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Abstract
A large body of literature has documented that knowledge spillovers between

firms are local and decay with distance. In a world with multi-plant firms, such local
spillovers imply that a firm’s spatial expansion can impact both its own exposure to
existing ideas and the spillovers it generates for others, shaping aggregate innovation
and growth. We investigate this idea empirically and theoretically. We first provide
evidence on the importance of geographical firm expansion for cross-firm spillovers
by linking data on firms’ geography and patent citations. Using an event-study design,
we show that a firm’s expansion into a local market increases citations to its existing
patents by inventors in that market. Motivated by this evidence, we develop a model
in which multi-plant firms can improve their innovation process by accessing ideas
across multiple markets. The distribution of these ideas across space depends on the
location decisions of all firms in the economy. A key takeaway is that when knowledge
spillovers are local and ideas are sufficiently differentiated across firms, innovative
firms are too geographically concentrated relative to the social optimum. Thus,
policies promoting spatial expansion, like subsidies for opening new R&D branches,
can enhance growth and knowledge diffusion, while reducing spatial inequality.

*This research benefited from the financial support from the Becker Friedman Institute for Eco-
nomics at University of Chicago.



1. Introduction

The existence of knowledge spillovers between firms is a key idea in the literature on

innovation and economic growth. Empirical measures of these spillovers show that they

are highly localized and depend on geographical proximity between firms. In a world with

multi-plant firms, such local spillovers imply that a firm’s spatial scope can impact both

its own exposure to existing ideas and the spillovers it generates for others. Consequently,

a firm’s geographical structure might be sub-optimal from a social perspective, and

changes in it can affect the prevalence of knowledge spillovers, aggregate innovation,

and growth.

In this paper, we investigate this idea, contributing new evidence and theory on the

role of firm geography in shaping knowledge spillovers and growth. First, we provide new

evidence on the importance of geographical firm expansion for spillovers across firms,

linking data on firms’ geography and the near universe of patent citations. Second, we

develop a model that formalizes the role of local knowledge spillovers for firm expansion

decisions and innovation. Third, we study social welfare in the model and highlight con-

ditions under which innovative firms are too geographically concentrated in equilibrium

relative to the optimum. Finally, we characterize which local markets gain and lose from

policies encouraging innovative firms to increase their geographical scope.

Empirically, we provide evidence on the role of spatial expansion for knowledge

spillovers across firms. We link data on changes in firms’ geography from Dun & Brad-

street with cross-firm patent citations from USPTO’s PatentsView, successfully covering

the near-universe of firm locations and citations in the past five decades in the United

States. Employing an event-study design, we establish that a firm’s expansion into a local

market generates a persistent increase in the number of external citations that it receives

from inventors in that market. These effects are robust to excluding any citations by firms

sharing inventors with the expanding firm, in the past or in the future; and to excluding

any citations to any patents that the firm generates in the new market. We further show

that these effects are strongest when the expanding firm opens a plant that specializes in

innovative activity in the destination market. We also find evidence that knowledge flows

in the opposite direction: expanding firms increase citations to inventors located in the

new market.
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Based on these findings, we develop a theory that links firms’ geographical scope to

innovation activity in a world with local knowledge spillovers. We extend the canonical

“creative destruction” model from the literature on economic growth to a multi-market

setting, adding two key components. First, we introduce multi-location innovative firms

that employ R&D workers across local markets to increase their arrival rate of new ideas.

Firms choose to operate in multiple markets due to decreasing returns to their R&D

workforce in each location, and firms avoid operating in all markets since they incur

a fixed cost for every new location. Second, the productivity of R&D workers in each

location depends on a local stock of knowledge, which increases in the amount of local

innovation activity, giving rise to agglomeration spillovers. Crucially, we assume that

there are diminishing returns to knowledge spillovers from each local firm and that no

local firm internalizes its contribution to this stock. Thus, local innovation efficiency

depends not only on a given firm’s local innovation workforce but also on the number

and composition of firms, capturing the notion that there are gains from a diversity of

ideas as in Jacobs (1969).

We establish a connection between economic growth and the geographical scope

of innovating firms in equilibrium, and characterize social welfare in this setting. We

show that the optimal allocation of firm activity across space differs from the competitive

equilibrium when there are local knowledge spillovers. The sign and magnitude of the

deviation depends on two additional parameters: the elasticity of new ideas to firms’ local

labor in the production function for ideas, and the diminishing returns to knowledge

spillovers from each firm in our specification for agglomeration forces. When the latter is

low enough, innovative firms are too geographically concentrated in the decentralized

equilibrium.

To gain some intuition for this result, consider the spillovers that are generated when

a firm opens a new innovation facility in a new market. On the one hand, it generates new

knowledge spillovers in that market. On the other hand, due to labor market clearing, it

must induce a reduction in the amount of labor that is allocated to some other innovation

plant in some other region of the economy, since the expansion incurs a fixed cost that is

paid in labor. When the diminishing returns to each plant in the agglomeration function

are strong enough, the knowledge gained from opening a new plant are large relative to

the knowledge lost from shrinking an existing plant. In this case, the social planner would
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like to induce more expansion relative to the competitive equilibrium. In the knife-edge

case that the decreasing returns in the ideas production function are the same as those in

the ideas spillovers function, the decentralized equilibrium is efficient, even if knowledge

spillovers are strong.

To understand whether innovating firms are too geographically concentrated in

practice, and to understand the welfare implications of policies that induce them to

expand, we estimate our model using data on U.S. local labor markets in 2019. We

show how to identify the decreasing returns in the ideas production function and in the

knowledge spillover function using data on the co-movement of patenting and patent

citations within firms across space. Our estimation results are consistent with the case in

which innovative firms are too geographically concentrated in equilibrium.

Finally, we investigate the implications of a simple policy that induces firms to expand

more, by giving a fixed subsidy for every new market in which firms open an innovation

center. We assume that this subsidy is financed by a lump sum on all agents in the

economy. We find that the welfare gains are maximized when the size of such a program

is around 2% of GDP. Under such a policy, growth increases by 0.08 p.p., and the present

discounted value of aggregate consumption is higher by 2% relative to the benchmark

equilibrium. We also find that smaller markets gain relatively more from such a policy.

Our estimation suggests that a modest incentive for innovating firms to spread their

activity across space can contribute to higher growth and lower spatial disparities.

Related literature. We relate to several strands of literature. First, we relate to the

empirical literature that investigates the local nature of spillovers between firms, follow-

ing Jaffe et al. (1993), Audretsch and Feldman (1996), Peri, 2005, Greenstone et al. (2010),

Griffith et al. (2011), Carlino and Kerr, 2015, Bloom et al. (2019), Matray, 2021, and Giroud

et al. (2021). Our design has two advantages relative to these papers. First, by studying

changes in patent citations following firm expansion, we provide direct, well-identified

evidence for knowledge spillovers that result from changes in firms’ geographical scope.

Second, our large-scale data and matching design allows us to investigate heterogeneity

in the effect of different plant expansions. In particular, as our theory shows, under-

standing how knowledge spillovers relate to the size of the expanding plant is crucial

to determining whether there is too much or too little geographical firm expansion in

equilibrium. Finally, it is worth noting that throughout the paper, we focus on spillovers
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in innovation, and not on contemporary productivity spillovers.

Second, we relate to papers that model the expansion of firms through space, includ-

ing Jia (2008) and Holmes (2011) in the industrial organization literature; Argente et al.

(2020), Oberfield et al. (2024), and Kleinman (2023) in the macroeconomics literature;

and Helpman (1984), Ramondo and Rodrı́guez-Clare (2013), Tintelnot (2017), and Arko-

lakis et al. (2018) in the literature on trade and multinational firms. We focus on the

geographical structure of innovative firms, introducing a new expansion motive based on

access to ideas across multiple markets, and linking it to aggregate growth. We also show

that the degree of spatial expansion in equilibrium can be sub-optimal from a social

perspective.

Third, we relate to the theoretical literature on innovation, diffusion, and endogenous

growth. Following models of Schumpeterian innovation, firms invest in innovation in

order to improve product quality, giving rise to a quality ladder (Grossman and Helpman,

1991; Aghion and Howitt, 1992; Klette and Kortum, 2004; Akcigit and Kerr, 2018). As

in models of knowledge diffusions, firms learn from others and gain insights which

make their innovation process more effective (Lucas and Moll, 2014; Perla and Tonetti,

2014; Buera and Oberfield, 2020; Prato, 2022). Our contribution to this literature is

to analyze the interaction between firms’ innovation and spatial expansion decisions.

