising and sales.

The justification researchers have presented for not accounting for these endogeneity problems in
brand choice models with scanner data has to do with the fact that, in a certain period, the marketing-
mix variables are common across all consumers. If the utilities’ error terms are independent across
individuals, it is unlikely that the marketing-mix variables (common across all individuals) are highly
correlated with the error terms. However, in this paper, we question this independence assumption
and show that this assumption may not hold which may result in a correlation between the error

terms and the marketing-mix variables.

Why may the error terms in the latent utilities not be independent across individuals? One
possibility is that there are idiosyncratic word-of-mouth or fashion effects. Alternatively, there are
always market phenomena that affect all households and are not observable by the researcher (and,
therefore, not included in the choice model), but that the marketing managers use in their decisions.

These are referred in what follows as common demand “shocks”. One example of such a phenomenon



is significant activity in a competing product class. A significant price increase in coffee due to a
freeze in South America may produce an increase in demand for a substitute like colas and therefore
affect both the cola brand choice (more stockouts due to higher demand) and the decision-making
environment (higher prices than one might predict for some brands). A second example could be
a local or regional supermarket promotional war outside of the category being modeled but which

affects brand choice in that category.

The major purpose of this work is then to test whether these endogeneity problems are sufficiently
important to warrant consideration when estimating random utility models with scanner panel data.
In particular, we focus on testing endogeneity of the pricing decision. While testing for endogeneity,
we also obtain unbiased estimates for the random utility model under the assumption that the
endogeneity (firms’ decision-making) model we use is the true one. Several theoretical tests for
endogeneity in models of limited dependent variables have been presented by, among others, Heckman
(1978), Newey (1985, 1987), and Rivers and Vuong (1988). Implementations of these tests have not
been very frequent (one example is Heckman 1979) and we do not know of any applications in the
context of brand choice models (where an explanatory variable, like price, has the same value for
several individuals). Other related work is Berry, Levinsohn, and Pakes (1995) who only look at
aggregate data, Goldberg (1995) who does not account for endogeneity, and Berry, Carnall, and
Spiller (1995).

The tests are performed in two frequently purchased product categories: yogurt and ketchup.
We find that, subject to the assumptions of our model, the bias by ignoring endogeneity can be
substantial in that there are important changes in the measures of price sensitivity and the individual
brand alternative parameters. This is in contrast with the small impact on the average effect on the
price parameter when one allows for heterogeneity (Allenby and Rossi 1991) or for the no-purchase
option (Gupta 1988). We also show that the base model results are robust to different specifications
of the error structure, to heterogeneity in the consumer pool, and to different specifications of the

firms’ decision making.

The paper is organized as follows. In section 2 we present the results of a base model that
summarizes the main message of the paper. This model has a very simple error structure, considers
endogeneity on the additive term of the random utility model, and does not account for heterogeneity
(though it includes a loyalty variable). Section 3 presents the extension to more general error
structures, Section 4 considers endogeneity on the slope, and Section 5 accounts for heterogeneity
in the consumer pool. Section 6 relaxes the pricing rule being used, and Section 7 concludes and

discusses directions for future research.



2. A BASE MODEL WITH ENDOGENEITY

This section considers a base random utility model with endogeneity. Consumers are assumed to
buy one product from a choice set S with J alternatives. A consumer derives utility only from
buying one product in that choice set.> The consumer buys the product for which the perceived
utility minus the price (which we call the indirect utility) is the greatest. In this section, utility
has a deterministic component and a random component. The deterministic component has a fixed
term, a signaling effect term (with the variables feature and display; see, for example, Milgrom and
Roberts 1986), and a loyalty term as a way of accounting for heterogeneity among consumers (we
model heterogeneity directly in Section 5 below). In this base model, the loyalty variable equals one
if the consumer purchased that product the last time she purchased any product in this category,

and is set to zero otherwise.?

Given that all that matters in the decision of which product to choose is which one yields the
highest indirect utility, the form described above is unique up to a monotonic transformation. We

can then write the indirect utility function as

Uijo = X;jtﬂ + 5%1& + 5?‘1& (1)

where 7 indexes households, j represents the brands, and ¢ represents the week in which household
i purchased a product from the choice set C (the set of consumers that made a purchase in week
t is referred to as I;; the product chosen by consumer i in week t is referred to as ji). Xjj: is a
vector with the following variables: dummy variables for the number of alternatives minus one, price,
display, feature, and loyalty. (3 is the vector of parameters to be estimated. U;j; is a latent variable;
the researcher observes the product being chosen, which we call d;;. The error term &7}, is assumed
to be Gumbel distributed with parameters (0, #).> The error term 52’~t is assumed to be normally
distributed with mean zero and variance U?b~ Furthermore, it is assumed that all the elements of the
set {5%“ 5g’~tW, j,t} are independent from each other (in some of the next sections we allow for more
2

_

general error structures). The scale of the indirect utility is set by agb 5722 =%

The main difference from the usual models is the existence of 52’~t which represents the common
demand shocks of the type described in the Introduction.® If agb = 0, this model reduces to the

usual models. Testing for common demand shocks is testing for the null hypothesis that agb =0.

In this section we introduce endogeneity in prices. In order to do this, we assume that the firms

set prices according to the rule

Pjt = ajjo + aj1Pje—1 + njt (2)
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where Pj; is the price set for brand j in period ¢, and ajo and o1 are parameters (the pricing rule
is relaxed in Section 6). This approach can also be seen as using lagged prices as instruments for
current prices. This is a “limited information” approach because we do not include in the analysis
any restrictions of the parameters across equations. The main advantage of this approach is that
specification problems in the pricing equation do not extend to the parameters of the utility equation

— the main objective of the analysis.”

