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Abstract

Nested demand structures are used to capture flexible substitution patterns while pre-
serving tractability. Assuming a known nesting structure can be problematic, as mis-
specification may lead to biased estimates. We propose a simple two-step estimation
strategy that recovers both the nesting structure and structural parameters using market-
level data on choices and product characteristics. In the first step, we use the grouped
tixed-effects estimator of Bonhomme and Manresa (2015) to estimate a non-overlapping
nesting structure. In the second step, we estimate preference parameters conditional on
the estimated nests. We consider empirical settings with longitudinal observations of
products across several markets and potential price endogeneity. We demonstrate the
performance of our method in Monte Carlo simulations, where we recover the popu-
lation nesting structure with at least 99% accuracy. We apply our approach to the U.S.
beer market using NielsenlQ data, identifying four distinct beer groups and estimat-
ing a demand system that reveals rich substitution patterns. We benchmark our model
against several alternative demand models—including a naively grouped nested logit
and a mixed logit—and show that it more accurately captures substitution patterns in an
out-of-sample validation exercise.
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1 Introduction

Discrete choice models of random utility are widely used to model and quantify demand
across a broad range of applications. A common approach specifies demand according to a
nesting structure, which can be interpreted as consumers making sequential choices across
different levels of nests (McFadden, 1978). The appeal of nested demand models lies in their
ability to remain parsimonious—preserving closed-form expressions of demand—while ac-
commodating flexible substitution patterns. A well-known limitation, however, is that the
nesting structure must be specified prior to estimation, which is often not obvious to the
researcher. Misspecification of product groups can lead to unreliable parameter estimates
(Fosgerau et al., 2024a).

In this paper, we propose a method to estimate the nesting structure and the remaining
parameters of nested demand models. Our method relies on market-level data with many
markets and many products. The identification strategy exploits the log-linear structure of
market shares implied by the Nested Logit (NL), under which products belonging to the
same nest share a common model-implied demand curve with nest-specific slopes and a
nest-by-market intercepts. We allow for endogenous prices and exogenous price shifters,
and build on the framework of Choi and Okui (2024) to consistently estimate the nesting
structure in the presence of endogenous covariates.

Our proposed method consists of two steps. The first step applies a k-means-type clus-
tering algorithm in the spirit of Bonhomme and Manresa (2015) on demand curves implied
by the NL model to recover the nesting structure among products. In the second step, using
this estimated nested structure, we estimate preference parameters following Berry (1994).
We establish consistency of the estimated nesting structure of our first-step estimator under
regularity conditions, extending Bonhomme and Manresa (2015). Moreover, we show that
the nesting structure is recovered at a faster-than-polynomial rate. This faster-than poly-
nomial convergence rate implies that misclassification in the first step does not affect the
asymptotic behavior of the second-step estimator and thus there is no need to adjust the
standard errors of the utility parameter estimates in the second step. We also show how to
estimate the number of groups by drawing on clustering heuristics from the machine learn-
ing literature. Specifically, we apply the Elbow method within a cross-validation exercise to

determine the optimal number of partitions.



We consider several extensions to the baseline model. First, we extend the baseline to a
setting without exogenous price shifters, where prices are exogenous conditional on product
tixed effects; in this case, endogeneity is handled by demeaning products within each mar-
ket. Second, we show how the algorithm generalizes to recover multiple layers of nesting.
Third, we incorporate consumer heterogeneity in a setting where both consumer charac-
teristics and individual choices are observed. Finally, we show that our method extends
to models where idiosyncratic shocks follow a Type II Extreme Value (Fréchet) distribution
leading to nested CES demand, which is widely used in trade and spatial economics appli-
cations.

We conduct a Monte Carlo exercise to assess the ability of our method to recover both
the true nesting structure and the underlying preference parameters. The experiment con-
siders products observed across multiple markets, with one exogenous characteristic and
one endogenous variable — prices. We find that with as few as ten markets, our method
correctly assigns approximately 99% of products to their true groups. This match rate in-
creases monotonically with the number of markets and products, reaching 100% in larger
samples. We also validate our heuristic approach to selecting the number of groups.

We apply our estimator to demand for beer across U.S. states using store-level panel data
from NielsenlQ. We first use the method with a simplified indirect utility, with continu-
ous covariates only — prices, units, and liquid content. We recover four well-differentiated
groups, which we label Regular Lager, Light Beer, Special/Craft Beer, and Boutique Craft. These
groups exhibit substantial heterogeneity in product characteristics, including prices, beer
type, packaging volume and size, and the likelihood of being a domestic product or a top-
ten national brand. Notably, despite incorporating no spatial information in the estimation
of the nesting structure, we find strong geographic correlation in product popularity: Light
Beer is disproportionately consumed in the South, while Boutique Craft is concentrated in the
Northeast.

We also perform an out-of-sample validation exercise to assess the substitution patterns
implied by the groups recovered in the first step. The exercise exploits the Bud Light boy-
cott as an exogenous negative demand shock. Using a difference-in-differences design, we
define the treatment group as all Light Beer products other than Bud Light — i.e., products
belonging to the same estimated nest — and the control group as products from all remain-

ing groups. Following the boycott, Light Beer products experienced significantly larger sales
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increases in 2023 relative to controls. These reduced-form results suggest that consumers
perceive Light Beer products as closer substitutes to Bud Light than products from other
groups, that we take as suggestive evidence that our estimated nesting structure provides
reasonable substitution patterns. We confirm the robustness of these findings through sev-
eral exercises, including group-specific treatment effect estimates and a placebo test using
randomly assigned groups.

When we move to the second step estimation of structural parameters, we find an av-
erage elasticity of -3.561, similar to previous work studying beer ranging from -6.3 to -2.4
(Pinkse and Slade, 2004; Slade, 2004; Romeo, 2016; Miller and Weinberg, 2017). Moreover,
we also find that all the nesting parameters are consistent with utility maximization and lie
between 0 and 1 without the need to impose any additional restrictions in the structural esti-
mation. We estimate a high degree of heterogeneity in substitution patterns across different
groups, ranging from ¢ = 0.042 for Boutique Craft to 0 = 0.807 for Light Beer. In terms of
own-price elasticities, we find that Light Beer is the most inelastic group and Boutique Craft
the most elastic. On the other hand, we also find that Boutique Craft has the largest within-
group substitution effects following a price shock.

We also perform several robustness checks. First, we instrument for prices using Haus-
man instruments as an alternative to our baseline approach, finding that the optimal number
of groups remains four and that the average characteristics within each group are similar to
those in the baseline. Second, we examine the grouping structure for three and five groups,
uncovering a broadly hierarchical pattern: with three groups, Regular Lager and Special/Craft
Beer merge into a single group, while with five groups, Regular Lager splits into two. Third,
when augmenting the covariate set with categorical information on beer type — one of the
variables provided by NielsenlQ — yields marginal improvements in in-sample predictive
power.

We finally compare the results of our baseline model to two common approaches to de-
mand estimation. First, we estimate second-step parameters using the “naive” classifica-
tion that leverages the categorical variable “Beer Type” provided by Nielsen as the nesting
structure. Second, we also estimate a random coefficient model—the most flexible model
of random utility. When doing so, we find that the Data-Driven NL outperforms these two
alternative approaches in the out-of-sample validation test in the ability to predict substitu-

tion patterns. When looking at the results of the structural estimation, we find that some



of the parameters of the Naive NL are not consistent with utility maximization and that the

substitution patterns implied by the mixed logit resembled those of a simple logit model.

Literature review. This paper contributes to the literature on discrete choice demand mod-
els by proposing a data-driven approach to estimate the nesting structure of the Nested Logit
(NL) model. Introduced by McFadden (1978), the NL model relaxes the IIA restriction of
the standard logit by allowing correlated unobserved utility within groups of alternatives.
It is best understood as an intermediate case between the standard logit and the Random
Coefficients (RC) model of Berry et al. (1995): it retains computational tractability while al-
lowing for within-group preference correlation, and can be interpreted as a particular RC
specification in which a random coefficient loads on group dummies (Cardell, 1997).! While
RC models offer greater flexibility, they require numerical integration and can face computa-
tional challenges in large-scale applications (Dubé et al., 2012; Knittel and Metaxoglou, 2014).
Grigolon and Verboven (2014) document this trade-off empirically using European car data,
finding that both the NL and RC models are rejected in favor of a hybrid RC-NL specifi-
cation, yet yield similar conclusions for merger simulations—and that RC models on con-
tinuous characteristics alone cannot fully capture discrete sources of market segmentation.
Thanks to their tractability, nested demand models have been widely applied in industrial
organization (Verboven, 1996; Parry and Small, 2005; Einav, 2007; Grennan, 2013; Ciliberto
and Williams, 2014; Berry et al., 2016; Bjornerstedt and Verboven, 2016; Allcott et al., 2024),
international trade (Goldberg, 1995; Broda and Weinstein, 2006; Verhoogen, 2008; Atkeson
and Burstein, 2008; Khandelwal, 2010; Fajgelbaum et al., 2011), urban and spatial economics
(Davis et al., 2019; Couture et al., 2024; Bordeu, 2024; Couture et al., 2025), and labor eco-
nomics (Azar et al., 2022; Grigsby, 2022). Crucially, however, all of these applications assume
the nesting structure is known and specified a priori. In many empirical contexts the appropri-
ate grouping of products is far from obvious. Our paper departs from this assumption by
treating the nesting structure as an object to be estimated from the data rather than being
imposed by the researcher.

This paper addresses this limitation by estimating the nesting structure from the data.
Along these lines, Hortacsu et al. (2023) is the closest paper to ours. They propose a method

that exploits non-negativity and sparsity constraints to estimate the nesting structure of an

! More generally, any discrete choice model can be approximated by an RC model (McFadden and Train, 2000).
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Inverse Generalized Nested Logit model (Fosgerau et al., 2024b) using aggregate data on
market shares, prices, and product characteristics. Their approach allows for overlapping
nests, which can generate flexible substitution patterns, but it is designed for settings with a
small number of products and an asymptotic sequence in the number of markets. In contrast,
we study a panel data setting with many products and focus on recovering non-overlapping
nests as the product space grows large. A related contribution is Kovach and Tserenjigmid
(2022), who provide a revealed-preference characterization of nested logit and show how
the nesting structure can be recovered from individual-level stochastic choice data. Our
paper instead focuses on estimating the nesting structure in empirical demand models using
market-level data, where researchers observe shares, prices, and product characteristics and
the number of products can be large.

Second, this paper contributes to the literature on grouped fixed-effect estimators (Hahn
and Moon, 2010; Bonhomme and Manresa, 2015). Specifically, we adapt the framework pro-
posed by Bonhomme and Manresa (2015) that allows for group-specific time patterns and
individual group membership in panel data settings. Grouped patterns of heterogeneity
arise naturally as a structural feature of the nested logit model, and we re-interpret the prob-
lem of finding unknown groups/nests as uncovering the structure of unobserved hetero-
geneity. We extend the theoretical analysis of Bonhomme and Manresa (2015) to encompass
the nested logit model, which has a non-standard feature in that group-level variables in the
regression are stochastic, although after normalization they converge to a well-defined limit
as the number of products grows.

The two-step approach, where in the first step the groups are recovered by k-means,
and in the second step the parameters of the utility are recovered mimics Bonhomme et al.
(2022). By contrast, the groups in this paper do not intend to approximate the underlying
heterogeneity but rather recover the nests. We provide conditions such that the groups and
their associated grouped fixed effects can be estimated consistently as the number of markets
and the number of products tend to infinity. Finally, we adapt the arguments in Choi and
Okui (2024) to be able to accommodate endogenous covariates which are prevalent in many

economic settings of industrial organization and trade.



2 The Data-Driven Nested-Logit Model

In this section, we begin by reviewing the nested logit model McFadden (1978), departing
from the original only by relaxing the assumption that nests are known. The following
subsection discusses empirical specifications of indirect utility — including models with
endogenous prices — commonly used in the literature.

We consider a model with J different products and M independent markets representing
different geographies or time periods.? Agent i in market m, receives utility from product j

given by:
Uijm:(sjm+6ijm jE{l,...,J},WE{l,...,M},

where §;,, is the average utility for choice j in market m and ¢, is an idiosyncratic taste
shock. The probability that agent i chooses product j is given by the probability that product

J maximizes its indirect utility:

Pim = P(Uijm > Uijrm Vi # )
P(3jm — Ojrm > €ijrm — €im Vi # 7).

We assume that (€;,,,)7-, is i.i.d. across i and m, and follows a nested-logit distribution.
That is, for a partition K = {k(j)}/_,, the taste shocks (i, ..., €;,) have the following cu-

mulative distribution function:?

where o* € (0, 1] captures differences in degree of substitutability across products among

the different nests. With this generalized extreme value (GEV) distribution, the probability

2 While we present our model with a balanced panel for simplicity, the method extends to unbalanced panels
in which products appear in different subsets of markets, as long as the number of product-market observa-
tions grows to infinity.

3 In Section 5.4, we extend our model to the case with multiple layers of sequential nests.



of choosing product j in group k(j) is given by:
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To understand substitution patterns, it is useful to present the expressions of price elastici-

ties:
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From the expressions above, it is easy to see that when o

— 0, products become more
elastic and there is more substitution within nests. By contrast, when o* = 1, we are back
to the standard logit model. It immediately follows that Sj,m > SJJ.',,M if with k(j) = k(j")
and k(j) # k(j”): products within the same nest are closer substitutes than products across

nests.*

J
j:l/

Empirical applications of the NL model assume that the nesting structure, {k(j) is
known to the researcher, yet this assumption is debatable. Nest misspecification biases pref-
erence estimates and attenuates o* through measurement error in conditional choice prob-
abilities (Fosgerau et al., 2019). In practice, the absence of prior knowledge about the pop-
ulation nesting structure often leads researchers to try different candidate groupings, many
of which yield structural parameters that violate utility maximization, with o* ¢ (0, 1] for
some k. Researchers therefore frequently search across alternative nesting structures until
they find a specification that delivers both plausible nests and admissible parameter esti-
mates. Importantly, to the best of our knowledge, there is no statistical justification for this

iterative search procedure. We depart from this approach by treating the nesting structure as

J

unknown and proposing an estimator that consistently recovers both the groups, {k(j)}/_,,

* For a full derivation of the substitution patterns see Appendix A.1.



and the structural preference parameters.

2.1 Empirical Model

We now proceed to describe the different components of our model.

2.1.1 Utility

We assume that average utility component ¢, is linear and given by

6jm = Bp logpjm + 6ijm + éjma (3)

where p;,,, denotes prices, x;,, is a vector of exogenous product characteristics that may

include higher-order terms and interactions, and ¢}, represents unobserved demand shocks.

2.1.2 Prices

We assume that x;,,, is orthogonal to ¢j,,, while allowing prices to be potentially correlated

with §;,,,. In such case, we assume the existence of an exogenous price shifter z;,,:
E[gjm|xjm7 ij] = 0.

However, imposing these moment conditions alone is not sufficient, since groups are also
unknown in our setting. See (Choi and Okui, 2024). We therefore proceed by projecting
prices on exogenous covariates and estimating the demand nesting structure jointly via
25LS.

We start by presenting the structural pricing equation, which takes the general form:

where m(-) is an unknown function that may be nonlinear in its arguments and 7;,, is an
unobserved price component potentially correlated with ;,,,.

We consider a linear projection of prices on exogenous covariates and grouping structure
k'

1ngjm = Vf/(j)lxjm + Vfl(j)/zjm + /{qli;(j) + Vim, (5)
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where v;,, is a projection error, orthogonal to x;,,, Z;,,, and /{f,;(j ) by construction.

The inclusion of £/(j) in (5) is motivated by two reasons.” First, failure to account for a
pricing grouping structure distinct from demand, k(j) # £'(j) for some j, has direct con-
sequences for the second stage: the residuals entering the demand classification step will
retain latent group-specific variation different from k(j), rendering the demand group esti-
mates inconsistent.

Second, pricing grouping structures arise naturally and are a feature of many standard
pricing models. For example, let’s consider Nash-Bertrand competition with single-product

tirms, where the first-order condition gives:

o)
log pjm = log mcjm + tjm, fjm = —log | 1 — : : ,
5p<1 — ok Py, — (1 — k) Pj|k(j),m)

(6)
where mc;j,, is marginal cost and 1, is the markup under nested logit demand. The markup
depends nonlinearly on the within-nest share P;;(;) .., and therefore inherits the nest struc-
ture k(j): products in the same nest face systematically different competitive conditions

than products in other nests. Moreover, under our asymptotic experiment when J — oo, the

k)
Bp

0. Beyond markups, marginal cost may also have its own heterogeneity, such as mc;,, =

markup /5, converges to a group-specific fixed effect K1) = log(1 —

) as Py, Pjirym —

me,c(j)! me,c(§)! me,c(j)

Ve Tjm + V2 Zjm + Km + wjm. In both cases, (6) inherits a grouping structure in

prices. The group-varying coefficients vi/(j ) and vf @
k9 in (5) are designed to absorb this structure. Importantly, £'(j) need not coincide with

and the group-market fixed effects

the demand-side grouping k(j): products may present heterogeneity differently on the sup-
ply side than on the demand side, and we treat the two as distinct unknown objects to be
estimated separately. For details of how other common pricing models map to equation (5),

see Appendix A.2.

> In models without a price grouping structure, one could instead estimate the price projection nonparametri-
cally in (2, Zjm ), which imposes no functional form on m(-).



2.1.3 Toward a regression equation.

Taking logs in equation (1) we obtain:

5'm M K i'm \ gt
longm:%qL( o) )log( eok<ﬂ))—log(2( Z e al) )

{ilk()=F} =1 {5'k()=l}
Ojm_ | \kG)
- O‘k(j) +)‘m ) (7)
where

. 6 m . gl

Moo= (gP0) — 1) 1og( — log Z Z Jl ) ) (8)
{JIk()=F} =1 {j'[k(G")=1}
Substituting the expression for d;,, in equation (7):

log Pjn, = 5}’;(3‘) 108 Pjm + BE9 Xjm + M) + Ejm, )
where V) = Ufg’j), k0 = e, and &, = f,i(?) Observe that 50 = (350 gF0)y in (9)

is common across all products in the same nest and market. Therefore, 5*) and AR are
group-specific slope and intercepts, where group membership k(j) is unknown. Equation

(9) is our main estimation equation for the estimation of the nesting structure.

2.2 Intuition on identification.

From the previous equation, the nesting structure implies that log choice probabilities ex-
hibit group-specific slopes, 20) and 357, as well as group-specific intercepts A9 These
coefficients are common across products within the same group but differ across groups.
For expositional purposes, assume there is no endogeneity in prices. Averaging across mar-
kets and using that the idiosyncratic component ¢;,, averages out as the number of markets

grows large yields the approximate relationship
log P; =~ g0z, 4 ﬁ;;(j)pj + A0, (10)

This expression implies that products belonging to the same nest share a common de-
mand curve. Consequently, the relationship between prices and log market shares can be

described by K linear relationships, one for each nest. When nests differ in their substi-

10



tution parameters o, the slopes (3%, ) differ across groups and the data align along lines
with different slopes. Even when slopes coincide, groups may still be separated through dif-
ferences in intercepts \*, as differences in prices and characteristics generates differences in
A*, which can be seen from equation (8).° Thus, we can leverage the differences in slopes and
intercepts across nests to identify a partition of products into nests. In our setting, clusters
correspond to demand curves, so the relevant objects are lines rather than points. Products
are assigned to the group whose demand curve best fits their observed relationship between
prices and market shares.

