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Abstract

Risky innovation contributes disproportionately to aggregate growth. I make use

of a unique dataset that combines ownership data for a sample of U.S. �rms with the

Census Bureau's Longitudinal Business Database, patenting data, and Compustat to

study whether �rms held by owners with more diversi�ed business interests engage

in riskier innovation. I document that higher owner diversi�cation leads to riskier

innovation within �rms over time, after holding constant �rm life cycle characteristics,

access to �nance, other features of the �rm ownership structure, and time invariant

�rm and owner characteristics. Consistent with the risk-sharing channel, the results

are strongest among �rms held by owners who are most exposed to �rm-speci�c risk.

The results are also found at the sector level, with sectors characterized by higher

diversi�cation exhibiting higher risky innovation, revenue, and growth. I present a

stylized model that rationalizes these empirical �ndings.

JEL-Codes: D22, E22, G32, G34, O31, O33, L25

Keywords: Ownership Structure, Diversi�cation, Innovation, Investment, Risk-Taking

∗I am deeply grateful to Sebnem Kalemli-Ozcan, John Haltiwanger, Felipe Sa�e, and Emin Dinlersoz for
their continued guidance and support. I also thank Boragan Aruoba and John Shea for their support, advice
and helpful comments, Nikolas Zolas for sharing his PatentsView-LBD bridge �le, and seminar participants at
the University of Maryland, U.S. Census Bureau Center for Economic Studies, and 2018 FSRDC Conference
for their useful feedback. All errors are mine. Disclaimer: Any opinions and conclusions expressed herein
are those of the author and do not necessarily represent the views of the U.S. Census Bureau. All results
have been reviewed to ensure that no con�dential information is disclosed.
†PhD Candidate, University of Maryland Department of Economics; penciakova@econ.umd.edu.

http://econweb.umd.edu/~penciakova/files/Penciakova_JMP_mostrecent.pdf


1 Introduction

An extensive literature establishes innovation as a critical engine of sustained development,

and emphasizes the disproportionate contribution of "risky innovation" to growth. Akcigit

and Kerr (2018) �nd that 80% of the aggregate growth due to innovation is driven by

innovation lying outside a �rm's existing area of technological expertise. The factors that

incentivize �rms to engage in this type of innovation are not yet fully understood. The

literature considers investments made outside a �rm's core business as risky, and recognizes

ownership structure as an important determinant of �rm risk-taking. In this paper, I study

the impact of owner diversi�cation on the innovation decisions of �rms. More speci�cally,

I examine whether �rms held by owners with more diversi�ed business interests undertake

riskier innovations, assess the relevance of the risk-sharing channel, and evaluate whether

the �rm-level relationship has implications for sector level outcomes.

The intuition connecting owner diversi�cation and risky investment is straightforward.

When �rm owners are risk averse, their expected utility falls as the variance of their wealth

rises. For this reason, a well diversi�ed owner is more risk tolerant because she shares �rm-

speci�c risk across her portfolio (Obstfeld (1994) and Acemoglu and Zilibotti (1997)). The

literature refers to this mechanism as the "risk-sharing channel." Innovation is an important

type of risky investment that entails a high level of uncertainty and potentially high payo�s.

These risks are magni�ed when �rms venture into new technological areas.

Existing empirical studies have not directly examined the relationship between owner

diversi�cation and risky innovation and have not tested the risk-sharing channel. The liter-

ature connecting diversi�cation to �rm risk-taking often con�ates diversi�cation with other,

confounding features of ownership structure, such as ownership concentration. This litera-

ture does not focus on innovating �rms and only examines noisy, volatility-based measure of

riskiness, which only indirectly correspond to the risky investments emphasized in the theo-

retical literature. The empirical literature on innovating �rms and organizational structure
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focuses on innovation intensity and quality, rather than riskiness, and has paid little attention

to diversi�cation. Due to data limitations the existing literature studies non-representative

samples of �rms, with U.S. studies relying on publicly-listed �rms. Existing empirical studies

also rarely concern themselves with the aggregate implications of �rm-level �ndings.

In this paper, I tackle the gap in the empirical literature. I construct a unique dataset that

combines Moody's Bureau van Dijk (BvD) global ownership data for a sample of privately-

held and publicly-listed U.S. �rms with the Census Bureau's Longitudinal Business Database

(LBD), Compustat, and USPTO patenting data. The resulting data contain 38,000 �rm-

owner-year observations between 2007 and 2013, the majority of which belong to privately

held �rms. Using data from privately held �rms is important because until recently publicly

listed �rms have been the sole focus of research in the United States.

The newly constructed data set has several advantages. The BvD global ownership data

allow me to identify the ultimate owner of each �rm as the owner holding the largest fraction

of the �rm's equity in a particular year. For each owner-�rm pair, the ownership data also

help disentangle owner diversi�cation from other potentially confounding features of owner-

ship structure, such as ownership concentration. Owner diversi�cation captures how many

�rms an owner holds in her portfolio and ownership concentration captures the fraction of

equity she control in each of these �rms. Theory predicts that the positive relationship be-

tween diversi�cation and risky investment arises from risk-sharing. The relationship between

concentration and risky investment is ambiguous. On the one hand, closely held �rms may be

subject to fewer agency frictions, which incentivizes risk-taking (Jensen and Meckling (1976)

and Shleifer and Vishny (1986)). On the other hand, in closely held �rms owners extract

private bene�ts, which disincentivizes risk-taking (Fama and Jensen (1983), Holmstrom and

Costa (1986), and Hirshleifer and Thakor (1992)). Yet, owner diversi�cation and ownership

concentration are often con�ated in the literature because they are assumed to be strongly

negatively correlated, which is not borne out in the data. By distinguishing between the

two, I isolate the in�uence of owner diversi�cation.
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The Census Bureau �rm-level data provide information on important �rm life-cycle char-

acteristics including �rm age, employment, and industry. These allow me to control for

time-varying �rm characteristics that are simultaneously associated with risky innovation

and owner diversi�cation. Moreover, the data allow me to address sample selection directly.

Unlike other empirical studies, I identify dimensions along which the raw analysis sample

is not representative, construct sampling weights using logistic regression, and use these

weights in subsequent analysis. I therefore make inferences about the relationship between

diversi�cation and risky innovation for the representative patenting �rm in the United States

and about the importance of owner diversi�cation for sector-level outcomes.

The USPTO patenting data enable me to construct a direct measure of risky innovation

that improves upon the volatility-based measures of riskiness favored in the empirical litera-

ture. Following Akcigit et al. (2016), I �rst measure the technological distance between any

two patent classes, and then de�ne risky innovation as the average technological distance

between each �rm's new patents and its existing patent portfolio. I validate the measure of

riskiness by verifying that it is positively associated with revenue growth and volatility. A

10% increase in risky innovation is associated with a 0.6 percentage point increase in revenue

growth and a 0.2% increase in revenue growth volatility. I also augment the data with Com-

pustat in order to identify �rms that are publicly traded. Because innovation often requires

external �nancing, the publicly-listed status of �rms proxies for access to �nance.1

Using the merged data, I �rst document a strong statistically signi�cant positive relation-

ship between owner diversi�cation and risky innovation, after addressing sample selection,

including a rich set of industry-year �xed e�ects, and holding constant �rm life-cycle charac-

teristics, �nancial structure, prior risky patenting behavior, and other features of the �rm's

ownership structure. A one standard deviation increase in owner diversi�cation is associated

with a 5% increase in risky innovation. The results are robust to alternative measures of

1Recent studies (Asker et al. (2015) and Dinlersoz et al. (2018)) have found evidence that publicly-listed
�rms are less �nancially constrained than privately-held �rms.

3



both diversi�cation and risky innovation. In particular, the positive relationship holds when

diversi�cation is measured by the number of unique industries in which the owner is active,

and the degree to which activity is dispersed across these industries. The relationship also

holds when the risky innovation is measured as the distance between a �rm's new patents and

the owner's portfolio, which accounts for the possibility that when �rms innovate outside

of their area of expertise they innovate within their owner's area of expertise. This base-

line approach goes far in addressing selection on observables, but unobserved heterogeneity

precludes a causal interpretation.

Owner diversi�cation may be correlated with unobserved �rm characteristics, such as

a �rm's inherent riskiness. For instance, the baseline relationship can result from more

diversi�ed owners acquiring �rms with riskier pro�les, rather than diversi�ed ownership

incentivizing �rms to engage in riskier innovation. If this were the case, changes in owner di-

versi�cation should not be associated with changes in innovation behavior. First di�erences

control for the underlying risk pro�le of �rms, as well as other time-invariant �rm charac-

teristics. The �rst di�erence approach con�rms the positive relationship between changes in

owner diversi�cation and changes in risky innovation within �rms over time.

However, the �rst di�erence speci�cation does not account for inherent owner charac-

teristics. The existing literature emphasizes the importance of individual ability and past

experience as in�uencing entrepreneurial decisions. For instance, higher ability investors may

be better equipped to take advantage of both diversi�cation and innovation opportunities.

To rule out this possibility, I focus on the sub-sample of �rms that are held by the same

owner over the entire period. By focusing on this sub-sample in a �rst-di�erence estimation,

I also control for time invariant owner e�ects. I �nd that even after accounting for both

time invariant �rm and owner characteristics, higher owner diversi�cation leads to riskier

innovation. This relationship can be interpreted as causal if owner diversi�cation and the

remaining unobserved time-varying �rm and owner characteristics that are summarized in

the error term are orthogonal.
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An alternative interpretation of the positive relationship is that it arises from more risky

innovation incentivizing owners to diversify in order to o�set the increased risk they face.

First, while possible, it is unlikely that the innovation decisions of �rms are the sole reason

owners acquire or sell other �rms in their portfolio. Second, to formally address this story

of reverse causality, I focus on a balanced sample of �rms that are held by the same owner

throughout the period, calculate changes in risky innovation and other time varying �rm-

level controls over a three year horizon, and measure owner diversi�cation and ownership

concentration at the beginning of the period. The initial conditions speci�cation con�rms

that changes in risky innovation are higher among �rms held by initially more diversi�ed

owners than among those held by initially less diversi�ed owners. This speci�cation con-

trols for time varying and time invariant �rm characteristics, and shuts down the dynamics

feedback from riskier innovation leading to higher owner diversi�cation.

The �rst di�erence and initial conditions speci�cations are complementary. The �rst

di�erence speci�cation shows that the relationship between owner diversi�cation and risky

innovation is not driven by time invariant �rm and owner characteristics. The initial condi-

tions speci�cation shows that the positive relationship persists when the feedback from risky

innovation to owner diversi�cation is shut down. Even in the presence of remaining questions

regarding the identifying assumptions, my paper documents new �ndings about the relation-

ship between owner diversi�cation and risky innovation among U.S. �rms. These �ndings

highlight the role of owner diversi�cation in facilitating risky innovation, and provide a

springboard for studying whether this relationship is consistent with theories of risk-sharing,

and whether it survives aggregation and has implications for sector-level outcomes.

Theory suggests that the mechanism underlying the positive relationship between diversi-

�cation and risky-innovation is risk-sharing. I evaluate this mechanism by taking advantage

of variation in owner types. Owners can be classi�ed as individuals, companies, or insti-

tutional owners (mutual funds, pension funds, etc.). Individual owners are relatively more

exposed to the risk arising from �rm-level innovation decisions than companies due to the
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limited liability of the latter, and institutional owners are least exposed since they manage

portfolios on behalf of other investors. Consistent with the risk-sharing mechanism, I �nd

that the relationship between diversi�cation and risky innovation is strongest for �rms held

by individual owners.

I test whether the positive �rm-level relationship between owner diversi�cation and risky

innovation has aggregate implications by exploiting cross-sector variation in diversi�cation,

innovation, and revenue. For each sector, I calculate average owner diversi�cation, average

risky innovation, total risky innovation, total revenue, and revenue growth in each year.

Sectors characterized by higher diversi�cation are characterized by higher average and total

risky innovation, total revenue, and revenue growth. The results are robust to the inclu-

sion of �xed e�ects that neutralize the e�ects of aggregate conditions and industry-speci�c

di�erences in diversi�cation and outcomes. In particular, a 10% increase in sector-level di-

versi�cation is associated with 4.4% more risky innovation, 1.2% higher total revenue, and

0.3 percentage point higher revenue growth rate.

My empirical �ndings show that diversi�cation facilitates risky innovation. Yet, the en-

dogenous growth and �rm dynamics theoretical literatures leave no role for the risk-sharing

channel that underpins the observed relationship. The endogenous growth literature features

�rms that hold a portfolio of products, but the commonly imposed risk-neutrality assumption

leaves no role for risk-sharing. Meanwhile, the �rm dynamics and experimentation literature

features risk averse agents, but does not allow owners to control more than one �rm, leaving

no opportunity for diversi�cation.

To rationalize my empirical �ndings and highlight the model ingredients needed to acti-

vate the risk-sharing channel, I construct a stylized, static, single-agent model featuring risk

averse owners, who can hold multiple �rms, and face risk arising from investment decisions.

More speci�cally, risk averse owners di�er in their degree of diversi�cation. Each owner

chooses how much productivity-enhancing investment to undertake in her portfolio of �rms.

Critically, the outcome of this investment is uncertain and uncorrelated across �rms. With
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some probability the investment is successful and contributes positively to productivity. If

the investment is unsuccessful, productivity declines. Higher investment is associated with

higher returns in when investment is successful, but also with a larger gap between success

and failure. Because success is uncorrelated across �rms, owners �nd safety in variety. An

owner holding more �rms shares idiosyncratic risk across her portfolio and chooses riskier

investment. The model also highlights the relevance of owner diversi�cation in high uncer-

tainty environments. Intuitively, as the probability of success approaches one, the investment

decisions of more and less diversi�ed owners converge since the bene�ts of risk-sharing decline

as investment outcomes become more certain. I verify that diversi�cation has qualitative

implications for aggregate outcomes by conducting a simple partial equilibrium aggregation

exercise. By comparing the investment and output of of sectors composed of �rms held by

owners with di�erent degrees of diversi�cation, I show that sectors characterized by higher

diversi�cation feature higher investment and output.

The remainder of this paper is organized as follows. Section 2 discusses this the existing

literature. Section 3 describes the data and variable construction. Section 4 discusses the em-

pirical approach and reports results. Section 5 describes the stylized model and implications.

Section 6 concludes.