This pricing rule can be derived from profit maximization if the costs are correlated through
time and the firms observe only a certain part of the demand shocks. Alternatively, it can be
simply seen as a rule justified by bounded rationality on the part of the firms’ decision-makers. Note
that this pricing rule is sufficiently general that the current price may result from both retailers
and manufacturers activities (or just retailers, or just manufacturers). The error 7;; consists of
unobservables (to the researcher) which reflect shocks on costs (for example, productivity, input
prices) and on demand (part of 52’~t). Because 7;; consists in part of demand shocks, it is very likely

that n;; is correlated with 5?‘# This is the dimension of the endogeneity problem that is studied

2
7’

that F [thff?t] = po.v0oy. Testing for the endogeneity problem to be significant is testing for the null

in this section. We assume that 7);; is normally distributed, with mean zero, and variance o}, and

hypothesis that p = 0.

It is also assumed in this section that

Elnjmjw] =0 if j#j ort#¢ (3)
Elnjucliy] =0 if j £ or t #¢ (1)
and that all the elements of the set {ef;;,7;;Vi,j,t} are independent from each other.

Assuming 7;; to be independent across j requires, given existing game-theoretic models of inter-
action among firms, that the firms are only able to observe each of their own demand shocks and

not the competitors’ demand shocks. This is relaxed below.®

This model can be estimated using maximum likelihood. The likelihood function can be written

as

T J
(ﬂva()valv Ocb) nap :H H nhtvanva(hal) (dlt Viel |77jt Vj) (5)

where ag and «a; are vectors with generic elements, respectively, a;o and oj1, f (Uht%U% ;ag, ) is

the density function of a normal random variable with mean zero and variance a , and g(d;; Vi €



I; | mjt ¥j) is the probability of observing choices di; Vi € I in week t given 1 Vj € J. Finally,
g(dix Yi € I; | nj Vj), the conditional probability of observing the purchases in week ¢ given the

shocks in the pricing equation, can be written as

! b
ijittﬁ+€jitt)

g(ditViEIt|77jtvj)://"'/H

J
) H f(eit | Tt P, Ufb,aﬁ)dﬁit (6)
i€l k=1
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o(x.. b
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where f(gb, | nke; 0-€2b7 03) is the conditional density distribution of the normally distributed random
variable 52t on the normally distributed random variable 7;, both with zero mean, with correlation

. . 2 2
p, and variances, respectively, o7, and o;.

If endogeneity is important (i.e., p # 0) one might expect prices to be positively correlated with
the residuals of the latent utilities (i.e., with greater demand firms set higher prices) which results
in p > 0. Furthermore, because of this positive correlation, we expect that the failure to account for

endogeneity in the choice model results in the price effect being underestimated.

This model was estimated using scanner panel data from both the yogurt and the ketchup
markets. In the yogurt market, we restricted our attention to C={Dannon,Yoplait,Private Label}
(Dannon and the Private Label were in 8 oz. packages; Yoplait was in a 6 oz. package); these
brands account for 77% of the market. There are 3,513 purchase occasions on C in the data be-
ing used. The purchases occur during 137 weeks. We restrict our attention to only the largest

9 In the ketchup market we restricted our attention to

store in order to simplify the analysis.
C={DelMonte,Hunts,Heinz} for the 32 oz. package, which accounts for 57% of the market.'® There
are 1256 purchase occasions on C in the data being used. The purchase occasions occur during 129

11

weeks. We restrict our attention to only one store of the three largest ones. The results are

presented in Table 1.

These results clearly show the importance of considering the endogeneity of the pricing decision.
First, there are important common shocks across individuals as the hypothesis 0., = 0 is rejected
for both product categories. Note that the value of the chi-square statistic on this restriction is 51.6
for the yogurt market and 33.0 for the ketchup market!'? (the critical value at the 5% significance
level is 3.84). Second, there is significant endogeneity of the price variable as the hypothesis p = 0 is
rejected for both product categories. Note that the chi-square statistic is 36.8 for the yogurt market
and 5.0 for the ketchup market (the critical value at the 5% significance level is also 3.84). Third, the
parameter that estimates the impact of price on choice seems to be clearly underestimated (expected
direction of the bias) if endogeneity is not taken into account. For the yogurt market the price effect

is underestimated by 57%; for the ketchup market, it is underestimated by 11%. Note also that the



Table 1
Results from the Base Case

Complete Model p=0 p=0,00 =0

Yogurt Market

Dannon 5.67 3.48 3.32
(0.07) (0.08) (0.12)
Yoplait 5.75 3.52 3.34
(0.10) (0.08) (0.13)
Price -21.74 -14.22 -13.83
(0.20) (0.31) (0.45)
Display 0.33 0.51 0.54
(0.03) (0.04) (0.09)
Feature -0.015 -0.147 -0.069
(0.02) (0.02) (0.07)
Loyalty 1.63 1.75 1.79
(0.03) (0.04) (0.04)
oy 0.039 0.038 0.038
(0.001) (0.002) (0.002)
O 0.61 0.40
(0.04) (0.09)
p 0.78
(0.05)
LL -1086.2 -1104.6 -1130.4

Ketchup Market

DelMonte -2.89 -2.54 -2.46
(0.13) (0.16) (0.26)
Hunts -2.69 -2.43 -2.40
(0.13) (0.15) (0.25)
Price -6.21 -5.61 -5.58
(0.21) (0.31) (0.56)
Display 1.22 1.16 1.14
(0.11) (0.10) (0.07)
Feature 0.80 0.76 0.83
(0.12) (0.10) (0.10)
Loyalty 1.24 1.25 1.25
(0.07) (0.07) (0.08)
oy 0.056 0.056 0.056
(0.001) (0.001) (0.001)
Ogb 0.56 0.50
(0.08) (0.09)
p 0.30
(0.09)
LL 97.6 95.1 78.6

LL is the value of the log likelihood minus the fixed terms. The standard errors are in parentheses
(this will also be the case for all the tables below).



correlation between 52’~t and 7j¢, p, is positive as expected (note that it is quite large for the yogurt
market). The common demand shocks are 23% of the total demand shocks for the yogurt market,
and 19% for the ketchup market. Finally, note that there is a pattern in the change of the estimates
of the parameters of the latent utility model when the endogeneity of the pricing decision is allowed
for: the brand-specific dummies increase in absolute value, and the effect of the other marketing-mix

variables and of loyalty decrease (for most of the coefficients).