Figure 1 illustrates this idea for the case K = 2. Each point represents a product plotted
in the space defined by price p; and residualized log market shares log P;. The first panel
shows the cloud of observations without imposing any grouping structure. The second
panel shows a naive candidate partition of products into two groups obtained by splitting
the data according to the median price, which one might interpret as defining a high-price
nest and a low-price nest. When we partition the data in this way, we find a very small
R? after fitting two regression lines, indicating that this proposed nesting structure has lit-
tle explanatory power of demand given prices and characteristics. The final panel shows
the partition that minimizes within-sample error achieving an R?> = (.73 and overlays the

corresponding demand curves.

6 If 0¥ = ¢ and \¥, = AF for all m, we cannot separate products across different nests across different
demand curves. In this case, we would not be able to identify groups. However, this case corresponds to
a very particular data-generating process in which two groups contain observationally identical products
across all markets:

Vj el,3j € tsuchthat pjn, = pjim, Xjm = Xjrm Vm, forl, 0 =k, k'

Given that it is already extremely rare to observe two products with identical prices across markets, we
believe this case is empirically unlikely.
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Figure 1: Graphical representation of group identification
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Notes: Each point represents a product plotted in the space defined by price and residualized log market shares.
The top left first shows the raw cloud of observations. The top right panel shows a naive partition obtained
by splitting products at the median price, corresponding to a high-price and a low-price nest. The bottom left
panel corresponds to the best linear fit following from such price partition. The bottom right panel shows the
partition and linear fit that minimizes the objective function.

2.3 Model Discussion

We now discuss the assumptions and limitations of our model.
Our asymptotic analysis considers a sequence of nested logit models in which both the
number of products, J, and the number of markets, M, grow, but with a fixed number of

nests K.” The corresponding asymptotic experiment is described in Section 4.

7 Section 5.1 describes how K can be selected via cross-validation.
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First, A large product space is required because the A\, are random variables whose ap-
propriately rescaled limits are well defined only as J — oo, by the law of large numbers.
While one could instead hold J fixed, doing so would require restricting product character-
istics and instruments to have bounded support. We allow J to grow both to avoid such
restrictions and because recovering the nesting structure becomes intrinsically harder as J
increases as the number of admissible partitions grows exponentially in J. Large product
spaces are also empirically relevant, as large choice sets are increasingly common in modern
applications. In industrial organization, many canonical settings already feature J > 100:
Berry et al. (1995) consider roughly 150 automobile models, Pinkse and Slade (2004) work
with over 400 beer brands, Wollmann (2018) studies hundreds of commercial vehicle mod-
els, and Eizenberg (2014) examines a PC market with hundreds of hardware configurations.
Scanner-data applications routinely involve even larger product spaces, with hundreds of
products within narrowly defined categories across many markets (e.g., Bronnenberg et al.,
2012; Dubé et al., 2010; Griffith et al., 2018; Miravete et al., 2018; Hendel and Nevo, 2006),
and a growing methodological literature is explicitly designed for such high-dimensional
settings (e.g., Armstrong, 2016). Large choice sets also arise naturally in urban and spatial
economics, where products correspond to locations (e.g., Bayer et al., 2007; Ahlfeldt et al.,
2015; Diamond et al., 2019), and more broadly in trade and spatial equilibrium models,
where locations play a dual role as both products and markets (e.g., Eaton and Kortum,
2002; Allen and Arkolakis, 2022; Donaldson, 2018).

Second, large-M asymptotics are required because, in the presence of unobserved com-
ponents of ¢, that vary across products and markets, correct classification relies on idiosyn-
cratic noise averaging out at the product level as M — oc.

Third, no theoretical framework has yet established the consistency of clustering meth-
ods in nonlinear models, which restricts the model to utility ¢;,, that is linear in character-
istics. While this restriction prevents us from exploiting the full structure of the model in
the classification step, it is helpful for several reasons. Firstly, 2SLS pricing projections are
valid only when 0,,, is linear in parameters, as nonlinearities would introduce correlations
between the pricing projection residuals and the structural error that do not vanish in ex-

pectation.® Secondly, departing from linearity forfeits closed-form estimators, potentially

8 For instance, if §;,,, = exp(Bppjm + BxTjm) + £jm, Jensen’s inequality implies that E[exp(Bppim + Boim)Ejm)
does not converge to zero.
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increasing computational costs by orders of magnitude.

Finally, one might ask whether joint estimation of the model parameters and nesting
structure via GMM is feasible. The answer is no: Choi and Okui (2024) establish that no
GMM objective function can simultaneously identify both objects, since multiple combina-
tions of parameters and nesting structures can set the same moments to zero. Together, these
constraints confine us to the class of two-step clustering estimators. In the first step, we use
excluded shifters to construct a price projection orthogonal to unobservable demand shocks.
In the second step, we cluster on exogenous covariates and the price projection to recover

the nesting structure.

3 Estimation

Our estimation follows a two-step procedure. In the first step, we elicit the nesting structure.
In the second step, we recover the parameters conditional on the classification of the first

step. In what follows, we denote by 8 = (5',...,5%)and A = (\],..., \E).

3.1 First step: Classification

We use k-means to estimate the nesting structure. We consider two cases depending on the
pricing projection structure. The first case assumes that the group structure of the pricing
equation coincides with the GEV distribution of idiosyncratic taste shocks (k" = k) or that
the pricing equation has no underlying group structure (|supp(k’)| = 1). The second case
considers prices with non-trivial group structure that differs from that of the taste shocks
(Isupp(k’)| > 1 and k # k). The latter case, while more robust, is computationally more

demanding. In what follows, we describe both approaches.

3.1.1 Reduced-form Approach

When k = k' or supp(k’) = 1, that is when groupings in the demand equation and pricing
equation coincide, we can substitute the pricing equation (5) into the structural market share

equation (9) to obtain the following reduced-form equation:
IOg ij = 05(])2]7” + ei(j)X]’m + Oéf:n(j) + ija (11)
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where 9’;(1') = ﬁg(j)’)/f(j), 9’5(]’) = ﬁﬁ(j)vﬁ(j) + B:’;(j)’ a%i) = ﬁ;l;(j)/ifn(j) + )\ZE]’)/ and Vim = Ejm +
Bj;(j)vjm-

In such case, we propose the following clustering problem:

k(1),....k(J

(l%(l), . ,l;‘(J)) = argmin {mlnz Z log Py — 08Dz, — 0*)x; — okl )2} . (12)
7j=1 m=1

Note that this step is only useful to obtain a classification, we treat  as nuisance param-
eters. Utility parameters, such as § = (3,, 8;) and ¢ = (01, ..., 0k) will be recovered in the

second step.

3.1.2 Two-stage K-means Approach

When k& # k' and supp(k’) > 1, we follow Choi and Okui (2024) and consider a two-stage
strategy to obtain the classification. That is, we first construct a prediction of prices, using
demand shifters, to purge the endogenous part of prices, and then perform classification

based on a second stage equation. That is, we solve the following classification problem:

M
(l;;(l), . ,/%(J)) = argmm {mmz Z log Py, — ( )P]m B;f(j)xjm _ )\%j))z} (13)
UONE j=1 m=1
where pj,, = %]cg/(j)xjm + ’AYE/(j)ij + /%f;:(j) and

K/(1),...k (J)

J M
(/%’(1), o /%’(J)) = argmin {mmz Z Djm — Y Dxj +AF D 0 4 KFU ))2} (14)

7j=1 m=1

In Appendix C.1 we outline the algorithms to solve problems (12), (13), and (14).

3.2 Second Step: Structural Parameters

This second step conditions on the estimated classification from the first step and applies
the method from Berry (1994). It follows an instrumental variable strategy. More precisely,

using their inversion, log shares can be written as follows:
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108 Pjm — 108 Po.m = Bppjm + Batjm + (1 = ™) 10g Pk m + Ejims (15)

where k(j) € {1,..., K} indexes the group to which product j belongs to. The regressor
log P;ji(;) is unobserved, but when nests are known it is customary to construct it by com-
puting market shares normalized by the sum of market shares in each group. Because now

nests have been estimated in the first step, we construct this regressor as follows:

P.
logP i, = log <¢>
Jlk(), Zjefc(j) Pim
This regressor introduces a simultaneity problem in equation (15), as P,,, shows up in

both the left hand side and the right hand side of the equation. To overcome this endogene-

ity problem, we use an instrumental variable approach following Berry (1994). From the

exp(ﬁppjm+6zxjm+£jm)
j€k(4) exp(ﬁppjm""ﬁwxjm“rgjm) 4

structural expression of log Pjjx(j)m = 5= several natural instruments
arise such as number of products in nest k(j), average characteristics other products within
group k(j) (BLP-type instruments, Berry et al. (1995)), deviations in product characteris-
tics relative to product j within group k(j) (Gandhi-Houde-type instruments, Gandhi and
Houde (2019)), or the prediction of P;x(;)m just using exogenous characteristics (exogenous

projections):
exp(Tjm)
Zj’ek(j) eXp(xj’m)

Let’s denote the choice of our instrument by w;,,. Putting everything together, we can es-
timate equation (15) via two-stage least squares or via GMM using the following moment

conditions:
Jijm
E [ Zim | éjm(k')] =0.
Wim

where &, (k) = 10gP;m — 10gPom — Bolim + Bajm + (1 — ") log P i) m- We call 3 the

resulting estimator.
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4 Statistical Properties

This section informally describes how we establish consistency and asymptotic normality
of our estimator as J and M grow large. While our analysis is heavily based on the work
of Bonhomme and Manresa (2015) (BM15, henceforth), several aspects of this setup do not
make it a mere application of their results. In particular, P,,, goes to 0 as J grows large, and
at the same time Ai’) is random and might drift to —oo as the number of products grow,
hence making the nested logit model out of scope of the data generating processes (DGP)
considered by BM15. The details of the theory can be found in Appendix B.

The main result in the paper is the characterization of the asymptotic distribution of the
preference parameters estimator, /3, as being asymptotically equivalent to the one of an ora-
cle estimator in which the nesting structure is known. That is, our estimator will have the
same asymptotic distribution as the one in which the true structure of nests is known. As
a consequence, the computation of the standard errors in 3 will not have to be adjusted by
the classification. The main step in order to prove this result is to show that asymptotically,
as the number of products and the number of markets grows, the probability of misclassi-
fication of any product goes to 0 sufficiently fast.” We next provide an intuition and a brief

description of a few conditions that guarantee this result.

4.1 Consistent Classification

Let us start by rescaling our model by log J in order to work with fixed quantities, and not
shares that are going to 0. For simplicity, let us also assume that the coefficients oy, ..., 0x

are all the same, even though in our theory this is not necessary. We obtain:

log JPjm = 2,8+ A9 +log J +vjm, (16)
N’

g

? Tt goes to zero faster than any polynomial rate, hence the first order asymptotic approximation is not affected
by it.
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~ - ‘sjm
where MY = log (% {‘\k% N e o ). Provided regularity conditions, the law of large numbers
IR )=
would apply to M) and the following decomposition would be granted:

MD) = Cuiym + €xyms

where e;,,, = 0as J — oo for all k, since it is the difference between the log of the expectation

and the sample mean. The reduce-form equation could be written as:
log Jpjm = x;mﬁ + Qk(j)m + Vim + €k(j)m

where now there are two sources of error: v, and e (j)m

Assuming (3 is known, and assuming there are only two nests, we study the probability
of misclassification of one product into the wrong nest. Let us also assume that the two nest-
specific parameters are sufficiently separated. That is: 1 M (Cim — Gom)? > C, where C' >
0. Given the structure of the estimator, misclassification of a product can be characterized
as the probability that the product specific residuals when assigned to one group is smaller

than when the product is assigned to the other group:

M M
P (k:(j) = 2|k(j) = 1) = P (Z(log TP — 23 — N2 <N “(log JP,y, — 2,8 — Aj;“))?)
m=1

m=1

Now, this probability can be bounded by three terms:

M M

/

g

(1)

M
+ P (2 Z(glm - §2m)(€1m - 62m <

M
Z Clm C2m >
m=1 m=1

(. J/
-~~~

(2)

M 1 M
+P<Z 61m_62m <§Zglm CQm )

=1 =1

W —

J/

<

—
w
=
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If we are able to show that each of these terms is going to 0 we would have established
that misclassification goes to 0. Let us start with term (3): the left hand side of the inequality,

can be bounded by the maximum of ei( iym over all m and k(j) € {1,2}. This quantity goes

ym
to 0 as the number of products grows. Since % Zf\le(gm — (om)? is bounded away from 0,
(3) tends to 0 when J — oco. The argument for term (2) is similar to that of (3). Finally, term
(1) holds a more nuanced intuition: it requires that the covariance between the error term,
Vjm, and the grouping structure goes to 0. In particular, if the error term has limited cross-
sectional dependence, this implies absence of correlation with any grouping structure. This
sufficient condition justifies working with a price projection that ensures that the residual
is not only uncorrelated with the endogenous variable, but in addition has limited cross-
sectional dependence. Controlling for group heterogeneity in the price projection equation
makes this condition more plausible.

From here, we adapt the proofs of BM15 to establish consistent estimation of groups with
minor modifications to accommodate the uniform op(1) error terms. The details are given
in Appendix section B where we prove the essential asymptotic results in BM15 with this

change.

Theorem 4.1 (misclassification). Suppose that Assumptions 1, 2 and 3 hold (see Appendix section
B). Then, as J, M — oo and as log M /J — 0, and for any § > 0:

P(max |k(j) — k(j)| > 0) = o(1) 4+ o(JM ).

jeld]
where k is the group estimator described in 3.2.

This result states that products can be classified with high accuracy to their true groups,
even when the number of markets is much smaller than the number of products asymptoti-
cally. This justifies the use of estimated nests in the second-step estimator, and formally leads
to asymptotic equivalence between our estimator and an infeasible one where the nesting
structure is observed.

We then check that the market shares equations of the reduced-form and two-stage ap-
proaches satisfy the hypothesis of theorem 4.1, hence proving consistent classification of

both approaches.

Corollary 1 (Asymptotic Normality). Suppose the conditions of theorem 4.1 are satisfied, plus
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additional reqularity conditions stated in Assumption 3 of Bonhomme and Manresa (2015) . It holds
VIM (3— B) — N(0,Q),

where B is defined in the previous section with ) being the oracle asymptotic variance of the infeasible

estimator where the nesting structure is known.

5 Extensions

In this section, we show how to estimate the number of groups and present a model that
allows for price endogeneity in the form of product fixed effects when no exogenous price

shifters are available.

5.1 Estimating the Number of Groups

So far, the number of groups is assumed to be known and fixed. In this section, we present
how to estimate the number of groups. It is well known that choosing the optimal number of
groups in a clustering algorithm is a hard problem. We propose to use a cross validation cri-
terion on out-of-sample data. Concretely, we do cross-validation using the “Elbow Method”,
a widely used heuristic for choosing the right number of groups in clustering algorithms.
Other indexes and criterion, such as the Silhouette method, could be applied following a
similar logic, but the Elbow Method has the advantage of being computationally simple to
implement.

Our proposed algorithm is as follows. First, divide products P into N equal parts,

Py, ..., Pn. Second, iterate for all k € {1, ..., K'} the following procedure:
1. Foreveryn =1,..,N:

(a) Remove P, products and estimate grouping structure 5_,(k) and grouping pa-
rameters (5_,(k), A_,(k)) in the remaining P_,, products.
(b) Classify products j € P, using (8_,,(k), A\_,,(k)):

M

k*(j) = argmin » (logPj,, — logPoy, — 8%,z — Ak, )%
ke{l,...K} 7
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(c) Compute out-of-sample MSE given the previous classification:
| M
MSE, (k) = ——— 3" (log Py, —10g Pos — B, 1 — Ak, )%
2. Take average across N folds:
MSE(k) = — XN: MSE, (k).
N n=1

Finally, we select £* as the point at which the elbow occurs, defined by the following
criterion:

k= argmax { A2 MSE(k) or d(k, k=2, k=K)},
k

where A? M SFE(k) denotes the second difference (i.e., the reduction in slope) of MSFE(k),
and d(-) denotes the distance from point & to the line connecting the endpoints k¥ = 2 and
k = K. Intuitively, the elbow criterion identifies the number of clusters beyond which
adding further groups yields diminishing reductions in M SE(k), trading off fit against
model complexity in a manner analogous to information criteria such as AIC or BIC in max-
imum likelihood estimation. The Elbow method has two main advantages. First, because it
relies on out-of-sample fit, it reduces the risk of overfitting. Second, it is straightforward to
compute.

In general, this heuristic — or the addition of further selection criteria — may yield mul-
tiple candidates for £*. In such cases, we proceed as follows. First, we discard any candi-
date k for which the second-step estimation produces parameters inconsistent with utility
maximization, namely any estimate of o falling outside the interval (0, 1)." If multiple can-
didates remain after this pruning step, we select the largest £ among them. The rationale
is that overestimating the number of groups does not compromise asymptotic consistency,

whereas underestimating it does (Moon and Weidner, 2015).

107f no candidate survives this elimination step, we report the k* associated with the lowest p-value rejecting
the null hypothesis that all ¢ lie within (0, 1).
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5.2 Endogenous Product Fixed Effects

Assume that:

&m = M + Vim,

where E[vj,|pjm, €jm| = 0 but where there could be correlation between /; and pj,,,. In this

case, average utility is given by:
5jm - Bppjm + ﬂxxjm + Hj + Vim. (17)

We modify the estimation procedure outlined in Sections 3.1 and 3.2 by taking mean differ-
ences within products as this transformation differentiates out the time-invariant demand

shocks &; from 4,,:
| M
Vijm = Ojm — 77 mzlajm
= BpVDjm + BeVTjm + VVjm,

where
M M
VZjm = Tjpm — i ;xjm and  Vpj, = pjm — W ;pjm.

It is easy to see from the previous equation and under our assumptions that:

E[V.Z'jmvyjm] =0 and E[ijmVV]m] =0.

Finally define VAR = M) = M A9) . The classification algorithm is modified as
follows:
1. Let B, ..., BY be a starting group structure.
2. Compute:
J M Vp. ‘ N
(Bs, \s) = arg minz Z (V log P, — VlogPg,, — S G L V)x%”) )

(BA) =1 m=1 Vjm
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3. For §° , compute for all j € J:

M
k(j)*"! = argmin Z <V log Pj,,, — Vlog Py, —

ke{l,...K} -

ijm ﬁf _ VAI;’m)?,

Tim
to recover grouping structure B!,
4. Repeat until convergence of parameters.

Finally, the moment conditions of the second step are modified as follows:

Vﬂijm

VU}jm

E

5.3 Adding Consumer Heterogeneity

We can naturally extend our method to incorporate consumer heterogeneity. Let’s start
with the case where both consumer heterogeneity and individual choices are observable.
Let’s assume that consumer’s heterogeneity can be described or approximated by types,
w' € {w!, ...,w"} where [ indexes type. For example, a practitioner could consider multiple
income bins as a way to approximate the income distribution. In such case, let’s consider a

model of utility given by:
T = B'Tjm + &

Define:
1 g
ij - Pm(]’(’u =w )

Let’s first consider a general model where all consumers have a different nesting structures.

It follows:

1
log P;m —logP},, = 0 (6la:jm + §§m> + (o K () —1)log IVk
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Therefore, our objective function to estimate nests becomes:

J
e ﬁ,r)l; " ; log Pl — log Py, — 50, — A1) (18)
where 7; determines type’s [ weight in the objective function. It is worth noting that in this
general model because both the nesting structure as well as errors are type-specific, one
could solve the problem type by type and apply the algorithm outlined in Section 3.1 in
parallel across types.

