
Cross-category Portfolio and Bargaining Power:
Evidence from the US Men’s Razor Market‗

Yonggeun Jung †‡

This version: December, 2025

Abstract

This paper studies how a manufacturer’s dominance in one product category affects
its bargaining outcomes in another. Using data on the US shaving market, we
develop a Nash bargaining framework and estimate a two-stage empirical model
in which demand estimation informs the bargaining stage. We find that greater
cross-category dominance, defined as the share of unit sales in non-focal categories,
systematically increases negotiated shelf share, while larger retailers offset this effect.
A counterfactual merger simulation between multi-category manufacturers shows
that portfolio expansion reduces consumer welfare, with part of the loss stemming
from reduced product variety. The results suggest that cross-category portfolio
power can influence vertical negotiations beyond traditional price channels.

JEL Codes: L13, L81, C78, D12.

Keywords: Multi-category, Portfolio effect, Retailer power, Nash bargaining, Fast-Moving
consumer goods.

‗Researcher’s own analyses calculated (or derived) based in part on data from Nielsen Consumer LLC
and marketing databases provided through the NielsenIQ Datasets at the Kilts Center for Marketing Data
Center at The University of Chicago Booth School of Business. The conclusions drawn from the NielsenIQ
data are those of the researcher and do not reflect the views of NielsenIQ. NielsenIQ is not responsible for,
had no role in, and was not involved in analyzing and preparing the results reported herein. First version:
November, 2025.

†I am deeply grateful to Gunnar Heins, Sooji Kim, David Sappington, and Douglas Turner for their
invaluable comments and suggestions. I also thank Holly Stidham for her helpful input. All remaining
errors are my own.

‡Department of Economics, University of Florida, PO Box 117140, Gainesville, Florida, USA, 32611.
Email: yonggeun.jung@ufl.edu.

mailto:yonggeun.jung@ufl.edu


1 Introduction

In the fast-moving consumer goods (FMCG) industry,1 market outcomes are shaped
by complex vertical relationships between large manufacturers and powerful retailers.
Firms such as Procter & Gamble, Unilever, and PepsiCo2 operate across numerous
categories ranging from household and personal care products to packaged foods and
beverages,3 and they sell primarily through downstream retailers like supermarkets.
Negotiations between these two sides go far beyond setting linear wholesale prices
and often involve slotting allowances, category management fees, and other non-linear
contractual elements. These arrangements reflect not only prices and costs but also the
relative bargaining leverage of manufacturers and retailers, as discussed in O’Brien and
Shaffer (2005), Döpper (2023), and Luo (2024), for example.

A growing concern among both scholars and competition authorities is the presence
of cross-category portfolio effects, where a manufacturer leverages its dominance in
one set of categories to influence bargaining outcomes in another (see,e.g., Watson,
2003; Döpper, 2023; OECD, 2002). When a retailer negotiates over another category
such as razors, it may also consider the implications for access to one’s must-stock
products in other high-volume categories like detergents or diapers. Through such
cross-category linkage, a firm’s overall portfolio can shape bargaining outcomes even
across products that are independent in consumption. Yet despite its intuitive appeal
and policy importance, evidence on cross-category portfolio leverage remains scarce.

We provide structural and empirical evidence of cross-category portfolio effects in
manufacturer–retailer negotiations. Our central question is whether a manufacturer’s
dominance in other categories translates into greater shelf allocation in a focal category,
and how this interaction depends on retailer power. We develop a Nash bargaining
framework in which cross-category dominance decreases a retailer’s disagreement payoff
because delisting a multi-category supplier risks losing traffic from consumers who
shop for multiple goods as well as potential efficiency benefits from joint operations.
Conversely, larger retailers reduce the manufacturer’s disagreement payoff, since being
excluded from a major chain implies a wider loss of distribution. The equilibrium shelf
share therefore reflects the joint bargaining strength of manufacturers and retailers.

1This is also often referred to as consumer packaged goods (CPG).
2The manufacturer names are mentioned solely for illustrative purposes to help readers understand

the industry context. They are not directly related to the specific empirical scope of this study.
3Empirical evidence confirms the market dominance of such multi-category conglomerates. Döpper

(2023) shows that while nearly 70% of manufacturers operate in a single category, the firms active in four
or more categories capture over 44% of total industry sales.
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To test these predictions, we use 2019 NielsenIQ Retail Scanner data from the US

men's shaving razor market, where the presence of both multi-category conglomerates

and a single-category specialist facilitates the analysis of cross-category leverage. Our

empirical analysis proceeds in two stages. In the �rst stage, we estimate a discrete choice

model to recover unobserved product quality terms. In the second stage, we regress

negotiated shelf shares on cross-category dominance and retailer power, controlling for

recovered quality.

The results show a consistent pattern: a 1% increase in cross-category dominance,

measured as the manufacturer's share of unit sales in a separate portfolio category at

the same retailer, is associated with about a 0.29% increase in shelf share, while a 1%

increase in retailer power, proxied by the chain's total store count, reduces shelf share

by roughly 0.74%. We then extend the analysis to welfare implications. Conventional

merger assessments mainly focus on the price channel, where welfare losses arise from

reduced price competition among substitutes. We show that cross-category portfolio

power also a�ects consumer welfare through a second mechanism, a variety e�ect, where

assortment compression reduces e�ective product diversity even when marginal costs

remain unchanged.4 A counterfactual merger simulation between two multi-category

�rms shows that consumer welfare declines by about 1.5% through higher prices and by

an additional 1.9% through reduced variety.

Our focus on cross-category leverage relates to the literature on portfolio e�ects in

vertical relationships (e.g., Watson, 2003; O'Brien and Sha�er, 2005; Luo, 2024; OECD,

2002; Döpper, 2023; Matsumoto et al., 2024; Heimesho� and Klein, 2024; Sloot and

Verhoef, 2008). This literature highlights how a manufacturer's overall portfolio size

or multi-category presence can enhance its bargaining position with retailers, even

absent direct product overlaps. Building on this insight, our study connects this line

of research to two established literatures. The �rst is the vertical bargaining literature

(O'Brien and Sha�er, 2005; Crawford and Yurukoglu, 2012; Ho and Lee, 2017), which

models manufacturer�retailer negotiations using Nash bargaining but typically treats

each category in isolation. We extend this framework by allowing a �rm's cross-category

portfolio to modify its disagreement payo� and hence its e�ective bargaining position. 5

The second is the literature on product variety (Feenstra, 1994; Hausman, 1996; Broda

and Weinstein, 2006), and we extend this framework to show that bargaining-induced

4In this case, the observed welfare changes can be decomposed into two sources: (i) higher prices
resulting from softer price competition, and (ii) reduced variety due to assortment compression.

5This mechanism parallels the bargaining-leverage-over-rivals e�ect in Rogerson (2020), where vertical
integration strengthens an upstream �rm's threat point by internalizing downstream pro�ts; in our case, a
similar logic operates horizontally across categories rather than vertically across ownership.
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assortment compression can generate measurable welfare losses through reduced

diversity. By bridging these perspectives, we link cross-category bargaining leverage to

both market outcomes and consumer welfare.

The remainder of the paper is organized as follows. Section 2 presents the theoretical

model of Nash bargaining between manufacturers and retailers. Section 3 describes

the data and empirical strategy, and reports the main estimation results along with

robustness analyses. Section 4 conducts the merger simulation and decomposes welfare

changes into price and variety channels. Section 5 concludes.

2 Model

2.1 Nash Bargaining

In this section, we model the Nash bargaining process between a manufacturer and a

retailer to derive the shelf share as a function of (i) the manufacturer's cross-category

leverage and (ii) the retailer's bargaining strength.

Setup. Consider a manufacturer 5 that supplies di�erentiated products across multiple

categories : 2 f 1– • • • –  g to retailers A2 f 1– • • • – 'g.6 In category : , the manufacturer's

pro�t from selling through retailer Ais:

� :
5 = ¹F :

A � 2:
5º @: ¹?:

A 5– (:A 5–z :
A 5º– (1)

where F :
A is the negotiated wholesale price,7 2:

5 is the constant marginal cost,8 and @: ¹�º is

demand, which depends on the retail price ?:
A 5, negotiated shelf share ( :

A 5,
9 and a vector

6Throughout this paper, including the empirical study, the term �retailer� refers to the chain level. Even
when �rms share the same parent company, individual chains may di�er in their strategic orientation,
pricing policies, and product assortments (see, for example, DellaVigna and Gentzkow (2019), who study
uniform pricing across chains).

7For expositional clarity, we write F :
A and ( :

A 5as if a single wholesale term and a single shelf allocation
decision are negotiated per category. In practice, the parties negotiate vectors of product-level terms
w :

A = ¹F :
A1– • • • – F:A�:

º and display allocations Y:
A 5 = ¹( :

A 51– • • • – (:A 5 �:
º, but the economic content of the

�rst-order conditions is unchanged.
8Following standard practice in structural models with bilateral bargaining (e.g., Ho and Lee, 2017;

Crawford and Yurukoglu, 2012), we assume constant marginal costs for tractability. In the empirical
implementation, constant marginal costs are e�ectively captured by �rm �xed e�ects. In Appendix A.3,
we relax this assumption, where marginal costs may vary in the presence of economies of scale or scope.

9It is intuitively plausible that a higher shelf share leads to higher sales, and empirical evidence has
also been presented to support this relationship (see, e.g., Curhan, 1972; Dreze et al., 1994; Desmet and
Renaudin, 1998).

3



of product characteristics z :
A 5, which captures both tangible attributes and intangible

assets such as brand reputation.

The retailer's pro�t from carrying 5 in category : is:

� :
A = ¹?:

A 5� F :
Aº @: ¹?:

A 5– (:A 5–z :
A 5º– (2)

where we abstract from marginal retailing costs, assuming that the additional cost of

allocating one more product to shelf space is negligible compared to the manufacturer's

production cost. 10

Nash bargaining problem. Following O'Brien and Sha�er (2005), the negotiated

outcome11 ¹F :
A– (:A 5º in category : is characterized by the maximization of the Nash

product:

max
F :

A– (:A 5

N :
A 5=

�
� :

5 � 3:
5 A

� $ �
� :

A � � :
A 5

� 1� $
– (3)

where $ 2 ¹0–1º represents the manufacturer's inherent bargaining parameter relative

to retailer.12 3:
5 Aand � :

A 5represent the disagreement payo�s (outside options) for the

manufacturer and the retailer, respectively.

Speci�cally, 3:
5 Ameasures the manufacturer's payo� in the absence of an agreement

with retailer Ain category : . When Ais a large and powerful chain, losing access to A

leaves the manufacturer with limited outside opportunities, so 3:
5 Ais relatively low. In

contrast, � :
A 5measures the retailer's payo� in the absence of manufacturer 5's products.

When 5 is an important multi-category supplier, losing 5 not only reduces the retailer's

remaining business by diverting potential customers to rival stores 13 but also eliminates

operational e�ciencies associated with logistics, shared distribution, and coordinated

10Notice that even though we include the retailer's constant marginal cost 2A in the model, it does not
a�ect the empirical results, since retailer �xed e�ects control for it in the estimation.

11While the model focuses on the bargaining outcome at a given point in time, actual commercial
relationships are often governed by contracts with a speci�c duration. The length of such contracts can be
optimally determined by balancing the transaction costs of supplier re-selection against potential e�ciency
gains over time (MacKay, 2022). In this study, however, the duration of contracts is treated as exogenously
given.

12In our reduced-form empirical speci�cation presented in Section 2.2, this parameter $ is e�ectively
subsumed into the reduced-form equilibrium structure and tentatively captured by the estimated constant
term.

13Sloot and Verhoef (2008) empirically demonstrate that when a single brand is absent, consumers
may move their entire shopping trip to another retail chain. Heimesho� and Klein (2024) also show that
delisting a single 'must-have' regional brand can lead to disproportionately large losses in overall store
revenues due to cross-category complementarities in one-stop shopping.
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procurement (OECD, 2002), so� :
A 5is low. 14

We assume that negotiations between the manufacturer and the retailer occur

simultaneously but separately for each category : for tractability. Even under separate

negotiations, both parties exert their best e�orts to strengthen their bargaining position:

manufacturers draw on their product portfolios to reduce the retailer's disagreement

payo�, and retailers use their scale to limit the manufacturer's outside options. As a

result, each category's bargaining outcome remains strategically interdependent. 15

Consistent with empirical evidence that retail pricing strategies are largely uniform

within retail chains (DellaVigna and Gentzkow, 2019), we model bargaining at the chain

level rather than store by store. From a cost perspective as well, conducting negotiations

at the chain level is the more reasonable arrangement (see, e.g., Matsumoto et al., 2024;

Iyer and Villas-Boas, 2003). Under this setup, the disagreement payo�s in Equation

(3) are determined by the �rms' aggregate bargaining positions, which we proxy with

observable variables. Let � � :
A 5 denote manufacturer 5's cross-category dominance (e.g.,

sales share in non-focal categories) and'% A denote retailer A's bargaining strength

(proxied by the chain's total number of stores).

The core mechanism is that these aggregate positions shift the counterparty's threat

point. Speci�cally, we assume that stronger manufacturer dominance lowers the retailer's

14This concept is analogous to the notion of opportunity cost in vertically related industries. For instance,
under the E�cient Component Pricing Rule, the access price re�ects not only the cost of provision but also
the supplier's forgone downstream pro�t (Armstrong and Sappington, 2007). Similarly, the disagreement
point in this model embeds such opportunity-cost logic within a bargaining setting.

15A bundled bargaining framework would require jointly choosing f F : – (: g: to maximize a portfolio-
wide Nash product:

 
Õ

:

� :
5 � 35 A

! $  
Õ

:

� :
A � � A 5

! 1� $

–

which allows surplus concessions in one category to be o�set in another. Such cross-category transfers
create many feasible equilibria and introduce substantial nonlinearity, making the problem computationally
di�cult and the resulting allocations harder to interpret. Because real-world bargaining arrangements
vary in how much bundling they incorporate, the category-by-category formulation o�ers a tractable and
empirically relevant approximation while preserving the essential mechanism. Moreover, in settings with
many categories, the feedback from a single focal category (e.g., razors) to aggregate portfolio dominance
(such as� � : ) is likely to be a second-order e�ect, so treating these measures as taken as given maintains
analytical clarity while retaining the core economic intuition. For related discussions of multi-product or
network bargaining complexity and the use of tractable approximations, see Horn and Wolinsky (1988),
Crawford and Yurukoglu (2012), and Ho and Lee (2017). We show, using a 2Ö2 toy model with two
categories under a symmetry assumption, that separate bargaining and bundled bargaining yield identical
outcomes. See Appendix A.4.
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disagreement payo�, while stronger retailer presence lowers the manufacturer's:

� :
A 5= � ¹� � :

A 5º with
%�

%� � :
A 5

5 0– and 3:
5 A= 3¹'% Aº with

%3
%'% A

5 0• (4)

Intuitively, stronger cross-category presence � � :
A 5 makes it more costly for the retailer

to terminate negotiations with manufacturer 5, thereby reducing its outside option � .

Conversely, stronger retailer power '% Amakes it more damaging for the manufacturer to

lose access to the chain, lowering3. Both � � :
A 5 and '% A thus enter each category-speci�c

bargaining problem through these interlinked outside-option mechanisms. 16

Retailer's pricing problem. The timing in the model proceeds as follows. First, the

manufacturer and the retailer bargain over ¹F :
A– (:A 5º. Then, conditional on the agreed-

upon ¹F : �
A – (: �

A 5º, the retailer sets the consumer price ?:
A 5to maximize its downstream

pro�t. Formally, taking the negotiated terms ¹F : �
A – (: �

A 5º as given, the retailer sets the

consumer price ?:
A 5to maximize its own pro�t:

max
?

� :
A¹?– F: �

A – (: �
A 5º = ¹? � F : �

A º @: ¹?– (: �
A 5–z :

A 5º• (5)

Solving the retailer's pricing problem yields the retailer's optimal price response function,

?: �
A 5= ?¹F : �

A – (: �
A 5–z :

A 5º.
17 Notice that when solving the Nash bargaining problem stated

in Equation (3), both parties anticipate this optimal pricing response as a common

knowledge.

16In a more general setting, greater aggregate leverage could also raise an agent's own disagreement
payo�. For instance, a manufacturer with high cross-category dominance ( � � :

A 5) may have stronger

alternative channels, increasing its outside option ( %3:
5 A• %� � :

A 5 7 0). Likewise, a powerful retailer ( '% A)
can leverage Private Labels to reduce reliance on national brands, increasing its own disagreement payo�
(%�:A 5• %'% A 7 0) (Mills, 1995). These forces strengthen rather than overturn our comparative statics: a

higher 3:
5 Ashifts surplus toward the manufacturer, whereas a higher � :

A 5shifts it toward the retailer. For
analytic tractability, and to focus on the cross-party leverage channel emphasized in Equation (4), we
subsume these e�ects by modeling them through the counterparty's disagreement term.