These results present the main message of the paper: accounting for the endogeneity of a
marketing-mix variable in a brand choice model can result in a significant change in the param-
eter estimates, and therefore, in the resulting optimal resource allocation. In the next sections we
are going to show that these results are robust to more general error structures, to a slope specifi-
cation of the endogeneity, to heterogeneity in the consumer pool, and to relaxations of the pricing

rule.

3. MORE GENERAL ERROR STRUCTURES

In this section we consider the case of more general error structures. In particular, we consider
structures where the independence of irrelevant alternatives property does not hold and where there

might be non-zero correlations across j between the elements of the set {»3337 NV, t}.

In order to allow the independence of irrelevant alternatives property not to hold, we assume £},
to be normally distributed instead of Gumbel. As is well-known, this creates major computational
problems when using maximum likelihood estimation (in this particular case, we have multiple
integrals of the fourth order). As a result, we use the method of simulated maximum likelihood
(SML).!3  For some simulators, SML is equivalent to the method of simulated scores (see Keane
1993 and Hajivassiliou and McFadden 1993, and Gourieroux and Monfort 1993 for a discussion of

the properties of these estimators).4

Then

J
o vie i ln )= [ [ [ T1 Problusist, i) TT £(ehe | mas oo od)dely ()

i€l k=1

where

/ / /

Prob(jit; i,t, 5?'ij t) = é[(Xijitt - Xi)B + 5?'itt —eh (Xijit — Xi—y)B +



b b i i
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5?itt - 6?j+1)t7 T (Xijitt — Xin)B+ 5?itt - 5?”] (8)

where ®[] is the cumulative normal distribution of dimension .J — 1 of a vector with mean zero and

a ... ca _ca  ca _
gt CiG—1)t T Cijut> Si(j+1)t

e — 5%itt)' This can be obtained, for example, from the variance-covariance of the vector

variance-covariance the variance-covariance of the vector (¢4, — ¢
a
Cijut> "

(el — efiyr €y — €dys -+ €8y, — €8). The elements of this matrix are parameters of the likelihood

function. In this particular case, because J = 3, the parameters are

2
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where now the indirect utility is scaled by 03‘5,1 +20%, = 1.1

Using SML in this model requires simulation of both ®[.] (draws of e¢;1) and g(.) given B[] (draws
of 52’~t). The simulation of @[] was performed using the GHK simulator (Geweke-Hajivassiliou-Keane;
see, for example, Hajivassiliou, McFadden and Ruud 1992 for a description of the simulator). Because

it is an expected value of a smooth function, we simulated ¢(.) by taking the mean across draws of

b
Ejt-
In order to check the accuracy of the simulation of ¢(.) alone, we first simulated g(.) for the model
of the previous Section (i.e., keeping i with a Gumbel distribution). The results, not presented
here (but available upon request from the authors), are very similar to the results presented in the

previous Section.

The results for the case in which &}, is normally distributed (still assuming 7, and 52’~t to be
identically distributed and independent across j) are presented in Table 2 for the yogurt and the
ketchup markets. Columns 4 through 6 present the results that are directly comparable (up to
a constant) to the results of the logit case, i.e., V is the identity matrix multiplied by a constant.
Columns 1 through 3 present the general case for V', where the independence of irrelevant alternatives

property is relaxed, and the elements in the diagonal of V' do not need to be all equal.

These results confirm the results obtained in the base case and show their robustness to allow-
ing the independence of irrelevant alternatives not to hold. They show clearly the importance of
considering the endogeneity of the pricing decision: (i) there are important common shocks across
individuals (the hypothesis o = 0 is rejected), (ii) there is significant endogeneity of the price vari-
able (the hypothesis p = 0 is rejected), and (iii) the parameters that estimate the impact of price on
choice are underestimated if endogeneity is not taken into account. For the yogurt market the price

effect is underestimated by 65%; for the ketchup market, it is underestimated by 13% (in comparison



Table 2 )
Simulation of g(.) and @ []