It is straightforward to see that equation (18) also applies in the case where the practi-
tioner wants to impose the same nesting structure across consumer types. In such case, it is

only necessary to impose such common nesting structure when solving for equation (18).

5.4 Identification with Multiple Levels

In our previous discussion, we assumed just one level of nests. However, NL models can
have multiple upper levels of groups. In this section, we extend our discussion to a model
with two levels of nests. Generalizing to more levels is straightforward.

Assume we have upstream nests given by A, ..., Ay, and downstream nests given by
By, ...,Bg, where N < K. We denote by k(j) the downstream nest to which product j
belongs and by n(k) the upstream nest to which downstream nest % belongs. In this case,

choice probabilities can be written as:

Pim = Pjik(),mPr()in(k),mPnk),m
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with conditional probabilities given by:

6jm

e ok
Pjlkm = i
k
jeBy € °
6jk o'k
(ZjeBk €o >
Pk|n,m — Sim  k
( “)°
ZkeAn ZjeBk €
S LN o™
Jm .\ o
k
(Znea, (Ses e )7
Pn,m S5

im

) >k (ZkeAn (ZjeBk 6"k>ak)on

Taking logs and under the assumption that §y,, = 0 with the outside option being a

singleton nest, it follows:

Oim
P, — 1Py, = 22 4 (0" — 1) In IVA + (0" — 1) In IV},
g

with inclusive values defined as

IVn’i: Ze%

JEBK
‘sjﬂ ok
v = E (g et ).
k€A, jEBy

Assume that 6;,, = 2, and define g* = 5, A

—In I'V,,,. Substituting,

=(cF—1)InIVFE A2 = (0" = 1) In IV, a=

k
m

P, — InPg, = 852 + N5+ il

Observe that we cannot directly estimate all A\¥, and p”, in the previous model because of
co-linearity. Therefore, we impose the restriction MM — 0 for some k € A, say k(n). In such

case, our model becomes:
InPj,, — InPo, = Bz, + N+ i)

where

ff = N+
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and
0 for k = k(n) € A,

AE M for k€ Ap,k # k(n).
We modify our classification algorithm of Section 3.1 as follows:

1. Let BY,..., B, A}, ..., Al be a starting group structure.

2. For every n = 1,..., N, pick some k(n) such that B, C A, and set M) — 0 for all
m=1,.,M.

3. Compute:

J M ' o R
(Bss Asy pis) =arg minz Z (log Pim —1ogPoy, — W, — AU ,&"m(])>

BA j=1 m=1

subject to \*™ =0 VYn=1,.,N,Vm=1,.., M.

4. For (Bs, As, its), construct 6% = \* + 47, and compute for all j € J:

M
k<j)s+1 = arg min Z <10g ij - log POm - 5§pjm - ﬁixjm - efn>

ke{l 7777 K} m=1

2
)

with n(j)* = n(k(j)*™) to recover grouping structure B°** and A**.

5. Repeat until convergence of parameters.

5.5 Typell EV error: Nested CES Demand

Under nested CES, a representative consumer maximizes a two-level CES utility function

over products j € {1,...,J} organized into nests By, ..., Bk:

k0 \ o/ (0=1)

K ok—1 o0
Un= [ (Z (Ajm cjm)(”k‘”/“k> :

k=1 \jEBy

where ¢;,,, is consumption of product j, A;,, is a quality shifter, o* > 1 is the within-nest elas-

ticity of substitution, and o, > 1 is the across-nest elasticity. An equivalent microfoundation
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arises from a random utility model where idiosyncratic shocks are drawn from a nested
Fréchet (Type I EV) distribution with within-nest shape parameter ¢*) — 1 and across-nest
shape parameter 0° — 1, directly paralleling the nested logit derivation where shocks follow

a GEV distribution. Standard expenditure minimization gives the market share:

‘ 1—oh() (1-0°)/(1-a*0))
P (Djm Ay )= (ZdEBk(]-)<pdm/Adm) ) N
jm = 5 _ _
ZdEBkU) (pdm/Adm)l leil (ZdEBl (pdm/Adm)l_o—l)(l )/ (1 )
—0 (4) :
= (pjm/Ajm)' =" AR, (20)

where A¥Y) collects all nest- and market-level terms. Taking logs and setting log Aj,, =

5zxjm + gjm:

10g Pjm = (09 — 1)8, 2jm — (09 — 1) log pjm + MO 4 €5, (21)
N e’ N——
6';(.7’) —ﬂ,’.f(j)

which exactly maps to the first-step equation of our baseline model.

6 Monte Carlo

In this section, we assess the performance of our estimator using a Monte Carlo exercise.
Across our different Monte Carlo simulations, we vary the number of products .J and the
number of markets M, while fixing the rest of the fundamentals. In what follows, we de-

scribe our data generating process for fixed J, M, and K.

6.1 Data Generating Process for Panel Data

First, we fix the number of groups K = 3 and classify products using uniform draws k(j) ~
U{1, ..., K}, requiring that each group has at least twenty percent of products.’ We fix the
vector of 0 = (0, ..., %) to certain values in the interval [0, 1] and order them in ascending

order. In our main Monte Carlo exercise, we fix 0 = (0.2, 0.3, 0.6) unless otherwise specified.

'We need at least two products per group. The reason is that we need within market-group variance in
product characteristics to identify the group-specific parameters.
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The average utility 9,,, is given by:

5jm = 5ppjm + Bxxjm + 5jm7

where, 8, = —1,3, = 1, =, are exogenous characteristics and p,,, are prices that can be
correlated with unobservable demand shocks ¢;,,,. Concretely, we assume that prices are
given by pj,, = mcjm + p - £jm, where mc;,, is orthogonal to &;,,.'> We set p = 0.3.

To construct product characteristics, first we draw the mean of characteristics mc and z
as follows:

A 0 1 03
o {03 1

across groups k.

Next, for a given vector of means (u”, ¥ ), we draw the vector of characteristics as fol-

lows:
T jm pk 1 03 0
MCjp | ~ N( pko1,103 1 0 ),
Eim 0 0 0 1

across j and m.
Once we have generated d,,,, for all j and m and in combination with the vector (¢, ..., o%),

we proceed to construct inclusive values according to the following expressions:

Ve = (3 e ).

de By

Finally, leveraging the closed-form solution of choice probabilities in NL models, we con-

struct choices probabilities using equation (1).

6.2 Estimation

Our estimation proceeds in two steps. In the first step, we take data generated as described

above in the form of

{(log Pjm, —10g Posm, Djms Tjms Zim) }im.

12Monte Carlo simulations under Nash-Bertrand pricing yield very similar results. We nevertheless focus on
this specification because price endogeneity persists as J grows large.
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and classify products into K groups according to the algorithm described in Section 3.1.
The output of this classification step is a partition of products into K groups B = { B, }i,,

as well as estimated parameters:

(Bk,pv Bk:,:v) and ;\k,m Vka m,
which are non-linear functions of the structural parameters. Given B, in the second step we
mostly follow Berry (1994). First, we construct the following conditional choice probabilities:

5 Pjm

Piliym = p
T Z]EBk P]vm
We then estimate the following linear equation:
10g P — 108 Pom = Bupjm + Buttjm + (0° — 1) log Isj\k(j),m + &im-

As mentioned earlier log P;ji(j). is endogenous because it is also function of the unobserv-
able component ¢ ,, by construction. To overcome this problem, we instrument log I5j| k(j)m

using the projection of log P;(;),» on exogenous characteristics as an instrument:

exp(Tjm)
W;m = log ( )
’ Zj’ek(j) exp(rm)

6.2.1 Results

In this section we present our Monte Carlo results for various cases. We vary the number
of products to be equal to J = 100, 500, 1000 to assess the performance of our estimator in
markets of different size. We also set the number of markets equal to M/ = 10, 50, 100 to asses
the properties of our estimator in short and large panels. We set the number of random initial
conditions I = 1000. The results of these Monte Carlo simulations can be found in Table 1.
First, we observe that with as few as ten markets, the match rate between the estimated
groups and the true groups is no less than 99%. Second, when J and M grow the precision
of the estimates increases as expected. Also, conditional on some J, increasing the number
of markets M leads to higher match rates. However, this is not always the case for fixed

M and higher J. The reason is that by increasing J two forces are at play that go in oppo-
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Table 1: Monte Carlo Results

Bp 56 Ul 0_2 03

J] M Runtime Matched True -1 1 0.2 0.3 0.6
100 10 00:02 0.996 | Mean 3 | -0.992 0.991 0.189 0.297 0.602
Std 5| 0.032 0.033 0.034 0.024 0.007

100 50 00:25 1.0 | Mean 3 | -1.001  0.998 0.2 0.3 0.6
Std g 0.01 0.011 0.001 0.002 0.003
100 100 01:07 1.0 | Mean /3 -1.0 1.0 0.2 0.3 0.6

Std g | 0.006 0.007 0.001 0.001 0.003
500 10 00:06 0.995 | Mean 3 -1.0 0998 0.199 0.298 0.6
Stdg | 0.015 0.02 0.006 0.016 0.003

500 50 07:14 1.0 | Mean /3 -1.0  0.999 0.2 0.3 0.6
Std g | 0.004 0.004 0.0 0.001 0.001

500 100 29:24 1.0 | Mean /3 -1.0  0.999 0.2 0.3 0.6
Std g | 0.003 0.003 0.0 0.0 0.001

1000 10 00:12 1.0 | Mean /3 -1.0 0999 0.199 0.3 0.6
Std g | 0.007 0.007 0.003 0.001 0.002

1000 50 44:57 1.0 | Mean /3 -1.0 1.0 0.2 0.3 0.6
Std g | 0.002 0.003 0.0 0.0 0.001

1000 100  2:11:14 1.0 | Mean /3 -1.0  0.999 0.2 0.3 0.6

Std g | 0.002 0.002 0.0 0.0 0.001

Notes: This table shows average Monte Carlo results when over 50 bootstrap samples. Column 1 reports the
number of products J € {100, 500, 1000}. Column 2 reports the number of market M € {10, 50, 100}. Column
3 reports the average running time in seconds for one bootstrap sample in a 32-core machine with 16GB of
RAM per core. Column 4 reports the average percentage of products that are correctly matched with their
true group. The rest of the columns report the average estimates and and their standard deviations for the
structural parameters.
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site directions: On the one hand, as J increases the estimated nesting structure is closer to
the true nesting structure and thus will exhibit lower mis-classification rate. On the other
hand, increasing the number of products also mechanically increases the probability of mis-
classification. Overall, we take these results as evidence that our estimation procedure can

correctly recover the groups when the market share data is generated using a NL model.

6.2.2 Estimating the Number of Groups

In this section, we show using Monte Carlo simulations how to estimate the number of
groups. Our data generating process in this case also follows Section 6.1. The true number
of groups is K = 3, the total number of products J = 500, and the total number of markets is
M = 10. We do cross-validation exercise described in Section 5.1 on ten folds on data. That
is, we train the model in 90% of the data and leaving out 10% of the observations for out
of sample testing. The results are presented in Figure 2. We clearly observe very marginal
improvements in the predictive power of the model when K > 3 as the SSR function be-
comes almost flat after K = 4. Therefore, our cross-validation procedure suggests that the
optimal number of groups should be K* = 3, which corresponds to the population number
of groups with which the data was generated. We take these results as suggestive evidence

that our cross-validation procedure can recover the underlying number of groups.

Figure 2: Average cross-validation results across bootstrap samples

600

400

—— Match rate, train

Match rate, test
SSR, test

Match rate, %

200
Sum of Squared Residuals

T T

1 2 3 4 5 6
Number of groups

Notes: The figures above show the out-of-sample sum of squared errors on 10% of the data across different
number of groups. Parameters are set to be ] = 500, M = 10, with true number of groups K = 3. The data
generating process follows the procedure described in Section 6.1.
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7 Empirical application: Demand for Beer in the US

In this section, we describe how to apply our estimator to the US beer market.

7.1 Data Description

For our main application, we use NielsenlQ) store panel data for 2022. This dataset captures
purchases from all selling points covered by NielsenlQ scanner data, including supercenters
and supermarkets. Each entry records the purchase of a single retail product, including its
unit price, the number of units sold, and a store identifier. We define products as Universal
Product Codes (UPCs), which combine a retail product with its packaging type.”> We focus
on the beer category, which contains 24,188 unique UPCs. NielsenlQ also provides auxiliary
datasets with information on volume size per unit (e.g., whether the product contains 330-ml
or 500-ml units), package configuration (e.g., 6-pack cans or 4-pack bottles), beer type (e.g.,
ale or stout), packaging type (e.g., bottle, can, box), brand, and whether the beer is imported
or domestic.

We consider 48 markets, defined as the continental US states. To aggregate sales within
a state, we sum all units sold across selling points within that state. We construct a market-
specific UPC price by taking a weighted average, where weights are the number of UPCs
sold within each store.!* Finally, because our method relies on longitudinal observations,
we retain only products sold in at least ten markets, leaving a total of 2806 unique UPCs.'
These remaining 11.6% of UPCs cover most of the sales volume, ranging from 61.5% to 99%
of total units sold within a state. We combine the sales of all these infrequent UPCs into the
outside option. Our final dataset is an unbalanced panel of 64497 observations.'® Given its
unbalanced nature, we adapt our algorithm to allow for the entry and exit of products across

markets.

13 For example, a single 330-ml can of a particular beer has a different UPC than a 6-pack of 330-ml cans of the
same beer.

4 Before state-level aggregation, we drop sales with prices below the 1st or above the 99th percentiles to re-
move price outliers and potential data entry errors. After state aggregation, we also drop products whose
descriptions contain "MALTA GOYA” because these are misclassified as alcoholic beer. We also drop 23
products with missing data on their characteristics.

15>Many UPCs are sold in very few locations. For example, 11,904 UPCs are sold in only one state and 3,923
UPCs are sold in only two states.

16Only 136 UPCs are sold across all 48 states. After applying our filter, the average UPC is sold in 23.32 states,
implying an unbalanced panel with approximately 50% of markets missing per product on average.
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Table 2 reports summary statistics for our main dataset. These statistics are weighted by
sales volume. Even when aggregated at the national level, we observe substantial variation

in prices and liquid content.

Table 2: Summary statistics

Panel A: Full Sample Summary Statistics

Variable Mean Std. Dev. 10th pct Median 90th pct
Price () 10.618 6.758 2.596 10.298 20.308
Unit quantity (units) 8.838 8.229 1.000 6.000 24.000
Price per ml ($) 0.004 0.001 0.002 0.004 0.005
Unit size (ml) 535.627 450.385 354.882 354.882 739.338
Market share 0.859% 1.152% 0.061% 0.498% 1.967%
Panel B: Median Characteristics of the top ten national brands

Brand Market share Unit price/ml Unit price Unit quantity Unit size
Bud Light 12.53% 0.003 8.63 6.00 473.18
Miller 7.81% 0.003 12.47 12.00 354.88
Modelo 7.63% 0.005 10.23 6.00 354.88
Coors 7.11% 0.003 12.62 12.00 354.88
Bud 6.73% 0.003 3.22 1.00 739.34
Michelob 5.96% 0.004 15.20 12.00 354.88
Corona 4.59% 0.004 16.52 12.00 354.88
Busch 4.43% 0.002 10.87 12.00 354.88
Natural 3.63% 0.002 6.49 6.00 473.18
New Belgium 1.98% 0.005 10.28 1.00 567.81

Notes: Panel A summarizes key statistics of product characteristics across beers, weighting each product by
its sales volume. Panel B reports the median characteristics of the top ten national brands in 2022.

7.2 Demand Model and Estimation

In our baseline demand specification, we include only three continuous product charac-
teristics—log unit size, log units per UPC, and log prices—and no categorical variables.
This setup can be viewed as a conservative benchmark for assessing the performance of our
method in uncovering the nesting structure. In Section 7.3, we report a robustness exercise
that incorporates categorical variables describing beer type in the estimation of the grouping
structure.

We also include market fixed effects to capture demand shocks common to all products

within a market (e.g., temperature), as well as market-level variation in the attractiveness
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of the outside option, since it is not uniformly defined by the same set of products across

markets. The resulting mean utility is:
Ojm = Am + Bslog s; + Bulogn; + Blog p,. + &m.

where s; is unit size, n; is the number of units per UPC, and p; is price.
Given that the utility levels are not identified (Train, 2009), we normalize the utility of

the outside option j = 0 to zero, namely:
dom = O0forallm=1,..., M.

For simplicity, we also assume that the outside option constitutes its own nest for all m =
1,..., M following many empirical IO applications. Given this assumption, we will classify
only on inside goods during our classification step.

To address potential endogeneity of prices due to correlation with §;,,, we construct
Gandhi-Houde instruments (Gandhi and Houde, 2019). Specifically, we compute the av-

erage squared differences in log unit size and log units relative to competing brands:

gh = Ji > (logs;—logs,)* and gh’ = Ji > (logn, —logn,)*,
™ 1 ¢Brand(j,m) "™ j'¢Brand (j,m)
where J,, is the number of products in market m, and Brand(j, m) is the set of products in
market m that belong to j's brand.

Although product characteristics are constant across markets, the set of available prod-
ucts varies. Thus, spatial variation in the assortment of products provides cross-market
variation in these instruments. The relevance condition relies on the relationship between
product differences and prices: products that are more vertically differentiated in their char-
acteristics from their competitors face weaker competitive pressure and therefore result in
higher equilibrium prices. The exclusion restriction requires that product characteristics of
competitors, log s, and log n , with j' ¢ Brand(j, m) are not a function of unobservable de-
mand shocks ¢;,,,. This condition would hold, for example, if demand shocks are realized
after product entry and design decisions are made. By contrast, it would fail if firms adjust

product characteristics in response to competitors” demand shocks.
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We begin by estimating the first stage. With three product characteristics and 48 market
fixed effects, estimating a model with k groups requires (3 + 48) - k parameters. Given the
large parameter space, it is important to use many starting values. In general, we set the
number of initial conditions to k - (M + P) - 50, where M is the number of markets and P is

the number of covariates.!”

7.2.1 First-Step Results

As part of the first stage, we begin by determining the number of groups. To do so, we follow
the cross-validation procedure described in Section 5.1 and run the classification algorithm
for k = 1,...,10. The results, shown in Figure 3, indicate that improvements in predictive
performance are negligible for k& > 5.

Applying the Elbow method yields two candidate values, k = 3 and k = 4. Both spec-
ifications produce within-nest independence parameters, o*, that are consistent with utility
maximization. In this case, we select the largest admissible number of groups as picking
more groups does not compromise asymptotic consistency (Moon and Weidner, 2015). Ac-

cordingly, our preferred specification sets k* = 4.

Figure 3: Sum of squared residuals across different number of groups
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Notes: The figure above shows the sum of squared residuals across different specifications with k = 2,3,...,8.
The results are estimated using Gandhi-Houde instruments. The optimal £* is the one with the largest distance
to the uniform line.

Next, we proceed to described the average product characteristics conditional on every

nest for k* = 4. Results can be seen in Table 3. Overall, we find four differentiated groups

17 For our baseline classification and K = 2,...,5, results become rather stable after 2,000 initial conditions.
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in terms of median characteristics. Group 1 seems to correspond to cheaper average regular
beer (e.g. lager). Group 2 on the other hand, represents a group of light beers with top ten
brands representing 75.5% of all their UPCs, significantly above the rest of the other groups.
Groups 3 and 4 contain more ales, less light beers, and less as well top-ten brands compared
to the other groups. While they look similar, we can see that group 4 is more expensive, both

in terms of unit price as well as price per ml.

