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Abstract

This paper presents a method for estimating discrete games based on bounds of
conditional choice probabilities. The bounds are probabilities that an action is dom-
inant and that it is not dominated. Because the bounds are easy to compute, our
method is scalable to models with many firms and discrete decisions. We apply the
method to study the effects of a hypothetical merger on firm entry and product variety
in local retail craft beer markets in California. We find that the merger induces firm
entry. The net effect on product variety is ambiguous once a fixed-cost efficiency is
taken into account.
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1 Introduction

Discrete games of firm entry or product choice are often used to understand the effect of
merger, divestiture, or industrial policy on market structure. In this paper, we consider the
estimation of such models when there are many firms or when each firm makes a large set
of discrete decisions. For example, a firm may need to choose a set of products to sell in a
market from many potential products. In this case, the firm’s choice can be represented as a
long vector of binary decisions regarding each potential product’s entry into the market. The
estimation of such a model can quickly become challenging as the computational burden of
solving the game increases exponentially with the number of firms and firm decisions. In this
paper, we propose a computationally tractable estimation method and apply the method to
study the effects of merger on firm entry, product variety, pricing, and welfare in the context
of the craft beer market in California.

Our method is based on the bounds for conditional choice probabilities. Consider a
binary action a € {0,1}. Assuming no equilibrium action is dominated, we can show that
the equilibrium probability of a = 1 is larger than the probability that a = 1 is a dominant
strategy and smaller than the probability that a = 1 is not a dominated strategy. These
bounds hold when there is no pure-strategy equilibrium, when there are multiple equilibria,
under any equilibrium selection rule, and when the selection rule varies across markets.
More importantly, these bounds are easy to compute even with a large number of firms or
firm decisions because the bounds can often be reduced to cumulative distribution functions
evaluated at certain cutoffs. Using Monte Carlo experiments, we compare our method to
existing methods for estimating discrete games. We show that as the number of firms
increases, our method remains computationally feasible, while the computation time needed
using existing methods increases exponentially.

We apply our method to study a merger’s effects on firm entry and product variety. In
antitrust litigation, merging parties often argue that the arrival of new entrants mitigates
the increased market power resulting from a merger. One assumption behind this argument
is that incumbent firms do not change their product offerings. In our paper, we study the
effects of merger by addressing the following questions: Does a merger cause incumbents to
add or drop products? Do new firms enter the market after a merger? What is the overall
impact of product adjustments and firm entry on welfare? Do any changes in product variety
offset or exacerbate the negative price effects on consumer welfare? How does a fixed cost
merger efficiency influence the effect of merger on product variety?

The US craft beer industry provides an ideal empirical context to study the effects of

merger on the market entry and product variety of multi-product firms. Firstly, craft brew-



eries have recently become popular acquisition targets, and these transactions have drawn
the attention of antitrust regulators (Codog, 2018). Secondly, consumer preferences for beer
may vary widely, making product variety an important determinant of consumer welfare
in this market. Lastly, there are rich demographic variations across geographical markets,
which help to identify consumer tastes and firm costs. In our study, we focus on the state of
California, which has the highest number of craft breweries and craft beer production among
all US states, according to the Brewers Association, a trade group of the craft beer industry.

To address our research questions, we set up a model to describe consumer demand and
firm decisions in the retail beer market in California. The demand side is a flexible random
coefficient discrete choice model that allows for both observed and unobserved heterogeneity
in consumer taste. The supply side is a static two-stage game. In the first stage, each firm
is endowed with a set of potential products and chooses the set of products they will sell in
a market. If a firm chooses not to enter the market, it chooses the empty set. In the second
stage, firms observe demand and marginal cost shocks and simultaneously choose prices.

We use a newly compiled dataset to estimate our model. Our main data sources are
the Nielsenl Retail Scanner Data and Nielsenl() Consumer Panel from 2010 to 2016. We
supplement these data with information on whether a beer is considered a craft beer based
on the designation from the Brewers Association. We further augment our data by hand-
collected information on owner identities and brewery locations.

Our demand estimates reveal substantial unobserved heterogeneity in consumer tastes
and little substitution between craft and non-craft products. We obtain these estimates
by combining standard macro moments with a new set of micro moments based on the
panel structure of the consumer survey data. For example, to identify the dispersion in
the unobservable heterogeneity in consumer tastes for craft products, we use the following
intuition: if the standard deviation is large, then a household’s taste for craft products is
highly correlated over time. As a result, the expected total purchase of craft beers of a
household in a year conditional on the household ever purchasing a craft beer in that year is
large. We back out the marginal costs of beers based on the first-order conditions following
the standard approach.

We apply our method based on bounds for conditional choice probabilities to estimate
the fixed cost of product entry. This method is well suited to our empirical setting, which
features many firms and many potential products. Our empirical setting also features rich
market- and product/market-level variations resulting in variations in our bounds. Applying
our method, we find higher fixed costs of entry for products by independent craft breweries.
We also find that both the mean fixed cost of entry and the variance of the fixed cost shock

increase with market size.



Using the estimated model, we conduct a counterfactual simulation where the largest
macro brewery acquires three large craft breweries. This hypothetical merger case allows
us to examine what would happen if the current acquisition trend (i.e., a so-called macro
beer firm acquires small craft breweries) continues to the point where the craft beer market
becomes as concentrated as the overall beer market. In our simulations, we consider the role
of a fixed cost efficiency gain from the merger. Specifically, the merger allows craft breweries
to use the acquirer’s marketing networks and enjoy lowered fixed costs. Without the fixed
cost efficiency, the merged firm drops more products than what other firms add; with the
efficiency, the merged firm adds products, leading to an overall increase in product variety.
In both scenarios, new firm and product entry are not enough to offset the negative effect
of the merger on both consumer surplus and total surplus. The merger efficiency mitigates
but does not reverse the overall welfare loss.

In our empirical implementation, we define a firm’s set of potential products in a year as
all products owned by the firm available in any market in the year. In other words, we focus
on a firm’s decision to sell an existing product in a market, a decision less costly than new
brewery or brand creation. Our results show that even in such a setting that is favorable for

firm or product entry, the merger decreases consumer welfare.

Contributions and Literature Review This paper makes two contributions to the liter-
ature. First, we develop a method for estimating discrete choice games with many firms and
many decisions. Our method differs from existing methods for estimating discrete games,
such as Aradillas-Lopez and Tamer (2008) and Ciliberto and Tamer (2009), in the construc-
tion of bounds.! These papers use bounds defined by the probability that a market-level
outcome is a unique equilibrium. For example, the probability that an outcome is an equi-
librium is larger than the probability that this outcome is a unique equilibrium. Computing
such bounds, therefore, requires enumerating all possible outcomes (e.g., all possible entry
outcomes regarding each potential entrant’s entry decision) and checking whether each one
of them is consistent with the behavioral assumption of the model (e.g., Nash equilibrium).
Since the number of possible outcomes increases exponentially with the number of firms,
the computational burden may become prohibitively high in settings with many firms. By
contrast, our bounds are one-dimensional cumulative distribution functions evaluated at cer-

tain cutoffs. Computing these cutoffs does not require solving the full game. Therefore, our

'Our bounds and the bounds in these papers are not sharp. See Beresteanu, Molchanov and Moli-
nari (2011), Galichon and Henry (2011), and Chesher and Rosen (2017) for characterizations of the sharp
identification region. Other papers that also estimate an incomplete model and exploit the assumption of
undominated strategies include, for example, Haile and Tamer (2003) and Barkley, Groeger and Miller (2021)
in the auction literature.



method is scalable to settings with many firms and firm decisions. In a contemporaneous
paper, Wang (2020) proposes a hybrid approach that replaces one side of the Ciliberto and
Tamer (2009) bounds with probability bounds based on the concept of dominant strategies.
Such an approach is less computationally intensive than Ciliberto and Tamer (2009), but
still requires constructing bounds for all equilibrium outcomes and cannot scale.

Another strand of the literature on estimating discrete games exploits moment inequali-
ties derived from a necessary equilibrium condition that no firm has an incentive to unilat-
erally deviate from the observed equilibrium. These papers typically rely on a mean-zero
assumption of non-structural errors (Ho, 2009; Pakes, Porter, Ho and Ishii, 2015; Wollmann,
2018) or support restrictions (Eizenberg, 2014), and do not estimate the distribution of the
structural errors associated with the discrete actions. Our approach estimates the structural
error distribution and takes it into account in our counterfactual simulations.

Overall, our approach to estimating discrete games is scalable to large games and has
significant advantages when solving for equilibria is costly and when it is important to
consider shocks that are known to firms but unobservable to researchers.?

Second, we contribute to the literature on merger, entry response, and product variety.
A number of papers study entry defense theoretically or through simulations (e.g., Werden
and Froeb, 1998; Cabral, 2003; Spector, 2003; Gandhi, Froeb, Tschantz and Werden, 2008;
Anderson, Erkal and Piccinin, 2020; Caradonna, Miller and Sheu, 2021). Ciliberto, Murry
and Tamer, 2021 empirically analyze merger and entry in the airline industry. We contribute
to this strand of the literature by expanding the examination to multi-product firms with
endogenous product choice. In our model, because incumbents can reduce product offerings,
it is possible for a merger to decrease product variety while inducing new entry.

Another strand within this literature studies how a merger affects product variety and
welfare when there is no firm entry (e.g., Fan, 2013; Wollmann, 2018; Fan and Yang, 2020;
Garrido, 2020; Li, Mazur, Park, Roberts, Sweeting and Zhang, 2022).> We contribute to

2There are three other alternative estimation approaches. First, one can obtain a unique equilibrium with
additional assumptions and estimate the model via maximum likelihood (Reiss and Spiller, 1989; Garrido,
2020) or a simulated method of moments (Berry, 1992; Li, Mazur, Park, Roberts, Sweeting and Zhang,
2022). Second, Illanes (2017) estimates a dynamic discrete choice problem using a semi-parametric latent
variable integration method (Schennach, 2014). This approach also avoids solving a game or an optimization
problem, but depends on the availability of certain instruments and, in their absence, can result in relatively
wide (and sometimes unbounded) confidence sets of parameters. Third, in their merger simulations, Fan and
Yang (2020) make direct assumptions about the distribution of an unobserved fixed cost shock conditional
on the observed equilibrium. In comparison, the approach in this paper estimates the distribution.

3Several papers (e.g., Berry and Waldfogel, 2001; Sweeting, 2010; Jeziorski, 2015) have studied the effects
of merger on firm entry and product variety in the radio industry but do not quantify the impact of mergers
on consumer welfare because radio stations do not set prices for their listeners. Mazzeo (2002), Seim (2006)
and Draganska, Mazzeo and Seim (2009) also study entry with endogenous product choice but within the
context of an incomplete information framework.



this strand of the literature by jointly studying firm entry responses and incumbent product
adjustments after a merger to quantify the net changes in product variety.

