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Abstract

I propose a nonparametric approach to estimate demand in differentiated products
markets. Demand estimation is key to addressing many questions in economics that
hinge on the shape—and notably the curvature—of market demand functions. My
approach allows for a broad range of consumer behaviors and preferences, including
standard discrete choice, complementarities across goods, consumer inattention and
loss aversion. Further, no distributional assumptions are made on the unobservables
and only limited functional form restrictions are imposed on utility. Using Califor-
nia grocery store data, I apply my approach to perform two counterfactual exercises:
quantifying the pass-through of a tax and assessing how much the multi-product na-
ture of sellers contributes to markups. I find that estimating demand flexibly has a
significant impact on the results relative to standard mixed logit models, I highlight
how the outcomes relate to the estimated shape of the demand functions, and show
how the nonparametric approach may be used to guide the choice among parametric
specifications.
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1 Introduction

Many areas of economics study questions that hinge on the shape of the demand functions
for given products. Examples include investigating the sources of market powerﬂ evaluat-
ing the effect of a tax or subsidyﬂ merger analysisﬂ assessing the impact of a new product
being introduced into the marketﬁ understanding the drivers of the well-documented in-
complete pass-through of cost shocks and exchange-rate shocks to downstream pricesﬁ and
determining whether firms play a game with strategic complements or substitutes.ﬁ Given
a model of supply, the answers to these questions crucially depend on the level, the slope,
and often the curvature of the demand functions. Therefore, if the chosen demand model
is not rich enough, the results could turn out to be driven by the convenient, but often
arbitrary, restrictions embedded in the model, rather than by the true underlying economic
forces. This motivates using demand estimation methods that rely on minimal parametric

assumptions.

In this paper, I propose a nonparametric approach to estimate demand in differentiated
products markets based on aggregate datam In such settings, a standard practice is to posit
a random coefficients discrete choice logit mode]ﬁ and estimate it using the methodology
developed by Berry, Levinsohn, and Pakes| (1995]) (henceforth BLP). While the approach in
BLP accomplishes the crucial goals of generating reasonable substitution patterns and al-
lowing for price endogeneity, it relies on a number of parametric restrictions for tractability.
A recent paper by Berry and Haile (2014) (henceforth BH) shows that most of these restric-
tions are not needed for identification of the demand functions, i.e. that these restrictions
are not necessary to uniquely pin down the demand functions in the hypothetical scenario

in which the researcher has access to data on the entire relevant population. While this type

'E.g., Berry, Levinsohn, and Pakes| (1995) and Nevol (2001).

2See, e.g., Bulow and Pfleiderer| (1983) and [Weyl and Fabinger| (2013)).
3E.g., Nevo (2000) and |Capps, Dranove, and Satterthwaite, (2003).

4E.g., Petrin| (2002).

°E.g., Nakamura and Zerom! (2010) and |Goldberg and Hellerstein| (2013).
6See Bulow, Geanakoplos, and Klemperer| (1985)).

"By differentiated products markets, I mean markets in which consumers face a range of options that are
differentiated in ways that are both observed and unobserved to the researcher. In the presence of unobserved
heterogeneity, all the variables that are chosen by firms after observing consumer preferences—e.g. prices
in many models—are endogenous. The need to deal with endogeneity is a key feature of the estimation
approach developed in this paper.

8Throughout the paper, we use the terms “random coefficients (discrete choice) logit model” and “mixed
logit model” interchangeably.



of results constitutes a necessary first step for any estimation approach, a natural question
is whether it is possible to translate the identification arguments in BH into an estimation
method that can be implemented on the type of (finite) datasets available to economists. To

the best of my knowledge, this paper is the first to do soﬂ

There are two main dimensions in which my approach is more flexible than existing methods.
First, as mentioned above, I relax most parametric restrictions on the utility function. For
instance, one does not need to assume that the idiosyncratic taste shocks or the random
coefficients on product characteristics belong to a parametric family of distributions. Instead,
I leverage a range of constraints—such as monotonicity of demand in certain variables and
properties of the derivatives of demand—that are grounded in economic theory. Second, by
directly targeting the demand functions as opposed to the underlying utility parameters,
my approach relaxes several assumptions on consumer behavior and preferences that are
embedded in BLP-type models. The latter models assume that each consumer picks the
product yielding the highest (indirect) utility among all the available options. This implies,
among other things, that the goods are substitutes to each otherH that consumers are aware
of all products and their Characteristicsﬂ and that each consumer buys at most one unit of a
single productE In contrast to this, the approach I develop allows for a much broader range
of consumer behaviors and preferences, including complementarities across goods, consumer

inattention, and consumer loss aversion.

In practice, I propose approximating the demand functions using Bernstein polynomials,
which make it easy to enforce a number of economic constraints in the estimation routine.

In order to obtain valid standard errors, I rely on advances in the econometrics literature on

9Souza-Rodrigues| (2014) proposes a nonparametric estimation approach for a class of models that includes
binary demand. However, extension to the case with multiple inside goods does not appear to be trivial.

10Gentzkow| (2007) develops a parametric demand model that allows for complementarities across goods
and applies it to the market for news. Given the relatively small number of options available to consumers,
pursuing a nonparametric approach seems feasible in this industry and we view this as a promising avenue
for future research.

HGoereel (2008) uses a combination of market-level and micro data to estimate a BLP-type model where
consumers are allowed to ignore some of the available products. The model specifies the inattention prob-
ability as a parametric function of advertising and other variables. Relative to |Goereg| (2008]), this paper
allows for more general forms on inattention. Specifically, any model that satisfies the connected substitutes
conditions in Assumption [2] (as well as the index restriction in Assumption [1)) is permitted. Section
presents simulation results from one such model. A recent paper by |Abaluck and Adams| (2017)) obtains
identification of both utility and consideration probabilities in a class of models with inattentive consumers
facing exogenous prices.

127 few studies, including [Hendel (1999) and Dubé¢| (2004), estimate models of “multiple discreteness”,
where agents buy multiple units of multiple products. However, these papers typically rely on individual-
level data rather than aggregate data. The same applies to papers that model discrete/continuous choices,
such as |Dubin and McFadden| (1984) for the case of electric appliances and electricity.



nonparametric instrumental variables regression—specifically |(Chen and Pouzo| (2015) and
Chen and Christensen| (forthcoming)) (henceforth, CC)—and I provide primitive conditions

for the case where the objects of interest are price elasticities and counterfactual prices.

A typical limitation of nonparametric estimators is that the number of parameters tends
to increase quickly with the number of goods and/or covariates. While my approach is
no exception, I show that one can mitigate this curse of dimensionality by assuming an

exchangeability restriction that is easy to impose in estimation.

I illustrate the applicability and the feasibility of the approach through various simulations
in Section |4, The results suggest that the method works well in moderate samples and that
it is able to capture the shape of the own- and cross-price elasticities in a number of settings

where standard random coefficients logit models fail.

I then apply the approach to data on strawberry sales from California grocery stores. While
this is a small product category, it has features that make it especially suitable for the first
application of a nonparametric—and thus data-intensive—method. Advantages include the
ability to abstract from dynamic considerations and the availability of a large dataset rel-
ative to the number of products. I perform two counterfactual exercises on this data. The
first is to quantify the pass-through of a tax into retail prices. The second concerns the role
played by the multi-product nature of retailers in driving up markups (the “portfolio effect”
in the terminology of |[Nevo| (2001))). I compare the results obtained using my approach to
those given by a standard random coefficients logit model and find substantial differences.
Notably, mixed logit significantly over-estimates the pass-through of a per-unit tax on or-
ganic strawberries relative to the nonparametric approach. This reflects the fact that the
mixed logit own-price elasticity grows (in absolute value) with price more slowly than the
nonparametric elasticity. A retailer finds it optimal to increase prices by a greater extent
when faced with a more slowly-growing elasticity function. On the other hand, in the port-
folio effect counterfactual, a flexible enough mixed logit model matches the nonparametric
results very closely. This is not the case for less flexible mixed logit models, suggesting
that the approach proposed in the paper may be used to guide the choice among competing

parametric models.

This paper contributes to the vast literature on models of demand in differentiated products
markets pioneered by BLP. As mentioned above, the estimation approach I propose builds
on the recent nonparametric identification results in BH. We emphasize that the present
paper, as well as BH, focus on the case where the researcher has access to market-level data,
typically in the form of shares or quantities, prices, product characteristics and other market-
level covariates. This is in contrast to studies that are based on consumer-level data, such as
Goldberg (1995)) and [Berry, Levinsohn, and Pakes| (2004). Recently, Berry and Haile (2010)

4



have provided conditions for the nonparametric identification in this “micro data” setting,
which opens up an interesting avenue for future research on nonparametric estimation of

those models.

Second, the paper is related to the large literature on incomplete pass—through@ and, par-
ticularly, the papers that adopt a structural approach to decompose the different sources of
incompleteness. For instance,|Goldberg and Hellerstein| (2008), Nakamura and Zerom (2010))
and (Goldberg and Hellerstein| (2013)) estimate BLP-type models to assess the contribution
of markup adjustment in generating incomplete pass—throughﬁ against competing explana-
tions (i.e. nominal rigidities and the presence of costs not affected by the shocks). The
present paper contributes to that literature by providing a method to evaluate markups that
relaxes a number of restrictions on consumer behavior and preferences. The results I obtain
suggest that estimating demand flexibly may decrease or increase the estimates of markup
adjustment depending on the product. Notably, for the fresh organic strawberry market, the
estimated markup adjustment is significantly higher and thus the tax pass-through is more

incomplete relative to what is predicted by a more restrictive model.ﬁ E

Third, the paper relates to the literature investigating the sources of market power, notably
Nevol| (2001). Once again, I offer a more flexible method to disentangle different components
of market power, and I quantify the role of one such component, the portfolio effect, in the

California market for fresh strawberries.

The rest of the paper is organized as follows. Section 2 presents the general model and sum-
marizes the nonparametric identification results from BH. Section [3| discusses the proposed
nonparametric estimation approach, with a special emphasis on how to impose a range of
constraints from economic theory. Section [4] presents the results of several Monte Carlo sim-
ulations. Section o] applies the methodology to data from California grocery stores to assess
the pass-through of a tax and evaluate the effect of multi-product retailers on markups.
Section [6] concludes the main text. Appendix [A] provides some details on Bernstein polyno-

mials. Appendix [B] discusses several economic constraints and shows how to enforce them

I3The literature on estimating pass-through is large and we do not attempt to provide an exhaustive list
of references. We just mention an interesting recent paper by |Atkin and Donaldson| (2015) which estimates
the pass-through of wholesale prices into retail prices, and uses this to quantify how the gains from falling
international trade barriers vary geographically within developing countries.

M 8pecifically, (Goldberg and Hellerstein| (2008) and |Goldberg and Hellerstein| (2013) focus on exchange
rate pass-through, while [Nakamura and Zerom| (2010|) consider cost pass-through.

15This comparison is performed assuming a Bertrand-Nash model for the supply side. Note that alternative
supply models (e.g. Cournot) tend to deliver lower levels of pass-through. However, they do not appear to
be realistic in many industries, including the one we consider in this paper.

16For non-organic strawberries, I find that mixed logit over-estimates markup adjustment—and thus under-
estimates pass-through—relative to the nonparametric approach, but the two confidence intervals overlap.



in estimation. Appendix [C] contains all the assumptions and proofs for the inference re-
sults. Appendix [D] presents the results of additional Monte Carlo simulations. Appendix
discusses the construction of the data and contains descriptive statistics. Appendix
shows that some quantities of interest are robust to certain violations of the exogeneity
restrictions maintained throughout the paper. Finally, Appendix [G] provides two possible

micro-foundations for the demand model estimated in the empirical application.

2 Model and Identification

The general model I consider is the same as that in BH. In this section, I summarize the
main features of the model as well as the key identification result. In a given market ¢, there
is a continuum of consumers choosing from the set J = {1, ..., J}. Each market ¢ is defined
by the choice set J and by a collection of characteristics y; specific to the market and/or

products. The set y; is partitioned as follows:

Xt = (mtaptv gt) 9

where z; is a vector of exogenous observable characteristics (e.g. exogenous product charac-
teristics or market-level income), p; = (piy, ..., psi) are observable endogenous characteristics
(typically, market prices) and & = (&yy, ..., £j¢) represent unobservables potentially correlated

with p; (e.g. unobserved product quality). Let X denote the support of y;.

Next, I define the structural demand system
o: X — A,

where A7 is the unit J—simplex. The function o gives, for every market ¢, the vector s; of
shares for the J goods. We emphasize that this formulation of the model is general enough
to allow for different interpretations of shares. The vector s; could simply be the vector of
choice probabilities (market shares) for the inside goods in a standard discrete choice model.
However, s; could also represent a vector of “artificial shares,” e.g. a transformation of the
vector of quantities sold in the market to the unit simplex. This case arises whenever the
data does not come in the form of shares, but quantities, and the researcher does not want
to take a stand on what the market size is. Indeed, the empirical application in Section

fits into this framework. I also define



for every market ¢, where o () is the j—th element of o (x;). In a standard discrete choice
setting, o corresponds to the share of the outside option, but again this interpretation is

not required for the results stated below.

Following BH, I impose two key conditions on the share functions ¢ that ensure that demand

is invertible['"] The first is an index restriction.

Assumption 1. Let the exogenous observables be partitioned as x; = <x§1),x§2)>, where

$§1) = (xﬁ), e xf,?), xﬁ) € R for j € J, and define the linear indices

=2 +& j=1,..J

For every market t,
oc(xi)=0 (5taptax£2)>
where 6 = (014, .., 05¢t)-

Assumption |1 requires that, for j =1, ..., J, a:ﬁ) and &j; affect consumer choice only through
the linear index d;;. In other words, :L‘ﬁ) and &;; are assumed to be perfect substitutes. On
the other hand, xl(f) is allowed to enter the share function in an unrestricted fashion. We

emphasize that Assumption [1]is stronger than what is needed for identification of the demand
(1)
jt
its separability in the unobservable ;; can be relaxed.ﬁ However, this stronger assumption

system. Specifically, as shown in Appendix B of BH, both the linearity of d;; in z;,’ and

simplifies the estimation procedure in that it leads to a separable nonparametric regression
model. Given that this is the first attempt at estimating demand nonparametrically for this

class of models, maintaining Assumption [1f appears to be a reasonable compromiseE

The second condition is what BH call “connected substitutes assumption.”P”]

I"Here I present the identification conditions for a generic demand system. More primitive sufficient
conditions tailored to our empirical setting are given in Appendix @

18What is critical turns out to be the strict monotonicity in &t

19In the absence of separability of §;; in &;;, one could think of applying existing estimation approaches for
nonseparable regression models with endogeneity (e.g. |(Chernozhukov and Hansen| (2006)), (Chen and Pouzo
(2009), |Chen and Pouzo| (2012) and |Chen and Pouzol (2015))).

20Here I use a strengthened version of this assumption that also requires differentiability of o (see Assump-
tion 3* in Berry, Gandhi, and Haile| (2013])). While the stronger version is not needed for identification, it
will be helpful because it implies properties of the Jacobian matrix of o that can be imposed in estimation.
Further, note that, unlike Assumption 2 in BH, I only require o to satisfy the connected substitutes assump-
tion in d, but not in p. This is because connected substitutes in ¢ is sufficient for identification of the demand
system. BH use connected substitutes in p to show that one can discriminate between different oligopoly
models on the supply side, but I do not pursue this here.