Table 3: Characteristics of beer across groups

Characteristics Unconditional Conditional values by group
values 1 2 3 4
Unit size (ml) 354.882 473.176 354.882 354.882  354.882
Unit quantity 6.000 6.000 6.000 6.000 6.000
Unit price 10.209 9.857  10.156  12.367 10.509
Price per ml 0.004 0.003 0.004 0.004 0.005
Share of domestic 0.794 0.820 0.773 0.830 0.861
Share of ale 0.158 0.225 0.098 0.291 0.377
Share of regular beer 0.442 0.469 0.430 0.442 0.326
Share of stout and porter 0.015 0.019 0.011 0.018 0.046
Share of light beer 0.369 0.266 0.446 0.238 0.239
Share of other types 0.016 0.022 0.015 0.010 0.012
Share top-ten brands 0.624 0.460 0.755 0.382 0.334
# of products 2806 659 242 1102 803
Label Regular Light Special/ Boutique
Lager Beer Craft Craft

Notes: Rows 1-4 report median values of unit size, unit quantity, unit price, and price per ml, presented both
unconditionally and conditional on group membership. Rows 5-11 report unconditional and conditional
mean shares. Groups are estimated using Gandhi-Houde instruments.

Since classification is performed at the UPC level, individual brands may span multiple
groups. To obtain a unique group assignment for each brand, we assign it to the group with
the highest likelihood. Figure 4 displays the resulting brand classification, where the size of
each logo reflects the brand’s relative volume within its assigned group. Group 2 is clearly
populated by mainstream light beers, including Bud Light, Michelob Ultra, Coors Light, and
Miller Lite. Group 1, by contrast, contains many of the non-light counterparts of those same
brands. Group 3 is more heterogeneous, combining some international lagers like Tecate

with less mainstream offerings such as Founders. Group 4 consists predominantly of craft
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beers from local and boutique breweries. Based on the average product characteristics and
the most prominent brands within each group, we label Group 1 as Regular Lager, Group 2
as Light Beer, Group 3 as Special/Craft, and Group 4 as Boutique Craft.

As an additional validation exercise, we compute the relative popularity of each group
across U.S. counties with respect to the national average. Despite the classification incor-
porating no spatial information, Figures 5 and 6 reveal a geographic patterns that exhibit a
strong spatial autocorrelation in the popularity of these groups: Light Beer is disproportion-
ately popular in the Southern states, while Boutique Craft is concentrated in the Northeast,

Oregon, and Washington State.

7.2.2 Out-of-sample Validation: Bud Light Boycott

We validate the substitution patterns implied by our estimated nesting structure using the
2023 Bud Light boycott as an exogenous demand shock. In April 2023, a social media pro-
motion of Bud Light featuring Dylan Mulvaney, a transgender actress and influencer, trig-
gered a widespread backlash and calls for a boycott. The episode received extensive media
coverage and had measurable effects on Bud Light sales, providing a plausibly exogenous
negative demand shock to a single product, namely Bud Light.

If our first-step classification captures substitution patterns reasonably well, we should
see more substitution toward products that share a group with Bud Light—Light Beer—
than toward products in other nests following the boycott. To test this prediction, we aug-
ment our state-product panel with data from 2023 and estimate the following difference-in-

differences specification:

K

10g Pyt = Fijm + 1+ > g H{bygy = k} 1{t = 2023} + s, (22)

k=1

where k;,, are product-by-market fixed effects, 7, is a year fixed effect, and the interaction
terms capture differential changes in log market shares across nests between 2022 and 2023.
The inclusion of product fixed effects «;,, is important: identification comes entirely from
temporal variation within product and market, which was not used in the first-step classifi-
cation of nests, effectively making this an out-of-sample validation of the estimated nesting

structure.
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Figure 6: Most popular group relative to national average

- Regular lager

- Light beer

- Special / craft

Boutique craft

No data

Notes: This map displays the most popular group relative to the national trend in terms of market share of

units sales at the county level.

Table 4: Dift-in-Diff results of Bud Light boycott

Dependent Variable: Log Share

First stage DiD Placebo
@ @ ®) (4)

t=2023 -0.364™*  (0.005) -0.408*** (0.005) -0.449** (0.007) -0.362***  (0.010)
Treatment (Budlight) -0.157**  (0.027)
Treatment same group 0.422**  (0.015)
Regular beer x t=2023 0.173**  (0.013)
Light beer x t=2023 0.463**  (0.016)
Non-lager/craft x t=2023 -0.001 (0.012)
Boutique craft x t=2023 0.018 (0.017)
Placebo Regular beer x t=2023 -0.006 (0.015)
Placebo Light beer x t=2023 -0.011 (0.015)
Placebo Non-lager/craft x t=2023 0.003 (0.014)
Placebo Boutique craft x t=2023 0.001 (0.014)
Observations 219728 214353 172778 172778
UPC-Market FE YES YES YES YES
Exclude Bud Light No YES YES YES
Baseline group Non-Budlight Other groups Outside option Outside option

Notes: *** p<0.01, ** p<0.05, * p<0.1

This table reports difference-in-differences estimates of the effect of the April 2023 Bud Light boycott on log
market shares, defined as the log of the ratio of units sold for a given UPC in a state to total units sold in
that state. Column (1) includes all products and estimates the average effect on Bud Light relative to all other
products. Columns (2)—(4) exclude Bud Light from the sample. Column (2) defines treatment as all products
in the Light Beer group (excluding Bud Light) and control as products in all remaining groups; the baseline
group is other data-driven groups. Column (3) estimates group-specific effects relative to the outside option.
Column (4) reports a placebo test in which products are randomly assigned to five groups. All specifications
include UPC-by-market fixed effects. Heteroskedasticity-robust standard errors in parentheses.
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Table 4 reports the results. The first specification shows that the share of Bud Light fell
significantly in 2023 relative to other beers, confirming that the boycott had a statistically
significant effect. The second specification sets treated products as those who are in the
Light Beer group other than Bud Light and control products as those in other groups as
well as in the outside option, showing a positive and significant increase in the sales of
the treated products relative to control groups. The third specification estimates a differ-
ent treatment effects for every group, where the control group is defined as those prod-
ucts in the outside options. The coefficient on Light Beer is large and statistically significant
(Gright = 0.463), indicating that products in the same nest as Bud Light experienced a signif-
icant increase in market share following the boycott. By contrast, the coefficients for Regular
Lager (Gregutar = 0.173), Special/Craft (Gspecia = —0.001), and Boutique Craft (Gpoutique = 0.018)
are substantially smaller. These results are consistent with the substitution patterns pre-
dicted by the nested logit model: following a negative shock to Bud Light, consumers substi-
tuted primarily toward other products in the Light Beer group rather than toward products
in other nests. Finally, the last specification reports a placebo test using randomly drawn

groups that confirms that our results are not driven by anything systematic in the data.
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7.2.3 Second-Step Results

Table 5: Estimation Results for Nested Logit with £* = 4

OLS v
log unit size 0.070 (0.006)**  0.339 (0.025)***
log upc quantity 0.080 (0.005)***  0.441 (0.026)***
log price -0.054 (0.006)*** -0.416 (0.033)***
Oregular /lager 0.142 (0.001)**  0.523 (0.014)***
Olight beer 0.343 (0.002)**  0.807 (0.016)***
Ospecial eraft -0.015 (0.001)***  0.336 (0.013)***
Oboutique craft -0.320 (0.001)***  0.042 (0.015)***

Mean Own-price Elasticity
Mean Cross-price Elasticity

1.351 (0.003)
-0.003 (0.008)

-3.561 (0.013)
0.011 (0.033)

Market Fixed Effects v v

1A% Type GH units GH, size
Number of Products 2806

Number of Observations 64497

Notes: This table reports second-step estimates of the nested logit demand model with £* = 4 groups recovered
in the first step. The dependent variable is the log ratio of a product’s market share to the outside option share.
The OLS column estimates equation (15) without instrumenting for price or the within-group share. The IV
column instruments for log price using Gandhi-Houde instruments—the average squared difference in log
unit size and log unit quantity relative to competing brands—and for the log within-group share using the
exogenous share projection described in Section 3.2. o}, denotes the within-nest correlation parameter for group
k, where o, € (0,1) is consistent with utility maximization. Mean own-price and cross-price elasticities are
computed by averaging across products and markets, weighted by national sales volume; standard deviations
of the elasticity distribution across products are reported in parentheses. All specifications include market
fixed effects. Standard errors in parentheses. * * xp < 0.01,* * p < 0.05, *p < 0.1.

We now show the estimation results of preference parameters using £* = 4 as the number of

nests. We estimate preference parameters by estimating the second-stage equation:
logPjm —10gPom = A + Bilog s; + fjlog q; + Bplog p,,, + (1 — o) log Pjik()m + Ejm-

To estimate o* we need to instrument log P ().» because those are mechanically correlated

with &;,,. We construct the following instruments:

exp(log s;)
Zjek(j’m) exp(log sj)

exp(log n;)

and ,
Ejek(j,m) exp(log nj)
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where k(j,m) denotes the products in group k(j) that are also present in market m. Re-
sults can be seen in Table 5. As expected, OLS yields an upward-biased price coefficient of
-0.054 and some negative within-nest correlations, implying a positive average own-price
elasticity. With Gandhi-Houde instruments, the price coefficient increases in magnitude to
-0.416, roughly an order of magnitude larger. Notably, the estimates of within-nest corre-
lations all take values that are consistent with utility maximization as they all lie between
zero and one. These estimation results were obtained without imposing any constraints on
o%’s. For example, we also find that Light Beer has the largest 6* equal to 0.807 and that
Boutique Craft has the lowest sigma equal to 0.042. These results imply that for Light Beer
independent idiosyncratic shocks dominate choices relatively more than for Boutique Craft,
where shocks are nearly identical and choices are mostly determined by differences in 9;y,.
Consequently, Light Beer is the most inelastic group and with the lowest within-group substi-
tution as opposed to Boutigue Craft the most elastic group and with the largest within-group
substitution.

Next, we move on to analyze price elasticities. Because we have many products that are
not available in all markets, we construct average elasticities by taking averages across mar-
kets. When doing so, we obtain an average own-price elasticity of -3.561, similar to previous
estimates in the literature studying demand for beer (Pinkse and Slade, 2004; Slade, 2004;
Romeo, 2016; Miller and Weinberg, 2017). The average cross-price elasticity is 0.011 with
standard deviation 0.033. The full graph of price elasticities can be seen in Figure 8a, where
we have ordered products first by group and then by UPC identifier. Following the interpre-
tation on ¢*, we see a lot of within-group substitution for Boutique Craft, in contrast to Light

Beer that behaves close to a simple Logit model with proportional substitution patterns.
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Figure 7: Price elasticity matrices of Data-Driven NL
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Notes: The figures above display the price elasticity matrices estimated using the nested logit specification
and the BLP procedure. Diagonal cells each matrix denote products” own-price elasticities, whereas the off-

diagonal cells denote cross-price elasticities. Concretely, the value in row ¢, column j denotes g{gg;? .
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7.3 Robustness

In this section, we present a battery of robustness checks.

7.3.1 Hausman instruments

We also estimate the first step using Hausman instruments for prices (Hausman, 1996):

hj,, = le_ 7 Z log pjm:,
m'#m
where N; denotes the number of markets in which product j is sold. Relevance relies on
cost shocks that are common across markets, such as input costs. The exclusion restriction
requires that ¢;,,, be uncorrelated with prices in other markets conditional on covariates.
This condition holds if demand shocks are independent across markets but may fail if, for
example, marketing campaigns are targeted at specific regions.

Results are reported in Appendix C.2.1. The estimated nesting structure is broadly simi-
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lar to the baseline: we again recover four groups as the optimal specification, and the condi-
tional group characteristics closely resemble those in the baseline in terms of median product
attributes. The structural parameter estimates remain consistent with utility maximization,
although we fail to reject that one of the nesting parameters is statistically indistinguishable
from one. The implied own-price elasticity is somewhat smaller at -1.612, falling slightly
outside the range of —6.3 to —2.4 typically reported in the literature. Overall, while both
instrument sets produce qualitatively similar groupings, we adopt the Gandhi-Houde spec-
ification as our baseline given the stronger empirical support for that model and the more

credible exclusion restriction in this setting.

7.3.2 Results with three and five groups

When changing the number of groups, we find a somewhat hierarchical structure in the
grouping and we increase the number of groups. For example, when £* = 3, we find that
our baseline Regular Lager and Special/Craft merge into one group. Overall, we label these
three groups as “Light Beer”, “Regular Lager”, and “Craft Beer” groups. On the other hand,
when k* = 5, we obtain similar groups as when k* = 4, but the “Regular Beer” groups splits
into two. In terms of the structural parameters, we still find o estimates that are consistent
with utility maximization, however in both cases we cannot reject the null that they are

outside the interval (0, 1). For further details see Appendix C.2.2.

7.3.3 Classification with additional categorical variables

We perform a robustness exercise in which we augment the baseline specification with cat-
egorical variables describing beer type provided by NielsenIQ. We consider five categories:
Light Beer, Regular/Lager, Stout and Porter, Ale, and Others.'®

Including these categorical variables, the cross-validation procedure selects k* = 3 groups,
one fewer than in the baseline. As shown in Table A7, the three groups correspond roughly
to Reqular Lager, Light Beer, and Craft beer. Second-step estimates are reported in Table A8
and are consistent with utility maximization, yielding an average own-price elasticity of

—2.343, somewhat more inelastic than the baseline but within the range of estimates in the

8 The original data contains nine categories. We consolidate four smaller categories into Others and combine
two categories of regular lager into one for simplicity. Results are similar using the nine disaggregated
categories.
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literature.

That fewer groups emerge when categorical variables are included is intuitive. When
beer type categories are excluded from the classification step, the group-by-market fixed
effects An?) must absorb not only the unobserved nest-specific demand shifters for which
they are designed, but also the systematic variation in demand attributable to beer type.
The classifier responds by forming additional groups, each with its own set of market fixed

effects, until the residual variation is sufficiently small.

7.3.4 K-means Classification in Product Characteristics

A common approach in practice is to classify products using k-means clustering on observed
characteristics, without exploiting variation in demand across markets. We apply k-means to
the same characteristics used in our baseline. The cross-validation procedure again selects
k* = 4 groups. Average product characteristics by group are reported in Table A9 and
second-step estimates in Table A10.

While the number of groups coincides with our baseline, the groups are less heteroge-
neous both in conditional product characteristics and in implied substitution patterns. This
reflects a fundamental distinction between the two approaches: k-means groups products
by proximity in characteristics space, whereas our method classifies products by how con-
sumers substitute among them across markets as implied by the structure of a nested-logit
model. The two need not coincide, and the second-step estimates show that exploiting mar-
ket share variation recovers a nesting structure that delivers more heterogeneous substitu-
tion patterns. Moreover, there is no statistical justification for clustering solely on product
characteristics to guarantee the recovery of the population grouping structure. This will
occurs only when the k-means solution coincides with the solution to problem (12). A nec-
essary condition is that the characteristics used in the clustering procedure fully determine
the substitution patterns across products. In particular, two conditions must hold. First,

substitution patterns must be functions of product characteristics:
( 31567 Sa)‘fn) :g(xj)7 or Uk(j) :h(l‘])

Second, choice cannot be driven by unobserved attributes such as brand reputation or mar-

keting campaigns, that is, {;,, = 0. We view these conditions as rather strong in many
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empirical settings.

7.4 Comparison to other demand models
7.4.1 “Naive” Nested Logit

As a benchmark, we estimate a standard nested logit model using the ex-ante product classi-
fication provided by NielsenlQ. Specifically, we impose that products are grouped according
to beer type, yielding nests such as regular/lager, light beer, ale, stout/porter, and a residual
category for other types. This approach mirrors common empirical practice, in which re-
searchers select a plausible partition based on observable product categories and estimate
the model conditional on that grouping. We refer to this specification as the “naive” nested
logit.

Following this naive approach, we find that the naive nested logit performs worse than
the data-driven nested logit along several dimensions. First, when we implement the Bud
Light boycott validation exercise, the naive specification predicts substantially less substi-
tution toward the group to which Bud Light belongs (labeled light beer) compared to the
substitution toward the data-driven light beer group using our out-of-sample exercise that
leverages the Bud Light boycott. Concretely, under the data-driven nested logit, products
in the same group as Bud Light experience a large and statistically significant increase in
demand following the boycott. The coefficient on Treatment same group x t = 2023 is 0.422,
indicating substantial substitution toward products within the same estimated nest. By con-
trast, the naive nested logit produces much weaker substitution patterns. The coefficient on
Naive light beer x t = 2023 is only 0.13, substantially smaller than the data-driven estimate.

This difference is confirmed in the direct comparison column. In this specification, we
construct three treatment subgroups: products that belong only to the Light Beer group
identified by the data-driven classification, products that belong only to the Light Beer group
detfined by NielsenlQ), and products that belong to both groups. We find that the substitution
captured by the Naive Light Beer group is entirely driven by products that also belong to
the data-driven Light Beer group. By contrast, products that belong only to the Naive Light
Beer group do not experience any statistically significant demand response following the
boycott.

These results indicate that the substitution patterns implied by the data-driven nesting
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structure more closely match the observed demand responses following the boycott. One
possible explanation is that NielsenlQ classifies products as Light Beer based on low caloric
content, which may arise either because the beer is truly light or because it is sold in smaller
containers. As a result, the NielsenlQ) classification may group together products that are

not close substitutes from a demand perspective.

Table 6: Diff-in-Diff results of Bud Light boycott with Naive Nested Logit

Dependent Variable: Log Share

Data-driven NL Naive NL Interaction
t=2023 -0.408=* (0.005) -0.449*  (0.007) -0.329**  (0.006) -0.449*  (0.007) -0.381***  (0.007)
Treatment same group 0.422**  (0.015)

Regular beer x t=2023 0.173**  (0.013)

Light beer x t=2023 0.463***  (0.016)

Non-lager/craft x t=2023 -0.001 (0.012)

Boutique craft x t=2023 0.018 (0.017)

Naive light beer x t=2023 0.130**  (0.018)  0.250**  (0.018)

Naive ale x t=2023 0.028** (0.012)

Naive other x t=2023 0.009 (0.041)

Naive lager x t=2023 0.249**  (0.012)

Naive stout x t=2023 -0.041* (0.023)

DD Light only 0.385**  (0.018)
Naive Light only 0.033 (0.022)
DD and Naive Light 0422 (0.027)
Observations 214353 172778 214353 172778 214353
UPC-Market FE YES YES YES YES YES

Exclude Bud Light YES YES YES YES YES

Baseline group Other groups Outside option Outside option Outside option Outside option

Notes: *** p<0.01, ** p<0.05, * p<0.1

Each column reports OLS estimates from a difference-in-differences specification with log market share as the
dependent variable, comparing 2022 to 2023 after the Bud Light boycott. Bud Light products are excluded
from all columns. Columns (1)—(2) use the data-driven nesting structure (k* = 4); Columns (3)-(4) use a naive
nesting structure based on beer type (light beer, ale, lager, stout/porter, other). In Column (1), the treatment
indicator equals one for products in Bud Light’s data-driven group (light beer) interacted with ¢ = 2023;
the baseline comprises all other groups. In Column (2), group-specific post-boycott effects are estimated
relative to the outside option. Columns (3) and (4) replicate this design using naive beer-type groups. Column
(5) interacts data-driven and naive light-beer indicators to decompose substitution into products classified
as light beer by only the data-driven method, only the naive method, or both. All specifications include
UPC-by-market (state) fixed effects. Robust (HC1) standard errors are reported in parentheses.