2 Literature

This paper contributes to two strands of the empirical literature. The �rst strand exam-

ines whether ownership structure in�uences �rm risk-taking and �nds mixed evidence. This

literature measures �rm risk as the volatility of stock prices or operating revenue. As a con-

sequence, the literature cannot disentangle the speci�c types of risky investment strategies

�rms engage in, such as innovation. The mixed results highlight the importance of addressing

sample selection and distinguishing between di�erent features of ownership structure. Wright

et al. (1996) and John et al. (2008) focus on ownership concentration and �nd no signi�cant
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relationship with risk-taking among publicly-listed U.S. �rms when concentration is mea-

sured by the presence of large blockholders or the equity stake of owners. Paligorova (2010)

also measures concentration as fraction of equity controlled by the owner, but documents

a positive relationship in a global sample of public and private �rms. Sraer and Thesmar

(2007) proxy for concentration and �nd that family owned �rms outperform �rms with more

disperse ownership. Anderson and Reeb (2003) also analyze family ownership but consider it

a proxy for low diversi�cation and �nd it to be associated with higher operating risk. Other

studies use alternative proxies for diversi�cation and document a positive relationship with

riskiness. These include Thesmar and Thoenig (2011) who distinguish between diversi�ed

listed and undiversi�ed private �rms; Kalemli-Ozcan et al. (2014) who proxy diversi�cation

with foreign ownenrship; and Faccio et al. (2011) and Lyandres et al. (2018) who measure

diversi�cation as the number of �rms held by the owner.2 I confront the limitations of this

literature by measuring ownership concentration and owner diversi�cation separately, similar

to Faccio et al. (2011) and Lyandres et al. (2018) and addressing sample selection directly

using the LBD. I further contribute by focusing on the important, but understudied subset

of innovating �rms, and moving beyond indirect volatility-based measures of �rm risk.

A second strand of empirical literature evaluates the relationship between organizational

structure and innovation, but rarely emphasizes diversi�cation or risk-taking. Several papers

study venture capital funding. Kortum and Lerner (2000), Tian and Wang (2014), Bernstein

et al. (2016), and Akcigit et al. (2018) �nd that VC funding is associated with more and higher

quality patenting by funded �rms. Others focus on private equity investment. Hall (1990)

�nds that leveraged buyouts (LBDOs) have little impact on innovation. Lichtenberg and

Siegel (1990) and Lerner et al. (2011) document a positive relationship between LBOs, R&D

expenditure, and patent quality. A couple focus on �rms' listed status. Bernstein (2015)

�nds that �rms shift towards acquiring new technologies following their IPO; and Phillips

and Sertsios (2017) �nds that innovation in public �rms is more responsive to changes in

2As in Thesmar and Thoenig (2011), Davis et al. (2006) document similar di�erences in the volatility of
private and listed �rms for the United States without linking the �ndings directly to owner diversi�cation.
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�nancing. Several papers focus on institutional ownership. Francis and Smith (1995), Eng

and Shackell (2001), and Aghion et al. (2013) �nd that institutional ownership is associated

with higher R&D investment and productivity. Yet, none study owner diversi�cation. I

focus on the role of diversi�cation in in�uencing the innovation decisions of �rms, and move

beyond the measures of R&D expenditure and e�ciency and patenting intensity and quality

favored in the literature by emphasizing risky innovation.

This paper also advances the theoretical literature. My empirical results highlight a role

for owner diversi�cation in facilitating risky innovation. Existing models of endogenous

growth and �rms dynamics leave little room for the risk-sharing channel. Recent research in

the endogenous growth literature focuses on the importance of incumbent innovation (Ace-

moglu and Cao (2015), di�erences in innovative capacity (Acemoglu et al. (forthcoming) and

Ates and Sa�e (2016)), and drivers of heterogeneous innovation (Akcigit and Kerr (2018)

and Acemoglu et al. (2017)).3 Small �rms (Akcigit and Kerr (2018)) and those open to

disruption (Acemoglu et al. (2017)) are more likely to undertake radical innovations. The

�rms in this literature are characterized by a portfolio of products and are assumed to be risk

neutral, which leaves no role for risk-sharing. In the �rm dynamics literature, Vereshchagina

and Hopenhayn (2009) show that poor risk-averse entrepreneurs choose to undertake risky

projects. In Choi (2017) risk-averse entrepreneurs with higher outside options in paid em-

ployment engage in riskier activities. And Celik and Tian (2018) emphasize better corporate

governance and incentivized CEO contracts as drivers of disruptive innovation. Although

the entrepreneurs in this literature are risk-averse, because they own only one �rm there

is no role for diversi�cation. The stylized model described in section 5 contributes to this

literature. It incorporates risk-averse owners who can hold multiple �rms and make risky in-

vestment decisions. The model rationalizes the positive relationship between diversi�cation

and risky innovation documented in the data.

3The recent literature builds o� work of Grossman and Helpman (1991), Aghion and Howitt (1992),Ko-
rtum (1997), Howitt (1999), and Aghion et al. (2001), Klette and Kortum (2004), and Lentz and Mortensen
(2008). The recent literature also builds o� the in�uential research by Romer (1986), Romer (1990), and
Jones (1995) in which growth arises from expanding varieties.
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3 Data and Measurement

3.1 Data set construction

To study the importance of the risk-sharing channel for innovation among U.S. �rms, I

construct a new data set and test whether �rms held by more diversi�ed owners engage in

riskier patenting. I combine the LBD from the U.S. Census Bureau with ownership data from

Moody's Bureau van Dijk (BvD), patenting data from the USPTO, and �rms' publicly listed

status from Compustat. These four data sources are combined using employer identi�cation

numbers (EINs) and probabilistic name and address matching.4

The Longitudinal Business Database (LBD) tracks all non-farm private businesses with at

least one paid employee from 1976 through 2015. A business (or establishment) corresponds

to the physical location where business activity occurs. Establishments that are operated

by the same entity, identi�ed through the Economic Census and the Company Organization

Survey, are grouped under a common �rm identi�er. Firm size is measured by total �rm-

level employment. Firm age is based on the age of the oldest establishment of the �rm when

the �rm is �rst observed in the data.5 Industry of operation is based on the NAICS code

associated with the highest level of employment.6 Firm revenue is measured in constant

USD, where the GDP Implicit Price De�ator is used to convert nominal to real values.7

Ownership data are obtained from Moody's BvD global historical data and span 2007

through 2016. Information on �rms and their owners are gathered from a variety of sources

including o�cial registers, regulators, annual reports, company websites, and correspon-

dences. As a consequence of regulations, in the United States much of the data derive from

4For this paper, I match LBD records with BvD records. The match between LBD and Compustat
was generated as a part of Dinlersoz et al. (2018). The match between LBD and USPTO data was kindly
provided by Nikolas Zolas from the U.S. Census Bureau.

5Based on this de�nition, all existing �rms in 1976 (when the data series begins) are classi�ed as age 0
in that year. This results in left-censoring of the age variable. In regression analysis, I include a dummy
variable that identi�es left-censored �rms.

6NAICS codes are based on time-consistent industry classi�cations developed in Fort and Klimek (2018).
7For information on the construction of the revenue variable, see Haltiwanger et al. (2017).
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SEC �lings. If a public or private company registers its equity securities under the Exchange

Act, then any shareholder who holds 5% of shares or more is required to �le bene�cial owner-

ship reports as long as their holdings remain at or above 5%. The �lings contain information

on the shareholder and her future investment intentions.8 The data therefore primarily in-

clude shareholders with at least 5% equity stake in the �rm. In this paper, I focus on the

characteristics of �rms' largest owner(s) so not observing shareholders controlling less than

5% of the �rm does not present a challenge.

For each �rm in a particular year, the data contain a list of owners, their country of origin,

owner type (individual, industrial company, bank, mutual fund, etc.), fraction of equity

controlled (used to measure ownership concentration), and type of relationship (immediate

shareholder, domestic ultimate owner, global ultimate owner, etc.). I focus on U.S. �rms

and their owners (both domestic and foreign), but the BvD data has global coverage of

over 150 countries. Existing empirical literature emphasizes the importance the largest

shareholders for �rm outcomes (Faccio et al. (2011), Paligorova (2010)). I therefore focus

on the characteristics of the shareholder(s) who BvD identi�es as the global ultimate owner

with at least 25% equity stake. More speci�cally, in a given year BvD identi�es this global

ultimate owner(s) as the domestic or foreign shareholder who controls the largest fraction of

the �rm's equity. The 25% threshold helps exclude cases where the ultimate owner is unlikely

to have in�uence over the �rm's decisions because of her low equity stake. For this ultimate

owner, I directly observe the level of ownership concentration in the �rm and use the global

nature of the BvD data to track her level of diversi�cation. In some cases, BvD identi�es

multiple shareholders as global ultimate owners in one �rm in the same year. This arises

in cases of joint ownership. If BvD identi�es multiple global ultimate owners, I keep those

owners that have an equity stake in the ballpark of 50% (between 40% and 60% equity). In

these cases, I track the owner diversi�cation and ownership concentration of multiple owners

for the same �rm. I use the global nature of the data to construct owner diversi�cation,

8Information on reporting requirements associated with ownership can be found at the SEC website
(link).
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which measures the total number of �rms held globally by an owner in a particular year.

The BvD data also contain the EIN, �rm name, street address, city, state and zip code for

�rms in the sample.9 This additional information is used in linking BvD data to the LBD.

I augment the LBD-BvD linked data with two additional sources. Patenting data are

obtained from PatentsView, which is derived from USPTO data �les between 1976 and

2015. These data contain patent-level information including application and grant dates,

assigned technology class, number of citations made to and received from other patents,

and the name and address of assignees.10 PatentsView also provides citation level data

that identi�es the individual patents cited in each patent application. I link the LBD-BvD-

USPTO data with Compustat to track the publicly listed status of �rms in the sample.11

S&P's Compustat derives from quarterly and annual �nancial reports �led by publicly listed

companies. Several recent papers (Farre-Mensa and Ljungqvist (2016) and Dinlersoz et al.

(2018)) �nd that listed �rms are less �nancially constrained than privates ones. I therefore

use a �rm's publicly listed status to proxy for access to �nance.

The linked data contain both patenting and non-patenting �rms. The full data span 2007

through 2013 and contain information on approximately 91,000 U.S. �rms and 92,000 owners.

There are more owners than �rms because some �rms are jointly owned. The full data contain

approximately 174,000 observations at the �rm-owner-year level that account for about 25%

of U.S. employment, 30% of payroll and 35% of revenue. I focus on patenting �rms in the

LBD-BvD-USPTO-Compusat linked data, of which there are about 10,000 unique �rms, 80%

of which are privately held. The analysis sample contains a total of 38,000 �rm-owner-year

observations between 2007 and 2013. Approximately 28,000 of these observations belong

to �rms held by corporate owners, 6,500 by individual owners, and 3,500 by institutional

owners. Eighty percent of these observations are linked using either the EIN or the �rm's

9The full set of information � EIN, name, address, city, state and zip code � is not available for every
�rm. I use whatever information is available for a �rm in the linking procedure. The matching procedure is
described in appendix A.

10These data were linked to LBD using name and address matching by Nikolas Zolas.
11The bridge between LBD and Compustat for 2002-2013 was created as part of Dinlersoz et al. (2018).
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name and full address information12.

3.2 Addressing selection

These 38,000 �rm-owner-year observations constitute a sub-sample of patenting �rms in the

United States. Table 1 shows that �rms in the analysis sample are large and old, with

average employment above 9,000 and an average age of nearly 30. They have a patent stock

exceeding 900 patents. They are held by quite diversi�ed owners, who on average hold

over 100 �rms in their portfolio. And on average, ultimate owners control nearly 75% of a

�rm's equity. The average �rm in the sample is therefore closely-held by a well-diversi�ed

owner. From the summary statistics alone, it is apparent that the raw sample is likely not

representative.

To further explore this issue, �gure 1 plots the �rm age and size distribution of patenting

�rms in the LBD and analysis sample. The x-axis of the left �gure contains age bins ranging

from 0 − 5 to > 25. The blue bar represents the fraction of patenting �rms in the LBD

in each age bin, and the grey bar represents the fraction of �rms in the analysis sample

in each age bin. In the right �gure instead of age, the x-axis contains employment bins

ranging from 1− 19 employees to ≥ 500 employees. Figure 1 shows that the analysis sample

overrepresents the oldest and largest �rms. The sample is also not representative along other

dimensions, including employment growth and industry composition. Non-representativeness

points to sample selection, which is a concern if the strength of the relationship between

diversi�cation and risky innovation varies systematically with these observables. Without

addressing sample selection, I cannot ascertain the importance of diversi�cation for risky

innovation for the average patenting �rm in the U.S. economy, or make inferences about the

aggregate implications of the �rm-level relationship.

12The linking procedure entails 10 matching criteria. The �rst three criteria provide the highest quality
matches. These criteria are 1) EIN, 2) �rm name, street address, and zip code, and 3) �rm name, city, state
and zip code. 80% of analysis sample matches are made using one of these three.
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An advantage of linking ownership and patenting data to the LBD is that I can address

sample selection directly. I focus on all patenting �rms in the LBD and create an indicator

variable equal to one if the �rm (indexed by i) is also in the analysis sample. This indicator

variable is the dependent variable of a logistic regression that controls for �rm size (ln(empi)),

�rm age (agei), employment growth rate (EGi), sector (γs), and an indicator for the oldest

�rms that is equal to one if the �rm is 16 years or older (DA16):

Oi = α + β1 ln(empi) + β1agei + β3DA16i + β4EGi + γs + εit (1)

Because �rms in the data enter and exit the sample throughout the period, the logistic

regression is run separately for each year. I use the inverse of the propensity scores from the

regression to re-weight the data in subsequent analysis.

Figure 2, adds a bar to the the �rm age and size distributions shown in �gure 1. The

light blue bars in the left and right panels of �gure 2 represent the reweighted analysis

data. After applying the propensity weights, the distributions of both �rm age and size

are near the distributions observed for patenting �rms in the LBD. By using propensity

weights in subsequent analysis, I can make statements about the relationship between risky

innovation and owner diversi�cation for the average patenting �rm in the economy, and

ascertain whether the �rm-level relationship has aggregate implications.

3.3 Variable construction

Several variables are directly derived from the LBD, PatentsView, and Compustat. From

the LBD, I obtain �rm-level employment, revenue, age, and industry. Using PatentsView, I

measure the patent stock (stock) of a �rm in a particular year as the total number of patents

it has been granted up to that point. With Compustat, I identify �rms that are publicly

listed, and use their listed status (listed) to proxy for access to �nance. In addition to these

variables, I construct variables measuring key features of ownership structure using Moody's
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BvD and risky innovation using PatentsView.

