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Abstract

We study the welfare implications of the rise of common ownership and product market con-

centration in the United States from 1994 to 2018. We build a general equilibrium model with

a hedonic demand system in which firms compete in a network game of oligopoly. Firms are

connected through two large networks: the first reflects ownership overlap, the second prod-

uct market rivalry. In our model, common ownership of competing firms induces unilateral

incentives to soften competition. The magnitude of the common ownership effect depends on

how much the two networks overlap. We estimate our model for the universe of U.S. public

corporations using a combination of firm financials, investor holdings, and text-based product

similarity data. We perform counterfactual calculations to evaluate how the efficiency and the

distributional impact of common ownership have evolved over time. According to our baseline

estimates the welfare cost of common ownership, measured as the ratio of deadweight loss to to-

tal surplus, has increased nearly tenfold (from 0.3% to over 4%) between 1994 and 2018. Under

alternative governance assumptions the deadweight loss in 2018 ranges between 1.9% and 4.4%

of total surplus. The rise of common ownership has also resulted in a significant reallocation of

surplus from consumers to producers.
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1 Introduction

The U.S. economy has experienced two signi�cant trends in concentration over the last three

decades. First, revenue and employment concentration have increased considerably across a broad

range of industries (Grullon et al., 2019). Second, the ownership of corporate equity has become

concentrated in the hands of a few large institutional investors (Ben-David et al., 2020). This latter

trend is also known as the rise of common ownership (Azar, 2012; Gilje et al., 2020; Backus et

al., 2021b). This paper studies the increasing concentration of the overlapping networks of product

market competition and �rm ownership and shows that the resulting welfare costs and distributional

consequences are signi�cant.

Common ownership refers to an ownership arrangement under which large investors own shares

in several competing �rms. The tremendous increase of common ownership has raised concerns

among policymakers (see, for example, Phillips (2018) and Vestager (2018)) because it may lessen

�rms' economic incentives to aggressively compete against each other. If �rms make strategic de-

cisions to maximize the pro�ts accruing to their investors, common ownership can lead �rms to

(partially) internalize the e�ect of aggressive market decisions on their competitors' pro�ts. This

may induce �rms to produce lower quantities or to charge higher prices, ultimately leading to dead-

weight and consumer surplus losses. This mechanism of harm of common ownership is supported by

a theoretical literature, starting with Rubinstein and Yaari (1983) and Rotemberg (1984), and sev-

eral empirical contributions (Azar et al., 2018; Ant�on et al., 2020; Xie and Gerakos, 2020; Shekita,

2021) that study oligopolistic behavior in the presence of common ownership. In response, antitrust

authorities around the world including the Department of Justice, the Federal Trade Commission,

and the European Commission have acknowledged concerns about the anticompetitive e�ects of

common ownership.1

In this paper, we analyze the economy-wide welfare cost and distributional e�ects of common

ownership from a theoretical and empirical perspective. First, we develop a general equilibrium

model in which granular �rms compete in a network game of oligopoly. Firms are connected through

two large networks: the �rst re
ects ownership overlap, the second product similarity. Building on

the rich literature on linear-quadratic network games (Ballester et al., 2006; Ushchev and Zenou,

2018; Galeotti et al., 2020) our model of oligopolistic competition is a generalization of the model

of Pellegrino (2019) that allows for the presence of common ownership. Second, we estimate the

model using data on �rm �nancials, text-based product similarity (Hoberg and Phillips, 2016),

and institutional investor holdings (Backus et al., 2021b) covering the universe of U.S. publicly

listed corporations from 1994 to 2018. We perform counterfactual calculations to evaluate how the

1Solomon (2016) reported on an investigation based on Senate testimony by the head of the Antitrust Division,
Federal Trade Commission (2018) featured a hearing on common ownership, and Vestager (2018) disclosed that
the Commission is \looking carefully" at common ownership given indications of its increase and potential for
anticompetitive e�ects. For other recent activity, see OECD (2017) and European Competition Commission (2017).
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e�ciency and the distributional impact of common ownership have evolved over this period, �nding

large negative consumer welfare e�ects.

Our model has two distinctive features. First, following the literature on hedonic demand

(Lancaster, 1966; Rosen, 1974) the representative consumer has utility over product characteristics.

Hence, the cross-price elasticity of demand between any two products depends on whether they

possess similar attributes. This feature allows us to estimate a time-varying cross-price elasticity of

demand that is speci�c to each �rm pair, using the dataset of Hoberg and Phillips (2016). Second,

�rms make strategic decisions to maximize a weighted sum of pro�ts earned by their investors,

with each investor receiving a weight proportional to its ownership stake (Azar, 2012; L�opez and

Vives, 2019; Backus et al., 2021b; Azar and Vives, 2021a). This setup is isomorphic to each �rm

maximizing a weighted sum of its own pro�ts and its competitors' pro�ts, with each company

receiving a weight proportional to a well-de�ned measure of common ownership. A key model

feature is that the anticompetitive e�ects of common ownership depend on the overlap between the

two networks of product similarity and ownership.

Although the increase in common ownership is already well documented and a number of em-

pirical papers have provided evidence for anticompetitive e�ects of common ownership on prices,

quantities, markups, and pro�tability, no paper has estimated the economy-wide welfare cost of

common ownership. Taking as given that common ownershipdoes a�ect competitive behavior,

how large are the resulting product market welfare costs of the increase in common ownership and

industry concentration in the U.S. economy over the past two decades?2 Answering this question

requires a model that is both tractable and 
exible enough to accommodate the complex overlap-

ping networks of product market competition and ownership that exist among public �rms. The

principal contribution of our paper is to propose such a model and to practically estimate it with

data on product similarity and ownership networks.