We highlight that in the presence of local knowledge spillovers, both innovation and

expansion decisions can be sub-optimal in equilibrium. There are potential gains from

re-configuring firms’ geography, even conditional on the amount of resources that are

channeled into the innovation sector.

Fourth, we relate to recent papers that study the role of local spillovers between

workers for aggregate productivity and growth, e.g. Martellini (2022), Crews (2023), and

Lhuillier (2023). Relative to these papers, we focus on knowledge spillovers between firms.

We highlight a new connection between the geographical scope of firms and aggregate

growth and derive new policy implications for the optimal geography of firms.

Finally, we relate to the literature on the link between trade and innovation, as sur-

veyed in Melitz and Redding (2021) and Akcigit and Melitz (2022). Rather than studying

the importance of trade frictions between countries for innovation and growth, we focus

on spatial frictions to the expansion of innovative firms within countries. However, the

key insights from our analysis apply also to the expansion of multinationals that engage
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in innovation across countries.

2. Data

We use two main data sources for the analysis. First, PatentsView provides information on

the universe of U.S. patents granted after January 1976. Second, Dun & Bradstreet (D&B)

provides detailed information on the spatial organization of firms between 1969 and

2021.1 The key advantage of the Dun & Bradstreet data is its public availability and its clear

delineation of firm ownership across space (i.e. headquarters-branch information); the

spatial distribution of firms in Dun & Bradstreet is characterized by high accuracy when

benchmarked against official, administrative datasets.2 We merge these two datasets

following the methodology of Hughes et al. (2021).3 Table 1 shows the results of this merge.

The quality is high: Over the period 1969 to 2021, we match 84% of all nonwithdrawn

utility patents granted to at least a single U.S.-based assignee. Encouragingly, a large

majority of these patents are matched to firms at the headquarters or ultimate owner

levels, consistent with the notion that large, publicly-listed corporations account for a

majority of private sector R&D activity (Bloom et al., 2013).4 The mean and median grant

and application years in the matched sample are comparable to those in the population

of PatentsView data, suggesting broad balance in the match along the time dimension.

Figure A.1 provides further details on the time series balance in the match as well as

the performance of the match spatially. Both aspects are broadly balanced and suggest

our matched sample is representative of the population along these dimensions. Lastly,

the three digit CPC distribution is very similar between the matched sample and the

population, reflecting technological balance in the matched sample (Figure A.2). Further

information on the data and the quality of the merge between PatentsView and Dun &

1In our analysis, we focus on the period from 1980 to 2018. We limit to these years to maximize sample
size subject to truncation considerations. Although our patent data covers patents granted after 1976,
those patents in the early part of the sample were often applied for prior to 1976—in some cases, as far
back as 1950. Since there are patents applied for prior to 1950 that were granted before 1976, our sample
is not truly universal in the earliest years. Similarly, there may be patents applied for after 2018 that are
not yet granted in our data. We also wish to exclude the Covid-19 pandemic from our analysis, a period in
which firm location decisions differed from the historical norm.

2See Barnatchez et al. (2017) for further description of the representativeness and accuracy of the
National Establishment Time Series (NETS) data, which is constructed from the Dun & Bradstreet data.

3Details of the merge can be found in Appendix A.1.
4In particular, Bloom et al. (2013) report Compustat firms in their sample account for 62% of the total

private sector R&D spending in the economy.
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Match quality Firm resolution
Statistic Matched PatentsView Match rate Organization N Cum. share
Number of assignees 150730 205655 73% Headquarters 2375886 0.86
Number of commuting zones 679 707 96% Single establishment 339269 0.98
Number of patents 2759380 3269141 84% Ultimate owner 44225 1.00
Grant year

Mean 2005 2006
Median 2009 2009

Application year
Mean 2003 2003
Median 2005 2005

Table 1: Merge quality between PatentsView and Dun & Bradstreet. This table conditions on
nonwithdrawn utility patents granted between 1969 and 2021 with a single U.S.-based assignee.

Overall Firm Firm × commuting zone Expansion types
Mean Median Mean Median SIC N Cum. share

Number of firms 172075 Markets 4.15 1.00 — — 50 104472 0.12
Number of commuting zones 727 Establishments 11.04 1.00 2.66 1.00 73 77508 0.21
Number of firm × commuting zones 879239 Patents 2.61 0.00 0.63 0.00 87 42223 0.26

Inventors 2.22 0.00 0.53 0.00 99 41521 0.30
Log D&B emp. 3.48 3.26 3.23 3.09 59 39975 0.35
External citations 1.11 0.00 0.27 0.00 51 36961 0.39

35 36579 0.43
36 28087 0.46
28 24733 0.49
56 20083 0.52

Table 2: Summary statistics. All firm-level statistics condition on firm activity (measured by having at least a
single active establishment). All firm × commuting zone-level statistics condition on having at least one establishment active
in the commuting zone. Both pool across years. Numbers of patents and citations are flow measures; number of citations is
based on the same refinement of external citations used in Section 3.1. Expansion type is measured as the modal two-digit SIC of
establishments in focal commuting zone in year of expansion.

Bradstreet can be found in Appendix A.

Table 2 presents summary statistics of the merged data. The number of markets and

establishments per firm is slightly higher than that reported in Hsieh and Rossi-Hansberg

(2023) and Kleinman (2023), but this deviation is reasonable given our focus on patenting

firms, which tend to be larger than the services firms studied in the aforementioned

papers.5

Our analysis focuses on spillovers that emerge from firm expansion at the commuting

zone level. We obtain county-level information on economic activity and aggregate it

to the commuting zone level from various publicly available, tabulated micro-datasets,

including the Business Dynamics Statistics and County Business Patterns data of the U.S.

Census Bureau.

The merged dataset allows us to conduct a comprehensive analysis of the relationship

between firm expansion and knowledge spillovers. In Section 3, we employ an event-

5As noted before, we utilize Dun & Bradstreet whereas Hsieh and Rossi-Hansberg (2023) and Kleinman
(2023) utilize the Longitudinal Business Database (LBD), another reason for slight deviation in firm size
and scope moments.
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study design to investigate how a firm’s expansion into a new local market affects the

citations it receives from inventors in that market. We exploit the detailed geographical

information in the Dun & Bradstreet data to identify firm expansions, while using the

PatentsView data to track changes in citation patterns. This approach enables us to

examine both the magnitude and persistence of spillover effects following firm expansion.

Additionally, we explore heterogeneity in these effects based on the type of establishment

opened and investigate potential reverse spillovers from local inventors to expanding

firms.

3. Empirical Evidence

In this section, we empirically investigate the relationship between firm expansion and

knowledge spillovers. We begin by detailing our identification strategy and econometric

specification. We then present our main results on the impact of firm expansion on local

citation patterns. Subsequently, we explore heterogeneity in these effects across different

types of establishments and examine potential reverse spillovers. Finally, we conduct a

series of robustness checks to validate our findings.

3.1 Measuring spillovers

To estimate the presence, strength, and persistence of spillovers resulting from firm

expansion, we employ a matched difference-in-differences (MDiD) specification. Our

unit of observation, i, is a firm × commuting zone pair (interchangeably referred to at

times as an establishment). We denote by g(i) the first year unit i records activity in

commuting zone CZ(i). A unit is considered treated when t ≥ g(i), with g(i) = ∞ for

never-treated units.6

As in any DiD framework with staggered treatment adoption, identification relies on

a particular form of the parallel trends assumption (Callaway and Sant’Anna, 2021). This

argues for the careful construction of a matched control sample. For example, comparing

Google in 1999, when it was founded, to a never treated unit of IBM’s is unlikely to satisfy

the parallel trends assumption, since these firms—and their attendant markets—are very

6We assume treatment is absorbing; thus, if a firm opens an establishment in a given commuting zone
but then exits a commuting zone, for the purposes of analysis, the unit remains treated. In Appendix B.1
we show our main results are robust to excluding these temporarily treated commuting zones from our
analysis.
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Figure 1: Response of citations received by firm patents in expansion commuting zone
preceding and following expansion. The outcome variable is the log number of citations made to stock of patents
of firm Firm(i) at time t from inventors residing in commuting zone CZ(i). We remove all internal citations and all external citations
made from patent documents from firms f ̸= Firm(i) that ever shared inventors with firm Firm(i); we further only consider
citations made to patents originated outside of CZ(i). Each point represents a loading on the relative treatment time dummies
specified in (1). Standard errors are clustered at the firm × commuting zone level. Error bars represent 5% confidence intervals. The
Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10, returns a p-value of 0.30.

likely to be on different trajectories. Therefore, we match treated commuting zones to

never-treated commuting zones, within firm, by minimizing a distance criterion defined

on pre-treatment outcomes and pre-treatment covariates.7 To ensure that both treated

units and never treated units are relevant locations for studying the innovative activity

of the focal firm, we further require that both treated and control units receive positive

citations in two out of ten years of the pre-treatment period τ ≡ t− g(i) ∈ {−10, . . . ,−1}.