17The �rst-order condition for the retailer's pricing problem is:

%� :
A

%?:
A 5

= @: ¹?– (:A 5–z :
A 5º Ï ¹ ?:

A 5� F :
Aº

%@:

%?:
A 5

= 0•
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Equilibrium. Let ¹F : �
A – (: �

A 5º denote the maximizer of the Nash bargaining problem in

Equation (3). The �rst-order conditions 18 form a system of two equations that jointly

determine the equilibrium outcomes. This system implicitly de�nes the equilibrium

choices ¹F : �
A – (: �

A 5º as a function of all exogenous parameters of the model: product

characteristics z :
A 5, marginal cost 2:

5, manufacturer leverage � � :
A 5, and retailer strength

'% A. By the Implicit Function Theorem, under standard regularity conditions, 19 the

solution to this system can be expressed as an explicit function of these exogenous

parameters.20 In particular, the equilibrium shelf allocation 21 can be written as:

( : �
A 5= 	

�
z :

A 5– 2:5– � � :
A 5– '%A

�
– (6)

where the function 	 ¹�º captures the complex relationship between the underlying

strategic environment and the negotiated shelf share. Under standard regularity

conditions detailed in Appendix A, we can unambiguously sign the comparative statics

of this mapping, summarized in the following proposition:

Proposition 1 (Equilibrium Comparative Statics ). Assuming standard pro�t functions

where marginal returns to shelf share are positive but diminishing, and the bargaining equilibrium

is locally stable:

(1) The equilibrium shelf share( : �
A 5increases in the manufacturer's cross-category leverage

(%( � • %� � : 7 0).

(2) The equilibrium shelf share( : �
A 5decreases with the retailer's bargaining power (%( � • %'% 5

0).
18See Appendix A for derivations.
19Pro�ts twice continuously di�erentiable; interior solution; � :

5 7 3¹'% Aº and � :
A 7 � ¹� � :

A 5º at the
solution.

20While the nonlinearity of the Nash product generally precludes a closed-form solution for 	 ¹�º, we
show in Appendix A that applying the Implicit Function Theorem to the �rst-order conditions allows
us to unambiguously sign its partial derivatives with respect to key primitives (e.g., %( � • %� � : 7 0,
%( � • %'% A 5 0) under our stated assumptions.

21Although the equilibrium wholesale price ( F : �
A ) is also determined through this bargaining process

and could theoretically be expressed as a similar function of exogenous parameters (see Appendix A),
this paper focuses on the equilibrium shelf share ( ( : �

A 5) for two primary reasons: First, in environments
with downstream retail price competition, the wholesale price F paid by the retailer also in�uences
the manufacturer's opportunity cost of selling its own retail product. This can dampen the extent to
which variations in bargaining power manifest solely through the negotiated price F , potentially making
non-price terms like shelf share ( a clearer indicator of underlying bargaining strength (Chen, 2001; see
also Sappington, 2005); Second, wholesale price terms are often con�dential and thus empirically di�cult
to observe across various manufacturer-retailer pairs.
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Proof. See Appendix A.1. The proof relies on applying the implicit function theorem

to the �rst-order conditions of the Nash product, showing that an increase in � � : (or

'% ) shifts the threat point by lowering the counterparty's disagreement payo�, thereby

altering the bargaining outcome in favor of the manufacturer (or retailer).

Beyond the comparative static signs in Proposition 1, we expect that the bargaining

environment may imply a curvature: as the manufacturer's shelf share grows, further

expansion requires the retailer to remove additional varieties that help maintain category

tra�c. Since the remaining varieties are increasingly valuable for attracting consumers,

the retailer's resistance to reallocating more space rises, causing the marginal e�ect of

cross-category dominance on the negotiated shelf share to diminish:

%2( �

%¹� � : º2
5 0• (7)

(a) Pareto Frontier (b) Comparative Statics

Figure 1: Bargaining Mechanism and Comparative Statics

Figure 1 illustrates the core mechanics of our bargaining model, visually representing

Proposition 1. Figure 1a depicts how a shift in bargaining power a�ects the equilibrium

outcome on the Pareto frontier. For instance, an increase in a manufacturer's cross-

category dominance (� � : ) lowers the retailer's disagreement payo� ( � ), shifting the

threat point leftward. This consequently moves the Nash bargaining solution upward

along the frontier, yielding higher manufacturer pro�ts and lower retailer pro�ts. Figure

1b summarizes these comparative statics in terms of observable variables. The positive

slope of the curves indicates that greater manufacturer dominance leads to a higher

equilibrium shelf share ( ( � ). Conversely, an increase in retailer power ( '% ) shifts
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the entire curve downward, reducing the manufacturer's share for any given level of

dominance.

2.2 Empirical Speci�cation

To bring the model to data, as discussed in Appendix A, we adopt a log-linear approxi-

mation, taking into account the multiplicative structure of the Nash product. Moreover,

since the mapping from cross-category dominance to shelf share is likely concave, the

log transformation provides a natural linearizing reparameterization. Thus, we take a

�rst-order Taylor approximation of the logarithm of the equilibrium function (6), which

yields a linear relationship: 22

ln ( :
A 5� � 0 Ï � 1 ln � � :

A 5 Ï � 2 ln '% A Ï +0z :
A 5Ï � 42:

5 (8)

The vector z :
A 5 represents all product characteristics observed by the bargaining

parties. As econometricians, however, we do not observe all elements of z :
A 5. We

therefore decompose it into a vector of observable attributes, - :
A 5, and an unobservable

component, � :
A 5(e.g., product quality or brand reputation). Substituting z :

A 5= ¹- :
A 5–� :

A 5º

gives:

ln ( :
A 5� � 0 Ï � 1 ln � � :

A 5 Ï � 2 ln '% A Ï #0- :
A 5Ï � 3� :

A 5Ï � 42:
5• (9)

Finally, we introduce market C(Region � Time) to capture geographical and temporal

variations and add an error term ( 4:
A 5 C). We also include retailer ( � A), manufacturer

() 5), and time (� ) �xed e�ects to control for unobserved heterogeneity, including the

manufacturer-speci�c marginal cost 2:
5 (Loecker and Warzynski, 2012; Nevo, 2001). This

leads to our estimating equation:

ln ( :
A 5 C= � 0 Ï � 1 ln � � :

A 5 CÏ � 2 ln '% ACÏ � 3� :
A 5 CÏ #0- :

A 5 CÏ � A Ï ) 5 Ï � Ï 4:
A 5 C– (10)

where ( :
A 5 Cdenotes the shelf share of manufacturer 5 in category : at retailer Ain market

C; � � :
A 5 Crepresents the share of manufacturer 5 in all categories other than : in market C;

'% ACmeasures the retailer's power in market C, proxied by the number of stores operated

22We relax the linear functional-form assumption leveraging by the Double Machine Learning framework
Chernozhukov et al. (2018, 2024), which allows for �exible non-linear relationships among control variables
while isolating the causal e�ect between our main regressor and the outcome. See Section 3.3 and Appendix
C.7 for further details.
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by retailer A; � :
A 5 Ccaptures unobserved manufacturer-level characteristics of products

supplied by manufacturer 5 to retailer Ain category : in market C; and - :
A 5 Cdenotes

observed manufacturer-level product characteristics.

Our theoretical model provides guidance on how these e�ects are likely to operate.

Proposition 1(1) indicates that cross-category dominance tends to increase the man-

ufacturer's equilibrium shelf share. Thus, we expect a positive relationship between

them:

Hypothesis 1. A manufacturer's cross-category dominance is positively associated with its

negotiated shelf share in a focal category (� 1 7 0).

Regarding retailer power, Proposition 1(2) suggests that the bargaining channel

reduces the manufacturer's share. Then, we hypothesize a negative e�ect:

Hypothesis 2. A retailer's bargaining strength is negatively associated with the manufacturer's

negotiated shelf share (� 2 5 0).

Notice that Appendix A.3 discusses a variant of the model in which a manufacturer's

marginal costs (25) become endogenous through economies of scale and scope generated

by the bargaining outcome. Under this extension, the positive association in Hypothesis 1

is further strengthened, while the e�ect in Hypothesis 2 may become ambiguous.

Two-stage approach. To test Hypotheses 1 and 2, we estimate Equation(10), which is

complicated by the presence of unobserved product characteristics. Without controlling

for these unobserved factors, the estimates would be biased. To address this endogeneity

concern, we �rst estimate a product-level demand estimation model (e.g., Berry, 1994;

Berry et al., 1995) to recover� :
A 5 Cin the �rst stage.

In the �rst-stage demand estimation, 23 the model is estimated at the product level.

Speci�cally, we consider the following utility function:

D89C= � 0 Ï � 18?9CÏ $0- 9CÏ � 9CÏ � 89C– (11)

where 8, 9, and Cdenote individuals, products, and markets, respectively; D89Crepresents

the utility derived by consumer 8 from product 9 in market C; ?9Cis price; - 9Care

23One might also consider a dynamic demand framework to capture consumers' intertemporal purchase
decisions. However, dynamic demand models (e.g., Hendel and Nevo (2006)), which solve consumers'
value functions through dynamic programming, do not yield product-level unobserved quality terms � 9C
as part of the estimation process. Since recovering� 9Cis central to our identi�cation strategy, serving as a
proxy for unobserved attributes relevant to manufacturer�retailer negotiations rather than forward-looking
consumer behavior, a static demand framework remains both appropriate and computationally tractable.
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observed product characteristics; � 9Ccaptures unobserved product attributes; and � 89C

is an idiosyncratic error term following Type I Extreme Value distribution. Estimating

the demand model in Equation (11)yields b� :
9C, which captures the unobserved quality

component of product 9in category : at in market C.

To incorporate these estimates into our main regression equation (10), which is de�ned

at the manufacturer�retailer level, we aggregate b� :
9Cto the ¹A– 5º pair by computing sales-

weighted averages across products:

b� :
A 5 C=

Í
92 5

b� :
9C� @:

9AC
Í

92 5 @:
9AC

– (12)

where @:
9ACdenote the quantity sold of product 9in category : at retailer Ain market C.

This aggregation re�ects two considerations: (i) negotiations between manufacturers

and retailers typically occur at the brand or portfolio level rather than for individual

SKUs, and (ii) products with higher sales volumes should receive greater weight when

representing average unobserved quality. Following the same logic, the observable

product characteristics - :
9Care also aggregated to the manufacturer�retailer level using

sales weights:

- :
A 5 C=

Í
92 5 - :

9C� @:
9AC

Í
92 5 @:

9AC

• (13)

Once b� :
A 5 Cis obtained, we substitute it into Equation (10) to form our second-stage

estimating equation, which accounts for endogeneity arising from unobserved product

characteristics:

ln ( :
A 5 C= � 0 Ï � 1 ln � � :

A 5 CÏ � 2 ln '% ACÏ � 3b� :
A 5 CÏ #0- :

A 5 CÏ � A Ï ) 5 Ï � CÏ 4:
A 5 C• (14)

Through this two-stage approach and the inclusion of �xed e�ects, we expect to

control for a substantial portion of the endogeneity arising from unobserved product

characteristics. However, our bargaining framework assumes that dominance in the

� : category a�ects outcomes in category : . In practice, dominance in category : ,

which is tightly linked to shelf share, is also likely to in�uence the � : category through

the same mechanisms. This simultaneity or potential reverse causality still leaves

residual endogeneity concerns. To address this, we incorporate appropriate instrumental

variables (IV). In particular, one may consider competition-based instruments for the
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� : category (BLP-style IVs) or Bartik-style instruments, which exploit variation induced

by aggregate shocks interacted with local exposure.24 We return to these issues in the

empirical results in Section 3. In the following section, we implement this two-stage

estimation procedure using the US men's shaving razor data.

3 Empirical Results

We focus on the men's shaving razor market (excluding electric shavers). 25 This market

is well-suited for our analysis, as it is dominated by a few large manufacturers operating

across multiple categories. In particular, the limited number of such manufacturers

facilitates the construction of � � :
A 5 C, our measure of cross-category presence. Since this

market is naturally segmented into systems and disposables, these product types serve

as the nesting identi�ers. 26

3.1 Data

We use the 2019 NielsenIQ Retail Scanner Data from the James M. Kilts Center for

Marketing, which provide nationally representative retail information across the US.

The dataset contains nearly all variables required for our analysis, including weekly

product-level (UPC-level) sales, prices, product characteristics, brand identi�ers, store

locations, store counts, and listing information by retailer. 27 Summary statistics for the

variables used in both stages of estimation are reported in Table 1.

Data for �rst-stage estimation. For the �rst-stage demand estimation, we construct a

dataset that includes market identi�ers ( C), prices (?9C), product characteristics (number

of blades, sensitive-skin dummy, package quantity, 28 and brand dummies), and market

shares. The demand instruments consist of a set of cost- and competition-based shifters

24A caveat is that Bartik-style IVs may still be vulnerable to global shocks a�ecting both the : and � :
categories, although time �xed e�ects provide partial protection.

25Although our raw data also contain women's razors, we assume that men's and women's products are
in largely non-substitutable markets and therefore exclude women's razors from the analysis.

26Systems refer to re�llable razor platforms consisting of a handle and interchangeable blade cartridges,
whereas disposables are typically single-use razors sold as integrated units.

27In addition, we supplement these data with county-level population �gures extracted from the
United States Census Bureau. Data are publicly available at https://www2.census.gov/programs-
surveys/popest/datasets/2010-2019/counties/totals/co-est2019-alldata.csv.

28Speci�cally, this indicates how many cartridges are included in a package. For example, if a package
contains two cartridges and one handle, the value is two; if it contains �ve disposable razors, the value is
�ve.
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Table 1: Summary Statistics

Variable Obs. Mean Std. Dev. Min Max

First-Stage Estimation

Prices (?9C) 4,729,409 9.42 7.16 0.01 58.37
Unit Prices 4,729,409 3.89 4.15 0.00 52.98
Market Share (B9C) 4,729,409 0.00 0.00 0.00 0.22
Num. of Blades 4,729,409 3.10 1.36 1.00 6.00
Sensitive Skin (dum.) 4,729,409 0.21 0.40 0.00 1.00
Package Qty. 4,729,409 4.47 3.85 1.00 100.00
Price Std. Dev. (IV) 4,729,409 6.86 1.37 0.00 20.82
Num. of Blades Std. Dev. (IV) 4,729,409 1.35 0.06 0.00 2.12
Package Qty. Std. Dev. (IV) 4,729,409 3.76 0.85 0.00 7.78
Own-�rm Sensitive Skin (IV) 4,729,409 13.12 11.40 0.00 41.00
Rival's Mean of Num. of Blades (IV) 4,729,409 3.05 0.20 0.00 6.00
Rival's Mean of Package Qty. (IV) 4,729,409 4.45 0.35 0.00 12.00

Number of Markets 30,888
Number of Products 1,204
Number of Brands 349

Second-Stage Estimation

Shelf Share (ln ( A 5 C) 4407 � 3.40 0.86 � 5.87 0.00
Dominance (ln � � :

A 5 C) 4407 � 1.35 0.82 � 8.67 0.00
Num. of Stores (ln '% AC) 4407 3.96 1.73 0.00 9.04
Unobs. Char. (b� A 5 C) 4407 0.05 0.35 � 2.42 3.75
Num. of Blades (weighted) 4407 3.06 0.51 1.00 5.00
Sensitive Skin (weighted) 4407 0.37 0.21 0.00 1.00
Package Qty. (weighted) 4407 4.43 1.48 1.00 15.98
Num. of Rival Prod. in � : (IV) 4407 132.42 103.18 0.00 993.00
Mean of ln � � :

A 5 Cin Others Chains (IV) 4407 � 1.37 0.57 � 2.17 � 0.66

Number of Retailers 142
Number of Manufacturers 3

Sources: Authors' calculations based on NielsenIQ Retail Scanner data via Kilts Center and the United
States Census Bureau.
Notes: Prices in the �rst-stage estimation converted from weekly to monthly frequency by taking sales-
weighted averages. Prices correspond to UPC-level prices, while Unit Prices are constructed by dividing
Prices by the Package Quantity. Unit Prices are not used in the baseline estimation but are employed in the
robustness analysis reported in Appendix B.3. The variables for the second-stage estimation, including
both unobserved and observed product characteristics, are sales-weighted averages as de�ned in Equations
(12) and (13).
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that provide exogenous variation in consumers' utility. 29 Product-type dummies (system,

disposable)30 serve as nesting identi�ers.

The sample comprises 30,888 county-month markets from 2019, covering 4,729,409

product-level observations and 1,204 unique products as shown in Table 1. The raw

data report sales for each product in the last week of each reporting period. Because

this structure makes it impossible to compute exact monthly totals, we assign each

observation to a month based on the calendar month of the last day of the reporting week.