We visualize the two networks of product similarity and common ownership in which �rms are

embedded. The network of product similarities displays a pronounced community structure. Large

groups of �rms tend to cluster in certain areas of the network. In contrast, the network of common

ownership has a hub-and-spoke structure with a large proportion of �rms sharing signi�cant overlap

and the remainder of largely unconnected �rms at the periphery. Across the distribution of �rm

pairs there is little correlation between product similarity and common ownership.

Next, we take the model to the data. Our model estimation reveals three broad patterns.

First, the welfare costs of common ownership are signi�cant, but not as large as the welfare costs

of oligopoly. We estimate that in 2018, the most recent year of our sample, the deadweight loss

2Our model and empirical analysis abstract away any labor market e�ects of common ownership which may result
from enhanced employer power as in the theoretical analysis of Azar and Vives (2021a). We further consider neither
coordinated anticompetitive e�ects of common ownership which may result from explicit or tacit collusion between
�rms or owners as documented by Shekita (2021) nor bene�cial e�ects such as the internalization of innovation
spillovers (Ant�on et al., 2018; Gibbon and Schain, 2020) or �nancial diversi�cation. Thus, our analysis focuses
exclusively on the welfare costs of unilateral product market e�ects of common ownership.
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of oligopoly (as measured by the loss in total surplus due to �rms competing �a la Cournot as

opposed to competing as under perfect competition) amounts to about 11.5% of total surplus.

Common ownership leads to an additional deadweight loss of 4% of total surplus (as measured

by the additional loss in total surplus due to �rms internalizing overlap in ownership with their

competitors when competing �a la Cournot). Second, the welfare losses of common ownership fall

entirely on consumers. We estimate that in 2018 common ownership raises aggregate pro�ts by

$378 billion (from $5.261 trillion to $5.639 trillion), but lowers consumer surplus by $799 billion

(from $4.113 trillion to $3.314 trillion). Third, the negative e�ects of common ownership on total

welfare and consumer surplus have grown considerably over the last two decades. Whereas common

ownership reduced total surplus by a mere 0.3% in 1994 this deadweight loss increased more than

tenfold to 4% in 2018. Over the same time period, common ownership raised corporate pro�ts by

1% in 1994 and 6.6% in 2018, but lowered consumer surplus by less than 2% in 1994 and almost

20% in 2018.

We further explore how alternative assumptions about corporate governance modify our results.

Rather than investors in
uencing �rm decisions exactly in proportion to their ownership stakes,

larger investors may exert in
uence that exceeds the size of their stake.3 Under such an alternative

\superproportional in
uence" assumption, common ownership has essentially identical e�ects on

deadweight loss, corporate pro�ts, and consumer surplus. When we assume that only blockholders

(i.e., shareholders holding 5% or more of a company's stock) can exert in
uence or that large

diversi�ed owners have limited attention we �nd that common ownership still leads to a deadweight

loss of 2.5% of total surplus, raises �rm pro�ts by almost 5%, and lowers consumer surplus by almost

13% of total surplus in 2018. Finally, we show that our conclusions about the signi�cant welfare and

distributional consequences of common ownership are also robust to di�erent assumptions about

�rm �xed costs and the measurement of intangible capital.

The closest theoretical paper to our work is the macroeconomic framework of Azar and Vives

(2021a) in which symmetric common ownership across identical oligopolistic �rms leads to addi-

tional market power with respect to both product market competition and labor hiring. In contrast

to their paper, our model assumes competitive labor markets to focus exclusively on the product

market e�ects of common ownership but allows for arbitrary size di�erences and substitution pat-

terns between �rms. Furthermore, we develop a model with a 
exible demand system that can be

taken to the data to identify structural parameters. This allows us not only to make qualitative

theoretical predictions, but also to produce quantitative time-varying dollar estimates of the welfare

3Several large institutional investors such as BlackRock and TIAA-CREF have also argued for stronger \stakeholder
capitalism" which takes the interests of stakeholders other than owners (e.g., employees and consumers) into account
and seeks to internalize all the externalities that companies impose on \the society where they work and operate"
(Fink, 2020), as well as to support broader goals of social responsibility (Hart and Zingales, 2017; Oehmke and Opp,
2019; Broccardo et al., 2020). Our analysis builds on the arguably less ambitious assumption that investors in
uence
companies to partially internalize only the e�ect on product market pro�ts that their corporate conduct imposes on
other �rms in the same investors' portfolio.
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and distributional consequences of product market e�ects of common ownership.

Although our paper analyzes the welfare e�ects of product market power and common own-

ership, an issue that is central to the �eld of industrial organization, it is also connected to two

growing sub�elds of macroeconomics that rely on microeconomic data. First, our paper is related

to the literature on macroeconomic networks (Acemoglu et al., 2012; Carvalho, 2014; Acemoglu et

al., 2017; Carvalho and Tahbaz-Salehi, 2019; Baqaee and Farhi, 2020b; Liu and Tsyvinski, 2020;

Carvalho et al., 2021a,b). Whereas those papers focus on input-output networks we study networks

of ownership and product market rivalry. As a result, our work shares similarities with Bloom et

al. (2013) who empirically study innovation spillovers through product market and technology net-

works, and with Chen et al. (2018, 2021) and Galeotti et al. (2021), who theoretically analyze

the role of market structure and market power in networks. Second, our work is related to the

growing body of academic work on markups and industry concentration (De Loecker et al., 2020;

De Loecker and Eeckhout, 2018; Pellegrino, 2019; Syverson, 2019; Autor et al., 2020; D•opper et

al., 2021).4 By incorporating hedonic demand as well as data on product market similarity and

ownership we characterize competitive interactions between �rms that di�er by their productivity

as well by their products' characteristics and their ownership, including the connections that exist

between the latter two features.