Our main specification is:

yit = αi + δt + κFirm(i)t +
∑

τ∈{−10,...,10}\{−1}

βτ I{t− g(i) = τ}+ εit. (1)

where Firm(i) is the firm identifier of unit i. The outcome variable, yit, is the log number

of citations received by firm Firm(i)’s patents in commuting zone CZ(i) at time t. To

ensure that we are capturing spillovers due to the spatial proximity of distinct firms

operating in a given commuting zone — and not, for example, within-firm spillovers or

spillovers mediated by shared employees — we restrict our analysis to “external citations”.

7See Appendix C for details of the matching procedure. For a related approach, see Arkhangelsky et al.
(2021).
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These are citations received from other firms to patents of firm Firm(i). We also consider

only citations to Firm(i)’s patents that were authored by inventors reporting a location

other than commuting zone CZ(i), and made by patent documents whose originating

firms never share inventors with Firm(i).8,9

Our main results are presented in Figure 1. The results show that firm expansion into a

market results in a significant and persistent increase in the number of citations received

by the expanding firm from inventors in the new market. Ten years following expansion,

citations are, on average, roughly 20% higher in treated commuting zones compared

to control commuting zones. Encouragingly, there is no discernible pre-trend, and the

Wald test of joint nullity of the pre-treatment dummies, {βτ}−2
τ=−10, returns a p-value of

0.30, meaning we fail to reject the joint nullity of the pre-treatment dummies under

conventional levels of statistical significance, providing further evidence in support of

the parallel trends assumption.

Figure 2 shows the results when studying alternative specifications of the dependent

variable. Moving from left to right, the specification becomes increasingly stringent. First,

we use the log of all external citations received by the expanding firm from inventors

in the focal commuting zone, CZ(i); then we throw out any citations originating from

patent documents associated with firms that have ever shared inventors with the ex-

panding firm; and finally we throw out any citations made to patents invented in the

expansion commuting zone, CZ(i) (our baseline specification in Figure 1). Clearly, the

three specifications return very similar results; Wald tests lead us to fail to reject joint

nullity in all three specifications.

Lastly, in order to further strengthen our identification strategy and isolate the narrow

effects of expansion, we extend our baseline specification to include commuting zone by

year fixed effects. We estimate the following regression:

yit = αi + δt + κFirm(i)t + ζCZ(i)t +
∑

τ∈{−10,...,10}\{−1}

βτ I{t− g(i) = τ}+ εit. (2)

8These latter conditions are to ensure that we are not picking up on spillovers that occur within the firm
due to, for example, anticipated or mismeasured merger activity. Similarly, these restrictions rule out a
mechanical increase in citations received due to an increase in patenting upon the opening of a new R&D
facility in location CZ(i). Purging the firm-year trend, κFirm(i)t further rules out any mechanical increase
in citations whereby, firm-wide, there is a rise in citable patents that coincides with firm expansion in the
focal market.

9Appendix A.2 discusses how we allocate inventors to firms.
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Figure 2: Event study under alternative specifications of the dependent variable. The
outcome variable is the log number of citations made to stock of patents of firm Firm(i) at time t from inventors residing in
commuting zone CZ(i). In all specifications, we remove all internal citations. Each point represents a loading on the relative
treatment time dummies specified in (1). Standard errors are clustered at the firm × commuting zone level. Error bars represent
5% confidence intervals. The Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10, returns p-values of 0.18, 0.30,
and 0.30, respectively.

The inclusion of these granular fixed effects allows us to control for any time-varying,

location-specific factors. Such factors could include local economic booms, policy

changes, or the emergence of industry clusters that might attract firms while also fos-

tering increased innovation activity. As is evident from Figure 3, our main finding of

increased citations following firm expansion remains robust to this more demanding

specification. However, we observe that some of the treatment effect is absorbed by the

commuting zone-year trends, resulting in a slightly attenuated effect size. Specifically,

while the baseline model shows an increase of about 20% relative to control 10 years fol-

lowing expansion, the model with commuting zone-year fixed effects shows an increase

of approximately 10% over the same period.

This attenuation suggests that part of our effect is increased citation activity at the

regional level. Of course, this could still be an equilibrium effect of the expansion of

the focal firm, as the new innovating plant contributes to fostering the local ecosystem.

However, to the extent that it reflects a regional trend that is orthogonal to the expansion

event – and that by coincidence begins in parallel to the expansion – this result provides

evidence for the robustness of our finding. Importantly, the persistence of a significant

treatment effect even after accounting for these local trends provides strong evidence
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Figure 3: Event study after purging commuting zone trends. The outcome variable is the log
number of citations made to stock of patents of firm Firm(i) at time t from inventors residing in commuting zone CZ(i). We
remove all internal citations and all external citations made from patent documents from firms f ̸= Firm(i) that ever shared
inventors with firm Firm(i); we further only consider citations made to patents originated outside of CZ(i). The right-most panel
also includes a commuting zone-year FE. Each point represents a loading on the relative treatment time dummies specified in
equations (1) and (2), respectively. Standard errors are clustered at the firm × commuting zone level. Error bars represent 5%
confidence intervals. The Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10, returns p-values of 0.30 and 0.22,
respectively.

that firm expansion itself leads to increased knowledge flows. This suggests that the act

of establishing a local presence allows firms to tap into knowledge sources in ways that

go beyond simply being present in a thriving innovation ecosystem.

3.2 Heterogeneity in treatment effect by establishment type

Figure 4 explores heterogeneity in the treatment effect based on whether the expanding

firm engages in local patenting activity. We find that when firms establish a new presence

in a location and also conduct patenting activity there—a proxy for the opening of a R&D

facility—local firms much more intensively cite the existing patents of the expanding

firm. On average, treated units receive 40% greater citations than control units after 10

years. In contrast, firms that expand but do not engage in local patenting still generate

positive spillovers, but the magnitude is smaller at around 10-15% after the same time

period.

This heterogeneity suggests that the physical presence of R&D activities amplifies

knowledge spillovers to the local economy. The result aligns with the literature empha-

sizing the importance of geographic proximity for knowledge diffusion (e.g. Jaffe et al.,
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Figure 4: Heterogeneity by plant type, local patents. The outcome variable is the log number of
citations made to stock of patents of firm Firm(i) at time t from inventors residing in commuting zone CZ(i). We remove all
internal citations and all external citations made from patent documents from firms f ̸= Firm(i) that ever shared inventors with
firm Firm(i); we further only consider citations made to patents originated outside of CZ(i). Each point represents a loading
on the relative treatment time dummies specified in (1). Regressions are run separately for firms that patent at least once in
τ ∈ {0, . . . , 10} in the expansion market versus those that do not. Standard errors are clustered at the firm × commuting zone
level. Error bars represent 5% confidence intervals. The Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10,
returns a p-value of 0.36 and 0.65, respectively.

1993; Audretsch and Feldman, 1996). It extends these findings by demonstrating that not

just proximity, but the nature of local activities matters for the intensity of knowledge

spillovers.

Figure 5 illustrates the heterogeneity in spillover effects across expansions in the

top 10 SIC’s listed in Table 2. The results reveal substantial variation in the intensity of

knowledge spillovers—as proxied by patent citations—generated by firm expansions

across sectors. Notably, firms in knowledge-intensive industries such as Chemicals

and Allied Products (SIC 28) and Industrial and Commercial Machinery and Computer

Equipment (SIC 35) exhibit some of the largest spillovers. These sectors are characterized

by high R&D intensity and complex technological processes, which may facilitate greater

knowledge diffusion when firms expand into new locations. However, large treatment

effects are also observed in expansions in Miscellaneous Retail (SIC 59); Nonclassifiable

Establishments (SIC 99); and Wholesale Trade of Durable and Nondurable goods (50, 51,

respectively). Table A.3 shows, however, that many of these expansions seem to occur in

hard-to-classify, innovation-adjacent sectors.
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Figure 5: Heterogeneity by SIC expansion type.The outcome variable is the log number of citations
made to stock of patents of firm Firm(i) at time t from inventors residing in commuting zone CZ(i). We remove all internal
citations and all external citations made from patent documents from firms f ̸= Firm(i) that ever shared inventors with firm
Firm(i); we further only consider citations made to patents originated outside of CZ(i). Each point represents a loading on the
relative treatment time dummies specified in (3). Regression specification is static, “stacked”, DiD estimator. Regressions are run
separately for each SIC expansion type. Standard errors are clustered at the firm × commuting zone level. Error bars represent 5%
confidence intervals.