Consequently, the de�ned months in our data may not perfectly coincide with calendar

months. Prices are likewise converted to monthly frequency by taking sales-weighted

averages across reporting weeks within each product�market.

Data for second-stage estimation. For the second-stage regression, we aggregate- A 5 C

and � A 5 Cas described in Equations (12) and (13). The dataset further includes the

manufacturer's shelf share in the razor category, the cross-category dominance measure

in non-razor categories, and retailer power (the number of stores) for each retailer in

market C.

Although the raw data include 349 brands, these map into four major manufacturers,

private labels (PL), and a residual �other� category. Since the analysis focuses on

bargaining between manufacturers and retailers, we exclude PL and the �others,�

retaining only the four major manufacturers, denoted as �rms A, B, C, and D. Firms

A, B, and C operate across multiple categories, while Firm D is active only in razors.

For IV speci�cations that require variation in the � : category, Firm D is included in the

OLS analyses but excluded from the baseline IV regressions because it contributes no

identifying variation. 31

To construct the cross-category dominance variable � � :
A 5 C,

32 we rely on a set of

representative non-razor categories for each manufacturer.33 Table 2 presents the list of

29Speci�cally, the instrument set includes the standard deviation of prices, the standard deviation of key
product attributes (number of blades and package quantity), the share of own-�rm sensitive-skin variants,
and the rival-�rm means of blades and package quantity.

30By nesting structure, the sample consists of 2,367,711 for systems, including 1,154,703 observations for
handles, 1,213,068 for blades, and 2,361,638 for disposables

31Firm D accounts for only 222 out of 4,629 observations (4.8%), and its exclusion produces no meaningful
change in the OLS results (see Table 4).

32When implementing the computation of � � :
A 5 C, we rely on observed sales data, which introduces

a potential issue: if a product records zero sales in a given month, the measure cannot be identi�ed.
Nevertheless, in the FMCG market, products with zero monthly sales typically exit the market naturally,
so this does not pose a major identi�cation concern.

33Comprehensively identifying all product categories in which each manufacturer operates is practically
infeasible (e.g., when the categorical classi�cation in the raw data does not perfectly align with each
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Table 2: Category List of Each Firm (2019)

Firm Category

Firm A
Razors,Detergents, Fresheners, Cleaners, Diapers, Softeners,
Tissue, Deodorants, Shampoo, Oral care, Feminine Hygiene

Firm B Feminine Hygiene , Razors, Sun care
Firm C Razors,Pens, Lighters
Firm D Razors

Sources: NielsenIQ dataset and each �rm's o�cial website.
Notes: The shaving razor category is not used in constructing � � :

5 C.

categories observed for each �rm, with those used in the computation of � � :
A 5 Chighlighted

in bold. 34 Speci�cally, we use detergents for Firm A, feminine hygiene for Firm B, and

pens for Firm C. These categories are chosen based on �rms' 2019 annual reports and

related disclosures.35 For additional analyses involving alternative categories, see the

Appendix C.1.

If a manufacturer is present in the razor category : but not in the representative � :

category in market C, we assign � � :
A 5 C= 0.36 In contrast, cases in which a manufacturer

appears in the � : category but not in the razor category : correspond to observations

with ( :
A 5 C= 0. Consistent with the empirical literature that focuses on the intensive

margin (e.g., Curhan, 1972; Dreze et al., 1994; Crawford and Yurukoglu, 2012) and with

the interior-solution assumption underlying our model (see Section 2 and Appendix A),

we exclude these observations from the analysis.37

manufacturer's own product taxonomy.) and would substantially increase the computational burden.
Representative categories are selected using publicly available information such as company websites and
promotional materials.

34Using a single representative category may disproportionately penalize manufacturers with broad
product portfolios (such as Firm A). Appendix C.6 introduces an adjustment that incorporates the number
of categories a �rm operates in, providing a portfolio-size�corrected variant of � � :

A 5 C.
35Intuitively, when using such representative categories, a category must generate substantial sales or

be strategically important in attracting consumer tra�c in order for retailers to perceive it as a credible
threat. We identify them as having the largest revenue shares or being strategically important, particularly
in the North American market.

36This convention maintains observations that remain informative for bargaining in the razor category
and is consistent with interpreting � � :

A 5 Cas relative presence across categories. For variables that may
take the value zero, we add a small constant &= 0•0001before applying logarithms. In practice, the vast
majority of manufacturers that appear in a representative � : category also appear in the razor category : .
Excluding Firm D, which records � � :

A 5 C= 0 in all 222 of its observations because it operates solely in razors,
only 12 observations in the remaining sample exhibit presence in � : but not in : .

37Among the full sample of 4,736 manufacturer�retailer observations, 107 fall into this category, which
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Finally, we construct two sets of instruments. The �rst is a BLP-style instrument

based on the number of rival products in the � : category. The second is a Bartik-style

instrument using the average value of � � : in other chains. Section 3.3 provides additional

discussion of these IVs.

(a) Levels (b) Log scale

Figure 2: Cross-category Dominance and Shelf Shares

Notes: Panel (a) presents the results in levels, while Panel (b) uses a logarithmic scale. The horizontal
axis shows each manufacturer's market share within retailer Ain a representative category other than
shaving razors, and the vertical axis depicts each manufacturer's shelf share within the same retailer Ain
the shaving-razor category.

3.2 First Stage: Demand Estimation

This section describes demand estimation results as our �rst-stage estimation. All details

regarding market de�nition, nesting structure, and the construction of demand-side

instruments are provided in Appendix B.1. We note only that the results are stable across

alternative nesting speci�cations, and the instruments exhibit strong �rst-stage relevance

(F-statistic 7 230,000).

corresponds to approximately 8.9 observations per month.
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Estimation results. The �rst-stage estimation results are summarized in Table 3. 38 The

multinomial logit (MNL) speci�cation in Column (1) of Table 3 produces economically

intuitive coe�cients: higher prices reduce consumer utility, while functional attributes�

such as the number of blades, sensitive-skin suitability, and package quantity�contribute

positively to utility. However, because the MNL model imposes the restrictive Indepen-

dence of Irrelevant Alternatives (IIA) assumption, it may not capture realistic substitution

patterns in the razor market, where products within the same product type are closer

substitutes. The nested logit model addresses this concern by grouping systems and

disposables into separate nests, allowing substitution to occur more strongly within each

group than across them.

When we estimate the random-coe�cient logit (RCL) and random-coe�cient nested

logit (RCNL) models, the coe�cients on the observable characteristics remain econom-

ically stable. Introducing heterogeneous price sensitivities yields the usual pattern:

without a nesting structure (RCL), the price coe�cient displays a larger absolute mean

and wider dispersion, re�ecting the model's attempt to absorb within-type substitution

through consumer heterogeneity.

Once a nesting structure is introduced, however, these issues attenuate sharply. In

the nested speci�cations, the estimated nesting parameter for systems is e�ectively

zero and statistically insigni�cant, while the parameter for disposables is positive and

precisely estimated. This indicates that only the disposable segment exhibits meaningful

within-group substitution. In the RCNL model, the random-coe�cient component on

price collapses toward zero, and the model converges numerically to the simpler nested

logit structure, suggesting limited additional heterogeneity once the nest structure is

accounted for. Across all model speci�cations, the implied own-price elasticities range

approximately from � 6•9 to � 4•5, consistent with prior empirical �ndings in comparable

FMCG markets, such as the cereal industry studied by Nevo (2001).39

The distributions of the estimated b� 9Cfrom each speci�cation are shown in Figure

38Because the random coe�cients models require simulation for market share integration, we employ
quasi�Monte Carlo simulation (Halton sequences) with 200 draws. Given the large size of our estimation
sample (4.7 million observations and 30,888 markets), computational considerations preclude the use of
higher simulation counts. To assess potential simulation bias, we re-estimate the models using a 10%
random subsample while increasing the number of the draws up from 50 to 500. The results show no
statistically meaningful di�erence, suggesting that our baseline setting is adequate. Detailed sensitivity
checks are reported in Appendix B.4. Since we obtain results similar to those from the full sample using
this subsampling approach, it could be a reasonable choice relying on the subsample if our primary goal
is demand estimation. However, our second stage operates at the retailer�manufacturer level (further
limited to the four major manufacturers), we use the full sample to maximize the available information in
the �rst stage.

39See Table VII of Nevo (2001).
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Table 3: Demand Estimation Results

MNL Nested RCL RCNL
(1) (2) (3) (4)

Random Coe�cient
Prices � 0•738��� � 0•330��� � 0•813��� � 0•330���

(0.003) (0.003) (0.003) (0.011)
� prices 0•115��� 0•000

¹0•002º ¹1•873º

Linear Coe�cients
Num. of Blades 0•992��� 0•470��� 0•918��� 0•470���

¹0•004º ¹0•004º ¹0•004º ¹0•005º
Sensitive Skin 0•681��� 0•321��� 0•660��� 0•321���

¹0•005º ¹0•004º ¹0•005º ¹0•005º
Package Qty. 0•447��� 0•200��� 0•387��� 0•200���

¹0•002º ¹0•002º ¹0•002º ¹0•002º

Nesting Parameters
� system 0•000 0•000

¹0•003º ¹0•004º
� disposable 0•605��� 0•605���

¹0•004º ¹0•007º

Brand FE Ø Ø Ø Ø
Converged Ø Ø Ø Ø
N Simulations 200 200
Mean of � price � 6•952 � 4•508 � 6•244 � 4•508

Observations 4,729,409 4,729,409 4,729,409 4,729,409
N Brand 1,204 1,204 1,204 1,204
N Market 30,888 30,888 30,888 30,888

Notes: � prices denotes the standard deviation of the price coe�cient. � price denotes the own price
elasticities. Heteroskedasticity-robust standard errors are reported in parentheses. Simulations are based
on quasi�Monte Carlo draws (Halton sequences). The constant term and brand �xed e�ects are included
but not reported for brevity. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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Figure 3: b� Distributions across Models

Notes: MNL stands for Multinomial Logit; RCL means Random Coe�cient Logit; RCNL is
Random Coe�cient Nested Logit.

3. All are centered near zero, consistent with appropriate normalization. The nested

models (Nested Logit and RCNL) produce tighter distributions with smaller variance,

indicating that the nested structure captures within-type substitution patterns more

e�ectively and leaves less residual unobserved heterogeneity.

For the second-stage estimation and the counterfactual analysis in Section 4, we rely

on the nested logit model (Column (2) of Table 3) as the baseline speci�cation. This choice

re�ects both economic plausibility such that only disposables exhibit meaningful within-

group substitution, and computational tractability, since the RCNL model essentially

converges to the same structure.

3.3 Second Stage: The Impact of Bargaining Power

Table 4 presents the results from the second-stage estimation. Across all speci�cations,

the coe�cients on cross-category dominance ( ln � � :
A 5 C) and retailer power ( ln '% AC) align

with the theoretical predictions in Hypotheses 1 and 2. Columns (1) and (2) report the

OLS estimates. Ideally, the estimation should include all major manufacturers; however,

Firm D is excluded from the IV analysis because it operates only in the razor category

and therefore provides no identifying variation in cross-category leverage. Comparing

Column (1), which includes Firm D, to Column (2), which excludes it, shows that this

restriction has virtually no impact on the key coe�cients. This reduces concerns about

selection bias in the subsequent IV analysis.

Once we instrument for cross-category dominance, the estimated impact of portfolio

leverage increases substantially. In the IV speci�cations reported in Columns (3)�(5), the
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Table 4: Shelf Share Estimation Results

OLS 2SLS

(1) (2) (3) (4) (5)
w/ Firm D w/o Firm D BLP IV Bartik IV Both IVs

ln � � :
A 5 C 0•126��� 0•114��� 0•267��� 0•327��� 0•285���

¹0•026º ¹0•026º ¹0•053º ¹0•117º ¹0•054º
ln '% AC � 0•302��� � 0•291��� � 0•741��� � 0•719��� � 0•735���

¹0•009º ¹0•009º ¹0•036º ¹0•053º ¹0•036º
Num. of Blades 0•115��� 0•014 � 0•020 � 0•033 � 0•024

¹0•030º ¹0•033º ¹0•036º ¹0•044º ¹0•036º
Sensitive Skin 0•631��� 0•587��� 0•562��� 0•552��� 0•559���

¹0•080º ¹0•080º ¹0•085º ¹0•089º ¹0•086º
Package Qty. � 0•010 � 0•029��� � 0•028��� � 0•027�� � 0•028���

¹0•011º ¹0•011º ¹0•011º ¹0•011º ¹0•011º
b� :

A 5 C 0•043� 0•045 0•053 0•057 0•055
¹0•023º ¹0•054º ¹0•055º ¹0•056º ¹0•055º

Retailer FE Ø Ø Ø Ø Ø
Firm FE Ø Ø Ø Ø Ø
Time FE Ø Ø Ø Ø Ø

Observations 4,629 4,407 4,407 4,407 4,407
Adj. ' 2 0.889 0.821 0.815 0.810 0.813
First-stage � -stat 225.365 39.614 114.135
Hansen � (?-value) 0.612

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. ln '% ACmeasures retailer power, proxied by the logarithm of the number of stores operated by
retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in
Equation (12). Product characteristics include the number of blades, a dummy for sensitive-skin products,
and package quantity (the number of cartridges or disposable units per package). The constant term and
other �xed e�ects are included but not reported for brevity. Heteroskedasticity-robust standard errors are
reported in parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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coe�cient on ln � � :
A 5 Cmore than doubles relative to the OLS estimates. The theoretical

motivation for the IV strategy primarily concerns simultaneity or common demand

shocks, which typically bias OLS coe�cients upward. However, the fact that our IV

estimates are larger indicates that attenuation bias, arising from classical measurement

error in our representative measure of � � : , is the dominant empirical force (Pischke,

2007). Thus, the IV procedure corrects for both the simultaneity problem and the

downward bias from measurement error, revealing a substantially stronger causal e�ect

of portfolio leverage on shelf-share outcomes. A similar pattern emerges for retailer

bargaining power. The coe�cient on ln '% ACincreases in magnitude from approximately

� 0•29 in the OLS speci�cation to � 0•73 in the preferred IV speci�cation (Column 5).

This implies that the mismeasurement of manufacturer leverage not only biases its own

coe�cient downward but also contaminates the estimate of retailer power, causing the

OLS speci�cation to understate the true strength of the bilateral bargaining interaction.

To isolate exogenous variation in portfolio leverage, we use two supply-side instru-

ments. The BLP-style instrument is the number of rival products in the representative

� : category (Berry et al., 1995). This measure captures competitive pressure that me-

chanically reduces a manufacturer's dominance in the non-razor categories without

directly a�ecting razor shelf-share outcomes except through the bargaining mechanism.

The Bartik-style instrument exploits variation in the manufacturer's average dominance

across other retail chains (Bartik, 1991; Goldsmith-Pinkham et al., 2020). Although Bartik

instruments may be sensitive to market-level shocks that a�ect multiple categories simul-

taneously, the rich set of �xed e�ects in our speci�cation absorbs most such concerns.

Both instruments display strong relevance: in the combined speci�cation, the �rst-stage

� -statistic is 114, which exceeds conventional thresholds by a wide margin.

The overidenti�cation test in Column (5) provides additional support for the validity

of the identi�cation strategy. The Hansen � -test yields a ?-value of 0.61, indicating that

the two instruments do not o�er con�icting information and are jointly consistent with

the exclusion restriction. Based on the strong �rst-stage performance, the correction

of attenuation bias, and the validation provided by the overidentifying restrictions, we

adopt the combined IV speci�cation in Column (5) as our baseline model for further

analysis. The estimates imply that a one-percent increase in cross-category dominance is

associated with an approximately 0.29 percent increase in razor shelf share, providing

strong evidence of a meaningful and economically signi�cant portfolio e�ect.

Robustness. Our main second-stage estimation results remain robust across a wide

range of alternative speci�cations presented in Appendix C, including the use of
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alternative representative categories for the � : sector, lagged-variable speci�cation, and

retailer-clustered bootstrap procedures. In particular, the placebo exercises reported in

Table C4 provide additional support for the proposed bargaining mechanism. When

we implement placebo tests that break the identifying variation, the estimated e�ect

of cross�category dominance vanishes. In the OLS placebo, we shu�e � � : within

retailer�month cells, which destroys the link between a manufacturer's dominance and

its shelf-share outcomes while preserving retailer and time structure; the coe�cient on

� � : shrinks to near zero. In the IV placebo, we randomly permute both � � : and the

associated instruments across all observations, eliminating any economically meaningful

variation; the 2SLS estimate becomes statistically indistinguishable from zero and highly

unstable. These placebo patterns con�rm that the baseline results are driven by the

economic mechanism in the data rather than mechanical correlations or �xed-e�ect

structure.