3.3.1 Ownership variables

Using Moody's BvD, I measure four distinct features of a �rm's ownership structure � foreign

ownership, owner type, ownership concentration, and owner diversi�cation. For each �rm

in each year, I �rst identify the global ultimate owner (GUO). The GUO is the domestic or

foreign owner holding the largest equity share in a �rm. When BvD identi�es multiple global

ultimate owners for the same �rm in a year, I keep the owners who have between 40% and

60% equity stake in the �rm and track their characteristics separately. When this occurs,

one �rm will be associated with multiple owners in a particular year. BvD assigns each

owner a unique, time-invariant identi�er, the �rst two digits of which identify the owner's

country. Using this information, I construct a discrete variable equal to one if the owner is

located outside of the U.S. (foreign). Controlling for foreign ownership is important because

foreign owners may have a preference for innovating in their domestic market and are subject

to foreign aggregate or sectoral shocks that will not be absorbed in the industry-year �xed

e�ects.

Several types of owners appear in the BvD ownership data, including individuals, indus-

trial companies, banks, mutual funds, pension funds, and others. The reason ownership is

not always traced down to the individual is that data are collected from o�cial �lings. In

these �lings if an investor sets up a holding company, her name does not appear as the owner

of the individual �rms in her portfolio. I group owner types into two broad categories � in-

dividual and company. The company category can be further broken down into industrial

company and institutional investor. These owner types are di�erentially exposed to �rm-

speci�c risk. Individual owners listed in o�cial documents are most exposed. Industrial

companies provide limited liability to their owners, which reduces their exposure to risk.

Institutional investors manage portfolios on behalf of investors and are therefore are least

exposed to risk.
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For each owner, I construct a measure of owner diversi�cation in each year. For each

owner-�rm pair, I construct a measure of ownership concentration in each year. Although

these measures are often con�ated in the literature, they are both conceptually and empiri-

cally distinct.13 It is therefore important to measure them separately. Owner diversi�cation

is measured as the total number of �rms an owner controls globally in a particular year.

Global holdings are measured using data from over 150 countries covered by BvD. If the

owner holds only one �rm, then he is undiversi�ed relative to an owner holding 100 �rms.

Ownership concentration measures the percent of equity held by the ultimate owner in a

particular �rm. If the GUO controls 100% of equity, then the �rm is closely held. If instead

the GUO controls only 33%, then ownership is more dispersed since the remaining 67% of

equity must be spread across other owners who each control less than 33% of equity.

The distributions of owner diversi�cation and ownership concentration are shown in �gure

3.14 The left panel shows that the distribution of log owner diversi�cation is very skewed and

concentrated at low levels. The peak of the owner diversi�cation distribution corresponds

to an owner holding between �ve and six �rms. Yet, some owners in the data hold over

a hundred �rms in their portfolio. In the right panel, ownership concentration is bimodal.

Many �rms are jointly owned and many �rms are closely held.

3.3.2 Risky innovation

The patent-based measure of risky innovation used in this paper coincides closely with the

�nance and management literatures' notion of risky investment. In these literature, engaging

in activities outside a �rm's core business is considered risky because these types of invest-

ments are associated with higher and more uncertain returns. Following Akcigit et al. (2016),

I de�ne risky innovation as the technological propinquity between an individual patent and a

�rm's patent portfolio, and validate this measure by verifying that it is positively correlated

13In the analysis sample, the correlation between diversi�cation and concentration is only -0.03.
14Note that the �gures are for the full data, not just the patenting sub-sample. This was done to facilitate

disclosure and because these �gures primarily serve an illustrative purpose.
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with growth and volatility.

The measure is constructed in two stages. In the �rst stage, I use the citation-level data

to calculate technological distance between any two patent classes (X and Y ) as 1 minus the

number of patents that cite both X and Y over the number of patents that cite either X or

Y (dT (X, Y ) = 1− #(X∩Y )
#(X∪Y )

). Each patent is assigned an International Patent Classi�cation

(IPC) code. The IPC is a hierarchical system that classi�es patents based on the technology

areas to which they pertain. One technology area is Human Necessities, under which there

are several 3-digit classes, including Agriculture (A01), Baking (A21), and Footware (A43).

Consider a hypothetical example in which the technological distance between A01 and A43

is calculated. The number patents that cite either A01 and A43 is determined, as well as

the number of these patents that cite both A01 and A43. In this hypothetical example, if

the �rst is 100 and the second 10, then dT (A01, A43) = 1− 10
100

= 0.90.

In the second stage, I calculate the average distance between each new patent p and

�rm f ′s patent portfolio: dP (p, f) = 1
||Pf ||

∑
p′εPf

(Xp, Yp′). Suppose there is a �rm that

currently holds 10 patents, all of which belong in Computing (G06). Today, that �rm

applies for two patents, one in Computing (G06) and another in Aviation (B64). Suppose

that dT (G06, B64) = 1. The distance between the �rst patent in G06 and the �rm's patent

portfolio is zero, and the distance between the second patent in B64 and the portfolio is one.

The measure of risky innovation at the �rm-year level is the sum of the distances (dP (p, f))

calculated for each new patent p, �led by �rm f in a particular year. In the example above,

the unadjusted number of new patents is two, but the risk-weighted patent count (RWP )

is only one. To take into account that innovation is slow moving, I consider the past three

years of �rm patenting in calculating the risk-weighted patent count for a particular year.

The assumption underlying the risk-weighted patent count is that innovating outside of

their existing areas of technological expertise is risky for �rms. Instead, this type of patenting

could be part of a �rm's diversi�cation strategy. To validate the underlying assumption and

rule out the diversi�cation story, I test whether thee risk-weighted patent count is positively
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associated with growth and volatility. If the diversi�cation story were true, risk-weighted

patent count and volatility would be negatively related.

I �rst measure �rm-level growth and volatility. The DHS revenue growth rate is de�ned

as RGit = Rit−Rit−1

0.5(Rit+Rit+1)
. Following Kalemli-Ozcan et al. (2014), revenue growth volatility

(V OLit) is measured using a regression-based framework. The following regression is esti-

mated:

RGit = φi + γst + νit (2)

where φi is �rm �xed e�ects and γst is industry-year �xed e�ects. Revenue growth volatility

(V OLit) is calculated as ν2
it, which captures how much revenue growth di�ers from the

average growth (across all �rms) in a particular sector and year st, and from average growth

(over time) for a particular �rm i. I then estimate the following regression:

Yit =α + φ1 log(RWPit−1) + β1 log(stockit−1) + β2 log(ageit−1)+

β3 log(reveneueit−1) + β4PUBLICit + γst + εit

(3)

where Yit stands in for the dependent variable. In particular, equation 3 regresses revenue

growth rate (RGit) and revenue growth volatility (log(V OLit) of �rm i in period t on lagged

risk-weighted patenting (log(RWPit−1)), lagged patent stock (log(stockit−1)), lagged �rm age

(log(ageit−1)), lagged �rm revenue (log(reveneueit−1)), a dummy variable indicating whether

the �rm is publicly listed (PUBLICit), and 4-digit industry-year �xed e�ects.

The �rst column of table 2 report the results for revenue growth and second column for

revenue growth volatility. The results verify that risk-weighted patent count satis�es the

criteria for risky investment since it is positively associated with both growth and volatility.

Before moving to more formal analysis, it is useful to evaluate the simple bivariate rela-

tionship between risky innovation and owner diversi�cation. In Figure 4, �rms are separated

into those held by owners with high (solid line) and low (dashed line) levels of diversi�cation

and the distribution of log RWP is plotted for each type. The di�erences in risky innovation
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are striking. Firms held by more diversi�ed owners engage in far riskier patenting than �rms

held by less diversi�ed owners. Section 4 test whether the positive relationship between

owner diversi�cation and risky innovation holds under more formal analysis.

3.3.3 Descriptive statistics

The summary statistics of key �rm-level variables are reported in table 3. The �rst two

columns report raw means and standard deviations and the last two columns report the

summary statistics using sampling weights. The average employment of the weighted sample

is above 1,500 employees and the average �rm age is 21 years. These statistics re�ect that

patenting �rms tend to be older and larger than non-patenting �rms in the economy, which

is consistent with the �ndings of Graham et al. (2015). The average patent stock is nearly

200 patents and the average number of risk-weighted patents is three, but the large standard

deviations associated with both variables indicate a high degree of variation across �rms.

The average degree of diversi�cation is large, with an owner holding around 76 �rms, but as

the left panel of �gure 3 shows, the distribution of diversi�cation is very skewed.

3.3.4 Sector-level variables

For the sector-level analysis, I exploit variation across 2-digit NAICS codes over time. My

measure of sector-level diversi�cation (DIVst) is the weighted average owner diversi�cation

of sector s in period t. More formally, DIVst = Σot (diversificationot × weightot), where

diversificationot is the diversi�cation of owner o that holds �rms in sector s in year t;

and weightot = (Σit employmentit×pwit)/EMPst, where employmentit is the employment of �rms

held by owner o in period t, pwit is their propensity weight, and EMPst is total propensity

weighted employment of sector s in period t.

I correlate sector-level diversi�cation with several sector-level outcome variables. The �rst

is weighted average risky patenting (RWPst), which is measured as ARWPst = Σit(RWPit×
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weightit), where RWPit is the risk-weighted patent count of �rm i in sector s in period t,

and weightit = (employmentit×pwit)/EMPst. The second is total risky patenting (TRWPst),

which is calculated as the sum of risk-weighted patent count across all �rms i in a sector

s in period t. More formally, TRWPst = ΣitRWIit. The third is total revenue, which

is calculated as the sum of revenue across all �rms i in a sector s in period t. Formally,

Trevenuest = Σit revenueit. The �nal outcome variable is organic revenue growth, which is

measured as RGst = Σit (RGit × weightit).

4 Empirical Analysis

I begin by evaluating the �rm-level relationship between owner diversi�cation and risky

innovation. I then examine whether there is evidence of the risk-sharing channel, and explore

whether the �rm-level relationship has implications for sector-level outcomes.

4.1 Baseline results

I now turn to the central question of the paper, do �rms held by more diversi�ed owners

engage in riskier innovation? The baseline speci�cation estimates:

log(RWPiot) =α + λ1 log(diversificationot) + λ2concentrationiot+

γ1 log(employmentit) + γ2 log(ageit) + γ3 log(stockit) + γ4 log(pasti)+

γ5listedit + γ6foreigno + γ7LCi + ηst + εiot

(4)

Each �rm i is held by owner o in period t. The dependent variable in equation 4 is risk-

weighted patenting (log(RWPit)) and is measured at the �rm-year level (it). The variable

of interest is owner diversi�cation (log(diversificationot) and is measured at the owner-year

level (ot). Theory predicts that due to risk-sharing, the coe�cient λ1 should to be positive.

The speci�cation distinguishes diversi�cation from two other features of ownership structure
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� foreign ownership (foreigno), which is measured at the owner level, and ownership con-

centration (concentrationiot), which is measured at the �rm-owner-year level. Depending on

whether higher concentration lowers agency con�ict or raises the private bene�ts of control,

the coe�cient λ2 may be positive or negative. Controlling for foreign ownership accounts

for potential di�erences in preferences of foreign investors and for shocks not absorbed in

industry-year �xed e�ects.15

The speci�cation controls for important time-varying �rm characteristics that may be

simultaneously correlated with risky patenting and owner diversi�cation, including employ-

ment (log(employmentit)), age (log(ageit), and patent stock (log(stockit). The time-varying

discrete variable (listedit) denotes whether a �rms is actively publicly listed and proxies for

access to �nance.16. The time-invariant dummy variable LCi is included to control for left-

censoring of the �rm age variable.17 The inclusion of industry-year �xed e�ect (ηst) controls

for cross-sectoral variation in patenting and ownership structure.

A potential concern is that the cross-sectional relationship between risky innovation and

diversi�cation will be driven by the endogeneity of these variables. In particular, the inherent

riskiness of a �rm may determine the type of owner it is held by. To account for this

possibility, I construct a time-invariant �rm-level variable that captures the average riskiness

of innovation during a �rm's �rst �ve years of patenting (log(pasti)). The variable proxies

for underlying unobserved �rm heterogeneity. It is constructed using USPTO patenting

data dating back to 1976. I focus on the �rst �ve years of patenting because the �rm

dynamics literature has emphasized the importance of early �rm characteristics in explaining

subsequent outcomes (Schoar (2010), Hurst and Pugsley (2011), Guzman and Stern (2016),

Choi (2017), and others).

15The coe�cient on foreign is suppressed from output.
16Recent research �nds evidence that listed �rms are less �nancially constrained than private ones. See

Farre-Mensa and Ljungqvist (2016) and Dinlersoz et al. (2018) for the U.S. and Faccio et al. (2011) for
Europe.

17The LBD tracks �rms from 1976 onward and �rm age is calculated based on the year in which the �rm's
oldest establishment is �rst observed in the data. As a result, the �rm age of the oldest �rms is left-censored.
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Table 4 reports the results of the baseline speci�cation. The �rst column shows that

when introduced together and without sampling weights, owner diversi�cation and ownership

concentration are both positively associated with risky innovation. Consistent with the

risk-sharing story, there is a signi�cant positive relationship between diversi�cation and

risky innovation. The positive relationship between concentration and risky innovation is

consistent with higher concentration lowering agency frictions and incentivizing risk-taking.

The positive coe�cient on employment suggests that all things equal, larger �rms have more

resources and organizational capacity to undertake risky patenting. The positive coe�cient

on patent stock suggests that all things equal, �rms with more patenting experience are

better equipped to apply their existing expertise in new technological areas. The negative

coe�cient on age suggests that all things equal, younger �rms are more dynamic and willing

to undertake risky patenting. This last result is consistent with the insights of the �rm

dynamics literature that young �rms are engines of growth and innovation.

Before introducing sampling weights in columns (3) through (7), I explore whether the

relationship between diversi�cation and risky innovation varies systematically across �rm

types. I start with the speci�cation in column (1) and introduce interaction terms between

owner diversi�cation and ownership concentration and �rm size and age. Recall that the

unweighted analysis sample over-represents old and large �rms. Sampling weights therefore

assign relatively more weight to observations belonging to young and small �rms. The re-

sults in column (2) indicate that reweighting towards younger �rms is critical. Reweighting

towards small �rms strengthens the relationship between concentration and risky innovation

and weakens it between diversi�cation and risky innovation. Reweighting towards young

�rms weakens the relationship between concentration and risky innovation and strengthens

it between diversi�cation and risky innovation. The weighted version the speci�cation in

column (1) is reported in column (6). The result indicates that the latter e�ect (reweighting

towards young �rms) dominates the former e�ect (reweighting towards small �rms). These

results highlight the fact that sample selection bias matters, and that it is important to inves-
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tigate the various dimensions along which a sample is not representative. In the remainder

of the analysis, sampling weights are used to address sample selection bias.