3.3 Spillovers to the expanding firm

While our previous analysis focused on how firm expansion generates knowledge spillovers

to local firms, we now turn to examining a potential driving force behind firms’ decisions

to expand geographically: access to local knowledge pools. Specifically, we investigate

whether expanding firms increase their utilization of knowledge from their new locations

following entry.

Figure 6 presents the results of our event study analysis, which examines how a firm’s

citations to patents originating in focal commuting zone CZ(i) change after the firm

establishes a new presence in that location.10 The observed pattern provides compelling

evidence that geographical expansion indeed facilitates access to local knowledge.

Following entry into a new commuting zone, firms exhibit a substantial and persis-

tent increase in citations to patents from that area. For external citations, this effect

becomes statistically significant within 3-4 years of expansion and continues to grow over

the subsequent decade, reaching an increase of approximately 10% relative to control

10We simply replace the dependent variable in equation (1) with citations made by unit i at time t to
commuting zone CZ(i).
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Figure 6: Response of citation made by firm patents in the expansion commuting
zone preceding and following expansion. The outcome variable is the log number of citations made to stock
of patents of firms f ̸= Firm(i) at time t to patents invented in CZ(i). The right-most panel further excludes citations made
to patents of firms that ever shared inventors with the Firm(i). Each point represents a loading on the relative treatment time
dummies specified in (1). Standard errors are clustered at the firm × commuting zone level. Error bars represent 5% confidence
intervals. The Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10, returns p-values of 0.64 and 0.55, respectively.

commuting zones.11

These results shed light on an important strategic consideration in firms’ location

decisions. Beyond factors such as market access, labor costs, or tax incentives, our

findings suggest that the potential to acquire new knowledge plays a significant role in

driving geographical expansion. Crucially, this motive would be fully internalized in the

firm, whereas the previous analysis likely reveals an externality of expansion, of interest

to a social planner and not necessarily the expanding firm.

3.4 Alternative estimators

Our baseline specification utilizes the familiar dynamic two-way fixed effects (TWFE)

“event-study” estimator. A voluminous recent literature has raised potential issues with

this estimator, in particular in settings with staggered treatments and treatment effect

heterogeneity, both of which are likely to be present in our setting (Chaisemartin and

D’Haultfœuille, 2020; Goodman-Bacon, 2021; Sun and Abraham, 2021; Borusyak et al.,

11For the specification excluding external citations made to firms with ever-shared inventors, statistical
power is clearly an issue. However, the magnitude of the estimated effect 10 years following expansion
is similar to the looser specification. Regressing the same outcome variable on a dummy indicating
τ ≡ t− g(i) ≥ 0 (i.e. “static” DiD) returns a regression loading of 0.060 with a standard error of 0.026.
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2024). While our matching procedure should resolve many of the underlying problems

raised in this literature, we revisit the robustness of our results to using alternative

estimators.

First, we consider the “stacking” estimator employed by Cengiz et al. (2019).12 This

specification rules out invalid comparisons by making all comparisons within group-

year:

yit = αig(Treated(i)) + δg(Treated(i))t +
∑

τ∈{−10,...,10}\{−1}

βτ I{t− g(i) = τ}+ εit (3)

where if g(i) < ∞, Treated(i) = i, and, if g(i) = ∞, Treated(i) equals the matched

treated unit associated with the given never-treated control unit.13 The downside of this

approach is its inability to purge firm or commuting zone level trends as in equations (1)

and (2), and that the treatment coefficients, {βτ}τ , are potentially unintuitive variance-

weighted averages of heterogeneous treatment effects.

Second, we employ the estimators proposed by Sun and Abraham (2021) and Dube

et al. (2023). These approaches are particularly well-suited for our setting as they allow

for heterogeneous treatment effects across cohorts and over time as well ruling out

contamination from already-treated units and have nice, intuitive aggregation properties.

The downside is that they do not straightforwardly accommodate high-dimensional fixed

effect controls at the Firm(i)× t level.14

Lastly, we implement a Poisson regression estimator (Bergé, 2018; Correia et al.,

2020). This approach is advantageous for several reasons. Most importantly, it allows

us to include observations with zero citations, which are excluded when using the log-

transformed outcomes of our baseline results. This inclusion can provide a more com-

plete picture of spillovers, especially for firms or locations with initially low levels of

innovation. Additionally, the Poisson model naturally accounts for the count nature

of our citation data and can handle over-dispersion, which is common in innovation

12See also Cunningham (2021) and Baker et al. (2022).
13Appendix D shows how comparisons made within-group year rule out the “negative weight” problem

that arises from comparing later treated units to already treated units.
14For Dube et al. (2023), we first project out Firm(i)×t-level means using the reghdfe function of Correia

(2016). For Sun and Abraham (2021), we are able to include Firm(i) × t fixed effects when estimating
the modified version of (1), but identification of treatment parameters, {βτ}τ , based on parallel trends
conditional on covariates is not proven in Sun and Abraham (2021).
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Figure 7: Alternative estimators for the baseline event study. The outcome variable is the log num-
ber of citations made to stock of patents of firm Firm(i) at time t from inventors residing in commuting zone CZ(i). We remove
all internal citations and all external citations made from patent documents from firms f ̸= Firm(i) that ever shared inventors
with firm Firm(i); we further only consider citations made to patents originated outside of CZ(i)—for Poisson regression, the
outcome variable is the count of such citations. Each point represents a loading on the relative treatment time dummies specified
in (1) or (3), respectively. Standard errors are clustered at the firm × commuting zone level, except for the panel of Cengiz et al.
(2019) which clusters at the firm × commuting zone × group level. Error bars represent 5% confidence intervals. The Wald test
of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10, returns a p-value of 0.49 for Cengiz et al. (2019) and 0.17 for Poisson
regression—Wald tests for the other two estimators are not straightforward to calculate, although visual inspection seemingly
rules out meaningful pre-trend.

measures.

Figure 7 presents the results from these alternative estimators. Reassuringly, we

find very similar patterns across all approaches. The estimated treatment effects are

nearly identical in magnitude and timing, with no changes to our key conclusions. The

pre-trends remain flat and close to zero, supporting the parallel trends assumption.

These consistent results across multiple estimators provide strong evidence for the

robustness of our findings. They suggest that the potential biases in TWFE highlighted

in the recent literature are not a major concern in our setting, likely due to our careful

matching procedure. Furthermore, the Poisson results demonstrate that our findings are

robust to alternative functional forms and the inclusion of zero-citation observations.

Collectively, these alternative specifications increase our confidence in the validity of our

empirical strategy and the reliability of our estimates of the spillover effects from firm
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expansion.

4. Theory: a model of innovative firms with spatial spillovers

In this section, we introduce a model of innovation-based endogenous growth with multi-

location innovative firms that generate local knowledge spillovers. Growth is driven by

quality-improving innovations produced by firms that hire R&D workers, with decreasing

returns to R&D labor in each location. The productivity of R&D workers depends on

endogenous local knowledge spillovers, which depends on the equilibrium composition

of innovative firms that open an establishment in a given location. Firms internalize the

benefit of local knowledge when opening an additional establishment, but they do not

internalize the spillovers they generate for other local firms. As a result, firms’ spatial

scope can be sub-optimal in the decentralized equilibrium, where innovative firms could

be too concentrated or too dispersed.

4.1 Environment

4.1.1 Setting

Time is continuous and indexed by t. The economy consists of N locations, indexed by n.

Each location n ∈ {1, ..., N} is populated by a measure L̄p
n of households that can

supply labor to the production sector and a measure L̄i
n of households that can supply

labor to the innovation sector.15 All households discount the future at rate ρ and are

endowed with one unit of labor. Households consume a freely tradable final good. The

preferences of a household in location n, sector s ∈ {p, i} are represented by the utility

function

U s
n =

∫ ∞

0

e−ρtu (Qs
nt) dt,

where Qs
nt is the amount of final-good consumption in period t. Each household owns a

balanced portfolio of all the firms in the economy,Bs
nt. The household’s budget constraint

implies that Qs
nt + Ḃs

nt = ws
nt + rtB

s
nt, where ws

nt is the market wage in sector s, location n,

in period t, and rt is the interest rate at time t.