In addition, we show that our �ndings are robust to more �exible functional form

assumptions using a Double Machine Learning (DML) estimator (Chernozhukov et al.,

2018, 2024), which allows the control variables to enter the outcome equation in an

arbitrarily non-linear manner while preserving the structural interpretation of the

coe�cient on � � : .40 The resulting estimate of the e�ect of cross-category dominance

is nearly identical (0.297, see Table C7) to the baseline 2SLS estimate (0.285) of Table 4,

reinforcing that the identifying variation comes from the economic mechanism rather

than from parametric restrictions. 41 Detailed implementation and results are reported in

Appendix C.7.

In the next section, we discuss that this supply-side interdependence ultimately shapes

the variety of products faced by consumers, highlighting a new form of externality

emerging in today's FMCG markets dominated by diversi�ed conglomerates.

4 Counterfactual Analysis: Merger and Variety E�ect

According to the 2023 Merger Guidelines issued by the U.S. Department of Justice

(U.S. Department of Justice and Federal Trade Commission, 2023), the extent to which

consumers substitute toward alternative products when the price of one product increases

40Intuitively, DML residualizes both the treatment and the outcome using high-dimensional machine
learning methods and estimates the causal e�ect from the remaining orthogonal variation. This partially
relaxes the linear approximation embedded in the baseline speci�cation.

41The DML coe�cient represents an average treatment e�ect. Although the estimator involves sample
splitting and is therefore subject to variation across random seeds, repeated experiments con�rm that the
estimate is highly stable and does not �uctuate meaningfully across di�erent splits.
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is a core principle in de�ning market boundaries. The European Commission adopts a

similar approach. Its 2024 Notice on Market De�nition emphasizes that relevant product

markets include all products regarded as interchangeable or substitutable by customers,

based on characteristics, prices, and intended use�an approach conceptually consistent

with the U.S. focus on cross-price elasticity (European Commission, 2024). Most merger

and antitrust analyses have therefore focused exclusively on this perspective�that is,

welfare changes driven by reduced competition and higher markups among substitutable

products.

However, as shown in Section 3, products that are not substitutes from the consumer's

perspective may still in�uence market outcomes through the supplier's portfolio e�ects.

When multi-category producers merge, their enhanced bargaining positions relative to

retailers can alter shelf allocations even in unrelated categories, thereby compressing

product assortments and reducing e�ective variety. This mechanism, which operates

independently of price substitution, is largely absent from conventional merger analyses.

Framework. We develop a simple framework that decomposes total average welfare 42

changes into two channels:

� Consumer Welfare = � Price E�ect Ï � Variety E�ect • (15)

The �rst component captures the conventional consumer surplus ( �( )43 loss through

higher prices, while the second captures the welfare change arising from assortment

compression due to cross-category portfolio e�ects. 44 For analytical clarity, we adopt a

42Because the units of observation di�er between the two channels (market-level in the price channel and
retailer-level in the variety channel), we use average values to ensure consistent scaling across components.

43We compute consumer surplus ( �( ) using the PyBLPpackage of Conlon and Gortmaker (2020). For
the nested logit speci�cation, PyBLPimplements the standard log-sum formula of Small and Rosen (1981)
to obtain population-normalized (per-capita) consumer surplus in dollars for each market C:
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where < 8Cdenotes the integration weight for draw 8in market C(with
Í

82I < 8C= 1), � 9Cis the mean utility
of product 9in market C, � 2 »0–1º is the nesting parameter, and � 1 is the price coe�cient. The absolute
value of �( C is sensitive to the de�nition of the potential market size " C, since " Cgoverns the outside
good share. Accordingly, we focus on the percentage change (� %).

44We implement the variety counterfactual by re-evaluating the estimated relationship between shelf
share, cross-category dominance, and retailer power at the post-merger values of � � :

A 5 and '% A. The
resulting increase in the merged �rm's predicted shelf share is then absorbed mechanically by rival
suppliers, without modeling a second stage of renegotiation.
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standard di�erentiated-product Bertrand competition setting. We abstract from merger-

related synergies,45 e�ciency gains, or cost reductions, and assume that all pre-merger

products remain available post-merger under the same brand structures.

Under di�erentiated-product Bertrand competition, each �rm 5 sets pricesp 5 to

maximize pro�ts given rivals' prices. The �rst-order conditions can be compactly written

as:

p � mc = �¹ 
 � Bº� 1s– (16)

where p and mc denote the vectors of prices and marginal costs, respectively, s is the

vector of market shares, B is the Jacobian matrix of price derivatives ( 189= %B8• %?9), and


 is the ownership matrix whose element 
 89= 1 if products 8and 9are owned by the

same �rm and zero otherwise.

A merger modi�es 
 by internalizing substitution across products that were previ-

ously owned by di�erent �rms. This increases the perceived cannibalization between

the merged products, leading each to set higher markups in equilibrium. The resulting

post-merger prices, ppost, yield a new consumer surplus level �( post that is typically

lower than its pre-merger counterpart �( pre. In the conventional framework, welfare

analysis stops at this stage, attributing all welfare losses to the price channel driven by

reduced competition.

Our framework departs from this view. We show that when multi-category man-

ufacturers merge, their expanded portfolio scope can also reshape equilibrium shelf

allocations across categories�thereby altering consumers' e�ective product variety even

without any price or cost changes. Under these assumptions, any welfare change can

thus be decomposed into two components: the traditional price (consumer surplus)

channel and a newly identi�ed variety channel that operates through cross-category

portfolio e�ects.

The variety component is motivated by the large literature on the gains from variety

(Krugman, 1979; Feenstra, 1994; Hausman, 1996; Broda and Weinstein, 2006; Bronnenberg

et al., 2009), which shows that changes in product diversity can generate welfare e�ects

comparable in magnitude to those from price adjustments. In retail environments with

limited shelf space, a merger that expands cross-category dominance may reduce the

number of available di�erentiated options, thus lowering consumers' e�ective gains

from variety.

45We relax this assumption about synergies and examine, later in this section, how large the synergy
must be for the welfare e�ect to turn positive.
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In our empirical implementation, enhanced bargaining power following a merger

manifests as increased shelf share for the merged group. Because total shelf space is

�xed (
Í

5 ( A 5= 1), this mechanically crowds out weaker rivals with lower bargaining

leverage, reducing the e�ective assortment available to consumers. Given the physical

constraint of retail shelf space, any gain by the merged entity must come at the expense

of rivals. To quantify this mechanism, we simulate post-merger equilibria by dividing

the market into merging and non-merging groups 46 and reallocating shelf shares such

that the merged group's incremental gains translate into proportional losses among

non-merged competitors. This conservative simulation, described in detail in Appendix

D.2, ensures that total category share remains constant while capturing the crowding-out

dynamics that drive variety-based welfare losses.

To operationalize this idea, we de�ne an e�ective variety index consistent with

Her�ndahl-type concentration metrics:

+ A: =
1

# A

Õ

A

©
­
«

1 �
Õ

5

¹( :
A 5º

2ª®
¬

– (17)

where # A is the number of retailers; a higher concentration (larger
Í

5 ( : 2
A 5) implies lower

+ A: and thus reduced variety. To express both price- and variety-based welfare in a

common monetary unit, we normalize the value of variety such that the pre-merger

welfare level is proportional to the pre-merger variety level:

� � �( pre = � � + pre ) � = � �
�( pre

+ pre

• (18)

Here, � serves as a conversion factor linking the monetary value of consumer surplus

to the non-monetary variety index, while � 2 »0–1¼represents the relative valuation

consumers place on product variety compared with the price channel. To endogenize

this weight, we anchor � to the Lerner index�a measure of market power de�ned as the

46As �rm-level substitution data are unavailable, the non-merging �rms are aggregated into a single
composite group.
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inverse of the absolute value of the demand elasticity (Lerner, 1934; Tirole, 1988):47

� =
1

j� j
• (19)

Under di�erentiated-product competition, a smaller elasticity (in absolute value) implies

greater product di�erentiation and higher markups, re�ecting stronger consumer

willingness to pay for variety or uniqueness (Anderson et al., 1992). Thus, the Lerner

index provides a theoretically grounded mapping between market power on the �rm

side and the welfare value of di�erentiation on the consumer side 48. Consequently, in

our framework, � acts as an elasticity-based measure of consumers' marginal willingness

to pay for variety, relative to their valuation of the base product itself. This interpretation

also aligns with the classic variety�welfare literature (Hausman, 1996; Feenstra, 1994;

Broda and Weinstein, 2006), in which lower substitutability among products ampli�es

the welfare gains from maintaining a diverse assortment.

Given predicted post-merger shelf shares f ( :
A 5 –postg, we compute:49

+ post =
1

# A

Õ

A

©
­
«

1 �
Õ

5

¹( :
A 5 –postº

2ª®
¬

– (20)

and translate the change in variety into a monetary welfare equivalent:

� Variety E�ect = � � ¹+ post � + preº• (21)

The welfare loss from the price channel, � �( , is obtained directly from the merger

simulation using the estimated demand system in Section 3. Combining both channels

following Equation (15) yields the total consumer welfare change ( � Consumer Welfare),

47In international trade models based on CES preferences, the welfare contribution of product variety is
often parameterized as the inverse of the elasticity of substitution, 1•¹ � � 1º (Feenstra, 1994; Broda and
Weinstein, 2006). Here,� is used merely as a notational parallel to the trade literature, even though in
our �rst-stage random coe�cient estimations � price denotes the standard deviation of the random price
coe�cient. The two symbols thus refer to distinct concepts. Our choice of anchoring � to the inverse
elasticity is conceptually analogous to these trade models, where lower substitutability (lower � or j� j)
increases the welfare value of variety. In Broda and Weinstein (2006), median substitution elasticities
across disaggregated import sectors lie in the range � � 3•5� 4•8, which corresponds to CES welfare weights
of approximately 0•21� 0•33. Our estimated mean own-price elasticity ( j� j � 4•5) implies � � 0•22, falling
squarely within this empirical range. See Appendix D.1 for further discussion.

48See Appendix D.1 for a detailed discussion and justi�cation
49In computing + post, we retain the merging �rms as separate entities when summing ¹( :

A 5 –postº
2, since

the merger is assumed to combine ownership rather than eliminate or rebrand existing products. In other
words, brands and SKUs remain available to consumers even though their parent �rms merge.
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Figure 4: Illustration of Variety Weights on Consumer Surplus

and the overall welfare loss rate relative to the pre-merger benchmark is expressed as:

Welfare Loss Rate (%)=
� Consumer Welfare

Consumer Welfarepre

� 100• (22)

This framework extends the conventional merger analysis by integrating price and

variety channels within a uni�ed welfare decomposition. 50 While the price-based

welfare change follows the standard approach under Bertrand competition, 51 the variety-

based component captures a new mechanism through which cross-category portfolio

interactions can alter consumer welfare by reshaping in-store assortments. Next, we

implement this decomposition empirically using our estimated model.

50In addition to explicitly modeling the variety e�ect, one can also infer the set of products that would
be crowded out from the shelf based on the second-stage estimation results, remove those products,
re-estimate the demand model (the �rst-stage), and compute the implied consumer surplus. This approach
captures the additional monopoly-type gains that arise when competing products exit, and it allows
consumer surplus to be estimated in a stable manner within a single model. However, given the structure
of our framework, the �rst-stage demand estimation is conducted at the county-level while the second
stage is estimated at the retailer�manufacturer level. This mismatch requires additional assumptions to
determine which products would exit within a given market, or alternatively forces a rougher procedure
where average products are removed uniformly. See Appendix D.3 for further discussion.

51Even when a researcher speci�es a separate supply model, this component can be easily modi�ed and
applied in a modular manner.
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Simulation results with constant marginal costs. We analyze changes in consumer

surplus, including the variety channel, under a counterfactual merger between two

multi-category manufacturers, Firms A and B. We assume Bertrand competition without

merger-related synergies or product exit, implying constant marginal costs. The merger

modi�es the ownership matrix and weakens price competition, leading to higher prices.

Table 5: Consumer Welfare Decomposition

Channel Pre-merger Post-merger � � %

Price E�ect 0.162 0.160 � 0•002 � 1•485%
Variety E�ect 0.036 0.032 � 0•004 � 12•155%

Consumer Welfare 0.199 0.192 � 0•007 � 3•422%

� 0.072 � 0.222
Notes: This table decomposes the simulated consumer welfare changes into the price and variety e�ects.
Price e�ect, which corresponds to concept of consumer surplus, is directly obtained from the merger
simulation using the estimated demand system, while variety e�ect is computed from the normalized
variety index ( + ) scaled by � and weighted by � .

As shown in Table E3, prices increase across all major manufacturers, with stronger

e�ects for the merging �rms. On average, prices rise by about 0.56%, which corresponds

to a 1.49% decline in consumer surplus through the price channel. U.S. Department

of Justice and Federal Trade Commission (2023) typically use a �ve percent SSNIP

benchmark when evaluating whether a price increase is competitively signi�cant. From

this perspective, the predicted price increases appear relatively modest.52 Once we

incorporate the variety e�ect, however, the welfare implications become more substantial.

The shelf share of non merging �rms falls from about 20% to 8% (Table E4). Combining

the price and variety channels based on Equation (15) leads us to expect an overall

consumer welfare loss of about 3.4% (Table 5).

In addition, we conduct an exercise that internalizes the variety e�ect in Appendix

D.3. Holding prices �xed at their post merger levels implied by the change in ownership,

we eliminate products from non-merging �rms in proportion to the adjusted shelf

shares predicted by our second stage bargaining estimates. When these products exit,

consumers substitute toward inferior alternatives or the outside option, which reduces

consumer surplus by about 2.7%,53 which is broadly correspond to our main results.

52This re�ects the fact that Firm A is already dominant in most markets, so the majority of the price
increase occurs for Firm B's products, limiting the overall magnitude of the e�ect.

53This approach relies on market level averages. A limitation is that the same set of products exits in all
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(a) Pre-merger (b) Post-merger

Figure 5: Example of In-store Razor Shelf Allocation of Merger (Firm A and B)

Notes: This �gure visualizes the shelf allocation results reported in Table E4. The background image is
illustrative and unrelated to the actual data. Photo by the author.

Synergies and Welfare Trade-o�s. Our analysis so far holds marginal costs constant

to isolate the bargaining mechanism. However, as noted in Section 2, mergers can also

generate supply-side synergies�such as economies of scope in logistics or procurement�

that reduce costs, potentially lowering prices and bene�ting consumers. To quantify this

trade-o�, we compute the Compensating Marginal Cost Reduction (CMCR), de�ned as

the cost savings required to o�set the merger's anti-competitive harm, by conducting a

grid search over a 5% random sample of the data.54

The simulation yields two critical thresholds. First, a 1.3% reduction in the merged

�rms' marginal costs is required to o�set the consumer harm arising from the price

channel alone. However, to o�set the total welfare loss, including the e�ect of reduced

product variety, the required synergy hurdle rises to 3.4%. 55

This �nding suggests that competition authorities who focus solely on price e�ects may

systematically underestimate the true anti-competitive harm of conglomerate mergers.

Moreover, the magnitude of the variety e�ect reported here is likely conservative. The

focal market (men's razors) is already highly concentrated. In less concentrated industries

county markets, since our framework de�nes the �rst stage at the county level and the second stage at the
retailer manufacturer level. The mapping from the second stage back to county level markets therefore
requires strong assumptions. These numbers should be interpreted with this limitation in mind.

54We hold the monetary value of the variety e�ect loss �xed at its previously simulated level. While
variety-related welfare technically depends on elasticities � (which change post-merger), this simplifying
assumption preserves computational tractability. Moreover, our Monte Carlo robustness checks (Appendix
B.4) con�rm that the subsample results are consistent with the full dataset, which is crucial given the high
computational cost of the grid search.

55Although a 3.4% e�ciency requirement may appear modest, it may represent a non-trivial benchmark
in antitrust practice. Regulators often view e�ciency claims above a low single-digit range (e.g., 1�5%)
with skepticism, as ex-post analyses frequently �nd that such synergies rarely materialize (see, e.g.,
Ashenfelter et al., 2014; Farrell and Shapiro, 2010).
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Figure 6: Compensating Marginal Cost Reduction

with a larger fringe of small competitors, the post-merger assortment compression

induced by enhanced portfolio power could be substantially stronger.

5 Conclusion

This paper provides empirical evidence that a manufacturer's portfolio strength in unre-

lated categories can serve as leverage in category-speci�c negotiations. Using data from

the US men's razor market, we show that greater cross-category dominance is associated

with higher negotiated shelf shares, while retailer power acts as a countervailing force.

These �ndings imply that vertical negotiations are not isolated by category but are

interconnected through �rms' aggregate bargaining positions.

We rationalize this pattern using a Nash bargaining framework in which cross-

category presence a�ects disagreement payo�s. By linking otherwise unrelated products

through the �rm, manufacturers can weaken the retailer's outside option and secure

more favorable non-price terms, such as shelf space. This supply-side spillover operates

independently of consumer-side substitution and thus di�ers from traditional multi-

product pricing mechanisms.