Finally, our paper is related to the burgeoning literature on common ownership. Notable the-

oretical contributions include early work by Rubinstein and Yaari (1983) and Rotemberg (1984),

and recent papers by L�opez and Vives (2019) and Backus et al. (2021b). In contrast to much of the

literature (Matvos and Ostrovsky, 2008; Boller and Scott Morton, 2020; Newham et al., 2019; Xie

and Gerakos, 2020; Ant�on et al., 2020; Li et al., 2020; Eldar et al., 2020; Lewellen and Lowry, 2021;

Backus et al., 2021a; Saidi and Streitz, 2021), we do not analyze whether or not common owner-

ship a�ects the competitive conduct of �rms in a speci�c industry. Instead, our paper considers a

di�erent research question: given a corporate governance (or �rm conduct) assumption, what are

the economy-wide welfare and distributional consequences of increased product market power due

to common ownership? The tractability and 
exibility of our framework allow us to explore the

robustness of our results with respect to di�erent assumptions about the mode of �rm governance.

Our work addresses a key limitation of recent empirical studies of common ownership conduct

which focus on a limited set of industries and thus face concerns about external validity and gen-

eralizability. By taking a network approach to modelling inter- and intra-industry competition, as

predicated by Elliott and Galeotti (2019), we can, for the �rst time, evaluate common ownership

e�ects across a broad set of industries. Our analysis shows that, at the aggregate level, com-

mon ownership e�ects can generate signi�cant distortions and reallocation of surplus|even under

conservative assumptions about the e�ect of common ownership on corporate governance.

4To our knowledge the earliest empirical study estimating the deadweight loss resulting from �rms' product market
power in the U.S. economy is Harberger (1954). Other seminal contributions to this literature include Kamerschen
(1966), Bergson (1973), and Cowling and Mueller (1978).
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One dimension that is left out of our analysis is the e�ect of common ownership on risk-taking

and portfolio diversi�cation by �nancial institutions, which has been studied separately by Galeotti

and Ghiglino (2021).

The remainder of the paper proceeds as follows. Section 2 develops our theoretical model.

Section 3 describes the data and Section 4 reports the empirical results for the baseline model of

corporate governance. Section 5 provides additional empirical results under alternative corporate

governance and cost structure assumptions. Section 6 concludes.

2 Theoretical Model

We develop a general equilibrium model in which granular �rms with overlapping ownership com-

pete in a network game of Cournot oligopoly. Firms are connected through two large networks:

the �rst re
ects ownership overlap, the second product similarity. We characterize the equilibrium

of this economy and then compare it to several counterfactual scenarios in which �rms maximize

objective functions that are di�erent from those of their investors.

2.1 Generalized Hedonic-Linear (GHL) Demand System

There is a representative agent who is a consumer, worker, and owner. This representative agent

consumes all the goods produced in the economy, supplies labor as a production input, and receives

income from owning shares of all the �rms in the economy.

Our economy hasn �rms, indexed by i 2 f 1; 2; : : : ; ng. Each �rm produces a single di�erentiated

product such that there are n products in the economy. The representative agent has hedonic

demand (Lancaster, 1966; Rosen, 1974) and thus values each product as a bundle of itsm + n

constituent characteristics.5

Each product has two types of characteristics: m common characteristics indexed by� 2

f 1; 2; : : : ; mg and n idiosyncratic characteristics. Because the idiosyncratic characteristics are spe-

ci�c to product i and are not present in other products, they have the same indexi . The m-

dimensional column vector ai describes product i where the scalara�i is the number of units of

common characteristic� of product i . Without loss of generality we assume that the column vector

ai is of unit length:

ai =
h

a1i a2i : : : ami

i 0
(2.1)

such that
mX

j =1

a2
ji = 1 8 i 2 f 1; 2; : : : ; ng (2.2)

5More recently, Pellegrino (2019) and Eeckhout and Veldkamp (2021) use similar hedonic-linear demand systems that
model goods as bundles of attributes to study the welfare consequences of market power.
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We combine the product-speci�c vectorsai of common characteristics in them � n matrix A :

A =
h

a1 a2 � � � an

i
=

2

6
6
6
6
6
4

a11 a12 � � � a1n

a21 a22 � � � a2n
...

...
. . .

...

am1 am2 � � � amn

3

7
7
7
7
7
5

(2.3)

The representative agent consumesqi units of the good produced by �rm i . The n-dimensional

vector q contains the quantities of the n �rms in the economy and is given by

q =
h

q1 q2 � � � qn

i 0
(2.4)

An allocation is a vector q that speci�es how many units qi of each goodi are produced.

As a consumer the representative agent linearly combines the characteristics of di�erent prod-

ucts. Denote the total units of common characteristic j by x j

x j =
X

i

aji qi (2.5)

The matrix A converts units of goods purchasedq into units of common characteristics:

x = Aq (2.6)

Each unit of good i also contains exactly one unit of its own idiosyncratic characteristic. There-

fore, we can simply writeqi instead of the units of idiosyncratic characteristic i . The representative

agent has a utility function which is quadratic in common (x) and idiosyncratic (q) characteristics

of the products consumed, and su�ers a linear disutility for the total number of work hours H . The

utility function is therefore given by

U (x; q; H ) def= � �
mX

j =1

�
bx

j x j �
1
2

x2
j

�
+ (1 � � )

nX

i =1

�
bq

i qi �
1
2

q2
i

�
� H (2.7)

where � 2 [0; 1] is the utility weight of common characteristics relative to idiosyncratic characteris-

tics. It determines the degree ofhorizontal di�erentiation between products (Epple, 1987).bx
j and

bq
i are preference shifters for common and idiosyncratic characteristics.