Complete Model p=20 p=0,00=0 Peg_jeo | = 0 Ped et | = 0 Peg_leg | = 0
Te5_ 1 T %55, Te5_ 1 T %55, Teg_ 1 T T3,
p=20 p=0,00=0
Yogurt
Market
Dannon 2.69 1.60 1.49 3.90 2.05 1.87
(0.28) (0.11) (0.08) (0.23) (0.10) (0.06)
Yoplait 2.79 1.70 1.56 3.73 1.78 1.60
(0.29) (0.11) (0.09) (0.26) (0.11) (0.07)
Price -10.55 -6.81 -6.41 -14.24 -7.84 -7.27
(0.96) (0.38) (0.30) (0.78) (0.36) (0.21)
Display 0.20 0.23 0.24 0.23 0.31 0.33
(0.07) (0.08) (0.05) (0.07) (0.10) (0.06)
Feature 0.027 -0.033 -0.016 0.025 -0.065 -0.039
(0.04) (0.04) (0.03) (0.04) (0.05) (0.04)
Loyalty 0.80 0.83 0.85 0.83 1.00 1.01
(0.04) (0.04) (0.04) (0.05) (0.02) (0.02)
oy 0.039 0.038 0.038 0.040 0.038 0.038
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
o.b 0.29 0.16 0.42 0.20
(0.04) (0.02) (0.04) (0.02)
p 0.84 0.94
(0.05) (0.02)
Pea_jea | 0.68 0.71 0.67
(0.03) (0.03) (0.03)
Oca | 0.83 0.90 0.90 0.80 0.96 1.00
(0.04) (0.04) (0.04)
LL -1093.8 -1110.4 -1133.6 -1167.3 -1198.8 -1216.1
Ketchup
Market
DelMonte -1.29 -1.18 -1.10 -1.31 -1.17 -1.03
(0.13) (0.12) (0.11) (0.17) (0.16) (0.12)
Hunts -1.29 -1.20 -1.16 -1.26 -1.15 -1.07
(0.12) (0.12) (0.10) (0.16) (0.15) (0.12)
Price -2.48 -2.25 -2.19 -3.24 -2.96 -2.79
(0.28) (0.27) (0.24) (0.34) (0.32) (0.26)
Display 0.52 0.53 0.50 0.69 0.70 0.66
(0.04) (0.04) (0.04) (0.06) (0.06) (0.04)
Feature 0.41 0.36 0.42 0.41 0.37 0.45
(0.08) (0.07) (0.05) (0.10) (0.09) (0.05)
Loyalty 0.59 0.59 0.60 0.66 0.67 0.68
(0.05) (0.05) (0.04) (0.05) (0.05) (0.05)
oy 0.056 0.056 0.056 0.056 0.056 0.056
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
o.b 0.23 0.22 0.29 0.27
(0.03) (0.03) (0.04) (0.04)
p 0.27 0.23
(0.12) (0.14)
Pea_jes | 0.57 0.53 0.45
(0.10) (0.10) (0.10)
oca | 0.50 0.51 0.57 0.92 0.93 1.00
(0.05) (0.05) (0.05)
LL 111.9 109.4 94.9 88.5 86.4 71.8

LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK
and 10 for 5?%-




to the case where endogeneity and common errors are not considered, i.e., column 1 versus column
3). Allowing for a more general error structure is also clearly important. The common demand
shocks are on average 36% of the total demand shocks in the yogurt market and 19% in the ketchup

market.

In order to check the impact of the number of draws on the previous results, we derived the
results of the three left columns of Table 2 with a greater number of draws for the GHK (20) and
for 52’~t (100). These results are presented in Table 3.

A comparison of the results of Table 3 to the first three columns of Table 2 suggests that the
bias introduced by SML is not substantial. Furthermore, the SML method is underestimating the
likelihood function when we relax the common errors and correlation restrictions, i.e., the SML

method is underestimating the impact of endogeneity.

Finally, one can generalize the error structure even further by allowing 7;; and ¢; to be distributed
differently and correlated across the brands. In particular, for the cases we are analyzing (i.e., J = 3)

we have the following parameters:

Mt 031 Pni20mOne  PmisOniOng
Vo=VAR| ny | = 032 P2z On20n3 (10)
3t 07273 |
el 02b Peb O b0 b Peb O b0b |
1t €1 12 “1 <2 13 1 <3
Vo =VAR 531& = U?g Pes OcbOct (11)
3 ok ]
51{1& e PebiyTebOm Pebpa0cbOng Pebps OcbOng
Voo, =COV | &, Mt | = | Peby0b0n Pebn,0chOnz  Peby, OcbOns (12)
6?,15 13t PebinTesOm  PebnaTctOn2 Pebns TebOns

Now, because we are only able to measure the difference between latent utilities (because the
choice probabilities depend only on the differences between latent utilities), these parameters are
underidentified (because they define the latent utilities for all the brands). We thus have to impose
6 restrictions on the above parameters. In order to make comparisons with the previous results we
chose to impose the following restrictions: Peb, = 0, Py, = 0, O = Ogb,

Pebyy = 0, Pebny = 0, and

Pebns = Pebns:

The log-likelihood function is now changed to

11



LL is the value of the log likelihood minus the fixed terms. The number of draws is 20 for the GHK

and 100 for 5?%-

Table 3

Greater Number of Draws

Yogurt Market
Dannon
Yoplait

Price

Display
Feature
Loyalty

Tn

Ketchup Market

DelMonte
Hunts
Price
Display
Feature
Loyalty

On

Complete Model

2.65
(0.29)
2.77
(0.31)
-10.45
(1.00)
0.14
(0.08)
0.004
(0.04)
0.79
(0.04)
0.039
(0.002)
0.29
(0.04)
0.79
(0.06)
0.69
(0.03)
0.83
(0.04)
-1079.3

-1.46
(0.16)
-1.45
(0.15)
-2.62
(0.32)

0.57
(0.06)
0.39
(0.09)
0.57
(0.05)
0.056
(0.001)
0.26
(0.03)
0.28
(0.14)
0.64
(0.09)
0.45
(0.05)
123.9

p=0

1.66
(0.13)
1.76
(0.15)
-7.06
(0.47)
0.17
(0.08)
-0.058
(0.04)
0.83
(0.04)
0.038
(0.002)
0.19
(0.02)

0.71
(0.03)
0.88
(0.05)
-1095.6

-1.34
(0.15)
-1.35
(0.13)
-2.37
(0.30)

0.58
(0.06)
0.34
(0.09)
0.57
(0.05)
0.056
(0.001)
0.25
(0.03)

0.60
(0.10)
0.44
(0.05)
121.2

pZO,UbZO

£

1.46
(0.08)
1.52
(0.10)
-6.31
(0.31)
0.23
(0.04)
-0.018
(0.03)
0.83
(0.04)
0.038
(0.002)

