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Abstract

Multinational firms offer different bundles of products across countries due to variation in

consumer tastes and production costs, and business-stealing externalities across products. Us-

ing car-industry data, we estimate a quantitative model in which manufacturers decide where

to produce and sell their products. Firms face both complementary and substitutable deci-

sions across locations and products due to business stealing and minimum-cost sourcing. We

provide a new solution algorithm for binary integer programming problems featuring both pair-

wise complementarities and substitutabilities. We study the effect of tariffs and consumer and

producer subsidies on firms’ optimal production location and product offerings decisions. Our

quantitative exercises show that U.S. tariffs are ineffective at inducing production relocation to

the United States, and that U.S. consumer subsidies and producer subsidies affect the global

structure of production and offerings.
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1 Introduction

Multinational, multiproduct firms play an outsized role in shaping the global economy and

account for a large share of global manufacturing output and employment. Although the literature

on international trade often treats these two facets—their multiproduct nature and multinational

presence—in isolation, the choices of the group of markets to serve, the set of products to sell and

to export in each of those markets, and the location of production of these products are inherently

interdependent.

In this paper, we study how policies influence the global production decisions of multiproduct

firms, highlighting the interactions between country-specific demand, supply, and trade policies

and shocks. As firms optimize their production and market entry decisions jointly, policy changes

in one country can trigger non-trivial adjustments in product availability, sourcing, pricing, and

trade patterns across the global economy.

To address these questions, we integrate a canonical export platform model, akin to Tintelnot

(2017), with a standard multiproduct firm framework inspired by Hottman et al. (2016). In our

model, a firm with a given product portfolio makes two key sets of binary decisions: (1) selecting

the markets in which to sell each product and (2) choosing the locations where production takes

place. On the demand side, firms face a nested constant elasticity of substitution (CES) utility

structure, which allows the elasticity of demand across a firm’s own products to differ from the

elasticity of substitution across varieties supplied by different firms. On the production side, firms

can operate as multinationals, producing in multiple countries and potentially serving multiple

markets from a single production location, though they must incur trade costs. To either produce

or sell a product in a country, firms must incur fixed costs.

In this setup, firms face a number of tradeoffs. First, the model features cannibalization across

the products of a firm in a given market, i.e. when deciding to introduce a product in a given

market a firm internalizes that a part of the market share of that product is going to come at the

expense of its other products. Second, the model features minimum-cost sourcing. This assumption

implies that production plants for the same product cannibalize each other. It also implies that

producing a product and selling it are necessarily complementary decisions. These decisions richly

interact with trade costs, as there is a proximity-concentration tradeoff by which product entry

and plant location decisions are co-determined; the benefits of serving a market depend on where

the product is produced, and the value of a plant on the markets it serves. Due to the existence of

fixed costs for both sets of discrete decisions, the problem inevitably delves into a binary integer

programming problem.

The solution to this problem requires addressing the computational challenge of solving a model

in which firms make discrete, interdependent choices, with some pairs of decisions being comple-

ments, and others substitutes. To circumvent these difficulties, we develop a novel algorithm for

high-dimensional single-agent discrete choice problems that operates on the space of all sublattices

of the original decision lattice. By defining a set-increasing mapping on these sublattices, we lever-

age Tarski’s fixed point theorem to obtain bounds on the optimal solution even when the objective
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function is neither globally supermodular nor submodular. The key condition required to apply

the algorithm is that the sign of the interdependence between any two decisions is known and is

invariant to other choices. In an extension, we relax this assumption and prove that when the

payoff function is additively separable, the property of constant-signed interdependence is required

only for each of the additive components of the payoff function.

The mapping works by operating on the set of sublattices of the J-dimensional set of possible de-

cision vectors. For each sublattice and each decision or coordinate, we define a “best-case” scenario

by choosing the upper-bound value for coordinates that are complementary and the lower-bound

value for those that are substitutes. Conversely, the “worst-case” scenario uses the lower-bound for

complements and the upper-bound for substitutes. Decisions with negative marginal benefits—even

in their best case—are fixed at 0, while those with nonnegative marginal benefits—even in their

worst case—are fixed at 1. Iterating this set-increasing mapping yields convergence, by Tarski’s

fixed point theorem, to an upper bound on the set of possible solution vectors.

We examine these margins of participation in the global car industry. This industry provides

an ideal setting for studying these questions, as it comprises multinational, multiproduct firms

producing tradable goods. To this end, we leverage a rich global dataset that links quantities from

the production location of individual car models to their country of sale. We complement this

dataset with data on car prices and characteristics at the car model level for a subset of countries

that account for more than 80% of global car sales.

The global car industry exemplifies the defining features of multinational, multiproduct firms,

with automakers managing extensive product portfolios and deciding over production and sales

across markets. Brands offer an average of 3.56 models per country and segment, with some

featuring as many as 23, and the typical model is sold in 12 markets, sometimes reaching up to

75. Production is similarly dispersed, with models manufactured in an average of 1.5 locations and

roughly 44.5% of production exported when serving multiple markets. These patterns underscore

the industry’s rich structure, where firms must navigate trade-offs between market access, and

production, fixed and trade costs.

To estimate the parameters of the demand equation, as well as the determinants of trade

and marginal production costs, we use our merged dataset on prices and quantities. To estimate

fixed costs, we introduce a a novel moment inequality approach, constructing moments that are

monotonic in firms’ binary choices. We use our solution algorithm to obtain computationally

feasible upper and lower bounds for the firms’ optimal choices given a candidate parameter vector,

which we use to build our moment inequalities. Using these bounds for estimation instead of the

model-implied optimal choices, which are generally infeasible to compute, we avoid using heuristic

algorithms that approximate the solution of the problem and can introduce biases on estimated

parameters.

With our estimated model, we examine how production subsidies, consumption subsidies, and

tariffs favoring electric vehicles could shape the global automobile industry. For each policy, we

assess the impact of the United States enacting each policy at different values. The goal of our
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analysis is to shed light on the effectiveness of these policies in achieving their intended goals, rather

than to judge whether there are normative reasons to implement these policies.

Our findings indicate that demand-side EV subsidies in the U.S. favor production in the United

States, as well as origins that can serve the U.S. market competitively, such as Mexico. Demand-

side subsidies also encourage EV market entry in the United States. Marginal cost subsidies that

are large enough are effective at shifting production toward the United States, and lead to greater

EV offerings globally. Both of these policies reduce the share of non-electric alternative being

offered, not only in the U.S., but also in other markets. Tariffs, in contrast, have limited effects

on global production structures due to the high fixed costs associated with plant relocation. These

policy tools induce production relocation of some products – those that are very appealing to

U.S. customers (yet are not produced in the United States at baseline), but lead to reductions in

overall variety offered for consumers. Additionally, U.S. policies generate spillover effects on other

countries by influencing firms’ production location decisions, and consequently their sourcing and

offering choices.

Our paper closely relates to different branches of the literature. First, it relates to papers

that quantitatively study multinational production such as Ramondo and Rodŕıguez-Clare (2013),

Tintelnot (2017), Arkolakis et al. (2018), Arkolakis et al. (2023), Castro-Vincenzi (2024) and Head

et al. (2025)). In particular, our paper is related to those that allow for export platforms, whereby

firms can operate plants that serve multiple markets, and increasing returns at the plant level.

Second, this paper connects with the literature that studies multiproduct firms in international

markets, such as Eckel and Neary (2010), Dhingra (2013), Mayer et al. (2014), Hottman et al.

(2016), Head and Mayer (2019) and Arkolakis et al. (2021). Our paper merges these two literatures

by studying the problem of jointly deciding in which locations to produce and in which markets to

sell its goods for multinational, multiproduct firms in a quantitative framework.1

Third, our paper relates to the methodological literature concerned with solving models with

multiple discrete choices. The methods developed in this literature have exclusively focused on

problems in which the sign of the interdependencies is common across all the potential choices of

the economic agent of interest, by devising algorithms that leverage the super- or sub-modularity

of the agents’ objective function (e.g. Jia 2008, Antràs et al. 2017, Arkolakis et al. 2023 or Alfaro-

Ureña et al. 2024, Sabal 2025). Our contribution to the literature is to provide a solution method for

solving single-agent static problems featuring simultaneous positive and negative interdependencies.

We show that our method can be implemented under restrictions on the sign of the interdependence

across pairs of binary choices.

Fourth, our paper contributes to the literature on estimating combinatorial discrete choice

models. Previous approaches (e.g., Antràs et al. 2017, Alfaro-Ureña et al. 2024) have used algo-

rithms that bound the solution of the model, together with heuristic algorithms to obtain a full

solution, to implement estimation techniques that impose point-identification (e.g., MLE, GMM).

1It is worth noting that two papers, Bernard et al. (2018) and Helpman and Niswonger (2023), theoretically
explore the multiproduct and multinational margins for large firms.
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Our approach differs in that we use moment inequalities for estimation that exempt us from using

heuristic methods. We build moment inequalities that are valid whenever the moments are mono-

tone in firms’ discrete choices. In contrast to previous moment inequality procedures in single-agent

settings (e.g., Holmes 2011, Morales et al. 2019), we allow for unobserved heterogeneity in firms’

payoff function. Our approach also differs from moment inequality procedures in strategic settings

(e.g., Fan and Yang 2020, Sabal 2025) in that we use our bounding solution procedure to build mo-

ments that are monotone in the firms’ entry decisions. Sabal (2025) provides a bounding solution

procedure for entry games, but implementing it in estimation is computationally infeasible due to

the pricing game, whereas it is feasible in our more tractable single-agent setting.

Closest to our paper is Head et al. (2025), who also study multinational production deci-

sions in the automotive sector, focusing on multi-stage global supply chains in the production of

battery-electric vehicles (BEVs). Their setting similarly features complementarities across stages

of the supply chain and substitutabilities within each stage, generating a combinatorial problem

akin to ours. Methodologically, they introduce a novel approach by recasting the problem as

a mixed-integer linear programming (MILP) model, allowing them to leverage fast commercial

solvers specifically designed for this class of problems. However, their method cannot be directly

applied to our context, as the interactions among firms’ product-entry decisions—specifically, can-

nibalization effects—non-linearly affect the variable profits of each product. They use their model

to explore how policies such as subsidies, tariffs, and local production requirements can have com-

plex and sometimes unintended impacts on firms’ production-location decisions and overall battery

production and EV adoption.

Finally, the paper belongs to the literature that studies multinational production in the au-

tomotive industry and the analysis of government policy effects in the sector. It builds on work

examining multinational production decisions in the automotive industry (e.g., Coşar et al. 2016,

Head and Mayer 2019, Castro-Vincenzi 2024, Head et al. 2025). While these prior studies analyze

bilateral frictions, home market advantages, or production location choices, they do not fully inte-

grate firms’ endogenous decisions on both production and product entry. This paper also extends

research on government policies in the automobile market (e.g., Goldberg 1995, Barwick et al. 2024,

Allcott et al. 2024, Sabal 2025, Head et al. 2025) by studying their effect on the global production

decisions of these multiproduct firms, although abstracting from strategic interactions across firms.

The rest of the paper is structured as follows. In Section 2, we present a quantitative model of

multinational, multiproduct firms. Section 3 describes the solution algorithm. Section 4 introduces

the data and explains the estimation strategy. In Section 5, we present the model estimates, and

we discuss counterfactual results in Section 6. Section 8 concludes.

2 Model

In this section, we develop a quantitative model of plant location decisions for multiproduct

firms. Brand b ∈ B competing in segment, s, with a given set of products, Ωbs, decides in which
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subset of potential countries, N = {1, 2, ..., N}, to produce and sell each of its products. Each

product, m ∈ Ωbs, is characterized by a set of demand and marginal cost shifters that potentially

vary across destination and origin countries. We assume that brands are atomistic and do not

internalize the effect of their decisions on segment-country expenditure.

We model brands’ portfolio and market entry choices in two stages. In Stage 1, each brand b

competing in a segment s draws for each product m ∈ Ωbs a country in which it can produce and

sell at zero fixed costs, a set of plant location fixed cost shocks {νpmo}m∈Ωb,s,o, and set of market

entry fixed cost shocks {νemn}m∈Ωb,s,n.
2 Upon observing the realizations of these unobservables (to

the econometrician), brand b simultaneously chooses in which countries to produce and in which

countries to sell each of its products. In Stage 2, brand b chooses prices and sourcing strategy for

each product it chose to sell in each country.

2.1 Demand, Marginal Costs, and Prices

In each country n ∈ N , the representative consumer has nested CES preferences.3 Consumers

in country n spend an exogenous amount Esn in segment s, which we define by body type categories

(e.g., SUV).4 The consumption index of segment s in country n is given by,

Csn =

Å∫
b∈Ωsn

(ψbsnCbsn)
σB−1

σB db

ã σB

σB−1

, (1)

where ψbsn is an exogenous brand-segment-country demand shifter and σB denotes the elasticity

of substitution across brands within a segment. We parameterize ψbsn as,

log(ψbsn) = ϕb + β11{h(b) = n}+ β2 log distnh(b) + ubsn,

where h(b) denotes the headquarters country of brand b and ubsn is an unobserved (to the econo-

metrician) demand shock.

Brand b is unable to affect segment-country expenditure because it is atomistic. However, brand

b internalizes the effect of its plant location and market entry decisions on its consumption index

Cbsn, which is given by,

Cbsn =

Å Mbs∑
m=1

Imn(ψmnCmn)
σM−1

σM

ã σM

σM−1

, (2)

2We denote collections of variables {Xm}m∈Ωb,s or {Yn}n∈N by {Xm}m and {Yn}n, respectively, for ease of
notation.

3We recognize that our demand model does not capture rich substitution patterns, as in approaches that use
mixed logit demand systems with random coefficients e.g., Berry et al. (1995), Grieco et al. (2023). Instead, we provide
a micro-foundation that justifies why firms do not internalize their impact of market aggregates when making their
choices (given our focus on solving a single firm’s problem), and that allows us to sign theoretically the interdependence
across any pair of choices.

4A possible micro-foundation is a Cobb-Douglas nest over automobiles and an outside good, followed by a Cobb-
Douglas nest over a discrete set of possible segments (body types).
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where ψmn is an exogenous product-country demand shifter and σM denotes the elasticity of substi-

tution across models within a brand-segment. If the brand offers product m in country n, Imn = 1;

otherwise, Imn = 0. We parametrize demand shifter, ψmn , as,

log(ψmn) = ϕm + β3 log(HPm) log(GDPpcn) + β4 log(Weightm) log(GDPpcn) + umn, (3)

where GDPpcn denotes the GDP per capita of country n, HPm denotes the horsepower of product

m and umn denotes an unobserved (to the econometrician) demand shock.

The revenue share of brand b within segment s in country n is given by,

Sbsn =
(Pbsn/ψbsn)

1−σB

P 1−σB

sn

, (4)

where Psn is the price index of segment s in country n and the brand-segment-country exact price

index is given by,

Pbsn =

Å Mbs∑
m=1

Imn

Å
Pmn
ψmn

ã1−σMã 1

1−σM

. (5)

The price index Pbsn is a sufficient statistic capturing all endogenous factors that affect revenues

and variable profits for brand b in segment-country sn.

The brand chooses which of its Mbs products to sell in each country, knowing that the demand

equation for product m in country n is,

Cmn = Asn(ψbsn)
σB−1(ψmn)

σM−1(Pbsn)
σM−σB

(Pmn)
−σM

, (6)

where Asn is an exogenous segment-country demand shifter and the price of product m in country

n is denoted by Pmn. Thus, the revenue share of product m within brand-segment bs in country n

is,

Smn =
(Pmn/ψmn)

1−σM∑Mbs
k=1 Ikn(Pkn/ψkn)

1−σM
. (7)

Under the empirically relevant case in which σM > σB, products offered by the same brand

are more substitutable than products offered by different brands.5 If brand b offers product m in

country n, this leads to positive demand for product m in country n, as per equation (6), but also

to a decrease in the the brand-segment price index, as observed in equation (5). The decline in the

brand-segment price index reflects the greater availability of products within a brand, which causes

a decline in the demand for other products offered by the same brand in country n. We refer to

this phenomenon as cannibalization.

5The solution method we propose in Section 3 can also be applied when σB > σM . In this case, sales and
production decisions across products would be complements rather than substitutes.
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We assume that marginal production costs of product m in origin country o are given by,

cmo = κbκoκs exp
Ä
κ1distoh(b) + κ2dist

2
oh(b) + κ31{o = h(b)})

ä
HPκ4mWeightκ5m , (8)

where distoh(b) denotes the distance between the origin country and the headquarters country of

brand b. The marginal cost of supplying a unit of product m in country n when produced in

country o depends additionally on iceberg trade costs,

τon = tariffκ6on exp(κ7diston + κ8dist
2
on + κ91{n = o}). (9)

At Stage 2, firms choose prices for products in each country given product offerings IIIbsn :=

(I1n, I2n, ..., IMbsn) and production locations DDDbs := [Dmo]m∈Ωbs,o. The optimal pricing decision is

given by a constant markup rule,

Pmn(DDDm) =
σB

σB − 1
× min
o:Dmo=1

{τoncmo}, (10)

where DDDm = {Dmo}o∈N and Dmo = 1 if product m is produced in o (and is zero otherwise). A

tractable feature of this model is that the price of each product is independent of the set of products

that the brand sells in country n. Brand b’s production location choices induces a minimal marginal

cost for each product m in each destination country n.6 At the pricing stage, firms perfectly know

marginal production and sourcing costs and choose to source from a unique production location.

2.2 Variable Profits

Given production location and market entry decisions, as well as optimal prices, the variable

profits for product m in country n are given by,

πmn(III
bs
n ,DDD

bs) = Absn
(
Pbsn(III

bs
n ,DDD

bs)
)σM−σB

(Pmn(DDDm)/ψmn)
1−σM

, (11)

where

Pbsn(III
bs
n ,DDD

bs) =

Å Mbs∑
m=1

Imn

Å
Pmn(DDDm)

ψmn

ã1−σMã 1

1−σM

. (12)

The demand shifter Absn := Asn(ψbsn)
σB−1 summarizes the exogenous market conditions for brand

b in segment s and country n.

6Minimum-cost sourcing is optimal in a large class of models where firm’s profits are decreasing in marginal costs.
Models with origin-destination fixed selling costs may not satisfy this property.
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2.3 Plant Location and Market Entry

Brand b in segment s simultaneously chooses its production location and market entry decisions

for all products Ωbs so as to maximize total profits. We assume the fixed cost of offering product

m in market n is denoted by,

F emn = (1− dmn) exp(γ1 + νemn) (13)

and the fixed cost of producing product m in origin o is,

F pmo = (1− dmo) exp(γ2 + νpmo), (14)

where dmo follows a multinomial distribution with N possible realizations (as many as the number

of origin countries), one trial, and success probability pmo = eγ31{o=h(b)}∑N
k=1 e

γ31{k=h(b)} .
7 Thus, we assume

that brands are more likely to draw free locations that are geographically nearby their headquarters

country. Fixed cost unobservables (to the econometrician) are iid and normally distributed, i.e.,

νemn ∼iid N(0, σe) and νpmo ∼iid N(0, σp). In the data, we only observe products that are produced

and sold in at least one country. By assuming that each product can be produced in some country

at zero fixed cost, we directly match this feature of the data.8

Given fixed costs and variable profits, brand b in segment s solves:

max
IIIbs,DDDbs

Πbs(III
bs,DDDbs) =

N∑
n=1

Mbs∑
m=1

{Imn(πmn(IIIbsn ,DDDbs)− F emn)−DmnF
p
mn}. (15)

Brand b solves for the Mbs ×N matrices IIIbs and DDDbs to maximize its profits, internalizing the

interdependence across each of the multiple binary choices it faces. A feature of this problem is

that brand b must choose among many binary choices, some of which are pairwise complements

and some pairwise substitutes.9 For example, in this model, producing and selling a given product

are complementary decisions. Indeed, producing product m can only reduce the marginal cost of

supplying the product in any country, which increases the returns from offering it. However, selling

product m in country n decreases the returns from offering product m′ ̸= m in country n, due to

cannibalization. Therefore, such binary choices are substitutes.