Columns (3) through (7) introduce di�erent control variables to highlight how their inclu-

sion impacts the core relationship between diversi�cation and risky innovation. All results

in columns (3) through (7) include sampling weights and 4-digit industry-year �xed e�ects.

Without controlling for any other ownership structure, �rm lifecycle or �nancial structure

variables, column (3) highlights the strong positive relationship between diversi�cation and

risky innovation. The inclusion of ownership concentration in column (4), which itself is neg-

atively correlated with risky innovation, has little e�ect on the coe�cient on diversi�cation.

This results from the low correlation (-0.03) between owner diversi�cation and ownership

concentration. The inclusion of �rm age and employment in column (5) and patent stock,

listed status, and foreign ownership in column (6) attenuates the relationship between diver-

si�cation and risky innovation, though it remains positive and signi�cant. This attenuation

occurs because in the naive speci�cations that omit these controls, the relationship between

these variables and risky innovation is attributed to diversi�cation.

The result reported in column (7) serves as my baseline. This speci�cation controls

for ownership concentration, foreign ownership and time-varying �rm characteristics, and it

veri�es that the signi�cant positive coe�cient on diversi�cation is not driven by inherent �rm

heterogeneity by introducing a control for past risky patenting. Owner diversi�cation remains

positive and signi�cant (and ownership concentration remains insigni�cant), but its e�ect

is attenuated relative to column (6). The result con�rms that inherent �rm heterogeneity,

particularly underlying risk pro�le, does in�uence ownership structure, but alone cannot

fully explain the relationship between diversi�cation and risky innovation. In this preferred

baseline speci�cation, a one standard deviation increase in owner diversi�cation is associated

with an approximately 5% increase in risky innovation.
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4.2 First di�erences

The baseline speci�cation corrects for sample selection bias and introduces a rich set of con-

trols that go a long way in addressing selection on observables, but unobserved heterogeneity

precludes a causal interpretation. In particular, the baseline speci�cation controls for impor-

tant time-varying �rm characteristics (employment, age, patent stock, and access to �nance),

a time-varying �rm-owner characteristic (ownership concentration), a time-invariant owner

characteristic (foreign owner), and time-invariant �rm characteristics (past risky patenting

and left-censoring). Yet, controlling for a �rm's past risky patenting does not account for all

of the inherent �rm characteristics that may in�uence risk-taking and make �rms attractive

to particular types of owners. Therefore, the positive relationship between diversi�cation and

risky patenting may still arise from more diversi�ed owners acquiring riskier �rms, rather

than incentivizing them to engage in riskier innovation. If the positive relationship was en-

tirely driven by this story, then changes in owner diversi�cation should not be associated

with changes in �rms' innovation behavior.

In the absence of an instrument or exogenous shock to ownership structure during the

2007 through 2013 period, I exploit within-�rm variation to directly test whether changes

in diversi�cation and/or concentration are associated with changes in risky innovation. In

particular, I exploit variation in risky patenting and ownership structure within �rms over

time using a �rst-di�erence speci�cation. Because ownership structure evolves slowly, I

focus on a sub-sample of �rms observed for the majority of the sample period (5 years

or more) to ensure I have su�cient variation in owner diversi�cation and/or ownership

concentration to make inference. As in the baseline speci�c it is important to control for

ownership concentration to isolate the role of diversi�cation.

Figure 5 documents the distribution of annual within-�rm changes in diversi�cation and

concentration among �rms observed for 5 years or more. In the left panel changes in diversi-

�cation are categorized into seven bins and in the right right panel changes in concentration
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are categorized into three bins. The height of each bar is the fraction of observations that

fall into each bin. The results indicate that owner diversi�cation (left panel) is subject to

more change than ownership concentration (right panel). While ownership concentration is

extremely persistent, with over 80% of observations experiencing no change in this measure,

ownership diversi�cation is subject to more �uctuations. If changes in ownership structure

are associated with changes in risky patenting, it is therefore more likely that diversi�cation

plays a role than concentration.

For the sample of �rms observed for the majority of the sample period, I estimate the

following �rst di�erence regression:

∆1 log(RWPiot) =λ1∆1 log(diversificationot) + λ2∆1concentrationiot+

γ1∆1 log(employmentit) + γ2∆1 log(stockit)+

γ5∆1listedit + γ6∆1foreigno + ηst + εiot

(5)

where ∆1 denotes the change in a particular variable between year t−1 and t. Note that only

time-varying �rm, owner, and �rm-owner characteristics are included in the speci�cation.

Since the �rst-di�erence speci�cation controls for �rm �xed-e�ects, �rm age is dropped.

Note further that ∆1foreigno is included as a control because in this speci�cation �rms may

experience changes in ownership over the period, which may involve being bought or sold to

owners with a di�erent foreign status.

Table 5 reports the results of this speci�cation. The results in column (1) con�rm the

presence of a positive and signi�cant relationship between changes in owner diversi�cation

and changes in risky patenting. These results control for time-invariant �rm characteristics,

and address the concern that owners are targeting �rms with particular risk-pro�les. If this

were the case, �rms would be unresponsive to changes in owner diversi�cation because they

would already be innovating at their underlying level of riskiness. Instead, it appears that

�rm innovation is sensitive to �uctuations in diversi�cation.
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This positive relationship may still be driven by unobserved owner characteristics. The

�rm dynamics literature emphasizes the importance of owner ability and prior experience

for entrepreneurial activities. High ability owners may be better equipped to take advantage

of both diversi�cation and innovation opportunities. To address this concern, in column (2)

of table 5, I further restrict the sample to only those �rms held by the same owner over the

whole period. In column (3) I also restrict the sample to a balanced sample of �rms present

in the data throughout the entire period to rule out concerns about �rm entry/exit. In these

speci�cations, changes in owner diversi�cation arise from a �rm's existing owner expanding or

contracting her portfolio, after account for time-invariant owner characteristics.18 I �nd that

higher owner diversi�cation incentivizes riskier innovation. Given the rich set of controls

and focus on matched �rm-owner pairs, these speci�cations lend themselves to a causal

interpretation as long as owner diversi�cation and the remaining unobserved �rm and owner

characteristics summarized in the error terms are orthogonal.

The previous speci�cation accounts for time-varying �rm characteristics and time-invariant

�rm and owner characteristics. However, an alternative story posits that the positive rela-

tionship arises not from increasing diversi�cation incentivizing more risky innovation, but

from more risky innovation incentivizing owners to become more diversi�ed to o�set the

increased risk they face. When deciding whether to sell �rms or acquire new ones, investors

are not solely considering the riskiness of the patenting being undertaken in the �rms they

own. First, if the goal was to hedge risk arising from risky innovation, owners would likely

�rst diversify their �nancial portfolio, which is less costly and time-consuming than opening

a new �rm or closing one down. Second, the decision to open a new �rm, for example, is

often heavily driven by the recognition of growth opportunities in a new market (location,

industry, etc). To more formally address this story of reverse causality I perform an addi-

tional test. I focus on a balanced sample of �rms to rule out the possibility that the results

are driven by �rm entry and exit and calculate changes in risky innovation and other time-

18Note that since these speci�cations control for time invariant owner characteristics, ∆foreigno is
dropped from the regressions.
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vary �rm-level controls between year t − 3 and t. To prevent the dynamic feedback from

riskier innovation leading to higher owner diversi�cation, I measure owner diversi�cation and

ownership concentration at the beginning of the period:

∆3 log(RWPiot) =λ1 log(initial diversi�cationo) + λ2initial concentration io+

γ1∆3 log(employmentit) + γ2∆3 log(stockit)+

γ5∆3listedit + ηst + εiot

(6)

where ∆3 denotes the change in a particular variable between year t− 3 and t. This initial

conditions speci�cation di�erences out time-invariant �rm characteristics and controls for

time-varying �rm characteristics. It compares changes in risky innovation of �rms held by

initially more diversi�ed owners with changes in risky innovation of �rms held by initially

less diversi�ed owners. The �rst column of table 6 repeats the speci�cation reported in

column (3) of table 5 using changes between year t− 3 and t rather than between year t− 1

and t. It con�rms the positive relationship between changes in owner diversi�cation and

changes in risky innovation. The second column of table 6 reports the results of the initial

conditions speci�cation. The results show that changes in risky innovation are higher among

�rms held by initially more diversi�ed owners. This positive relationship between initial

owner diversi�cation and changes in risky innovation lends credence to the story that higher

owner diversi�cation incentivizes risky innovation as long as initial owner diversi�cation and

remaining time invariant owner and time varying �rm characteristics are orthogonal.

The speci�cations exploiting within �rm and within owner variation over time are com-

plementary. While the �rst di�erence results show that the positive relationship between

diversi�cation and risky innovation is not driven by time invariant �rm and owner character-

istics, the initial conditions speci�cation shows that the positive relationship is not entirely

driven by the dynamic feedback from risky innovation to owner diversi�cation. Compared to

previous empirical studies, the detailed data and empirical approaches employed here make

a causal interpretation of the relationship between owner diversi�cation and risky innovation
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more plausible. Even with remaining questions regarding the identifying assumptions, I doc-

ument a new �nding that owner diversi�cation facilitates risky innovation among patenting

�rms in the United States.

4.3 Risk-sharing channel

In the theoretical literature, the risk-sharing channel arises from the exposure of risk-averse

agents to idiosyncratic risk. To test whether there is evidence of this channel, I take ad-

vantage of the di�erent types of owners present in the BvD data. In table 7, I estimate the

baseline regression (column 3 of table 4) separately for corporate and individual owners. The

�rst two columns report unweighted results and the last two report weighted results. First,

the table con�rms that risky innovation remains positively associated with owner diversi�-

cation and unrelated to ownership concentration across owner types. More importantly, the

relationship between diversi�cation and risky patenting is stronger for individual than cor-

porate owners. This result is consistent with the risk-sharing channel since individual owners

in the data have not set up holding companies, and are therefore even more exposed to the

risk of �rms in their portfolio than corporate owners. Note that the results are also robust

to decomposing the owner types into three groups � individual, corporate, and institutional

owners. The positive relationship between diversi�cation and risky innovation holds across

owner types, but is only signi�cant at the 10% level for institutional owners.19 This result

is also consistent with the risk-sharing channel since institutional investors manage holdings

on behalf of individual investors and therefore have less stake and exposure to �rms in the

portfolio. Therefore, the theory of risk-sharing is least relevant for this type of owner.

19Note that the quantitative results for institutional investors are under disclosure review. Only the
qualitative results for this type of owner has passed disclosure review at this time.

28



4.4 Robustness

The baseline results establish a positive and signi�cant relationship between owner diversi�-

cation and risky patenting when diversi�cation is measured by the number of �rms an owner

holds globally. Table 8 tests whether the positive relationship persists when alternative def-

initions of owner diversi�cation are considered. The �rst column serves as a reference point

and reports the results from the baseline speci�cation in column 3 of table 4. The second

column measures diversi�cation by the total number of �rms controlled domestically (i.e. the

number of �rms in the LBD held by each owner). This de�nition recognizes that over three-

fourths of U.S. �rms' R&D expenditure is performed domestically (Shackelford and Wolfe

(2011)) and therefore domestic holdings may be particularly relevant for innovation-related

decisions. The third column measures diversi�cation as the number of unique industries

(3-digit NAICS codes) in which an owner holds �rms. It recognizes that an owner holding

three �rms in apparel manufacturing (code 315) may not be as diversi�ed as another owner

holding three �rms, in apparel manufacturing (315), chemical manufacturing (325), and an-

imal production and aquaculture (112). The fourth column measures diversi�cation as 1

minus an employment-based concentration index. It distinguishes between an owner hold-

ing three �rms with 90% of employment in one of them, and an owner holding three �rms

with employment equally spread across them. The �fth column measures diversi�cation as 1

minus an industry-level employment-based concentration index. The sixth column measures

diversi�cation as the negative of the owner's weighted industry-based beta. The measure is

constructed by �rst estimating the industry-speci�c beta for 48 Fama-French industries using

the Fama-French three factor model; then mapping these industries to 3-digit NAICS codes;

and calculating the owner's weighted beta using the total employment of �rms held by the

owner in a particular industry divided by the total employment of all �rms in the owner's

portfolio as weights. This measure captures whether an owner is more diversi�ed (lower

beta) or less diversi�ed (higher beta) than the market portfolio. Across all six de�nitions,

owner diversi�cation remains positively associated with risky innovation. Quantitatively, the
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results are also similar to the baseline. For instance, a one standard deviation increase the

number of active 3-digit industries is associated with nearly a 5% increase in risky innovation.

One concern with the risk-weighted patent count (RWP ) is that it does not account for

�rms engaging in defensive patenting. Firms could patent outside their area of expertise

without intending to implement the new technologies to hinder other �rms from entering

those markets. I construct a quality-adjusted risk-weighted patent count measure (RWC)

that gives more weight to patents that are cited by other patents. Patent citations are a

commonly used proxy for patent quality (Aghion et al. (2013), Akcigit et al. (2016)). If

risky patents are defensive, then they should garner few subsequent citations. Table 9 tests

the relationship between quality-adjusted patent count and the six alternative measures of

owner diversi�cation. The results con�rm that the baseline relationship is not driven by

defensive patenting since the positive relationship persists and remains signi�cant across

all six speci�cations. In fact, the relationship is strengthened. A one standard deviation

increase in the baseline measure of diversi�cation is associated with nearly an 8% increase

in quality-adjusted risky patenting; and a one standard deviation increase in the number of

active 3-digit industries is associated with a 7% increase in quality-adjusted risky patenting.

Another possibility is that the risk-weighted patent count is capturing �rms innovating

outside of their own area of expertise, but within their owner's area of expertise. If this

were the case, then the distance between a �rm's new patents and its owner's patent port-

folio would be smaller than the distance between a �rm's new patents and its own patent

portfolio. In particular, since more diversi�ed owners are active in more technological ar-

eas, the patenting of �rms in their portfolio would appear less risky under the owner-based

measure than the �rm-based measure. If this story is true, then I would expect the pos-

itive relationship between diversi�cation and risky innovation to be attenuated when the

dependent variable is calculated as the technological distance between a �rm's new patents

and its owner's patent portfolio (owner-based risk-weighted patent count). Table 10 shows

that instead of weakening the results, the positive relationship between diversi�cation and
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owner-based risky innovation is stronger than the relationship between diversi�cation and

�rm-based risky innovation. A one standard deviation increase in the baseline measure of

diversi�cation is associated with nearly an 8% increase in owner-based risky innovation; and

a one standard deviation increase in the number of active 3-digit industries is associated

with a 7% increase in owner-based risky innovation.