We also contribute to understanding how merger efficiency shapes the effects of merg-
ers. While Fan (2013) considers cost synergies in operation costs in the newspaper industry
and Elliott, Houngbonon, Ivaldi and Scott (2021) study how economies of scale affect prod-
uct quality and firm investment in the telecommunications industry, this paper examines a
merger efficiency in reducing fixed costs and highlights the countervailing effects of such a
merger efficiency: on the one hand, the merger efficiency can lead to an increase in product
variety by the merging firms; on the other hand, it reduces new firm entry and new product
entry because product choices tend to be strategic substitutes. In the end, merger efficiency
only mitigates but does not reverse the merger’s negative welfare effects.

The rest of the paper is organized as follows. Section 2 explains our estimation method
and presents our Monte Carlo simulation results. Section 3 describes the craft beer market in
California and our data. Section 4 presents the empirical model. Section 5 explains the esti-
mation procedure and presents the estimation results. Section 6 discusses the counterfactual

designs and results. Finally, Section 7 concludes.

2 Discrete Games and Our Estimation Strategy

The estimation of discrete games presents several challenges. First, since there might be
multiple equilibria, the maximum likelihood approach may not apply without explicit equi-
librium selection rules.* Second, a selection issue may complicate a moment inequality
approach because the distributions of unobservables conditional on observed actions differ
across these actions. We have discussed the existing methods dealing with these issues in
the literature review part of the Introduction. In this section, we present our method by
starting with a simple model to illustrate how we define our bounds. We then explain our
estimation strategy for more general models. We present a set of Monte Carlo experiments
to compare our approach to existing methods. We then provide a discussion on when our

method is particularly useful. We conclude the section with an extension.

2.1 An Illustrative Model and Our Bounds

To illustrate our bounds, we start with a 2x2 model with two firms where each firm makes

a single binary decision. We later extend the model to a setting with more firms where

40ne exception is that Tamer (2003) considers a maximum likelihood estimator in the presence of multiple
equilibria for bivariate games without specifying an equilibrium selection rule.



each firm makes a vector of binary decisions. In this bivariate model, firms 1 and 2 decide
whether to enter market m. Let Y,,,, = 1 indicate entry by firm n in market m. If firm n
enters, its profit is Tpm (Yonm) — Crm — Cam, Where mp,, (Yo, ) is a variable profit function
that depends on the rival action Y_,,,,, Cy., is the fixed cost of entry, and (,,, is a fixed cost
shock observable to firms, which follows a distribution, F. Firm n enters market m if and

only if its post-entry profit is positive, i.e.,

Ynm =1 [ﬂ-nm (Y—nm) - Cnm - Cnm 2 O] . (]-)
Our firm behavior assumption is as follows:

Assumption 1. Y, is not a dominated strategy for n= 1 or 2.

In other words, we assume that any observed Y, is not dominated. This level-1 ratio-

nality assumption implies the following bounds for Pr(Y,,,, = 1):

Pr (Y, =1 is a dominant strategy) (2)
<Pr(Yom=1)
< Pr (Y, = 1 is not a dominated strategy) .

Given that Y,,,, = 1 is a dominant strategy if and only if (,,,, < min {7, (0), Tpm (1)} —Chm,
and that Y,,,, = 1 is not a dominated strategy if and only if (., < max {7, (0), Tpm (1)} —
Chm, it follows from (2) that

Fe (min {7, (0) , Tpm (1)} — Crn) < Pr (Yo = 1) < Fe (max {mm (0), T (1)} — Crm) -

Under the assumption that rival entry reduces a firm’s profit, the inequality can be further
reduced to

Fr (tum (1) = Co) < Pt (Yo = 1) < F (T (0) = Coamy) -

Our estimation strategy builds on these inequalities. Before we discuss the general model
and estimation, we first highlight the advantages of our bounds and compare our bounds

with those in the literature.

Advantages of Our Bounds

There are two advantages of using our bounds to estimate discrete games. First, our bounds
do not rely on any equilibrium selection assumptions. Specifically, they hold when there

are multiple equilibria, when the equilibrium selection mechanisms differ across markets, or



when there is no pure strategy equilibrium for some values of fixed cost shocks. Moreover,
because our bounds are constructed based on dominant and non-dominated strategies, they
are valid under flexible information assumptions (Grieco (2014)). Second, since our bounds
are one-dimensional CDFs, they are easy to compute. Therefore, the key advantage of using
our bounds to estimate discrete games is that it is computationally feasible even in settings
with many firms and when each firm makes multiple binary decisions simultaneously (such
as product portfolio decisions).

Our bounds are also intuitive. In a single-agent binary choice model, the inequalities
collapse into an equality used in the standard GMM estimator (McFadden, 1989). Thus, our
approach can be considered an extension of the GMM estimation of binary choice models to

a game setting.

Comparison to Bounds in the Literature

Ciliberto and Tamer (2009) Ciliberto and Tamer (2009) (henceforth, CT) assume the
outcomes observed in the data are pure-strategy Nash equilibria and construct bounds for

the probability of observing an outcome (Y3, Yo, ), denoted by Pr (Y3, Yo ), as follows:

Pr ((Yim, Yomm) is a unique pure-strategy Nash equilibrium) (3)
<Pr (Yim, Yam)
< Pr ((Yim, Yam) is a pure-strategy Nash equilibrium) .

The CT bounds are sharper than ours. The intuition is that Yj,, = 1 being a dominant
strategy is a sufficient but not necessary condition for the event that either (Y3, = 1, Y, = 1)

or (Y1, = 1,Y5,, = 0) is a unique Nash equilibrium. Therefore, we have

Pr (Y3, = lis a dominant strategy)
<Pr((Yim =1,Y2, = 1) is a unique pure-strategy Nash equilibrium)
+Pr((Y,, = 1,Y5,, = 0) is a unique pure-strategy Nash equilibrium)

In other words, the CT bounds imply a larger lower bound for Pr(Y},, = 1) than our lower
bound. Similarly, the CT bounds also imply a smaller upper bound than ours.

However, using the CT bounds for estimation in practice can be computationally chal-
lenging. First, one needs to obtain the bounds for all possible entry outcomes. With N
firms making binary entry decisions, there are 2V possible outcomes. Second, to simulate
the lower bound for each outcome (i.e., the probability that this outcome is a unique equi-

librium), one has to draw fixed-cost shocks (Cipm, Com) and, for each draw, find all equilibria



by going over all possible outcomes and verifying whether each of them is an equilibrium.
This procedure can be computationally costly, especially when there are many firms, as the

number of possible outcomes grows exponentially with the number of firms.

Aradillas-Lopez and Tamer (2008) Similarly to CT, Aradillas-Lopez and Tamer (2008)
(henceforth, AT) also construct bounds for Pr(Yj,,, Ya,,) but consider weaker assumptions
than Nash. Here we focus on the AT bounds based on the level-1 rationality assumption.
Unlike the comparison between the CT bounds and our bounds, the AT bounds are not
necessarily sharper than ours (and vice versa). For example, Y, = 1 being a dominant
strategy does not necessarily imply that either (Yi,, = 1,Ys,, = 1) or (Y1, = 1,Y5, = 0)
is a unique model implication according to level-1 rationality. There are scenarios where,
although the model implication for (Yi,,,Y2,) is not unique, firm 1 always chooses the
dominant strategy Yi,, = 1. Our bounds exploit the uniqueness of a firm’s action while the
AT bounds do not.?

Computationally, one still has to construct bounds for all possible entry outcomes, making

it challenging to estimate a discrete game in settings with many firms.

2.2 General Models and Estimation Using Our Bounds

We now describe a general model and explain how to estimate the model using our bounds.

2.2.1 General Model

We consider M markets and N firms, where each firm n makes a vector of binary decisions,
Y ..., in each market m. For example, firms decide whether to enter a market and, if so,
which subset of products from a potential set of products to sell. In this setting, Y, =
(Yim,J € Jn), where 7, is the set of potential products for firm n, and Yj,, € {0, 1} indicates
whether firm n sells product 7 in market m. Each product j is firm-specific.

We use Y,, = (Y,m,n = 1,...,N) to denote all firm decisions in the market, and
T (Y, Xnm) to denote the variable profit function of firm n, which depends on Y, as
well as a set of observable covariates, X,,,,. For example, X,,, may include the characteris-
tics of all products in the market, features of firm n, and the demand conditions in market
m. We further assume that there is a cost associated with choosing Yj,, = 1. This cost is
¢ Wim, 0) + (jm, where W, is a vector of exogenous covariates. The unobserved cost shock,

Cjm, 1s assumed to be i.i.d. and follows the distribution F¢(-, o¢).

5See Supplemental Appendix SA for a detailed comparison between our bounds and the AT bounds as
well as for a graphic illustration of the comparison between our bounds and the CT bounds.



The parameters to be estimated include the coefficients # and the distribution parameters
o¢ in the fixed cost. Researchers observe (Yjn,, Wjnm, Xum), but not the fixed cost shock
Cjm- The variable profit function m, (Y, Xym) is either known or has been estimated.
For example, one could follow the standard literature in Industrial Organization to estimate
demand and marginal costs and then obtain the estimated variable profit at a Nash-Bertrand
equilibrium for any given Y ,,.

We define the change in a firm’s variable profit when Yj,,, turns from 0 to 1:
Aj (Y—jmy Xnm) = Tn (Y;m = 17 Y—jm7 Xnm) — Tn (Y;m = 07 Y—jm; Xnm) ) (4)

where Y _j,, = (Yjm, j' € Up T, 5 # j). Given the discrete nature of Y _;,,, the following
minimum and maximum changes in variable profits exist: A; (Xpm) = miny_, A;(Y _jn, Xom)
and A; (X)) = maxy_ . A; (Y _jm, Xom). Since m, (Y, Xpp) is either known or esti-
mated, so are A; (X,,) and A; (X,

Following the discussion in the previous section, we can see that the bounds of the

conditional probability Yj,, = 1 given X, and Wj,, are:

Fe (4 (Xam) = ¢ (Wi, 0) ,0¢) (5)
<P (ij =1 |Xnmv ij)
( J (I/ijve) ’UC) :

We define the following moment functions:

L (Y;ma Xnma ija 97 UC) = FC <Aj (Xnm) —C (I/V]m, 9) 7UC> -1 (Y;m = 1) ) (6)
H (Yims Xnm, Wi, 0,0¢) = 1 (Vi = 1) = Fe (45 (Xom) = ¢(Wym, 0) ,0¢) -

The inequalities in (5) imply the following conditional moment inequalities:

E (L (Y}vm Xom, Vij, 0, 0’{) |Xnm, VVJW)
E (H (}/}W” Xnm’ I/I/Jm7 0 UC) | nm; Vijm)

IN

0, (7)
0.

