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a b s t r a c t

We extend the Berry, Levinsohn and Pakes (BLP, 1995) random coefficients discrete-choice
demandmodel,whichunderliesmuch recent empiricalwork in IO.Weadd interactive fixed
effects in the formof a factor structure on theunobservedproduct characteristics. The inter-
active fixed effects can be arbitrarily correlated with the observed product characteristics
(including price), which accommodate endogeneity and, at the same time, capture strong
persistence in market shares across products and markets. We propose a two-step least
squares-minimum distance (LS-MD) procedure to calculate the estimator. Our estimator is
easy to compute, and Monte Carlo simulations show that it performs well. We consider an
empirical illustration to US automobile demand.
© 2018 The Author(s). Published by Elsevier B.V. This is an open access article under the

CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The Berry et al. (1995) (hereafter BLP) demand model, based on the random coefficients logit multinomial choice model,
has become the workhorse of demand modeling in empirical industrial organization and antitrust analysis. An important
virtue of this model is that it parsimoniously and flexibly captures substitution possibilities between the products in a
market. At the same time, the nested simulated GMM procedure proposed by BLP accommodates possible endogeneity of
the observed product-specific regressors, notably price. This model and estimation approach has proven very popular (e.g.
Nevo (2001), Petrin (2002); surveyed in Ackerberg et al. (2007)).

Taking a cue from recent developments in panel data econometrics (e.g. Bai and Ng (2006), Bai (2009), and Moon and
Weidner (2015, 2017)), we extend the standard BLP demand model by adding interactive fixed effects to the unobserved
product characteristic, which is the main ‘‘structural error’’ in the BLP model. This interactive fixed effect specification
combines market (or time) specific fixed effects with product specific fixed effects in a multiplicative form, which is often
referred to as a factor structure.
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Our factor-based approach extends the baseline BLPmodel in twoways. First,weoffer an alternative to theusualmoment-
based GMM approach. The interactive fixed effects ‘‘soak up’’ some important channels of endogeneity, which may obviate
the need for instrumental variables of endogenous regressors such as price. This is important as such instruments may
not be easy to identify in practice. Moreover, our analysis of the BLP model with interactive fixed effects illustrates that
the problem of finding instruments for price (which arises in any typical demand model) is distinct from the problem
of underidentification of some model parameters (such as the variance parameters for the random components), which
arises from the specific nonlinearities in the BLP random coefficients demand model. In our setting, the fixed effects may
obviate the need for instruments to control for price endogeneity but, as wewill point out, we still need to impose additional
moment conditions in order to identify these nonlinear parameters. Second, even if endogeneity persists in the presence of
the interactive fixed effects, the instruments only need to be exogenous with respect to the residual part of the unobserved
product characteristics, which is not explained by the interactive fixed effect. This may expand the set of variables which
may be used as instruments.

To our knowledge, the current paper presents the first application of some recent developments in the econometrics
of long panels (with product and market fixed effects) to the workhorse demand model in empirical IO. Relative to the
existing panel factor literature (for instance, Bai (2009), andMoon andWeidner (2015, 2017)) that assume a linear regression
with exogenous regressors, the nonlinear model that we consider here poses both identification and estimation challenges.
Namely, the usual principal components approach for linear factor models with exogenous regressors is inadequate due to
the nonlinearity of themodel and the potentially endogenous regressors. At the same time, the conventional GMM approach
of BLP cannot be used for identification and estimation due to the presence of the interactive fixed effects.

We propose an alternative identification and estimation scheme which we call the Least Squares-Minimum Distance
(LS-MD) method. It consists of two steps. The first step is a least squares regression of the mean utility on the included
product-market specific regressors, factors, and the instrumental variables. The second step minimizes the norm of the
least squares coefficient of the instrumental variables in the first step. This estimation approach is similar to the two stage
estimationmethod for a class of instrumental quantile regressions in Chernozhukov andHansen (2006).We show that under
regularity conditions that are comparable to the standard GMMproblem, the parameter of interest is point identified and its
estimator is consistent.We also derive the limit distribution under asymptotic sequenceswhere both the number of products
and the number of markets converge to infinity. In practice, the estimator is simple and straightforward to compute. Monte
Carlo simulations demonstrate its good small-sample properties.

Our work complements some recent papers in which alternative estimation approaches and extensions of the standard
randomcoefficients logitmodel have been proposed, includingVillas-Boas andWiner (1999), Knittel andMetaxoglou (2014),
Dube et al. (2012), Harding and Hausman (2007), Bajari et al. (2011), and Gandhi et al. (2010).

We illustrate our estimator on a dataset ofmarket shares for automobiles, inspired by the exercise in BLP. This application
illustrates that our estimator is easy to compute in practice. Significantly, we find that, once factors are included in the
specification, the estimation results under the assumption of exogenous and endogenous price are quite similar, suggesting
that the factors are indeed capturing much of the unobservable product and time effects leading to price endogeneity.

The paper is organized as follows. Section 2 introduces the model. In Section 3 we discuss how to identify the model
when valid instruments are available. In Section 4 we introduce the LS-MD estimation method. Consistency and asymptotic
normality are discussed in Section 5. Section 6 containsMonte Carlo simulation results, and Section 7 discusses the empirical
example. Section 8 concludes. In the appendix we list the assumptions for the asymptotic analysis and provide technical
derivations and proofs of results in the main text.

Notation

Wewrite A′ for the transpose of a matrix or vector A. For column vectors v the Euclidean norm is defined by ∥v∥ =
√

v′v.
For the nth largest eigenvalues (counting multiple eigenvalues multiple times) of a symmetric matrix B we write µn(B). For
anm × nmatrix A the Frobenius norm is ∥A∥F =

√
Tr(AA′), and the spectral norm is ∥A∥ = max0̸=v∈Rn

∥Av∥

∥v∥
, or equivalently

∥A∥ =
√

µ1(A′A). Furthermore, we use PA = A(A′A)†A′ and MA = 1m − A(A′A)†A′, where 1m is the m × m identity matrix,
and (A′A)† denotes a generalized inverse, since A may not have full column rank. The vectorization of an m × n matrix A is
denoted vec(A), which is the mn × 1 vector obtained by stacking the columns of A. For square matrices B, C , we use B > C
(or B ≥ C) to indicate that B− C is positive (semi) definite. We use ∇ for the gradient of a function, i.e. ∇f (x) is the vector of
partial derivatives of f with respect to each component of x. We use ‘‘wpa1’’ for ‘‘with probability approaching one’’.

2. Model

The random coefficients logit demandmodel is an aggregatemarket-level model, formulated at the individual consumer-
level. Consumer i’s utility of product j in market1 t is given by

uijt = δ0jt + ϵijt + X ′

jt vi, (2.1)

1 The t subscript can also denote different time periods.
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