In what follows, we leverage such properties of the model to tractably study this problem. A

brute force solution approach is clearly infeasible in light of large number of potential combinations

that must be evaluated to find the solution.10

7By definition of the multinomial distribution,
∑

o∈N pmo = 1.
8Absent this assumption, the model only matches this feature of the data in certain regions of the support of the

fixed cost distribution, causing a sample selection problem.
9We discuss formally what we mean by “complements” and “substitutes” in Section 3 and prove properties of

the model in Appendix A.
10With only two products and 15 countries, a brute-force solution approach requires evaluating the profit function

22×2×15 ≈ 1018 times, which is computationally infeasible.
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3 Solution Method

In this section, we provide a method for solving binary integer programming problems with

both complementary and substitutable choices. We first provide an approach that bounds the

solution of the problem. Then, we develop a novel branching algorithm akin to that in Arkolakis

et al. (2023) to obtain a full solution of the problem, starting from the bounds.

3.1 First-Step Algorithm

Brands solve a problem of the form,

C∗ = argmaxC∈BJπ(C) (16)

where BJ is the set of all 2J J-dimensional binary vectors, i.e., the J-dimensional Boolean set.11

To formalize the notion of interdependence across binary choices, we start by defining the marginal

value of any discrete choice i under C.

Definition 1 (Marginal Value) The marginal value of binary choice i under C is given by,

∆π
i (C) := π(Ci→1)− π(Ci→0) (17)

where Ci→1 is the vector C with the ith coordinate set to 1 (analogously for Ci→0).

Thus, ∆π
i (C) is the change in π(C) when changing the ith coordinate from zero to one holding all

other coordinates constant. We also define the cross-partial of i and j under C.

Definition 2 (Cross-Partial) For any two choices i, j ∈ {1, 2, ..., J}, we define the cross-partial

of i and j under C as

∆π
ij(C) := ∆π

j (C
i→1)−∆π

j (C
i→0). (18)

Thus, ∆π
ij(C) is the difference in marginal value of coordinate i when j is set to 1 relative to when

j is set to 0.

Our solution approach relies on the assumption that for all pairs of discrete choices i and j, the

sign of ∆π
ij(C) is known and independent of C. We state this assumption formally below.

Assumption 1 For all C ∈ BJ , and any i, j ∈ {1, 2, ..., J}, the sign of ∆π
ij(C) is known and

independent of C.

In practice, Assumption 1 requires that, given model parameters, any two choices are known

to be either complements or substitutes, independently of third choices. We refer to two binary

choices i and j as being complements when ∆π
ij > 0 and as substitutes when ∆π

ij < 0.

11The solution to this problem is unique almost surely under continuously distributed determinants of payoffs,
such as fixed-cost shocks.
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To formalize the properties of our solution method, we exploit Tarski’s fixed-point theorem

(Tarski 1955), stated below.

Theorem 1 (Tarski 1955) Let (L,≤) be a complete lattice. Suppose F : L → L is monotone

increasing; i.e., for all x, y ∈ L, x ≤ y =⇒ F (x) ≤ F (y). The set of fixed points of F is then a

complete lattice with respect to ≤.

While previous work (e.g., Jia 2008, Arkolakis et al. 2023) has defined monotone mappings

on complete lattices to exploit Tarski’s fixed-point theorem, our contribution is to show that we

can define a monotone mapping on a space of subsets of BJ to allow for flexible interdependence

across choices. Indeed, by defining a monotone mapping F on lattice BJ , previous work has

implicitly limited applications of Tarski’s fixed-point theorem to problems featuring only either

complementarities or substitutabilities. The reason is that the infimum of BJ is the zero vector,

while the supremum is the vector of ones. As such, marginal profit evaluations for any binary

choice at these extremes are only informative about the solution of the problem in cases with either

complements or substitutes, but not both.

To allow for flexible interdependence patterns, we instead work on a lattice of sublattices of BJ .
Denote as S(BJ) the set containing the empty set and all interval-sublattices of BJ . That is, any

sublattice A ⊆ BJ such that for every x, y ∈ A, it is the case that {z ∈ A : x∧ y ≤ z ≤ x∨ y} ⊆ A,

where x ∨ y is the infimum (meet) of x and y in A and x ∧ y is the supremum (join) of x and y in

A.12 If J = 2, then BJ = {(0, 0), (1, 0), (0, 1), (1, 1)} and

S(BJ) =
{
∅, {(0, 0)}, {(1, 0)}, {(0, 1)}, {(1, 1)}, {(0, 0), (1, 0)}, {(0, 0), (0, 1)},

{(1, 0), (1, 1)}, {(0, 1), (1, 1)}, . . . , {(0, 0), (1, 0), (0, 1), (1, 1)}
}
.

For instance, a sublattice of BJ that is not contained in S(BJ) is {(0, 0, 0), (1, 1, 1)}, since it does

include all elements between (0, 0, 0) and (1, 1, 1) according to the partial order ≤.

The set S(BJ) together with the partial order ⊆ yields lattice (S(BJ),⊆) with supremum BJ

and infimum ∅. As a non-empty and finite lattice, it is a complete lattice. Thus, Tarski (1955)

applies to any F : S(BJ) → S(BJ) that is monotone increasing.13

The key methodological insight is that, by operating on S(BJ) rather than BJ , we can construct

a set-increasing mapping that flexibly allows for both complements and substitutes in the firm’s

payoff function. Indeed, define for any CCC ∈ S(BJ),

Ω(CCC) = {i ∈ {1, 2, ..., J} : ∆π
i (supi(CCC)) < 0} (19)

Ω(CCC) = {i ∈ {1, 2, ..., J} : ∆π
i (infi(CCC)) ≥ 0} (20)

12A lattice is a partially ordered set (L,≤) such that for any {a, b} ⊆ L, the infimum and the supremum are both
in L. A complete lattice is a lattice (L,≤) such that any subset S ⊆ L has a supremum and infimum in L. Note that
any finite lattice is complete.

13Arkolakis et al. (2023) show in Appendix OA.7.2 how to write down their mapping as a function defined on a
similar set of sublattices.
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where, for each i ∈ {1, 2, ..., J} and j ∈ {1, 2, ..., J},

[sup
i
(CCC)]j := 1[∆π

ij ≥ 0][sup(CCC)]j + 1[∆π
ij < 0][inf(CCC)]j (21)

[inf
i
(CCC)]j := 1[∆π

ij ≥ 0][inf(CCC)]j + 1[∆π
ij < 0][sup(CCC)]j . (22)

We define mapping F : S(BJ) → S(BJ) as,

F (CCC) = {C ∈ CCC : Ci = 0 and Ci′ = 1∀i ∈ Ω(CCC) and ∀i′ ∈ Ω(CCC)}. (23)

Intuitively, by Assumption 1, it is always possible to define a coordinate-specific supremum and

infimum. Since the sign of all pairwise interdependencies are known and independent of third

choices, one can always define the vectors supi(CCC) and infi(CCC) that maximize and minimize the

marginal value of i, respectively. If at the “worst-case scenario” for i, infi(CCC), the marginal value

of i is positive, then i ∈ Ω(CCC) and F (CCC) returns only vectors C with Ci = 1. If at “best-case

scenario” for i, supi(CCC), the marginal value of i is negative, then i ∈ Ω(CCC) and F (CCC) returns only

vectors C with Ci = 0.

We prove that the mapping F is set-increasing.

Theorem 2 (Set-Increasing F ) The mapping F : S(BJ) → S(BJ) is set-increasing. That is,

CCC ⊆ CCC ′ implies that F (CCC) ⊆ F (CCC ′).

Proof. See Appendix C.1.

Theorem 2 follows from the fact that the minimum marginal value and the maximal marginal

value for any coordinate i in any sublattice CCC are decreasing and increasing in the sublattice CCC.14

Intuitively, starting at worse “worst-case scenarios” and better “best-case scenarios” solves fewer

coordinates, leading F to rule out fewer vectors.

We describe the first-step procedure in Algorithm 1 for future reference.

Algorithm 1 (First-Step Algorithm) We implement the algorithm as follows:

1. Start with CCC0 = BJ .

2. Apply F to obtain CCC1 = F (CCC0); note that CCC1 ∈ S(BJ).

3. Obtain CCCk = F (CCCk−1) for k = 1, 2, ... until convergence.

Proposition 1 states that Algorithm 1 converges monotonically to a set CCCf such that C∗ ∈ CCCf .

Proposition 1 Algorithm 1 has the following properties:

1. CCCk = F (CCCk−1) ⊆ CCCk−1 for all k ∈ N.
14More generally, infx∈Z f(x) ≤ infx∈Y f(x) and supx∈Z f(x) ≥ supx∈Y f(x) for Y ⊆ Z.
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2. It converges to a fixed point CCCf in a finite number of iterations K i.e., F (CCCT ) = CCCf for all

T ≥ K.

3. The solution to the problem C∗ is an element of CCCf .

Proof. Due to Tarski (1955), we can start at CCC0 = BJ and iteratively apply F until convergence to

fixed point CCCf , which is the supremum of the set of fixed points. Convergence occurs monotonically

because F is set-increasing, so that CCC1 = F (CCC0) ⊆ CCC0 implies that F (CCC1) ⊆ F (CCC0). The algorithm

convergences in a finite number of iterations, because the number of iterations is bounded above

by J , the number of binary decisions that are to be solved. The sublattice {C∗} containing the

unique (almost surely) solution to the brand’s problem is also a fixed point, since C∗
i = 1 if and

only if the marginal value of i is positive i.e., ∆i(C
∗) ≥ 0. Thus, C∗ ∈ CCCf .

We have proven that our iterative solution procedure bounds the argmax of any binary in-

teger programming problem that features simultaneous complementarities and substitutabilities,

provided Assumption 1 is satisfied.

3.1.1 The Multinational Brand’s Interdependent Decisions

The multionational brand faces interdependent production and selling decisions across products

and locations. We show that the sign of the interdependence across any pair of binary choices is

independent of third choices, and satisfies Assumption 1. That is, any pair of binary choices are

always either complements of substitutes regardless of the value of (IIIbs,DDDbs). Below, we list the the

sign of the cross-partials that arise in our model under the empirically relevant case that σM > σB:

1. Dmo and Imn are complementary across markets for anym and any o, n ∈ N due to minimum-

cost sourcing. Indeed, producing product m in more markets can only decrease the marginal

cost of selling product m in any given country, which increases product m sales.

2. Dmo and Im′n form ̸= s, and for any o, n ∈ N , are substitutes. This is due to cannibalization.

Indeed, producing modelm in any country o can only decrease the price of modelm in country

n. This has the effect of attracting sales towards product m and away from other products

m′ ̸= m sold in the same country.

3. Imn and Im′n for m ̸= s are substitutes due to cannibalization within markets.

4. Imn and Im′t are independent for n ̸= t and for all m,m′ ∈ Ωbs because demand across

markets is independent.

5. Dmn and Dmt are substitutes for n ̸= t. The marginal gains (from reduced trade costs) of

producing a product in a given plant can only decrease as the product is produced in more

plants, since fewer countries will find it optimal to source from the given plant.

6. Dmn and Dm′o are substitutes for m ̸= s. This substitutability is potentially strict only in

markets where m and m′ are both offered. The intuition in these cases is that the weak
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decline in the price of some model m caused by an additional production plant leads to a

lower increase in sales whenever product m′ is also offered at lower prices.

In Appendix A, we provide the formal proof. We exploit this property of the brand’s pay-

off function to apply Algorithm 1. We use this algorithm both at the estimation stage and for

performing counterfactual exercises.

3.1.2 Simple Example

We provide a simple example to illustrate how Algorithm 1 works. Consider a case with three

choices such that ∆12 > 0, ∆13 < 0, and ∆23 < 0. A payoff function that yields this interdependence

structure is π(C) =
∑3

i=1Ci[πi(C) − Fi], πi(C) = Ai +
∑

j ̸=i γijCj , and γ12 = 1/4, γ13 = −2,

γ23 = −1, (A1, A2, A3) = (1/2, 1, 4), and Fi = 1. Then,

CCC0 = {(0, 0, 0), (1, 0, 0), (0, 1, 0), (0, 0, 1), (1, 1, 0), (1, 0, 1), (0, 1, 1), (1, 1, 1)}.

As ∆12 > 0, ∆13 < 0, sup(CCC0) = (1, 1, 1), and inf(CCC0) = (0, 0, 0), it holds that

sup1(CCC0) = [·, [sup(CCC0)]2 , [inf(CCC0)]3] = [·, 1, 0].

Similarly,

sup2(CCC0) = [1, ·, 0] sup3(CCC0) = [0, 0, ·]

and

inf1(CCC0) = [·, 0, 1] inf2(CCC0) = [0, ·, 1] inf3(CCC0) = [1, 1, ·].

Under this payoff function,

{∆1(π(sup1(CCC0))) = −1/4<0,∆2(π(sup2(CCC0))) = 1/4 ≥ 0,∆3(π(sup3(CCC0))) = 13/4 ≥ 0}

{∆1(π(inf1(CCC0))) < 0,∆2(π(inf2(CCC0))) = −3 < 0,∆3(π(inf3(CCC0)))≥0}

then

Ω(CCC0) = 1 and Ω(CCC0) = 3.

Then, applying mapping F , we obtain,

F (CCC0) = {C ∈ CCC0 : C1 = 1, C3 = 0} = {(0, 1, 1), (0, 0, 1)} = CCC1.
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The algorithm proceeds by applying F to CCC1. In effect, the algorithm has already solved for

decisions 1 and 3. In the next iteration, the algorithm checks,

∆2(π(sup2(CCC1))) = A2 − F2 + γ23 = 1− 1− 1 = −1 < 0,

and so F (CCC1) = {(0, 0, 1)}.

3.2 Extensions

The first extension is that different mappings µ ̸= π may be used to solve for bounds of a subset

of decisions {1, 2, ..., L} ⊆ {1, 2, ..., J}. In Appendix B.1, we argue that a natural such mapping µ

is the value-function mapping, µ(B) = maxA∈BJ−L π(A,B). This mapping is useful in cases where

conditional on B, solving for A is not a combinatorial problem and is computationally feasible. If

one knows the sign of the interdependence across any pair of choices according to value-function

mapping µ, then one can apply our first-step algorithm to find bounds for B. In Appendix B.2, we

show that we can then compose different mappings µ to bound not only B, but also A.

In our setting, a mapping µ with such properties is the value of production locations for a

single-product firm,

V (DDD) := max
III

Π(III,DDD) = max
III

N∑
n=1

In∆πn(DDD)−
N∑
n=1

DnF
p
n , (24)

where ∆πn is the marginal value of selling in country n. Conditional on production locations DDD,

sales decisions are independent across countries, so this program is not combinatorial.

In Appendix A, we show that this mapping satisfies Assumption 1 – the sign of the interde-

pendence across any pair of binary choices in the domain of V is known to be negative. Therefore,

we can apply our first-step algorithm using V to bound the solution to the production location

decisions, and then apply our baseline first-step method (Algorithm 1) using Π to bound decisions III

(and also DDD).15 In Appendix B.2, we develop Algorithm 3, a more general version of equation (24)

that composes multiple mappings to bound production location decisions of multi-product firms.

We apply this more general version both for estimating the model and for performing counterfactual

exercises.

Such value-function mappings are generally useful for two reasons. First, note that in equation

(24), only the sign across production location choices is required. By optimizing over the other

choices, it becomes unnecessary to know the sign of the cross-partial across sales decisions, or across

production and sales decisions. Of course, it comes at the cost of only allowing the researcher (ab-

sent any other mappings) to learn about the bounds of DDD. Second, by solving for a subset of the

decisions, this mapping might be more informative. To see this, recall that because production

location and sales decisions for the same product are complements, the worst-case marginal value

15In this particular case with a single-product firm, because V exhibits substitutabilites only, our first-step algo-
rithm applied to V is equivalent to the first-step algorithm in Arkolakis et al. (2023) applied to V .
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of a production location decision under Π at the first iteration is evaluated under no sales countries

(other than the free location). At this extreme, it is likely that the worst-case marginal value is

negative, and therefore we cannot solve for a 1. Under the mapping that uses equation (24), this is

no longer the case: the marginal benefit of a production location decision under V allows optimal

sales decisions to adjust when reconfiguring production choices. Thus, mappings as those in equa-

tion (24) serve to potentially relax knowledge of cross-partials, and to improve the informativeness

of the bounds.

The second extension, discussed in detail in Appendix B.3, relaxes Assumption 1 under a restric-

tion on the structure of π. If π can be written as a sum of K components i.e., π(C) =
∑K

k=1 πk(C),

what is required is not that the sign of the cross-partial across any pair of choices is constant

given any C, but that it is constant for each of the K components of π. For instance, suppose

that two binary choices are substitutes under variable profits (e.g., due to cannibalization forces)

but complements under fixed costs (e.g., due to economies of scope). This case can be handled

by slightly modifying mapping F to account for decision-component-specific infima and suprema.

Under economies of scope, the worst-case marginal value for a production location evaluates its

marginal contribution under maximal cannibalization through variable profits (assuming that pro-

duction locations in other countries for that product are set to the upper bound), and under

maximal fixed costs (assuming production locations in other countries are set to the lower bound).

The best-case marginal value is obtained under minimized cannibalization and fixed costs.

3.3 Second-Step Algorithm

Algorithms 1 and the extensions converge to sets of possible vectors (or matrices) containing

the solution. To obtain a full solution, we extend and refine the branching algorithm in Arkolakis

et al. (2023) in the context of binary integer programming problems with both complements and

substitutes.

Intuitively, the first-step algorithms can be seen as solving for a subset of the binary decisions

of the brand e.g., if Dmo = 1, this is equivalent to stating that D∗
mo = 1; if Dmo = 0, the algorithm

states that D∗
mo = 0. For those binary choices that remain unsolved, the branching algorithm picks

one, conditions on values of 0 and 1 in separate “branches” and then solves conditional on each of

these values by applying in each “branch” the first-step procedure. This process is repeated until

solutions are found in each of the branches. Given a finite number of possible solutions, these are

compared by brute-force to find the maximum. As discussed in Arkolakis et al. (2023), a limitation

of this procedure is that there is no guarantee that it will converge quickly to the solution. Indeed,

in some cases, we find that the branching algorithm performs poorly and does not yield a solution

in a reasonable amount of time. In practice, we implement the branching procedure but limit the

number of possible profit evaluations – if that limit is surpassed, we simply use the bounds obtained

from the first-step procedure.

In Appendix C.3, we characterize branching also as a monotone-increasing function from the

power set of S(BJ) (which is a complete lattice) to itself. We prove that B converges to a set of
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singleton sublattices, one of which must include the solution to the problem. Our characterization

also enables us to refine the procedure in Arkolakis et al. (2023) by discarding branches at which the

first-step mapping returns the empty set. We find that discarding such branches yields important

computational gains. The intuition is as follows. Suppose that we are in a branch where we have

conditioned on production in Spain, and France, and not in Italy. Importantly, these choices have

been fixed by branching, and not by the first-step algorithm. When applying our first-step mapping

F at this branch, we get the empty set if, for instance, conditional on producing in France, the firm

finds it optimal not to produce in Spain. That is, mapping F is not consistent with this branch,

and therefore we know that the solution will never contain production in Spain and France, but

not in Italy. In sum, our computational refinement is effectively to continuously use F to check

whether the coordinates fixed by the branching procedure are consistent with payoff maximization.

4 Estimation

We estimate the model in two steps. In the first step, we estimate demand and marginal

cost parameters, including the demand elasticities for each nest and product-, brand- and segment-

specific demand shifters, and trade and marginal production costs. In the second stage, we estimate

the determinants of the distributions of fixed costs associated with selling a product in a country

and producing a product in a given location. We develop a moment inequality approach based on

our solution method and moments that are monotone in brands’ production and offering decisions.

4.1 Data

Our analysis uses information on global car sales, production, prices and product characteristics,

as well as data on measures of trade costs (namely geographic distances and tariffs), and country

demographics.

Our global car sales and production data corresponds to 2019 and is compiled by IHS Markit

using new car registrations of individual car products identifying the plant of assembly and the

country of sale. The dataset contains information for 1,130 car products, 124 car brands, 56

countries of sale, and 30 production countries. A product is defined as a parent-brand-body type-

nameplate (e.g. Toyota Corolla Sedan).16 We allow for 7 market segments defined by body type

categories: convertible, coupe, hatchback, MPV, SUV, Sedan and Wagon. In total, our dataset

contains information on production and sales for 328 brand-segments. The average brand-segment

has 3.5 car models in its portfolio, has production facilities in 2.2 countries and sells in 18.9 markets.

The average model is produced in 1.4 countries and sold in 12.2 markets.