Assumption 2. (i) a%-tak <5t,pt,x§2)> <0 forall 7 > 0,k # 7 and all (@,pt,xf)); (1)
for every K C J and every (5t,pt,x§2)>, there exist a k € K and a j ¢ K such that

%Uj (5t7ptax£2)> <.

Assumption [2 requires the goods to be weak gross substitutes in §; in terms of the demand
system o; in addition, part (ii) requires some degree of strict substitutability. We emphasize
that, because the model does not require that s; be interpreted as a vector of market shares,
Assumptions (1| and [2| must only hold under some transformation of the demand system. As
a result, although Assumption [2| seems to rule out complementary goods, the model does

accommodate some forms of complementarities, as illustrated in Section 4.3

By Theorem 1 in |Berry, Gandhi, and Haile (2013]), Assumptions 1| and |2 ensure that demand
is invertible, i.e. that, for any triplet of vectors s;, p; and xf), there exists at most one vector

0, such that s, = o (5t7pt, x,@). This means that we can write

5jt - O-j_l (prtwr?)) ’ j - ]-7 [ERE) J. (1)

To obtain identification, I impose two additional instrumental variable (IV) restrictions from

BH.

Assumption 3. E (§|X,Z) = 0 a.s.-(X,Z), for j € J and for a random vector Z =

(Zy,...,Z1) of instruments.

Assumption 4. For all functions B (-, -, ) with finite expectation, if
E (B (S,P,X?)|X,Z) =0 a.s.-(X,Z), then B (S, P, X®?) =0 a.s.-(S, P, X?).

Assumption [3] imposes exogeneity of the observed characteristics x;. In addition, it requires
a vector of (exogenous) instruments z; excluded from the share function (e.g. cost shifters).
Intuitively, the vector xil) serves as “included” instruments for the market shares s;, while
2z is instrumenting for prices p;. Assumption [4] constitutes a completeness condition on
the joint distribution of (s, ps, z, 2;) with respect to (s, p;). In words, it requires the ex-
ogenous variables (zy,z;) to shift the distribution of the endogenous variables (s;,p;) to a
sufficient extent. It is a nonparametric analog of the standard rank condition in linear IV

models Y

BH show that, under the maintained assumptions, the demand system is identified, which

21BH also show that identification of the demand model can be achieved without the completeness condition
under additional structure. I do not pursue this here.



we formalize in the following result.

Theorem 1. Under Assumptions[1], [4 [J and [f] the structural demand system o is point-
identified.

Theorem [I| implies that the own-price and cross-price elasticity functions are identified.
Therefore, in combination with a model of supply, it allows one to address a wide range of
economic questions, including evaluation of markups, predicting equilibrium responses to a
policy (e.g. a tax), and testing hypotheses on consumer preferences or behavior (e.g. testing

the presence of income effects) [

3 Nonparametric Estimation

3.1 Setup and asymptotic results

Our proposed estimation approach is based on equation . Consistent with the goal of
avoiding arbitrary functional form and distributional restrictions, we propose a nonparamet-

ric approach. Specifically, we rewrite as

"L‘gi) = o-j_l <Staptax1(52)> - gjt j — 1, ceey J, (2)

where we use the normalization 3; = 1 as in BH. Equation , coupled with the IV exo-

geneity restriction in Assumption
E(X,2)=0 as.—(X,2), jeJ

suggests estimating crj_l using nonparametric instrumental variables (NPIV) methods

Some additional notation is needed to formalize this. We denote by T the sample size, i.e.
the number of markets in the data. Let/ ¥ be the space of functions to which ¢~! belongs and
let 1/11(\2 () = (1#&)\4] () 5y zp%’MJ_ ()> be the basis functions used to approximate o' for

22 As pointed out by BH (Section 4.2), one important exception is evaluation of individual consumer welfare,
which can be performed with aggregate data only by committing to a parametric functional form for utility.
However, identification of the demand system o is sufficient to pin down some welfare measures, such as the
aggregate change in consumer surplus due to a change in prices.

23The literature on NPIV methods is vast and we refer the reader to recent surveys, such as Horowitz
(2011) and |Chen and Qiuf (2016).



1€J @ Note that, since we pursue a nonparametric approach, we will let M; go to infinity
with the sample size for all j; thus, although we suppress it in the notation, M; is a function
of T. Then, we let X = {(&1_1, s &}1) : 5;1 = 71';’17/)](\2 (1), j€ j} be the sieve space for 2

Next, we denote by a%) ()=

J

and note that X1 depends on the sample size through {/; }j T

. . /
<a§3}{j (1) 5 eens a%} K, ()> the basis functions used to approximate the instrument space for
. . !/
good j’s equation, and we let A = (a% (21, 21), ...,a(lg (xT,zT)) for j € J. Again, we
suppress the dependence of { K }je 7 on the sample size. Further, we require that K; > M;
for all 7, which corresponds to the usual requirement in parametric instrumental variable

models that the number of instruments be at least as large as the number of endogenous

variables. Finally, we let rj (st,pt,xt,zt;&jfl) = (xﬁ) — 6]71 (st,pt,x?))) X a% (x4, 2¢).
Then, the estimation problem is as follows]
J [T ! T
E?é% ert (St, e, T4, 245 5]-_1) (A;‘Aj> ert (8¢, 1> T, 245 5]-_1) ; (3)
g T .
j=1 Lt=1 t=1

The solution 6! to (3) minimizes a quadratic form in the terms {r;; (-),j € J,t =1,..., T},
i.e. the implied regression residuals interacted with the instruments. Note that the objective
function in is convex. Thus, if the set Y7 is also convex, readily available algorithms are

guaranteed to converge to the global minimizer.

Moreover, we can leverage recent advances in the NPIV literature to perform inference.
Specifically, I rely on results in |[Chen and Christensen| (forthcoming) (henceforth, CC) to
obtain asymptotically valid standard errors for functionals of the demand system.m I now
state a result for general scalar functionals, which is a slight modification of Theorem D.1 in
CCP| For conciseness, the regularity conditions needed for the result, the definition of the

estimator for the variance of the functional, and the proof of the theorem, are postponed to

24In the simulations of Section as well as in the application of Section I use Bernstein polynomials
to approximate each of the unknown functions. However, the inference result in Theorem [2| below does not
depend on this choice, hence the general notation used in the first part of this section.

%In equation (3)), we let A~ denote the Moore-Penrose inverse of a matrix A.

268ee also |Chen and Pouzol (2015).

2"Note that CC consider inference on functionals of an unconstrained sieve estimator of the unknown
function, whereas our model features a range of economic constraints. However, under the assumption that
the true demand functions satisfy the inequality constraints strictly, the restrictions will not be binding
asymptotically. On a related note, one may wonder whether the asymptotic standard errors derived here
provide a good approximation to the finite sample performance of the constrained estimator. Comparing
the Monte Carlo evidence in Section [4] to the asymptotic standard errors in the empirical application from
Section [b] it seems that the asymptotic standard errors might be conservative (in spite of leveraging a much
bigger sample, the asymptotic standard errors for the elasticity functionals in the application are slightly
larger than those in the Monte Carlo simulations).

10



Appendix [C]

Theorem 2. Let the assumptions of Theorem 1] hold. Let f be a scalar functional of the
demand system and Or (f) be the estimator of the standard deviation of f(671) defined in
i Appendiz @ In addition, let Assumptions @ @ @ and@ in Appendz’x@ hold. Then,

Vil (61@);( f’; ) 4y (0,1).

Proof. See Appendix [C] O

Theorem [2| yields asymptotically valid standard errors for scalar functionals of the demand
system. These, in turn, may be used to construct confidence intervals for the functionals

and to test hypothesis on the demand functions.

We now provide more primitive sufficient conditions for Theorem [2| for two functionals of
interest: price elasticities and equilibrium prices. In both cases, we assume J = 2, which
corresponds to the model estimated in the empirical application of Section |5l Further, for
simplicity, we focus on the case where there are no additional exogenous covariates x(? in
the inverse of the demand system , although 2 could be included following Section 3.3
of CC. We state the results here and postpone the full presentation of the assumptions, as

well as the proof, to Appendix [C]

Theorem 3. Let the assumptions of Theorem |1 hold. Let f. be the own-price elasticity
functional defined in i Appendiz @ let Or (fe) denote the estimator of the standard

deviation of f. (671) based on , and let Assumptions@ @ and@fmm Appendz’zz@
hold. Then,

VT (&_;)Tzf{; @) 4 N o.1).

Proof. See Appendix [C] O

Theorem |3| establishes the asymptotic distribution of the own-price elasticity for good 1.
An analogous argument holds for the own-price elasticity of good 2 and for the cross-price

elasticities.

Next, we state a result establishing the asymptotic distribution of the equilibrium price for

good 1. Again, the case of good 2 follows immediately.

Theorem 4. Let the assumptions of Theorem hold. Let f,, be the equilibrium price func-
tional defined in n Appendm:@ let o1 (f,,) denote the estimator of the standard devi-

11



ation of f,, (671) based on (13), and let Assumptions [, [1 and [1d from Appendiz|d
hold. Then,

VU 67 = o (07)

o1 (fn) -

Proof. See Appendix [C] ]

In Section [5, we apply Theorem [4] to obtain confidence intervals for equilibrium prices under
two counterfactual scenarios, i.e. the levying of a tax and the switch from monopoly to

duopoly.

3.2 Constraints

We conclude this section with a discussion of the curse of dimensionality that is inherent in
nonparametric estimation, and of ways to tackle the issue. Note that each of the unknown
functions aj’l has 2.J + n, ) arguments, where n, denotes the number of variables included
in 2®). Therefore, the number of parameters to estimate grows quickly with the number of
goods and/or the number of characteristics included in #(?, and it will typically be much
larger than in conventional parametric models (in the hundreds or even thousands). While
this is an objective limitation of the approach, we argue that there are a number of factors
alleviating the problem. First, as illustrated by the extensive simulations in Section [4], the
own- and cross-price elasticity functions are precisely estimated with moderate sample sizes
(3,000 observations) for the J = 2 case. Given that many economic questions hinge on
functionals of the elasticities, this suggests that it is possible to obtain informative confi-
dence intervals for several quantities of interest. Second, very large market-level data sets
are increasingly available to researchers, including the Nielsen scanner data which is used in
Section [5] This provides further reassurance on the viability of data-intensive nonparametric
methods. Lastly, we show below that imposing constraints from economic theory substan-
tially aids nonparametric estimation. Some constraints (e.g. exchangeability) directly reduce
the number of parameters to be estimated. This simplification is often dramatic, especially
as the number of goods increases. Other restrictions (e.g. monotonicity) do not affect the
number of parameters, but play a role in disciplining the estimation routine, as illustrated

in Section [l

Imposing constraints in model is complicated by the fact that economic theory gives
us restrictions on the demand system o, but what is targeted by the estimation routine is

o~ !. Therefore, one contribution of the paper is to translate constraints on the demand

12



! and show that the latter can be enforced in a

system o into constraints on its inverse o~
computationally feasible way. Specifically, we propose to estimate the functions aj_l in (2)
using Bernstein polynomials, which we find to be very convenient for imposing economic

restrictions@

In this paper, we consider a number of constraints, including exchangeability of the demand
functions, monotonicity and lack of income effects. We emphasize that this is not an ex-
haustive list, and one may wish to impose additional constraints in a given application@
Conversely, not all constraints discussed in this paper need to be enforced simultaneously in

order to make the approach feasibleﬂ

In the remainder of this section, we focus on an exchangeability constraint, which leads to
a dramatic reduction in the number of parameters to estimate and thus is very helpful in
tackling the curse of dimensionalityP!] In Appendix [B] we consider other constraints that
one might be willing to impose and show how to enforce them in estimation. In order
to define exchangeability, let 7 : {1,...,J} — {1,...,J} be any permutation and let ) =
<$§2), e wSQ)), i.e. we assume that z(? is a vector of product-specific characteristics Then,

we say the structural demand system o is exchangeable if

2)\ _ (2) ©)
Oy <5ap7 Z'( )) = Ox(j) <67r(1)7 SED) 57r(J)7p7r(1)> vy Pre(J)s xﬂ-(l)a --'7'7:#(])) ) (4)

for j =1, ..., J. In words, the structural demand system is exchangeable if the demand func-

28See Appendix |A| for a more formal discussion of Bernstein polynomials.

29Note that one restriction that could yield a substantial reduction in the number of parameters is the
constraint that z(?) enter the demand functions through the indices 8. Specifically, each demand function
goes from having 2.J +n ) to 2J arguments. This, in turn, means that the number of Bernstein coefficients
for each demand function goes from m2??*m to m?’, where for simplicity we assume the degree m of the
polynomials is the same for all arguments. Restricting the way in which characteristics enter the demand
function is typically hard to motivate on economic grounds and therefore this type of constraints is somewhat
at odds with the general spirit of the paper. However, such restrictions might constitute an appealing
compromise in settings where the number of characteristics and/or goods is relatively high and dimension
reduction becomes a necessity.

30For example, in the empirical application in SectionH we do not assume lack of income effects.
31Exchangeability restrictions were discussed in [Pakes (1994) and Berry, Levinsohn, and Pakes (1995)).

32This need not be the case. For instance, z(?) could be a vector of market-level variables. In these settings,
we say the demand system is exchangeable if o; ((5,p, x(g)) = On(j) (67r(1)7 ey O (1) Pre(1)s s Pre(J) x(g)), which
requires z(?) to affect the demand of each good in the same way. Of course, the case where z(?) includes
both market-level and product-specific variables can be handled similarly at the cost of additional notation.
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tions do not depend on the identity of the products, but only on their attributes (5, D, x(Q))

For instance, for J = 3, exchangeability implies that 0, = 09 = 03, and that
01 <517 év 57 P1, D, D, 33'§2)7 £(2)7 f(z)) =01 (517 (_57 éa P1,Ds b, ‘T§2)7 §(2)7 2(2)>

for all (51,5, 9,p1,D,P; :UgQ),T@), §(2)>. One may be willing to impose exchangeability when
it seems reasonable to rule out systematic discrepancies between the demands for different
products. This assumption is often implicitly made in discrete choice models. For example,
in a standard random coefficient logit model without brand fixed-effects, if the distribution

of the random coefficients is the same across goods, then exchangeability is satisﬁed.@

Moreover, one may allow for additional flexibility by allowing the intercepts of the ¢ indices
to vary across goods. This preserves the advantages of exchangeability in terms of dimension
reduction, which we discuss below, while simultaneously allowing each unobservable to have
a different mean. Relative to existing methods, this is no more restrictive than standard
random coefficient logit models with brand fixed-effects and the same distribution of random

coefficients across goods.

Imposing exchangeability on the demand system o is facilitated by the following result.

1

Lemma 1. If 0 is exchangeable, then o~ s also exchangeable.