IN

2.2.2 Identification

The identification of (¢, 0.) based on the inequalities in (5) is similar to the idea of special
regressors in entry games (Ciliberto and Tamer, 2009; Lewbel, 2019). To identify our pa-
rameters, we exploit exogenous variations in X,,, and Wj,,. For example, to identify the

coefficient in 6 that corresponds to an indicator variable, we compare the entry probability

10



conditional on this indicator being 1 versus 0, holding other covariates fixed. Similarly, to
identify the coefficient of a continuous variable, we examine how entry probability varies
across different ranges of the continuous variable. Exogenous variations in X, and Wj,,
are also helpful for identifying the distribution parameters o.. For example, consider a dis-
tribution of (j,, that is fully specified by its variance. If the variance is large, the upper
and lower bounds will show little co-variance with the covariates. In the special case where
(jm follows a symmetric distribution, both bounds in (5) approach 0.5 as the variance in-
creases. On the other hand, when the variance is close to 0, both bounds are close to 0 if
Aj (Xpm) — ¢ (Wjn,0) <0 or close to 1if A; (Xpm) — ¢ (Wjn,,0) > 0. Therefore, if the vari-
ance is small, the model predicts large jumps in entry probabilities even with small changes
in the covariates. Both the lack of sensitivity of entry probability to covariates (in the case
of a large variance of (j,,,) and the high sensitivity (in the case of a small variance) can be
tested by data.

2.2.3 Estimation

Moment Inequalities Following the literature on conditional moment inequalities, we

transform the conditional moment inequalities in (7) into unconditional ones:

1
E ( ST L Y, Xoms Wim, 0,0¢) - 6% (Xum, ij>) <0, (8)
#J =

E (#Z > H Y, X, Wi, 0, 0¢) 9" (Xpm, ij)) <0.
JjeJ

Inside the expectation in (8), we average over potential products because even when the

fixed cost shock (j,, is independent across j, the entry decisions Yj,, across j within the

same market m may be correlated due to strategic interdependence among firms. However,

the entry decisions Y ,, are independent across markets.® The functions g(k) (Xom, Wim) , k=

1,..., K are non-negative and capture information contained in the conditioning variables.

We define these functions below.

Approximate A;(X,,,) and A;(X,,,) To compute the moment functions, we need to
Aj(Y _jny Xom) and A; (X)) = maxy . A (Y _jimy Xom),

where A; (Y _jy,, Xy ) is the change in firm n’s expected variable profit when product j joins

compute 4; (Xy,) = miny_,, i

the market, as defined in equation (4). Directly solving for the minimum and maximum of

6 Averaging over potential products is not strictly necessary. One could account for the correlation among
observations indexed by jm and adjust the estimate of the covariance matrix of the moments accordingly.

11



the expected profit across all possible values of Y _j,, may be computationally prohibitive

because there are 2Uength of ¥ —jm)

possible values of Y _;,,, and for each value of Y _j,,, one
needs to solve a pricing game for multiple simulated draws of demand and marginal cost
shocks in order to compute A; (Y _j,,, Xpm). Economic intuition suggests that, because
products are substitutes, we can approximate the minimum and maximum by, respectively,

the following:
A (Xom) = A5 ((1,..,1), Xpm) and A (Xp) = A5 ((0,...,0), Xpm) -

These approximate extrema are exact for entry games such as those in Berry (1992), Seim
(2006), Ciliberto and Tamer (2009), Sweeting (2013), and Berry, Eizenberg and Waldfogel
(2016). For more general demand and pricing models such as ours in the empirical part of
the paper, we find that the approximate extrema coincide with the true values in all of our

computational experiments.”

Non-negative Functions We define our non-negative functions g (X, W;,,) in (8)
as functions of A; (Xym), A; (Xom), and Wj,. In practice, we have found A; (Xpm) and
A; (X,m) to be informative summary statistics of the long vector of covariates capturing
market structure and the characteristics of each potential product. The vector Wj,, includes
covariates in the fixed cost function. The extrema A; (X,m,) and A; (X,,,) are continuous
variables while W}, can include both continuous and discrete variables.

We first consider a scenario where W;,, consists of an indicator variable. We specify a

series of cutoffs {b; : { = 1,..., L}. For each cutoff b;, we define the following functions:

1 (Zj (Xnm) bl) : Vij7
L (b < Ay (Xom) < A (Xom) < br) - Wi,
where ' = [+1, ..., L. We define another set of functions by replacing Wj,, in (9) by 1 —Wj,,.
Our non-negative functions g®*) (Xom, Wim) include all these functions.
When W, contains more than one indicator variables, we repeat the above process for

each indicator variable and include these additional functions in g(k) (Xoims Wim) . When W,

"We randomly sample 100 markets and H potential products from our sample. For each selected potential
product and each selected market, we hold fixed the entry outcomes of the products not in the H selected
products, and go over all possible outcomes for the other H — 1 products to find the actual extrema. For all
sampled markets and H products when H takes the value of 6, 8, or 10, we find that the approximations
coincide with the actual extrema.

12



contains a discrete variable that takes value from a finite set, we replace Wj,, in (9) by an
indicator of whether the value of this variable equals to each of the values in the finite set.
When W;,,, contains a continuous variable, we define a set of cutoffs for this continuous
variable and replace W, in (9) by an indicator of whether the value of the variable falls into
a bin defined by the cutoffs.

Inference We construct the confidence set for (6, o¢) by inverting the test in Andrews and
Soares (2010). In Appendix A, we provide details on the construction of our confidence set
and a step-by-step guide on the calculation of the confidence set.

The inference procedure takes as input the variable profit function 7, (Y ., X,m) and thus
the extrema of the change in variable profits A; (X,n,) and A; (X,,,). In empirical studies,
the variable profit function may be computed based on estimates of demand and marginal
costs. In Appendix A, we also explain how to adjust the confidence set when 7, (Y, Xum)

depends on these separately estimated parameters.

2.3 Monte Carlo Experiments

We use Monte Carlo experiments to compare both the performance and the computational

burden of our method with those in the literature.

2.3.1 Monte Carlo Experiment Setup

In our Monte Carlo experiments, we consider an entry game similar to that in Ciliberto and
Tamer (2009). Specifically, there are N potential entrants and each firm n makes a binary
decision Y,,,, € {0, 1}, where Y,,,, = 1 represents entering market m. If firm n enters, its

variable profit is:

(Y s Xom) = O (T — ¢ log(1+ 3 ZpmYurm))
n'#n

where Y ., = (Yo, 7’ # n) denotes rival firms’ entry decisions, O, represents a market-
level profit shifter, x,,, is a firm-level profit shifter, and z,,, captures the competitive effect
of firm n on other firms. The logarithm functional form follows Berry (1992), where the
competitive effects are homogeneous across firms (i.e., 2, = 1) and a firm’s profit depends
on log(1 + 3,4, Yorm). The parameter ¢ governs the magnitude of the competitive effects.
We collect all covariates in X, = (O, Tom, {20/m } o 7&”).

The fixed cost of entry is C' + 0(,,,, where the unobservable cost shock (., is assumed to

be a standard normal random variable and i.i.d. across both firms and markets. The mean
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fixed cost parameter C' and the standard deviation o are the parameters to be estimated.
We set the true values to be C' =0 = 1.

For each Monte Carlo experiment, we simulate 300 data sets and each data set consists
of 4000 markets. To simulate a data set, we draw X, for each firm and each market.
Specifically, we draw O,, uniformly between 1 and 2, x,,, uniformly between 0 and 1, and
Znm uniformly between 0 and 0.5. We draw (,,, from the standard normal distribution.
We compute the Nash equilibrium entry outcome for each market. In the case of multiple
equilibria, an equilibrium is selected at random with equal probability.

Since the profit function 7, decreases in the entry decision of a firm’s rivals, we have

min (Y s Xum) = (L s 1) Xom) = O (Tm = $log(L+ 2 zm) )

—nm

max T, (Y _pm, Xom) = T ((0, ..., 0), Xpm) = O

Based on (5), we use the following bounds in our estimation

q)(i-(om (tum—0log(1+ Y zn,m>)—0)> < Pr(Yi = 1Xo) < B(H(Op00-C)). (10)

n’#n g

where ®(+) is the standard normal distribution function.

2.3.2 Monte Carlo Experiment Results

We first present the coverage probability of our 95% confidence set containing parameter
values of C' and ¢ in the neighborhood of the true parameter value (i.e., (C,0) = (1,1)).
Specifically, for visibility, we plot the coverage probabilities for C' and o separately. For
instance, for the coverage probability of C' = 0.8 (i.e. C — Ciye = —0.2), we report the
fraction of the 500 data sets where the 95% confidence set corresponding to this data set
contains (0.8, 0) for some value of 0. We do so for candidate values of C' from —1 to 3 and
o from exp(—1) to exp(3).

Figure 1 compares the coverage probabilities, for C' in panel (A) and ¢ in panel (B),
using our bounds versus the CT and AT bounds. Each row in these two panels correspond
to a different number of potential entrants N = 2, ...,4, and each column corresponds to a
different value for the competitive-effect parameter ¢ = 0.4,0.5,0.6, and 0.7. From the lower
and upper bounds in (10), we can see that the gap between the bounds depends on both the
number of firms N and the competitive parameter ¢. Therefore, as we vary N and ¢, we
tighten or widen our bounds. Specifically, as N or ¢ increases, our bounds become wider.

We have three findings from these comparisons in Figure 1. First, using all three bounds
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Table 1: Computation Time: FY vs. CT vs. AT Bounds

N (#Potential Entrants) FY (s) CT (s) AT (s)
2 0.017 0.341 0.017
3 0.014 0.739 0.084
4 0.022 1.930 0.452
) 0.023 5.580 1.682
6 0.021 21.743 13.891
7 0.016 151.646 132.086
8 0.126 1459.528 1421.882

Note: the table reports the computation time required to evaluate the test statistic used for constructing
the confidence set once. The three columns correspond to our bounds (FY), the Ciliberto and Tamer (2009)
(CT) bounds, and the Aradillas-Lopez and Tamer (2008) (AT) bounds.

(i.e., our bounds — labeled FY, the CT bounds, and the AT bounds), the coverage probability
decreases for parameter values further away from the true value. Second, FY’s coverage
probability is higher than CT’s, but lower than AT’s. This finding is consistent with our
discussion on the comparison of our bounds to the CT and AT bounds in Section 2.1, i.e.,
while the CT bounds are sharper than ours, there is no clear ranking between our bounds and
the AT bounds. Third, FY’s and AT’s coverage probabilities increase as N or ¢ increases.
This result is expected because the gap between bounds in both estimators increases in N
and ¢. However, even for the largest N and ¢, FY’s coverage probability decreases quickly
for parameters away from the true values.

Turning to the computational burden of the three methods, we report the time needed to
evaluate the test statistic used for constructing the confidence set. Specifically, we compare
the time needed to compute the test statistic once using our bounds versus the CT and AT
bounds in Table 1.8

Table 1 shows that our method’s computational advantage grows exponentially with
the number of potential entrants in a game. Across the three columns of the table, the
computation time of FY bounds is consistently smaller than that of either CT or AT bounds.
Across the rows, the computation time of FY bounds is relatively stable as the number of
potential entrants (/V) increases. In contrast, the computation time using the CT and AT
bounds increases from less than 1 second to more than 23 minutes. The FY bounds are
scalable because they only require evaluating one-dimensional CDFs. In contrast, CT and
AT bounds require enumerating all possible market outcomes, the number of which grows

exponentially as the number of potential entrants increases.