Innovation is not the only means by which �rms engage in risky investment. For example,

expansion into new industries is potentially risky because it entails �rms entering new mar-

kets, facing new competitors, attracting new customers, and incurring disruptions during

the expansion. Expansion into new industries may be particularly relevant for patenting

�rms because a potential reason for these �rms to engage in risky innovation is the desire

to enter new markets. In table 11, I test whether �rms held by more diversi�ed owners also

undertake risky investments outside of patenting by asking whether they are more likely to

expand into new industries. I construct a measure of industry expansion using information

on establishment openings from the LBD. The dependent variable is a discrete variable equal

to one if a �rm has opened an establishment in a new 3-digit industry over the previous three

years. The regression controls for the stock of active industries (log(stockit), measured by

the number of unique 3-digit industries in which the �rm is active; and in the last column

also controls for the amount of industry-expansion the �rm undertook in its �rst �ve years

of operation (pastit). Consistent with the risky innovation results, table 11 shows a positive

relationship between owner diversi�cation and industry expansion. As with previous results,

ownership concentration has no signi�cant e�ect on industry expansion, now in both un-

weighted (column 1) and weighted (columns 2 and 3) regressions.20 The results suggest that

�rms held by more diversi�ed owners engage in risky investments broadly, though I focus in

this paper on their innovation strategies speci�cally.

20Firm expansion into new industries can also be seen as an independent form of risky investment. A
robustness exercise that expands the sample of �rms to non-patenting �rms con�rms the positive relationship
between diversi�cation and industry expansion in the broader sample.
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4.5 Sector-level relationship

Through �rm-level regressions, I document a positive relationship between diversi�cation

and risky innovation within 4-digit sector-years. In this section, I examine whether the �rm-

level relationship survives aggregation to the sector level. I �rst plot the simple bivariate

relationship between average sector-level diversi�cation and risky innovation, output, and

growth; and then estimate the following regression:

Yst = α + λlog(DIVst) + νs + νt + εst (7)

where Yst is the outcome variable of 2-digit industry s in year t, and includes weighted average

risky patenting (ARWP ), total risky patenting (TRWP ), total revenue (Trevenue), and

the revenue growth rate (RG). Both industry (νs) and year (νt) �xed e�ects are included to

neutralize the e�ects of industry-speci�c di�erences and aggregate conditions.

Figure 6 plots the bivariate relationship between weighted average owner diversi�cation at

the sector level and weighted average risky innovation (left panel) and total risky innovation

(right panel). If diversi�cation is relatively higher in the largest �rms, then the relationship

between diversi�cation and risky patenting should survive aggregation. Figure 6 and the

�rst two columns of table 12 con�rm the positive relationship. In particular, a 10% increase

in diversi�cation is associated with a nearly 5% increase in average risky patenting and 4.4%

increase in total risky patenting at the sector level.

Figure 7 plots the bivariate relationship between weighted average owner diversi�cation

at the sector level and total revenue (left panel) and revenue growth rate (right panel). The

�gure and the last two columns of table 12 document a positive correlation between diver-

si�cation, output, and growth. In particular, a 10% increase in diversi�cation is associated

with a 1.2% increase in total revenue and a 0.03 percentage point increase in the revenue

growth rate. The positive correlation is suggestive, and can arise from factors outside of

risky patenting. The stylized model presented in the next section shows how diversi�cation
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can generate the patterns observed at the sector level through the risk-sharing channel.

5 Stylized Model

The empirical analysis establishes that owner diversi�cation facilitates risky innovation. Yet,

existing models in the �rm dynamics and endogenous growth literatures do not feature the

risk-sharing channel that underpins the observed empirical relationship. In this section, I

present a static single-agent model of risky productivity-enhancing investment. This stylized

model highlights the features needed to activate the risk-sharing channel, and rationalizes the

positive relationship between diversi�cation and risky investment documented empirically.

I also take a stand on the direction of causality. The model shows that when owners are

more diversi�ed, they choose to undertake riskier investments. Through a simple partial

equilibrium aggregation exercise, I also show how higher diversi�cation can lead to the higher

aggregate output and investment shown empirically.

5.1 Setup

There is a single period composed of two sub-periods. Consider an owner who is endowed

with n �rms. For analytical tractability, it is assumed that the owner has log utility and

that all income is consumed without saving.21 Each �rm held by the owner produces via the

following production function:

y = q(1−α)lα (8)

where q is a measure of productivity and l is labor demand, which has a per unit cost of ω.

In the second sub-period q is known, l is chosen, and output is produced. Productivity (q)

21The assumption that the number of �rms an owner holds is exogenous, and the assumption that all
income is consumed without saving is relaxed in the two-period model presented in appendix B.
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evolves according to the following process:

q =


(1 + x) w/ prob. λ

(1− x) w/ prob. (1− λ)

(9)

where x is a choice variable re�ecting risky investment and λ is a parameter denoting the

probability of success. Investments are chosen in the �rst sub-period, and are restricted

to x ε [0, 1] to ensure positive output (y). First, the outcome of investment is uncorrelated

across �rms. Second, consistent with the notion of risky investment, higher investment is

associated with higher potential returns, and and a larger gap between productivity in the

case of success versus failure. To highlight the role of diversi�cation, it is assumed that there

is no additional cost associated with implementing risky investment x. This type of binomial

process of risky investment and experimentation is used in the existing literature (Ates and

Sa�e (2016), Buera and Fattal-Jaef (2016), Choi (2017), Caggese (forthcoming)).

This formulation of risky investment can be thought of as a reduced form representation

of �rm patenting and/or expansion into new business areas. These activities tend to be

associated with uncertain outcomes. R&D e�orts may or may not produce new technologies,

and patents for these technologies may or may not be �led ahead of competitors researching in

similar areas. Successful innovation can increase the e�ciency of existing operations and/or

create opportunities in new markets. Failures may involve unsuccessful implementation of

technologies that are di�cult to revert (Caggese (forthcoming)), as well as the kinds of

switchover and disruption costs described in Holmes et al. (2012).

Each owner chooses the labor input (li) and investment (xi) in each �rm i ε [1, n] that she

owns to maximize his expected utility.

EU = E log
( n∑

i=1

[q
(1−α)
i lαi − ωli]

)
(10)
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s.t. qi =


(1 + xi) w/ prob. λ

(1− xi) w/ prob. (1− λ)

(11)

Assuming that the period is split into two sub-periods separates the investment and labor

decisions. In the second sub-period, qi is known and the owner chooses li to maximize:

max
{li}

ln
( n∑

i=0

[q1−α
i lαi − ωli]

)
(12)

For each li, the solution yields:

li =
(α
ω

) 1
1−α

qi (13)

As a result, when xi is chosen in the �rst sub-period, the owner's expected utility is:

EU = E log
( n∑

i=1

πqi

)
(14)

where π = (1 − α)(α
ω

)
α

1−α . Because π is common to all �rms, the owner chooses xi = x

for the �rms she controls. Using the fact that the probability of success follows a binomial

distribution, de�ne P(k, n, λ) as the probability of observing k successes in a binomial process

with n trails and success probability λ:

P(k, n, λ) =

 n

k

λk(1− λ)n−k (15)

In the �rst sub-period, the owner chooses x to maximize her expected utility:

max
x

n∑
k=0

P(k, n, λ) ln(π[k(1 + x) + (n− k)(1− x)]) (16)

35



5.2 Solution

A closed form solution for x is available when n ε {1, 2}. Consider �rst an owner that holds

only one �rm. She chooses x1 to maximize:

λ ln((1 + x1)π) + (1− λ) ln((1− x1)π) (17)

which yield the following solution for x1:

x1 = 2λ− 1 (18)

Now consider an owner that holds two �rms. She chooses x2 to maximize:

(1− λ)2 ln(2(1− x2)π) + λ2 ln(2(1 + x2)π + 2λ(1− λ) ln((1 + x2)π + (1− x2)π) (19)

which yields the following solution for x2:

x2 =
2λ− 1

2λ2 − 2λ+ 1
(20)

The analytical results yield a few intuitive insights. First, risky investment is only positive

when the probability of success is su�ciently high. As long as λ ε (0.5, 1], x is positive and

expected returns are increasing in x. Second, owners controlling two �rms choose higher x

than owners controlling one �rm. This arises because investment outcomes are uncertain

and uncorrelated across �rms. As a consequence, there is safety in variety. Third, as the

probability of success moves towards one, the di�erence between x1 and x2 declines. When

λ = 1, x1 = x2. This arises because higher uncertainty (lower λ) is associated with a higher

gap between success versus failure, which strengthens the risk-sharing channel.

While an analytical solution is unavailable for n > 2, the model can be solved numerically
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to con�rm that the positive relationship between x and n remains. Table 13 reports the

parameter values used in the numerical exercise. Owners are allowed to control up to 10

�rm.22 Figure 8 reports the results. The left panel plots the optimal investment (y-axis)

against diversi�cation (x-axis) and the right panel plots the resulting expected value (y-axis)

for each level of diversi�cation (x-axis). For all n, optimal risky investment (x) and expected

value are increasing in diversi�cation (n). As n rises, owners are better able to pool �rm-

speci�c risk across their portfolio and optimally choose to undertake riskier investments. Yet,

the marginal bene�ts of diversi�cation are decreasing and the investment policy becomes �at.

Each �gure reports investment and expected values for di�erent success probabilities (λ),

and shows that both are increasing in the success probability.

5.3 Aggregation

I use this stylized model to perform a simple partial equilibrium aggregation exercise to qual-

itatively show how diversi�cation may generate aggregate outcomes consistent with those

observed in the empirical sector-level analysis. This exercise ignores important general equi-

librium e�ects, which would alter the quantitative implications of the exercise, but should

not impact the qualitative results. For the exercise, I consider a sector that consists of 100

�rms. By doing so, I assume that the law of large numbers does not apply because if it did,

idiosyncratic shocks would wash out in aggregate. Recent work by Gabaix (2011), Stella

(2015), and Yeh (2017) con�rm that �rm-level �uctuations do have aggregate implications

in the U.S. context. I consider �ve di�erent scenarios under which the degree of owner diver-

si�cation is varied, and evaluate the qualitative implications for aggregate investment and

output. The owners' problem is described in 5.1, and their optimal investment decisions are

those reported in section 5.2 for the case where λ = 0.55.

In each scenario, the 100 �rms are subject to a series of idiosyncratic shocks (realizations

22Simulations have been run that allow owners to hold up to 100 �rms and the results are qualitatively
the same.
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of λ) over a number of periods.23. For each �rm, the series of idiosyncratic shocks is the

same across the scenarios. The only thing that varies across scenarios is the degree of owner

diversi�cation. In the �rst (1) scenario, there are 100 owners, each controlling only one

�rm. This is the scenario with the lowest degree of owner diversi�cation. In the second (2)

scenario, there are 50 owners, each controlling two �rms. In the third (3) scenario, there are

25 owners, each controlling four �rms. In the fourth (4) scenario, there are 20 owners, each

controlling �ve �rms. And in the �fth (5) scenario there are 10 owners, each controlling 10

�rms. This last scenario represents the highest degree of owner diversi�cation.

Figure 9 shows that investment and output is increasing in the degree of owner diver-

si�cation. Investment and output are lowest in the scenario in which �rms are controlled

by owners holding only one �rm and highest in the scenario in which �rms are controlled

by owners holding 10 �rms. Under scenario 1, the investment in each of the 100 �rms is

x = 0.20, which re�ects the optimal investment of the 100 investors that hold one �rm each.

Under scenario 5, the investment in each of the 100 �rms is x = 0.99, which re�ects the

optimal investment of the 10 investors that hold 10 �rms each. As a consequence, aggregate

investment is 20 in scenario 1 and 99 in scenario 5. Investment is successful in approximately

60% of �rms in each case. As a consequence, output is approximately 11 under scenario 1 and

13 under scenario 5. Because the model is stylized, and the aggregation exercise ignores gen-

eral equilibrium e�ects, the takeaway is qualitative. Sectors characterized by higher average

diversi�cation are associated with higher risky investment and output, which is qualitatively

consistent with the sector-level �ndings documented empirically.

6 Conclusion

Recent work establishes that risky innovation contributes disproportionately to aggregate

growth (Akcigit and Kerr (2018)). The factors that incentivize �rms to engage in this type

23The model is simulated for 5,000 periods. The �gures report the average value of sectoral output and
investment for the last 200 period
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of innovation are not yet fully understood. In this paper, I study owner diversi�cation,

which prior literature emphasizes as an important determinant of �rm decisions-making. In

particular, I examine whether �rms held by owners with more diversi�ed business interests

engage in riskier innovation, whether the relationship arises through risk-sharing channel,

and whether the �rm-level relationship has implications for sector-level outcomes.

I �rst tackle the question empirically. To do so, I construct a novel dataset that combines

ownership information from Moody's Bureau van Dijk database for a a sample of privately-

held and publicly-listed U.S. �rms, with patenting data from the USPTO and other �rm-level

data from the Census Bureau. The data provide a rich set of time varying �rm-level and

owner-level controls. The panel nature of the data also allow me to exploit variation in risky

patenting within �rms and variation in diversi�cation within owners over time. In a �rst-

di�erence speci�cation that accounts for both time-varying and time-invariant �rm and owner

characteristics, I show that higher owner diversi�cation incentivizes more risky innovation.

The results can be interpreted as causal as long as owner diversi�cation and remaining

unobserved �rm and owner characteristics are orthogonal. To address an alternative story

that posits the positive relationship arises solely from riskier innovation incentivizing higher

owner diversi�cation, I show that changes in risky innovation are higher among �rms held

by initially more diversi�ed owners. The rich set of controls and the empirical approaches

employed in this paper lend credence to a causal interpretation of the empirical �ndings.

The results provide new evidence on the importance of owner diversi�cation in incentivizing

risky innovation and pave the way for studying the relevance of the risk-sharing channel and

aggregate implications of owner diversi�cation.