Proof. See Appendix [B.3] O
Lemma (1] implies that we can directly impose exchangeability of the target functions o~!.
This can be achieved by simply requiring that the Bernstein coefficients be the same for all
goods (up to appropriate rearrangements of the arguments of the functions) and imposing
that the value of each function be invariant to certain permutations of its arguments. By
the approximation properties of Bernstein polynomials (see Appendix , the latter may be

conveniently enforced through linear restrictions on the Bernstein coefficients.

Exchangeability is especially helpful in that it dramatically reduces the number of parameters

to be estimated. To illustrate this point, we show in Table 1| how the number of parameters

33For simplicity, here I consider the extreme case of exchangeability across all goods 1,...,.J. However,
one could also think of imposing exchangeability only within a subset of the goods, e.g. the set of goods
produced by one company. The arguments in this section would then apply to the subset of products on
which the restriction is imposed.

34This also uses the fact that the idiosyncratic logit shocks are iid - and thus exchangeable - across goods.
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Table 1: Number of parameters with and without exchangeability

] J H exchangeability \ no exchangeability ‘

3 324 729

1 900 6,561
5 2,025 59,049
10 27.225 3.4bn

Note: Tensor product of univariate Bernstein polynomials of degree 2. n 2 is assumed to be
Z€ro.

grows with J depending on whether we do or do not impose exchangeability{ﬂ While the
number of parameters grows large with J in both cases, the curse of dimensionality is much
worse if we do not impose exchangeability—indeed to the point where estimation becomes

quickly computationally intractable.

4 Monte Carlo Simulations

In this section, we present the results from a range of Monte Carlo simulations. The goal is
twofold. On the one hand, we illustrate that the estimation procedure works well in moderate
sample sizes. In doing this, we also highlight the importance of imposing constraints, which
motivates the work in Section [3] On the other hand, we show how the general model from
Section [2| may be applied to a variety of settings which include—but are not limited to—
standard discrete choice. All simulations are for the case with J = 2 number of goods,
T = 3,000 number of markets, and 200 Monte Carlo repetitions. In Appendix [D] we present
additional simulations to test how robust the results are when the sample size is lower, the

number of goods is larger than two, or Assumption [1] is violated.

We compare the performance of the estimated procedure to that of standard methods. Specif-
ically, we take as a benchmark a random coefficient logit model with normal random coeffi-
cients. We refer to this model as BLP. In order to summarize the results, we plot the own-
and cross-price elasticities as a function of price, along with point-wise confidence bands.
We choose to plot elasticity functions as that is what is needed for many counterfactuals
of interest. In each plot, all market-level variables different from the own-price are fixed at

their median values.

351n Table the degree of the Bernstein basis is taken to be 2. Further, each structural demand function
o; is assumed to depend on the 2J arguments (J,p) only. Of course, the number of parameters would be
even higher if one were to use a higher degree for the Bernstein basis and/or include additional covariates.
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4.1 Correctly specified BLP model

The first simulation is a random coefficients logit model with normal random coefficients.
This means that the BLP procedure is correctly specified and therefore we expect it to
perform well. On the other hand, we expect the nonparametric approach to yield larger
standard errors, due to the fact that it does not rely on any parametric assumptions. Thus,
comparing the relative performance of the two should shed some light on how large a cost one
has to pay for not committing to a parametric structure when that happens to be correct.

In the simulation, the utility that consumer ¢ derives from good j takes the form
Uij = aipj + ﬁl’j + 5]' + €ij

where ¢;; is independently and identically distributed (iid) extreme value across goods and
consumers, «; is distributed N (—1,0.15%) iid across consumers, and we set 5 = 1. The
exogenous shifters z; are drawn from a uniform [0, 2] distributionm whereas the unobserved
quality indices {; are distributed normally with mean 1 and standard deviation 0.15. We
draw excluded instruments z; from a uniform [0,1] distribution and generate prices according

to
pi = 2(z + 1) + &,
where 7; is uniform [0,0.1] 7]

Given this data generating process (dgp), we run our proposed estimation procedure. We
impose the following constraints from Section [3| and Appendix [B} exchangeability, diagonal
dominance of J¢ and monotonicity of c~!. We then compare our results with those obtained
by applying BLP. Figures [1| and [2| show the own- and cross-price elasticity functions for
good 1, respectively, together with confidence bands for BLP and our proposed procedure
(henceforth shortened as NPD, for “Non-Parametric Demand”). Both the NPD and the BLP
confidence bands contain the true elasticity functions. As expected, the NPD confidence band
is larger than the BLP one for the cross-price elasticity; however, they are still informative.
On the other hand, the NPD and the BLP confidence bands for the own-price elasticity
appear to be comparable. Overall, we take this as suggestive that the penalty one pays

when ignoring correct parametric assumptions is not substantial.

36Note that we drop the superscript on x;, since in the simulations we only have one scalar exogenous
shifter for each good, i.e. there is no #(?). This applies to all the simulations in this section.

3"Note that, while for simplicity we do not generate the prices from the supply first order conditions,
the definition of prices above is such that they are positively correlated with both the excluded instruments
(consistent with their interpretation as cost shifters) and the unobserved quality (consistent with what would
typically happen in equilibrium).
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Own Elasticity

Cross Elasticity

Figure 1: BLP model: Own-price elasticity function
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4.2 Inattention

Next, we consider a discrete choice model with inattention. In any given market, we assume
a fraction of consumers ignore good 1 and therefore maximize their utility over good 2 and
the outside option only. On the other hand, the remaining consumers consider all goods.
We take the fraction of inattentive consumers to be 1 — ® (3 — p;), where ® is the standard
normal cdf. This implies that, as the price of good 1 increases, more consumers will ignore
good 1, which is consistent with the idea that consumers might pay more attention to
cheaper products (e.g. if goods are filtered in on-line shopping or products that are on
sale are advertised in supermarkets). Except for the presence of inattentive consumers, the
simulation design is the same as in Section In estimation, we impose the following
constraints: monotonicity of !, and diagonal dominance and symmetry of Jgﬁ Note that
we do not impose exchangeability, since the demand function for good 1 is now different
from that of good 2 due to the presence of inattentive consumers. Accordingly, in the BLP

procedure, we allow different constants for the two goods.

Figures [3] and [4] show the results for good 1. The nonparametric method captures the shape
of both the own- and the cross-price elasticity functions, whereas BLP is off the mark,

underestimating the own-price elasticity and overestimating the cross-price elasticity.

38See Appendix |B|for a discussion of these constraints.
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Figure 3: Inattention: Own-price
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Figure 4: Inattention: Cross-price elasticity function
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4.3 Complementary goods

We now consider a model where good 1 and 2 are not substitutes, but complements. We
generate the exogenous covariates and prices as in the previous two simulationsﬂ but we

now let market quantities be as follows

0; , .
g (6,p) =105~ j=12 k#j.
PPk
Note that g; decreases with p; and thus the two goods are complements. Now define the

function oj as
_ q; (9, p)
L+q1(0,p) + g (0,p)

Unlike in standard discrete choice settings, here o; does not correspond to the market share

aj (57 p)

function of good j. Instead, it is simply a transformation of the quantities yielding a de-
mand system that satisfies the connected substitutes assumptionﬂ In the NPD estimation,
we impose the following constraints: monotonicity of o~!, diagonal dominance of J° and

exchangeability.@

Figures 0] and [6] show the results for good 1. Again, NPD captures the shape of the elasticity
functions well. Specifically, note that the cross-price elasticity is slightly negative given that
good 1 and good 2 are complements. On the other hand, the BLP confidence bands are
mostly off target, consistent with the fact that a discrete choice model is not well-suited for
markets with complementarities. In particular, BLP largely over-estimates the magnitude

of the own-price elasticity and forces the cross-price elasticity to be positive.

390ne difference is that we now take the mean of & and & to be 2 instead of 1 in order to obtain shares
that are not too close to zero.

40Gee also Example 1 in [Berry, Gandhi, and Haile (2013).
41See Section and Appendix B for a discussion of these constraints.
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Figure 5: Complements: Own-price elasticity function
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5 Application to Tax Pass-Through and Multi-Product

Firm Pricing

In this section, we apply the proposed nonparametric procedure to perform two counter-
factual exercises using data from California grocery stores. The first is to quantify the
pass-through of a tax into retail prices. It is well-known that the extent to which a tax
is passed through to consumers hinges on the curvature of demandf‘_?] Therefore, flexibly
capturing the shape of the demand function is crucial to accurately assessing the effect of a

tax on prices and quantities, which motivates pursuing a nonparametric approach.

The second counterfactual concerns the role played by the multi-product nature of retailers
in driving up markups. Specifically, a firm simultaneously pricing multiple goods is able
to internalize the competition that would occur if those goods were sold by different firms,
which pushes prices upwards[”| Quantifying the magnitude of this effect is ultimately an

empirical question which again depends on the shape of the demand functions.

5.1 Data

We use data on sales of fresh fruit at stores in California. Specifically, we focus on strawber-
ries, and look at how consumers choose between organic strawberries, non-organic strawber-
ries and other fresh fruit, which we pool together as the outside option. While this is a small
product category, it has a few features that make it especially suitable for a clean comparison
between different static demand estimation methods. First, given the high perishability of
fresh fruit, we may reasonably abstract from dynamic considerations on both the demand
and the supply side. Strawberries, in particular, belong to the category of non-climacteric
fruits [ which means that they cannot be artificially ripened using ethylene[™] This limits
the ability of retailers as well as consumers to stockpile and further motivates ignoring dy-
namic considerations in the model. Second, while strawberries are harvested in California
essentially year-round, other fruits—e.g. peaches—are not, which provides some arguably

exogenous supply-side variation in the richness of the outside option relative to the inside

42Gee, e.g., Weyl and Fabinger (2013).

43This is one of the determinants of markups considered by Nevo (2001) in his analysis of the ready-to-eat
cereal industry. On the other hand, when multiple products are sold by the same firm, prices might be
driven down by, among other things, economies of scale and loss-leader pricing (see, e.g., |Lal and Matutes
(1994), Lal and Villas-Boas| (1998) and (Chevalier, Kashyap, and Rossi| (2003))).

44Gee, e.g., Knee (2002).

45Unlike climacteric fruits, such as bananas.
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goods. Finally, the large number of store/week observations combined with the limited num-
ber of goods provide an ideal setting for the first application of a nonparametric—and thus

data-intensive—estimation approach.

We allow for price endogeneity by using Hausman IVs. In addition, for the inside goods,
we also use shipping-point spot prices, as a proxy for the wholesale prices faced by retailers.
Besides prices, we include the following shifters in the demand functions: (i) a proxy for the
availability of non-strawberry fruits in any given week; (ii) a measure of consumer tastes for

organic produce in any given store; and (iii) income.

Appendix [E] provides further details on the construction of the dataset, as well as some

summary statistics and results for the first-stage regressions.

5.2 Model

Let 0,1 and 2 denote non-strawberry fresh fruit, non-organic strawberries and organic straw-

berries, respectively. We take the following model to the data

§1 =01 (5st7°75orgap07p17p27$(2))

Sg = 039 (5str7 5org7p07p17p27$(2))
Ostr = 50,str - Bl,strxgﬁ + &atr
Sorg = Bo.org + BrorgTomy + Eorg

In the display above, s; denotes the share of product ¢, defined as the quantity of ¢ divided
by the total quantity across the three products, xéi)g denotes the taste for organic products,
ngq denotes the availability of other fruit, z(* denotes income, and (Estr, Eorg) denote un-
observed store/week level shocks for strawberries and organic produce, respectively. These
unobservables could include, among other things, shocks to the quality of produce at the
store/week levelﬂ variation in advertising and/or display across stores and time, and taste
shocks idiosyncratic to a given store’s customer base (possibly varying over time). To the ex-
tent that these factors are taken into account by the store when pricing produce, the prices
(po, p1, p2) will be econometrically endogenous. In contrast, we assume that the demand

1 (1) 1)

shifters (xstr, xorg) are mean independent of (&, &ory). Regarding x,,., this is a proxy for

the total supply of non-strawberry fruits in California in a given week. As such, we view this

46Note that we do not include time dummies. This is motivated by the fact that (i) more than 90%
of all strawberries produced in the US are grown in California (United States Department of Agriculture
(2017)), and (ii) strawberries are harvested in California essentially year-round. Thus, the assumption that
the quality of strawberries sold in California does not systematically vary over time seems reasonable to a
first order.
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as a purely supply-side variable that shifts demand for strawberries inwards by increasing the
richness of the outside option but is independent of store-level shocks As for x&%, this
is meant to approximate the taste for organic products of a given store’s customer base. One
plausible violation of exogeneity for this variable would arise if consumers with a stronger
preference for organic products (e.g. wealthy consumers) tended to go to stores that sell
better-quality organic produce (e.g. Whole Foods). This could induce positive correlation
between :L’(()pg and &,ry. However, we show in Appendix [F| that many objects of interest, in-
cluding the counterfactuals in Section [5.4] are robust to certain forms of endogeneity arising

through this channel.

We compare the nonparametric approach to a standard parametric model of demand. Specif-

ically, we consider the following mixed logit model:

1 =61+ (Bpi + Bo@2®) 1+ Bpopo + Bl x B+ & +en
Uiz = Po + (Bpi + Boer®®) pa + Byopo + AL xl) + G202 P 4 €5 4 €iy

(6)

where (€; norg, €i,0rg) are iid extreme value shocks, (&1, &) represent unobserved quality of
non-organic and organic strawberries, respectively, and the price coefficient 3, ; is allowed to

vary across consumers.@

Note one important difference between model and model @ The latter specifies the
indirect utility from each good and thus imposes the implicit (and unrealistic) assumption
that each consumer makes a discrete choice between one unit of non-organic strawberries,
one unit of organic strawberries, and one unit of other fruits. On the other hand, model
allows for a broader range of consumer behaviors, including continuous choice, as we show
in Appendix [G.2] This is one of the advantages of targeting the structural demand function
directly as opposed to the underlying utility parameters.

4TFor example, in the summer many fresh fruits (e.g, Georgia peaches) are in season, which tends to
increase the appeal of the outside option relative to strawberries.

48The variable zgtl would be endogenous if the quality of strawberries systematically varied with the

harvesting patterns of other fresh fruits. However, as motivated in footnote we abstract from this.

49We chose this specification over one where the price coefficient is normally distributed (as in BLP)
because we found that it made it much easier to impose non-negativity constraints on the marginal costs.
Given that we are imposing such constraints in the nonparametric procedure, we wish to impose them in
the mixed logit estimation as well for a fair comparison.
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Table 2: Mixed logit estimation results

Variable Type I Type Il
Price —7.58 —89.85
(0.07) (6.53)
PricexIncome 0.89
(0.06)
Price other fruit 8.70
(0.23)
Other fruit —0.37
(0.01)
Taste for organic 0.08
(0.06)
Fraction of consumers 0.82 0.18
(0.00) (0.00)

Note: Model includes product dummies. Asymptotically valid standard errors in parentheses.

5.3 Estimation Results

First, we present the results from the mixed logit model in Table We take the random
coefficient on price to have a two-point distribution.m Intuitively, this means that we allow
consumers to be of two different types depending on their price sensitivity. The last two
columns report the coefficients for each of the two types. All coefficients have the expected

signs.