0.68
(0.03)
0.88
(0.04)
-1126.6

-1.11
(0.11)
-1.16
(0.10)
-2.20
(0.24)

0.49
(0.04)
0.42
(0.05)
0.61
(0.04)
0.056
(0.001)

0.46
(0.10)
0.57
(0.05)
96.4
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T
L(B, 0,01, Voo, Vi, Veoy) = [T f (e Vhis Vigs a0, ) g (dig Vi € Iy | mje V) (13)
=1

where f(nnVh; Vy; ag, 1) is the density function of a normal random vector with mean zero and
variance V,,, and g(di Vi € I; | nj; Vj) is the probability of observing choices d;; Vi € I in week ¢
given nj; Vj € J. Finally, g(di Vi € Iy | nj¢ Vj) can be written as

J
o(ds Vi € I, | mju Vi) = / / / TT Problis: ist, %5, £) F (24 | miahs Vi, Vi, Vi) T el
Co k=1

i€l
(14)
where f(%,Vk | npiVk; Voo, Vs, Vi) is the density of the vector b given ;.
Testing for endogeneity is testing for Vs, = 0. Testing for common demand shocks across

consumers is testing for V_, = 0. The results are presented in Tables 4 and 5.

These results basically confirm the results obtained above: common errors in the choice model
and endogeneity in the marketing-mix variables (i.e., price) matter substantially. Furthermore,
these results show that the constraints that were relaxed in this generalization (allowing for richer
Vs Voo, and ‘/Eb,n) are rejected, i.e., it is important to allow for rich error structures. However, the
parameters of the choice model do not change substantially. Given this fact and in the interest of
easier computability, we restrict attention in the following sections to the constrained probit model

(constraints on V;, Vv, and Vs, ).10

4. ENDOGENEITY IN THE SLOPE

Another potential and serious problem is endogeneity resulting from the parameters of the
marketing-mix variables (endogeneity in the slope). If the firms realize the existence of an increased
consumer sensitivity to price, it may be a good strategy to cut prices and this will ultimately be
observed in the data. We restrict our attention to endogeneity in the slope in order to simplify the

computations.!” The latent utility model is assumed to be

Uijt = X_piuB-p + Pu(Bp +ed) + % (15)

where X_ p represents all the explanatory variables X except for the variable price, _p represents
the vector  except for the parameter associated with the variable price which is represented by Gp.

The pricing decision rule is represented by equation (2). All error terms are independent except

13



Table 4
Generalized Model

Complete Model  Zero Correlations Zero Common Errors
Yogurt Market
Dannon 2.35 1.62 1.49
(0.25) (0.13) (0.09)
Yoplait 2.48 1.73 1.55
(0.26) (0.14) (0.10)
Price -9.46 -6.92 -6.40
(0.88) (0.47) (0.35)
Display 0.21 0.22 0.24
(0.09) (0.08) (0.05)
Feature 0.018 -0.030 -0.016
(0.05) (0.04) (0.03)
Loyalty 0.86 0.84 0.85
(0.05) (0.04) (0.04)
O, 0.053 0.053 0.053
(0.005) (0.006) (0.006)
Pris 0.0019 0.0078 0.0078
(0.23) (0.20) (0.20)
Pnis 0.072 0.030 0.030
(0.14) (0.14) (0.14)
Oy 0.024 0.024 0.024
(0.001) (0.001) (0.001)
Pros 0.056 0.040 0.040
(0.16) (0.16) (0.16)
Ons 0.031 0.031 0.031
(0.003) (0.002) (0.002)
ob 0.20 0.14
(0.04) (0.03)
Peb, -0.20 0.18
(0.29) (0.15)
o 0.26 0.22
(0.05) (0.05)
Pty 0.66
(0.17)
Peby 0.030
(0.39)
Pebng 0.24
(0.28)
Pebny -0.36
(0.16)
psgnz 0.62
(0.19)
Pebng -0.015
(0.21)
peg_ea_, 0.70 0.71 0.67
(0.04) (0.03) (0.03)
Oes_ 0.93 0.91 0.90
(0.06) (0.05) (0.05)
LL -1039.6 -1061.0 -1089.0

LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK
and 10 for 5?%-

14



LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK
and 10 for 5?%-

Table 5
Generalized Model

Ketchup Market
Dannon
Yoplait
Price
Display
Feature
Loyalty
Om

Pz

P13z

On2

P23

On3

O_b

Pt

12

o

Peby
Pebag
Pty
Pebm
Pebny

Pebng

Complete Model  Zero Correlations

-1.31 -1.14
(0.17) (0.14)
-1.32 -1.16
(0.16) (0.13)
-2.50 -2.17
(0.38) (0.30)
0.43 0.47
(0.07) (0.05)
0.47 0.35
(0.11) (0.08)
0.56 0.57
(0.04) (0.05)
0.029 0.029

(0.002) (0.001)
0.038 0.019
(0.24) (0.24)
-0.027 -0.062
(0.13) (0.11)
0.081 0.081

(0.004) (0.005)
0.025 0.016
(0.18) (0.19)
0.044 0.044

(0.002) (0.002)
0.20 0.19
(0.03) (0.03)
0.24 -0.97
(0.17) (0.14)
0.30 0.21
(0.10) (0.08)
0.64
(0.10)

0.38
(0.17)
0.54
(0.17)
0.44
(0.21)
0.51
(0.19)
0.40

(0.22)

0.62 0.53
(0.10) (0.11)
0.47 0.49
(0.05) (0.05)
188.9 178.6

Zero Common Errors

-1.10
(0.11)
-1.16
(0.11)
-2.19
(0.25)

0.49
(0.04)
0.42
(0.05)
0.60
(0.05)
0.029

(0.001)
0.019
(0.24)
-0.062
(0.11)
0.081

(0.005)
0.016
(0.19)
0.044

(0.002)

0.45
(0.11)
0.57

(0.05)
161.6
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for the pairs (5§~lt,njt) Vj for which there is a correlation py. Given the interpretation above for the

possible endogeneity in the slope, we expect pg to be positive.