We close the general equilibrium model by making leisure the outside good. The labor input

used by �rm i is hi and thus the labor market clearing condition is given by

H =
X

i

hi : (2.8)

The price of one unit of labor is normalized to 1 such that labor is the num�eraire of this economy.
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Therefore, the total variable cost of �rm i is equal to the labor input hi . Each �rm i uses a

quasi-Cobb Douglas production function to produce output qi

qi = k�
i � ` (hi ) (2.9)

where ki is the (�xed) capital input. The function ` (�) is such that �rm i 's production technology

can be represented by a quadratic total variable cost function

hi = ci qi +
� i

2
q2

i (2.10)

where ci and � i depend onki . The marginal cost (MC) and the average variable cost (AVC) are

therefore given by

MC i = ci + � i qi and AVC i = ci +
� i

2
qi : (2.11)

The representative agent purchases and consumes the goods bundleq taking prices p as given

and receives the aggregate pro�ts from holding shares of all the companies in the economy. We

specify the exact ownership arrangements in Section 2.4. The agent's budget constraint is thus

given by

H + � =
nX

i =1

pi qi : (2.12)

2.2 Consumption Choices, Labor Supply, and Product Demand

De�ne

b def= � A 0bx + (1 � � ) bq (2.13)

We obtain the Lagrangian for the representative agent by plugging equation (2.6) and (2.13) into

equation (2.7):

L (q; H ) = q0b �
1
2

q0�
I + �

�
A 0A � I

��
q � H � �

�
q0p � H � �

�
(2.14)

Labor is the num�eraire and hence the Lagrange multiplier is � = 1. As a result, the consumer's

demand function q (p) maximizes the consumer surplus function:

CS (q) = q0(b � p) �
1
2

q0�
I + �

�
A 0A � I

��
q (2.15)

a0
i aj is the cosine similarity between i and j and ranges from 0 to 1.6 The cosine similarities

between all �rm pairs are contained in the matrix A 0A . When two products overlap more in

the characteristics space, they have a higher cosine similarity which is re
ected in the product

6We use this geometric terminology becausea0
i aj measures the cosine of the angle between vectorsai and aj in the

space of common characteristicsRm .
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substitution patterns. If a0
i aj > a0

i aj 0, an increase in the supply of product i leads to a larger

decrease in the marginal utility of product j than of product j 0.

De�ne the following matrix

� def= �
�
A 0A � I

�
: (2.16)

and let its entries be denoted by� ij . Thus, the demand and inverse demand functions are

Aggregate demand : q = ( I + � ) � 1 (b � p) (2.17)

Inverse demand : p = b � (I + � ) q (2.18)

The production decision of each �rm a�ects the prices of all the other products in the economy.

Speci�cally, the derivative @pi =@qj is proportional to the product similarity a0
i aj . The closer �rms

i and j are in terms of their product characteristics, the larger this derivative is in absolute value.

Because of the symmetry ofA 0A , we have@qi =@pj = @qj =@pi .

Finally, the pro�ts � i of �rm i are given by

� i (q) def= pi (q) � qi � hi

= qi (bi � ci ) �
�

1 +
� i

2

�
q2

i �
X

j 6= i

� ij qi qj : (2.19)

2.3 Advantages of GHL

2.3.1 Markups and Price-Cost Passthrough

First, the GHL demand system di�ers from the more standard CES demand setup in the markups

it produces. GHL produces heterogeneous markups because, unlike CES, the own demand elasticity

is not constant and the cross demand elasticities are di�erent across product pairs.

Second, because GHL produces linear (as opposed to isoelastic) residual demands, demand

elasticity decreases with �rm size and bigger �rms charge larger markups. Because we are interested

in the quantitative welfare implications of oligopoly and common ownership and these crucially rely

on our demand estimates, it is particularly important that the demand system of our model provides

a good approximation of actual demand. Thus, an important issue to evaluate is how well GHL

matches empirical demand curves estimates when compared to CES.

In Figure 1 we plot three di�erent demand curves based on CES demand, GHL demand, and

non-parametric demand estimates by Baqaee and Farhi (2020a) respectively.7 Whereas the GHL

demand curve closely matches the non-parametric estimates of Baqaee and Farhi (2020a), the

isoelastic CES demand curve does not seem to match the data very well.

7Baqaee and Farhi (2020a) �t a residual demand curve non-parametrically using price-cost passthrough estimates by
Amiti et al. (2019) based on Belgian manufacturing enterprise micro data.
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Figure 1: Demand System Comparison

Figure Notes : The �gure shows a log-log plot of the demand curve estimated non-
parametrically by Baqaee and Farhi (2020a) (solid light green line), against a linear (GHL)
�t (dotted black line) and against an isoelastic (CES) �t (solid dark green line). Note that an
isoelastic curve becomes a straight line in a log-log plot. Baqaee and Farhi (2020a)'s model
demand curve is obtained from price-cost passthrough estimates by Amiti et al. (2019).

2.3.2 Complementarities

Our network Cournot model allows for complementarities. This is despite the fact that � is

non-negative by construction and hence the marginal utility from one unit of product j is always

non-increasing inqi :
@2CS
@qi @qj

= � � ij � 0 8 i 6= j (2.20)

However, the non-negativity of � does not mean that all products are substitutes and that no

pair of products are complements. Recall the de�nition of complements and substitutes based on

cross-price e�ects:

Complements if
@qi
@pj

< 0 Substitutes if
@qi
@pj

> 0 (2.21)

The important insight is that the cross-price elasticity of demand depends on the inverted matrix

(I + � ) � 1, not on � itself. If, as in our case, � is not symmetric, the o�-diagonal elements of

� (I + � ) � 1 will generally include positive as well as negative elements. This implies that some
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product ik pairs are complements in the sense de�ned above and thus the quantity choicesqi and

qk can be strategic complements. Intuitively, this complementarity arises from the fact that, in our

model, \the enemy of my enemy is my friend." An increase in quantity qi leads to a reduction in

residual demand for �rm j and thus a decrease in quantityqj , but this in turn implies an increase

in residual demand �rm k and thus an increase in quantity qk .