Second, when examining the structural parameter estimates, we find that one group
yields a negative 6%, which lies outside the range consistent with utility maximization. This
provides empirical evidence that the nesting structure implied by the naive specification is

rejected by the data.
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Table 7: Estimation Results for Naive Nested Logit

OLS v

log unit size 0.054 (0.005)***  0.686 (0.041)***
log upc quantity 0.059 (0.004)***  0.694 (0.042)***
log price -0.039 (0.005)***  -0.753 (0.050)***
Oale -0.029 (0.001)***  0.239 (0.012)***
Olight beer 0.087 (0.001)***  0.348 (0.010)***
Oother -0.356 (0.002)*** -0.098 (0.015)***
Oregular/lager 0.080 (0.001)***  0.322 (0.010)***
Ostout/porter -0.296 (0.001)***  0.040 (0.017)**

Mean Own-price Elasticity 0.360 (0.003) -3.752 (0.104)

Mean Cross-price Elasticity ~ -0.001 (0.003) 0.007 (0.111)
Market Fixed Effects v v

I\Y% Type GH units s GH size
Number of Products 2806
Number of Observations 64497

Note: The table reports OLS and IV estimates of a nested logit demand model where products are grouped by
beer type (regular beer/lager, light beer, ale, stout/porter, and other), yielding ¥ = 5 nests. The dependent
variable is log P;,, — logPg,,. Regressors include log unit size (ml), log UPC quantity, log price, and five
group-specific nesting parameters (¢,). The IV specification instruments for log price using Gandhi-Houde
differentiation IVs and for the within-group log share using the exogenous share projection. Market fixed
effects are included. Mean own-price and cross-price elasticities are computed from the IV estimates and
weighted by national unit sales. ***p < 0.01,"* p < 0.05," p < 0.1.

7.4.2 Mixed Logit

In this section, we estimate a mixed logit model using PyBLP (Conlon and Gortmaker, 2020).
Concretely, we specify that the utility of an individual ¢ from purchasing product j in market

m is given by
Uijm = Ojm + Mijm + €ijm, (23)

where ¢;;,,, follows the Type I extreme distribution. The common component of utility is
given by
Ojm = Am + Bplog p,,, + Bslog s, + Bilog q; + &jm, (24)

and the individual-specific component /;;,, is given by
fijm = (opv;) log p,,., (25)
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where 0, governs the variance of the idiosyncratic component. v; ~ N (0, 1) follows a stan-
dard normal distribution. We estimate the parameters {3,0,} by solving the following
GMM problem:"

gii;n g (67 0p>/ Wg (Ba Up) ;g (ﬁ7 Up) = %Z (Zj/'mfjm</6a Up)) (26)

7 m
where 8 = [3,, 05, 5,] and Z;,, denote instruments. Specifically, we use the Gandhi-Houde
instruments to make results as comparable as possible.’ W is a weighting matrix whose
initial values are set by the 2SLS estimate and then updated using a two-step optimal GMM

weights.”! The estimation results are reported in Table 8.

Table 8: Mixed Logit estimates

Panel A: Linear Coefficients B

log price -3.775*** (0.090)
log unit size 3.077*** (0.062)
log unit quantity 3.222*** (0.062)
Panel B: Non-linear Coefficient op

log price 0.002*** (0.0003)
Own-price elasticity -4.683 (2.863)
Cross-price elasticity 0.002 (0.005)
Market Fixed Effects v

IV Type Gandhi-Houde
Number of Products 2806
Number of Observations 64497

Notes: Panel A displays the estimates of 3 in equation (26). Panel B displays the esti-
mates of o,,. Robust standard errors in parentheses.

With these coefficients, the average price elasticity is -4.683 with a standard deviation of
2.863 in the average market. For cross-price elasticities, we find an average value of 0.002
with standard deviation of 0.005. Despite being a less general model, for this particular ap-

plication, we find that the data-driven NL model delivers more heterogeneity in substitution

91n practice, we use the s1sqgp optimization routine with box contraints in PyBLP.

20We also estimate the previous model using optimal instruments as suggested by Conlon and Gortmaker
(2020). However, using the same optimization routine and same initial value as in our baseline specification,
we obtain an estimate for the variance coefficient that converges to zero.

21Gee Conlon and Gortmaker (2020) for details.
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patterns across products with450% more variation in cross-price elasticities.

Figure 8: Price elasticity matrices
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We can also compare the full matrix of price elasticities for both models, as depicted in
Figure 8. In the figure, products are ordered first by group and then by UPC identifier, and
elasticities are averaged across markets. The left panel plots the estimated elasticities from
the data-driven nested logit model, while the right panel reports elasticities from the mixed
logit model.

The data-driven nested logit displays substantial variation in substitution patterns with
a clear block-diagonal structure, reflecting stronger substitution within nests than across
nests. By contrast, the mixed logit produces elasticity patterns that closely resemble those of
a simple logit model, with relatively little variation across products.

One possible explanation is that the market shares of many products are extremely small
and exhibit limited variation across markets, which makes it difficult to identify substantial
heterogeneity in price sensitivities. As a result, 1 — P;,,(p’) is close to one for most products,
implying that the elasticity expression—which involves an integral over the distribution of
random coefficients in the mixed logit—is well approximated by the simple logit formula.

Overall, we conclude that despite being in theory a somewhat restrictive model, the data-

driven nested logit model is able to empirically capture very heterogeneous substitution
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patterns when applied to this particular setting.

8 Conclusion and Future Work

We develop a method to jointly estimate utility parameters and the nesting structure in
nested logit models when the grouping of products is unknown. Exploiting the restrictions
imposed by the nested logit model, we provide consistency results in settings with endoge-
nous prices. We then propose a two-step estimation strategy. In the first step, we recover the
grouping structure using a clustering procedure applied to model-implied demand curves.
In the second step, we estimate preference parameters conditional on the estimated groups
as if they were known. Under appropriate regularity conditions, we show that this proce-
dure delivers an estimator that is asymptotically equivalent to the case in which the true
nesting structure is known.

We illustrate our approach by estimating demand in the U.S. beer market, where the rel-
evant product groups are not known ex ante. Our method identifies four distinct groups.
Imposing the estimated grouping structure, we estimate an average own-price elasticity of
-3.561and within-group parameters ranging between 0.042 and 0.807, values that are con-
sistent with utility maximization without imposing any additional constraints. The large
dispersion in within-group correlations suggests substantial heterogeneity in substitution
patterns across products. We also compare the data-driven nested logit with a naive nested
logit and a mixed logit model with random coefficients. In this empirical setting, the data-
driven nested logit outperforms both alternatives, both in an out-of-sample validation exer-
cise and in its ability to capture richer heterogeneity in substitution patterns.

Several directions for future research remain. First, researchers may wish to apply the
clustering procedure using alternative moments that arise from non-linear estimation prob-
lems, such as non-linear least squares. Developing the corresponding theoretical results
for non-linear models is therefore an important next step. Second, in some applications
researchers wish to combine a nesting structure with a mixed logit specification but lack
prior information about the relevant nests.”> Although the theory for such non-linear set-
tings has not yet been developed, it may still be possible to apply our approach using the
linear approximation to mixed logit proposed by Salanié and Wolak (2022). Understanding

22Gee, for example, Conlon and Rao (2023).
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the conditions under which this approximation delivers consistent estimates of the nesting
structure is an important avenue for future work. More broadly, incorporating consumer
heterogeneity by combining BLP-type demand estimation with our clustering procedure
represents a promising direction for extending the framework.

Finally, while we focus on an application in industrial organization, our approach may
prove useful in other contexts where the relevant grouping structure is not directly ob-
servable. Examples include defining labor markets using worker mobility data, identifying
neighborhoods in residential choice models, or studying product segmentation in interna-
tional trade following Broda and Weinstein (2006). Even when data are available only in
cross-section, the bilateral nature of trade flows may allow researchers to construct the panel

variation needed to apply our method.
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A  Appendix

A1 Substitution patterns and elasticity of demand

For simplicity, let’s assume that §,,,, = alogpj,, + 5log X, + Ejm-

Own-price elasticities are given by:

. 0% : ]

For cross-price elasticites, recall that if product ¢ € By # B
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Therefore, price elasticities are given by
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A.2 Approximation of Pricing Models by Linear Pricing Projections
A.2.1 Primitives

We index products by j and markets by m. Below we describe the baseline primitives of
demand, supply, and marginal costs.

First, demand is a function of a nesting structure defined by the demand partition k(j).
This partition governs substitution patterns under the nested logit or nested CES demand
systems. Second, for simplicity, we assume that marginal costs are a linear function of ob-
served product characteristics x;,, and exogenous price shifters z;,, (Berry, 1994; Berry et al.,
1995; Nevo, 2001):%

me,c(j)

_ mec,c(7)! me,c(j
Mejm = 7 () ()

"Xim + Y Zim + KOV 4+ Wi, (28)
where ¢(j) denotes a partition of products along cost structures and w,,,, are unobservable
cost shocks.

me,c(

Products in the same cost group share the coefficient vectors ~;" D) and 47U, 50 that

the pass-through of observed characteristics and input prices into marginal cost is homoge-

mc,c(j

neous within the group but may differ across groups. The fixed effect xn, U) absorbs cost
determinants common to all products in the same group within a market, such as segment-
specific local input prices or group-level productivity shocks. The residual w;,, captures un-
observed cost heterogeneity at the product level, which we assume to be mean-independent
of the other components.
The goal of this appendix is to show how certain common pricing models map or can be
approximated by the following empirical pricing projections:
pjm = Vfl(j)lxjm + 7fl(j)/zjm + liﬁ;(j) + Ujma (29)
and to spell out the assumptions required in each case. Here k'(j) is the pricing partition: the

group structure under which products share common coefficient vectors ~, ‘0 and 4¥'Y) and

2 This marginal cost function implies constant returns to scale because it is not a function of quantities. It is
straightforward to depart from linearity or make marginal costs a function of quantities Q:

mcjm = (bc(j)(xjm) Zim Qjma ij)v (27)
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a group-by-market fixed effect ko9,

We will start with the case of Nash-Bertrand in single-product firms but will generalize
our results to other common competition models and a general ownership structure. For
each model we derive k/(j) as a function of the primitive partitions k(j) and c(j), and of the
ownership structure f(j) when firms are multiproduct. When two partitions P and () are

both relevant, we write P N () for their common refinement: the partition under which two

products share the same group if and only if they share the same group under both P and
Q.
A.2.2 Nash-Bertrand with Single-Product Firms

Under Bertrand—Nash competition with single-product firms, the first-order condition gives:

Dim = Mg, (30)

Under nested logit with nest-specific o*\7) € (0, 1], from (2) and utility expression (3), we can

see that:

Br

ok)

R
&l =

+O,(J7Y), (31)

where the remainder vanishes as the number of products J grows large and individual
shares become small. We can see that the main component of the elasticity, % is nest-
specific and decreasing in o*\/). Substituting into prices:
o+0) X
log pjm = log mcj,, — log(1 — 5_> + O,(log J 7).
p
As oF0) — 0, products within the nest become more differentiated from each other, con-

sumers become more elastic, competition intensifies, prices converge to marginal costs, and

markups go to zero.”* When o*U) = 1, the nesting structure is irrelevant. Substituting (28)

2We can equivalently derive a similar expression from prices in levels. From first order conditions, it follows:

own own __ ij

Djm = MCjm + Wim, Hijm = m (32)

In the limit, 59" = %
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and (31) into (30):

ShG)
108 Pjm = YoXjm + YoZjm + K — log (1 ~ 3 ) + Wjm +0,(log J71), (33)
~ P 4 Vim

k' (5
Kfm( )

which is (5) with pricing partition £'(j) = k(j) and coefficient vectors equal to their cost
counterparts. The nest-specific price component that is absorbed into the group-by-market

fixed effect xi?, leaving the slope coefficients unaffected.

A.2.3 Extensions

Extension to multiproduct firms. Starting from the Nash-Bertrand first-order condition
for a multi-product firm f in market m,
ij aF)lm / apjm
Djm = MCjm + 75— = > fm A5 (34)
where F;,, is the portfolio of firm f in market m and p;m, = pjm — MCjm.
Let Dy, = 1 — (1 — *O)Pjjujym — 0¥ 9P;,,, where k(j) denotes the nest of product j,
Pjik(),m is the within-nest share, and Py;),, is the nest-level share. The own-price deriva-
tive gives Pj,,/(OP}n/0pjm) = 0¥ /(B,Djm). Using Pjn, = Pjir(j)mPr(j).m, the cross-to-own

derivative ratios are

1 — b0 4 kO,
_( ’ )+U B, 'le lEk(])? l%]a
ale/apjm _ Pr(i)m Dim

OP. /0D k()
i/ 0P " b ¢ k().

Substituting into (34), the pricing equation becomes

1 , 1 — o*9)) 4 g*OP, .
O-k(J) + ( d ) 7 it Z Him le + O'k(j) Z Him le

BpDjm Pr(j)m LEF pmnk()) IEF 1 \k(5)
7 (35)
35
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Since (tj, = pjm — MCjnm, equation (35) defines the linear fixed point
Hm = b,, + Amﬂma (36)

where b, has entries b;,,, = okl / (BpDjm) and A, has entries

. , .
: 'le le;fmmk(j%l#]a
Bp Dijm Pr(j)m
(4)
Ay=q 2 p L€ Fpm \ k(j
Bp Djm lm S fm\ (])7
0 otherwise.

\

Asymptotic expansion. Assume (I — A,,)"! is finite and that its limit as J — oo exists. The

solution to (36) is then given by the Neumann expansion
= —A,) 'by, =b,, +A,b, + AZb,, + -

As J — o0, Pj,, — 0 and Pjjym — 0,80 Dj,, = 14+ O(J1). This gives bj,, = c¥9)/3, +
O(J7'), and every entry A;; = O(J7'), so AF = O(J7%) for each k > 1. The expansion

therefore truncates at first order:

W = by, + Ab, +O(J72).
Substituting bj,, = o*9/8, + O(J7!) and A,, = A,, + O(J~2), where A,, is obtained by
setting D, = 1:

kG gk k() _
T AT+ O = = (14 Ay) + O,
B, B,

Hm =

where A, denotes the row sum of A,,. Recognizing that the full geometric series (I —
A, '=1+A,+A%+ - sumsto1/(1—A4,,) under symmetry, we obtain p,,, = fi,,+O(J 1)
where fi = (6¥9)/3,)/(1 — A,,). The row sum of A,, is

(1 _ o) 4 okOp, KG)
Am - ( ? )P ’ £, Z le + 0-/8 Z le7
By Pr(i)m LE€F pmnk()) P e Frm\k()
%
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Substituting Pyj).m, — 1/K} under balanced nests and splitting the first term:

KU — o) o)
A = K=o A

Bo L1EF Nk (j) Bp 1€Ffm
I#5 I#j
Assume the firm’s total market share converges to a fixed limit, } ;. Fpd £ Pim — Stm- If the
tirm’s products are assigned to nests independently and uniformly, then by a law of large

numbers each nest receives a share 1/ K}, of the firm’s products, so

A Ky
le]:fmﬂk(])
I#j
Substituting: - A )
i o K ) S g S
ﬂp K, Bp ﬂp 7

where 0*() cancels out. The limiting markup is therefore

Result. Since every entry of A,, is O(J'), we have A% = O(J?) and the Neumann ex-

pansion truncates at first order:
= I+ A, +0(J?))b,, =b,, + A,b,, + O(J ).

We now substitute the limits of b, and A,,,. First, b;,, = " /8, + O(J~!). Second, assume
nests grow proportionally so that Py, — 1/K; with K;;/K;y = O(1) for all £, %', and
that the ownership structure follows a fixed partition so that ), F ()i Pim = O, and

Zle]—'fm\k(j) Pim — (:)?j,f Then (A,,b,,); converges to

By B

so that y;,,, = 0" /B, (1 + A) + O(J~2). Summing the full geometric series gives the exact
constant:

- B - ok) B
Pjm = Mcjm + i+ O(J 1), = ﬁu (37)
m/ Pp
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K (1—c*()) 4ok ok()
Bp Bp

monopoly (0, = 1/K;, ©%4 = (K, — 1)/K}) gives i = ) /(8, — 1); any intermediate

where A =

@;’}% + 2= ©%4. Competition (O, = O = 0) gives i1 = o*) /f3,;

ownership yields a markup strictly between the two.

Bertrand-Nash Competition with Nested CES. Under nested CES with nest-specific within-
group substitution elasticity 0*) > 1 and across-nest elasticity oy > 1, the own-price elas-

ticity of product j is:
eim = 0 (1= Pjiigj)m) + 00 Pk (1= Pagym). (38)
Note that when J grows large, we can write:
Ejm = 0" 1 O0,(J7), 39)

which implies:
Eim k) B
o1 1 )

Defining \y.(;) = %9 /(o*) — 1), it follows:
= Me(j) MCjm + Op(J ). (40)
Substituting (28) into (40):

_ >\k mc c(4) 1 Xjm + )\k mc ,c(9) lg im + >\k mcc +)\k ) Wim —|—Op<J71)’ (41)
E/—/ %/_/ A,_/

M—/
S ) S ) ) Vim
which is (5) with pricing partition ¥'(j) = k( ) c(4), coefficient vectors % V) = k(i) Yo &)

me,c(j) o )\k; mc C(j).

and ¥V = = () V2 , and fixed effect x5

A.2.4 Other pricing models

Perfect Competition. Under perfect competition every firm is a price taker and equilib-
rium requires p;,, = mc;,. There is no strategic markup, so the demand partition %(j)

plays no role. Substituting (28) directly into the pricing condition gives (5) with pricing
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partition ¥'(j) = c(j), coefficient vectors & V) = 4D and 4¥'0) = 470 fixed effect
kB0 — gmecld) and residual Vjm = Wim.

Monopolistic Competition. Under monopolistic competition, each firm has market power
over its differentiated product but is small relative to the market. Under nested logit, the

nest-level inclusive value is defined as:

A€ By ()
and under nested CES the nest-level price index is:

1/(1—ck@))

—ok0)
Pk:(j),m = Z (pdm/Adm)l ’

dEBk(j)

Under monopolistic competition, firm f takes IV (resp. Py(;),m») as given when maximiz-
ing profits (p;, — mc;m)P;m, ignoring the effect of its own price on the aggregate nest-level

term. This yields the pricing condition:
Pjm = —3r&—7 MCjm, (42)

where e}/¢ = — (0P /0pjm)™C (pjm/Pjm) is the own-price elasticity computed holding the
nest-level term fixed. Under nested logit, holding IV};) . fixed means the within-nest share
Pjik(j),m responds to p;, but the nest-level share Py;) ., does not, giving:

Mc _ QPjm k(j
Ejm = g (L0 DPjm).

Under nested CES, holding P ) fixed eliminates the cross-nest substitution term, giving:

Ejm = 0" (1= Pjim)-

jm

In both cases, as J — oo the elasticity converges to the same nest-specific limit as under
Bertrand-Nash: ¢/ — ap;,,/c*) under nested logit and ¢}/¢ — o*U) under nested CES.

The pricing equations therefore map to the same (5) as (33) and (41), with pricing parti-

65



tion £'(j) = k(j) N ¢(y) and identical coefficient vectors and fixed effects. The difference
between monopolistic competition and Bertrand—Nash arises only at order O(J!): under
Bertrand—Nash the firm internalizes the effect of p;,,, on the nest-level term, whereas under

monopolistic competition it does not.