16In our sample, we consider seven bodytypes (convertible, coupe, hatchback, MPV, SUV, sedan, wagon); We
drop ultra–luxury brands. We remove production/sales countries without full segment coverage; very small origin–
destination flows (< 6 units) are set to zero. We retain models with ≥ 30 global units, brand–segment cells with
≥ 1,000 units, and production origins with at least 0.1% of world output (≈ 5,000 units). Price/characteristics
(12 countries, 2018–2019) are aggregated to quantity–weighted annual model–market–origin means; list prices are
trimmed at $150,000 and missing technical attributes are imputed using within–model/segment/brand averages.
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Table 1: Summary Statistics

Number of:
Mean Mean

p25 p50 p75 p90 Max(unweigh.) (weight.)

Models
3.5 8.4 1 2 4 7 19(per brand-segment)

Sales countries
12.2 25.0 1 3 21 42 56(per model)

Production countries
1.4 2.2 1 1 1 2 8(per model)

Models sold
35.8 128.9 10 23 50 88 332(per market)

Sales countries
18.9 49.8 1 5 40 62 77(per brand-segment)

Production countries
2.2 5.2 1 1 3 5 10(per brand-segment)

Share exported
37.5% 40.0% 0% 9.1% 89.6% 100% 100%(by model-prod. loc.)

Share produced in HQs
77.7% 43.4% 55.6% 100% 100% 100% 100%(by brand-segment)

Share sold in HQs
61.3% 29.9% 20.3% 74.6% 100% 100% 100%(by brand-segment)

In addition to the global production data, we use information on car prices and characteristics at

the product level for Australia, Brazil, China, Germany, France, India, Italy, Japan, Mexico, Spain,

the United Kingdom and the United States for 2018 and 2019. This dataset contains information

about the manufacturer-suggested retail price (MSRP) and a host of characteristics of the car

product, among which we use horsepower, car weight, and car length. For these car products and

countries, we use the global car production dataset to identify their assembly location.

We measure trade costs using bilateral applied tariffs for each pair of countries, sourced from

ITC (2022). Additionally, we utilize standard bilateral geographical distance measures from CEPII

(Mayer and Zignago 2011). Finally, we gather data on country characteristics, including GDP,

population, average family size, and urbanization rates, from the World Bank, to project demand

shifters on country-level characteristics.

4.2 Demand and Marginal Costs

First, we describe how we estimate trade costs and marginal production costs. From equations

(8)-(10), we write estimating equation,

logPmn = αn + κ1 log tariffon + κ2diston + κ3dist
2
on + κ41{o = n}+ αmo + εmn. (25)

Relative to equations (8)-(10), equation (25) also includes an error term εmn. We include a desti-

nation fixed effect, αn, to control for destination country-specific unobserved factors and policies,

such as VAT or sales taxes, that determine observed final consumer prices (MSRP). We interpret

εmn as a measurement error and assume it is unobserved at the time of making offering, production,

or sourcing decisions. Under this assumption, equation (25) can be estimated via OLS.

We identify trade costs from differences in prices of the same car model built in the same location
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across destination markets. Model–origin fixed effects, αmo, account for the marginal production

cost for model m at origin o, so residual price variation across destinations for a given model-origin

pair is attributed to trade costs. This regression’s estimates allow us to construct trade costs as

τ̂on = tariffκ̂1on exp(κ̂2diston + κ̂3dist
2
on + κ̂41{n = o}). (26)

Following equation (8), we interpret the estimated model-origin fixed effect, α̂mo, as the marginal

cost of producing model m in production origin o, and regress this estimate on origin, brand and

segment fixed effects, a quadratic function of distance between the headquarters’ location for the

brand that produces model m and origin o, a home market effect, and model characteristics.

α̂mo = κb + κo + κs + κ5distoh(b) + κ6dist
2
oh(b) + κ71{o = h(b)}+ κ8 logHPm + κ9 logWeightm.

(27)

Using the estimates of this regression, we construct predicted marginal costs, cmo, for every potential

model and origin.

To estimate the demand shifters and elasticities, we leverage information on both quantities and

prices to construct revenue shares, which permits exploiting equations (4) and (7) for estimation.

Based on such equations, we follow a two-step estimation procedure.

First, we estimate σM and ψmn using equation (7) and exploiting variation in product-country

revenue shares within brands, segments, and destination countries. Combining equation (3) for

ψmn with equation (7), we obtain estimating equation,

logSmn = (1− σM ) logPmn + αbsn

+ ϕ̃m + β̃3 log(HPm) log(GDPpcn) + β̃4 log(Weightm) log(GDPpcn) + ũmn, (28)

where θ̃ := (σM − 1)θ. We estimate this regression by instrumenting the price of each product,

log(Pmn), with log diston and log tariffon to deal with potential endogeneity issues arising from

measurement error on prices.17

To estimate σB and ψbsn, we regress the log of Sbsn (given in equation (4)) on the log prices

of that brand-segment and characteristics of the brand. We construct these prices by using the

regression equation (28) and noticing that the structure of our model implies that log(Pbsn) ≡
αbsn

(σM−1)
. Thus, we estimate

log(Sbsn) = (1− σB) log(Pbsn) + ϕsn + ϕb + β̌11{h(b) = n}+ β̌2distnh(b) + β̌3dist
2
nh(b) + ǔbsn, (29)

where θ̌ := (σB−1)θ and ϕsn = (σB−1) log(Psn). In the regression above, we instrument log(Pbsn),

17Note that, in the model, umn is not correlated with prices by assumption.
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with the following distance and tariff shifters,

log ˇdistbsn = log

Ñ
Mbs∑
m=1

Ç
diston

ψ̂mn

å1−σ̂M
é 1

1−σ̂M

, log ˇtariffbsn = log

Ñ
Mbs∑
m=1

Ç
tariffon

ψ̂mn

å1−σ̂M
é 1

1−σ̂M

Finally, we recover segment-country demand shifter, Asn, by exploiting that equation (6) im-

plies,

∑
b

Mbs∑
m=1

PmnCmn = Asn
∑
b

Mbs∑
m=1

(Pbsn)
σM−σB

(ψbsn)
σB−1(ψmn)

σM−1(Pmn)
1−σM

= AsnP
1−σB

sn ,

with P 1−σB

sn =
∑

b

(
Pbsn
ψbsn

)1−σB

.

The main challenge for the estimation of this equation is that we only observe prices in a subset

of destination countries. To overcome this shortcoming of our data, we leverage our previous

estimates for the demand shifters ψmn and ψbsn, and our estimates of marginal and trade costs,

to construct a predicted price P̂mn for product m in destination country n being supplied from

the observed production location o, and we construct the related brand-segment-market level price

index Pbsn using its formula (given in equation (5)).

We then recover the segment-country demand shifter, Asn, as

Âsn =
∑
b

Mbs∑
m=1

P̂mnCmnP̂
1−σB

sn . (30)

This concludes our estimation strategy for the demand and marginal cost parameters of the

model.

4.3 Fixed Costs: Moment Inequality Estimation

Given the demand and marginal cost parameters, we use moment inequalities to estimate fixed-

cost parameters. Given the large number of interdependent binary choices, implementing (simu-

lated) GMM or MLE is generally infeasible, as such methods require computing the full solution

of the brands’ problem under multiple parameter vectors and draws of unobserved shocks.18 To

construct moment inequalities, we combine Algorithm 1 and 3 to obtain computationally feasible

upper and lower bounds on brands’ optimal choices. We combine these bounds on the firms’ opti-

mum with moment functions that are weakly increasing in the choices, thereby formulating valid

moment inequalities.19

Formally, conditional on the demand and marginal cost estimates, a realization of brand-

18As discussed in Section 3, while our two-step solution procedure is guaranteed to find the solution, only the first
step of the algorithm converges rapidly. The branching algorithm has the disadvantage of not being guaranteed to
converge quickly to the solution.

19We do not need moments to be increasing, we need them to be monotonic.
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segment fixed cost shocks νννbs ≡ {νemn, ν
p
mn}m∈Ωb,s,n and a realization of the free plant for each

product, our first-step solution procedure yields lower bounds {Imn(νννbs), Dmn(νννbs)}m,n and upper

bounds {Imn(νννbs), Dmn(νννbs)}m,n. Consider monotone moment functions g(I,D;γγγ). We construct

moment inequalities of the form,

1

M

M∑
m=1

Eν [gm(IIIm(νννbs),DDDm(νννbs);γγγ)] ≤
1

M

M∑
m=1

gm(IIIm,DDDm;γγγ) ≤
1

M

M∑
m=1

Eν [gm(IIIm(νννbs),DDDm(νννbs);γγγ)],

where Eν denotes that the expectation is with respect to random draws from the distribution of

fixed cost unobservables, andM denotes the total number of products in our sample. To implement

these moment inequalities, we simulate 10 draws from the distribution of fixed cost shocks, apply

our solution method for each of the draws under each parameter vector γγγ, and implement the

procedure from Andrews and Soares (2010) to determine whether such a parameter vector γγγ is

included in the 95% confidence set.

The procedure in Andrews and Soares (2010) is applicable to a set of unconditional moment

inequalities. We employ the following monotone moment functions to derive bounds on γγγ.

1. Number of destination countries in which product m is offered:

g1m(IIIm,DDDm) =
N∑
n=1

Imn.

This moment intuitively bounds parameter γ0 (the mean fixed cost of offering product m in

country n). If the simulated lower bound of this moment is larger than the observed value

at γγγ, then γ1 is too small; if the simulated upper bound of this moment is smaller than the

observed value, then γ1 is too large.

2. Sold in destination in profit bin k:

g2,km (IIIm,DDDm) =

N∑
n=1

Imn1
{
n ∈ Bk(γγγ)

}
for k ∈ {2, 3, 4, 5, 6, 7, 8},

where Bk(γγγ) are percentile categories of profitability index,

πIVmh(b)n =
1

σB
Asnψ

σB−1
bsn

( σB

σB − 1
τh(b)ncmh(b)/ψmn

)1−σB

− γ0 − γ1distnh(b),

which are the profits that the brand earns in market n if it were only selling model m and

sourcing it from its headquarters country. The model predicts that more profitable products

are more likely to be offered. However, the extent to which this is true also depends on

the variance of the fixed cost distribution. If the variance of unobserved factors affecting

fixed costs (σe) is very large, product offerings should appear less related to demand and

marginal cost fundamentals. Therefore, the moments g2,km (and the bounds thereof) provide
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information about σe.

3. Number of production locations entered:

g4m(IIIm,DDDm) =

Å N∑
o=1

Dmo1{o ̸= h(b)}
ã
1
{ N∑
o=1

Dmo > 1
}
.

This moment provides information on γ2, the mean fixed cost of setting up a (non-free)

production plant for product m. At low production plant fixed costs, it is more likely that

the brand chooses to set up a plant for a product. The opposite is true at high fixed costs.

4. Number of production locations entered in a given origin profit bin:

g5,km (IIIm,DDDm) =

Å N∑
o=1

Dmo1
{
o ∈W k(γγγ)

}
1{o ̸= h(b)}

ã
1
{ N∑
o=1

Dmo > 1
}

for k ∈ {2, 3, 4, 5, 6, 7, 8}, where origin profit bins are defined using percentile categories of,

N∑
n=1

ï
1{0 ≤ πIVmh(b)n < πIVmon}(πIVmon − πIVmh(b)n) + 1{πIVmh(b)n < 0 ≤ πIVmon}πIVmon

ò
− γ2 (31)

which is the marginal value of producing modelm in origin o assuming it is the only model that

the brand produces and that there is only a free plant in the brand’s headquarters country.

This is a proxy for the marginal value of producing model m in origin o. To rationalize plant

entry in locations with very small marginal values, the model requires a higher variance of

the production plant fixed cost, σp.

5. Produced in the HQ country:

g3,km (IIIm,DDDm) =
N∑
n=1

Dmo1
{
distoh(b) ∈ Bk

dist

}
for k ∈ {2, 3, 4, 5, 6, 7, 8},

The probability that a product is produced in the brand’s headquarters country provides

information on γ3, the parameter determining the relationship between distance to the head-

quarters country and the probability that any given country is the zero fixed cost location

for that product.

5 Estimation Results

In this section, we present our estimates of the demand, trade cost, marginal production cost,

and fixed cost parameters. Table 2 summarizes the demand and marginal cost estimates. We

first discuss trade and production cost estimates, then turn to demand and its implications for

cannibalization, and conclude with fixed cost estimates obtained via moment inequalities.
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Table 2: Demand and Marginal Cost Parameter Estimates

Parameter Standard Error

Demand (Inner Nest) (N = 7, 116)
σM 8.22 1.26

(log) Horsepower × (log) GDPpc (β̃4) 0.203 0.060

(log) Weight × (log) GDPpc (β̃5) 0.387 0.124

Demand (Upper Nest) (N = 3, 002)
σB 3.52 0.155

Home Bias (β̌1) 0.835 0.114

Distance to Brand HQ (β̌2) -0.092 0.025

Squared Distance to Brand HQ (β̌3) 0.002 0.002

Marginal Costs (log) (N = 7, 405)
Trade Costs
(log) Tariff (κ1) 0.708 0.068
Distance to Production Country (κ2) 0.015 0.002
Squared Distance to Production Country (κ3) -0.000 0.000
1{o = n} (κ4) -0.022 0.007
Production Costs
Distance to Brand HQ (κ5) 0.021 0.004
Squared Distance to Brand HQ (κ6) -0.001 0.000
1{o = h(b)} (κ7) 0.001 0.021
(log) Horsepower (κ8) 0.660 0.037
(log) Weight (κ9) 0.911 0.060

Notes: The inner nest demand estimation is conducted via IV-2SLS, instrumenting prices with tariffs and
distance between the origin and destination country. Product and brand-segment-destination country fixed
effects are included in the specification. Robust standard errors are reported. The upper nest demand
estimation is conducted via OLS. We include segment-destination country fixed effects and report robust
standard errors. The marginal cost specification is estimated via IV-2SLS, instrumenting brand-segment
prices with a weighted index of tariffs and distance between the origin and destination country. The speci-
fication includes destination country fixed effects, and robust standard errors are reported.

5.1 Trade and Production Cost Estimates

We estimate trade and marginal cost parameters using 7,684 list prices for the products in the

12 countries for which we have data. We report the estimates in Table 2. The estimated elasticity

of trade costs with respect to tariffs, κ1, is 0.708. We find that trade costs increase concavely

in geographic distance, with κ̂2 > 0 and statistically significant, but κ̂3 < 0 and statistically

significant. We also find that conditional on geographic distance and tariffs, producing in the same

country as the destination country reduces transport costs, by approximately 2%.

Turning to the marginal cost decomposition, we find that production costs increase concavely

in the distance between the production location and the brand’s headquarters (κ̂5 > 0, κ̂6 < 0),

while the indicator for producing in the headquarters country (κ3) is economically and statistically

insignificant, suggesting that the quadratic distance function fully captures proximity advantages.

We estimate statistically significant elasticities of marginal costs to horsepower (κ4) and weight
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Figure 1: Estimates of Marginal Cost Function
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Notes: In this figure, we graphically represent the estimates for the different components in Equation 27. In
Panel (a), we present averages of κb by the home market of the brands. In Panel (b), we present a histogram for
the estimated κb. In Panel (c), we present the values of the origin fixed effects, κo. In Panel (d), we present the
values of the segment shifters, κs.

(κ5) equal to 0.660 and 0.911, respectively.

In Figure 1, we present the estimates of the fixed effects for brands, production locations,

headquarters locations, and body type. As shown in Figures 1a and 1b, there is substantial hetero-

geneity in brand productivity, that can be partially explained by the headquarters location of those

brands, with China and Western Europe accounting for the majority of low-cost brands. Figure

1c highlights that production locations differ quite substantially in the origin-specific component

of marginal costs. Countries such as France, Portugal, and several Eastern European countries

have the largest origin shifters, while countries such as China, Belgium, Mexico, and Brazil have

the smallest, with substantial heterogeneity within regions. Figure 1d shows that sports cars are

substantially costlier to produce.

In Figure 2, we translate our estimated marginal costs into the delivered costs of producing
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Figure 2: Predicted Marginal Costs by Origin and Destination
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(a) Marginal Costs of Producing in the US
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(b) Marginal Costs of Producing in China
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(c) Marginal Costs of Selling in the US
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(d) Marginal Costs of Selling in China

Notes: In Panels (a) and (b) we plot the delivered marginal cost of producing in the United States and China
and selling in each destination market, i.e., τUSA,nĉb,USA and τCHN,nĉb,CHN for all destinations n. In Panels (c)
and (d), we show the marginal cost of selling in the United States and China from each production origin, i.e.,
τo,USAĉb,o and τo,CHN ĉb,o for all origins o. In computing the marginal costs, we condition on firms headquartered
in the United States, China, and Japan, and abstract from the model-specific components.

in the United States and China and selling in each destination market, in Panels (a) and (b).

Markets are sorted by distance to the production country, and we consider firms with headquarters

in the United States, China, and Japan. Delivered costs increase as one moves farther from the

headquarters country, and rise notably with tariffs, as highlighted by cases such as Brazil, India, and

Thailand; by contrast, the effect of distance on trade costs is small. In Panels (c) and (d), we show

the marginal costs of selling in the US and China from each production origin. These estimates

show that countries like China, Mexico, and the United States are particularly productive.
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Figure 3: Heterogeneous Preferences for Car Characteristics
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Notes: In this figure, we present the estimated effects of horsepower and weight on the product demand shifters
from Equation 28, conditioning on three values of GDP per capita (USA, Mexico, and India). In Panel (a), we
show the relationship for horsepower, and in Panel (b), for weight.

Figure 4: Estimates of Brand Fixed Effects in Demand
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Notes: In this figure, we present the values of the demand brand shifters, ϕ̌b, introduced in Equation 29. In Panel
(a), we show the values of these demand shifters by the home country of the brands. In Panel (b), we present the
value of β̌11{h(b) = n}+ β̌2distnh(b) + β̌3dist

2
nh(b) for a firm headquartered in the US normalized by the value in

this country.

5.2 Demand Estimates

We report demand estimates in Table 2. The estimated within-brand-segment elasticity, σM ,

is 8.22, and the across-brand elasticity within market-segments, σB, is 3.52. Our estimates imply

σ̂M > σ̂B (statistically significantly), which has two implications. First, there is sizable within-

brand cannibalization: introducing a new product in a country significantly erodes the sales of the

brand’s other products in that market. Second, the price-marginal cost markup, σB/(σB − 1) ≈
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1.40, implies that firms charge approximately 40% above marginal cost.

Regarding the product-destination demand shifters, we find that, conditional on product fixed

effects, products with both more horsepower and more weight, are preferred in countries with higher

GDP per capita, as displayed in Figure 3.

At the upper nest, we estimate a home bias effect in demand of 0.84, in line with Coşar et al.

(2016). In this nest, we also estimate brand fixed effects that capture vertical quality differences

across brands. In Panel (a) of Figure 4, we plot these brand fixed effects. Comparing with Figure

1a, we find a positive relationship between cost and quality: expensive brands from countries like

the United States, United Kingdom, Italy, or Germany tend to have large quality shifters, whereas

brands from China and India are perceived as relatively lower quality. In Panel (b) of Figure 4,

we plot the destination-specific component of the brand demand shifter for a brand headquartered

in the United States, normalized by the shifter in its home market. The home market effect is

substantial and declines monotonically with distance.

Averages across destination markets and across segments of the estimates for the market-

segment shifters, Asn, are shown in Figure 5. On average, SUVs are the segment with the largest

demand shifters, whereas convertibles are the body type with the smallest shifters. These demand

shifters are largest in larger and/or richer countries, such as the United States, China, India, United

Kingdom, or Canada.

Figure 5: Estimates of Market-Segment Shifters
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Bodytype FE
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(54.8,103.8]
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No Data

(b) Average Asn by Destination Market

Notes: In this figure, we present the estimates of Asn from Equation (30). In Panel (a), we present averages of
Asn by segment. In Panel (b), we present averages of Asn by destination market.

With our demand estimates, we can translate within–brand revenue shares into an economically

interpretable cannibalization rate. Let κ ≡ (σM − σB)/(σM − 1). Using our baseline elasticities,

κ ≈ 0.65. Then

log∆c
mn = κ logSmn =⇒ ∆c

mn = Sκmn,

so that rmn ≡ 1 − ∆c
mn = 1 − Sκmn is the fraction of the sales that model m would obtain if
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Figure 6: Distribution of cannibalization rate rmn

Notes: rmn = 1 − Sκ
mn computed from observed prices and quantities. Excludes single-product brand–segments

in the histogram; zeros can still occur when a model nearly monopolizes within brand-segment sales.

it were the only product its brand offered in that segment that are cannibalized by the brand’s

other products in market n. By construction, rmn = 0 in single-product brand–segments be-

cause Smn = 1 implies ∆c
mn = 1. We emphasize that rmn is a partial-equilibrium measure: it

holds fixed segment–country expenditure Asn, demand shifters (ψbsn, ψmn), and prices at their ob-

served/predicted levels, capturing within-brand substitution but not portfolio re-optimization, or

general-equilibrium feedbacks across markets or plants. For illustration, a within-brand share of

Smn = 0.20 implies rmn ≈ 1− 0.20.65 ≈ 0.65, i.e., the model sells about 35% of what it would sell

if it were the only product in the brand-segment.