This complementarity matches realistic features of economy-wide substitution patterns. For

example, our computed vector of cross-price derivatives for General Motors in 2018 includes several

negative elements (i.e., complements), including energy and consumer �nance companies: higher

oil prices, loan rates, or insurance premia adversely a�ect the residual demand for cars.

2.4 Ownership

There are Z investment funds which are owned by the representative agent and indexed byz. Vz,

the value of fund z, is the sum of the pro�ts that they are entitled to based on their ownership

share in each companyi

Vz
def=

nX

i =1

siz � i and
ZX

z=1

siz = 1 (2.22)

where siz is the proportion of shares of companyi owned by investor z.8 Following Rotemberg

(1984), we assume that the manager of �rmi maximizes � i , an average of �rm i 's investors' value

functions, weighted by the investors' ownership shares in alln �rms in the economy

� i
def=

ZX

z=1

siz Vz =
ZX

z=1

siz

nX

j =1

sjz � j =
nX

j =1

� j

ZX

z=1

siz sjz (2.23)

which we obtain by substituting Vz from equation (2.22).

We assume that �rms engage in Cournot competition and that the pro�t functions are concave.

Hence, to maximizeVi , �rm i 's management sets the following derivative with respect toqi equal

to zero:

@�i
@qi

=
nX

j =1

s0
i sj �

@�j
@qi

= s0
i si

2

4bi � ci � (2 + � i ) qi � �
X

j 6= i

a0
i aj qi

3

5 � �
X

j 6= i

s0
i sj � a0

i aj � qi (2.24)

8We assume that ownership allocations are exogenous as is standard in the literature. This assumption is further
justi�ed by recent theoretical work on endogenous ownership by Piccolo and Schneemeier (2020). They predict that,
in the presence of noise traders and investment costs, common ownership will arise through investors' endogenous
trading in a way that is unpredictable based on the structure of product markets (i.e., there are multiple equilibria
with varying degrees of common ownership).
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where

si
def=

h
si 1 si 2 : : : siZ

i 0
(2.25)

De�ne the common ownership weights� ij as

� ij
def=

s0
i sj

s0
i si

: (2.26)

This allows us to rewrite �rm i 's objective function in the following way

� i / � i +
X

j 6= i

� ij � j : (2.27)

Our notation follows Backus et al. (2021b) and Ant�on et al. (2020).9 We interpret � ij as the weight|

due to common ownership|that each �rm (or each manager) i 's objective function assigns to the

pro�ts of other �rms relative to its own pro�ts and corresponds to what Edgeworth (1881) termed

the \coe�cient of e�ective sympathy among �rms."

At this point it is worth discussing our assumption that the manager of �rm i maximizes � i .

First, there is a long tradition in economics of weighting shareholder interests in the objective

function of the �rm, including Dr�eze (1974), Grossman and Hart (1979), and Rotemberg (1984).

Second, more recently, the common ownership literature has used the same objective function for

�rms as in equation (2.27) with Azar (2020) providing microeconomic foundations for the �rm

manager's maximization choice.

However, this assumption that �rms (or managers) maximize the weighted portfolio pro�ts of

their investors di�ers from Azar and Vives (2021a). They instead assume a two-class economy with

worker-consumers and owner-consumers, in which �rms maximize the weightedutilities of their

owner-consumers.10 In their model, �rms are assumed to take into account that their strategic de-

cisions a�ect both their investors' portfolio pro�ts and their investors' consumption choices through

the �rm quantities' in
uence on the aggregate price index. For example, under the latter part of

this assumption airlines internalize that some of its investors are also air travelers and setting higher

quantities lowers the relative price of air travel in the consumption bundle of these owner-consumers

which directly bene�ts them.

In contrast, in our model �rms only internalize all e�ects on investors' portfolio pro�ts but ignore

the impact (of the production quantity choices) on the consumption bundles of their investors. First,

we believe that this assumption is a better description of what �rms actually do. In an economy with

9L�opez and Vives (2019) and Azar and Vives (2021a) use the same formulation but denote � ij by � ij .
10 Oligopoly deadweight losses, markups, and misallocations arise because of a con
ict between classes. At a funda-

mental level, this is because the agents that are in charge of production, consume a di�erent set of goods from the
rest, and therefore do not internalize how their choices a�ect the real income of other agents. In Azar and Vives
(2021a) the two-class divide between worker-consumers and owner-consumers is the source of the anticompetitive
labor market e�ect of common ownership.
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many diverse consumer-owners who consume changing baskets of goods it would be exceedingly

di�cult for those at the helm of �rms to keep track of the impact of strategic decisions on investor

utilities. Second, it is likely that the consumption bundles of �rm managers and other consumers

in the economy di�er signi�cantly. For example, Bertrand and Kamenica (2018) document that

the divergence in consumer behavior is fairly constant over time and larger than other cultural

distances such as media diet, time use, or social attitudes. Assume, therefore, that there are two

types of agents: managers and consumer-workers. The strategic decisions of each �rmi are in the

hands of a manager (also indexed byi ). We assume that the manager's compensation is equal to

! i = "
ZX

z=1

siz Vz (2.28)

with " arbitrarily small. Managers have increasing utility over and spend all of their income on a

\luxury" good (e.g., yachts or private jets) 11 indexed by 0, which is produced competitively with a

linear technology using only labor. Letqi 0 denote the quantity of the luxury good purchased by the

manager of �rm i , p0 the price, and h0 the total work. We then have the following market clearing

condition for the production of good 0
IX

i =1

qi 0 = h0 (2.29)

and the price p0 is one by construction. The assumption of" being arbitrarily small implies that

the labor used to produce good 0 is a negligible share of total labor in the economy.