These portfolio e�ects have important implications for antitrust policy and merger

evaluation. Our counterfactual analysis highlights a distinct variety channel through
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which mergers between multi-category �rms can reduce consumer welfare, beyond

conventional price e�ects. Ignoring such non-price dimensions may therefore lead

competition authorities to underestimate the impact of conglomerate mergers.

Finally, our analysis has several limitations that point to directions for future research.

Extending the framework to dynamic contracting environments or to a general equilib-

rium setting with simultaneous negotiations across categories would further deepen our

understanding of portfolio-based bargaining power.
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Online Appendix: For Online Publication Only 1

A Proof of Proposition and Model Extensions

This appendix formally characterizes the Nash bargaining equilibrium and proves

Proposition 1. In addition, this appendix also lays out the analytical basis for the

empirical speci�cation by introducing the log-linear approximation of the equilibrium

mapping and presents an extension of the model that allows marginal costs to be

endogenous.

A.1 Proof of Proposition 1

First-Order Conditions. As de�ned in Section 2, the Nash product for a given man-

ufacturer�retailer pair in category : is N = ¹� 5 � 3º$ ¹� A � � º1� $ , where $ 2 ¹0–1º

represents the manufacturer's bargaining weight. Let y = ¹(– Fº0 denote the vector

of endogenous bargaining outcomes. Assuming interior solutions, the equilibrium y �

satis�es L¹y � –xº = 0, where:

� 1¹(– F; xº =
%ln N

%(
=

$ � � 5 –(

� 5 � 3
Ï

¹1 � $ º � � A–(

� A � �
= 0– (A1)

� 2¹(– F; xº =
%ln N

%F
=

$ � � 5 –F

� 5 � 3
Ï

¹1 � $ º � � A–F

� A � �
= 0• (A2)

Proof. To analyze how the equilibrium y � responds to shifts in bargaining primitives

) = ¹� � : – '%º0, we apply the Implicit Function Theorem (IFT).

Assumptions.

ˆ A1 (Stability): det¹Pº = � 1( � 2F � � 1F � 2( 7 0.

ˆ A2 (Pro�t Functions): (i) � 5 –F7 0–� A–F5 0; (ii) � 5 –(7 0 and � A–(5 0 around the

equilibrium. 1

ˆ A3 (Bargaining Power): Higher manufacturer dominance reduces the retailer's

disagreement payo� ( � 0¹� � : º 5 0), and higher retailer power reduces the manufac-

turer's ( 30¹'% º 5 0).

ˆ A4 (Strategic Complementarity): The instruments are strategic complements in

the Nash product, implying � 1F = ¹%2 ln N º•¹ %( %F º 7 0.
1Powerful retailers often carry high-margin Private Label (PL) products. Allocating more space to

the manufacturer implies displacing these PL items (or other pro�table varieties), thereby reducing the
retailer's overall category pro�t at the margin.
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Part 1 (Manufacturer Dominance). Totally di�erentiating the FOC system with respect

to � � : :

P

 
%( � • %� � :

%F � • %� � :

!

= �

 
� 1–� � :

� 2–� � :

!

•

Since only � depends on � � : ,

� 1–� � : =
¹1 � $ º � � A–(

¹� A � � º2
� 0¹� � : º– �2–� � : =

¹1 � $ º � � A–F

¹� A � � º2
� 0¹� � : º•

With � A–(5 0, � A–F5 0, and � 0 5 0, both terms are positive. By Cramer's rule,

%( �

%� � :
=

� � 1–� � : � 2F Ï � 2–� � : � 1F

det¹Pº
•

Under A1�A4, � 1F 7 0 and � 2F 5 0, so the numerator is positive, implying %( � • %� � : 7 0.

Intuitively, greater manufacturer dominance reduces the retailer's fallback position and

expands the manufacturer's equilibrium shelf share.

Part 2 (Retailer Power). Analogously,

� 1–'% =
$ � � 5 –(

¹� 5 � 3º2
30¹'% º– �2–'% =

$ � � 5 –F

¹� 5 � 3º2
30¹'% º•

Given 30¹'% º 5 0, � 5 –(7 0, and � 5 –F7 0, both derivatives are negative. Hence,

%( �

%'%
=

� � 1–'%� 2F Ï � 2–'%� 1F

det¹Pº
5 0•

Stronger retailer power weakens the manufacturer's bargaining position and reduces the

equilibrium shelf allocation.
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A.2 From Theory to Empirics: Functional Form

Functional form for estimation. The comparative-statics results establish the direction

of e�ects but not their functional form. To empirically quantify these e�ects, we

approximate the equilibrium mapping 	 ¹�º in a tractable way. IFT guarantees the

existence of the equilibrium function 	 ¹�º, but does not specify its functional form. To

derive an estimable speci�cation, we must choose a convenient approximation. Given

that the theoretical model is rooted in the multiplicative structure of the Nash product�

and that the �rst-order conditions in (A1)� (A2) are derived from its logarithmic form�it

is natural to model equilibrium relationships in terms of elasticities rather than linear

levels.

Formally, de�ne the logarithm of the equilibrium mapping as � ¹xº = ln¹	 ¹xºº. A

�rst-order Taylor approximation of � ¹�º with respect to the logarithms of the primitives

(e.g., � � :
A 5 and '% A) yields:

ln ( : �
A 5� � ¹xº Ï

%�
%ln �

�
ln � � :

A 5 � ln �
�

Ï
%�

%ln '%

�
ln '% A � ln '%

�
Ï • • •

� � 0 Ï � 1 ln � � :
A 5 Ï � 2 ln '% A Ï 	 0

- ¹- :
A 5� ¢- º Ï 	 � ¹� :

A 5� ¢� º Ï 	 2¹2:
5 � ¢2º– (A3)

where � 1–� 2– • • •now represent constant elasticities or semi-elasticities of the equilibrium

shelf share with respect to the underlying bargaining primitives. Equation (10) therefore

estimates a �rst-order log-linearization of the Nash equilibrium function 	 ¹�º around its

empirical mean. For these reasons, we adopt a log-linear speci�cation, and as shown in

Figure 2, the observed data that we used for the empirical study exhibit a clear logarithmic

pattern. However, in empirical applications, the choice of functional approximation

should remain �exible depending on the characteristics of the data and the speci�c

research context.

Example: Functional-form illustration. To see why a closed form for ( : �
A 5is generally

not available, consider a simple setting:

@¹?– (º = 0 � 1? Ï � ( (–

� ¹� � :
A 5º = � � � � :

A 5–

3¹'% Aº = � '% '% A–

� 5 = ¹F � 2º @¹?� ¹F– (º– (º–

� A = ¹?� ¹F– (º � F º @¹?� ¹F– (º– (º–
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with the retailer choosing price ? after ¹F– (º. The retailer's problem gives:

?� ¹F– (º = arg max
?

¹? � F º ¹0 � 1? Ï � ( ( º =
0 Ï � ( ( Ï 1F

21
•

By the envelope theorem,

%�A

%F
= � @

�
?� ¹F– (º– (

�
–

%�A

%(
= ¹?� ¹F– (º � F º � ( –

and straightforward di�erentiation gives %� 5• %F and %� 5• %( (omitted to brevity).

Substituting these into (A1)�(A2) yields two equations of the form:

$ � A 1¹F– (º
¹F � 2º @¹?� ¹F– (º– (º � � '% '% A

Ï
¹1 � $ º � ¹?� ¹F– (º � F º� (

¹?� ¹F– (º � F º @¹?� ¹F– (º– (º � � � � � :
A 5

= 0–

$ � A 2¹F– (º
¹F � 2º @¹?� ¹F– (º– (º � � '% '% A

�
¹1 � $ º � @¹?� ¹F– (º– (º

¹?� ¹F– (º � F º @¹?� ¹F– (º– (º � � � � � :
A 5

= 0–

where A 1¹�º and A 2¹�º are nonlinear polynomials in ¹F– (º through ?� ¹F– (º and

@¹?� ¹F– (º– (º. Even under linear demand, the denominators are products of endoge-

nous objects (margins � quantities) shifted by the disagreement terms, which prevents

solving the system for ¹F– (º in closed form without imposing strong restrictions (e.g.,

� � = � '% = 0 or � ( = 0).

However, the comparative statics remain tractable. With � 0¹� � :
A 5º = � � 5 0, 30¹'% Aº =

� '% 5 0, and the slopes veri�ed for this linear model (downward demand, positive

margins), we immediately obtain:

%( : �
A 5

%� � :
A 5

7 0–
%( : �

A 5

%'% A
5 0•

and analogous signs for 2:
5 and quality shifters in z :

A 5. These are exactly the empirical

predictions carried into (A3).
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A.3 Endogenous Marginal Costs

In Section 2, we assume constant marginal costs of a manufacturer (25) to isolate the

strategic bargaining channel. In practice, however, multi-category manufacturers may

bene�t from economies of scope and scale, suggesting that marginal costs may vary

with the size of their product portfolios and with the scale of their retail partners. To

incorporate these e�ects, we relax the constant-cost assumption and consider a cost

function of the form:

25¹� � :
A 5– '%ACº = 20 Ï 21¹� � :

A 5º Ï 22¹'% ACº– (A4)

where we assume:

%25

%� � :
5 0 (Economies of Scope)–

%25

%'%
5 0 (Economies of Scale)

with constant 20. This speci�cation captures the intuition that a larger cross-category

portfolio enables shared logistics or production e�ciencies, while serving a larger retailer

generates scale economies in distribution.

It is important to note that although these e�ciencies reduce the manufacturer's

production cost 25, they do not directly a�ect the retailer's disagreement payo� � A 5. In

the disagreement state, where no transaction occurs with manufacturer 5 in category : ,

the manufacturer's internal cost structure is irrelevant to the retailer's outside option. 2

Consequently, the endogenous cost channel a�ects the equilibrium through its

impact on the joint surplus generated upon agreement. A reduction in 25 expands the

total surplus available to the bargaining parties, shifting the Pareto frontier outward

(Figure 1a). Because higher marginal costs weaken the manufacturer's contribution to

joint surplus, the bargaining solution assigns strictly less shelf space to the manufacturer

as 25 rises (i.e., %( � • %25 5 0).3 This outward shift increases the marginal gains from

allocating shelf space to the manufacturer, modifying the comparative statics established

in Proposition 1. These e�ects are summarized in Remark 1:

2While we abstract from the retailer's own marginal costs for tractability, retailers also obtain e�ciency
gains (e.g., logistics optimization) from trading with multi-category suppliers. In our framework, these
gains are absorbed into the retailer's disagreement payo� � A 5: losing a major supplier raises operational
costs and therefore reduces� A 5. Although one could explicitly model retailer marginal costs as a function
of � � : , such adjustments are likely second-order relative to wholesale price variation. Furthermore,
the qualitative mechanism would be unchanged, so we focus on the disagreement channel to maintain
analytical clarity.

3This sign follows directly from Assumption A2 in Appendix A.1, which ensures that higher marginal
costs weaken the manufacturer's marginal gain from shelf space.
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Remark 1 (Comparative Statics with Endogenous Costs ). When marginal costs become

endogenous, the comparative statics of the equilibrium shelf share( � di�er from those in

Proposition 1:

(1) The e�ect of cross-category dominance satis�es

3( �

3� � :
=

%( �

%�
%�

%� � :
|      {z      }

Bargaining E�ect¹Ïº

Ï
%( �

%25

%25

%� � :

|       {z       }
E�ciency E�ect ¹Ïº

7 0•

(2) The e�ect of retailer power is

3( �

3'%
=

%( �

%3
%3

%'%|     {z     }
Bargaining E�ect¹�º

Ï
%( �

%25

%25

%'%
|     {z     }

E�ciency E�ect ¹Ïº

· 0•

The bargaining e�ect is negative (Proposition 1), while scale economies imply
%25

%'% 5 0,

making the e�ciency e�ect positive. Because the two components have opposite signs, the

overall e�ect is theoretically ambiguous.
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A.4 A 2Ö2 Toy Model with Bundled vs. Separate Bargaining

This section presents a simple two�category environment in which category�by�category

Nash bargaining and fully bundled Nash bargaining deliver identical equilibrium

conditions in a symmetric setting. The result illustrates that the comparative statics with

respect to the manufacturer's cross�category dominance � and the retailer's bargaining

power '% are preserved across the two formulations.

Environment. A single retailer Abargains with a multi�category manufacturer 5 over

shelf shares in two categories : 2 f 1–2g. Let ( : 2 »0–1¼denote the shelf share for category

: . If agreement is reached, the retailer and manufacturer obtain payo�s:

� :
A¹( : º and � :

5¹(
: º– (A5)

where both functions are twice continuously di�erentiable and strictly concave in ( : .

Consistent with Equation (4) of the main text, the disagreement payo�s are deter-

mined by the �rms' aggregate bargaining positions. The manufacturer's cross-category

dominance � reduces the retailer's disagreement payo� � : ¹� º, while the retailer's power

'% reduces the manufacturer's disagreement payo� 3: ¹'% º:

%�: ¹� º
%�

5 0–
%3: ¹'% º

%'%
5 0• (A6)

The manufacturer's bargaining weight is denoted by $ 2 ¹0–1º.

Separate bargaining. Under category�by�category bargaining, the Nash product in

category : is maximizing the joint surplus split according to $ :

N :
sep¹(

: ; �– '% º =
�
� :

5¹(
: º � 3: ¹'% º

� $ �
� :

A¹( : º � � : ¹� º
� 1� $

• (A7)

The optimal ( :
sep¹�– '% º satis�es the �rst�order condition:

$
� : 0

5 ¹( : º

� :
5¹(

: º � 3: ¹'% º
Ï ¹ 1 � $ º

� : 0
A ¹( : º

� :
A¹( : º � � : ¹� º

= 0• (A8)
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Applying the implicit function theorem to Equation (A8), and assuming standard

regularity conditions (concavity), we obtain:

%( :
sep

%�
7 0–

%( :
sep

%'%
5 0• (A9)

Intuitively, an increase in � lowers the retailer's disagreement value ( � ), shifting leverage

to the manufacturer and increasing ( : . Conversely, higher '% lowers the manufacturer's

disagreement value (3), reducing ( : .

Bundled bargaining. When the parties bargain simultaneously over ¹( 1– (2º, the joint

gains from agreement are summed across categories:

� 5¹( 1– (2; '% º =
2Õ

: =1

�
� :

5¹(
: º � 3: ¹'% º

�
– � A¹( 1– (2; � º =

2Õ

: =1

�
� :

A¹( : º � � : ¹� º
�
• (A10)

The bundled Nash objective is

Nbun¹( 1– (2; �– '% º = � 5¹( 1– (2; '% º$ � A¹( 1– (2; � º1� $ • (A11)

The �rst�order condition with respect to ( : is:

$
� : 0

5 ¹( : º

� 5¹( 1– (2; '% º
Ï ¹ 1 � $ º

� : 0
A ¹( : º

� A¹( 1– (2; � º
= 0• (A12)

Symmetric two�category case. To obtain a tractable comparison, assume symmetry

across categories:

� 1
5 = � 2

5 = � 5– � 1
A = � 2

A = � A– 31 = 32 = 3– � 1 = � 2 = � • (A13)

Consider symmetric outcomes ( 1 = ( 2 = ( . Then the total surpluses are simply doubled:

� 5¹(– ( ; '% º = 2f � 5¹( º � 3¹'% ºg– � A¹(– ( ; � º = 2f � A¹( º � � ¹� ºg• (A14)

Substituting these into Equation (A12), the factor of 2 appears in both denominators:

$
� 0

5¹( º

2¹� 5¹( º � 3¹'% ºº
Ï ¹ 1 � $ º

� 0
A¹( º

2¹� A¹( º � � ¹� ºº
= 0• (A15)
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Multiplying by 2 yields:

$
� 0

5¹( º

� 5¹( º � 3¹'% º
Ï ¹ 1 � $ º

� 0
A¹( º

� A¹( º � � ¹� º
= 0– (A16)

which is identical to Equation (A8) of the separate�bargaining FOC. Therefore, the

equilibrium shelf shares and comparative statics are identical:

( bun¹�– '% º = ( sep¹�– '% º• (A17)

This derivation shows that, under symmetry and additive disagreement payo�s (as

in Equation (4)), bundled and separate bargaining imply identical �rst-order conditions

and hence identical equilibrium allocations. The key insight is that bundling scales both

parties' gains from agreement by the same factor, leaving the relevant marginal-to-average

tradeo� unchanged. Although exact equivalence need not hold when categories are

asymmetric, the exercise clari�es that the empirical object of interest, the disagreement-

payo� channel through which portfolio power � and retailer power '% operate, is

common to both formulations; asymmetry primarily a�ects magnitudes by introducing

cross-category coupling in bundled bargaining.
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B First-stage Demand Estimation

B.1 Demand Estimation Details

This section provides the demand-estimation details underlying Section 3.2, including

the market de�nition, instrument construction, and nesting structure. The computational

implementation setup follows Conlon and Gortmaker (2020).