The likelihood function can then be constructed similarly to the one in the previous section (the

base case) taking now into account the fact that the integration in function g(.) is performed over

d

the variables €5, and p is substituted for pg.

Testing for endogeneity is testing for pg = 0. The results for the yogurt and the ketchup markets

are presented in Table 6.

These results confirm the results obtained in the base case and show their robustness to allowing
for endogeneity in the slope. They show clearly the importance of considering the endogeneity
of the pricing decision: (i) there are important common shocks across individuals (the hypothesis
0.4 = 0 is rejected), (ii) there is significant endogeneity of the price variable (the hypothesis pg = 0
is rejected), and (iii) the parameter that estimates the impact of price on choice seems to be clearly
underestimated if endogeneity is not taken into account (and as expected, the underestimation is
larger in this case). When accounting for endogeneity in the slope, the price effect is underestimated
by 87% for the yogurt market; for the ketchup market, it is underestimated by 22%. However, these
results are merely exploratory and it would be important to allow for both types of common shocks

(additive and in the slope) and allow the data to indicate which type is more important.

5. HETEROGENEITY IN THE CONSUMER POOL

Another important issue that has been widely considered in the literature on brand choice is
the existence of unobserved heterogeneity in the consumer pool (for example, Gonul and Srinivasan
1993). This heterogeneity was not considered in the previous sections. It is possible that the
previous models accounting for endogeneity were simply picking up this unobserved heterogeneity.
As a result, we include heterogeneity in the slope and then test whether accounting for endogeneity

is still important.

The latent utility model is assumed to be

Uijt = X_piB-pr + Pu(Bp +e) + ey + &b (16)

where 5? represents the household specific shock in the price effect, Gp represents the average price

effect across households, and 3p + ¢! represents the price effect for household i. The pricing decision
h

rule is again represented by equation (2). The disturbance €} is independent of all the other errors

in the model and is normally distributed with mean zero and variance agh.
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Table 6
Endogeneity in the Slope

Complete Model p3 =0 pgq=0,0.4=0

Yogurt Market

Dannon 3.09 1.65 1.49
(0.34) (0.11) (0.08)
Yoplait 3.19 1.74 1.56
(0.36) (0.12) (0.09)
Price -11.99 -7.03 -6.41
(1.19) (0.41) (0.30)
Display 0.19 0.23 0.24
(0.07) (0.07) (0.05)
Feature 0.039 -0.026 -0.016
(0.04) (0.04) (0.03)
Loyalty 0.89 0.86 0.85
(0.04) (0.04) (0.04)
on 0.039 0.038 0.038
(0.002) (0.002) (0.002)
O.d 0.58 0.30
(0.09) (0.05)
pd 0.90
(0.03)
pea_ie . 0.66 0.70 0.67
(0.04) (0.03) (0.03)
Oea_, 0.93 0.92 0.90
(0.05) (0.05) (0.04)
LL -1091.1 -1112.9 -1133.6

Ketchup Market

DelMonte -1.41 -1.28 -1.10
(0.15) (0.14) (0.11)
Hunts -1.41 -1.30 -1.16
(0.14) (0.13) (0.10)
Price -2.66 -2.39 -2.19
(0.32) (0.30) (0.24)
Display 0.59 0.60 0.50
(0.05) (0.05) (0.04)
Feature 0.42 0.37 0.42
(0.08) (0.07) (0.05)
Loyalty 0.61 0.62 0.60
(0.05) (0.05) (0.04)
on 0.056 0.056 0.056
(0.001) (0.001) (0.001)
O.d 0.23 0.22
(0.03) (0.03)
(0.11)
pea_ e, 0.59 0.55 0.45
(0.10) (0.10) (0.10)
o, 0.53 0.53 0.57
(0.05) (0.05) (0.05)
LL 112.5 109.7 94.9

LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK
and 10 for 5§~lt.
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The log-likelihood function is changed from the one in Section 3 and is now

T J
/H 11 £ Onts 075 0, 1) g(die Vi € I | e Vi) %

2 2 2
L(/B7a07a1705b70777p70-5h) =

H
1 de; (17)

where H is the number of households in the sample, and ¢(.) is the density function of the standard-

ized normal distribution.

The heterogeneity integrals were also simulated by taking an average across draws of 5?. The

results are presented in the Table 7 for the yogurt (H = 562) and the ketchup (H = 252) markets.

The results show that even accounting for heterogeneity, endogeneity is significant since the null
hypothesis p = 0 is rejected for both categories. Not accounting for endogeneity still results in the
price effect being underestimated. Note also that columns 1 through 3 of Table 2 present the results
of the model of Table 7 with the restriction o.» = 0. Then, by comparing the LL value in the
third column of Table 2 with the LL value in the third column of Table 7, one can conclude that
when both endogeneity and the common shocks are not in the model, the effects of heterogeneity
are statistically significant for the ketchup market. However, when endogeneity is accounted for, the
heterogeneity effects disappear (compare the LL value in the first column of Table 2 with the LL
value in the first column of Table 7). This might indicate that heterogeneity, when included alone in
the model (i.e., without accounting for endogeneity), may pick up some of the endogeneity effects.
However, these results have to be interpreted with care because of the limited number of draws in

the analysis.