In line with much of the common ownership literature, we focus on unilateral e�ects (Ivaldi

et al., 2003b) and do not consider coordinated e�ects (Ivaldi et al., 2003a) of common ownership

(e.g., increased incentives and ability to collude). That is to say, we do not assume that �rms with

overlapping ownership can successfully coordinate their behavior in an anticompetitive way, for

example, by lowering quantities.

We can implicitly de�ne a linear-quadratic network game(Ballester et al., 2006) by taking the

pro�t vector as a payo� function and the vector of quantities q as a strategy pro�le. Loosely

speaking, this is because the combination of the matrices� (the network of product market rivalry

relationships based on the �rms' product substitutabilities) and K (the network of ownership re-

lationships based on the �rms' investor shares) is essentially the adjacency matrix of a weighted

network. Linear-quadratic network games like ours belong to a larger class of games known as \po-

tential games" (Monderer and Shapley, 1996) because they can be described by a scalar function

which is called the game'spotential.

11 This setup is reminiscent of Veblen (1899) because these agents engage in (conspicuous) consumption that is distinct
from the basket of goods consumed by the representative worker-consumer.
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We can now write the vector of the �rms' �rst order conditions as

0 = ( b � c) � (2I + � + � + K � � ) q (2.30)

where � def=

2

6
6
6
6
6
4

� 1 0 � � � 0

0 � 2 � � � 0
...

...
. . .

...

0 0 � � � � n

3

7
7
7
7
7
5

(2.31)

The diagonal matrix � contains the slopes of the �rms' marginal cost functions and therefore

captures �rm-speci�c economies of scale.� and K are the adjacency matrices of the networks of

product rivalry and common ownership. Speci�cally, K is the n � n common ownership matrix of

� ij for all n �rms in the economy and � denotes the Hadamard (element-by-element) product.b

and c are the demand and supply function intercepts. bi is a measure of �rm product quality or

vertical product di�erentiation.

Let us de�ne �( q), the potential function of the Cournot game played by the (commonly-

owned) �rms in our model. By de�nition, the Cournot-Nash equilibrium allocation under common

ownership is the maximizer of �( q). We therefore denote the equilibrium quantity vector by q� .

This equilibrium allocation can be found by solving the system of �rst order conditions in equation

(2.30) and is de�ned as follows:

De�nition 1. The Cournot Common Ownership (CCO) allocation q� is de�ned as the maximizer

of the potential function �( q):

q� def= arg max
q

� ( q) = (2 I + � + � + K � � ) � 1 (b � c) : (2.32)

2.5 Market Structure and Ownership Counterfactuals

We estimate our theoretical model to analyze how total surplus, pro�ts, and consumer surplus

depend on market structure, ownership allocations, and �rm conduct. Our baseline assumption is

that �rms compete as in an economy-wide Cournot oligopoly game in which the manager of each �rm

i maximizes the objective function� i which results in the Cournot Common Ownership allocation in

equation (2.32). We now consider counterfactual scenarios in which �rms make production decisions

with alternative objective functions. For example, rather than maximizing portfolio pro�ts � i �rms

maximize their own individual �rm pro�ts � i as under standard Cournot competition. Each of

these counterfactuals, summarized in the set of equations in (2.33) and inversely ranked by their

degree of competitiveness, is the maximizer of a speci�c scalar quadratic function, which we call

14



potential following the nomenclature of Monderer and Shapley (1996).12 To continue the previous

example, the potential function 	( q) is the objective function of the pseudo-planner problem for

the Cournot-Nash equilibrium allocation without common ownership.

Monopoly Potential : � ( q) = q0(b � c) � q0
�

I +
1
2

� + �
�

q

CCO Potential : � ( q) = q0(b � c) � q0
�

I +
1
2

� +
1
2

� +
1
2

K � �
�

q

Cournot Potential : 	 ( q) = q0(b � c) � q0
�

I +
1
2

� +
1
2

�
�

q

Total Surplus : W (q) = q0(b � c) �
1
2

� q0(I + � + � ) q

(2.33)

We �rst consider Cournot competition which assumes away any common ownership e�ects by

assuming that investors do not hold diversi�ed portfolios.

De�nition 2. The Cournot allocation q	 is de�ned as that in which all pro�t weights � ij in K are

equal to 0 for i 6= j and equal to 1 for i = j :

q	 def= arg max
q

	 ( q) = (2 I + � + � ) � 1 (b � c) (2.34)

Next we considerPerfect Competition. In this scenario �rms behave as if they are atomistic

producers pricing all units at marginal cost.

De�nition 3. The Perfect Competition allocation qW is de�ned as the maximizer of the aggregate

total surplus function W (q):

qW def= arg max
q

W (q) = ( I + � + � ) � 1 (b � c) (2.35)

The least competitive allocation is Monopoly. In this setting a single investment fund controls

the quantity decisions of all �rms in the economy and maximizes the �rms' aggregate pro�ts without

any regard for consumer surplus.

De�nition 4. The Monopoly allocation q� is de�ned as the maximizer of the aggregate pro�t

function � ( q):

q� def= arg max
q

� ( q) = (2 I + � + 2 � ) � 1 (b � c) (2.36)

12 For our theoretical analysis, we assume an interior solution for the closed-form expressions of q. For our empirical
analysis, we also compute a numerical solution with a non-negativity constraint on q. The non-negativity constraint
binds for very few �rms and the solution is almost identical to the unconstrained solution (e.g., error < 0:1% for
the total surplus function).
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This allocation obtains in an economy without any antitrust restrictions on ownership allocations

and in which �rms have unconstrained ability to coordinate their supply decisions. It is the limit of

a Cournot equilibrium with common ownership in which all of the pro�t weights tend to one (i.e.,

� ij ! 1).