Perfect Collusion and Partial Cartels. Under full collusion, a single decision maker max-
imizes joint industry profits. The FOC is identical to (6) with the firm-specific portfolio F¥,,
replaced by the entire product set. In the large-market limit, all portfolio corrections vanish
by the same argument as in the extension with multiproduct firms, and the pricing equation
takes the same form as under Bertrand competition.

Under partial collusion, a subset of firms forms a cartel C and jointly maximizes cartel
profits. The cartel portfolio replaces the firm portfolio in the FOC. In the large-market limit

the portfolio corrections vanish as before, and the pricing partition is again &'(j) = k(j)Nec(j).

Conduct Parameter Model. Bresnahan’s conduct parameter model parametrizes the de-
gree of market power by a scalar § € [0, 1], interpolating between perfect competition (f = 0)
and full collusion (# = 1):
Dim = M + 6 Iu;nTZnopoly +(1-0) M;z@mpetitive.

Under the large-market limit, the monopoly and competitive markups converge to their
respective nest-specific limiting values. For nested logit, the limiting markup is 07i;5}°

(1 = 6)jt,;)", a nest-specific additive constant that depends on # and o*"/). For nested CES,
the markup factor is A% + (1 —0) \,77F, a nest-specific multiplicative scalar. If § is common
across all products, the pricing partition remains £'(j) = k(j) N c(j). If different groups are
assigned different conduct parameters §"Y) under the menu approach of Bresnahan (1987),

the conduct partition /(j) enters and the pricing partition becomes £'(j) = k(j) Ne(j) NA(F).

Cournot Competition. Under Cournot competition, firms choose quantities rather than
prices. For a single-product firm owning product j, the first-order condition equates marginal

revenue to marginal cost:



which rearranges to the Lerner condition:

pjm - mcjm o ij

; (43)
pjm € jm
where ¢;,,, > 0 is the own-price elasticity of demand. Solving for price:
Ejm
Pim = ——=— MCjpm. (44)

under both nested logit (where ¢, remains bounded away from zero for ¢*V) € (0, 1]) and

nested CES (where ¢;,, — 0% > 1). Therefore:

Pjm = mcjm + Op(J 7). (45)
Substituting (28) into (45):
Pim =V R + AT B+ K7+ W + O, (7, (46)
~~

which is (5) with pricing partition £'(j) = c(j), exactly as under perfect competition.

Equivalence with perfect competition in large markets. Equation (46) establishes a key
result: in the large-J limit, Cournot competition is observationally equivalent to perfect com-
petition. The Cournot markup is proportional to P;,,, which vanishes as J — oo, whereas
under Bertrand competition with nested logit or nested CES demand, markups converge to

a strictly positive nest-specific constant ;) or scaling factor A;).

Cost-Plus Pricing and Regulated Prices. Under cost-plus pricing, a firm sets price as a

fixed markup over marginal cost:
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where /¥ > 0 is a group-specific markup rate. Substituting (28):

Djm = \(1 + Mk/(j)) V;nC,C(j)l’ij + £1 + Mk/(j)) ,7;”070(j) ’ij _|_\(1 + ,U/k/(j)) /{TTZC,C(J') + (1 + ,uk/(j)) wjnza

J/ / (.

~ ~ N v~

. . ’es )
75’(]) 75’(]) Hfﬁ(” Vjm

(47)
which is (5) with pricing partition £'(j) N ¢(j). The demand partition £(j) plays no role since
the markup does not depend on demand primitives. As under nested CES, the markup
scales the entire cost structure, generating the testable restriction that the ratio of any pricing
coefficient to its cost counterpart equals (1 + z*'()) within each group.

When prices are set by a regulator as a function of observed costs, the pricing rule takes
the form pj,, = ¢* 9 (X, Zjm ) +wjm, where ¢ 9 () is a group-specific regulatory formula. If
¢*'U) is approximated by a polynomial in (X, z;m), this maps directly to (5) with vj,, = wjnm,
and pricing partition £'(j) determined by which products face the same regulatory formula.

As under perfect competition, the demand partition k() plays no role.
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B Appendix for Statistical Theory of Estimator

B.1 Assumptions on the nested-logit model

B.1.1 Notation and definitions

-----

For a random vector X, || X ||» := (E|X|P)!/?. We abuse notation slightly and use m € M to
meanm € {1,...,M},and use k € K/ tomean x € {1,..., K}/, etc. K is fixed throughout.

Definition 1. (Subgaussian norm.) The subgaussian norm of a scalar random variable X is
defined as
| X |y, := inf{K > 0: Eexp(X?/K?) < 2}.

The subgaussian norm of a random vector X is defined as

HXsz = Sup ” XTu “11)2'
[[ull2=1
X is said to be subgaussian if ||.X||,, < oco.
If || X ||y, < K, then P(|X| > u) < 2exp(—cu?/K?) for any u > 0 where ¢ > 0 is a universal

constant.

Definition 2. (Subexponential norm.) Thesubexponential norm of a scalar random variable
X is defined as
| Xy, :=inf{K > 0: Eexp(|X|/K) < 2}.

B.1.2 Assumptions on the data generating process

Consider the following assumptions on the nested logit model

Assumption 1. Assume that
(1). (k; : j € N) is a deterministic sequence with support {1,..., K} and Z}]=1 1k =k}/J —
w, € (0,1) foreach r € K.
(i0). (v, 2,§) := (xj,25,& : j € N)isiid across j, and p := ((pj s)jes : J € N) is a row-wise iid
triangular array satisfying
(a) E[§;] = 0,E[z;&] = 0, and E[2;¢;] = 0.
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- o .y o T T
(b) var 7 is positive definite, where 7; := (x;, 2} ).
(c) (x],2],&,pjs)" is a subgaussian random vector for each .J, and has subgaussian norm

uniformly bounded over J € N.

(1ii). Market shares P := ((P; ;) ec.) en are generated according to

( J

exp(8;/ox;.1) (=L, 1 (ki=k} exp(8i/ar,))

P‘ - T
P ki=kY exp(8i/ok;0) 143K (oL, 1=t exp(6i/0en)

forje{l,...,J}

where 6 5 := Bl x; + Bppjs + &

for some parameters ((o1s,...0k7)sen, Bs, Bp) where 0,5 € (a,6) C (0,1) forall k € K,J € N
and B := (B, B,) € B C R%=" with B bounded. Moreover, o,.; — 0. forall k € K as J — oo, with
0wy — 0rg = 0(1/log J) for every k # k.

(iv) For each market m € N, ((Zjm, Zjm, Ejm) jeN, ((Djm,g)jer)sen, (Pim.g)jer)en) is an iid copy
of ((z,2,£),p, P) described above. The dataset of M markets and J products available to the analyst

15

(Ijm,ij,pjm,J, ij,‘] ] € J,m S M)

Assumption 2. In addition to Assumption 1, also assume that prices admits the representation
ij:W,;:(’J(’I?j—F’}/];E’JZj+¢k;“]+wj'7], jGJ (48)

where (K} : j € N) has support {1,..., K'}, with J! E}]:1 L(K; = k) — (0,1) for each k € K’,
and 1y, and w; are latent random variables satisfying

(i) Ew; ; = 0,w; ; is independent of (x;, z;,&;), Elw; jx. ;] = 0, and w; ; are subgaussian, with
uniformly bounded subgaussian norm over k € K', J € N.

(ii) {¢p; : k € K',J € N} C V almost surely for some bounded set V C R, and {r ; : k €
K',JeN}and {7, : k€ K',J € N} are bounded sets.

(iii) Cross-sectional dependence are restricted according to sup ey + Z}]:1 S| Elwjswid]| <
L for some L < oo.

(iv) Separation in the grouped fixed effect representation: iminf ;_,, var(¢r;—1es) > 0 for every

(k?, 6) - K’Z Lli’ld k 7'é f, and lim infj_>oo var (¢kmj —¢gmj +ijm(7Tk;7J —7Tg’J) +Z}—m(’yk,J —’Yg,J)) > 0.
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If Assumptions 1 and 2 holds, by applying logs to JP;,, s,

log JPjy,. 1 = U;;.l(%'m,J + Creym,J

5jm1‘] = (ﬁ;rxj + Bppjmj + €jm>
G'kJ—l
(%} 25:1 ki =k} eXP(5im,J/0k)>

ke K
opg
Sy Jooks (% S Wk =6} eXP(5im,J/Uz))

Ckm,J = )\km,J + IOg J = log

By substituting out p;,,, ; with the pricing equation from Assumption 2, one obtains

log P,y = ‘71;1 (B Tjm + ﬁp<7TkT;.,ijm + ”YI;E.,Jij + Yrrm,g + Wim,7) + &im) + Ceym,a
_ T _
= (Jk]-1<ﬁz + 5p7Tk;;.,J)) Zjm + (Ukjlﬁp’Yk;,J)Tij
+ (O—k_jlﬂpwk;m,J + ijm,J) + Uk_jl (ﬁpwjm,J + gjm)

We assume for now either K = 1 or there exists a permutation of &’ such that k; = £/, for all

J, almost surely.

Assumption 3. k from assumption 1 with support K and k' from assumption 2 with support K'
satisfy either
(i) K' = 1.

(ii) K' = K and k = k" up to permutation, almost surely.

Under this assumption, we may write the previous display formally as

~T , S (T UTAT
10g Pjim.g = Zjbk;.0 + Ckjm,g + Vjmgs  Tjm = (Tjmy Zjm) (49)

B.2 General Theory

The model 49 formally looks like the baseline model considered in Bonhomme & Manresa
(2015) although it has 3 important differences: the triangular-array nature of the data, that

&g, v May not be almost surely in a bounded set, and group-specific 6.
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We first consider the following simplified DGP

Yit,n = Tyl + Qg N + Vit N (50)
= 23,0n + Qg N + Vit N F Ein (51)

where the only difference with 49 is that § are homogeneous across groups. We assume that
each ¢, y writes as &, v = oy N + €y n With {a,, v} are all contained in a bounded set,
and the tail probabilities of .,  are controlled (in a sense made precise in Assumption 4(h)
below). This is motivated by the fact that under some regularity, &, s from the nested logit
model may be decomposed this way. As in Bonhomme and Manresa (2015), we first provide
theory and proofs for the case when 6 is homogeneous across group, and then generalize 6 to
be possibly group-specific afterwards. To reduce clutter, we will suppress the N subscripts

in v; y if relevant N is apparent from context.

B.2.1 Consistency of coefficients (6, i ;)

The estimators considered here 6, &, § are exactly the same estimators in the main specifica-

tion of Bonhomme & Manresa (2015):

2
0,4,q) = (Ont, ONT, § = ar min 0 — a,,
(0,0, 3) := (OnT, anT,s GNT) g(ﬂay E@XAGTXa; ; (ymv it Vlt)
We show they are consistent as an intermediate step to prove the misclassification theorem
in the next subsection.

Consider the following assumptions on 50:

Assumption 4. Assume there exists a constant M > 0 such that

(@) {0y : N eN} C ©and {a,n : v € G,t, N € N’} C A for bounded sets © C R and A C R.
(b) E ||lzu||* < M for every i, t.

(¢c) Evy = 0and Ev}, < M for every i, t, N.

(@) |55 Som S S E [vivistlyais]| < M for every N, T.

(e) = > S |+ 2 B [vivye] | < M for every N, T.

P |7 SV Z] S ST cov(vige, visvys)| < M for every N, T.
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(g) plimy 7, min,cq p(v) = p > 0 where p(v) is the minimum eigenvalue of the matrix
| N
_ _ !/
NT Z Z (int - xgi/\ui,t) (SUit - l’gmm,t) )
i=1 t=1
and T g, p-, ¢ denote the sample mean of {z;, : g; = g;,v; = v;,j € N}.

(h) For every n > 0, it holds that

sup P(leyn| >n) = O(r(N)),

ve€G,teN
withr(N) — 0as N — oc.

Besides the triangular array aspect in (a), Assumptions 4(a)-(g) are identical to Assump-

tion 1 in Bonhomme & Manresa (2015)

Theorem 1. If Assumption 4 holds, then,

~

| N
N_ZZO@ Qg,t.N) —>p0,

as N,T — ocoand T = o(1/r(N)).

The GFE estimator 6, &, § under the modified DGP minimizes,

N T
Z Z yzt N — {L‘ztﬁ Ayt )

i=1 t=1

Q(Y,a,v) =

T

Z‘H Z‘H
~ ~

M=

2
5git,N + vy + 2, (O — 0) + Qg N — al/it) .

i=1 t=1

Denote the same objects as in Appendix A of Bonhomme & Manresa (2015)

N T
QY,a,v) %ZZ (vit + 2y (On — V) + agan — ayZ)Q
i=1 t=1
| N7 | N7
Q(ﬁay WZZ +agt ayt szvi

=1 t=1 =1 t=1
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Lemma 1. Under Assumption 4, with 4(h) holding for r(N),

sup |Q(19, a,v) — @(19, a,v)| —, 0

9€0,ac AT veG
as N,T — ocoand T = o(1/r(N)).

Proof. We bound

‘Q(ﬂaau V) - 6097&? I/)‘ < ‘Q(ﬁa a?”) - @(ﬁaaa V)‘ + ‘@(197 a?”) - @(ﬁ,a, V)‘

Lemma A.1 in Bonhomme & Manresa (2015) implies the second term converges to 0 in prob-

ability uniformly as N,T" — oo. The first term is

1 Z Z EZzt Nt 7 NT Z Z €git,N Ult + 13”((9 19) + Qg N — auit)~

=1 t=1 =1 t=1

By Cauchy-Schwarz Inequality, the absolute value of the second term is bounded by

1 N T 1 T )
NT Z D caiw NT Z > (vie + 2y (On = 9) + Qg — auy)

and moreover,

M=

"1
2w
1 t=1 g

T
2
Z E5t,N

1 t=1

]l{gz 7}5'2yt,N
1

_
<
INd
]
5
=
|
—
M2
N~

~

N
—
M2
el

~

< VG max ey x|

yEG,teT
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Thus

sup |Q(197a7 V) _é<ﬁ7av l/)|

9€0,ac AT veG

N T
1
< 2\/5(76%8“}( [ N|> sup J NT Z Z (Uit + 2, (On — ) + age N — awt)

ﬁee,aEAGT,VEG i=1 t=1

G
* (mlNl )

By Assumption 1(a)-(c), the sup term is Op(1). Note that by the union bound, for any n > 0

P (Weﬂéax lein] > n) > P (l%NI > 77)

YyEGtET

<GT sup P (|€7t’N\ > 77>

yEG,teT

< GTO(r(N))
Assuming T' = o(1/r(N)), it follows that this term is o(1), i.e., max,eq ter |€4,n| and max, e et |41, 8]

are op(1). Thus supyee, acsor. vec |Q(V,a,7) — Q(9,a,7)| = op(1), as desired. O

Proof. (of Theorem 1.) Observe that

Q(0.6,9) — QOn. an,g) = Q(0.d,§) — Q(0,&,9) + Q(0, 4, 9) — Q(eN, aw, 9) +Q(Ox, an, 9) — Q(Ox, a, g)

which is op(1) by Lemma 1 above. Applying Lemma A.2 in Bonhomme & Manresa (2015)
yields Hé\— On|| = op(1). Also, we can bound

o)

N T
_1 ~ A A~
7 DDA — d.0)* = Q0x, @, 9) — QOx, . 9)

i=1 t=1

+
O
=
2
o
2
s
O
=
2
Q
2

where the final inequality uses the penultimate display. The first term is shown to be op(1) in

proof of Theorem 1 in Bonhomme & Manresa (2015). The last two terms are op(1) by Lemma
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1. Thus, we conclude that +— ZZN:l Zle(agmv — d1)? = op(1). O

B.2.2 Consistency of classification g;

Assumption 5.

(a) Forall v € G, it holds plimy_, .  N=* 3N 1,_, > 0.

(b) Forall (v,7) € G? with~ # 7, it holds lim inf ., plimp_, .. T~ 31 (v n — azy.5)2 > 0.

(c) For all (v,7) € G* withy # 5 and N € N, it holds that (vin)ien, (N — Q5N )ten,
((ayen—sen )Vien ) en are a-strongly mixing processes with coefficient a[t] < exp(—at™). Moreover
El(ayn — asin)vien] = 0 for every N € N.

(d) There exists constants b > 0 and dy > 0 such that P(|vy| > m) < exp(1 — (m/b)®) for all
i,tand m > 0.

(e) There exists a constant M* > 0 such that, as N,T — oo,
L I
max P (T > il = M*) = o(T~°) forall § > 0.

Theorem 2. Under Assumptions 4 and 5, for every 6 > 0,

P (Héf}\;( |§,;(A, a) — gi‘ > 0) =o(1) + O(NT_6>,
as N,T — ocoand T = o(1/r(N)).

Lemma 2. For n) > 0 small enough, we have, for all § > 0

5~ ~ 7~ , < _ o =b
riré%P ((9, a) € Nnr(n), 6:(6,Q) # g;, Ve%%ﬁT'E”t’N' < \/ﬁ) o(T~%)as N,T — oc.

where Nyr(n) == {(0,a) : ||[¢ — Oy||> < nand 7 Zthl(oz%N —ay)i<n VyeGqG}

Proof. Write the probability of interest as

e [1(10.8) € N} 0 s [evon] < V1) 3 70,0

ieN
=1
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where

a; + ag,
Zw(ﬁ, a) =1{g; #7}1 { Z (agit - avt) (Egit,N + Vit + $;t (On — 1) + Qg;t,N — u) < 0}

t=1
ayt + as
< max 1 { Z (a5t — ayt) (egit,N + v + 2y (On — V) + agan — vt vt) < 0}
QN — Q5 i
< max 1 { Z(a%N — e N) (Uz‘t +as N — M) < AT}

T
e N — Qi
vyt,N Ft,N
< max 1 { E (a8 — Q) (vit + s N — ——5 ) < Ar+

T
g a’yt a’yt €g;t,N
t=1

|

where we define

T

a~¢ + a3
> (a5 —ay) (?qlt N+ vie + 2 (On — U) + agen — %)

t=1
T « «
~t,N — Q3¢ N
- E (Oé&t,N - CYmt,N) <Uz't + as N — #) ’
t=1
T
a~; + as
/ i t
§ (a’yt - a’ﬂ) <Uit + 2 (O — V) + Qg;t,N — B >
t=1

T T
(8% — Q5
yt,N Ft,N
=) (asn — apw) (Uz't tagn - |+ ) (a5 — ay) £y
t=1 t=1

T
< Ar+1) (a5 — ay) ggunls
t=1

with Ar is identical to the one in the proof of Lemma B4 in Bonhomme & Manresa (2015).
Moreover, by Cauchy Schwarz Inequality, for (¢, a) € N,, we can bound

TC4 Verréax |5'yt Nl

T
E awt awt 5gzt N
t=1

In the event {(5 ,a@) € Nyr(n)} n{max,caer |eve,n| < /7}, we therefore have, as in the proof
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of Lemma B4 in Bonhomme & Manresa (2015), that

T
- Oyt N — Q¢ N
Zi(0,68) < max 1 { Z(aat,N — Qe N) (Uit + QN — WV%)

t=1
T

+T(Jl\/ﬁ(%2vft)l/2+T02 < Zy|xn||)+T(03+c4)\/—} = Ziy.

t=1
Following the steps in the proof of Lemma B4 in Bonhomme & Manresa (2015), for M >
max(v M, M*) given by Assumptions 1 and 2.e.,

1« c\ s 1 —~
Pz -)<Y |P(; Z el > 51) 4 (53 (e =0 < 5+ (730 > 1)

Aoy t=1

+P(2T:(%N N Ui < T4 +T01\/—\/_+T01M\/_+T(03+C4)\/_)}

t=1
By applying Lemma B5 in Bonhomme & Manresa (2015), for every 6 > 0, we can bound

T
1 Cy 5 _
p (T (s N — O-/'yt,N)Z < ﬂ) =o(T 6),
t

I
—

T
P (Z@w — N )y < ch +TCyV M\/ij+TC, M .\/ij+T(Cs + @)ﬁﬂ = o(T7Y).

t=1
Using this and Assumption (2e), the probability of interest is thus bounded as

c
max » P(Z,=1)<G(G-1) maXP ( Z |2s|| > ) o(T™%) = o(T7).

ieEN
7=1
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Proof. (of Theorem 2.) Estimate the probability of interest as

YEG,teT

P (w50, —al > 0) =P (UGE.D) #01) 1 {0.8) € N} 0 s, ] < v}

<P ((5, Q) ¢ NNT(n)) +P ( max_|e,.n| > \/ﬁ)

yEGtET

YEGtET

+2 ((UG6.8) #.93) 0 {08 € Ny} 1 {_ma, enl < v} )

We bound the three terms of RHS. By applying the Lemma above, the third term is bounded
by

P ((UHB0.8) #0) N {0.8) € Naa()} 1 s, enen] < 7}

yEG,teT

<N maxP (@-(5, Q) # gi, (6,8) € Nyr(n) max |eyn| < \/ﬁ)

ieEN YEGLET

=o(NT™?)