8The results are computed on a cluster using Intel Xeon Gold 6154 processors (2x 3.0 GHz). We use 500
simulation draws of ({1, (2m) to simulate the CT bounds.
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2.4 Discussion

In this section, we provide a further discussion on the computational advantage of our method
and the tightness of our bounds. With many firms, FY bounds’ computational advantage
is greater, but so is the gap between the bounds. We discuss the trade-off between the
computational savings and the identifying power of our bounds below.

First, it is worth noting that as the number of firms increases, while the computational
advantage increases exponentially, we expect the gap between our bounds to increase at a
lower, possibly diminishing, rate. For example, the profit difference between a duopolist
and a triopolist is typically smaller than that between a monopolist and a duopolist.” As a
result, having a large number of firms does not necessarily mean our bounds are too wide to
be useful.

Moreover, the tightness of the bounds also depends on the nature of competition between
firms and is ultimately an empirical question. Generally, when products are more heteroge-
neous, firm profit is less sensitive to the entry of a competitor. As a result, our bounds are
tighter. Therefore, regardless of the number of firms and products, we expect the identifying
power of our bounds to be stronger in settings where there exist a sizable group of products

that are quite differentiated from the rest of the products.

2.5 Extension

So far, we have assumed that the unobserved cost shock is i.i.d. In this section, we extend
the model to allow for correlated shocks. We first explain how an additional set of bounds
can be constructed and used to identify the correlation using the illustrative model in Section
2.1. We then extend the general model in Section 2.2 and explain the estimation details.

Finally, we show the results of the Monte Carlo experiment for this extension.

2.5.1 Extension to the Illustrative Model and Additional Bounds

We first extend the illustrative model in Section 2.1 and allow unobserved cost shocks (i,
and (o, to be correlated. To estimate the correlation in unobserved cost shocks, we consider

the bounds for the probability of Pr (Y, = 1,Y5,, = 1). The level-1 rationality assumption

9See Bresnahan and Reiss (1991) for an early work establishing this result. Berry (1992) specifies and esti-
mates a profit function linear in the logarithm of the number of firms to capture the diminishing competition
effect as the number of firms increases.
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implies the following:

Pr (Y., =1 is a dominant strategy for both n =1 and n = 2)

< Pr (Y, =1 is not a dominant strategy for either n =1 or n = 2).

To save notation, we define 7, = max (T, (0), Tpm (1)) and m,,,,, = min (T, (0) , Tpm (1)).

The bounds above can be expressed as

PI‘ (Clm < T1m — Clm; <2m < Tom — CQm) (11>
SPI‘ (Ylm = 17}6m = 1)

<Pr(Cim < Tim — Cims Com < Tam — Com)
which can be further rewritten as

PI‘ (Clm < Ty — C’lm |(2m < oy — OQm) : Pl” (<2m < Tom — CQm)
SPI‘(}/lm = ]-7}/2771 = ]-)

S Pr (Clm < ﬁ1m - C’1m |C2m < f2m - CQm) - Pr (CZm < ﬁ2m - O2m) .

As the correlation between (i, and (s, increases, the conditional probability Pr((y, <
T — Cim [Com < Topm— Co) increases, making the lower bound more likely to be violated.
Conversely, as the correlation decreases, Pr (1, < Tim — Cim |Com < Tom — Capm ) decreases,
making the upper bound more likely to be violated. Therefore, these bounds are informative

about the correlation.

2.5.2 Extension to the General Model and Estimation with the Additional

Bounds

We now extend the general model in 2.2 and allow the unobservable fixed cost shock ¢,
to be correlated. We continue to use o, to denote the parameters governing their joint
distribution.

For each pair of potential products (7, j'), the analogy of the inequalities in (11) is:

Pr (ij < AJ(Xnm) - C(Vijv 0)7 Cj’m < Aj’(Xnm) - C(M/j”ﬂu 0), JC)
<Pr (me = 17 )/j’m =1 |Xnm7 ij7 VVg’m)
<Pr (Gm < B5(Xam) = c(Wym, 0), Grm < Byr(Xoum) = (W, 0); 0¢) -
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The resulting new moment functions are

L Y Yioms Xnms Wim, Wirm, 0, 0¢)

= Pr (G < A5 (Xum) = (Wi, 0), Gim < Ay (Xn) = (Wi, 0); 0¢)
=1 (Yjm = 1L, Yjm = 1),

H (Yim, Yjm, Xnms Wim, Wirm, 0, 0¢)

= L(Yjm = 1L, Yjm = 1)

= Pr (Gm < B5(Xam) = (Wi, 0), Grm < Ayt (Xm) = (Wi, 0); 0¢) -

In estimation, we combine the moments based on a single product’s entry probability in

(8) with the following additional moments:

1
El1 L (Yims Yoms Xoms Wi, Wi, 0,0¢) - ¢% (Xpm, Wim) | <0
5#‘7 (#T — 1) {06555 €T.5#5'}
1
E 1 H(}/jmuifj’manmyij,‘/[/j’m,e,o-(:) : g(k) (Xnm7ij) S 0
5#5 (#T — 1) {0:d)55'€T 5#3'}

as well as the above moments where g*) (X,,,,, W;,,) is replaced by ¢®) (Xpm, Winm).
One could also additionally consider analogous inequalities for triplets or quadruplets of

potential products.

2.5.3 Extension to the Monte Carlo Experiment

We extend the setup of the Monte Carlo in Section 2.3 by adding a market-level fixed cost
shock. Specifically, the fixed cost of entry is now C + Cupm + 0™*(,,,, where ¢, represents a

mkt — 1. Figure 2 shows

common market-level fixed cost shock. We set the true values to be o
the coverage probability for parameter values in the neighborhood of the true parameter
values for C, o, and 0™**. Again, FY’s coverage probability is slightly larger than CT’s but

smaller than AT’s.
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Figure 2: Coverage Probabilities: FY vs. CT vs. AT Bounds, Allowing for a Market-level Fixed
Cost Shock
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3 Empirical Background and Data

We apply our method to study how a merger can affect firm entry and product variety in
the retail craft beer market in California.!® This setting features many firms and many
products. For example, there are 26 breweries producing 95 craft products in the sample in
2016. As a result, while existing methods may be computationally prohibitive, our method
is well suited.

Our analysis is based on a new dataset that we compiled from various sources. The
primary datasets are the market-level data in the NielsenlQ Retail Scanner Data and the
micro-level panel data in the NielsenI(Q Consumer Panel between 2010 and 2016. We define
a product to be a brand in the NielsenlQ data. We aggregate the NielsenlQ scanner data
from its original UPC/week level to a product/month-level dataset by homogenizing the
size of a product (a unit represents a 12-ounce-12-pack equivalent), adding quantities across
weeks within a month, and using the quantity-weighted average price across weeks within a
month as a given product’s price in a given month. We then supplement the dataset with
information on whether a beer is considered a craft beer based on the designation by the
Brewers Association. We also add hand-collected data on the identities of the corporate
owner and the brewery as well as the location of the production facility for each product
in our dataset. We define a firm as a corporate owner. A firm can own multiple breweries

and products. Finally, we merge the data with county demographics obtained from the US

0There has been growing interest in the market structure of the craft beer industry. For example, Trem-
blay, Iwasaki and Tremblay (2005) document the entry of microbreweries in the US. Elzinga and McGlothlin
(2021) analyze a macro brewery’s acquisition of a craft brewery. Bronnenberg, Dubé and Joo (2022) study
the formation of preferences for craft beer and its implications for the future market structure of the indus-
try. California accounted for 18% of craft beer volume and 12% of craft breweries in the nation, the highest
among all US states according to the 2015 Brewers Association estimates.
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Table 2: Annual Total Quantity, Prices, and Numbers of Firms and Products

Total Quantity Avg. Price # Firms # Products
(12-0z 12-pk equiv) (2016 $) Per Year Per Year
Craft 4,710,634 17 35 129
All 53,155,825 11 54 263

Note: for each year from 2010 to 2016, we first calculate a year’s total and craft beer quantities, quantity-
weighted average prices, number of firms and number of products, and then take the average across years.

Census.

In our analysis, we define a market as a retailer-county pair. The NielsenlQ consumer
panel data suggest that cross-retailer shopping is rare. For example, we find that over 80%
of households in our study purchase all of their beer from one retailer-county combination
in 2016. This finding is consistent with those of Illanes and Moshary (2020) and Huang,
Ellickson and Lovett (2022), who find little evidence of retailer competition in the spirits
category. In our estimation, we define market size as the average monthly alcohol sales in a
market (in the unit of a 12-ounce-12-pack equivalent) multiplied by 8, which is the average
number of household trips per month in the panel data.!!

We consider a product to be available in a market in a calendar year if the product’s
monthly sales are more than 20 units for more than 6 months in the market in the year.
Moreover, for craft products, we keep those produced by the top 60 craft breweries according
to their national volumes in the 2015 Brewers Association production data. We thus focus on
breweries established in the 1990s or earlier. In the end, our sample covers 91% of California’s
craft beer quantity in the NielsenIQ Scanner Data across our sample periods.!?

We define a firm’s set of potential products in a year as all products owned by the firm
that are available in any market in the year. We do not consider the creation of new breweries
or brands. We focus on a firm’s decision to sell an existing product in a market, a decision
that is less costly than de novo entry.!> Therefore, our setting can be considered favorable
for firm or product entry. As we see later, even in this favorable setting, a merger can reduce
consumer welfare.

Table 2 reports summary statistics based on 110 markets present in the data every year

1 Our results are robust to alternative scaling factors.

12 Although our retail data precludes a direct comparison of the retail beer market with the “on-premises”
market (such as taprooms, bars, and restaurants), the Brewers Association estimates that the retail channel
accounts for 65% of craft beer volume (Watson, 2016). Likely due to similar data limitations, existing
research on the beer industry has also focused on the retail segment (Ashenfelter, Hosken and Weinberg,
2015; Asker, 2016; Miller and Weinberg, 2017; Miller, Sheu and Weinberg, 2021; Dépper, MacKay, Miller
and Stiebale, 2022; Hidalgo, 2023).

13We have limited information on product characteristics. Moreover, many features of a beer are difficult
to quantify (e.g., aroma and mouthfeel). As a result, we include product fixed effects in our demand and
marginal cost specifications.
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Table 3: Shares of Total Quantity and Number of Products by Beer Types

Ale Lager Light
Quantity
Craft 69.10% 29.34% 0.71%
All 11.95% 46.07% 40.94%
Number of products
Craft 65.82% 27.44% 0.50%
All 43.11% 40.38% 7.60%

Note: the shares reflect the respective proportions of the total quantity from 2010 to 2016, or of the total
number of unique products in these years.

from 2010 to 2016. These markets account for 82% of the total quantity from all markets
and years. The table shows that the annual craft beer sales in the sample are, on average,
about 5 million units, which accounts for roughly 10% of total beer sales for a given year.
The average price for craft beer is around 17 dollars per unit in 2016 dollars, which is higher
than the average beer price of 11 dollars per unit. Although craft beer sales account for only
10% of the total market, the number of craft firms and products make up more than half of
the market.