We now present the nonparametric estimation results. We impose the constraints on the
Jacobian of demand discussed in Section [B.2] but do not impose exchangeability. Thus, we
allow the organic and non-organic category to have different demand functions. Further,
we choose the degree of the polynomials for the Bernstein approximation based on a two-
fold cross-validation procedureﬂ Because this procedure involves a number of parameters
too large to report, we instead show in Table [3| the median estimated own- and cross-price

elasticities for the two inside goods.

In order to compare the fit of the nonparametric model relative to the mixed logit model,

we follow the same two-fold cross-validation approach used to choose the degree for the

50Following the original BLP paper, we also estimated a mixed-logit model with a normal random coef-
ficient. The coefficients—and more importantly—the counterfactuals in Section are very similar across
the two specifications. In the paper, we present the two-point distribution because it is slightly more flexible
(it has one extra parameter) and is faster to compute given that it does not require simulating any integrals
to compute the predicted market shares.

51Gee, e.g., (Chetverikov and Wilhelm| (2017). Specifically, we partition the sample into two subsamples
of equal size. Then, we estimate the model using the first subsample and compute the mean squared error
(MSE) for the second subsample. We repeat this procedure inverting the role of the two subsamples and
use the average of the two MSEs as the criterion for choosing the polynomial degree. We let the polynomial
degree vary in the set {6, 8, 10, 12, 14} an find that a polynomial of degree 10 delivers the lowest average
MSE.
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Table 3: Nonparametric estimation results

Non-organic  Organic

Own-price elasticity —1.402 —5.503
(0.032) (0.672)

Cross-price elasticity 0.699 1.097
(0.044) (0.177)

Note: Median values. Asymptotically valid standard errors in parentheses.

Table 4: Two-Fold Cross-Validation Results

NPD Mixed Logit
MSE  0.93 2.38

Bernstein polynomial approximation. As shown in Table 4| the greater flexibility of the

NPD model translates into lower average MSE.

5.4 Counterfactuals

We use the estimates to address two counterfactual questions. First, we consider the effects
of a per-unit tax on prices.@ In each market, we compute the equilibrium prices when a
tax is levied on each of the inside goods individually. We set the tax equal to 25% of the
price for the product in that market. As shown in Table [5] the nonparametric approach
delivers a higher median tax pass-through in the case of non-organic strawberries relative
to the mixed logit model. However, the two confidence intervals overlap. On the contrary,
in the case of organic strawberries, the nonparametric model yields a much lower median
pass-through (33% of the tax) relative to mixed logit (91%) with no overlap in the confidence
intervals. To shed some light on the drivers of this pattern, in Figure [7] we plot the own-
price elasticity for the organic product as a function of its priceﬂ The own-price elasticity
estimated nonparametrically is much steeper than the parametric one. This is consistent
with the pass-through results. A retailer facing a steeper elasticity function has a stronger
incentive to contain the price increase in response to the tax relative to a retailer facing a

flatter elasticity function.

52 As argued in|Weyl and Fabinger| (2013)), the equilibrium outcomes are not affected by whether the tax is
nominally levied on the consumers or on the retailer. This is true for a variety of models of supply, including
monopoly. Therefore, without loss of generality, we may assume the tax is nominally levied on consumers
in the form of a sales tax.

530wn-price on the horizontal axis varies within its interquartile range. We set all other variables at
their median levels, except for do which we set at its 75% percentile. Setting it at its median delivers a
similar shape for the elasticity function, but noisier estimates due to the fact that so—which shows up in
the denominator of the elasticity—approaches zero as ps increases.
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Table 5: Effect of a specific tax

NPD Mixed Logit

Non-organic  0.84 0.53
(0.17) (5-10-3)

Organic 0.33 0.91
(0.23) (5-10—4)

Note: Median changes in prices as a percentage of the tax. 95% confidence intervals in parentheses.

Figure 7: Organic strawberries: Own-price elasticity function
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As a second counterfactual experiment, we quantify the “portfolio effect”. Specifically, we
ask what prices would be charged if, in each market, there were two competing retailers,
one selling organic strawberries and the other selling non-organic strawberries. We assume
the two retailers compete on prices, compute the resulting equilibrium and compare it to
the observed prices which, according to our model, are jointly chosen by the (multi-product)
retailer to maximize profits. This type of exercise helps understand the impact of big-box
retailers on consumer prices. On the one hand, one would expect big players to enjoy
economies of scale and thus face lower marginal costs. On the other hand, a retailer selling
multiple products is able to partially internalize price competition, which might lead to
higher prices all else equal. In Table [6] we report the difference between the observed prices
and the prices that would arise in the counterfactual world with two single-product retailers.
The parametric model in [|—labeled Mixed Logit (I) in Table [6}—and the nonparametric
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Table 6: Effect of multi-product pricing
NPD Mixed Logit (I) Mixed Logit (II) Mixed Logit (III)

Non-organic  0.10 0.08 0.20 0.21
(3-10-3) (1-10-3) (8-10—4) (210-3)
Organic 0.43 0.42 0.54 0.55
(610-3) (210-3) (9-10—4) (1-10-3)

Note: Median difference between the observed prices and the optimal prices chosen by two competing
retailers as a percentage of markups. 95% confidence intervals in parentheses. Mixed Logit (I) refers to
the model in @ Mixed Logit (II) refers to the model in @ with 81 = B2; Mixed Logit (III) refers to the
model in [6] with 31 = 82 = 0.

approach produce very close results. In the median market, both attribute around 10% and
just above 40% of markups to the portfolio effect for non-organic and organic strawberries,
respectively. One may wonder how robust this result is to modifications of the parametric
model. To this end, we also estimate two additional models—labeled Mixed Logit (II) and
(IIT)—that restrict the constants in model [6] to be the same and to be zero, respectively.
In other words, Mixed Logit (I) allows for product-specific dummies, Mixed Logit (II) only
allows for a dummy for the inside goods jointly, and Mixed Logit (IIT) does not allow for
any unobserved systematic differences between the inside goods or between the inside and
the outside goods. The two restricted models tend to attribute much more importance to
the portfolio effect relative to the unrestricted parametric model or NPD. This suggests that
allowing for product specific dummies is important in this context and points to a wider
use of the approach developed in this paper as a tool for selecting among different possible

(parametric) models.

6 Conclusion

In this paper, we develop and apply a nonparametric approach to estimate demand in dif-
ferentiated products markets. Our proposed methodology relaxes several arguably arbitrary
restrictions on consumer behavior and preferences that are embedded in standard discrete
choice models. Instead, we pursue a nonparametric approach that directly targets the de-
mand functions and leverages a number of constraints from economic theory. Further, we
provide primitive conditions sufficient to obtain valid standard errors for quantities of inter-

est.

We apply our approach to quantify the pass-through of a tax and assess the effect of multi-
product retailers on prices. While we find that the nonparametric method yields lower
tax pass-through for one product category, the results for the second counterfactual exercise

suggest that a flexible enough parametric model captures the patterns in the data well.
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Appendix A: Bernstein Polynomials

For a positive integer m, the Bernstein basis function is defined as

m

b 10 = () (1=

v
where v = 0,1,...,m and u € [0,1]. The integer m is called the degree of the Bernstein basis. In order to
approximate a univariate function on the unit interval, one may take a linear combination of the Bernstein

basis functions

for some coefficients (6, )" o- Similarly, for a function of N variables living in the [0, 1]N hyper-cube, one

v=

may use a polynomial of the form

Z Z evl,--~,v1\/,mbv1,m (ul)"'bvN,m (UN)

v1:0 ’UN:O

Note that here we are assuming that the order m is the same for each dimension n = 1,..., N. This is not

needed, but we only discuss this case for notational convenience.

Historically, Bernstein polynomials were introduced to approximate an arbitrary function g by a sequence
of smooth functions. This is motivated by the following result@

Lemma 2. Let g be a bounded real-valued function on [0, 1]N and define

B, [g] = fj i 9 (S ) b () -+ b (un)

v1=0 vny=0 m
Then,
sup |By, [g] (u) —g(u)[—0
uelo,1]V
as m — oo.

This means that, for an appropriate choice of the coefficients, the sequence of Bernstein polynomials provide
a uniformly good approximation to any bounded function on the unit hyper-cube as the degree m increases.
Specifically, the approximation in Lemma [2]is such that the coefficient on the by, m (41) - - - byy,m (Un) term

corresponds to the target function evaluated at [%7 cee %], forv;=0,....mandi=1,...,N.

One important implication of this result is that, for large m, any property satisfied by the target function

g at the grid points{ 17’7117 UN

m > m Ju;=0 —
in order for the resulting approximation to be uniformly good. This gives us necessary conditions on the

m

N
} should be inherited by the corresponding Bernstein coefficients
i=1

Bernstein coefficients for large m.

To fix ideas, consider the following simple example. Suppose the target function g : [0, 1] — R is nondecreas-

54Gee, e.g., Chapter 2 of |Gal| (2008).
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ing and that we approximate it using

g (u) = Zev,mbv,m (U> u e [0, 1] .
v=0
Then for large m, the coefficients (HUVm)Um:O must satisfy 0y, < 01, < -+ < Opm in order for § to be

uniformly close to g. To see this, suppose by contradiction that 6;,, > 0, for some j < k and large
m. Then, by Lemma [2| § is close to a function h such that h (#) > h (%), i.e. a function that is not
monotonically nondecreasing. In other words, a monotonicity restriction on the target g implies that the
Bernstein coefficients must satisfy intuitive - and in this case linear - monotonicity constraints for large m.
The same logic applies to any other assumptions we might be willing to impose on g. This is a powerful tool
in the context of demand estimation because economic theory provides us with several restrictions on the

structural demand function o (and therefore on its inverse o —1).

Appendix B: Additional Constraints

In this appendix, we consider several constraints that one might be willing to impose in estimation besides
the exchangeability restrictions discussed in Section [3.2] and we show how to enforce them in estimation in
a computationally tractable way. Because these constraints are defined conditional on any given value of

23, we drop this from notation for notational convenience.

B.1 Symmetry
Let J2 (4, p) denote the Jacobian matrix of o with respect to p:

%) 1%}
91 (6,p) - ap, 01 (6, p)
15 (6,p) = : :
d )
371710-‘] (5ap) e EGJ (6ap)
This matrix is the Jacobian of the Marshallian demand system. If we assume that there are no income
effects, it coincides with the Jacobian of the Hicksian demand by Slutsky equation and therefore it must be

symmetric.
Similarly, let J? (8, p) denote the Jacobian matrix of o with respect to 4:

%O’l (67 p) e %01 (5a p)

J; (6,p) = : :
0 0
96,97 (5,17) 96,07 ((5,]))

In a discrete choice model where d; is interpreted as a quality index for good j, if one assumes that, for all
Jj, ¢; enters the utility of good j linearly (and does not enter the utility of the other goods), then J2 (8,p)

must be symmetric.

Conveniently, symmetry of J g (6, p) implies linear constraints on the Bernstein coefficients. To see this, note

30



that by the implicit function theorem, for every (4, p) and for s = o (4, p),

T (s,p) = [35 (6,p)] (7)

Because the inverse of a symmetric matrix is symmetric, symmetry of J% (4, p) implies symmetry of J2_1 (s,p).
This, in turn, imposes linear constraints on the Bernstein coefficients as the degree of the approximation
goes to inﬁnityﬁ

On the other hand, it appears that symmetry of J¥ requires nonlinear constraints. This is because, by the

implicit function theorem, for every (0, p) and for s = o (9, p),

12 (8.p) = = W3- (5,9)] ' J2 (s.p) (8)

which shows that J2 is a nonlinear function of the derivatives of 0 ~! and therefore of the Bernstein coefficients.

In estimation, we found it convenient to rewrite as

-1 (5,0)I5 (0,p) = =I5 (s,p)

We then express J?_, and Jg _, as linear combinations of the Bernstein polynomials and introduce extra
parameters (call them +) for the entries of J2. In this way, we obtain a set of nonlinear constraints that are

linear in the Bernstein coefficients 6, given -, and linear in -y, given 9@

B.2 Additional Properties of the Jacobian of Demand

The matrix JS (J,p) has a number of additional features that we might want to impose in estimation.
First, the weak substitutability in Assumption i) requires the off-diagonal elements to be non-positive.
Further, it follows from Remark 2 of Berry, Gandhi, and Haile| (2013)) that the diagonal elements must be

positive 7]

Moreover, J? (6,p) belongs to the class of M-matrices, which are the object of a vast literature in linear
algebra@ One of the most common definitions of this class is as follows.

Definition 1. A square real matrix is called an M-matrix if (i) it of the form A = oI — P, where all entries

of P are non-negative; (ii) A is nonsingular and A~! is entry-wise non-negative.

55More precisely, the difference between two (appropriately chosen) Bernstein coefficients approximates
the change in the function 0;1 given by a change in s;. Thus, we would in principle need to divide by the
distance between the grid points associated with the two coefficients in order to obtain the derivative of o7 !
with respect to s;. However, because we are interested in comparisons between derivatives and the grid
points are equidistant, the increments in the denominator cancel out. Therefore, we are left with inequalities
involving simple differences of the Bernstein coefficients.

56This is helpful especially when it comes to writing the analytic gradient of the constraints to input in
the optimization problem.

5TThis is simply the requirement that the structural demand of product j increase in the index ;. While
a very reasonable condition, it is not needed for identification, but rather it follows from the sufficient
conditions given in Section [2]

58See, e.g., Plemmons| (1977).

31



We now formalize the aforementioned result, which is a simple corollary of Theorem 2 in [Berry, Gandhi, and
Haile| (2013]).
Lemma 3. Let Assumptions and@ hold. Then I (8,p) is an M-matriz for all (3,p).

Proof. See Section [B-3] O

The linear algebra literature provides several properties of M-matrices. However, it is not a priori clear how
to impose these properties in estimation, since we estimate o~! rather than o itself. The Jacobian of the

function we estimate is

—1 —1
501 () - gor (s,p)

Jo—1 (S,p) =
%0;1 (S,p) ai‘i?l (svp)

Recall that, by the implicit function theorem, we have that, for every (4, p) and for s = o (4, p),

I (s.p) = [15.6.p)]

Therefore, J? _, (s, p) is the inverse of an M-matrix or, in the jargon used in the linear algebra literature, an
inverse M-matriz. Fortunately, inverse M-matrices have also been widely studiedﬂ Thus, we may borrow
results from that literature to impose conditions on the Bernstein coefficients for ¢—! that must hold in order
for J2 (8,p) to be an M-matrix.

First, it follows from part (ii) of Definition [I| that J? _, (s, p) must have non-negative elements for all (s, p).
This means that, for every 7, aj_l must be increasing in sy for all k. As discussed in Appendix monotonicity
is very easy to impose in estimation, given that it reduces to a collection of linear inequalities on the Bernstein

coefficients.

Second, under Assumption [2, JO satisfies a property called column diagonal dominance. The economic
content of this property is that the (positive) effect of d; on the share of good j is larger than the combined
(negative) effect of §; on the shares of all other goods, in absolute value. A few definitions are necessary to
formalize this point.

Definition 2. An I—by—I matrix A = (a;;) is (weakly) diagonally dominant of its rows if
lai] > Z laij],
J#i
fori=1,...,1.
Definition 3. An I—by—I matrix A = (a;j) is (weakly) diagonally dominant of its row entries if

laii| > |aqjl,

fori=1,...,I and j # 1.