By Theorem 1, the first term P ((5, a) ¢ N, NT(n)) = o(1). Finally, using Assumption 4(h),

we bound the second term

P ( max _|e.¢n| > \/ﬁ> <GT sup P (|57t,N| > 77) < GTO(r(N))

VEGLLET ~EGteT

whichiso(1) as N, — coand T = o(1/r(N)). O

B.3 Extension to model with group-specific coefficients

Consider the additional assumptions on the data-generating process, mostly taken from As-

sumption S.2. of Bonhomme & Manresa 2015.

Assumption 6.
(a) {0, : v € G,N € N} C O for bounded set © C R".
(b) There exists p —, p > 0 such that for every v € G, it holds

>

min max p(v, v,v) =
veG FEG Py, 3) 2
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where p(v,,7) is the minimum eigenvalue of the matrix

T
% thl xitx;t \/Lffﬁil te ﬁxiT
N 1 /
1 —=Ty 1 0 0
~ 2 Wo=nniwi=5 VT
N ; gi=Y v : 0 0
Lot 0 0 1

T LiT

~ 2 ~ . -I-
(c) For every (v,7) € G*, v # 7 there exists ¢!, 5 > 0 such that

T
.. |
lim inf min gkgf ;(x:t(@y —05) + N — gen)’ = Cfm,
T
2 T
(d) For every n,d > 0, it holds that
L I
max P (‘ ’— Vit || = 77) = O(T_é)
iEN T ; 9
Consider the following estimator:
N T
é\T, at, g =ar min A — 2,
( 7) & (9,8,1)€0C x AGT x GN ; ; (e = ' )

Theorem 3. If Assumptions 4, 5 and 6 hold, then

p (mz}\:;c gl — gi| > O) =o(1) + o(NT™®) forany§ > 0.
e

Let
N T 9
19 a,v) = Z Z (yit,N — iy, — aljit)
=1 1=t
1 N T ,
- _T Z Z (ggitvN + Vit + ‘T;t(egmN - 191/1) + Qg — a’l/it) .
=1 t=1
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and

R 1 N T
Q(ﬁv a, y) = ﬁ Z Z (Uit + x;t(ggi,N - ﬁyl) + Qg — auit)z
i=1 t=1
_ 1 N T 2 1 N T
Q(ﬁa a, V> - ﬁ Z Z ('T;t(egiN - 191/1) + Ag;t — Ay, t N_ Z Zl Uit2-
i=1 t=1 i1 1

As in the proof of Theorem 1, we start by showing the following uniform convergence result.

Lemma 3. (Modified Lemma S.3) Under Assumption 6,

sup |Q(197a7 V) _@(19’ a7y)| _>P0

(9,a,0)€OG x AGT x G
as N,T — ocoand T = o(1/r(N)).

Proof. We bound

‘Q(ﬂvau V) - é<197a> V)‘ < ‘Q(ﬁa a?”) _@(&a’ I/)‘ + ‘@(797 a7V> - @(197517 V)‘

And note that the second term is uniformly op(1) as N,T — oo by Lemma S.3 in BM15. The

first term writes as

1 N T 9 N T
N_ Z Z 5§it,N + ﬁ Z Z Egit,N (Uz’t + m;t(égi — DQ,,Z.) + Qe — auit)-
i=1 t=1

i=1 t=1

The analogous argument as in the proof of Theorem 1 leads to

sup |Q(Q9’ a, V) _Q(ﬁvaa V)l
(9,a,1)EOG X AGT x G
| NI
<2VG([ max e su — vig + (0, —0,.) + o — a,,
(weG téT| ’YtN’> (19,a,u)e@prAGTxGN NT ;; (vit + 2,65, ) git )

—l—G( max |€7tN|)

yeGteT

By Assumption 6, the sup term is Op(1). By the union bound and P (maX,yer’teT leven| >

7]) < GTO(r(N)), whichis o(1) when T' = o(1/r(N)). Thus supy , ,)eec x 467 <N 1Q(Y, a,7)—
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Q(V,a,v)| = op(1), as desired. O

Proof. (of Theorem 3) The preceding lemma establishes uniform asymptotic equivalence be-
tween ) and Q. By Lemma S.4 in Bonhomme & Manresa (2015), which relies on Assump-
tiono, it follows that for every v € G, thatas N, T — oo

T
N 1 .
Hejy - QWNH% + T Z(O‘Lu\/ - O"ytN)2 —p 0.

t=1

The rest of the proof follows analogously as in Theorem 3; the only difference is to show

r t
1 ol B
P (f ; (@52 (O5n — Oyn) + asen — qen)vie < —ﬂ) = o(T?),
rather than just P (7~ S (05en — aen)vie < —cy5/ 8)) = o(T™°) as in 3. The previous

display holds due to Assumption 5(c), and Lemma B5 of Bonhomme & Manresa (2015),
implying

T
1
P <‘? g(aw\/ — QN ) Vit

t=1

and also that by Assumption 6(a) and (d),

T t
1 Cy 5 _
P (\T > el O 0| > 1—6) —o(T)
The rest of the proof follows analogously as in the proof of Theorem 3. O

B.4 Verifying assumptions of the general theory for the nested logit model

We verify that a nested logit model satisfying Assumptions 1, 2 and 3 verifies Assump-
tions 4, 5 and 6 for an appropriate reduced-form equation. Thus, the general theory applies,
implying that the clustering algorithm based on Bonhomme & Manresa (2015) applied to

the reduced-form equation yields consistent classification.

Theorem 4. If Assumptions 1, 2 and 3 holds, then the nested logit model admits the following
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reduced-form equation

_ T _
log Pjm,s = (Ukjl(ﬁx + ﬁpﬂk;,J)) Tjm + (Ukjlﬁp%;,J)Tij
+ (O-k_-lﬁpqﬂk’-m J + Ckm J) + O'k_jl (ﬁpwjm,J + gjm)
= ZE Qk o + akgm J+ Vim,J (52)

Tjm = <$;rm7 zjm)T.

Moreover, the clustering algorithm Bonhomme & Manresa 2015 applied to this context yields

P (max|k; — k| > 0) =o0(1) + o(JM™*), for every ¢ > 0,

jed
as J, M — oo with M = o(J?) for any q > 0.

The arguments verifying Assumptions 4, 5 and 6 from Assumptions 1, 2 and 3 are con-

tained in the proofs of the following proposition.

Proposition 1. If Assumptions 1, 2 and 3 holds, then the nested logit model admits the reduced-form
equation (52). Moreover, Assumption 4 is satisfied for this equation, and Assumption 4(h) is satisfied
forr(J) = J~9 forany q > 0.

Proof. (Verification of Assumption 4).
Assumption 4(a). Immediate from assumption 1(ii) and assumption 2(ii).
Assumption 4(b). Immediate from assumption 1(ii)(b).
Assumption 4(c). Immediate from assumption 1(ii)(a) and (b).

Assumption 4(d). By assumption 1(ii) and (iv),

E[vjmvinf;mim] = E[vjmfv';m] E[Zinvin)
= (E[O-k]f]mj;rm] + BP E[O-kjwjm‘%;'rm])Q

=0

Assumption 4(e). By identical distribution across j, m, we may simplify M~ 5™ E[v;,,0:,] =

E[vjmvin]. Note that by Assumption 2(i), there is a simplification

E[vjmvim] = Eloy, fijk gzm] +62 [Uk WimOp, lwzm]
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Moreover, by the independence hypothesis of Assumption 1(i) and the conditional mean

independence restriction in Assumption 1(ii)(a), it follows
Eloy €m0y, Gim] = Elo, ' §m] Eloy, €m] = (Elow, E[¢m[k;]])* = 0
We also have the bound
|52 [Uk WimJg, lwzm” < ﬁig_l‘ Elw;jmWim] |-

Hence by assumption 2(iii)

J J
%ZZlEU]mUZm S 2 71 Z;Z|Ew]mwzm \6§Q71L<OO
J

7j=1 =1 =1

Assumption 4(f). Immediate because cov(v;m,Vim,Vjnvin) = 0 by iid sampling across m,
assumption 1(iv).

Assumption 4(g). By iid sampling across j, m, it follow p is the minimum eigenvalue of
the var 7;, which is positive by Assumption 1(ii)(b).

Assumption 4(h). From Proposition 2, we have that supc men P(|Cems — Gomu| > 1) S
J~4, for every q > 0. Defining .7 = CGemy — Com.s a0d Qg = Com.g + Bp0s Whm.s from

Assumption 2(ii) yields the result, with r(.J) = J~? for any ¢ > 0.

(Verification of Assumption 5).

Assumption 5(a). Follows immediately from Assumption 1(i).

Assumption 5(b). Since sampling is iid across m the limits simplifies to lim inf ;_, . E[(am, 7 —
Qum.7)*]. The claim then follows from Proposition 3 proven below.

Assumption 5(c). Independence across m follows immediately from independent sam-
pling across markets, Assumption 1(iv). The orthogonality condition E[(am,j—m s )Vim.s] =
0 is proven in Proposition 3 below.

Assumption 5(d),(e). Follows from uniform subgaussianity of v and x, Assumption 1(ii)(c).

(Verification of Assumption 6).

Assumption 6(a). Immediate from assumption 1(ii) and assumption 2(ii).
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Assumption 6(b). Under Assumption 1(ii) and (iii), the limit of the matrix is

E[jjmj;m] 0

0 1

Thus the condition is verified by Assumption 1(ii)(b).

Assumption 6(c). By iid sampling across m and iid primitives across j, the limits simplifies
liminf ;_, E[(ijm(ek — 04) + Qkm.s — Qum,7)?]. The claim is then follows from Proposition 3(b)
proven below.

Assumption 6(d). Note that

M M M
1 - 1 . 1 N
P (Igy X omtsmlle > 1) <P (7 3 €mtinle > 02) 42 (7 3 Gl > n/2)
m=1 m=1 m=1

Using subgaussianity of Assumptions 1 and 2 and orthogonality of Assumption 1(ii)(a) and

Assumption 2(ii), both terms are o(7~°) for any J > 0 by an Bernstein inequality. O

B.4.1 Details on Assumption 4(b) and (h)

Proposition 2. Recall the notation 6, ; := BLTim + BpPjm,s + Ejm, and

G’k(]—l
15 Oim, 7 /OkT
(J Zj:l ﬂkj:ke Jm,

K - 1\~ 5
25:1 Joe =0k (j Zj:l ]lkafe im,J /00T

Ck:m,J = IOg

J
)Uu 1{2 L= 2 1}
j=1

If Assumptions 1 and 2 holds, then, for any n > 0, it holds that

= 1
sup P <|Ckm,J = Cm,a| > 77) S o for every ¢ > 0

ke K,meN
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ohere

opy—1
<w1cJ E [e‘sﬁm’J/"kJ}>

oeJ
221 JO'ZJ*O'ICJ (wéj E [eéjm,J/UZJ} >

1 J
WkJ = j ; ]lk’jzka

Ekm,J = log

provided Z}]:1 1y, = 1. Moreover {Cem.y : k € K, (m,J) € N*} is bounded.

Proof. Denote S, ; = %Z;Ll Ly, —e%m7/757 and fug,y = wyy E [%m7/7:7], and note that
ESka = KUkm,J-

By Lemma 4(a), there is a positive number

¢ := minlim inf iz, ; > 0.
kEK  J—o0 ’

Consider the events G,,,; := {maxyex |Sim. s — tem,s| < ¢//2}. Noting that
. / 2
GmJ C {réréllr(l Sﬂm,] > C/ }7

and applying Lemma 8, which gives a Lipschitz constant for the map from S, ;, ftm. t0 Cim,s

and fkm J, respectively, on domain bounded away from zero, we have that

- 4K
P ('gkm,J - Ckm,J| >n; GmJ) < P (_ max |S€m,J - ,uﬁm,J| > n )7

c ek

where 4% is the uniform Lipschitz constant that applies for all k,m. We can thus upper-

Bq; < J79 for every ¢ means: for every g, there is a constant C, < co not depending on J such that a; <
CyJ 1.
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bound P (’Ckm,J — G| > 77) uniformly across k, m by

P <|Ckm,J — Chm,a| > 77) <P (Kkm,J = Chm,s| > 1 ; GmJ) +P(Gr)
4K ¢
<P (7 0ax | Sen,s = fom,g| > n) +P (Igl;;}lszm,J = fma| > 5 )

d d
< K( sup P (|S€m,J - ,ufm,J| > Z%) + sup P (|S€m,J - Hﬁm,J| > 5))
teK,meN (e K,meN

which is /=7 by Lemma Lemma 4. The tail probability bound result then follows.
For boundedness, provided that ijl Tp,=r = 1, write

OkJ
(wkj E [e‘sjm,J/UkJ} )
Zg; JotI =k (wu E [e5jvrz,J/UzJ])

C_.km"] = log o0y OkJ ]'Og (wa E [edjm,J/UkJ]> .

Observe that by Lemma 4, there exists a bounded set bounded away form zero contain-
ing @y, E [¢%m7/7:7]. By uniform subgaussianity of ¢, ; implied by assumption 1(ii), we
have the uniform upper bound wy; E [¢%m7/77] < Eexp(c'0jm,s) < exp(c ' Edjms +
Ca2(0jmall7,) < oo, thus {wy, E [edms/7] : k € K, (m,J) € N’} is in a bounded sub-
set of R . Since o,; — o, for all k, the weights {77~/ : J € N} is also a bounded subset
of R .. O

Lemma 4. If assumption 1 holds, then
(a). minge g iminf ;o wyy B [edm7/707] > 0.

(b). P (|5 Z;-Izl Ly, =g (€%ima/ors — B [edima/or )| > u) < J~ for every g > 1.

Proof. (a) Fix k. First note that liminf; .., wr; = @, € (0,1). Since ¢%m/7%/ > () almost
surely for every J and oi; — o, € (0,1), it follows liminf ;. E [%m7/7:7] > 0. Taking the
minimum over k € K yields the result.

(b) The variables 1, (e%m7/7k — E [¢%m.s/757]) have L?-norm (g > 2) bounded by

H]lkj:k(eéjm,J/UkJ _E [eéjm,J/okJ])HLq < 2He5jm,J/UkJHLq
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Since o1y > o > 0, and § are subgaussian, we may further bound

2
Sim.j/o q q q
et g, = Bexp(L8y0) < exp (LB s+ €( L) Tl )

Hence

2
H]lkj:k(eéjm,J/kaJ ) [eéjm,J/ak.J})||%q < 2%exp (% Eajmj + C(%) ||5jm’J||z2>

By applying lemma 7, the desired conclusion follows. Note that the bound is uniform across

m by Assumption 1(ii)(c) and Assumption 1(iii). O

B.4.2 Details on verifying Assumptions 5(b), 5(c), and 6(c)

Proposition 3. If Assumptions 1, 2 and 3 holds. For cm. ;= By07. rm.s + Cem., It holds that for
every k # ¢,

(a) iminf; ., E [(akm“] — agm7J)2] > 0.

(b) liminf ;_, E[(:ﬁjm(ek —00) + Qg — Qpm.y)?] > 0.

(C) E [(Oékm“] — Oégm,(]ﬁ}jm“]] = O, fOT" all m, J.
Proof. Denote fijm, s = wry E[L,—k e‘%‘m,J/JkJ], and observe that

-1
JUkJ,ukm7J0'kJ

0g AR
Zf:l (Jﬂfm,J) “

gkm,J =1

80 Chm.s —Com.y = (0ry—00s) log J+ (07 —1)10g pikm.s — (07— 1) log fiem. ;. Hence the difference

in grouped FE is

- 1
Qg — Qg = Bp(O1  Vkms — 07 Vomy)

+ (oks — 0eg)log J + (oky — 1)10g ttgms — (007 — 1) 108 fiem.s.

(a). For the first claim, since it is assumed o;,; — 0. € (0, 1) for all k, the previous display

writes as

Qg — Qm.g = Bpos  (Vrms — Yoms) + (04 — 1)(10g figms — 108 pomy) + o(1).
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Noting that jux,,, are non-stochastic, we have by assumption 2(iv)

lim inf E[(agm, s — Oégm’])Q] > ﬂpa;1 lim inf var(Ygms — Yems) > 0.
J—o00 J—0oo

(b). We have that

Tk,Jg — TeJg

Op — 0= 0,5, +o(1),

Ye,J — Ye,J

SO

&l (O — 00) + Qhm,g — umg = Bpoy (ks — Yems) + @0 (T — To,0) + 250 (Vs — V2,0))

+ (04 — 1)(log pirms — 1og prems) + o(1).
Therefore, by Assumption 2(iv),

liﬁng[(£;m<0k — 0p) + Qg — Qem,7)°] = Byoy ! h}g%;lf var (Yrms — Yoms + & (Mg — 7o,7) + 250 (Ve —

> 0.
(c). Expand

E [(hm,s — Qom,s)Vim.g| = Bpory B [Yrmsvim,s] — Bpor) B [Yansvim.]

+ ((O'kj — O'gJ) 10gJ—|— (O'kJ — 1) 10guka — (O'gJ — 1) logung) Evjm”].

Now observe that E [¢ynsvjm, ] = E [wkm‘](ﬁpa,;%vjwjm,] + &m)] = 0 and Evj,; = 0 by
Assumption 2(i). Hence E [(km, s — Qm,s)Vjm,s] = 0 for all k # £ and m, J. O

B.5 Technical Lemmata

Lemma 5. If X1, Xs, ... have identical distributions. Then for every n € N,
logn + E X; < ElogZeXi <logn + logEeX.
i=1

Proof. = — log> " | exp(z;) is convex, thus by Jensen inequality and that E X; = E X for all
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ElogZeXi > logZeEX'i =logn + E X;.

i=1 =1

For the upper-bound, = — log z is concave, hence by Jensen and that E e*' = Ee*! for all ¢,

ElogZeXi < 1ogEZeXi = logn + logE e

i=1 i=1
U

Lemma 6. Suppose (Z;, X;) are independent across i, Z; are subgaussian random scalars and X, are

subgaussian random vectors, then Z; X; are sub-exponential random vectors.