15In the quantitative model in Section 5, we allow for labor mobility.
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4.1.2 Production Technology

The final good Yt is produced using a continuum of intermediate goods yjt according to

the production function:

lnYt =

∫ 1

0

ln(yjt)dj.

The final good price is normalized to 1.

Each intermediate good is produced by a monopolist that owns the rights to the

frontier technology with the following production function:

yjt = Ajt

(
N∑

n=1

(ZnL
p
jnt)

σ−1
σ

) σ
σ−1

.

whereAjt is the quality of intermediate j at time t,Zn is a time-invariant productivity term

specific to workers in location n, and σ is the elasticity of substitution across workers from

different locations in the production of the final good. We define aggregate productivity

in the economy as lnAt =
∫ 1

0
lnAjtdj.

In each product line j a single monopolist with the rights to produce with the frontier

technology Ajt competes against a fringe of competitive firms, that can also produce

intermediate j with an obsolete technology with quality Ajt/γ, where γ is the step-size of

technological progress in the economy. The monopolist charges a price pjt, obtaining

revenues equal to yjtpjt and profits πjt.

4.1.3 Innovation and Spillovers

A mass of innovative firms, indexed by ω, hires R&D labor across different markets to

produce innovations. The mass of innovative firms is endogenous and denoted by Mt. A

successful innovation improves the quality of a random intermediate product j by a step

size γ, so that the quality of intermediate j increases to Ajt(1 + γ). A firm ω’s employment

of inventors across space influences the arrival rate of innovations, λωt is given by:

λωt = λ0

N∑
n=1

Kntz
1−η
ω ℓηnωt, (4)
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where zω is the innovation productivity of firm ω; ℓnωt is the mass of inventors that firm ω

hires in locationn at time t;Knt is the relative productivity of inventors, or local knowledge

spillover, in location n at time t; η captures decreasing returns from employing more

labor in location n; and λ0 is a scaling constant. The assumption of decreasing returns

can capture various forces, such as the challenge of hiring and supervising large research

teams in the same location, and is the reason why innovative firms operate multiple

plants. We also assume that setting up an innovation plant in location n is subject to

a firm-location-specific fixed cost fnωt denoted in terms of the local innovation labor.

We assume that fnωt is drawn from an i.i.d. distribution with cumulative distribution

function Ff (·), which is inverse Pareto with shape dispersion θ and scale fmax.

The regional productivity of inventors, Knt, is an increasing function of the mass of

firms and inventors that are active in location n, given by

Knt = K̄n

(
N∑
i=1

∫
ω∈Ωi

z1−β
ω ℓβiωtdω

)α

, (5)

whereΩi is the set of firms that open a plant in locationn; K̄n is an exogenous determinant

of the relative innovation efficiency of location n; α captures the overall importance of

insights from other firms for idea creation; β captures the degree to which spillovers from

a particular plant depend on the plant’s employment.

Upon a successful innovation, a firm obtains monopoly rights over the new frontier

technology in sector j, displacing the existing incumbent. As a result, an incumbent is

subject to being displaced by innovation at the equilibrium arrival rate of new technolo-

gies in the economy, or the endogenous rate of creative destruction, λ̄, which is equal to

the sum of innovation efforts across all firms in the economy:

λ̄t =Mt

∫
ω∈Ω

λωtdω,

where Ω is the set of innovative firms in the economy.

The value of holding the rights to state-of-the-art technology in sector j, denoted as

Vjt, satisfies the following equation:

rtVjt − V̇t = πjt − λ̄Vt. (6)
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where rt is the interest rate in the economy and πjt denotes the profits of the intermediate

monopolist that produces good j with the frontier technology. The interpretation of

this equation is that the value of holding the rights to state-of-the-art technology is

equal to the discounted flow profits, πjt, minus the risk of displacement due to creative

destruction, captured by the last term.

Given the value of an innovation, we can express the problem of an innovative firm,

which maximizes the expected value from new innovations net of labor costs in all of its

locations:

maxλωtVt −
N∑

n=1

Inωt ×
[
wi

nt (ℓnωt + fnωt)
]
,

where Inωt is an indicator function for positive activity in location n at time t.

The mass of innovating firms in the economy is endogenous. To create a firm, a

potential entrepreneur pays an entry cost fe in terms of the final good.

4.2 Equilibrium

We focus on a balanced growth path (BGP) along which aggregate productivity At, wages,

consumption, profits, and the value of new innovations all grow at a constant rate g. The

spatial distribution of these objects is invariant along the BGP.

4.2.1 Production

The standard household maximization problem yields the Euler equation g = r − ρ.

The maximization problem of the final goods producer generates the following de-

mand for intermediate j:

yjt =
Yt
pjt
.

The cost minimization problem for an intermediate monopolist implies that the

marginal cost of producing an additional unit of the intermediate j when using the

state-of-the-art technology is given by

qjt =
1

Ajt

(
N∑

n=1

Zσ
n (wp

nt)
1−σ

) 1
1−σ

.

The monopolist with state-of-the-art technology engages in limit pricing and charges
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a price equal to the marginal cost of the competitive fringe, such that the price of the

intermediate j is pjt = γqjt. As a result, the monopolist’s profits are given by

πjt = π̄Yt,

where we define π̄ ≡
(

γ−1
γ

)
. We note that the profits are equal across all intermediate

sectors j, so we denote πjt = πt.

4.2.2 Innovation

Combining equation 6 with the Euler equation, we obtain that the value of an innovation

along a BGP is equal to :

Vt =
π̄

ρ+ λ
Yt.

An innovative firm ω, conditional on activity in market n, chooses the following mass of

inventors :

ℓnω =

(
ηKnλ0V

wi
n

) 1
1−η

.

The expected value from opening a plant in location n is then given by

V λ0Knz
1−η
ω ℓηnω − wi

n (ℓnω + fnω)

and the firm chooses to open that plant if the fixed cost fnω is low enough:

fnω <

(
1− η

η

)
ℓnω (zω) .

The probability that a firm of type z opens a plant in location n, denoted as χn (z) is:

χn (z) = Ff

((
1− η

η

)
ℓnω (zω)

)
= f−θ

max

((
1− η

η

)
ℓnω (zω)

)θ

,

where the second equality follows from the assumption that Ff is an inverse Pareto. We

note that all firms of type z hire the same number of workers for their innovation activity

in location n, so from now on we omit the index ω. The expected amount of labor that a
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firm of type z hires in location n to pay the fixed costs, conditional on being active in n, is:

f̄n (z) = E
[
f |f <

(
1− η

η

)
ℓn (z)

]
=

θ

θ + 1

(
1− η

η
ℓn (z)

)
.

4.2.3 Equilibrium Definition

We characterize the equilibrium by detrending all variables, in which case we omit the

time subscript. An equilibrium is an allocation of production and innovation workers for

all markets, production and innovation wages in all markets, quantity and price of the

final and intermediate goods, a mass of innovating firms, and a value of new innovations,

that satisfy:

1. Labor market clearing in the production sector

wp
n =

1

γ
Z

σ−1
σ

n

(
L̄p
n

Y

)− 1
σ

.

2. Labor market clearing in the innovation sector

L̄i
n =M

∫
z

χn (z)
(
f̄n (z) + ℓn (z)

)
dG (z) .

where

ℓn (z) = z

(
ηKnV

wi
n

) 1
1−η

, f̄n (z) =
θ

θ + 1

1− η

η
ℓn (z) , χn (z) = f−θ

max

((
1− η

η

)
ℓn (z)

)θ

.

3. Regional innovation productivity is given by

Kn = K̄n

(
M

∫
z

χi (z) z
1−βℓi (z)

β dG (z)

)α

.

4. Market clearing in the final good market

Y =Mfe + ρV +
N∑

n=1

wi
ntL̄

i
nt +

N∑
n=1

wp
ntL̄

p
nt.
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5. The value of new innovations is given by

V =

(
γ−1
γ

)
Y

ρ+ λ̄
.

where the rate of creative destruction is given by

λ̄ =M

∫
z

N∑
n=1

χn (z)Knz
1−ηℓηn (z) dG (z) .