3 Data

3.1 Mapping to Data

Table 1 documents how the variables in our model correspond to data, including the sources of

these data. Revenues, variables cost, and �xed costs are measured using data from Compustat.

We follow De Loecker et al. (2020, henceforth DEU) in excluding �rms with negative revenues or

costs of goods sold, or negative gross margin (revenues less COGS). Furthermore, we follow their

computation of the user cost of capital, which is equal to the federal funds rate (FEDFUNDS from

FRED), minus capital goods in
ation (PIRIC from FRED), plus a combined depreciation rate and

risk premium set at 12%.

To construct the networks of product market rivalry and ownership we use data from 10-K

product descriptions and 13(f) �lings. We discuss the construction of these networks in detail

below.

3.2 Text-Based Product Similarity

The matrix of product similarities A 0A is one of two crucial inputs that are required to estimate

our model. Hoberg and Phillips (2016, henceforth HP) provide an empirical estimate of this input

comes. They compute time-varying product cosine similarities for �rms in Compustat by analyzing

the text of the �rms' 10-K forms. Every 10-K form contains a business descriptionsection, which

is the target of the algorithm devised by HP. HP build a vocabulary of 61,146 words that �rms use

to describe their products, and that identify product characteristics. For each �rm i , HP use this

vocabulary to construct a vector of word occurrencesoi :

oi =

2

6
6
6
6
6
4

oi; 1

oi; 2
...

oi; 61146

3

7
7
7
7
7
5

(3.1)

HP normalize this vector by dividing by the Euclidean norm which yields the empirical counterpart

of ai

ai =
oi

koi k
: (3.2)

16



Table 1: Variable Definitions and Mapping to Data

Panel A: Observed Variables

Notation Concept Measurement

pi qi Revenues Revenues
(source: Compustat)

hi Total Variable Costs Costs of Goods Sold
(source: Compustat)

a0
i aj Product Cosine Similarity Word cosine similarity in 10-K product description

(source: Hoberg and Phillips, 2016)

si Ownership Equity ownership shares of publicly listed companies
(source: SEC 13(f) �lings )

Panel B: Identi�ed Variables

Notation Derived Variable Computation/Identi�cation

qi Output q such that � = diag ( q)
�
I + 1

2 � + K � �
�

q

ci Marginal Cost Intercept ci = hi =qi � 1
2 � i qi

b Demand Intercept b = (2 I + � + � + K � � ) q + c
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All ai vectors are dot-multiplied to obtain A 0A :

A 0A =

2

6
6
6
6
6
4

a0
1a1 a0

1a2 � � � a0
1an

a0
2a1 a0

2a2 � � � a0
2an

...
...

. . .
...

a0
na1 a0

na2 � � � a0
nan

3

7
7
7
7
7
5

(3.3)

To the extent that the word frequencies in the vocabulary constructed by HP correctly rep-

resent product characteristics, this matrix is the exact empirical counterpart to A 0A |the matrix

of cross-price e�ects in our theoretical model. Because each U.S. publicly listed �rm must �le a

10-K form the matrix of estimated product similarities provides a singularly comprehensive descrip-

tion of competitive interactions. It also covers the near entirety (97.8%) of the CRSP-Compustat

universe.13

3.3 Ownership Data

In order to calculate the matrix of common ownership pro�t weights K , we require the matrix

of ownership sharesS. We obtain S from two datasets of mutual fund holdings reported in form

13(f) �lings. Form 13(f) is a mandatory �ling of the Securities and Exchange Commission (SEC)

in which institutional investors with assets under management (AUM) in excess of $100 million are

required to report their holdings of U.S. securities, including those of all U.S. public corporations.

Our data covers the period 1994-2018. For the years 1999-2017 we use a dataset constructed

by Backus et al. (2021b), who parsed the data contained in 13(f) forms. For the remaining years,

we use 13(f) data from Thomson Reuters, obtained through the WRDS platform. We merge this

data, using CUSIP codes, to the total amount of shares outstanding provided, for each �rm, in

Compustat.

By dividing the shareholdings of individual investors by the total number of shares outstanding,

we obtain the normalized shares vectorsi . We then apply equation (2.26) to compute the matrix

K of ownership shares.

Finally, we estimate the matrix of pro�t weights K using a statistical correction to account for

the presence of unobserved investors, as detailed in Appendix A. Constructing detailed ownership

data, even for the largest publicly listed U.S. companies such as the constituents of the S&P500, is

not without obstacles as noted by Backus et al. (2021b). This process is substantially more di�cult

13 One of HP's objectives in developing this dataset is to remedy two well-known shortcomings of the traditional
industry classi�cations: (i) the inability to capture imperfect substitutability between products, which is the most
salient feature of our model; and (ii) the fact that commonly used industry classi�cations, such as SIC and NAICS,
are based on similarity in production processes, rather than in product characteristics. In other words, they are ap-
propriate for estimating production functions, but unsuitable for proxying for the elasticity of substitution between
di�erent products.
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for the entire universe of publicly listed U.S. �rms. Without such a correction to account for the

presence of unobserved investors we would obtain a thick right tail of implausibly large� ij .

3.4 Calibration and Identi�cation

There are two crucial steps required to take our model to the data and to perform counterfactual

analysis. First, we need to calibrate the parameter� and the diagonal matrix � . Second, we have

to identify the quantity vector q, the price vector p, the cost intercepts c, and �nally the demand

intercepts b.

First, following equation (2.10) we note that the cost function must take the form

hi = ~ci

�
qi

k�
i

�
+

~�
2

�
qi

k�
i

� 2

(3.4)

where, by de�nition, we have

ci =
~ci

k�
i

and � i =
~�

k2�
i

: (3.5)

We assume that~� is constant across �rms and over time thereby reducing the dimensionality of the

cost parameter vector to one.