Figure 6 shows that cannibalization is sizable in multi-product brand–segments. The mean can-

nibalization rate is 0.55 (s.d. 0.29) and the median is 0.58. At the upper tail, 10% of model–markets

have rmn > 0.91, 5% exceed 0.96, and 1% exceed 0.99. The mean being below the median (skew-

ness −0.40) is consistent with a thin low-cannibalization tail alongside a substantial mass at high

cannibalization for fringe models. Economically, this pattern follows from within–brand substi-

tutability being much stronger than across–brand substitutability (σM ≫ σB). Higher σM (or

lower σB) amplifies cannibalization and shifts mass to the right in the distribution of rmn. With

κ ≈ 0.65, the upper tail corresponds to very small within–brand shares: rmn > 0.91 ⇒ Smn <

(1 − 0.91)1/0.65 ≈ 0.025, and rmn > 0.99 ⇒ Smn ≈ 0.00084. Conversely, the median rmn ≈ 0.58

implies Smn ≈ (1 − 0.58)1/0.65 ≈ 0.26, consistent with typical brand–segments offering about 3–4

models.
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5.3 Fixed Cost Estimates

We implement our moment inequality procedure, discussed in Section 4.3, using a grid-search

procedure in combination with Andrews and Soares (2010). Table 3 reports the limits of the 95%

confidence sets for each of the estimated parameters.

Table 3: Fixed Costs Estimates

95% Confidence Set Limits

Market Entry Fixed Cost
γ1 (Location) [3.0, 5.25]
σe (Scale) [4.75, 7.75]

Production Plant Fixed Costs
γ2 (Location) [8.5, 12.5]
γ3 (Free Plant) [-2.75, -1.75]
σp (Std Shock) [3.25, 5.5]

Observations 1111

Notes: Confidence sets computed using Andrews and Soares (2010). Units
are in millions of USD. Variance matrix clustered at the brand-segment
level.

Figure 7: Fixed Costs Conditional Producing/Selling for Brands with U.S. HQs

(a) Production Fixed Costs (b) Selling Fixed Costs

Notes: These plots show bounds on the average fixed costs across 128 fixed cost draws and across products
sold by brands with headquarters in the United States, conditional on production (Panel (a)) and selling
(Panel (b)). The plots exclude zero fixed cost origins and destinations due to the free plant and free destina-
tion lottery. The bounds reflect both statistical uncertainty regarding the value of the fixed cost parameters
as well as potential uncertainty about the solution due to computational infeasibility. We condition on (sure)
production- locations for which the solution algorithm solves for a 1.

To interpret the fixed cost parameters, we solve the model using our algorithm under each

point in our confidence set and under 128 draws of the fixed cost shocks, and report the mean fixed

cost (across products and draws) conditional on producing or selling. Panel (a) of Figure 7 shows

that mean production fixed costs (excluding free plants) do not exceed 200 million U.S. dollars

per product-origin. Variation across countries in the mean fixed costs conditional on production
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reflect selection. Brands with U.S. headquarters find it more profitable to sell in the United States,

Canada, or Mexico, leading to production even at higher fixed costs. Instead, to produce in other

countries, such as Japan or Turkey, American brands require low realizations of production fixed

costs. Panel (b) illustrates a similar story for fixed selling costs, for which the conditional mean

does not exceed 60 million U.S. dollars. In countries other than the United States, American brands

do not incur more than 10 million dollars per product-destination. These estimates of realized fixed

costs accord well with industry estimates of production and entry costs.

6 The Effect of U.S. Policy on Global Automobile Production

Accounting for 3% of global GDP, the automobile industry has historically been subject to

important policy packages and intervention. In recent years, the automobile industry has especially

captured policymakers’ attention, with environmental policies seeking to incentivize the adoption

of environmentally-friendly vehicles, and trade policies aiming to promote and protect domestic

manufacturers. The goal of our analysis is to shed light on the effectiveness of these policies in

achieving their intended goals, rather than to prescribe policies based on a normative analysis. For

instance, a current topic in policy discussions is the extent to which tariffs on manufactured goods

produced abroad can induce firms to relocate their production in the country imposing the tariff.

Through the lens of our quantitative model, the answer to this question will depend crucially on the

interaction between demand-side and supply-side factors that enter firms’ plant location decision.

If demand for such goods is large in the United States and the fixed cost of setting up a plant

is relatively small, our model predicts that firms will profitably choose to re-locate production to

the United States. If production fixed costs are very large and the product is not particularly

demanded in the US market, this is less likely. A crucial factor affecting how profitable a product

is in a country is cannibalization. Tariffs on foreignly-produced electric vehicles may fail to induce

brands to re-locate the United States if such brands abstain from selling electric vehicles that

cannibalize sales of their non-electric varieties.

We use our quantitative model to evaluate the effect of multiple policies enacted in the United

States on global production in the car industry. First, we study the effects of policies on the

production and sales decisions of a single brand, Audi. This exercise allows us showcase the non-

trivial implications of firm and product-specific policies on global production and sales decisions

of multi-product firms. Then, inspired by recent policies affecting electric vehicles, we study the

effects of electric-vehicle-specific policies on global production and sales decisions of the average

brand producing both electric and non-electric products.

6.1 Case Study: Audi in the Market for Wagons

We study the market entry and plant location decisions of Audi within the wagon segment. In

this segment, we observe Audi offering two products: the A4 and the A6. In the data, we observe

that Audi produces both of these products in Germany only, and that only the A4 is sold in the
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United States. Both products are sold both in the United Kingdom (UK) and in the European

Union.

An advantage of focusing only on one brand-segment is that we can feasibly select fixed cost

draws that perfectly match those features in the data, and compute counterfactual exercises condi-

tional on such draws. We select 128 fixed cost draws that match production in Germany, the sale

of both products in the UK and at least one large European country (Germany, France, Italy, or

Spain), as well as the the availability and non-availability of the A4 and A6 in the United States,

respectively. At these draws, we evaluate the effects of various policies on Audi’s production and

sales decisions for the A4.

6.1.1 Tariffs

Figure 8: Probability of Production Location - Tariffs on the A4

(a) U.S. Tariffs on ROW (b) U.S. Tariffs on the European Union

Notes: These plots show bounds on the probability that the Audi A4 is produced in different coun-
tries/regions at different U.S. tariffs that affect the A4 and not the A6. The bounds reflect both statistical
uncertainty regarding the bounds on the fixed cost parameters and uncertainty about the solution arising
from potential inability to solve the full brand problem. “EUR” denotes the European Union.

In this section, we explore the possibility of using tariffs to affect the global structure of pro-

duction, and to attract manufacturing plants to the United States. To this end, we study the

effect of increasing tariffs on the Audi A4, which is sold but not produced in the United States. A

motivation for studying this policy is that Audi announced that its A4 product-line would go fully

electric by 2026, and the United States announced tariffs on electric products (mostly produced in

China).

Figure 8 shows how tariffs affecting only the A4 affect Audi’s production location choices for

this product. Panel (a) demonstrates that even a hypothetical 5,000 percentage-point increase in

U.S. product-specific tariffs on the rest of the world leads to a small probability of production in

the United States of [0.8, 7]%. Intuitively, such a policy does not cause Audi to build A4 plants in

any other countries. The reason for lack of production relocation to the United States is that fixed

costs are high relative to the potential sales when sourcing the A4 locally within the United States.
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Figure 9: Probability of Product Offering - Tariffs on the A4

(a) U.S. Tariffs on the ROW (b) U.S. Tariffs on the European Union

Notes: These plots show the probability that the Audi A4 is sold in different countries/regions at different
U.S. tariffs that affect the A4 and not the A6. The bounds reflect both statistical uncertainty regarding the
bounds on the fixed cost parameters and uncertainty about the solution arising from potential inability to
solve the full brand problem. “EUR” denotes the European Union.

We find that at the 5, 000 percentage-point increase in tariffs, fixed costs would have to decline an

average (across draws) of [90.0, 97.3]% to produce in the United States. A reason for this lack of

relocation is that we are conditioning on not producing in the United States initially, which tends

to select high fixed production costs for the United States.

In contrast, Panel (b) shows that tariffs only on the European Union lead to substantial produc-

tion relocation, although not necessarily to the United States. Among the countries with highest

probability of production relocation are Thailand and Morocco.20 A 5, 000 percentage-point in-

crease in tariffs to the European Union causes the probability of production in the United States

to move from 0 (baseline) to [0, 4.7]%. However, the model predicts a highly significant increase in

the probability of opening of a new plant somewhere in the world. Indeed, the number of plants

moves from 1 at baseline to [1.375, 1.648] under a 5, 000 percentage point tariff increase.

Figures 9 demonstrates the effects of both types of tariffs on the probability that the Audi A4

is available in various countries. We find small changes in the bounds of the probability of entry

in all countries except for the United States. There are two important takeaways from these plots.

First, the probability that the A4 remains available in the United States declines monotonically

with tariffs, with entry probabilities in the United States of [86.7, 96.9]% and [88.3, 96.1]% under

a 50 percentage-point increase in ROW and European tariffs, respectively. At a 5,000 percentage-

point increase, the bounds are instead [12.5, 30.5]% under ROW tariffs and [50.8, 73.4]% under

European tariffs. Therefore, for “moderate” tariff raises, the effect on U.S. availability is similar

under both types of tariffs, while the decline is much larger under ROW-tariffs. Second, the

bounds on the number of destination countries in which the A4 is sold decreases from [10.32, 11.70]

20Thailand is the tenth largest automotive producer in the world and hosts Ford, BMW, Mercedes-Benz, Mazda,
Mitsubishi, and Toyota, and Nissan plants, among others. Morocco has seen a rapid expansion of its car industry
recently, with key investments by Renault-Nissan-Mitsubishi, PSA, and BYD.
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Figure 10: Revenues Relative to Baseline at the Destination - Tariffs on the A4

(a) U.S. Tariffs on the ROW (b) U.S. Tariffs on the European Union

Note: These plots show the revenues from the Audi A4 in different countries/regions at different U.S. tariffs
that affect the A4 and not the A6, relative to the revenues earned at the baseline case with a 0 pp tariff
raise. The bounds reflect both statistical uncertainty regarding the bounds on the fixed cost parameters
and uncertainty about the solution arising from potential inability to solve the full brand problem. “EUR”
denotes the European Union.

to [9.617, 10.836] under ROW-tariffs, but only decline to [10.05, 11.47] under EU tariffs. Thus, large

tariffs on the European Union cause an increase in the availability of the A4 in some country other

than the United States, which almost fully compensates the decline in U.S. availability. This shows

that large tariffs on the European Union cause production and sales to relocate to other markets,

not necessarily to serve the United States.

This point is made clear in Figure 10. Tariffs on the ROW cause a progressive decline in A4

revenues in the United States. This is also true under tariffs on the European Union, though even

with a 5,000 percentage-point increase, revenues decline by not more than 60%, to [41.6, 74.0]% of

baseline revenues. These plots clearly show the potential for large increases in A4 revenues in third

countries in response to tariffs on the European Union, with for instance a rise of [23.6, 94.5]% in

Thailand.

To summarize, tariffs on the A4 have potentially large consequences on Audi’s production and

market-entry strategy. However, the way the tariffs are implemented matters. Tariffs on the ROW

lead to small relocation effects. Under most draws, Audi prefers to withdraw from the U.S. market

than to establish a costly A4 plant in the United States. Instead, tariffs on the European Union,

lead to a substantial reorganization of production, and due to interdependencies with product

entry choices, on sales in different markets. This counterfactual exercise illustrates the importance

of interdependencies between production and sales when analyzing the global effects of tariffs.

6.1.2 Demand-Side Subsidy on the A6

Policymakers have also proposed demand-side subsidies to incentivize the purchase and offer-

ings of certain product categories, either due to environmental motivations (e.g., electric-vehicle
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Figure 11: Consumer Subsidy on the A6

(a) A4: Product Entry Probability (b) A6: Product Entry Probability

Notes: These plots show bounds on the probability that the Audi A4 and Audi A6 are sold in different
countries/regions at different U.S. consumer subsidies on the A6. The bounds reflect both statistical uncer-
tainty regarding the bounds on the fixed cost parameters and uncertainty about the solution arising from
potential inability to solve the full brand problem. “EUR” denotes the European Union.

subsidies), or to spur domestic manufacturing (e.g., Buy American). Our model allows to speak

to the effectiveness of demand-side interventions in attracting the production and offering of sub-

sidized products to the United States. Given that the A6 is not offered in the United States in the

data, we study the effect of a demand-side intervention that shifts the appeal ψmn of the Audi A6

in the United States to ψ′
mn = ψmn/(1− s).21

Figure 11 shows the effects of the demand-side intervention on the availability of both the A4

and the A6 throughout the world. Panel (b) shows that already a 20% consumer subsidy on the

A4 increases the probability that it is available in the United States from zero to [10.9, 24.2]%. At

an 80% subsidy, the bounds increase to [49.2, 84.4]%. Panel (a) shows that cannibalization effects

also matter. Subsidizing the A6 can cause the exit of the A4. When the A6 receives an 80%

subsidy, the probability that the A4 is still offered shifts to [25.0, 65.6]%. The bounds on product

entry probabilities also shift in countries other than the United States, though less significantly.

In Mexico, the probability that the A6 is offered shifts from a baseline interval of [21.9, 35.9]% to

[25.0, 37.5]%. Indeed, while the consumer subsidy incentivizes sales in the United States, it affects

incentives to sell the product abroad through endogenous production location choices. If the change

in production location does not lead to a substantial decrease in marginal costs of serving third

countries, Audi’s incentives to sell the A6 there are not substantially affected. Qualitatively, both

cannibalization forces and economies of scale jointly determine the availability of products globally

in response to a demand-side intervention.

Figure 12 shows that the subsidy increases the probability of A6 production in multiple coun-

tries, particularly in the United States, Mexico, and China. However, large consumer subsidies are

needed to substantially increase the probability that a new plant is opened. At a 60% consumer

21In a single-country model, this policy is equivalent to a marginal-cost subsidy. With trade, this policy is distinct
because ψmn varies at the destination-level, while marginal costs vary at the origin-level.
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Figure 12: Consumer Subsidy on the A6

(a) A6: Production Location Probability (b) A6: Revenues Relative to Baseline

Notes: Panel (a) shows bounds on the probability that the Audi A6 is produced in different countries/regions
at different U.S. consumer subsidies on the A6. Panel (b) shows bounds on the A6 revenues coming from
production in the European Union relative to baseline (pre-policy) revenues. The bounds reflect both
statistical uncertainty regarding the bounds on the fixed cost parameters and uncertainty about the solution
arising from potential inability to solve the full brand problem. “EUR” denotes the European Union.

subsidy, the probability of production is [3.1, 14.8]% in the United States, and [0, 11.7]% in Mex-

ico. At an 80% subsidy, these probabilities are [7, 25]% and [2.3, 16.4]%, respectively. While under

some fixed cost draws a new plant is opened to serve the higher-demand U.S. market, we find it

is likely that Audi prefers to abstain from building a new plant and to continue sourcing the Audi

A6 to the United States from Europe. Inded, Panel (b) shows that revenues relative to baseline in

the European Union increase by [52.4, 215]% under a 60% subsidy and more than triple under an

80% subsidy. Computing bounds on origin-level shares, we find that even at an 80% subsidy, the

European Union accounts [30.4, 55.9]% of A6 production value, while the United States only for

[12.6, 31.9]%. Therefore, while production relocation is somewhat likely, it is also highly plausible

for Europe to continue exporting the A6 to the U.S. market. Intuitively, if fixed production costs

are high enough and the United States not productive or large enough to serve U.S. consumers,

Audi will not find it profitable to build a U.S. plant.

6.2 Alternative Policies

In Appendix E, we discuss the effects of U.S. subsidies that reduce the unit cost of producing the

A4 in the United States. This is an additional policy intervention that can be used to incentivize

production relocation to the United States. We find that large subsidies of over 50% are needed

for the United States to significantly increase the probability that the Audi A4 is produced in the

United States. However, at large reductions in U.S. costs, the United States becomes a viable and

profitable export platform for this product. Large marginal cost subsidies increase the probability

that the A4 is introduced globally, reduce the probability that the A6 is sold in different countries

due to cannibalization effects, and increase perceived U.S. origin-level revenues, as well as global
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destination-level revenues for the A4. Due to production relocation on the intensive margin, Europe

produces less of the A4 as the U.S. increases the marginal cost subsidy, but at large subsidies it

also produces less of the A6 due to cannibalization forces leading to reduced demand for the A6.

6.3 Average Effects of U.S. Policies Favoring Electric Vehicles

Electric vehicle policies have become commonplace worldwide. We study the effects of such poli-

cies implemented in the United States on the global structure of automobile production. Through

the lens of our partial equilibrium model, we report the impact of U.S. tariffs and consumer sub-

sidies by averaging across all firms with at least one electric product in their portfolio.22 We

evaluate the effects of various levels of subsidies and tariffs on average firm-level outcomes, both on

the extensive and the intensive margin. To solve for the optimal production and offering choices of

firms under different policies, we implement our solution method at 128 draws of fixed costs and

under each of the points in the confidence set of fixed cost parameters γγγ. Let hbs(γγγ, τ, r) denote

an outcome for brand b in segment s under parameter vector γγγ, policy τ , and realization of fixed

cost shocks r. Our solution method yields bounds on production location and product entry de-

cisions (IIIbs,DDDbs), and as such, bounds on outcomes h that are weakly monotone in such choices.

To obtain bounds on average brand-segment responses, we first average across the 128 realizations

of shocks to obtain averaged lower and upper bounds, habs(γγγ, τ) and h
a
bs(γγγ, τ), respectively. Then,

we average across all treated brand-segments to obtain bounds for the averages, Ha(γγγ, τ) and

H
a
(γγγ, τ). Finally, we obtain bounds on the counterfactual by minimizing and maximizing Ha(γγγ, τ)

and H
a
(γγγ, τ) over γγγ in the confidence set CS, respectively. This procedure yields bounds on levels

H(τ) = minγγγ∈CS H
a(γγγ, τ) and H(τ) = maxγγγ∈CS H

a
(γγγ, τ).23 The reported bounds reflect both

the fact that it is computationally infeasible in some cases to find the full solution (the branch-

ing algorithm applied after the first-step algorithm does not converge after a maximal number of

iterations), and statistical uncertainty regarding the value of γγγ.

6.3.1 U.S. Tariffs on Electric Vehicles Produced Abroad

Figures 13-14 show the effects of different levels of U.S. tariffs on electric vehicles. In both

figures, Panel (a) shows the consequences of tariffs on the rest of the world, while Panel (b) shows

22We define a product as if electric trims of the product account for more than 50% of its global sales.
23A drawback of performing the counterfactual exercises in levels is that the parameter vector γγγ minimizing

(maximizing) a given counterfactual outcome could vary across different policy levels, even though there is only
one true parameter that generates the data. An alternative approach that addresses this concern is to report
counterfactual changes, which compute

∆H(γγγ, τ) := max{Ha
(γγγ, τ)−Ha(γγγ, τ0), H

a
(γγγ, τ)−H

a
(γγγ, τ0),

Ha(γγγ, τ)−H
a
(γγγ, τ0), H

a(γγγ, τ)−Ha(γγγ, τ0)}

∆H(γγγ, τ) := min{Ha
(γγγ, τ)−Ha(γγγ, τ0), H

a
(γγγ, τ)−H

a
(γγγ, τ0),

Ha(γγγ, τ)−H
a
(γγγ, τ0), H

a(γγγ, τ)−Ha(γγγ, τ0)},

where τ0 denotes the case without policies in the United States (or anywhere). Then, one would report ∆H(τ) =
maxγγγ∈CS ∆H(γγγ, τ) and ∆H(τ) = minγγγ∈CS ∆H(γγγ, τ).
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Figure 13: Probability of Production Location of Electric Vehicles - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average share of electric products that are produced in different
countries by brand-segments with at least one electric product in their portfolio. Panel (a) shows the
bounds at different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays
the effect of tariffs imposed only on electric products produced in the European Union. The bounds reflect
both uncertainty arising from unsolved binary decisions due to computational infeasibility, as well as from
statistical uncertainty regarding the fixed cost parameter vector.