6. Free entry

fe =

∫
z

N∑
n=1

χn (z)
[
λ0Knz

1−ηℓn (z)
η V − wi

n

(
ℓn (z) + f̄n (z)

)]
dG (z)

7. Aggregate productivity At, wages, consumption, profits, and the value of new inno-

vations grow at a constant rate g, which is given by :

g = λ̄ log γ.

4.3 Social Welfare

The model is inefficient due to different forces. As in Schumpeterian models, innovation

could be sub-optimal due to two opposing forces. On the one hand, innovative firms do

not internalize their effect on knowledge creation due to raising the level of quality upon

which future innovations will be built. On the other hand, they do not internalize that

their innovation efforts increase the creative destruction rate, lowering the equilibrium

value of holding the frontier technology in a product line and thus discouraging innova-

tion by others, a force known as the “business stealing” effect. The model also introduces

a new spatial innovation externality. Innovative firms do not internalize that opening an

establishment in a given location generates knowledge spillovers for other local firms, so

that the geographic scope of innovative firms could be suboptimal. In addition, in the

quantitative model in Section 5 we allow for labor mobility, introducing potential spatial

misallocation.

To study the interaction between innovation and expansion inefficiency, in this sec-
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tion, we consider the problem a constrained planner that cannot reallocate labor across

sectors and space, but can reallocate resources between R&D and expansion, and across

firm types. While the Schumpeterian growth literature typically examines the optimal

allocation of resources between production and innovation, here we fix the amount of

resources devoted to each sector, and we focus on the allocation of resources within the

innovation sector, between R&D and geographic expansion. Thus, the objective of the

constrained planner is to maximize aggregate innovation output, λ̄, subject to innovation

labor market clearing in each location, the spillover structure Kn, and the distribution of

fixed costs and is given by:

max λ̄

s.t. Kn = K̄n

(
M

∫
z

χi (z) z
1−βℓi (z)

β dG (z)

)α

Li
n =M

∫
z

χn (z)
(
f̄n (z) + ℓn (z)

)
dG (z)

f̄n (z) =

∫ F−1(χn(z))

0

t
dFf (t)

χn (z)
=

θ

θ + 1
fmaxχn (z)

1
θ .

The following proposition characterizes the optimal allocation of the contained planner.

Proposition 1 Constrained Planner’s Allocation. Let xn (z) and yn (z) denote the amount

of region-n innovation labor allocated to expansion and R&D activities of type-z firms,

respectively. Their ratio in the planner’s allocation is given by:

xn (z)

yn (z)
=
α sβn(z)

sηn(z)

(
1−β
1−η

)
+ 1

α sβn(z)
sηn(z)

β
η
+ 1

1− η

η

θ

θ + 1

where sηn (z) and sβn (z) are the weights of type z firms in local spillovers and in local
innovation output, respectively:

sηn (z) ≡
g (z) z1−ηxn (z)

θ
θ+1 (1−η)

yn (z)
η∫

z′ g (z′) z′1−ηxn (z′)
θ

θ+1 (1−η)
yn (z′)

η
dz

, sβn (z) ≡
g (z) z1−βxn (z)

θ
θ+1 (1−β)

yn (z)
β∫

z′ g (z′) z′1−βxn (z′)
θ

θ+1 (1−β)
yn (z′)

β
dz′

We note that, when there are no local knowledge spillovers (α = 0) or local spillovers

are a function of regional innovation output (η = β), this solution coincides with the

decentralized equilibrium. In addition, when ideas from different firms are sufficiently

differentiated (α > 0 and β < η), the planner allocates more resources to expansion,
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meaning that innovating firms are too geographically concentrated in the decentralized

equilibrium. The planner induces more expansion for firms whose contribution to

spillovers is greater than their contribution to patent creation.

The next proposition characterizes the optimal allocation across firm types.

Proposition 2 Optimal allocation across firm types. The mass of local innovation labor

that the planner allocates to firms of type z is given by:

αsβn (z)
(
β + (1− β) θ

θ+1

)
+ sηn (z)

(
η + (1− η) θ

θ+1

)∫
z′

(
αsβn (z′)

(
β + (1− β) θ

θ+1

)
+ sηn (z′)

(
η + (1− η) θ

θ+1

))
dG (z′)

Li
n

When α = 0 or η = β, this solution coincides with the decentralized equilibrium.

4.4 Extensions

4.4.1 Spillovers from all regions

The model outlined so far assumed that spillovers operate only at the local level, i.e. inno-

vative firms gain insights only from firms that share their locations. This framework can

easily be extended to allow for spillovers from all regions, where frictions for knowledge

to travel across space from location i to location n are captured by a parameter κin. Let

the local knowledge spillover Kn now be given by

Kn = K̄n

(
N∑
i=1

∫
ω∈Ωi

κinz
1−β
ω ℓβiωdω

)α

.

Under this assumption, the optimal allocation is the same, with

sβn (z) ≡
N∑
k=1

∫
z′
sηk (z

′) sβnk (z) dG (z′)

where sβnk (z) is the weight of plants from region n, type z in delivering insights to k.

4.4.2 Span of control

In our model, innovative firms need to pay an idiosyncratic fixed cost to open an estab-

lishment in a given location. An alternative assumption commonly used in the spatial

literature is that, instead of random fixed costs, geographic expansion is costly due to a

span of control problem. In this section, we explore the properties of our model under
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this alternative assumption.

In particular, suppose that space is continuous and symmetric. Instead of random

fixed costs, an innovative firm operating in N locations incurs a cost of expansion given

by (N )1+
1
θ . Under these assumptions, the optimal allocation between R&D and expansion

follows the same expression as in Proposition 1.

5. Quantitative Analysis

In this section, we introduce a quantitative version of the model to examine the following

questions. Are innovative firms too geographically concentrated (i.e., is β low enough

relative to η)? What are the potential welfare gains from incentivizing them to expand in

space? What are the spatial implications of such policies?

5.1 Estimation

We estimate the model for 167 U.S. local labor markets in 2019. The quantitative model

includes the following additional elements relative to the baseline model. First, we

introduce labor mobility, as workers sort across space and sectors subject to idiosyncratic

preferences. Second, we assume that each location consists of a unit of land, with a

constant expenditure share. Third, we introduce amenities.

The estimation procedure follows four steps. First, we estimated directly from the

data the parameters for the decreasing returns to R&D labor in idea-creation (η) and for

the spillovers (α and β). Second, we use typical values from the literature the calibrate

the parameters for the discount rate (ρ), the elasticity of substitution in production (σ),

and the housing and labor supply elasticities. Third, we implement a Simulated Method

of Moments to obtain the values of the step-size in innovation (γ) and the distribution of

fixed costs . Fourth, we implement a model inversion and we set regional productivity

in production (Zi) and innovation (K̄i), and amenities, to match the distribution of

employment and wages from BLS-QCEW data.

Table 3 summarized the parameter values that are used for the quantified model.

5.2 Quantitative Results

The optimal allocation discussed in Section 4.3 is hard to implement in practice because

it is location- and type-specific and it is non-linear. In this Section, we investigate
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Parameter Description Value Notes

Externally set

ρ Discount rate 0.05

σ EoS across locations in production 5 Costinot and Rodrı́guez-Clare (2014)

ψ Housing share of consumption 0.25 Davis and Ortalo-Magne (2011)

ϵ Location and sector preference dispersion 2 Galle et al. (2023)

Direct estimation

β DRS in local spillovers 0.2

η DRS in ideas production 0.7

α Elasticity of innovation to local insights 0.2

Internal calibration

γ Step size for innovations 1.35 Target: innovation wage premium

λ0 Economy-wide innovation efficiency 0.14 Target: growth rate

fmax Average # of regions per firm 0.02 Target: average # of regions per firm

θ Dispersion of fixed costs 1.5 Target: dispersion of # of regions per firm

Table 3: Parameter values in the quantified model.

the implications of a simple subsidy scheme that could be easily implemented. We

implement a subsidy at rate τ for innovative firms for every market in which they have

innovation activity. The subsidy is financed by a lump sum tax levied on all households.

We also introduce a tax on entry to keep the mass of firms unchanged, which allows us

to isolate the gains due to spatial expansion separately from the gains due to a larger

innovation sector.

Figure 8 shows the aggregate implications of subsidizing expansion for innovating

firms. The left panel shows the change in the growth rate (in percentage points) relative

to the benchmark equilibrium, against a measure of the scope of the subsidy program

(measured in terms of total % of GDP). The right panel shows the welfare gains from

such a program in terms of the present discounted value of aggregate consumption

(in %-changes relative to the benchmark equilibrium) against the scope of the subsidy

program. The effect of the program on the PDV of aggregate consumption is maximized

when the size of the program is around 2% of GDP. In this case, aggregate growth is higher

by 0.08 p.p., and the PDV of consumption is higher by around 2%.