To test whether the positive relationship between owner diversi�cation and risky innova-

tion arises due to risk-sharing, I classify owners as individuals, corporations, and institutional

owners. Individual owners are most exposed to �rm-level risk, followed by corporations and

institutional owners. Consistent with the risk-sharing mechanism, I document that the posi-

tive relationship between risky innovation and owner diversi�cation is strongest among �rms
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held by individual owners. To examine the sector-level implications of owner diversi�cation,

I exploit cross-sector variation and document a positive relationship between sector-level di-

versi�cation and risky innovation, revenue, and revenue growth, after accounting �xed e�ects

that account for industry-speci�c and aggregate conditions.

The empirical results suggest that the risk-sharing channel plays a role in �rms' risky

innovation decisions. I develop a stylized model in which I take a stand on the direction of

causality and show how higher owner diversi�cation leads to riskier investment. The model

features risk-averse owners, multi-�rm ownership, and risky productivity-enhancing invest-

ment. Because investment outcomes are uncertain and uncorrelated across �rms, owners

face idiosyncratic risk from the �rms in their portfolio. Through the lens of this simple

model, I show that consistent with the �rm-level empirical �ndings, more diversi�ed owners

�nd safety in variety and choose riskier investment because they are better able to share

idiosyncratic risk across the �rms they hold. Moreover, through a simple partial equilibrium

aggregation exercise, I show that consistent with my sector-level empirical �ndings, higher

sector level diversi�cation endogenously gives rise to higher investment and output.

In this paper, I establish owner diversi�cation as an important factor in facilitating risky

innovation. My �ndings suggest promising areas for future research. The stylized model

introduced in this paper can be embedded into a standard �rm dynamics model in order

to study the quantitative implications of owner diversi�cation for aggregate innovation and

growth. Empirically, the newly constructed data can be used to study whether owner diver-

si�cation matters for other risky investment strategies, such as expansion into new domestic

and foreign markets. It can also illuminate whether owners' internal networks facilitate �rm-

level investment and innovation through technology spillovers and vertical integration. This

paper and complementary lines of research provide important and interesting new insights

into how ownership structure a�ects �rms' willingness and ability to undertake growth-

enhancing investments.
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Figure 1: Firm Age (left panel) and Employment (right panel) Distributions

0
.2

.4
.6

.8
1

%
 o

f f
irm

s

0−5 11−15 16−20 21−25 6−10 > 25

LBD Analysis (unweighted)

0
.2

.4
.6

.8
1

%
 o

f f
irm

s

1−19 100−249 20−49 250−499 50−99 >= 500

LBD Analysis (unweighted)

Notes: The left �gure plots �rm age bins (ranging from 0-15 to > 25) on the x-axis. The right �gure plots

�rm employment bins (ranging from 1-19 employees to ≥ 500 employees. The height of each bar is the

fraction of �rms that belong to each bin. The blue bar represents the full sample of patenting �rms in the

LBD. The grey bar represents the sample of �rms in my LBD-BvD-USPTO-Compustat linked data.

Figure 2: Firm Age (left panel) and Employment (right panel) Distributions
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Notes: The left �gure plots �rm age bins (ranging from 0-15 to > 25) on the x-axis. The right �gure plots

�rm employment bins (ranging from 1-19 employees to ≥ 500 employees. The height of each bar is the

fraction of �rms that belong to each bin. The blue bar represents the full sample of patenting �rms in the

LBD. The grey bar represents the sample of �rms in my LBD-BvD-USPTO-Compustat linked data. The

light blue bar represents the weighted LBD-BvD-USPTO-Compustat analysis sample. The weights are the

inverse of the propensity weights from the logistic regressions discussed in the text.
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Figure 3: Diversi�cation (left panel) and Concentration (right panel) Kernel Density Plot

Notes: The left �gure plots the kernel density function of log owner diversi�cation, measured as the total

number of �rms held globally by an owner in a particular year. The right �gure plots the kernel density func-

tion of ownership concentration, measured as the fraction of equity held by a �rm's global ultimate owner.

The left and right tails of the distributions have been trimmed for disclosure purposes. These �gures pertain

to the full BvD sample, rather than the patenting sample alone. This was done for disclosure purposes.
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Figure 4: Risky Innovation and Diversi�cation

Notes:

The left panel plots the kernel density function of log risk-weighted patenting separately for �rms held by

owners with high diversi�cation (solid blue line) and low diversi�cation (dotted red line). The right panel

plots the kernel density function of log risk-weighted patenting separately for �rms held by owners with

high ownership concentration (solid blue line) and low ownership concentration (dotted red line). Both tails

of the distributions have been trimmed for disclosure purposes.
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Figure 5: ∆ Diversi�cation (left panel) and ∆ Concentration (right panel)
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Notes: In the left panel, one-year changes in diversi�cation at the �rm level are categorized into seven

bins depending on the degree of change (calculated as the change in log diversi�cation between t − 1 and

t). In the right panel, one year changes in concentration at the �rm level are categorized into three bins

depending on the degree of change. The height of each column is the percent of observations that fall into

each category.

Figure 6: Diversi�cation, average RWP (left panel), and total RWP (right panel)

Notes: In both �gures, the red dots represent (2-digit NAICS, year) observations. The dotted grey line

represents the bivariate linear relationship, and the shaded grey area represents the 95% CI of this

relationship. The x-axis in both �gures is the log of activity-weighted average diversi�cation. The y-axis in

the left panel is log of average activity-weighted risk-weighted patent count (ARWP ) and the right panel is

log of total risk-weighted patent count (TRWP ).
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Figure 7: Diversi�cation, total revenue (left panel), and revenue growth rate (right panel)

Notes: In both �gures, the red dots represent (2-digit NAICS, year) observations. The dotted grey line

represents the bivariate linear relationship, and the shaded grey area represents the 95% CI of this

relationship. The x-axis in both �gures is the log of activity-weighted average diversi�cation. The y-axis in

the left panel is log of total revenue (Trevenue) and the right panel is revenue growth rate (RG).

Figure 8: Diversi�cation, Investment & Value
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Notes: The �gure in the left panel plots the investment level (x) on the y-axis against the level of diversi-

�cation (n) on the x-axis. The �gure in the right panel plots the expected value on the y-axis against the

level of diversi�cation (n) on the x-axis. Each line represents the solution of the model for di�erent values

of success probability λ.
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Figure 9: Investment (left panel) and Output (right panel)
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Notes: The �gure in the left panel plots total investment on the y-axis for �ve di�erent scenarios. The

�gure in the right panel plots the total output on the y-axis for �ve di�erent scenarios. In scenario 1 there

are 100 owners each holding one �rm; in scenario 2 there are 50 owners each holding two �rms; in scenario

3 there are 25 owners each holding four �rms; in scenario 4 there are 20 owners each holding �ve �rms; and

in scenario 5 there are 10 owners each holding ten �rms.
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Table 1: Summary statistics (raw analysis sample)

Mean Stdev

employment 9,461 39,310

age 29.26 9.588

revenue growth -0.0056 0.3623

employment growth 0.0062 0.2562

patent stock 962 6,582

diversi�cation 103.3 345.3

concentration 0.7482 0.2518

Notes: The mean (column 1) and standard deviation (column 2) are reported. Data on employment,

age, revenue growth and employment growth derive from the LBD. Revenue and employment growth are

measured using DHS growth rates
(
RGit = RGit−RGit−1

0.5(RGit+RGit−1)

)
for �rm i in year t. Patent stock is obtained

from PatentsView, and diversi�cation (total number of �rms held globally by an owner in a given year) and

concentration (fraction of a �rm's equity controlled by an owner) are obtained from BvD.
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Table 2: Risky innovation, revenue growth and revenue growth volatility

(1) (2)
RG VOL

log(RWPit−1) 0.0568∗∗∗ 0.0174∗∗∗

(0.0025) (0.0014)

log(stockit−1) 0.0035∗∗∗ 0.0151∗∗∗

(0.0009) (0.0007)

log(ageit−1) -0.1389∗∗∗ -0.0604∗∗∗

(0.0029) (0.0030)

log(revenueit−1) -0.0675∗∗∗ -0.0546∗∗∗

(0.0021) (0.0013)

industry-year FE Y Y
listed status Y Y
obs. 196,000 194,000
R2 0.1946 0.2114

Notes: The �rst column report results for revenue growth (RGit) and the second column report results
for revenue growth volatility (log(V OLit)). All controls are lagged by one period. These controls include
risk-weighted (RWP ), patent stock (stock), �rm age (age), �rm revenue (revenue), publicly listed status,
left censored dummy, and 4-digit industry × year �xed e�ects. Standard errors clustered at the 4-digit
industry × year level. se in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 3: Summary statistics (raw analysis sample)

Unweighted Weighted

Mean Stdev Mean Stdev

employment 9461 39310 1655 15710

age 29.26 9.588 20.64 12.2

revenue growth -0.0056 0.3623 0.0075 0.6466

employment growth 0.0062 0.2562 0.05 0.494

patent stock 962 6582 187.2 2651

risk-weighted patenting 11.54 89.4 2.625 36.16

diversi�cation 103.3 345.3 75.67 267.3

concentration 0.7482 0.2518 0.7702 0.2586

Notes: Columns 1 & 2 report the raw statistics and columns 3 & 4 report weighted statistics. Data on

employment, age, revenue growth and employment growth derive from the LBD. Revenue and employment

growth are measured using DHS growth rates
(
RGit = RGit−RGit−1

0.5(RGit+RGit−1)

)
. Patent stock is obtained from

PatentsView, and diversi�cation (total number of �rms held globally by an owner in a given year) and

concentration (fraction of a �rm's equity controlled by an owner) are obtained from BvD.
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Table 4: Cross-sectional speci�cation

(1) (2) (3) (4) (5) (6) (7)

log(diversificationot) 0.0222∗∗∗ 0.0161∗∗∗ 0.0763∗∗∗ 0.0761∗∗∗ 0.0538∗∗∗ 0.0406∗∗∗ 0.0284∗∗∗

(0.0047) (0.0047) (0.0106) (0.0107) (0.0109) (0.0090) (0.0070)

log(diversificationot)× log(ageit) -0.0221∗∗∗

(0.0083)

log(diversificationot)× log(empit) 0.0228∗∗∗

(0.0028)

concentrationiot 0.0769∗∗ 0.0686∗∗ -0.1427∗∗∗ -0.0923∗ 0.0032 0.0021
(0.0325) (0.0326) (0.0490) (0.0473) (0.0429) (0.0379)

concentrationiot × log(ageit) 0.0849
(0.0516)

concentrationiot × log(empit) -0.0328
(0.0200)

log(employmentit) 0.1394∗∗∗ 0.1421∗∗∗ 0.1382∗∗∗ 0.0774∗∗∗ 0.0721∗∗∗

(0.0055) (0.0055) (0.0078) (0.0086) (0.0084)

log(ageit) -0.2698∗∗∗ -0.2742∗∗∗ -0.0561∗∗∗ -0.1466∗∗∗ -0.1024∗∗∗

(0.0146) (0.0156) (0.0217) (0.0231) (0.0199)

log(stockit) 0.3304∗∗∗ 0.3276∗∗∗ 0.2062∗∗∗ 0.1075∗∗∗

(0.0055) (0.0054) (0.0166) (0.0130)

log(pastit) 0.5014∗∗∗

(0.0514)

industry-year FE Y Y Y Y Y Y Y
listed status Y Y N N N Y Y
foreign ownership Y Y N N N Y Y
DLC Y Y N N Y Y Y
weights N N Y Y Y Y Y
obs. 38,000 38,000 38,000 38,000 38,000 38,000 38,000
r-sq 0.5980 0.6011 0.1241 0.1259 0.2165 0.3905 0.4654

Notes: The dependent variable is risk-weighted patents. The variable of interest is owner diversi�cation.
Controls include ownership concentration, �rm employment, �rm age, patent stock, past risk-taking, listed
status, foreign ownership dummy, left-censored dummy, and 4-digit ind-year FE. Standard errors clustered
at the owner-level. SE in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 5: First di�erence speci�cation

all same balanced

∆1 log(diversification) 0.0309∗∗∗ 0.0450∗∗∗ 0.0258∗∗

(0.0119) (0.0152) (0.0129)

∆1concentration 0.0046 0.0184 -0.0154
(0.0591) (0.0658) (0.0755)

∆1 log(employment) 0.0164 0.0061 -0.0191
(0.0301) (0.0407) (0.0395)

∆1 log(stock) -0.0314 -0.0426 -0.0227
(0.0298) (0.0302) (0.0489)

industry-year FE Y Y Y
listed status Y Y Y
weights Y Y Y
obs. 16,000 10,000 7,000
r-sq 0.1444 0.1817 0.1869

Notes: In column 1 the sample consists of �rms observed in the data for �ve years or more. Columns 2 and
3 further restrict the sample to �rms held by the same owner over the whole period they are observed in
the data. Column 3 further restricts the sample to a balanced panel of �rms. All variables are measured in
changes between year t− 1 and t. The dependent variable is change in risk-weighted patents. The variable
of interest is change in owner diversi�cation. Controls include changes in ownership concentration, �rm
employment, patent stock, listed status, and foreign ownership dummy (column 1). 4-digit industry-year
FE are included. Standard errors clustered at the owner level. SE in parentheses [*** (1%), ** (5%), and *
(10%)].
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Table 6: Initial conditions speci�cation

(1) (2)

∆3 log(diversification) 0.0272∗∗

(0.0128)

∆3concentration 0.0242
(0.0825)

log(int'l diversi�cation) 0.0199∗∗

(0.0094)

int'l concentration -0.1842∗∗∗

(0.0657)

∆3 log(employment) -0.0587 -0.0621
(0.0395) (0.0414)

∆3 log(stock) -0.0821 -0.0845
(0.0729) (0.0747)

industry-year FE Y Y
listed status Y Y
weights Y Y
obs. 5,000 5,000
r-sq 0.0455 0.0444

Notes: The sample contains �rms observed during the entire period and that are held by the same owner
throughout. All variables in column (1) are measured as changes between year t − 3 and t. In column (2)
the ownership structure variables (ownership concentration and owner diversi�cation) are measured at the
beginning of the period. The dependent variable is change in risk-weighted patents. The variable of interest
is change in owner diversi�cation (column 1) or initial owner diversi�cation (column 2). Controls include
changes in ownership concentration (column 1) or initial ownership concentration (column 2) and changes
in �rm employment, patent stock, and listed status. 2-digit industry-year FE are included. Standard errors
clustered at the owner level. SE in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 7: Owner diversi�cation & risky innovation across owner types