Figure 14: Probability of Product Offering of Electric Vehicles - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average share of electric products that are offered in different
countries by brand-segments with at least one electric product in their portfolio. Panel (a) shows the
bounds at different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays
the effect of tariffs imposed only on electric products produced in the European Union. The bounds reflect
both uncertainty arising from unsolved binary decisions due to computational infeasibility, as well as from
statistical uncertainty regarding the fixed cost parameter vector.

the effects of tariffs imposed only on the European Union. Figure 13 shows that, consistent with our

Audi case-study, production relocation to the United States is strongest under a tariff on the rest

of the world. Panel (a) shows that the bounds on the average share of electric products that brands

produce in the United States increase monotonically from [5.4, 6.6]% at baseline to [6.9, 9.2]% at

a 5,000 percentage-point increase in ROW-tariffs. Thus, even at such an extreme level of tariffs,
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the average probability that a given brand produces an electric product in the United States is at

most 9.2%. Production relocation to the United States is therefore not large in magnitude. Panel

(b) demonstrates that if tariffs were imposed only on the European Union, the bounds move only

up to [5.6, 7.1]%, a very small change compared to baseline.

As seen in Figure 14, tariffs have very different effects on product availability depending on their

nature. When imposed on the rest of the world, electric-vehicle tariffs lead to a decrease in the

probability that electric product is offered. This is consistent with little relocation of production to

the United States. At the extreme with a 5,000 percentage-point tariff raise, the average probability

that brand sells an electric vehicle in the United States approximately coincides with the probability

that it produces it there. This is not the case with tariffs on the European Union only. In this

case, even extreme tariffs lead to small effects on electric-product availability, with U.S. bounds

shifting from [41.0, 50.3]% at baseline to [36.7, 44.7]% under the highest tariff raise. This small

decline is explained by two forces. As with Audi, tariffs on the European Union cause some plants

to open in other countries. The average number of electric-vehicle plants per product increases in

this case from [1.213, 1.277] at baseline to [1.244, 1.310]. However, this effect is smaller than in the

Audi case, because unlike Audi wagons, many products are produced in multiple plants at baseline.

Therefore, for many brands, tariffs on the European Union affect brands’ sourcing decision, but do

not lead to substantial effects on the extensive margin.

Figure 15 shows the consequences of U.S. tariffs on electric products for average revenues

earned per electric product in different destination countries. As seen in Panel (a), ROW tariffs

cause a sharp decline in electric vehicle sales in the United States, which fall to [41.4, 45.2]% and

[14.4, 18.6]% of baseline values at a 50 and 5,000 percentage-point tariff raise, respectively. Note

that that the limited production relocation to the United States does cause a decline in electric

vehicle sales in Europe, with revenues falling by up to [0.7, 1.4]% in Germany or [0.7, 1.8]% in

France. Global electric-vehicle sales fall by much less under European-Union tariffs.

In Figure 23 of Appendix E, we report the effects on origin-level electric-vehicle revenues and

find the largest declines under ROW tariffs in Canada and Mexico. For example, in Canada,

electric-vehicle plants shrink their production by [23.3, 34.4]% at a 25 percentage-point increase in

tariffs and [40.0, 55.0]% under a 5, 000 percentage-point raise. These effects are instead mute under

European Union tariffs. We also report the effects of tariffs on non-electric products. The main

takeaways are that (i) non-electric product offerings increase slightly in the United States under

ROW tariffs, though only from [26.1, 30.5]% to at most [28.0, 34.0]%, (ii) exports of non-electric

vehicles tend increase globally due to these tariffs due to cannibalization effects, (iii) purchases of

non-electric products rise primarily in the United States, with a much larger increase under ROW

tariffs than under E.U. tariffs (e.g., [37.6, 77.5]% versus [3.7, 6.1]% at a 5,000 percentage-point

tariff raise). These results suggest that while cannibalization forces have important repercussions

for products not directly affected by tariffs, the effects are quantitatively much more significant on

the intensive rather than the extensive margin.
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Figure 15: Revenues Relative to Baseline at Destination - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average revenue per electric product across brand-segments with
at least one electric product in their portfolio relative to baseline in different destination countries. Panel
(a) shows the bounds at different levels of U.S. tariffs on the rest of the world on electric products. Panel
(b) displays the effect of tariffs imposed only on electric products produced in the European Union. The
bounds reflect both uncertainty arising from unsolved binary decisions due to computational infeasibility, as
well as from statistical uncertainty regarding the fixed cost parameter vector.

6.3.2 Consumer Subsidies on Electric Vehicles in the United States

Figure 16 illustrates how consumer subsidies on electric products in the United States affects

brands’ production location choices. As seen in Panel (a), larger consumer subsidies cause brands

to open additional electric-product in the United States, but also in other countries like Mexico,

Canada, or China. Therefore, countries other than the United States are often better positioned

Figure 16: Probability of Production Location - Consumer Subsidy

(a) Electric (b) Non-Electric

Notes: These plots show the average lower and upper bound share of electric (panel (a)) and non-electric
(panel (b)) products produced by brands in several countries/regions under different US electric-vehicle
consumer subsidy rates. The bounds reflect both uncertainty arising from unsolved binary decisions due to
computational infeasibility, as well as from statistical uncertainty regarding the fixed cost parameter vector.
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Figure 17: Probability of Product Offering - Consumer Subsidy

(a) Electric (b) Non-Electric

Notes: These plots show the average lower and upper bound share of electric (panel (a)) and non-electric
(panel (b)) products offered by brands in several countries/regions under different US electric-vehicle con-
sumer subsidy rates. The bounds reflect both uncertainty arising from unsolved binary decisions due to
computational infeasibility, as well as from statistical uncertainty regarding the fixed cost parameter vector.

to serve the U.S. market with certain products. As consumer subsidies rise, the average share of

electric products produced in the United States shifts from [5.4, 6.6]% at baseline to [11.1, 15.7]%

at an 80% consumer subsidy. In Mexico, the shift is from [4.7, 5.7]% to [8.6, 11.0]%. The consumer

subsidies cause production relocation. We find that while the probability rises of production rises

very significantly in the United States or Mexico, the average number of plants per electric product

rises only from [1.213, 1.277] to [1.240, 1.388]. For non-electric products, we find that the number

of plants tends to decrease globally, though to a lesser extent. In the United States, the bounds for

non-electric products shift from [3.6, 4.9]% at baseline to [3.0, 4.3]% at an 80% consumer subsidy.

In Figure 28 of Appendix E, we find the corresponding effects on plant sales. Thus, consumer

subsidies can effectively attract production to origin countries that are well-positioned to serve the

U.S. market, which for many products we find is not the United States.

The opening up of new plants a result of US demand-side interventions has implications

for global consumers. American consumers see increasing availability of electric products as

the consumer subsidy rises, with intervals [41.0, 50.3]% offered at baseline, and [49.3, 64.0]% and

[64.0, 82.2]% offered at 40% and 60% subsidies, respectively. We also find small increases in avail-

ability in other countries. In Mexico, the bounds shift from [30.1, 34.0]% to [30.9, 35.8]% at an

80% subsidy in the United States. Overall, we find that firms sell the average electric product in

[14.4, 15.9] countries at baseline, and [15.7, 17.6]. Therefore, we find quantitatively large local and

small cross-country effects on the extensive margin.

We find a similar and reverse story for non-electric products in Figure 17. Cannibalization

forces lead to substantial exit of non-subsidized products, though mostly in the United States.

We find that the non-electric probability bounds in the United States shift from [26.1, 30.5]% at

baseline, to [22.3, 23.9]% and [8.7, 13.3]% under 40% and 80% consumer subsidies, respectively.
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While we find small cross-country effects on the extensive margin, this does not mean that

these effects are quantitatively small or economically unimportant. On the intensive margin, U.S.

consumer subsidies on electric products have a direct impact on U.S. electric vehicle purchases,

as seen in Panel (a) Figure 18. A 20% consumer subsidy raises U.S. purchases by more than

twofold, and subsidies greater than 40% by more than threefold. In the United States, such

subsidies have the effect of sharply reducing purchases of non-subsidized products. Already a 20%

consumer subsidy decreases non-electric vehicle sales by [20.7, 28.4]%. While smaller quantitatively,

we also find that brands’ production relocation in response to the U.S. consumer subsidy affects

purchases of non-electric products worldwide. In Mexico, electric purchases increase by [1.5, 3.1]%

under a U.S. 20% subsidy, and by [17.4, 27.6]% under an 80% subsidy. At such subsidy rates,

Mexican purchases of non-electric products decline by [0.6, 1.5]% and [4.5, 7.2]%, respectively. Thus,

endogenous production relocation in response to a local electric consumer subsidy has quantitatively

significant effects on electric purchases abroad through production relocation and on non-electric

purchases through cannibalization forces.

6.4 Alternative Policies

In Appendix E, we also study the effect of U.S. marginal-cost subsidies favoring production of

electric vehicles. We find that high marginal cost subsidies cause production of electric vehicles

to relocate to the United States, increased sales of electric vehicles globally, and reduced sales of

non-electric vehicles due to cannibalization effects.

6.5 Why Is Production Relocation Limited in Response to U.S. Tariffs?

In sections 6.1.1 and 6.3.1, we showed that even large tariffs cause limited production relocation

to the United States. To understand this result, we conduct additional counterfactual experiments

to study the effect of tariffs in a world with alternative U.S. demand and cost fundamentals. We

plot the results in Appendix G.

For production relocation to the United States to take place, by definition there must be no

U.S. production before tariffs are implemented, and there must be production after tariffs are

implemented. Fundamental changes to demand and costs in the United States affect both pre-

treatment and post-treatment production probabilities.

Both for Audi and for the average firm, we find that production relocation to the United States

would be higher if tariffs were implemented in a world with greater U.S. demand for the treated

products. We also find that lower fixed costs of producing in the United States potentially cause

higher rates of plant relocation. At some parameters in the confidence set, we find that non-

monotonicities occur. For instance, Figure 39 in Appendix G shows that production relocation is

higher under a 60% reduction in U.S. production fixed costs rather than an 80% reduction, due to

higher baseline production probabilities in the latter case. We also find that even relatively modest

U.S. marginal costs reductions increase baseline production probabilities, and therefore limit the

scope for production relocation. All in all, we find quantitatively that the set of products for which
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Figure 18: Revenues Relative to Baseline at Destination - Consumer Subsidy

(a) Electric (b) Non-Electric

Note: These plots display bounds on the average revenue per product across brand-segments with at least
one electric product in their portfolio relative to baseline in different destination countries. Panel (a) shows
the bounds at different levels of U.S. consumer subsidies on electric products. Panel (b) displays the bounds
at different levels of U.S. consumer subsidies on non-electric products. The bounds reflect both uncertainty
arising from unsolved binary decisions due to computational infeasibility, as well as from statistical uncer-
tainty regarding the fixed cost parameter vector.

tariffs induce relocation is small – products for which production in the U.S. is profitable are likely

to already be produced at baseline, while products for which production is unprofitable at baseline

are unlikely to be relocated due to insufficient demand relative to the costs of setting up a plant.

7 Alternative Models

In this section, we discuss alternative modelling assumptions, and whether or not our approach

could be used to study such cases. First, we consider an alternative model with brand-country-

level fixed production/selling costs. Second, we consider whether it is possible to study models

with product-origin-destination-level fixed selling costs. Finally, we consider a version of the model

where no fixed selling cost is incurred for a product if the model is produced in that country.

7.1 Economies of Scope

In our main specification, we specify fixed production and selling costs to vary at the product-

country level. In reality, brands may first pay a fixed cost for entering a market, and subsequently

pay additional fixed costs per product. For instance, fixed production costs for product m in

country n might take the alternative form F̃ pmn = γ41{
∑

m′ ̸=mDm′n = 0} + F pmn, such that an

additional fixed cost γ4 is paid whenever m is the first product produced in country n. Under this

specification, there is now a source of complementarities across production locations for a given

product. Overall, it may be the case that production locations for the same product are substitutes,

due to minimum-cost sourcing, or complements, due to economies of scope. In Appendix B.3.1,

we show that our methodology can be extended to allow for payoff functions that are additively
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separable in components, and where for each component the sign of the interdependence across any

pair of choices is known. In this case, production locations for the same products are substitutes

under variable profits (net of fixed selling costs), but complements under fixed production costs,

which enter additively in the payoff function.

7.2 Fixed Selling Costs Varying at the Origin-Destination Level

Suppose that fixed selling costs varied across models, destination, and origin countries, i.e.,

F emno. In this case, instead of sourcing a product to destination n from the minimum marginal cost

location, brands would optimally source products from the maximal profit location. For single-

product brands, this would pose no additional conceptual challenge, other than computing the

optimal sourcing location according to maxo{πno(DDD) − F eno}, instead of mino{cno}. However, a

complication arises in the case of multi-product brands. Without minimum-cost sourcing, there

is now a potential complementarity between producing a product m, and selling a product m′

in a given destination n. Indeed, if producing product m in a low fixed cost location now leads

to sourcing model m from a higher marginal cost origin, this would increase the marginal value

of selling product m′ due to reduced cannibalization. In this case, because the interdependence

between producing m and selling m′ enter non-additively through the price index, it is not possible

to leverage the extension from Appendix B.3.

7.3 Zero Fixed Selling Costs in Producing Locations

Consider the following specification for fixed selling costs: F̂ emn = (1 − Dmn)F
e
mn. That is, if

product m is produced in country n, then selling product m in country n happens at a zero fixed

cost, independently of whether m is sourced to n from n. Then, total profits for brand b in segment

s can be written as,

Π̂bs(III
bs,DDDbs) =

∑
m,n

Imn(πmn(III
bs
n ,DDD

bs)− F emn(1−Dmn))−
∑
m,n

DmnF
p
mn

=
∑
m,n

Imn(πmn(III
bs
n ,DDD

bs)− F emn)−
∑
m,n

DmnF
p
mn︸ ︷︷ ︸

Πbs(IIIbs,DDDbs)

+
∑
m,n

ImnDmnF
e
mn.

Therefore, due to constant-signed cross-partials under Πbs, and because the term
∑

m,n ImnDmnF
e
mn

does not change the sign of the cross-partials, we can solve this alternative model.24 Notice that

overall, production locations remain substitutes under this payoff function, but there is an addi-

tional source of complementarity between producing and selling product m in the same location.

24While we could obtain bounds on the solution using our baseline mapping, it complicates using the extension from
equation (24), as it introduces a potential source of (non-additive) complementarity between production locations.
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8 Conclusion

Our analysis highlights how multinational, multiproduct firms make interconnected production

and market entry decisions in response to policy changes. By modeling these choices within a

unified framework, we show that subsidies and tariffs have distinct effects on global production.

Demand-side EV subsidies in the U.S. favor production in or near the United States, and EV market

entry, while marginal cost subsidies shift production toward the United States, both reducing the

availability of non-electric alternatives worldwide. Tariffs, in contrast, have limited effects on global

production structures due to high fixed costs, inducing selective production relocation but reducing

product variety.

More broadly, our framework illustrates how national policies can reshape firms’ global strate-

gies, creating spillover effects across markets. The presence of fixed costs and economies of scale

generates a proximity-concentration tradeoff, meaning that decisions in one country influence firms’

entire global operations. These findings underscore the importance of considering cross-market ef-

fects when analyzing trade and industrial policies in industries dominated by multinational firms.

This paper provides a novel method that permits solving combinatorial discrete choice single-

agent and static models featuring simultaneous complementarities and substitutabilities. We plan

to extend our method to allow for strategic interactions across agents and for dynamic interdepen-

dent choices in future work.
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A Model Properties

In this section, we derive the key model properties that guarantee that Assumption 1 is satisfied under

different specifications of the payoff function. We begin by proving the interdependence structure across

the binary choices that enter Πbs. We then prove the interdependence properties of value functions Vb,s

and Vb,s,m.

A.1 Interdependence Properties under Πbs

In this subsection, we prove the properties of Πbs stated in section 3.1.1. Total profits for brand b in

segment s are,

Πbs(III
bs,DDDbs) =

N∑
n=1

Mbs∑
m=1

{Imn(πmn(IIIbsn ,DDDbs)− F emn)−DmnF
p
mn} (A1)

=
N∑
n=1

AbsnPbsn(III
bs
n ,DDD

bs)1−σ
B −

∑
m,n

(ImnF
e
mn +DmnF

p
mn), (A2)

where

Pbsn(III
bs
n ,DDD

bs) =

Å Mbs∑
m=1

Imn
(
Pmn(DDDm)/ψmn

)1−σM
ã 1

1−σM

. (A3)

A.1.1 Property 1: Dmo and Imn are complements for any m and any o, n ∈ N

To prove this property, consider the marginal value of Imn,

∆Imn(III
bs,DDDbs) = Absn[Pbsn(III

bs,m→1
n ,DDDbs)1−σ

B − Pbsn(III
bs,m→0
n ,DDDbs)1−σ

B
]− F emn. (A4)

To prove Property 1, we need to show that ∆Imn(III
bs,DDDbs) is increasing in DDDm. Consider D̂DDm ≥ DDDm.

From the perspective of country n sales, there are two possibilities. More production location decisions

for product m could either: (i) leave the minimum-cost origin unchanged, and therefore Pmn = P̂mn, or

(ii) decrease the cost of supplying m in n, causing P̂mn < Pmn. Thus, the difference-in-differences yields,

∆Imn(III
bs, D̂DD

bs
)−∆Imn(III

bs,DDDbs) = Absn[Pbsn(III
bs,m→1
n , D̂DD

bs
)1−σ

B − Pbsn(III
bs,m→0
n , D̂DD

bs
)1−σ

B
(A5)

− Pbsn(III
bs,m→1
n ,DDDbs)1−σ

B
+ Pbsn(III

bs,m→0
n ,DDDbs)1−σ

B
] (A6)

= Absn[Pbsn(III
bs,m→1
n , D̂DD

bs
)1−σ

B − Pbsn(III
bs,m→1
n ,DDDbs)1−σ

B
] (A7)

where the second equality follows from the fact that whenever Imn = 0, the brand-segment price index is

equal under D̂DD
bs

and under DDDbs. Now, under case (i) with Pmn = P̂mn, such a difference is clearly zero,

while under case (ii) the difference is clearly positive. Thus,

∆Imn(III
bs, D̂DD

bs
)−∆Imn(III

bs,DDDbs) ≥ 0,
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which proves complementarity.

We can also prove complementarity in the other direction. Consider the marginal value of Dmo,

∆Dmo(III
bs,DDDbs) =

∑
n

Absn[Pbsn(III
bs
n ,DDD

b,mo→1)1−σ
B − Pbsn(III

bs
n ,DDD

b,mo→0)1−σ
B
]− F pmo. (A8)

Consider the differences-in-differences,

∆Dmo(III
bs,mk→1,DDDbs)−∆Dmo(III

bs,mk→0,DDDbs). (A9)

Clearly, for countries n ̸= k, the terms in the differences-in-differences cancel out, since the marginal

contribution of Dmo to country n profits is independent of the value of Imk. Therefore,

∆Dmo(III
bs,mk→1,DDDbs)−∆Dmo(III

bs,mk→0,DDDbs) (A10)

= Absk[Pbsk(III
bs,m→1
k ,DDDbs,mo→1)1−σ

B − Pbsk(III
bs,m→1
k ,DDDbs,mo→0)1−σ

B
] ≥ 0, (A11)

where the equality follows from the fact that the terms with no sales in country n of model m cancel out

and the inequality follows from potentially lower prices from Dmo = 1 and σB > 1.

A.1.2 Property 2: Dmo and Ikn are substitutes for m ̸= k and for any o, n ∈ N

To prove Property 2, consider the marginal value of Ikn,

∆Ikn(III
bs,DDDbs) = Absn[Pbsn(III

bs,k→1
n ,DDDbs)1−σ

B − Pbsn(III
bs,k→0
n ,DDDbs)1−σ

B
]− F ekn. (A12)

To prove Property 2, we need to show that ∆Ikn(III
bs,DDDbs) is decreasing in DDDm. Consider D̂DDm ≥ DDDm.

Clearly, if Imn = 0, changes in production location choices for product m will not affect the brand-

segment price index. Thus, consider the case in which Imn = 1. In this case, more production locations

for product m can only lead to declines in the price of product m in country n. Differentiating with

respect to Pmn, we obtain,

∂∆Ikn(III
bs,DDDbs)

∂Pmn
=
Absn
ψmn

Å
Pmn
ψmn

ã−σM

(1− σB)[Pbsn(III
bs,k→1
n ,DDDbs)σ

M−σB − Pbsn(III
bs,k→0
n ,DDDbs)σ

M−σB
]

≥ 0, (A13)

where the inequality follows from σB > 1 and the fact that the price index is decreasing in varieties offered

and there is cannibalization, σM > σB. Therefore, increases in prices of model m in country n increase

the marginal value of offering product k in country n. Or, increases in production locations for model m,

which weakly decrease prices for product m in country n, decrease the marginal value of offering product

k country n. It follows that Property 2 holds.