Table 3 provides a breakdown of the sales and number of products by beer types. Among
craft products, ales constitute 66% of the product counts and 69% of sales. Lagers account
for 29% and 46% of the craft and overall beer market share, respectively. While light beers
account for 41% of the overall beer sales, their market share within craft products is only
0.71%, and this pattern has remained stable over time.

A key primitive in the product variety decisions is the fixed cost of product entry. Ac-
cording to our interviews with industry experts,'* the main cost of product entry is a flow
cost of the marketing support that a firm needs to provide to a retailer in a local market. By
contrast, the sunk cost of convincing a retailer to carry a brewery’s products or contracting
with a distributor seems negligible compared to the fixed cost of marketing support. In
our setting, it is illegal at both the federal and state level and extremely rare for grocers
or distributors to charge slotting fees. California has its own tied-house laws that expand
on federal statues prohibiting “tied-houses”, which refer to vertical relationships between
manufacturers and retailers that exclude small manufacturers such as craft breweries from
placing their products with retailers. In addition, California passed competition laws that

further prohibit payments for stocking products (Croxall, 2019).

4They are the Chief Economist, Bart Watson, and the General Counsel, Marc Sorini, at the Brewers
Association.
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4 Empirical Model

4.1 Demand

We use a random coefficient discrete choice model to describe consumer demand for beer.
A product’s characteristics include its flavor type (ale, lager, light, and others),'® whether
it is imported from outside North America, and whether it is designated as a craft product.
These characteristics can overlap. For example, a beer could be a lager, North American,
craft beer. These characteristics of product j are captured by a vector of indicator variables
x; = (xale,x?ger,x?ght, x;mport,xfaft). We allow both household income and unobservable
heterogeneity to affect preferences. We specify the utility function of household 7 in market

m from product j in month ¢ as

WUjjmt = (oov; + Koyi) + (a + F&ayi)pjmt (12)
1 1 i light _light
i O_aleyialex?le + O_lagerl/iagerwjager + O,hghtyilg leg

. o . o f f
:l i; ! 1 E rdemand ! 1 E rdemand ! E demand
j“L _] m t

demand, craft demand, craft
+ FE, + FE; + Eimt + Eijmts

Vicraft + /icraft

where y; is the natural logarithm of household i’s annual income and VZ-(') is the household-
specific unobserved taste shock, which follows a normal distribution and is independent across
households. Therefore, the o) parameters capture the dispersion in unobserved household
tastes while the xk parameters measure the effect of household income on tastes. We do not
include mean coefficients for «; because they are absorbed in product fixed effects. The
covariates d;,, represent the interaction between the craft indicator and a set of indicator
functions for whether the distance from the brewery’s nearest production facility to the
market falls within a certain distance range. Distance potentially plays an important role in
demand as a local beer may lack name recognition outside its local market (see, for example,
Tamayo, 2009). Moreover, its importance may be different for craft vs. non-craft products.
We also include in our model product fixed effects (FE{*™*4) as well as market and month
fixed effects to capture unobserved factors that may vary at these levels. We allow both the
market and month fixed effects to be different for craft and non-craft products and denote
these fixed effects by (FREdemand p pdemand, crafty oy (fp pdemand  p pdemand, crafty = ppe eppop
term &j,¢, therefore, captures the transient, month-to-month variations of demand shocks

specific to a product, market, and month combination. Finally, the last term in (12), €;jmt, is

15Some examples in the category of “others” include stout, porter, and near beers, which collectively
account for 1% of the craft quantities.
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a household’s idiosyncratic taste, which is assumed to be i.i.d. and follows a type-1 extreme
value distribution.

Overall, our demand specification gives us the market share St (Pjmt, P—jme) of product
J in month ¢ and market m, where p_j;,: is a vector of the prices of all other products
in market m and month ¢. Other determinants of demand (product characteristics, fixed
effects, and demand shocks of all products in the market) are absorbed by the subscript jmt
of the function s;, (-,-). Multiplying the market share by the corresponding market size

then gives us the demand for product j, Djmt (Pjmts D—jmt)-

4.2 Supply

The supply side describes firms’ product and price decisions. In each market, firms simul-
taneously choose which beer products, if any, to sell.'® This product choice is made at the
beginning of each year 7 and is fixed throughout the year. Then, in each month ¢, firms
simultaneously choose the retail prices for their products.

Specifically, we model the supply side as a two-stage static game. In the first stage, at the
beginning of year 7, firms observe fixed costs for all potential products and simultaneously
decide on a set of products to offer in market m. In the second stage, at the beginning of
month ¢, the demand and marginal cost shocks (&, wjm:) are realized, and firms choose
the retail prices for their products in market m.

Firms observe fixed costs for all potential products when making their product decisions.
However, the demand and marginal cost shocks (¢, wjm:) are realized after firms have cho-
sen which products to sell. This timing assumption is the same as that in Eizenberg (2014),
Wollmann (2018), and Fan and Yang (2020), but different from two recent papers on entry
or product repositioning in the airline industry (Ciliberto, Murry and Tamer, 2021 and Li,
Mazur, Park, Roberts, Sweeting and Zhang, 2022), which assume that firms observe demand
and marginal cost shocks as well as fixed cost shocks when making entry decisions. In other
words, they account for selection based on all these shocks. By contrast, we allow for selec-
tion based only on unobserved fixed cost shocks and address selection based on unobserved
demand and marginal cost shocks by including a large number of fixed effects in our demand
and marginal cost functions. Specifically, we include product-, market-, and time-specific
fixed effects. The remaining unobservables are month-to-month product/market-level tran-
sient shocks. We find it reasonable to assume that firms do not observe them when making

product choices. We also show later that the estimated shocks play a small role in explaining

16 As mentioned, federal and state laws prohibit practices that hinder the entry of craft breweries into
the retailer market. These laws motivate our assumption that breweries make their own entry and product
variety decisions. This simplification keeps our model tractable.
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demand and marginal costs.

Stage 2. Pricing In month ¢, firm n chooses prices pj,,; for all j € Ty, to maximize its

variable profit:

max Z (pjmt - mcjmt) Djmt (pjmtvp—jmt) . (13)

imt,J €T .
Pjimt,] nmT FETnmr

The marginal cost mcj,; is decomposed into a product fixed effect F'E™, a market fixed
effect FE7°, a month fixed effect F'E*°, the effect of facility-market distance d;,,,7y to account

for any transportation cost, and a product-market-month specific shock wj,,;:
mejme = FE + FEL + FEM + FEZ® oraft 4 popme, craft dim?Y + Wjme. (14)

We again allow both the market fixed effects and the month fixed effects to be different for
craft and non-craft products.

This pricing model essentially assumes that the retail price of a product is the whole-
sale price plus a fixed markup for the distributor and the retailer. In fact, because we in-
clude product-, market-, and month-specific fixed effects in our specification of the brewery
marginal cost, this markup can vary at the product, market, and month levels. We only need
to assume that markups for distributors and retailers do not change in our counterfactual

simulations.”

Stage 1. Entry and Product Decisions At the beginning of year 7, firm n is endowed
with a set of potential products J,, and decides on the set of products [J,,. to offer in

market m. The profit-maximization problem at this stage is:

max  Tpm (jnm‘ra j—an) - Cnm (jan) s (15)

Jan anT

where T (Tnmrs J—nmr) 18 the expected variable profit and C,,, (Jumr) is the fixed cost.
We now derive the former and specify the latter.

To derive firm n’s expected variable profit mm (Jnmrs J—nmr), We plug the second-stage
equilibrium prices into its profit function, take the expectation over the transitory de-
mand and marginal cost shocks, and sum over all months in a year. Formally, we use
J—nmr to denote the set of products that firm n’s competitors sell in market m. Let
Pimt (Tnmrs T—nmr) and Qjme (Tnmrs J—nmr) denote the second-stage equilibrium price and

quantity, respectively, which depend on the observable covariates (x;, d;.), fixed effects

I"Miller and Weinberg (2017) show that a double marginalization model where a brewery first sells to
retailers does not significantly change their merger simulation results.
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(FEfomand | ppiemand | pplemand ppme pEne . FER) as well as the shocks (€jme, wjme) for
all products in market m. Let & = (Ejme, J € Tnmr U T—nmr) be the collection of demand
shocks for all products in market m and define w,,; for the marginal cost shocks analo-

gously. Let 7T, represent all months of year 7. Then, firm n’s expected variable profit,

Thm (jnmq—a j—nmr) in (15) is:
Tnm (\7an7 j—an)

= Z Egmt,wmt ( Z (pjmt (\-7an7 jfnmr) - mcjmt) : Qjmt (\-7an7 jnmr)) . (16)

teTr JE€ETnmr

The fixed cost function in (15) is specified as

Cnm (jan) = Z (ijme + UCijT) ) (17>

jGJan

where Wj, is a vector of covariates including, for example, whether product j is produced
by an independent craft brewery, whether its brewery is in CA, and the market size. We
assume the fixed cost shock (jy,, is i.i.d. and follows a standard normal distribution in our

baseline specification.'®

5 Estimation

5.1 Estimation of Demand Parameters and Marginal Costs
5.1.1 Estimation Procedure

We combine the aggregate product/market/month-level data on prices, product characteris-
tics, and market shares with the individual/month-level panel data on household purchases
to estimate demand parameters. Specifically, we rely on the market share data to identify
the mean taste coefficients (a, 5) and fixed effects (FE{omard, fEdemand | [ pemand) “YWe ex-
ploit the panel data and the correlations between household income and beer purchases to
identify the standard deviations of the unobservable consumer heterogeneity (o parameters)
as well as the effect of household income on consumer tastes (k parameters). We estimate

these parameters using the Generalized Method of Moments approach, where we combine a

18We consider two robustness analyses in Supplemental Appendix SC. In the first extension, we add a
market-specific shock A(,. to (17) in a robustness analysis, where (,,, is common to all products in a
market, and follow the estimation procedure in Section 2.5. In the second robustness analysis, we extend
our model and estimation method to allow for (dis)economies of scope in fixed costs. Our results are robust
to both extensions.
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Figure 3: Price of Barley
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set of macro moments with two sets of micro moments.!?

We construct macro moments based on instrumental variables consisting of the interac-
tions of global barley prices with beer types to address potential price endogeneity. Barley
is a common ingredient in almost all beers. Figure 3 plots the monthly price of barley in
dollars per metric ton and shows fairly large monthly variations.?’

We construct a new set of micro moments based on the persistence of a household’s
purchasing decisions to identify the standard deviation parameters. For example, a large

value of geraft

indicates that a household’s preference for craft products is highly correlated
across months. That means if a household ever purchases a craft product in a year, it
is likely to purchase many craft products throughout the year. More generally, if we use
¢l = .7 ¢l to denote a household’s purchase of beer type f (f € {ale, lager,...}) in year
7, then matching the conditional mean F (qu | qu > 1) helps to identify the parameter o/.