Corporate Individual Corporate Individual

log(diversificationot) 0.0231∗∗∗ 0.0409∗∗∗ 0.0322∗∗∗ 0.0351∗∗∗

(0.0033) (0.0152) (0.0056) (0.0120)

concentrationiot 0.0138 -0.0205 -0.0056 0.0028
(0.0271) (0.0421) (0.0395) (0.0308)

log(employmentit) 0.1297∗∗∗ 0.0695∗∗∗ 0.0685∗∗∗ 0.0480∗∗∗

(0.0071) (0.0067) (0.0066) (0.0078)

log(ageit) -0.2326∗∗∗ -0.1103∗∗∗ -0.1071∗∗∗ -0.0504∗∗∗

(0.0102) (0.0170) (0.0136) (0.0115)

log(stockit) 0.2577∗∗∗ 0.1292∗∗∗ 0.1214∗∗∗ 0.0606∗∗∗

(0.0066) (0.0152) (0.0121) (0.0090)

log(pasti) 0.2702∗∗∗ 0.3616∗∗∗ 0.4848∗∗∗ 0.3843∗∗∗

(0.0162) (0.0687) (0.0503) (0.0791)

industry-year FE Y Y Y Y
listed status Y Y Y Y
foreign ownership Y Y Y Y
weights N N Y Y
obs. 26,000 6,000 26,000 6,000
r-sq 0.5767 0.4564 0.4512 0.3449

Notes: The dependent variable is risk-weighted patents. The variable of interest is owner diversi�cation.
Controls include ownership concentration, �rm employment, �rm age, patent stock, past risk-taking, listed
status, foreign ownership dummy, left-censored dummy, and 3-digit industry-year FE. Standard errors clus-
tered at the 3-digit industry × year level. se in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 8: Alternative de�nitions of diversi�cation

(1) (2) (3) (4) (5) (6)

log(diversi�cationot) 0.0263∗∗∗

(0.0050)

log(# �rms owned (LBD)ot) 0.0490∗∗∗

(0.0123)

log(# active indot) 0.0651∗∗∗

(0.0151)

1-HHI (emp)ot 0.1144∗∗

(0.0523)

1-HHI (ind)ot 0.1519∗∗

(0.0609)

-(weighted ind. β)ot 0.1268∗∗

(0.0566)

concentrationiot 0.0100 0.0071 0.0067 -0.0021 -0.0028 0.0110
(0.0294) (0.0296) (0.0298) (0.0297) (0.0298) (0.0282)

log(employmentit) 0.0814∗∗∗ 0.0829∗∗∗ 0.0828∗∗∗ 0.0837∗∗∗ 0.0835∗∗∗ 0.0806∗∗∗

(0.0074) (0.0072) (0.0071) (0.0073) (0.0072) (0.0068)

log(ageit) -0.1138∗∗∗ -0.1142∗∗∗ -0.1138∗∗∗ -0.1152∗∗∗ -0.1148∗∗∗ -0.1101∗∗∗

(0.0132) (0.0131) (0.0130) (0.0130) (0.0129) (0.0131)

log(stockit) 0.1225∗∗∗ 0.1244∗∗∗ 0.1242∗∗∗ 0.1244∗∗∗ 0.1245∗∗∗ 0.1273∗∗∗

(0.0101) (0.0101) (0.0101) (0.0102) (0.0102) (0.0098)

log(pasti) 0.4773∗∗∗ 0.4772∗∗∗ 0.4764∗∗∗ 0.4815∗∗∗ 0.4808∗∗∗ 0.4903∗∗∗

(0.0340) (0.0335) (0.0333) (0.0341) (0.0339) (0.0350)

industry-year FE Y Y Y Y Y Y
listed Y Y Y Y Y Y
foreign Y Y Y Y Y Y
weights Y Y Y Y Y Y
obs. 38,000 38,000 38,000 38,000 38,000 37,000
r-sq 0.5045 0.5039 0.5042 0.5029 0.5031 0.5069

Notes: The dependent variable is risk-weighted patents. The variable of interest is owner diversi�cation.
Controls include ownership concentration, �rm employment, �rm age, patent stock, past risk-taking, listed
status, foreign ownership dummy, left-censored dummy, and 4-digit industry-year FE. Owner diversi�cation
is measured as total number of �rms held globally (column 1), number of domestic �rms (2), number of unique
active 3-digit industries (3), one minus an employment concentration index (4), one minus an industry-based
employment concentration index (5), negative of the owner's weighted industry-based beta (6). S.E. clustered
at the 4-digit industry × year level. SE in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 9: Quality-adjusted risk-weighted patenting

(1) (2) (3) (4) (5) (6)

log(diversi�cationot) 0.0415∗∗∗

(0.0072)

log(# �rms owned (LBD)ot) 0.0802∗∗∗

(0.0186)

log(#activeindot) 0.1086∗∗∗

(0.0227)

1-HHI (emp)ot 0.1800∗∗

(0.0739)

1-HHI (ind)ot 0.2370∗∗∗

(0.0859)

-(weighted ind. β)ot 0.2626∗∗∗

(0.0836)

concentrationiot 0.0165 0.0128 0.0125 -0.0026 -0.0038 0.0130
(0.0429) (0.0432) (0.0434) (0.0435) (0.0437) (0.0415)

log(employmentit) 0.1175∗∗∗ 0.1198∗∗∗ 0.1195∗∗∗ 0.1212∗∗∗ 0.1209∗∗∗ 0.1174∗∗∗

(0.0106) (0.0103) (0.0103) (0.0105) (0.0104) (0.0098)

log(ageit) -0.1774∗∗∗ -0.1779∗∗∗ -0.1771∗∗∗ -0.1798∗∗∗ -0.1792∗∗∗ -0.1761∗∗∗

(0.0155) (0.0153) (0.0153) (0.0153) (0.0152) (0.0159)

log(stockit) 0.2109∗∗∗ 0.2139∗∗∗ 0.2133∗∗∗ 0.2142∗∗∗ 0.2142∗∗∗ 0.2178∗∗∗

(0.0146) (0.0147) (0.0146) (0.0148) (0.0148) (0.0149)

log(pasti) 0.3432∗∗∗ 0.3425∗∗∗ 0.3420∗∗∗ 0.3466∗∗∗ 0.3462∗∗∗ 0.3557∗∗∗

(0.0236) (0.0231) (0.0231) (0.0237) (0.0239) (0.0246)

industry-year FE Y Y Y Y Y Y
listed Y Y Y Y Y Y
foreign Y Y Y Y Y Y
weights Y Y Y Y Y Y
obs. 38,000 38,000 38,000 38,000 38,000 37,000
r-sq 0.4724 0.4718 0.4723 0.4702 0.4705 0.4737

Notes: The dependent variable is quality adjusted risk-weighted patents. The variable of interest is owner
diversi�cation. Controls include ownership concentration, �rm employment, �rm age, patent stock, past risk-
taking, listed status, foreign ownership dummy, left-censored dummy, and 4-digit industry-year FE. Owner
diversi�cation is measured as total number of �rms held globally (column 1), number of domestic �rms (2),
number of unique active 3-digit industries (3), one minus an employment concentration index (4), one minus
an industry-based employment concentration index (5), negative of the owner's weighted industry-level beta
(6). S.E. clustered at the 4-digit industry × year level. SE in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 10: Owner-based risk-weighted patent count

(1) (2) (3) (4) (5) (6)

log(diversi�cationot) 0.0409∗∗∗

(0.0051)

log(# �rms owned (LBD)ot) 0.0841∗∗∗

(0.0124)

log(# active indot) 0.1076∗∗∗

(0.0152)

1-HHI (emp)ot 0.2048∗∗∗

(0.0545)

1-HHI (ind)ot 0.2546∗∗∗

(0.0635)

-(weighted β)ot 0.1818∗∗∗

(0.0603)

concentrationit 0.0133 0.0098 0.0082 -0.0055 -0.0073 -0.0108
(0.0296) (0.0301) (0.0302) (0.0298) (0.0300) (0.0293)

[1em] log(employmentit) 0.0805∗∗∗ 0.0827∗∗∗ 0.0828∗∗∗ 0.0838∗∗∗ 0.0837∗∗∗ 0.0860∗∗∗

(0.0071) (0.0070) (0.0070) (0.0071) (0.0071) (0.0069)

log(ageit) -0.1224∗∗∗ -0.1232∗∗∗ -0.1226∗∗∗ -0.1246∗∗∗ -0.1240∗∗∗ -0.1252∗∗∗

(0.0140) (0.0138) (0.0138) (0.0139) (0.0137) (0.0141)

log(stockit) 0.1191∗∗∗ 0.1214∗∗∗ 0.1210∗∗∗ 0.1217∗∗∗ 0.1217∗∗∗ 0.1225∗∗∗

(0.0103) (0.0104) (0.0103) (0.0105) (0.0104) (0.0105)

log(pastit) 0.4937∗∗∗ 0.4934∗∗∗ 0.4924∗∗∗ 0.5003∗∗∗ 0.4992∗∗∗ 0.5030∗∗∗

(0.0365) (0.0361) (0.0358) (0.0369) (0.0365) (0.0377)
industry-year FE Y Y Y Y Y Y
weights Y Y Y Y Y Y
obs. 37,000 37,000 37,000 37,000 37,000 37,000
r-sq 0.5015 0.5008 0.5013 0.4981 0.4985 0.4968

Notes: The dependent variable is owner-based risk weighted patent count. The variable of interest is owner
diversi�cation. Controls include ownership concentration, �rm employment, �rm age, patent stock, past risk-
taking, listed status, foreign ownership dummy, left-censored dummy, and 4-digit industry-year FE. Owner
diversi�cation is measured as total number of �rms held globally (column 1), number of domestic �rms (2),
number of unique active 3-digit industries (3), one minus an employment concentration index (4), one minus
an industry-based employment concentration index (5), negative of the owner's weighted industry-level beta
(6). S.E. clustered at the 4-digit industry × year level. se in parentheses [*** (1%), ** (5%), and * (10%)].
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Table 11: Industry expansion

(1) (2) (3)

log(diversificationot) 0.0024∗ 0.0033∗∗ 0.0033∗∗

(0.0014) (0.0014) (0.0014)

concentrationiot 0.0052 0.0036 0.0036
(0.0105) (0.0093) (0.0093)

log(employmentit) 0.0645∗∗∗ 0.0400∗∗∗ 0.0398∗∗∗

(0.0026) (0.0022) (0.0022)

log(ageit) 0.0094 0.0145∗∗∗ 0.0136∗∗∗

(0.0064) (0.0043) (0.0043)

log(stockit) -0.0135∗∗ 0.0704∗∗∗ 0.0661∗∗∗

(0.0069) (0.0066) (0.0068)

log(pasti) 0.0425∗∗∗

(0.0125)

industry-year FE Y Y Y
listed status Y Y Y
foreign ownership Y Y Y
weights N Y Y
obs. 35,000 35,000 35,000
r-sq 0.1778 0.2576 0.2582

Notes: The dependent variable is a dummy variable equal to one if the �rm opened an establishment in
a new 3-digit industry in the past three years. The variable of interest is owner diversi�cation. Controls
include ownership concentration, �rm employment, �rm age, number of active industries, average amount
of industry expansion in the �rm's �ve years, listed status, foreign ownership dummy, left-censored dummy,
and ind-year FE. Standard errors clustered at the 4-digit industry × year level. signi�cance levels reported
� [*** (1%), ** (5%), and * (10%)].
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Table 12: Sector-level: regressions

ARWP TRWP Trevenue RG

log(diversi�cationst) 0.4714∗∗ 0.4408∗∗∗ 0.1155∗ 0.0256∗∗

(0.1826) (0.1622) (0.0660) (0.0124)

industry FE Y Y Y Y
year FE Y Y Y Y
obs. 134 134 134 134
r-sq 0.8751 0.9390 0.9627 0.3208

Notes: The unit of analysis is (2-digit NAICS industry, year). The dependent variables are the log of
activity weighted average RWP (ARWP ) (column 1), log of total risk-weighted patent count (TRWP )
(column 2), log total revenue (Trevenue) (column 3), and revenue growth rate (RG) (column 4). The key
control variable is log of activity weighted average owner diversi�cation. Additional controls are industry
and year �xed e�ects. S.E. are robust, and in parentheses [*** (1%), ** (5%), and * (10%)].

Table 13: Parameters
Parameter Value

α 0.75
ω 1.00
λ {0.55, 0.60, 0.70, 0.75}

Notes: This table reports the parameter values used in the numerical solution of the model described in

section 5. α denotes the decreasing returns to scale parameter, ω denotes the per unit cost of labor, and λ

denotes the probability that investment will be successful.
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A Probabilistic Name and Address Matching Procedure

This paper combines ownership data obtained from BvD with �rm-level data from the Busi-

ness Register (BR) using EIN and probabilistic name and address matching. The LBD is

derived from BR and information from both sources is used in the matching procedure.

Both the BR and BvD data contain �rm name, employer identi�cation number (EIN), street

address, city, state, zip code, and industry. While BR records generally have complete

information on all variables, BvD records often have information on a subset of them.

BvD does not track EIN, name, and address information for entities over time. Instead,

it provides a single record per entity. As a result, the matching is done for the entire period

(2007-2013), rather than annually. As a �rst step, annual BR records dating back to 1976

are pooled to create a data set containing all unique EIN, �rm name, and address records,

along with identi�ers indicating the years for which these records are valid. Similarly, the

BvD �rm name, address and EIN data are linked to the ownership data to identify the

years in which entities are active. In the second step, the pooled BR and BvD data are

cleaned to standardize �rm name and address variables. Each standardized string variable

(name, street address, and city) is then parsed to create a match code that will be used for

probabilistic name and address matching.

The third step implements a ten-stage matching procedure, similar to McCue and Jarmin

(2005). In the �rst stage, BvD records that contain EIN information are matched with BR

records on this variable. In the second stage, all records that contain �rm name and location

information are matched based on fuzzed name, street address and city, and and exact 2-digit

state code.24 All remaining unmatched records are then matched in the third stage based

on the fuzzed name and city and exact 2-digit state and 5-digit zip code. Remaining records

are then iteratively matched based on di�erent combinations of �rm name and location

information. Stages 4 through 6 use fuzzed entity name and di�erent combinations of two

24The term fuzzed refers to matching on the match code for each variable generated in the second step.
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location variables. Stages 7 through 9 use fuzzed entity name and di�erent combinations of

one location variable. In the tenth stage all records, including those matched in previous

stages, are matched only on fuzzed name.25

As a consequence of probabilistic matching, a single BvD record can be linked to multiple

BR records at the conclusion of the third step. The fourth step involves several stages

aimed at disambiguating multiple matches. The �rst stage keeps matched records where

the matched LBD �rm and BvD entity are active in the same years. Among remaining

records, the second stage keeps those matched in the lowest stage (most strict criteria) in

step three. The third stage creates a composite match quality score for each record based

on �rm name, city, state, and zip code (both 5-digit and 3-digit). The proximity of string

variables (�rm name and city) is determined using the Jaro-Winkler score. Records with the

highest composite match quality score are kept. Among remaining multiple matches, those

in which the LBD and BvD �rms are active in the same industry are kept. The last stage

drops records for which the best match has a su�ciently low composite score and records

that could not be su�ciently disambiguated.