Lemma 7. Let X1, Xs, ... be independent, mean-zero random variables with sup,;.y E | X;|P < M <

oo for some p € [2,00). Then

‘_ZX‘> \/_/5)

np/2

Proof. By the Marcinkiewicz-Zygmund inequality, for each p € [2, c0) there exists a universal

constant C' that does not depend on the distributions of X; Xo, ..., such that

n 2/p n
(p1oxr)  <opd oy
=1 i=1

By the uniform bound of E | X;|?, we have that

2/p\p/2 p
E‘_Zle C’pnM ) (\/C’p) M'

np/2

By Markov’s inequality, we conclude

p/2

PUL 31> ) = POE 31 > ) < vmid S < EBRM

Lemma 8. (Lipschitz properties). Let c,c’, ¢’ > 0and C',C" < oo.
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(a) The function f : (¢,C")% — Rwhere a € (¢,C")%, 0 € (c,1)¥ defined by

satisfies
2K
(@) = Fl < —-lle =yl

(b) The function g : (¢, 1)X — R where a € (", C")5,x € (¢, C")X defined by

Ok

.

g(o) =log ————
Ze | oy

satisfies
19(0) = g(7)| < K[log C"['[|o = 7|oc-

(¢) The function h : (¢",C")% — R where o € (¢,1)*,x € (¢, C")¥ defined by

K
= log E apxy’
=1

satisfies

() = h(B)] < ,,H a = B -

(d) For 0,7 € (c,1)?, and X € L*° such that X > ¢ almost surely, it holds

EXl/cr . EXl/T < !
C C

(logc VE[X[?/¢\/E(log X )2 ) | |
o — 1.

Proof. (a) The partial derivatives of f are

< o oL ik
Zé(:l agxge z; T o
Oif(x) =

o

4
;T . .
e Zi 1#k

Sy oyt i

Observe that |0, f(x)| < 2/zy, for every ¢, so by the mean value theorem, for some £ between

r and y element-wise, f(x) — f(y) = V(&) (z — y). Applying Holder inequality we get the
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desired bound

2K

@) = fl < sup [VIEIllz =yl < —llw =yl
ge(c,C)
(b) Calculate
log x) — %loggﬁé 1=k
. — D e—1 Ty
alg(o-) azle log Ty . ’
_Z?ﬂ O‘Wje ! 7& b
SO
K
IVg(a)lly = D wellog ;| + (1 — wy)| log |

=1

where the weights are w; = a2/ S| gzl > 0and 3, w; = 1. Itis easy to see suPeeeny V()1 <
K|log C’'| where C" is the uniform component bound on z. Thus by the mean value theorem

and Holder’s inequality,
19(0) = 9(7)| < K|log C"['|o — Tl

(c) Calculate
xk

Ze oy’ 7

so [[VR(O|1 = D27t/ >, cuxy® < 1/ for every € € (¢”,C"). By the mean value theorem

Oph(a) =

and Holder’s inequality;,
1
[h() = h(B)] < Zlla = Bl

(d) Define ¢(0) = EX'/? = Eexp(2log X). Since X'/7 < X** with E X% < oo by hy-
pothesis, and o — exp(2 log z) is differentiable, by an application of dominated convergence
we can interchange the order of integration and differentiation

1
¢ (0)=E {—2X1/0| logX\}.
g

By the mean-value theorem,
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We can bound the derivative for € (¢, 1) uniformly

1
(O] =B | X 1og X
log X XVe|log X
<E {‘§—2| 1{0/<X<1}:| +E {% Tix>ny

< log ¢ N VE X?/¢\/E(log X)? |

c c?

where E(log X)? < E X?/¢ < cc.
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C Appendix for the Empirical Applications

C.1 Classification Algorithms

The classification problems in (12), (13), and (14) require optimizing not only over regression
coefficients but also over partitions of products. The number of possible partitions grows
exponentially with the number of products, making direct optimization computationally
demanding and, in some cases, infeasible. To address this issue, we extend the algorithm
proposed by Bonhomme and Manresa (2015) to accommodate the different empirical models

considered in Section 2.

Case 1: No price partition or identical partitions. We first consider the case in which the
partition of prices coincides with the partition of products, £'(j) = k(j) for all j, or when
there is effectively no price partition, i.e., |supp(k’)| = 1. In this setting, we propose the

following iterative algorithm to solve eq. (12):
1. Let (8°,a°) = (8'0,...,050 a1° ... ai") denote an initial set of parameter values.

2. Given (6%, ), compute for all j € J:
2
k(j)*™ = argmin Z (p]m — (05525 + 0%, + ozf,f)) ,
ke{l,..K}
which determines the updated grouping structure K5+,

3. Given the updated grouping structure K**!, compute:

2
65+, a*t1) = argmm Z Z (10g Pim — (QR@s1, oy ghO)stly . kG )s+1)> _

4. Repeat steps 2 and 3 until convergence of the parameters.

In practice, this problem is not globally convex, as is common in clustering problems. We
therefore recommend running the algorithm from multiple starting values and selecting the

solution that achieves the lowest objective value.
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Case 2: Different partitions. We now consider the case in which £/(j) # k(j) for some j
and [supp(k’)| > 1. In this case, we proceed in two stages. First, we estimate the partition of

prices.

1. Let (4%, k%) = (410, ..., 4""0 k77, .. /@M %) denote an initial set of parameter values.

2. Given (v*, k*), compute forall j € J:

M

2
k/(j)8+l = argmin Z (Ingjm - (757szjm + 7];’8ij + Hfrf)) )
ke{l,...K'} S

which determines the updated grouping structure X'**".

3. Given the updated grouping structure £'**', compute

10 2
(’Ys+1, ns+1) - arg min Z Z (logpjm o k' (j ),s+12jm + ’ij (J),erlXJm + KM K (), s+1)) .

'Ylv :'Y Iil, :KM 7j=1 m=1
4. Repeat until convergence of the parameters.
After obtaining the price partition and coefficients, we compute the predicted prices

Pom = A Dz, f AR Dy 4 fH ),

We then estimate the grouping structure and coefficients of the demand equation using

the following algorithm:

1. Let (8% X% = (B1°,..., %0 A1, ..., AL") denote an initial set of parameter values.

2. Given (3%, X*), compute forall j € J:

2
K(j)"™ = argmin Z (108 Py — (B Bjm + BE"Xsmn + A1) )
ke{l,..K}

which determines the updated grouping structure K+,
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3. Given the updated grouping structure K**!, compute

, 2
(/83+1,>\s+1) arg min Z Z (log ij ﬁk (4)s s+1 hi 4 5k(3 )5ty N )\%]),Hl)) .

Bh BRI M 7j=1m=1
4. Repeat until convergence of the parameters.

As before, because these optimization problems are not globally convex, we recommend
running the algorithm from multiple starting values and selecting the solution that attains

the lowest objective value.

C.2 Robustness Checks on Group Classification

C.21 Results using Hausman instruments for prices

Table Al: Average group characteristics for £* = 4 and Hausman instrument

Characteristics Unconditional Conditional values by group
values 1 2 3 4
Unit size (ml) 354.882 354.882 473.176 354.882 354.882
Unit quantity 6.000 6.000  6.000  6.000  6.000
Unit price 10.209 10295 9.590 10474  9.604
Price per ml 0.004 0.004  0.003  0.004  0.004
Share of domestic 0.794 0767 0836  0.833  0.879
Share of ale 0.158 0.102 0.226 0.287 0.339
Share of regular beer 0.442 0437 0437  0.496 0.358
Share of stout and porter 0.015 0.013 0.016 0.020 0.027
Share of light beer 0.369 0437 0297  0.171 0.256
Share of other types 0.016 0.011 0.024 0.026 0.020
Share top-ten brands 0.624 0.748 0.459 0.365 0.357
# of products 2806 271 692 1119 724

Notes: Rows 1-4 report median values of unit size, unit quantity, unit price, and price per ml, presented both
unconditionally and conditional on group membership. Rows 5-11 report unconditional and conditional mean
shares. Groups are estimated using Hausman instruments for prices instead of the baseline Gandhi-Houde
instruments.
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Table A2: Estimation Results for Nested Logit with k* = 4

OLS v
log unit size 0.107 (0.006)***  0.431 (0.018)**
log upc quantity 0.121 (0.005)***  0.586 (0.020)***
log price -0.084 (0.006)*** -0.581 (0.021)***
o 0.330 (0.002)***  0.962 (0.022)***
o 0.127 (0.001)***  0.662 (0.019)***
o -0.025 (0.001)***  0.469 (0.018)***
o4 -0.337 (0.001)***  0.178 (0.019)***

Mean Own-price Elasticity 1.193 (0.003) -1.612 (0.004)
Mean Cross-price Elasticity  -0.003 (0.008) 0.004 (0.011)

Market Fixed Effects v v

IV Type hausman
Number of Products 2806

Number of Observations 64497

Note: The table reports OLS and IV estimates of a nested logit demand model where products are grouped
by beer type, yielding k = 4 nests. The dependent variable is log P;,,, — log Py,,. Regressors include log unit
size (ml), log UPC quantity, log price, and four group-specific nesting parameters (0,). The IV specification
instruments for log price using Hausman IVs and for the within-group log share using the exogenous share
projection. Market fixed effects are included. Mean own-price and cross-price elasticities are computed from
the IV estimates and weighted by national unit sales. ***p < 0.01,"* p < 0.05," p < 0.1.
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C.2.2 Resultsfork*=3and k* =5

Table A3: Characteristics of beer across groups (k = 3)

Characteristics Unconditional | Conditional values by group
values 1 2 3

Unit size (ml) 354.882 354.882 354.882  354.882
Unit quantity 6.000 6.000  6.000 6.000
Unit price 10.209 10.180  10.232  11.138
Price per ml 0.004 0.004 0.004 0.004
Share of domestic 0.794 0.781 0.832 0.792
Share of ale 0.158 0.107  0.278 0.376
Share of regular beer 0.442 0.451 0.414 0.462
Share of stout and porter 0.015 0.012  0.018 0.039
Share of light beer 0.369 0.418 0.263 0.110
Share of other types 0.016 0.013 0.026 0.013
Share top-ten brands 0.624 0.725 0.372 0.332
# of products 2806 393 1119 1294

Notes: Rows 1-4 report median values of unit size, unit quantity, unit price, and price per ml, presented both
unconditionally and conditional on group membership. Rows 5-11 report unconditional and conditional
mean shares. Groups are estimated using Gandhi-Houde instruments.
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Table A4: Estimation Results for Nested Logit with k = 3

OLS v
log unit size 0.059 (0.006)***  0.681 (0.040)***
log upc quantity 0.067 (0.004)***  0.824 (0.042)***
log price -0.067 (0.005)*** -1.038 (0.056)***
o1 0.272 (0.001)***  0.968 (0.024)***
oy 0.047 (0.001)***  0.649 (0.022)***
03 -0.204 (0.001)***  0.391 (0.022)***
Mean Own-price Elasticity -0.457 (0.001) -2.010 (0.002)
Mean Cross-price Elasticity ~ 0.001 (0.003) 0.002 (0.006)
Market Fixed Effects v v
IV Type GH units GH, size
Number of Products 2806
Number of Observations 64497

Note: The table reports OLS and IV estimates of a nested logit demand model where products are grouped by
beer type (regular beer/lager, light beer, ale, stout/porter, and other), yielding k£ = 3 nests. The dependent
variable is log Pj,, — logPg,,. Regressors include log unit size (ml), log UPC quantity, log price, and five
group-specific nesting parameters (5,). The IV specification instruments for log price using Gandhi-Houde
differentiation IVs and for the within-group log share using the exogenous share projection. Market fixed
effects are included. Mean own-price and cross-price elasticities are computed from the IV estimates and

weighted by national unit sales. ***p < 0.01,"* p < 0.05," p < 0.1.
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Table A5: Characteristics of beer across groups (k = 5)

Characteristics Unconditional Conditional values by group

values 1 2 3 4 5
Unit size (ml) 354.882 473176 354.882 354.882 354.882 354.882
Unit quantity 6.000 6.000  6.000  6.000  6.000  4.000
Unit price 10.209 8.831  10.194 11934 10.862 10.150
Price per ml 0.004 0.003  0.004 0.004 0.004  0.005
Share of domestic 0.794 0.838 0756  0.866  0.778  0.816
Share of ale 0.158 0.188  0.090 0318 0337 0411
Share of regular beer 0.442 0.438 0.446 0.434 0.449 0.364
Share of stout and porter 0.015 0.017  0.012 0.016 0.029 0.061
Share of light beer 0.369 0.333  0.441 0.209 0.172  0.146
Share of other types 0.016 0.024 0.011 0.023 0.013 0.017
Share top-ten brands 0.624 0.537 0.758 0.337 0.378 0.227
# of products 2806 445 197 727 878 559

Notes: Rows 1-4 report median values of unit size, unit quantity, unit price, and price per ml, presented both
unconditionally and conditional on group membership. Rows 5-11 report unconditional and conditional
mean shares. Groups are estimated using Gandhi-Houde instruments.
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Table A6: Estimation Results for Nested Logit with k = 5

OLS v
log unit size 0.087 (0.007)***  0.196 (0.027)***
log upc quantity 0.103 (0.005)**  0.241 (0.027)***
log price -0.037 (0.007)*** -0.084 (0.036)**
o] 0.202 (0.002)***  0.698 (0.016)***
09 0.407 (0.002)***  1.000 (0.019)***
03 0.060 (0.001)***  0.516 (0.015)***
o4 -0.096 (0.001)*** 0.340 (0.015)***
o5 -0.442 (0.002)***  0.029 (0.018)
Mean Own-price Elasticity -0.057 (0.001) -0.729 (0.004)
Mean Cross-price Elasticity ~ 0.000 (0.002) 0.003 (0.011)
Market Fixed Effects v v
v Type GH units GH size
Number of Products 2806
Number of Observations 64497

Note: The table reports OLS and IV estimates of a nested logit demand model where products are grouped by
beer type (regular beer/lager, light beer, ale, stout/porter, and other), yielding k¥ = 5 nests. The dependent
variable is log P;,, — logPg,,. Regressors include log unit size (ml), log UPC quantity, log price, and five
group-specific nesting parameters (04). The IV specification instruments for log price using Gandhi-Houde
differentiation IVs and for the within-group log share using the exogenous share projection. Market fixed
effects are included. Mean own-price and cross-price elasticities are computed from the IV estimates and

weighted by national unit sales. ***p < 0.01,"* p < 0.05," p < 0.1.

103



C.2.3 Classification including Beer Type Indicators

Table A7: Characteristics of beer across groups k* =

Characteristics Unconditional | Conditional values by group
values 1 2 3

Unit size (ml) 354.882 473176 354.882  354.882
Unit quantity 6.000 6.000 6.000 6.000
Unit price 10.209 9.857  10.265 11.020
Price per ml 0.004 0.004 0.004 0.004
Share of domestic 0.794 0.799 0.793 0.777
Share of ale 0.158 0227  0.126 0.336
Share of regular beer 0.442 0.448 0.437 0.506
Share of stout and porter 0.015 0.016 0.013 0.041
Share of light beer 0.369 0.283 0.411 0.102
Share of other types 0.016 0.026 0.013 0.016
Share top-ten brands 0.624 0.413 0.710 0.349
# of products 2806 1116 420 1270

Notes: This table shows the unconditional and conditional values of product characteristics across groups.
Unit size, unit quantity, unit price, and price per ml (rows 1 to 4) are calculated as median. Rows 5 to 11 are
unconditional and conditional (mean) shares.
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Table A8: Estimation Results for Nested Logit with k* = 3

OLS IV
log unit size 0.037 (0.006)***  0.088 (0.024)***
log upc quantity 0.040 (0.005)***  0.122 (0.024)***
log price -0.040 (0.006)*** -0.146 (0.031)***
o 0.046 (0.001)***  0.303 (0.009)***
(o5 0.269 (0.001)***  0.578 (0.010)***
o3 -0.209 (0.001)***  0.031 (0.009)***

Mean Own-price Elasticity -0.276 (0.001) -2.343 (0.006)
Mean Cross-price Elasticity ~ 0.000 (0.002) 0.005 (0.015)

Market Fixed Effects v v

v Type GH units GH size
Number of Products 2806

Number of Observations 64497

Note: The table reports OLS and IV estimates of a nested logit demand model where products are grouped by
beer type (regular beer/lager, light beer, ale, stout/porter, and other), yielding ¥ = 3 nests. Importantly, these
results extend for beer type indicators. The dependent variable is log P;,,, — log Po,,,. Regressors include log
unit size (ml), log UPC quantity, log price, and five group-specific nesting parameters (o,). The IV specifica-
tion instruments for log price using Gandhi-Houde differentiation IVs and for the within-group log share us-
ing the exogenous share projection. Market fixed effects are included. Mean own-price and cross-price elastic-
ities are computed from the IV estimates and weighted by national unit sales. ***p < 0.01,"* p < 0.05," p < 0.1.
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C.2.4 K-means clustering only on characteristics

Table A9: Characteristics of beer across groups £* = 4

Characteristics Unconditional Conditional values by group
values 1 2 3 4
Unit size (ml) 354.882 473176 354.882 473.176 739.338
Unit quantity 6.000 6.000  12.000  4.000 1.000
Unit price 10.209 9544 15672  8.831 2.693
Price per ml 0.004 0.003 0.003 0.003 0.004
Share of domestic 0.794 0.913 0.748 0.863 0.741
Share of ale 0.158 0.182 0.113 0.279 0.124
Share of regular beer 0.442 0.449 0.395 0.443 0.524
Share of stout and porter 0.015 0.021 0.017 0.015 0.004
Share of light beer 0.369 0.316 0.469 0.246 0.324
Share of other types 0.016 0.032 0.006 0.017 0.024
Share top-ten brands 0.624 0.449 0.726 0.435 0.712
# of products 2806 740 463 1424 179

Notes: This table shows the unconditional and conditional values of product characteristics across groups.
Unit size, unit quantity, unit price, and price per ml (rows 1 to 4) are calculated as median. Rows 5 to 11 are
unconditional and conditional (mean) shares.

106



Table A10: Estimation Results for Nested Logit with £* = 4

OLS v
log unit size -0.019 (0.004)***  0.311 (0.018)***
log upc quantity 0.032 (0.003)***  0.335 (0.017)***
log price 0.004 (0.004)  -0.423 (0.024)***
o] -0.044 (0.001)***  0.113 (0.005)***
09 0.146 (0.001)***  0.330 (0.006)***
03 -0.079 (0.001)***  0.066 (0.005)***
o4 0.047 (0.001)***  0.220 (0.006)***
Mean Own-price Elasticity -0.036 (0.000) -4.566 (0.010)
Mean Cross-price Elasticity ~ 0.000 (0.000) 0.011 (0.026)
Market Fixed Effects v v
IV Type GH units GH, size
Number of Products 2806
Number of Observations 64497

Notes: The table reports OLS and IV estimates of the nested logit demand model with k* = 4 groups, where
the first-step classification uses standard k-means clustering on mean observed product characteristics (unit
size, quantity, price). The number of groups k* = 4 is selected via the elbow method applied to the within-
cluster sum of squares, using multiple random initializations. The dependent variable is log P;,, — log Poy,.
Regressors include log unit size (ml), log UPC quantity, log price, and four group-specific nesting parameters
(01,...,04). The IV specification instruments for log price using Gandhi-Houde differentiation IVs and for
log P;|4(5),m using the exogenous share projection. Market (DMA-quarter) fixed effects are included. Standard
errors are reported in parentheses. Mean own-price and cross-price elasticities are computed from the IV
estimates, weighted by total unit state sales. ***p < 0.01, **p < 0.05, *p < 0.1.
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