Similar moments are also useful for identifying the correlation between taste shocks. For
example, if a household that prefers type-f products tends to dislike type-f’ products, then
conditional on a household ever purchasing a type-f product, the household should buy few
if any type-f’ beers throughout the year.

Specifically, in constructing these micro moments, we match the model predictions of the

following moments to their empirical counterparts:?!

o A household’s expected annual purchase of a certain type of beer conditional on pur-

9Grieco, Murry, Pinkse and Sagl (2021) suggest combining the macro data with the micro data into
one likelihood function for estimation. As pointed out in their paper, the efficiency gain from doing so
is modest when the size of the micro data is small compared to the market size, which is the case in our
paper. Moreover, we include a large set of fixed effects, which makes GMM estimation more computationally
tractable than MLE estimation.

20Data source: https://fred.stlouisfed.org/series/PBARLUSDM

21See Supplemental Appendix SB for computational details.
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chasing at least one unit of this type of beer in the year, i.e., F (quT | ql-fT > 1). Matching

these moments helps to identify o7.

o A household’s expected annual purchase of a certain type of beer conditional on pur-
chasing at least one unit of craft beer in the year, i.e., F (qlfT | gsraft > 1) . Matching

these moments helps to identify the taste correlation between craft and type-f beer.

e A household’s expected annual purchase of beer conditional on purchasing at least
one unit of beer in the year, i.e., F (g | ¢;- > 1), where g;, is a household’s total beer

purchase amount over a year. Matching this moment helps to identify oy.

We construct a second set of micro moments similar to those in Petrin (2002) to identify the

effect of household income on consumer tastes:

o The ratio of average expenditure over average purchase quantity in a year among house-
holds whose income falls into a bin Z, i.e., F (expenditure, |y; € Z)/E (¢ |lyi € 1),
where the log-income bins Z are log (0, $50K7, log ($50K, $100K], or log ($100K, +00).%

Matching these moments helps to identify the income effect on price sensitivity, k.

o B(graft| gt > 1 y; € T), which helps to identify x2f,

1T —

e FE(qir|gr > 1,y; € Z), which helps to identify .

Our estimation of marginal costs is standard and follows Berry, Levinsohn and Pakes (1995).
We back out marginal costs based on the first-order conditions of the profit maximization

problem in (13).

5.1.2 Results on Demand and Markups

Table 4 reports the demand estimation results. The estimated o parameters indicate signif-
icant heterogeneity in preferences for craft products, imported products, and flavor types.
For example, the estimated standard deviation of the unobservable heterogeneity in con-
sumer taste for craft products 6 is 2.45. To understand the magnitude of this estimate,
we compare it to the price coefficient of a household with an income of $50,000, which is
—1.50 + 0.08 - log ($50,000) = —0.63. Therefore, the estimated 5°#* is equivalent to a price
change of 2.45/0.63, or 3.89 dollars.

expenditure,

22 An alternative moment is the average price F < Ty € I>. However, computing this mo-

T
ment is more cumbersome. It requires drawing both vlf and ¢;; to simulate this moment but only vif to
simulate the moment in the text.
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Table 4: Demand Estimates

Unobserved 00 0.001 Income Effect KQ -1.34
Heterogeneity (0.01) (0.02)
otle 2.03 eraft 0.84
(<0.01) (0.02)
olager 0.86 Ka 0.08
(<0.01) (<0.01)
olight 2.56
(<0.01) Price Coefficient o -1.50
grimport 1.82 (0.03)
(<0.01)
geraft 2.45 Distance bin/Craft FE Yes
(<0.01) Product FE Yes
peraft-light -0.75 Market/Craft FE Yes
(<0.01) Time/Craft FE Yes

Note: Standard errors are in parentheses.

Table 5: Selected Micro Moments on Persistence in Purchasing Decisions

Data Model
(1) B(S2ia] S2ign>1) 750  7.72
2) B(X2idi | Si2igie > 1) 3.10  4.10
() E(Zia™ | T qp™ = 1) 556 4.07
4) E(ZZiaf T2 g™ > 1) 8.03  8.02
(5) E Zt L S gt > 1) 2.86  2.57
(6) B (X2 q5 | o2, g5 > 1) 3.93  4.12

The dispersion parameters o) are estimated by matching the micro moments that cap-
ture the persistence in a household’s purchasing decisions. Table 5 shows the model fit for
these micro moments. For example, from Row (6), we see that the average per-household
annual craft purchase among households that purchase at least one unit of craft beers is 3.93
in the data and 4.12 according to our estimates. Compared with the unconditional average
per-household annual craft purchase of 0.37 units in the data, this micro moment implies
that craft beers are purchased by a set of dedicated craft consumers, leading to a significant
estimate of g,

The estimation results also indicate a negative correlation between consumer taste for
craft and light beers (perft-lieht — —0.75). This finding is consistent with the summary statistics
in Table 3, which show that light craft beers account for only 0.71% of the craft beer sales

while light beers in general account for 41% of all beer sales. We find that allowing for a

light
1g and Vcraft

correlation between v is helpful for matching the conditional purchases of light
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beers given at least one craft purchase. The moment E (qiifht | geratt > 1) is 1.27 in both the
data and according to our estimated model, and it would be 1.94 according to an estimation
where such a correlation is not allowed in the model.

Moreover, we find heterogeneity in consumer tastes across income levels. Specifically,
high-income households are less likely to purchase beer (59 < 0), have a stronger preference
for craft products (/%Cfaft > 0), and are less price sensitive (ko > 0).

Overall, the estimated demand parameters imply that the substitution within craft prod-
ucts is larger than the substitution between craft and non-craft products. Table 6 reports
the own and cross elasticities among the top-3 non-craft and top-3 craft products in 2016.%
These elasticities suggest little substitution between craft and non-craft products. Similarly,
Figure 4 presents the histogram of the diversion ratio for a craft product to non-craft prod-
ucts (Panel (A)) and that for a craft product to other craft products (Panel (B)). Panel (A)
shows that for most craft products, almost no sales would be captured by non-craft products
if the focal craft product’s price is increased. By contrast, the distribution of the diversion

ratio to other craft products in Panel (B) has a mode of around 20%.

Table 6: Elasticities of Top-3 Craft Products and Top-3 Main Products (%)

Craft Main
-10.05 0.13 0.02 0.01 0.01 0.03
Craft 0.21 -9.40 0.02 0.01 0.01 0.03
0.04 0.02 -9.07 0.01 0.01 0.08
<0.01 <0.01 <0.01 -5.25 0.56 0.04
Main <0.01 <0.01 <0.01 0.57 -5.25 0.04
<0.01 <0.01 0.01 0.04 0.04 -8.87

We back out the marginal costs using the first-order conditions at the pricing stage of the
game and present the distribution of the quantity-weighted markup in Panel (C) of Figure
4. The median markup of craft beers is about $1.7 in 2016 dollars. Some industry sources
(e.g., Satran, 2014) put the brewer’s margin at 8% of the retail price, or $1.4 for an average
price of $17, in line with our estimates.

Finally, our observed explanatory variables account for the majority of the variations in
demand and marginal costs. The R?’s from regressing the mean utility and marginal cost on
observable covariates and fixed effects are both above 0.9, implying that after controlling for
the product-, market-, and time-specific fixed effects, the month-to-month transient shocks

(&jmt, wime) play, at most, a small role.

23Per our data agreement, we refrain from discussing the identities of beers or breweries in the data. Hidalgo
(2023) estimates the elasticities of the top macro and craft beer brands to be -3.4 and -8.3, comparable to
the elasticities reported in this table.
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Figure 4: Histograms of Diversion Ratios and Markups

(A) Diversion Ratio: (B) Diversion Ratio: (C) Craft Markups:
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5.2 Estimation of Fixed Cost Parameters

We estimate the fixed cost parameters year by year. In this section, we focus on craft products
and present our fixed cost estimation results using the 2016 data for consistency with our later
counterfactual analyses. In our estimation, one unit of observation is a potential product j
and market m combination. In this part of the estimation, we exclude small craft products?*
and markets without craft products, resulting in a total of 95 potential products, 149 markets,
and 14,155 potential product/market combinations in 2016.

In this section, we first explain a reformulation of our empirical model consistent with
the notation in Section 2.2 to follow the estimation procedure described there. We also show
data patterns that help with identification. Since we estimate the fixed cost parameters for

each year separately, we suppress the year subscript 7 in this section for exposition simplicity.

5.2.1 Reformulation of the Model

To be consistent with the model outlined in Section 2.2, we rewrite the profit function in
(15)7 i'e'7 Tnm (jnm7 j—nm) - Ejejnm (VVJme + UCij) as

T (Ynmu Y—nma Xnm) - Z 1/jm (ij‘g + O-ngm) . (18)

JE€EIn

Specifically, we now use a vector of indicators Y, € {0, 1}#‘7" to denote a firm’s product
portfolio J,., € J,, where J, represents the potential products that firm n is endowed
with. We use Y}, to denote the element of Y,,, that corresponds to product j € 7,,

24We exclude craft products that appear in fewer than 36 market-month combinations, which account for
0.22% of the craft quantity in 2016.

31



Number of Potential Product and Market Combinations

Figure 5: Data Patterns Aiding Identification
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where Yj,, = 1 if j € J.» and 0 otherwise. Therefore, the expected variable profit
Tom (Tnm, T—nm) can be written as 7, (Y um, Y _nm, Xnm), where the vector X, includes
all demand and marginal cost covariates (including fixed effects). Similarly, the total fixed

cost X ez (Wimb 4 0¢(jm) can be written as the summation over all products with Y}, = 1,
i.e., Zjejn Y;m (W]me + UCij)'

5.2.2 Data Patterns That Help with Identification

We have discussed identification in abstract for a general model in Section 2. Here, we
present data patterns in our empirical setting that help with identification.

First, for a large proportion of the observations, the minimum and maximum changes in
variable profit, i.e., A; (X,,) and A; (Xpm), are relatively close, resulting in tight conditional
choice probability bounds for these products. Panel (A) of Figure 5 plots the histogram of
the ratio A; (Xum) /A (Xym) across all combinations of potential products and markets in
2016. The median of the ratio is around 0.7. In other words, for 50% of the observations,
the ratio is larger than 0.7, where a larger ratio reflects a smaller difference between the
minimum and maximum. The tight bounds reflect that the diversion ratios of many craft
products are low (Figure 4).

Second, there are considerable variations in A; (X,,) and A; (X,,,,), and these variations
are informative about variations in entry probabilities. To see the variations in éj (Xnm)
and A; (X,m), we note that their 10% and 90% percentiles are, respectively, ($27, $1,969)
and ($39, $2,821), which differ by two orders of magnitude. To see the association between

A; (X,m) and entry probabilities, we discretize A; (X,,,) into 10 groups based on the deciles.
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Figure 6: Exogenous Variations Aiding Identification
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For each group g, we compute the average entry probability for observations jm such that
S L (4 (Xum) € 9) - Vi

s 1 (45 (Xum) € g)
the observed entry outcome. We repeat this exercise for A; (X,,,). Panel (B) of Figure 5

A (Xp,) is in this group as , where Y, € {0,1} represents

displays the average entry probabilities associated with A; (X,,) (represented by the red
solid line) and those associated with A; (X,,,,) (represented by the blue dotted line). From
the figure, we can see that the average entry probabilities increase in both A; (Xy,) and
A (Xom).