Column diagonal dominance and column entry diagonal dominance are defined analogously. By Theorem
3.2 of [McDonald, Neumann, Schneider, and Tsatsomeros| (1995), if an M-matrix M is weakly diagonally

598ee, e.g., |Johnson and Smith| (2011).
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dominant matrix of its columns, then (M )_1 is weakly diagonally dominant of its row entries This

immediately implies the following result.
Lemma 4. Fiz (§,p) and let s = o (6,p). If I is diagonally dominant of its columns, then %O’;l (s,p) >
%aj_l (s,p) for all j and all k # j.

Lemma {4 translates the assumption that J° is diagonally dominant of its columns into linear inequalities

1

involving the derivatives of ¢~ . Therefore it follows from the same argument used for symmetry that

diagonal dominance may be imposed through linear constraints on the Bernstein coefficients.

B.3 Proofs

Proof of Lemma (1| Let 7 : {1,...,J} — {1,..., J} be any permutation and let 7 denote the function that,
for any J-vector y returns the reshuffled version of y obtained by permuting its subscripts according to m,
i.e.

T ([yh 7yJD = [yﬂ(l)v "'7yTr(J)]

Then, we can rewrite the definition of exchangeability for a generic function g (y, w) of 2J arguments as

7 (g (y,w)) =g (7 (y), 7 (w)).

Now take any (4, p) and let s = o (§,p). We can invert the demand system at (d,p) to obtain

§=0""(s,p) 9)

By exchangeability of o, we also have

Inverting this demand system, we obtain

Combining @D and ,

which shows that ¢! is exchangeable.
O

Proof of Lemma |3| Under Assumptions [I| and [2 Theorem 2 in Berry, Gandhi, and Haile (2013)) implies
that JO (6,p) is a P-matrix for every (4, p), where a P-matrix is a square matrix such that all of its principal
minors are strictly positive. Next, by the weak substitutability imposed by Assumption [2} J3 (6, p) is also
a Z-matrix, where a Z-matrix is a matrix with non-positive off-diagonal entries. Finally, since a Z-matrix

which is also a P-matrix is an M-matrix@ the result follows.

O

60To reconcile Theorem 3.2 of McDonald, Neumann, Schneider, and Tsatsomeros (1995) and Deﬁnition

recall that an inverse M-matrix has non-negative entries.

61Gee, e.g., 8.148 in |Seber| (2007).
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Appendix C: Inference Results

This appendix contains all the assumptions and proofs for the inference results stated in the main text.

C.1 Setup

We first introduce some notation that is used throughout this appendix. We denote by S,P,Z = the
support of S, P, Z, &, respectively. Also, we let W = (X, Z) denote the exogenous variables and W denote
its support. Similarly, we let Y = (S, P X (2)) denote the (endogenous and exogenous) regressors and )
denote its support. For every y € S x P, let hg (y) = [hoa (¥) ;.- ko (v)] = [0_1—1 (y),...o;" (y)}/7 so that
the estimating equations become

zj=ho;(y)+&, jeJ. (11)

We assume that hg € H, where H is the Hélder ball of smoothness r, and we endow it with the norm || - ||
defined by ||h||sc = maxjcs ||hj]|s for a function h = [hy,...h;].

Further, we let {wﬁwi, N 1/15\2) Mi} be the collection of basis functions used to approximate hg ; for j € J, and
let M = Z'j]:l M; be the dimension of the overall sieve space for h. Similarly, we let {ay)K, e a&?K} be

the collection of basis functions used to approximate the instrument space for hg ;, and let and K = Z;.Izl K;.

mat, Odl,’r‘XdQ,C e Odl,erJ,c.
. . . Od2,r><d1,c mat2 U 0d2,r><dJ,c .
Next, for j € J, letting diag (maty, ..., maty) = ) for matrices mat; €
Odyoxdie Odj,xdyo - maty
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R%.»*dj.c with i € J, we define

. . . !
0 @) = (050 @) sy, @)

U (y) = diag (V47 () ¥57) ()
. /!
Vi = (ﬁ’g\if) W) s W) (yT))
. . . /
&2 (w) = (a%. (w), - §2K (w))
= diag ( agz (w ))
/
A= ( W (). a§2 (wr)
A= diag (A(l), ceey A(J))
Li = E (aff, (W vy, (v)')
L =diag(Ly,...,Ly)
AT
T
[Az = dlag (ih ceny ilj)
Gai = E (al) (W) ald (11)')
Ga=diag(Gan,....Ga,g)
ka0

Ga,i= (Z)T

GA = diag (G’AJ, ceey GAAVJ)

L=

G =E (vl () v (%))
Gw = diag (Gw@, caey Gwa)
X(i) = (xil, ...,(EiT)/

!
_ / /
X = (X(l),...,X(J)>

Also, we let

Qy; =E (f?tai? (Wi)aff) <Wt>’)

Qi = U, = E (&0 (W) o) (7))
Q1 Qe - Qg
Qa1 Qo2 -+ Qay
Q=1 . )
Qn Q2 - Qg

35

M; —by —1
M —by—J
T — by —
K;—by—1
K—by—J
T —by — K;
JT —by — K
K; — by —
K—-by—M
K; —by — M;
K — by —
K, —by — K;
K — by —
K;—by—- K
K—-by—K

M; — by —

M — by —

T—by—1

JT —by —1
K; — by —
K; —by — K},
K — by —



and, similarly,

Z & al) (wr) af) (w,)’ K; — by - K;
1.
Q= Uy = 7 > Eubeall) (wo) af) (wr)’ K = by = Ky
t=1
Qll Q12 Q1J
. Qa1 Qo -+ Qoy
Q=1 | . K —by —
QJl QJQ QJJ

where ijt =2 — iLj (ye).
For j € J, we define

Cai = sup [|65 0l ) | Goa = sup |G 00 ) | G = CaiV G
we

and let ¢ = max;c 7 (;. As in CC, we use the following sieve measure of ill-posedness, for i € 7,

2 /2
. E |(h: (v))’]

hi€¥ns,:hi#0 \ E [(]E [hi (V) |W])2}

)

where Wy, = clsp{ (@ )1} and we let Ty = maxjcs T](VJIJ)

- N ~ &
For every 2J—vector of integers & and function g : Y — R, we let |a| = Z?il ajand 0%g = 85‘151---BdJs?i;&jq‘Flplu~8&2Jp].
Similarly, for h = [hy,....,hs] : Y = R we let 0%h = [85‘h1, e ,a&hJ].

The (unconstrained) sieve NPIV estimator h; has the following closed form

hily) = o5 )6
for
0i = {‘I"@)A(i) (4 A0) A'm‘l’(i)} Wiy dw (AlnAm) AnXe
We write this in a more compact form as

iL’i:| LgGZ,z‘AEi)X(i)

and
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Next, letting Ho ; = (ho,j (Y1), .-, ho,j (yr)) and Hy = (H(I),p e 7H(’)’J)I, we define

i= o [aaE] PesaH, (12)

and let

h(y) = v (y) 0

Given a functional f : H — R and h € H, we let vecy j; be the column J—vector valued function that

returns all zeros except for the j—th element, where it returns the function g. Further, we let

Df (h) [ 5\2} = (Df (h) {vec f?w.vJ»j] s Df (R) {vec 5\2,1\4,,%1']) M; —by —1
Df (h) [ionr] = (Df () [02].-Dr () [57)] ) M —by -1

and, for (h,v) € H x H, we let Df (h)[v] = w denote the pathwise derivative of f at h in the

. . 7=0
direction v.

Finally, we let
V2 (f) = Df (ho) [¥a) (S'G1S) " §'G1'QG 1S (S'G5S) ™ Df (ho) [yoad]

denote the sieve variance for the estimator f (E) of the functional f, and let the sieve variance estimator
be

o (1) =Df (b) ) (G3'L)  DGROGRL(LGR'L)  Df () [ww] (13)

Because the functionals of interest are defined for fixed (3, D), they will typically be irregular, i.e. v (f) /oo

as T' — oo. Therefore, we tailor the proofs to this case.

C.2 Theorem : General Irregular Functionals

The following is largely based on the proof of Theorem D.1 in CC.

We make the following assumptions.
Assumption 5. For all j k€ J,j # k:

(1) sup,epy E (§?|w) <72 < o0;

(#) inf,ew E (sz\w) >o% > 0;

(”Z) SupwEWE(‘gjngw) S Teov <0

(1) sup,,cyy E [g?]l {Z;jzl |&i| > ¢ (T)} |w} =0 (1) for any positive sequence £(T) 7 oo;

(v) E <|§j|2+7(1)) < 00 for some vV > 0;

(vi) E <|§j§k\1+7(2)) < oo for some 42 > 0.

Assumption 6. (i) 7ps(\/ Mg M)/T = 0 (1);

(ii) C(Qﬂ(l))/”(l)«/(lOgK)/T = o(1) and C(””@))/”(z)«/(logf()/T = 0(1), where ¥V, v > 0 are defined in
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Assumption '

(iii) K =< M.

Assumption 7. The basis used for the instrument spaces is the same across all goods, i.e. K; = K}, and
a%i ()= a(I?Z (-) for all j,k e J.

Assumption 8. Let Hy C H be a sequence of neighborhoods of hg with h,h € Hr wpal and assume
vr (f) > 0 for every T. Further, assume that:

(i) v —= Df (ho) [v] is a linear functional and there exists o with |a] > 0 s.t. |Df (ho) [h — hol| < ||0%h —
0%hol|oo for all h € Hr;

There are a1, ag with |aq|,|as] > 0 s.t.

(ii) |1 (1) = £ (o) = DJ (o) b = hol| S 11974k = 9% hollocl[0°2 — 022 ol

(i) T\/(Tf) <||8“1ﬁ — 0% o]0 ||0%2h — 82 hg|| 0o + ||0“h — Gahoﬂm) = Oy (nr) for a nonnegative sequence
nr such that ny = o (1);
(i) 5245 || (DF (B) oad) = D (ho) [wad)') (637°8) || = 00 (1):

Discussion of assumptions. Assumption [5| corresponds to Assumption 2 in CC, modified to account for
the fact that my model has two main equations and thus two error terms. Assumption [6] restricts the growth
rate of M and K; part corresponds to the condition imposed by CC in Theorem D.1, while part is
similar to Assumption 3(#¢¢) in CC. Assumption [7] is stronger than necessary but we impose for simplicity.

Assumption [8] corresponds to the sufficient conditions in Remark 4.1 of CC.
We now provide a proof of Theorem [2]

Proof of Theorem |2, We prove that

VT (f @BT_(;;(}LO)) 4 N(0,1) (14)

The result then follows from Lemma [5| below. By Assumption

(f(ﬁ>—f(ho)) Df (ho) [h — ho) N L
VI S VT | P 0% el 9% = 0% ol

cT

By Assumption cr = 0, (1) and therefore,

gl W) 100) - prnhn (15)

vr (f) or (f)
Further, by Assumption
Df (ho) [h = ho] = D (ho) [ = h] + Df (ho) [l — ho] (16)
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and
D (ho) [h = ho] < [|0%h — 9* ho|so (17)

By and Assumption [8(744 )|
DI (o) (7 — o]

v (f) =0p (1) (18)
Combining , and , we obtain
h) — f(h P
P G Q) R T o, (1) (19)
vr (f) ur (f)

We define

Df (ho) ) (5'G5'S) " §'G 1 ak (w)

Br (w) = or ()

and note that E {(RT (We) - [€1,es- - 7£J,t]/)2} = 1. Then,

\/TW \}“ZRT wy) - €11, - '7§Jt]

Df (ho) [on]’ ((L’GAL) L, - (8'G7S) ! S’GA1> <A/£/\/T)

- or ()

ET1+T2

where 5 = [51,17 e agl,T7€2,17 e 762,T7 e 7£J,1a o agJ,T]/-
We show that T} 4N (0,1) by the Lindeberg-Feller theorem. The Lindeberg condition requires that, for

every € > 0,

Cor = | (Br (W) [, &) T{|[Rr W) -6+ &) | > T} =0(1) (20)

Qr(W,§)

To show that this condition holds, note that

1 Df (ho) [05)] (L1G3AL) T LGk (wy)
Ry (wi)-[&1t---E54)] = Z ’ [ M}( v;’(f)) —— &it
i=1

J
Z R(TZ) (we) &t
=1
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Now, for i € 7,

oo i) (Hi6ai) HGRE] e o

T (f) weEW

IN

‘RS}) (wy) ‘

i (T) x Cai

by the Cauchy-Schwarz inequality and thus

J
Z Rgf) (we) &t
j=1

J
<376l max A (7) x Ca i (21)
j=1

Equation implies

7 (w,€) <H{Z|§; —— ;(“T)MAJ]}EQT@)

for all w € W and all £ € =. Therefore, also using Cauchy-Schwarz and the law of iterated expectations, we

have
J 4 J
Cor < E zz:<R¥ ) ><§:§?><QT ]
j=1 Jj=1
J J
< YE [(R(J) )) } > sup E [¢5 x Qr (&) lu]
j=1 j=1wEW

Now, note that, for i € 7,

. 2
limsup E [(Rgf) (W)> ] = limsup \; (T') < o0

T— o0 T—00

where the inequality follows from Lemma|§ below. Further, sup,,cyy E [§§@T ) |w] = 0(1) by Assumption
5(7v)|and the fact that, by Assumption |6(7)and Lemma % " 0o. Therefore, Cor = o (1), the

max; [\ (T)Ca

Lindeberg condition is verified, and T} 4N (0,1).

Next, for T, we have
< e | s (64 e ) | e
wes{(on), evrar - (ts) )| o asea]

< [(Al(T))u(AQ(T))T maXHG {(GA;/QL) VRCy e (v ) }H o7 a¢/vr]|

= [(Al @)+ (a @]”

jeT
_ o, (max [TMCWD
— o, (1).

The first inequality follows from some algebra and the Cauchy-Schwarz inequality, the second inequality holds
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by the definition of matrix norm,the second equality is by Lemmas A.1, F.8 and F.10(c) in CC, Lemma
below and Assumption and the last step follows from Assumption This completes the proof of
.