Market de�nition. Each market Cis de�ned by a county and a month. The potential

market size " Cequals the male population in the county multiplied by the estimated

participation rates 4 for shaving product use:

" C= PopC� 0•50� 0•70� 0•95 � PopC� 0•3325•

Here, PopC denotes the population of market C. In practice, we use the county-level

population in 2019, which remains constant across months. The observed market share

B9Cis then de�ned as:

B9C=
@9C

" C
–

where @9Cdenotes the quantity sold of product 9in market C.

Nesting structure. We de�ne the nesting structure based on the natural segmentation

of the razor market into systems (blades and handles) and disposables, consistent with

potential lock-in e�ects noted in Farrell and Klemperer (2007). As robustness checks,

we also estimate a three-nest speci�cation separating blades, handles, and disposables.

A detailed comparison of alternative nesting structures and their implications for �t

and substitution patterns is provided in Appendix B.2. In practice, the results are

nearly unchanged, and when blades and handles are separated into distinct nests, the

corresponding nesting parameters are estimated to be close to zero. This suggests that

while disposables exhibit meaningful within-group substitution, most of the substitution

4According to U.S. Census data, roughly 50% of the population are male and about 70% are
adults. In addition, Spherical Insights reports that approximately 95% of adult males shave
(https://www.sphericalinsights.com/reports/united-states-electric-shavers-market). Although some
individuals may use electric shavers, trim only, or shave infrequently, electric shavers and manual razors
are often used interchangeably. Therefore, we use this �gure as a rough approximation of the potential
market size.
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patterns among system products are captured by brand �xed e�ects rather than by the

system-level nest.5

Instruments. Our demand estimation employs six cost- and competition-based in-

struments that vary at the market level and are plausibly exogenous to product-level

demand shocks. These instruments include the standard deviation of prices, the standard

deviations of key product attributes (number of blades and package quantity), the share

of a manufacturer's sensitive-skin variants, and the rival-�rm means of blades and

package quantity.6 Together, these variables generate strong �rst-stage variation, with

an F-statistic exceeding 200,000, far above conventional relevance thresholds (Staiger

and Stock, 1994). Because the instruments operate through competitive structure and

cost dispersion rather than through consumers' idiosyncratic tastes, they are unlikely to

violate the exclusion restriction.

5Intuitively, once a consumer purchases a particular system brand, she must purchase compatible
blades, so brand �xed e�ects dominate the explanatory power relative to the system-level nesting structure.

6All instruments vary at the retailer�market level and shift competitive conditions or production costs
without directly entering consumer utility.
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B.2 Nesting Structures

In Section 3, we nest the razor market into system products (blades and handles) and

disposables.7 In this appendix, we further split system products into blades and handles.

Table B1: Demand Estimation Results with Alternative Nesting Structure

(1) (2)
Nested RCNL

Prices � 0•330��� � 0•330���

¹0•001º ¹0•013º
� prices 0•000

¹1•888º
Num. of Blades 0•470��� 0•470���

¹0•013º ¹0•013º
Sensitive Skin 0•321��� 0•321���

¹0•008º ¹0•008º
Package Qty. 0•200��� 0•200���

¹0•008º ¹0•008º
� handle 0•000 0.000

¹0•120º (0.121)
� blade 0•000 0•000

¹0•0083º ¹0•084º
� disposable 0•605��� 0•605���

¹0•011º (0.013)

Converged Ø Ø
N Simulations 200
Mean of � price � 4•508 � 4•508

Observations 4,729,409 4,729,409

Notes: � prices denotes the standard deviation of the price coe�cient. � price denotes the own price
elasticities. Heteroskedasticity-robust standard errors are reported in parentheses. Simulations are based
on quasi�Monte Carlo draws (Halton sequences). The constant term and brand �xed e�ects are included
but not reported for brevity. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.

As shown in Table B1, the results are e�ectively unchanged. Consistent with our

main �ndings, the RCNL estimates closely resemble those from the nested logit model,

indicating that the price coe�cient remains non-random. Moreover, even when blades

and handles are separated, both nesting parameters are estimated to be zero, while the

nesting parameter for disposables is consistent with the main results.

7This structure is intuitive because consumers who purchase disposables are more likely to continue
buying disposable razors, making it a natural segmentation.
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B.3 Unit Prices

In Section 3, we use the prices of SKUs directly while controlling for the number of

razor cartridges contained in each SKU (Table 3). This section discusses results from an

alternative speci�cation in which we convert these prices into per-cartridge unit prices

and re-estimate the �rst-stage demand model.

Table B2: Demand Estimation Results with Unit Prices

MNL Nested RCL RCNL
(1) (2) (3) (4)

Random Coe�cient
Unit Prices � 1•794��� � 0•654��� � 2•741��� � 0•903���

(0.009) (0.006) (0.009) (0.024)
� prices 0•115��� 0•154���

¹0•002º ¹0•009º

Linear Coe�cients
Num. of Blades 0•639��� 0•274��� 0•578��� 0•327���

¹0•005º ¹0•003º ¹0•006º ¹0•005º
Sensitive Skin 0•580��� 0•746��� 0•566��� 0•257���

¹0•007º ¹0•004º ¹0•002º ¹0•004º

Nesting Parameters
� system 0•055��� 0•073���

¹0•003º ¹0•004º
� disposable 0•746��� 0•693���

¹0•004º ¹0•005º

Brand FE Ø Ø Ø Ø
Converged Ø Ø Ø Ø
N Simulations 200 200
Mean of � price � 6•985 � 4•175 � 6•361 � 4•421

Observations 4,729,409 4,729,409 4,729,409 4,729,409
N Brand 1,204 1,204 1,204 1,204
N Market 30,888 30,888 30,888 30,888

Notes: � prices denotes the standard deviation of the price coe�cient. � price denotes the own price
elasticities. Heteroskedasticity-robust standard errors are reported in parentheses. Simulations are based
on quasi�Monte Carlo draws (Halton sequences). The constant term and brand �xed e�ects are included
but not reported for brevity. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.

As shown in Table B2, the absolute value of the price coe�cient becomes larger

relative to our baseline model. In particular, the random coe�cients model delivers

a statistically signi�cant estimate of � prices, and the nested models yield a signi�cant
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estimate of � system. The average price elasticity remains nearly unchanged.

Using the estimated unobserved product quality b� implied by the nested and RCNL

versions of this �rst-stage speci�cation, we also re-estimate the second-stage model

and �nd that our main results remain intact (Tables B3�B4). This is consistent with the

intuition that the two model formulations are essentially very close in structure.

Table B3: Shelf Share Estimation Results (Unit Prices, Nested Logit Model)

OLS 2SLS

(1) (2) (3) (4) (5)
w/ Firm D w/o Firm D BLP IV Bartik IV Both IVs

ln � � :
A 5 C 0•126��� 0•114��� 0•285��� 0•323��� 0•297���

¹0•026º ¹0•025º ¹0•054º ¹0•111º ¹0•055º
ln '% AC � 0•301��� � 0•292��� � 0•734��� � 0•720��� � 0•729���

¹0•009º ¹0•009º ¹0•036º ¹0•053º ¹0•037º
Num. of Blades 0•114��� 0•006 � 0•031 � 0•040 � 0•034

¹0•030º ¹0•033º ¹0•036º ¹0•044º ¹0•036º
Sensitive Skin 0•637��� 0•583��� 0•558��� 0•552��� 0•556���

¹0•080º ¹0•079º ¹0•084º ¹0•087º ¹0•085º
Package Qty. � 0•009 � 0•027�� � 0•0225�� � 0•025�� � 0•025��

¹0•011º ¹0•011º ¹0•011º ¹0•011º ¹0•011º
b� :

A 5 C 0•035��� 0•122��� 0•122��� 0•123��� 0•123���

¹0•012º ¹0•041º ¹0•041º ¹0•042º ¹0•041º

Retailer FE Ø Ø Ø Ø Ø
Firm FE Ø Ø Ø Ø Ø
Time FE Ø Ø Ø Ø Ø

Observations 4,629 4,407 4,407 4,407 4,407
Adj. ' 2 0.889 0.822 0.814 0.810 0.813
First-stage � -stat 223.130 39.543 113.907
Hansen � (?-value) 0.752

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. ln '% ACmeasures retailer power, proxied by the logarithm of the number of stores operated by
retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in
Equation (12)and is extracted the nested logit model of demand estimation using unit prices (Table B2).
Product characteristics include the number of blades, a dummy for sensitive-skin products, and package
quantity (the number of cartridges or disposable units per package). The constant term and other �xed
e�ects are included but not reported for brevity. Heteroskedasticity-robust standard errors are reported in
parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.



Online Appendix: For Online Publication Only 15

Table B4: Shelf Share Estimation Results (Unit Prices, RCNL Model)

OLS 2SLS

(1) (2) (3) (4) (5)
w/ Firm D w/o Firm D BLP IV Bartik IV Both IVs

ln � � :
A 5 C 0•126��� 0•114��� 0•282��� 0•324��� 0•295���

¹0•026º ¹0•025º ¹0•054º ¹0•117º ¹0•055º
ln '% AC � 0•301��� � 0•291��� � 0•737��� � 0•721��� � 0•732���

¹0•009º ¹0•009º ¹0•036º ¹0•053º ¹0•036º
Num. of Blades 0•115��� 0•010 � 0•027 � 0•036 � 0•030

¹0•030º ¹0•033º ¹0•036º ¹0•044º ¹0•036º
Sensitive Skin 0•637��� 0•586��� 0•561��� 0•554��� 0•559���

¹0•080º ¹0•079º ¹0•084º ¹0•087º ¹0•085º
Package Qty. � 0•009 � 0•027�� � 0•026�� � 0•025�� � 0•026��

¹0•011º ¹0•011º ¹0•011º ¹0•011º ¹0•011º
b� :

A 5 C 0•029��� 0•070 0•071 0•071 0•071
¹0•013º ¹0•044º ¹0•045º ¹0•045º ¹0•045º

Retailer FE Ø Ø Ø Ø Ø
Firm FE Ø Ø Ø Ø Ø
Time FE Ø Ø Ø Ø Ø

Observations 4,629 4,407 4,407 4,407 4,407
Adj. ' 2 0.889 0.821 0.814 0.809 0.812
First-stage � -stat 222.243 39.554 113.596
Hansen � (?-value) 0.719

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. ln '% ACmeasures retailer power, proxied by the logarithm of the number of stores operated by
retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in
Equation (12)and is extracted the random coe�cient nested logit (RCNL) model of demand estimation
using unit prices (Table B2). Product characteristics include the number of blades, a dummy for sensitive-
skin products, and package quantity (the number of cartridges or disposable units per package). The
constant term and other �xed e�ects are included but not reported for brevity. Heteroskedasticity-robust
standard errors are reported in parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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B.4 Simulation Bias

We use 200 Halton draws for the Monte Carlo simulation in the random coe�cient

�rst-stage models because the �rst-stage dataset is very large. 8 In the second stage,

the data collapse to the retailer�manufacturer level, so it is desirable to use the full

dataset while keeping draw-related bias small. To check for potential issues, we estimate

the RCNL model on a 10 percent subsample using 50, 100, 200, and 500 draws. As

shown in Table B5, increasing the number of draws from 50 to 100 slightly reduces the

absolute magnitudes of the coe�cients, although the estimates from 100 to 500 draws

are essentially identical in both magnitude and statistical signi�cance.

Table B5: Monte Carlo Simulation Results (10% Subsample, RCNL Model)

N Draws 50 Draws 100 Draws 200 Draws 500 Draws

Random Coe�cients
Prices � 0•303��� � 0•283��� � 0•283��� � 0•283���

¹0•010º ¹0•014º ¹0•031º ¹0•015º
� prices 0•000 0•018 0•001 0•000

¹0•154º ¹1•434º ¹0•004º ¹0•010º

Linear Coe�cients
Num. of Blades 0•432��� 0•406��� 0•406��� 0•406���

¹0•013º ¹0•012º ¹0•012º ¹0•012º
Sensitive Skin 0•309��� 0•291��� 0•291��� 0•291���

¹0•012º ¹0•012º ¹0•012º ¹0•012º
Package Qty. 0•181��� 0•169��� 0•169��� 0•169���

¹0•006º ¹0•005º ¹0•011º ¹0•006º

Nesting Parameters
� system 0•000 0•000 0•000 0•000

¹0•012º ¹0•012º ¹0•010º ¹0•010º
� disposable 0•608��� 0•638��� 0•638��� 0•638���

¹0•012º ¹0•019º ¹0•013º ¹0•014º

Converged Yes Yes Yes Yes
Observations 468,801 468,801 468,801 468,801

Notes: Estimates are based on a 10% random subsample of the full dataset. Random coe�cient nested
logit model is employed. Heteroskedasticity-robust standard errors are reported in parentheses. * ? 5 0•1,
** ? 5 0•05, *** ? 5 0•01.

8Because we use the nested logit estimates for the second-stage bargaining model, this appendix
examines only whether the number of draws generates bias.
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B.5 Instruments in First-stage Demand Estimation

As discussed in Section 3, we use 6 instruments (IV) for the �rst-stage demand estimation.

Given that our baseline nested logit speci�cation includes three endogenous variables

(price and two nesting parameters), the model is overidenti�ed even without incorporat-

ing additional product characteristics. In principle, one could examine the validity of

these IVs using a J test. However, as noted by Nevo (2001); Atwater (2025), passing such

a test is virtually impossible in datasets with several million observations.

Rather than reducing the number of IVs in order to force the model to pass the test,

we instead estimate the nested logit model using all 42 possible combinations of the

six instruments, taken three to six at a time, and then evaluate the robustness of our

second-stage estimates across these speci�cations. Among the 42 demand estimations,

only about four produce economically implausible results, such as a positive price

coe�cient, while all others closely resemble the estimates from our baseline nested logit

model. Most importantly, across all forty-two speci�cations, the estimated coe�cient on

cross-category dominance remains tightly centered around our baseline value of 0.285

(minimum 0.280, maximum 0.295). See Figure B1 for details.9

Figure B1: Stability of Second-Stage Estimates Across Demand-IV Speci�cations

Notes: The six demand-side instruments listed in Table 1 generate 42 possible instrument sets when
combined in groups of three to six. For each instrument set, we re-estimate the demand model, recover
the implied unobserved qualities, and use them in the second-stage regression. The �gure summarizes
the resulting distribution of the estimated coe�cients on cross-category dominance. Panel (a) displays the
histogram of all coe�cients, and Panel (b) plots the coe�cients against the corresponding GMM objective
values from the �rst-stage demand estimations.

9Although not shown in Figure B1, the coe�cient on retailer power (number of stores) is also highly
robust across all speci�cations. The baseline estimate is� 0•735, with a minimum of � 0•735and a maximum
of � 0•725.
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C Second-stage Estimation

C.1 Alternative Representative Category

We designate a representative category for each �rm's cross-category dominance as

follows: detergents for Firm A, feminine hygiene for Firm B, and pens for Firm C. These

categories are chosen based on �rms' 2019 annual reports and related disclosures. We

then expand the analysis by additionally considering diapers for Firm A, sun care for Firm

B, and lighters for Firm C. Combining these alternatives with the baseline con�guration

yields seven additional category combinations that we use in the second-stage analysis.
10 The corresponding estimation results are reported in Table C1.

The OLS estimates reveal a broadly consistent positive association between portfolio

breadth and shelf share across most speci�cations, with � � : statistically signi�cant in �ve

out of seven cases. This pattern indicates that the relationship between cross-category

presence and bargaining outcomes re�ects a generalized market phenomenon. The

exceptions, namely Cases 4 and 7, as well as weaker coe�cient magnitudes in some

speci�cations, arise primarily in combinations involving sun care products. Given the

strong seasonality of sun care demand, correlations based on pooled monthly or annual

data are likely attenuated. Across all speci�cations, the estimated e�ects of retailer power

(ln '% ) remain stable in both sign and magnitude.

In contrast, the 2SLS results underscore the sensitivity of causal identi�cation to

category selection. None of the alternative speci�cations satisfy the overidenti�cation

restrictions. Moreover, the 2SLS estimates of� � : frequently exhibit instability, ranging

from statistical insigni�cance to economically implausible magnitudes. These outcomes

are consistent with concerns about weak instruments, as �rst-stage � -statistics often

fall below the conventional threshold of 10. Identi�cation challenges are especially

pronounced in speci�cations that include sun care, where seasonal demand volatility

introduces substantial noise and undermines the exclusion restrictions required for

supply-side instruments. Taken together, these �ndings indicate that while the bargaining

mechanism linking portfolio breadth to shelf allocation is broadly present in the data,

credible causal identi�cation relies on the use of core, stable categories that satisfy the

structural assumptions underlying the IV strategy.