What exogenous variations in X, generate the variations in 4A; (X,,) and A (Xpm)?
In addition to variations in product characteristics as well as the fixed effects in the demand
and marginal cost functions, variations in market size also play an important role, because
everything else being equal, the returns to entry increase in the size of a market. This can
be seen in Panel (A) of Figure 6, which depicts a strong positive correlation between the
logarithm of market sizes and the number of craft products in a market.

Another source of exogenous variation is the distance between a production facility and
a market. In Panel (B) of Figure 6, we plot the unconditional distribution of distances for
all in-state craft potential product/market combinations and the conditional distribution for
observed in-state craft product/market combinations (i.e., the product is in the market in
the data).?> Panel (B) shows that the conditional distribution has more probability mass

at shorter distances than the unconditional one, suggesting a negative correlation between

25Qut-of-state craft products tend to be widely distributed and thus less affected by the distance between
their production facilities and markets. A number of such craft products in California are brewed on or near
the East Coast.
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Table 7: Estimates of Fixed Costs: Projected 95% Confidence Intervals, 2016

Craft (6)) [255.32, 533.95]
In Statex Craft (62) [-276.04, 37.57]
Market-size specific fixed cost (03)
Small market [426.52, 721.90]
Medium market [720.77, 1014.10]
Large market [2028.00, 2453.69]
Market-size specific std. dev. (o¢)
Small market [0.02, 105.80]
Medium market [1.18, 207.45]
Large market [767.59, 1044.93]

Note: Estimates in 2016 US dollars.

distance and entry. We account for these variations in variable profits by including controls

for distances in both our demand and marginal cost functions.

5.2.3 Results on Fixed Costs

We follow the estimation procedure described in Section 2.2 to estimate the fixed cost pa-
rameters, which include the parameters of the mean fixed cost (#) and the standard deviation
of the fixed cost shock (o¢).

Table 7 reports the 95% confidence set projected to each parameter. These estimates
account for the statistical errors in the estimation of variable profits. We find a higher fixed
cost for independent craft breweries and larger markets. The 95% confidence set projected
to the coefficient of the craft indicator is [$255, $583], indicating that craft breweries incur
higher fixed costs than non-craft breweries. This parameter is identified by the data pattern
that products of craft breweries acquired by macro breweries are more likely to enter a market
than those of independent craft breweries.?® To study whether fixed costs vary with market
size, we categorize markets into small, median, or large bins based on whether the market
size is below 10°, between 10° and 5x10°, or above 5x10° units, and allow fixed costs to
differ across bins.?” We find that fixed costs are higher in larger markets and the standard

deviation of the unobservable fixed cost shock also increases with market size.

26To clarify, for a craft product acquired by a macro brewery but still maintaining its craft status according
to the Brewer Association’s craft designation, we set its craft indicator to 0 in the fixed cost specification.
This is because the product benefits from the distribution and marketing networks of the larger firms, which
may affect its fixed costs.

2"The 25% and 75% quantiles of the market sizes are 0.7x10° and 4.2x10° units.
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6 Counterfactual Simulations

6.1 Counterfactual Designs

We consider a counterfactual merger where the largest firm in our sample, a so-called macro
brewer, acquires the top three to five craft producers. In other words, we study a scenario
where the trend of acquisitions in the craft beer industry continues to the point where the
concentration of the craft market approaches the level in the overall beer market.?8

In our simulation, we allow firms to adjust their craft products and hold the non-craft
product choices fixed as observed in the data (but allow their prices to change). We do
so for two reasons. First, solving a product choice game is computationally challenging
because each firm can choose any subset from its set of potential products and there are
27 of potential products gyl gubsets. We compute the post-merger product equilibrium using
the algorithm outlined in Fan and Yang (2020).2° We further ease the computational burden
by holding the non-craft product choices fixed. Second, this simplification is justified by the
estimated small substitution between craft and non-craft products.

A potential entrant is a firm observed in any market in our sample. Each firm is endowed
with a set of potential products comprised of the firm’s craft products observed in any market
in the 2016 data. In each market, a firm chooses a subset from its potential products, and
an empty subset denotes no entry. The potential product set for the merged firm consists of
the combined set of potential products. We assume that firms maximize profits at both the
product choice and pricing stages.

We conduct three counterfactual simulations. We quantify the overall effects as well
as the effects due to firm entry and those due to product changes. Specifically, in the
counterfactual simulation described above (CF1), we allow for three adjustment margins
— new entry, product adjustments, and price adjustments. In the second counterfactual

(CF2), we allow for only incumbent product adjustment and price adjustment by removing

28During our sample period, there are four observed acquisitions where a macro brewer acquired an
independent craft brewer in our sample (and other mergers involving smaller craft brewers not in our sample).
Of the four observed acquisitions, one brewer was not in our sample prior to the transaction. Among the
other three, we observe an increase in entry and product variety post-merger, consistent with the simulated
outcomes based on our estimated model, allowing for fixed-cost merger efficiency (see Section 6.2).

29Fan and Yang (2020) develop a heuristic algorithm to find a firm’s optimal product portfolio given the
portfolios of its competitors, and embed this optimization algorithm in a best-response iteration to solve for
the post-merger product choice equilibrium. The algorithm starts with an initial vector of product decisions
and evaluates whether it is profitable to add or drop a product. If a profitable deviation is found, the product
vector is updated to the most profitable deviation among all such one-product deviations, and the process
is repeated until no more profitable one-product deviations are possible. The algorithm is run with different
initial vectors to check for multiple equilibria. We find identical results for two starting points, one based on
the observed product decisions in the data and another where each firm chooses all potential products.
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the products added by new entrants in CF1 and recomputing the pricing equilibrium. In the
third counterfactual (CF3), we allow for only the price effect of the merger by restoring pre-
merger market products and recomputing the pricing equilibrium. The difference between
the outcomes in CF1 and CF3 gives us the overall product variety effect of the merger, which
can be further decomposed into the product variety effect due to new entry (CF1 - CF2) and
that due to incumbent product adjustments (CF2 - CF3). For all simulations, we sample 10
vectors of parameter values from the 95% confidence set of the fixed cost parameters.

We draw three sets of shocks: demand, marginal cost, and fixed cost shocks. We draw
demand and marginal cost shocks directly from their estimated distributions. For each sam-
pled fixed cost parameter vector, we draw fixed cost shocks from the estimated distribution
conditional on the observed pre-merger equilibrium to ensure that pre- and post-merger
outcomes are comparable. Details on how we draw our fixed cost shocks can be found in
Appendix B.

For each sampled parameter vector, we compute the simulated merger effects averaged
across the simulation draws of the demand, marginal cost, and fixed cost shocks. We report
the range of this average effect across the sampled parameter vectors as the 95% confidence

interval of the average effects.

6.2 Counterfactual Results

We present two sets of counterfactual simulation results, allowing for a merger efficiency
in one and ignoring it in the other. A merger efficiency can arise because craft breweries
could benefit from using the marketing networks of the acquirer and enjoy reduced fixed costs
(Elzinga and McGlothlin, 2021).3° According to our estimate of the parameter ¢; in the fixed
cost function, independent craft breweries face higher fixed costs. Recall that this parameter
is identified by the difference in product decisions between independent craft breweries and
craft products owned by the macro breweries, i.e., the latter products are more likely to enter
a market. Therefore, to quantify the effects of a potential fixed cost reduction post-merger,
we consider a scenario where the fixed costs of the acquired craft products decrease by the
estimated 6;, which is the extra fixed cost faced by independent craft breweries.

We report the merger effects on entry, product variety, and prices across markets in
Figure 7 and the aggregate welfare effects in Table 8. For the purpose of presentation, in

Figure 7, instead of presenting the merger effects in each of the 149 markets separately, we

30Mergers involving craft breweries may not quickly realize efficiency gains in marginal costs as craft
breweries often remain operationally independent and their beers continue to be brewed in the same facilities
in the short run. This arrangement contrasts with mergers among macro breweries, where the merged firms
relocate production and economize on transportation costs from production facilities to markets (Ashenfelter,
Hosken and Weinberg, 2015).
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Figure 7: Merger Effects on Entry, Product Variety, and Prices
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Table 8: Welfare Effects

No Merger Efficiency =~ With Merger Efficiency

(1) total surplus ($1000) [-780.05, -200.23] [-401.66, -31.24]
(2) craft beer profits ($1000) [33.02, 294.99] [25.34, 285.68]
(3) consumer surplus ($1000) [-1,075.04, -233.25] [-670.21, -152.21]
(4)  due to variety change [-91.00, 111.55] [6.08, 566.006]
(5) due to entry [1.21, 122.86] [1.14, 69.95]
(6) due to incumbent product adjustments [-111.05, -9.11] [4.94, 519.47]

Note: this table reports the aggregate welfare effects of the merger across markets. For each measure, we
report the range across the vectors of parameters sampled from their 95% confidence set. The left panel
shows the results without considering any merger efficiency, while the right panel reports the results that
incorporate reductions in fixed costs when a craft brewery is acquired by a macro brewery.

sort markets into 10 groups according to market size from group 1 (smallest) to group 10
(largest). There are 15 markets in groups 1 to 9 and 14 largest markets in group 10. Within
each group, we average counterfactual outcomes across markets weighted by their market
size.

The left panel of Figure 7 shows the merger’s effects on firm entry, product variety, and
prices without considering the potential merger efficiency. We see both firm entry and exit
post-merger (Panels (A) and (B)), with more entries than exits. New entrants bring in new
products (Panel (C)). The number of products added by new entrants is almost identical
to the number of new entrants, implying that new entrants, on average, enter with one
product. As for incumbents, merging incumbents drop products (Panel (D)) while non-
merging incumbents add products (Panel (E)). As a result, the change in the overall number
of products is ambiguous (Panel (F)). The increase in the quantity-weighted average craft
beer price (Panel (G)) is centered around 5 cents, but could be as large as nearly 15 cents,
which is about 10% of the average markup.

The left panel of Table 8 reports the welfare effects of the merger ignoring the merger
efficiency. It shows that total surplus decreases (Row (1)): while there is a gain in producer
surplus (Row (2)), consumers are worse off, with a decrease in consumer surplus of $233,250
to $1,075,040 (Row (3)). The effect of the product variety change on consumer surplus is
ambiguous (Row (4)). A decomposition of the consumer surplus change due to the prod-
uct changes indicates that while new entries recover the consumer welfare loss (Row (5)),
incumbents’ product adjustments reduce consumer welfare (Row (6)).