O
Lemma 5. Let ||h—hol|oo = 0, (1) and let Assumptions|5(i), |5(ii), [5(iii), [5(0)} |5 (vi), @ @ |8(iv) hold. Then

or (f)
vr (f)

—1=0,(1). (22)

Proof. Following the proof of Lemma G.2 in CC, we write

B Gr=) @ Grtar) I (@0 —9)ar .
v% (f) vz (f) vz (f)
where
A 1A —1/o . Ay e N N
0° = G506 ir = GG L (LG L) pf () [l
0° =G, ""0G, " =G5 (S'G3'S) " D (ho) o]

and note that HZT(LJ) = ijl \; ()2

We consider T7 and T5 in turn. Note that

i = s () o (6378) 636 sy ot (6537%5) |
< s tllor )y (67s); |« v { (et anrer - (es), |
(Df () wadl = Df (o) loadl') (6578), || =1 > 1+ 11

Tf”gUT#mH(Df () o)’ = DF (o) fnr)') (62728 H+ﬁ%%¥HDf (o) [v42] (@2722), |
(

=0,(1)

where the last step follows from Assumption and Lemma Further, T1(2) = 0p (1) by Lemmas F.10(c)
and A.1 in CC and Assumption and T1(3) = 0, (1) by Assumption This implies that

A7 — |
— =0, (1). 23
vr (f) D ( ) ( )
Therefore, by Cauchy-Schwarz

ITy| <

9T — yrll T +7rll _ 3T — 7l <||’?T7T||+2|7T||)
< ||9°]| x < x [1Q°]| x =0,(1
T (T) || || v (T) = oy (T) H H vr (T) P( )

where in the last step we also use Lemma [8] and the fact that [|€2°|| < co by Assumption [5(2)] [5(70)} [5(izi)}
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Turning to |T»|, note that

|T2| < H,AYT” ~ ||QO_QOH « ||'AYTH
- wr (T) v (T)
|Ar =zl + el e |97 — ol + [l
< x |[[Q2° — Q°] x
< or (1) | I o (1)

= 0p (1) x [ = Q|| x 0, (1)

where the last step follows again from Lemmaand ([23). We complete the proof by showing that |0 —Q°|| =
O, (1). Note that

Q(ﬁ 95)2 e Q?J Qin: 9:12: co Q:UZ
00 — Q?1 Q?z e Q5 &o Q2.1 92.2 - Qo
09, Q9 - Q9 On" QR )

where, for j, k € 7,

Y 20) —1/2 A _1/2 _1/2
Q?k - GA] JkGA k ?k = GAj Q1G4 ke
Using this notation, we have that, for some v = [v] - --v/]', with v; € R¥: j € J, and |[v|| = 1,
J j—1
197 =07l = 30 (505 ) vy 4230 > v (05— 25 ) v
j=1 j=1 k=1
<

A 2 A
|90 — sl 277 max 18k =

where each step uses the definition of matrix norm and the second step also uses Cauchy-Schwarz and the
fact that |[v;|| <1 for all j. Now, ||Q% — Q%|| = O, (1) for i € J by Lemma G.3 in CC.For the third term,
note that, by the triangle inequality, for all j,k € J,j # k,

Ao o 71 _1
1922, — Q21 < | |G 7 G

Zsj,tfkta (w) af)) () ~ E (&¢al W) afd) (2))

+ G;\}J/2T zT: Kg —¢ t) &, ta(J) (wy) a¥ ) (wt) } G;&,lj/‘z

t=1
+ GAjf;ZTj[(@t &i0) (Ena = o) afd) () afd) (w)| G117
t=1

+ G,ZlJ/ZT Z {51 t (52 ¢ — &2 t) (]), (wt)a(lg (wt)/} GZ’IJ/?

= [|Taall + | Tazll + | Tasl| + T4l

where we use the fact that G4 ; = G4, and a( = aK for all j,k € J by Assumptlonﬂ Using Lemma
below, we obtain [T || = O (1). Further, [[To. = O, (1) by (50 = &) € < M1y = ol (14 €2,
and Lemma F.7 in CC.Similarly, ||To.|| = O, (1). Finally, |[Tas|| = O, (1) by (g},t —gj,t) (ék,t - gk,t) <
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||h; — ho ;]|% and Lemma F.7 in CC.
O

Remark 1. Note that I do not impose Assumption 4 (i) in CC. This is because the assumption is automati-
cally satisfied if the basis functions used for the sieve space and those used for the instrument space are both

Riesz bases for the conditional expectation operator. I follow CC in assuming that this is the case.

C.3 Theorem : Price elasticity functionals

We now focus on the case where the functional f is the own-price price elasticity of good 1 at a fixed
(3,p) = (31,82,P1, Do) and Bernstein polynomials are used for both the sieve space and the instrument space.
The goal is to provide sufficient, lower-level conditions for Theorem Analogous arguments hold for the
own-price elasticity of good 2 and for the cross price elasticities.

The functional of interest takes the form

0ho,2(5,p) Oho,1(5,p)  0Oho,1(5,p) Oho,2(5,p)

f (h ) _ _pil Oso Op1 0so Op1 — _pil Nl - N2 (24)
€ 0 S1 6}1071(5,?) aho,z(g,ﬁ) o aho,l(g’ﬁ) 3h0,2(§’ﬁ) - S1 Dl — D2
Os1 Osa Osa Os1

We make the following assumptions.

Assumption 9. (i) P has bounded support and (P, S) have densities bounded away from 0 and oco;

(i) The basis used for both the sieve space and the instrument space is tensor-product Bernstein polynomials.
Further, for the sieve space, the univariate Bernstein polynomials all have the same degree M"*;

(#11) ho = [ho.1, ho 2] where ho1 and ho2 belong to the Holder ball of smoothness r > 4 and finite radius L,

and the order of the tensor-product Bernstein polynomials used for the sieve space is greater than r;
2+’Y<1) 1+’y(2)

(i) M 2™ \/k’%T = o(1) and M »® \/M%T = 0(1), where vV, ¥ > 0 are defined in Assumption

90,900,

VT
(v)

Discussion of Assumptions. Assumptions [9(7)| [9(¢4)| and [9(:v)| are regularity conditions sufficient to
apply the sup-norm rate results in CC. is made for simplicity but it is not necessary. corresponds
to the second part of Assumption CS(v) in CC and is used to verify Assumption |8} More concrete sufficient
conditions for Assumptions and may be provided in specific settings. For example, Lemma |§|
below gives sufficient conditions for the mildly ill-posed caseﬁ

x (MU 73 M) — o (1),

We now provide a proof of Theorem [3]

Proof of Theorem We prove the statement by showing that the assumptions of Theorem [2| hold.

Assumptions and [7| are maintained. Assumption is implied by Assumption [9(v)l Lemma

and the fact that ( = O, (VM ) for Bernstein polynomials Similarly, Assumption [6(éi)| is implied by

Assumption [9(iv){and ¢ = O, (\/M).
We now verify Assumption [8] In what follows, unless otherwise specified, it is assumed that the arguments

of all functions are (3,p) and the dependence is suppressed for notational convenience.

628ee CC (p.15) for a formal definition of mild and severe ill-posedness.

63This follows from the fact that Bernstein polynomials are a special case of B-splines (see, e.g., Remark
4.7 on p.188 of |[Schumaker| (2007)).).
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The pathwise derivative of f. in the direction v = (v1, vg)/ e His

df. (ho + 7v) N T TR W WA WA
D, (ho) [o] = L0 TV P OV2 2
f(o)[v] 7 ) s 01652+02682+038 +C481+C581 0681 (5)
where
oy P Da) Tt~ (N = ) 0, __ ~Di= Do) TR (N - o) e
(D1 — Dy)? (D1 — Ds)*
Bho_yz 6h0 1
C — _ 632 C — 032
’ (D1 — D) (D, - Do)
o (Nl N2) dhg 1 o (Nl Ng) Oho,2
F= ———————— 5 — 6 :—
(D1 — D»)? (D1 — D,)*

Therefore, D f, (ho) : H + R is a linear functional.
Next, note that, for any h = [hy, ha] € Hr,

Ohy _ Oho, / / Ohy (51 52.0,.72) _Ohor (51,522, 72) |dssd
851 881 8818528})1 17727217]92 8518826171 177278171)2 22 Bl
9*h, 9Pho.r

IN

constant

881 8828}71 B 681882 8]71

where the first inequality follows from the triangle inequality and the fundamental theorem of calculus, and
the second inequality follows from assumption and the fact that the support of (S7,S52) is the unit

simplex and thus trivially bounded. By a similar argument, we can bound all the other derivatives in

7 ’ }
o0 o0

and write

Phi Phoa
8518826])1 8816826})1

Phy  0%hog
8518826])1 8816828}71

Dfe (ho) [h — ho

IA

constant X max {’

0%h 7 3 ho
0s10820p1  0s10s20p1

= constant

which shows that Assumption holds with o = [1,1,1,0].
By the mean value theorem,

pl ~ 82\12 8}7/072 =~ 87}3/1 aho,l ~ 87%‘1 8h071 A 87}3/2 8h0’2
Je ( ) feho) = 51 G (882 dsa > + (832 0ss >+C (5191 Ip1 > - (3291 op )

~ 8?12 6]10,2 = aill 8hO,l
+C (331 B (981 >+C <851 - 881 )]
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~ _ 2 . 2
(Dl - D2) (D1 - Dz)
_ ho B hq
Cg _ ~ 682 - C4 — - 682 -
(Dl - D2> ( 11— Dz)

(s L (now) s

e T 6 = 7

(D1 — D2) <D1 - D2>

where [% Ohy Ohy Oha Ohy %] lies on the line segment between [

8h0‘1 ah011 8h0y1 3h0,2 8h072 aho‘z
8171 ? 881 ? 682 ? 8])1 ) 881 ) 882

and
[g—]f;i, %’ g—'::;, g—f)’f, g—zf, g—if} and Ny, No, Dy, D, are defined accordingly. Therefore, after some algebra, we
obtain
A - Ohs  Ohoo Oh1  Oho, Ohi  Oho
< () = f. (ho) = Df. (R h—h‘<F—— "F—— "F—— ‘
f ( ) f ( 0) f ( 0)|: 0] - ! 382 382 2 882 882 3 8p1 8p1
L+ g% Ohog | Oha _ Ohos| Oy _ Oho, |
4 c’?pl 8]91 ° 881 881 6 381 (981

where (Fi)?:1 are linear combinations (with finite coefficients) of ||[0%h — d%hy||se for vectors & with |@| = 1.
Thus

f. (h) — f. (ho) — Df. (ho) [ﬁ - ho} ‘ < constant||0°h — 8% ho||sc||0%2h — 82 hg)|oo

for some a1, as with |a;| = |ag| = 1.

Given the choice of a, a1, ay above and by Corollary 3.1 in CC, we have

| 0k = 9%hy| Lo - 0, ([MT + TMM3/4\/M]2)

+ 0, (M3ZT)

oosh— ||

oosh— oo+

Thus, Assumption is implied by Assumption and Lemma
By Remark 4.1 in CC, a sufficient condition for Assumption is

i TM\/ S (D () [(60) ] =D o) [(6570n) 1)
e vr (fe)

=0y (1)

where (G;l/ZwM) denotes the m—th row of the matrix G;l/zz/}M. Note that, after some algebra, we can

write D f. (ﬁ) [(Gniwz/}M)m} — Df. (ho) {(G;l/sz)m} for every m as the linear combination of terms,

where each term is the difference between a first-order partial derivative of iAzl and the same derivative of

ho,; for some i € {1,2}, and each coefficient is a first-order partial derivative of an element of (G;l/ 0 M) .
m
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Therefore, we can write

Tiv,s ,S TI{; )\/M3/2C2 X |:Op (M(l_r)/4 +TMM3/4\/M):|2

vp
_ O,,( VT [TMMM<2_T>/4+ Tz%aMQ\/lOgMD

or (f) VT T

=0p (1)

where the first step uses Corollary 3.1 in CC and the proof of Lemma[I0] the second step uses the fact that,
under the maintained assumptions, ( = O (\/ M ), and the last step follows from Assumption [9(v)| (which

implies 7% =o0(1)).
O

Lemma 6. Let Assumptions and hold, and let (vp (f.))* = 72 nyvle m® for a < 0. Further,
assume that Tp; =< M*? for¢>0,a+c+1 > O Then, Assumptions and are satisfied if M =< TP
with

2 . 2 A1 7(2)
p e , Min , ,
(r—3+2(a+€—|—1) {2§—2a+7 2 +~M 1+7(2)})

Further, M may be chosen to satisfy the latter condition if r +4a — 8 > 0 and v (r+2a+2c-3)—4>0
forie{l,2}.

Proof. As shown in CC, under the maintained assumptions, (vr (f.))® =< M*ts+1. The result follows by

inspection.

O

C.4 Theorem : Equilibrium price functionals

We now specialize Theorem [2]to the case where the functional f is the equilibrium price of good 1 in a market
characterized by marginal costs mc = (¢, méz) and indices § = (81,02). Ilet f, = [fp,, fps] : H — R?
denote the functional that returns the equilibrium prices, so that the goal is to obtain the asymptotic
distribution of the sieve estimator f, (ﬁ) An analogous argument holds for the price of good 2. As in
the rest of the appendix, I let ho = [ho1, ho,2] denote the inverse of the demand system og. Further, I use
hal = [ha’}, haé] = [00,1,00,2] to denote the demand system itself. The equilibrium prices p = (p;,D,) =
[fp1 (Ro), fps (ho)] solve the firm’s first-order conditions

g1 (0,7, 7€, ho) 57[@2)71%]' b —mer | |hoy (6,B)] _ |0 (26)
g2 (6, P, mc, ho) ° °l |p, —mey hos (5,D) 0
where
oho,1(hy " (3,5)P)  0ho(hy ' (5,5).5) oho1(hy*(3,5)B)  0hoy(hy ' (8.5).P)
ER— Js Os y— 0 9]
Iho = | hon(hy '(5:5)5)  ohon(hy (5:5)7) ho = | hon(hg '(55)5)  ohoa(hy (5:5)7)
0s1 Oso op1 Op2

64This corresponds to the “mildly ill-posed” case discussed by CC in Corollary 5.1. CC also provide
sufficient conditions for the maintained assumption on the rate of divergence of vy (f).
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We make the following assumptions.

Assumption 10. (i) P has bounded support and (P, S) have densities bounded away from 0 and oco;

(i) The basis used for both the sieve space and the instrument space is tensor-product Bernstein polynomials.
Further, for the sieve space, the univariate Bernstein polynomials all have the same degree M'/*;

(#11) ho = [ho,1, ho 2] where ho1 and ho2 belong to the Holder ball of smoothness r > 5 and finite radius L,

and the order of the tensor-product Bernstein polynomials used for the sieve space is greater than r;

2441 1++(2)
(iv) M 2™ \/% = o(1) and M 2»® \/% = 0(1), where vV, ¥ > 0 are defined in Assumption
19(v) H
(v) 'UT(fpl)

Discussion of Assumptions. Assumptions|[10(4)] [10(4:2) and [10(7v)| are regularity conditions sufficient to

(5 gy <o 1).

apply the sup-norm rate results in CC.[10(7)|is made for simplicity but it is not necessary. [10(v)|corresponds

to the second part of Assumption CS(v) in CC and is used to verify Assumption |8} More concrete sufficient

conditions for Assumptions [10(4v)| and [10(v)| may be provided in specific settings. For example, Lemma

below gives sufficient conditions for the mildly ill-posed case.
We now provide a proof of Theorem

Proof of Theorem We prove the statement by showing that the assumptions of Theorem [2] hold.