6. OTHER PRICING DECISION RULES

In order to check the robustness of the results to other formulations of the pricing decision
rule (i.e., instruments for price), we allowed equation (2), the pricing equation, to include other
explanatory variables (i.e., instruments for price). The choice model is the probit one whose results

are shown in Table 2.

One pricing rule that has been used in the past in several applications, for example, Winer (1986),
is to have lagged market share and lagged price variables in the pricing equation. Equation (2) is

then changed to
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Table 7
Heterogeneity

Complete Model p=0 p=0,04 =

'Y e

Yogurt Market

Dannon 3.11 1.56 1.48
(0.30) (0.09) (0.07)
Yoplait 3.22 1.64 1.55
(0.32) (0.11) (0.09)
Price -11.98 -6.66 -6.38
(0.98) (0.36) (0.29)
Display 0.15 0.19 0.23
(0.06) (0.06) (0.05)
Feature 0.050 -0.031 -0.011
(0.03) (0.04) (0.04)
Loyalty 0.78 0.84 0.84
(0.04) (0.04) (0.04)
on 0.041 0.038 0.038
(0.002) (0.002) (0.002)
O.b 0.33 0.14
(0.05) (0.02)
o 0.95
(0.02)
Pea_jes | 0.66 0.69 0.67
(0.04) (0.03) (0.03)
oca | 0.81 0.90 0.90
(0.04) (0.05) (0.04)
O.h 0.026 0.029 0.026
(0.24) (0.26) (0.28)
LL -1093.7 -1110.2 -1133.2

Ketchup Market

DelMonte -1.46 -1.31 -1.11
(0.17) (0.14) (0.10)
Hunts -1.48 -1.34 -1.17
(0.16) (0.13) (0.10)
Price -2.99 -2.68 -2.19
(0.36) (0.31) (0.24)
Display 0.45 0.47 0.49
(0.05) (0.05) (0.04)
Feature 0.45 0.39 0.43
(0.07) (0.06) (0.05)
Loyalty 0.58 0.58 0.60
(0.04) (0.04) (0.04)
oy 0.056 0.056 0.056
(0.001) (0.001) (0.001)
o.b 0.25 0.22
(0.03) (0.03)
o 0.33
(0.16)
Pea_jee | 0.48 0.41 0.49
(0.14) (0.15) (0.09)
oca | 0.49 0.48 0.56
(0.05) (0.05) (0.04)
o.n 0.080 0.081 0.081
(0.06) (0.06) (0.06)
LL 112.0 109.5 98.6

LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK,

10 for 52“ and 10 for .
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Pjy = ajjo + aj1Pji—1 + ajoSji—1 + njt (18)

where Sj; is the market share for brand j in period ¢, and a3 is a parameter. The rationale behind
this model is that managers adjust their prices based on their market performance in the prior

period.

The results, presented in Table 8, show that the main conclusions from the previous sections
are robust to including lagged market share as an explanatory variable: the common shocks across
consumers are statistically significant and there is endogeneity in the price variable. The price
parameter in Table 8 is also very close to the one in Table 2 (which presents the results with the

simplified pricing rule).

Another important alternative to consider was to take lagged prices out of the pricing rule and
use only other variables as instruments for current prices. We had available some cost variables for
both markets that could serve as instruments. For yogurt, the cost variables were prices of milk
(used to make yogurt) in different regions of the country. For ketchup the cost variables were prices

18 The cost variables had statistically significant explanatory power

of different types of tomatoes.
on current prices. The results, available upon request from the authors, strengthened, as expected,
the main message of the results presented above: not accounting for endogeneity may result in a
substantial underestimation of the price coefficient. The strengthening of the results is expected

because lagged prices are possibly still correlated with the current utility equation residuals.

7. CONCLUSION

Our results show the importance of accounting for endogeneity in brand choice models estimated
using scanner panel data from two product categories. Variables which are unobserved to the mar-
keting researchers seem to be used by marketing managers to set the levels of the decision variables
and to affect consumer brand choice. The results in this paper show that not accounting for endo-
geneity may result in underestimation of the market response to price. We also showed that these
results are robust to more complex error structures, to a formulation incorporating endogeneity of

the slope, to heterogeneity in the consumer pool, and to relaxations in the pricing rule.

There are several limitations to this study. First, we tested for endogeneity in only two product
categories with a limited number of alternatives. Tests for endogeneity in other product categories
allowing for a greater number of alternatives are still needed. Second, the models of the firms’ decision
making are relatively ad-hoc. In future work, one may want to start with a theory about firms’

behavior and interactions and then derive the firms’ decision making with more clear restrictions
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Table 8
Lagged Market Share in Pricing Rule

Complete Model p=0 p=0,0,=0

Yogurt Market

Dannon 2.61 1.60 1.49
(0.25) (0.11) (0.08)
Yoplait 2.70 1.70 1.56
(0.27) (0.11) (0.10)
Price -10.27 -6.81 -6.41
(0.89) (0.39) (0.31)
Display 0.22 0.23 0.24
(0.08) (0.08) (0.05)
Feature 0.019 -0.033 -0.016
(0.04) (0.04) (0.03)
Loyalty 0.80 0.83 0.85
(0.04) (0.04) (0.04)
oy 0.038 0.037 0.037
(0.002) (0.002) (0.002)
b 0.28 0.16
(0.04) (0.02)
p 0.82
(0.05)
Peg_,es 0.68 0.71 0.67
(0.04) (0.03) (0.03)
Oea_| 0.83 0.90 0.90
(0.04) (0.05) (0.05)
LL -1085.4 -1103.1 -1126.3