A.1.3 Property 3: Ikn and Imn are substitutes in country n for k ̸= m

The proof for this property mimics the proof for Property 2. Indeed, we proved that ∆Ikn(III
bs,DDDbs)

is increasing in Pmn. Offering product m in country n is equivalent to decreasing its price from ∞ to a
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finite value. Therefore, ∆Ikn(III
bs,DDDbs) is also decreasing in Imn.

A.1.4 Property 4: Imn and Ikt are independent for n ̸= t for all m, k with m ̸= k

This property follows by inspection of equation (A4) defining ∆Imn , which clearly does not depend on

the sales decisions in markets other than n.

A.1.5 Property 5: Dmo and Dmt are substitutes for o ̸= t

To prove Property 5, consider the marginal value of producing product m in country o,

∆Dmo(III
bs,DDDbs) =

∑
n

Absn[Pbsn(III
bs
n ,DDD

bs,mo→1)1−σ
B − Pbsn(III

bs
n ,DDD

bs,mo→0)1−σ
B
]− F pmo. (A14)

We introduce notation and write,

∆Dmo(III
bs,DDDbs) =

∑
n

∆o
bsn(DDDm)− F pmo. (A15)

Note that ∆o
bsn(DDDm) ≥ 0 for all n and all DDDm. We abuse notation and write ∆o

bsn as a function of only

DDDm even though it also depends on production location of other products and of country-n offerings. We

prove Property 5 by showing that ∆o
bsn(DDDm) ≤ ∆o

bsn(DDDm) for all n. This shows that the marginal value

of producing m in o is smaller when m is produced in more locations. Consider two cases:

1. ∆o
bsn(DDDm) = 0. In this case, producing product m in country o causes no change in variable profits

in country n because m is not sourced to n from o. Thus, necessarily 0 = ∆o
bsn(DDDm) ≤ ∆o

bsn(DDDm).

2. ∆o
bsn(DDDm) > 0. If this is the case, then necessarily country o is the minimum cost location to source

product m to country n, under DDDm. The fact that DDDm ≤DDDm implies that ∆o
n(DDDm) ≥ 0 – if o is the

lowest cost production location under a superset of possible sourcing locations, it must also be the

lowest cost location under a subset. However, the change in cost (and therefore in price) must be

weakly smaller under DDDm than under DDDm, which implies that ∆o
n(DDDm) ≤ ∆o

n(DDDm).

We have therefore proven Property 5.

A.1.6 Property 6: Dmo and Dkt are substitutes for m ̸= k

To prove this property, it suffices to prove that ∂
∂Pkn

∆o
n(DDDm) ≥ 0. This follows from the fact that,

as seen in equation (A14), the marginal value of producing m in country o consists of the change in

variable profits across all countries arising from this decision minus the production fixed cost. If some

other product k is produced is now produced in some country t, this could potentially reduce the price

of product k in any country, affecting the marginal contribution of Dmo through the brand-segment price

index.

We have,
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∂

∂Pkn
∆o
n(DDDm) =

Absn
ψkn

Å
Pkn
ψkn

ã−σM

(1− σB)[Pbsn(III
bs
n ,DDD

b,mo→1)σ
M−σB − Pbsn(III

bs
n ,DDD

b,mo→0)σ
M−σB

] (A16)

≥ 0, (A17)

since σB > 1, σM > σB and the brand-segment price index is weakly decreasing in the set of production

locations. We have therefore proven Property 6.

A.2 Interdependence Properties under Vb,s,m

We now prove the interdependence across production locations under the mapping,

Vb,s,m(DDDm;III−m,DDD−m) := max
IIIm

N∑
n=1

Imn∆π
m
n (DDDm;III−m,DDD−m)−

N∑
n=1

DmnF
p
mn, (A18)

introduced in equation (24). We first consider the single-product firm case and prove Proposition 5. We

then prove general properties that hold in the general case with multiproduct firms.

A.2.1 Proof of Proposition 5

Consider the mapping,

Vb,s(DDDm) := max
IIIm

N∑
n=1

Imn∆π
m
n (DDDm)−

N∑
n=1

DmnF
p
mn. (A19)

The aim is to prove that Dmo and Dmo′ are substitutes under Vb,s. It suffices to prove that, holding

fixed all production location decisions except for two, we have that,

Vb,s((1, 1),DDDm)− Vb,s((0, 1),DDDm) ≤ Vb,s((1, 0),DDDm)− Vb,s((0, 0),DDDm). (A20)

While b is single-product in segment s, we label the product as m (this helps with notation when we

extend the result).

Introducing notation, let I
(i,j)
mn denote the optimal product entry decision rule under the production

location decision implied by (i, j) ∈ {(1, 1), (1, 0), (0, 1), (0, 0)}. We abuse notation and write ((i, j),DDDm)

as the argument of the function, which should be interpreted as all production locations other than (i, j)

are fixed at the values corresponding to DDDm.

The first step of the proof is to realize that,

I(1,1)mn = I(1,0)mn + I(0,1)mn − I(1,0)mn I(0,1)mn . (A21)

Equation (A21) says that if product m is sold in country n under production vector (1, 1), it must be sold

either under production vector (1, 0) or under production vector (0, 1) (or both). This property arises due
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to single-origin sourcing – sourcing from two locations cannot be beneficial. In addition, we must have

that,

I(1,1)mn ≥ max{I(1,0)mn , I(0,1)mn }, (A22)

and

I(0,0)mn ≤ min{I(1,0)mn , I(0,1)mn } (A23)

Inequality (A22) says that if m is sold in n under either (1, 0) or (0, 1), then it is necessarily sold under

(1, 1). Inequality (A23) says that if m is sold in n under (0, 0), it must be sold either under (1, 0) or (0, 1).

Combining inequalities (A21)-(A23), we obtain,

I(1,1)mn − I(0,1)mn = I(1,0)mn − I(1,0)mn I(0,1)mn ≤ I(1,0)mn − I(0,0)mn . (A24)

We are now ready to prove the proposition. Expanding inequality (A20), the goal is to prove that∑
n

Ä
I(1,1)mn − I(0,1)mn

ä
∆πmn (1, 1) +

∑
n

I(0,1)mn [∆πmn (1, 1)−∆πmn (0, 1)]

≤∑
n

Ä
I(1,0)mn − I(0,0)mn

ä
∆πmn (1, 0) +

∑
n

I(0,0)mn [∆πmn (1, 0)−∆πmn (0, 0)]

or equivalently,∑
n

Ä
I(1,1)mn − I(0,1)mn

ä
∆πmn (1, 1) +

∑
n

(I(0,1)mn − I(0,0)mn ) [∆πmn (1, 1)−∆πmn (0, 1)]

+
∑
n

I(0,0)mn [∆πmn (1, 1)−∆πmn (0, 1)]

≤ (A25)∑
n

Ä
I(1,0)mn − I(0,0)mn

ä
∆πmn (1, 0) +

∑
n

I(0,0)mn [∆πmn (1, 0)−∆πmn (0, 0)] .

Due to Property 5 of the model (proven in subsection A.1.5),

∆πmn (1, 1)−∆πmn (0, 1) ≤ ∆πmn (1, 0)−∆πmn (0, 0), (A26)

which follows from the fact that production locations are substitutes. Combining inequalities (A25)-(A26),

it follows that a sufficient condition to prove is,∑
n

(I(1,1)mn − I(0,0)mn )∆πmn (1, 1) ≤
∑
n

(I(0,1)mn − I(0,0)mn )∆πmn (0, 1) +
∑
n

(I(1,0)mn − I(0,0)mn )∆πmn (1, 0). (A27)

Note that the LHS of inequality (A27) sums across the variable profits in all countries for which the brand

enters only when the product is produced in either of the two countries. The RHS sums profits over all

destination countries for which sourcing occurs from the second country and over all countries for which
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sourcing occurs from the first country. It must be that the LHS is equal to the RHS, which concludes the

proof.

A.2.2 Corollary of Proposition 5: Vb,s,m exhibits decreasing differences in DDDm

A corollary of Proposition 5 is that the function Vb,s,m, defined in equation (A18), exhibits decreasing

differences in DDDm. The proof follows immediately from the arguments in section A.2.1. Note that all

of the arguments apply even in the case with multiproduct firms, given that they do not depend on the

values of (III−m,DDD−m).

A.2.3 Argmax of Vb,s,m(DDDm;III
∗
−m,DDD

∗
−m) is DDD∗

m

In this subsection, we prove the following proposition.

Proposition 2 The optimal production location decisions for product m, DDD∗
m, that solve the program

maxIIIbs,DDDbs Πbs(III
bs,DDDbs) are also the argmax of Vb,s,m(DDDm;III

∗
−m,DDD

∗
−m) is DDD

∗
m.

Proof. The problem maxIIIbs,DDDbs Πbs(III
bs,DDDbs) has a unique solution almost surely. Note that this problem

can trivially be written as,

max
DDDm

max
IIIm

max
III−m,DDD−m

Πbs(III
bs,DDDbs) =

N∑
n=1

Mbs∑
m=1

{Imn(πmn(IIIbsn ,DDDbs)− F emn)−DmnF
p
mn}. (A28)

Let (III−m(IIIm,DDDm),DDD−m(IIIm,DDDm)) denote the argmax of the innermost maximization problem. We can

then write the problem as,

max
DDDm

max
IIIm

N∑
n=1

{Imn(∆πmn (DDDm;III−m(IIIm,DDDm),DDD−m(IIIm,DDDm)))−DmnF
p
mn}. (A29)

This step follows because conditional on production location choices, market entry decisions are indepen-

dent across countries. As such, given any DDDm, the inner loop of problem (A29) simply chooses optimal

entry decisions in each country independently, accounting for how such entry decisions affect overall

profits. Now, program (A29) has the form of Vb,s,m, which proves Proposition 2.

A.2.4 Vb,s,m exhibits decreasing differences in DDD−m and III−m

To prove this result, consider the difference

∆V o
b,s,m(DDDm;III−m,DDD−m) = Vb,s,m(DDD

o→1
m ;III−m,DDD−m)− Vb,s,m(DDD

o→0
m ;III−m,DDD−m)− F pmo.

The goal is to prove that ∆V o
b,s,m(DDDm;III−m,DDD−m) is decreasing in III−m and DDD−m. We are interested in

establishing that ∆V o
b,s,m(DDDm;III−m,DDD−m)−∆V o

b,s,m(DDDm;III−m,DDD−m) ≥ 0 and ∆V o
b,s,m(DDDm;III−m,DDD−m)−

∆V o
b,s,m(DDDm;III−m,DDD−m) ≥ 0 for DDD−m ≥ DDD−m and III−m ≥ III−m. Using V b,s,m to denote dependence

on III−m or DDD−m, and V b,s,m to denote dependence on III−m or DDD−m, the difference-in-differences can be
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expanded as,

∆V o
b,s,m(DDDm)−∆V

o
b,s,m(DDDm) =

∑
n

I1mn[∆π
m
n (DDD

o→1
m )−∆πmn (DDD

o→1
m )] (A30)

+
∑
n

(I1mn − I
1
mn)∆π

m
n (DDD

o→1
m )

−
∑
n

I0mn[∆π
m
n (DDD

o→0
m )−∆πmn (DDD

o→0
m )]

−
∑
n

(I0mn − I
0
mn)∆π

m
n (DDD

o→0
m ),

where under and over-lines are used to denote dependence on DDD−m(III−m) and DDD−m(III−m), respectively

and superscripts on Imn denote the optimal product-market entry decision under Dmo = j. Partition the

set of countries as follows:

Gm = {n : I1mn − I
1
mn > I0mn − I

0
mn}

Em = {n : I1mn − I
1
mn = I0mn − I

0
mn}

Lm = {n : I1mn − I
1
mn < I0mn − I

0
mn}.

We can partition equation (A30) and write,

∆V o
b,s,m(DDDm)−∆V

o
b,s,m(DDDm) = ΣGm +ΣEm +ΣLm (A31)

where ΣGm denotes the components of the sum in equation (A30) that sum over Gm, ΣEm denotes the

components that sum over Em, and ΣLm denotes the components that sum over Lm. It suffices to show

that each of these components is weakly positive. Starting with Gm, note that if n ∈ Gm, it must be that

I1mn = 1 and I
1
mn = I0mn = I

0
mn = 0, which implies,

ΣGm =
∑
n∈Gm

∆πmn (DDD
o→1
m ) ≥ 0, (A32)

where the inequality follows from n ∈ Gm =⇒ I1mn = 1. Focusing now on ΣEm , note that for all

n ∈ Em, either I
1
mn = I

1
mn = I0mn = I

0
mn = 0, in which case the difference-in-differences is ΣEm = 0, or

I1mn = I
1
mn = I0mn = I

0
mn = 1, in which case,

ΣEm =
∑

n∈Em:I1mn=I
1
mn=I

0
mn=I

0
mn=1

[(∆πmn (DDD
o→1
m )−∆πmn (DDD

o→1
m ))− (∆πmn (DDD

o→0
m )−∆πmn (DDD

o→0
m ))] ≥ 0,

(A33)

where the inequality follows because the marginal value of producing m at country o is decreasing in the

set of production and sales locations for products −m, as shown in Properties 2 and 6. Finally, consider

the summation across n ∈ Lm. Note that if n ∈ Lm, then necessarily I0mn = I1mn = I
1
mn = 1 and I

0
mn = 0.
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As such,

ΣLm =
∑
n∈Lm

{[(∆πmn (DDDo→1
m )−∆πmn (DDD

o→1
m ))− (∆πmn (DDD

o→0
m )−∆πmn (DDD

o→0
m ))]−∆πmn (DDD

o→0
m )} ≥ 0,

where the inequality follows from Properties 2 and 6 and from the fact that for n ∈ Lm, I
0
mn = 0 =⇒

∆πmn (DDD
o→0
m ) < 0.

We have therefore proven that Vb,s,m exhibits decreasing differences in DDD−m and III−m.

B Extensions of the First-Step Algorithm

B.1 Extension 1: Value-Function Mapping and Composition

Depending on the structure of the objective payoff function π, it may be possible to solve for a subset of

decisions easily given values of other choices. Indeed, suppose that the following properties/assumptions

hold:

Assumption 2 Given C = (A,B) with A ∈ BL and B ∈ BJ−L, it is feasible to compute:

µ(A) := max
B∈BJ−L

π(A,B), for any A ∈ BJ .

Moreover, suppose that the following additional assumption holds.

Assumption 3 (Constant Sign of Cross-Partials of µ(A)) For all A ∈ BL, and all i, j ∈ {1, . . . , L},
the sign of ∆µ

ij(A) is known and independent of A.

Given Assumptions 2-3, we can define set-increasing mappings Fµ and Fπ. For any CCC ∈ S(BJ), define

Ωµ(CCC) = {i ∈ {1, . . . , L} : ∆µ
i (sup

µ
i (CCC)) < 0},

Ωµ(CCC) = {i ∈ {1, . . . , L} : ∆µ
i (inf

µ
i (CCC)) ≥ 0}.

Both supµi (CCC) and infµi (CCC) are L× 1 vectors with elements

[supµi (CCC)]j := σµij [sup(CCC)]j + (1− σµij)[inf(CCC)]j ,

[infµi (CCC)]j := σµij [inf(CCC)]j + (1− σµij)[sup(CCC)]j .

Then, we can define mapping Fµ : S(BJ) → S(BJ) as

Fµ(CCC) = {C ∈ CCC : Ci = 0 for all i ∈ Ωµ(CCC) and Ci′ = 1 for all i′ ∈ Ωµ(CCC)}.

Note that Fµ only updates coordinates i ∈ {1, . . . , L} according to the µ function, and uses Assumption

3 to construct decision-specific suprema and infima under µ.

Similarly, for any CCC ∈ S(BJ), define

Ωπ(CCC) = {i ∈ {L+ 1, . . . , J} : ∆π
i (supi(CCC)) < 0},
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Ωπ(CCC) = {i ∈ {L+ 1, . . . , J} : ∆π
i (infi(CCC)) ≥ 0}.

Both supi(CCC) and infi(CCC) are J × 1 vectors with elements

[supi(CCC)]j := σij [sup(CCC)]j + (1− σij)[inf(CCC)]j ,

[infi(CCC)]j := σij [inf(CCC)]j + (1− σij)[sup(CCC)]j .

Let Fπ : S(BJ) → S(BJ) as

Fπ(CCC) = {C ∈ CCC : Ci = 0 for all i ∈ Ωπ(CCC) and Ci′ = 1 for all i′ ∈ Ωπ(CCC)}.

Note that Fπ is identical to F in the main text except for the fact that it only updates coordinates with

indices larger than L. Moreover, both mappings have the property that Fπ(CCC
∗) = CCC∗ and Fµ(CCC

∗) = CCC∗,

where CCC∗ = {C∗}, since at the global maximum, there is no one-coordinate deviation that improves the

values of µ nor π. As such, Fπ◦µ : S(BJ) → S(BJ) defined as Fπ◦µ = Fπ ◦Fµ also has fixed point CCC∗. Since

a composition of set-increasing mappings is also increasing, it follows that one can apply Fπ◦µ iteratively

starting at CCC0 = BJ to obtain the supremum of the set of fixed points (Tarski 1955).

One important example that satisfies Assumptions 2-3 worth mentioning in the context of our ap-

plication is the case of the single-product firm. In this case, as shown in Appendix A, the mapping in

equation (24),

Vb,s(DDD) := max
III

N∑
n=1

In∆π
m
n (DDD)−

N∑
n=1

DnF
p
n

exhibits decreasing differences in DDDm, and thus satisfies Assumption 3. Moreover, given production

location choicesDDD, sales decisions are independent across countries, which means only N profit evaluations

have to be computed (rather than 2N if the problem were combinatorial). Thus, this problem satisfies

Assumption 2.

In this particular case, we only require knowledge of the interdependence across production locations to

obtain bounds on the solution for such production locations. In this case, there are only substitutabilities,

so our algorithm is equivalent to Arkolakis et al. (2023). If the researcher is also interested in bounding

the profit-maximizing value of III given bounds on DDD, then knowledge of interdependence between III

and DDD is required. In this case, they are complements under π = Πbs(III,DDD), as shown in Appendix

A. The composition of two mappings – first bounding production location choices and then bounding

offering choices – yields bounds on the overall solution of the problem. The first mapping exhibits only

substitutabilities, while the second mapping exhibits only complementarities.

B.2 Generalization of Extension 1: Composition of Mappings

In this section, we provide a technical generalization of Extension 1. We start by defining the first-step

algorithm that uses some mapping µ, which in general is not equal to π, to solve for bounds on the argmax

of π. The function µ takes values in the L-dimension Boolean set, rather than the J-dimensional Boolean
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set, where L ≤ J . We define the marginal value and the cross-partial under µ.

Definition 3 (Marginal Value under µ) The marginal value of discrete choice i under C given func-

tion µ : BL → R, with L ≤ J , is given by,

∆µ
i (C) := µ(Ci→1)− µ(Ci→0) (A34)

where Ci→1 is the vector C with the ith coordinate set to 1 (analogously for Ci→0).

Thus, ∆µ
i (C) is the change in µ(C) when changing the ith coordinate from zero to one holding all other

coordinates constant. We also define the cross-partial of i and j under C.

Definition 4 (Cross-Partial under µ) For any two choices i, j ∈ {1, 2, ..., J} and a function µ : BL →
R, we define the cross-partial of i and j under C as,

∆µ
ij(C) := ∆µ

i (C
j→1)−∆µ

i (C
j→0). (A35)

Thus, ∆µ
ij(C) is the difference in marginal value of coordinate i when j is set to 1 relative to when j is

set to 0.

Assumption 4 For all C ∈ BL, and any i, j ∈ {1, 2, ..., L}, the sign of ∆µ
ij(C) is known and independent

of C.

Note that Assumption 4 requires knowledge of the sign of the interdependence across any pair of

choices within L-dimensional subset of decisions on which µ operates.

Given Assumption 4, we define decision-specific suprema and infima in Definition 5.