Figure 9 shows the regional implications of subsidizing expansion for innovating firms.
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Figure 8: The aggregate effects of a subsidy for the spatial expansion of innovating
firms.

Each dot in each of the panels represents a local labor market, and they are weighted

by the size of these labor markets. In all three panels, the horizontal axis shows the size

of a local labor market, measured in log regional population. The left panel shows the

percentage change in regional GDP relative to the baseline equilibrium when the above

subsidy is implemented. The middle and right panels show the percentage changes in

regional innovation and production employment, respectively. Evidently, the subsidy

program induces a reallocation of economic activity from larger to smaller markets.

In addition, it induces a reallocation of economic activity in the smaller markets from

production to innovation. We conclude that a modest incentive for innovating firms to

expand in space can lead to higher growth and lower spatial disparities.
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Figure 9: The regional effects of a subsidy for the spatial expansion of innovating firms.
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6. Conclusion

When knowledge spillovers are local, firms’ spatial scope affects aggregate innovation

and productivity growth, and could be sub-optimal. In this paper, we provide evidence

that firms’ geographic expansion facilitates knowledge diffusion across innovating firms.

This observation motivates a novel theoretical framework, which describes the process

of creative destruction in a setup with multi-location innovative firms that generate

endogenous local knowledge spillovers. We estimate the model using data from the

geographic distribution of US innovative firms and we find that these firms are too

geographically-concentrated compared to the welfare-maximizing allocation. We show

that a simple policy such as a moderate subsidy to expansion can raise growth and reduce

spatial inequality.
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Patent ID Raw Assignee Organization CZ1990 Grant Date
4310440 Union Carbide Corporation 19400 1982-01-12

Table A.1: Example patent record. This table shows an example patent record.

dunsno hqdunsno parentdunsno ultdunsno status companyname nationalcode cz1990 firstyear lastyear

1289008 1289008 — — 1 UNION CARBIDE CORP 0 19400 −∞ 1970
1289008 1289008 — 1289008 1 UNION CARBIDE CORP 0 19400 1971 1973
1289008 1289008 — 1289008 1 UNION CARBIDE CORPORATION 0 19400 1974 1976
1289008 1289008 — 1289008 1 UNION CARBIDE CORPORATION 0 19400 1978 1981
1289008 1289008 — 1289008 1 UNION CARBIDE CORPORATION 0 20901 1982 1988
1289008 1289008 — 1289008 1 UNION CARBIDE CORPORATION 0 20901 1995 2000
1289008 1289008 1381581 1381581 1 UNION CARBIDE CORPORATION 0 20901 2001 2004
1289008 1289008 1381581 1381581 1 UNION CARBIDE CORPORATION 0 32000 2005 2016
1289008 1289008 1381581 80386615 1 UNION CARBIDE CORPORATION 0 32000 2017 2018
1289008 1289008 1381581 117063457 1 UNION CARBIDE CORPORATION 0 32000 2019 ∞
1289008 1289008 602844128 602844128 1 UNION CARBIDE CHEM & PLAS CO 0 20901 1989 1993
1289008 1289008 602844128 602844128 1 UNION CARBIDE CORPORATION 0 20901 1994 1994
1289008 1289008 < 1289008 1 UNION CARBIDE CORPORATION 0 19400 1977 1977

Table A.2: Example Dun & Bradstreet record. This table shows an example Dun &
Bradstreet record. The construction of this entry follows the procedure described in
Appendix A.1. Note that we are missing Dun & Bradstreet files for 1981 and 1984. We
account for this by filling forward activity data in those years.

A. Data

A.1 Details of merging PatentsView and Dun & Bradstreet

Our main analysis uses a dataset that merges the PatentsView citations data with Dun

& Bradstreet establishment data. Since Dun & Bradstreet establishment data is used to

construct the National Establishment Time Series (NETS) data, we follow Hughes et al.

(2021) and perform an “exact” merge with commuting zone level blocking.

To give a sense of our data structure, Tables A.1 and A.2 show example records that we

are trying to match. Table ?? presents summary statistics on the quality of the merge.

1. Using the raw Dun & Bradstreet data, we construct a dataset with the first and last

year a given Dun & Bradstreet observation appears. Dun & Bradstreet observations

are indexed by their dunsno-{companyname/secondaryname}-CZ1990. An example

for dunsno 1289008’s companyname is shown in Table A.2.

2. Using Stata packages developed by Wasi and Flaaen (2015), we standardize the

firm names in the Dun & Bradstreet data and in the patent data. For the patent

data, we use the file g assignee not disambiguated.tsv.zip from PatentsView,

downloaded on December 15, 2023. The assignee file has geographic information

on the assignee FIPS code, which we match to 1990 commuting zones using a

crosswalk developed by the U.S. Department of Agriculture (USDA).

1

https://www.ers.usda.gov/data-products/commuting-zones-and-labor-market-areas/


3. We perform an exact merge on name and commuting zone between the two datasets

(a) Due to systematic asymmetric naming in the two data sets, we hand-merge all

IBM records to dunsno 001368083.

(b) Using companyname, we match on standardized name and commuting zone

(c) Next, we remove whatever matched in step 3b and match the residual on the

compressed name (where we remove all white spaces from the standardized

names) and commuting zone

(d) Lastly, we remove whatever matched in step 3c and repeat steps 3b-3c for the

secondaryname’s in Dun & Bradstreet.

4. Step 3 can produce many potential matches for a given patent record. Moreover,

the match returns establishment-level matches, whereas we wish to aggregate

patenting activity to the firm level. We do this as follows.

(a) We assign codes to each match. In descending order of quality:

i. “A”—If a patent’s grant date falls within a companyname-dunsno-CZ1990’s

first and last years of recorded activity in Dun & Bradstreet.

ii. “B”’—If a patent’s grant date falls within a dunsno-CZ1990’s first and last

years of recorded activity in Dun & Bradstreet.

iii. “C”—If a patent’s grant date falls within a dunsno’s first and last years of

recorded activity in Dun & Bradstreet.

iv. “D”—If a patent does not satisfy any of the above.

v. Note that for the example records in Tables A.1 and A.2, there would be a

single type “A” match.

(b) We associate each match with its “nearest” record in Dun & Bradstreet. For

type “A” matches, this nearest record is an exact match. For all other types, we

find the record nearest to the given patent’s grant date.

(c) Then we assign the patent to a unique Dun & Bradstreet identifier

• If the patent is associated with no hqdunsno’s (i.e. it is only associated with

dunsno’s), then we assign equal ownership to all unique dunsno’s

• If the patent is associated with a single unique hqdunsno, then we assign

the patent to the unique hqdunsno

• If there are multiple unique hqdunsno, we refine in the following order:

2
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Figure A.1: Match quality across time and space. The left panel shows the match rate as a function of the
application year of the patents. The grey dashed line is the overall match rate. The right panel shows the spatial distribution of
patenting in the matched sample and the population, PatentsView. Each dot represents a commuting zone, and the sizes of the
dots correspond to employment in each commuting zone. The right panel has log10 scaling along the x- and y-axes

SIC Modal SIC4
50 5084, Industrial Machinery and Equipment
73 7389, Business Services, Not Elsewhere Classified
87 8711, Engineering Services
99 9999, Nonclassifiable Establishments
59 5999, Miscellaneous Retail Stores, Not Elsewhere Classified
51 5191, Farm Supplies

Table A.3: Retail, wholesale trade, and services SIC codes in further detail. For each
non-manufacturing SIC2 in Table 2, this table shows the modal SIC4 associated with expansions in our data.

i. Multiple dunsno report HQ activity. Take all unique ultdunsno’s.

ii. All dunsno report single location or branch activity. Take all unique

hqdunsno’s.

iii. There is a single ultdunsno. Take the unique ultdunsno.

iv. Otherwise, take all unique hqdunsno.

A.2 Allocating inventors to firms

In order to calculate our baseline citation series, we require a panel of inventor-firm links.

The patent data do not provide this directly, but we are able to construct one as follows.

1. g inventor disambiguated.tsv.zip provides the disambiguated inventors for each

of our patents as well as their self-reported locations.