Ketchup Market

DelMonte -1.32 -1.18 -1.10
(0.14) (0.13) (0.11)
Hunts -1.31 -1.20 -1.16
(0.13) (0.12) (0.10)
Price -2.53 -2.25 -2.19
(0.29) (0.28) (0.24)
Display 0.52 0.53 0.50
(0.04) (0.04) (0.04)
Feature 0.41 0.36 0.42
(0.08) (0.07) (0.05)
Loyalty 0.58 0.59 0.60
(0.05) (0.05) (0.04)
oy 0.055 0.055 0.055
(0.001) (0.001) (0.001)
b 0.24 0.22
(0.03) (0.03)
p 0.32
(0.12)
Pes_,es 0.58 0.53 0.49
(0.10) (0.10) (0.09)
Oes_ 0.50 0.51 0.56
(0.05) (0.05) (0.05)
LL 115.2 111.5 99.8

LL is the value of the log likelihood minus the fixed terms. The number of draws is 10 for the GHK,
and 10 for 5?%- 91



between the supply and the demand side of the model. Third, we only analyzed endogeneity in
the price variable. Several other explanatory variables are also probably affected by endogeneity,
for example, displays and features. Fourth, several aspects of the execution of our tests could be
improved upon with greater computer capabilities: greater number of simulations, allowing for both
additive and slope endogeneity at the same time, allowing for more general heterogeneity structures,
including in the model both very general error structures, endogeneity in the slope, and heterogeneity.
Fifth, one could check the robustness of the results to other estimation methods, in particular, to
estimation methods that rely on less distribution assumptions. Finally, recent developments in the
literature on brand choice such as the when/what/how much decision (Gupta 1988, Chiang 1991,
Chintagunta 1993) could also be included in the model.!?

Nevertheless, we believe that our results may be robust to all these extensions of the base model:
endogeneity in the marketing-mix variables may be important and can create a substantial bias
in the parameter estimates in several markets. Researchers in the brand choice area should now
question very seriously the existence of endogeneity in their models, and if not accounting for it,

they should at least test for its existence.?"
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NOTES

L A second source of endogeneity in scanner data applications, not considered here, is due to the way the price variable
has been constructed to include coupon redemption. Coupon redemption is also likely to be strongly correlated with the

error term (in particular, with the heterogeneity disturbance in any formulation accounting for consumer heterogeneity).

2Tt is still possible that these models can be used for prediction purposes if the managers keep making decisions in

the same way as in the data used for estimation.

3In those weeks the consumer has utility equal to minus infinity if she does not buy any product, and the utility
does not improve if she buys more than one product. We have also performed runs of the model with the no-purchase

option: The results are similar to the ones presented her, and our main message is substantially strengthened.

4We have also performed runs of the model with the loyalty variable specified as an exponential smoothing of past

purchases, as in Guadagni and Little 1983. The results are very similar to the ones presented here.
®This is for easier computability. In the following sections we consider e+ to be normally distributed.

5The formulation for the common demand shocks is a random effects one because of the small number of purchases

per week. An alternative is a fixed effects formulation.

"Note that the instruments being used have to be independent of the residuals in the utility equation. Because
of forward buying and stock piling, one might argue that lagged prices could be correlated with the utility equation
residuals. However, these forward buying and stock piling effects have been found to be of very limited size (see Gupta
1988). Another potential, and more serious problem, is that the common shock in the utility equation, E?t, may be
correlated through time, and then lagged prices would be correlated with the current period common shock. But, if
this is the case, the results obtained here would be conservative, and would only underestimate the endogeneity effects.
A main advantage of using lagged prices as instruments is that they are readily available to the researcher. Section 6

reports results from the use of other instruments for price.

8For the profit maximization interpretation of the pricing rule, the assumption that ;¢ is independent across t may
also not be empirically satisfied. This assumption is kept throughout the paper. Relaxing it would create the type of

estimation problems faced in Section 5, the log-likelihood function would not be additively separable across periods.

9There were originally 10 stores in this data set. Including more stores in the analysis would only increase the
choice set into products where there was a small degree of substitutability for the consumers being considered. The
analysis reported in this paper was limited to one store for both the yogurt and the ketchup markets. The results for

more than one store are in every way similar to the results presented here and available upon request from the authors.
1%We did not include more brands in the analysis for computational reasons.
HThere were 9 stores in this data set.

12The value of the maximum log-likelihood can be positive in these cases because the density of 7;¢, included in the

log-likelihood function, can be greater than one (i.e., the log of the density can be greater than zero), and compensate
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for the log of the probability of choice of each brand (which is less than zero).

13This method allows also for estimation with any number of brands. Notice also that the standard method of
simulated moments does not work in this case because the number of alternatives in that method is too large - J raised
to the power of the number of consumers that purchased a product in that week (see Hajivassiliou and McFadden
1993).

MFor the GHK simulator, mentioned below, these estimators are consistent and asymptotically normal if K /VN —

oo as N — oo, where K is the number of simulations and N is the number of observations.

5Note that this is the standard scaling in Probit models, which is different from the scaling used in the previous

Section.

16 Another potentially important generalization of the error structures, not studied here, is to allow the common
shocks s?t to be autocorrelated through time. With the current computational capabilities and this likelihood ap-
proach, this structure is however relatively complicated to estimate because one has both cross-section and time-series

correlation of the residuals — as in Section 5 below.

17 Alternatively, we could have considered both endogeneity in the slope and additive endogeneity, the one we

considered in the previous Sections.
18 All cost variables were obtained from the United States Department of Agriculture.

¥ 0ther results obtained by the authors in a model with the no-purchase option also show that the results presented

above may even underestimate the endogeneity problems.

200ne easily applicable test is the test of the existence of common shocks in the utility equation, which might be a
strong cue for the existence of endogeneity problems. The test is a lagrange multiplier test on the restriction that the

variance of the common shocks is zero. Details are available in Newey and McFadden (1994).
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