B Two-Period Model

This section presents a two-period single-agent model of risky productivity-enhancing invest-

ment. This stylized model rationalizes the positive relationship between diversi�cation and

risky investment, and extends the model presented in section 5 by endogenizing the degree

of diversi�cation.

25Note that all BvD records are considered for matching in stage 1 (EIN), stage 2 (name and full address),
and stage 10. This is done because BvD does not report the dates for which the EIN and address variables are
valid. A �rm with multiple establishments may acquire new EINs and/or change the EIN used for reporting
wages, or change the headquarter address over its lifetime. Reconsidering all �rms for matching in stages 1,
2, and 10 is a �exible way of accounting for this reporting uncertainty, and various techniques are used in
step 4 to identify the best (most accurate) match.
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B.1 Setup

There are two periods, denoted by t = 1, 2 and the second period is composed of two sub-

periods. Consider an owner who enters the �rst period (t = 1) with a0 initial assets. The

owner is assumed to be risk-averse with log utility. In the �rst period, the owner chooses

how much to save (a1) at an exogenous real interest rate (r), and how many �rms (n) to

operate. He pays nθ to operate these �rms, where θ is the entry cost per �rm. These �rms

are not divisible and the owner holds 100% of the each �rm's equity. It is assumed that �rms

become operational in the second period so that at the end of the �rst period, the owner

consumes his remaining assets (c1 = a0 − a1 − nθ).

The owner enters the second period (t = 2) with savings chosen in the �rst period (a1) and

the n �rms he controls. Each �rm held by the owner produces via the following production

function:

y = q(1−α)lα (21)

where q is a measure of productivity and l is labor demand, which has a per unit cost of ω.

In the second sub-period of t = 2, productivity (q) is known, labor (l) is chosen, and output

is produced. Productivity (q) evolves according to the following process:

q =


(1 + x) w/ prob. λ

(1− x) w/ prob. (1− λ)

(22)

where x is a choice variable re�ecting risky investment and λ is a parameter denoting the

probability of success. Investments are chosen in the �rst sub-period of t = 2, and are

restricted to x ε [0, 1] to ensure positive output (y). First, the outcome of investment is

uncorrelated across �rms. Second, consistent with the notion of risky investment, higher

investment is associated with higher potential returns, and a larger gap between productivity

in the case of success versus failure. To highlight the role of diversi�cation, it is assumed
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that there is no additional cost associated with implementing risky investment x.

Given each owner's initial assets (a0), he chooses the number of �rms to operate (n),

savings (a1), and the labor input (l2i) and investment (x2i) in each �rm i ε [1, n] that he owns

to maximize his expected utility.

EU = log(c1) + βE log(c2) (23)

s.t. c1 = a0 − a1 − nθ (24)

c2 = (1 + r)a1+
n∑
i=1

[q
(1−α)
2i lα2i − ωl2i] (25)

q2i =


(1 + x2i) w/ prob. λ

(1− x2i) w/ prob. (1− λ)

(26)

where β is the owner's discount factor, θ is the entry cost per �rm, r is the exogenous real

interest rate, α is the decreasing returns to scale parameter, ω is the per unit labor cost, and

λ denotes the probability of success.

Two versions of this problem are solved. In the �rst version, the owner faces no additional

constraint. As shown below, this results in owners borrowing in the �rst period to purchase

the maximum number of �rms, which enables them to diversify idiosyncratic risk in the

second period. Under this �rst version, there is no heterogeneity in diversi�cation. The

second version imposes the following additional constraint:

a1 ≥ 0 (27)

Constraint (27) imposes that owners cannot borrow. This extreme assumption prevents

owners from borrowing to open the maximum number of �rms. It generates variation in the

degree of diversi�cation across owners. Admittedly, the assumption of no borrowing is quite

extreme.
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B.2 Solution

Across the two versions of the model, the underlying solution steps remain the same. The

owner's problem is solved by starting in the second period (t = 2). Assuming that this

period is split into two sub-periods separates the investment and labor decisions. In the

second sub-period, a1 is determined, q2i is known and the owner chooses l2i to maximize:

max
{l2i}

ln
( n∑

i=0

[q1−α
2i lα2i − wl2i] + (1 + r)a1

)
(28)

For each l2i, the solution yields:

l2i =
(α
ω

) 1
1−α

q2i (29)

When x2i is chosen in the �rst sub-period of t = 2, the owner's expected utility is:

EU = E log
( n∑

i=1

[πq2i] + (1 + r)a1

)
(30)

where π = (1 − α)(α
ω

)
α

1−α . Because π is common to all �rms, the owner chooses x2i = x2

for the �rms he controls. Using the fact that the probability of success follows a binomial

distribution, de�ne P(k, n, λ) as the probability of observing k successes in a binomial process

with n trails and success probability λ:

P(k, n, λ) =

 n

k

λk(1− λ)n−k (31)

In the �rst sub-period of t = 2, the owner chooses x2 to solve:

V2(a1, n) = max
x2

n∑
k=0

P(k, n, λ) ln(π[k(1 + x2) + (n− k)(1− x2)] + (1 + r)a1) (32)

In the �rst period, the owner enters with initial assets (a0) and no �rms. He �rst chooses
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the number of �rms (n) and then at the end of the period chooses savings (a1) to solve:

V1(a0, 0) = max
a1,n

ln(a0 − a1 − nθ) + βV2(a1, n) (33)

B.3 Results

The two-period single-agent model described in the previous section cannot be solved ana-

lytically. The two versions of the model are solved numerically using the parameters listed

in table 14. In the table, α denotes the decreasing returns to scale parameter, ω denotes the

per unit cost of labor, and λ denotes the probability that investment will be successful, θ is

the per �rm entry cost, β is the owner's discount factor, r is the real interest rate, and n is

the maximum number of �rms each owner can control.

B.3.1 Unconstrained

Starting o� with the unconstrained model is useful to highlight the relationship between

investment, diversi�cation, and savings. Figure 10 shows the owner's second period optimal

investment (x2) decision. Consistent with the empirical results and static model in section 5,

the left panel of �gure 10 shows that across di�erent levels of savings (a1), optimal investment

is increasing in diversi�cation. This �rst result arises from owners �nding safety in variety

when �rms are subject to idiosyncratic investment risk. The right panel of �gure 10 shows

further that across di�erent levels of diversi�cation (n), optimal investment is increasing in

savings. This second result shows that owners with higher savings are also able to use these

savings to insure themselves against idiosyncratic risk.

While the savings and diversi�cation decisions are made simulataneously in the �rst pe-

riod, it is useful to show how savings moves with initial assets and diversi�cation separately.

Figure 11 shows the owners optimal savings (a1) decision. For a given level of initial as-

sets (a0), savings are decreasing in diversi�cation since opening more �rms requires a higher
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start-up cost paid in the �rst period. For a given level of diversi�cation (n), savings are

increasing in initial assets. This arises because with higher initial assets, less borrowing is

required to open the same number of �rms.

Figure 12 reports the owner's diversi�cation (n) and savings (a1) decisions as a function of

initial assets (a0), while �gure 13 reports the resulting second period risky investment (x2)

and expected value. Figure 12 makes clear the implications of not imposing a borrowing

constraint. Owners open the maximum number of �rms (left panel) in order to diversify

away the idiosyncratic risk arising from investment in the second period. Those with low

initial assets borrow (right panel) in order to �nance these �rms. Only the wealthiest owners

are able to �nance the purchase of all �rms out of their initial wealth and still save.

The left panel of �gure 13 documents a positive relationship between initial assets and

risky investment. This positive relationship is entirely driven by the positive relationship

between savings and investment documented in the right panel of 10. Intuitively, because

higher initial assets are associated with higher investment and output, the right panel of

�gure 13 shows that owner's expected value is also increasing in initial assets. The next

section explores how imposing a borrowing constraint gives rise to di�erences in optimal

diversi�cation and generates a role for the risk-sharing channel observed in the data.

B.3.2 Constrained

The two versions of the model with borrowing constraints hinder the owner's ability to open

the maximum number of �rms in the �rst period. Since this borrowing constraint a�ects

the owner's �rst period decision, this section highlights di�erences in the owner's optimal

diversi�cation and savings decisions as a function of his initial assets in the �rst period and

his subsequent investment decision.

Figure 14 shows the relationship between initial assets and diversi�cation for the three

models. In the no constraint model (solid green line), regardless of initial assets owners
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choose the maximum number of �rms. Under no borrowing (dashed blue line) or constrained

borrowing (dotted red line) owners with higher initial assets choose a higher degree of diver-

si�cation. Intuitively, while the no constraint model represents one extreme and results in

the highest diversi�cation, the no borrowing model represents another extreme and results

in the lowest diversi�cation. In the no borrowing model, only owners with initial assets

above 1.8 are unconstrained and choose the maximum number of �rms. In the constrained

borrowing model, owners become unconstrained above initial assets of 0.8 and below this

point can a�ord to open fewer than the maximum number of �rms.

Figure 15 plots the owner's savings decision as a function of his initial assets. In the

unconstrained model owners withe lower initial assets borrow heavily to open the maximum

number of �rms. Only owners with the highest initial assets are able to open these �rms

and save. The constraints introduced in the no borrowing and constrained borrowing models

force the owners to save more (borrow less) than they otherwise would. In the no borrowing

model most owners choose neither to borrow nor save. Note the small increases in savings

at a0 = 0.60. When initial assets lie between 0.48 and 0.60 owners have su�cient assets

to open three �rms, but not to cover the �xed cost of opening a fourth �rm. An owner

with a0 = 0.60 therefore saves the remaining initial assets. An owner with slightly higher

initial assets of 0.64 can �nance the purchase of a fourth �rms, but due to the additional

expense cannot save. This same logic explains other small spikes in the savings decision

of owners in the no borrowing model. In the constrained borrowing model, the declining

savings in the range of initial assets associated with constrained owners arises because as

initial assets rise owners are opening more �rms and as the left panel of �gure 11 shows, there

is a negative relationship between savings and diversi�cation. When initial assets surpass

0.8 owners become unconstrained, open the maximum number of �rms, and make the same

savings decisions as in the no constraint model.

Figure 16 documents the optimal risky investment in each of the three models. In the

no constraint model the positive relationship between initial assets and investment arises
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because savings is increasing in initial assets and investment is increasing in savings. Diver-

si�cation plays no role since all owners hold the maximum number of �rms in this model.

In the no borrowing model, the positive relationship between initial assets and investment

is driven almost entirely by the positive relationship between investment and diversi�cation

since regardless of the level of initial assets savings is very close to zero. In the constrained

borrowing model, the positive relationship between investment and initial assets is driven

both by diversi�cation when initial assets are below 1 and owners hold fewer than the max-

imum number of �rms and by savings when initial assets are above 1 and owners hold the

maximum number of �rms.
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Figure 10: Investment, Diversi�cation (left panel) and Savings (right panel)
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Notes: The �gure in the left panel plots optimal investment (x2) on the y-axis against diversi�cation (n)

on the x-axis, an each line represents a di�erent level of savings (a1). The �gure in the right panel plots

optimal investment (x2) on the y-axis against savings (a1) on the x-axis, an each line represents a di�erent

level of diversi�cation (n). In this version of the model, the owner faces no additional constraints.

Figure 11: Savings, Diversi�cation (left panel) and Initial Assets (right panel)
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Notes: The �gure in the left panel plots optimal savings (a1) on the y-axis against diversi�cation (n) on

the x-axis, an each line represents a di�erent level of initial assets (a0). The �gure in the right panel plots

optimal savings (a1) on the y-axis against initial assets (a0) on the x-axis, an each line represents a di�erent

level of diversi�cation (n). In this version of the model, the owner faces no additional constraints.
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Figure 12: Initial Assets, Diversi�cataion (left panel) and Savings (right panel)
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Notes: The �gure in the left panel plots savings (a1) on the y-axis against initial assets (a0) on the x-axis.

The �gure in the right panel plots the number of �rms (n) on the y-axis against initial assets (a0). In this

version of the model, the owner faces no additional constraints.

Figure 13: Initial Assets, Investment (left panel) and Expected Value (right panel)
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Notes: The �gure in the left panel plots optimal investment (x2) on the y-axis against initial assets (a0)

on the x-axis. The �gure in the right panel plots the resulting expected value on the y-axis against initial

assets (a0) on the x-axis. In this version of the model, the owner faces no additional constraints.
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Figure 14: Initial Assets and Diversi�cation
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Notes: The �gure shows the optimal diversi�cation (n, y-axis) policy as a function of initial assets (a0,

x-axis) for three versions of the model. The solid green line represents the no constraints model, the dashed

blue line represents the no borrowing model, and the dotted red line represents the model in which the

owner's borrowing is constrained to a fraction of his expected returns.
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Figure 15: Initial Assets and Diversi�cation
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Notes: The �gure shows the optimal savings (a1, y-axis) policy as a function of initial assets (a0, x-axis)

for three versions of the model. The solid green line represents the no constraints model, the dashed blue

line represents the no borrowing model, and the dotted red line represents the model in which the owner's

borrowing is constrained to a fraction of his expected returns.
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Figure 16: Initial Assets and Diversi�cation
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Notes: The �gure shows the optimal investment (x2, y-axis) policy as a function of initial assets (a0, x-axis)

for three versions of the model. The solid green line represents the no constraints model, the dashed blue

line represents the no borrowing model, and the dotted red line represents the model in which the owner's

borrowing is constrained to a fraction of his expected returns.
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Table 14: Parameters

Parameter Value

α 0.75

ω 1.00

λ 0.55

θ 0.085

β 0.95

r 0.04

n 10

Notes: This table reports the parameter values used in the numerical solution of the model described in

section B. α denotes the decreasing returns to scale parameter, ω denotes the per unit cost of labor, and

λ denotes the probability that investment will be successful, θ is the per �rm entry cost, β is the owner's

discount factor, r is the real interest rate, and n is the maximum number of �rms each owner can control.
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