Assumptions and [7| are maintained. Assumption s implied by Assumption [10(v)|, Lemma

and the fact that ¢ = O, (VM ) for Bernstein polynomials Similarly, Assumption [6(i¢)| is implied by

Assumption [10(iv)[and ¢ = O, (\/M).
We now verify Assumption

Applying the implicit function theorem to (26)),

991 (3pmehtrv)  9gi(5.pmehtro)] " [ agi (5,pmehtro)

_ F) ) E) — -1
Dfy M PI= = | o, Gomenirs)  oaGomentry) | |onGamenir) || = @) T @)
op1 Op2 or —0

for all h,v € H. Now, note that JS}TZO does not depend on v, and that J;L:o is a linear function of
v (h_l (5, ]3) ,ﬁ) and its first derivatives, with coefficients that depend on derivatives of h of order 2 or lower,

i.e. we can write

2
Df,, (h) Z (8,7, {9°h - |B| < 2}) x 8%, (R~ (5,D) , D) (28)

al<1

for real-valued functionals Cj ;. This shows that D f, (ho) [v] is linear. Further, by the fundamental theorem

of calculus, following an argument analogous to that in part 4(4) of the proof of Theorem [3| we obtain

0*h 0*hyg

_ < _
|D fp, (ho) [h — hol| < constant 0510530p0ps 05105309130

for all h € H. Therefore, Assumption holds with o = [1,1,1, 1].

65This follows from the fact that Bernstein polynomials are a special case of B-splines.
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As in part 4(i7) of the proof of Theorem (3| by the mean value theorem, we obtain
o (B) = fou (ho) = Dfyy (ho) [ = ho]| <

3 22: (Ca (3.7, {070 518 < 2}) = Cay (5,70, {07ho : 18] < 2})] x |
175=1

&:lal<1]

%h; — 0%ho ;

o0

Since, each of the Cj ; (S,W, {8[3;1 B < 2}) — Ca (S,W, {aﬁho 2B < 2}) terms may be bounded,

after some algebra, by a linear combination of {H@BB —9Phol|s 18] < 2}, Assumption [8(74)| holds with
|041‘ = 17 ‘042| =2.

Given the choice of o, a, as above and by Corollary 3.1 in CC, we have

aali}—aalhon‘

ook = 0% hol|_+|

- —ar s—r  [log M log M
30‘h—80‘h0H = 0, M oy M o8 +T§4M% o8
oo T T

+ 0, (M“Y)

Thus, Assumption is implied by Assumption and Lemma
8(2v)| By Remark 4.1 in CC, a sufficient condition for Assumption is

B N O] G A ) R M

vr (fpl)

where (G;l/ 21/)M> denotes the m—th row of the matrix G;l/ *r. Note that, after some algebra, we can

write D fp, (ﬁ) {(g;wwM)m} — D fp, (ho) {(G;/Zi/zM)m} for every m as the linear combination of terms,

where each term is the difference between a partial derivative of }All of order at most 2 and the same derivative
of hg; for some i € {1,2}, and each coeflicient is a partial derivative of an element of (G;l/ 2¢M) of order
m

at most 1. Therefore, we can write

2
Tivp T(A;)\/M%@ x [0 (M 4 my M floe 77 ) |
vr P1

VT M sy, THMEIogM |\
O”(mfpl)X[ﬁM L =%

where the first step uses Corollary 3.1 in CC and the proof of Lemmal[I0] the second step uses the fact that,
under the maintained assumptions, ( = O (\/ M >, and the last step follows from Assumption |10(v)| (which

implies % =o0(1)).

O
Lemma 7. Let Assumptions |10(z)| and|10(iii)| hold, and let (vr (fo))? = T2, Znﬂle m® for a < 0. Further,
assume that Tpy < MY? for ¢ > 0,a+¢+1 > O Then, Assumptions |10(iv) and |10(v) are satisfied if

66This corresponds to the “mildly ill-posed” case discussed by CC in Corollary 5.1. CC also provide
sufficient conditions for the maintained assumption on the rate of divergence of vy (f).

48



M =<T? with

9 . 9 SEVRE)
6 ’ I )
P <T—4+2(a—|—§+1) mln{2§—2a—|—7 2+~ 1+7(2)})

Further, M may be chosen to satisfy the latter condition if r +4a —9 > 0 and v (r+2a+2c—4)—4>0
forie{1,2}.

Proof. As shown in CC, under the maintained assumptions, (vr (f.))? =< M*ts+1. The result follows by

inspection.

O

C.5 Supplementary lemmas and proofs

. s 42 itz iz
Lemma 8. Forie J, let \; (T) =

and let Assumption|5(ii) hold. Then,

vr (f)
lim supp_, o Ai (T') < 0.
Proof. Note that
2 4 - -1 1 =1 -1 (#)
) = 3D ()l W) (LGRAL) LG G L (L/GRLL)  DF (ho) 4]
7 -1
D D1 (L6300 LG G I (L' GL L) Df (ho) (B
+ QZ f(ho) [W5, ) (L5 Ga i Ly 3 Ga kG a e \ Lk G4 Lok f (ho) [tpy,]
Jj=1k=1

Jj—

J J j—1
2
ZUT,j +QZ OT,jk
=1 k=1

i=1 =1 k=
Further, by Assumption [5(4z)|

< 9_20%1

[Df (ko) [ ] (L;GZ}iLi)_ el

for i € J. Therefore, we can write

-2 2
ag aTz

A (T))?
A ()] Zy 1JTJ+2ZJ 12 1UTJk

from which the result follows.

Lemma 9. Let Assumptions|5(iit), [5(vi) and |6(ii) hold. Then ||Tq1|| = O, (1).

Proof. The proof follows that of Lemma 3.1 in |Chen and Christensen| (2015) with minor changes. Let
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Cr = C(HW@))/V(Q) be a sequence of positive numbers with v(?) defined in Assumption and let

1« 1«
1 = — 2
o) =7 ) (B~ E[E) T =72 (E20~E
t=1 t:1
where
10 = &GubaGa o) () afd) () GLT{1160600G o ) (w) afl) (w) 64171 < 3}

2 = &ukkiGyla “’(wt)aézi( 0 Gl lg5a6kaG R ) (w) af)) () G117 > 3 )

Note that T = Tg(zl) + T((fi, so that ||TQ | = O, (1) and HTS%H = O, (1) imply the statement of the
lemma.

Control of ||T, s(zlz” By definition, ||Z; || < C% and thus, by the triangle inequality and Jensen’s inequality

(] - || is convex), we have ||Z;; — E (Z1) || < 2C%. Further,
E[E -EE)) <
E 262160 IPG Lol (W) all) (W) G lIg6nG L el (W) el (WY G < c3 )] <
CIE [|sjfk|GA fa&? W)ai) Wy 6] llg6 ) (W) el W) LI < ¢ )] <
C3E [E(lg,6ulIW) 63 ) (W) ol (WY 63|

CRE (G0 (W) o) (WY €3] = G,

where the inequalities are in the sense of positive semi-definite matrices. The first inequality follows from
E[Z; — E(Z1)])° <E(Z1)? (and the fact that matrix multiplication is commutative), the second follows from

the fact that ||G;11J/2a%) (W) ag() W) G 71/2” = HG:j/Qak (W) ||?, the third from the law of iterated expec-
(J)

tations, the fourth follows from Assumption 5(m)|, and the last step is because G , A is an orthonormal

basis. Then, Corollary 4.1 in |[Chen and Christensen| (2015)) yields ||Ts(211|| =0, (CT\/(log K)/T) = 0, (1),
where the last step uses Assumption [6(z2)}
Control of HTS%H Since ||[Za.4|| < ¢2[&48kt1{1&)1&ke| = C7/c?} by the triangle inequality and Jensen’s

inequality (|| - || is convex), we have

(2) 2 2 2C2(1+7(2>) NG )
B (IS < 2R (66 {66 2 Ch/e)] < = ok [I66l {66 2 CHe}| = o)
T

where the last step follows from Assumption [5(vi)} the fact that €7/c2 =< ¢*® — oo and that ¢ e
T
1. Thus, ||TQ(2%|| = O, (1) by Markov’s inequality.

Lemma 10. Let Assumption hold. Then, for f € {fe, fp, }
[or () S T2 M7?

Proof. We prove this for f = f.. The proof for f = f,, is identical. As shown in CCE the maintained

67See also |Chen and Pouzo| (2015).
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assumption imply [vr (fo)]* < T3 % (Df6 (ho) {(G;l/QwM)sz, where (G;/Qq//M)m denotes the m—th

m=1

row of the M —by—2—valued function G;WwM. Next, note that
[Df(ho) [(G5 ) | < max N0 (65 0ar) 1l < arkt s 1G " ar (1) lloo < 4MY*¢
m || = m Y (= X’P

where we use the fact that the first derivatives of Bernstein polynomials can be written in terms of lower
order polynomials, and that the latter can in turn be written as a linear combination of higher order
polynomials.Finally, using ( = O (\/ M ), we obtain the result.

O

Appendix D: Additional Monte Carlo Simulations

D.1 Loss aversion

Another type of consumer behavior allowed by the NPD model is one where the consumer disutility from
paying a price for good j increases with how much more expensive j is relative to another good. I refer to this
as “loss aversion” since it may be viewed as one instance of the pattern studied by [T'versky and Kahneman
(1991) that goes by this name. Specifically, I let the indirect utility from good 1 depend negatively not only
on p; but also on p; — po, and similarly for good 2. The underlying idea is that if good j is more expensive
than good k, paying p; will be perceived as a loss and therefore will lead to a greater disutility than if good
j were cheaper than good k. I set the coefficient on the price difference to -0.15; the simulation design is
otherwise the same as that in Section As in the previous simulations, we compare the performance of
NPD with that of a mixed logit model. In this case, the latter is misspecified in that it only allows p;, but
not p; — p2 to enter the utility of good 1, and similarly for good 2. In the NPD estimation, we impose the

following constraints: monotonicity of ="', diagonal dominance of J3 and exchangeability

Figures [§] and [J] show the own- and cross-price elasticity functions, respectively. While NPD is on target,

BLP tends to underestimate the magnitude of both and the discrepancy grows with price.

68See Section and Appendix [B| for a discussion of these constraints.
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Own Elasticity

Cross Elasticity

Figure 8: Loss aversion: Own-price elasticity function
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Figure 9: Loss aversion: Cross-price elasticity function
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D.2 Smaller Sample Sizes
The simulations in Section [4] were based on sample sizes equal to 3,000. We now investigate how well the

NPD estimator performs in a smaller sample size. Specifically, we focus on the complements example from

Section [I.3] and repeat the simulation now using a sample of 500 observations.

Figure 10: Complements, 7" = 500: Own-price elasticity function
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Figure 11: Complements, T" = 500: Cross-price elasticity function
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D.3 Violation of Index Restriction

The NPD estimator is based on the index restriction embedded in Assumption Here, we explore how
robust the estimator is to violations of this assumption. Specifically, we generate the data from the mixed
logit dgp as in Section [£.1] except that we let the coefficient on the covariate z be random and distributed
N (1,04i01).- Because the coefficient on the unobservable ¢ is not random, this induces a violation of the
index restriction which becomes more severe as o, increases. Figures to show that, except for the
own-price elasticity function at large values of own-price, the NPD estimator is quite robust to violations of

the index assumption for this dgp.
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Figure 12: Violation of Index Restriction, g,;,,; = 0.10: Own-price elasticity function
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Figure 13: Violation of Index Restriction, o,;,; = 0.10: Cross-price elasticity function
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Figure 14: Violation of Index Restriction, g, = 0.50: Own-price elasticity function
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Figure 15: Violation of Index Restriction, o,;,; = 0.50: Cross-price elasticity function
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Figure 16: Violation of Index Restriction, o,;,,; = 1.50: Own-price elasticity function
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Figure 17: Violation of Index Restriction, o,;,; = 1.50: Cross-price elasticity function
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D.4 Sensitivity to the Choice of Polynomial Degree
We now consider how the performance of the NPD estimator varies with the choice of polynomial degree for
the Bernstein approximation to the unknown functions. We focus on the mixed logit dgp from Section [4.1

and the complements dgp from Section [£.3] For each dgp, we show how the estimated own- and cross-price

elasticity functions vary with the polynomial degree used to approximate each unknown function.

D.4.1 Mixed logit dgp

Figure 18: Mixed Logit, degree = 16: Own-price elasticity function
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Figure 19: Mixed Logit, degree = 16: Cross-price elasticity function
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Figure 20: Mixed Logit, degree = 12: Own-price elasticity function
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Figure 21: Mixed Logit, degree = 12: Cross-price elasticity function
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Figure 22: Mixed Logit, degree = 8: Own-price elasticity function
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Figure 23: Mixed Logit, degree = 8: Cross-price elasticity function
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Figure 24: Mixed Logit, degree = 6: Own-price elasticity function
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Figure 25: Mixed Logit, degree = 6: Cross-price elasticity function
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Figure 26: Mixed Logit, degree = 4: Own-price elasticity function
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Figure 27: Mixed Logit, degree = 4: Cross-price elasticity function
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D.4.2 Complements dgp

Figure 28: Complements, degree = 16: Own-price elasticity function
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Figure 29: Complements, degree = 16: Cross-price elasticity function
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Figure 30: Complements, degree = 12: Own-price elasticity function
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Figure 31: Complements, degree = 12: Cross-price elasticity function
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Figure 32: Complements, degree = 8: Own-price elasticity function
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Figure 33: Complements, degree = 8: Cross-price elasticity function
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Figure 34: Complements, degree = 6: Own-price elasticity function
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Figure 35: Complements, degree = 6: Cross-price elasticity function
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Figure 36: Complements, degree = 4: Own-price elasticity function
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Figure 37: Complements, degree = 4: Cross-price elasticity function
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D.5 J > 2 goods

The simulations presented so far are all for the case with J = 2 goods. While this corresponds to the
empirical setting studied in the paper, it is interesting to investigate how the NPD estimator performs with

more than two goods. In what follows, we generate data from the logit model
U5 = —Pj +.’17j +£j + €ij

We choose this simple model as it means that we can put p; into the linear index J;, which reduces the
number of parameters to estimate. We report the own-price elasticity of good 1 and the elasticity of good 1
wrt the price of good 2 for J =3,J=5,and J =7 below@

69Gince the dgp and the model are symmetric in the different goods, the remaining own- and cross-price
elasticities are the same as those reported here.
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Own Elasticity

Figure 38: Logit, J = 3: Own-price elasticity function
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Figure 39: Logit, J = 3: Cross-price elasticity function
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Own Elasticity

Figure 40: Logit, J = 5: Own-price elasticity function
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Figure 41: Logit, J = 5: Cross-price elasticity function
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Appendix E: Data

We take a market to be a week/store combinationm Data on prices and quantities come from the 2014
Nielsen scanner dataset. For each market, the most granular unit of observation in the Nielsen data is a
UPC (i.e. a specific bar code). Due to the large number of UPCs, we choose to aggregate according to
whether they bear or do not bear the USDA Organic Seal. When this information is missing, we assume
the UPC is non-organic. The aggregate quantities are obtained by simply summing the quantities for the
individual UPCs, whereas for prices we take a weighted average where the weights are determined by the
yearly share of sales that a given UPC has in that supermarket. Similarly, we aggregate across UPCs for
selected non-strawberry fruitsﬂ Specifically, we focus on the top four non-strawberry fruits according to
Produce for Better Health Foundation| (2015]) in terms of per capita consumption nationwide, i.e. bananas,
apples, other berries and oranges. For each of these fruits, we compute a price index (across UPCs) following
the same procedure we used for strawberries. These fruit-level price indices are then aggregated even further
into a single price index using weights that are proportional to the per capita eatings of each fruit and are

normalized to sum to one.