10Speci�cally, Case 1 uses detergents, feminine hygiene, and lighters; Case 2 uses detergents, sun care,
and pens; Case 3 uses diapers, feminine hygiene, and pens; Case 4 uses detergents, sun care, and lighters;
Case 5 uses diapers, sun care, and pens; Case 6 uses diapers, feminine hygiene, and lighters; and Case 7
uses diapers, sun care, and lighters.
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Table C1: Shelf Share Estimation Results (Alternative Categories)

OLS 2SLS

w/ Firm D w/o Firm D BLP IV Bartik IV Both IVs

Case 1

ln � � :
A 5 C 0•101��� 0•076��� 62•063 0•352 0•734��

ln '% AC � 0•303��� � 0•294��� 13•829 � 0•769��� � 0•682���

� -stat 0.115 10.283 5.292
� -test 0.000

Case 2

ln � � :
A 5 C 0•036��� 0•037��� � 4•592 � 0•012 � 0•028

ln '% AC � 0•306��� � 0•295��� � 2•480 � 0•849��� � 0•854���

� -stat 0.565 999.669 521.992
� -test 0.000

Case 3

ln � � :
A 5 C 0•281��� 0•277��� 0•769��� 0•373��� 0•675���

ln '% AC � 0•307��� � 0•295��� � 0•542��� � 0•692��� � 0•578���

� -stat 145.361 28.862 78.270
� -test 0.028

Case 4

ln � � :
A 5 C 0•016 0•012 2•566��� � 0•011 � 0•009

ln '% AC � 0•308��� � 0•298��� � 0•281� � 0•856��� � 0•856���

� -stat 27.362 1236.553 622.129
� -test 0.000

Case 5

ln � � :
A 5 C 0•053��� 0•059��� 0•857��� � 0•011 � 0•018

ln '% AC � 0•308��� � 0•296��� � 0•533��� � 0•841��� � 0•844���

� -stat 7.878 920.674 467.393
� -test 0.000

Case 6

ln � � :
A 5 C 0•138��� 0•120��� 6•510��� 0•031 1•214���

ln '% AC � 0•306��� � 0•296��� 0•631 � 0•832��� � 0•565���

� -stat 5.376 21.626 11.273
� -test 0.000

Case 7

ln � � :
A 5 C 0•017 0•015 1•937��� � 0•009 � 0•002

ln '% AC � 0•310��� � 0•299��� � 0•428��� � 0•847��� � 0•846���

� -stat 43.663 1195.607 599.160
� -test 0.000

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. ln '% ACmeasures retailer power, proxied by the logarithm of the number of stores operated by
retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in
Equation (12). Product characteristics include the number of blades, a dummy for sensitive-skin products,
and package quantity (the number of cartridges or disposable units per package). The constant term,
other �xed e�ects, and heteroskedasticity-robust standard errors are not reported for brevity. * ? 5 0•1, **

? 5 0•05, *** ? 5 0•01.
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C.2 Lagged Variables Speci�cation

In the main analysis, we implicitly assume that both manufacturers and retailers observe

and incorporate information about the demand function @¹�º when engaging in Nash

negotiations. This assumption re�ects industry practice, where negotiations are typically

conducted on the basis of demand forecasts constructed using all available information

at the time of bargaining.

In this section, we relax this assumption by using lagged measures of portfolio

dominance, � � :
A 5 –C� 1 and retailer power, '% A–C� 1 to explain shelf shares in period C. As

reported in Table C2, the OLS estimates remain qualitatively consistent with the baseline

results, although the magnitudes are modestly attenuated. The 2SLS results, however,

exhibit a more nuanced pattern. The coe�cient on retailer power, which is plausibly

exogenous, remains negative and similar in magnitude to the baseline estimates across

speci�cations. In contrast, the coe�cient on ln � � :
A 5 C=2018 loses statistical signi�cance, and

in the speci�cation using both instruments, it is only marginally signi�cant at the 10

percent level, with an estimated magnitude close to zero and negative.

The stability of the OLS results suggests that the lagged dominance measure continues

to capture the overall correlation between portfolio presence and shelf allocation. This

persistence may partly re�ect the high serial correlation between � � :
A 5 –Cand � � :

A 5 –C� 1. By

contrast, the weaker and less stable 2SLS estimates indicate that bargaining outcomes

are likely driven less by historical portfolio positions and more by contemporaneous

demand forecasts formed by the negotiating parties.

Moreover, as discussed in Equation (7) of Section 2, the marginal e�ect of portfolio

dominance may diminish at su�ciently high levels of � � : , as excessive concentration on

a single brand can increase the retailer's risk of tra�c loss. 11 The attenuation observed

in the lagged IV speci�cations may therefore re�ect, albeit cautiously, the operation of

such diminishing e�ects in a dynamic environment.

Finally, it is important to interpret the 2SLS results with caution. Although the

speci�cation using both instruments passes the overidenti�cation test, the �rst-stage

� -statistic for the Bartik instrument falls below the conventional threshold of 10, raising

concerns about instrument strength in this setting. Consequently, the IV estimates in

this dynamic speci�cation should be viewed as suggestive rather than conclusive.

11Excessive reliance on a single brand may expose the retailer to demand-side tra�c losses.
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Table C2: Shelf Share Estimation Results (Lagged Variables, 2018)

OLS 2SLS

(1) (2) (3) (4) (5)
w/ Firm D w/o Firm D BLP IV Bartik IV Both IVs

ln � � :
A 5 C=2018 0•107��� 0•092��� � 0•082 � 0•454 � 0•091�

¹0•024º ¹0•023º ¹0•052º ¹0•363º ¹0•052º
ln '% AC=2018 � 0•264��� � 0•252��� � 0•871��� � 0•974��� � 0•874���

¹0•009º ¹0•009º ¹0•034º ¹0•108º ¹0•035º
Num. of Blades 0•146��� 0•036 0•057 0•102� 0•058

¹0•031º ¹0•035º ¹0•037º ¹0•061º ¹0•037º
Sensitive Skin 0•750��� 0•694��� 0•673��� 0•627��� 0•672���

¹0•078º ¹0•078º ¹0•077º ¹0•097º ¹0•077º
Package Qty. � 0•015 � 0•036��� � 0•038��� � 0•041�� � 0•038���

¹0•011º ¹0•011º ¹0•011º ¹0•014º ¹0•011º
b� :

A 5 C 0•049�� 0•050 0•084� 0•140� 0•085�

¹0•022º ¹0•050º ¹0•046º ¹0•075º ¹0•046º

Retailer FE Ø Ø Ø Ø Ø
Firm FE Ø Ø Ø Ø Ø
Time FE Ø Ø Ø Ø Ø

Observations 4,504 4,282 4,282 4,282 4,282
Adj. ' 2 0.889 0.814 0.805 0.723 0.804
First-stage � -stat 237.043 4.761 120.299
Hansen � (?-value) 0.229

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's lagged (2018) cross-category dominance

in non-razor categories. ln '% ACmeasures retailer power (lagged, 2018), proxied by the logarithm of the
number of stores operated by retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved
product quality as de�ned in Equation (12). Product characteristics include the number of blades, a
dummy for sensitive-skin products, and package quantity. The constant term and other �xed e�ects are
included but omitted for brevity. Heteroskedasticity-robust standard errors are reported in parentheses. *

? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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C.3 Retailer-clustered Bootstrap

Table C3: Cluster Bootstrap Results for Stage-2 Estimation (Retailer-level, 95% CI)

b� 2SLS Mean Std. Dev. 2.5% 50% 97.5%

ln � � :
A 5 C 0.285��� 0.295 0.172 � 0.010 0.285 0.655

ln '% AC � 0•735��� � 0.770 0.142 � 1.193 � 0.752 � 0.557
Num. of Blades � 0•024 � 0.019 0.083 � 0.181 � 0.019 0.147
Sensitive Skin 0.559��� 0.534 0.252 � 0.020 0.551 0.979
Package Qty. � 0•028��� � 0.026 0.032 � 0.088 -0.026 0.037
b� :

A 5 C 0.055 0.039 0.130 � 0.261 0.051 0.257

Observations 4,407
Clusters (Retailers) 142

Notes: Column (1) reports the 2SLS coe�cients from column (5) of Table 4. The remaining columns
show retailer-level cluster bootstrap estimates based on 10,000 resamples. Mean, standard deviation, and
percentile-based con�dence intervals (2.5%, 50%, 97.5%) are computed from the bootstrap distribution.
Heteroskedasticity-robust standard errors for the 2SLS estimates are reported in Table 4. * ? 5 0•1, **

? 5 0•05, *** ? 5 0•01 (for 2SLS estimates).

(a) Cross-category Dominance (ln � � :
A 5 C) (b) Retail Power (ln '% AC)

Figure C1: Retailer-cluster Bootstrap Results
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C.4 Placebo Tests

The placebo exercises reported in Table C4 provide a simple validation check for the

bargaining mechanism. The idea is to remove the economic variation that links a

manufacturer's cross�category dominance to its shelf-share outcomes and to verify

that the estimated relationship disappears. In the OLS placebo, we shu�e � � : within

retailer�month cells, which breaks the dominance�shelf-share link while preserving the

retailer and time structure, and the coe�cient collapses to zero. In the 2SLS placebo, we

additionally randomize the instruments so that no economically meaningful variation

remains, and the estimate becomes small, imprecise, and unstable. These patterns

con�rm that the positive relationship between cross�category dominance and shelf

shares observed in the baseline results is not driven by mechanical correlations or �xed

e�ects but re�ects the underlying bargaining mechanism.

Table C4: Placebo Test Results

OLS Baseline OLS Placebo 2SLS Baseline 2SLS Placebo

ln � � :
A 5 C 0•114��� 0•007 0•285��� 0•826

¹0•026º ¹0•010º ¹0•054º ¹1•444º

Observations 4,407 4,407 4,407 4,407
Adj. ' 2 0.821 0.818 0.813 0.217

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. OLS Baseline corresponds to the OLS speci�cation in column (2) of Table 4, which excludes
Firm D. 2SLS Baseline refers to the combined�instrument speci�cation in column (5) of Table 4. Two placebo
exercises are conducted: Placebo 1 (OLS Placebo) randomly shu�esln � � :

A 5 Cwithin each retailer-month cell;

Placebo 2 (2SLS Placebo) fully randomizes bothln � � :
A 5 Cand the two instruments across all observations.

Heteroskedasticity-robust standard errors are reported in parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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C.5 Private Label

As brie�y noted in Section 2, Footnote 16, private-label (PL) products can meaningfully

raise the retailer's disagreement payo� and therefore serve as an important bargaining

lever. In addition, the presence of PL products signals that the retailer is likely to be

relatively powerful, which suggests that the number of PL items can be viewed as an

alternative proxy for retailer power, supplementing the number of stores. 12 Motivated

by this observation, we consider the number of PL products in the razor category as an

alternative measure of retailer power.

The main complication is that in our baseline speci�cation the dependent variable

implicitly includes PL items in the shelf-share denominator. As a result, any measure

of retailer power based on PL presence would be mechanically correlated with the

dependent variable. To address this issue, we construct a shelf-share measure that

excludes PL products from the denominator.

Column (1) of Table C5 reports results using the modi�ed dependent variable while

keeping the number of stores as the measure of retailer power, consistent with the main

speci�cation. The estimates are numerically almost identical to the baseline results, which

follows mechanically from reducing the denominator while holding the numerator �xed.

Column (2) replaces the number of stores with the number of PL products. Consistent

with our theoretical predictions, cross�category dominance remains positive and retailer

power remains negative, although the absolute magnitudes are larger than in the main

model. This pattern likely re�ects the fact that PL brands are introduced primarily

by large retailers, so the variation captures interactions between manufacturers and

relatively powerful retailers. Manufacturers with strong dominance in the � : sector

appear to secure more shelf space at these large retailers, and the stronger negative e�ect

of retailer power provides indirect evidence that the bargaining mechanism operates

even more sharply among this subset of retailers.

12For example, large warehouse-style retailers may operate only a small number of stores within a chain,
although it would be di�cult to argue that their negotiation power is weak.
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Table C5: Shelf Share Estimation Results (Private Label)

(1) (2)

ln � � :
A 5 C 0•288��� 0•552���

¹0•054º ¹0•057º
ln '% AC � 0•730���

¹0•036º
ln %!AC � 0•813���

¹0•0•060º
Num. of Blades � 0•025 � 0•218���

¹0•036º ¹0•031º
Sensitive Skin 0•559��� 0•448���

¹0•086º ¹0•099º
Package Qty. � 0•028��� � 0•067���

¹0•011º ¹0•012º
b� :

A 5 C 0•056 0•085
¹0•055º ¹0•067º

Retailer FE Ø Ø
Firm FE Ø Ø
Time FE Ø Ø

Observations 4,407 4,407
Adj. ' 2 0.820 0.985
First-stage � -stat 114.135 115.168

Notes: The dependent variable is the manufacturer's shelf share in the razor category, computed excluding
private-label products from the denominator. � � :

A 5 Cdenotes the manufacturer's cross-category dominance
in non-razor categories. '% ACmeasures retailer power, proxied by the number of stores operated by
retailer Ain market C. %!ACindicates the number of private label (retailer-brand) products o�ered by
retailer Ain market Cwithin the razor category; one is added before log transformation to handle zero
counts. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in Equation (12).
Product characteristics include the number of blades, a dummy for sensitive-skin products, and package
quantity (the number of cartridges or disposable units per package). The constant term and other �xed
e�ects are included but not reported for brevity. Heteroskedasticity-robust standard errors are reported in
parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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C.6 Additional Weight to Range of Categories

As discussed in Section 3, we measure manufacturers' portfolio power by selecting

a set of representative categories for each �rm. While this approach is practical and

helps overcome implementation challenges, it may understate the true dominance of

multi-category �rms such as Firm A. In other words, for �rms that operate in a broader

set of categories, we may miss not only the strong leverage derived from a focal category

but also the additional scope-related in�uence that arises from maintaining a diversi�ed

product portfolio.

To address this concern, we construct a family of adjusted measures that scale� � :
A 5 C

by the relative breadth of each �rm's category portfolio:

� � :–

A 5 C = � � :

A 5 C�

�
1 Ï 


ln¹1 Ï " 5º

ln¹1 Ï " maxº

�
– 
 2 ¹0–1º– (C1)

where " 5 denotes the number of identi�ed categories for �rm 5 and " max is the

maximum across all �rms. This speci�cation assigns additional weight to �rms operating

across a wider range of categories, while allowing for diminishing marginal returns to

diversi�cation. Because the literature provides no established benchmark for choosing


 , we estimate the main speci�cation using several adjusted variants with di�erent 


values as a robustness check. When
 = 0 or " 5 = 0, the adjusted measure collapses to

the baseline � � :
A 5 C.

Table C6 reports the results for 
 values from 0.1 to 0.9 in increments of 0.2. Across all

speci�cations, the coe�cients remain statistically signi�cant; however, their magnitudes

are slightly lower than in the baseline despite the increase in 
 . This pattern suggests

either that the adjustment introduces additional noise, especially given that these

objects arise in equilibrium, or that the marginal contribution of adding more categories

is relatively small. Intuitively, portfolio power derived from categories that are not

strategically meaningful is unlikely to materially a�ect a retailer's disagreement payo�.
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Table C6: Shelf Share Estimation Results with Augmented Variables

(1) (2) (3) (4) (5)

 = 0•1 
 = 0•3 
 = 0•5 
 = 0•7 
 = 0•9

ln � � :–

A 5 C 0•285��� 0•285��� 0•284��� 0•284��� 0•284���

¹0•054º ¹0•054º ¹0•054º ¹0•054º ¹0•054º
ln '% AC � 0•737��� � 0•742��� � 0•747��� � 0•751��� � 0•755���

¹0•036º ¹0•035º ¹0•035º ¹0•034º ¹0•034º
Num. of Blades � 0•024 � 0•024 � 0•024 � 0•024 � 0•024

¹0•036º ¹0•036º ¹0•036º ¹0•036º ¹0•036º
Sensitive Skin 0•559��� 0•560��� 0•560��� 0•560��� 0•560���

¹0•086º ¹0•086º ¹0•086º ¹0•086º ¹0•086º
Package Qty. � 0•028��� � 0•028��� � 0•028��� � 0•028��� � 0•028���

¹0•011º ¹0•011º ¹0•011º ¹0•011º ¹0•011º
b� :

A 5 C 0•055 0•055 0•055 0•055 0•055
¹0•055º ¹0•055º ¹0•055º ¹0•055º ¹0•055º

Retailer FE Ø Ø Ø Ø Ø
Firm FE Ø Ø Ø Ø Ø
Time FE Ø Ø Ø Ø Ø

Observations 4,407 4,407 4,407 4,407 4,407
Adj. ' 2 0.813 0.813 0.813 0.813 0.813
First-stage � -stat 114.052 113.902 113.773 113.659 113.558

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :–

A 5 C represents the adjusted logarithm of the manufacturer's cross-category dominance in

non-razor categories which accounts for the breath of the �rm's category portfolio as de�ned in Equation
(C1). ln '% ACmeasures retailer power, proxied by the logarithm of the number of stores operated by
retailer Ain market C. b� :

A 5 Cdenotes sales-weighted averages of unobserved product quality as de�ned in
Equation (12). Product characteristics include the number of blades, a dummy for sensitive-skin products,
and package quantity (the number of cartridges or disposable units per package). The constant term and
other �xed e�ects are included but not reported for brevity. Heteroskedasticity-robust standard errors are
reported in parentheses. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.
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C.7 Functional Form: Double Machine Learning

In our baseline empirical speci�cation (Equation (10)), we obtained a log-linear estimating

equation by applying a �rst-order Taylor approximation to the equilibrium shelf-share

function,

( �
A 5 C= 	 ¹z :

A 5 C– 2:5– � � :
A 5 C– '%ACº•

This linearization implicitly assumes that the control variables, such as the sales-weighted

product characteristics - A 5 C, the recovered unobserved quality b� A 5 C, and retailer power

'% AC, enter additively and linearly in the outcome equation. In practice, however, the

true equilibrium function 	 ¹�º may exhibit non-linearities or interactions, particularly

because variables likeb� A 5 Care generated quantities and may have non-linear relationships

with equilibrium shelf shares. If these higher-order terms are omitted, the linear 2SLS

estimates may su�er from functional form misspeci�cation.