We take the calibrated parameters for � = 0 :05 and ~� = 6 :3 from Pellegrino (2019) and for

� = 0 :15 from De Loecker et al. (2020). We check that our model produces an equally good �t of

markups and cross-price elasticity data. In Appendix C we document how well our model matches

the non-targeted moments.

To identify q we use the fact that we can write the vector of pro�ts in terms of the quantities

q, and the matrices (� ; � ; K ), which are already measured or calibrated:

� = diag ( q)
�

I +
1
2

� + K � �
�

q (3.6)

While the equation above does not yield a closed-form solution, we can solve forq numerically.

Pricespi are then obtained by dividing revenuespi qi by output qi . Finally, the demand and marginal

cost intercepts are identi�ed as follows:

ci =
hi

qi
�

�
2

qi ; b = (2 I + � + � + K � � ) q + c (3.7)

4 Empirical Results

Our empirical analysis proceeds in two steps. First, we describe the salient features of the data

on product similarity and common ownership. Second, we report the empirical model estimates of

welfare, consumer surplus, and pro�t and their evolution over time.
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4.1 Product Similarity and Common Ownership

4.1.1 Network Structure of Product Similarity and Common Ownership

We begin our empirical analysis by visualizing the two networks that characterize our oligopoly

game: that of product similarities and that of common ownership. We �rst visualize the network

structure of HP's product similarity dataset. We employ the widely-used network visualization al-

gorithm of Fruchterman and Reingold (1991, henceforth FR) to reduce the network's dimensionality

from 61,146 (the number of words in the HP's vocabulary) to two (a bidimensional surface). The

FR algorithm models the network nodes as particles and arranges them on a plane. However, the

algorithm is sensitive to the initial con�guration of nodes and has di�culties visualizing the cluster

structure of large networks. We address this well-known problem by pre-arranging the nodes with

the OpenOrd algorithm (Martin et al., 2011) which was speci�cally developed for this purpose,

before running the FR algorithm.

Every publicly traded �rm in 2004 is a dot in each of the two panels of Figure 2. In the left panel,

�rm pairs with a high cosine product similarity are shown closer and are connected by a thicker

line. Two patterns are particularly noteworthy. First, �rms are unevenly distributed over the space

of product characteristics. In some areas in the left panel of Figure 2 there is a signi�cantly denser

population of �rms than in other areas. Second, the product similarity network exhibits a distinct

community structure: large groups of �rms cluster in the same areas of the network.

We repeat the same exercise for the network of ownership links between all the companies in

our sample. As before, we reduce the dimensionality of the dataset from 3,126 (the number of

investors) to two using the OpenOrd and FR algorithms to visualize the network in the right panel

of Figure 2. Firm pairs that have large ownership weights between them are shown closer and are

connected by a thicker line. In contrast to the product similarity network depicted in Figure 2 the

network does not exhibit a community structure, but instead has a distinct hub-and-spoke structure

with a large proportion of �rms sharing signi�cant overlap and a remainder of largely unconnected

�rms at the periphery.

Because both networks are based on time-varying relationships between the di�erent con-

stituents of the universe of public companies, they are not static networks, but evolve over the

course of our study period. However, the two networks di�er markedly in their evolution over time.

The network of product similarity does not change much as measured by the average value ofa0
i aj ,

which is equal to 0.0171 in 1994 and slightly increases to 0.0174 in 2018. In contrast, the average

value of � ij is equal to 0.0021 in 1994 but rises almost sevenfold to 0.0146 in 2018.

4.1.2 Relationship between Product Similarity and Common Ownership

A crucial aspect of our empirical analysis is to document the empirical relationship between product

similarity � and common ownershipK because this relationship governs the magnitude of the

welfare cost of common ownership. As can be seen from equation (2.32) it is the Hadamard
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Figure 2: Network Visualization

Figure Notes : The diagrams are two-dimensional representations of the network of product similarities (left panel), �rst
computed by Hoberg and Phillips (2016), and of the network of ownership shares (right panel). The data cover the universe
of publicly listed �rms in 2004. Firm pairs that are closer in product market space and closer in ownership space, are
shown with thicker links. These distances are computed in spaces that have approximately 61,000 and 3,100 dimensions,
respectively. We use the OpenOrd algorithm of Martin et al. (2011) and the FR gravity algorithm of Fruchterman and
Reingold (1991) to plot these high-dimensional objects over a plane.
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Figure 3: Product Similarity and Profit Weights (2018)

Figure Notes : The �gure above is a histogram representing of the joint distribution
of product similarity ai � aj and pro�t weights � ij for all �rm ij pairs in 2018.

product of K and � that determines how much the realized quantity choices of �rms under Cournot

competition with common ownership di�er from the standard benchmarks of standard Cournot

without common ownership in equation (2.34) and monopoly in equation (2.36).

Figure 3 plots the histogram of the joint distribution of the product similarity ai � aj and the

common ownership weight� ij for any �rm pair i and j in 2018. Although each product similarity

pair ai � aj is symmetric, the common ownership weight� ij is not symmetric. We therefore plot

each pair of �rm i and j twice.

A large proportion of �rm pairs has little product similarity and little common ownership

between them. The complete absence of overlap is relatively more pronounced in ownership than

in product similarity space as evidenced by the discontinuous jump at 0 for� ij . However, a sizable

proportion of �rm pairs overlaps considerably in both product similarity and ownership space.

There is no clear relationship between product similarity and common ownership. The correlation

between the two variables in 2018 is 0:0034. This means that common ownership is not much more

pronounced for �rms that are more similar in product space.
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