Regarding Hausman instruments, we take the mean price of strawberries and the mean price index for the
outside option, respectively, across the Californian supermarkets that are not in the same marketing are@
as a given store. Excluding supermarkets in the same marketing area is meant to alleviate the usual concerns
about Hausman instruments, i.e. that likely spatial correlation in the unobserved quality of the products

might induce a violation of the exogeneity assumption.

Spot prices for strawberries are obtained from the US Department of Agriculture WebsitelEI The data reports
spot prices for the following shipping points: California, Texas, Florida, North Carolina, and Mexico. In
absence of information on where each supermarket sources their strawberries, we take a simple average of

the prices at the various shipping points in any given week.

We measure the availability of non-strawberry fresh fruit in any given week at the state level using the
total sales of non-strawberry fruits at all stores included in the Nielsen dataset in that week. To proxy for
consumer tastes for organic produce at a given store, we compute the percentage of yearly organic lettuce

sales over total yearly lettuce sales at the store.
Finally, data on income at the zip-code level is downloaded from the Internal Revenue Service website@

The resulting dataset has 38,800 markets. Table [7] reports descriptive statistics for each variable and Figure
shows the price pattern for a typical store over time (the plot refers to organic strawberries). Both
the retail price and the spot price exhibit strong seasonality. Moreover, the retail price sometimes displays
a pattern in which it drops and then jumps back up to the initial level. This is typical of supermarket

prices given the prevalence of periodic sales. However, in the case of strawberries, this pattern is much less

"OWe use the terms “store” and “retailer” interchangeably.

"'In this case, however, we do not distinguish between organic and non-organic fruits.
"2Here we follow the Nielsen partition of the United States into Designated Marketing Areas.
"3http://cat.marketnews.usda.gov/cat/index.html.

Thttps://www.irs.gov /uac/soi-tax-stats-individual-income-tax-statistics-zip-code-data-soi.
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Table 7: Descriptive statistics
Mean Median Min Max

Quantity non-organic 735.33  581.00  6.00 5,729.00
Quantity organic 12891  78.00 1.00  2,647.00
Price non-organic 2.97 2.89 0.93 4.99
Price organic 4.26 3.99 1.24 6.99
Price other fruit 3.95 3.80 1.30 13.88
Hausman non-organic 3.00 2.98 2.09 4.05
Hausman organic 4.28 4.07 2.95 5.50
Hausman other fruit 4.50 3.79 1.19 13.33
Spot non-organic 1.46 1.35 0.99 2.32
Spot organic 2.38 2.17 1.25 4.88
Quantity other fruit (per capita)  0.83 0.82 0.60 1.08
Share organic lettuce 0.08 0.06 0.00 0.41
Income 82.54 72.61  33.44  405.09

Note: Prices in dollars per pound. Quantities in pounds. Income in thousands of dollars per household.

marked than for other items, such as packaged goods. Therefore, we do not explicitly model sales in what
follows[™]

Figure 42: Price patterns
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Note: Prices in dollars per pound for organic strawberries sold at a representative store.

"SInventory is often invoked as a justification for sales in models of retail. However, because strawberries
are so perishable, it is unlikely that inventory plays a first-order role in driving the retailer’s pricing behavior.

73



Table 8: First-stage regressions

Non-organic Organic

Price Share Price Share
Spot price (own) 0.12**  —0.68™ 0.35"  —0.26™
Spot price (other) 0.04*  0.10™ —0.21**  0.22*
Hausman (own) 0.70* —1.30*  0.46* —0.19**
Hausman (other) —0.01 0.25  0.13*™  0.22*
Hausman (out) —0.01*  0.11* —0.10"  0.04*

Availability other fruit -0.01"* —0.07"* —0.02** —0.01**
Share organic lettuce 0.08* —0.20" —0.01* 0.10*
Income —0.02* 0.00** 0.01** 0.04**
R? 0.46 0.27 0.52 0.16

Note: ** denotes significance at the 95% level. All variables are normalized to belong to the [0, 1] interval.

Next, we present the results of the first-stage regressions in Table[§] As expected, the retail prices significantly
increase with the spot prices. Further, the share of organic strawberries increases with the taste for organic
products, while the opposite is true of the non-organic share. Finally, the shares of both inside goods decrease

with the availability of other fruit.

Appendix F: Extension to Endogenous Demand Shifters

In this appendix, we consider violations of the exogeneity assumption that take the form E (§;|x, 2) = v;x;
for all jm By Equation , for all 7,

1 -1 (2)
iy =K o (5, , T )
gt {5;‘4‘%‘ j ty Dty Ty

x,z} =E {wj (st,pt,xgz))

x, z} (29)

where we let w = [wy,...,ws]' = M,o~"' and M, is the diagonal matrix with (4, ) entry ﬁ Under
J J

Assumption {4} we can identify w. Let J; denote the Jacobian of w wrt s, and similarly for J2 qu(l), and

vam. Note that J2 = — (J5,)" " J?, so that J2 is identified. An analogous argument applies to Jﬁ(z). On the
Bi

other hand, since Jf,(l) = (J5,)"" M, where M, is the diagonal matrix with (j,5) entry -, identifying

Bj +7;
w is not sufficient to recover Ji(l). In other words, the marginal effects of p and z(?) are identified in spite of
the endogeneity of z(!), whereas—as one would expect—the marginal effects of (1) are not. A corollary of
this is that counterfactuals that only depend on derivatives wrt prices—such as those considered in Section

[b.4l—are robust to this type of endogeneity.

"6For simplicity, here we consider the case where M s scalar, since that corresponds to the empirical

j
settings in Section [5]

74



Appendix G: Microfoundation of the Empirical Model

In this appendix, we show how to map the model used in the empirical application to the general BH
framework outlined in Section Specifically, we outline two models of consumer behavior that yield the
demand system in equation and prove that the system is indeed invertible. It should be emphasized that
these are only two out of many models that are compatible with and invertibility, and that the estimation

procedure does not rely on any of the parametric restrictions embedded in either modelm

G.1 Model 1

We first consider a standard discrete choice model. While the model is clearly at odds with the fact that
consumers buying fresh fruit face an (at least partially) continuous choice, this serves as a building block for
the more realistic model discussed in Section[G.2} Moreover, given the prevalence of discrete choice models in

the literature, it provides a connection between the demand system in and a more familiar setup.

We assume that consumers face a discrete choice between one unit (say, one pound) of non-organic straw-
berries, one unit of organic strawberries and one unit of other fresh fruit. Consumer i’s indirect utilities for

each of these goods are, respectively

Uit = 51700y, + ip1 + €51
Wiz = Ostr 054y + Oorglyrg + Qip2 + €i2 (30)

(1) *
wio = 00,5trT gy + 00,0rg00rg + @iPo + €io

where

:tr = gstr

5;rg = el,orng()}n)gijorg

and pi,p2, po denote the prices of non-organic strawberries, organic strawberries and the price index for
other fresh fruit, respectively. We interpret 6%, as the mean quality of all strawberries in the market and
d4r as the mean utility for organic products (including—but not limited to—organic strawberries). Because

the outside option of buying other fresh fruit includes organic produce (e.g. organic apples), we let §7,,
enter u;o. We use (&sir, Eorg) to denote the unobserved quality levels for strawberries and organic produce,
respectively, and (€;2, €;2) to denote taste shocks idiosyncratic to consumer i. Unlike BLP, we will not make
any parametric assumptions on (€;2, €;2), nor on the distribution of the price coefficient ;. In particular, note
that the correlation structure of the vector (€;2, €;2, ;) is unrestricted, which allows for patterns such as the
fact that wealthier consumers may have a stronger preference for organic produce. Further, the distribution

of a; will be allowed to depend on other covariates such as mean income z(?) in the market.

Now we show that the demand system generated by the model above is identified under the following very

mild assumption (as well as the standard exogeneity and completeness assumptions discussed in Section

""For instance, while Model 1 below assumes that prices enter linearly in utilities, this restriction is not
needed for identification or estimation, given that we do not impose symmetry of the Jacobian of demand
with respect to price.
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12).

Assumption 11. The coefficients Oy, 0org,00,str, 00,0rg and 01 org are non-zero.

Note that Assumption [11]is very mild. It is satisfied if (i) consumers care about the quality of strawberries
(Ostr > 0) and organic produce (forg, 0o,0rg > 0), as well as the availability of non-strawberry fruit 6o s > 0,

when purchasing fresh fruit; and (ii) the variable ac(()lT)g is indeed a proxy for taste for organic produce

(0170749 > 0)
Lemma 11. Under Assumptions@ and the functions o1 and o in are point-identified.

Proof. Since utility is ordinal, we can subtract 90)3”.’1,‘22 + Oo,orgég‘rg + a;po from each equation in and

write
wi =0y — 90,st7'$$2» + o (p1 — po) + €1
Uip = by — 90,str9€£2 + o (p2 — po) + €42 (31)
Uio = €i0,
where
51 = 9str5:tr - 00,07"96:7«9
0y = OstrOser + (Oorg — 00,0r9) 5ng

Using and the fact that we allow the distribution of o; to depend on x(?), we can write the demand

system as
s=0 (81 - 90,strxgz’v 82 - 90,strx$2’vpax(2)> ) (32)

where p = (po,p1,p2), § = (s1,52) is the vector of market shares and & is a function from R? x Ri to the
unit 2-simplex. Next, by Theorem 1 of Berry, Gandhi, and Haile| (2013]), we can invert the system in

for the mean utility levels as follows

51 = 5_;1 (S,p,$(2)> + 00,str1’$2a
(33)

>
()
Il

Gy (s,p,lﬂ)) oo

where 6,:1 denotes the k—th element of the inverse, 5!, of &. We now show that there is a one-to-one

mapping between (6%,.,6;,,) and (51,52), which means that we can invert the system for the original

~ ~ ~ !/
demand indices. Letting §* = (5* ox )/ and 6 = (51, 52) , we have

stry Yorg
0= Ad™,

where

A=

astv’ *00707“9 ]

astr aorg - 00,org

Since det (A) = O4¢r00rg 7 0 under Assumption we can rewrite as

5 = A1 (s, p,x@) AT 1) X bt (34)
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or, equivalently,

Orp = O’;l (s,p,m(2)> + 91:622
(35)
Oorg = oy (5,1771’(2)) =+ 92@227

for functions o; Lo AZx Rﬁ_ — R2, i = 1,2, where A? denotes the unit 2-simplex. Now we derive expressions

for the coefficients #; and 65 in terms of the model primitives. Note that

1 eorg_eo,org eo,org
A*l — Ostr Ostr

007"9 —1 1
and thus
1 !
At.n 1) = 0
[ } |:astr :| ’
ie.
90 str
0, = ’
! estr
0, = 0

Plugging this into and using the definitions of 6%, and &

orgs We obtain

0 str
b =0 (5,19 1 Pt 0
str (36)

917org-'17(()?q +&org = 02_1 (s,p, x(Q))

The final step is to show that we can identify the system in , given the instruments available. Because
we are free to normalize the scale of £y, and &4 in the display above, we can divide the first equation of
by 051% and the second equation by 01 .., without loss and rearrange terms as follows

7‘:8(917)" = 0-1_1 (S,p,:L'(Q)) - Sstr (37)

l‘(()i)q = 02_1 (8,p,l‘(2)> - forga (38)
Equations and are in the same form as Equation (6) in BH and thus we can follow their argument

to show that o1 and o9 are identified. Further, note that inverting the system in and yields the
demand system in equation (after normalizations).

O

o . 0.0 .
"8These divisions are well-defined operations as % and 601 org are nonzero by Assumption
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G.2 DModel 2

We now turn to a model of continuous choice that appears to be a closer approximation to the behavior of

consumers buying fresh fruit. Let consumer ¢ face the following maximization problem

max U; (qo,q1,q2)
q0,91,92 (39)

st. pogo + 1y + page < Y
where y!"¢ denotes the income consumer i allocates to fresh fruit, go is the quantity of non-strawberry
fresh fruit, ¢; is the quantity of non-organic strawberries and ¢o is the quantity of organic strawberries, and
similarly for prices po, p1,p2. One could think of yi"¢ as being the outcome of a higher-level optimization
problem in which the consumer chooses how to allocate total income across different product categories,
including fresh fruit. Assume U; takes the Cobb-Douglas form

Ui (g0, a1,92) = 45" a1 " ga™",
for positive d = (do, d1,dz2) and €; = (€;0,€:,1,€,2). Then, the optimal quantities chosen by the consumer
are

" diey

qﬂ'< dvpaygncvei == =2 ., ]: 07 132 (40)
! ( ) pj Zi:o dy€ik

where d = (do, d1,ds) and p = (po, p1,p2). Now assume that

600, str
dy = g Ee
0 r
di = Vstr
95 e or
dy = Wst'ft‘ ’ygrgg
where
VYstr = €XpP {5:tr}
,YO’I‘g = eXp {627‘9}
7 - (1)
str = €XP Ty
and 03, 9,,, are defined as in Section We can then re-write as
- _ inc di€;
Q;k (dapa y;nc7€i> = yli : 2]71:] .7 = 07 1a2 (41)
Pj Y h—o dk€ik
where

do = 1

7 = Ostr o, —00, ~—00,str

dl == f}/sta'r7 fYorg ML sty

7 — 7 t 0 .700’ . ~_90,st7“
dy = PYstsrTPYo;:_;]g I gy
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and Ci = (Cio, 6217 (ig) .
Next, let Fy. denote the joint distribution of y!"¢ and ¢; in the market, and deﬁnﬂ

Q; ((ivpvx@)) = /q;K (dNap,y»E) dFY,E (y,€;$(2)) j=0,1,2

: N,p,x is the model counterpart to the market-level quantity (J; observed in the data.
" (d,p,z ) is the model counterpart to the market-level quantity @; observed in the dat
The last step is to show that there exists a mapping of quantities into (artificial) market shares such that

the resulting demand system is invertible. For j = 0,1, 2, define

Q; (4r.)
52,3 (d.p.0®)

7 (Cip,x@)) =

and

Ei:o o

Then, equating observed shares to their model counterparts, we obtain the system

8j

s=6 (cz,p, $(2)) (42)
~ -~ ~ -~ -~ -~ -~ -~ /
where s = (50,31,52)/ and & (d,p7x(2)) = (&0 (d,p,a:@)) ,01 (d,p,m(2)> , 09 (d,p,x(2)>) .
Because éj is strictly decreasing in dj, for all j and all k > 0,k # j, by Theorem 1 in Berry, Gandhi, and
Haile| (2013)), we can invert as follows

d=o""! (s,p, I(2)>

and, taking logs, we can write

QStT(s:tr - 00,07”9 :Tg = 5—;1 (s,p,x(z)) + 90,str‘r$7)"
astr(sztr + (007"9 - 9070@) :rg = &2_1 (571)7 $(2)) + oo,stTmS?)"
where &j_l (s,p,x@)) = log (c:r;l (s,p,x@))) for j =1,2.

Note that has the exact same form as . Therefore, we can use the argument in Section to show
that the demand system is identified.

Note that we let Fy . be a function of mean income x(z), consistently with the information available in
the data.
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