Overall, in the scenario without the merger efficiency gain, new entries occur and these
new entrants bring new products to markets after the merger. Non-merging incumbents also
add products. However, their positive effects are not enough to offset the negative welfare

effects from the merged firm dropping products and the increased prices.
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We now turn to simulations allowing for the merger efficiency in reducing fixed costs.
The right panels of Figure 7 demonstrate that the merging firms now add products (Panel
(D)). At the same time, there are fewer new entrants (Panel (A)) and more exits in some
market groups (Panel (B)). The number of products added by new entrants is lower (Panel
(C)). Similarly, the change in the number of products by non-merging firms also becomes
smaller or even negative in very small markets (Panel (E)). However, the total number of
products now increases (Panel (F)). At the same time, the upper bound of price changes
becomes larger, indicating that prices could increase more (Panel (G)).

With the efficiency, the consumer welfare loss is smaller but not reversed. The range
of the loss is now between $152,210 and $670,210, according to Row (3) in the right panel
of Table 8. Both new entry and product adjustment by incumbents help to mitigate the
negative welfare effect, as shown in Rows (5) and (6), leading to a positive consumer welfare
effect due to changes in product variety (Row (4)). Nonetheless, both the overall consumer
surplus change and the total surplus change are still negative.

We note two countervailing effects of the merger efficiency associated with fixed costs
on the number of products in a market. On the one hand, the efficiency can induce new
product entry by merging firms. On the other hand, the efficiency can depress new firm entry,
increase rival firm exit, and discourage product entry by non-merging incumbents, thereby
limiting the overall positive effect of efficiency gains on product variety and consumer welfare.
The latter countervailing effect exists because while prices are often strategic complements,
product offerings tend to be strategic substitutes.

In sum, the merger results in new firm entry in all markets as well as product entry
by non-merging incumbents in larger markets. The effect on product variety depends on
whether there is a merger efficiency in reducing fixed costs, and the merged firm may drop
or add products accordingly. However, in both scenarios, the merger leads to a decrease in

consumer surplus and total surplus.

7 Conclusion

We propose a new method for estimating discrete games and apply it to study merger effects
on firm entry, product choice, and prices in the California retail craft beer market. The paper
makes two contributions. Methodologically, we present a new method to estimate discrete
games. This method is easy to compute and scalable to games with many firms or many
firm decisions. Empirically, we study the effects of a merger on both firm entry and product
variety. We simulate a merger that could significantly increase the concentration of the retail

craft beer market. We find that, although new firm entry always occurs after such a merger,
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whether product variety decreases depends on a merger efficiency gain that reduces the fixed
cost. However, even in our entry-favorable setting, the impact of new entry is insufficient
to offset the overall negative effect of the merger on welfare. The merger efficiency can only

reduce, but not reverse, the consumer surplus loss.

8 Data Availability

Codes for replicating the results in this paper and information about the proprietary data can
be found in Fan and Yang (2024) in the Harvard Dataverse, https://doi.org/10.7910/DVN/MBTYTS.
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A Details on Inference and Step-by-Step Calculation
of the Confidence Set

Confidence Set

We construct our confidence set based on the inequalities in (8) by inverting the test in
Andrews and Soares (2010). With an abuse of notation, we now use 6 to denote the fixed
cost parameters including both the coefficients of covariates (originally denoted by 6) and
the parameters in the distribution of the unobservable fixed cost shock (originally denoted
by o¢). We also denote the moment functions in (8) by Z,, ;. (¢), k=1,...,2K. For the first
K moment functions, Z,, 1 (¢) is % Yier L (Yim, Xom, Wim, 0) ~g<i€) (Xom, Wijm) in (8). For
k=K+1,....2K, Z,.; (9) is 2 Yes H (Vi Xoms Wi 6) - 9575 (X, W) i (8).
Let Z,,,(0 ) (Zma(0), ..., Zim2k(0))". Then, the sample moment functions are

1 M
= = mZZI Zm(0). (A1)
Let v
) = - 3% (200 200)) (200) - 2u0)) (A2

m=1
be the estimator of the covariance matrix of v M Zy;(6).

The test statistic is given by
Ty (0) = S(VM Zy(0), Sar(6)), (A.3)

where S(Z, %) = Y3 [Z; /o;]2 is the modified method of moments test function, 0% is the
kth diagonal element of ¥, and the function [-], takes the value of the argument if it is
positive and 0 otherwise.

The critical value for the null hypothesis Hy : 8 = 6y, denoted by ¢éy(0g, 1 — ), is the
(1 — a) quantile of S(QY2(00)R + [n1:(60)]—, Qs (60)), where R ~ N(Oog, L), Qar(6) =
Dy (0) 50 (0) D32 (9), fm(&) = Diag(Sn(0)), nu(0) = (InM)~Y2MY2D1(0) 2 (6),
and [ (0)] - = ([nr1 ()], -, a2k (0)] )

We invert this test to construct our confidence set, which is {0y : Ths (6p) < éur (6o, 1 — @) }.

Step-by-Step Calculation

We now describe the steps in constructing the confidence set.
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(1) We first compute A; (Xpm), A; (Xnm), and 3" (Xom, W) for each j, n, m and k.
(2) For each candidate parameter value 0y, we compute the test statistic T/ (6p) as follows:

(i) compute Z,,(0p) by first plugging A; (Xpm) into L (Yim, Xom, Wim, o) and A; (Xpm)
into H (Yjm, Xpm, Wim,6p) and then combining them with each 3" (Xom, Wim)
to compute 7, 1 (6),

(ii) compute the sample moments Zy;() according to (A.1),

(iii) compute the sample variance estimator $,,(6y) according to (A.2),

(iv) compute the test statistic Ty (6y) according to (A.3).

(3) For each candidate parameter value 6y, we compute the critical value ¢y (6, 1 — ) as

follows:

(v) compute Dy(6y) = Diag(En(00)), Qar(Bo) = Dit'*(00)Ea1(00) Dy (05), and
e (6o) = (lnM)*l/QMl/QlA)X;/Q(Q)ZM(QO),simulate NS draws of the 2K -dimensional

random vector R from the standard normal distribution: {R, :r =1,..., NS},

(viii) find the (1 — &) quantile of {S(QV(60) R, + [12:(80)]—, Qas(60)) : 7 =1,..., NS}.

(4) To construct the confidence set, we consider a large set of parameter values and include
a point y in the confidence set if T, (0y) < épr(0y, 1 —). In practice, we use a three-step

stochastic search process.

(4.1) We find 6§ that minimizes the test statistic Th,(9).

(4.2) We repeat the following forward perturbation process 50 times. In each forward

perturbation process,
o We add to 6§ a perturbation and check whether the test statistic at the new
point is below the corresponding critical value.?!

o If it is, we save the new point as 67 and perturb it. Otherwise, we consider

another perturbation to 67.

o We continue to add perturbations in this fashion 50 times.

Each forward perturbation process yields a set of points satisfying Th/(6y) <

¢n (6o, 1 — ). We collect all such points across the 50 repetitions of the process.

31The size of the perturbation depends on the empirical application. We draw from a normal distribution

with mean 0 and a standard deviation of 3 independently for each parameter.
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(4.3) We select 100 points obtained in (4.2) and for each of them, we perform a forward
perturbation similar to the one in (4.2), but with larger perturbations.3?

The 100 selected points consist of two groups. The first 50 points are sampled

randomly from the set obtained in (4.2). The second 50 points are sampled

randomly from the points at the boundary of the confidence set obtained in (4.2),

i.e., at least one dimension of these points is the maximum or minimum along

that dimension among all points in the set found in (4.2). We do this to ensure

that we consider points beyond the bounds of the set obtained in (4.2).

In some cases, 4; and A; may depend on estimated parameters (which are estimated before
estimating €). For example, in the empirical part of the paper, the change in variable profit is
computed based on the estimated demand and marginal cost parameters. When the moment
functions depend on the estimated parameters, the estimated covariance of the moments
5 1 (0) needs to be adjusted to account for the estimation errors in these parameters. In this
appendix, § denotes the collection of demand and marginal cost parameters and B denotes

their estimates. The following steps are adjusted:

A

« In Step (1), we compute A;(Xpnm, 5), Zj(Xnm,B), and ¢ (X, ij,ﬁ).

e In (i) and (ii), we plug in A, (Xnm,ﬁ) Ai(Xpm, ), and g®) (X, Wi, B) to com-
pute Z, (6o, 3) and then Zy (6o, 3). In (iii), we simulate the sample variance from the

asymptotic distribution of the demand and marginal cost parameters as follows:

— simulate NS draws of the demand and marginal cost parameter values denoted
by {B,:r=1, ...,]VT?},

— compute A;(Xum, Br), 85(Xum, Br), 9% (Xms Wi, B,) for r =1,.., NS,
— compute Zn, (0o, B,) and then Zy (6o, B,) for r =1,..., NS,

— compute the adjusted sample variance estimator as

M NS I
iMwo):M:NSZ_l;(Zm(eo,ﬁr) Zri (00, 82)) (Zm(00, B:) = Zai(600, 8,)) -

« In (iv), we compute the test statistic Th; (6o, 3) = S(VM Zy (60, B), S1(6)).

« In computing the critical value in Step (3), we replace Zy(6o) by Z(6o,53) and plug

in the adjusted sample variance to obtain the critical value &y, (6o, B.1— ).

32Tn practice, we draw from a standard normal distribution.
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« In constructing the confidence set in Step (4), we follow the same procedure to find 6,

s.t. Thr (0o, B) < én(6, 8,1 — ).

B Details on Fixed Cost Simulation Draws in Coun-

terfactual Simulations

We draw fixed costs consistent with both the estimated distribution of fixed cost and the
observed pre-merger outcome as an equilibrium. As explained in Section 6, it is important
to maintain this consistency to properly compare the pre- and post-merger outcomes. To

obtain one such set of draws in a market m, we proceed with the following steps:

1. For each potential product j of firm n, we calculate the change in firm n’s expected

variable profit when product j enters the market as defined in equation (4),
Aj (Y—jm7 Xnm) = T (ij =1, Y—jm7 Xnm) — Tn (Y;m =0, Y—jm; Xnm) )

where we plug in the observed Y _j;,,. If product j is observed in market m, we define

a range (—o00, A; (Y _j;, Xpm)). Otherwise, we define a range (A; (Y _jn, Xom) , 00).

2. We simulate draws of the fixed costs for firm n from a truncated normal distribution
with the underlying normal distribution parameterized by mean I/ijé and variance
6?. The support of the truncated distribution is defined by the ranges obtained in step
1. These draws satisfy the necessary conditions for the observed outcome to be an

equilibrium.

3. For each draw from step 2, we check whether firm n’s best response to Y _,,,,, is indeed
Y ..., whereY,,, and Y _,,,, respectively, represent firm n’s and its opponents’ product
decisions in market m in the data. We find each firm’s best response by employing
the algorithm in Fan and Yang (2020) using two starting points, i.e., Y = (0,...,0)
and Y = (1,...,1). If the algorithm converges to Y, from both starting points, we
keep the set of draws for firm n. If at least one of the starting points does not lead to

Y ..., we go back to step 2 and re-draw the fixed costs.

4. We repeat this process for every firm n.
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