To address this concern, we implement a robustness exercise based on the Double

Machine Learning (DML) framework of Chernozhukov et al. (2018). Speci�cally, we

estimate a Partially Linear IV (PLIV) model that keeps the structural parameter of interest,

the causal e�ect of cross-category dominance, linear while allowing the in�uence of all

controls to be fully non-parametric.

Econometric framework. We consider the following semi-parametric model:

ln ( :
A 5 C= � 1 ln � � :

A 5 CÏ 6¹/ A 5 Cº Ï � A 5 C– E»� A 5 Cj / A 5 C– �+A 5 C¼= 0– (C2)

ln � � :
A 5 C= < ¹/ A 5 Cº Ï �+ A 5 C! Ï  A 5 C– E» A 5 Cj / A 5 C– �+A 5 C¼= 0– (C3)

where / A 5 Cincludes retailer power, sales-weighted product characteristics, and � A 5 C.13

The term �+ A 5 Cdenotes the instrumental variables that provide exogenous variation in

ln � � :
A 5 C, speci�cally (i) the number of rival products o�ered in the same market and (ii)

the cross-chain average ofln � � :
A 5 Cfor the corresponding manufacturer and category,

consistent with the baseline model in Section 3.3.
13Notice that, unlike Equation (14), this speci�cation does not include �xed e�ects. While �xed e�ects

could, in principle, be incorporated, doing so is not well-suited to our setting. The DML framework
relies on �exible non-parametric estimation of the nuisance functions, and tree-based learners such
as Random Forests perform poorly when the control set includes high-dimensional dummy variables.
Excluding �xed e�ects therefore allows 6¹/ º and < ¹/ º to capture complex non-linear relationships with
substantially greater �exibility, consistent with common practice in empirical DML applications (see, e.g.,
Chernozhukov et al., 2018; Iskhakov et al., 2020).
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The nuisance functions 6¹�º and < ¹�º are unrestricted. The identifying moment for

the PLIV model can be written using the orthogonal score:

# ¹, ; � 1–' º =
�
ln ( :

A 5 C� 6¹/ A 5 Cº � � 1
�
ln � � :

A 5 C� < ¹/ A 5 Cº
� �

�
�
�+ A 5 C� E»�+ A 5 Cj / A 5 C¼

�
–

(C4)

which satis�es the Neyman-orthogonality condition,

E»# ¹, ; � 1–' º¼= 0• (C5)

This implies the population moment condition

E
�
f�+ A 5 C�

žln ( :
A 5 C

�
= � 1 E

�
f�+ A 5 C�

žln � � :
A 5 C

�
– (C6)

so that the DML estimator takes the form:

b� 1 =
E

h
f�+ A 5 C�

žln ( :
A 5 C

i

E
h
f�+ A 5 C�

žln � � :
A 5 C

i • (C7)

DML proceeds in three steps:

1. Prediction (Nuisance Estimation). Estimate the conditional expectations using

machine learning:

E»ln ( :
A 5 Cj / A 5 C¼– E»ln � � :

A 5 Cj / A 5 C¼– E»�+ A 5 Cj / A 5 C¼•

2. Residualization. Construct residualized variables:

•ln ( :
A 5 C= ln ( :

A 5 C� E»ln ( :
A 5 Cj / A 5 C¼–

žln � � :
A 5 C= ln � � :

A 5 C� E»ln � � :
A 5 Cj / A 5 C¼–

f�+ A 5 C= �+ A 5 C� E»�+ A 5 Cj / A 5 C¼•

3. Cross-�tting and IV Estimation. Using  folds, compute fold-speci�c estimators

b� ¹: º
1 =

Í
82� :

f�+ 8
•ln ( :

8
Í

82� :
f�+ 8

žln � � :
8

–
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and aggregate them as

b� 1 =
1
 

 Õ

: =1

b� ¹: º•

Cross-�tting is essential because it prevents over�tting and breaks the mechanical

dependence between nuisance estimates and the variation used for identi�cation.

Implementation and Results. We implement the procedure using the DoubleMLli-

brary 14 with Random Forest learners for all nuisance functions. Random Forests with

100 trees and maximum depth 5 allow for �exible non-linearities while maintaining

stable out-of-sample performance. We use �ve-fold cross-�tting.

Table C7: Shelf Share Estimation Results (Double Machine Learning)

Coef. (ATE) SE 2.5% 97.5% Obs.

ln � � : 0•297��� 0.013 0.270 0.323 4,407

Notes: The dependent variable is the logarithm of the manufacturer's shelf share ( ln ( :
A 5 C) in the razor

category. ln � � :
A 5 Cdenotes the logarithm of the manufacturer's cross-category dominance in non-razor

categories. * ? 5 0•1, ** ? 5 0•05, *** ? 5 0•01.

Table C7 reports the DML estimate for � 1. The estimated coe�cient on ln � � :
A 5 Cis 0.297

with a standard error of 0.013, which is nearly identical to the baseline 2SLS estimate of

0.285 reported in Table 4.

This close alignment indicates that the identifying variation is provided by the

instruments rather than functional form restrictions, that the structural e�ect of cross-

category dominance is not sensitive to non-linearities in controls, and that functional

form misspeci�cation is unlikely to bias the main results. The DML evidence therefore

reinforces the interpretation of � 1 as a causal parameter.

14See https://docs.doubleml.org/stable/index.html for technical details.
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D Counterfactual Analysis

D.1 Justi�cation for the Variety�Welfare Weight

This appendix provides additional justi�cation for our choice of the variety�welfare

weight � = 1•j � j. Throughout this section, the parameter � refers to the elasticity

of substitution in a standard CES aggregator widely used in the gains-from-variety

literature (e.g., Feenstra, 1994; Broda and Weinstein, 2006). This CES parameter is distinct

from the �rst-stage price elasticity � price estimated in our demand system. The former

governs the curvature of a representative consumer's subutility function, while the latter

governs the slope of razor demand in our empirical model.

Di�erentiation, elasticities, and the Lerner index. Our starting point is the economic

interpretation of � as the monetary weight consumers place on horizontal di�erentiation.

When products are more di�erentiated, consumers are less sensitive to price changes,

and the absolute price elasticity j� j is smaller. Under isoelastic demand, the Lerner index

satis�es:

! =
? � <2

?
=

1
j� j

• (D1)

Thus 1•j � j is a direct, observable measure of the degree of di�erentiation and the

corresponding willingness to pay for incremental product variety.

Using � = 1•j � j therefore aligns the welfare value of variety with the revealed market

power arising from di�erentiation. This choice connects the consumer-side valuation of

variety to �rm-side markups in a structurally coherent manner and does not depend on

any CES-speci�c assumptions.

Theoretical link with gains from variety Although our argument for � = 1•j � j does

not rely on CES demand, it is useful to note that CES preferences deliver a consistent

mapping between observed elasticities and the utility curvature parameter � used in the

trade literature. Consider the standard CES subutility:

* ¹@º =
©
­
«

Õ

92Y

@
� � 1

�
9

ª
®
¬

�
� � 1

– � 7 1• (D2)
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Maximizing utility subject to the budget constraint
Í

9?9@9 = � yields the demand:

@9 =
?� �

9
Í

; ?1� �
;

�– (D3)

so that the own-price elasticity is:

� 9 =
%ln @9

%ln ?9
= � � • (D4)

Hence the magnitude of the elasticity equals the CES substitution parameter j� j = � .

Under CES demand, removing a single variety 8generates a compensating variation:

�( 9 =
¹ 1

?9

@9¹?º 3?– (D5)

and this yields the CES welfare ratio widely used in the gains-from-variety literature

Feenstra (1994); Broda and Weinstein (2006):

�( 9

� 9
=

1
� � 1

– (D6)

where � 9 is expenditure on variety 9. Thus, the gains-from-variety literature typically

employs the welfare weight:

� CES =
1

� � 1
• (D7)

Empirical estimates of � for disaggregated import varieties exhibit substantial cross-

sector heterogeneity, but Broda and Weinstein (2006) provide useful benchmarks for

magnitudes. For instance, Broda and Weinstein (2006) report median substitution

elasticities across U.S. import in the range � � 3•5� 4•8. In the CES framework, these

values imply variety�welfare weights of:

� CES =
1

� � 1
� 0•21� 0•33•

Our empirical demand estimates yield a mean own-price elasticity of j� j � 4•5, implying

a welfare weight:

� =
1

j� j
� 0•22•
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D.2 Variety Channel Simulation

This section illustrate the procedure of variety channel simulation, described in Section 4.

We assume the physical constraint that total shelf shares must sum to unity (
Í

5 ( A 5= 1).

Step 1: Pre-merger normalization. We �rst aggregate the �tted pre-merger shares

into three groups: Firm A, Firm B, and a composite Others group containing all other

manufacturers (e.g., Firm C, Firm D). Let  ( raw
A 5 –pre denote the raw �tted shares from the

model. We normalize these to ensure that they sum to one for each retailer:

( �– pre =

Í
52�

 ( raw
A 5 –pre

Í
all 5

 ( raw
A 5 –pre

– for � 2 f Firm A –Firm B–Othersg• (D8)

Step 2: Post-merger crowding-out. After the merger, we calculate the raw predicted

shares  ( raw
A 5 –post for the merging parties using the post-merger bargaining leverage � � :

merged.

The excess demand generated by the merger, denoted as@4, is de�ned as the net increase

in the combined share of the merging �rms relative to the pre-merger baseline:

@4 =
�

 ( raw
A,post Ï  ( raw

B,post

�
�

�
( A,pre Ï ( B,pre

�
• (D9)

This excess demand is assumed to be fully absorbed by the Others group, re�ecting their

weaker bargaining position. The post-merger shares are therefore de�ned as:

( 5 –post =  ( raw
A 5 –post– for 5 2 f Firm A –Firm Bg– (D10)

( Others,post = max
�
0– (Others,pre � @4

�
• (D11)

Step 3: Variety index calculation. Finally, the post-merger variety index is computed

using these adjusted group shares:

+A–post = 1 �
�
( 2

A,post Ï ( 2
B,post Ï ( 2

Others,post

�
• (D12)

Computation of post-merger cross-category dominance. While our framework con-

ceptually applies to the entire product portfolio, our empirical implementation relies

on representative categories that capture each manufacturer's dominant product line.

Because of this limitation, constructing post-merger portfolio strength using only a

subset of categories poses a nontrivial aggregation problem. Averaging the pre-merger
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dominance levels of two �rms inevitably understates the combined leverage, while simple

addition tends to overstate it by ignoring overlap and boundedness. To address this

issue, we de�ne the merged �rm's post-merger leverage across independent categories

using a probability-based aggregation rule:

� � :
12 = 1 � ¹ 1 � � � :

1 º¹1 � � � :
2 º = � � :

1 Ï � � :
2 � � � :

1 � � :
2 (D13)

where � � :
9 is pre-merger cross-category dominance for �rm 9= 1– • • • – �.15 This formu-

lation originates from basic probability theory, where the probability of at least one

of two independent events occurring equals the sum of their individual probabilities

minus their joint probability. Interpreting � � : as the retailer's perceived �disagreement

threat� or �essentialness probability,� this speci�cation ensures that the merged �rm's

leverage increases monotonically with each component yet remains bounded within

»0–1¼. Intuitively, when Firm A (e.g., detergents) and Firm C (e.g., pens) operate in

unrelated categories, their merger makes the retailer simultaneously dependent on

both product lines�enhancing overall bargaining power while preventing unrealistic

over�ampli�cation.

15Although this expression is presented for the case of two merging �rms, it generalizes naturally to any
number of merging entities as

� � :
post = 1 �

Ö

92M

¹1 � � � :
9 º–

where M denotes the set of merging �rms. In practice, because most observed mergers involve two major
players, the two-�rm version above captures the essential intuition with minimal loss of generality.
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D.3 Alternative Approach for Merger Simulation

This appendix presents an alternative merger simulation that incorporates the variety

channel directly into the consumer surplus framework. The approach complements

the decomposition in Section 4, where we separately quantify the price and variety

e�ects using the estimated �rst-stage demand model and the second-stage bargaining

regressions. While the standard consumer surplus formula is not designed to fully

internalize changes in product availability arising from cross-category bargaining e�ects,

we show that under a set of simplifying assumptions, a meaningful approximation is

still possible.

We begin from the same post-merger price vector implied by the ownership change

in the Nested Logit model. As discussed in the main text, when the two multi-category

manufacturers merge, their combined ownership softens competition among their

brands, leading to higher equilibrium prices. This component corresponds exactly to

the price e�ect highlighted in Section 4. The variety component, however, requires

a separate treatment. The second stage results indicate that the merger increases the

combined �rm's distribution leverage in retailers, and because shelf space is limited in

the short run, non-merging products are disproportionately crowded out. To translate

this mechanism into the consumer surplus environment, we proceed in three steps:

1. First, we use the second stage bargaining estimates to predict the post-merger

distribution coverage of all manufacturers.

2. Second, we construct a proportional elimination rate for non-merging products

based on the adjusted shelf shares, aggregated at the retailer�month level.

3. Finally, holding prices �xed at their post-merger levels, we remove the lowest-

share products belonging to non-merging �rms in proportion to this predicted

elimination rate.

Consumers are therefore forced to substitute toward inferior varieties or, in some

cases, the outside good. Importantly, this exercise attributes welfare losses solely to

the disappearance of products, abstracting away from any further price increases that

could arise from heightened bargaining power or demand responses following variety

contraction.

The results indicate that eliminating products in this proportional manner reduces

total consumer surplus by approximately 2.7 %. This magnitude is broadly consistent

with the welfare loss (3.3%) implied by the structural decomposition in Section 4.
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Figure D1 shows the distribution of market-level consumer surplus changes under this

alternative simulation. Compared with Figure E4, which isolates only the price e�ect, we

observe systematically larger reductions in consumer surplus across nearly all markets.

This gap re�ects the welfare cost of diminished variety, particularly in markets where

non-merging �rms previously supplied a broader set of di�erentiated products.

Figure D1: Consumer Surplus Changes after Crowding Out ( � �( %)

Notes: Alaska and Hawaii are omitted due to spatial layout constraints.

Several limitations should be emphasized. First, because the �rst-stage is estimated

at the county�market level while the second-stage bargaining model is de�ned at the

retailer�manufacturer level, mapping the predicted shelf share changes from the second-

stage back to county markets requires strong aggregation assumptions. In particular,

the framework removes the same set of products from all retailers within a county, even

though actual delisting decisions occur through bilateral negotiations with individual

chains. As a result, the simulated pattern of exits does not re�ect retailer heterogeneity.

Second, since we only compute consumer surplus holding post-merger prices �xed,

the exercise abstracts from additional equilibrium price adjustments that may occur

following changes in the product set. These limitations imply that the 2.7% estimate

should be interpreted as a reference point rather than a fully structural welfare measure.

Despite these caveats, this alternative simulation o�ers a transparent method for

embedding the bargaining-driven variety contraction into the conventional consumer

surplus framework. Taken together with the decomposition in Section 4, the results

reinforce the conclusion that cross-category portfolio e�ects can meaningfully amplify

the welfare consequences of mergers beyond what is captured by price e�ects alone.
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