2. We merge the patent ownership dataset (Appendix A.1) onto the Dun & Bradstreet

3
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Figure A.2: Distribution of three digit CPC in PatentsView and in the matched sam-
ple.

data by dunsno-year (where year for the patent ownership data is the application

year). Establishment activity is considered within a +2 year window around the

report date (i.e. if a patent is applied for in 2008 and Dun & Bradstreet reports

establishment activity any time between 2008-2010, this would be included in our

merge). This is a many-to-many merge.

3. By patent id and cz1990 we merge the inventor file onto the dataset created in step

2. We take all unique inventor id-year-firm id-cz1990 matches.

• If an inventor reports multiple commuting zones in a year, it may be assigned

to multiple firm branches in a given year.

• We attempt to refine this match by looking at the inventor’s self-reported

FIPS (i.e. state-county pair) and checking for establishment activity in those

counties. If this procedure enables us to eliminate a multiplicitous commuting

zone, we do so; if multiple counties have establishment activity, we keep

multiple matches.

4. We residualize any remaining inventor id-year’s who could not be exact matched

on commuting zone and merge this residual, by patent id, on to the ownership file.

Within an inventor id-year, we take the inventor-firm pair with the smallest geo-

graphical distance between the inventor id-FIPS and the firm id- FIPS as defined

using the geographical centroids.
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Figure B.1: Response of citations received by firm patents in expansion commuting
zone preceding and following expansion, excluding temporarily treated units. The outcome
variable is the log number of citations made to stock of patents of firm Firm(i) at time t from inventors residing in commuting zone
CZ(i). We remove all internal citations and all external citations made from patent documents from firms f ̸= Firm(i) that ever
shared inventors with firm Firm(i); we further only consider citations made to patents originated outside of CZ(i). Each point
represents a loading on the relative treatment time dummies specified in (1). Standard errors are clustered at the firm × commuting
zone level. Error bars represent 5% confidence intervals. The Wald test of joint nullity of the pre-treatment dummies, {βτ}−2

τ=−10,
returns a p-value of 0.30.

5. Any patent that remains is either associated with an inventor outside the U.S. or is

unmatched in our sample (i.e. missing an inventor id cz1990 or a dunsno-cz1990).

Thus, it cannot be matched.

B. Robustness

B.1 Excluding nonabsorbing commuting zones

Figure B.1 shows the results after running the regression in (1) but drops treated units

that eventually exit the expansion market. This constricts the sample size, resulting in

a slight loss of statistical power, but the main result is preserved. Ten years following

expansion, the number of citations received, relative to control units, is roughly 20%

higher.

B.2 Million dollar plant design

C. Details of the matching procedure for DiD analysis
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C.1 Exact match on firm

• For a treated unit i (i.e. where g(i) < ∞), consider all units i′ where g(i′) = ∞ and

Firm(i′) = Firm(i). These i′ are potential control units. We allow for potential

control units to be repeated within a multi-establishment firm, across treated units.

• Treated and potential control units must have received a citation within 10 years of

the treated unit’s expansion event.

– For matching on Log’s, we additionally require that both units have positive

citations in at least 2 out of 10 years prior to expansion (these need not occur

in the same years).

• Let τ denote the relative time for the treated units (τ = t− g(i), where t is year and

g(i) is the first year of expansion).

• Let yiτ denote an outcome of interest for firm × CZ1990 i at relative time τ .

• Matching on pre-treatment outcomes, changes

SLOPEi =

∑−6
τ=−10 yiτ

5
−
∑−1

τ=−5 yiτ

5

CRIT1ii′ =
SLOPEi − SLOPEi′

0.5 (|SLOPEi|+ |SLOPEi′ |)

– If SLOPEi and SLOPEi′ have different signs, then remove these potential matches.

• Matching on pre-treatment outcomes, levels

– Outcome in log, log(1 + ·):

CRIT2ii′ =
1

10

−1∑
τ=−10

(yiτ − yi′τ )

– Outcome in level or indicator function:

CRIT2ii′ =
1

10

−1∑
τ=−10

yiτ − yi′τ
0.5 (yiτ + yi′τ )

– If yiτ = yi′τ = 0, set this DHS difference to 0 (i.e. don’t consider it missing when

taking the average over [−10,−1]).

• Matching on pre-treatment covariates

1. Employment shares—2 digit NAICS supersectors in commuting zones CZ(i)

6



and CZ(i′)

2. Business Dynamics—Employment to firm and establishment to firm ratios

(a) Large firms

(b) Overall

3. Demographic

(a) Log income per capita

(b) Log employment

(c) Ratio of college-educated to noncollege-educated workforces

CRIT3ii′ is equal to the mean of the DHS differences between CZ(i) and CZ(i′) for

all of the listed covariates over τ ∈ [−10,−1].

• Select control unit for each treated unit

– Take i′(i) = argmini′ CRITii′ (use random numbers to break ties)

CRITii′ =
1

3
(CRIT1ii′ + CRIT2ii′ + CRIT3ii′) .

C.2 Inexact match on firm

• Repeat above but no longer require Firm(i) = Firm(i′).

• This massively expands the number of potential pairwise comparisons.

• Therefore, to make computationally tractable, we do the following:

– We bin all treated units into 500 bins (≈ 30 firm × CZ1990 per bin).

– For each of these treated units, we allow them to be potentially matched to a

10% random sample (without replacement) of potential control units.

– This sample is drawn independently for each of the 500 chunks.

D. Estimator of Cengiz et al. (2019)

yit = αi + δt + γg(Treated(i))t + κFirm(i)t + βiI{t ≥ g(i)}+ εit

Note that due to the presence of a Firm × year FE, this model makes within firm-year

comparisons—it also makes within group-year comparisons.

We aim to show how invalid comparisons can arise even in the presence of a cohort

× year fixed effect. Consider two units i and i′ such that Firm(i) = Firm(i′) and g(i) <

g(i′) <∞. Note that, in practice, unit fixed effects are actually unit × stack fixed effects

7



(i.e. αi = αig(Treated(i)) where the second subindex is redundant for treated units but not

for potentially repeated control units) as in equation (3).

Consider the difference between outcomes for units i and i′ at time t

yit − yi′t = (αi − αi′) +
(
γgit − γgi′ t

)
+ βiI {t ≥ gi} − βi′I {t ≥ gi′}+ (εit − εi′t)

Three periods:

1. Both units not yet treated—t0:

yit0 − yi′t0 = (αi − αi′) +
(
γgit0 − γgi′ t0

)
+ (εit0 − εi′t0)

2. Unit i treated; unit i′ not yet treated (i.e. gi ≤ t1 < gi′)

yit1 − yi′t1 = (αi − αi′) +
(
γgit1 − γgi′ t1

)
+ βi + (εit1 − εi′t1)

3. Both units treated—t2 ≥ gi, gi′

yit2 − yi′t2 = (αi − αi′) +
(
γgit2 − γgi′ t2

)
+ (βi − βi′) + (εit2 − εi′t2)

Now, take differences in differences:

(yit1 − yi′t1)− (yit0 − yi′t0) =
(
γgit1 − γgi′ t1

)
−
(
γgit0 − γgi′ t0

)
+ βi + E10

(yit2 − yi′t2)− (yit1 − yi′t1) =
(
γgit2 − γgi′ t2

)
−
(
γgit1 − γgi′ t1

)
−βi′︸︷︷︸

Negative weight problem

+ E21

In contrast, suppose you only had a Stack x Year FE. Then, there are no restricted firm

× year comparisons being made, only group × year.

Two periods:

1. Both units not yet treated—t0:

yit0 − yi′t0 = (αi − αi′) + (εit0 − εi′t0)

8



2. Both units treated—t2 ≥ gi = gi′

yit2 − yi′t2 = (αi − αi′) + (εit2 − εi′t2)

Clearly we cannot identify {βi}i by comparing i and i′. But suppose we compare i to any

control unit c with g(Treated(i)) = gi = gi′ :

1. Both units not yet treated—t0:

yit0 − yct0 = (αi − αc) + (εit0 − εct0)

2. Unit i treated; unit c not yet treated

yit1 − yct1 = (αi − αc) + βi + (εit1 − εct1)

Then we can make only a valid comparison:

(yit1 − yct1)− (yit0 − yct0) = βi + E10

One caveat: Why doesn’t a year FE cause invalid comparisons with the presence of a

group × year FE?

• Within a year, after all, there are all sort of invalid comparisons that could arise

– For example, one of them is given in the example with a Firm × Year FE

• In reality, the year FE is redundant (whenever it is switched on for a particular year,

it is also switched on for the relevant Group × Year FE which, as we showed, rules

out bad comparisons)
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