Definition 5 Given any CCC ∈ S(BJ), the supremum and infimum for decision i ∈ {1, 2, ..., L} under

function µ : BL → R are L−dimensional vectors, respectively, with jth element equal to,

[supµi (CCC)]j := 1[∆µ
ij ≥ 0][sup(CCC)]j + 1[∆µ

ij < 0][inf(CCC)]j (A36)

[infµi (CCC)]j := 1[∆µ
ij ≥ 0][inf(CCC)]j + 1[∆µ

ij < 0][sup(CCC)]j . (A37)

Notice that supµi and infµi map, for each i ∈ {1, 2, ..., L}, lattice CCC ∈ S(BJ) to elements in BL.25

To construct a set-increasing mapping in S(BJ), define, for any CCC ∈ S(BJ),

Ωµ(CCC) = {i ∈ U(µ) : ∆µ
i (sup

µ
i (CCC)) < 0} (A38)

Ωµ(CCC) = {i ∈ U(µ) : ∆µ
i (inf

µ
i (CCC)) ≥ 0}, (A39)

25We assume without loss of generality that the indices under µ are a subset of the indices under π, and that the indices
otherwise coincide, i.e., the decision corresponding to the jth coordinate under µ is also the jth coordinate under π. In
practice, mapping µ could apply to a subset of decisions Aµ ⊆ {1, 2, ..., J}, with Aµ ̸= {1, 2, ..., L}, in which case one could
readily define a dictionary mapping the set {1, 2, .., L} to Aµ.
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where U(µ) ⊆ {1, 2, ..., L} is the weak subset of coordinates which mapping µ updates. That is, mapping µ

may update only a subset of the L-dimensional vector on which it operates, though it requires knowledge

of the interdependence across each of these L choices to define the decision-specific infima and suprema.

We define mapping Fµ : S(BJ) → S(BJ) as,

Fµ(CCC) = {C ∈ CCC : Ci = 0 and Ci′ = 1∀i ∈ Ωµ(CCC) and ∀i′ ∈ Ωµ(CCC)}. (A40)

Intuitively, by Assumption 1, it is always possible to define a decision-specific supremum and infimum.

Since the sign of all pairwise interdependencies are known and independent of third choices, one can always

define the vectors supµi (CCC) and infµi (CCC) that maximize and minimize the marginal value of i, respectively.

If at the “worst-case scenario” for i, infµi (CCC), the marginal value of i is positive, then i ∈ Ωµ(CCC) and

Fµ(CCC) returns only vectors C with Ci = 1. If at “best-case scenario” for i, supµi (CCC), the marginal value

of i is negative, then i ∈ Ωµ(CCC) and Fµ(CCC) returns only vectors C with Ci = 0.

Importantly, note that while Assumption 4 requires knowledge of the sign of the pairwise interde-

pendence across all elements in {1, 2, ..., L}, mapping µ may, in general, only update a subset of those

decisions U(µ).
We prove that the mapping Fµ is set-increasing.

Theorem 3 (Set-Increasing Fµ) The mapping Fµ : S(BJ) → S(BJ) is set-increasing. That is, CCC ⊆ CCC ′

implies that Fµ(CCC) ⊆ Fµ(CCC
′).

Proof. See Appendix C.1.

Theorem 2 results from the monotonicity of the infimum and supremum together with Assumption 1.

Note that for CCC ⊆ C ′C ′C ′, it must be that for all i, ∆µ
i (π(supi(CCC))) ≤ ∆µ

i (π(supi(C
′C ′C ′))) and ∆µ

i (inf
µ
i (CCC))) ≥

∆µ
i (inf

µ
i (C

′C ′C ′)). Thus, Ωµ(C
′C ′C ′) ⊆ Ωµ(CCC) and Ωµ(C

′C ′C ′) ⊆ Ωµ(CCC), implying Fµ(CCC) ⊆ Fµ(C
′C ′C ′). Intuitively,

starting at worse “worst-case scenarios” and better “best-case scenarios” solves fewer coordinates, leading

F to rule out fewer vectors.

We describe the first-step procedure in Algorithm 2 for future reference.

Algorithm 2 (First-Step Algorithm under Fµ) We implement the algorithm as follows:

1. Start with CCC0 = BJ .

2. Apply Fµ to obtain CCC1 = Fµ(CCC0); note that CCC1 ∈ S(BJ).

3. Obtain CCCk = Fµ(CCCk−1) for k = 1, 2, ... until convergence.

To ensure that mapping Fµ converges to a set containing the argmax of π, an additional assumption

is required relating function µ with the objective function, π. The required assumption is stated in

Assumption 5.

Assumption 5 Let CCC∗ ∈ S(BJ) be the set containing the maximizer of π, i.e., CCC∗ = {C∗}. The mapping

Fµ : S(BJ) → S(BJ) is such that Fµ(CCC
∗) = CCC∗.
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Note that Assumption 5 is trivially satisfied, under Assumption 4, whenever µ = π. Another possible

function µ satisfying Assumption 5 is the max operator over a subset of coordinates, as discussed in

Appendix B.1.

Proposition 3 states that Algorithm 1 converges monotonically to a set CCCf such that C∗ ∈ CCCf .

Proposition 3 Under Assumptions 4-5, Algorithm 1 has the following properties:

1. CCCk = Fµ(CCCk−1) ⊆ CCCk−1 for all k ∈ N.

2. It converges to a fixed point CCCf in a finite number of iterations K i.e., Fµ(CCCT ) = CCCf for all T ≥ K.

3. The solution to the problem C∗ is an element of CCCf .

Proof. Due to Tarski (1955), we can start at CCC0 = BJ and iteratively apply Fµ until convergence to fixed

point CCCf , which is the supremum of the set of fixed points. Convergence occurs monotonically because

F is set-increasing, so that CCC1 = Fµ(CCC0) ⊆ CCC0 implies that Fµ(CCC1) ⊆ Fµ(CCC0). The algorithm converges

in a finite number of iterations, because the number of iterations is bounded above by L, the number of

binary decisions that are to be solved. The set {C∗}, the unique (almost surely) solution to the brand’s

problem is also a fixed point, since, by Assumption 5, C∗
i = 1 if and only if the marginal value of i is

positive i.e., ∆µ
i (C

∗) ≥ 0. Thus, C∗ ∈ CCCf .
To bound the solution, the researcher may choose to apply Algorithm 1 with mapping Fµ = Fπ only.

However, as we show in our application, it may be more informative to apply compositions of set-increasing

mappings, each satisfying Assumptions 4 and 5, where each of the components of the composition operates

on a distinct subset of the J-dimensional coordinates that are to be solved. Proposition 4 shows that any

composition of mappings satisfying Assumptions 4-5 can be used to bound the argmax of π.

Proposition 4 Any finite composition of set-increasing mappings F = Fµ1 ◦Fµ2 ◦ ...◦FµK , each of which

satisfies Assumptions 4-5, is set-increasing. Applying Algorithm 2 with mapping F therefore yields bounds

on the argmax of π.

Proof. Any composition of set-increasing functions is set-increasing. Therefore, F : S(BJ) → S(BJ)
is set-increasing. The set {C∗} containing only the argmax of π is a fixed point of each of Fµk , for

k = 1, 2, ...,K. As such, the set {C∗} is also a fixed point of F . It follows that applying Algorithm 2

using F yields bounds on the argmax of π.

B.3 Extension 2: Additive Payoff Function

In this section, we relax Assumption 1 under additional structure on the payoff function, π. Suppose

that π has the form,

π(C) =
K∑
k=1

πk(C).

That is, π can be written as the sum of K additive components πk, for k = 1, 2, ...,K. Under such a

payoff function, we now only require that the sign of the interdependence across any pair of decisions i
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and j is known within each component k. Thus, pairs of binary choices need not be always complements

or substitutes regardless of the value of C according to the overall payoff function π. This assumption is

stated below.

Assumption 6 For all C ∈ BJ , any k ∈ {1, 2, ...,K}, and any i, j ∈ {1, 2, ..., J}, the sign of ∆πk
ij (C) is

known and independent of C.

To construct a set-increasing mapping in S(BJ), define, for any CCC ∈ S(BJ),

ΩK(CCC) = {i ∈ {1, 2, ..., J} :
K∑
k=1

∆πk
i (supki (CCC)) < 0} (A41)

ΩK(CCC) = {i ∈ {1, 2, ..., J} :
K∑
k=1

∆πk
i (infki (CCC)) ≥ 0} (A42)

where, for each i ∈ {1, 2, ..., J}, j ∈ {1, 2, ..., J}, and k ∈ {1, 2, ...,K},

[supki (CCC)]j := 1[∆πk
ij ≥ 0][sup(CCC)]j + 1[∆πk

ij < 0][inf(CCC)]j (A43)

[infki (CCC)]j := 1[∆πk
ij ≥ 0][inf(CCC)]j + 1[∆πk

ij < 0][sup(CCC)]j . (A44)

We define mapping FK : S(BJ) → S(BJ) as,

FK(CCC) = {C ∈ CCC : Ci = 0 and Ci′ = 1∀i ∈ ΩK(CCC) and ∀i′ ∈ ΩK(CCC)}. (A45)

Mapping FK is a strict generalization of mapping F .

B.3.1 Example: Economies of Scope

A notable advantage of Extension 2 is that the same pair of choices may be complements under certain

values of C and as substitutes under others. For instance, suppose that the fixed costs of production for

a given model have the form,

F̃ pmn = γ41{
∑
m′ ̸=m

Dm′n = 0}+ F pmn.

Under this specification, the brand pays a fixed cost γ4 for entering a country, and then an additional

fixed cost for each additional product it sells in that market. The market-level fixed cost γ4 induces a

complementarity across production locations stemming from fixed cost savings. In this case, brands’ are

profits are a sum of two components: (i) πb,s(III,DDD) and (ii) (−F pb,s(DDD)), where the first component is the

sum of market-level variable profits net of fixed selling costs and the second component is production

location fixed costs. Under fixed costs exhibiting economies of scope, Fb,s(DDD) now exhibits complemen-

tarities across production locations for the same product. Meanwhile, as in our baseline case, πb,s(III,DDD)

exhibits substitutabilities across production locations for the same product arising from minimum cost

sourcing.
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B.4 Applying Extension 1 to the Value Function

While Algorithm 1 is guaranteed to converge to a set containing the solution, the set may still be

large when directly applied to an arbitrary payoff function π. Equivalently, the solution for only a

relatively small number of discrete choices might be found at convergence. In our model of multiproduct,

multinational production, there is an economic reason why the algorithm may fail to provide informative

bounds on the solution when applied directly to Πbs. For simplicity, consider a single-product firm

deciding whether to set a production plant for product m in country o, Dmo. Algorithm 1 solves for a 1

if the marginal value of setting Dmo = 1 relative to Dmo = 0 at the decision-specific infimum is positive.

In other words, if in the most unfavorable conditions for Dmo given the interdependence structure, the

marginal gains from setting this choice to 1 are positive. At the initialization of the algorithm, the most

unfavorable conditions for producing m in country o consist of having plants in all countries k ̸= o open

for product m, and selling product m nowhere. Crucially, conditional on selling product m nowhere, the

marginal gains from producing product m in country o will be zero minus the fixed cost of production

and, therefore, unlikely to be positive.26

A way around this practical problem is to apply Algorithm 2 (see Appendix B.2) to Vbs(DDD
bs) =

maxIIIbs Πbs(III
bs,DDDbs). To ensure that the algorithm can be applied, what is required is to show that the

discrete choices in DDDbs satisfy Assumption 4 under objective function Vbs. To see why this would help,

note that in the previous example, we are now not comparing the gains from setting Dmo = 1 relative

to Dmo = 0 conditional on selling m nowhere, but rather solving for product m offerings decisions under

Dmo = 1 and separately under Dmo = 0 (conditional on all other production locations for product m

being open). Such an evaluation is more likely to yield positive profits if the optimal offering choices

conditional on Dmo = 1 yield higher profits than the optimal offering choices under Dmo = 0.

We show that for single-product brands, mapping Vbs(DDD
bs) satisfies Assumption 4.

Proposition 5 If Mbs = 1, the value function Vbs(DDD
bs) = maxIIIbs Πbs(III

bs,DDDbs) is such that D1o and D1o′

are substitutes for o ̸= o′.

Proof. See Appendix A.2.1.

When brands are multiproduct, we apply a composition of set-increasing mappings, as described in

Appendix B.2, based on the value functions:

Vb,s,m(DDDm;III−m,DDD−m) := max
IIIm

N∑
n=1

Imn∆π
m
n (DDDm;III−m,DDD−m)−

N∑
n=1

DmnF
p
mn, (A46)

where ∆πmn is the marginal value of selling product m in country n. The value function in equation (A46)

essentially conditions on all production location choices for all products and sales choices for products

other than m, and maximizes the additional profits that the brand can earn by optimally choosing its

sales decisions for model m across countries. In Appendix A.2.3, we show that conditional on the optimal

26Under our assumption of normal fixed costs, it is possible that the fixed cost of production is negative but with a small
probability under a large mean and relatively small variance.
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solution (III∗−m,DDD
∗
−m) for all decisions not concerning product m, the program in equation (A46) returns

III∗m.

Of course, the objective is to find the optimal solution, so we cannot condition on (III∗−m,DDD
∗
−m).

We prove that starting from any known bounds of the solution, we can iteratively apply Algorithm 2

product by product to obtain bounds of the solution. To apply Algorithm 2 under Vb,s,m, we prove in

Appendix A.2 that mapping Vb,s,m exhibits (i) decreasing differences inDDDm, and (ii) decreasing differences

in (III−m,DDD−m). We describe the algorithm below.

Algorithm 3 (Production Location Solver) 1. Start at the known bounds of the solution. At the

first iteration, initialize with (III
bs
,DDD

bs
) = (111,111) and (IIIbs,DDDbs) = (000,000).

2. Start at m = 1.

3. Apply Algorithm 1 to Vb,s,1 until convergence. Construct the decision-specific infima and suprema

using knowledge of substitutability across all discrete choices.

4. Repeat Step 3 for all products m ∈ {2, ...,Mbs}.

5. Repeat Steps 2-3 until convergence.

Intuitively, the algorithm starts at any known bounds of the solution and exploits substitutability

across all discrete choices according to the Vb,s,m mapping. Consider the problem of solving for Dmo = 1.

Due to the substitutabilty properties proven in Appendix A.2, the algorithm evaluates the marginal

change in Vb,s,m by setting Dmo′ = 1 for all o′ ̸= o, and Dm′n = Im′n = 1 for all m′ ̸= m and for all n ∈ N .

If this marginal change is positive, the algorithm says that Dmo = 1 = D∗
mo. Consider the problem of

solving for Dmo = 0. In this case, the algorithm evaluates the marginal change in Vb,s,m by assuming that

Dmo′ = 0 for all o′ ̸= o, and Dm′n = Im′n = 0 for all m′ ̸= m and for all n ∈ N . If this marginal change

is negative, the algorithm says that Dmo = 0 = D∗
mo.

Proposition 6 Algorithm 3 converges to bounds on the solution DDDbs,∗ of brand b in segment s.

Proof. See Appendix C.2.

Algorithm 3 consists of applying Algorithm 1 iteratively to different products under the Vb,s,m function.

It is, therefore, a composition of set-increasing mappings. A composition of increasing functions is itself

increasing. As such, we can apply the Algorithms 2 and 3 iteratively and in any order provided we start at

any known bounds of the solution. In practice, we start with Algorithm 3 to solve for production location

decisions, and then apply Algorithm 1 to Πbs to solve for both sales and production location decisions.

We describe the implementation in detail in Appendix D.

C Method Proofs

C.1 Proof of Theorems 2 and 3

We prove Theorem 3. For CCC ⊆ C ′C ′C ′, it must be that for all i, ∆µ
i (π(supi(CCC))) ≤ ∆µ

i (π(supi(C
′C ′C ′))) and

∆µ
i (inf

µ
i (CCC))) ≥ ∆µ

i (inf
µ
i (C

′C ′C ′)). Thus, Ωµ(C
′C ′C ′) ⊆ Ωµ(CCC) and Ωµ(C

′C ′C ′) ⊆ Ωµ(CCC), implying Fµ(CCC) ⊆ Fµ(C
′C ′C ′).
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It follows that Fµ is a set-increasing mapping. The proof of Theorem 2 follows by setting µ = π and

U(µ) = {1, 2, ..., J}.

C.2 Proof of Proposition 6

Given the proof for Proposition 3, the proof of Proposition 6 requires three steps. First, note that

conditional on m and on (III−m,DDD−m), we can apply Algorithm 1 by applying µ = Vb,s,m. Function Vb,s,m

maps (DDDm, III−m,DDD−m) to a real number, and exhibits substitutabilities across all discrete choices, as

established in Corollary A.2.2. This implies that Vb,s,m satisfies Assumption 1. Thus, applying algorithm

1 using Vb,s,m yields a set-increasing mapping. Second, to ensure that the mapping yields bounds of the

solution, we must show that Vb,s,m satisfies Assumption 5. This follows immediately from Proposition

2, proven in section A.2.3. Finally, we show that the composition of mappings FVb,s,Mbs
◦ ... ◦ FVb,s,1 is

set-increasing and satisfies Assumption 5. This follows from the proof of Proposition 4.27

C.3 Properties of the Branching Algorithm

We start by defining the second-step (branching) algorithm formally.

Let CCC ∈ S(BJ) be a sublattice. Let Z(CCC) = {i ∈ {1, 2, ..., J} : [sup(CCC)]i = 0} be the set of coordinates

that are solved to be 0 at CCC and O(CCC) = {i ∈ {1, 2, ..., J} : [inf(CCC)]i = 1} be the set of coordinates that

are solved to be 1 at CCC. Let U(CCC) = Z(CCC)c∩O(CCC)c. Since there are a finite number of elements in U(CCC)c,

we can define an ordering of coordinates in U(CCC)c as a function of CCC. Let W : S(BJ) → {1, 2, ..., J} be

a function mapping a sublattice CCC to a coordinate i ∈ U(CCC). We are now ready to define the branching

mapping.

Definition 6 (Branching Mapping) The branching mapping is defined by function B : P(S(BJ)) →
P(S(BJ)) as,

B(PPP ) =
⋃
CCC∈PPP

{F∗(CCC1), F∗(CCC0)},

where CCC1 = {C ∈ CCC : Ci = 1 for i = W (CCC)}, CCC0 = {C ∈ CCC : Ci = 0 for i = W (CCC)}, and F∗ denotes

application of the first-step set-increasing mapping F until convergence. Clearly, CCC1 ∪ CCC0 = CCC and

CCC1∩CCC0 = ∅. That is B(PPP ) maps a set of sublattices of S(BJ) to another set of sublattices by “branching”

each of the sublattices and applying F∗ in each of these branches.

We can now define the branching algorithm.

Definition 7 (Branching Algorithm) The branching algorithm is defined as follows:

1. Start at CCC ∈ S(BJ) such that C∗ ∈ CCC. Obtain PPP 1 = B({CCC}).

2. Compute PPP 2 = B(PPP 1)

27In Appendix D, we discuss our practical implementation.
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3. Iterate until convergence to fixed point PPP ∗. By construction, PPP ∗ is a collection of sets with no more

than one element.

4. Evaluate π at all elements of the singleton sets in PPP ∗ to obtain the argmax of π, C∗.

Note that the algorithm does not require to start at the supremum of P(S(BJ)), which is S(BJ).
Though one could start at the supremum, we show that this is computationally inefficient compared to

starting at {CCC}, with C∗ ∈ CCC. Before proving that the Branching Algorithm yields the global maximizer

of π, we prove the following proposition.

Proposition 7 For any CCC0 ∈ S(BJ), applying F repeatedly converges to a fixed point of F , CCCf , in a

finite number of iterations. Moreover, if C∗ ∈ CCC0, then C
∗ ∈ CCCf .

Proof. Mapping F is set-increasing, and by construction, F (CCC0) ⊆ CCC0. As such, and because any non-

increasing sequence of sets is convergent, it must be that mapping F converges to CCCf in a finite number of

iterations. Moreover, the set {C∗} is a fixed point such that {C∗} ⊆ CCC0. Applying F yields {C∗} ⊆ F (CCC0).

Applying F any finite number of times K yields {C∗} ⊆ FK(CCC0), with F
K(CCC0) ⊆ FK−1(CCC0). Thus, for

any finiteK, FK(CCC0) is non-empty and contains the solution. Due to monotonicity, either FK(CCC0) = {C∗}
for some finite K, or FK(CCC0) = FK−1(CCC0) = CCCf .

Proposition 8 The branching algorithm yields the global maximizer of π, C∗.

Proof. First, note that (P(S(BJ)),⊆) is a complete lattice, since it a finite lattice. Indeed, the meet is

the intersection of the two elements (which may be the empty set), and the join is the union. Second, we

show that mapping B is set-increasing. Take PPP 1 ⊆ PPP 2. Then,

B(PPP 1) =
⋃

CCC∈PPP 1

{F∗(CCC1), F∗(CCC0)} ⊆
⋃

CCC∈PPP 2

{F∗(CCC1), F∗(CCC0)} = B(PPP 2).

By Tarski (1955), it follows that the set of fixed points of B is a complete lattice. Third, if PPP ∗ is a fixed

point of B, then necessarily all elements CCC ∈ PPP ∗ are singletons or the empty set. Suppose this were not

the case and there was an element ĈCC with more than one element. Then, applying {F∗(ĈCC1), F∗(ĈCC0)}
further partitions ĈCC, implying that PPP ∗ was not a fixed point. Due to finiteness, convergence to the fixed

point occurs in a finite number of iterations. Finally, we prove that {C∗} ∈ PPP ∗. This must hold due to

Proposition 7. Indeed, since one starts at CCC ∈ S(BJ) with C∗ ∈ CCC, necessarily one of the branches always

contains C∗, and application of B (and F ) at this branch always retains the solution C∗.

C.4 Simple Example: Branching Algorithm

In this subsection, we provide a simple example for the branching algorithm. For illustration purposes,

suppose there are 3 binary choices to solve. Recall that S(B3) includes the empty set and all sublattices

of B3 that include all elements that lie between their suprema and infima. For instance, an element of

S(B3) is {(1, 0, 0), (1, 0, 1), (1, 1, 0), (1, 0, 0)}, but not {(1, 1, 1), (0, 0, 0)}. To describe branching, consider
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now the power set of S(B3). An example of an element of such a power set is{
{(1, 0, 0), (1, 0, 1), (1, 1, 0), (1, 0, 0)}, {(0, 0, 1)}

}
,

since this is a subset of S(B3). Another example would be S(B3) itself.

The branching algorithm starts at {B3}, since we know that C∗ ∈ B3. Then, it follows the following

steps:

1. Obtain PPP 1 = B({B3}) = {F∗(B3
1), F∗(B3

0)}, where,

B3
1 = {(1, 0, 0), (1, 0, 1), (1, 1, 0), (1, 1, 1)},

B3
0 = {(0, 0, 0), (0, 0, 1), (0, 1, 0), (0, 1, 1)}.

Notice that B3
1 ∪ B3

0 = B3. The solution C∗ must therefore be an element of one of these sets.

Suppose that,

F∗(B3
1) = {(1, 0, 0), (1, 0, 1)}

F∗(B3
0) = {(0, 1, 0)}.

Conditional on entry in location 1, then either (1, 0, 0) or (1, 0, 1) are the solution. Conditional on

non-entry in location 0, the solution is (0, 1, 0).

2. We now have a set of sublattices,{
{(1, 0, 0), (1, 0, 1)}, {(0, 1, 0)}

}
,

to which we apply mapping B again. We have,

B(
{
{(1, 0, 0), (1, 0, 1)}, {(0, 1, 0)}

}
) = {F∗({(1, 0, 0)}), F∗({(1, 0, 1)}, F∗({(0, 1, 0)}}.

We are now left with a set of sublattices that are either empty or singletons. Note that at least

one of them must be a singleton, given that one of the branches converges to {C∗}, as implied by

Proposition 7.

3. The last step is to compute π at each of the singleton sets and to return the maximizer.

D Practical Implementation of Algorithms 1 and 3

Table 4 provides a pseudocode description of our first-step algorithm implementation, which combines

Algorithms 1 and 3. The code is a straightforward for-loop over products (indexed by m) and potential

production locations (indexed by l) for brand b in segment s. We describe each of the steps of the code

in words:

• Step 1: In this step, we initialize a while loop by setting an exit condition equal to true. We also

start at known bounds of the solution. The brand has Mbs × (N + L) binary decisions to make,
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Table 4: Pseudocode description of the CMMS prod function.

Step Pseudocode Description

1 Initialize:

Set exit condition = true.

Copy fixed matrix of binary decisions to output.

2 While exit condition is true, do:

Store previous output: output prev = output.

3 For each product m:

For each potential production location l:

If output prev[m, N+l] == 0.5, then:

Set index = (m, N+l).

Upper bound: upper = MVmax sup(output, index, profit func)

If upper < 0.0, then set output[index] = 0.0.

Else:

Lower bound: lower = MVmax inf(output, index, profit func)

If lower ≥ 0.0, then:

Set output[index] = 1.0

4 Update offering decisions for product m:

Call CMMS sales(output, profit func, m) to adjust sales.

5 Check convergence:

If output prev == output, set exit condition = false.

6 Return:

Output the final production allocation: return output.

where N denotes the potential destination countries and L the potential production countries. The

matrix fixed is an Mbs × (N + L) matrix with values 0.5 at each coordinate, denoting that no

binary decision has been solved for at the initialization step.

• Step 2: The second step stores in output prev the matrix output computed in the previous iteration.

• Step 3: For-loop over productsm ∈ {1, 2, ...,Mbs} and potential production locations l ∈ {1, 2, ..., L}.
If the matrix output prev is 0.5 at coordinate (m,N + l) (at production location l), the algorithm

first computes the upper bound using the MVmax sup function, which computes the largest possible

marginal value of (m, l) under function Vb,s,m (see equation (A46)) – that is, setting (III−m,DDD−m)

at lower bounds, as per the substitutability. If such an upper bound is strictly negative, we update

the solution matrix output and set coordinate (m,N + l) to 0. Otherwise, we compute the lower

bound by applying MVmax inf, which computes the smallest possible marginal value of (m, l) under

function Vb,s,m – that is, setting (III−m,DDD−m) at upper bounds, as per the substitutability. If such a

lower bound is weakly positive, we update the solution matrix output and set coordinate (m,N + l)

to 1.
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• Step 4: Given the solved 0’s or 1’s for the production locations of product m, we apply function

CMMS sales to product m offering decisions. The function CMMS sales effectively applies Algorithm

1 to all offering choices of product m. We provide the pseudocode description of CMMS sales in

Table 5.

• Step 5: After looping over all products, the algorithm checks whether binary decisions were solved

in Steps 3 and 4. If none were solved, the algorithm sets exit condition = false and exits the

while loop. Otherwise, the algorithm repeats Steps 3-4.

• If exit condition = false, the algorithm returns output, which is a matrix containing 0’s, 1’s,

and 0.5’s.

Our implementation of the algorithm composes Algorithms 1 and 3, which we proved were both set-

increasing. Thus, starting at known bounds of the solution, such a composition converges to bounds of

the solution of the brand’s problem.

Table 5: Pseudocode description of the CMMS sales function.

Step Pseudocode Description

1 Initialize:

Copy fixed matrix of binary decisions to output.

2 Iterate over sales locations:

For each sales destination n = 1 to N :

If output[m, n] == 0.5, then:

Set index = (m, n)

3 Compute bounds and update output:

Upper bound: upper = MVsup(output, index, profit func)

If upper < 0.0, then set output[index] = 0.0.

Else:

Lower bound: lower = MVinf(output, index, profit func)

If lower ≥ 0.0, then set output[index] = 1.0

5 Return:

Output the updated sales allocation: return output.

Formally, in our practical implementation, we apply set-increasing mapping F bs = (FDMbs
◦ F IMbs

)... ◦
(FDm ◦ F Im) ◦ ... ◦ (FD2 ◦ F I2 ) ◦ (FD1 ◦ F I1 ), which is a composition of set-increasing mappings, where, for

CCC ∈ S(BMbs×(N+L)),

F Im(CCC) = {C ∈ CCC : Ci = 0 and Ci′ = 1 ∀i ∈ Ω
I
m(CCC) and ∀i′ ∈ ΩIm(CCC)}

FDm (CCC) = {C ∈ CCC : Ci = 0 and Ci′ = 1 ∀i ∈ Ω
D
m(CCC) and ∀i′ ∈ ΩDm(CCC)},

and

Ω
I
m(CCC) = {n ∈ {1, 2, ..., N} : ∆(m,n)(Πbs(sup(m,n)(CCC)) < 0}
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ΩIm(CCC) = {n ∈ {1, 2, ..., N} : ∆(m,n)(Πbs(inf(m,n)(CCC)) ≥ 0}

Ω
D
m(CCC) = {l ∈ {1, 2, ..., L} : ∆(m,N+l)(Vb,s,m(sup(m,N+l)(CCC)) < 0}

Ω
D
m(CCC) = {l ∈ {1, 2, ..., L} : ∆(m,N+l)(Vb,s,m(inf(m,N+l)(CCC)) ≥ 0}.

Due to Propositions 3-6, the algorithm we implement in practice is a composition of set-increasing

mappings, which is itself set-increasing, and therefore converges to bounds of the solution of the problem

under the interdependence properties proven under Πbs and Vb,s,m.

E Plots of Counterfactual Exercises

E.1 Audi Wagons: U.S. Electic-Vehicle Marginal Cost Subsidy

Figure 19: Production Location - Marginal Cost Subsidy on the A6

(a) A4: Production Location Probability (b) A6: Production Location Probability

Note: These plots show the production location probability for the Audi A4 in different countries/regions at different
U.S. marginal cost subsidies that affect the A4 and not the A6. The bounds reflect both statistical uncertainty
regarding the bounds on the fixed cost parameters and uncertainty about the solution arising from potential inability
to solve the full brand problem. “EUR” denotes the European Union.
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Figure 20: Product Entry - Marginal Cost Subsidy on the A4

(a) A6: Product Entry Probability (b) A4: Product Entry Probability

Note: These plots show the product offering probability for the Audi wagon products in different countries/regions
at different U.S. marginal cost subsidies that affect the A4 and not the A6. The bounds reflect both statistical
uncertainty regarding the bounds on the fixed cost parameters and uncertainty about the solution arising from
potential inability to solve the full brand problem. “EUR” denotes the European Union.

Figure 21: Revenues Relative to Baseline at the Destination - Marginal Cost Subsidy on the A4

(a) A4: Revenues Relative to Baseline (b) A6: Revenues Relative to Baseline

Note: These plots show the revenues from the Audi wagon products in different countries/regions at different U.S.
marginal cost subsidies that affect the A4 and not the A6, relative to the revenues earned at the baseline case.
The bounds reflect both statistical uncertainty regarding the bounds on the fixed cost parameters and uncertainty
about the solution arising from potential inability to solve the full brand problem. “EUR” denotes the European
Union.
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Figure 22: Revenues Relative to Baseline at the Origin - Marginal Cost Subsidy on the A4

(a) A4: Revenues Relative to Baseline (b) A6: Revenues Relative to Baseline

Note: These plots show the revenues from the Audi wagon products in different countries/regions at different U.S.
marginal cost subsidies that affect the A4 and not the A6, relative to the revenues earned at the baseline case.
The bounds reflect both statistical uncertainty regarding the bounds on the fixed cost parameters and uncertainty
about the solution arising from potential inability to solve the full brand problem. “EUR” denotes the European
Union.
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E.2 Average Counterfactual Exercises

E.2.1 Additional Plots: Tariff Counterfactual Exercises

Figure 23: Electric Revenues Relative to Baseline at Origin - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average revenue per electric product across brand-segments with at least
one electric product in their portfolio relative to baseline in different origin countries. Panel (a) shows the bounds
at different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays the effect of tariffs
imposed only on electric products produced in the European Union. The bounds reflect both uncertainty arising
from unsolved binary decisions due to computational infeasibility, as well as from statistical uncertainty regarding
the fixed cost parameter vector.

Figure 24: Non-Electric Revenues Relative to Baseline at Origin - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average revenue per non-electric product across brand-segments with at
least one electric product in their portfolio relative to baseline in different origin countries. Panel (a) shows the
bounds at different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays the effect
of tariffs imposed only on electric products produced in the European Union. The bounds reflect both uncertainty
arising from unsolved binary decisions due to computational infeasibility, as well as from statistical uncertainty
regarding the fixed cost parameter vector.
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Figure 25: Probability of Production Location of Non-Electric Products - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average share of non-electric products that are produced in different
countries by brand-segments with at least one electric product in their portfolio. Panel (a) shows the bounds at
different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays the effect of tariffs
imposed only on electric products produced in the European Union. The bounds reflect both uncertainty arising
from unsolved binary decisions due to computational infeasibility, as well as from statistical uncertainty regarding
the fixed cost parameter vector.

Figure 26: Probability of Product Offering of Non-Electric Products - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average share of non-electric products that are offered in different countries
by brand-segments with at least one electric product in their portfolio. Panel (a) shows the bounds at different
levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays the effect of tariffs imposed only
on electric products produced in the European Union. The bounds reflect both uncertainty arising from unsolved
binary decisions due to computational infeasibility, as well as from statistical uncertainty regarding the fixed cost
parameter vector.
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Figure 27: Non-Electric Revenues Relative to Baseline at Destination - Tariffs

(a) Tariffs on the ROW (b) Tariffs on the European Union

Note: These plots display bounds on the average revenue per non-electric product across brand-segments with at
least one electric product in their portfolio relative to baseline in different destination countries. Panel (a) shows the
bounds at different levels of U.S. tariffs on the rest of the world on electric products. Panel (b) displays the effect
of tariffs imposed only on electric products produced in the European Union. The bounds reflect both uncertainty
arising from unsolved binary decisions due to computational infeasibility, as well as from statistical uncertainty
regarding the fixed cost parameter vector.
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E.2.2 Additional Plots: U.S. Electric-Vehicle Consumer Subsidy

Figure 28: Revenues Relative to Baseline at Origin - Consumer Subsidy

(a) Electric (b) Non-Electric

Note: These plots display bounds on the average revenue per product across brand-segments with at least one
electric product in their portfolio relative to baseline in different destination countries. Panel (a) shows the bounds
for electric products at different levels of U.S. consumer subsidies on electric products. Panel (b) displays the
effect on non-electric products. The bounds reflect both uncertainty arising from unsolved binary decisions due to
computational infeasibility, as well as from statistical uncertainty regarding the fixed cost parameter vector.

E.2.3 Additional Plots: U.S. Electric-Vehicle Marginal Cost Subsidy

Figure 29: Probability of Production Location - Marginal Cost Subsidy

(a) Electric (b) Non-Electric

Notes: These plots show the average lower and upper bound share of electric (panel (a)) and non-electric (panel
(b)) products produced by brands in several countries/regions under different US electric-vehicle marginal cost
subsidy rates. The bounds reflect both uncertainty arising from unsolved binary decisions due to computational
infeasibility, as well as from statistical uncertainty regarding the fixed cost parameter vector.
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Figure 30: Probability of Product Offering - Marginal Cost Subsidy

(a) Electric (b) Non-Electric

Notes: These plots show the average lower and upper bound share of electric (panel (a)) and non-electric (panel
(b)) products offered by brands in several countries/regions under different US electric-vehicle marginal cost subsidy
rates. The bounds reflect both uncertainty arising from unsolved binary decisions due to computational infeasibility,
as well as from statistical uncertainty regarding the fixed cost parameter vector.

Figure 31: Revenues Relative to Baseline at Destination - Marginal Cost Subsidy

(a) Electric (b) Non-Electric

Note: These plots display bounds on the average revenue per product across brand-segments with at least one
electric product in their portfolio relative to baseline in different destination countries. Panel (a) shows the bounds
at different levels of U.S. marginal cost subsidies on electric products. Panel (b) displays the bounds at different
levels of U.S. consumer subsidies on non-electric products. The bounds reflect both uncertainty arising from unsolved
binary decisions due to computational infeasibility, as well as from statistical uncertainty regarding the fixed cost
parameter vector.
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Figure 32: Revenues Relative to Baseline at Origin - Marginal Cost Subsidy

(a) Electric (b) Non-Electric

Note: These plots display bounds on the average revenue per product across brand-segments with at least one
electric product in their portfolio relative to baseline in different destination countries. Panel (a) shows the bounds
for electric products at different levels of U.S. marginal cost subsidies on electric products. Panel (b) displays the
effect on non-electric products. The bounds reflect both uncertainty arising from unsolved binary decisions due to
computational infeasibility, as well as from statistical uncertainty regarding the fixed cost parameter vector.

F Realized Fixed Costs

Figure 33: Fixed Costs Conditional Producing/Selling for Brands with German HQs

(a) Production Fixed Costs (b) Selling Fixed Costs

Notes: These plots show bounds on the average fixed costs across 128 fixed cost draws and across products sold by
brands with headquarters in the United States, conditional on production (Panel (a)) and selling (Panel (b)). The
plots exclude zero fixed cost origins and destinations due to the free plant and free destination lottery. The bounds
reflect both statistical uncertainty regarding the value of the fixed cost parameters as well as potential uncertainty
about the solution due to computational infeasibility. We condition on (sure) production- locations for which the
solution algorithm solves for a 1.
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Figure 34: Fixed Costs Conditional Producing/Selling for Brands with Japanese HQs

(a) Production Fixed Costs (b) Selling Fixed Costs

Notes: These plots show bounds on the average fixed costs across 128 fixed cost draws and across products sold by
brands with headquarters in the United States, conditional on production (Panel (a)) and selling (Panel (b)). The
plots exclude zero fixed cost origins and destinations due to the free plant and free destination lottery. The bounds
reflect both statistical uncertainty regarding the value of the fixed cost parameters as well as potential uncertainty
about the solution due to computational infeasibility. We condition on (sure) production- locations for which the
solution algorithm solves for a 1.

G Tariffs under Counterfactual Worlds

G.1 Audi - Confidence Intervals

Figure 35: U.S. Tariffs on A4 at Different Demand Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different demand
subsidy rates. The bounds reflect statistical uncertainty about the fixed-cost parameter values as well as uncertainty
regarding the solution to the brand’s problem. Panel (a) shows the bounds on the probability of producing in the
United States, while Panel (b) displays bounds on the difference in the probability of producing in the United States
relative to baseline (zero tariff raise).
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Figure 36: U.S. Tariffs on A4 at Different Fixed U.S. Production Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different U.S. fixed
production cost subsidy rates. The bounds reflect statistical uncertainty about the fixed-cost parameter values as
well as uncertainty regarding the solution to the brand’s problem. Panel (a) shows the bounds on the probability
of producing in the United States, while Panel (b) displays bounds on the difference in the probability of producing
in the United States relative to baseline (zero tariff raise).

Figure 37: U.S. Tariffs on A4 at Different Marginal Cost Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different marginal
cost subsidy rates. The bounds reflect statistical uncertainty about the fixed-cost parameter values as well as
uncertainty regarding the solution to the brand’s problem. Panel (a) shows the bounds on the probability of
producing in the United States, while Panel (b) displays bounds on the difference in the probability of producing
in the United States relative to baseline (zero tariff raise).
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G.2 Audi - Single Parameter Vector

Figure 38: U.S. Tariffs on A4 at Different Demand Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different demand
subsidy rates. The bounds reflect uncertainty regarding the solution to the brand’s problem. Panel (a) shows the
bounds on the probability of producing in the United States, while Panel (b) displays bounds on the difference in
the probability of producing in the United States relative to baseline (zero tariff raise).

Figure 39: U.S. Tariffs on A4 at Different Fixed U.S. Production Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different U.S. fixed
production cost subsidy rates. The bounds reflect uncertainty regarding the solution to the brand’s problem. Panel
(a) shows the bounds on the probability of producing in the United States, while Panel (b) displays bounds on the
difference in the probability of producing in the United States relative to baseline (zero tariff raise).
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Figure 40: U.S. Tariffs on A4 at Different Marginal Cost Subsidy Rates

(a) Probability Level (b) Probability Relative to Baseline

Notes: These plots show bounds on the probability of producing the A4 in the United States at different marginal
cost subsidy rates. The bounds reflect uncertainty regarding the solution to the brand’s problem. Panel (a) shows
the bounds on the probability of producing in the United States, while Panel (b) displays bounds on the difference
in the probability of producing in the United States relative to baseline (zero tariff raise).

G.3 Average Firm – Confidence Intervals

Figure 41: U.S. Electric-Vehicle Tariffs on the ROW

(a) Under E.V. Consumer Subsidies (b) Under E.V. Fixed Production Cost Subsidies

Notes: These plots show bounds on the probability of producing electric vehicles in the United States for the average
firm. The bounds reflect statistical uncertainty regarding the fixed cost parameter values, as well as uncertainty
regarding the solution to the brand’s problem. Panel (a) shows the bounds on the probability of producing in the
United States under various levels of E.V. consumer subsidies, while Panel (b) shows the bounds under various
levels of E.V. fixed production cost subsidies.
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